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Questions about the Universe …

How can we explain dark matter? 
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Universe?
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Dark energy?

Are there new forces / particles to discover ? 
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What makes a useful model?: They are predictive

General Relativity reproduces 
Newtonian gravity in the right 
limits 

But also predicts:

Perihelion of mercury Black Holes Gravitational Waves

“All models are wrong, but some are useful”

Particle physics is more messy!
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The Standard Model of Particle Physics

It’s deeply flawed: 
• Can’t explain 85% of all matter (dark matter) 
• Why more matter than anti-matter? 
• Model parameters need incredible fine-tuning 
• … 
• Why do neutrinos have mass and why do they oscillate?
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The Standard Model of Particle Physics

It’s deeply flawed: 
• Can’t explain 85% of all matter (dark matter) 
• Why more matter than anti-matter? 
• Model parameters need incredible fine-tuning 
• … 
• Why do neutrinos have mass and why do they oscillate?

Could we automatically design better theories and test them against data?
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In the old electroweak theory, we didn’t know how to give particles like Z and W bosons their 
mass without violating important symmetries

Higgs mechanism to the rescue: 

• The core mathematical trick is unintuitive, inspired by revelations from superconductivity 
research in the 1950s! 

• How long would particle physicists have take to figure it out on their own?

What if solutions to current open problems are in other unintuitive mathematical tricks?
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Neutrinos remain massless in Standard Model, can’t explain their oscillations

A testing ground for automated theory design



How to design your own particle physics theory ?
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Adding fields: Akin to adding particles to your universe, gives you more free parameters, more flexibility. 
Trivial to explain data with 100s of free parameters 
Adding symmetries: Adds structures and restrictions, reduces flexibility but makes the theory richer

(0 −1
1 0 )

(0 i
i 0)

( i 0
0 −i)

𝔰𝔲(2)

Determined by choice of fields and symmetries 
they must obey

Fields sit inside symmetry group representations
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(0 −1
1 0 )

(0 i
i 0)

( i 0
0 −i)

𝔰𝔲(2)
𝔰𝔲(3)

Takes months to build intuition for how to use these symmetry 
groups and their representations 

Risky: After months of study, you might hit a dead-end
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Reinforcement-learning-assisted theory design

Figure 1. Concept diagram of how the RL agent interacts with physics software to design theory models to describe neutrino
mixing.

[JR:citations], but without an exhaustive search, it is impossible to know where each model exists in the landscape of possible
models.

RL is well suited to assist in the model building process. While traditional ML techniques will be hampered by the
non-differentiable model landscape, with RL we can design a reward that encourages the agent to find regions of model space
that we define to be good, i.e. where models make quality predictions using few free parameters. Previous work has utilized RL
for exploring theory spaces where the form of the Lagrangian is highly constrained and the necessary calculations are easily
embedded within the RL environment1 [JR:other citations, other explanation of other works]. In this work, we combine the
RL environment with physics software, allowing theorists to use RL to assist in searches of highly complex theory spaces
with combinations of symmetries and highly non-trivial calculations. In order to make this computationally feasible, the
Mathematica package Discrete [JR:citation] was redesigned in Python, allowing easier integration into the Python based RL
environment. With the ability to search combinations of symmetry groups, our Autonomous Model Builder (AMBer) is able to
find models outside of regions searched by physics intuition alone.

We will present three distinct theory spaces that show the power of AMBer to build models: A4 →Z4 with variable number
of flavons, A4 →Zn, where AMBer can alter the dimension of the abelian group, and T19 →Z4, a non-abelian group not yet
explored by physicists. On all three spaces, AMBer is able to find models that minimize the number of free parameters while
providing accurate predictions for neutrino observables. We evaluate the efficacy of the AMBer in finding regions of the theory
space dense with good models. By tracking each component of the reward function, this helps us understand how the agent is
learning and what kind of physics information it is able to encode. Furthermore, we use an auto-encoder to project models into
a latent space as a visualization of the theory space, giving us a sense of the distribution of certain model properties.

We are able to develop AMBer to explore a rich space of theories using the simple approach with an out-of-the-box
PPO algorithm. We conclude by discussing the prospect of implementing AMBer with an LLM better able to represent
relationships in the observation space, and a hierarchical action space. This would allow further scaling of the theory space,
encompassing vastly more complicated combinations of symmetries. We further speculate on the possibility of using RL to
explore state-of-the-art modular symmetries currently studied by neutrino model builders.

This paper is organized as follows. In Section 2, we detail the neutrino model building process on which AMBer is based.
In Section 3, we outline the design of AMBer, the development of PyDiscrete, and their integration. In Section 4, we discuss
visualization and evaluation metrics used to understand the learning trajectory of AMBer and the theory space. In Section 5,
we discuss the performance of AMBer in three different theory spaces. Finally, we conclude with Section 6 on the impact of
AMBer and possiblities for future development.

• theory model building is limited by human time and intuition

• HPCs and AI could accelerate search through unexplored groups and find unintuitive combinations

• non-differentiable problem, need to use RL. RL also gives more flexibility than traditional ML in rewards, so we can
incentivize whatever we want

2/16

• RL agent proposes fields & symmetries 
• Runs math software to calculate Lagrangian  
• Run physics software to find predictions 
• Compare to particle experiment data 

• Fit free parameters to data 
• Evaluate compatibility 
• Evaluate elegance of theory 

Baretz et al (inc. Ghosh): arXiv:2506.08080
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Agent learns to design good theories… too many!
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Agent learns to design good theories… too many!

Figure 2. Training variables of interest over time for searches in three spaces: A4 →Z4 (top), A4 →ZN (middle), and T19 →Z4
(bottom). The left column shows the evolution of !2 in blue (where the curve indicates the median log10 !2 over all
environments) and the mean number of parameters ↑np↓ as training progresses in orange. The right column shows the number
of valid models in orange and good (!2 ↔ 10 and np ↔ 7) models in blue. These are smoothed to display the trend in these
curves. There are two y-axes for the each panel plots due the differences in scale of each variable.

As a benchmark, the number of good models found by a random scan of each space is shown in Table 4. While there is a
significant efficiency gain in the A4 runs, this improvement is more modest for T19, in part due to the improved performance
of the random scanner. Because the average number of parameters in a T19 is naturally much lower than in A4, as seen in the
top panel of Figure 2, the random scanner is sampling from models that on average already satisfy one of the conditions for a
good model. However, since there are more irreducible representations of T19, AMBer has more actions from which to choose,
making it more difficult to converge to the optimal actions for building models. The strength of the entropy term can be tuned to

8/25

Av
g.

 in
ve

rs
e 

co
m

pa
tib

ili
ty

 w
ith

 d
at

a

Thousand Search Time Steps
Av

g 
nu

m
be

r o
f  

fr
ee

 
pa

ra
m

et
er

s

Searching in the most well-studied space of theories: A4 × Z4

Baretz et al (inc. Ghosh): arXiv:2506.08080

https://arxiv.org/abs/2506.08080


14

Agent learns to design good theories… too many!

Thousand Search Time Steps

Figure 2. Training variables of interest over time for searches in three spaces: A4 →Z4 (top), A4 →ZN (middle), and T19 →Z4
(bottom). The left column shows the evolution of !2 in blue (where the curve indicates the median log10 !2 over all
environments) and the mean number of parameters ↑np↓ as training progresses in orange. The right column shows the number
of valid models in orange and good (!2 ↔ 10 and np ↔ 7) models in blue. These are smoothed to display the trend in these
curves. There are two y-axes for the each panel plots due the differences in scale of each variable.

As a benchmark, the number of good models found by a random scan of each space is shown in Table 4. While there is a
significant efficiency gain in the A4 runs, this improvement is more modest for T19, in part due to the improved performance
of the random scanner. Because the average number of parameters in a T19 is naturally much lower than in A4, as seen in the
top panel of Figure 2, the random scanner is sampling from models that on average already satisfy one of the conditions for a
good model. However, since there are more irreducible representations of T19, AMBer has more actions from which to choose,
making it more difficult to converge to the optimal actions for building models. The strength of the entropy term can be tuned to

8/25

G
oo

d 
m

od
el

s /
 st

ep

Va
lid

 m
od

el
s /

 st
ep

Figure 2. Training variables of interest over time for searches in three spaces: A4 →Z4 (top), A4 →ZN (middle), and T19 →Z4
(bottom). The left column shows the evolution of !2 in blue (where the curve indicates the median log10 !2 over all
environments) and the mean number of parameters ↑np↓ as training progresses in orange. The right column shows the number
of valid models in orange and good (!2 ↔ 10 and np ↔ 7) models in blue. These are smoothed to display the trend in these
curves. There are two y-axes for the each panel plots due the differences in scale of each variable.

As a benchmark, the number of good models found by a random scan of each space is shown in Table 4. While there is a
significant efficiency gain in the A4 runs, this improvement is more modest for T19, in part due to the improved performance
of the random scanner. Because the average number of parameters in a T19 is naturally much lower than in A4, as seen in the
top panel of Figure 2, the random scanner is sampling from models that on average already satisfy one of the conditions for a
good model. However, since there are more irreducible representations of T19, AMBer has more actions from which to choose,
making it more difficult to converge to the optimal actions for building models. The strength of the entropy term can be tuned to

8/25

Av
g.

 in
ve

rs
e 

co
m

pa
tib

ili
ty

 w
ith

 d
at

a

Thousand Search Time Steps
Av

g 
nu

m
be

r o
f  

fr
ee

 
pa

ra
m

et
er

s

Searching in the most well-studied space of theories: A4 × Z4

Baretz et al (inc. Ghosh): arXiv:2506.08080

https://arxiv.org/abs/2506.08080


Definition of ‘good models’

Figure 5. Number of parameters np and !2 for a representative distribution of found models for the three theory spaces
searched: A4 →Z4(left), A4 →ZN (middle), and T19 →Z4 (right). The region within the dashed black lines contains models with
↑ 7 parameters, and good fits, !2 ↑ 10.

shows the distribution of models found for a separate run that did not have the RZ(N) in the reward function and AMBer is
found to focus on Z3. Z2 is very rarely employed. This is likely due to the fact that for Z2, it would be difficult to accommodate
a good model with a small number of parameters. Finally, the capability of AMBer to find good models is also compared
against that of a random scan. The results are presented in Table 4.

4.3 Search in T19 →Z4 with n∀ ↑ 6
In the T19 →Z4 space with up to six flavon multiplets, AMBer explores a subspace of models that, to the best of our knowledge,
has not been explored in the literature. This search space is more complicated due to the larger T19 group. In this group, there
are six irreducible triplet representations which can be multiplied to form a number of singlet or triplet representations, as
shown in Appendix B. Figure 8 shows the distribution of found models for this search. As compared to the A4 run, a more
uniform distribution of models across the different representations are found, although there is a slight preference to place Ei in
singlets, Li,Ni in respective triplets

This flavor symmetry allows AMBer to pack all lepton flavors, Li,Ei,Ni, into their respective triplets, and still obtain the
observed hierarchy. For example, consider the Dirac mass term for the charged-lepton sector, L̄E∀iHd where L and E are in the
31 and 32 representation, respectively. Their tensor product decomposes into a 32 ↓33 ↓ 3̄3, which can subsequently be made
into a singlet if there is a flavon in any of the conjugate representations present in the decomposition. This also points to a
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Figure 2. Training variables of interest over time for searches in three spaces: A4 →Z4 (top), A4 →ZN (middle), and T19 →Z4
(bottom). The left column shows the evolution of !2 in blue (where the curve indicates the median log10 !2 over all
environments) and the mean number of parameters ↑np↓ as training progresses in orange. The right column shows the number
of valid models in orange and good (!2 ↔ 10 and np ↔ 7) models in blue. These are smoothed to display the trend in these
curves. There are two y-axes for the each panel plots due the differences in scale of each variable.

As a benchmark, the number of good models found by a random scan of each space is shown in Table 4. While there is a
significant efficiency gain in the A4 runs, this improvement is more modest for T19, in part due to the improved performance
of the random scanner. Because the average number of parameters in a T19 is naturally much lower than in A4, as seen in the
top panel of Figure 2, the random scanner is sampling from models that on average already satisfy one of the conditions for a
good model. However, since there are more irreducible representations of T19, AMBer has more actions from which to choose,
making it more difficult to converge to the optimal actions for building models. The strength of the entropy term can be tuned to
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How about exploring new symmetry never previously studied by physicists?

T19 = ℤ19 ⋊ ℤ3



Figure 2. Training variables of interest over time for searches in three spaces: A4 →Z4 (top), A4 →ZN (middle), and T19 →Z4
(bottom). The left column shows the evolution of !2 in blue (where the curve indicates the median log10 !2 over all
environments) and the mean number of parameters ↑np↓ as training progresses in orange. The right column shows the number
of valid models in orange and good (!2 ↔ 10 and np ↔ 7) models in blue. These are smoothed to display the trend in these
curves. There are two y-axes for the each panel plots due the differences in scale of each variable.

As a benchmark, the number of good models found by a random scan of each space is shown in Table 4. While there is a
significant efficiency gain in the A4 runs, this improvement is more modest for T19, in part due to the improved performance
of the random scanner. Because the average number of parameters in a T19 is naturally much lower than in A4, as seen in the
top panel of Figure 2, the random scanner is sampling from models that on average already satisfy one of the conditions for a
good model. However, since there are more irreducible representations of T19, AMBer has more actions from which to choose,
making it more difficult to converge to the optimal actions for building models. The strength of the entropy term can be tuned to
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A new symmetry never before studied for neutrino model building
Av

g.
 in

ve
rs

e 
co

m
pa

tib
ili

ty
 w

ith
 d

at
a

Thousand Search Time Steps
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(bottom). The left column shows the evolution of !2 in blue (where the curve indicates the median log10 !2 over all
environments) and the mean number of parameters ↑np↓ as training progresses in orange. The right column shows the number
of valid models in orange and good (!2 ↔ 10 and np ↔ 7) models in blue. These are smoothed to display the trend in these
curves. There are two y-axes for the each panel plots due the differences in scale of each variable.

As a benchmark, the number of good models found by a random scan of each space is shown in Table 4. While there is a
significant efficiency gain in the A4 runs, this improvement is more modest for T19, in part due to the improved performance
of the random scanner. Because the average number of parameters in a T19 is naturally much lower than in A4, as seen in the
top panel of Figure 2, the random scanner is sampling from models that on average already satisfy one of the conditions for a
good model. However, since there are more irreducible representations of T19, AMBer has more actions from which to choose,
making it more difficult to converge to the optimal actions for building models. The strength of the entropy term can be tuned to
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Rich landscape of viable neutrino theories, 
never previously studied!

Figure 5. Number of parameters np and !2 for a representative distribution of found models for the three theory spaces
searched: A4 →Z4(left), A4 →ZN (middle), and T19 →Z4 (right). The region within the dashed black lines contains models with
↑ 7 parameters, and good fits, !2 ↑ 10.

shows the distribution of models found for a separate run that did not have the RZ(N) in the reward function and AMBer is
found to focus on Z3. Z2 is very rarely employed. This is likely due to the fact that for Z2, it would be difficult to accommodate
a good model with a small number of parameters. Finally, the capability of AMBer to find good models is also compared
against that of a random scan. The results are presented in Table 4.

4.3 Search in T19 →Z4 with n∀ ↑ 6
In the T19 →Z4 space with up to six flavon multiplets, AMBer explores a subspace of models that, to the best of our knowledge,
has not been explored in the literature. This search space is more complicated due to the larger T19 group. In this group, there
are six irreducible triplet representations which can be multiplied to form a number of singlet or triplet representations, as
shown in Appendix B. Figure 8 shows the distribution of found models for this search. As compared to the A4 run, a more
uniform distribution of models across the different representations are found, although there is a slight preference to place Ei in
singlets, Li,Ni in respective triplets

This flavor symmetry allows AMBer to pack all lepton flavors, Li,Ei,Ni, into their respective triplets, and still obtain the
observed hierarchy. For example, consider the Dirac mass term for the charged-lepton sector, L̄E∀iHd where L and E are in the
31 and 32 representation, respectively. Their tensor product decomposes into a 32 ↓33 ↓ 3̄3, which can subsequently be made
into a singlet if there is a flavon in any of the conjugate representations present in the decomposition. This also points to a
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Table 9. A model found by AMBer in the A4 →ZN search (in this case N = 7), with 5 parameters and !2 = 0.79. Here
↑∀2↓/(0.1!) = ↑∀3↓/(0.1!) = (1,1,1).

L E1 E2 E3 N Hu Hd ∀1 ∀2 ∀3

A4 333 111↔↔↔↔↔↔ 111↔↔↔ 111 333 111 111↔↔↔↔↔↔ 111↔↔↔ 333 333
Z7 1 2 2 2 2 2 2 2 5 2

Table 10. A model found by AMBer in the T19 →Z4 search with 5 parameters and !2 = 0.24. Here ↑∀1↓/(0.1!) = (0,0,1),
↑∀2↓/(0.1!) = ↑∀5↓/(0.1!) = (0,1,↗1), ↑∀3↓/(0.1!) = (1,#,#2) and ↑∀4↓/(0.1!) = (1,#2,#).
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Z4 3 2 0 0 0 3 2 3 1 3
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with ∃9 =↗0.057,∃11 = 0.00027,∃2 = 1.7,∃5 = 0.52,∃6 = 1.1,∃7 =↗0.42.
Second, a model that was found during the A4 →ZN is explicitly presented. The model is given by Table 9. It has 5

parameters and !2=0.79.
The mass matrices for this model are
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with ∃4 = 0.19,∃7 =↗0.13,∃6 =↗0.13,∃8 = 0.00027, and ∃9 = 0.057.
Finally, we show an additional model that was found in the T19 →Z4 search. The model is given in Table 10, and has 5

parameters with !2 = 0.24.
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with ∃9 =↗0.057,∃11 = 0.00027,∃2 = 1.7,∃5 = 0.52,∃6 = 1.1,∃7 =↗0.42.
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with ∃9 =↗0.057,∃11 = 0.00027,∃2 = 1.7,∃5 = 0.52,∃6 = 1.1,∃7 =↗0.42.
Second, a model that was found during the A4 →ZN is explicitly presented. The model is given by Table 9. It has 5
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with ∃4 = 0.19,∃7 =↗0.13,∃6 =↗0.13,∃8 = 0.00027, and ∃9 = 0.057.
Finally, we show an additional model that was found in the T19 →Z4 search. The model is given in Table 10, and has 5

parameters with !2 = 0.24.
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with ∃9 =↗0.057,∃11 = 0.00027,∃2 = 1.7,∃5 = 0.52,∃6 = 1.1,∃7 =↗0.42.
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with ∃4 = 0.19,∃7 =↗0.13,∃6 =↗0.13,∃8 = 0.00027, and ∃9 = 0.057.
Finally, we show an additional model that was found in the T19 →Z4 search. The model is given in Table 10, and has 5

parameters with !2 = 0.24.
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with ∃9 =↗0.057,∃11 = 0.00027,∃2 = 1.7,∃5 = 0.52,∃6 = 1.1,∃7 =↗0.42.
Second, a model that was found during the A4 →ZN is explicitly presented. The model is given by Table 9. It has 5
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with ∃4 = 0.19,∃7 =↗0.13,∃6 =↗0.13,∃8 = 0.00027, and ∃9 = 0.057.
Finally, we show an additional model that was found in the T19 →Z4 search. The model is given in Table 10, and has 5

parameters with !2 = 0.24.
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More recent work taking forward AI+workflows with commercial LLM agents and custom RL agents for such 
workflows by colleagues, eg. Alexander et al, Agarwal et al 

Prior RL for BSM by Wojcik, et al

https://arxiv.org/abs/2506.08080
https://arxiv.org/abs/2603.28935
https://arxiv.org/abs/2603.22538
https://arxiv.org/abs/2407.07203


18
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zero-parameter models are 
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Late-middle stage of search Late stage of search
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Feynman Rules 

Transforming the Bootstrap 2

Figure 1. Sample Feynman diagrams for the process gg → Hg at two loops (left)
and eight loops (right) in QCD. The same diagrams contribute in SYM, where
the Higgs boson H and top quark (t) triangle is replaced by a particular local
operator in the theory, and the process is referred to as a form factor.

conventional way to compute scattering amplitudes uses Feynman diagrams (see Figure 1
for examples), which graphically organize a series of terms in a perturbative expansion.
Performing high-precision calculations in the theory of quantum chromodynamics (QCD)
requires Feynman diagrams containing at least two loops [3–10]. Each loop represents
intermediate-state virtual particles whose unobserved momenta must be integrated over.
Each successive order of precision demands the addition of another loop to the diagram.
Unfortunately, the number of possible Feynman diagrams, and thus the number of
integrals that must be performed, grows factorially with loop order, quickly making these
calculations intractable.

A recently-developed alternative technique, known as the amplitude bootstrap [11–13],
attempts to directly construct candidate solutions for multi-loop amplitudes. It has
mainly been applied so far to a simpler relative of QCD, called planar N = 4 super-Yang-
Mills theory (SYM). The amplitude bootstrap circumvents many of the computational
and numerical challenges that arise from the Feynman diagram approach. It leverages
the rich, yet highly constrained, analytical structure of amplitudes that arises from
the particular recurrent features of the integrals involved. Using this technique, the
form of the amplitude can be determined a priori, and the finite-dimensional solution
space at a given loop order can be strongly constrained through a large system of linear
relations with integer coe!cients. Many of the linear relations are found by analyzing
the lower-loop results. A small number of additional constraints, derived from behavior
in physical limits, can then be applied in order to obtain a unique solution.

The amplitude bootstrap allows for the computation of amplitudes up to eight loops
in SYM [14], vs. two loops using traditional Feynman diagram methods for the same
quantity in QCD [15], as depicted in Figure 1. However, when using the bootstrap
technique, the number of linear relations to be solved and the number of unknown
coe!cients both increase by a factor of about 4 at each subsequent loop order [14]. Since

Transformer to predict terms in 
amplitude solution

Transforming the Bootstrap 12

Figure 3. Accuracy vs. epoch on the nonzero coe!cient-from-key task at loop L = 5
(left) and L = 6 (right), for four model initializations shown in di"erent colors. The
bottom plots show the balance of predicted signs vs. epoch, with + (→) indicating 100%
(0%) positive signs. Initially the model fluctuates between strongly favoring one sign or
the other before more accurately predicting the mix of signs for individual terms.

accuracy after 50 epochs. However, when models are trained to predict only the signs of
the nonzero coe!cients (by setting all magnitudes to ‘1’), they exhibit random guessing
behavior even after 100 epochs. These results suggest that learning the magnitude of
the coe!cient may be a prerequisite for learning the sign.

In summary, our results indicate that Transformers trained on a small fraction of
the symbol can predict coe!cients from their keys with very high accuracy.

5. Quad Representation of Symbols

At higher loops, a more compact representation of the form factor symbol is necessary for
e!cient training. For example, the loop L = 7 symbol has 93 million nonzero-coe!cient
elements, almost 19 times as many as the L = 6 symbol. How long might it take to train
on such a large symbol? At loop L = 5, performing the nonzero coe!cient-from-key
prediction task to > 99% accuracy takes about 22 passes through the training set and 0.7
hours. At loop L = 6, the same task takes 11 passes through the training set and over
54 hours. The time to reach > 99% accuracy scales at least linearly with the number of
elements. If we assume this scaling continues to L = 7, it will take at least 54↑19 ↓ 1000

hours, or 43 days.
Compressing the data using the quad representation can significantly improve the

Learning happens in 
two phases

Cai et al: arXiv:2405.06107

https://arxiv.org/abs/2405.06107
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accuracy after 50 epochs. However, when models are trained to predict only the signs of
the nonzero coe!cients (by setting all magnitudes to ‘1’), they exhibit random guessing
behavior even after 100 epochs. These results suggest that learning the magnitude of
the coe!cient may be a prerequisite for learning the sign.

In summary, our results indicate that Transformers trained on a small fraction of
the symbol can predict coe!cients from their keys with very high accuracy.

5. Quad Representation of Symbols

At higher loops, a more compact representation of the form factor symbol is necessary for
e!cient training. For example, the loop L = 7 symbol has 93 million nonzero-coe!cient
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Improving the efficiency of event 
generators like MadGraph
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Figure 1: Top: learned VEGAS density g(y) with 20 bins (left) and its transformation G(y)
(right). Bottom: the RQS density g(y) after embedding the VEGAS grid and performing bin
reduction to 7 bins (left). The right plot shows the corresponding mapping G(y) including a
zoom-in box illustrating the definition of the widths wi , heights hi of the bins and the deriva-
tives di on the bin edges.

Because of the higher expressivity of the RQ splines, they need much fewer bins than VEGAS.
For instance, all bins in VEGAS have equal probability, meaning that more bins than necessary
are used in regions of high probability but with little change in the derivative of the transfor-
mation. We therefore reduce the number of bins by repeatedly merging adjacent bins until the
desired number of target bins is reached:

1. Calculate the absolute difference between the slopes of adjacent bins,

ωk =
!!!!
wk

hk
→ wk+1

hk+1

!!!! . (33)

2. Choose the lowest ωk, i.e. the two bins k and k + 1 with the most similar average slope.
We introduce an additional cutoff, to prevent very large bins, unless all smaller bins are
already merged.

3. Reduce the number of bins by one

w↑ (w1, . . . , wk→1, wk + wk+1, wk+2, . . . , wK) ,

h↑ (h1, . . . , hk→1, hk + hk+1, hk+2, . . . , hK) ,

d ↑ (d0, . . . , dk→1, dk+1, . . . , dK) ,

K ↑ K → 1 .

(34)

The lower panels of Fig. 1 show g and G for the RQ spline after applying the bin reduction
algorithm to reduce the number of bins to K = 7. We show w, h and d for one bin.

8

Himel et al: arXiv:2311.01548

Traditional

Neural

Cai et al: arXiv:2405.06107

https://arxiv.org/abs/2311.01548
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space at a given loop order can be strongly constrained through a large system of linear
relations with integer coe!cients. Many of the linear relations are found by analyzing
the lower-loop results. A small number of additional constraints, derived from behavior
in physical limits, can then be applied in order to obtain a unique solution.

The amplitude bootstrap allows for the computation of amplitudes up to eight loops
in SYM [14], vs. two loops using traditional Feynman diagram methods for the same
quantity in QCD [15], as depicted in Figure 1. However, when using the bootstrap
technique, the number of linear relations to be solved and the number of unknown
coe!cients both increase by a factor of about 4 at each subsequent loop order [14]. Since

Transformer to predict terms in 
amplitude solution

Transforming the Bootstrap 12

Figure 3. Accuracy vs. epoch on the nonzero coe!cient-from-key task at loop L = 5
(left) and L = 6 (right), for four model initializations shown in di"erent colors. The
bottom plots show the balance of predicted signs vs. epoch, with + (→) indicating 100%
(0%) positive signs. Initially the model fluctuates between strongly favoring one sign or
the other before more accurately predicting the mix of signs for individual terms.

accuracy after 50 epochs. However, when models are trained to predict only the signs of
the nonzero coe!cients (by setting all magnitudes to ‘1’), they exhibit random guessing
behavior even after 100 epochs. These results suggest that learning the magnitude of
the coe!cient may be a prerequisite for learning the sign.

In summary, our results indicate that Transformers trained on a small fraction of
the symbol can predict coe!cients from their keys with very high accuracy.

5. Quad Representation of Symbols

At higher loops, a more compact representation of the form factor symbol is necessary for
e!cient training. For example, the loop L = 7 symbol has 93 million nonzero-coe!cient
elements, almost 19 times as many as the L = 6 symbol. How long might it take to train
on such a large symbol? At loop L = 5, performing the nonzero coe!cient-from-key
prediction task to > 99% accuracy takes about 22 passes through the training set and 0.7
hours. At loop L = 6, the same task takes 11 passes through the training set and over
54 hours. The time to reach > 99% accuracy scales at least linearly with the number of
elements. If we assume this scaling continues to L = 7, it will take at least 54↑19 ↓ 1000

hours, or 43 days.
Compressing the data using the quad representation can significantly improve the

Learning happens in 
two phases

Improving the efficiency of event 
generators like MadGraph
SciPost Physics Submission
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Figure 1: Top: learned VEGAS density g(y) with 20 bins (left) and its transformation G(y)
(right). Bottom: the RQS density g(y) after embedding the VEGAS grid and performing bin
reduction to 7 bins (left). The right plot shows the corresponding mapping G(y) including a
zoom-in box illustrating the definition of the widths wi , heights hi of the bins and the deriva-
tives di on the bin edges.

Because of the higher expressivity of the RQ splines, they need much fewer bins than VEGAS.
For instance, all bins in VEGAS have equal probability, meaning that more bins than necessary
are used in regions of high probability but with little change in the derivative of the transfor-
mation. We therefore reduce the number of bins by repeatedly merging adjacent bins until the
desired number of target bins is reached:

1. Calculate the absolute difference between the slopes of adjacent bins,

ωk =
!!!!
wk

hk
→ wk+1

hk+1

!!!! . (33)

2. Choose the lowest ωk, i.e. the two bins k and k + 1 with the most similar average slope.
We introduce an additional cutoff, to prevent very large bins, unless all smaller bins are
already merged.

3. Reduce the number of bins by one

w↑ (w1, . . . , wk→1, wk + wk+1, wk+2, . . . , wK) ,

h↑ (h1, . . . , hk→1, hk + hk+1, hk+2, . . . , hK) ,

d ↑ (d0, . . . , dk→1, dk+1, . . . , dK) ,

K ↑ K → 1 .

(34)

The lower panels of Fig. 1 show g and G for the RQ spline after applying the bin reduction
algorithm to reduce the number of bins to K = 7. We show w, h and d for one bin.
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Figure 6. Normalized, di↵erential cross-sections of particle transverse momenta along the Thrust
major (left) and Thurst minor (right) axes for Herwig, Herwig with our HADML, and for data from
DELPHI at LEP. Error bars on the predictions represent statistical uncertainties.

4 Summary and Outlook

In this paper, we have established a first step on the path towards a neural network-based

hadronization model. The cluster hadronization model from Herwig has been emulated

with a Generative Adversarial Network. This model is designed to reproduce the two-

body decay of clusters into pions. The GAN is integrated into the full Herwig program by

using all other hadronization components from the Herwig default model. The kinematic

properties of other hadrons are emulated using the pion model and conservation of energy.

We have shown that the HADML is able to reproduce Herwig’s light cluster decays and

when integrated with the full Herwig simulation, is able to reproduce results from e+e�

data as well.

The ultimate goal of this research direction is to train the ML model directly on data

to improve upon the existing hadronization models. A number of technical and method-

ological steps are required to achieve this vision. First, the deep generative model needs

to be extended to directly accommodate multiple hadron species and to model the relative

probabilities of the various final states. In this work, we have modeled di↵erent hadron

species using conservation of energy, but this means that the fragmentation is assumed

universal. Architectural modifications could allow for perturbations on universality. Hy-

perparameter optimization, including the investigation of alternative generative models, is

an important component of future work. Once the deep generative model has the capacity

to reproduce all of the physics of the Herwig cluster model, methodological innovation is

required to explore how to tune the model to data. Traditionally, e+e� data are used for

tuning. Optimization with a large set of one-dimensional, binned measurements will need

to be explored. A non-trivial aspect of this optimization is that while the hadronization

model would be di↵erentiable, the parton shower input would not be. Building in a model

– 10 –
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Reinforcement Learning and 
LLM agents: No tutorial this year

Transformers: Aaron’s tutorial on 
Thursday !

Generative Models: Sofia’s 
tutorial tomorrow!

Figure 1: The Transformer - model architecture.

The Transformer follows this overall architecture using stacked self-attention and point-wise, fully
connected layers for both the encoder and decoder, shown in the left and right halves of Figure 1,
respectively.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum

3
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Trigger

•  40 million collisions/second 
•   1MB of data per collision (40 TB/s) 
•    We throw away 99.998% of the data using simple 

selections

Image: Source

Neural Networks on GPUs too slow!

https://www.scientificamerican.com/article/particle-physicists-turn-to-ai-to-cope-with-cerns-collision-deluge/
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Floating-Point Number
Example: 32-bit floating-point number in IEEE 754 

13

Sign 8 bit Exponent 23 bit Fraction

(-1)sign × (1 + Fraction) × 2Exponent-127 Exponent Bias = 127 = 28-1-1

(significant / mantissa)

0.265625 = 1.0625 × 2-2 = (1 + 0.0625) × 2125-127

0 0 1 1 1 1 1 0 1 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
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Figure 1: Quantization mapping of real values to int8

3 Quantization Fundamentals

We focus on uniform integer quantization as it enables computing matrix multiplications and convolutions in the integer
domain, allowing the use of high throughput integer math pipelines. Uniform quantization can be divided in to two
steps. First, choose the range of the real numbers to be quantized, clamping the values outside this range. Second, map
the real values to integers representable by the bit-width of the quantized representation (round each mapped real value
to the closest integer value).

In this Section we will consider higher precision floating-point formats like fp16 and fp32 to be real numbers for
the purpose of discussion. Enabling integer operations in a pre-trained floating-point neural network requires two
fundamental operations:

Quantize: convert a real number to a quantized integer representation (e.g. from fp32 to int8).

Dequantize: convert a number from quantized integer representation to a real number (e.g. from int32 to fp16).

We will first define the quantize and dequantize operations in Section 3.1 and discuss their implications in neural
network quantization in Sections 3.2 and 3.3. Then we will discuss how the real ranges are chosen in Section 3.4.

3.1 Range Mapping

Let [�,↵] be the range of representable real values chosen for quantization and b be the bit-width of the signed integer
representation. Uniform quantization transforms the input value x 2 [�,↵] to lie within [�2b�1, 2b�1 � 1], where
inputs outside the range are clipped to the nearest bound. Since we are considering only uniform transformations,
there are only two choices for the transformation function: f(x) = s · x+ z and its special case f(x) = s · x, where
x, s, z 2 R. In this paper we refer to these two choices as affine and scale, respectively.

3.1.1 Affine Quantization

Affine quantization maps a real value x 2 R to a b-bit signed integer xq 2 {�2b�1,�2b�1 + 1, . . . , 2b�1 � 1}.
Equations 1 and 2 define affine transformation function, f(x) = s · x+ z:

s =
2b � 1

↵� �
(1)

z = � round(� · s)� 2b�1 (2)

where s is the scale factor and z is the zero-point - the integer value to which the real value zero is mapped. In the 8-bit
case, s = 255

↵�� and z = �round(� · s)� 128. Note that z is rounded to an integer value so that the real value of zero
is exactly representable. This will result in a slight adjustment to the real representable range [�,↵] [20].
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Figure 5: Performance of quantization-aware pruning using
the lottery ticket pruning scheme as a function of hardware
computational complexity. After QAP, the 6-bit, 80% pruned
model achieves a factor of 50 reduction in BOPs compared
to the 32-bit, unpruned model with no loss in performance.

small 𝐿 (e.g. 10→4), the weights are sorted based on their absolute
value relative to the maximum absolute value of the weights in that
particular layer. Weights falling below a certain percentile are re-
moved. The model can then be trained again with 𝑀1 regularization
while masking the previously pruned weights. This process can
be iterated several times until the desired level of compression is
reached.

While the above approach is e!ective, we describe here an al-
ternative approach based on the lottery ticket (LT) hypothesis [73]
where the remaining weights after each pruning step are initialized
back to their original values (“weight rewinding”). We refer to this
method as LT pruning. We also propose a new hybrid method [14]
for constructing e"cient NNs, quantization-aware pruning (QAP),
which combines a pruning procedurewith training that accounts for
quantized weights. As a #rst demonstration, we use Brevitas [38]
to perform QAT and iteratively prune a fraction of the weights
following the LT method of weight rewinding.

This is done for the jet classi#cation task presented in the previ-
ous section. At each training iteration, roughly 10% of the original
network is pruned. The results of pruning with this method are
shown in Fig. 5 for a 6-bit #xed-point version of the network com-
pared to the 32-bit $oating-point model. The performance in terms
of the area under the curve (AUC) is shown as a function of bit
operations (BOPs) [78], de#ned per-layer as

BOPs =𝑁𝑂((1 → 𝑃𝐿 )𝑄𝜴𝑄𝜶 + 𝑄𝜴 + 𝑄𝜶 + log2 (𝑂)) (1)

where 𝑂 (𝑁) is the number of inputs (outputs), 𝑄𝜶 (𝑄𝜴 ) is the bit
width of the weights (activations), and 𝑃𝐿 is the fraction of pruned
layer weights. BOPs are a measure of the hardware computational
complexity of a quantized NN after pruning. In Sec. 3.1 we found
that a 6-bit implementation of this network sacri#ced no perfor-
mance. Here, we #nd that pruning the 6-bit network by 80% using
QAP still maintains the same performance as the 32-bit version.

Model bit width 16 (PTQ) 14 (PTQ) 6 (QAT)

Accuracy [%] 76.4 75.8 76.2
Latency [ns] 50 50 45
DSP [%] 27 (1,852) 17 (1,132) 0.6 (38)
LUT [%] 7.5 (89,209) 7.6 (90,019) 5.4 (63,251)
FF [%] 0.5 (11,266) 0.4 (9,262) 0.2 (4,394)

Table 1: Model accuracy, latency and resource utilization for
16-, 14-, and 6-bit models. Resources are listed as a percent-
age of available resources, with absolute numbers quoted
in parenthesis, for a Xilinx Virtex UltraScale+ VU9P FPGA
with a clock frequency of 200MHz using hls4ml v0.5.0 and
Vivado HLS 2019.2

4 DIGITAL IMPLEMENTATION ELEMENTS
Following the training-time optimizations described in the previ-
ous section, we describe important elements for deploying those
optimized NNs in e"cient digital implementations.

4.1 Quantization with a QK!"#$ Frontend
Reducing precision saves resources used for signal routing as well
as resources and latency used for mathematical operations. For
example, the limiting resource for many FPGA applications is the
number of DSPs, which are used primarily for multiplications. The
number of DSPs used per multiplier depends on the precision of the
numbers being multiplied and can change abruptly. For example,
one Xilinx DSP48E1 block [79] can multiply a 25-bit number with
an 18-bit number, but two are required to multiply a 25-bit number
with a 19-bit number. Similarly, the latency of multipliers increases
with precision, though they can remain pipelined.

To allow for automated translation of a QK!"#$ model to RTL,
hls4ml has been extended to interpret and optimize quantized
QK!"#$ layer types. When converting aQK!"#$model into an HLS
project, the model quantization con#guration is passed to hls4ml
and enforced in the FPGA #rmware. This ensures that the use of
speci#c, arbitrary precision in the QK!"#$ model is maintained
during inference. For example, when using a quantizer with a given
rescaling parameter 𝑅 , hls4ml inserts an operation to rescale the
layer output. For binary and ternary weights and activations, the
same strategies as in Ref. [9] are used. With binary layers, the
arithmetical value of “-1” is encoded as “0,” allowing the product to
be expressed as an XNOR operation.

As an example of the integration of QK!"#$ and hls4ml, we
now describe an FPGA implementation of the model presented in
Sec. 3.1. The FPGA implementation results are reported in Table 1
for the 16- and 14-bit PTQ and 6-bit QAT models. The e!ect of QAT
is that the FPGA resources are drastically reduced, especially in
the case of DSPs. In Ref. [11], a more detailed exploration of model
implementations is presented, including per-layer optimizations.

The QK!"#$+hls4ml framework extends to large CNNs. Speci#-
cally, Ref. [12] demonstrates support for large CNN architectures
through a stream-based implementation of convolutional and pool-
ing layers using #rst in, #rst out (FIFO) bu!ers. A benchmark CNN
classi#er trained on the Street View House Numbers Dataset is com-
pressed through pruning and QAT to reduce the FPGA resource
utilization while retaining the $oating-point model accuracy. Once

You can get rid of most of the network, 
without losing much performance 

Kinda like most of raw collision data ;)
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Figure 1: Quantization mapping of real values to int8

3 Quantization Fundamentals

We focus on uniform integer quantization as it enables computing matrix multiplications and convolutions in the integer
domain, allowing the use of high throughput integer math pipelines. Uniform quantization can be divided in to two
steps. First, choose the range of the real numbers to be quantized, clamping the values outside this range. Second, map
the real values to integers representable by the bit-width of the quantized representation (round each mapped real value
to the closest integer value).

In this Section we will consider higher precision floating-point formats like fp16 and fp32 to be real numbers for
the purpose of discussion. Enabling integer operations in a pre-trained floating-point neural network requires two
fundamental operations:

Quantize: convert a real number to a quantized integer representation (e.g. from fp32 to int8).

Dequantize: convert a number from quantized integer representation to a real number (e.g. from int32 to fp16).

We will first define the quantize and dequantize operations in Section 3.1 and discuss their implications in neural
network quantization in Sections 3.2 and 3.3. Then we will discuss how the real ranges are chosen in Section 3.4.

3.1 Range Mapping

Let [�,↵] be the range of representable real values chosen for quantization and b be the bit-width of the signed integer
representation. Uniform quantization transforms the input value x 2 [�,↵] to lie within [�2b�1, 2b�1 � 1], where
inputs outside the range are clipped to the nearest bound. Since we are considering only uniform transformations,
there are only two choices for the transformation function: f(x) = s · x+ z and its special case f(x) = s · x, where
x, s, z 2 R. In this paper we refer to these two choices as affine and scale, respectively.

3.1.1 Affine Quantization

Affine quantization maps a real value x 2 R to a b-bit signed integer xq 2 {�2b�1,�2b�1 + 1, . . . , 2b�1 � 1}.
Equations 1 and 2 define affine transformation function, f(x) = s · x+ z:

s =
2b � 1

↵� �
(1)

z = � round(� · s)� 2b�1 (2)

where s is the scale factor and z is the zero-point - the integer value to which the real value zero is mapped. In the 8-bit
case, s = 255

↵�� and z = �round(� · s)� 128. Note that z is rounded to an integer value so that the real value of zero
is exactly representable. This will result in a slight adjustment to the real representable range [�,↵] [20].
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Figure 1: Illustration of the GN2 algorithm with jet and track input variables, discriminating between jet flavours
by exploiting secondary vertices and other properties stemming from the displaced decays of 𝐿-hadrons, in the
transverse plane. The jet features are copied for each track associated with the jet. The combined vectors are then fed
into a per-track initialisation network, followed by a transformer encoder and a global representation of the jet. 𝑀jf
(𝑀tf) corresponds to the number of jet (track) features. The pooled jet representation and output track embeddings
are provided as inputs to the three task-specific networks. Details of the GN2 architecture are summarised in the
Methods section.

the General Network (GN) series of flavour-tagging algorithms, which directly process track and jet
information and are trained using target labels extracted from Monte Carlo (MC) simulation. In parallel, the
CMS Collaboration followed a similar trajectory, evolving from two-stage approaches [24, 25] to unified,
end-to-end network architectures [26–28].

The ATLAS GN tagger uses jet flavour prediction as its primary training target and introduces auxiliary
training objectives to reconstruct the internal structure of a jet by grouping tracks originating from a common
vertex and by predicting the underlying physics process from which each track originated. Such physics
domain knowledge is embedded in a combined loss function that enables a simultaneous optimisation,
instead of relying on manually optimised low-level algorithms. This flexible structure allows the swift
re-tuning of the algorithms to suit alternative experimental conditions or physics goals. A demonstrator
version, GN1, achieves the above design goals using a graph-neural-network [29], while the deployment
version, GN2, applies a single transformer model [30], illustrated in Figure 1.

Details of the algorithm architectures are summarised in the Methods section, together with descriptions of
the ATLAS detector, simulation samples, physics objects, and analysis strategies.

GN2 achieves a remarkable performance boost compared with the DL1d algorithm, with improvements by
a factor of 1.5–4 observed in its major experimental applications. The deployment of GN2 should greatly
enhance the physics reach of ATLAS in flagship analyses, such as the search for Higgs pair production and
the 𝑁-quark Yukawa coupling measurement, for which the projected sensitivity at the High Luminosity
LHC is improved by up to 30% [31]. These improvements do not come with a strong dependence on
the choice and configuration of the MC event generator, and are confirmed by measured performance in
recorded collisions. The innovative auxiliary training objectives bring excellent interpretability and opens
up new avenues for future applications.
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into a per-track initialisation network, followed by a transformer encoder and a global representation of the jet. 𝑀jf
(𝑀tf) corresponds to the number of jet (track) features. The pooled jet representation and output track embeddings
are provided as inputs to the three task-specific networks. Details of the GN2 architecture are summarised in the
Methods section.

the General Network (GN) series of flavour-tagging algorithms, which directly process track and jet
information and are trained using target labels extracted from Monte Carlo (MC) simulation. In parallel, the
CMS Collaboration followed a similar trajectory, evolving from two-stage approaches [24, 25] to unified,
end-to-end network architectures [26–28].

The ATLAS GN tagger uses jet flavour prediction as its primary training target and introduces auxiliary
training objectives to reconstruct the internal structure of a jet by grouping tracks originating from a common
vertex and by predicting the underlying physics process from which each track originated. Such physics
domain knowledge is embedded in a combined loss function that enables a simultaneous optimisation,
instead of relying on manually optimised low-level algorithms. This flexible structure allows the swift
re-tuning of the algorithms to suit alternative experimental conditions or physics goals. A demonstrator
version, GN1, achieves the above design goals using a graph-neural-network [29], while the deployment
version, GN2, applies a single transformer model [30], illustrated in Figure 1.

Details of the algorithm architectures are summarised in the Methods section, together with descriptions of
the ATLAS detector, simulation samples, physics objects, and analysis strategies.

GN2 achieves a remarkable performance boost compared with the DL1d algorithm, with improvements by
a factor of 1.5–4 observed in its major experimental applications. The deployment of GN2 should greatly
enhance the physics reach of ATLAS in flagship analyses, such as the search for Higgs pair production and
the 𝑁-quark Yukawa coupling measurement, for which the projected sensitivity at the High Luminosity
LHC is improved by up to 30% [31]. These improvements do not come with a strong dependence on
the choice and configuration of the MC event generator, and are confirmed by measured performance in
recorded collisions. The innovative auxiliary training objectives bring excellent interpretability and opens
up new avenues for future applications.
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Figure 1: Illustration of the GN2 algorithm with jet and track input variables, discriminating between jet flavours
by exploiting secondary vertices and other properties stemming from the displaced decays of 𝐿-hadrons, in the
transverse plane. The jet features are copied for each track associated with the jet. The combined vectors are then fed
into a per-track initialisation network, followed by a transformer encoder and a global representation of the jet. 𝑀jf
(𝑀tf) corresponds to the number of jet (track) features. The pooled jet representation and output track embeddings
are provided as inputs to the three task-specific networks. Details of the GN2 architecture are summarised in the
Methods section.

the General Network (GN) series of flavour-tagging algorithms, which directly process track and jet
information and are trained using target labels extracted from Monte Carlo (MC) simulation. In parallel, the
CMS Collaboration followed a similar trajectory, evolving from two-stage approaches [24, 25] to unified,
end-to-end network architectures [26–28].

The ATLAS GN tagger uses jet flavour prediction as its primary training target and introduces auxiliary
training objectives to reconstruct the internal structure of a jet by grouping tracks originating from a common
vertex and by predicting the underlying physics process from which each track originated. Such physics
domain knowledge is embedded in a combined loss function that enables a simultaneous optimisation,
instead of relying on manually optimised low-level algorithms. This flexible structure allows the swift
re-tuning of the algorithms to suit alternative experimental conditions or physics goals. A demonstrator
version, GN1, achieves the above design goals using a graph-neural-network [29], while the deployment
version, GN2, applies a single transformer model [30], illustrated in Figure 1.

Details of the algorithm architectures are summarised in the Methods section, together with descriptions of
the ATLAS detector, simulation samples, physics objects, and analysis strategies.

GN2 achieves a remarkable performance boost compared with the DL1d algorithm, with improvements by
a factor of 1.5–4 observed in its major experimental applications. The deployment of GN2 should greatly
enhance the physics reach of ATLAS in flagship analyses, such as the search for Higgs pair production and
the 𝑁-quark Yukawa coupling measurement, for which the projected sensitivity at the High Luminosity
LHC is improved by up to 30% [31]. These improvements do not come with a strong dependence on
the choice and configuration of the MC event generator, and are confirmed by measured performance in
recorded collisions. The innovative auxiliary training objectives bring excellent interpretability and opens
up new avenues for future applications.
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5 Physics impact and TN25-86M

The impact of scaling on flavor-tagging performance is quantified by translating the loss values into jet
classification performance on a top-quark pair (𝐿𝐿) sample, as enumerated in [7] and briefly summarized
here. Considering our primary jets of interest as 𝑀-jets, we fix the 𝑀-tagging e!ciency at 77% and
evaluate the mis-classification e!ciency for background jets from charm (𝑁), up and down (𝑂𝑃), gluon
(𝑄), strange (𝑅), and hadronic 𝑆s (𝑆). We then evaluate the background rejection, which is the inverse of
the mistagging e!ciency (so higher is better). As discussed in Section 3, jet datasets are generated a
priori at a fixed size, after which network optimization and training are performed, leaving considerable
surplus training-compute resources, generally utilized through repeated training on the same data. We
thus follow the loss-optimal trajectory (Section 3.2) when scaling model and dataset size, which implies
training until the validation loss reaches its minimum and selecting the model checkpoint corresponding to
that epoch. Figure 7 shows the dependence of background rejection as both dataset and model sizes are
scaled, highlighting the joint dependence of performance on data and model capacity.

Figure 7: Background rejection at 77% 𝑀-jet e!ciency as a function of loss for di"erent jet flavors (𝑁, 𝑂𝑃, 𝑄, 𝑅 and
𝑆). The dashed line represents an empirical exponential fit capturing the asymptotic improvement with scale. The
right-hand axis maps each loss level to the corresponding model and dataset sizes (𝑇 ,𝑈) along the data-constrained
loss-optimal trajectory, indicating the resource requirements needed to reach a given physics performance. This figure
quantifies how scaling both data and model capacity drives systematic gains in flavor-tagging discrimination power.
Billion-parameter architectures trained on trillions of jets, are expected to yield order-of-magnitude improvements
in background jets rejection. This trend eventually reaches the performance floor (gray band) determined by the
current set of input features. Points marked with a star indicate TN25-86M, an optimally-sized model with 86 million
parameters trained on a 7.7 billion jets dataset.

The dashed lines represent an empirical fit of the form 𝑉(𝑊) =
(
𝑋 𝑌𝐿𝑀

+ 𝑍
)
. While this functional form is

purely empirical, it captures the trend at large dataset and model size. The right axis indicates the model and
dataset sizes required to achieve a given loss, and thus a corresponding level of background rejection, under
the loss-optimal regime. Notably, while scaling laws predict how raw performance increases with scale,
post-calibration performance on real data may be partially reduced [7]. At the same time, software and
resource limitations make model size a critical factor for current operational deployment, though ongoing
developments in Inference-as-a-Service (IaaS)-based frameworks are expected to ease these constraints.
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Scaling laws demonstrated with HEP data 

Motivates cross-experiment and cross-task 
foundation models!
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FIG. 1. Neural network architecture used to train OmniLearn. The main neural network blocks of the architecture are shown
in the further left with detailed architecture design shown for each block in the right. See the text for more details.

perturbation is applied at the initial time t = 0, condi-
tioning the model over the time parameter ensures the
network is able to accommodate both perturbed and un-
perturbed data simultaneously. To build OmniLearn,
we design the architecture with a shared representation
whose outputs are then fed to task-specific neural net-
works. This approach enables flexibility and e!cient de-
sign, since downstream task applications only need to
load the shared representation and relevant task-specific
network, reducing the overall model. The main building
blocks of the network are summarized in Fig. 1. In the
following subsections we will provide a detailed descrip-
tion of the model and the core design choices.

