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• Unfolding = correcting data for detector effects 

• Inverse problem: distribution-level deconvolution 

• By unfolding: 

‣ Cost moves from repeated simulation 
to a once-off inference. 

‣ Theorists can test any model later, 
outside experimental collaboration

Unfolding

pdata(x) =
∫

dz psim(x |z) punfold(z)

pdata(x) =
∫

dz psim(x |z) punfold(z)pdata(x) =
∫

dz psim(x |z) punfold(z)

Forward inference

pdata(x) =
∫

dz psim(x |z) punfold(z)

pdata(x) =
∫

dz psim(x |z) punfold(z)pdata(x) =
∫

dz psim(x |z) punfold(z)

Unfolded inference

pdata(x) =
∫

dz psim(x |z) punfold(z)

1

pdata(x) =
∫

dz psim(x |z) punfold(z)
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• Traditional unfolding first discretises into histograms 
 
 
 
 
 
 
 
 

‣ Poor scaling to large Nbins  

‣ Undercuts the “unfold once” opportunity 

Classical approach: Matrix unfolding
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pdata(x) =
∫

dz psim(x |z) punfold(z)

di =
∑

j

Mi j uj

di =
∑

j

Mi j ujdi =
∑

j

Mi j ujdi =
∑

j

Mi j uj
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Figure 1: Structure of the conditional INN. Random numbers {z} are mapped to particle-
level events {x} under the condition of a detector-level event {y}. The loss L follows Eq.
(9), a tilde indicates a cINN-generated event.

A graphical representation of the conditional INN (cINN) [36] used for this result can be
found in Fig. 1. In this set-up, an n-dimensional random noise, z, is mapped onto a
distribution of particle-level events, x, which also has n inner degrees of freedom. This
mapping is bidirectional, thereby a particle-level event, x̃, can be generated by the cINN
and afterwards mapped back to the latent space variable, r. Detector-level events, y, act
as a condition for the INN mapping, i.e. the random noise z is linked to particle-level
events x under the condition y. The bidirectional nature of the mapping is also kept in
the conditional approach, which is essential for the evaluation of the loss function [34].
During training, paired samples of detector- and particle-level events are passed through
the network to the latent space. Once the training has converged we can sample from the
latent space under the condition of a specific detector-level event to generate a distribution
of particle-level events, preserving the statistical nature of the unfolding. Without the
conditionality the trained network would simply become an event generator which would
reproduce the underlying full distribution of particle-level events in the training data set.
The correct calibration of the particle-level distributions is guaranteed through the max-
imization of the likelihood of the network parameters p(ω|x, y). The loss function of the
cINN encodes therefore the negative log likelihood

L = →↑log p(ω|x, y)↓x→f,y→g (6)

= →↑log p(x|ω, y)↓x→f,y→g → ↑log p(ω|y)↓y→g + ↑log p(x|y)↓x→f,y→g (7)

= →↑log p(x|ω, y)↓x→f,y→g → εω2 + const. (8)

= →↑log p(z(x)|ω, y)↓x→f,y→g → ↑log

∣∣∣∣
dz

dx

∣∣∣∣↓x→f,y→g → ε ω2 + const. (9)

In the first line we apply Bayes’ theorem to express the posterior on the network param-
eters in terms of the likelihood of the training data, a prior on the network parameters,
and the evidence of the data, which is independent of the trainable network weights and
hence irrelevant for the training. Under the assumption of a Gaussian distribution of the
network parameters, the prior is equivalent to an L2 regularization and becomes εω2 where
ε encodes the width of the Gaussian prior or the strength of the regularization. In the last
line we apply the change of variable formula for a bijective mapping from Eq. (5). The
assumption of Gaussian latent space only enters in the definition of p(z(x)). [34]
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and true particle-level histograms, respectively. R is the
“response matrix”

