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this is event generation
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(Wednesday afternoon)
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5The devil is in the details

Pythia8 Manual [2203.11601]
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Model files: UFO
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MadSpin

Tree level: Madgraph, Amegic/
Comix (Sherpa), Matchbox 

(Herwig), Pepper, Powheg-Box
Loop amplitudes: 
OpenLoops, Recola, GoSam, 
MadLoop

LHE files
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Why do we need the LHC  
simulation chain to run faster?
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8Computing Budget

[CERN-LHCC-2022-005]
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https://arxiv.org/abs/2303.18244
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Single-event MEs 

(< 2020 or < MG 3.6.0)

[2303.18244, 2312.02898] 

PYTHON/ BASH orchestration

PYTHON/ BASH code generation (from the CUDACPP plugin)

FULL workflow 
./bin/mg5_aMC 
install cudacpp; 

(2024)

 
SINGLE madevent 

Application 
(2022)

Tarball install. 
Release tag!  
(Oct 2024)

see also Pepper [Bothmann et al., 2311.06198]

https://arxiv.org/abs/2303.18244


11What do we gain?

[2303.18244, 2312.02898] 

No gain for  
simple processes 

tMad ≫ tME

Medium gain for more  
complicatd processes 

tMad < tME

High gain for very  
complicatd processes 

tMad ≪ tME

https://arxiv.org/abs/2303.18244


12Understanding the bottleneck

[2303.18244, 2312.02898] 

Matrix 
Elements: 

8%

Matrix 
Elements: 

97%

• With Fortran  
→ MEs are the bottleneck 

• With GPUs/SIMD  
→ MEs outpace other components 
→ New bottlenecks:

- Phase-space sampling, PDFs, …

https://arxiv.org/abs/2303.18244


12Understanding the bottleneck

[2303.18244, 2312.02898] 

Matrix 
Elements: 

8%

Matrix 
Elements: 

97%

• With Fortran  
→ MEs are the bottleneck 

• With GPUs/SIMD  
→ MEs outpace other components 
→ New bottlenecks:

- Phase-space sampling, PDFs, …

use MadNIS and new MadEvent7 (see future of MG5)

https://arxiv.org/abs/2303.18244


13Beyond leading order?

[2312.07440] 

σNLO = ∫ dΦn (B + V) + ∫ dΦn+1 R
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13Beyond leading order?

[2312.07440] 

Loop amplitudes
• MG5 calls external ME 

libraries → unaddresed so far 

• Often need quadruple 

precision → bad for GPUs

• Recycle from LO plugin

• Can reduce total runtime 

by ~50-70%

Tree-level amplitudes

σNLO = ∫ dΦn (B + V) + ∫ dΦn+1 R



Use ML to approximate loop MEs

13Beyond leading order?

[2312.07440] 

Loop amplitudes
• MG5 calls external ME 

libraries → unaddresed so far 

• Often need quadruple 

precision → bad for GPUs

• Recycle from LO plugin

• Can reduce total runtime 

by ~50-70%

Tree-level amplitudes

σNLO = ∫ dΦn (B + V) + ∫ dΦn+1 R
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15Approximating loop amplitudes

σ(V)
NLO = ∫ dΩ V = ∫ dΩ Ṽ + ∫ dΩ (V − Ṽ)

• Instead of evaluating loop amplitude for each phase-space point, 
use an approximator Ṽ

1 2



15Approximating loop amplitudes

σ(V)
NLO = ∫ dΩ V = ∫ dΩ Ṽ + ∫ dΩ (V − Ṽ)

• Instead of evaluating loop amplitude for each phase-space point, 
use an approximator Ṽ

•MC over (1) + (2) → if  only evaluate (2) for  
→ less expensive evaluations but still precise observable

(V − Ṽ) ≪ V n ≪ N

1 2
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See Nina’s talk 
(Thursday morning)

See Jonas’ talk 
(Tuesday morning)
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18Monte Carlo integration