A. Point-Edge Transformer

The shared representation of the network takes as in-
puts the particles clustered inside the jets and is condi-
tioned on the di"usion time parameter. The time infor-
mation, following previous di"usion models for collider
physics [20, 52–55], is encoded to a higher dimensional
space using a time embedding layer. The time embedding
consists Fourier features [56] followed by two multi-layer
perceptrons (MLPs) with GELU activation function [57].
Unless otherwise stated, all MLP layers used in this work
are followed by a GELU non-linear activation. Contrary
to previous di"usion models, we modify the time embed-
ding by multiplying the output of the Fourier features
by the time parameter, such that the output of the time
embedding is zero when the input time is also zero. This
choice ensures the time embedding is e"ectively turned
o" when the model is evaluated in classifier mode. The
next step is to combine the time information with the in-
put particle information. Datasets store di"erent levels
of information for each particle. The most basic infor-
mation, described by the kinematic information of each
particle, is always stored. However, additional informa-
tion such as particle identification (PID) and vertex in-
formation for charged particles is only available in spe-

cific datasets, with the latter only provided in the Jet-
Class dataset [41] among benchmark, public jet datasets.
To avoid training multiple models to accommodate each
dataset, and thus defeating the purpose of a generalized
model, we instead adopt a feature drop approach. Dur-
ing training, we consider as inputs both the kinematic
information for each particle and their respective PID1.
With a probability p = 0.2 we drop the PID information
by replacing it with zeros. This approach is similar to
dropout layers [58] that encourage the network to learn
a useful representation both in the presence and absence
of these features. After the feature drop, the inputs are
encoded to a higher dimensional space using a feature
embedding consisting of two MLP layers. The outputs of
the feature embedding are then combined with the time
information though a shift and scaling operation. Before
the transformer block we introduce a positional token to
encode the geometrical information of the neighborhood
surrounding each particle inside the jet. Even though
transformers are capable of learning general correlations
between particles, the addition of local information can
generally improve performance [40], creating a better la-
tent representation that is aware of the distances between
particles. We create the local encoding using dynamic
graph convolution (DGCNNs) layers where the neighbor-
hood is defined using a k-nearest neighbor algorithm with
number of neighbors fixed to 10. The distances are cal-
culated in the pseudorapidity-azimuthal angle space. For
each of the k-neighbors, edge features are defined based
on the particle features concatenated with the subtrac-
tion between the particle features and each of the respec-
tive neighbors. An MLP is used over all edges before
an average pooling operation over the neighbor dimen-

1 The vertex information while present in the JetClass dataset is
not used during training. While that could also be included in
the training methodology, our focus is the application to multiple
datasets without this information, hence for simplicity we skip
these features.

Eg. OmniLearn architecture
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FIG. 7. Reweighted distributions for six di!erent physics observables obtained from the OmniLearn and PET classifier.

TABLE IX. Comparison of the triangular discriminator between di!erent algorithms for unfolding. Uncertainties from PET

and OmniLearn are taken from 100 histogram variations within the statistical uncertainty of the prediction. Quantities in
bold represent the method with best performance.

Metric MultiFold UniFold IBU OmniFold

DeepSets PET classifier OmniLearn

Jet mass 3.80 8.82 9.31 2.77 2.8±0.9 2.6±0.8
N 0.89 1.46 1.51 0.33 0.50±0.15 0.34±0.1
Jet Width 0.09 0.15 0.11 0.10 0.09±0.02 0.07±0.01
log ω 0.37 0.59 0.71 0.35 0.23±0.07 0.14±0.03
ε21 0.26 1.11 1.10 0.53 0.13±0.03 0.05±0.01
zg 0.15 0.59 0.37 0.68 0.19±0.03 0.21±0.04

Without Labels (CWoLa) framework [126–128], where
weakly-supervised learning enables training directly on
(unlabeled) data. In the CWoLa approach, samples with
mixed fractions of a possible signal and background are
used to train a classifier whose goal is to identify the
origin of the sample. In the best case, we can imag-
ine a sample consisting of only the background process,
possibly as part of a background simulation or derived
from a control region, that is then used to train the clas-
sifier against data possibly containing new particle in-
teractions in addition to the background process. We
examine the benefits of using OmniLearn during the
classification process and evaluate the performance us-
ing the R&D dataset from the LHC Olympics data chal-
lenge [123, 129]. The background consists of dijet final
states from QCD production while the signal is a resonant

boson production A → B(→ qq→)C(→ qq→) with masses
mA,mB ,mC = 3.5, 0.5, 0.1 TeV, respectively. Signal
and background vents are generated with Pythia8 inter-
faced with Delphes3.4.1 for detector simulation. Jets
are defined using the anti-kT algorithm as implemented
in FastJet with R = 1. We focus on the two leading
jets in transverse momentum space and require the lead-
ing jet to have pT > 1.2 TeV. After selection, we save all
particles associated to the two most energetic jets, result-
ing in a maximum particle multiplicity of 279 particles
per jet.

During weakly-supervised training, we follow previous
studies [53, 130–142] and define the signal region of in-
terest for events with dijet mass 3300 GeV < mjj <
3700 GeV. In the region of interest, we call ‘data’ the
combination of 100k background events with varying

14

FIG. 9. Unfolded distributions for six di!erent physics observables obtained from the OmniLearn and PET classifier.

FIG. 10. Maximum values of the SIC curve evaluated over
di!erent values of injected signal. OmniLearn and PET

classifier results are compared with other algorithms used for
the same task.

high level observables [132], is still more sensitive to the
specific new physics scenario at lower signal injection val-
ues, we expect the use of all particles enhanced by the

FIG. 11. Maximum values of the SIC curve evaluated over
di!erent values of injected signal. OmniLearn and PET

classifier results are compared with other algorithms used for
the same task.

OmniLearn model to attain sensitivity to a more gen-
eral class of possible new physics scenarios, that would
otherwise not be identified by the specific set of high level

Anomaly detection

Unfolding

6

FIG. 2. Validation loss curves obtained in the top quark tagging (left) and quark/ gluon (rights) datasets. The OmniLearn

validation loss is compared with the PET classifier trained from scratch.

The background consists of dijets produced via QCD and
the signal consists of top quark pair production with all-
hadronic decays. The default energy flow algorithm in
Delphes is used to create jet constituents, which are
clustered using the anti-kT algorithm with R = 0.8. All
jets in the range 550 GeV < pT < 650 GeV and |ω| < 2
are saved. Note that while top quark and QCD cate-
gories are present in the JetClass dataset, the Delphes

detector configuration and pT ranges are di!erent. The
quark/gluon dataset consists of stable particles clustered
into jets, excluding neutrinos, using the anti-kT algo-
rithm with radius R = 0.4. The quark-initiated sam-
ple (signal) is generated using a Z(εε) + (u, d, s) while
the gluon-initiated data (background) are generated us-
ing Z(εε) +g processes. Both samples are generated us-
ing Pythia8 without detector e!ects. Jets are required
to have transverse momentum pT → [500, 550] GeV and
rapidity |y| < 1.7 for the reconstruction. For each dataset
we evaluate the results of adapting OmniLearn on each
dataset and compare with the training carried out with
the PET classifier architecture from scratch. The results
are compared with other models using the same datasets
in Tables I and II.

In both cases we observe the performance obtained by
OmniLearn to be significantly better than other mod-
els trained from scratch, while matching and sometimes
surpassing the performance observed by the fine-tuned
version of the state-of-the-art model PartT [41]. In Fig-
ure. 2, we show the loss curve obtained during training
in the validation set. After a single epoch, OmniLearn

already reaches the performance from the PET classi-
fier with convergence observed after only three epochs
in both datasets, reducing the overall training time by a
factor 3.

IV. GENERALIZATION ACROSS DETECTORS

FIG. 3. Validation loss curves obtained in the CMS Open
Data quark gluon tagging dataset. The OmniLearn valida-
tion loss is compared with the PET classifier trained from
scratch.

A more realistic scenario is to consider a complete sim-
ulation of the detector response. In this scenario, the gen-
eralization power from OmniLearn trained on fast simu-
lations could greatly reduce the need for large simulation
samples with full detector simulation for the training of
particle taggers at the LHC or be quickly deployed using
open data released by the LHC Experiments. We investi-
gate this scenario using the public CMS Open Data [80]
and ATLAS Top tagging dataset [81]. We use the sim-
ulations from the CMS Open Data release for 2011A
run period [82] processed by the MIT Open Data soft-

Jet tagging

Mukuni et al
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Or is the future more physics-informed ML?
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Figure 1. The pipeline for neos. The dashed line indicating the backward pass involves
updating the weights ' of the neural network via gradient descent.

1.1. Related work
The most similar work to neos is INFERNO [2], which also targets the optimisation of a
summary statistic with respect to an inference-aware loss function. We compare our approach
to INFERNO below both qualitatively and quantitatively. Other attempts to incorporate
robustness to systematic uncertainties include: directly parameterising the neural network in
the relevant nuisance parameters that model systematic uncertainties [3], and including an
adversarial term in the loss that penalises dependence on these nuisance parameters [4].

2. Making HEP Analysis Di↵erentiable
Given a pre-filtered dataset, an analysis pipeline in HEP involves the following stages:

(i) Construction of a learnable 1-D summary statistic from data (with parameters ')

(ii) Binning of the summary statistic, e.g. through a histogram

(iii) Statistical model building, using the summary statistic as a template

(iv) Calculation of a test statistic, used to perform a frequentist hypothesis test of signal versus
background

(v) A p-value (or CLs
1 value) resulting from that hypothesis test, used to characterise the

sensitivity of the analysis

We can express this workflow as a direct function of the input dataset D and observable
parameters ':

CLs = f(D,') = (fsensitivity � ftest stat � flikelihood � fhistogram � fobservable)(D,'). (1)

In the common case where fobservable is a neural network, it seems possible to optimise this
composition end-to-end, i.e. train the network to directly optimise the analysis sensitivity. This
is exactly the task that neos sets out to accomplish, with a full workflow detailed in Figure 1.
To train this network by gradient descent, our choice of loss = CLs requires us to be able to
calculate @ CLs/@'. However, this is a stronger condition than it seems, and in fact necessitates
the di↵erentiablility of each individual analysis step via the chain rule applied to Equation 1.

Owing to the fact that neural networks are already di↵erentiable, the last term @fobservable/@'
isn’t an issue, but none of the rest of the steps are di↵erentiable by default. The following sections
detail solutions for calculating the gradient of each intermediate step.

1 CLs is a modification of the p-value that protects against rejecting the null hypothesis when the test is not
sensitive to the alternative hypothesis (e.g. through largely overlapping test statistic distributions).
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Figure 1. The pipeline for neos. The dashed line indicating the backward pass involves
updating the weights ' of the neural network via gradient descent.

1.1. Related work
The most similar work to neos is INFERNO [2], which also targets the optimisation of a
summary statistic with respect to an inference-aware loss function. We compare our approach
to INFERNO below both qualitatively and quantitatively. Other attempts to incorporate
robustness to systematic uncertainties include: directly parameterising the neural network in
the relevant nuisance parameters that model systematic uncertainties [3], and including an
adversarial term in the loss that penalises dependence on these nuisance parameters [4].

2. Making HEP Analysis Di↵erentiable
Given a pre-filtered dataset, an analysis pipeline in HEP involves the following stages:

(i) Construction of a learnable 1-D summary statistic from data (with parameters ')

(ii) Binning of the summary statistic, e.g. through a histogram

(iii) Statistical model building, using the summary statistic as a template

(iv) Calculation of a test statistic, used to perform a frequentist hypothesis test of signal versus
background

(v) A p-value (or CLs
1 value) resulting from that hypothesis test, used to characterise the

sensitivity of the analysis

We can express this workflow as a direct function of the input dataset D and observable
parameters ':

CLs = f(D,') = (fsensitivity � ftest stat � flikelihood � fhistogram � fobservable)(D,'). (1)

In the common case where fobservable is a neural network, it seems possible to optimise this
composition end-to-end, i.e. train the network to directly optimise the analysis sensitivity. This
is exactly the task that neos sets out to accomplish, with a full workflow detailed in Figure 1.
To train this network by gradient descent, our choice of loss = CLs requires us to be able to
calculate @ CLs/@'. However, this is a stronger condition than it seems, and in fact necessitates
the di↵erentiablility of each individual analysis step via the chain rule applied to Equation 1.

Owing to the fact that neural networks are already di↵erentiable, the last term @fobservable/@'
isn’t an issue, but none of the rest of the steps are di↵erentiable by default. The following sections
detail solutions for calculating the gradient of each intermediate step.

1 CLs is a modification of the p-value that protects against rejecting the null hypothesis when the test is not
sensitive to the alternative hypothesis (e.g. through largely overlapping test statistic distributions).

• End-to-end differentiable analysis takes 
the opposite route 

• Takes traditional physics analysis and 
makes it a giant network

Figure 2. Illustration of the bias/smoothness tradeo↵ when tuning the bandwidth of a bKDE,
defined over 200 samples from a bi-modal Gaussian mixture. All distributions are normalised
to unit area. The individual kernels that make up the KDE are scaled down for visibility.

2.1. Binned density estimation (histograms)
Histograms are discontinuous by nature. They are defined for 1-D data as a set of two quantities:
intervals (or bins) over the domain of that data, and counts of the number of data points
that fall into each bin. For small changes in the underlying data distribution, bin counts
will either remain static, or jump in integer intervals as data migrate between bins, both of
which result in ill-defined gradients. We address this inherent non-di↵erentiability through
implementing a di↵erentiable surrogate: a histogram based on a kernel density estimate (KDE),
which produces a non-parametric density p(t) estimate based on samples ti and a kernel function
K(t, ti) = K(t � ti), with the full density given as p(t) = 1/n

P
iK(t, ti). Normally, a popular

kernel function choice is the standard normal distribution, which comes with a parameter called
the bandwidth that a↵ects the smoothness of the resulting density estimate.

Coming back to gradients: in our case, the data ti we construct the density estimate over
are themselves functions of the summary statistic parameters, i.e. ti = f(xi '). The resulting
density estimate p(t|') will then be di↵erentiable as long as the kernel K is di↵erentiable with
respect to ti, and by extension with respect to '. To extend this di↵erentiability in a binned
fashion, we can accumulate the probability mass of the KDE within the bin edges of the original
histogram – equivalent to evaluations of the Gaussian cumulative density function – to convert
p(t|') to a binned KDE (bKDE), i.e. a set of discrete per-bin probabilities pi(').

In the limit of vanishing bandwidth, the bKDE recovers the standard histogram, but gradients
become susceptible to high variance. Increasing the bandwidth can alleviate this, but at the
cost of introducing a bias. There is then a trade-o↵ between decreasing the bandwidth enough
to minimise this bias, and increasing it enough to guarantee gradient stability2. We can see a
demonstration of this behaviour in Figure 2, where the bandwidth is tuned relative to the bin
width.

2.2. Likelihood modelling
A popular framework to build statistical models for binned observations based on “template”
histogram data is HistFactory [5], used widely used across HEP. Thankfully, the resulting log-
likelihood function ph(x) is di↵erentiable with respect to both the observed data x and histogram
data h from which the model is constructed. However, these gradients only recently became
readily accessible in software, owing to the development of pyhf [6, 7]: a Python package for
building these likelihoods that leverages automatic di↵erentiation.

2 How low is low enough when tuning? This relationship between bias and gradient stability is heavily impacted
by the number of data points, and also by the width of the intervals, with more exploration of this planned.

• Requires careful gradient relaxation 
techniques to handle non-differentaible 
operations
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Figure 1. The pipeline for neos. The dashed line indicating the backward pass involves
updating the weights ' of the neural network via gradient descent.

1.1. Related work
The most similar work to neos is INFERNO [2], which also targets the optimisation of a
summary statistic with respect to an inference-aware loss function. We compare our approach
to INFERNO below both qualitatively and quantitatively. Other attempts to incorporate
robustness to systematic uncertainties include: directly parameterising the neural network in
the relevant nuisance parameters that model systematic uncertainties [3], and including an
adversarial term in the loss that penalises dependence on these nuisance parameters [4].

2. Making HEP Analysis Di↵erentiable
Given a pre-filtered dataset, an analysis pipeline in HEP involves the following stages:

(i) Construction of a learnable 1-D summary statistic from data (with parameters ')

(ii) Binning of the summary statistic, e.g. through a histogram

(iii) Statistical model building, using the summary statistic as a template

(iv) Calculation of a test statistic, used to perform a frequentist hypothesis test of signal versus
background

(v) A p-value (or CLs
1 value) resulting from that hypothesis test, used to characterise the

sensitivity of the analysis

We can express this workflow as a direct function of the input dataset D and observable
parameters ':

CLs = f(D,') = (fsensitivity � ftest stat � flikelihood � fhistogram � fobservable)(D,'). (1)

In the common case where fobservable is a neural network, it seems possible to optimise this
composition end-to-end, i.e. train the network to directly optimise the analysis sensitivity. This
is exactly the task that neos sets out to accomplish, with a full workflow detailed in Figure 1.
To train this network by gradient descent, our choice of loss = CLs requires us to be able to
calculate @ CLs/@'. However, this is a stronger condition than it seems, and in fact necessitates
the di↵erentiablility of each individual analysis step via the chain rule applied to Equation 1.

Owing to the fact that neural networks are already di↵erentiable, the last term @fobservable/@'
isn’t an issue, but none of the rest of the steps are di↵erentiable by default. The following sections
detail solutions for calculating the gradient of each intermediate step.

1 CLs is a modification of the p-value that protects against rejecting the null hypothesis when the test is not
sensitive to the alternative hypothesis (e.g. through largely overlapping test statistic distributions).

• End-to-end differentiable analysis takes 
the opposite route 

• Takes traditional physics analysis and 
makes it a giant network

Figure 2. Illustration of the bias/smoothness tradeo↵ when tuning the bandwidth of a bKDE,
defined over 200 samples from a bi-modal Gaussian mixture. All distributions are normalised
to unit area. The individual kernels that make up the KDE are scaled down for visibility.

2.1. Binned density estimation (histograms)
Histograms are discontinuous by nature. They are defined for 1-D data as a set of two quantities:
intervals (or bins) over the domain of that data, and counts of the number of data points
that fall into each bin. For small changes in the underlying data distribution, bin counts
will either remain static, or jump in integer intervals as data migrate between bins, both of
which result in ill-defined gradients. We address this inherent non-di↵erentiability through
implementing a di↵erentiable surrogate: a histogram based on a kernel density estimate (KDE),
which produces a non-parametric density p(t) estimate based on samples ti and a kernel function
K(t, ti) = K(t � ti), with the full density given as p(t) = 1/n

P
iK(t, ti). Normally, a popular

kernel function choice is the standard normal distribution, which comes with a parameter called
the bandwidth that a↵ects the smoothness of the resulting density estimate.

Coming back to gradients: in our case, the data ti we construct the density estimate over
are themselves functions of the summary statistic parameters, i.e. ti = f(xi '). The resulting
density estimate p(t|') will then be di↵erentiable as long as the kernel K is di↵erentiable with
respect to ti, and by extension with respect to '. To extend this di↵erentiability in a binned
fashion, we can accumulate the probability mass of the KDE within the bin edges of the original
histogram – equivalent to evaluations of the Gaussian cumulative density function – to convert
p(t|') to a binned KDE (bKDE), i.e. a set of discrete per-bin probabilities pi(').

In the limit of vanishing bandwidth, the bKDE recovers the standard histogram, but gradients
become susceptible to high variance. Increasing the bandwidth can alleviate this, but at the
cost of introducing a bias. There is then a trade-o↵ between decreasing the bandwidth enough
to minimise this bias, and increasing it enough to guarantee gradient stability2. We can see a
demonstration of this behaviour in Figure 2, where the bandwidth is tuned relative to the bin
width.

2.2. Likelihood modelling
A popular framework to build statistical models for binned observations based on “template”
histogram data is HistFactory [5], used widely used across HEP. Thankfully, the resulting log-
likelihood function ph(x) is di↵erentiable with respect to both the observed data x and histogram
data h from which the model is constructed. However, these gradients only recently became
readily accessible in software, owing to the development of pyhf [6, 7]: a Python package for
building these likelihoods that leverages automatic di↵erentiation.

2 How low is low enough when tuning? This relationship between bias and gradient stability is heavily impacted
by the number of data points, and also by the width of the intervals, with more exploration of this planned.
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the signal strength µ. For the other nuisance parameters the obtained confidence intervals
and correlations are very similar. These nuisance parameters have only a small influence
on the shape of the classifier. Thus inferno cannot decorrelate these parameters from
the POI, and hardly any improvement with inferno over bce is obtained.

For the complete cross section measurement, a model is trained that takes all relevant
ShapeNorm nuisance parameters into account. A hyperparameter scan verified that an
inferno model consisting of a two-layer neural network with 60 neurons, a learning rate
of 0.001 and a temperature ⌧ of 0.1 trained for 100 epochs is an appropriate choice. The

Figure 8: Left panel: data-simulation agreement for the inferno model trained with
all relevant ShapeNorm nuisance parameters. Right panel: comparison of the profile
likelihood scan for a fit to the observed data for the inferno and bce model with all
relevant nuisance parameters included.

data-simulation agreement for the inferno output is shown in the left panel of Fig. 8.
A good agreement between data and simulation is observed. In order to compare with
the result obtained for the signal strength µ in Sec. 3, the full profile likelihood fit that
includes all relevant nuisance parameters for all relevant processes is performed with
cabinetry. This makes the assumption that the effect of the minor backgrounds were
negligible for the training of inferno and the obtained summary statistic is still optimal.
The resulting confidence interval for µ based on the inferno summary statistic evaluated
on Asimov data is measured to:

µA
inf = 1.00+0.22

�0.17 (syst.)± 0.09 (stat.) (16)

and the resulting confidence interval for µ evaluated on the observed data is measured
to:

µinf = 1.02+0.23
�0.18 (syst.)± 0.09 (stat.) . (17)

The profile likelihood scan is shown in the right panel of Fig. 8. The likelihood scan
obtained with the classifier trained with bce in Sec. 3 is included for comparison. The
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Figure 1. The pipeline for neos. The dashed line indicating the backward pass involves
updating the weights ' of the neural network via gradient descent.

1.1. Related work
The most similar work to neos is INFERNO [2], which also targets the optimisation of a
summary statistic with respect to an inference-aware loss function. We compare our approach
to INFERNO below both qualitatively and quantitatively. Other attempts to incorporate
robustness to systematic uncertainties include: directly parameterising the neural network in
the relevant nuisance parameters that model systematic uncertainties [3], and including an
adversarial term in the loss that penalises dependence on these nuisance parameters [4].

2. Making HEP Analysis Di↵erentiable
Given a pre-filtered dataset, an analysis pipeline in HEP involves the following stages:

(i) Construction of a learnable 1-D summary statistic from data (with parameters ')

(ii) Binning of the summary statistic, e.g. through a histogram

(iii) Statistical model building, using the summary statistic as a template

(iv) Calculation of a test statistic, used to perform a frequentist hypothesis test of signal versus
background

(v) A p-value (or CLs
1 value) resulting from that hypothesis test, used to characterise the

sensitivity of the analysis

We can express this workflow as a direct function of the input dataset D and observable
parameters ':

CLs = f(D,') = (fsensitivity � ftest stat � flikelihood � fhistogram � fobservable)(D,'). (1)

In the common case where fobservable is a neural network, it seems possible to optimise this
composition end-to-end, i.e. train the network to directly optimise the analysis sensitivity. This
is exactly the task that neos sets out to accomplish, with a full workflow detailed in Figure 1.
To train this network by gradient descent, our choice of loss = CLs requires us to be able to
calculate @ CLs/@'. However, this is a stronger condition than it seems, and in fact necessitates
the di↵erentiablility of each individual analysis step via the chain rule applied to Equation 1.

Owing to the fact that neural networks are already di↵erentiable, the last term @fobservable/@'
isn’t an issue, but none of the rest of the steps are di↵erentiable by default. The following sections
detail solutions for calculating the gradient of each intermediate step.

1 CLs is a modification of the p-value that protects against rejecting the null hypothesis when the test is not
sensitive to the alternative hypothesis (e.g. through largely overlapping test statistic distributions).

• End-to-end differentiable analysis takes 
the opposite route 

• Takes traditional physics analysis and 
makes it a giant network

Figure 2. Illustration of the bias/smoothness tradeo↵ when tuning the bandwidth of a bKDE,
defined over 200 samples from a bi-modal Gaussian mixture. All distributions are normalised
to unit area. The individual kernels that make up the KDE are scaled down for visibility.

2.1. Binned density estimation (histograms)
Histograms are discontinuous by nature. They are defined for 1-D data as a set of two quantities:
intervals (or bins) over the domain of that data, and counts of the number of data points
that fall into each bin. For small changes in the underlying data distribution, bin counts
will either remain static, or jump in integer intervals as data migrate between bins, both of
which result in ill-defined gradients. We address this inherent non-di↵erentiability through
implementing a di↵erentiable surrogate: a histogram based on a kernel density estimate (KDE),
which produces a non-parametric density p(t) estimate based on samples ti and a kernel function
K(t, ti) = K(t � ti), with the full density given as p(t) = 1/n

P
iK(t, ti). Normally, a popular

kernel function choice is the standard normal distribution, which comes with a parameter called
the bandwidth that a↵ects the smoothness of the resulting density estimate.

Coming back to gradients: in our case, the data ti we construct the density estimate over
are themselves functions of the summary statistic parameters, i.e. ti = f(xi '). The resulting
density estimate p(t|') will then be di↵erentiable as long as the kernel K is di↵erentiable with
respect to ti, and by extension with respect to '. To extend this di↵erentiability in a binned
fashion, we can accumulate the probability mass of the KDE within the bin edges of the original
histogram – equivalent to evaluations of the Gaussian cumulative density function – to convert
p(t|') to a binned KDE (bKDE), i.e. a set of discrete per-bin probabilities pi(').

In the limit of vanishing bandwidth, the bKDE recovers the standard histogram, but gradients
become susceptible to high variance. Increasing the bandwidth can alleviate this, but at the
cost of introducing a bias. There is then a trade-o↵ between decreasing the bandwidth enough
to minimise this bias, and increasing it enough to guarantee gradient stability2. We can see a
demonstration of this behaviour in Figure 2, where the bandwidth is tuned relative to the bin
width.

2.2. Likelihood modelling
A popular framework to build statistical models for binned observations based on “template”
histogram data is HistFactory [5], used widely used across HEP. Thankfully, the resulting log-
likelihood function ph(x) is di↵erentiable with respect to both the observed data x and histogram
data h from which the model is constructed. However, these gradients only recently became
readily accessible in software, owing to the development of pyhf [6, 7]: a Python package for
building these likelihoods that leverages automatic di↵erentiation.

2 How low is low enough when tuning? This relationship between bias and gradient stability is heavily impacted
by the number of data points, and also by the width of the intervals, with more exploration of this planned.
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the signal strength µ. For the other nuisance parameters the obtained confidence intervals
and correlations are very similar. These nuisance parameters have only a small influence
on the shape of the classifier. Thus inferno cannot decorrelate these parameters from
the POI, and hardly any improvement with inferno over bce is obtained.

For the complete cross section measurement, a model is trained that takes all relevant
ShapeNorm nuisance parameters into account. A hyperparameter scan verified that an
inferno model consisting of a two-layer neural network with 60 neurons, a learning rate
of 0.001 and a temperature ⌧ of 0.1 trained for 100 epochs is an appropriate choice. The

Figure 8: Left panel: data-simulation agreement for the inferno model trained with
all relevant ShapeNorm nuisance parameters. Right panel: comparison of the profile
likelihood scan for a fit to the observed data for the inferno and bce model with all
relevant nuisance parameters included.

data-simulation agreement for the inferno output is shown in the left panel of Fig. 8.
A good agreement between data and simulation is observed. In order to compare with
the result obtained for the signal strength µ in Sec. 3, the full profile likelihood fit that
includes all relevant nuisance parameters for all relevant processes is performed with
cabinetry. This makes the assumption that the effect of the minor backgrounds were
negligible for the training of inferno and the obtained summary statistic is still optimal.
The resulting confidence interval for µ based on the inferno summary statistic evaluated
on Asimov data is measured to:

µA
inf = 1.00+0.22

�0.17 (syst.)± 0.09 (stat.) (16)

and the resulting confidence interval for µ evaluated on the observed data is measured
to:

µinf = 1.02+0.23
�0.18 (syst.)± 0.09 (stat.) . (17)

The profile likelihood scan is shown in the right panel of Fig. 8. The likelihood scan
obtained with the classifier trained with bce in Sec. 3 is included for comparison. The
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Figure 1. The pipeline for neos. The dashed line indicating the backward pass involves
updating the weights ' of the neural network via gradient descent.

1.1. Related work
The most similar work to neos is INFERNO [2], which also targets the optimisation of a
summary statistic with respect to an inference-aware loss function. We compare our approach
to INFERNO below both qualitatively and quantitatively. Other attempts to incorporate
robustness to systematic uncertainties include: directly parameterising the neural network in
the relevant nuisance parameters that model systematic uncertainties [3], and including an
adversarial term in the loss that penalises dependence on these nuisance parameters [4].

2. Making HEP Analysis Di↵erentiable
Given a pre-filtered dataset, an analysis pipeline in HEP involves the following stages:

(i) Construction of a learnable 1-D summary statistic from data (with parameters ')

(ii) Binning of the summary statistic, e.g. through a histogram

(iii) Statistical model building, using the summary statistic as a template

(iv) Calculation of a test statistic, used to perform a frequentist hypothesis test of signal versus
background

(v) A p-value (or CLs
1 value) resulting from that hypothesis test, used to characterise the

sensitivity of the analysis

We can express this workflow as a direct function of the input dataset D and observable
parameters ':

CLs = f(D,') = (fsensitivity � ftest stat � flikelihood � fhistogram � fobservable)(D,'). (1)

In the common case where fobservable is a neural network, it seems possible to optimise this
composition end-to-end, i.e. train the network to directly optimise the analysis sensitivity. This
is exactly the task that neos sets out to accomplish, with a full workflow detailed in Figure 1.
To train this network by gradient descent, our choice of loss = CLs requires us to be able to
calculate @ CLs/@'. However, this is a stronger condition than it seems, and in fact necessitates
the di↵erentiablility of each individual analysis step via the chain rule applied to Equation 1.

Owing to the fact that neural networks are already di↵erentiable, the last term @fobservable/@'
isn’t an issue, but none of the rest of the steps are di↵erentiable by default. The following sections
detail solutions for calculating the gradient of each intermediate step.

1 CLs is a modification of the p-value that protects against rejecting the null hypothesis when the test is not
sensitive to the alternative hypothesis (e.g. through largely overlapping test statistic distributions).
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the opposite route 
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Figure 2. Illustration of the bias/smoothness tradeo↵ when tuning the bandwidth of a bKDE,
defined over 200 samples from a bi-modal Gaussian mixture. All distributions are normalised
to unit area. The individual kernels that make up the KDE are scaled down for visibility.

2.1. Binned density estimation (histograms)
Histograms are discontinuous by nature. They are defined for 1-D data as a set of two quantities:
intervals (or bins) over the domain of that data, and counts of the number of data points
that fall into each bin. For small changes in the underlying data distribution, bin counts
will either remain static, or jump in integer intervals as data migrate between bins, both of
which result in ill-defined gradients. We address this inherent non-di↵erentiability through
implementing a di↵erentiable surrogate: a histogram based on a kernel density estimate (KDE),
which produces a non-parametric density p(t) estimate based on samples ti and a kernel function
K(t, ti) = K(t � ti), with the full density given as p(t) = 1/n

P
iK(t, ti). Normally, a popular

kernel function choice is the standard normal distribution, which comes with a parameter called
the bandwidth that a↵ects the smoothness of the resulting density estimate.

Coming back to gradients: in our case, the data ti we construct the density estimate over
are themselves functions of the summary statistic parameters, i.e. ti = f(xi '). The resulting
density estimate p(t|') will then be di↵erentiable as long as the kernel K is di↵erentiable with
respect to ti, and by extension with respect to '. To extend this di↵erentiability in a binned
fashion, we can accumulate the probability mass of the KDE within the bin edges of the original
histogram – equivalent to evaluations of the Gaussian cumulative density function – to convert
p(t|') to a binned KDE (bKDE), i.e. a set of discrete per-bin probabilities pi(').

In the limit of vanishing bandwidth, the bKDE recovers the standard histogram, but gradients
become susceptible to high variance. Increasing the bandwidth can alleviate this, but at the
cost of introducing a bias. There is then a trade-o↵ between decreasing the bandwidth enough
to minimise this bias, and increasing it enough to guarantee gradient stability2. We can see a
demonstration of this behaviour in Figure 2, where the bandwidth is tuned relative to the bin
width.

2.2. Likelihood modelling
A popular framework to build statistical models for binned observations based on “template”
histogram data is HistFactory [5], used widely used across HEP. Thankfully, the resulting log-
likelihood function ph(x) is di↵erentiable with respect to both the observed data x and histogram
data h from which the model is constructed. However, these gradients only recently became
readily accessible in software, owing to the development of pyhf [6, 7]: a Python package for
building these likelihoods that leverages automatic di↵erentiation.

2 How low is low enough when tuning? This relationship between bias and gradient stability is heavily impacted
by the number of data points, and also by the width of the intervals, with more exploration of this planned.
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the signal strength µ. For the other nuisance parameters the obtained confidence intervals
and correlations are very similar. These nuisance parameters have only a small influence
on the shape of the classifier. Thus inferno cannot decorrelate these parameters from
the POI, and hardly any improvement with inferno over bce is obtained.

For the complete cross section measurement, a model is trained that takes all relevant
ShapeNorm nuisance parameters into account. A hyperparameter scan verified that an
inferno model consisting of a two-layer neural network with 60 neurons, a learning rate
of 0.001 and a temperature ⌧ of 0.1 trained for 100 epochs is an appropriate choice. The

Figure 8: Left panel: data-simulation agreement for the inferno model trained with
all relevant ShapeNorm nuisance parameters. Right panel: comparison of the profile
likelihood scan for a fit to the observed data for the inferno and bce model with all
relevant nuisance parameters included.

data-simulation agreement for the inferno output is shown in the left panel of Fig. 8.
A good agreement between data and simulation is observed. In order to compare with
the result obtained for the signal strength µ in Sec. 3, the full profile likelihood fit that
includes all relevant nuisance parameters for all relevant processes is performed with
cabinetry. This makes the assumption that the effect of the minor backgrounds were
negligible for the training of inferno and the obtained summary statistic is still optimal.
The resulting confidence interval for µ based on the inferno summary statistic evaluated
on Asimov data is measured to:

µA
inf = 1.00+0.22

�0.17 (syst.)± 0.09 (stat.) (16)

and the resulting confidence interval for µ evaluated on the observed data is measured
to:

µinf = 1.02+0.23
�0.18 (syst.)± 0.09 (stat.) . (17)

The profile likelihood scan is shown in the right panel of Fig. 8. The likelihood scan
obtained with the classifier trained with bce in Sec. 3 is included for comparison. The
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Detector Simulations

Figure 3: Sketch of a hadron-hadron collision as simulated by a Monte-Carlo event generator. The red
blob in the center represents the hard collision, surrounded by a tree-like structure representing
Bremsstrahlung as simulated by parton showers. The purple blob indicates a secondary hard
scattering event. Parton-to-hadron transitions are represented by light green blobs, dark
green blobs indicate hadron decays, while yellow lines signal soft photon radiation.

At hadron colliders, multiple scattering and rescattering e↵ects arise, which must be simulated by Monte-
Carlo event generators in order to reflect the full complexity of the event structure. This will be discussed
in Sec. 5. Eventually we need to convert the full partonic final state into a set of color-neutral hadrons,
which is the topic of Sec. 6. The interplay of all these e↵ects makes for the full simulation of hadron-hadron
collisions. This is sketched in Fig. 3.

2 The hard scattering

Event simulation in parton-shower Monte-Carlo event generators starts with the computation of the hard-
scattering cross section at some given order in perturbation theory. Traditionally, this calculation was
performed at leading order (LO), but nowadays, with next-to-leading-order (NLO) calculations completely
automated, it is often done at NLO. Computing the hard cross section at NLO requires a dedicated
matching to the parton shower, which will be discussed in Sec. 4. For now we focus on the evaluation of
the di↵erential cross sections and the related phase-space integrals.

The basis for our calculations is the factorization formula, Eq. (1.1). We rewrite it here, in order to
simplify the discussions in the following sections. The full initial and final state in a 2 ! (n � 2)
reaction can be identified by a set of n particles, which is denoted by {~a} = {a1, . . . , an}. Their flavors

and momenta are similarly specified as {~f } = {f1, . . . , fn} and {~p} = {p1, . . . , pn}. The di↵erential
cross section at leading order is a sum over all flavor configurations, and it depends only on the parton
momenta:

d�(LO)({~p}) =
X

{~f }

d�(B)

n ({~a}) , where d�(B)

n ({~a}) = d�̄n({~p}) Bn({~a}) . (2.1)

Each individual term in the sum consists of the di↵erential phase-space element, d�n, the squared matrix

6

The physics Detector interaction 
With Geant4
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Don’t have enough compute for calorimeter simulations
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Source (might be old by now)

https://twiki.cern.ch/twiki/pub/AtlasPublic/ComputingandSoftwarePublicResults/cpuHLLHC.pdf
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2010, “full” simulation with Geant4 (ref)Typical times in s: Grid usage 2016:

85% of the simulation time is spent in the calorimeters

EM showerEM shower

Wider, slower,
larger fluctuations
than EM showers

- Geant4 is slow, but most accurate. It is the ultimate reference for simulation

- ATLAS relies on fast simulation, even more in the future: The resources do not scale with our MC needs!

- Now ~50% of all MC events in ATLAS are fast simulated. But gains in speed come at the cost of accuracy.
  Ultimate goal is that fast simulation becomes so good, that it can be used for (almost) any process.

Simulation!arXiv:1005.4568

The need for fast simulation 3 / 16

Hadronic showerHadronic shower

ATLAS 2016 numbers

https://twiki.cern.ch/twiki/pub/AtlasPublic/ComputingandSoftwarePublicResults/cpuHLLHC.pdf
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(~75% of that for calorimeter sim alone)
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Only final image recorded 

Why track full time evolution of all particles ?

Sh
or

tc
ut



31

ATLAS Experiment Calorimeter Simulation (2019)

Details here here

First to be integrated into full C++ simulation infrastructure

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2019-004/
http://www.apple.com
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ATLAS Experiment Calorimeter Simulation (2019)

• Trained GAN & VAE on cropped 3D images in central region
• Validated in ATLAS software using high level physics variables 
• Interpolation test: Train on 9 log-spaced energy points, test on 10th 
• Speed: Orders of magnitude faster than Geant4, no longer bottleneck in sim time 
• Memory: Tiny memory footprint O(MBs) compared to O(GBs) for baseline

Details here here

First to be integrated into full C++ simulation infrastructure

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2019-004/
http://www.apple.com
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ATLAS Experiment Calorimeter Simulation (2019)
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GAN: comparison in Athena with G4

26/09/2019 Michele Faucci Giannelli 8

Fractional energy deposit in the φ direction for the second EM barrel layer for a 16 GeV (left), 25 GeV
(centre) and 32 GeV photon reconstructed cluster in the range 0.20 < |η| < 0.25. GAN (red solid line) is
compared to Geant4 (black dashed line). A revised architecture of the GAN, as compared to the one in ATL-
SOFT-PUB-2018-001, is used to generate the response. The revised architecture includes an additional
discriminator focusing on the total energy of a shower.

Interpolation test

16 GeV 25 GeV 32 GeV Details here here

First to be integrated into full C++ simulation infrastructure

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2019-004/
http://www.apple.com
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Challenge: Condition on detector geometry

Back Layer

Front Layer

Particle 
‘impact point’ 

in Middle 
Layer

Impact Cell

Alignment of cell edges in 3D changes from image to image 

Cell sizes change from region to region in the detector 

Conditioning on  configurations already challenging, cannot 
scale to full detector

4 × 2 = 8
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Splitting Larger Cells to 12x12

● 4 possible dimensions of layer 2
○ PhiY x EtaX: 12x12, 3x3, 12x6, 9x12
○ All unified to 12x12 by splitting the larger cells

● Energy deposited in the larger cells are uniformly split into corresponding 
finest cells (1/12 of the entire length)
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Splitting Larger Cells to 12x12

● 4 possible dimensions of layer 2
○ PhiY x EtaX: 12x12, 3x3, 12x6, 9x12
○ All unified to 12x12 by splitting the larger cells

● Energy deposited in the larger cells are uniformly split into corresponding 
finest cells (1/12 of the entire length)

Image: Source

https://arxiv.org/abs/2212.08233
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Geometry-aware autoregressive networks

(a) Middle layer - (24, 24) (b) Middle layer - (24, 12)

Figure 7: Average generated calorimeter images from GAAM for two geometries, (a) (24, 24) and
(b) (24, 12), which do not appear in the training set and require interpolation. Each are compared to
the Geant4 truth.

(a) Middle layer - (24, 24) (b) Middle layer - (24, 12)

Figure 8: Distribution of the energy weighted means, [̄ and q̄, in samples generated by the GAAM,
the unconditional model and Geant4 (True), for several calorimeter layers with unseen varying
segmentation in ([, q), geometries which do not appear in the training set and require interpolation.
The GAAM outperforms the unconditional baseline model consistently.

reasonably interpolate to unseen geometries, although it struggles to produce very narrow shower
widths.

(a) Middle layer - (24, 24) (b) Middle layer - (24, 12)

Figure 9: Distribution of the shower widths, f[ and fq, in samples generated by the GAAM,
the unconditional model and Geant4 (True), for several calorimeter layers with unseen varying
segmentation in ([, q), geometries which do not appear in the training set and require interpolation.
The GAAM outperforms the unconditional baseline model but it also struggles to produce narrow
distributions.

Extrapolation beyond the training examples given is much more challenging. We present two
extrapolation geometries of the middle layer: (48, 6)* and (48, 12)*, which include cell sizes outside

– 10 –

Liu et al (incl Ghosh)

(a) GAAM (b) Spiral order

Figure 2: (a) The ARM architecture in GAAM takes a starting value G0 and cell size (�[, �q) as
inputs, which are aggregated to the MADE network. The parameters \i represent the categorical
distribution model (with # +1 discrete energy categories) that has been learned, and the <�1 output
calorimeter cell energies are sampled from this distribution. (b) The two-dimensional calorimeter
layer matrix is flattened along a spiral path.

learning to generate cell-by-cell, the model gains insight into how the spatial properties of each
cell impact the energy deposition. For instance, the model should learn to deposit more energy per
cell for a less granular geometry with bigger cells compared to a finer geometry with smaller cells,
as well as take into account where the cell is in the image. Consequently, the model learns from
multiple cells within each image, enhancing the learning efficiency. During the generation, each
ARM receives a starting value, the true energy of a central cell. The generation process is initiated
from this cell since the majority of the energy tends to be deposited near the center, providing a
reliable starting point for the ARMs.

4.2 Baseline: Unconditional ARM

As a comparison to the geometry-aware approach described above, a similar model is trained without
conditioning it to the properties of the calorimeter cells. This will serve as a baseline to understand
the improvement that comes purely from being able to condition the model on cell properties.

4.3 Preprocessing

The energy of the central cell is sampled from a known prior distribution. The networks also receive
two matrices describing the size of the cells to be generated. The trained GAAM then generates the
energy deposits in the remaining cells by sampling from the learned categorical distribution.

Since an ARM requires an ordering of the calorimeter cells, the two-dimensional cell matrix
is flattened using a spiral counter-clockwise pattern (Figure 2b) so that cells remain close after
flattening. The ordering starts from a central cell, where most energy is deposited, and moves
outwards. Furthermore, the energy deposit value is discretized by rounding it to the nearest
integer. Given the significant variation in energy depositions across cells spanning several orders of
magnitude, applying a power transformation, Ĝ = G1/?, with ? = 2 during preprocessing is found to
improve the training.

– 5 –

(a) GAAM - Inner layer - (192, 12) (b) GAAM - Middle layer - (36, 48)*

(c) GAAM - Outer layer - (24, 24) (d) Unaware - Middle layer - (36, 48)*

Figure 3: Average generated calorimeter images from GAAM in (a) inner (b) middle or (c) outer
layers, or (d) from the geometry-unaware model middle layer, each compared the true images from
Geant4.

(a) Inner layer - (192, 12) (b) Middle layer - (36, 48)*

(c) Middle layer - (48, 48) (d) Outer layer - (24, 24)

Figure 4: Distribution of the energy weighted means, [̄ and q̄, in samples generated by the GAAM,
the unconditional model and Geant4 (True), for several calorimeter layers with varying segmentation
in ([, q). The GAAM outperforms the unconditional baseline model consistently.

(36, 48)*, but non-uniform cell sizes along [. Demonstration of the GAAM’s ability to learn to
generate data with larger energy deposition in larger cells is shown in Fig 3b. The slight off-set of
the peak to the right in the [ distribution in Fig. 4b is a feature of boundary regions of calorimeters
and therefore expected for the geometry (36, 48)* of the middle layer.

– 7 –
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Bring back time-evolution through autoregressive networks

Hildebrandt et al

transitions, many fewer iterations are required in a rollout, which may yield significant acceleration 1.
Our choices of neural network architectures are further designed to ensure access to likelihoods and
gradients for future work. While a fully featured realization of this vision requires a large-scale effort,
we report three concrete novel contributions that showcase the feasibility of this approach towards
building general-purpose neural surrogates for particle-matter simulation.

1. We develop a composable multi-factor probabilistic model for particle-matter interactions.
2. We introduce CaloBricks, a novel large-scale dataset of particle-material interactions for

multiple material and particle conditions.
3. We introduce and train a mixed discrete-continuous generative model BRICKS (Broadly

Reusable InteraCtion Kernel Surrogates) using the developed physics model and evaluate it
both as a standalone model and as a Markov kernel under autoregressive rollouts.

2 Probabilistic Particle Matter Interaction Model

Figure 2: Compositional neural kernels for particle transport. Top: Mechanistic Monte Carlo
Simulators of particle matter interactions iteratively track particles as they undergo Markovian micro-
transitions. Bottom: The BRICKS model adopts the same underlying causal structure, but distills the
microphysics into medium-scale neural interaction kernels unlocking both simulation speed-ups as
well as access to likelihoods and gradients. Unlike other neural surrogates, the compositional nature
of such neural Markov kernels enables zero-shot generalization to unseen material distributions.

We propose a probabilistic model that is inspired by the simulation model, used in mechanistic
simulators, but uses neural components with tractable likelihoods and generative capabilities for
every stochastic transition. The overall concept is summarized in Figure 2.

In this model, the large-scale material distribution (or “geometry”) G is assumed to be composed of
elementary (possibly continuously parameterized) family ! of material building blocks. A building
block ω → ! may be described by a mixture of discrete and continuous features such as material
(discrete) or density (continuous). Even with a small family of building blocks, an enormous number
of large-scale geometries can be constructed thanks to the combinatorial nature of composition.

Like mechanistic simulators, we model the simulation of particles as a sequence of probabilistic
transitions s1 ↑ s2, . . . sn, where each state si consists of a set of particles {z}i in an environment
ωi and a global material response Ei, si = ({z}i, Ei). A simulation then consists of executing the
transitions until a state with an empty particle list is reached.

To transition from si to si+1, each particle zki from the set {z}i undergoes a one-to-many transition
zki ↑ {z1|ki+1, . . . , z

n|k
i+1} where the resulting particle set is of variable size and potentially empty.

In addition this transition produces a side effect εki+1. The transition probabilities further depend
on material properties ωi associated with the environment surrounding the particle zki . In total, an

1This approach may be compared to the difference of e.g. character-level vs. token or word-level language models. Unlike
language, however, we can exploit the strict Markovian nature of physics and train on a “context-window” of size 1.

3

https://arxiv.org/abs/2605.06591
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Figure 6: NLL of samples from BRICKS and Geant4 under the BRICKS likelihood

Hardware

All experiments were run on a server equipped with two Intel® Xeon® Platinum 8568Y+ CPUs (48
cores / 96 threads per socket, 192 threads total) and an NVIDIA H200 GPU (141 GB HBM3e, Hopper
architecture), running CUDA 13.0 with driver 580.126.09. Memory usage was approx. 40 GB for the
larger model and approx. 20 GB for the smaller model, the 100 epochs completed in approx. 20 h
and 10 h respectively.

16

Could become a 
Geant4-like 

foundation model

https://arxiv.org/abs/2605.06591
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Or just generate point 
cloud level?

Nov. 7th, 2023 Erik Buhmann    |    CaloClouds

Data Processing

• Photon showers (10-90 GeV) in the electromagnetic calorimeter (ECAL) of the 
International Large Detector (ILD) at the International Linear Collider (ILC)


• Point clouds of clustered Geant4 steps: 36x higher granularity than cell hits, 
7x fewer points than full Geant4 steps

• Multiple points per cell & geometry independent 
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CHAPTER 7. POINT CLOUDS-BASED MODELLING OF CALORIMETER SHOWERS31

in up to 40,000 Geant4 steps per shower. Usually, all Geant4 steps in the area of
one calorimeter cell are summed up and a resulting calorimeter hit with the summed
up energy deposition is stored. These calorimeter hits can then be directly compared
to hits measured in actual experiments, as the step information is only a byproduct of
the simulation and is not available in reality.

Ideally, to save computing time for the full Geant4 simulation, a generative model
should create hits at the cell level. This is also what other generative machine learning
models for fast calorimeter simulations do, i.e. the BIB-AE discussed in Chapter 6. Yet,
the generation of discrete cell hits as a point cloud is difficult, as small mismodelings
like overlapping points can heavily impact the quality of the generated data in various
observables, such as changing the total number of hits Nhits.

Instead, one could train a generative model that emulates simulated Geant4

steps. This also adds the above-discussed advantage of making the generative model
cell geometry independent, allowing for a projection of the shower anywhere in the
calorimeter without adding reconstruction artifacts. However, this would result in a
much more granular point cloud with up to 40,000 steps per cloud (at 90 GeV), which
would be prohibitively expensive and difficult to compute.

Therefore, we chose here a middle ground between all Geant4 steps and simple
cell hits. We cluster the Geant4 steps within an ultra-high granular grid with 36⇥
higher granularity than the real simulated cell sizes, using a square grid with sizes of
0.83 ⇥ 0.83 mm (and as thickness the cell thickness of 0.525 mm). All Geant4 steps
within one ultra-high granular cell are summed up and we denote these as clustered steps.
The size of the ultra-high granular grid was tuned such that this results in a point cloud
with up to 6,000 clustered steps at 90 GeV — a size which is computationally feasible
to allow for a fast generative model, yet keeps the advantages of the full Geant4 steps.
An overview of the different point cloud sizes is given in Table 7.1.