Rij ¼ Prðmeasure ijtruth is jÞ: ð1Þ

In general, R is not invertible, so the unfolding problem has
no unique solution, and methods attempt to achieve a useful
solution in various ways. One of the most widely used
methods is iterative Bayesian unfolding (IBU) [6], also
known as Richardson-Lucy deconvolution [20,21]. Given a
measured spectrum mi ¼ Prðmeasure iÞ and a prior spec-
trum tð0Þj ¼ Pr0ðtruth is jÞ, IBU proceeds iteratively accord-
ing to the equation:

tðnÞj ¼
X

i

Prn−1ðtruth is jjmeasure iÞ Prðmeasure iÞ

¼
X

i

Rijt
ðn−1Þ
j

P
kRikt

ðn−1Þ
k

×mi; ð2Þ

where n is the iteration number.
OMNIFOLD uses machine learning to generalize Eq. (2)

to the unbinned, full phase space. A key concept for this
approach is the likelihood ratio

L½ðw;XÞ; ðw0; X0Þ%ðxÞ ¼
pðw;XÞðxÞ
pðw0;X0ÞðxÞ

; ð3Þ

where pðw;XÞ is the probability density of x estimated
from empirical weights w and samples X. The function
L½ðw; XÞ; ðw0; X0Þ%ðxÞ can be approximated using a classi-
fier trained to distinguish ðw;XÞ from ðw0; X0Þ. This
property has been successfully exploited using neural
networks for full phase-space Monte Carlo reweighting
and parameter estimation [19,22–26]. Here, we use neural
network classifiers to iteratively reweight the particle- and
detector-level Monte Carlo weights, resulting in an
unfolding procedure.
The OMNIFOLD technique is illustrated in Fig. 1.

Intuitively, synthetic detector-level events (“simulation”)
are reweighted to match experimental data (“data”), and
then the reweighted synthetic events, now evaluated at
particle-level (“generation”), are further reweighted to
estimate the true particle-level information (“truth”). The
starting point is a synthetic Monte Carlo dataset composed
of pairs ðt; mÞ, where each particle-level event t is pushed
through the detector simulation to obtain a detector-level
eventm. Particle-level events have initial weights ν0ðtÞ, and
when t is pushed tom, these become detector-level weights
νpush0 ðmÞ ¼ ν0ðtÞ. OMNIFOLD iterates the following steps:
1. ωnðmÞ¼νpushn−1 ðmÞL½ð1;DataÞ;ðνpushn−1 ;Sim:Þ%ðmÞ, 2. νnðtÞ¼
νn−1ðtÞL½ðω

pull
n ;Gen:Þ;ðνn−1;Gen:Þ%ðtÞ. The first step yields

new detector-level weights ωnðmÞ, which are pulled back
to particle-level weights ωpull

n ðtÞ ¼ ωnðmÞ using the same

synthetic pairs ðt; mÞ. Note that νpush and ωpull are not,
strictly speaking, functions because of the multivalued
nature of the detector simulation. The second step ensures
that νn is a valid weighting function of the particle-level
quantities.
Assuming ν0ðtÞ ¼ 1, in the first iteration step 1 learns

ω1ðmÞ ¼ pDataðmÞ=pSimðmÞ, which is pulled back to the
particle-level weights ωpull

1 ðtÞ. Step 2 simply converts
the per-instance weights ωpull

1 ðtÞ to a valid particle-level
weighting function ν1ðtÞ. After one iteration, the new
induced truth is

ν1ðtÞpGenðtÞ ¼
Z

dm0pGenjSimðtjm0ÞpDataðm0Þ: ð4Þ

This is a continuous version of IBU from Eq. (2), where the
sum has been promoted to a full phase-space integral. In
fact, OMNIFOLD (and IBU) are iterative strategies that
converge to the maximum likelihood estimate of the true
particle-level distribution [27–31], which we discuss in
detail in the Supplemental Material [32]. After n iterations,
the unfolded distribution is

pðnÞ
unfoldedðtÞ ¼ νnðtÞpGenðtÞ: ð5Þ

The unfolded result can be presented either as a set
of generated events ftg with weights fνnðtÞg (and

FIG. 1. An illustration of OMNIFOLD, applied to a set of
synthetic and natural data. As a first step, starting from prior
weights ν0, the detector-level synthetic data (“simulation”) is
reweighted to match the detector-level natural data (simply
“data”). These weights ω1 are pulled back to induce weights on
the particle-level synthetic data (“generation”). As a second step,
the initial generation is reweighted to match the new weighted
generation. The resulting weights ν1 are pushed forward to induce
a new simulation, and the process is iterated.

