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Introduction

2[CERN-LHCC-2022-005]

20% 
EvGen

ℒ
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Event generation is a major 
part of the computational cost 

↓ 
How can we prevent it from 

becoming a bottleneck at the 
High-Luminosity LHC?

https://cds.cern.ch/record/2802918


Computational cost

3

Future of Heterogeneous Computing | Event generator performance at HL-LHC

Identify bottleneck: Parton or particle level?
E.g. Sherpa event generator flamegraph for ATLAS Drell–Yan simulation setup:
Current Sherpa master (667a3097e), with MEPS scale setter anomaly pruned

BVI, of which 
90 % Loops

RS 
real 

emissions

LO

Particle level (N
P

) <
 5

 %

30 % 35 % 15 %
NLO (BVI+RS): 65 %

Parton-level simulation (LO+NLO): 80 %

Particle level (Shower) 15 %

tree-level type (RS + LO): 50 %

• Bottleneck: parton level simulation: 80 %
‣ One-loop corrections: 30 %

– Using analytic one-loop codes reduces 
this to 10 % [EB et al. 2209.00843]

‣ Tree-level stuff (LO and RS): 50 %

Opportunity: Parton level is lock-step parallelisable over MC events
(Whereas particle level uses Markov Chain MC, with lots of code branching.)

Enrico Bothmann, 2026-06-10 7 of 24

Flame graph of Sherpa in ATLAS Drell-Yan setup 
(0-2j @ NLO, >2j @ LO)  • Most expensive: parton-level 

→ focus of this talk 
• Standard model backgrounds 
→ large rates 
→ large multiplicities 
→ NLO precision necessary 

• Signals 
→ lower rates 
→ LO often sufficient 
→ many different processes

[Figure by Enrico Bothmann]



Leading-order event generation with ML
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σLO = ∫ dΦn B

• Hardware acceleration 
→ move to GPU 
→ CPU vector instructions 

• Optional: 
use ML surrogates

Tree-level amplitudes

• Use normalizing flows or 
CFMs → density available 

• Unweighting step 
→ unbiased 

• Better model 
= faster sampling

Neural importance sampling

[2001.05486, 2001.05478, 2001.10028, 2212.06172, 2311.01548]



Event generators
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Two projects for production-ready ML- and hardware-accelerated 
LHC event generation

MadGraph7 
Make end-to-end GPU- and ML-accelerated workflows 
available for all processes supported by MG5

PEPPER 
Complementary to Sherpa with focus on most expensive 
Standard Model background processes

Both focus on LO for now, NLO will follow



Challenges of ML event generation
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Variety of processes 
• Large number of different 

processes and settings 
→ signals and backgrounds 
→ model parameters 
→ cuts 
→ …

Sampling speed 
• Matrix element evaluations 

have become very fast 
• Rejecting more samples 

with cheaper model might 
be faster

Training data 
• Don’t want to use legacy 

generators 
• Need to “bootstrap” our 

own training data

expressivity 
vs 

throughput

fast training 
vs 

convergence

pre-training 
vs 

training from scratch

surrogates 
vs 

hardware acceleration

Many trade-offs to consider



Event generation @ ML4Jets 2026
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order in perturbation theory

Agentic tools

Neural many-jet 
generation

Extrapolation & 
pre-training

Towards deployment

Amplitude 
surrogates

NLO generation & 
negative weight reduction

The NNLO frontier



Event generation in MadGraph
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I = ∑
i ⟨αi(x)

f(x)
pi(x) ⟩

x∼pi(x)

MadGraph: build channels 
from Feynman diagrams

Sum over channels

MadGraph: αMG
i (x) ∼ ∣Mi ∣2

Channel weights Channel mappings
MadGraph: use amplitude structure, … 
Analytic mappings + refine with VEGAS 

(factorized, histogram based 
importance sampling)

MadGraph: dσ/dx
Integrand

dσ =
1

flux
dxadxb f(xa)f(xb) dΦn ⟨ ∣Mλ,c,...(pa, pb ∣ p1, …, pn) ∣2 ⟩

Calculate (differential) cross sections



Event generation in MadNIS
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MadGraph: build channels 
from Feynman diagrams