Table 7.1: Overview of the three different types of point clouds, either on Geant4
step-level, on clustered step-level (“points”), or on cell-level (“hits”). The number of points
per shower (second column) indicates the maximum at 90 GeV. Table adapted from
Reference [30].

points / shower Note

All Geant4 steps 40 000 Initial output of Geant4

Clustered Geant4 steps 6 000 Input/output of CaloClouds

Hits in calorimeter grid 1 500 Calculation of physics observables

Data Processing

We define a second local coordinate system [X,Y, Z] near the impact point of the
photon showers into the ECAL. Here, X and Y points parallel to the calorimeter layers,
while z is directed perpendicular to the layers along the trajectory of the incident
particle. Since no Geant4 steps are recorded outside the silicon layers, this results
in discrete z positions with various gap sizes. For a generative model, continuous
distributions are easier to learn than discrete ones, therefore, these gaps in the z
direction are removed. Further, the z coordinate is smeared within the size of one layer,
to achieve a continuous z distribution between layers 0 and 30.
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Hardware

All experiments were run on a server equipped with two Intel® Xeon® Platinum 8568Y+ CPUs (48
cores / 96 threads per socket, 192 threads total) and an NVIDIA H200 GPU (141 GB HBM3e, Hopper
architecture), running CUDA 13.0 with driver 580.126.09. Memory usage was approx. 40 GB for the
larger model and approx. 20 GB for the smaller model, the 100 epochs completed in approx. 20 h
and 10 h respectively.
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Bring back time-evolution through autoregressive networks
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transitions, many fewer iterations are required in a rollout, which may yield significant acceleration 1.
Our choices of neural network architectures are further designed to ensure access to likelihoods and
gradients for future work. While a fully featured realization of this vision requires a large-scale effort,
we report three concrete novel contributions that showcase the feasibility of this approach towards
building general-purpose neural surrogates for particle-matter simulation.

1. We develop a composable multi-factor probabilistic model for particle-matter interactions.
2. We introduce CaloBricks, a novel large-scale dataset of particle-material interactions for

multiple material and particle conditions.
3. We introduce and train a mixed discrete-continuous generative model BRICKS (Broadly

Reusable InteraCtion Kernel Surrogates) using the developed physics model and evaluate it
both as a standalone model and as a Markov kernel under autoregressive rollouts.

2 Probabilistic Particle Matter Interaction Model

Figure 2: Compositional neural kernels for particle transport. Top: Mechanistic Monte Carlo
Simulators of particle matter interactions iteratively track particles as they undergo Markovian micro-
transitions. Bottom: The BRICKS model adopts the same underlying causal structure, but distills the
microphysics into medium-scale neural interaction kernels unlocking both simulation speed-ups as
well as access to likelihoods and gradients. Unlike other neural surrogates, the compositional nature
of such neural Markov kernels enables zero-shot generalization to unseen material distributions.

We propose a probabilistic model that is inspired by the simulation model, used in mechanistic
simulators, but uses neural components with tractable likelihoods and generative capabilities for
every stochastic transition. The overall concept is summarized in Figure 2.

In this model, the large-scale material distribution (or “geometry”) G is assumed to be composed of
elementary (possibly continuously parameterized) family ! of material building blocks. A building
block ω → ! may be described by a mixture of discrete and continuous features such as material
(discrete) or density (continuous). Even with a small family of building blocks, an enormous number
of large-scale geometries can be constructed thanks to the combinatorial nature of composition.

Like mechanistic simulators, we model the simulation of particles as a sequence of probabilistic
transitions s1 ↑ s2, . . . sn, where each state si consists of a set of particles {z}i in an environment
ωi and a global material response Ei, si = ({z}i, Ei). A simulation then consists of executing the
transitions until a state with an empty particle list is reached.

To transition from si to si+1, each particle zki from the set {z}i undergoes a one-to-many transition
zki ↑ {z1|ki+1, . . . , z

n|k
i+1} where the resulting particle set is of variable size and potentially empty.

In addition this transition produces a side effect εki+1. The transition probabilities further depend
on material properties ωi associated with the environment surrounding the particle zki . In total, an

1This approach may be compared to the difference of e.g. character-level vs. token or word-level language models. Unlike
language, however, we can exploit the strict Markovian nature of physics and train on a “context-window” of size 1.

3

Or just generate point 
cloud level?

Nov. 7th, 2023 Erik Buhmann    |    CaloClouds

Data Processing

• Photon showers (10-90 GeV) in the electromagnetic calorimeter (ECAL) of the 
International Large Detector (ILD) at the International Linear Collider (ILC)


• Point clouds of clustered Geant4 steps: 36x higher granularity than cell hits, 
7x fewer points than full Geant4 steps
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in up to 40,000 Geant4 steps per shower. Usually, all Geant4 steps in the area of
one calorimeter cell are summed up and a resulting calorimeter hit with the summed
up energy deposition is stored. These calorimeter hits can then be directly compared
to hits measured in actual experiments, as the step information is only a byproduct of
the simulation and is not available in reality.

Ideally, to save computing time for the full Geant4 simulation, a generative model
should create hits at the cell level. This is also what other generative machine learning
models for fast calorimeter simulations do, i.e. the BIB-AE discussed in Chapter 6. Yet,
the generation of discrete cell hits as a point cloud is difficult, as small mismodelings
like overlapping points can heavily impact the quality of the generated data in various
observables, such as changing the total number of hits Nhits.

Instead, one could train a generative model that emulates simulated Geant4

steps. This also adds the above-discussed advantage of making the generative model
cell geometry independent, allowing for a projection of the shower anywhere in the
calorimeter without adding reconstruction artifacts. However, this would result in a
much more granular point cloud with up to 40,000 steps per cloud (at 90 GeV), which
would be prohibitively expensive and difficult to compute.

Therefore, we chose here a middle ground between all Geant4 steps and simple
cell hits. We cluster the Geant4 steps within an ultra-high granular grid with 36⇥
higher granularity than the real simulated cell sizes, using a square grid with sizes of
0.83 ⇥ 0.83 mm (and as thickness the cell thickness of 0.525 mm). All Geant4 steps
within one ultra-high granular cell are summed up and we denote these as clustered steps.
The size of the ultra-high granular grid was tuned such that this results in a point cloud
with up to 6,000 clustered steps at 90 GeV — a size which is computationally feasible
to allow for a fast generative model, yet keeps the advantages of the full Geant4 steps.
An overview of the different point cloud sizes is given in Table 7.1.

Table 7.1: Overview of the three different types of point clouds, either on Geant4
step-level, on clustered step-level (“points”), or on cell-level (“hits”). The number of points
per shower (second column) indicates the maximum at 90 GeV. Table adapted from
Reference [30].

points / shower Note

All Geant4 steps 40 000 Initial output of Geant4

Clustered Geant4 steps 6 000 Input/output of CaloClouds

Hits in calorimeter grid 1 500 Calculation of physics observables

Data Processing

We define a second local coordinate system [X,Y, Z] near the impact point of the
photon showers into the ECAL. Here, X and Y points parallel to the calorimeter layers,
while z is directed perpendicular to the layers along the trajectory of the incident
particle. Since no Geant4 steps are recorded outside the silicon layers, this results
in discrete z positions with various gap sizes. For a generative model, continuous
distributions are easier to learn than discrete ones, therefore, these gaps in the z
direction are removed. Further, the z coordinate is smeared within the size of one layer,
to achieve a continuous z distribution between layers 0 and 30.
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Figure 6: NLL of samples from BRICKS and Geant4 under the BRICKS likelihood

Hardware

All experiments were run on a server equipped with two Intel® Xeon® Platinum 8568Y+ CPUs (48
cores / 96 threads per socket, 192 threads total) and an NVIDIA H200 GPU (141 GB HBM3e, Hopper
architecture), running CUDA 13.0 with driver 580.126.09. Memory usage was approx. 40 GB for the
larger model and approx. 20 GB for the smaller model, the 100 epochs completed in approx. 20 h
and 10 h respectively.
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FIG. 2. Top: An example of the time-dependent DM field normalized to the mean value, [ω(t)/(
→
εDM/mω)]

2. For the process
shown in the upper diagram of Figure 1, the cross section is proportional to ω(t)2. For long oscillation periods, the time-
dependence is well approximated as sin2(2ϑt/TPeriod + ϖ) over the duration of the experiment, in this case 36 months. For
shorter oscillation periods, TPeriod ↑ 106 < 36 months, the velocity dispersion in the background DM causes the amplitude to
vary with time, while retaining the rapid TPeriod oscillation. The orange and blue curves are rapidly oscillating with the shown
TPeriod, which cannot be resolved in the graphic—the slower oscillation of the amplitude corresponds to the coherence time.
Bottom left: Median limit at 95 % CL on the number of signal events vs TPeriod (alternatively, mDM = 2ϑ/TPeriod). The blue
dashed line is the limit on the number of signal events Ns without taking time-dependence into account, and the solid black line
is the limit we find if the time-dependence is taken into account. This result is somewhat model-independent, as it only uses
the observed background in a single kinematic bin from Ref. [15] which had a predicted background rate of 223± 19. Bottom

right: Similar to the bottom left panel, but for the model searched for in Ref. [15], which gives the kinematic distribution
that we assume has an underlying time-dependence proportional to ω2(t). Here, Ns is the number of signal events summed
across all bins of missing transverse momenta ↓ pT . The constraining power is dominated by a single kinematic bin, with a
predicted background rate of 219 ± 9. For both bottom panels, in the dashed (dotted) line we also show for illustration the
result obtained for ϖ = ϑ/2 (ϖ = 0), which has important implications on the resulting limit for long oscillation periods. Also
for both bottom panels, the vertical bars denote the 25% and 75% quartile ranges of the resulting constraint; the size of these
bars is determined by a combination of the finite statistics and the unknown DM parameters that we sample over.

for example, if the drawn event times happen to coincide
with times where the signal pdf fs(ti) is large, the like-
lihood can be maximized at Ns > 0 (this is essentially
the look-elsewhere e!ect). As we will discuss further be-
low, such configurations are not common, but they have
important consequences for certain regions of parameter
space, as they yield upper bounds on Ns that are weaker

than those obtained from realizations in which the signal
PDF does not coincide with the drawn events.

The time-dependent limit is compared to the time-
independent limit from the ATLAS analysis, which we
reproduce in our analysis by removing time dependence
to leave a single-bin counting experiment L(Ns, r) =

µne→µ/n!→e→(r→1)2/2ω2
r , (i.e. taking f(ti) ↑ 1) in Equa-
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2. For the process
shown in the upper diagram of Figure 1, the cross section is proportional to ω(t)2. For long oscillation periods, the time-
dependence is well approximated as sin2(2ϑt/TPeriod + ϖ) over the duration of the experiment, in this case 36 months. For
shorter oscillation periods, TPeriod ↑ 106 < 36 months, the velocity dispersion in the background DM causes the amplitude to
vary with time, while retaining the rapid TPeriod oscillation. The orange and blue curves are rapidly oscillating with the shown
TPeriod, which cannot be resolved in the graphic—the slower oscillation of the amplitude corresponds to the coherence time.
Bottom left: Median limit at 95 % CL on the number of signal events vs TPeriod (alternatively, mDM = 2ϑ/TPeriod). The blue
dashed line is the limit on the number of signal events Ns without taking time-dependence into account, and the solid black line
is the limit we find if the time-dependence is taken into account. This result is somewhat model-independent, as it only uses
the observed background in a single kinematic bin from Ref. [15] which had a predicted background rate of 223± 19. Bottom

right: Similar to the bottom left panel, but for the model searched for in Ref. [15], which gives the kinematic distribution
that we assume has an underlying time-dependence proportional to ω2(t). Here, Ns is the number of signal events summed
across all bins of missing transverse momenta ↓ pT . The constraining power is dominated by a single kinematic bin, with a
predicted background rate of 219 ± 9. For both bottom panels, in the dashed (dotted) line we also show for illustration the
result obtained for ϖ = ϑ/2 (ϖ = 0), which has important implications on the resulting limit for long oscillation periods. Also
for both bottom panels, the vertical bars denote the 25% and 75% quartile ranges of the resulting constraint; the size of these
bars is determined by a combination of the finite statistics and the unknown DM parameters that we sample over.

for example, if the drawn event times happen to coincide
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lihood can be maximized at Ns > 0 (this is essentially
the look-elsewhere e!ect). As we will discuss further be-
low, such configurations are not common, but they have
important consequences for certain regions of parameter
space, as they yield upper bounds on Ns that are weaker

than those obtained from realizations in which the signal
PDF does not coincide with the drawn events.

The time-dependent limit is compared to the time-
independent limit from the ATLAS analysis, which we
reproduce in our analysis by removing time dependence
to leave a single-bin counting experiment L(Ns, r) =
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with

texp = 36 months, Tj → [0.1, 104] months.

Here, h ↑ 4 is motivated by the fact that the processes
we are interested in have rates that depend on (up to)
the fourth power of the classical field and sin4(x) =
[3↓4 cos(2x)+cos(4x)]/8. Being more general would re-
quire going to higher values of h. Here, Tj are uniformly
distributed in log-space over the region of interest.

The Fourier feature representation allows the classi-
fier to learn periodic structure without pre-specifying the
true period or phase (within the chosen basis range). The
upper panel of Figure 5 compares the learned time score
to the true time dependence for TPeriod = 18.7 months at
a fixed phase ω = 0, showing that CATHODE can cap-
ture discriminating timing information. The CATHODE
classifier is then used in place of the analytic LR from
Section IV A to define event weights and enhance signal
relative to background.

We are now in a position to set expected limits. In
the lower panel of Figure 5, we show the correspond-
ing expected limit relative to the time-independent limit
using the learned event weighting. As expected, the
bound is not quite as strong as in the known-oscillation
case, but remains stronger than the time-independent
bound. CATHODE struggles for rapid oscillations (small
TPeriod), due to the di!culty for neural networks to learn
high-frequency patterns, while for very long periods the
modulation is weak within the finite exposure window
and the bound approaches the time-independent result.
Again we see the behavior mentioned earlier that small
phases (in the plot we show ω = 0) can be more strongly
constrained, but this would require a lucky coincidence
in the actual experiment.

C. Sidebands in time

Resonance searches typically model the background in
the signal region from background-dominated data sam-
ples to avoid reliance on simulation, often using sidebands
in mass away from the resonance. Interpolating into the
signal region usually assumes a simple mass dependence
for the background, but in many cases the actual de-
pendence is complex, potentially including peaks due to
kinematic thresholds or e!ciency turn-ons. As an illus-
trative example which we will discuss further, Figure 6,
shows an example of binned signal and background distri-
butions, where the background is not simply falling, but
exhibits a broad peak near the resonance mass. In this
scenario, modeling the background under the resonance
peak using only sideband information is very challeng-
ing, as the sidebands are consistent with di”erent back-
ground shapes in the signal region, as described by the
uncertainty envelope.

However, if the signal has a time-dependent behavior,
then time intervals with low signal-to-background ratios
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FIG. 5. Top: CATHODE learned time score (solid blue)
compared to the true temporal modulation (dashed orange).
CATHODE is trained without injecting the true period or
phase and without imposing the exact target waveform; in-
stead, it learns an LR-like discriminator using a fixed Fourier
feature bank. Bottom: The limit on the number of signal
events relative to the time-independent analysis.

can be as useful as those with high ratios, by provid-
ing an opportunity to learn the mass dependence of the
background inside the signal region. The time depen-
dence of the signal therefore allows for sidebands in time
as well as mass, which can constrain the uncertainty on
the data-driven background model. Sidebands in mass
require selection of the signal region in advance, or scan-
ning several regions; sidebands in time similarly require
advance knowledge of the time dependence, or scanning.

To construct the distributions shown in Figure 6, we
apply a turn-on e!ciency curve to QCD dijet background
events and signal events with a scalar ε with mω = 250
GeV, decaying into jets. The turn on depends on the
leading jet pT, as

P (pT) = [1 + e→(pT→µt(1+ε))/ϑt ]→1

Knows about time 
dependence but finds the 

dependence from data
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2. For the process
shown in the upper diagram of Figure 1, the cross section is proportional to ω(t)2. For long oscillation periods, the time-
dependence is well approximated as sin2(2ϑt/TPeriod + ϖ) over the duration of the experiment, in this case 36 months. For
shorter oscillation periods, TPeriod ↑ 106 < 36 months, the velocity dispersion in the background DM causes the amplitude to
vary with time, while retaining the rapid TPeriod oscillation. The orange and blue curves are rapidly oscillating with the shown
TPeriod, which cannot be resolved in the graphic—the slower oscillation of the amplitude corresponds to the coherence time.
Bottom left: Median limit at 95 % CL on the number of signal events vs TPeriod (alternatively, mDM = 2ϑ/TPeriod). The blue
dashed line is the limit on the number of signal events Ns without taking time-dependence into account, and the solid black line
is the limit we find if the time-dependence is taken into account. This result is somewhat model-independent, as it only uses
the observed background in a single kinematic bin from Ref. [15] which had a predicted background rate of 223± 19. Bottom

right: Similar to the bottom left panel, but for the model searched for in Ref. [15], which gives the kinematic distribution
that we assume has an underlying time-dependence proportional to ω2(t). Here, Ns is the number of signal events summed
across all bins of missing transverse momenta ↓ pT . The constraining power is dominated by a single kinematic bin, with a
predicted background rate of 219 ± 9. For both bottom panels, in the dashed (dotted) line we also show for illustration the
result obtained for ϖ = ϑ/2 (ϖ = 0), which has important implications on the resulting limit for long oscillation periods. Also
for both bottom panels, the vertical bars denote the 25% and 75% quartile ranges of the resulting constraint; the size of these
bars is determined by a combination of the finite statistics and the unknown DM parameters that we sample over.
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low, such configurations are not common, but they have
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[3↓4 cos(2x)+cos(4x)]/8. Being more general would re-
quire going to higher values of h. Here, Tj are uniformly
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The Fourier feature representation allows the classi-
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upper panel of Figure 5 compares the learned time score
to the true time dependence for TPeriod = 18.7 months at
a fixed phase ω = 0, showing that CATHODE can cap-
ture discriminating timing information. The CATHODE
classifier is then used in place of the analytic LR from
Section IV A to define event weights and enhance signal
relative to background.

We are now in a position to set expected limits. In
the lower panel of Figure 5, we show the correspond-
ing expected limit relative to the time-independent limit
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feature bank. Bottom: The limit on the number of signal
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can be as useful as those with high ratios, by provid-
ing an opportunity to learn the mass dependence of the
background inside the signal region. The time depen-
dence of the signal therefore allows for sidebands in time
as well as mass, which can constrain the uncertainty on
the data-driven background model. Sidebands in mass
require selection of the signal region in advance, or scan-
ning several regions; sidebands in time similarly require
advance knowledge of the time dependence, or scanning.

To construct the distributions shown in Figure 6, we
apply a turn-on e!ciency curve to QCD dijet background
events and signal events with a scalar ε with mω = 250
GeV, decaying into jets. The turn on depends on the
leading jet pT, as

P (pT) = [1 + e→(pT→µt(1+ε))/ϑt ]→1
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(a) GAAM - Inner layer - (192, 12) (b) GAAM - Middle layer - (36, 48)*

(c) GAAM - Outer layer - (24, 24) (d) Unaware - Middle layer - (36, 48)*

Figure 3: Average generated calorimeter images from GAAM in (a) inner (b) middle or (c) outer
layers, or (d) from the geometry-unaware model middle layer, each compared the true images from
Geant4.

140.5 ms/shower for the middle and 9.6 for outer layers, compared to 2058 ms/shower with Geant4
for 65 GeV photons. However, this model had not yet been optimized for speed.

5.1 Performance in uniform segmentation

Qualitative comparison of the generated images from the GAAM and the geometry-unaware model are
shown in Fig. 3 in each layer, for several example segmentations, and compared to the truth generated
by Geant4. The GAAM reproduces the features of the true images, while the geometry-unaware
model fails to do so.

Quantitative comparison are made between histograms of energy-weighted means (Fig. 4),
shower widths (Fig. 5), and inter-layer distances (Fig. 6). The Wasserstein distances between the
distributions are given in Table 3. In each case, the GAAM outperforms the geometry-unaware
model!, and achieves a small inter-layer distance. The inner layer is particularly challenging for
GAAM due to its high granularity.

5.2 Performance in non-uniform segmentation

A major challenge for implementing generative models is the non-uniform nature of the detector
segmentation, which becomes more coarse or irregular in some regions. Performance under
non-uniform cell divisions is studied in the configuration where the middle layer has segmentation
(36, 48)*, but non-uniform cell sizes along 𝐿. Demonstration of the GAAM’s ability to learn to
generate data with larger energy deposition in larger cells is shown in Fig 3b. The slight o!-set of

!The outer layer has only a single geometry so no comparisons are made to a geometry-unaware model.
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The final statistical inference step has remained the same
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9
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3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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You can beat the likelihood ratio test itself, with the help of ML

FTS(𝒟; μ0) = − 2 log
p(𝒟 |μ0)

∫
Θ

p(𝒟 |μ)f(μ)dμ
LRS(𝒟; μ0) = − 2 log ( p(𝒟 |μ0)

supμ∈Θ p(𝒟 |μ) )

arXiv:2507.17831: Carzon, Ghosh, Izbicki, Lee, et al

• Denominator in ‘Focused Test Statistic’ (FTS) 
knows about all alternate hypotheses
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Figure 1. Construction of confidence intervals. (Top)
To construct a p1´ωq100% confidence interval using the LRT
statistic (yellow; Eq. 1), we estimate the critical values Cµ0

(grey) via quantile regression and retain those µ0 values for
which the statistic falls below the critical value. Shown are
the critical values for 68% (dark grey) and 95% (light grey)
confidence levels, with corresponding intervals displayed be-
low the figure (dark and light yellow, respectively). (Bottom)
The FTS statistic (blue; Eq. 3) for a focus function centered
at m “ 1 and with width s “ 1.2 (dashed red) is compared
against the critical values. Intervals at 68% and 95% con-
fidence level are shown (dark and light blue, respectively).
This figure corresponds to the Higgs measurement example
using the Higgs mass observable, with the test statistics are
evaluated on an Asimov data set [9]

.

A. Measurement of a Higgs coupling via its signal
strength

The goal of this case study is to measure the coupling
of the Higgs boson to tau leptons [20]. This unknown
quantity has a one-to-one correspondence with the signal
strength in the Standard Model (SM) of particle physics
and can therefore be posed as a signal strength mea-
surement. The default hypothesis for the signal strength
µ

˚
“ 1 corresponds to the SM prediction. For this study,

we let ! “ r0, 10s and set the center of the focus function
at m “ 1, the SM prediction. We define the wide focus
width to be s “ 2.4, corresponding to the 2ω expected
sensitivity of a prior measurement [21]; a narrow focus
width of s “ 1.2 is also considered.

1. Dataset

The dataset was simulated by the ATLAS experiment
for the 2014 Higgs boson machine learning challenge

(HiggsML) [22, 23]. It is comprised of a mixture of events
obtained via several Higgs decay and background pro-
cesses. For further details on the challenge, refer to [23].
In order to show the robustness of the analysis to

our experimental design choices, we examine two nat-
ural choices of observables to build template histograms
for the counting experiment setup. The first observable
is the reconstructed Higgs mass; the second is the in-
variant mass of the hadronic tau and final-state lepton
(“visible mass” for short). Both observables are known
to discriminate between signal and background.

2. Results

When measuring the Higgs coupling with the recon-
structed Higgs mass, FTS with either a wide (s “ 2.4)
or narrow (s “ 1.2) focus gives 68% confidence intervals1

that have shorter median length than LRS. Figure 2(a)
shows the median interval lengths as they vary with the
true value of µ

˚ while the focus function remains un-
changed, with center fixed at m “ 1. The improvement is
robust to a misspecification of the focus function (mean-
ing that the center of the focus function m di”ers from
the true value of the parameter µ

˚) and the confidence
intervals remain valid by construction. When µ

˚
“ 1,

the FTS intervals for a wide focus are about 13% shorter
than those obtained via LRS; see Table I. With a nar-
row focus function, they are 21% shorter than LRS inter-
vals. Using the visible mass observable to constrain the
parameter of interest, FTS shows a decrease in median
length by 13% with wide focus and 22% with narrow fo-
cus. Table I shows that the absolute reduction in median
interval length of FTS over LRS is roughly the same at
the 68% and 95% levels. However, since 95% intervals
are longer than 68% intervals, this also implies that the
proportional gain is smaller at 95% than at 68% (about
a 6% reduction for FTS-wide using the mass observable,
11% for FTS-narrow; and a 6% reduction for FTS-wide
using visible mass, 10% for FTS-narrow).
Estimation of critical values for both the LRS and

FTS is accelerated by using quantile regression. With a
low simulation budget of about 9,000 pseudo-experiments
(PEs), which for MC corresponds to 30 PEs per point
times 300 grid points, the mean-squared error (MSE) is
improved by a factor of about 6 for LRS and 3 for FTS.
See Figure 3 for an illustration of the relative speed-up.

B. Search for WIMPs

Several experiments are dedicated to the search for
dark matter candidates [24]. We design a data analy-

1 The 68% and 95% confidence intervals discussed throughout this
Letter correspond to 1ω (68.27%) and 2ω (95.45%) intervals,
which is the convention in high-energy physics.

https://arxiv.org/abs/2507.17831
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quantity has a one-to-one correspondence with the signal
strength in the Standard Model (SM) of particle physics
and can therefore be posed as a signal strength mea-
surement. The default hypothesis for the signal strength
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˚
“ 1 corresponds to the SM prediction. For this study,

we let ! “ r0, 10s and set the center of the focus function
at m “ 1, the SM prediction. We define the wide focus
width to be s “ 2.4, corresponding to the 2ω expected
sensitivity of a prior measurement [21]; a narrow focus
width of s “ 1.2 is also considered.
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The dataset was simulated by the ATLAS experiment
for the 2014 Higgs boson machine learning challenge

(HiggsML) [22, 23]. It is comprised of a mixture of events
obtained via several Higgs decay and background pro-
cesses. For further details on the challenge, refer to [23].
In order to show the robustness of the analysis to

our experimental design choices, we examine two nat-
ural choices of observables to build template histograms
for the counting experiment setup. The first observable
is the reconstructed Higgs mass; the second is the in-
variant mass of the hadronic tau and final-state lepton
(“visible mass” for short). Both observables are known
to discriminate between signal and background.

2. Results

When measuring the Higgs coupling with the recon-
structed Higgs mass, FTS with either a wide (s “ 2.4)
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that have shorter median length than LRS. Figure 2(a)
shows the median interval lengths as they vary with the
true value of µ

˚ while the focus function remains un-
changed, with center fixed at m “ 1. The improvement is
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ing that the center of the focus function m di”ers from
the true value of the parameter µ
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“ 1,

the FTS intervals for a wide focus are about 13% shorter
than those obtained via LRS; see Table I. With a nar-
row focus function, they are 21% shorter than LRS inter-
vals. Using the visible mass observable to constrain the
parameter of interest, FTS shows a decrease in median
length by 13% with wide focus and 22% with narrow fo-
cus. Table I shows that the absolute reduction in median
interval length of FTS over LRS is roughly the same at
the 68% and 95% levels. However, since 95% intervals
are longer than 68% intervals, this also implies that the
proportional gain is smaller at 95% than at 68% (about
a 6% reduction for FTS-wide using the mass observable,
11% for FTS-narrow; and a 6% reduction for FTS-wide
using visible mass, 10% for FTS-narrow).
Estimation of critical values for both the LRS and

FTS is accelerated by using quantile regression. With a
low simulation budget of about 9,000 pseudo-experiments
(PEs), which for MC corresponds to 30 PEs per point
times 300 grid points, the mean-squared error (MSE) is
improved by a factor of about 6 for LRS and 3 for FTS.
See Figure 3 for an illustration of the relative speed-up.

B. Search for WIMPs

Several experiments are dedicated to the search for
dark matter candidates [24]. We design a data analy-

1 The 68% and 95% confidence intervals discussed throughout this
Letter correspond to 1ω (68.27%) and 2ω (95.45%) intervals,
which is the convention in high-energy physics.

Shorter median length for confidence intervals with FTS
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vals. Using the visible mass observable to constrain the
parameter of interest, FTS shows a decrease in median
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B. Search for WIMPs
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1 The 68% and 95% confidence intervals discussed throughout this
Letter correspond to 1ω (68.27%) and 2ω (95.45%) intervals,
which is the convention in high-energy physics.

Shorter median length for confidence intervals with FTS

https://arxiv.org/abs/2507.17831


43
https://www.nature.com/articles/d41586-026-01479-8?utm_source=x&utm_medium=social&utm_campaign=nature&linkId=61827825

RAFIK TAREK NEME GARRIDO
SHOCKING  
CORAL FIND
A couple of years ago, after a day of pour-
ing rain, the water on the Caribbean coast of 
Colombia was crystal clear and my master’s stu-
dent, Jorge Mareno, managed to take pictures of 
corals that no one knew existed here. We could 
find no scientific reports of corals in the area. 
Typically, the water is pretty turbid because the 
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— rod, ON cone and OFF cone — help our eyes 
to process visual information. Normally, the 
neurotransmitter glycine can appear only in 
ON cone bipolar cells, because they are cou-
pled to other cells that enable low-light vision 
by means of gap junctions (intercellular con-
nections that allow small molecules such as 
glycine to pass between two cell types). 

When Rebecca came into my office that 
morning, she had detected gap junctions in 
other bipolar cells besides ON cone cells. These 
gap junctions that formed between the wrong 
cell types turn out to be a hallmark of early ret-
inal disease. Because glycine flows through 
gap junctions, her finding also explained why 
we had previously found glycine in all bipolar 
cell types early in retinal degeneration. The 
cool thing is that this might reveal fundamen-
tal mechanisms by which all neural systems 
start to fall apart. If that’s true, we might be 
able to identify potential therapeutic targets 
for some terrible diseases. If we can slow the 
decline down even a little bit, we can buy peo-
ple many years of a more functional life. 

I legitimately felt a pang of jealousy. We 
get into this game to discover, but as science 
funding gets harder to secure, principal inves-
tigators are in their office writing grants while 
the trainees get to do the cool stuff. 

Bryan W. Jones is a retinal neuroscientist at 
the University of Pittsburgh in Pennsylvania.

Ecologist Tim Curran helps a student to measure flammability in a gorse plant.

AISHIK GHOSH
STUDENTS OVERTURN  
LONG-HELD ASSUMPTION
I have worked on experimental particle physics 
since 2015, searching for Higgs bosons at CERN, 
Europe’s particle-physics lab near Geneva, 
Switzerland, and now also working on the Deep 
Underground Neutrino Experiment (DUNE) 
in the United States. For this research, there’s 
one statistical test we’ve used for decades to 
confirm the existence of a new particle — the 
generalized likelihood ratio test (GLRT). This 
compares two models — a simple null hypoth-
esis, which includes no new particle or matter 
being discovered, and a more complicated 
alternative model, which includes a new par-
ticle with many possible values of strength. 

In December 2024, a couple of PhD students 
working with my collaborator, Ann Lee, a data 
scientist at Carnegie Mellon University in Pitts-
burgh, Pennsylvania, were confident they 
could disprove the assumption that the GLRT 
was optimal. In the corner of my mind, I hoped 
they would prove us wrong. I gave them one 
of the most famous Higgs boson data sets to 
play around with. By early 2025, they showed 
that, although our previous physics results 
weren’t wrong, our use of the GLRT wasn’t 
ideal because it assumed large sample sizes 

are always generated, which is often not the 
case. Instead, the test left valuable informa-
tion on the table. That day was special. I was 
still sceptical and I went through a battery of 
checks because I had to go back to my com-
munity and defend the PhD students’ work, 
but it was all correct. The paper is currently 
in review, receiving a great deal of scrutiny.

Together, we produced a statistical test that 
will drastically improve our ability to make 
discoveries in particle physics, for example 
in searches for a new particle such as dark mat-
ter, where we expect to see only a few signal 
events at best. As a scientist, I want deeply held 
beliefs to be questioned. It was a real shock to 
the particle-physics community. Young people 
find it exciting. Senior members are still highly 
sceptical, as they should be, but they are com-
ing around. As the DUNE experiment comes 
online, with this new statistical model in place, 
we hope to make precise measurements about 
neutrinos much sooner than anticipated.

Aishik Ghosh is a fundamental physicist at the 
Georgia Institute of Technology in Atlanta.

Magdalena River, which flows from the south of 
the country to the Caribbean Sea, brings chem-
icals and pollutants. It’s an ongoing ecological 
and social challenge, but these corals must be 
adapting to these conditions. We did a sampling 
campaign across three days with a boat, using 
environmental DNA to find areas where corals, 
sponges and fish successfully survive the condi-
tions. Most of the records are completely new 
for the region. It’s super gratifying. 

Rafik Tarek Neme Garrido is an evolutionary 
biologist at the University of the North in 
Barranquilla, Colombia.

TIM CURRAN
BURN  
PREDICTIONS
In my group, we test the flammability of plant 
species using a barbecue. The results can 
help with fire-mitigation policies and with 
understanding the evolution of flammability. 
As part of an outreach activity, we host school-
children at the university who haven’t had much 
exposure to academia before. We ask the kids 
to predict how a particular plant species will 
behave — for example, what characteristics 
will make it burn less or more — and then we 
see who is right. The kids get really into it. They 
ask amazing questions, the same kind that peer 
reviewers have asked us, including questioning 
our methodological assumptions, such as “why 
do you only blowtorch them for ten seconds?” 

Most of the really good days doing science 
have been associated with young students 
having a light-bulb moment. In the rather 
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Robust to misspecified focus function
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Focus is around SM point
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Even when it is worse, the coverage of the confidence interval is still guaranteed by Neyman construction!
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Second case study: Dark matter search in LZ experiment
6

Appendix A: Experimental setup

Over its run, an experiment measures events generated
via signal and background physics processes. Large-scale
simulations of these processes yield template histograms
that define the expected counts of signal and background
events as functions of relevant observables. We denote
these histograms ωpLq and εpLq for the signal and back-
ground distributions, respectively, where L is the lumi-
nosity (a measure of total count) of the experiment. We
model the number of events that fall into each histogram
bin as a Poisson distribution. That is, the likelihood of
the number of events D “ pN1, N2, . . . , Ndq in d bins has
the form

ppD|µ,ω,εq “

d!

i“1

fpNi;µωi ` εiq, (A1)

where µ ! 0 represents the signal strength, and fpN ;ϑq

denotes the probability mass function for a Poisson dis-
tribution with rate ϑ. We refer to each realization of D
as a pseudo-experiment (PE).

The above “counting experiment” model convention is
widely used for making likelihood-free inference tractable
in cases where rare or exotic events are mixed with a rel-
atively high volume of background events [35, 36]. In this
Letter, we follow the standard convention of histogram
analyses for such counting experiments.

1. Implementation of test statistics

We evaluate our test statistics on a grid of null parame-
ters µ0 from ! “ r0, 10s in our main results for the Higgs
experiment (Section IIIA), and from r0, 40s for the LZ-
inspired experiment (Section III B). The grid is always
of a resolution of at least 1 point per 0.04 units in µ.
In Figures 1 and 2, we display results only on r0, 4s for
Higgs and r0, 15s for LZ-inspired for the clear comparison
of details.

For computing the LRS (Eq. 1), we replace ! in the
denominator with an extended parameter space,

r! “ rminp!q ´ 1,maxp!q ` 1s. (A2)

This adjustment mitigates the e”ect of the boundary on
the distribution of the LRS itself, independent of the
method used for critical value estimation. The bound-
ary e”ect arises because Wilks’ theorem, which guaran-
tees that the critical values remain constant across the
parameter space for LRS and large sample sizes (as in
Figure 1 top), only holds for interior points [37, 38]. To
ensure that the likelihood is well defined on µ " 0, we
amend Eq. A1 to express

ppD|µ,ω,εq “

d!

i“1

fpNi; |µωi ` εi|q (A3)

Figure 4. Template 2D histograms for the LZ-inspired
dataset, showing the signal (nuclear recoil, NR; left) and back-
ground (electronic recoil, ER; right). Each histogram has 10
bins along both axes.

with positive rate. The supremum is computed us-
ing scipy’s implementation of the bounded Brent rou-
tine [39].

2. LZ-inspired dataset

We construct a dataset with signal and background
shapes visually similar to those in Fig. 3 of Ref. [3]. Tem-
plate histograms are generated using the nestpy Python
interface (v2.0.4) to the NEST simulator (v2.4.0). The
Lux Run03 detector binding is adapted for this study,
with the default parameter values used to determine the
background electronic recoil (ER) template histogram
and with set values of g1 “ 0.092 and g

gas
1 “ 0.076 for the

signal nuclear recoil (NR) histogram. These values were
chosen to visually match the 40 GeV WIMP signal dis-
tribution in Ref. [3]. The resulting histograms are shown
in Fig. 4. more detailed reproduction of the LZ setup or
the use of o#cial LZ simulation samples is beyond the
scope of this Letter.

Appendix B: Quantile regression

To perform quantile regression, we generate pseudo-
experiments to create a calibration dataset T “

tpµ1,D1q, . . . , pµB ,DBqu according to Eq. A1 from µi „

Unifpr!q, where r! is given by Eq. A2. For a code im-
plementation of the Neyman construction using prob-
abilistic regression along with examples for a range of
test statistics, refer to https://github.com/lee-group-
cmu/lf2i [12].

Signal template

Background template

Simulated to mimic LZ data
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We construct a dataset with signal and background
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plate histograms are generated using the nestpy Python
interface (v2.0.4) to the NEST simulator (v2.4.0). The
Lux Run03 detector binding is adapted for this study,
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Conclusion

Machine learning helps us do what was considered impossible, from theory 
design to extracting physics from tails of our distributions

Thank you !

Figure 1. Concept diagram of how the RL agent interacts with physics software to design theory models to describe neutrino
mixing.

[JR:citations], but without an exhaustive search, it is impossible to know where each model exists in the landscape of possible
models.

RL is well suited to assist in the model building process. While traditional ML techniques will be hampered by the
non-differentiable model landscape, with RL we can design a reward that encourages the agent to find regions of model space
that we define to be good, i.e. where models make quality predictions using few free parameters. Previous work has utilized RL
for exploring theory spaces where the form of the Lagrangian is highly constrained and the necessary calculations are easily
embedded within the RL environment1 [JR:other citations, other explanation of other works]. In this work, we combine the
RL environment with physics software, allowing theorists to use RL to assist in searches of highly complex theory spaces
with combinations of symmetries and highly non-trivial calculations. In order to make this computationally feasible, the
Mathematica package Discrete [JR:citation] was redesigned in Python, allowing easier integration into the Python based RL
environment. With the ability to search combinations of symmetry groups, our Autonomous Model Builder (AMBer) is able to
find models outside of regions searched by physics intuition alone.

We will present three distinct theory spaces that show the power of AMBer to build models: A4 →Z4 with variable number
of flavons, A4 →Zn, where AMBer can alter the dimension of the abelian group, and T19 →Z4, a non-abelian group not yet
explored by physicists. On all three spaces, AMBer is able to find models that minimize the number of free parameters while
providing accurate predictions for neutrino observables. We evaluate the efficacy of the AMBer in finding regions of the theory
space dense with good models. By tracking each component of the reward function, this helps us understand how the agent is
learning and what kind of physics information it is able to encode. Furthermore, we use an auto-encoder to project models into
a latent space as a visualization of the theory space, giving us a sense of the distribution of certain model properties.

We are able to develop AMBer to explore a rich space of theories using the simple approach with an out-of-the-box
PPO algorithm. We conclude by discussing the prospect of implementing AMBer with an LLM better able to represent
relationships in the observation space, and a hierarchical action space. This would allow further scaling of the theory space,
encompassing vastly more complicated combinations of symmetries. We further speculate on the possibility of using RL to
explore state-of-the-art modular symmetries currently studied by neutrino model builders.

This paper is organized as follows. In Section 2, we detail the neutrino model building process on which AMBer is based.
In Section 3, we outline the design of AMBer, the development of PyDiscrete, and their integration. In Section 4, we discuss
visualization and evaluation metrics used to understand the learning trajectory of AMBer and the theory space. In Section 5,
we discuss the performance of AMBer in three different theory spaces. Finally, we conclude with Section 6 on the impact of
AMBer and possiblities for future development.

• theory model building is limited by human time and intuition

• HPCs and AI could accelerate search through unexplored groups and find unintuitive combinations

• non-differentiable problem, need to use RL. RL also gives more flexibility than traditional ML in rewards, so we can
incentivize whatever we want
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Numbers represent length of confidence intervals for   ( )1σ 2σ

Consistently larger lower bounds if signal exits, smaller 
upper bounds when it doesn’t
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µ˚ LRS FTS, wide FTS, narrow
0.0 4.97 (12.59) 4.25 (10.98) 2.73 (11.14)

Table II. Median upper bound for LZ-inspired experiment (in
units of µ) when there is no signal, µ˚ “ 0, at confidence level
68% (95%). The best result (the lowest median upper bound)
is bold-faced.

µ˚ LRS FTS, wide FTS, narrow
10.0 0.0 (0.0) 2.08 (0.0) 1.60 (0.0)

Table III. Median lower bound for LZ-inspired experiment (in
units of µ) when the signal strength µ˚ “ 10.0, at confidence
level 68% (95%). The best result (the highest median lower
bound) is bold-faced.

Algorithm 1: Estimate critical values Cµ0 for a
level-ω test
Data: test statistic T pD;µq; calibration data

T “ tpµ1, D1q, . . . , pµB , DBqu; quantile
regression estimator; level ω P p0, 1q

Result: estimated critical values pCµ0 for all
µ0 P !

Set rTcal ! H;
for i P t1, . . . , Bu do

Compute test statistic ti ! T pDi;µiq;
rTcal ! rTcal Y tpµi, tiqu;

Use rTcal to learn the conditional quantile function
pCµ “ pF´1

T |µpω|µq via quantile regression of T on µ;

return pCµ0

Appendix C: Upper and lower limits for LZ-inspired
experiment

For the LZ-inspired search, it is interesting to study
the upper limits when there is no signal (i.e. µ

˚
“ 0)

and lower limits when there is a signal (i.e. µ
˚

‰ 0).
Figure 5 compares the upper and lower bounds for these
respective scenarios for LRS and FTS. These results for
the no-signal scenario are summarized in Table II and
results for a scenario where the signal does exist with
µ

˚
“ 10 is summarized in Table III. We find that when

there is no signal, FTS is able to set tighter upper bounds,
and when there is signal, FTS is able to set higher lower
bounds compared to LRS.

Figure 5. Distributions of the upper and the lower bounds
of 68% confidence intervals for the LZ-inspired study, shown
as box plots — the median values are represented by circles
(or stars) with the 25th and 75th percentiles of each distri-
bution connected with a line. LRS (orange) is compared to
FTS with wide focus (blue) over pseudo-experiments across
di!erent values of µ˚ (x-axis). Both the median upper bound
and the median lower bound are closer to the bisector for
FTS than LRS, which is consistent with tighter parameter
constraints.
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2.3. OFF-SHELL HIGGS MEASUREMENT IN THE FOUR LEPTON FINAL STATE

FIG. 5: Overall picture at 13 TeV, (colour online).

FIG. 6: Higgs related contributions in the high m4� region, (colour online).

14

(a)

Figure 2.9 – Di�erential cross sections as a function of the invariant mass of the four leptons for
various processes in the four lepton channel, gg æ H

ú
æ ZZ signal (red line), gg æ ZZ background

(blue line), full process gg æ
!
H

ú
æ

"
ZZ (pink line), and the dominant background qq̄ æ ZZ. [29]

processes do so through their low-mass o�-shell tails (see the Feynman diagrams for the main
contributors to the ZZ production in Figure 2.8). Near twice the Z mass, o�-shell production of
the SM Higgs boson has a substantial cross-section at the LHC [31, 32] (see Figure 2.9) because
although the Higgs boson is o�-shell, the intermediate Z bosons in the decay process can go
on-shell. The threshold e�ect can be seen again near twice the top mass, corresponding to the
top quarks in the production process going on-shell. This provides a unique opportunity to
study the Higgs boson at higher energy scales. The destructive interference between certain SM
signal and background processes further enhance the possibility to measure the presence of the
signal.

The high mass o�-shell study has received considerable attention because it is sensitive to various
kinds of New Physics that might change the couplings of the Higgs to other fundamental particles
in the high-mass region or change the ZZ background yield [33–35], and the measurement has
interesting interpretations in the EFT framework [36]. Non-SM operators studied by [37] lead to
enhanced yields in the o�-shell regime coming from gg æ X æ ZZ

ú
æ 4¸ where X indicates New

Physics. The measurements can also help break degeneracies and compliment ttH measurements
to constrain EFT parameters [38].

It is clear that at such high energies, the infinite top mass approximation often used to simplify
the coupling of the Higgs to gluons breaks down, therefore it is essential to take finite top mass
e�ects into account. New Physics could change the couplings to the top as well as introduce
new heavy coloured states running in the loop and these e�ects might remain invisible for the
on-shell Higgs [39]. The presence of any additional agent of symmetry breaking (such as a heavy
neutral Higgs) is likely to a�ect this region of the distribution that is sensitive to interference
e�ects. Finally, the o�-shell measurement would help probe the total width of the Higgs boson,
and the interest for doing so have been described in the previous section.
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Figure 1: Leading order Feynman diagrams for the gluon-fusion 66 ! // ! 4✓ processes. The diagrams define the
effective couplings ^ 5 and ^+ used to define the off-shell Higgs boson production signal strengths.

In gluon-fusion (ggF) production of 66 ! // ! 4✓, the signal component is defined at leading-order76

(LO) in perturbation theory by the absolute value squared of the diagram in Fig 1 (a). This contribution77
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square of the diagram in Fig 1 (b). This component does not scale with ^ 5 nor with ^+ . The interference79
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required by unitarity conservation [16]. The same concepts can be generalized for the electroweak (EW)81
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define the effective couplings ^+ used to define the off-shell Higgs boson production signal strengths.
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Quantum interference:

Campbell et al: arXiv:1311.3589

Nexp = μ ⋅ S + B+ μ ⋅ I

https://arxiv.org/abs/1311.3589
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Can we always find a sufficient 1-D summary?

Hypothesis 1 
Hypothesis 2

1-D projection

Co
un

t

Hypothesis 3
Hypothesis 4

2-D space

• Clearly separable in 2-D 

• A 1-D sufficient summary statistic does not 
exist for several important particle physics 
measurements 
• Higgs Width: hal-02971995(p172): Ghosh et al 

• Higgs Self-coupling: arXiv:2507.02032: Ghosh et al 
• Systematic uncertainties: PRD 104.056026: Ghosh et al 

• Effective Field Theories: PRD 98.052004: Brehmer et al

https://hal.science/hal-02971995v3/
https://arxiv.org/abs/2507.02032
https://doi.org/10.1103/PhysRevD.104.056026
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.98.052004
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How many events to populate 
 2-D histogram with  bins ?62

How many events for 50-D histogram 
with  bins ?650
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Curse of dimensionality
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Open problems to apply to Large Hadron Collider data: 
• Robustness: Design and validation 
• Systematic Uncertainties: Propagate them through network 
• Interpretation of test statistic in high dimensions
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PAPER • OPEN ACCESS

An implementation of neural simulation-based
inference for parameter estimation in ATLAS
To cite this article: The ATLAS Collaboration 2025 Rep. Prog. Phys. 88 067801

 

View the article online for updates and enhancements.

You may also like
Comparing AI versus optimization
workflows for simulation-based inference
of spatial-stochastic systems
Michael Alexander Ramirez Sierra and
Thomas R Sokolowski

-

Simulation-based inference of single-
molecule force spectroscopy
Lars Dingeldein, Pilar Cossio and Roberto
Covino

-

Neural simulation-based inference of the
neutron star equation of state directly from
telescope spectra
Len Brandes, Chirag Modi, Aishik Ghosh
et al.

-

This content was downloaded from IP address 23.93.86.47 on 02/06/2025 at 00:35

Solved!
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Applied on Run2 data, superseding previous 
ATLAS paper on same data !
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Kai Wei, Zitong Xu, Yuxuan He et al.

-

Beyond Kitaev physics in strong spin-orbit
coupled magnets
Ioannis Rousochatzakis, Natalia B
Perkins, Qiang Luo et al.

-

70 years of hyperon spectroscopy: a
review of strange ,  baryons, and the
spectrum of charmed and bottom baryons
Volker Crede and John Yelton

-
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Solved!
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Challenging a deeply-held belief in particle physics

FTS(𝒟; μ0) = − 2 log
p(𝒟 |μ0)

∫
Θ

p(𝒟 |μ)f(μ)dμ
LRS(𝒟; μ0) = − 2 log ( p(𝒟 |μ0)

supμ∈Θ p(𝒟 |μ) )

arXiv:2507.17831: Carzon, Ghosh, Izbicki, Lee, et al

• Denominator in ‘Focused Test Statistic’ (FTS) 
knows about all alternate hypotheses

3

68%

68%

95%

95%
LRS

FTS

Figure 1. Construction of confidence intervals. (Top)
To construct a p1´ωq100% confidence interval using the LRT
statistic (yellow; Eq. 1), we estimate the critical values Cµ0

(grey) via quantile regression and retain those µ0 values for
which the statistic falls below the critical value. Shown are
the critical values for 68% (dark grey) and 95% (light grey)
confidence levels, with corresponding intervals displayed be-
low the figure (dark and light yellow, respectively). (Bottom)
The FTS statistic (blue; Eq. 3) for a focus function centered
at m “ 1 and with width s “ 1.2 (dashed red) is compared
against the critical values. Intervals at 68% and 95% con-
fidence level are shown (dark and light blue, respectively).
This figure corresponds to the Higgs measurement example
using the Higgs mass observable, with the test statistics are
evaluated on an Asimov data set [9]

.

A. Measurement of a Higgs coupling via its signal
strength

The goal of this case study is to measure the coupling
of the Higgs boson to tau leptons [20]. This unknown
quantity has a one-to-one correspondence with the signal
strength in the Standard Model (SM) of particle physics
and can therefore be posed as a signal strength mea-
surement. The default hypothesis for the signal strength
µ

˚
“ 1 corresponds to the SM prediction. For this study,

we let ! “ r0, 10s and set the center of the focus function
at m “ 1, the SM prediction. We define the wide focus
width to be s “ 2.4, corresponding to the 2ω expected
sensitivity of a prior measurement [21]; a narrow focus
width of s “ 1.2 is also considered.

1. Dataset

The dataset was simulated by the ATLAS experiment
for the 2014 Higgs boson machine learning challenge

(HiggsML) [22, 23]. It is comprised of a mixture of events
obtained via several Higgs decay and background pro-
cesses. For further details on the challenge, refer to [23].
In order to show the robustness of the analysis to

our experimental design choices, we examine two nat-
ural choices of observables to build template histograms
for the counting experiment setup. The first observable
is the reconstructed Higgs mass; the second is the in-
variant mass of the hadronic tau and final-state lepton
(“visible mass” for short). Both observables are known
to discriminate between signal and background.

2. Results

When measuring the Higgs coupling with the recon-
structed Higgs mass, FTS with either a wide (s “ 2.4)
or narrow (s “ 1.2) focus gives 68% confidence intervals1

that have shorter median length than LRS. Figure 2(a)
shows the median interval lengths as they vary with the
true value of µ

˚ while the focus function remains un-
changed, with center fixed at m “ 1. The improvement is
robust to a misspecification of the focus function (mean-
ing that the center of the focus function m di”ers from
the true value of the parameter µ

˚) and the confidence
intervals remain valid by construction. When µ

˚
“ 1,

the FTS intervals for a wide focus are about 13% shorter
than those obtained via LRS; see Table I. With a nar-
row focus function, they are 21% shorter than LRS inter-
vals. Using the visible mass observable to constrain the
parameter of interest, FTS shows a decrease in median
length by 13% with wide focus and 22% with narrow fo-
cus. Table I shows that the absolute reduction in median
interval length of FTS over LRS is roughly the same at
the 68% and 95% levels. However, since 95% intervals
are longer than 68% intervals, this also implies that the
proportional gain is smaller at 95% than at 68% (about
a 6% reduction for FTS-wide using the mass observable,
11% for FTS-narrow; and a 6% reduction for FTS-wide
using visible mass, 10% for FTS-narrow).
Estimation of critical values for both the LRS and

FTS is accelerated by using quantile regression. With a
low simulation budget of about 9,000 pseudo-experiments
(PEs), which for MC corresponds to 30 PEs per point
times 300 grid points, the mean-squared error (MSE) is
improved by a factor of about 6 for LRS and 3 for FTS.
See Figure 3 for an illustration of the relative speed-up.