PHYSICAL REVIEW LETTERS 124, 182001 (2020)

182001-2

Iterative
Andreassen at al. 1911.09107

Backes et al. 2212.08674
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Figure 1: Structure of the conditional INN. Random numbers {z} are mapped to particle-
level events {x} under the condition of a detector-level event {y}. The loss L follows Eq.
(9), a tilde indicates a cINN-generated event.

A graphical representation of the conditional INN (cINN) [36] used for this result can be
found in Fig. 1. In this set-up, an n-dimensional random noise, z, is mapped onto a
distribution of particle-level events, x, which also has n inner degrees of freedom. This
mapping is bidirectional, thereby a particle-level event, x̃, can be generated by the cINN
and afterwards mapped back to the latent space variable, r. Detector-level events, y, act
as a condition for the INN mapping, i.e. the random noise z is linked to particle-level
events x under the condition y. The bidirectional nature of the mapping is also kept in
the conditional approach, which is essential for the evaluation of the loss function [34].
During training, paired samples of detector- and particle-level events are passed through
the network to the latent space. Once the training has converged we can sample from the
latent space under the condition of a specific detector-level event to generate a distribution
of particle-level events, preserving the statistical nature of the unfolding. Without the
conditionality the trained network would simply become an event generator which would
reproduce the underlying full distribution of particle-level events in the training data set.
The correct calibration of the particle-level distributions is guaranteed through the max-
imization of the likelihood of the network parameters p(ω|x, y). The loss function of the
cINN encodes therefore the negative log likelihood

L = →↑log p(ω|x, y)↓x→f,y→g (6)

= →↑log p(x|ω, y)↓x→f,y→g → ↑log p(ω|y)↓y→g + ↑log p(x|y)↓x→f,y→g (7)

= →↑log p(x|ω, y)↓x→f,y→g → εω2 + const. (8)

= →↑log p(z(x)|ω, y)↓x→f,y→g → ↑log

∣∣∣∣
dz

dx

∣∣∣∣↓x→f,y→g → ε ω2 + const. (9)

In the first line we apply Bayes’ theorem to express the posterior on the network param-
eters in terms of the likelihood of the training data, a prior on the network parameters,
and the evidence of the data, which is independent of the trainable network weights and
hence irrelevant for the training. Under the assumption of a Gaussian distribution of the
network parameters, the prior is equivalent to an L2 regularization and becomes εω2 where
ε encodes the width of the Gaussian prior or the strength of the regularization. In the last
line we apply the change of variable formula for a bijective mapping from Eq. (5). The
assumption of Gaussian latent space only enters in the definition of p(z(x)). [34]
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FIG. 1. An illustration of OMNIFOLD, applied to a set of
synthetic and natural data. As a first step, starting from prior
weights ν0, the detector-level synthetic data (“simulation”) is
reweighted to match the detector-level natural data (simply
“data”). These weights ω1 are pulled back to induce weights on
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FIG. 1. A schematic diagram of the training setup for Moment Unfolding. Like a GAN, g is the generator and d is the
discriminator, but now g is simply a reweighting factor given by Eq. (11). The reweighted simulation dataset inherits its weight
from the matching generation dataset. The detector emulations are only run once, since a new simulated dataset is created via
importance weights and not by changing the features themselves.

A. Leveraging Boltzmann Weights

Moment Unfolding uses a weight function g(z), similar
to OmniFold’s ω(z) in Sec. II C. Instead of determining
the weight functions in an iterative fashion, though, Mo-
ment Unfolding uses a fixed functional form:

g(z) =
1

P
exp

[
→

n∑

a=1

εa z
a

]
, (11)

where n is the number of moments to be simultaneously
unfolded, εa are parameters to be determined, and P is
a normalization constant, similar to the partition func-
tion from statistical mechanics. When we want to unfold
moments conditional on another observable y, the param-
eters εa are replaced with functions εa(y), as discussed
more in Sec. IVC. The exponential form of Eq. (11) is
inspired by the e→ωE Boltzmann factor from statistical
physics, whose derivation is reviewed in App. A.

