Modern Machine Learning for
Monte Carlo Event Generators
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The devil is In the details
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@® Meson
A Baryon

W Antibaryon
@ Heavy Flavour

Pythia8 Manual [2203.11601]

(O Hard Interaction
® Resonance Decays

B MECs, Matching & Merging

B FSR

B [SR*
QED

™ Weak Showers

™ Hard Onium

(O Multiparton Interactions

[0 Beam Remnants*

Strings

Ministrings / Clusters
Colour Reconnections
String Interactions
Bose-Einstein & Fermi-Dirac

B Primary Hadrons

B Secondary Hadrons

® Hadronic Reinteractions
(*:incoming lines are crossed)




The devil is In the details

>M Tree level: Madgraph, Amegic/ * FeynRules g
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Computing Budget

ATLAS Preliminary

2022 Computing Model - CPU: 2031, Conservative R&D
24%

Tot: 33.8 MHS06*y

5%

7% B Data Proc
8% MC-Full(Sim)
MC-Full(Rec)
MC-Fast(Sim)
MC-Fast(Rec)
11% Heavy lons
mm Data Deriv
MC Deriv

Analysis

8%

6%
8%

[CERN-LHCC-2022-005]

CPUhL/Mevt

105 ¢

1071

10°

—&— parton level
—&— particle level

—e— nparticle level
WTA (> 6j)

W t+jets, LHC@14TeV
DT,j > QOGGV, |773‘ <6

Sherpa / Pythia + DIY @ NERSC

Njet

[Héche et al., 1905.05120]


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

MadNIS — Neural Importance Sampling _6)
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https://arxiv.org/abs/2212.06172
https://arxiv.org/abs/2311.01548
https://arxiv.org/abs/2408.01486

Monte Carlo integration

Calculate (differential) cross sections
do =

 flux

Flat sampling: Importance sampling: Multi-channel:
inefficient find p close to f one map for each channel

I'= <f (x)>x~unif = <




Event generation in MadGraph 9)

Calculate (differential) cross sections

do = ——
flu

Sum over channels Integrand

MadGraph: build channels MadGraph: do/dx
from Feynman diagrams

Channel mappings
MadGraph: a"“(x) ~ | M;|? MadGraph: use amplitude structure, ...

Analytic mappings + refine with VEGAS
(factorized, histogram based
importance sampling)



Event generation in MadNIS 9)

Calculate (differential) cross sections

“MadNIS

do =

 flux

Sum over channels Integrand

MadGraph: build channels MadGraph: do/dx
from Feynman diagrams

\ Learned channel mappings

MadGraph: use amplitude structure, ...
Analytic mappings + refire-with-\-EeASs-

L refine with NF

MadGraph: a"“(x) ~ | M;|?



Event generation in MadNIS

Calculate (differential) cross sections

ool . “MadNIS

flu

Sum over channels Integrand

MadGraph: build channels MadGraph: do/dx
from Feynman diagrams
i . ~pf(x)
Learned \ Learned channel mappings
MadGraph: aiMG(x) ~ ‘Mi‘z MadGraph: use amplitude structure, ...

Analytic mappings + refire-with-\-EeASs-

a(x) = af(x) = aMO(x) - Ki(w) I
parametrize with NN AT refine with NF




Building MadNIS into MadGraph )

Standard MadEvent pipeline

Refine VEGAS grids
Generate events
Combine

channels,
write events

Simplify
multi-
channel

MadNIS Generate
training events

MadNIS pipeline



Unweighting performance
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Unweighting performance

Unweighting efficiency
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— Does it still pay off?
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Training time and amortization
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Standalone Python module

#MadNIS  First steps

Y ST This tutorial demonstrates how MadNIS can be used to integrate functions. As an example, we will use
* Ma as a Python package

USAGE ]
[ ] [ | Installation f(a:) _ H2$i '
— apply to your own integration tasks
Al R I £ It's integral over the unit hypercube [0, 1]% is always 1, independent of the number of dimensions d.

Integration settings

Using the MadNIS flow library Minimal example
REFERENCE Let's compute the integral in four dimensions. This can be done with the following code
r r l " rT] " " ‘n
. F r I I I n | — h n n | I nt r I madnis.integrator package from madnis.integrator import Integrator &8 -~ ++- 0 n o
madnis.nn package integrator = Integrator(lambda x: (2#x).prod(dim=1), dims=4)
integrator.train(100) [~ Insights &2 Settings

result, error = integrator.integral()

to complex multi-channel setups T

We first create an Integrator object with our integrand and its dimension. Then we have to train the
integrator for 100 iterations. Lastly, we use combine the information over the integral collected during About 3

the training and print the integral and the Monte Carlo integration error in the last line. We get the ) )
Python library for neural importance

output: .
sampling.