B. Search for WIMPs

Several experiments are dedicated to the search for
dark matter candidates [24]. We design a data analy-

1 The 68% and 95% confidence intervals discussed throughout this
Letter correspond to 1ω (68.27%) and 2ω (95.45%) intervals,
which is the convention in high-energy physics.

https://arxiv.org/abs/2507.17831
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A. Measurement of a Higgs coupling via its signal
strength

The goal of this case study is to measure the coupling
of the Higgs boson to tau leptons [20]. This unknown
quantity has a one-to-one correspondence with the signal
strength in the Standard Model (SM) of particle physics
and can therefore be posed as a signal strength mea-
surement. The default hypothesis for the signal strength
µ

˚
“ 1 corresponds to the SM prediction. For this study,

we let ! “ r0, 10s and set the center of the focus function
at m “ 1, the SM prediction. We define the wide focus
width to be s “ 2.4, corresponding to the 2ω expected
sensitivity of a prior measurement [21]; a narrow focus
width of s “ 1.2 is also considered.

1. Dataset

The dataset was simulated by the ATLAS experiment
for the 2014 Higgs boson machine learning challenge

(HiggsML) [22, 23]. It is comprised of a mixture of events
obtained via several Higgs decay and background pro-
cesses. For further details on the challenge, refer to [23].
In order to show the robustness of the analysis to

our experimental design choices, we examine two nat-
ural choices of observables to build template histograms
for the counting experiment setup. The first observable
is the reconstructed Higgs mass; the second is the in-
variant mass of the hadronic tau and final-state lepton
(“visible mass” for short). Both observables are known
to discriminate between signal and background.

2. Results

When measuring the Higgs coupling with the recon-
structed Higgs mass, FTS with either a wide (s “ 2.4)
or narrow (s “ 1.2) focus gives 68% confidence intervals1

that have shorter median length than LRS. Figure 2(a)
shows the median interval lengths as they vary with the
true value of µ

˚ while the focus function remains un-
changed, with center fixed at m “ 1. The improvement is
robust to a misspecification of the focus function (mean-
ing that the center of the focus function m di”ers from
the true value of the parameter µ

˚) and the confidence
intervals remain valid by construction. When µ

˚
“ 1,

the FTS intervals for a wide focus are about 13% shorter
than those obtained via LRS; see Table I. With a nar-
row focus function, they are 21% shorter than LRS inter-
vals. Using the visible mass observable to constrain the
parameter of interest, FTS shows a decrease in median
length by 13% with wide focus and 22% with narrow fo-
cus. Table I shows that the absolute reduction in median
interval length of FTS over LRS is roughly the same at
the 68% and 95% levels. However, since 95% intervals
are longer than 68% intervals, this also implies that the
proportional gain is smaller at 95% than at 68% (about
a 6% reduction for FTS-wide using the mass observable,
11% for FTS-narrow; and a 6% reduction for FTS-wide
using visible mass, 10% for FTS-narrow).
Estimation of critical values for both the LRS and

FTS is accelerated by using quantile regression. With a
low simulation budget of about 9,000 pseudo-experiments
(PEs), which for MC corresponds to 30 PEs per point
times 300 grid points, the mean-squared error (MSE) is
improved by a factor of about 6 for LRS and 3 for FTS.
See Figure 3 for an illustration of the relative speed-up.

B. Search for WIMPs

Several experiments are dedicated to the search for
dark matter candidates [24]. We design a data analy-

1 The 68% and 95% confidence intervals discussed throughout this
Letter correspond to 1ω (68.27%) and 2ω (95.45%) intervals,
which is the convention in high-energy physics.

Shorter median length for confidence intervals with FTS even in ‘asymptotic regime’ where Wilks’ applies

https://arxiv.org/abs/2507.17831
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See Figure 3 for an illustration of the relative speed-up.

B. Search for WIMPs

Several experiments are dedicated to the search for
dark matter candidates [24]. We design a data analy-

1 The 68% and 95% confidence intervals discussed throughout this
Letter correspond to 1ω (68.27%) and 2ω (95.45%) intervals,
which is the convention in high-energy physics.
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built using a Neyman construction by integrating up to 68.27% (vertical dashed yellow line) and 95.45% (vertical
dash-dotted red line) of the distribution.

where 𝑁rwt-ref(𝑂𝑀) is the probability density and 𝑃rwt-ref is the rate for the reweight-reference sample. The
probability density ratio 𝑁(𝑂𝑀 |𝑀)/𝑁rwt-ref(𝑂𝑀) can be obtained from ensembles specifically trained for the
reweighting procedure, following the same prescription as for the networks used for inference. The
estimates can be validated using the same diagnostics described in Section 4, and the new samples are
thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].

6.3 Confidence intervals

Once the pseudo-experiments are generated, the confidence intervals are built following the Neyman
construction [50]. For the analysis described in Section 3, the distribution of 𝑁(𝐿𝐿 |𝑀), representing the test
statistic 𝐿𝐿 for pseudo-experiments generated at a fixed value of 𝑀, is used to determine the one and two
standard-deviation confidence intervals as functions of 𝑀. In each pseudo-experiment, the values of the
AOs 𝑄𝑁 are sampled from the constraint density. The distribution of the test statistic values over many
pseudo-experiments is shown in Figure 4 with a 𝑀 of 1. This procedure is repeated over the range of 𝑀 to
construct complete confidence bands as shown in Figure 5. The shapes of these bands deviate slightly from
the asymptotic 𝑅

2 distribution in which the 68.27% and 95.45% confidence intervals would be defined
exacly at 𝐿𝐿 = 1 and 𝐿𝐿 = 4. In the case of the o!-shell Higgs production analysis, the deviation comes
from the non-linear parametrization used in the o!-shell Higgs boson production measurement [17], and
are not specifically a feature of NSBI.

The formalism discussed in this section lends itself to further tests for robustness on samples generated
by shifting multiple NPs simultaneously and verifying that the confidence bands remain well-behaved in
such scenarios. Such samples can be generated by a reweighting procedure similar to the one described in
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thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].
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statistic 𝐿𝐿 for pseudo-experiments generated at a fixed value of 𝑀, is used to determine the one and two
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from the non-linear parametrization used in the o!-shell Higgs boson production measurement [17], and
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Figure 5: A comparison of expected sensitivity of NSBI (solid red line) to a typical histogram-based (dashed green
line) analysis, not including systematic uncertainties. The evaluation is performed on an Asimov dataset generated
with 𝐿 = 1. The test statistic, the log-likelihood ratio 𝑀𝐿, is shown as a function of signal strength 𝐿. The 68% and
95% confidence intervals (CI) in dotted gray lines are determined using the Neyman construction.
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7 Comparison of sensitivity

This section shows the sensitivity of the NSBI method and the impact of systematic uncertainties in the
result. The demonstration is performed for the simplified version of an o!-shell Higgs boson signal strength
measurement on simulated samples described in Section 3 and considers a subset of the physics processes
and systematic uncertainties described in Section 3.3.

7.1 Comparison to histogram-based methods

The NSBI method is compared with two histogram-based analysis strategies on a Asimov simulated dataset,
to show the gains due to the parametrized and unbinned nature of the method. The first histogram method
employs a single observable, a discriminant between signal and full processes that is commonly used for
LHC analyses,

Ofixed = log
𝑄S(𝑅𝑀)

𝑄SBI(𝑅𝑀)
. (29)

Since this ratio is already estimated with ensembles for the NSBI method, no additional NNs need to
be trained. This observable is subsequently used to construct a histogram (with 15 bins), and a Poisson
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where 𝑁rwt-ref(𝑂𝑀) is the probability density and 𝑃rwt-ref is the rate for the reweight-reference sample. The
probability density ratio 𝑁(𝑂𝑀 |𝑀)/𝑁rwt-ref(𝑂𝑀) can be obtained from ensembles specifically trained for the
reweighting procedure, following the same prescription as for the networks used for inference. The
estimates can be validated using the same diagnostics described in Section 4, and the new samples are
thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].

6.3 Confidence intervals

Once the pseudo-experiments are generated, the confidence intervals are built following the Neyman
construction [50]. For the analysis described in Section 3, the distribution of 𝑁(𝐿𝐿 |𝑀), representing the test
statistic 𝐿𝐿 for pseudo-experiments generated at a fixed value of 𝑀, is used to determine the one and two
standard-deviation confidence intervals as functions of 𝑀. In each pseudo-experiment, the values of the
AOs 𝑄𝑁 are sampled from the constraint density. The distribution of the test statistic values over many
pseudo-experiments is shown in Figure 4 with a 𝑀 of 1. This procedure is repeated over the range of 𝑀 to
construct complete confidence bands as shown in Figure 5. The shapes of these bands deviate slightly from
the asymptotic 𝑅

2 distribution in which the 68.27% and 95.45% confidence intervals would be defined
exacly at 𝐿𝐿 = 1 and 𝐿𝐿 = 4. In the case of the o!-shell Higgs production analysis, the deviation comes
from the non-linear parametrization used in the o!-shell Higgs boson production measurement [17], and
are not specifically a feature of NSBI.

The formalism discussed in this section lends itself to further tests for robustness on samples generated
by shifting multiple NPs simultaneously and verifying that the confidence bands remain well-behaved in
such scenarios. Such samples can be generated by a reweighting procedure similar to the one described in
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probability density ratio 𝑁(𝑂𝑀 |𝑀)/𝑁rwt-ref(𝑂𝑀) can be obtained from ensembles specifically trained for the
reweighting procedure, following the same prescription as for the networks used for inference. The
estimates can be validated using the same diagnostics described in Section 4, and the new samples are
thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].
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statistic 𝐿𝐿 for pseudo-experiments generated at a fixed value of 𝑀, is used to determine the one and two
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Figure 5: A comparison of expected sensitivity of NSBI (solid red line) to a typical histogram-based (dashed green
line) analysis, not including systematic uncertainties. The evaluation is performed on an Asimov dataset generated
with 𝐿 = 1. The test statistic, the log-likelihood ratio 𝑀𝐿, is shown as a function of signal strength 𝐿. The 68% and
95% confidence intervals (CI) in dotted gray lines are determined using the Neyman construction.
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Figure 5: A comparison of expected sensitivity of NSBI (solid red line) to a typical histogram-based (dashed green
line) analysis, not including systematic uncertainties. The evaluation is performed on an Asimov dataset generated
with 𝐿 = 1. The test statistic, the log-likelihood ratio 𝑀𝐿, is shown as a function of signal strength 𝐿. The 68% and
95% confidence intervals (CI) in dotted gray lines are determined using the Neyman construction.
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This section shows the sensitivity of the NSBI method and the impact of systematic uncertainties in the
result. The demonstration is performed for the simplified version of an o!-shell Higgs boson signal strength
measurement on simulated samples described in Section 3 and considers a subset of the physics processes
and systematic uncertainties described in Section 3.3.
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to show the gains due to the parametrized and unbinned nature of the method. The first histogram method
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LHC analyses,
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with 𝑀
→ = 1.0. Each distribution is estimated with 15 000 pseudo-experiments. The confidence intervals (CI) are

built using a Neyman construction by integrating up to 68.27% (vertical dashed yellow line) and 95.45% (vertical
dash-dotted red line) of the distribution.

where 𝑁rwt-ref(𝑂𝑀) is the probability density and 𝑃rwt-ref is the rate for the reweight-reference sample. The
probability density ratio 𝑁(𝑂𝑀 |𝑀)/𝑁rwt-ref(𝑂𝑀) can be obtained from ensembles specifically trained for the
reweighting procedure, following the same prescription as for the networks used for inference. The
estimates can be validated using the same diagnostics described in Section 4, and the new samples are
thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].

6.3 Confidence intervals

Once the pseudo-experiments are generated, the confidence intervals are built following the Neyman
construction [50]. For the analysis described in Section 3, the distribution of 𝑁(𝐿𝐿 |𝑀), representing the test
statistic 𝐿𝐿 for pseudo-experiments generated at a fixed value of 𝑀, is used to determine the one and two
standard-deviation confidence intervals as functions of 𝑀. In each pseudo-experiment, the values of the
AOs 𝑄𝑁 are sampled from the constraint density. The distribution of the test statistic values over many
pseudo-experiments is shown in Figure 4 with a 𝑀 of 1. This procedure is repeated over the range of 𝑀 to
construct complete confidence bands as shown in Figure 5. The shapes of these bands deviate slightly from
the asymptotic 𝑅

2 distribution in which the 68.27% and 95.45% confidence intervals would be defined
exacly at 𝐿𝐿 = 1 and 𝐿𝐿 = 4. In the case of the o!-shell Higgs production analysis, the deviation comes
from the non-linear parametrization used in the o!-shell Higgs boson production measurement [17], and
are not specifically a feature of NSBI.

The formalism discussed in this section lends itself to further tests for robustness on samples generated
by shifting multiple NPs simultaneously and verifying that the confidence bands remain well-behaved in
such scenarios. Such samples can be generated by a reweighting procedure similar to the one described in
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Fig. 2: Lengths of confidence intervals. (a, left) Re-
sults for the Higgs measurement with wide focus (s = 2.4).
The thick lines represent the median interval length with
the uncertainty bands denoting 25% and 75% quantiles of
the length distribution. FTS (blue) yields 13% shorter in-
tervals than LRS (orange) near the focus center (m = 1).
(a, right) For a narrow focus (s = 1.2), FTS intervals are
about 25% shorter. That advantage is maintained even
at a modest distance from the center, e.g. near µ

→ = 2.
(b, left-right) For the LZ-inspired search, the intervals are
shorter across the domain of our search. Near µ→ = 0, the
FTS intervals are about 35% shorter with wide focus than
LRS, and 22% shorter with narrow focus. The two panels
with black frames represent our focus choices in respective
experiments.

Table 1: Median confidence interval length (in units
of µ) at the 68% (95%) confidence level. For the
Higgs examples, the focus center is m = 1.0; the focus
widths are s = 2.4 for FTS-wide, and s = 1.2 for FTS-
narrow. For LZ-inspired examples, the focus center is m =
0; s = 6.0 for FTS-wide, and s = 3.0 for FTS-narrow. In
each setting, the best result (the shortest median interval
length) is bold-faced.

Setting Test statistic

Experiment µ
→ LRS FTS-wide FTS-narrow

Higgs (mass) 1.0 1.08 (2.01) 0.94 (1.89) 0.85 (1.79)
Higgs (vis. mass) 1.0 1.26 (2.31) 1.10 (2.17) 0.98 (2.08)

LZ-inspired 0.0 7.86 (12.10) 4.17 (10.66) 2.73 (10.74)
LZ-inspired 1.0 8.50 (13.47) 4.73 (12.42) 3.45 (12.10)

3.2.3 Results: Limit setting

For the LZ-inspired search, it is interesting to study the
upper limits when there is no signal (i.e. µ

→ = 0) and
lower limits when there is a signal (i.e. µ→ →= 0). Figure 4
compares the upper and lower bounds for these respective

MCQR

Low budget
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MCQR

Fig. 3: Critical values. (a) We compare the mean-
squared error (MSE) in the critical value estimates ob-
tained via MC (red) and quantile regression (QR, grey)
for LRS on a grid of 300 evaluation points. For a low sim-
ulation budget of 9,000 pseudo-experiments (PEs), MC es-
timates show high MSE whereas QR estimates (using the
same number of PEs) are comparable to MC estimates
with 1.35 million PEs. The right column confirms that
low-budget QR yields accurate estimates across the pa-
rameter space, unlike low-budget MC. (b) For FTS, QR
is again more e!cient. With 9,000 PEs, QR matches the
performance of MC with about 30,000 PEs.

µ
→ LRS FTS, wide FTS, narrow

0.0 7.86 (12.10) 4.17 (10.66) 2.73 (11.14)

Table 2: Median upper bound for LZ-inspired experiment
(in units of µ) when there is no signal, µ→ = 0, at confi-
dence level 68% (95%). The best result (the lowest median
upper bound) is bold-faced.

µ
→ LRS FTS, wide FTS, narrow

10.0 0.0 (0.0) 2.20 (0.0) 1.28 (0.0)

Table 3: Median lower bound for LZ-inspired experiment
(in units of µ) when the signal strength µ

→ = 10.0, at
confidence level 68% (95%). The best result (the highest
median lower bound) is bold-faced.

scenarios for LRS and FTS. These results for the no-signal
scenario are summarized in Table 2 and results for a sce-
nario where the signal does exist with µ

→ = 10 is sum-
marized in Table 3. We find that when there is no signal,
FTS is able to set tighter upper bounds, and when there
is signal, FTS is able to set higher lower bounds compared
to LRS. It is worth noting that focus is always placed at
the default hypothesis of µ = 0 but FTS provides better
lower limits when µ

→ →= 0. Applying a focus in a frequentist
analysis therefore should not be confused with Bayesian
inference.
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https://arxiv.org/abs/2507.17831


59

Perform efficiently with quantile regression!

Can do it faster and more accurately with ML 
technique known as ‘quantile regression’ (QR)

6 James Carzon et al.: On Focusing Statistical Power for Searches and Measurements in Particle Physics

Fig. 2: Lengths of confidence intervals. (a, left) Re-
sults for the Higgs measurement with wide focus (s = 2.4).
The thick lines represent the median interval length with
the uncertainty bands denoting 25% and 75% quantiles of
the length distribution. FTS (blue) yields 13% shorter in-
tervals than LRS (orange) near the focus center (m = 1).
(a, right) For a narrow focus (s = 1.2), FTS intervals are
about 25% shorter. That advantage is maintained even
at a modest distance from the center, e.g. near µ

→ = 2.
(b, left-right) For the LZ-inspired search, the intervals are
shorter across the domain of our search. Near µ→ = 0, the
FTS intervals are about 35% shorter with wide focus than
LRS, and 22% shorter with narrow focus. The two panels
with black frames represent our focus choices in respective
experiments.

Table 1: Median confidence interval length (in units
of µ) at the 68% (95%) confidence level. For the
Higgs examples, the focus center is m = 1.0; the focus
widths are s = 2.4 for FTS-wide, and s = 1.2 for FTS-
narrow. For LZ-inspired examples, the focus center is m =
0; s = 6.0 for FTS-wide, and s = 3.0 for FTS-narrow. In
each setting, the best result (the shortest median interval
length) is bold-faced.

Setting Test statistic

Experiment µ
→ LRS FTS-wide FTS-narrow

Higgs (mass) 1.0 1.08 (2.01) 0.94 (1.89) 0.85 (1.79)
Higgs (vis. mass) 1.0 1.26 (2.31) 1.10 (2.17) 0.98 (2.08)

LZ-inspired 0.0 7.86 (12.10) 4.17 (10.66) 2.73 (10.74)
LZ-inspired 1.0 8.50 (13.47) 4.73 (12.42) 3.45 (12.10)

3.2.3 Results: Limit setting

For the LZ-inspired search, it is interesting to study the
upper limits when there is no signal (i.e. µ

→ = 0) and
lower limits when there is a signal (i.e. µ→ →= 0). Figure 4
compares the upper and lower bounds for these respective

MCQR

Low budget
High budget

MCQR

Fig. 3: Critical values. (a) We compare the mean-
squared error (MSE) in the critical value estimates ob-
tained via MC (red) and quantile regression (QR, grey)
for LRS on a grid of 300 evaluation points. For a low sim-
ulation budget of 9,000 pseudo-experiments (PEs), MC es-
timates show high MSE whereas QR estimates (using the
same number of PEs) are comparable to MC estimates
with 1.35 million PEs. The right column confirms that
low-budget QR yields accurate estimates across the pa-
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is again more e!cient. With 9,000 PEs, QR matches the
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scenarios for LRS and FTS. These results for the no-signal
scenario are summarized in Table 2 and results for a sce-
nario where the signal does exist with µ

→ = 10 is sum-
marized in Table 3. We find that when there is no signal,
FTS is able to set tighter upper bounds, and when there
is signal, FTS is able to set higher lower bounds compared
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scenarios for LRS and FTS. These results for the no-signal
scenario are summarized in Table 2 and results for a sce-
nario where the signal does exist with µ

→ = 10 is sum-
marized in Table 3. We find that when there is no signal,
FTS is able to set tighter upper bounds, and when there
is signal, FTS is able to set higher lower bounds compared
to LRS. It is worth noting that focus is always placed at
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RAFIK TAREK NEME GARRIDO
SHOCKING  
CORAL FIND
A couple of years ago, after a day of pour-
ing rain, the water on the Caribbean coast of 
Colombia was crystal clear and my master’s stu-
dent, Jorge Mareno, managed to take pictures of 
corals that no one knew existed here. We could 
find no scientific reports of corals in the area. 
Typically, the water is pretty turbid because the 
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— rod, ON cone and OFF cone — help our eyes 
to process visual information. Normally, the 
neurotransmitter glycine can appear only in 
ON cone bipolar cells, because they are cou-
pled to other cells that enable low-light vision 
by means of gap junctions (intercellular con-
nections that allow small molecules such as 
glycine to pass between two cell types). 

When Rebecca came into my office that 
morning, she had detected gap junctions in 
other bipolar cells besides ON cone cells. These 
gap junctions that formed between the wrong 
cell types turn out to be a hallmark of early ret-
inal disease. Because glycine flows through 
gap junctions, her finding also explained why 
we had previously found glycine in all bipolar 
cell types early in retinal degeneration. The 
cool thing is that this might reveal fundamen-
tal mechanisms by which all neural systems 
start to fall apart. If that’s true, we might be 
able to identify potential therapeutic targets 
for some terrible diseases. If we can slow the 
decline down even a little bit, we can buy peo-
ple many years of a more functional life. 

I legitimately felt a pang of jealousy. We 
get into this game to discover, but as science 
funding gets harder to secure, principal inves-
tigators are in their office writing grants while 
the trainees get to do the cool stuff. 

Bryan W. Jones is a retinal neuroscientist at 
the University of Pittsburgh in Pennsylvania.

Ecologist Tim Curran helps a student to measure flammability in a gorse plant.

AISHIK GHOSH
STUDENTS OVERTURN  
LONG-HELD ASSUMPTION
I have worked on experimental particle physics 
since 2015, searching for Higgs bosons at CERN, 
Europe’s particle-physics lab near Geneva, 
Switzerland, and now also working on the Deep 
Underground Neutrino Experiment (DUNE) 
in the United States. For this research, there’s 
one statistical test we’ve used for decades to 
confirm the existence of a new particle — the 
generalized likelihood ratio test (GLRT). This 
compares two models — a simple null hypoth-
esis, which includes no new particle or matter 
being discovered, and a more complicated 
alternative model, which includes a new par-
ticle with many possible values of strength. 

In December 2024, a couple of PhD students 
working with my collaborator, Ann Lee, a data 
scientist at Carnegie Mellon University in Pitts-
burgh, Pennsylvania, were confident they 
could disprove the assumption that the GLRT 
was optimal. In the corner of my mind, I hoped 
they would prove us wrong. I gave them one 
of the most famous Higgs boson data sets to 
play around with. By early 2025, they showed 
that, although our previous physics results 
weren’t wrong, our use of the GLRT wasn’t 
ideal because it assumed large sample sizes 

are always generated, which is often not the 
case. Instead, the test left valuable informa-
tion on the table. That day was special. I was 
still sceptical and I went through a battery of 
checks because I had to go back to my com-
munity and defend the PhD students’ work, 
but it was all correct. The paper is currently 
in review, receiving a great deal of scrutiny.

Together, we produced a statistical test that 
will drastically improve our ability to make 
discoveries in particle physics, for example 
in searches for a new particle such as dark mat-
ter, where we expect to see only a few signal 
events at best. As a scientist, I want deeply held 
beliefs to be questioned. It was a real shock to 
the particle-physics community. Young people 
find it exciting. Senior members are still highly 
sceptical, as they should be, but they are com-
ing around. As the DUNE experiment comes 
online, with this new statistical model in place, 
we hope to make precise measurements about 
neutrinos much sooner than anticipated.

Aishik Ghosh is a fundamental physicist at the 
Georgia Institute of Technology in Atlanta.

Magdalena River, which flows from the south of 
the country to the Caribbean Sea, brings chem-
icals and pollutants. It’s an ongoing ecological 
and social challenge, but these corals must be 
adapting to these conditions. We did a sampling 
campaign across three days with a boat, using 
environmental DNA to find areas where corals, 
sponges and fish successfully survive the condi-
tions. Most of the records are completely new 
for the region. It’s super gratifying. 

Rafik Tarek Neme Garrido is an evolutionary 
biologist at the University of the North in 
Barranquilla, Colombia.

TIM CURRAN
BURN  
PREDICTIONS
In my group, we test the flammability of plant 
species using a barbecue. The results can 
help with fire-mitigation policies and with 
understanding the evolution of flammability. 
As part of an outreach activity, we host school-
children at the university who haven’t had much 
exposure to academia before. We ask the kids 
to predict how a particular plant species will 
behave — for example, what characteristics 
will make it burn less or more — and then we 
see who is right. The kids get really into it. They 
ask amazing questions, the same kind that peer 
reviewers have asked us, including questioning 
our methodological assumptions, such as “why 
do you only blowtorch them for ten seconds?” 

Most of the really good days doing science 
have been associated with young students 
having a light-bulb moment. In the rather 
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Figure 10: Maximum likelihood estimator 𝐿o!-shell for di!erent Asimov pseudo-data with known value of 𝐿truth

o!-shell.
The error bar shows the estimate of the uncertainty from the limited number of MC events in the Asimov dataset,
which is introduced as a spurious signal uncertainty.

A total of 127 NPs are used in the measurement, no significant di!erences between the MLE estimates
𝑀̂𝐿 and the values of the auxiliary measurements 𝑁𝐿 are observed. A small di!erence between the
MLE estimate of the uncertainty in 𝑀̂𝐿 and 𝑂𝑀,𝐿 is observed for the NP associated with the soft-gluon
resummation uncertainty in 𝑃𝑃 → 𝑄𝑄 → 4𝑅 because its impact in the process normalization is large,
as described in Section 6.3. No other significant di!erences are observed. The observed and expected
values of the profile likelihood ratios 𝑆𝑁o!-shell are shown in Figure 11 as functions of 𝐿o!-shell for a variety
of scenarios, assuming 𝐿o!-shell = 𝑇

2
𝑂,o!-shell𝑇

2
𝑃 ,o!-shell = 𝑇

4
𝑃 ,o!-shell. Figure 11(a) compares the profile

likelihood ratio for the histogram-based [17] and the NSBI-based analyses, and shows the improved
constraints on 𝐿o!-shell obtained with the latter. Additional comparisons with the histogram-based analysis
are shown in Appendix B. Figure 11(b) compares the profile likelihood ratio for the NSBI-based analysis to
a variant where the NPs are fixed to the best-fit value 𝑀̂, reflecting only the statistical uncertainty on the data.
The comparison indicates that systematic uncertainties are more important for tests of signal-dominated
hypotheses (𝐿o!-shell > 1) than for tests of interference-dominated hypotheses (𝐿o!-shell < 1).

As is the case for the histogram-based analysis, the test statistic is not distributed as a 𝑈
2 probability density,

due to the double minima created by the interference terms and due to the constraint 𝐿o!-shell > 0 imposed
by the model of Eq. (3). Confidence intervals are built using the Neyman construction [102] (NC) instead
of relying on the asymptotic approximation. In the NC, pseudo-experiments are built by performing a
Poisson bootstrapping on the high-statistic reference sample [101, 103]. In each pseudo-experiment, the
bootstrapped weight of an event 𝑉𝑄 with weight 𝑊𝑄 in the reference sample is sampled from a Poisson
distribution with expected value 𝑊𝑄 (𝑋(𝐿, 𝑀̂)/𝑋ref) (𝑌(𝑉𝑄 |𝐿, 𝑀̂)/𝑌ref(𝑉)). The value of the AO 𝑁𝐿 associated
with each constrained NP 𝑀𝐿 is sampled from a Gaussian probability density Gaus(𝑁𝐿 |𝑀̂𝐿, 1) [89].

Figure 12 shows the expected distribution of 𝑆𝑁o!-shell=0 for the SM hypothesis (𝐿truth
o!-shell = 1) and the no

o!-shell Higgs boson hypothesis (𝐿truth
o!-shell = 0). The black and dashed blue vertical lines indicate the
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NSBI vs (published) histogram analysis

(a) (b)

Figure 11: (a) Values of the test statistic 𝐿𝐿o!-shell assuming a single parameter of interest 𝑀o!-shell obtained with an
Asimov dataset (expected, dashed blue) and with data (observed, solid black) in the 𝑁

→
↑ 𝑂𝑂 ↑ 4𝑃 decay channel.

The values from the histogram-based analysis [17] are added in dash-dotted lines for comparison. The dotted gray
lines show the 68% and 95% confidence belt, obtained from the Neyman construction. (b) Same values obtained
with data (observed, solid black) and Asimov dataset (expected, dashed blue) compared with the statistics-only case
with all NP fixed at their best-fit values 𝑄̂.

observed and expected values of 𝐿𝐿o!-shell=0, respectively.The red dash-dotted curve in Figure 12 shows
the expected distribution of 𝐿𝐿o!-shell=0 assuming the SM hypothesis (𝑀truth

o!-shell = 1). The 𝑅-value of the
observed value of 𝐿𝐿o!-shell=0 under the SM hypothesis is 0.11, corresponding to one-sided significance of
1.2𝑆. The green solid curve shows the shows the expected distribution of 𝐿𝐿o!-shell=0 assuming 𝑀

truth
o!-shell = 0

(no o!-shell Higgs boson hypothesis). The green dotted lines show the 𝑅-value thresholds corresponding
to the one-sided significance of 1𝑆 and 2𝑆 under this hypothesis. The evidence for o!-shell Higgs boson
production has an observed (expected) significance of 2.5𝑆 (1.3𝑆) using only the 𝑁

→
↑ 𝑂𝑂 ↑ 4𝑃 decay

channel. The evidence for o!-shell Higgs boson hypothesis has a larger significance than the one observed
(expected) in the previous histogram-based analysis [17] of the same dataset, which had a value of 0.8𝑆
(0.5𝑆).

Figure 13(a) shows the distribution of the probability density ratio 𝑅(𝑇 |𝑀o!-shell = 0, 𝑄̂)/𝑅(𝑇 |𝑀o!-shell = 1, 𝑄̂),
which is a near-optimal observable for 𝑀o!-shell = 0. The lower panel shows a comparison with the
distribution from the best-fit hypothesis depicting the data behavior that leads to the observed exclusion
of the no o!-shell Higgs boson hypothesis. The di!erence between the observed and expected values of
𝐿𝐿o!-shell=0 indicates that there are regions of phase-space where the data are more interference-like than
signal-like, as can be seen by the rightmost bins in Figure 13(a) where the observed deficit of events is
larger than expect. Given the small significance of the di!erence between expected and observed values of
𝐿𝐿o!-shell=0, it is di"cult to isolate a specific region of phase-space with this behavior.

Figure 13(b) shows the distribution of the quadruplet mass 𝑈4𝑀 and, in the lower panel, the comparison
with the best-fit hypothesis indicating that only the quadruplet mass information would not be enough to
obtain evidence of o!-shell Higgs boson production in this channels and the importance of the ME-based
analysis performed with the NSBI method. Further descriptions of the optimal observables can be found in
Appendix C.

Two methods are used to estimate the sensitivity of the measurement to di!erent systematic uncertainties.
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Positron discovery (1930s) 

Single event 

observed observed background
Njet events SVX tags tags expected
1 6578 40 50 ± 12
2 1026 34 21.2 ± 6.5
3 164 17 5.2 ± 1.7
→ 4 39 10 1.5 ± 0.4

Table 1: Number of lepton+jet events in the 67 pb−1 data sample along with the
numbers of SVX tags observed and the estimated background. Based on the excess
number of tags in events with → 3 jets, we expect an additional 0.5 and 5 tags from
tt̄ decay in the 1 and 2 jet bins respectively.

Channel: SVX SLT Dilepton
observed 27 tags 23 tags 6 events
expected background 6.7 ± 2.1 15.4 ± 2.0 1.3 ± 0.3
background probability 2 × 10−5 6 × 10−2 3 × 10−3

Table 2: The numbers of tags or events observed in the three channels along with the
expected background and the probability that the background would fluctuate to the
observed number or more.
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leading lepton pair are removed, is presented in Fig. 1.
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Figure 1: Invariant mass distribution of the sub-leading lepton pair
(m34) for a sample defined by the presence of a Z boson candidate and
an additional same-flavour electron or muon pair, for the combination
of
→
s = 7 TeV and

→
s = 8 TeV data in the entire phase-space of the

analysis after the kinematic selections described in the text. Isolation
and transverse impact parameter significance requirements are applied
to the leading lepton pair only. The MC is normalised to the data-
driven background estimations. The relatively small contribution of a
SM Higgs with mH = 125 GeV in this sample is also shown.

4.3. Systematic uncertainties
The uncertainties on the integrated luminosities are

determined to be 1.8% for the 7 TeV data and 3.6%
for the 8 TeV data using the techniques described in
Ref. [92].
The uncertainties on the lepton reconstruction and

identification efficiencies and on the momentum scale
and resolution are determined using samples of W,
Z and J/ψ decays [84, 85]. The relative uncertainty
on the signal acceptance due to the uncertainty on
the muon reconstruction and identification efficiency is
±0.7% (±0.5%/±0.5%) for the 4µ (2e2µ/2µ2e) chan-
nel for m4" = 600 GeV and increases to ±0.9%
(±0.8%/±0.5%) for m4" = 115 GeV. Similarly, the
relative uncertainty on the signal acceptance due to the
uncertainty on the electron reconstruction and identifi-
cation efficiency is ±2.6% (±1.7%/±1.8%) for the 4e
(2e2µ/2µ2e) channel for m4" = 600 GeV and reaches
±8.0% (±2.3%/±7.6%) for m4" = 115 GeV. The un-
certainty on the electron energy scale results in an un-
certainty of ±0.7% (±0.5%/±0.2%) on the mass scale
of the m4" distribution for the 4e (2e2µ/2µ2e) channel.
The impact of the uncertainties on the electron energy

resolution and on the muon momentum resolution and
scale are found to be negligible.
The theoretical uncertainties associated with the sig-

nal are described in detail in Section 8. For the SM
ZZ(∗) background, which is estimated from MC simula-
tion, the uncertainty on the total yield due to the QCD
scale uncertainty is ±5%, while the effect of the PDF
and αs uncertainties is ±4% (±8%) for processes initi-
ated by quarks (gluons) [53]. In addition, the depen-
dence of these uncertainties on the four-lepton invariant
mass spectrum has been taken into account as discussed
in Ref. [53]. Though a small excess of events is ob-
served for m4l > 160 GeV, the measured ZZ(∗) → 4"
cross section [93] is consistent with the SM theoreti-
cal prediction. The impact of not using the theoretical
constraints on the ZZ(∗) yield on the search for a Higgs
boson with mH < 2mZ has been studied in Ref. [87] and
has been found to be negligible . The impact of the in-
terference between a Higgs signal and the non-resonant
gg → ZZ(∗) background is small and becomes negligi-
ble for mH < 2mZ [94].
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Figure 2: The distribution of the four-lepton invariant mass, m4" , for
the selected candidates, compared to the background expectation in
the 80–250 GeV mass range, for the combination of the

→
s = 7 TeV

and
→
s = 8 TeV data. The signal expectation for a SM Higgs with

mH = 125 GeV is also shown.

4.4. Results
The expected distributions of m4" for the background

and for a Higgs boson signal with mH = 125 GeV are
compared to the data in Fig. 2. The numbers of ob-
served and expected events in a window of ±5 GeV
around mH = 125 GeV are presented for the combined
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(a) (b)

Figure 2: Calibration curves comparing ensemble estimated 𝐿(𝑀𝐿) with the expected value from binned MC simulated
samples, for the validation of the (a) 𝑁SBI1/𝑁ref and (b) 𝑁B/𝑁ref probability density ratio estimations. The residuals,
defined as the di!erence of the MC estimate and the NN estimate, are shown in the bottom panels. The error bars
indicate the uncertainty due to the finite number of simulated events in the MC estimate of the density ratio.

(a) (b)

Figure 3: The distribution of NN output for example events (in di!erent colors), calculated from an ensemble of
classifiers trained to separate B from S samples, evaluated on (a) seven example events from B and (b) seven example
events from S. A larger spread indicates a larger uncertainty in the NN score for the event from the ensemble.

13

Distribution of NN predictions for example events



66

Uncertainties on the NN models themselves
MIT-CTP/5874

Frequentist Uncertainties on Neural Density Ratios with wifi Ensembles

Sean Benevedes1, 2, → and Jesse Thaler1, 2, †

1Center for Theoretical Physics, Massachusetts Institute of Technology,
Cambridge, Massachusetts, United States

2The NSF AI Institute for Artificial Intelligence and Fundamental Interactions

We introduce wifi ensembles as a novel framework to obtain asymptotic frequentist uncertainties
on density ratios, with a particular focus on neural ratio estimation in the context of high-energy
physics. When the density ratio of interest is a likelihood ratio conditioned on parameters, wifi
ensembles can be used to perform simulation-based inference on those parameters, where uncertain-
ties on the weights wi can be straightforwardly propagated to the estimated parameters without
requiring extraneous bootstraps. To demonstrate this approach, we present an application in quan-
tum chromodynamics at the Large Hadron Collider, using wifi ensembles to estimate the likelihood
ratio between generated quark and gluon jets. We use this learned likelihood ratio to estimate the
quark fraction in a synthetic mixed quark/gluon sample, showing that the resultant uncertainties
empirically satisfy the desired coverage properties.
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I. INTRODUCTION

Machine learning is used ubiquitously in high-energy
physics (HEP) for a wide breadth of applications, includ-
ing jet tagging [1–6], anomaly detection [7–14], super-
vised searches for new physics [15–18], unfolding [19–28],
and generative modeling [29–37]; see Ref. [38] for a more
comprehensive bibliography. At the heart of many of
these use cases is density ratio estimation (DRE), which
is the task of inferring the ratio of two probability den-
sities given samples from each density but not the func-
tional form of the densities themselves. A paradigmatic
example of DRE in HEP is for classification tasks like jet
tagging: according to the Neyman-Pearson lemma [39],
the optimal binary classifier is given by any monotonic
function of the density ratio of the two likelihoods. The
ratio of two densities can also be used to reweight sam-
ples from one density to obtain samples from the other,
as is relevant for detector unfolding (see e.g. [19]). The
primary application we consider here is for parameter es-
timation, where DRE is the foundation for various tech-
niques in simulation-based inference (SBI) [40].

In practice, DRE is performed with a finite amount of
data and compute, so the resultant point estimate of the
density ratio will not be exactly equal to the true value.
This discrepancy should be quantified as an uncertainty
and propagated to downstream applications; see Ref. [41]
for case studies where parameter estimation is unreliable
due to mismodeling of the density ratio. To the best of
our knowledge, there are no existing frequentist meth-
ods that rigorously assess uncertainties on neural density
ratios directly. Rather, the state of the art for SBI in
HEP is to perform the Neyman construction [42], where
one treats the estimated density ratio as an arbitrary test
statistic and uses bootstrapping to determine its empir-
ical distribution. While the Neyman construction pro-
duces statistically rigorous uncertainties for downstream
parameter inference, it is computationally expensive due
to the requisite bootstrapping, and it does not provide a
notion of uncertainty on the density ratio itself.

• Genuine 95% coverage, with much smaller ensembles 
• Elegant, mathematically motivated method to estimate 

uncertainties 

arXiv:2506.00113: Benevedes & Thaler
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FIG. 1. For the Gaussian case study, coverage c(z) of a zω confidence interval for the density ratio log r for the Partition and
Bootstrap training protocols from Sec. IIIA. Each quadrant corresponds to a di!erent ensemble size M → {2, 4, 8, 16}, and each
color corresponds to a di!erent training methodology. Coverage is estimated through Ntrials = 300 trials, the solid lines are
means over Ntrainings = 10 trainings, and the shaded regions correspond to the standard error over the trainings. The dashed
line corresponds to ideal coverage, c(z) = c̄(z); the region above the dashed line corresponds to overcoverage, and the region
below the dashed line corresponds to undercoverage. In each quadrant, the upper panel shows the coverage c(z) and the lower
panel shows the residual coverage c(z)↑ c̄(z).
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(a) (b)

Figure 2: Calibration curves comparing ensemble estimated 𝐿(𝑀𝐿) with the expected value from binned MC simulated
samples, for the validation of the (a) 𝑁SBI1/𝑁ref and (b) 𝑁B/𝑁ref probability density ratio estimations. The residuals,
defined as the di!erence of the MC estimate and the NN estimate, are shown in the bottom panels. The error bars
indicate the uncertainty due to the finite number of simulated events in the MC estimate of the density ratio.

(a) (b)

Figure 3: The distribution of NN output for example events (in di!erent colors), calculated from an ensemble of
classifiers trained to separate B from S samples, evaluated on (a) seven example events from B and (b) seven example
events from S. A larger spread indicates a larger uncertainty in the NN score for the event from the ensemble.
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Distribution of NN predictions for example events
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Figure 1: Distributions of the signal (red) and background in the sideband region (blue)

and signal regions (green). In the top plot the dashed red lines denote the boundaries of

the signal region defined by mωω . The distributions of background events in the signal and

sideband regions are seen to be similar but with visible di!erences, which will be learned

by the interpolation aspect of the HI-SIGMA approach.
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Appendix A: Experimental setup

Over its run, an experiment measures events generated
via signal and background physics processes. Large-scale
simulations of these processes yield template histograms
that define the expected counts of signal and background
events as functions of relevant observables. We denote
these histograms ωpLq and εpLq for the signal and back-
ground distributions, respectively, where L is the lumi-
nosity (a measure of total count) of the experiment. We
model the number of events that fall into each histogram
bin as a Poisson distribution. That is, the likelihood of
the number of events D “ pN1, N2, . . . , Ndq in d bins has
the form

ppD|µ,ω,εq “

d!

i“1

fpNi;µωi ` εiq, (A1)

where µ ! 0 represents the signal strength, and fpN ;ϑq

denotes the probability mass function for a Poisson dis-
tribution with rate ϑ. We refer to each realization of D
as a pseudo-experiment (PE).

The above “counting experiment” model convention is
widely used for making likelihood-free inference tractable
in cases where rare or exotic events are mixed with a rel-
atively high volume of background events [35, 36]. In this
Letter, we follow the standard convention of histogram
analyses for such counting experiments.

1. Implementation of test statistics

We evaluate our test statistics on a grid of null parame-
ters µ0 from ! “ r0, 10s in our main results for the Higgs
experiment (Section IIIA), and from r0, 40s for the LZ-
inspired experiment (Section III B). The grid is always
of a resolution of at least 1 point per 0.04 units in µ.
In Figures 1 and 2, we display results only on r0, 4s for
Higgs and r0, 15s for LZ-inspired for the clear comparison
of details.

For computing the LRS (Eq. 1), we replace ! in the
denominator with an extended parameter space,

r! “ rminp!q ´ 1,maxp!q ` 1s. (A2)

This adjustment mitigates the e”ect of the boundary on
the distribution of the LRS itself, independent of the
method used for critical value estimation. The bound-
ary e”ect arises because Wilks’ theorem, which guaran-
tees that the critical values remain constant across the
parameter space for LRS and large sample sizes (as in
Figure 1 top), only holds for interior points [37, 38]. To
ensure that the likelihood is well defined on µ " 0, we
amend Eq. A1 to express

ppD|µ,ω,εq “

d!

i“1

fpNi; |µωi ` εi|q (A3)

Figure 4. Template 2D histograms for the LZ-inspired
dataset, showing the signal (nuclear recoil, NR; left) and back-
ground (electronic recoil, ER; right). Each histogram has 10
bins along both axes.

with positive rate. The supremum is computed us-
ing scipy’s implementation of the bounded Brent rou-
tine [39].

2. LZ-inspired dataset

We construct a dataset with signal and background
shapes visually similar to those in Fig. 3 of Ref. [3]. Tem-
plate histograms are generated using the nestpy Python
interface (v2.0.4) to the NEST simulator (v2.4.0). The
Lux Run03 detector binding is adapted for this study,
with the default parameter values used to determine the
background electronic recoil (ER) template histogram
and with set values of g1 “ 0.092 and g

gas
1 “ 0.076 for the

signal nuclear recoil (NR) histogram. These values were
chosen to visually match the 40 GeV WIMP signal dis-
tribution in Ref. [3]. The resulting histograms are shown
in Fig. 4. more detailed reproduction of the LZ setup or
the use of o#cial LZ simulation samples is beyond the
scope of this Letter.

Appendix B: Quantile regression

To perform quantile regression, we generate pseudo-
experiments to create a calibration dataset T “

tpµ1,D1q, . . . , pµB ,DBqu according to Eq. A1 from µi „

Unifpr!q, where r! is given by Eq. A2. For a code im-
plementation of the Neyman construction using prob-
abilistic regression along with examples for a range of
test statistics, refer to https://github.com/lee-group-
cmu/lf2i [12].

Signal template

Background template

Simulated to mimic latest LZ data

https://arxiv.org/abs/2507.17831
https://journals.aps.org/prl/abstract/10.1103/4dyc-z8zf
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ing scipy’s implementation of the bounded Brent rou-
tine [39].

2. LZ-inspired dataset

We construct a dataset with signal and background
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plate histograms are generated using the nestpy Python
interface (v2.0.4) to the NEST simulator (v2.4.0). The
Lux Run03 detector binding is adapted for this study,
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background electronic recoil (ER) template histogram
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to set upper limits  on WIMP signal

μ = 0
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sis scenario inspired by the search for WIMPs at the LZ
experiment [25]. For our study, we construct a simplified
dataset that mirrors the signal and background densi-
ties, as well as the sample size, of the recent LZ dark
matter search [3]. The default hypothesis is that these
dark matter candidates do not exist, corresponding to
µ

˚
“ 0; exclusion of this hypothesis would constitute a

discovery. For this reason, our focus functions are cen-
tered at m “ 0. In this study, we let ! “ r0, 40s; the
focus function is thus truncated below at 0.

1. Dataset

We produce synthetic data mimicking the full dataset
that passes selection cuts (as seen in [3, Fig. 3]) relat-
ing densities of background and 40 GeV WIMP mod-
els (see Appendix A 2 for details). For consistency with
the previous example, we use two-dimensional histograms
for density estimation, although these can readily be re-
placed with an analytical model for the density, when
they are available in dark matter experiments [26]. The
resulting 2D template histograms for the signal and back-
ground distributions are given in two observables, S1 and
log10pS2q, representing the light from prompt vacuum ul-
traviolet scintillation and delayed electroluminescence in
the detector (see Fig. 4 in Appendix A 2). The simu-
lated data are normalized such that when µ

˚
“ 1, there

are 1,200 background events per 1 signal event. The
NEST simulator [27] was used to generate the template
histograms.

2. Results

In Figure 2b we find that FTS improves on LRS across
the range of 0 ! µ

˚
! 15 with both wide (s “ 6.0) and

narrow (s “ 3.0) focus functions. Table I (bottom two
rows) shows that FTS with wide focus provides a median
length 22% shorter than LRS for a 68% confidence level
in the setting where µ

˚
“ 0. With narrow focus, the

FTS intervals are 35% shorter. As a result, we would
expect a true negative search to conclude sooner with
our method relative to the LRS-based method, on aver-
age. Furthermore, FTS maintains an advantage over LRS
when µ

˚
‰ 0. When µ

˚
“ 1, the median 68% confidence

interval lengths for FTS are still 25% shorter than LRS
intervals when using wide focus and 34% with narrow fo-
cus. If WIMPs exist, our method would find evidence for
them sooner by excluding the default hypothesis using
less data. See Appendix C for a discussion on setting up-
per and lower limits. As in the Higgs case, the absolute
gains in median interval length are similar for 68% and
95% confidence levels. For µ

˚
“ 0, there is 17% reduc-

tion for FTS-wide, 19% for FTS-narrow; and for µ˚
“ 1,

a 16% reduction for FTS-wide and 16% for FTS-narrow.

Figure 2. Lengths of confidence intervals. (a, left) Re-
sults for the Higgs measurement with wide focus (s “ 2.4).
The thick lines represent the median interval length with the
uncertainty bands denoting 25% and 75% quantiles of the
length distribution. FTS (blue) yields 13% shorter intervals
than LRS (orange) near the focus center (m “ 1). (a, right)
For a narrow focus (s “ 1.2), FTS intervals are about 25%
shorter. That advantage is maintained even at a modest dis-
tance from the center, e.g. near µ˚ “ 2. (b, left-right) For
the LZ-inspired search, the intervals are shorter across the do-
main of our search. Near µ˚ “ 0, the FTS intervals are about
35% shorter with wide focus than LRS, and 22% shorter with
narrow focus.

Setting Test statistic
Experiment µ˚ LRS FTS-wide FTS-narrow

Higgs (mass) 1.0 1.08 (2.01) 0.94 (1.89) 0.85 (1.79)
Higgs (vis. mass) 1.0 1.26 (2.31) 1.10 (2.17) 0.98 (2.08)

LZ-inspired 0.0 5.99 (13.87) 4.68 (11.47) 3.89 (11.29)
LZ-inspired 1.0 7.08 (15.18) 5.29 (12.82) 4.68 (12.75)

Table I. Median confidence interval length (in units of µ) at
the 68% (95%) confidence level. For the Higgs examples, the
focus center is m “ 1.0; the focus widths are s “ 2.4 for FTS-
wide, and s “ 1.2 for FTS-narrow. For LZ-inspired examples,
the focus center is m “ 0; s “ 6.0 for FTS-wide, and s “ 3.0
for FTS-narrow. In each setting, the best result (the shortest
median interval length) is bold-faced.

IV. DISCUSSION AND CONCLUSION

In this Letter, we propose the focus test statistic (FTS;
Equation 3) as a drop-in replacement for the likelihood
ratio statistic (LRS; Equation 1), which is widely used
in high-energy physics for both parameter measurements
and searches for new phenomena. These analyses rely
on composite hypotheses, where the Neyman–Pearson
lemma does not guarantee optimality of the LRS across
the parameter space. In two proof-of-concept studies, a

Numbers represent length of confidence intervals for   ( )1σ 2σ

Using reconstructed 
Higgs mass as 
observable to 
construct histogram

Using visible energy 
as observable
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! 15 with both wide (s “ 6.0) and

narrow (s “ 3.0) focus functions. Table I (bottom two
rows) shows that FTS with wide focus provides a median
length 22% shorter than LRS for a 68% confidence level
in the setting where µ

˚
“ 0. With narrow focus, the

FTS intervals are 35% shorter. As a result, we would
expect a true negative search to conclude sooner with
our method relative to the LRS-based method, on aver-
age. Furthermore, FTS maintains an advantage over LRS
when µ

˚
‰ 0. When µ

˚
“ 1, the median 68% confidence

interval lengths for FTS are still 25% shorter than LRS
intervals when using wide focus and 34% with narrow fo-
cus. If WIMPs exist, our method would find evidence for
them sooner by excluding the default hypothesis using
less data. See Appendix C for a discussion on setting up-
per and lower limits. As in the Higgs case, the absolute
gains in median interval length are similar for 68% and
95% confidence levels. For µ

˚
“ 0, there is 17% reduc-

tion for FTS-wide, 19% for FTS-narrow; and for µ˚
“ 1,

a 16% reduction for FTS-wide and 16% for FTS-narrow.