To better understand this choice, recall that the
Maxwell–Boltzmann distribution is the one that maxi-
mizes the entropy of an ensemble while holding mean en-
ergy constant. This logic can be extended beyond means
to arbitrary constraints, yielding the maximum entropy
probability distribution [59]. In this language, Eq. (11)
optimizes the relative entropy of the reweighted truth-
level distribution with respect to the Z prior, while hold-
ing the first n moments fixed to some value.

As described in more detail in Sec. III B, we determine
the values of εa by maximizing the Maximum Likelihood
Classifier loss [60–62] between the reweighted detector-

level simulation and experimental data.3 Crucially, the
learned values of εa are not the learned moments them-
selves. Rather, analogously to Eq. (10), the moments are
given by

↑Zk
↓MomentUnfolding =

∑

z↑Gen.

g(z) zk , (12)

where the sums run over synthetic particle-level events,
and the normalization P is determined numerically:

P =
∑

z↑Gen.

exp

[
→

∑

a

εaz
a

]
. (13)

In this way, the extracted kth moment depends on all n
εa values.4

There is some arbitrariness in the choice of g(z), since
many weight functions with n free parameters can in
principle be used to match n moments of a distribu-
tion. The advantage of our choice of g(z) is that, for the
training procedure described below, Moment Unfolding
provably converges to the truth moments under certain
conditions, as described in App. B.
The hyperparameter n sets the degree of the polyno-

mial in the exponent, i.e. the number trainable weights in
the generator and consequently the number of moments

3
See Ref. [63] for related discussions using the Binary Cross En-

tropy loss.
4
This distinction is why we use k to index the measured moments

but a to index the learned parameters.

Andreassen at al. 1911.09107

Backes et al. 2212.08674 Desai et al. 2407.11284

Adversarial

https://arxiv.org/abs/1911.09107
https://arxiv.org/abs/1911.09107
https://arxiv.org/abs/1911.09107
https://arxiv.org/abs/2212.08674
https://arxiv.org/abs/2407.11284
https://arxiv.org/abs/1911.09107
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Figure 1: Structure of the conditional INN. Random numbers {z} are mapped to particle-
level events {x} under the condition of a detector-level event {y}. The loss L follows Eq.
(9), a tilde indicates a cINN-generated event.

A graphical representation of the conditional INN (cINN) [36] used for this result can be
found in Fig. 1. In this set-up, an n-dimensional random noise, z, is mapped onto a
distribution of particle-level events, x, which also has n inner degrees of freedom. This
mapping is bidirectional, thereby a particle-level event, x̃, can be generated by the cINN
and afterwards mapped back to the latent space variable, r. Detector-level events, y, act
as a condition for the INN mapping, i.e. the random noise z is linked to particle-level
events x under the condition y. The bidirectional nature of the mapping is also kept in
the conditional approach, which is essential for the evaluation of the loss function [34].
During training, paired samples of detector- and particle-level events are passed through
the network to the latent space. Once the training has converged we can sample from the
latent space under the condition of a specific detector-level event to generate a distribution
of particle-level events, preserving the statistical nature of the unfolding. Without the
conditionality the trained network would simply become an event generator which would
reproduce the underlying full distribution of particle-level events in the training data set.
The correct calibration of the particle-level distributions is guaranteed through the max-
imization of the likelihood of the network parameters p(ω|x, y). The loss function of the
cINN encodes therefore the negative log likelihood

L = →↑log p(ω|x, y)↓x→f,y→g (6)

= →↑log p(x|ω, y)↓x→f,y→g → ↑log p(ω|y)↓y→g + ↑log p(x|y)↓x→f,y→g (7)