Sum over channels

Learned channel mappings
MadGraph: use amplitude structure, … 
Analytic mappings + refine with VEGAS 

MadGraph: dσ/dx
Integrand

dσ =
1

flux
dxadxb f(xa)f(xb) dΦn ⟨ ∣Mλ,c,...(pa, pb ∣ p1, …, pn) ∣2 ⟩

Calculate (differential) cross sections

refine with 
Normalizing Flow

I = ∑
i ⟨αξ

i (x)
f(x)

pω
i (x) ⟩

x∼pω
i (x)

MadGraph: αMG
i (x) ∼ ∣Mi ∣2

Learned channel weights

αi(x) → αξ
i (x) = αMG

i (x) ⋅ Kξ
i (x)

parametrize with NN



MadNIS performance
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• Large speed-up compared to VEGAS baseline already after a few minutes 
of training, 10x to 100x speed-up for long training 

• Upcoming publication with much larger range of LHC processes
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MadNIS, A100 GPU

[2610.xxxxx] TH, Massaro, Mattelaer, Winterhalder



Upcoming MadGraph7 release
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MadNIS 

• neural importance sampling for 
better unweighting efficiency 

• automated defaults: 
as easy to use as VEGAS 

• used automatically for many 
processes 

[2311.01548, 2603.22407]

MadSpace 

• new flexible and modular 
phase space generator 

• improved throughput 
• GPU- and ML-enabled 
• usable beyond MadGraph 
[2602.06895]

MadMatrix 

• Matrix element on GPU 
• improved CPU performance 

from SIMD vectorization 
[2507.21039]

AmpliCol 

• implement ME using recursion 
relations to enable higher 
multiplicities 

• made efficient using leading- 
to full-color reweighting 

[2409.12128, 2601.19483]



MadGraph7 alpha release
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Alpha release of MadGraph7 out now! 
https://github.com/MadGraphTeam/MadGraph7

https://github.com/MadGraphTeam/MadGraph7


NIS @ high multiplicity
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End-to-end Speedups at One Billion Events

Pepper+Flows runtimes include flow training and event generation. Pepper+VEGAS runtimes at 1B events are extrapolated from 1M events.
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Daohan Wang (MBI Vienna) End-to-End GPU Workflow for Efficient Event Generation August 27, 2026 6 / 7

• Neural importance sampling with 
normalizing flows in PEPPER 

• speed-ups of 10x to 100x 
• End-to-end GPU setup 

• Earlier work also with flow 
matching: high expressivity, but 
expensive sampling [2506.06203] 
→ for expensive integrands

[2608.21338] Bothmann, Isaacson, Krause, López-Zurita, Spannring, Wang → Daohan Wang’s talk



Avoid training from scratch
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(a) Uninformed augmentation: the missing dimensions

are filled with uniform noise.

(b) Informed augmentation: the extra dimensions are

filled with distributions that reflect the expected ones.

Fig. 1: Uninformed (1a) and informed (1b) ways to augment an N -particle to an (N + 1)-particle phase
space. In both cases, the phase-space mapping is applied to the inserted coordinates.

number of non-vanishing helicity states always dou-
bles. So the data needs to be augmented to twice
the number of helicity states, besides adding three
kinematic dimensions. Fortunately, this turns out
to be straightforward in PEPPER.

PEPPER enumerates all 2N+2 configurations,
disables those whose colour-summed amplitude
vanishes, and labels the remainder consecutively.
We use this compacted label c → 0, . . . , nhel,N ↑ 1
as the conditioning variable. For gg ↓ tt̄+ ng no
configuration vanishes and nhel,N = 2N+2, whereas
for dd̄ ↓ e+e→+ng helicity conservation along the
quark and lepton lines leaves nhel,N = 2N of 2N+2.