Figure 2. Lengths of confidence intervals. (a, left) Re-
sults for the Higgs measurement with wide focus (s “ 2.4).
The thick lines represent the median interval length with the
uncertainty bands denoting 25% and 75% quantiles of the
length distribution. FTS (blue) yields 13% shorter intervals
than LRS (orange) near the focus center (m “ 1). (a, right)
For a narrow focus (s “ 1.2), FTS intervals are about 25%
shorter. That advantage is maintained even at a modest dis-
tance from the center, e.g. near µ˚ “ 2. (b, left-right) For
the LZ-inspired search, the intervals are shorter across the do-
main of our search. Near µ˚ “ 0, the FTS intervals are about
35% shorter with wide focus than LRS, and 22% shorter with
narrow focus.

Setting Test statistic
Experiment µ˚ LRS FTS-wide FTS-narrow

Higgs (mass) 1.0 1.08 (2.01) 0.94 (1.89) 0.85 (1.79)
Higgs (vis. mass) 1.0 1.26 (2.31) 1.10 (2.17) 0.98 (2.08)

LZ-inspired 0.0 5.99 (13.87) 4.68 (11.47) 3.89 (11.29)
LZ-inspired 1.0 7.08 (15.18) 5.29 (12.82) 4.68 (12.75)

Table I. Median confidence interval length (in units of µ) at
the 68% (95%) confidence level. For the Higgs examples, the
focus center is m “ 1.0; the focus widths are s “ 2.4 for FTS-
wide, and s “ 1.2 for FTS-narrow. For LZ-inspired examples,
the focus center is m “ 0; s “ 6.0 for FTS-wide, and s “ 3.0
for FTS-narrow. In each setting, the best result (the shortest
median interval length) is bold-faced.

IV. DISCUSSION AND CONCLUSION

In this Letter, we propose the focus test statistic (FTS;
Equation 3) as a drop-in replacement for the likelihood
ratio statistic (LRS; Equation 1), which is widely used
in high-energy physics for both parameter measurements
and searches for new phenomena. These analyses rely
on composite hypotheses, where the Neyman–Pearson
lemma does not guarantee optimality of the LRS across
the parameter space. In two proof-of-concept studies, a

Numbers represent length of confidence intervals for   ( )1σ 2σ

Using reconstructed 
Higgs mass as 
observable to 
construct histogram

Using visible energy 
as observable

Would be interesting to study gains for specific analyses!
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How to choose a focus function?
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Conservative strategy: 
• Could choose based on previous measurement (ATLAS example used this strategy for ‘wide focus’) 

• Could come from theoretical / conceptual argument, eg. An angle must be within  

Optimised strategy: 
• Study sensitivity on simulated samples for a range of focus 
• Choose based on your physics priorities, eg. measurements and searches will have different strategies 
• Must freeze focus function before unblinding data 

Do you have more wacky ideas for a focus?

[0,2π]

https://arxiv.org/abs/2507.17831
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Numbers represent length of confidence intervals for   ( )1σ 2σ

Consistently larger lower bounds if signal exits, smaller 
upper bounds when it doesn’t
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µ˚ LRS FTS, wide FTS, narrow
0.0 4.97 (12.59) 4.25 (10.98) 2.73 (11.14)

Table II. Median upper bound for LZ-inspired experiment (in
units of µ) when there is no signal, µ˚ “ 0, at confidence level
68% (95%). The best result (the lowest median upper bound)
is bold-faced.

µ˚ LRS FTS, wide FTS, narrow
10.0 0.0 (0.0) 2.08 (0.0) 1.60 (0.0)

Table III. Median lower bound for LZ-inspired experiment (in
units of µ) when the signal strength µ˚ “ 10.0, at confidence
level 68% (95%). The best result (the highest median lower
bound) is bold-faced.

Algorithm 1: Estimate critical values Cµ0 for a
level-ω test
Data: test statistic T pD;µq; calibration data

T “ tpµ1, D1q, . . . , pµB , DBqu; quantile
regression estimator; level ω P p0, 1q

Result: estimated critical values pCµ0 for all
µ0 P !

Set rTcal ! H;
for i P t1, . . . , Bu do

Compute test statistic ti ! T pDi;µiq;
rTcal ! rTcal Y tpµi, tiqu;

Use rTcal to learn the conditional quantile function
pCµ “ pF´1

T |µpω|µq via quantile regression of T on µ;

return pCµ0

Appendix C: Upper and lower limits for LZ-inspired
experiment

For the LZ-inspired search, it is interesting to study
the upper limits when there is no signal (i.e. µ

˚
“ 0)

and lower limits when there is a signal (i.e. µ
˚

‰ 0).
Figure 5 compares the upper and lower bounds for these
respective scenarios for LRS and FTS. These results for
the no-signal scenario are summarized in Table II and
results for a scenario where the signal does exist with
µ

˚
“ 10 is summarized in Table III. We find that when

there is no signal, FTS is able to set tighter upper bounds,
and when there is signal, FTS is able to set higher lower
bounds compared to LRS.

Figure 5. Distributions of the upper and the lower bounds
of 68% confidence intervals for the LZ-inspired study, shown
as box plots — the median values are represented by circles
(or stars) with the 25th and 75th percentiles of each distri-
bution connected with a line. LRS (orange) is compared to
FTS with wide focus (blue) over pseudo-experiments across
di!erent values of µ˚ (x-axis). Both the median upper bound
and the median lower bound are closer to the bisector for
FTS than LRS, which is consistent with tighter parameter
constraints.
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Table II. Median upper bound for LZ-inspired experiment (in
units of µ) when there is no signal, µ˚ “ 0, at confidence level
68% (95%). The best result (the lowest median upper bound)
is bold-faced.

µ˚ LRS FTS, wide FTS, narrow
10.0 0.0 (0.0) 2.08 (0.0) 1.60 (0.0)

Table III. Median lower bound for LZ-inspired experiment (in
units of µ) when the signal strength µ˚ “ 10.0, at confidence
level 68% (95%). The best result (the highest median lower
bound) is bold-faced.
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level-ω test
Data: test statistic T pD;µq; calibration data

T “ tpµ1, D1q, . . . , pµB , DBqu; quantile
regression estimator; level ω P p0, 1q

Result: estimated critical values pCµ0 for all
µ0 P !

Set rTcal ! H;
for i P t1, . . . , Bu do

Compute test statistic ti ! T pDi;µiq;
rTcal ! rTcal Y tpµi, tiqu;

Use rTcal to learn the conditional quantile function
pCµ “ pF´1

T |µpω|µq via quantile regression of T on µ;

return pCµ0
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experiment

For the LZ-inspired search, it is interesting to study
the upper limits when there is no signal (i.e. µ

˚
“ 0)

and lower limits when there is a signal (i.e. µ
˚

‰ 0).
Figure 5 compares the upper and lower bounds for these
respective scenarios for LRS and FTS. These results for
the no-signal scenario are summarized in Table II and
results for a scenario where the signal does exist with
µ

˚
“ 10 is summarized in Table III. We find that when

there is no signal, FTS is able to set tighter upper bounds,
and when there is signal, FTS is able to set higher lower
bounds compared to LRS.

Figure 5. Distributions of the upper and the lower bounds
of 68% confidence intervals for the LZ-inspired study, shown
as box plots — the median values are represented by circles
(or stars) with the 25th and 75th percentiles of each distri-
bution connected with a line. LRS (orange) is compared to
FTS with wide focus (blue) over pseudo-experiments across
di!erent values of µ˚ (x-axis). Both the median upper bound
and the median lower bound are closer to the bisector for
FTS than LRS, which is consistent with tighter parameter
constraints.

Upper bounds when there is no signal:

Lower bounds when there is a signal:

https://arxiv.org/abs/2507.17831
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Table II. Median upper bound for LZ-inspired experiment (in
units of µ) when there is no signal, µ˚ “ 0, at confidence level
68% (95%). The best result (the lowest median upper bound)
is bold-faced.

µ˚ LRS FTS, wide FTS, narrow
10.0 0.0 (0.0) 2.08 (0.0) 1.60 (0.0)

Table III. Median lower bound for LZ-inspired experiment (in
units of µ) when the signal strength µ˚ “ 10.0, at confidence
level 68% (95%). The best result (the highest median lower
bound) is bold-faced.

Algorithm 1: Estimate critical values Cµ0 for a
level-ω test
Data: test statistic T pD;µq; calibration data

T “ tpµ1, D1q, . . . , pµB , DBqu; quantile
regression estimator; level ω P p0, 1q

Result: estimated critical values pCµ0 for all
µ0 P !

Set rTcal ! H;
for i P t1, . . . , Bu do

Compute test statistic ti ! T pDi;µiq;
rTcal ! rTcal Y tpµi, tiqu;

Use rTcal to learn the conditional quantile function
pCµ “ pF´1

T |µpω|µq via quantile regression of T on µ;

return pCµ0

Appendix C: Upper and lower limits for LZ-inspired
experiment

For the LZ-inspired search, it is interesting to study
the upper limits when there is no signal (i.e. µ

˚
“ 0)

and lower limits when there is a signal (i.e. µ
˚

‰ 0).
Figure 5 compares the upper and lower bounds for these
respective scenarios for LRS and FTS. These results for
the no-signal scenario are summarized in Table II and
results for a scenario where the signal does exist with
µ

˚
“ 10 is summarized in Table III. We find that when

there is no signal, FTS is able to set tighter upper bounds,
and when there is signal, FTS is able to set higher lower
bounds compared to LRS.

Figure 5. Distributions of the upper and the lower bounds
of 68% confidence intervals for the LZ-inspired study, shown
as box plots — the median values are represented by circles
(or stars) with the 25th and 75th percentiles of each distri-
bution connected with a line. LRS (orange) is compared to
FTS with wide focus (blue) over pseudo-experiments across
di!erent values of µ˚ (x-axis). Both the median upper bound
and the median lower bound are closer to the bisector for
FTS than LRS, which is consistent with tighter parameter
constraints.

Upper bounds

LRS

Lower bounds

Numbers represent length of confidence intervals for   ( )1σ 2σ

Consistently larger lower bounds if signal exits, smaller 
upper bounds when it doesn’t
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Table II. Median upper bound for LZ-inspired experiment (in
units of µ) when there is no signal, µ˚ “ 0, at confidence level
68% (95%). The best result (the lowest median upper bound)
is bold-faced.

µ˚ LRS FTS, wide FTS, narrow
10.0 0.0 (0.0) 2.08 (0.0) 1.60 (0.0)

Table III. Median lower bound for LZ-inspired experiment (in
units of µ) when the signal strength µ˚ “ 10.0, at confidence
level 68% (95%). The best result (the highest median lower
bound) is bold-faced.

Algorithm 1: Estimate critical values Cµ0 for a
level-ω test
Data: test statistic T pD;µq; calibration data

T “ tpµ1, D1q, . . . , pµB , DBqu; quantile
regression estimator; level ω P p0, 1q

Result: estimated critical values pCµ0 for all
µ0 P !

Set rTcal ! H;
for i P t1, . . . , Bu do

Compute test statistic ti ! T pDi;µiq;
rTcal ! rTcal Y tpµi, tiqu;

Use rTcal to learn the conditional quantile function
pCµ “ pF´1

T |µpω|µq via quantile regression of T on µ;

return pCµ0
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experiment

For the LZ-inspired search, it is interesting to study
the upper limits when there is no signal (i.e. µ

˚
“ 0)

and lower limits when there is a signal (i.e. µ
˚

‰ 0).
Figure 5 compares the upper and lower bounds for these
respective scenarios for LRS and FTS. These results for
the no-signal scenario are summarized in Table II and
results for a scenario where the signal does exist with
µ

˚
“ 10 is summarized in Table III. We find that when

there is no signal, FTS is able to set tighter upper bounds,
and when there is signal, FTS is able to set higher lower
bounds compared to LRS.

Figure 5. Distributions of the upper and the lower bounds
of 68% confidence intervals for the LZ-inspired study, shown
as box plots — the median values are represented by circles
(or stars) with the 25th and 75th percentiles of each distri-
bution connected with a line. LRS (orange) is compared to
FTS with wide focus (blue) over pseudo-experiments across
di!erent values of µ˚ (x-axis). Both the median upper bound
and the median lower bound are closer to the bisector for
FTS than LRS, which is consistent with tighter parameter
constraints.
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µ˚ LRS FTS, wide FTS, narrow
0.0 4.97 (12.59) 4.25 (10.98) 2.73 (11.14)

Table II. Median upper bound for LZ-inspired experiment (in
units of µ) when there is no signal, µ˚ “ 0, at confidence level
68% (95%). The best result (the lowest median upper bound)
is bold-faced.

µ˚ LRS FTS, wide FTS, narrow
10.0 0.0 (0.0) 2.08 (0.0) 1.60 (0.0)

Table III. Median lower bound for LZ-inspired experiment (in
units of µ) when the signal strength µ˚ “ 10.0, at confidence
level 68% (95%). The best result (the highest median lower
bound) is bold-faced.

Algorithm 1: Estimate critical values Cµ0 for a
level-ω test
Data: test statistic T pD;µq; calibration data

T “ tpµ1, D1q, . . . , pµB , DBqu; quantile
regression estimator; level ω P p0, 1q

Result: estimated critical values pCµ0 for all
µ0 P !

Set rTcal ! H;
for i P t1, . . . , Bu do

Compute test statistic ti ! T pDi;µiq;
rTcal ! rTcal Y tpµi, tiqu;

Use rTcal to learn the conditional quantile function
pCµ “ pF´1

T |µpω|µq via quantile regression of T on µ;

return pCµ0

Appendix C: Upper and lower limits for LZ-inspired
experiment

For the LZ-inspired search, it is interesting to study
the upper limits when there is no signal (i.e. µ

˚
“ 0)

and lower limits when there is a signal (i.e. µ
˚

‰ 0).
Figure 5 compares the upper and lower bounds for these
respective scenarios for LRS and FTS. These results for
the no-signal scenario are summarized in Table II and
results for a scenario where the signal does exist with
µ

˚
“ 10 is summarized in Table III. We find that when

there is no signal, FTS is able to set tighter upper bounds,
and when there is signal, FTS is able to set higher lower
bounds compared to LRS.

Figure 5. Distributions of the upper and the lower bounds
of 68% confidence intervals for the LZ-inspired study, shown
as box plots — the median values are represented by circles
(or stars) with the 25th and 75th percentiles of each distri-
bution connected with a line. LRS (orange) is compared to
FTS with wide focus (blue) over pseudo-experiments across
di!erent values of µ˚ (x-axis). Both the median upper bound
and the median lower bound are closer to the bisector for
FTS than LRS, which is consistent with tighter parameter
constraints.

Upper bounds when there is no signal:

Lower bounds when there is a signal:
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RooFit integration of FTS in development

FTS soon to be available in convenient software packages like RooFit

Currently led by students Jinbo 
Zhang & Daniel Zhang, based on 
xRooFit setup by Will Buttinger
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Raw data Low-dimensional 
summary

The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.
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T distribution for the 2✓2a channel are shown in Figure 5
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.

300 400 500 600 700 800 900 1000
 [GeV]4lm

1

10

210

310

410

510

610

Ev
en

ts

Data

Systematic uncertainties

 ZZ→qq 

) ZZ→ (H* →gg 

Other Backgrounds

) ZZ+2j→ (H* →qq 

ATLAS
-1 = 13 TeV, 139.0 fbs

300 400 500 600 700 800 900 1000
 [GeV]4lm

0.5
1

1.5

Da
ta

 / 
Ex

p.
 

(a)

200 400 600 800 1000 1200 1400 1600 1800 2000
 [GeV]ZZ

Tm

1−10

1

10

210

310

410

510

610

Ev
en

ts

Data
Systematic uncertainties

 ZZ→qq 
WZ

) ZZ→ (H* →gg 

+WWtt
Z+jets

Other Backgrounds

) ZZ+2j→ (H* →qq 

ATLAS
-1 = 13 TeV, 139.0 fbs

200 400 600 800 1000 1200 1400 1600 1800 2000
 [GeV]ZZ

Tm

0.5
1

1.5

Da
ta

 / 
Ex

p.
 

(b)

Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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Figure 4: (a) Distribution of the test statistic 𝐿𝐿=0.0 for the case 𝑀
→ = 0.0 and (b) distribution of 𝐿𝐿=1.0 for the case

with 𝑀
→ = 1.0. Each distribution is estimated with 15 000 pseudo-experiments. The confidence intervals (CI) are

built using a Neyman construction by integrating up to 68.27% (vertical dashed yellow line) and 95.45% (vertical
dash-dotted red line) of the distribution.

where 𝑁rwt-ref(𝑂𝑀) is the probability density and 𝑃rwt-ref is the rate for the reweight-reference sample. The
probability density ratio 𝑁(𝑂𝑀 |𝑀)/𝑁rwt-ref(𝑂𝑀) can be obtained from ensembles specifically trained for the
reweighting procedure, following the same prescription as for the networks used for inference. The
estimates can be validated using the same diagnostics described in Section 4, and the new samples are
thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].

6.3 Confidence intervals

Once the pseudo-experiments are generated, the confidence intervals are built following the Neyman
construction [50]. For the analysis described in Section 3, the distribution of 𝑁(𝐿𝐿 |𝑀), representing the test
statistic 𝐿𝐿 for pseudo-experiments generated at a fixed value of 𝑀, is used to determine the one and two
standard-deviation confidence intervals as functions of 𝑀. In each pseudo-experiment, the values of the
AOs 𝑄𝑁 are sampled from the constraint density. The distribution of the test statistic values over many
pseudo-experiments is shown in Figure 4 with a 𝑀 of 1. This procedure is repeated over the range of 𝑀 to
construct complete confidence bands as shown in Figure 5. The shapes of these bands deviate slightly from
the asymptotic 𝑅

2 distribution in which the 68.27% and 95.45% confidence intervals would be defined
exacly at 𝐿𝐿 = 1 and 𝐿𝐿 = 4. In the case of the o!-shell Higgs production analysis, the deviation comes
from the non-linear parametrization used in the o!-shell Higgs boson production measurement [17], and
are not specifically a feature of NSBI.

The formalism discussed in this section lends itself to further tests for robustness on samples generated
by shifting multiple NPs simultaneously and verifying that the confidence bands remain well-behaved in
such scenarios. Such samples can be generated by a reweighting procedure similar to the one described in
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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Figure 4: (a) Distribution of the test statistic 𝐿𝐿=0.0 for the case 𝑀
→ = 0.0 and (b) distribution of 𝐿𝐿=1.0 for the case

with 𝑀
→ = 1.0. Each distribution is estimated with 15 000 pseudo-experiments. The confidence intervals (CI) are

built using a Neyman construction by integrating up to 68.27% (vertical dashed yellow line) and 95.45% (vertical
dash-dotted red line) of the distribution.

where 𝑁rwt-ref(𝑂𝑀) is the probability density and 𝑃rwt-ref is the rate for the reweight-reference sample. The
probability density ratio 𝑁(𝑂𝑀 |𝑀)/𝑁rwt-ref(𝑂𝑀) can be obtained from ensembles specifically trained for the
reweighting procedure, following the same prescription as for the networks used for inference. The
estimates can be validated using the same diagnostics described in Section 4, and the new samples are
thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].

6.3 Confidence intervals

Once the pseudo-experiments are generated, the confidence intervals are built following the Neyman
construction [50]. For the analysis described in Section 3, the distribution of 𝑁(𝐿𝐿 |𝑀), representing the test
statistic 𝐿𝐿 for pseudo-experiments generated at a fixed value of 𝑀, is used to determine the one and two
standard-deviation confidence intervals as functions of 𝑀. In each pseudo-experiment, the values of the
AOs 𝑄𝑁 are sampled from the constraint density. The distribution of the test statistic values over many
pseudo-experiments is shown in Figure 4 with a 𝑀 of 1. This procedure is repeated over the range of 𝑀 to
construct complete confidence bands as shown in Figure 5. The shapes of these bands deviate slightly from
the asymptotic 𝑅

2 distribution in which the 68.27% and 95.45% confidence intervals would be defined
exacly at 𝐿𝐿 = 1 and 𝐿𝐿 = 4. In the case of the o!-shell Higgs production analysis, the deviation comes
from the non-linear parametrization used in the o!-shell Higgs boson production measurement [17], and
are not specifically a feature of NSBI.

The formalism discussed in this section lends itself to further tests for robustness on samples generated
by shifting multiple NPs simultaneously and verifying that the confidence bands remain well-behaved in
such scenarios. Such samples can be generated by a reweighting procedure similar to the one described in
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
2 9
3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.

300 400 500 600 700 800 900 1000
 [GeV]4lm

1

10

210

310

410

510

610

Ev
en

ts

Data

Systematic uncertainties

 ZZ→qq 

) ZZ→ (H* →gg 

Other Backgrounds

) ZZ+2j→ (H* →qq 

ATLAS
-1 = 13 TeV, 139.0 fbs

300 400 500 600 700 800 900 1000
 [GeV]4lm

0.5
1

1.5

Da
ta

 / 
Ex

p.
 

(a)

200 400 600 800 1000 1200 1400 1600 1800 2000
 [GeV]ZZ

Tm

1−10

1

10

210

310

410

510

610

Ev
en

ts

Data
Systematic uncertainties

 ZZ→qq 
WZ

) ZZ→ (H* →gg 

+WWtt
Z+jets

Other Backgrounds

) ZZ+2j→ (H* →qq 

ATLAS
-1 = 13 TeV, 139.0 fbs

200 400 600 800 1000 1200 1400 1600 1800 2000
 [GeV]ZZ

Tm

0.5
1

1.5

Da
ta

 / 
Ex

p.
 

(b)

Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9
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3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
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negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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Figure 4: (a) Distribution of the test statistic 𝐿𝐿=0.0 for the case 𝑀
→ = 0.0 and (b) distribution of 𝐿𝐿=1.0 for the case

with 𝑀
→ = 1.0. Each distribution is estimated with 15 000 pseudo-experiments. The confidence intervals (CI) are

built using a Neyman construction by integrating up to 68.27% (vertical dashed yellow line) and 95.45% (vertical
dash-dotted red line) of the distribution.

where 𝑁rwt-ref(𝑂𝑀) is the probability density and 𝑃rwt-ref is the rate for the reweight-reference sample. The
probability density ratio 𝑁(𝑂𝑀 |𝑀)/𝑁rwt-ref(𝑂𝑀) can be obtained from ensembles specifically trained for the
reweighting procedure, following the same prescription as for the networks used for inference. The
estimates can be validated using the same diagnostics described in Section 4, and the new samples are
thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].
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AOs 𝑄𝑁 are sampled from the constraint density. The distribution of the test statistic values over many
pseudo-experiments is shown in Figure 4 with a 𝑀 of 1. This procedure is repeated over the range of 𝑀 to
construct complete confidence bands as shown in Figure 5. The shapes of these bands deviate slightly from
the asymptotic 𝑅

2 distribution in which the 68.27% and 95.45% confidence intervals would be defined
exacly at 𝐿𝐿 = 1 and 𝐿𝐿 = 4. In the case of the o!-shell Higgs production analysis, the deviation comes
from the non-linear parametrization used in the o!-shell Higgs boson production measurement [17], and
are not specifically a feature of NSBI.

The formalism discussed in this section lends itself to further tests for robustness on samples generated
by shifting multiple NPs simultaneously and verifying that the confidence bands remain well-behaved in
such scenarios. Such samples can be generated by a reweighting procedure similar to the one described in
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9

3✓ , `
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3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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The normalisations of the ,/ , / + jets and non-resonant-✓✓ backgrounds are also obtained from
the simultaneous fit, using the dedicated control regions described in Section 6. Similarly to the
@@̄ ! // background, events from the ,/ process are treated separately for each jet multiplicity. Five
additional free parameters, `3✓ , `1 9
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3✓ , `/ 9 , and `4`, are therefore introduced in the likelihood model

specifically for the 2✓2a channel and for its combination with the 4✓ channel.

The likelihood function for the combination of both channels is built as a product of the likelihoods of
the individual channels. Theoretical and experimental uncertainties with common sources are treated
as correlated between the two channels. The NLO EW uncertainty is uncorrelated between the two
channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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channels, due to the different schemes used to derive the uncertainties. The hypothesis of systematic
uncertainty correlation between the 4✓ and 2✓2a channels is tested for the dominant sources of uncertainties,
including the PS uncertainties that use models with different complexity in the two channels, and the NLO
EW uncertainty. The difference in the result when using different correlation hypotheses is found to be
negligible.

The <4✓ distribution for the 4✓ channel and the <//

T distribution for the 2✓2a channel are shown in Figure 5
after the full fit to data with `off-shell = 1. The total systematic uncertainty from the sources described in
Section 7 are shown in the figure. The distributions of the NN observables used in the 4✓ channel are
shown in Figure 3.

300 400 500 600 700 800 900 1000
 [GeV]4lm

1

10

210

310

410

510

610

Ev
en

ts

Data

Systematic uncertainties

 ZZ→qq 

) ZZ→ (H* →gg 

Other Backgrounds

) ZZ+2j→ (H* →qq 

ATLAS
-1 = 13 TeV, 139.0 fbs

300 400 500 600 700 800 900 1000
 [GeV]4lm

0.5
1

1.5

Da
ta

 / 
Ex

p.
 

(a)

200 400 600 800 1000 1200 1400 1600 1800 2000
 [GeV]ZZ

Tm

1−10

1

10

210

310

410

510

610

Ev
en

ts

Data
Systematic uncertainties

 ZZ→qq 
WZ

) ZZ→ (H* →gg 

+WWtt
Z+jets

Other Backgrounds

) ZZ+2j→ (H* →qq 

ATLAS
-1 = 13 TeV, 139.0 fbs

200 400 600 800 1000 1200 1400 1600 1800 2000
 [GeV]ZZ

Tm

0.5
1

1.5

Da
ta

 / 
Ex

p.
 

(b)

Figure 5: Comparisons between data and the SM prediction for the (a) <4✓ and (b) <//

T distributions in the inclusive
off-shell signal regions in the // ! 4✓ and // ! 2✓2a channels, respectively. The scenario with the off-shell
signal strength equal to one is considered in the fit. The hatched area represents the total systematic uncertainty. The
last bin in both figures contains the overflow.

The expected numbers of events in the SRs after the maximum-likelihood fit to the data performed in
all SRs and CRs, together with the corresponding observed yields, are shown in Tables 2 and 3 for the
// ! 4✓ and // ! 2✓2a channels, respectively. The fitted background normalisation factors together
with their total uncertainties are summarized in Table 4.

To obtain the results for a given parameter of interest, profile likelihood ratios (denoted by _) are computed
for different values of each parameter. The �2 ln_ curve as a function of `off-shell is presented in Figure 6(a).
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Figure 4: (a) Distribution of the test statistic 𝐿𝐿=0.0 for the case 𝑀
→ = 0.0 and (b) distribution of 𝐿𝐿=1.0 for the case

with 𝑀
→ = 1.0. Each distribution is estimated with 15 000 pseudo-experiments. The confidence intervals (CI) are

built using a Neyman construction by integrating up to 68.27% (vertical dashed yellow line) and 95.45% (vertical
dash-dotted red line) of the distribution.

where 𝑁rwt-ref(𝑂𝑀) is the probability density and 𝑃rwt-ref is the rate for the reweight-reference sample. The
probability density ratio 𝑁(𝑂𝑀 |𝑀)/𝑁rwt-ref(𝑂𝑀) can be obtained from ensembles specifically trained for the
reweighting procedure, following the same prescription as for the networks used for inference. The
estimates can be validated using the same diagnostics described in Section 4, and the new samples are
thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].

6.3 Confidence intervals

Once the pseudo-experiments are generated, the confidence intervals are built following the Neyman
construction [50]. For the analysis described in Section 3, the distribution of 𝑁(𝐿𝐿 |𝑀), representing the test
statistic 𝐿𝐿 for pseudo-experiments generated at a fixed value of 𝑀, is used to determine the one and two
standard-deviation confidence intervals as functions of 𝑀. In each pseudo-experiment, the values of the
AOs 𝑄𝑁 are sampled from the constraint density. The distribution of the test statistic values over many
pseudo-experiments is shown in Figure 4 with a 𝑀 of 1. This procedure is repeated over the range of 𝑀 to
construct complete confidence bands as shown in Figure 5. The shapes of these bands deviate slightly from
the asymptotic 𝑅

2 distribution in which the 68.27% and 95.45% confidence intervals would be defined
exacly at 𝐿𝐿 = 1 and 𝐿𝐿 = 4. In the case of the o!-shell Higgs production analysis, the deviation comes
from the non-linear parametrization used in the o!-shell Higgs boson production measurement [17], and
are not specifically a feature of NSBI.

The formalism discussed in this section lends itself to further tests for robustness on samples generated
by shifting multiple NPs simultaneously and verifying that the confidence bands remain well-behaved in
such scenarios. Such samples can be generated by a reweighting procedure similar to the one described in
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Figure 5: A comparison of expected sensitivity of NSBI (solid red line) to a typical histogram-based (dashed green
line) analysis, not including systematic uncertainties. The evaluation is performed on an Asimov dataset generated
with 𝐿 = 1. The test statistic, the log-likelihood ratio 𝑀𝐿, is shown as a function of signal strength 𝐿. The 68% and
95% confidence intervals (CI) in dotted gray lines are determined using the Neyman construction.
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7 Comparison of sensitivity

This section shows the sensitivity of the NSBI method and the impact of systematic uncertainties in the
result. The demonstration is performed for the simplified version of an o!-shell Higgs boson signal strength
measurement on simulated samples described in Section 3 and considers a subset of the physics processes
and systematic uncertainties described in Section 3.3.

7.1 Comparison to histogram-based methods

The NSBI method is compared with two histogram-based analysis strategies on a Asimov simulated dataset,
to show the gains due to the parametrized and unbinned nature of the method. The first histogram method
employs a single observable, a discriminant between signal and full processes that is commonly used for
LHC analyses,

Ofixed = log
𝑄S(𝑅𝑀)

𝑄SBI(𝑅𝑀)
. (29)

Since this ratio is already estimated with ensembles for the NSBI method, no additional NNs need to
be trained. This observable is subsequently used to construct a histogram (with 15 bins), and a Poisson
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thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].

6.3 Confidence intervals

Once the pseudo-experiments are generated, the confidence intervals are built following the Neyman
construction [50]. For the analysis described in Section 3, the distribution of 𝑁(𝐿𝐿 |𝑀), representing the test
statistic 𝐿𝐿 for pseudo-experiments generated at a fixed value of 𝑀, is used to determine the one and two
standard-deviation confidence intervals as functions of 𝑀. In each pseudo-experiment, the values of the
AOs 𝑄𝑁 are sampled from the constraint density. The distribution of the test statistic values over many
pseudo-experiments is shown in Figure 4 with a 𝑀 of 1. This procedure is repeated over the range of 𝑀 to
construct complete confidence bands as shown in Figure 5. The shapes of these bands deviate slightly from
the asymptotic 𝑅

2 distribution in which the 68.27% and 95.45% confidence intervals would be defined
exacly at 𝐿𝐿 = 1 and 𝐿𝐿 = 4. In the case of the o!-shell Higgs production analysis, the deviation comes
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reweighting procedure, following the same prescription as for the networks used for inference. The
estimates can be validated using the same diagnostics described in Section 4, and the new samples are
thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].
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AOs 𝑄𝑁 are sampled from the constraint density. The distribution of the test statistic values over many
pseudo-experiments is shown in Figure 4 with a 𝑀 of 1. This procedure is repeated over the range of 𝑀 to
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exacly at 𝐿𝐿 = 1 and 𝐿𝐿 = 4. In the case of the o!-shell Higgs production analysis, the deviation comes
from the non-linear parametrization used in the o!-shell Higgs boson production measurement [17], and
are not specifically a feature of NSBI.
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Figure 5: A comparison of expected sensitivity of NSBI (solid red line) to a typical histogram-based (dashed green
line) analysis, not including systematic uncertainties. The evaluation is performed on an Asimov dataset generated
with 𝐿 = 1. The test statistic, the log-likelihood ratio 𝑀𝐿, is shown as a function of signal strength 𝐿. The 68% and
95% confidence intervals (CI) in dotted gray lines are determined using the Neyman construction.
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This section shows the sensitivity of the NSBI method and the impact of systematic uncertainties in the
result. The demonstration is performed for the simplified version of an o!-shell Higgs boson signal strength
measurement on simulated samples described in Section 3 and considers a subset of the physics processes
and systematic uncertainties described in Section 3.3.
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The NSBI method is compared with two histogram-based analysis strategies on a Asimov simulated dataset,
to show the gains due to the parametrized and unbinned nature of the method. The first histogram method
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LHC analyses,
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thereby verified to have the same asymptotic properties as the original MC simulation samples. There are
also other methods that could be explored to handle negative weighted events [51–53].
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Figure 5: A comparison of expected sensitivity of NSBI (solid red line) to a typical histogram-based (dashed green
line) analysis, not including systematic uncertainties. The evaluation is performed on an Asimov dataset generated
with 𝐿 = 1. The test statistic, the log-likelihood ratio 𝑀𝐿, is shown as a function of signal strength 𝐿. The 68% and
95% confidence intervals (CI) in dotted gray lines are determined using the Neyman construction.
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This section shows the sensitivity of the NSBI method and the impact of systematic uncertainties in the
result. The demonstration is performed for the simplified version of an o!-shell Higgs boson signal strength
measurement on simulated samples described in Section 3 and considers a subset of the physics processes
and systematic uncertainties described in Section 3.3.
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Figure 3. Critical values. (a) We compare the mean-
squared error (MSE) in the critical value estimates obtained
via MC (red) and quantile regression (QR, grey) for LRS on
a grid of 300 evaluation points. For a low simulation budget
of 9,000 pseudo-experiments (PEs), MC estimates show high
MSE whereas QR estimates (using the same number of PEs)
are comparable to MC estimates with 1.35 million PEs. The
right column confirms that low-budget QR yields accurate
estimates across the parameter space, unlike low-budget MC.
(b) For FTS, QR is again more e!cient. With 9,000 PEs, QR
matches the performance of MC with about 30,000 PEs.

Higgs measurement at a collider experiment and a WIMP
search in a dark matter experiment, we demonstrate that
FTS can outperform LRS by focusing the power of the
test in physics-motivated regions of the parameter space.
FTS with a narrow, well-specified focus function yields
21% smaller 68% confidence intervals than LRS for the
Higgs measurement (when µ

˚ is at the SM point) and
35% smaller intervals for the dark matter search (when
there is no WIMP signal). For the dark matter search,
we also find that FTS yields tighter upper bounds on the
signal strength when the signal does not exist as well as
higher lower bounds when it does, for a fixed amount of
collected data; see Appendix C. In our study, we take
the variability between PEs into account and report the
median interval length over PEs, together with the 25th
and 75th percentiles of the length distribution.

The FTS framework gives the scientist control over the
regions of maximum sensitivity, informed by independent
previous measurements (as in our Higgs example) or by
theory, without a!ecting the validity of the confidence in-
tervals. As a theory-driven example, if an angular param-
eter is being measured, it may be sensible to concentrate
power within r0, 2ωs using, e.g., a von Mises (circular nor-
mal) distribution. The focus function allows the analyst
to leverage prior knowledge about reasonable parameter
regions within a fully frequentist analysis. However, the
data under analysis should not be used to determine the
focus. For example, one can explore the impact of dif-
ferent focus functions on the sensitivity using simulated

samples over a range of true values of the parameter (see
Figure 2) to provide guidelines, if the simulations did not
use the observed data. The general rule is that a narrow
focus leads to larger gains in power around the center of
mass of the focus function, but one then pays a price (as
compared to a wider focus) in terms of decreased power if
the focus center of mass di!ers from the true value of the
parameter µ˚, as illustrated by the top row of Figure 2.
As an improvement to the core statistical methodology

of the field, the FTS can enhance discovery potential and
physics sensitivities across many experiments. Our case
studies suggest that significant gains can be had when
the signal-to-noise ratio is low and sample size is small,
such as for dark matter searches, Higgs parameter mea-
surements, and neutrino oscillation studies. Addition-
ally, we provide a convenient ML tool that builds confi-
dence intervals via a Neyman construction reliably and
e”ciently, with computational gains over traditional MC
methods that are expected to scale with the dimension-
ality of the parameter space. The improved power of
the FTS, enabled by the rapid building of the confidence
intervals, can enhance the scientific discovery power of
flagship measurements. Finally, our proposed method,
which is here illustrated for histogram-based analyses,
extends to unbinned, high-dimensional analyses with an-
alytic expressions for the likelihood [26] as well to as any
other parametric [28] or nonparametric likelihood esti-
mators [12, 29–33].
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Higgs measurement (when µ

˚ is at the SM point) and
35% smaller intervals for the dark matter search (when
there is no WIMP signal). For the dark matter search,
we also find that FTS yields tighter upper bounds on the
signal strength when the signal does not exist as well as
higher lower bounds when it does, for a fixed amount of
collected data; see Appendix C. In our study, we take
the variability between PEs into account and report the
median interval length over PEs, together with the 25th
and 75th percentiles of the length distribution.

The FTS framework gives the scientist control over the
regions of maximum sensitivity, informed by independent
previous measurements (as in our Higgs example) or by
theory, without a!ecting the validity of the confidence in-
tervals. As a theory-driven example, if an angular param-
eter is being measured, it may be sensible to concentrate
power within r0, 2ωs using, e.g., a von Mises (circular nor-
mal) distribution. The focus function allows the analyst
to leverage prior knowledge about reasonable parameter
regions within a fully frequentist analysis. However, the
data under analysis should not be used to determine the
focus. For example, one can explore the impact of dif-
ferent focus functions on the sensitivity using simulated

samples over a range of true values of the parameter (see
Figure 2) to provide guidelines, if the simulations did not
use the observed data. The general rule is that a narrow
focus leads to larger gains in power around the center of
mass of the focus function, but one then pays a price (as
compared to a wider focus) in terms of decreased power if
the focus center of mass di!ers from the true value of the
parameter µ˚, as illustrated by the top row of Figure 2.
As an improvement to the core statistical methodology

of the field, the FTS can enhance discovery potential and
physics sensitivities across many experiments. Our case
studies suggest that significant gains can be had when
the signal-to-noise ratio is low and sample size is small,
such as for dark matter searches, Higgs parameter mea-
surements, and neutrino oscillation studies. Addition-
ally, we provide a convenient ML tool that builds confi-
dence intervals via a Neyman construction reliably and
e”ciently, with computational gains over traditional MC
methods that are expected to scale with the dimension-
ality of the parameter space. The improved power of
the FTS, enabled by the rapid building of the confidence
intervals, can enhance the scientific discovery power of
flagship measurements. Finally, our proposed method,
which is here illustrated for histogram-based analyses,
extends to unbinned, high-dimensional analyses with an-
alytic expressions for the likelihood [26] as well to as any
other parametric [28] or nonparametric likelihood esti-
mators [12, 29–33].
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there is no WIMP signal). For the dark matter search,
we also find that FTS yields tighter upper bounds on the
signal strength when the signal does not exist as well as
higher lower bounds when it does, for a fixed amount of
collected data; see Appendix C. In our study, we take
the variability between PEs into account and report the
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and 75th percentiles of the length distribution.
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regions of maximum sensitivity, informed by independent
previous measurements (as in our Higgs example) or by
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use the observed data. The general rule is that a narrow
focus leads to larger gains in power around the center of
mass of the focus function, but one then pays a price (as
compared to a wider focus) in terms of decreased power if
the focus center of mass di!ers from the true value of the
parameter µ˚, as illustrated by the top row of Figure 2.
As an improvement to the core statistical methodology

of the field, the FTS can enhance discovery potential and
physics sensitivities across many experiments. Our case
studies suggest that significant gains can be had when
the signal-to-noise ratio is low and sample size is small,
such as for dark matter searches, Higgs parameter mea-
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ally, we provide a convenient ML tool that builds confi-
dence intervals via a Neyman construction reliably and
e”ciently, with computational gains over traditional MC
methods that are expected to scale with the dimension-
ality of the parameter space. The improved power of
the FTS, enabled by the rapid building of the confidence
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flagship measurements. Finally, our proposed method,
which is here illustrated for histogram-based analyses,
extends to unbinned, high-dimensional analyses with an-
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Figure 3. Distribution of the order of ZN versus training step, with (left) and without (right) the penalty RZ that encourages
higher orders in models.

Table 4. Performance of AMBer relative to random scans. Number indicates how many models were evaluated by AMBer
over a training run. The random scan examines the same number of models independently. Shown are the number of good
models found by each method.

Space Number Random scan AMBer

A4 →Z4 4→106 0 1237
A4 →ZN 4→106 30 4681
T19 →Z4 8→106 131 423

make it easier for AMBer to exploit such actions, at the expense of over-exploring local minima. This trade-off can be further
tuned to balance the rate of model discovery with the diversity of models found. Additional neural network level diagnostics
are shown in Appendix D.

3.4 Visualization in two-dimensions

While the end result of AMBer’s search are potentially useful models, there may also be gains in understanding the path it
takes as it searches, which could yield insight into the structure of the space. The high dimensionality of the theory space
prevents direct visualization of AMBer’s search trajectories. We train an unsupervised auto-encoder to map the theory space
to an abstract two-dimensional latent space, where visualization and analysis can be significantly easier [36, 37]. AMBer’s
search path for a single environment trajectory is also shown in Figure 4. Each panel represents 1/4 of the total search time,
demonstrating how the agent shifts from exploration to exploitation as it learns to focus on regions where the most promising
models cluster. Additional details on the auto-encoder training and hyperparameters can be found in Appendix E.

4 Results

This section describes the models found in each theory space. AMBer finds too many models to describe each one in detail,
so broad features are highlighted, and selected individual models are analyzed in further detail. The complete list of models
found by AMBer is available on Github and a model from each search is presented in Appendix F. The three theory spaces
outlined in Section 3 are considered. In Figure 5, the distribution of the number of parameters and !2 values is shown for
a representative sample of models. AMBer finds many models which are predictive (np ↑ 7) and well fit to data (!2 ↑ 10),
which is denoted by the region bounded by the dashed black line in all three theory spaces. Here, models that satisfy the latter
requirements are referred to as good models. As discussed at the end of Section 2, there are several different aspects of these
models requiring further study, however models will be analyzed here using only these two conditions. The results for each
individual theory space are now discussed.
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Table 1. Experimental central values and 1! uncertainties for the masses and mixing parameters of the lepton sector. The data
for the neutrino oscillation parameters is taken from the global analysis NuFIT v5.3 [20] for normal ordering, taking the
Super-Kamiokande data into account. NuFIT assumes the SM with three left-handed massive neutrino flavor eigenstates. The
charged-lepton mass ratios are obtained at the GUT scale as the average between the value for tan∀ = 10 and tan∀ = 38 [21].

observables best-fit values

me/mµ 0.0048±0.0002
mµ/m# 0.0565±0.0045

!m2
21/!m2

31 0.0295+0.0012
→0.0010

sin2 ∃12 0.307+0.012
→0.011

sin2 ∃13 0.02224+0.00056
→0.00057

sin2 ∃23 0.454+0.019
→0.016

% ω
CP/& 1.289+0.217

→0.139

The three mass matrices MC, MD and MM are 3↑3 complex matrices resulting in a total of 54 real parameters. Their values
are not predicted but must be determined by comparison to experimental observables. However, there are only 12 physical
observables: three charged lepton masses, three neutrino masses, three neutrino mixing angles, one CP violating phase, and two
Majorana phases, under the assumption that neutrinos are Majorana. Of these parameters, only nine have been experimentally
measured and seven remain after factoring out an overall mass scale; see Table 1. Models with more independent parameters
than observables tend to be more descriptive than predictive. The number of parameters can be reduced by applying a symmetry
requirement, such as a discrete non-Abelian flavor symmetry [18, 19], which imposes constraints to reduce the number of
independent parameters.

One of the most well-studied flavor symmetry groups is the alternating group of order four, A4 [12, 13, 22]; see Appendix A.
It is the smallest finite group with a triplet irreducible representation. As a result, the three generations of leptons can be
naturally accommodated within a single multiplet. Here, A4-type models are considered, together with models based on the
group T19; see Appendix B. The latter is the smallest finite subgroup of U(3) [23] which has not yet been explored in the
context of flavor model-building. The symmetry is usually cast within an MSSM-like model, which includes two Higgs SU(2)L
doublets Hu and Hd . There are also three right-handed neutrinos, and up to six flavons; see Table 2a.

The next steps are the assignment of irreducible representations to each particle and the construction of the Lagrangian. For
instance, in the A4 group, a common choice is to assign the SU(2) lepton doublets in a triplet irreducible representation [22]. To
construct the Lagrangian, it requires that the invariant contractions under the flavor symmetry be computed, for example, using
Discrete [24] in Mathematica. The generalized superpotential (from which the Lagrangian is extracted) up to dimension
five, is then

W = ∋ i j
(C) (LiE jHd)+

∋ i jk
(C)

∀
(LiE j(kHd)

+∋ i j
(D) (LiNjHu)+

∋ i jk
(D)

∀
(LiNj(kHu)

+∀∋ i j
(M) (NiNj)+∋ i jk

(M) (NiNj(k)+
∋ i jkl
(M)

∀
(NiNj(k(l) , (3)

where the ∋ coefficients are dimensionless constants and ∀ is both the cut-off scale and the right-handed neutrino mass scale.
The first line in Equation (3) is the contribution to the charged lepton mass matrix. The second line is the contribution to the
neutrino Dirac mass matrix. Finally, the last line is the contribution to the Majorana mass matrix.

The flavons are assumed to acquire a VEV scale equal to 0.1∀, and thus influence the overall scale of the Yukawa
couplings. On the other hand, the different VEV alignment configurations for the flavon triplets determine the mass matrix
structure, and hence the neutrino mixing observables. Here, the flavons are chosen to acquire one of the following typical VEV
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Data from experiments:
Search efficiency over random scan

observables best-fit values

me/mµ 0.0048±0.0002
mµ/m! 0.0565±0.0045

!m2
21/10→5 [eV2] 7.41+0.21

→0.20

!m2
31/10→3 [eV2] 2.505+0.024

→0.026

sin2 ∀12 0.307+0.012
→0.011

sin2 ∀13 0.02224+0.00056
→0.00057

sin2 ∀23 0.454+0.019
→0.016

# ω
C P

/∃ 1.289+0.217
→0.139

Table 2. Experimental central values and 1% uncertainties for the masses and mixing parameters of the lepton sector. The data
for the neutrino oscillation parameters is taken from the global analysis NuFIT v5.314 for normal ordering taking the
Super-Kamiokande data into account. The charged-lepton mass ratios are obtained at the GUT scale as the average between the
value for tan& = 10 and tan& = 38 of15. This approximation is commonly used, see e.g.16.

transform them as singlets. The three generations of left SU(2)L doubles are packed in a triplet as well as the three right-handed
neutrinos in a different triplet. Furthermore, there are five flavons. Two of them are triplets, and three of them are singlets.
Additionally, there is an Abelian symmetry Z3. The superpotential is given by

W =
[
yeec(L∋T )+ yµ µc(L∋T )+ y! !c(L∋T )

](Hd

∀

)
+ y(NcL)Hu +

(
y1∋S + y2( + y↑3( ↑+ y↑↑3( ↑↑)NcNc , (4)

where ∀ is a cutoff scale. After the flavons acquire the VEV configuration given by

↓∋S↔ = vS (1, 1, 1) ,
↓∋T ↔ = vT (1, 0, 0) ,
↓( ↔ = u ,

↓( ↑↔ = u↑ ,
↓( ↑↑↔ = u↑↑ , (5)

the resulting mass matrices are

MC = vd
vT

∀




ye 0 0
0 yµ 0
0 0 y!



 MD = yvu




1 0 0
0 0 1
0 1 0



 MM =




2) +& →) + ∗ ↑↑ →) + ∗ ↑
→) + ∗ ↑↑ 2) + ∗ ↑ →) +&
→) + ∗ ↑ →) +& 2) + ∗ ↑↑



 , (6)

where ) = y1vS, & = y2u, ∗ = y↑3u↑ and ∗ ↑↑ = y↑↑3u↑↑. Finally, the set of values that give the lowest +2 for the experimentally
observed values of Table 2 is obtained.

Model Considerations for ML

Building off our example, we describe the generalized search for new neutrino MSSM models. We choose the flavor symmetry
group to be given by the direct product of a non-Abelian finite group and an Abelian group ZN . In this work, we will focus on
two types of symmetry groups. First, we will explore the well-know A4 ↗ZN types of group9, 10. Lastly, we want to use our
RL tool to study unexplored symmetry groups. To this end, we choose the groups T19 ↗ZN (see Appendix A) which to our
knowledge has not been studied yet in the context of neutrino flavor models. The models will include the lepton doublets L1,
L2, L3, the lepton singlets E1, E2, E3, the two Higgs doublets Hu,Hd , the three right-handed neutrinos Ni and up to five flavons
∋i. Considering up to dimension five terms, the superpotential is then given by

W = )(1)
i j (LiE jHd)+

)(2)
i jk

∀
(LiE j∋kHd)

+)(3)
i j (LiNjHu)+

)(4)
i jk

∀
(LiNj∋kHu)

+∀)(5)
i j (NiNj)+)(6)

i jk (NiNj∋k)+
)i jkl(7)

∀
(NiNj∋k∋l) , (7)
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Action Space

Table 3. Description of actions that can be taken on leptons and Higgses, flavons, and globally on a given model.

Leptons and Higgses Flavons Global

Change non-Abelian representation Change non-Abelian representation Change Abelian symmetry order
Change Abelian charge Remove or add a particle

Change Abelian charge
Change VEV configuration

3.3 Autonomous Model Builder

The Autonomous Model Builder (AMBer) described here is an RL agent with the task to learn a policy that will change a
neutrino flavor model to make it more accurate while minimizing the number of free parameters, beginning from a random
initial model.

Environment
The model being considered is the input to the policy and value networks. Each particle in a model is represented by a one-hot
encoded vector to indicate its representation under the non-Abelian symmetry, with an additional element indicating the
particle’s charge under the Abelian symmetry. Several rules are incorporated into the environment to ensure that changes to
the model are mathematically consistent. These include having a representation for all leptons and Higgses (not required for
flavons), consistent representation of particles (for example, if one right-handed charged lepton is in a triplet all three must be),
and consistent Abelian charges (i.e., all members of a triplet must have the same charge). The environment’s current state is
represented as a matrix; see Table 2b for an example.

Additional components of the model provide important context, including a vector representing which leptons are associated
together in a triplet, a vector representing the VEV configuration for each flavon, and a vector indicating the order of the present
Abelian symmetry (i.e. the number of elements in the group).

Finally, the agent only evaluates the reward every nth step, so the number of steps until the next reward evaluation is also
included in the environment. At each step, AMBer observes the entire state of the environment before selecting an action.

Actions
The agent can change the representation of a particle (or multiplet), its charge under an Abelian symmetry, the VEV configuration
of a flavon triplet, the number of flavons, and in some cases the order of the Abelian symmetry. While each representation of
the non-Abelian group can be changed in one action from any other representation, the ZN charge can only be changed by ±1
in a single action. All possible actions for each sector are listed in Table 3.

Reward
The reward function R for AMBer is defined as

R(!2,np,N) :=






→cinv , if invalid action
→crank → 9→!irank(Mi)

9 , if invalid model
c1R!(!2)+ c2Rp(np)+ c3RZ(N) otherwise

(5)

where crank,cinv > 0 quantify the penalty for an invalid action or model respectively, c j, for j = 1,2,3, are positive coefficients
and N is the order of the Abelian group ZN .

Invalid actions include those that do not change the model, to avoid stagnation, or actions which change the Abelian charge
of an absent flavon. These invalid actions must be learned in this implementation as the action space is fixed and cannot
dynamically exclude invalid actions. Invalid models are those that are obviously in conflict with experiment, such as predicting
massless leptons, as in the case where MC has a rank less than 3. Another possibility of invalid model is the case with 2 or
more massless neutrinos. Assuming three right-handed neutrinos, this requires a valid model to have a rank ↑ 2 for MD and
rank 3 for MM . Since this is known prior to performing a fit, the invalid model penalty allows the agent to avoid unnecessary
computations. The invalid model penalty includes a term associated with the sum of the rank of the three mass matrices, which
encourages the agent to increase the rank in order to reduce the penalty, leading the agent to consider models with more mass
terms.