= →↑log p(x|ω, y)↓x→f,y→g → εω2 + const. (8)

= →↑log p(z(x)|ω, y)↓x→f,y→g → ↑log
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dz

dx

∣∣∣∣↓x→f,y→g → ε ω2 + const. (9)

In the first line we apply Bayes’ theorem to express the posterior on the network param-
eters in terms of the likelihood of the training data, a prior on the network parameters,
and the evidence of the data, which is independent of the trainable network weights and
hence irrelevant for the training. Under the assumption of a Gaussian distribution of the
network parameters, the prior is equivalent to an L2 regularization and becomes εω2 where
ε encodes the width of the Gaussian prior or the strength of the regularization. In the last
line we apply the change of variable formula for a bijective mapping from Eq. (5). The
assumption of Gaussian latent space only enters in the definition of p(z(x)). [34]
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estimate the true particle-level information (“truth”). The
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strictly speaking, functions because of the multivalued
nature of the detector simulation. The second step ensures
that νn is a valid weighting function of the particle-level
quantities.
Assuming ν0ðtÞ ¼ 1, in the first iteration step 1 learns

ω1ðmÞ ¼ pDataðmÞ=pSimðmÞ, which is pulled back to the
particle-level weights ωpull

1 ðtÞ. Step 2 simply converts
the per-instance weights ωpull

1 ðtÞ to a valid particle-level
weighting function ν1ðtÞ. After one iteration, the new
induced truth is

ν1ðtÞpGenðtÞ ¼
Z

dm0pGenjSimðtjm0ÞpDataðm0Þ: ð4Þ

This is a continuous version of IBU from Eq. (2), where the
sum has been promoted to a full phase-space integral. In
fact, OMNIFOLD (and IBU) are iterative strategies that
converge to the maximum likelihood estimate of the true
particle-level distribution [27–31], which we discuss in
detail in the Supplemental Material [32]. After n iterations,
the unfolded distribution is

pðnÞ
unfoldedðtÞ ¼ νnðtÞpGenðtÞ: ð5Þ

The unfolded result can be presented either as a set
of generated events ftg with weights fνnðtÞg (and

FIG. 1. An illustration of OMNIFOLD, applied to a set of
synthetic and natural data. As a first step, starting from prior
weights ν0, the detector-level synthetic data (“simulation”) is
reweighted to match the detector-level natural data (simply
“data”). These weights ω1 are pulled back to induce weights on
the particle-level synthetic data (“generation”). As a second step,
the initial generation is reweighted to match the new weighted
generation. The resulting weights ν1 are pushed forward to induce
a new simulation, and the process is iterated.
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Iterative

4

Data

Re-weighted
Simulation

Re-weighted
GenerationGeneration

Detector Level

Particle Level

g

d
emulated
detector

detector

Truth

Target

Estimate

FIG. 1. A schematic diagram of the training setup for Moment Unfolding. Like a GAN, g is the generator and d is the
discriminator, but now g is simply a reweighting factor given by Eq. (11). The reweighted simulation dataset inherits its weight
from the matching generation dataset. The detector emulations are only run once, since a new simulated dataset is created via
importance weights and not by changing the features themselves.

A. Leveraging Boltzmann Weights

Moment Unfolding uses a weight function g(z), similar
to OmniFold’s ω(z) in Sec. II C. Instead of determining
the weight functions in an iterative fashion, though, Mo-
ment Unfolding uses a fixed functional form:

g(z) =
1

P
exp

[
→

n∑

a=1

εa z
a

]
, (11)

where n is the number of moments to be simultaneously
unfolded, εa are parameters to be determined, and P is
a normalization constant, similar to the partition func-
tion from statistical mechanics. When we want to unfold
moments conditional on another observable y, the param-
eters εa are replaced with functions εa(y), as discussed
more in Sec. IVC. The exponential form of Eq. (11) is
inspired by the e→ωE Boltzmann factor from statistical
physics, whose derivation is reviewed in App. A.