Integration result: 1.00382 +- 0.00129 @ docs.madnis.ai

 Easy-to-use implementation of el

Monitoring the training progress

#\- Activity
n " To better monitor the training progress, we can also specify a callback function that is called with a B Custom properties
n O r m a I Z I n OWS TrainingStatus object after every tenth iteration. X 5 stars
© 1 watching
integrator = Integrator(lambda x: (2*x).prod(dim=1), dims=4)
def callback(status): % 0 forks
if (status.step + 1) % 10 == 0: Report repository
rint(f'"Batcl 0SS f}"
LICENSE added documentation with sphinx 4 months ago Releases s
[ README.md Update README.md 2 months ago © v0.1.4 n;Latest;‘}
on Nov 27, 2024
D pyproject.toml Update version number 2 months ago
+ 4 releases
[0 README 38 MIT license /7 =

Packages

F h tt : m n i " i Publish yourfrs package
: ps://madnis.ai/ fMadNIS

[\il' theoheimel Theo Heimel

p i p j‘ n S t a l l ma— dn j_ S Neural Multi-Channel Importance Sampling & romonpeter Ramon winernaiser

<F> pre-commit-ci[bot]
() c1 |passing || arXiv 2311.01548 | code style black PyTorch 2.0

MadNIS is a Python library for neural multi-channel importance sampling based on PyTorch. Deployments 6
It will be used for Monte Carlo LHC event generation in future versions of MadGraph. This
repository provides the MadNIS code as a stand-alone library that can be applied to @ pypi 2 months ago



https://madnis.ai/
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https://arxiv.org/abs/2509.07068

Setting the stage

Full-color Amplitude Surrogate Toolkit for QCD

What we do

Use ML to accelerate event generation at Full-Color (FC) accuracy in QCD

How we do it

We build on a Leading-Color (LC) based, two-step unweighting approach



LC-based unweighting @

sample helicity 1. generate LC events for a single color flow 1
h~ pilh]x) with weight 1/ -

l 2. assign a helicity i with probability p.(% | x)

generate PS point x

calculate LC event

calculate single-/ 3. unweight to FC
FC event weight

weight
. . )
wie = [Mpc(0)|

| M(x, h) |

construct
| M(x, h)|?

r(x,h) =

| My o(x, h) |



LC-based unweighting @

sample helicity 1. generate LC events for a single color flow 1
h~ pilh]x) with weight 1/ -

2. assign a helicity i with probability p.(% | x)

generate PS point x

calculate LC event | _
weight calculate single-/ 3. unweight to FC

. . ) .
wl o= | M} (x)] FC event welzght
| M(x, h)|

construct .
Unbiased result

Generated events follow FC density

ke = ), Jdcb MO 1P(rGe )Y |

I ."J'
accept x ]



Surrogate-based unweighting @

Introduce additional unweighting step against ML surrogate

(x,h) ~ r(x, h)

rSU.I’I‘

> Faster to evaluate: e.g. Op-(1) vs O (107) s/event

SUIT

(x, h) |” = | M(x, h) |

» Much better scaling with particle multiplicity than approximating | M., .



Surrogate-based unweighting @

te PS point sample helicity
enerate oint x
° P h ~ ph|x)

! !

calculate LC event
weight calculate single-/

. , , _
Wi = | M (%] FC event weight

| M(x, h) |
:

construct
| M(x, h) |

| My o(x, h) |

r(x, h) =



Surrogate-based unweighting @

generate PS point x

calculate LC event
weight calculate single-/! | g——

. . ) .
W= | M ()] FC event welzght
| M(x, h)|

sample helicity

h ~ p;(h|x)

evaluate surrogate

(x, 1)

rSU.I’I'

construct

r




Surrogate-based unweighting @

te PS point sample helicity evaluate surrogate
enerate oint x
9 P b~ ph| %) (x. )

SllI'I'

calculate LC event
weight calculate single-/! | g——
2 .
WLC | M () | FC event weight

| M(x, h) |

construct ]
Also unbiased!

Generated events follow FC density

3 a0 1 P (o)

r

hNPz(h|x)

— OFC



Surrogate-based unweighting @

Effective gain factor:

» [ takes into account evaluation time, efficiency, and statistical power of the generated sample



Results - Gain factors

2.00 - feee ~
| Gains across all processes,
1.75 - x from x1.1 to x2 in the
e, all-gluons n = / case
1.50 -
125 ®oe
. . ¢
1.001
0.75 - f
g9 = ng
0.501 | |
n = n = n=~0 n =

GNN ® Transformer ® I1-GAIr

® MLP



What if we ignore the FC reweighting?



Ignoring the FC reweighting @

te PS point sample helicity evaluate surrogate
enerate oint x
9 P b~ ph| %) (x. )

SllI'I'

calculate LC event
weight calculate single-/! | g——
2 .
WLC | M () | FC event weight

| M(x, h) |

construct ]
Also unbiased!