The additional gluon is appended at the end of
the particle list, so its helicity is the most significant
bit of PEPPER’s internal label, both of its values are
allowed, and its presence does not change which of
the remaining configurations vanish. The enabled
set at multiplicity (n+ 1) is therefore the enabled
set at n, together with its image under setting
the new bit, and since the consecutive labelling
preserves the internal ordering, each event [zN , c]
is duplicated with the label unchanged in one copy
and shifted by nhel,N in the other:

[
zN , c

]
↑↓

{[
(zN , ω̃), c

]
,

[
(zN , ω̃), c+ nhel,N

]
,

(46)

where ω̃ is drawn according to Sec. 3.1, and the shuf-
fle underlying its construction is performed within
the same label class. This doubles the dataset and
covers all nhel,N+1 = 2nhel,N configurations of the
(N + 1)-particle system.

This scheme assumes that the kinematic
behaviour of the original N particles, given some
helicity assignment, remains essentially unchanged
when an extra gluon is added, as long as the
coordinates zN are kept fixed. Nevertheless, it
approximates the marginal distributions of the dN
dimensional projection of the !N+1 phase space
adequately.

In PEPPER the helicity configuration is not
stored explicitly but selected from a uniform ran-
dom number against the cumulative selection
weights ωc. The augmented labels of Eq. (46)
are therefore re-encoded against the (N + 1)-
particle weights before the dataset is passed back
to PEPPER. Since no (N +1)-particle statistics are
available at this point, we initialise these by split-
ting each inherited weight between the two labels it

gives rise to, ω(N+1)
c = ω(N+1)

c+nhel,N
= 1

2ω
(N)
c , which

preserves both the normalisation and the relative
importance learned at multiplicity N . From the
first iteration onwards the weights are updated as
described above.

3.3 Training on Augmented Data

Augmented data can be used to initialise a model
for the (N + 1)-particle process by generating
matched pairs (x0,x1) and regressing against them
as described in Sec. 2.3. Both x0 and x1 are con-
structed by augmenting lower-dimensional data.
The flow of Sec. 2.3 operates neither on the CHILI

coordinates nor on the unit hypercube, but on
RdN+1 , cf. Eq. (37). The augmented points of

10
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Figure 4: Loss comparison over 20 epochs for different conditioning mechanisms.
The colored bands indicate the standard deviation over five independent runs.

other set of weights for the new modalities. Details and hyperparameter are shown in App. A.

We show the loss curves for the various configurations in Fig. 4. Providing discriminative
information between the different processes into the context yields an inductive bias, which
leads to much faster convergence. Within the training time of 20 epochs, the one-hot encoding
does not reach the performance of the other conditioning schemes.

Process extrapolation

In Fig. 5, we compare the results of different process embeddings. For each embedding and
process, we train a classifier to distinguish the generated from the true events. The classifier
is described in App. A. We histogram the AUC values for the 1352 training in the left column
and 139 hold-out processes in the right column. For each embedding, we indicate the median
!AUC.

For the training processes the one-hot encoding fails with!AUC! 0.8, whereas the text and
image process encodings perform well,!AUC → 0.5 ... 0.65. Different backbones do not have
a significant impact. Providing information about the Feynman diagrams does not lead to a
significant improvement for the training processes.

When extrapolating to the hold-out processes, the one-hot encoding fails again. For the
text and image embeddings the classifier scores!AUC→ 0.6 are only marginally worse than the
values from the training processes. Starting from only the incoming and outgoing particles,
information about the intermediate particles leads to an!AUC improvement by → 0.01, explicit
information about the Feynman diagrams of another improvement by → 0.01.

We present a summary of the performance measures in Tab. 2. The median and mean
AUC values are successively improved when we provide additional information. One-hot en-
coding is insufficient, and information about the incoming and outgoing particles is needed.

training processes hold-out processes
median AUC mean AUC median AUC mean AUC

in-out 0.524(1) 0.557(2) 0.614(7) 0.637(4)
in-interm-out 0.523(1) 0.552(5) 0.602(7) 0.630(8)
edge-list 0.522(2) 0.548(4) 0.593(5) 0.621(5)
image 0.529(4) 0.563(6) 0.592(10) 0.622(6)

Table 2: Performance of different configurations. The quoted uncertainties represent
the standard deviation averaging over five runs.