To better understand this choice, recall that the
Maxwell–Boltzmann distribution is the one that maxi-
mizes the entropy of an ensemble while holding mean en-
ergy constant. This logic can be extended beyond means
to arbitrary constraints, yielding the maximum entropy
probability distribution [59]. In this language, Eq. (11)
optimizes the relative entropy of the reweighted truth-
level distribution with respect to the Z prior, while hold-
ing the first n moments fixed to some value.

As described in more detail in Sec. III B, we determine
the values of εa by maximizing the Maximum Likelihood
Classifier loss [60–62] between the reweighted detector-

level simulation and experimental data.3 Crucially, the
learned values of εa are not the learned moments them-
selves. Rather, analogously to Eq. (10), the moments are
given by

↑Zk
↓MomentUnfolding =

∑

z↑Gen.

g(z) zk , (12)

where the sums run over synthetic particle-level events,
and the normalization P is determined numerically:

P =
∑

z↑Gen.

exp

[
→

∑

a

εaz
a

]
. (13)

In this way, the extracted kth moment depends on all n
εa values.4

There is some arbitrariness in the choice of g(z), since
many weight functions with n free parameters can in
principle be used to match n moments of a distribu-
tion. The advantage of our choice of g(z) is that, for the
training procedure described below, Moment Unfolding
provably converges to the truth moments under certain
conditions, as described in App. B.
The hyperparameter n sets the degree of the polyno-

mial in the exponent, i.e. the number trainable weights in
the generator and consequently the number of moments

3
See Ref. [63] for related discussions using the Binary Cross En-

tropy loss.
4
This distinction is why we use k to index the measured moments

but a to index the learned parameters.
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pω(xreco) = → 1
qϵ(xpart|xreco)

pϑ(xreco|xpart) pω(xpart) ↑

Unfolding
NN

Transfer
NN

NISxreco

{xhard}

Figure 1: Reco-level maximum likelihood training of the unfolding network pω (xpart).

In the second step we have applied Bayes’ theorem to eliminate the direct dependence on
pω (xpart), but the conditional distribution, pω (xpart|xreco) is still defined implicitly via pω (xpart)
and p(xreco|xpart) and changes during the training of the unfolding network. For the NIS net-
work we use the paired simulations (xpart, xreco) to train it on the inverse conditional distribu-
tion [9,16]

qϵ(xpart|xreco)↓ psim(xpart|xreco) . (11)

It is proportional to psim(xpart) instead of pω (xpart). Therefore, it will not give the ideal sam-
pling distribution, but as long as pω (xpart) is not too far from its simulation counterpart, it will
serve as an efficient importance sampling distribution. Unlike for generative unfolding, this
conditional generative network serves as a numerical tool for training pω (xpart). Any prior
dependence will decrease the training efficiency, but not affect the unfolding result.

Combining Eq.(9) with neural importance sampling, the training of the forward unfolding
of a single reco-level event now minimizes

LSPINUP =↔
∫

dxreco pdata(xreco) log pω (xreco)

=↔
∫

dxreco pdata(xreco) log

∫
dxpart qϵ(xpart|xreco)

p(xreco|xpart)pω (xpart)
qϵ(xpart|xreco)

(12)

=↔ lim
NMC↗↘

∫
dxreco pdata(xreco) log

1
NMC

NMC∑

{xpart}

p(xreco|xpart)pω (xpart)
qϵ(xpart|xreco)

####
xpart≃qϵ(xpart|xreco)

.

The training is illustrated in Fig. 1. The NIS network qϵ(xpart|xreco) and the transfer network
pϑ(xreco|xpart) are trained ahead of time, and their parameters are frozen during the main
training of the unfolding network pω (xpart).