In case of a valid action and model, the coefficients c j scale the relative importance of the terms
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The tensor product of a non-trivial singlet with the triplet irreducible representation is given by

(
!1
)

111→→→ ↑




∀1
∀2
∀3





333

=




!1∀1

#2!1∀2
#!1∀3





333

,

(
!1
)

111→→→→→→ ↑




∀1
∀2
∀3





333

=




!1∀1

#!1∀2
#2!1∀3





333

. (14)

Furthermore, the tensor product of two triplets is given by



!1
!2
!3





333

↑




∀1
∀2
∀3





333

=




∃3∀2
∃1∀3
!2∀1





333(1)

↓




∃2∀3
∃3∀1
∃1∀2





333(2)

↓
(

1↔
3
(!1∀1 +!2∀2 +!3∀3)

)

111
↓

(
2
↔

3
6

(
!1∀1 +# !2∀2 +#2 !3∀3

))

111→→→
↓
(

2
↔

3
6

(
!1∀1 +#2 !2∀2 +# !3∀3

))

111→→→→→→
. (15)

B T19 properties

The group T19 = Z19 ⊋Z3 with 57 elements is a subgroup of SU(3) [23] generated by a and b such that

a3 = 1 , b19 = 1 , and ba = ab7 . (16)

The 57 elements of T19 are of the form bman for 0↗m↗ 18 and 0↗ n↗ 2. The group has three singlet irreducible representations
111, 111→→→, 111→→→→→→, and 6 triplet irreducible representations 333111, 3̄33111, 333222, 3̄33222, 333333, 3̄33333. The generators for the singlets can be represented in
the same way as in Equation (11). The triplets can be represented by

333111 : b =




e

2% i
19 0 0
0 e↘

16% i
19 0

0 0 e
14% i

19



 ,

333222 : b =




e

4% i
19 0 0
0 e

6% i
19 0

0 0 e↘
10% i

19



 ,

333333 : b =




e↘

12%
19 0 0

0 e↘
18%
19 0

0 0 e↘
8%
19



 , (17)

where the representation of b for 3̄33111, 3̄33222 and 3̄33333 can be obtained by taking the complex conjugate of equation (17). The element
a has the same matrix representation in all 6 triplet irreducible representations and it is given by

a =




0 1 0
0 0 1
1 0 0



 . (18)

Similarly to Appendix A, PyDiscrete has been used to obtain the Clebsch-Gordon coefficients of the tensor products. The singlet
representations are irreducible representations of Z3. Thus, the tensor products between singlet irreducible representations
satisfy the same relations as in Equation (13). The tensor product between any triplet of T19 and a singlet satisfies Equation (14).
Furthermore, the only triplet products that have a trivial singlet in their tensor decomposition are




!1
!2
!3





333111

↑




∀1
∀2
∀3





3̄33111

=




!1∀2
!2∀3
!3∀1





333333

↓




!2∀2
!3∀3
!1∀1





3̄33333

↓
(

1↔
3
(!2∀1 +!3∀2 +!1∀3)

)

111
↓

(
1↔
3

(
!1∀3 +#!2∀1 +#2!3∀2

))

111→→→
↓
(

1↔
3

(
!1∀3 +#2!2∀1 +#!3∀2

))

111→→→→→→
(19)
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No single observable captures all information in Higgs width study

hal-02971995v3 (p172): Ghosh & Rousseau

Signal-background-inference simulations (VBF processes): MG + Pythia+ Delphes

ATLAS DRAFT
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Figure 1: Leading order Feynman diagrams for the gluon-fusion 66 ! // ! 4✓ processes. The diagrams define the
effective couplings ^ 5 and ^+ used to define the off-shell Higgs boson production signal strengths.

In gluon-fusion (ggF) production of 66 ! // ! 4✓, the signal component is defined at leading-order76

(LO) in perturbation theory by the absolute value squared of the diagram in Fig 1 (a). This contribution77

scales as ^2
5 ^

2
+ . The background component is defined at LO in perturbation theory by the absolute value78

square of the diagram in Fig 1 (b). This component does not scale with ^ 5 nor with ^+ . The interference79

between the two diagrams scales with ^ 5 ^+ . The interference between the two diagrams is negative, as80

required by unitarity conservation [16]. The same concepts can be generalized for the electroweak (EW)81

production of @@̄ ! // + 2 9 ! 4✓ + 2 9 . In this case, the signal scales as ^4
+ , the interference scales as82

^
2
+ , and the background component does not scale. The LO Feynman diagrams for the production of EW83

@@̄ ! // + 2 9 ! 4✓ are shown in Fig 2.84
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Figure 2: Leading order Feynman diagrams for the electroweak @@̄ ! // + 2 9 ! 4✓ + 2 9 processes. The diagrams
define the effective couplings ^+ used to define the off-shell Higgs boson production signal strengths.

The scaling uniquely defines each component in the ggF and EW production of off-shell Higgs bosons. The85

model used to measure the off-shell Higgs boson produced is then defined as a function of two parameters86

of interest:87

`
ggF
off-shell = ^

2
5 ,off-shell^

2
+ ,off-shell, `

EW
off-shell = ^

4
+ ,off-shell. (1)

where the subscript off-shell indicates that the modifier only affects processes with <� away from the pole88

mass. These signal strengths are used to defined a per-event probability model which is used to interpret89

the collected data. The model is written as:90

January 27, 2024 – 17:54 4
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No single observable captures all information in Higgs width study
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Why we can summarise data down to a single observable for typical analysis

We want to compare likelihoods: 
p(ℒ |μ)
p(ℒ |μ0)

𝒟(μ |ℒ) = p(ℒ |μ)
Neyman–Pearson lemma: Likelihood ratio is the most powerful test statistic

s(xi) = p(xi |S)
p(xi |S) + p(xi |B)A neural network classifier trained on S vs B, estimates the decision function*:

p(xi |μ)
p(xi |μ = 0) = 1

μ ⋅ νS + νB

μ ⋅ νSp(xi |S) + νBp(xi |B)
p(xi |B) = μ

μ ⋅ νS + νB
⋅ (

Which contains all the information required for the likelihood ratio:

Same observable  is optimal to test all  hypotheses! 
No need to develop separate analysis per hypothesis 

s μ
μ

+νB)s(xi)
1 − s(xi)

* Equal class weights

87

What breaks down?

No longer in this convenient special case: The same observable no longer optimal due to non-linear effects coming from 
quantum interference 

Also does not generalise to an arbitrary theory parameter , (eg. Effective Field Theory parameters), or systematicsθ

Can we modify the HEP statistical methodology to design near-optimal analyse for the general case?

CHAPTER 2. THEORETICAL OVERVIEW

where �g,o�-shell(ŝ) and �V,o�-shell(ŝ) are the o�-shell coupling scale factors associated with the gg � H�

production and the H� � VV decay. Due to the statistically limited sensitivity of the current analysis,
the o�-shell signal strength and coupling scale factors are assumed in the following to be independent
of ŝ in the high-mass region selected by the analysis. The o�-shell Higgs boson signal cannot be treated
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Figure 1: The leading-order Feynman diagrams for (a) the gg � H� � VV signal, (b) the continuum gg � VV
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In contrast, the cross-section for on-shell Higgs boson production allows a measurement of the signal
strength:
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which depends on the total width �H . Assuming identical on-shell and o�-shell Higgs boson coupling
scale factors, the ratio of µo�-shell to µon-shell provides a measurement of the total width of the Higgs boson.
This assumption is particularly relevant to the running of the e�ective coupling �g(ŝ) for the loop-induced
gg � H production process, as it is sensitive to new physics that enters at higher mass scales and could
be probed in the high-mass mVV signal region of this analysis. More details are given in Refs. [12–16].
With the current sensitivity of the analysis, only an upper limit on the total width �H can be determined,
for which the weaker assumption

�2g,on-shell · �2V,on-shell � �2g,o�-shell · �2V,o�-shell , (3)

that the on-shell couplings are no larger than the o�-shell couplings, is su�cient. It is also assumed
that any new physics which modifies the o�-shell signal strength µo�-shell and the o�-shell couplings
�i,o�-shell does not modify the predictions for the backgrounds. Further, neither are there sizeable kinematic
modifications to the o�-shell signal nor new, sizeable signals in the search region of this analysis unrelated
to an enhanced o�-shell signal strength [18, 24].

While higher-order quantum chromodynamics (QCD) and electroweak (EW) corrections are known for
the o�-shell signal process gg � H� � ZZ [25], which are also applicable to gg � H� � WW, no
higher-order QCD calculations are available for the gg� VV background process, which is evaluated at
leading order (LO). Therefore the results are given as a function of the unknown K-factor for the gg� VV
background. QCD corrections for the o�-shell signal processes have only been calculated inclusively in
the jet multiplicity. The experimental analyses are therefore performed inclusively in jet observables and,
the event selections are designed to minimise the dependence on the boost of the VV system, which is
sensitive to the jet multiplicity.

3

(a)
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Figure 2.8 – Feynman diagrams of the main contributions to the ZZ production processes: (a) gg

produced signal (Higgs-mediated), (b) gg produced background (interferes with the signal), (c) qq̄

produced dominant background.

that is very di�erent from a naive sum of the two. This is known as quantum interference and556

it carries through also to QFT.557

Usually the signal and background processes either have di�erent initial and/or final state par-558

ticles, or come from disjoint phase spaces, and can therefore be simulated separately. As a559

simplified example, consider the probability of having one particular sample X, denoted P (X)560

(with 0 Æ P (X) Æ 1) is a function of the complex Matrix Elements, Ms(X), Mb(X) (with561

Ms, Mb œ C), for the signal and background process respectively, is given by,562

P (X) = |Ms(X) + Mb(X)|2 = |Ms(X)|2
¸ ˚˙ ˝

Ps(X)

+ |Mb(X)|2
¸ ˚˙ ˝

Pb(X)

+2 Re(Ms(X)Mb(X))
¸ ˚˙ ˝

Pi(X)

. (2.49)

If the third term (Pi(X), where ‘i’ stands for ‘interference’) is insignificant, the signal and563

background contributions can be simulated separately (with Pb(X) and Ps(X)) and simply564

combined (because the combination is linear). However in the gg æ (Hú
æ)ZZ case, both the565

initial and final states of the signal (gg æ H
ú

æ ZZ, Figure 2.8a) and background (gg æ ZZ,566

Figure 2.8b) processes are identical, and the phase spaces overlap, therefore the contribution567

from the mixed term cannot be ignored. To produce physical samples, the two processes must be568

simulated together due to the non-linear contribution from Pi(X). The interference component569

can have a negative contribution to P (X). The individual components of the signal, background570

and the full process can be seen in Figure 2.9, and indeed the interference contribution is negative571

(explicitly shown in Figure 2.10).572

A final interesting point to note is that if the couplings are scaled in such a way as to increase573

the signal contribution by a factor Ô
µ then the corresponding matrix element needs to be scaled574

by Ô
µ so that,575

|Ms(X)|2 æ |
Ô

µ · Ms(X)|2, (2.50)
then the interference component consequently is scaled by the square root of that factor (i.e576
Ô

µ) as,577

Re(Ms(X)Mb(X)) æ Re(Ôµ · Ms(X)Mb(X)), (2.51)
and therefore the full probability becomes578

Pscaled(X) = µ · Ps(X) + Pb(X) + Ô
µ · Pi(X). (2.52)

This will play a crucial role in introducing non-linear e�ects in the yields in Chapter 6 and579

Chapter 7.580

2.3.2 A unique opportunity for o�-shell measurements581

Since the mass of the Higgs is only around 125 GeV, the vector bosons (2mZ ¥ 182 GeV,582

2mW ¥ 160 GeV) and top quarks (2mt ¥ 346 GeV) that contribute to the on-shell Higgs583

26

Nexp = μ ⋅ S + B+ μ ⋅ I

Eg. arXiv:1805.00020: Brehmer et al, arXiv:1506.02169: Cranmer et al, PRD 104.056026: Ghosh et al

https://arxiv.org/abs/1805.00020
https://arxiv.org/abs/1506.02169
https://doi.org/10.1103/PhysRevD.104.056026


p(xi |μ1)
p(xi |ref )

=
s(xi)

1 − s(xi)

s(xi) =
p(xi |μ1)

p(xi |μ1) + p(xi |ref )

88

High-dimensional density estimation is possible with NNs

We want to compare likelihoods: 
p(𝒟 |μ)

p(𝒟 |ref )

ℒ(μ |𝒟) = p(𝒟 |μ)
Neyman–Pearson lemma: Likelihood ratio is the most powerful test statistic

✴ Optimal statistic to test each value of  
✴ We get the LR per event (unbinned)

μ

A neural network classifier trained on simulated samples from  vs 
simulated samples from , estimates the decision function:

μ1
ref

Which contains all the information required for the likelihood ratio:

Cranmer et al: arXiv:1506.02169

https://arxiv.org/abs/1506.02169
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to validate these networks, although they can be less illuminating if the systematic variation is very small397

(leading to 𝐿(𝑀𝐿) → 0.5).398

NSBI not only constructs a more sensitive analysis in the entire phase space of 𝑁, but also in the space of399

𝑂 [33]. As with histogram analyses, it is important to ensure that an NSBI analysis does not overconstrain a400

nuisance parameter. This might indicate that the modelling of the systematic uncertainty is oversimplified401

or the fit is exploiting aspects of the systematic uncertainty model that are not known well, for instance402

in the case of two-point theory uncertainties [34]. Such challenges are often discussed in the context of403

modelmisspecification in ML literature. An analysis of the pulls on the nuisance parameters and impacts404

(described further in Section 5.4), and the use of alternative modelling of the systematic uncertainties (such405

as splitting the nuisance parameter into independent sub-components) can reveal such issues, or the use of406

more recently developed methods to analyse the e!ect of systematic uncertainties [35].407

5.2 The profile log-likelihood ratio408

The full test statistic based on a profile log-likelihood ratio [36] can be constructed from Eq. 16 by409

considering all events in the observed data, adding a Poisson term corresponding to the total rate and410

Gaussian constraint factors for the nuisance parameters. If 𝑃data is the number of events in observed data411

D,412

𝑄full(𝑁, 𝑂 |D)

𝑄ref(D)
= Pois(𝑃data |𝑅(𝑁, 𝑂))

𝑀data∏
𝐿

𝑆(𝑀𝐿 |𝑁, 𝑂)

𝑆ref(𝑀𝐿)

∏
𝑁

Gaus(𝑇𝑁 |𝑂𝑁 , 𝑈𝑁), (17)

where the global observables 𝑇𝑁 and 𝑈𝑁 are the values of the auxiliary measurements and their associated413

uncertainty, which are used to constraint the source of systematic uncertainty associated with the nuisance414

parameter 𝑂𝑁 . 𝑄ref(D) =
∏

𝑀data
𝐿

𝑆ref(𝑀𝐿).415

If the nuisance parameter is unconstrained, the corresponding constraint factor is suppressed. An important416

case of unconstrained nuisance parameters are data-driven normalisation parameters.417

The profiling step involves an unconditional and a conditional maximum likelihood estimation of Eq. 17418

(keeping the dependence on D implicit),419

(𝑁, 𝑂̂) = argmax
𝑂,𝑃

𝑄full(𝑁, 𝑂)

𝑄ref
420

̂̂
𝑂(𝑁) = argmax

𝑃

𝑄full(𝑁, 𝑂)

𝑄ref
.421

Note that since 𝑄ref has been defined without any dependence on 𝑁 or 𝑂, it does not a!ect the position422

of the maxima. The test statistic is constructed by taking the ratio of Eq. 17 at these two points. The423

dependency on 𝑄ref cancels out and the traditional profile log-likelihood ratio is recovered,424

𝑉𝑂 = ↑2 ln

(
𝑄full(𝑁, ̂̂𝑂(𝑁))
𝑄full(𝑁, 𝑂̂)

)
. (18)
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Its always good to have an introduction, if only to have an example for a section. And
here is an example for a reference from the bibtex file (see [1]). Its also pretty easy to
reference figures (see Figure 1).

Figure 1: Example of how to include a figure. This works with all sorts of formats, eps,
pdf, png.

You also have the option of using colored text, for example this part in blue, this part
in red and this part in green, before going back to black.

1. Everyone loves an enumerated list.

2. If you prefer bulleted lists, see below.

Of course there are always use cases for list with enumerations, and lists with bullets
only, which is why it is useful to have examples of both.

• Everyone loves a bulleted list.

• If you prefer an enumerated list, see above.
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Figure 8: Values of the log-likelihood test statistic 𝐿𝐿 as a function of signal strength 𝑀, representing only statistical
uncertainties (solid red for NSBI, dashed green for histogram analysis), compared with the values of the profile
log-likelihood ratio, representing both statistical and systematic uncertainties (dash-dotted red for NSBI, dotted green
for histogram analysis), evaluated on Asimov data generated with 𝑀 = 1. The histogram analysis is performed with a
fixed observable, log 𝑁𝑀/𝑁(𝑂 |𝑀 = 1). The two NPs in this study are described in Section 3.3.

8 Conclusions and outlook

While NSBI methods have drawn interest for their potential to dramatically improve the sensitivity of
key analyses at the LHC, several open questions have remained regarding their application in a full-scale
LHC analysis. This work develops the necessary tools and concepts required to have a complete statistical
framework for NSBI at the LHC and addresses these open questions. The power and feasibility of the
method are assessed through an example use case: a simplified measurement of the o!-shell Higgs
boson couplings in the four-lepton final states. This is an analysis with destructive quantum interference
between the signal and background processes, which makes the likelihood model non-linear in the signal
strength parameter and benefits from the power of NSBI methods. Comparisons with two histogram-based
methods illustrate the gains from the unbinned and parametrized nature of the NSBI method. Since this
demonstration was performed on a simplified version of the analysis that does not include all the relevant
physics processes and systematic uncertainties, the expected sensitivity shown does not reflect the expected
sensitivity of the full physics result.

The framework extends the standard statistical methodology employed at the LHC, transitioning to an
unbinned, multi-dimensional setting, capable of accommodating a large number of systematic uncertainties.
The paper also provides a list of diagnostics that can be used to understand and validate the performance of
the neural network classifiers and describes a method to build a robust test statistic needed for hypothesis
tests. It also describes the procedure to construct confidence intervals for unbinned analyses such as those
using NSBI. Computational challenges in evaluating and analyzing the test statistic are overcome with the
use of auto-di!erentiation techniques, which help profiling and computing of pulls and impacts.
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While NSBI methods have drawn interest for their potential to dramatically improve the sensitivity of
key analyses at the LHC, several open questions have remained regarding their application in a full-scale
LHC analysis. This work develops the necessary tools and concepts required to have a complete statistical
framework for NSBI at the LHC and addresses these open questions. The power and feasibility of the
method are assessed through an example use case: a simplified measurement of the o!-shell Higgs
boson couplings in the four-lepton final states. This is an analysis with destructive quantum interference
between the signal and background processes, which makes the likelihood model non-linear in the signal
strength parameter and benefits from the power of NSBI methods. Comparisons with two histogram-based
methods illustrate the gains from the unbinned and parametrized nature of the NSBI method. Since this
demonstration was performed on a simplified version of the analysis that does not include all the relevant
physics processes and systematic uncertainties, the expected sensitivity shown does not reflect the expected
sensitivity of the full physics result.

The framework extends the standard statistical methodology employed at the LHC, transitioning to an
unbinned, multi-dimensional setting, capable of accommodating a large number of systematic uncertainties.
The paper also provides a list of diagnostics that can be used to understand and validate the performance of
the neural network classifiers and describes a method to build a robust test statistic needed for hypothesis
tests. It also describes the procedure to construct confidence intervals for unbinned analyses such as those
using NSBI. Computational challenges in evaluating and analyzing the test statistic are overcome with the
use of auto-di!erentiation techniques, which help profiling and computing of pulls and impacts.
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• Port the usual data-driven background estimation techniques eg. in any HH analyses

Figure 1: Distributions of the signal (red) and background in the sideband region (blue)

and signal regions (green). In the top plot the dashed red lines denote the boundaries of
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by the interpolation aspect of the HI-SIGMA approach.
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Where would you want to use NSBI?

• If you’re annoyed by non-linear effects due to quantum interference 

• Effective field theory: 
• Highly non-linear with parameters of interest 
• But challenging to train networks on subtle differences in phase space! 
• Brehmer et al (PRD 98.052004) show that you can use matrix-element information to enhance 

training. But ME typically not available for background processes 
• Tae Park designed a way to combine both (arXiv:2507.02032), shown for Higgs self-coupling

15

Figure 5: Illustration of some key concepts with a one-dimensional Gaussian toy example. Left:
classifiers trained to distinguish two sets of events generated from different hypotheses (green dots)
converge to an optimal decision function s(x|✓0, ✓1) (in red) given in Eq. (17). This lets us extract
the likelihood ratio. Right: regression on the joint likelihood ratios r(xe, ze|✓0, ✓1) of the simulated

events (green dots) converges to the likelihood ratio r(x|✓0, ✓1) (red line).

2. Particle-physics structure

As we have argued in Sec. II C, particle physics processes have a specific structure that allow
us to extract additional information. Most processes satisfy the factorization of Eq. (2) with a
tractable parton-level likelihood p(z|✓). The generators do not only provide samples {xe}, but
also the corresponding parton-level momenta (latent variables) {ze} with (xe, ze) ⇠ p(x, z|✓0). By
evaluating the matrix elements at the generated momenta ze for different hypotheses ✓0 and ✓1,
we can extract the parton-level likelihood ratio p(ze|✓0)/p(ze|✓1). Since the distribution of x is
conditionally independent of the theory parameters, this is the same as the joint likelihood ratio

r(xe, zall e|✓0, ✓1) ⌘
p(xe, zdetector e, zshower e, ze|✓0)

p(xe, zdetector e, zshower e, ze|✓1)

=
p(xe|zdetector e)

p(xe|zdetector e)

p(zdetector e|zshower e)

p(zdetector e|zshower e)

p(zshower e|ze)

p(zshower e|ze)

p(ze|✓0)

p(ze|✓1)

=
p(ze|✓0)

p(ze|✓1)
. (19)

So while we cannot directly evaluate the likelihood ratio at the level of measured observables
r(x|✓0, ✓1), we can calculate the likelihood ratio for a generated event conditional on the latent
parton-level momenta.

The same is true for the score, i. e. the tangent vectors or relative change of the (log) likelihood
under infinitesimal changes of the parameters of interest. While the score t(xe|✓0) = r✓ log p(x|✓)|✓0

Functio
n to

 learn
Labels

Labels

Classification
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Fig. 3: Representative Feynman diagrams con-
tributing at the two-loop level to the process gg →
h
→ → ZZ. The black boxes indicate insertions of

the operator QH given in (2).

bare Higgs self-energy being the sole momentum-
dependent correction of this kind. This contrasts
with on-shell Higgs processes, where each exter-
nal Higgs leg is accompanied by a corresponding
wave-function renormalization factor.

The contributions arising from insertions of
the operators QtH and QHG in (2) are shown
in Figure 4. These e!ects enter at the one-loop and
tree level, respectively. The corresponding ampli-
tudes can be directly derived from the top-quark
contribution to gg → h

→ → ZZ within the SM and
the associated expression in the limit of infinitely
heavy top-quark mass. This conclusion is a direct
consequence of (3) and (4).

In order to predict pp → ZZ, we have mod-
ified the MC generator MCFM 10.3 [44]. Out of
the box, this code includes all the SM ampli-
tudes described above and shown in Figure 1.
The SM corrections are augmented by the scatter-
ing amplitudes corresponding to the contributions
illustrated in Figures 3 and 4. The modified
code is thus capable of computing arbitrary dif-
ferential distributions for the full pp → ZZ
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Fig. 4: Illustrative Feynman diagrams for gg →
h
→ → ZZ, showing contributions from the oper-

ators QtH (top panel) and QHG (bottom panel).
Operator insertions are marked with black boxes.

process, including corrections arising from the
Wilson coe"cients CH , CtH , and CHG. We have
also implemented an interface that enables the
computation of the various squared matrix ele-
ments (MEs) used as input for our NSBI analy-
sis. Our new BSM implementation of the e!ects
involving the Wilson coe"cient CH has been suc-
cessfully validated against the original MCFM 8.0

implementation presented in [26], as well as the
MCFM 7.0 implementation integrated within the
JHUGen MELA framework [45].

3.2 Kinematic distributions
Throughout our analysis, we adopt the fol-
lowing input parameters: GF = 1/(

↑
2v2) =

1.166379 · 10↑5 GeV↑2, mW = 80.37GeV, mZ =
91.188GeV, and mh = 125.2GeV [46]. The elec-
tromagnetic coupling constant ω and the square
of the sine of the weak mixing angle sin2 εw are
computed using the GF scheme [47]. For the
top and bottom quark masses, we use mt =
166GeV, and mb = 2.8GeV, corresponding to
MS masses evaluated at the Higgs mass. The
presented spectra correspond to pp collisions at↑
s = 14TeV with an integrated luminosity of

3 ab↑1, using the NNPDF40_nlo_as_01180 parton
distribution functions (PDFs) [48]. The renormal-
ization and factorization scales are dynamically

5
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well as their combination, respectively, in the
gg ↑ (h→ ↑)ZZ channel. The lower panel
displays the combined result from both final
states. In each panel, constraints from a parton-
level analysis (dotted lines), a rate-only measure-
ment (dashed lines), and the NSBI analysis (solid
lines) are shown.

when simultaneously analyzing multiple Wilson
coe!cients in a combined Higgs physics analysis.

5.3 Constraints based on NSBI
analysis of pp → ZZ

Figure 12 presents the best-fit values ĈH along
with the ±1ϖ and ±2ϖ CL intervals as a function
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1Fig. 12: The best-fit values ĈH along with the
±1ϖ and ±2ϖ CL intervals as a function of the
true CH , using Asimov datasets generated in the
range →20 to +20. Results from the NSBI and
rate-only analyses are represented by the blue and
gray curves, respectively.

of the true CH , using Asimov datasets generated
in the range →20 to +20. The displayed results
are obtained from the NSBI analysis of the full
pp ↑ ZZ process. In Figure 13, the constraints
derived from the NSBI analysis of the pp ↑ ZZ

process are shown in the three parameter planes
formed by pairs of the Wilson coe!cients CH ,
CtH , and CHG, as defined in (2). The results
shown in both figures are based on pp collisions
at

↓
s = 14TeV with an integrated luminosity of

3 ab↑1. To evaluate the enhancement o"ered by
the NSBI analysis relative to rate-only measure-
ments, the corresponding rate-only constraints are
also included for comparison. In each panel, the
Wilson coe!cient not shown is set to zero, and
all dimension-six SMEFT contributions assume a
common suppression scale of ! = 1TeV.

Compared to Figure 11, Figure 12 shows a
notable reduction in constraining power for an
assumed Asimov value of CH = 0, primarily
due to the substantial contamination from CH -
independent qq̄ ↑ ZZ events in the signal region
of the analysis. Consequently, the NSBI analy-
sis provides only a modest improvement over the
rate-only measurement in constraining the Wilson
coe!cient, CH , or equivalent, ϱω. At the HL-
LHC, we project a 2ϖ CL constraint of →43.5 <

16

Learning subtle differences required 
matrix-element-enhanced network 
training + factorisation tricks 

: NSBI stable despite missing 
neutrinos!
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observable in histogram-based signal strength measurements. However, this solution only works for such158

linear problems, and Section 2.2 will develop a more general framework to build a test statistic analytically159

from the output of a few classifiers. The quality of a test statistic is reliant on how well a classifier learns to160

estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161

problem of estimating likelihood ratios into a set of simpler estimation tasks and improve the robustness of162

the estimation.163

2.2 Factorisation into a search-oriented mixture model164

When the hypotheses being tested can be decomposed into mixtures of several components, the learning165

task can be factorised into a series of simpler classification tasks [7]. Further, if the only free parameters166

to be measured can be written as coe!cients of the mixture model, the individual classifiers no longer167

need to be parameterised in the parameter(s) of interest (e.g. a signal strength 𝐿), since the relation is168

explicitly known. This reduces the burden of validating the interpolation capabilities of the likelihood169

ratio estimation over the entire theory parameter space, to simply validating the performance of the small170

number of classifiers. If every classifier is well-trained and well-calibrated, then their combination too may171

be expected to remain well-behaved, although this must be explicitly verified.172

For an LHC analysis, this decomposition can use di"erent physics processes that give rise to the same final173

state, each with a coe!cient that is some function of the parameter of interest. If the decomposition is into174

𝑀 di"erent components, representing di"erent physics processes,175

𝑁(𝑂𝐿 |𝐿) =
1

𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁 𝑁 𝑁 (𝑂𝐿), (8)

where 𝑁 𝑁 (𝑂𝐿) is the probability density for the event 𝑂𝐿 correspeonding to the process 𝑅 , and 𝑃 𝑁 the inclusive176

rate for that process are defined with 𝐿 at the Standard Model value. The full dependence on 𝐿 can be177

captured using only the coe!cients 𝑄 𝑁 (𝐿) and the total rate 𝑃(𝐿). Such a decomposition is possible for a178

wide range of LHC analyses where the coe!cients 𝑄 𝑁 (𝐿) are known from theory2 [4]. These coe!cients are179

also used together with the inclusive rates (estimated from simulations) for each process (𝑃 𝑁) to determine180

𝑃(𝐿) =
∑

𝑄 𝑁 (𝐿) · 𝑃 𝑁 . Here 𝐿 could represent multiple theory parameters, and this formalism accommodates181

multiple independent parameters of interest. Further, while the factorisation of the task into individual182

physics processes can always be made, if the dependence on the parameter of interest is not analytically183

known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186

𝑁(𝑂𝐿 |𝐿)

𝑁ref(𝑂𝐿)
=

1
𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁

𝑁 𝑁 (𝑂𝐿)

𝑁ref(𝑂𝐿)
, (9)

expressed using only a finite number of 𝐿-independent density ratios, 𝑁 𝑁 (𝑂𝐿)/𝑁ref(𝑂𝐿). While there is a187

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,188

𝑁ref(𝑂𝐿) =
1∑
𝑂
𝑃𝑂

𝑀signals∑
𝑂

𝑃𝑂 𝑁𝑂 (𝑂𝐿), (10)

2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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space can guide decisions about neural network architecture optimisation and data pre-processing. Such195

iterative optimisation is essential to achieve a high level of accuracy in likelihood-ratio estimation. Since196

the ensembles are trained on bootstrapped samples, it is natural to use the spread in their predictions to197

quantify the uncertainty due to the limited training data.198

3 Example use case: ggF Off-shell Higgs Production199

The developed NSBI framework is demonstrated using a subset of simulated samples originally generated200

for an off-shell Higgs signal strength measurement in the � ! // ! 4✓ decay channel. The full context201

of the analysis is described in Ref. [7], and only the details relevant for NSBI will be summarised below.202

Only a subset of the physics processes and systematic uncertainties from the original analysis are considered203

for this demonstration.204

When the quantum interference is negligible, a single observable that optimally separates signal from205

background contains all the information necessary to perform optimal hypothesis tests over the full range206

of signal strength values (see Eq. 5). However, this is no longer true when quantum interference cannot be207

ignored, and therefore does not apply to the off-shell Higgs analysis, where there is considerable destructive208

quantum interference between the signal and background processes. In this case, the impact of the signal209

strength ` on the probability model is non-linear, as will be described below, and Ref. [2] proposes the use210

of NSBI to fully account for these non-linear effects.211

The analysis by ATLAS in Ref. [7] included simulated samples from 66 ! � ! // ! 4✓ signal-only212

(S) production, 66 ! // ! 4✓ background-only (B) production, and the combined simulation including213

interference effects 66 ! (�) ! // ! 4✓ (SBI1, where the subscript indicates that ` was set to 1 for214

the simulation). These processes from the gluon-gluon fusion (ggF) production channel will be re-used215

for the demonstrations in this paper. In principle a coupling modifier parameter that scales the signal216

amplitude could be a complex number, which would lead to a phase contributing to the interference term217

in the cross-section computation. This would require the measurement of two independent parameters218

of interest, which can be done with NSBI. In this analysis however, the modifier p` is assumed to be a219

positive real number, and therefore only the inference of one parameter of interest ` is required. The full220

ggF probability model can be expressed as221

?ggF(G |`) =
1

aggF(`)

⇥
(` �

p
`) a( ?S(G) +

p
` aSBI1 ?SBI1 (G) + (1 �

p
`)aB ?B(G)

⇤
, (9)

where aggF(`) = (` �
p
`) a( +

p
` aSBI1 + (1 �

p
`)aB. The contribution from the interference (I) is222

represented using ?I = ?SBI1 � ?B � ?S, and it is the inference effects that introduce the non-linearity in `.223

For simplicity, the ggF subscripts will be suppressed henceforth. The definition for the reference in Eq. 8224

leads to ?ref = ?S for this example, and the search oriented mixture model from Eq. 7 becomes225

?(G |`)

?S(G)
=

1
a(`)


(` �

p
`) a( +

p
` aSBI1

?SBI1 (G)

?S(G)
+ (1 �

p
`)aB

?B(G)

?S(G)

�
. (10)

This can be constructed using two ensembles, the first to estimate ?SBI1 (G)/?S(G) and the second226

?B(G)/?S(G). The event section strategy follows to Ref. [7], and uses in addition a multi-variate-analysis-227

based discriminant, similar to the discriminant used in that analysis, to define the signal and control regions.228

The rest of this section will describe input features and architecture for the ensemble of networks trained229

for these tasks, and the systematics model considered in this demonstration.230
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estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161

problem of estimating likelihood ratios into a set of simpler estimation tasks and improve the robustness of162

the estimation.163

2.2 Factorisation into a search-oriented mixture model164

When the hypotheses being tested can be decomposed into mixtures of several components, the learning165

task can be factorised into a series of simpler classification tasks [7]. Further, if the only free parameters166

to be measured can be written as coe!cients of the mixture model, the individual classifiers no longer167

need to be parameterised in the parameter(s) of interest (e.g. a signal strength 𝐿), since the relation is168

explicitly known. This reduces the burden of validating the interpolation capabilities of the likelihood169

ratio estimation over the entire theory parameter space, to simply validating the performance of the small170

number of classifiers. If every classifier is well-trained and well-calibrated, then their combination too may171

be expected to remain well-behaved, although this must be explicitly verified.172

For an LHC analysis, this decomposition can use di"erent physics processes that give rise to the same final173

state, each with a coe!cient that is some function of the parameter of interest. If the decomposition is into174

𝑀 di"erent components, representing di"erent physics processes,175

𝑁(𝑂𝐿 |𝐿) =
1

𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁 𝑁 𝑁 (𝑂𝐿), (8)

where 𝑁 𝑁 (𝑂𝐿) is the probability density for the event 𝑂𝐿 correspeonding to the process 𝑅 , and 𝑃 𝑁 the inclusive176

rate for that process are defined with 𝐿 at the Standard Model value. The full dependence on 𝐿 can be177

captured using only the coe!cients 𝑄 𝑁 (𝐿) and the total rate 𝑃(𝐿). Such a decomposition is possible for a178

wide range of LHC analyses where the coe!cients 𝑄 𝑁 (𝐿) are known from theory2 [4]. These coe!cients are179

also used together with the inclusive rates (estimated from simulations) for each process (𝑃 𝑁) to determine180

𝑃(𝐿) =
∑

𝑄 𝑁 (𝐿) · 𝑃 𝑁 . Here 𝐿 could represent multiple theory parameters, and this formalism accommodates181

multiple independent parameters of interest. Further, while the factorisation of the task into individual182

physics processes can always be made, if the dependence on the parameter of interest is not analytically183

known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186

𝑁(𝑂𝐿 |𝐿)

𝑁ref(𝑂𝐿)
=

1
𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁

𝑁 𝑁 (𝑂𝐿)

𝑁ref(𝑂𝐿)
, (9)

expressed using only a finite number of 𝐿-independent density ratios, 𝑁 𝑁 (𝑂𝐿)/𝑁ref(𝑂𝐿). While there is a187

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,188

𝑁ref(𝑂𝐿) =
1∑
𝑂
𝑃𝑂

𝑀signals∑
𝑂

𝑃𝑂 𝑁𝑂 (𝑂𝐿), (10)

2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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space can guide decisions about neural network architecture optimisation and data pre-processing. Such195

iterative optimisation is essential to achieve a high level of accuracy in likelihood-ratio estimation. Since196

the ensembles are trained on bootstrapped samples, it is natural to use the spread in their predictions to197

quantify the uncertainty due to the limited training data.198

3 Example use case: ggF Off-shell Higgs Production199

The developed NSBI framework is demonstrated using a subset of simulated samples originally generated200

for an off-shell Higgs signal strength measurement in the � ! // ! 4✓ decay channel. The full context201

of the analysis is described in Ref. [7], and only the details relevant for NSBI will be summarised below.202

Only a subset of the physics processes and systematic uncertainties from the original analysis are considered203

for this demonstration.204

When the quantum interference is negligible, a single observable that optimally separates signal from205

background contains all the information necessary to perform optimal hypothesis tests over the full range206

of signal strength values (see Eq. 5). However, this is no longer true when quantum interference cannot be207

ignored, and therefore does not apply to the off-shell Higgs analysis, where there is considerable destructive208

quantum interference between the signal and background processes. In this case, the impact of the signal209

strength ` on the probability model is non-linear, as will be described below, and Ref. [2] proposes the use210

of NSBI to fully account for these non-linear effects.211

The analysis by ATLAS in Ref. [7] included simulated samples from 66 ! � ! // ! 4✓ signal-only212

(S) production, 66 ! // ! 4✓ background-only (B) production, and the combined simulation including213

interference effects 66 ! (�) ! // ! 4✓ (SBI1, where the subscript indicates that ` was set to 1 for214

the simulation). These processes from the gluon-gluon fusion (ggF) production channel will be re-used215

for the demonstrations in this paper. In principle a coupling modifier parameter that scales the signal216

amplitude could be a complex number, which would lead to a phase contributing to the interference term217

in the cross-section computation. This would require the measurement of two independent parameters218

of interest, which can be done with NSBI. In this analysis however, the modifier p` is assumed to be a219

positive real number, and therefore only the inference of one parameter of interest ` is required. The full220

ggF probability model can be expressed as221

?ggF(G |`) =
1

aggF(`)

⇥
(` �

p
`) a( ?S(G) +

p
` aSBI1 ?SBI1 (G) + (1 �

p
`)aB ?B(G)

⇤
, (9)

where aggF(`) = (` �
p
`) a( +

p
` aSBI1 + (1 �

p
`)aB. The contribution from the interference (I) is222

represented using ?I = ?SBI1 � ?B � ?S, and it is the inference effects that introduce the non-linearity in `.223

For simplicity, the ggF subscripts will be suppressed henceforth. The definition for the reference in Eq. 8224

leads to ?ref = ?S for this example, and the search oriented mixture model from Eq. 7 becomes225

?(G |`)

?S(G)
=

1
a(`)


(` �

p
`) a( +

p
` aSBI1

?SBI1 (G)

?S(G)
+ (1 �

p
`)aB

?B(G)

?S(G)

�
. (10)

This can be constructed using two ensembles, the first to estimate ?SBI1 (G)/?S(G) and the second226

?B(G)/?S(G). The event section strategy follows to Ref. [7], and uses in addition a multi-variate-analysis-227

based discriminant, similar to the discriminant used in that analysis, to define the signal and control regions.228

The rest of this section will describe input features and architecture for the ensemble of networks trained229

for these tasks, and the systematics model considered in this demonstration.230
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observable in histogram-based signal strength measurements. However, this solution only works for such158

linear problems, and Section 2.2 will develop a more general framework to build a test statistic analytically159

from the output of a few classifiers. The quality of a test statistic is reliant on how well a classifier learns to160

estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161

problem of estimating likelihood ratios into a set of simpler estimation tasks and improve the robustness of162

the estimation.163

2.2 Factorisation into a search-oriented mixture model164

When the hypotheses being tested can be decomposed into mixtures of several components, the learning165

task can be factorised into a series of simpler classification tasks [7]. Further, if the only free parameters166

to be measured can be written as coe!cients of the mixture model, the individual classifiers no longer167

need to be parameterised in the parameter(s) of interest (e.g. a signal strength 𝐿), since the relation is168

explicitly known. This reduces the burden of validating the interpolation capabilities of the likelihood169

ratio estimation over the entire theory parameter space, to simply validating the performance of the small170

number of classifiers. If every classifier is well-trained and well-calibrated, then their combination too may171

be expected to remain well-behaved, although this must be explicitly verified.172

For an LHC analysis, this decomposition can use di"erent physics processes that give rise to the same final173

state, each with a coe!cient that is some function of the parameter of interest. If the decomposition is into174

𝑀 di"erent components, representing di"erent physics processes,175

𝑁(𝑂𝐿 |𝐿) =
1

𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁 𝑁 𝑁 (𝑂𝐿), (8)

where 𝑁 𝑁 (𝑂𝐿) is the probability density for the event 𝑂𝐿 correspeonding to the process 𝑅 , and 𝑃 𝑁 the inclusive176

rate for that process are defined with 𝐿 at the Standard Model value. The full dependence on 𝐿 can be177

captured using only the coe!cients 𝑄 𝑁 (𝐿) and the total rate 𝑃(𝐿). Such a decomposition is possible for a178

wide range of LHC analyses where the coe!cients 𝑄 𝑁 (𝐿) are known from theory2 [4]. These coe!cients are179

also used together with the inclusive rates (estimated from simulations) for each process (𝑃 𝑁) to determine180

𝑃(𝐿) =
∑

𝑄 𝑁 (𝐿) · 𝑃 𝑁 . Here 𝐿 could represent multiple theory parameters, and this formalism accommodates181

multiple independent parameters of interest. Further, while the factorisation of the task into individual182

physics processes can always be made, if the dependence on the parameter of interest is not analytically183

known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186

𝑁(𝑂𝐿 |𝐿)

𝑁ref(𝑂𝐿)
=

1
𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁

𝑁 𝑁 (𝑂𝐿)

𝑁ref(𝑂𝐿)
, (9)

expressed using only a finite number of 𝐿-independent density ratios, 𝑁 𝑁 (𝑂𝐿)/𝑁ref(𝑂𝐿). While there is a187

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,188

𝑁ref(𝑂𝐿) =
1∑
𝑂
𝑃𝑂

𝑀signals∑
𝑂

𝑃𝑂 𝑁𝑂 (𝑂𝐿), (10)

2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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space can guide decisions about neural network architecture optimisation and data pre-processing. Such195

iterative optimisation is essential to achieve a high level of accuracy in likelihood-ratio estimation. Since196

the ensembles are trained on bootstrapped samples, it is natural to use the spread in their predictions to197

quantify the uncertainty due to the limited training data.198

3 Example use case: ggF Off-shell Higgs Production199

The developed NSBI framework is demonstrated using a subset of simulated samples originally generated200

for an off-shell Higgs signal strength measurement in the � ! // ! 4✓ decay channel. The full context201

of the analysis is described in Ref. [7], and only the details relevant for NSBI will be summarised below.202

Only a subset of the physics processes and systematic uncertainties from the original analysis are considered203

for this demonstration.204

When the quantum interference is negligible, a single observable that optimally separates signal from205

background contains all the information necessary to perform optimal hypothesis tests over the full range206

of signal strength values (see Eq. 5). However, this is no longer true when quantum interference cannot be207

ignored, and therefore does not apply to the off-shell Higgs analysis, where there is considerable destructive208

quantum interference between the signal and background processes. In this case, the impact of the signal209

strength ` on the probability model is non-linear, as will be described below, and Ref. [2] proposes the use210

of NSBI to fully account for these non-linear effects.211

The analysis by ATLAS in Ref. [7] included simulated samples from 66 ! � ! // ! 4✓ signal-only212

(S) production, 66 ! // ! 4✓ background-only (B) production, and the combined simulation including213

interference effects 66 ! (�) ! // ! 4✓ (SBI1, where the subscript indicates that ` was set to 1 for214

the simulation). These processes from the gluon-gluon fusion (ggF) production channel will be re-used215

for the demonstrations in this paper. In principle a coupling modifier parameter that scales the signal216

amplitude could be a complex number, which would lead to a phase contributing to the interference term217

in the cross-section computation. This would require the measurement of two independent parameters218

of interest, which can be done with NSBI. In this analysis however, the modifier p` is assumed to be a219

positive real number, and therefore only the inference of one parameter of interest ` is required. The full220

ggF probability model can be expressed as221

?ggF(G |`) =
1

aggF(`)

⇥
(` �

p
`) a( ?S(G) +

p
` aSBI1 ?SBI1 (G) + (1 �

p
`)aB ?B(G)

⇤
, (9)

where aggF(`) = (` �
p
`) a( +

p
` aSBI1 + (1 �

p
`)aB. The contribution from the interference (I) is222

represented using ?I = ?SBI1 � ?B � ?S, and it is the inference effects that introduce the non-linearity in `.223

For simplicity, the ggF subscripts will be suppressed henceforth. The definition for the reference in Eq. 8224

leads to ?ref = ?S for this example, and the search oriented mixture model from Eq. 7 becomes225

?(G |`)

?S(G)
=

1
a(`)


(` �

p
`) a( +

p
` aSBI1

?SBI1 (G)

?S(G)
+ (1 �

p
`)aB

?B(G)

?S(G)

�
. (10)

This can be constructed using two ensembles, the first to estimate ?SBI1 (G)/?S(G) and the second226

?B(G)/?S(G). The event section strategy follows to Ref. [7], and uses in addition a multi-variate-analysis-227

based discriminant, similar to the discriminant used in that analysis, to define the signal and control regions.228

The rest of this section will describe input features and architecture for the ensemble of networks trained229

for these tasks, and the systematics model considered in this demonstration.230
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observable in histogram-based signal strength measurements. However, this solution only works for such158

linear problems, and Section 2.2 will develop a more general framework to build a test statistic analytically159

from the output of a few classifiers. The quality of a test statistic is reliant on how well a classifier learns to160

estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161

problem of estimating likelihood ratios into a set of simpler estimation tasks and improve the robustness of162

the estimation.163

2.2 Factorisation into a search-oriented mixture model164

When the hypotheses being tested can be decomposed into mixtures of several components, the learning165

task can be factorised into a series of simpler classification tasks [7]. Further, if the only free parameters166

to be measured can be written as coe!cients of the mixture model, the individual classifiers no longer167

need to be parameterised in the parameter(s) of interest (e.g. a signal strength 𝐿), since the relation is168

explicitly known. This reduces the burden of validating the interpolation capabilities of the likelihood169

ratio estimation over the entire theory parameter space, to simply validating the performance of the small170

number of classifiers. If every classifier is well-trained and well-calibrated, then their combination too may171

be expected to remain well-behaved, although this must be explicitly verified.172

For an LHC analysis, this decomposition can use di"erent physics processes that give rise to the same final173

state, each with a coe!cient that is some function of the parameter of interest. If the decomposition is into174

𝑀 di"erent components, representing di"erent physics processes,175

𝑁(𝑂𝐿 |𝐿) =
1

𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁 𝑁 𝑁 (𝑂𝐿), (8)

where 𝑁 𝑁 (𝑂𝐿) is the probability density for the event 𝑂𝐿 correspeonding to the process 𝑅 , and 𝑃 𝑁 the inclusive176

rate for that process are defined with 𝐿 at the Standard Model value. The full dependence on 𝐿 can be177

captured using only the coe!cients 𝑄 𝑁 (𝐿) and the total rate 𝑃(𝐿). Such a decomposition is possible for a178

wide range of LHC analyses where the coe!cients 𝑄 𝑁 (𝐿) are known from theory2 [4]. These coe!cients are179

also used together with the inclusive rates (estimated from simulations) for each process (𝑃 𝑁) to determine180

𝑃(𝐿) =
∑

𝑄 𝑁 (𝐿) · 𝑃 𝑁 . Here 𝐿 could represent multiple theory parameters, and this formalism accommodates181

multiple independent parameters of interest. Further, while the factorisation of the task into individual182

physics processes can always be made, if the dependence on the parameter of interest is not analytically183

known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186

𝑁(𝑂𝐿 |𝐿)

𝑁ref(𝑂𝐿)
=

1
𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁

𝑁 𝑁 (𝑂𝐿)

𝑁ref(𝑂𝐿)
, (9)

expressed using only a finite number of 𝐿-independent density ratios, 𝑁 𝑁 (𝑂𝐿)/𝑁ref(𝑂𝐿). While there is a187

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,188

𝑁ref(𝑂𝐿) =
1∑
𝑂
𝑃𝑂

𝑀signals∑
𝑂

𝑃𝑂 𝑁𝑂 (𝑂𝐿), (10)

2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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space can guide decisions about neural network architecture optimisation and data pre-processing. Such195

iterative optimisation is essential to achieve a high level of accuracy in likelihood-ratio estimation. Since196

the ensembles are trained on bootstrapped samples, it is natural to use the spread in their predictions to197

quantify the uncertainty due to the limited training data.198

3 Example use case: ggF Off-shell Higgs Production199

The developed NSBI framework is demonstrated using a subset of simulated samples originally generated200

for an off-shell Higgs signal strength measurement in the � ! // ! 4✓ decay channel. The full context201

of the analysis is described in Ref. [7], and only the details relevant for NSBI will be summarised below.202

Only a subset of the physics processes and systematic uncertainties from the original analysis are considered203

for this demonstration.204

When the quantum interference is negligible, a single observable that optimally separates signal from205

background contains all the information necessary to perform optimal hypothesis tests over the full range206

of signal strength values (see Eq. 5). However, this is no longer true when quantum interference cannot be207

ignored, and therefore does not apply to the off-shell Higgs analysis, where there is considerable destructive208

quantum interference between the signal and background processes. In this case, the impact of the signal209

strength ` on the probability model is non-linear, as will be described below, and Ref. [2] proposes the use210

of NSBI to fully account for these non-linear effects.211

The analysis by ATLAS in Ref. [7] included simulated samples from 66 ! � ! // ! 4✓ signal-only212

(S) production, 66 ! // ! 4✓ background-only (B) production, and the combined simulation including213

interference effects 66 ! (�) ! // ! 4✓ (SBI1, where the subscript indicates that ` was set to 1 for214

the simulation). These processes from the gluon-gluon fusion (ggF) production channel will be re-used215

for the demonstrations in this paper. In principle a coupling modifier parameter that scales the signal216

amplitude could be a complex number, which would lead to a phase contributing to the interference term217

in the cross-section computation. This would require the measurement of two independent parameters218

of interest, which can be done with NSBI. In this analysis however, the modifier p` is assumed to be a219

positive real number, and therefore only the inference of one parameter of interest ` is required. The full220

ggF probability model can be expressed as221

?ggF(G |`) =
1

aggF(`)

⇥
(` �

p
`) a( ?S(G) +

p
` aSBI1 ?SBI1 (G) + (1 �

p
`)aB ?B(G)

⇤
, (9)

where aggF(`) = (` �
p
`) a( +

p
` aSBI1 + (1 �

p
`)aB. The contribution from the interference (I) is222

represented using ?I = ?SBI1 � ?B � ?S, and it is the inference effects that introduce the non-linearity in `.223

For simplicity, the ggF subscripts will be suppressed henceforth. The definition for the reference in Eq. 8224

leads to ?ref = ?S for this example, and the search oriented mixture model from Eq. 7 becomes225
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This can be constructed using two ensembles, the first to estimate ?SBI1 (G)/?S(G) and the second226