9

• Cost increases towards more jets 
→ reuse results from cheaper trainings 

• Initialize (N+1)-particle network based 
on N-particle network

• LLM pre-trained on various SM processes 

• Feynman diagrams as input 
→ learn physics, not just distribution

Too good to go 
 
[2608.27104] Helms, Janßen, Schumann

LLM conditioning 
 
[2606.23791] Bahl, Plehn, Schiller, Sivagnanalingam

→ Konrad Helms’ talk → Thanush Sivagnanalingam’ talk



Surrogates: double-stage unweighting
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Process T
[approach]

merged process
[MHS23y] Ratio

Baseline! Baseline Surrogate

Z + →0 jets 0.04 0.04 -
Z + →1 jets 0.11 0.11 -
Z + →2 jets 0.32 0.34 -
Z + →3 jets 0.67 1.23 -
Z + →4 jets 1.60 5.44 -
Z + →5 jets 16.09 47.83 4.91 3.3
Z + →6 jets 297.73 130.51 11.78 11.1

Table 6: Computational time T [approach]

merged process
needed to simulate event counts corresponding

to 2↑LHL-LHC for the three considered calculational approaches, see text for details. The
overall optimal approach is shown in green, while the best baseline approach is marked
blue. Their ratio is shown in the last column. Note, absolute computational times for
merged setups with less than 6 final-state jets are conservatively estimated, as we use the
Sudakov e!ciency measured for the 6-jet process of ωSudakov = 0.23 throughout.

Figure 4: Total compute time per subprocess for Z + 6 jets (left) and Z + 5 jets (right)
channels contributing to inclusive Z+ → 6 jets production. For the overhead time we here
consider toverhead = 25HS23s per event. The channels are sorted on the x-axis according
to their estimated time reduction.

24

[2603.22407] Herrmann, Janßen, Schenker, Schumann, Siegert 
[2109.11964] Danziger, Janßen, Schumann, Siegert

• Generate unweighted events 
using surrogate 
→ many rejected samples, but fast 

• Evaluate truth and unweight again 
→ less rejected samples 
→ unbiased result 

• Largest gains for high multiplicities



Surrogates: leading-color reweighting
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• ML to speed up reweighting to full color 

• Gains of up to factor 2 for large n 

n = 4 n = 5 n = 6 n = 7
0.50

0.75

1.00

1.25

1.50

1.75

2.00

f
ef

f

gg ! ng

MLP GNN Transformer L-GATr

[2509.07068] Villadamigo, Frederix, Plehn, Vitos, Winterhalder
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Figure 1: Computational time (in seconds) for the four benchmark processes. Shown is the total
computation time (circle with error bar) for 105 unweighted events at FC accuracy (including the
generation time of the LC events, the reweighting time, and accounting for the secondary unweighting
loss), and separately the reweighting time (triangle). An exponential curve is fitted to the total
timings and portrayed as a line in the plots, with the base b of the exponential indicated in each of
the four sub-plots.

figure, we expect this to happen when the number of coloured particles in the process (initial plus
final state) is equal to ten. If matrix element calculations are needed for such large multiplicities,
improvements to the reweight part of AmpliCol code would be very beneficial. One possibility
would be to reweight to next-to-leading colour only [22,57]; but also ideas along the line of machine
learning the reweight factors [58] and using other colour bases to prevent the beyond-exponential
growth of FC matrix elements [59] are being investigated.

4 Discussion and outlook

In this work we have presented the program AmpliCol, which performs the two-step event gen-
eration of high-multiplicity tree-level processes, with an exponential increase in computation time
up for the multiplicities considered rather than the factorial growth with conventional event genera-
tors. We illustrated the computation time for four benchmark processes with various multiplicities.
We have shown that with the AmpliCol code it is possible to generate leading order events for
2 → n processes for n up to 7 (for pp → jets, pp → tt̄ + jets and pp → ZZ + jets), or 8 (for

6

• AmpliCol: leading-color approximation 
as fast physics-based surrogate 
[2601.19483]

→ Javier Villadamigo’s talk

https://arxiv.org/abs/2509.07068


Surrogates: learned uncertainties
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• Symmetry- and physics-aware networks 
perform better 

• Uncertainties small compared to theory 
uncertainties like scale, PDF, …

[2002.07516, 2106.09474, 2206.14831, 2509.00155, 2512.11036, 
2601.00950, 2601.13308, 2607.01354, 2608.06450]
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Bahl et al. [2412.12069]