Pre-training While NIS significantly eases its computational cost, the loss calculation in
Eq.(12) remains a computational challenge, and convergence is slow. In Eq.(7) we have intro-
duced a sum over NMC samples to evaluate the xpart-integration. To speed up convergence, we
pre-train the unfolding network on a single part-level event, i.e. NMC = 1. The sum within the

5
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AUSSIE

4

pdata(x) =
∫

dz psim(x |z) punfold(z)

pdata(x)
psim(x)

=
∫

dz psim(z|x)
punfold(z)
psim(z)

R(z)R(x)

• We introduce: 

 

• Based on density ratios, similar to OmniFold 

Step 1: Estimate ratio  on observables using a classifier  

Step 2: Learn  directly using a new loss targeting the 
           true relationship with 

R(x)

R(z)
R(x)

   Adversary-free Unfolding SanS Iteration or Emulation (AUSSIE)
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• First, understand OmniFold’s second step: 

Rω(z) =
∫

d x psim(x |z)R(x)

ωLMSE

ωRϵ(z)
= 0

AUSSIE Step 2

5

LMSE[Rω] =
!"

R(x)→ Rω(z)
#2$

psim(x ,z)
LMSE[Rω] =
!"

R(x)→ Rω(z)
#2$

psim(x ,z)

! Inverted !
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• In AUSSIE, consider the mirrored problem: 

ωLMSE

ωRϵ(z)
= 0

ωLMSE

ωR(x)
= 0

• First, understand OmniFold’s second step: 

AUSSIE Step 2

5

LMSE[Rω] =
!"

R(x)→ Rω(z)
#2$

psim(x ,z)
LMSE[Rω] =
!"

R(x)→ Rω(z)
#2$

psim(x ,z)

! Inverted !

Rω(z) =
∫

d x psim(x |z)R(x) R(x) =
∫

dz psim(z|x)R(z)Rω(z)→ R(z)

Solution
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• First, understand OmniFold’s second step: • In AUSSIE, consider the mirrored problem: 

AUSSIE Step 2

5

LMSE[Rω] =
!"

R(x)→ Rω(z)
#2$

psim(x ,z)
LMSE[Rω] =
!"

R(x)→ Rω(z)
#2$

psim(x ,z)

! Inverted !

Rω(z) =
∫

d x psim(x |z)R(x)

ωLMSE

ωRϵ(z)
= 0

R(x) =
∫

dz psim(z|x)R(z)Rω(z)→ R(z)

Solution

ωLMSE

ωR(x)
= 0
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AUSSIE Step 2: Implementations

1. Explicit: Minimise a norm of

ωLMSE

ωR
= 0

Target 

ωLMSE

ωR(x)
→
!

R(x)↑
∫

dz psim(z|x) R(z)
#

psim(x)ωLMSE

ωR(x)
→
!

R(x)↑
∫

dz psim(z|x) R(z)
#

psim(x)LAUSSIE =
!!!!
ωLMSE

ωR(x)

!!!!
2

K
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AUSSIE Step 2: Implementations

LAUSSIE[R] =
!"

R(x)→ Rω(z)
#
K(x , x ↑)
"
R(x ↑)→ Rω(z↑)
#$

psim(x ,z)psim(x ↑,z↑)

LAUSSIE =
!!!!
ωLMSE

ωR(x)

!!!!
2

K

1. Explicit: Minimise a norm of

Positive-definite kernel 

ωLMSE

ωR(x)
→
!

R(x)↑
∫

dz psim(z|x) R(z)
#

psim(x)LAUSSIE =
!!!!
ωLMSE

ωR(x)

!!!!
2

K

‣ Linear kernel norm is tractable 

‣ Fast 

‣ Effective in low dim (~20)

ωLMSE

ωR
= 0

Target 

ωLMSE

ωR(x)
→
!

R(x)↑
∫

dz psim(z|x) R(z)
#

psim(x)
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‣ Leverages sensitivity and symmetries of  

‣ Applies to high-dim point clouds 

‣ Equivalent to 1. choosing      as Neural Tangent Kernel (NTK)K(x , x →) = exp
!
↑↓x ↑ x →↓2/2ω2

"

6

AUSSIE Step 2: Implementations

LAUSSIE[R] =
!"