Generated events follow FC density

3 a0 1 P (o)

r

hNPz(h|x)

— OFC



Ignoring the FC reweighting @

te PS point sample helicity evaluate surrogate
enerate oint x
9 P b~ ph| %) (x. )

SllI'I'

calculate LC event
wio= M (0] /

no yes
Also unbiased!

Generated events follow FC density

' Y 4D | M () |7 {rgre e, ) + 1)

h~p,(hIX)

Y
l

— OFC



Ignoring the FC reweighting

te PS point sample helicity evaluate surrogate
enerate oint x
9 P b~ ph| %) (x. )

SU.I'I'

calculate LC event
wio= M ()] /

no yes

Als

Generated e

* Y 4 | M

FC density
() 1)

h~p,(hIX)

— OFC



Ignoring the FC reweighting

sample helicity evaluate surrogate

generate PS point x

h ~ pi(h | X) rsurr(x’ h)
calculate LC event
Wie = M) y

gle yes _
Generated events now follow density

. | , N
Z dd ‘MﬁC(X) ‘ <7‘ surr(x’ h)> hepi(h]x) Usurr,FC ~ OFC




Ignoring the FC reweighting

sample helicity evaluate surrogate

generate PS point x

h ~ pi(h | X) rsurr(x’ h)
calculate LC event
Wie = M) y

gle yes _
Generated events now follow density

. | , N
Z do ‘MﬁC(X) ‘ <7‘ surr(x’ h)> hepi(h]x) Osurr,FC ~ OFC

Y

l

» Requires control over surrogate uncertainties

> But very feasible!

‘



Ignoring the FC reweighting

te PS point sample helicity evaluate surrogate
enerate oint x
9 P h ~ p.(h|x) (x, h)

rSU.I’I'

> But very feasible! Banl, Eimer, RW, et al. [2412.12069, 2509.00155]

0.4- .- —— Det-DSI
A- & — BNN-DSI

03- “ i — L-GATr _~
: \ Det-I
§ 09- 4 .~ Det 1 Generated events now follow density
' ; | — 4(0,1) | " i ) _ i
| Z do ‘MLC(X) ‘ <7‘ Surr(x’ h)>th.(h| X) = Ogurr,FC ~ ORC \'j
: P : 3
» Requires control over surrogate uncertainties

‘



https://arxiv.org/abs/2412.12069
https://arxiv.org/abs/2509.00155

Results - Gain factors w/o FC rew.

5
0000
4- S —
‘ Further improvements
3 - compared three-step method
S ff ff
L o / Fell 45
= 5 2
g)éﬁ @gg —> /g
0000
14— CY Y Y YL L L gg%ng

® MIP GNN ® Transformer ® [-GAIr



Upcoming MadGraph?7 @

Matrix element on GPU MadNIS@LO
* huge speed-up from GPUs * neural iImportance sampling
* improved CPU performance for better uw. efficiency

from SIMD vectorization e as easy as VEGAS
MGA4GPU [2303.18244, 2312.02898] e Default for many processes

Beccatini, Heimel, Mattelaer, RW [2601 .XXXX]
Faster multi-jet events / \ MadEvent7

» Recursion relations for Release planned * new flexible and modular
higher multiplicities for early 2026! phase space generator

* Improved efficiency through  GPU- and ML-enabled
2(3)-stage unweighting » usable beyond MadGraph

Frederix, Vitos [2409.12128] Heimel, Mattelaer, RW [2512.XXXX]


https://arxiv.org/abs/2303.18244

Towards MadGraph?7 )

Matrix element on GPU ML-improved MadNIS@NLO
subtractions . .
* huge speed-up from GPUs : * neural iImportance sampling
* improved CPU performance for better uw. efficiency
from SIMD vectorization e as easy as VEGAS

MG4GPU [2303.18244, 2312.02898] » Default for many processes

Beccatini, Heimel, Mattelaer, RW [2601.XXXX]
MG4G PU@N LO .................................... A
* port real-emission ME

onto GPU [2503.07439]

™ Fast surrogates@NLO
ML surrogates for

\ virtual MEs
MadEvent7@NLO

Faster multi-jet events

* Recursion relations for NLO-phase * new flexible and modular
higher multiplicities ~2026++ phase space generator

* Improved efficiency through  GPU- and ML-enabled
2(3)-stage unweighting » usable beyond MadGraph

Frederix, Vitos [2409.12128] Heimel, Mattelaer, RW [2512.XXXX]


https://arxiv.org/abs/2303.18244

Open Discussion




The Leading-Color approximation @

1. Introduce the helicity-dependent squared matrix elements at FC accuracy and LC accuracy

MO, h) |2 = ) A0 C A% () M) [P =) Cyl Ay |
L] l
2. We also define the color-dependent (/.-summed) LC matrix element and its relative A-contributions
| Cil Ay |°
Ml ) =) Cyl Ay pih|x) = ———
h ‘Mﬁc(x) |

3. The FC cross section can thus be calculated as:

Orc = ) Jd(D M (x)]?

l