• Well-calibrated uncertainties 

• Learned uncertainty also useful to 
catch low-accuracy events
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Bahl et al. [2412.12069]

→ Talks by Suprio Dubey, 
Rebecca Revelli, Joaquin Ramirez

https://arxiv.org/abs/2412.12069
https://arxiv.org/abs/2412.12069


Next-to-leading order integration
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Subtraction scheme

• Causes negative weights 
→ large cost downstream 

• Some freedom in how to 
define it 
→  improve with ML

• Most expensive part 
• Often need quadruple 

precision → bad for GPUs 

• Speed up with surrogates

Loop amplitudes

Similar to leading order: 
• Neural importance 

sampling 
• Hardware acceleration

Importance sampling & 
tree-level amplitudes

σNLO = ∫ dΦn (B + V + I) + ∫ dΦn+1 (R − S)



MadNIS @ NLO
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e+e� ! uūgg (@1 TeV)

VEGAS
MadNIS

MadNIS + RV/B
✓

MadNIS + RV/B
✓ + ⌃i j,✓

VEGAS
MadNIS

MadNIS + RV/B
✓

MadNIS + RV/B
✓ + ⌃i j,✓

~110x

SciPost Physics Submission

�1.0 �0.5 0.0 0.5 1.0
R(VI)/B

101

102

103

104

105

C
ou

nt
s
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uūgg

�1.0 �0.5 0.0 0.5
RV/B

101

102

103

104

105

C
ou

nt
s
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Figure 3: Ratios of the learned amplitudes to the Born contribution, shown for the
combined virtual and integrated subtraction term (left) and for the virtual contri-
bution alone (right). The solid lines indicate the surrogates, the dashed lines the
truth.

In the upper panels of Fig. 4, we show the relative accuracies for the learned BV and BVI ampli-
tudes using the different strategies. Learning the ratio and rescaling with the Born amplitude
improves the relative accuracy to the 10→4 level even for the 4-jet process. While the accuracy
of the learned BV and BVI term is comparably poor, the combination of the corresponding
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Figure 4: Relative accuracies for the virtual amplitudes defined in Eq.(23) (upper)
and systematic pulls defined in Eq.(24) (lower) for the different options. We show
results for 3-jet (left) and 4-jets (right) production.

8

• Variance reduction from MadNIS → less samples for given precision 
• Replace ME evaluation with surrogate → less time per sample 
• Virtual contribution learned accurately, best for ratio virtual / Born

[2603.22407] De Crescenzo, Mariño Villadamigo, Elmer, TH, Plehn, Winterhalder, Zaro → Giovanni de Creszenzo’s talk



Neural Control Variates @ LO
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[2607.23591]

I = ⟨f(x) − Cθ pθ(x)⟩x∼unif
+ ⟨Cθpθ(x)⟩x∼unif

I = ⟨ f(x) − Cθ pθ(x)
gϕ(x) ⟩

x∼gϕ

+ ⟨Cθ⟩x∼pθ

add MadNIS  
for res. integral

Network with known integral (NF) 
× learned constant

100% unweighting eff. 
by construction!• Unweighting efficiency: 29% (NIS) to 78% (NIS+NCV) 

→ on top of 20× speedup compared to MG5 baseline 
• Need penalty loss to avoid negative weights



Neural Control Variates @ NLO
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I = ⟨f(x) − cθ(x)⟩x∼unif
+ ∫ dx cθ(x)

I = ⟨f(x) − C+
θ p+

θ (x) + C−
θ p−

θ (x)⟩x∼unif
+ ⟨C+

θ ⟩x∼p+
θ

− ⟨C−
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θ

Parametrize signed-NCV with  
1 positive NCV + 1 negative NCV
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Neural Control Variates @ NLO
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• Better variance reduction than NIS alone 
• Loss in effective statistics from sign change:  
→ save compute in downstream tasks

Neff = N (1 − 2Nneg/N)2

→ Sophia Vent’s talk[2607.23591] TH, Plehn, Revelli, Vent, Winterhalder



Neural Importance Sampling @ NNLO
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Figure 2. The distribution of weights for the ω
RF (top row) and ω

RRF contributions

(bottom row). The first column shows the absolute weight, and the second and third

columns show the positive and negative weight distributions. The distributions are shown

for the Vegas, Cl and ODE integrators, all trained on the absolute integrand.

the Vegas integrator and the Cl integrator (the Ode one looks identical to the Cl

one). The non-trivial structure learned by the Cl integrator can be seen by eye, and

it is clear that Vegas learned a di!erent distribution.