R(x)→ Rω(z)
#
K(x , x ↑)
"
R(x ↑)→ Rω(z↑)
#$

psim(x ,z)psim(x ↑,z↑)

LAUSSIE =
!!!!
ωLMSE

ωR(x)

!!!!
2

K

1. Explicit: Minimise a norm of

2. Implicit: Minimise parameter gradient norm of       K(x , x →) = (↑ωRω (x))
T ↑ωRω (x →)

LAUSSIE =
!!→ωLMSE

!!2
K(x , x →) = (↑ωRω (x))

T ↑ωRω (x →)

Positive-definite kernel 

ωLMSE

ωR(x)
→
!

R(x)↑
∫

dz psim(z|x) R(z)
#

psim(x)LAUSSIE =
!!!!
ωLMSE

ωR(x)

!!!!
2

K

ωLMSE

ωR
= 0

Target 

ωLMSE

ωR(x)
→
!

R(x)↑
∫

dz psim(z|x) R(z)
#

psim(x)

‣ Linear kernel norm is tractable 

‣ Fast 

‣ Effective in low dim (~20)
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Gaussian example

• Toy model with large smearing exemplifies advantage of AUSSIE
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pdata(x) =
∫

dz psim(x |z) punfold(z)
pdata(x) =
∫

dz psim(x |z) punfold(z)

pdata(x) =
∫

dz psim(x |z) punfold(z)
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Gaussian example

• Toy model with large smearing exemplifies advantage of AUSSIE
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Jet substructure (high-level)
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• Classic benchmark dataset: 
6D unfolding problem 

•           and            small MLPs 

• Unit Gaussian kernel after 
preprocessing (no tuning) 

• AUSSIE matches while 
OmniFold struggles

Rω(z)→ R(z)K(x , x →) = (↑ωRω (x))
T ↑ωRω (x →)
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Jet substructure (constituent-level)

Hadron level (unfolded)Detector level

• Full phase space unfolding: 
particle cloud up to N=150 

• L-GATr            and  

• Adaptive kernel from 
Neural Tangent Kernel 

• AUSSIE mitigates residual bias 
toward simulated dataset

Rω(z)→ R(z)K(x , x →) = (↑ωRω (x))
T ↑ωRω (x →)
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• AUSSIE is a new reweighting-based 
unfolding method, requiring 

 
 

✓ No iterative refinement 

✓ No adversarial training 

✓ No surrogate model

Summary

10

Read more: 
   Paper arXiv:2602.24282 
   Code github.com/heidelberg-hepml/aussie

 
 

• Excellent performance across a range of 
dimensions: 
 
 
 
 

‣ Minimal dependence on reference sim 

‣ Readily extendible to account for 
efficiency / acceptance effects

https://arxiv.org/abs/2602.24282
https://github.com/heidelberg-hepml/aussie


Unfolding without Iterations, Adversaries or Surrogates  —  Ayodele Ore   |  ML4Jets 2026, Vienna

2

4

6

D
en

si
ty

⇥10�2

Data
OmniFold (1)
OmniFold (5)
OmniFold (10)
AUSSIE

0.9
1.0
1.1

AU
SS

IE
D

at
a

�4 �2 0 2 4
�⌘�2, jb

0.9
1.0
1.1

O
m

ni
Fo

ld
D

at
a

11

Bonus: Parton-level unfolding
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Bonus: Some detail

=
∫

d xdzpsim(x , z)
"

R(x)→ Rω(z)
#2LMSE[Rω] =

!"
R(x)→ Rω(z)
#2$

psim(x ,z)

ωLMSE[R,Rϵ]
ωR(x)

=
!

R(x)→
∫

dz psim(z|x) Rϵ(z)
#

psim(x)

→
∫

d xd x ↑
"
ωLMSE[R, Rϵ]
ωR(x)

#
K(x , x ↑)

"
ωLMSE[R,Rϵ]
ωR(x ↑)

#

LAUSSIE[R] =
!"

R(x)→ Rω(z)
#
K(x , x ↑)
"
R(x ↑)→ Rω(z↑)
#$

psim(x ,z)psim(x ↑,z↑)

LAUSSIE[Rω] =

!!!!!
ϵLMSE[R,Rω]
ϵR(x)

!!!!!

2

K

Regression loss

Functional derivative

AUSSIE loss