?B(G)/?S(G). The event section strategy follows to Ref. [7], and uses in addition a multi-variate-analysis-227

based discriminant, similar to the discriminant used in that analysis, to define the signal and control regions.228

The rest of this section will describe input features and architecture for the ensemble of networks trained229

for these tasks, and the systematics model considered in this demonstration.230
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observable in histogram-based signal strength measurements. However, this solution only works for such158

linear problems, and Section 2.2 will develop a more general framework to build a test statistic analytically159

from the output of a few classifiers. The quality of a test statistic is reliant on how well a classifier learns to160

estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161

problem of estimating likelihood ratios into a set of simpler estimation tasks and improve the robustness of162

the estimation.163

2.2 Factorisation into a search-oriented mixture model164

When the hypotheses being tested can be decomposed into mixtures of several components, the learning165

task can be factorised into a series of simpler classification tasks [7]. Further, if the only free parameters166

to be measured can be written as coe!cients of the mixture model, the individual classifiers no longer167

need to be parameterised in the parameter(s) of interest (e.g. a signal strength 𝐿), since the relation is168

explicitly known. This reduces the burden of validating the interpolation capabilities of the likelihood169

ratio estimation over the entire theory parameter space, to simply validating the performance of the small170

number of classifiers. If every classifier is well-trained and well-calibrated, then their combination too may171

be expected to remain well-behaved, although this must be explicitly verified.172

For an LHC analysis, this decomposition can use di"erent physics processes that give rise to the same final173

state, each with a coe!cient that is some function of the parameter of interest. If the decomposition is into174

𝑀 di"erent components, representing di"erent physics processes,175

𝑁(𝑂𝐿 |𝐿) =
1

𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁 𝑁 𝑁 (𝑂𝐿), (8)

where 𝑁 𝑁 (𝑂𝐿) is the probability density for the event 𝑂𝐿 correspeonding to the process 𝑅 , and 𝑃 𝑁 the inclusive176

rate for that process are defined with 𝐿 at the Standard Model value. The full dependence on 𝐿 can be177

captured using only the coe!cients 𝑄 𝑁 (𝐿) and the total rate 𝑃(𝐿). Such a decomposition is possible for a178

wide range of LHC analyses where the coe!cients 𝑄 𝑁 (𝐿) are known from theory2 [4]. These coe!cients are179

also used together with the inclusive rates (estimated from simulations) for each process (𝑃 𝑁) to determine180

𝑃(𝐿) =
∑

𝑄 𝑁 (𝐿) · 𝑃 𝑁 . Here 𝐿 could represent multiple theory parameters, and this formalism accommodates181

multiple independent parameters of interest. Further, while the factorisation of the task into individual182

physics processes can always be made, if the dependence on the parameter of interest is not analytically183

known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186

𝑁(𝑂𝐿 |𝐿)

𝑁ref(𝑂𝐿)
=

1
𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁

𝑁 𝑁 (𝑂𝐿)

𝑁ref(𝑂𝐿)
, (9)

expressed using only a finite number of 𝐿-independent density ratios, 𝑁 𝑁 (𝑂𝐿)/𝑁ref(𝑂𝐿). While there is a187

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,188

𝑁ref(𝑂𝐿) =
1∑
𝑂
𝑃𝑂

𝑀signals∑
𝑂

𝑃𝑂 𝑁𝑂 (𝑂𝐿), (10)

2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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observable in histogram-based signal strength measurements. However, this solution only works for such158

linear problems, and Section 2.2 will develop a more general framework to build a test statistic analytically159

from the output of a few classifiers. The quality of a test statistic is reliant on how well a classifier learns to160

estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161

problem of estimating likelihood ratios into a set of simpler estimation tasks and improve the robustness of162

the estimation.163

2.2 Factorisation into a search-oriented mixture model164

When the hypotheses being tested can be decomposed into mixtures of several components, the learning165

task can be factorised into a series of simpler classification tasks [7]. Further, if the only free parameters166

to be measured can be written as coe!cients of the mixture model, the individual classifiers no longer167

need to be parameterised in the parameter(s) of interest (e.g. a signal strength 𝐿), since the relation is168

explicitly known. This reduces the burden of validating the interpolation capabilities of the likelihood169

ratio estimation over the entire theory parameter space, to simply validating the performance of the small170

number of classifiers. If every classifier is well-trained and well-calibrated, then their combination too may171

be expected to remain well-behaved, although this must be explicitly verified.172

For an LHC analysis, this decomposition can use di"erent physics processes that give rise to the same final173

state, each with a coe!cient that is some function of the parameter of interest. If the decomposition is into174

𝑀 di"erent components, representing di"erent physics processes,175

𝑁(𝑂𝐿 |𝐿) =
1

𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁 𝑁 𝑁 (𝑂𝐿), (8)

where 𝑁 𝑁 (𝑂𝐿) is the probability density for the event 𝑂𝐿 correspeonding to the process 𝑅 , and 𝑃 𝑁 the inclusive176

rate for that process are defined with 𝐿 at the Standard Model value. The full dependence on 𝐿 can be177

captured using only the coe!cients 𝑄 𝑁 (𝐿) and the total rate 𝑃(𝐿). Such a decomposition is possible for a178

wide range of LHC analyses where the coe!cients 𝑄 𝑁 (𝐿) are known from theory2 [4]. These coe!cients are179

also used together with the inclusive rates (estimated from simulations) for each process (𝑃 𝑁) to determine180

𝑃(𝐿) =
∑

𝑄 𝑁 (𝐿) · 𝑃 𝑁 . Here 𝐿 could represent multiple theory parameters, and this formalism accommodates181

multiple independent parameters of interest. Further, while the factorisation of the task into individual182

physics processes can always be made, if the dependence on the parameter of interest is not analytically183

known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186

𝑁(𝑂𝐿 |𝐿)

𝑁ref(𝑂𝐿)
=

1
𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁

𝑁 𝑁 (𝑂𝐿)

𝑁ref(𝑂𝐿)
, (9)

expressed using only a finite number of 𝐿-independent density ratios, 𝑁 𝑁 (𝑂𝐿)/𝑁ref(𝑂𝐿). While there is a187

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,188

𝑁ref(𝑂𝐿) =
1∑
𝑂
𝑃𝑂

𝑀signals∑
𝑂

𝑃𝑂 𝑁𝑂 (𝑂𝐿), (10)

2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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space can guide decisions about neural network architecture optimisation and data pre-processing. Such195

iterative optimisation is essential to achieve a high level of accuracy in likelihood-ratio estimation. Since196

the ensembles are trained on bootstrapped samples, it is natural to use the spread in their predictions to197

quantify the uncertainty due to the limited training data.198

3 Example use case: ggF Off-shell Higgs Production199

The developed NSBI framework is demonstrated using a subset of simulated samples originally generated200

for an off-shell Higgs signal strength measurement in the � ! // ! 4✓ decay channel. The full context201

of the analysis is described in Ref. [7], and only the details relevant for NSBI will be summarised below.202

Only a subset of the physics processes and systematic uncertainties from the original analysis are considered203

for this demonstration.204

When the quantum interference is negligible, a single observable that optimally separates signal from205

background contains all the information necessary to perform optimal hypothesis tests over the full range206

of signal strength values (see Eq. 5). However, this is no longer true when quantum interference cannot be207

ignored, and therefore does not apply to the off-shell Higgs analysis, where there is considerable destructive208

quantum interference between the signal and background processes. In this case, the impact of the signal209

strength ` on the probability model is non-linear, as will be described below, and Ref. [2] proposes the use210

of NSBI to fully account for these non-linear effects.211

The analysis by ATLAS in Ref. [7] included simulated samples from 66 ! � ! // ! 4✓ signal-only212

(S) production, 66 ! // ! 4✓ background-only (B) production, and the combined simulation including213

interference effects 66 ! (�) ! // ! 4✓ (SBI1, where the subscript indicates that ` was set to 1 for214

the simulation). These processes from the gluon-gluon fusion (ggF) production channel will be re-used215

for the demonstrations in this paper. In principle a coupling modifier parameter that scales the signal216

amplitude could be a complex number, which would lead to a phase contributing to the interference term217

in the cross-section computation. This would require the measurement of two independent parameters218

of interest, which can be done with NSBI. In this analysis however, the modifier p` is assumed to be a219

positive real number, and therefore only the inference of one parameter of interest ` is required. The full220

ggF probability model can be expressed as221

?ggF(G |`) =
1

aggF(`)

⇥
(` �

p
`) a( ?S(G) +

p
` aSBI1 ?SBI1 (G) + (1 �

p
`)aB ?B(G)

⇤
, (9)

where aggF(`) = (` �
p
`) a( +

p
` aSBI1 + (1 �

p
`)aB. The contribution from the interference (I) is222

represented using ?I = ?SBI1 � ?B � ?S, and it is the inference effects that introduce the non-linearity in `.223

For simplicity, the ggF subscripts will be suppressed henceforth. The definition for the reference in Eq. 8224

leads to ?ref = ?S for this example, and the search oriented mixture model from Eq. 7 becomes225

?(G |`)

?S(G)
=

1
a(`)


(` �

p
`) a( +

p
` aSBI1

?SBI1 (G)

?S(G)
+ (1 �

p
`)aB

?B(G)

?S(G)

�
. (10)

This can be constructed using two ensembles, the first to estimate ?SBI1 (G)/?S(G) and the second226

?B(G)/?S(G). The event section strategy follows to Ref. [7], and uses in addition a multi-variate-analysis-227

based discriminant, similar to the discriminant used in that analysis, to define the signal and control regions.228

The rest of this section will describe input features and architecture for the ensemble of networks trained229

for these tasks, and the systematics model considered in this demonstration.230
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observable in histogram-based signal strength measurements. However, this solution only works for such158

linear problems, and Section 2.2 will develop a more general framework to build a test statistic analytically159

from the output of a few classifiers. The quality of a test statistic is reliant on how well a classifier learns to160

estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161

problem of estimating likelihood ratios into a set of simpler estimation tasks and improve the robustness of162

the estimation.163

2.2 Factorisation into a search-oriented mixture model164

When the hypotheses being tested can be decomposed into mixtures of several components, the learning165

task can be factorised into a series of simpler classification tasks [7]. Further, if the only free parameters166

to be measured can be written as coe!cients of the mixture model, the individual classifiers no longer167

need to be parameterised in the parameter(s) of interest (e.g. a signal strength 𝐿), since the relation is168

explicitly known. This reduces the burden of validating the interpolation capabilities of the likelihood169

ratio estimation over the entire theory parameter space, to simply validating the performance of the small170

number of classifiers. If every classifier is well-trained and well-calibrated, then their combination too may171

be expected to remain well-behaved, although this must be explicitly verified.172

For an LHC analysis, this decomposition can use di"erent physics processes that give rise to the same final173

state, each with a coe!cient that is some function of the parameter of interest. If the decomposition is into174

𝑀 di"erent components, representing di"erent physics processes,175

𝑁(𝑂𝐿 |𝐿) =
1

𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁 𝑁 𝑁 (𝑂𝐿), (8)

where 𝑁 𝑁 (𝑂𝐿) is the probability density for the event 𝑂𝐿 correspeonding to the process 𝑅 , and 𝑃 𝑁 the inclusive176

rate for that process are defined with 𝐿 at the Standard Model value. The full dependence on 𝐿 can be177

captured using only the coe!cients 𝑄 𝑁 (𝐿) and the total rate 𝑃(𝐿). Such a decomposition is possible for a178

wide range of LHC analyses where the coe!cients 𝑄 𝑁 (𝐿) are known from theory2 [4]. These coe!cients are179

also used together with the inclusive rates (estimated from simulations) for each process (𝑃 𝑁) to determine180

𝑃(𝐿) =
∑

𝑄 𝑁 (𝐿) · 𝑃 𝑁 . Here 𝐿 could represent multiple theory parameters, and this formalism accommodates181

multiple independent parameters of interest. Further, while the factorisation of the task into individual182

physics processes can always be made, if the dependence on the parameter of interest is not analytically183

known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186

𝑁(𝑂𝐿 |𝐿)

𝑁ref(𝑂𝐿)
=

1
𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁

𝑁 𝑁 (𝑂𝐿)

𝑁ref(𝑂𝐿)
, (9)

expressed using only a finite number of 𝐿-independent density ratios, 𝑁 𝑁 (𝑂𝐿)/𝑁ref(𝑂𝐿). While there is a187

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,188

𝑁ref(𝑂𝐿) =
1∑
𝑂
𝑃𝑂

𝑀signals∑
𝑂

𝑃𝑂 𝑁𝑂 (𝑂𝐿), (10)

2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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observable in histogram-based signal strength measurements. However, this solution only works for such158

linear problems, and Section 2.2 will develop a more general framework to build a test statistic analytically159

from the output of a few classifiers. The quality of a test statistic is reliant on how well a classifier learns to160

estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161

problem of estimating likelihood ratios into a set of simpler estimation tasks and improve the robustness of162

the estimation.163

2.2 Factorisation into a search-oriented mixture model164

When the hypotheses being tested can be decomposed into mixtures of several components, the learning165

task can be factorised into a series of simpler classification tasks [7]. Further, if the only free parameters166

to be measured can be written as coe!cients of the mixture model, the individual classifiers no longer167

need to be parameterised in the parameter(s) of interest (e.g. a signal strength 𝐿), since the relation is168

explicitly known. This reduces the burden of validating the interpolation capabilities of the likelihood169

ratio estimation over the entire theory parameter space, to simply validating the performance of the small170

number of classifiers. If every classifier is well-trained and well-calibrated, then their combination too may171

be expected to remain well-behaved, although this must be explicitly verified.172

For an LHC analysis, this decomposition can use di"erent physics processes that give rise to the same final173

state, each with a coe!cient that is some function of the parameter of interest. If the decomposition is into174

𝑀 di"erent components, representing di"erent physics processes,175

𝑁(𝑂𝐿 |𝐿) =
1

𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁 𝑁 𝑁 (𝑂𝐿), (8)

where 𝑁 𝑁 (𝑂𝐿) is the probability density for the event 𝑂𝐿 correspeonding to the process 𝑅 , and 𝑃 𝑁 the inclusive176

rate for that process are defined with 𝐿 at the Standard Model value. The full dependence on 𝐿 can be177

captured using only the coe!cients 𝑄 𝑁 (𝐿) and the total rate 𝑃(𝐿). Such a decomposition is possible for a178

wide range of LHC analyses where the coe!cients 𝑄 𝑁 (𝐿) are known from theory2 [4]. These coe!cients are179

also used together with the inclusive rates (estimated from simulations) for each process (𝑃 𝑁) to determine180

𝑃(𝐿) =
∑

𝑄 𝑁 (𝐿) · 𝑃 𝑁 . Here 𝐿 could represent multiple theory parameters, and this formalism accommodates181

multiple independent parameters of interest. Further, while the factorisation of the task into individual182

physics processes can always be made, if the dependence on the parameter of interest is not analytically183

known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186

𝑁(𝑂𝐿 |𝐿)

𝑁ref(𝑂𝐿)
=

1
𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁

𝑁 𝑁 (𝑂𝐿)

𝑁ref(𝑂𝐿)
, (9)

expressed using only a finite number of 𝐿-independent density ratios, 𝑁 𝑁 (𝑂𝐿)/𝑁ref(𝑂𝐿). While there is a187

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,188

𝑁ref(𝑂𝐿) =
1∑
𝑂
𝑃𝑂

𝑀signals∑
𝑂

𝑃𝑂 𝑁𝑂 (𝑂𝐿), (10)

2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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space can guide decisions about neural network architecture optimisation and data pre-processing. Such195

iterative optimisation is essential to achieve a high level of accuracy in likelihood-ratio estimation. Since196

the ensembles are trained on bootstrapped samples, it is natural to use the spread in their predictions to197

quantify the uncertainty due to the limited training data.198

3 Example use case: ggF Off-shell Higgs Production199

The developed NSBI framework is demonstrated using a subset of simulated samples originally generated200

for an off-shell Higgs signal strength measurement in the � ! // ! 4✓ decay channel. The full context201

of the analysis is described in Ref. [7], and only the details relevant for NSBI will be summarised below.202

Only a subset of the physics processes and systematic uncertainties from the original analysis are considered203

for this demonstration.204

When the quantum interference is negligible, a single observable that optimally separates signal from205

background contains all the information necessary to perform optimal hypothesis tests over the full range206

of signal strength values (see Eq. 5). However, this is no longer true when quantum interference cannot be207

ignored, and therefore does not apply to the off-shell Higgs analysis, where there is considerable destructive208

quantum interference between the signal and background processes. In this case, the impact of the signal209

strength ` on the probability model is non-linear, as will be described below, and Ref. [2] proposes the use210

of NSBI to fully account for these non-linear effects.211

The analysis by ATLAS in Ref. [7] included simulated samples from 66 ! � ! // ! 4✓ signal-only212

(S) production, 66 ! // ! 4✓ background-only (B) production, and the combined simulation including213

interference effects 66 ! (�) ! // ! 4✓ (SBI1, where the subscript indicates that ` was set to 1 for214

the simulation). These processes from the gluon-gluon fusion (ggF) production channel will be re-used215

for the demonstrations in this paper. In principle a coupling modifier parameter that scales the signal216

amplitude could be a complex number, which would lead to a phase contributing to the interference term217

in the cross-section computation. This would require the measurement of two independent parameters218

of interest, which can be done with NSBI. In this analysis however, the modifier p` is assumed to be a219

positive real number, and therefore only the inference of one parameter of interest ` is required. The full220

ggF probability model can be expressed as221

?ggF(G |`) =
1

aggF(`)

⇥
(` �

p
`) a( ?S(G) +

p
` aSBI1 ?SBI1 (G) + (1 �

p
`)aB ?B(G)

⇤
, (9)

where aggF(`) = (` �
p
`) a( +

p
` aSBI1 + (1 �

p
`)aB. The contribution from the interference (I) is222

represented using ?I = ?SBI1 � ?B � ?S, and it is the inference effects that introduce the non-linearity in `.223

For simplicity, the ggF subscripts will be suppressed henceforth. The definition for the reference in Eq. 8224

leads to ?ref = ?S for this example, and the search oriented mixture model from Eq. 7 becomes225

?(G |`)

?S(G)
=

1
a(`)


(` �

p
`) a( +

p
` aSBI1

?SBI1 (G)

?S(G)
+ (1 �

p
`)aB

?B(G)

?S(G)

�
. (10)

This can be constructed using two ensembles, the first to estimate ?SBI1 (G)/?S(G) and the second226

?B(G)/?S(G). The event section strategy follows to Ref. [7], and uses in addition a multi-variate-analysis-227

based discriminant, similar to the discriminant used in that analysis, to define the signal and control regions.228

The rest of this section will describe input features and architecture for the ensemble of networks trained229

for these tasks, and the systematics model considered in this demonstration.230
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space can guide decisions about neural network architecture optimisation and data pre-processing. Such195

iterative optimisation is essential to achieve a high level of accuracy in likelihood-ratio estimation. Since196

the ensembles are trained on bootstrapped samples, it is natural to use the spread in their predictions to197

quantify the uncertainty due to the limited training data.198

3 Example use case: ggF Off-shell Higgs Production199

The developed NSBI framework is demonstrated using a subset of simulated samples originally generated200

for an off-shell Higgs signal strength measurement in the � ! // ! 4✓ decay channel. The full context201

of the analysis is described in Ref. [7], and only the details relevant for NSBI will be summarised below.202

Only a subset of the physics processes and systematic uncertainties from the original analysis are considered203

for this demonstration.204

When the quantum interference is negligible, a single observable that optimally separates signal from205

background contains all the information necessary to perform optimal hypothesis tests over the full range206

of signal strength values (see Eq. 5). However, this is no longer true when quantum interference cannot be207

ignored, and therefore does not apply to the off-shell Higgs analysis, where there is considerable destructive208

quantum interference between the signal and background processes. In this case, the impact of the signal209

strength ` on the probability model is non-linear, as will be described below, and Ref. [2] proposes the use210

of NSBI to fully account for these non-linear effects.211

The analysis by ATLAS in Ref. [7] included simulated samples from 66 ! � ! // ! 4✓ signal-only212

(S) production, 66 ! // ! 4✓ background-only (B) production, and the combined simulation including213

interference effects 66 ! (�) ! // ! 4✓ (SBI1, where the subscript indicates that ` was set to 1 for214

the simulation). These processes from the gluon-gluon fusion (ggF) production channel will be re-used215

for the demonstrations in this paper. In principle a coupling modifier parameter that scales the signal216

amplitude could be a complex number, which would lead to a phase contributing to the interference term217

in the cross-section computation. This would require the measurement of two independent parameters218

of interest, which can be done with NSBI. In this analysis however, the modifier p` is assumed to be a219

positive real number, and therefore only the inference of one parameter of interest ` is required. The full220

ggF probability model can be expressed as221

?ggF(G |`) =
1

aggF(`)

⇥
(` �

p
`) a( ?S(G) +

p
` aSBI1 ?SBI1 (G) + (1 �

p
`)aB ?B(G)

⇤
, (9)

where aggF(`) = (` �
p
`) a( +

p
` aSBI1 + (1 �

p
`)aB. The contribution from the interference (I) is222

represented using ?I = ?SBI1 � ?B � ?S, and it is the inference effects that introduce the non-linearity in `.223

For simplicity, the ggF subscripts will be suppressed henceforth. The definition for the reference in Eq. 8224

leads to ?ref = ?S for this example, and the search oriented mixture model from Eq. 7 becomes225
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1
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p
` aSBI1
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This can be constructed using two ensembles, the first to estimate ?SBI1 (G)/?S(G) and the second226

?B(G)/?S(G). The event section strategy follows to Ref. [7], and uses in addition a multi-variate-analysis-227

based discriminant, similar to the discriminant used in that analysis, to define the signal and control regions.228

The rest of this section will describe input features and architecture for the ensemble of networks trained229

for these tasks, and the systematics model considered in this demonstration.230
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observable in histogram-based signal strength measurements. However, this solution only works for such158

linear problems, and Section 2.2 will develop a more general framework to build a test statistic analytically159

from the output of a few classifiers. The quality of a test statistic is reliant on how well a classifier learns to160

estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161

problem of estimating likelihood ratios into a set of simpler estimation tasks and improve the robustness of162

the estimation.163

2.2 Factorisation into a search-oriented mixture model164

When the hypotheses being tested can be decomposed into mixtures of several components, the learning165

task can be factorised into a series of simpler classification tasks [7]. Further, if the only free parameters166

to be measured can be written as coe!cients of the mixture model, the individual classifiers no longer167

need to be parameterised in the parameter(s) of interest (e.g. a signal strength 𝐿), since the relation is168

explicitly known. This reduces the burden of validating the interpolation capabilities of the likelihood169

ratio estimation over the entire theory parameter space, to simply validating the performance of the small170

number of classifiers. If every classifier is well-trained and well-calibrated, then their combination too may171

be expected to remain well-behaved, although this must be explicitly verified.172

For an LHC analysis, this decomposition can use di"erent physics processes that give rise to the same final173

state, each with a coe!cient that is some function of the parameter of interest. If the decomposition is into174

𝑀 di"erent components, representing di"erent physics processes,175

𝑁(𝑂𝐿 |𝐿) =
1

𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁 𝑁 𝑁 (𝑂𝐿), (8)

where 𝑁 𝑁 (𝑂𝐿) is the probability density for the event 𝑂𝐿 correspeonding to the process 𝑅 , and 𝑃 𝑁 the inclusive176

rate for that process are defined with 𝐿 at the Standard Model value. The full dependence on 𝐿 can be177

captured using only the coe!cients 𝑄 𝑁 (𝐿) and the total rate 𝑃(𝐿). Such a decomposition is possible for a178

wide range of LHC analyses where the coe!cients 𝑄 𝑁 (𝐿) are known from theory2 [4]. These coe!cients are179

also used together with the inclusive rates (estimated from simulations) for each process (𝑃 𝑁) to determine180

𝑃(𝐿) =
∑

𝑄 𝑁 (𝐿) · 𝑃 𝑁 . Here 𝐿 could represent multiple theory parameters, and this formalism accommodates181

multiple independent parameters of interest. Further, while the factorisation of the task into individual182

physics processes can always be made, if the dependence on the parameter of interest is not analytically183

known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186

𝑁(𝑂𝐿 |𝐿)

𝑁ref(𝑂𝐿)
=

1
𝑃(𝐿)
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𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁

𝑁 𝑁 (𝑂𝐿)

𝑁ref(𝑂𝐿)
, (9)

expressed using only a finite number of 𝐿-independent density ratios, 𝑁 𝑁 (𝑂𝐿)/𝑁ref(𝑂𝐿). While there is a187

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,188

𝑁ref(𝑂𝐿) =
1∑
𝑂
𝑃𝑂

𝑀signals∑
𝑂

𝑃𝑂 𝑁𝑂 (𝑂𝐿), (10)

2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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observable in histogram-based signal strength measurements. However, this solution only works for such158

linear problems, and Section 2.2 will develop a more general framework to build a test statistic analytically159

from the output of a few classifiers. The quality of a test statistic is reliant on how well a classifier learns to160

estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161
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known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186
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2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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space can guide decisions about neural network architecture optimisation and data pre-processing. Such195

iterative optimisation is essential to achieve a high level of accuracy in likelihood-ratio estimation. Since196

the ensembles are trained on bootstrapped samples, it is natural to use the spread in their predictions to197

quantify the uncertainty due to the limited training data.198

3 Example use case: ggF Off-shell Higgs Production199

The developed NSBI framework is demonstrated using a subset of simulated samples originally generated200

for an off-shell Higgs signal strength measurement in the � ! // ! 4✓ decay channel. The full context201

of the analysis is described in Ref. [7], and only the details relevant for NSBI will be summarised below.202

Only a subset of the physics processes and systematic uncertainties from the original analysis are considered203

for this demonstration.204

When the quantum interference is negligible, a single observable that optimally separates signal from205

background contains all the information necessary to perform optimal hypothesis tests over the full range206

of signal strength values (see Eq. 5). However, this is no longer true when quantum interference cannot be207

ignored, and therefore does not apply to the off-shell Higgs analysis, where there is considerable destructive208

quantum interference between the signal and background processes. In this case, the impact of the signal209

strength ` on the probability model is non-linear, as will be described below, and Ref. [2] proposes the use210

of NSBI to fully account for these non-linear effects.211

The analysis by ATLAS in Ref. [7] included simulated samples from 66 ! � ! // ! 4✓ signal-only212

(S) production, 66 ! // ! 4✓ background-only (B) production, and the combined simulation including213

interference effects 66 ! (�) ! // ! 4✓ (SBI1, where the subscript indicates that ` was set to 1 for214

the simulation). These processes from the gluon-gluon fusion (ggF) production channel will be re-used215

for the demonstrations in this paper. In principle a coupling modifier parameter that scales the signal216

amplitude could be a complex number, which would lead to a phase contributing to the interference term217

in the cross-section computation. This would require the measurement of two independent parameters218

of interest, which can be done with NSBI. In this analysis however, the modifier p` is assumed to be a219

positive real number, and therefore only the inference of one parameter of interest ` is required. The full220

ggF probability model can be expressed as221

?ggF(G |`) =
1

aggF(`)

⇥
(` �

p
`) a( ?S(G) +

p
` aSBI1 ?SBI1 (G) + (1 �

p
`)aB ?B(G)

⇤
, (9)

where aggF(`) = (` �
p
`) a( +

p
` aSBI1 + (1 �

p
`)aB. The contribution from the interference (I) is222

represented using ?I = ?SBI1 � ?B � ?S, and it is the inference effects that introduce the non-linearity in `.223

For simplicity, the ggF subscripts will be suppressed henceforth. The definition for the reference in Eq. 8224

leads to ?ref = ?S for this example, and the search oriented mixture model from Eq. 7 becomes225

?(G |`)

?S(G)
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1
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
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p
`) a( +
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` aSBI1

?SBI1 (G)
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+ (1 �

p
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?B(G)

?S(G)

�
. (10)

This can be constructed using two ensembles, the first to estimate ?SBI1 (G)/?S(G) and the second226

?B(G)/?S(G). The event section strategy follows to Ref. [7], and uses in addition a multi-variate-analysis-227

based discriminant, similar to the discriminant used in that analysis, to define the signal and control regions.228

The rest of this section will describe input features and architecture for the ensemble of networks trained229

for these tasks, and the systematics model considered in this demonstration.230

19th September 2024 – 19:45 7

ATLAS DRAFT
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observable in histogram-based signal strength measurements. However, this solution only works for such158

linear problems, and Section 2.2 will develop a more general framework to build a test statistic analytically159

from the output of a few classifiers. The quality of a test statistic is reliant on how well a classifier learns to160

estimate the decision function in Eq. 2. The rest of this section will describe a method to factorise the161

problem of estimating likelihood ratios into a set of simpler estimation tasks and improve the robustness of162

the estimation.163

2.2 Factorisation into a search-oriented mixture model164

When the hypotheses being tested can be decomposed into mixtures of several components, the learning165

task can be factorised into a series of simpler classification tasks [7]. Further, if the only free parameters166

to be measured can be written as coe!cients of the mixture model, the individual classifiers no longer167

need to be parameterised in the parameter(s) of interest (e.g. a signal strength 𝐿), since the relation is168

explicitly known. This reduces the burden of validating the interpolation capabilities of the likelihood169

ratio estimation over the entire theory parameter space, to simply validating the performance of the small170

number of classifiers. If every classifier is well-trained and well-calibrated, then their combination too may171

be expected to remain well-behaved, although this must be explicitly verified.172

For an LHC analysis, this decomposition can use di"erent physics processes that give rise to the same final173

state, each with a coe!cient that is some function of the parameter of interest. If the decomposition is into174

𝑀 di"erent components, representing di"erent physics processes,175

𝑁(𝑂𝐿 |𝐿) =
1

𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁 𝑁 𝑁 (𝑂𝐿), (8)

where 𝑁 𝑁 (𝑂𝐿) is the probability density for the event 𝑂𝐿 correspeonding to the process 𝑅 , and 𝑃 𝑁 the inclusive176

rate for that process are defined with 𝐿 at the Standard Model value. The full dependence on 𝐿 can be177

captured using only the coe!cients 𝑄 𝑁 (𝐿) and the total rate 𝑃(𝐿). Such a decomposition is possible for a178

wide range of LHC analyses where the coe!cients 𝑄 𝑁 (𝐿) are known from theory2 [4]. These coe!cients are179

also used together with the inclusive rates (estimated from simulations) for each process (𝑃 𝑁) to determine180

𝑃(𝐿) =
∑

𝑄 𝑁 (𝐿) · 𝑃 𝑁 . Here 𝐿 could represent multiple theory parameters, and this formalism accommodates181

multiple independent parameters of interest. Further, while the factorisation of the task into individual182

physics processes can always be made, if the dependence on the parameter of interest is not analytically183

known, a parameterised network can be trained instead to estimate terms corresponding to 𝑁 𝑁 (𝑂𝐿 |𝐿) [7] in184

the following formalism. This paper defines a search-oriented mixture model, which is the probability185

density ratio between a hypothesis and a reference,186

𝑁(𝑂𝐿 |𝐿)

𝑁ref(𝑂𝐿)
=

1
𝑃(𝐿)

𝑀∑
𝑁

𝑄 𝑁 (𝐿) · 𝑃 𝑁

𝑁 𝑁 (𝑂𝐿)

𝑁ref(𝑂𝐿)
, (9)

expressed using only a finite number of 𝐿-independent density ratios, 𝑁 𝑁 (𝑂𝐿)/𝑁ref(𝑂𝐿). While there is a187

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,188

𝑁ref(𝑂𝐿) =
1∑
𝑂
𝑃𝑂

𝑀signals∑
𝑂

𝑃𝑂 𝑁𝑂 (𝑂𝐿), (10)

2 Such a decomposition is possible for signal strength measurements but may not be possible for other measurements, such as
mass measurement.
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(a) (b)

Figure 7: Comparison between the NN-based and histogram-based estimate of the density ratio 𝐿(𝑀 |𝑁o!-shell)/𝐿ref (𝑀)
for (a) 𝑁o!-shell = 0.3 and (b) 𝑁o!-shell = 1.7. The comparison is done as a function of log [𝐿(𝑀 |𝑁o!-shell)/𝐿ref (𝑀)]
to separate the comparison for events that are very signal-like and reference-like. The lower panels show the pull,
defined as the di!erence between the NN and MC-based estimate divided by the statistical uncertainty due to the
finite number of MC events. The error bars indicate the uncertainty due to the finite number of simulated events in
the histogram-based estimate of the density ratio.

Comparisons between distributions estimated directly from an Asimov sample with a known value of
𝑁o!-shell with those obtained through reweighting of an Asimov sample with a di!erent value of 𝑁o!-shell
allows to test for possible bias in di!erent regions of phase space. This test is demonstrated in Figure 8
where histograms of distributions of 𝑂pre(𝑀) obtained from high-statistics Asimov samples with signal
strengths 𝑁o!-shell = 0.3 and 1.7 are compared with the same distributions obtained through reweighting of
a SM (𝑁o!-shell = 1.0) Asimov sample. The results shown in Figures 7 and 8 indicate that the NNs are
trained with low bias and low variance. A separate multidimensional test is performed by training a second
NN to discriminate between an Asimov sample with known 𝑁o!-shell and another sample obtained from
reweighting the reference sample with 𝐿(𝑀 |𝑁o!-shell)/𝐿ref(𝑀). No discriminating power is observed in this
second NN, which indicates that it cannot distinguish between the original and reweighted samples, and
that no significant biases in the estimate of the density ratios are present. The multidimensional test probes
a limited range of the complete phase space and only confirms what thorough reweighting tests performed
with many di!erent observables already show.

6.3 Systematic uncertainties

Systematic uncertainties include experimental uncertainties in the reconstructed objects and modeling
uncertainties in the simulated samples. The systematic uncertainty model follows closely that reported in
Ref. [17] and only a summary is presented here. Modeling uncertainties and uncertainties in the jet energy
scale and resolution dominate the systematic uncertainty of the measurement. Jet-related observables used
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(a) (b)

Figure 7: The sum of log density-ratios →2 log(𝐿(𝑀𝐿 |𝑁↑)/𝐿(𝑀𝐿 | 𝑁̂)) for events from an Asimov sample in bins of 𝑂4𝑀 .
The sum profile is shown for (a) a hypothesis 𝑁↑ = 0.5 and (b) a hypothesis 𝑁↑ = 1.5. This represents the per-event
contribution to the test statistic for a given hypothesis, as a function of 𝑂4𝑀 . Events in regions with the sum di!erent
than zero provide information to discriminate between the two hypotheses, 𝑁↑ and 𝑁, while regions with the sum
close to zero do not impact the expected sensitivity of the result. The very high-mass region (𝑂4𝑀 > 750 GeV) is
equally consistent with both hypotheses and provides no additional sensitivity.

An additional tool to interpret the results is shown in Figure 7, where the per-event contribution to the
test statistic, →2 log(𝐿(𝑀𝐿 |𝑁↑)/𝐿(𝑀𝐿 |𝑁)), is summed over events from an Asimov sample in bins of 𝑂4𝑀 .
The profile is shown for two di!erent hypotheses 𝑁

↑ = 0.5 and 𝑁
↑ = 1.5. Events in regions with the

sum di!erent than 0 provide information to discriminate between the two hypotheses, 𝑁↑ and 𝑁, while
regions with the sum close to zero do not impact the expected sensitivity of the result. However, these
one-dimensional distributions marginalize over the rest of the high-dimensional phase space. A region
with sum close to zero may result from large cancellations in other dimensions, and a single distribution
may not be enough to draw conclusions about a high-dimensional analysis.

7.2 Impact of systematic uncertainties

The systematic uncertainties considered in this demonstration are described in Section 3.3, and their impact
is taken into account following the formalism developed in Section 5. The 𝑃 𝑁 (𝑀𝐿 , 𝑄𝑂) term in Eq. (17)
accounts for the impact on the shape of the distributions and the 𝑅 𝑁 (𝑄𝑂) term accounts for the impact on the
inclusive rate. The interpolation functions used are described in Appendix A. In the case of uncertainties
that a!ect the inclusive rate, but not the shape of distributions, the term 𝑃 𝑁 (𝑀𝐿 , 𝑄𝑂) in Eq. (17) is fixed
to 1 over the full range of 𝑄𝑂 . The profile (log-)likelihood is shown in Figure 8 and compared with a
histogram analysis using the Ofixed observable. The systematic uncertainties reduce the sensitivity of the
measurement, as is expected.
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Figure 7: The sum of log density-ratios →2 log(𝐿(𝑀𝐿 |𝑁↑)/𝐿(𝑀𝐿 | 𝑁̂)) for events from an Asimov sample in bins of 𝑂4𝑀 .
The sum profile is shown for (a) a hypothesis 𝑁↑ = 0.5 and (b) a hypothesis 𝑁↑ = 1.5. This represents the per-event
contribution to the test statistic for a given hypothesis, as a function of 𝑂4𝑀 . Events in regions with the sum di!erent
than zero provide information to discriminate between the two hypotheses, 𝑁↑ and 𝑁, while regions with the sum
close to zero do not impact the expected sensitivity of the result. The very high-mass region (𝑂4𝑀 > 750 GeV) is
equally consistent with both hypotheses and provides no additional sensitivity.

An additional tool to interpret the results is shown in Figure 7, where the per-event contribution to the
test statistic, →2 log(𝐿(𝑀𝐿 |𝑁↑)/𝐿(𝑀𝐿 |𝑁)), is summed over events from an Asimov sample in bins of 𝑂4𝑀 .
The profile is shown for two di!erent hypotheses 𝑁

↑ = 0.5 and 𝑁
↑ = 1.5. Events in regions with the

sum di!erent than 0 provide information to discriminate between the two hypotheses, 𝑁↑ and 𝑁, while
regions with the sum close to zero do not impact the expected sensitivity of the result. However, these
one-dimensional distributions marginalize over the rest of the high-dimensional phase space. A region
with sum close to zero may result from large cancellations in other dimensions, and a single distribution
may not be enough to draw conclusions about a high-dimensional analysis.

7.2 Impact of systematic uncertainties

The systematic uncertainties considered in this demonstration are described in Section 3.3, and their impact
is taken into account following the formalism developed in Section 5. The 𝑃 𝑁 (𝑀𝐿 , 𝑄𝑂) term in Eq. (17)
accounts for the impact on the shape of the distributions and the 𝑅 𝑁 (𝑄𝑂) term accounts for the impact on the
inclusive rate. The interpolation functions used are described in Appendix A. In the case of uncertainties
that a!ect the inclusive rate, but not the shape of distributions, the term 𝑃 𝑁 (𝑀𝐿 , 𝑄𝑂) in Eq. (17) is fixed
to 1 over the full range of 𝑄𝑂 . The profile (log-)likelihood is shown in Figure 8 and compared with a
histogram analysis using the Ofixed observable. The systematic uncertainties reduce the sensitivity of the
measurement, as is expected.
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(a) (b)

(c) (d)

Figure 1: One-dimensional reweight closure diagnostic with 𝐿4𝐿 (a) between the S and SBI1 samples and (b) between
the S and B samples. The same diagnostics, using a high-level observable that represents the squared matrix-element
for the 𝑀𝑀 → 𝑁 → 𝑂𝑂 → 4𝑃 process from reconstructed quantities computed using MCFM [32] (c) between the S
and SBI1 samples and (d) between the S and B samples. The first diagnostic is an example for an observable directly
used in the network training, the second diagnostics is an example of the network’s ability to learn high-level physics
observables that are not used directly for training. The original reference sample (dotted blue line), is reweighted
(solid orange line) using the likelihood ratio estimated with ensembles of NNs to match the target (dashed green line).
The lower panels show the ratio of the reweighted reference sample and the original sample.
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Figure 12: Expected distribution of 𝐿𝐿o!-shell=0 estimated with pseudo-experiments for the case of 𝑀truth
o!-shell = 0 (solid

green, no o!-shell Higgs boson production hypothesis) and 𝑀
truth
o!-shell = 1 (dash-dotted red, SM hypothesis). The

vertical solid black (dashed blue) line shows the observed (expected) value of 𝐿𝐿o!-shell=0 . The dotted vertical green
lines at 𝐿𝐿o!-shell=0 = 1.99 and 5.18 represent the one-sided 1𝑁 and 2𝑁 significance thresholds, respectively, under the
𝑀

truth
o!-shell = 0 hypothesis. These values di!er slightly from the ones in the asymptotic approximation, in which the

thresholds would be 1.97 and 5.19.

(a) (b)

Figure 13: Comparison between observed and the expected background distributions of (a) the optimal observable
at 𝑀o!-shell = 0 and (b) the quadruplet mass 𝑂4𝑀 . The solid red lines shows the expected distribution of the best-fit
hypothesis 𝑀. The lower panel shows a comparison between the distribution of the background-only and best-fit
hypotheses. The background is estimated under the SM hypothesis (post-fit, 𝑀o!-shell = 1). A comparison between
the two distributions indicate that the optimal observable built with the NSBI method provides better evidence for
o!-shell Higgs boson production than only the 𝑂4𝑀 distribution. The hatched area corresponds to the total systematic
uncertainty in the expected distributions. The first and last bins contain overflow events.
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(a) (b)

Figure 21: Comparison between data and expectation in the SR (𝐿pre (𝑀) > →0.85) of the optimal observables (a)
𝑁(𝑀 |𝑂 = 0.3, 𝑃̂)/𝑁(𝑀 |1.0, 𝑃̂) and (b) 𝑁(𝑀 |𝑂 = 1.7, 𝑃̂)/𝑁(𝑀 |1.0, 𝑃̂). The solid red line shows the expected distribution
for which the observable is optimal. The lower panels show the ratio of the data to expectation. The background is
estimated under the SM hypothesis (post-fit, 𝑂o!-shell = 1). The hatched area corresponds to the total systematic
uncertainty in the expected distributions. The first and last bins contains overflow events.

C Construction of optimal observables

Despite the high dimensionality of the final-state phase space of processes such as 𝑄𝑄 ↑ 𝑅𝑅 ↑ 4𝑆
and 𝑇𝑇 ↑ 𝑅𝑅 + 2 𝑈 ↑ 4𝑆 + 2 𝑈 , the signal being studied tends to be concentrated in a small region.
Histogram-based multivariate analyses can accurately isolate the regions with large statistical significance.
In the case of non-linear analyses, like the measurement of o!-shell Higgs boson production, these regions
will change depending on the value of the parameter of interest.

The explicit estimate of the density ratios 𝑁(𝑀 |𝑂, 𝑃)/𝑁ref(𝑀) allows the creation of optimal observables
𝑁(𝑀 |𝑂, 𝑃̂)/𝑁(𝑀 |𝑂 = 1, 𝑃̂) that depend on the value of the signal strength 𝑂. Figure 21 shows this observable
for 𝑂o!-shell = 0.3 and 1.7. Reference [30] shows that the test statistic built from the optimal observable
multinomial density converges to the NSBI value in the limit of large number of bins.

The explicit estimate of the density ratios 𝑁(𝑀 |𝑂, 𝑃)/𝑁ref(𝑀) can also be used to study distributions enhancing
the weight of those events that contribute the most to di!erentiate the SM hypothesis and another hypothesis
with di!erent value of 𝑂o!-shell. Figures 22(a) and 22(b) show a comparison between the observed and
expected distributions of 𝐿pre(𝑀) when events are weighted by 𝑁(𝑀 |𝑂o!-shell = 0.3)/𝑁(𝑀 |𝑂o!-shell = 1) and
𝑁(𝑀 |𝑂o!-shell = 1.7)/𝑁(𝑀 |𝑂o!-shell = 1), respectively.

39

Data-MC validation

99

Different NN observables

ATLAS Higgs width analysis paper: arXiv:2412.01548 

https://arxiv.org/abs/2412.01548


100

Physics & statistics motivation



101
Undiscovered massive particles

H ΓH

A measurement of the Higgs width via off-shell couplings

Image: CERN

https://cds.cern.ch/record/2814136


101
Undiscovered massive particles

H ΓH

A measurement of the Higgs width via off-shell couplings

Image: CERN

mH

ΓH

https://cds.cern.ch/record/2814136


101
Undiscovered massive particles

H ΓH

A measurement of the Higgs width via off-shell couplings

• Enables the probe of a wide variety of new massive particles, 
other new physics 

• Can’t measure directly: SM Higgs width ~4 MeV, resolution 
of detector ~1 GeV  

• Can be probed indirectly by measuring off-shell couplings 
(and combining with on-shell measurements)
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• Off-shell production helps probe Higgs width
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decay channel falls steeply right after the Higgs boson mass peak at 125 GeV [1]. Several authors have34

pointed out that this differential cross section increases on the kinematic threshold <4✓ = 2</ to a level35
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The field integral of the toroids ranges between 2.0 and 6.0 T m across most of the detector. Three layers
of precision chambers, each consisting of layers of monitored drift tubes, cover the region |𝐿 | < 2.7,
complemented by cathode-strip chambers in the forward region, where the background is highest. The
muon trigger system covers the range |𝐿 | < 2.4 with resistive-plate chambers in the barrel, and thin-gap
chambers in the endcap regions.

The luminosity is measured mainly by the LUCID–2 [39] detector that records Cherenkov light produced
in the quartz windows of photomultipliers located close to the beampipe.

Events are selected by the first-level trigger system implemented in custom hardware, followed by selections
made by algorithms implemented in software in the high-level trigger [40]. The first-level trigger accepts
events from the 40 MHz bunch crossings at a rate below 100 kHz, which the high-level trigger further
reduces in order to record complete events to disk at about 1 kHz.

A software suite [41] is used in data simulation, in the reconstruction and analysis of real and simulated
data, in detector operations, and in the trigger and data acquisition systems of the experiment.

3 Modeling of the o!-shell Higgs boson production

The measurement of o!-shell Higgs boson production presented in this paper is interpreted using a model
in which the e!ective couplings of the Higgs boson to gluons and to electroweak vector bosons in the SM
can have anomalous scalar modifications. This analysis framework, known as 𝑀-framework [42], change
the overall cross section without changing the process kinematics, and can be understood as a sector of a
larger Higgs E!ective Field Theory (HEFT) [43].

The gluon Fusion (ggF) o!-shell Higgs boson production and subsequent decay to a 𝑁𝑁 pair can be
described by using the Higgs boson e!ective coupling constants 𝑂𝐿 ( 𝑃̂) and 𝑂𝑀 ( 𝑃̂) to gluons and vector
bosons, shown in Figure 1(a). The e!ective couplings 𝑂𝐿 and 𝑂𝑀 depend on the Higgs boson virtuality 𝑃̂,
but the notation is suppressed hereafter for simplicity. The Higgs boson is represented by 𝑄

→ to denote
explicitly that its virtuality is well above the pole mass 𝑅𝑁 = 125 GeV [44].

H
→

Z

Z

g

g
gg gV

(a)

Z

Z

g

g

(b)

Figure 1: LO Feynman diagrams for the ggF 𝑂𝑂 ↑ 𝑁𝑁 processes. The diagrams define the e!ective couplings 𝑂𝐿 and
𝑂𝑀 . Diagram (a) corresponds to the signal component and diagram (b) corresponds to the background component. A
large destructive interference between the two components is present in the o!-shell regime.

In ggF production of 𝑂𝑂 ↑ 𝑁𝑁 , the signal (S) component is defined at leading order (LO) in perturbation
theory by the absolute value squared of the diagram in Figure 1(a). The signal contribution scales as 𝑂2

𝐿𝑂
2
𝑀 .

The background (B) component is defined at LO in perturbation theory by the absolute value squared of
the diagram in Figure 1(b). The background component is independent of 𝑂𝐿 and 𝑂𝑀 . The interference

5

(I) between the two diagrams scales as 𝐿𝐿𝐿𝑀 . The integrated interference between the two diagrams is
negative, as required by unitarity conservation [45].

The e!ective coupling between gluons and the Higgs boson 𝐿𝐿 is represented by a blob in Figure 1(a)
since in the SM, at LO in perturbation theory, it can be resolved to a fermion triangle loop dominated by
the top-quark contribution. In several BSM scenarios, the contribution of new heavy particles cannot be
resolved at the scales probed by this measurement, but can modify the Higgs boson e!ective couplings and
the background process.

The same concepts can be generalized for the electroweak (EW) production of 𝑀𝑀 → 𝑁𝑁 + 2 𝑂 → 4𝑃 + 2 𝑂 .
In this case, the signal scales as 𝐿

4
𝑀 , the interference scales as 𝐿

2
𝑀 , and the background component is

independent of 𝐿𝑀 . The LO Feynman diagrams for the production of EW 𝑀𝑀 → 𝑁𝑁 + 2 𝑂 → 4𝑃 + 2 𝑂 are
shown in Figure 2.
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Figure 2: LO Feynman diagrams for the electroweak 𝑀𝑀 → 𝑁𝑁 + 2 𝑂 processes. The diagrams define the e!ective
couplings 𝐿𝑀 used to define the o!-shell Higgs boson production signal strengths. Diagrams (a), (b), and (c)
correspond to the vector boson funsion, 𝑄-channel and 𝑁𝑅 signal components. In diagram (c), one of the 𝑁 bosons
decays to a 𝑀𝑀 pair. Diagram (d) corresponds to the electroweak background component. A large destructive
interference is present in the o!-shell regime between the VBF signal and the background components.

The scaling of the cross sections with the e!ective couplings 𝐿𝐿 and 𝐿𝑀 defines uniquely each component
(signal, interference, and background) in the ggF and EW production of o!-shell Higgs bosons. The
probability density model used to measure the o!-shell Higgs boson production is then defined as a function
of the coupling modifiers 𝑆𝐿 = 𝐿𝐿/𝐿𝐿,SM and 𝑆𝑀 = 𝐿𝑀/𝐿𝑀 ,SM, independently of the Higgs boson virtuality,
which are used to define the signal strengths:

𝑇
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o!-shell = 𝑆

2
𝐿,o!-shell𝑆

2
𝑀 ,o!-shell, 𝑇

EW
o!-shell = 𝑆

4
𝑀 ,o!-shell. (2)

where the subscript o!-shell indicates that the modifier only a!ects processes with virtuality su"ciently
above the pole mass. These signal strengths are used in the definition of a probability density model which
is used to interpret the collected data. The model is written as:
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]
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(3)

6

• Interpretation assumes no new physics 

• Essential to measure independently in multiple production 
modes (ggF, VBF) and final states to verify consistent results

. . .

https://arxiv.org/pdf/1405.0285.pdf
http://www.apple.com/uk
https://arxiv.org/pdf/1406.1757.pdf
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NSBI for Higgs width in proof-of-concept study

Proposed method

CHAPTER 7. LIKELIHOOD-FREE INFERENCE

(a) SM, without rate (b) SM with rate

(c) µ = 2, without rate (d) µ = 2 with rate

(e) µ = 4, without rate (f) µ = 4 with rate

Figure 7.16 – Negative log likelihood curves for Asimov datasets generated at µ = 1, µ = 2, µ = 4
with and without using the total cross section (rate) information.
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A combination of signal samples, to ensure non-zero probability in entire region of analysis 
Does not have to be physical!