Integral-variance reduction: training on split integrand

The advantage of using a flow-based method is clearly diminished when there are

large cancellations between positive and negative contributions, and the gain based

on variance reduction is thus limited. This implies that further improvement on the

quality of the integrator, through more parameters or training data, will not lead

to significant performance improvements. The picture changes, however, when a

positive/negative split integrand is considered and the positive and negative regions

are treated as independent integrals. In this case, there is no lower bound on the

variance upon integration, i.e. a vanishing uncertainty can in principle be achieved.

Therefore, the improved adaptability of the flows can be fully exploited. However,

the integration problem is now more challenging because the e”ciency of hitting the

right phase-space region becomes crucial for reaching a small variance (missed points

are counted as zero weight, increasing the variance). The phase-space boundaries

between the positive and negative regions are non-trivial and likely non-factorizable.

– 23 –

• Neural importance sampling with flow matching 
• Tackles negative weights by splitting in positive and negative integrands 
→ more efficient than common sampler 

• Speed-up by factor 8 compared to STRIPPER baseline
[2505.13608] Janßen, Poncelet, Schumann → Timo Janßen’s talk
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Questions

aim Develop a reliable and efficient agentic

interface for the collider simulation MadGraph.

• Q1: How can we handle diverse user tasks?
• Q2: How can we ensure reliable results?
• Q3: How can we minimize latency?

Methods

! MadAgents [1,2] is a multi-agent system

where an orchestrating agent invokes specialized
subagents based on the user’s task.

! Most subagents are consultants for specific
parts of MadGraph, providing in-depth knowledge
grounded in the source code [3,4].

" A two-tier llm-wiki [5] memory reuses verified
knowledge efficiently, reducing latency for similar
tasks.
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MadGraph and related tools

MadGraph support in practice

• Software installation, including ROOT compilation.
• Training beginners through tailored tutorials and coaching, learning by
doing, and documenting and reviewing work.

• Supporting expert users.
Illustrated by exploring and imple-
menting higher-precision setups
for pp → tt̄ production.
Blue: NLO tt̄ production
Red: 2 → 6 LO off-shell
Green: LO tt̄ production merged
with up to one additional jet

• Running autonomous simula-

tion campaigns.
Illustrated with a scalar leptoquark
mass scan from high-level PDF in-
structions, including web search
and the download of a suitable
MadGraph model.

• Part of SFitterAgents [2], re-
casting measurements for a global
SMEFT analysis.

Outlook and impact

• Accelerating simulation workflows.

• Making collider simulations more accessible to new users and more efficient for experienced users.
• Providing an interactive interface, keeping physicists in control of key physics decisions.
• Improving the reliability of the agentic system through source-grounded knowledge, validation, and learning from failures.
• Enabling autonomous simulation campaigns from high-level physics instructions and scientific publications.
• Providing a modular MadGraph interface for other agentic systems, as demonstrated with SFitterAgents [2].
• Next: Running MadAgents with open-source models.

Check it out
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• Event generators are complex tools 
→ many options unknown even to experts 
→ ML+GPU workflows add even more 

• Build agentic interfaces specialized for 
event generation 
→ teach beginners 
→ help experts 
→ reproduce results 
→ automate global fits

[2601.21015] Plehn, Schiller, Schmal → Daniel Schiller’s talk



Outlook

25

• Neural importance sampling for leading order 
event-generation is (close to) production-ready 
→ speed-ups up to 100x, on top of hardware acceleration 

• Methods developed for LO also succeed at NLO and NNLO 

• ML solves problems exclusive to higher orders 
→ negative weights 
→ expensive loop amplitudes 

• Agentic interfaces make event generators easier to use

ML will be an integral part of event generation 
at the High-Lumi LHC and beyond!