Choice of  can be made purely on numerical stability of training, as it drops out in profile steppref( ⋅ )

⇒ In our dataset,   pref( ⋅ ) = pS( ⋅ )

ATLAS DRAFT

of the task into individual physics processes can always be made, if the dependence on the parameter of160

interest is not analytically known, a parameterised network can be trained instead to estimate ? 9 (G8 |\) [4].161

This paper defines a search-oriented mixture model, which is the probability density ratio between a162

hypothesis and a reference,163

?(G8 |\)

?ref(G8)
=

1
a(\)

⇠’
9

5 9 (\) · a 9 ·
? 9 (G8)

?ref(G8)
, (7)

expressed using only a finite number of \-independent density ratios, ? 9 (G8)/?ref(G8). While there is a164

freedom to make any choice for the reference, this paper defines it as a combination of signal processes,165

?ref(G8) =
1Õ
: a:

⇠signals’
:

a: · ?: (G8), (8)

with ⇠signals as the number of signal processes. This definition ensures that the denominators in Eq. 7 have166

support over the entire signal region of an analysis.167

The ? 9 (G8)/?ref(G8) terms are then estimated using classifiers. Here, ?ref is defined to be independent168

of \ which allows the final profile likelihood ratio constructed with this method to be independent of169

?ref (discussed in Section 5). ?ref contributes only as a constant offset towards log ?(G8 |\), which can170

be ignored in the maximisation of the (log-)likelihood. The search-oriented mixture model overcomes171

issues of numerical instability that may arise in alternate mixture model formulations. Additionally, the172

pre-selected region for the analysis must be defined to ensure ?ref(G8) > 0 throught the region. This173

definition of ?ref ensures that no signal-sensitive parts of the phase space need to removed.Further, this174

choice of ?ref also aids in the sample-efficient training of the individual classifiers. Finally, it may be175

convenient to define the reference density such that it can be represented using simulated samples with176

only positive weighted events. This simplifies the procedure to construct confidence intervals, which will177

be described in Section 6.178

2.3 Robust Estimators with Ensembling179

In a traditional analysis where a classifier is employed solely for constructing a sensitive observable, while180

density estimation is performed with a histogram, an imperfect training leads to a suboptimal observable181

and a slightly less sensitive analysis. However, it does not lead to an ill-behaved test statistic, introduce182

inaccuracies in the measured confidence intervals or biases in the maximum likelihood estimate of the183

parameter of interest. This is because the likelihood of event counts per bin in a histogram can be computed184

exactly using the Poisson probability density function. In NSBI, the density ratios are instead estimated185

using networks, and therefore ensuring high quality of these estimates is imperative. Since an individual186

classifier may not perfectly estimate the decision function B(G8), a series of steps is described to ensure187

that the estimator B̂(G8) is well-behaved (as determined by the diagnostic tests described in Sec. 4). One188

possibility is to calibrate B̂(G8) using simulated samples [4]; however, achieving accurate and continuous189

calibration in practice can be technically challenging. Instead, an ensemble of networks may be trained on190

bootstrapped samples of the training data, and their average response used to construct a robust estimation191

of likelihood ratios. The boostrapping can be implimented using Poission purturbations to the event weights192

that correspond to statistical fluctuations [10]. This approach helps account for the variance between193

individual networks, coming from the random initialisation of weights and the statistics of the training194

samples. Examining classifier and ensemble performance across different parts of the observable phase195

21st September 2024 – 01:19 6

1 Introduction

t(ω) = →2 ln

(
Lfull(ω, ̂̂ε)/!!!Lref

Lfull(ω̂, ε̂)/!!!Lref

)
. (1)

tµ = →2 ln

(
Lfull(µ, ̂̂ε)/!!!Lref

Lfull(µ̂, ε̂)/!!!Lref

)
. (2)

Its always good to have an introduction, if only to have an example for a section. And
here is an example for a reference from the bibtex file (see [1]). Its also pretty easy to
reference figures (see Figure 1).

Figure 1: Example of how to include a figure. This works with all sorts of formats, eps,
pdf, png.

You also have the option of using colored text, for example this part in blue, this part
in red and this part in green, before going back to black.

1. Everyone loves an enumerated list.

2. If you prefer bulleted lists, see below.

Of course there are always use cases for list with enumerations, and lists with bullets
only, which is why it is useful to have examples of both.

• Everyone loves a bulleted list.

• If you prefer an enumerated list, see above.

3
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Systematic uncertainties
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result of approximations when performing calculations and are also due to parameter free-

dom in phenomenological models that are needed when first-principles calculations are not

possible. The canonical examples for these two types of uncertainties are perturbative

uncertainties from series truncation and fragmentation modeling. For the former, calcu-

lations are truncated at a fixed order in perturbation theory and the result depends on

unphysical scales. These scales are varied typically by factors of two in order to determine

the uncertainty. Fragmentation modeling uncertainties are often evaluated by comparing

two di↵erent models, such as the string model [29, 30] in the Pythia [31, 32] parton shower

Monte Carlo (PSMC) and the cluster model [33, 34] in the Herwig [35, 36] PSMC. These

variations are then interpreted as a one standard deviation uncertainty and combined with

other sources of uncertainty in a final statistical analysis.

We examine the interplay of decorrelation with theory uncertainties. In particular,

we will show that constructing a classifier that is independent of a given theory nuisance

parameter does not mean that the theory uncertainty is zero. Instead, it means that

the only handle to determine the theory uncertainty is eliminated. Figure 1 illustrates the

intuition behind why this might be the case. As concrete examples, we study fragmentation

modeling for Lorentz-boosted W boson jet classification and factorization scale variations

when classifying events as either from W+jets or t-channel single top quark events.

Pythia

Herwig

Sherpa

Next year’s 
generator

Nature

Estimated Uncertainty

Without Decorrelation

Pythia
Herwig

Sherpa

Next year’s 
generator

Nature

Estimated Uncertainty

With Decorrelation

Figure 1. An illustration of the potential impact of training a classifier to be decorrelated to
two-point uncertainties. The distance between Pythia and Herwig is treated as the uncertainty.
Left: Without decorrelation, the uncertainty covers nature even if nature does not lie on the line
connecting Pythia and Herwig. Right: The distance between Pythia and Herwig is reduced
due to the decorrelation requirement, resulting in a smaller estimate of the uncertainty, which no
longer covers nature. These diagrams are meant only to be intuitive illustrations.

This paper is organized as follows. Section 2 briefly introduces existing decorrela-

tion techniques. Numerical examples of both two-point and continuous uncertainties are

provided in Sec. 3. The paper ends with conclusions and outlook in Sec. 4.
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Abstract: SHERPA is a general-purpose Monte Carlo event generator for the simulation of
particle collisions in high-energy collider experiments. We summarise essential
features and improvements of the SHERPA 2.2 release series, which is heavily used
for event generation in the analysis and interpretation of LHC Run 1 and Run 2
data. We highlight a decade of developments towards ever higher precision in the
simulation of particle-collision events.
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2. Data Augmentation

The network comprises 10 hidden layers, each with 64
nodes, a ReLU activation, and L2 kernel regularizers for
all but the first hidden layer and a final layer with sig-
moid activation. The network was trained with an Adam
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FIG. 7: Distribution of physics variables for three
values of the nuisance parameter which controls the
absolute tau lepton energy scale, z = {0.8, 1, 1.1} for
background processes. a the transverse momentum of
the hadronic ⌧ , b the centrality in � of the missing

transverse energy vector with respect to the hadronic ⌧

and the lepton, c transverse mass of the missing
transverse energy and the lepton.

optimizer [70], BCE loss and a batch size of 4096.
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FIG. 8: Distribution of physics variables for three
values of the nuisance parameter which controls the
absolute tau lepton energy scale, z = {0.8, 1, 1.1} for

signal. a the transverse momentum of the hadronic ⌧ , b
the centrality in � of the missing transverse energy

vector with respect to the hadronic ⌧ and the lepton, c
transverse mass of the missing transverse energy and

the lepton.

Experimental uncertainties:  
Eg. Inaccuracies in the calibration of our detector

Theory uncertainties: 
Eg. Inability to compute QFT to infinite order

MC stat uncertainty? See backup

https://link.springer.com/article/10.1140/epjc/s10052-022-10012-w
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.104.056026
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FIG. 8: Distribution of physics variables for three
values of the nuisance parameter which controls the
absolute tau lepton energy scale, z = {0.8, 1, 1.1} for

signal. a the transverse momentum of the hadronic ⌧ , b
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Experimental uncertainties:  
Eg. Inaccuracies in the calibration of our detector

Theory uncertainties: 
Eg. Inability to compute QFT to infinite order

• We only have simulations at 3 variations of each nuisance parameter  αk α1

α2

MC stat uncertainty? See backup

https://link.springer.com/article/10.1140/epjc/s10052-022-10012-w
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.104.056026
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α1

α2

⇒ Combine these traditional interpolation with neural network estimation of per-event likelihood ratios

PROS: This approach avoids the kink (discontinuous first and second derivatives) at ↵ = 0 (see
Fig 6(b-d)), which can cause some difficulties for numerical minimization packages such as Minuit.
This approach ensures that ⌘(↵) � 0 (see Fig 6(c)).

Note: This option is not available in ROOT 5.32.00, but is available for normalization uncertainties
(OverallSys) in the subsequent patch releases. In future releases, this may become the default.
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Fig. 6: Comparison of the three interpolation options for different ⌘
±. (a) ⌘

� = 0.8, ⌘
+ = 1.2, (b) ⌘

� = 1.1,
⌘
+ = 1.5, (c) ⌘

� = 0.2, ⌘
+ = 1.8, and (d) ⌘

� = 0.95, ⌘
+ = 1.5

4.1.6 Consistent Bayesian and Frequentist modeling
The variational estimates ⌘

± and �
± typically correspond to so called “±1� variations” in the source of

the uncertainty. Here we are focusing on the source of the uncertainty, not its affect on rates and shapes.
For instance, we might say that the jet energy scale has a 10% uncertainty. 17 This is common jargon,
but what does it mean? The most common interpretation of this statement is that the uncertain parameter
↵p (eg. the jet energy scale) has a Gaussian distribution. However, this way of thinking is manifestly
Bayesian. If the parameter was estimated from an auxiliary measurement, then it is the PDF for that

17Without loss of generality, we choose to parametrize ↵p such that ↵p = 0 is the nominal value of this parameter, ↵p = ±1
are the “±1� variations”.
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Image: arXiv:1503.07622

See formula used in backup

https://arxiv.org/abs/1503.07622
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We have this already

Estimate from simulations and existing 
interpolation methods

gj(xi, αk) =
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pj(xi)

Per-event terms estimated using another 
ensemble of networks and interpolation 

methods
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pj(xi, αk)

pj(xi)

α1

α2

See details of vertical interpolation for Gj(αk), gj(xi, αk)

 is one individual eventxi



110

Open problems to extend to full ATLAS analysis: 
✓ Robustness: Design and validation 
✓ Systematic Uncertainties: Incorporate them in likelihood (ratio) model 
‣ Neyman Construction: Throwing toys in high dimensions



Generating event-level pseudo-experiments
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Traditionally:

Asimov Histogram

Poisson per bin
Poisson per event

NSBI:

Ntoy
i = Poisson(NAsimov

i ) wtoy
i = Poisson(wAsimov

i )

‘Unweighted’ events, i.e. integer weights

Need to generate random possible datasets we could collect at the LHC

Negative weights? See backup



Dealing with negative weighted events
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Simulated samples include events with negative weights due to the way we calculate QFT 
higher order effects 

Use a positive weighted sample instead: 

1. Start from a positive weighted reference sample 

2. Re-weight it to intended parameter point in  

3. Throw toys from this sample

μ, α

6.2 Overcoming negative weights

The above prescription for generating unweighted pseudo-experiments requires the original weights of
the simulated events to be non-negative, 𝐿Asimov

𝐿
→ 0, since the Poisson distribution is only defined for

non-negative values. When the MC simulation sample at a given value of the parameter(s) of interest
includes events with negative weights, an alternate sample may be used which consists only of positive
weights and covers the support of the original sample. The alternate sample, henceforth referred to as
the reweight reference sample, will have to first be reweighted to the desired value of the parameter(s)
of interest. The samples corresponding to the reference defined in Sec 2 may be a convenient choice
for the reweight reference sample because it already covers the entire pre-selection region and can be
defined to comprise only positive-weighted events. Since the reference sample does not need to correspond
to a physical process, a very large sample can be simulated at leading-order in perturbation theory and,
therefore, without negative weights. A large reference sample is not only ideal for the network training but
also to allow the generation of large number of pseudo-experiments following the methods described here.
The reweight reference can be reweighted to the desired value of the theory parameter (using Eq. 10) as

𝐿
rwt-ref
𝐿

↑ 𝐿
Asimov
𝐿

(𝑀) =
𝑁(𝑀)

𝑁rwt-ref
·

𝑂(𝑃𝐿 |𝑀)

𝑂rwt-ref(𝑃𝐿)
· 𝐿

rwt-ref
𝐿

, (26)

where 𝑂rwt-ref(𝑃𝐿) is the probability density and 𝑁rwt-ref the rate for the reweight-reference sample. The
probability density ratio 𝑂(𝑃𝐿 |𝑀)/𝑂rwt-ref(𝑃𝐿) can be obtained from ensembles specifically trained for the
reweighting procedure, following the same prescription as the networks used for inference. The estimation
can be validated using the same diagnostics described in Section 4, and the new samples are thereby
verified to have the same asymptotic properties as the original MC simulation samples. There are also
certain other methods that could be explored to handle negative weighted events [46–48].

6.3 Confidence intervals

Once the pseudo-experiments are generated, the confidence intervals can be constructed following the
standard method [45]. For the analysis described in Section 3, the distribution of 𝑂(𝑄𝑀 |𝑀), representing the
test statistic 𝑄𝑀 for pseudo-experiments generated at a fixed value of 𝑀, is used to determine the one and two
standard-deviation confidence intervals as functions of 𝑀. In the presence of systematic uncertainties, the
values of the global observables 𝑅𝑁 can be sampled from the constraint density. The distribution of test
statistics over many pseudo-experiments is shown in Figure 4 with a 𝑀 of 1. This procedure is repeated
over the range of 𝑀 to construct complete confidence bands as shown in Fig 5. The shapes of these bands
deviate slightly from the asymptotic 𝑆

2 distribution because of the non-linear parameterisation used in the
o!-shell Higgs boson production measurement [13], and are not specifically a feature of NSBI.

The formalism discussed in this section lends itself to further tests for robustness on toy samples generated
by shifting multiple nuisance parameters simultaneously and verifying that the confidence bands remain
well-behaved in such scenarios. Such samples can be generated by a reweighting procedure similar to the
one described in Section 6.2, this time using the probability density ratio that includes nuisance parameters
(Eq. 17),

𝐿
rwt-ref
𝐿

↑ 𝐿
Asimov
𝐿

(𝑀, 𝑇) =
𝑁(𝑀, 𝑇)

𝑁rwt-ref
·
𝑂(𝑃𝐿 |𝑀, 𝑇)

𝑂rwt-ref(𝑃𝐿)
· 𝐿

rwt-ref
𝐿

. (27)
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Uncertainty from finite training samples
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Population

Random Sample

Sample

Want to estimate mean of population

Re-Sample 
with 

replacement

Sample 
Mean 1

Sample 
Mean 2

Sample 
Mean 3

̂μ

Estimate variance on 
the mean

Estimating the variance on mean: Bootstrapping

Image: Source

https://www.lancaster.ac.uk/stor-i-student-sites/jack-trainer/bootstrapping-in-statistics/


115

Quantifying uncertainty on estimated density ratio

• Train an ensemble of networks, each on a Poisson fluctuated version of 
the training dataset 

• Use variance to estimate uncertainty
Image: Source

wi → wi ⋅ Pois(1)

ATLAS methods paper: arXiv:2412.01600 

https://medium.com/@alexppppp/how-to-train-an-ensemble-of-convolutional-neural-networks-for-image-classification-8fc69b087d3
https://arxiv.org/abs/2412.01600
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Quantifying uncertainty on estimated density ratio

• Train an ensemble of networks, each on a Poisson fluctuated version of 
the training dataset 

• Use variance to estimate uncertainty
Image: Source

wi → wi ⋅ Pois(1) (a) (b)

Figure 2: Calibration curves comparing ensemble estimated 𝐿(𝑀𝐿) with the expected value from binned MC simulated
samples, for the validation of the (a) 𝑁SBI1/𝑁ref and (b) 𝑁B/𝑁ref probability density ratio estimations. The residuals,
defined as the di!erence of the MC estimate and the NN estimate, are shown in the bottom panels. The error bars
indicate the uncertainty due to the finite number of simulated events in the MC estimate of the density ratio.

(a) (b)

Figure 3: The distribution of NN output for example events (in di!erent colors), calculated from an ensemble of
classifiers trained to separate B from S samples, evaluated on (a) seven example events from B and (b) seven example
events from S. A larger spread indicates a larger uncertainty in the NN score for the event from the ensemble.

13

Distribution of NN predictions for example events

ATLAS methods paper: arXiv:2412.01600 

https://medium.com/@alexppppp/how-to-train-an-ensemble-of-convolutional-neural-networks-for-image-classification-8fc69b087d3
https://arxiv.org/abs/2412.01600
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Figure 3: The distribution of NN output for example events (in di!erent colors), calculated from an ensemble of
classifiers trained to separate B from S samples, evaluated on (a) seven example events from B and (b) seven example
events from S. A larger spread indicates a larger uncertainty in the NN score for the event from the ensemble.

13

Distribution of NN predictions for example events

• Propagate correlated impact

Constraint term: Gauss(0,1)

fj(μ) → fj(μ + α ⋅ Δ ̂μ(μ))

ATLAS methods paper: arXiv:2412.01600 

https://medium.com/@alexppppp/how-to-train-an-ensemble-of-convolutional-neural-networks-for-image-classification-8fc69b087d3
https://arxiv.org/abs/2412.01600
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Frequentist Uncertainties on Neural Density Ratios with wifi Ensembles
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We introduce wifi ensembles as a novel framework to obtain asymptotic frequentist uncertainties
on density ratios, with a particular focus on neural ratio estimation in the context of high-energy
physics. When the density ratio of interest is a likelihood ratio conditioned on parameters, wifi
ensembles can be used to perform simulation-based inference on those parameters, where uncertain-
ties on the weights wi can be straightforwardly propagated to the estimated parameters without
requiring extraneous bootstraps. To demonstrate this approach, we present an application in quan-
tum chromodynamics at the Large Hadron Collider, using wifi ensembles to estimate the likelihood
ratio between generated quark and gluon jets. We use this learned likelihood ratio to estimate the
quark fraction in a synthetic mixed quark/gluon sample, showing that the resultant uncertainties
empirically satisfy the desired coverage properties.
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I. INTRODUCTION

Machine learning is used ubiquitously in high-energy
physics (HEP) for a wide breadth of applications, includ-
ing jet tagging [1–6], anomaly detection [7–14], super-
vised searches for new physics [15–18], unfolding [19–28],
and generative modeling [29–37]; see Ref. [38] for a more
comprehensive bibliography. At the heart of many of
these use cases is density ratio estimation (DRE), which
is the task of inferring the ratio of two probability den-
sities given samples from each density but not the func-
tional form of the densities themselves. A paradigmatic
example of DRE in HEP is for classification tasks like jet
tagging: according to the Neyman-Pearson lemma [39],
the optimal binary classifier is given by any monotonic
function of the density ratio of the two likelihoods. The
ratio of two densities can also be used to reweight sam-
ples from one density to obtain samples from the other,
as is relevant for detector unfolding (see e.g. [19]). The
primary application we consider here is for parameter es-
timation, where DRE is the foundation for various tech-
niques in simulation-based inference (SBI) [40].

In practice, DRE is performed with a finite amount of
data and compute, so the resultant point estimate of the
density ratio will not be exactly equal to the true value.
This discrepancy should be quantified as an uncertainty
and propagated to downstream applications; see Ref. [41]
for case studies where parameter estimation is unreliable
due to mismodeling of the density ratio. To the best of
our knowledge, there are no existing frequentist meth-
ods that rigorously assess uncertainties on neural density
ratios directly. Rather, the state of the art for SBI in
HEP is to perform the Neyman construction [42], where
one treats the estimated density ratio as an arbitrary test
statistic and uses bootstrapping to determine its empir-
ical distribution. While the Neyman construction pro-
duces statistically rigorous uncertainties for downstream
parameter inference, it is computationally expensive due
to the requisite bootstrapping, and it does not provide a
notion of uncertainty on the density ratio itself.

• Requires fewer networks to ensure coverage 
• Elegant, mathematically motivated method to estimate 

uncertainties 

arXiv:2506.00113

10

FIG. 1. For the Gaussian case study, coverage c(z) of a zω confidence interval for the density ratio log r for the Partition and
Bootstrap training protocols from Sec. IIIA. Each quadrant corresponds to a di!erent ensemble size M → {2, 4, 8, 16}, and each
color corresponds to a di!erent training methodology. Coverage is estimated through Ntrials = 300 trials, the solid lines are
means over Ntrainings = 10 trainings, and the shaded regions correspond to the standard error over the trainings. The dashed
line corresponds to ideal coverage, c(z) = c̄(z); the region above the dashed line corresponds to overcoverage, and the region
below the dashed line corresponds to undercoverage. In each quadrant, the upper panel shows the coverage c(z) and the lower
panel shows the residual coverage c(z)↑ c̄(z).

This is consistent with the interpretation that failure to
achieve the nominal coverage comes from model misspec-
ification; as M grows, linear combinations of the fi be-
come increasingly expressive, and model misspecification
necessarily decreases. We note that it is not always the
case that coverage improves with increasing M ; when M

becomes very large, asymptotic formulae derived with
fixed M and N going to infinity are no longer applica-
ble. We show an example of this phenomenon, and de-
scribe how to correct for it with moderate values of M ,
in App. C.

We can also observe in Fig. 1 that the di!erences in
coverage between the training protocols are largely in-
significant. For M = 2, 4, and 16, the di!erence be-
tween Bootstrap and Partition is so small that we cannot
sharply distinguish their performance over Ntrainings = 10

trainings. For M = 8, Partition does clearly outperform
Bootstrap, although in absolute terms the mean di!er-
ence in coverage is never large; it is always less than 0.05.
We also find that once the coverage has converged, i.e. in
the M = 16 case, the average sizes of the resultant confi-
dence intervals are essentially identical for both methods.

For concreteness, we explicitly show one estimator for
log r(x) and its uncertainties in Fig. 2 with M = 16,
trained using the Bootstrap protocol. A word of cau-
tion: log r̂(x) = ŵifi(x) and log r̂(x→) = ŵifi(x→) are cor-
related, with covariance equal to fi(x)Cijfj(x→). This
means that we do not necessarily expect 68% of the blue
shaded region in Fig. 2 to cover the true log r for any par-
ticular instantiation of log r̂, as coverage for one value of
x is correlated with coverage for other values. Rather,
the relevant coverage property is that for each fixed x,

https://arxiv.org/pdf/2506.00113
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Further, the use of likelihood ratios instead of likelihoods does not prevent the combination of NSBI and425

histogram-based analyses. The combination can be written as426

𝐿comb(𝑀, 𝑁)

𝐿ref
=

𝐿full(𝑀, 𝑁)

𝐿ref
𝐿hist(𝑀, 𝑁). (19)

The test statistic is again independent of 𝐿ref, which appears as a constant o!set in the log-likelihood.427

5.3 E!ects from finite Monte Carlo samples428

When likelihood ratios are estimated with neural networks, an uncertainty may be introduced to account429

not only for the limited number of simulated training samples, but also the stochastic nature of the training430

algorithm. Training ensembles on bootstrapped versions of the training data, as described in Section 2.3431

provides a natural way to describe both of these e!ects.432

Since the estimator for the density ratio is computed as the mean4 prediction from an ensemble of433

networks, the variance of that mean can be estimated using the bootstrapping technique. The mean of each434

bootstrapped ensemble is used to estimate a best fit value of the parameter of interest 𝑀̂, and the standard435

deviation of these estimates determines the variation of the mean ω𝑀̂ due the finite number of events in the436

training sample. The variance can be determined at di!erent values of 𝑀 using di!erent Asimov datasets.5437

Such datasets at any value of the parameter of interest can often be constructed from a set of simulations at438

few basis points in this parameter, using various morphing techniques [8, 37]. The estimated ω𝑀̂ is an439

uncertainty on the modelling of the expected probability density of the physics processes and therefore440

it can be introduced as a systematic uncertainty following the spurious signal approach [38] frequently441

employed in unbinned LHC analyses. The nuisance parameter 𝑁stat with a Gaus(0, 1) constraint term is442

introduced to Eq. 16 with the modification443

𝑂 𝐿 (𝑀) → 𝑂 𝐿 (𝑀 + 𝑁stat · ω𝑀̂(𝑀)). (20)

5.4 Calculation of pulls and impacts444

While the unbinned nature of NSBI poses computational challenges to traditional statistical tools for445

evaluating and analysing the profile likelihood ratio, this framework enables the direct application of446

modern computational tools that simplify calculations. The full likelihood ratio (Eq. 17) and the test447

statistic (Eq. 18) are di!erentiable functions. Their dependence on the parameters of interest 𝑀 and nuisance448

parameters 𝑁 is introduced through di!erentiable functions, and the probability density ratios are built449

from neural networks which are themselves di!erentiable. It is natural to leverage auto-di!erentiation450

techniques [39] to perform the profiling and to calculate the Hessian matrix of 𝐿full(𝑀, 𝑁).451

The estimation of pulls and impacts relies on the calculation of the covariance matrix (we identify the452

parameter of interest with index 0 to simplify the notation),453

4 The median, known to be unbiased and robust to outliers, could also be used.
5 An Asimov dataset is one for which the application of any unbiased estimator for all parameters will provide the true values [36].

In practice, an approximation of such a dataset can be constructed using a su"ciently large number of simulated samples with
appropriate event weights.

17th October 2024 – 20:05 16
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based on inverse of the Hessian matrix at the maximum likelihood estimate (b̀,bU), and where _(`, U) =357

�2 ln(!full(`, U)/!ref). The calculation of the Hessian matrix can be parallelised on computing clusters [18].358

The pull of the NP U is calculated as,359

bU: � U
0
:

p
⇠::

. (26)

This is the definition often adopted in histogram-based analysis with the MINOS procedure [27], which360

defines pulls based on approximate profile likelihood ratio confidence intervals, with the exact computation361

reserved only for pathological cases.362

The impact of a nuisance parameter on a measurement is traditionally computed by re-running the entire363

likelihood minimisation after fixing the nuisance parameter at a few values. This calculation is more364

expensive since it requires multiple minimisations of log-likelihood ratio. Here, the maximum likelihood365

estimate of ` is re-computed for different fixed value of U: to estimate �: = b̀(bU: ±
p
⇠::) � b̀(bU:). With366

auto-differentiation, a local estimate of the post-fit impact can be estimated as,367
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considerably simplifying the analysis of the profile likelihood ratio, and reserving the finite-difference368

estimate to pathological cases. A similar definition has been proposed for a consistent separation between369

statistical and systematic uncertainty in Ref. [28]. The local definition also avoids ambiguities that exist in370

models with multiple local minima. The pre-fit impact can be calculated by replacing (b̀,bU 9) ! (`0, U
0
9 )371

and
p
⇠:: ! XU: . Further details about the these calculations for NSBI using auto-differentiation372

techniques are described in Ref. [18].373

6 Neyman Construction374

In frequentist statistics, a confidence interval derived from a measurement is expected to cover the true value375

with a specified probability (e.g., 68% or 95% of the time). The procedure for building such confidence376

intervals, referred to as the Neyman construction, involves the inversion of the hypothesis tests with the377

help of a large number of pseudo-experiments generated based on simulated samples [29]. This step is378

crucial when the test statistic cannot be assumed to follow a chi-squared distribution, such as when the379

analysis has few pre-selected data events (eg. low-background searches) and non-linear problems (eg. due380

to quantum-interference effects) [25]. In the case of NSBI, any residual bias in the estimated probability381

density ratios may produce a test statistic that does not follow a chi-squared distribution, making this382

procedure all the more curial.383
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(27)

considerably simplifying the analysis of the profile likelihood ratio, and reserving the finite-difference368

estimate to pathological cases. A similar definition has been proposed for a consistent separation between369

statistical and systematic uncertainty in Ref. [28]. The local definition also avoids ambiguities that exist in370

models with multiple local minima. The pre-fit impact can be calculated by replacing (b̀,bU 9) ! (`0, U
0
9 )371

and
p
⇠:: ! XU: . Further details about the these calculations for NSBI using auto-differentiation372

techniques are described in Ref. [18].373

6 Neyman Construction374

In frequentist statistics, a confidence interval derived from a measurement is expected to cover the true value375

with a specified probability (e.g., 68% or 95% of the time). The procedure for building such confidence376

intervals, referred to as the Neyman construction, involves the inversion of the hypothesis tests with the377

help of a large number of pseudo-experiments generated based on simulated samples [29]. This step is378

crucial when the test statistic cannot be assumed to follow a chi-squared distribution, such as when the379

analysis has few pre-selected data events (eg. low-background searches) and non-linear problems (eg. due380

to quantum-interference effects) [25]. In the case of NSBI, any residual bias in the estimated probability381

density ratios may produce a test statistic that does not follow a chi-squared distribution, making this382

procedure all the more curial.383

12th February 2024 – 13:27 15

Pulls:

Post-fit Impact:

Cnm = [ 1
2

∂2λ
∂αn∂αm

( ̂μ , ̂α)]
−1 λ(μ, α) = − 2 ln(Lfull(μ, α)/Lref )



Vertical interpolation

119

With some continuity requirements 

ATLAS DRAFT

Appendix684

A Interpolation Function685

Section 5 discusses the use of interpolation methods for systematic uncertainties. A common choice for the686

interpolation function to parameterise the impact of nuisance parameters at the LHC is [2]687
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where the six coe!cients 𝑁𝑃 of the polynomial in 𝑀𝑀 are determined uniquely from the requirements688

that 𝐿 𝐿 (𝑀𝑀) be continuous and its first and second derivatives be continuous at 𝑀𝑀 = ±1. The same689

interpolation strategy and continuity requirements can be used to interpolate 𝑂 𝐿 (𝑃𝑄 , 𝑀𝑀),690
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(a) (b)

Figure 20: Values of (a) the test statistic 𝐿𝐿𝐿𝐿 as a function of 𝑀𝑀𝑀, and of (b) the test statistic 𝐿𝐿𝑀𝑀 as a function of
𝑀𝑁𝑁 for the combined 𝑁 → 𝑂𝑂 → 4𝑃 and 𝑁

↑
→ 𝑂𝑂 → 2𝑃2𝑄 channels obtained with an Asimov dataset (expected,

dashed blue) and with data (observed, solid black). The equivalent graphs from the histogram-based analysis [17] are
added with dash-dotted lines for comparison. The dotted gray lines show the 68% and 95% confidence belt, obtained
from the Neyman construction, for the NSBI analysis.

Table 9: Summary of the results for the NSBI analysis with a comparison to the corresponding results of the histogram
analysis of Ref. [17]. The value of the parameter estimates and the 68% and 95% confidence intervals are provided.
All results use the full Run 2 dataset with 140 fb↓1 of integrated luminosity.

68% CL interval 95% CL interval
Parameter Value Observed Expected Observed Expected

NSBI analysis
𝑅o!-shell (4𝑃 only) 0.87 [0.33, 1.62] [0.05, 2.04] [0.05, 2.38] < 2.38

𝑅o!-shell 1.06 [0.61, 1.67] [0.17, 1.83] [0.21, 2.24] [0.01, 2.42]

ω𝑂 [MeV] (4𝑃 only) 3.43 [1.37, 6.71] [0.20, 8.25] [0.18, 9.98] < 12.09

ω𝑂 [MeV] 4.29 [2.41, 6.95] [0.66, 7.61] [0.76, 9.66] [0.12, 10.50]

𝑀𝑀𝑀 1.19 [0.53, 2.07] [0.02, 1.92] < 2.96 < 2.73

𝑀𝑃𝑃 0.95 [0.61, 1.39] [0.31, 1.70] [0.30, 1.86] [0.06, 2.14]
Histogram-based analysis

𝑅o!-shell (4𝑃 only) 0.79 [0.02, 2.00] < 2.14 < 2.97 < 3.10

𝑅o!-shell 1.09 [0.54, 1.81] [0.08, 1.90] [0.10, 2.41] [0.01, 2.52]

ω𝑂 [MeV] (4𝑃 only) 3.43 [0.10, 8.42] < 8.89 < 12.48 < 12.89

ω𝑂 [MeV] 4.37 [2.13, 7.43] [0.35, 7.94] [0.39, 10.14] < 10.79

𝑀𝑀𝑀 1.23 [0.00, 2.20] < 1.98 < 3.15 < 2.84

𝑀𝑃𝑃 0.95 [0.60, 1.43] [0.27, 1.74] [0.26, 1.90] [0.02, 2.18]
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Impact of nuisance parameters
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Figure 11(a) provides a comparison of the values of the test statistic 𝐿𝐿o!-shell assuming a single parameter of
interest 𝑀o!-shell between the NSBI result and the histogram-based hypothesis using only the𝑁→

↑ 𝑂𝑂 ↑ 4𝑃
decay channel. Figure 20 shows the same comparison after combining the result in the 𝑁

→
↑ 𝑂𝑂 ↑ 2𝑃2𝑄

channel. Table 7 compares the impact of di!erent groups of systematic uncertainties in the combined result
by using the method described in [17]. The impact of a group of systematic uncertainties is assessed by
fixing the associated group of NPs and re-estimating the value of 𝑀o!-shell for which the value of the test
statistic is equal to 4. This method highlights the importance of di!erent sources of uncertainties in the
signal-dominated region.

Table 7: The impact of most important systematic uncertainties on the observed upper value of 𝑀o!-shell for which
𝐿𝐿o!-shell = 4, obtained by the combined fit. This value corresponds to the two standard deviation upper limit of 𝑀o!-shell
in the asymptotic approximation. The first column denotes the systematic uncertainty that was excluded from the
fit. The last row gives the nominal upper limit, where all uncertainties are included. The further the upper limit is
deviating from the last row value, the more important that uncertainty is.

Systematic Uncertainty Fixed 𝑀o!-shell Value at which 𝐿𝐿o!-shell = 4
NSBI analysis Histogram-based

All (stat-only) 1.96 2.13
Parton shower uncertainty for 𝑅𝑅 ↑ 𝑂𝑂 (normalization) 2.07 2.26
Parton shower uncertainty for 𝑅𝑅 ↑ 𝑂𝑂 (shape) 2.12 2.29
NLO EW uncertainty for 𝑆𝑆 ↑ 𝑂𝑂 2.10 2.27
NLO QCD uncertainty for 𝑅𝑅 ↑ 𝑂𝑂 2.09 2.29
Parton shower uncertainty for 𝑆𝑆 ↑ 𝑂𝑂 (shape) 2.12 2.29
Jet energy scale and resolution uncertainty 2.11 2.26
None (full result) 2.12 2.30

Figure 21(a) shows a comparison between the two analyses for the values of the test statistic for the
combination of the o!-shell and on-shell Higgs boson production measurements for the 𝑁 ↑ 𝑂𝑂 ↑ 4𝑃
decay channel alone as a function of 𝑇𝑀 while profiling 𝑈𝑀𝑁𝑁 . Figure 21(b) shows the same comparison
after combination with the result in the 𝑁

→
↑ 𝑂𝑂 ↑ 2𝑃2𝑄 decay channel.

Figure 22(a) and 22(b) compares the values of the test for 𝑉𝑂𝑂 and 𝑉𝑃𝑃 with the results from the
histogram-based analysis.
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Full probability model, input variables

123
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(3)

where 𝑀 is a vector of reconstructed variables which are defined in Section 5.2, and 𝐿X(𝑀) and 𝑂X are
the probability density function and the expected yield for process X, respectively. The expected number
of events 𝑂(𝑁

ggF
o!-shell, 𝑁

EW
o!-shell) can be written as a function of the expected number of events for each

process 𝑂X Ṫhe term 𝐿NI(𝑀) represents the probability density of the event {𝑀} given processes that do
not interfere with the ggF and EW processes described above. The leading non-interfering process is the
𝑃𝑃 ↑ 𝑄𝑄 ↑ 4𝑅 production via a 𝑆-channel exchange at LO. Triboson 𝑇𝑇𝑇 processes, including those
from top-quark decays 𝑆𝑆𝑇 , are subleading processes, but are also included in the analysis. Figure 3(a)
shows the LO Feynman diagram of the leading non-interfering 𝑃𝑃 ↑ 𝑄𝑄 process and Figure 3(b) shows the
corresponding LO Feynman diagram of the subleading non-interfering top-quark induced 𝑇𝑇𝑇 process.

𝑃 𝑄

𝑃
𝑄

(a)

𝑆
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𝑉̄

𝑊

𝑄
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𝑉

𝑊

(b)

Figure 3: LO Feynman diagrams for non-interfering background processes. Diagram (a) shows the leading 𝑃𝑃𝑄𝑄

process and diagram (b) shows the top-quark induced sub-leading 𝑇𝑇𝑇 process. The leptonic decays of the 𝑄 and 𝑊

bosons are not shown.

Monte Carlo (MC) simulated samples are used to describe the expected event yields 𝑂X and probability
densities 𝐿X(𝑀) in Eq. 3. Due to the technical challenges associated to the e"cient production of
interference-only MC simulations [46], the interference terms in Eq. 3 are not generated separately, but
inferred from samples generated with signal, interference, and background terms (SBI sample). For ggF
production, a single SBI sample is generated and the interference term 𝑂

ggF
𝐿 𝐿

ggF
𝐿 (𝑀) is rewritten as:

𝑂
ggF
I 𝐿

ggF
I (𝑀) = 𝑂

ggF
SBI𝐿

ggF
SBI(𝑀) ↓ 𝑂

ggF
S 𝐿

ggF
S (𝑀) ↓ 𝑂

ggF
B 𝐿

ggF
B (𝑀). (4)

In the case of EW production, it is impossible to generate an o!-shell signal-only sample. Due to the
diagrams shown in Figure 2(b) and Figure 2(c), where a 𝑋-channel Higgs boson propagator is absent, there
is always contamination of on-shell events in the production. Instead of generating signal and interference
samples, two linear combinations (EWSBI1 and EWSBI10) are used to model the EW component:

7

two possible pairings, the one that includes the lepton pair with mass closest to that of the 𝐿 boson mass
is chosen. In each quadruplet, the lepton pair with mass closest to the 𝐿 boson mass, 𝑀𝐿1 , is referred to
as the leading pair and required to have 50 < 𝑀𝐿1 < 106 GeV. The sub-leading pair mass, 𝑀𝐿2 , must
satisfy 50 < 𝑀𝐿2 < 115 GeV when 𝑀4𝑀 > 190 GeV. Due to the increased probability of one 𝐿 boson
being o!-shell at lower values of 𝑀4𝑀 , the lower threshold for 𝑀𝐿2 decreases linearly from 50 GeV at
𝑀4𝑀 = 190 GeV to 45 GeV at 𝑀4𝑀 = 180 GeV.

Events are described in the analysis by 14 observables, summarized in Table 3. The 14 observables provide
a complete description of the reconstructed final state phase space. The three-momentum of the fermion
(antifermion) in the 𝐿1 decay is defined as q11 (q12). Similarly, the three-momentum of the fermion
(antifermion) in the 𝐿2 decay is defined as q21 (q22). The three-momentum of 𝐿1 (𝐿2) is defined as q1
(q2). All three-momenta are defined in the rest frame of the quadruplet. Jets are ordered in 𝑁T and their
momenta are defined in the laboratory reference frame.

The observables on Table 3 are the components of the vector 𝑂 in Eq. 3. The observables 𝑀 𝑁 𝑁 , 𝑃 𝑁 𝑁 , and 𝑄 𝑁 𝑁

related to the leading dijet system, i.e., the two jets with highest 𝑁T in the event, are only well-defined for
events with at least two reconstructed jets. For events with fewer jets, the value of these observables are
fixed at the median of the corresponding distribution for events with at least two reconstructed jets. The
observable 𝑅jets is used for classification of the non-interfering background in Eq. 7. All events with more
than two jets are described by 𝑅jets = 2.

Table 3: Definition of the observables to describe an event. The observables are defined with respect to the ATLAS
coordinate system. The vectors q1, q2, q11, q21, n1, n2, and nsc are defined in Section 5.2.

Variable Definition
𝑀4𝑀 quadruplet mass
𝑀𝐿1 𝐿1 mass
𝑀𝐿2 𝐿2 mass

cos 𝑆→ cosine of the Higgs boson decay angle [q1 · n𝑂/|q1 |]
cos 𝑆1 cosine of the 𝐿1 decay angle [↑(q2) · q11/(|q2 | · |q11 |)]
cos 𝑆2 cosine of the 𝐿2 decay angle [↑(q1) · q21/(|q1 | · |q21 |)]
ω1 𝐿1 decay plane angle [cos↑1

(n1 · nsc) (q1 · (n1 ↓ nsc)/(|q1 | · |n1 ↓ nsc |)]
ω angle between 𝐿1, 𝐿2 decay planes [cos↑1

(n1 · n2) (q1 · (n1 ↓ n2)/(|q1 | · |n1 ↓ n2 |)]
𝑁

4𝑀
𝑃 quadruplet transverse momentum

𝑇
4𝑀 quadruplet rapidity

𝑅jets number of jets in the event
𝑀 𝑁 𝑁 leading dijet system mass
ε𝑃 𝑁 𝑁 leading dijet system pseudorapidity
ε𝑄 𝑁 𝑁 leading dijet system azimuthal angle di!erence

The vectors n1 and n2 normal to the 𝐿1 and 𝐿2 decay planes and the vector nsc normal to the Higgs boson
decay plane are defined as:

n1 =
q11 ↓ q12
|q11 ↓ q12 |

, n2 =
q21 ↓ q22
|q21 ↓ q22 |

, nsc =
n𝑂 ↓ q1
|n𝑂 ↓ q1 |

, (8)

where n𝑂 is the unit vector in the 𝑈 direction. These vectors are used to build angles that are sensitive to
the spin and parity of the quadruplet. Their geometrical visualization [79] is given in Figure 4, where the
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Figure 4: Representation of the angular observables used to describe the probability density ratio of each event. The
three-momenta of the fermions (q→

11, q→

21) and antifermions (q→

12, q→

22) are shown in their parent rest-frames, and the
three-momenta of the vector bosons (q1, q2) are shown in the quadruplet rest frame.

three-momentum are shown in each particle’s parent rest frame for clarity. Figure 5 shows the comparison
between observed and expected background distributions for the 𝐿4𝐿 and 𝐿 𝑀 𝑀 observables.

6 Neural simulation-based inference

Several analyses at the LHC use multinomial probability densities (histograms) to describe each component
𝑀X(𝑁) of the probability model used to interpret the data. The commonly used framework for histogram-
based analyses in ATLAS is described in detail in Ref. [80] and was used in the previous result on
the o!-shell Higgs boson production [17]. The multinomial modeling treats all events inside a bin as
indistinguishable, which leads to a loss in statistical power. In non-linear analyses, like the measurements
of processes with large quantum interference, a single observable cannot be optimal for all parameter values
and complete dimensional reduction cannot be achieved without information loss. These losses can be
partially mitigated by using approximations to optimal observables [26], by increasing the dimensionality
of the histograms, and by reducing the bin width. Recent measurements of the o!-shell Higgs boson
production in the 𝑂

→
↑ 𝑃𝑃 ↑ 4𝑄 channel by the CMS collaboration [31] have used all of these strategies

to improve the significance of the result.

These mitigation strategies are limited by the finite number of simulated events and by the so-called curse
of dimensionality. Practical considerations may reduce the accuracy of the multinomial approximation and
reduce the power of the statistical inference, especially in regions with high signal significance (signal
regions). Regions with low signal significance (control regions), traditionally used for the description of
backgrounds and systematic uncertainties, are less sensitive to these limitations.
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Feed-forward dense networks 

- 5 hidden layers with 1000 nodes 

- Swish activation 

- Single node output layer with sigmoid activation 

Loss: Weighted binary cross-entropy 

 networks takes approx 4000 GPU hours to trainO(104)
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(a) (b)

Figure 6: (a) Comparison between observed and expected distribution of the preselection discriminant 𝐿pre (𝑀)
showing a good description of the acceptance times e!ciency in each region. (b) Comparison between observed and
expected distribution of 𝑁jets showing a good description of the normalization obtained in each bin with the data-driven
background normalization parameters. The expected distributions for 𝑂𝑂 → 𝑃𝑃 , ggF SBI (𝑄𝑄 → (𝑅

↑
→)𝑃𝑃),

EW SBI1 (𝑂𝑂 → (𝑅
↑
→)𝑃𝑃 + 2 𝑆) and other backgrounds are shown as stacked histograms, and the expected signal

(interference) is shown as a solid red (dashed blue) line. The background is estimated under the SM hypothesis
(post-fit, 𝑇o"-shell = 1). The lower panels show the ratio of data to expectation. The hatched band shows the total
systematic uncertainty in the expected distribution. The last bin of panel (b) contains overflow events.

when 𝑈ref(𝑀) > 0, which is ensured by the preselection condition 𝐿pre(𝑀) > ↓0.85 without significantly
reducing the power of the analysis.

6.2 Probability density ratio estimation

The probability density ratios are estimated as functions of the 14 observables in Table 3 by using
fully-connected NNs, i.e., where all neurons in a layer are connected to the neurons in the next layer. The
architecture of this NN is the same as the one used for the preselection discriminant, but additional steps
are taken to improve the accuracy of the score, which are described below.

The events in the simulated sample for each process X are split into ten disjoint sets for use in ten-fold
cross validation [90]. For each cross-validation set, the events in the other nine sets are used to train an
ensemble of NNs, each with the structure described above. The ten-fold cross validation ensures that the
NNs are never evaluated using events used in their training, which would otherwise generate over-confident
estimates of the probability density ratios for rare events. An ensemble member is trained with 80% of the
events in the training set of the cross-validation splitting, randomly sampled without replacement. The total
number of ensemble members varies between 10 and 70 for each ten-fold cross-validation set, depending
on the process X, and resulting in 100 to 700 NNs in total. The larger ensembles are required for processes
X that are very di"erent from the reference process. The estimate of a probability density ratio is taken as
its ensemble mean. Using ensembles sampled without replacement helps to minimize both the bias and
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Pre-selection region definition
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(a) (b)

Figure 5: Comparison between observed and expected distribution of two observables used to describe events: (a) the
four-lepton invariant mass and the (b) invariant mass of the two leading jets. The expected distributions for 𝐿𝐿𝑀𝑀 ,
ggF SBI, EW SBI1 and other backgrounds are shown as stacked histograms, and the expected signal (interference)
is shown as a red (blue) line. The background normalization is estimated under the SM hypothesis. The lower
panels show the ratio of data to expectation. The hashed band shows the total systematic uncertainty on the expected
distribution. The last bin contains overflow events.

Neural network approximations of probability densities and probability density ratios can out-perform
histogram approximations when high-dimensional parameter spaces are considered. The use of NNs for
statistical inference is known as neural simulation-based inference (NSBI) [26–29]. This analysis uses a
particular version of NSBI adapted to the type of parameter inference performed at the LHC to model
events in the signal region. A self-contained description of the method is given below, and more details
can be found in Ref. [30].

6.1 Signal and control regions

An initial multi-class classification NN is trained to split the events into signal and control regions using
the observables defined in Table 3. This NN has five hidden layers each with 1,000 neurons and a swish
activation function [81]. The output layer has five neurons with a softmax [𝑁

→𝐿𝐿/
∑

𝑀 𝑁
→𝐿 𝑀 ] activation

function. The NN is trained with a multi-class cross-entropy loss corresponding to the five processes
used in the training: ggF S, ggF B, EW S, EW B, and 𝐿𝐿 ↑ 𝑀𝑀 . The EW S process is defined as the EW
vector-boson fusion process (diagram shown in Figure 2(a)) without the associated production process
(diagram shown in Figure 2(c)). While this process does not provide a full description of the EW production
of o!-shell Higgs bosons, it provides a good approximation for defining control and signal regions. The
preselection discriminant 𝑂pre(𝑃) is defined as:

𝑂pre(𝑃) = log
𝑄

ggF
pre, S(𝑃) + 𝑄

EW
pre, S(𝑃)

𝑄
ggF
pre, B(𝑃) + 𝑄

EW
pre, B(𝑃) + 𝑄pre, 𝑁𝑁̄𝑂𝑂 (𝑃)

, (9)
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(a) (b)

Figure 14: (a) Values of the test statistic 𝐿𝐿o!-shell assuming a single parameter of interest 𝐿𝐿o!-shell obtained with an
Asimov dataset (expected, dashed blue) and with data (observed, solid black) combining the 𝑀

→
↑ 𝑁𝑁 ↑ 4𝑂 and

𝑀
→
↑ 𝑁𝑁 ↑ 2𝑂2𝑃 decay channels. The dash-dotted curves show the statistics-only results where all NP are fixed to

their best-fit values 𝑄̂. The dotted gray lines show the 68% and 95% confidence belt, obtained from the Neyman
construction. (b) Expected distribution of 𝐿𝐿o!-shell=0 estimated with pseudo-experiments for the case of 𝑅truth

o!-shell = 0
(solid green, no o!-shell Higgs boson production hypothesis) and 𝑅

truth
o!-shell = 1 (dashed-dotted red, SM hypothesis).

The vertical solid black (dashed blue) line shows the observed (expected) value of 𝐿𝐿o!-shell=0 . The vertical dotted green
lines represent the 1𝑆, 2𝑆, an 3𝑆 significance thresholds under the 𝑅

truth
o!-shell = 0 hypothesis.

(a) (b)

Figure 15: Values of the (a) test statistic 𝐿𝑀𝐿,o!-shell as a function of 𝑇𝑁,o!-shell and (b) the test statistic 𝐿𝑀𝑀 ,o!-shell as a
function of 𝑇𝑂 ,o!-shell obtained with an Asimov dataset (expected, dashed blue) and with data (observed, solid black).
The dash-dotted curves show the statistics-only results where all NP are fixed to their best-fit values 𝑄̂. The dotted
gray lines show the 68% and 95% confidence belt, obtained from the Neyman construction. The 𝑇 parameter not
shown is profiled in both cases. The abrupt change at 𝑇𝑂 ,o!-shell = 0 comes from the strong 𝑇

4
𝑂 ,o!-shell dependency in

the EW production of o!-shell Higgs bosons.
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Figure 16: Values of the test statistic 𝐿𝐿𝐿 as a function of 𝑀𝑀 = ω𝑀/ωSM
𝑀

obtained with an Asimov dataset (expected,
dotted black) and with data (observed, solid black). The dash-dotted curves show the statistics-only results where all
NP are fixed to their best-fit values 𝑁̂. The dotted gray lines show the 68% and 95% confidence belt, obtained from
the Neyman construction.
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Figure 17: Values of (a) the test statistic 𝐿𝑁𝑀𝑀 as a function of 𝑂𝑂𝑂 = 𝑀
2
𝑂,on-shell/𝑀

2
𝑂,o!-shell and of (b) the test statistic

𝐿𝑁𝑁𝑁 as a function of 𝑂𝑃𝑃 = 𝑀
2
𝑃 ,on-shell/𝑀

2
𝑃 ,o!-shell obtained with an Asimov dataset (expected, dashed blue) and with

data (observed, solid black). The values obtained when all NP are fixed to their best-fit values 𝑁̂, corresponding to
the statistics-only case, are shown in dash-dotted lines for comparison. The dotted gray lines show the 68% and 95%
confidence belt, obtained from the Neyman construction. In both figures, the 𝑂 parameter not shown is profiled and
𝑀𝑀 is fixed to 1.
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Figure 16: Values of the test statistic 𝐿𝐿𝐿 as a function of 𝑀𝑀 = ω𝑀/ωSM
𝑀

obtained with an Asimov dataset (expected,
dotted black) and with data (observed, solid black). The dash-dotted curves show the statistics-only results where all
NP are fixed to their best-fit values 𝑁̂. The dotted gray lines show the 68% and 95% confidence belt, obtained from
the Neyman construction.
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