Flat sampling: 
inefficient

I = ⟨ f(x)⟩x∼unif

Importance sampling: 
find  close to p f

I = ⟨ f(x)
p(x) ⟩

x∼p(x)

Multi-channel: 
one map for each channel

I = ∑
i ⟨αi(x)

f(x)
pi(x) ⟩

x∼pi(x)

dσ =
1

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

Calculate (differential) cross sections



19Event generation

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



20Event generation + MadNIS

I = ∑
i ⟨αi(x)

f(x)
pω

i (x) ⟩
x∼pω

i (x)

MadGraph: build channels 
from Feynman diagrams

Sum over channels
MadGraph: dσ/dx

Integrand

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

refine with NF

MadGraph: αMG
i (x) ∼ ∣Mi ∣2

Channel weights

dσ =
1

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

Calculate (differential) cross sections

Flows for NIS:  
[Gao et al, 2001.05486+2001.10028] [Bothmann et al, 2001.05478] 
[Winterhalder et al, 2112.09145] [Deutschmann et al, 2401.09069]



21Event generation + MadNIS

I = ∑
i ⟨αξ

i (x)
f(x)

pω
i (x) ⟩

x∼pω
i (x)

MadGraph: build channels 
from Feynman diagrams

Sum over channels
MadGraph: dσ/dx

Integrand

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

refine with NF

MadGraph: αMG
i (x) ∼ ∣Mi ∣2

Learned channel weights

dσ =
1

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

Calculate (differential) cross sections

αi(x) → αξ
i (x) = αMG

i (x) ⋅ Kξ
i (x)

parametrize with NN



22MadNIS — Overview
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LHC Examples

MadNIS [2212.06172, 2311.01548, 2408.01486] 

https://arxiv.org/abs/2212.06172
https://arxiv.org/abs/2311.01548
https://arxiv.org/abs/2408.01486
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VEGAS Flow

Training Fast Slow

Correlations No Yes

VEGAS initialization
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VEGAS Flow

Training Fast Slow

Correlations No Yes

y2

Concat

y1

RQ-Spline

z1

Split

z2

RQ-Spline Subnet

Subnet

VEGAS grid

Bin reduction

Initialization

Combine advantages:


Pre-trained VEGAS grid as

starting point for flow training

VEGAS initialization
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Sample 
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Integrand

f(x)

Density

Loss

gθ(x)

L( f(x), gθ(x))

Online training

PS points
x



26Buffered training

Sample 
y

Integrand

f(x)

Density

Loss

gθ(x)

L( f(x), gθ(x))

Online training

Buffered samples

x, q ̂θ(x), f(x)
Weighted Loss

L( f(x), gθ(x) ∣ wθ(x))

Density wθ(x) =
gθ(x)
q ̂θ(x)

Buffered training

gθ(x)

gθ(x) θ→ ̂θ q ̂θ(x)

PS points
x
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29LHC processes

0.5

1.0

1.5

2.0

2.5

re
la

tiv
e

st
d

de
v

æ
/I

uc ! W+W+ds (@13 TeV)

VE
G

A
S

fix
ed

Æ

tr
ai

ne
d

Æ

VE
G

A
S-

in
it

fix
ed

Æ
VE

G
A

S-
in

it
tr

ai
ne

d
Æ

st
ra

tifi
ed

fix
ed

Æ
st

ra
tifi

ed
tr

ai
ne

d
Æ

C
ha

nn
el

dr
op

pi
ng

bu
ff

er
ed

R
@

=
3

bu
ff

er
ed

R
@

=
5

5

10

15

im
pr

ov
em

en
t

w
rt

.V
EG

A
S

0

5

10

15

20

un
w

ei
gh

tin
g

ef
fic

ie
nc

y
≤
[%

]

M
G

5
1

3

2

1. excellent results with all improvements
2. same performance with buffered training

3. Larger improvements for processes with large interference terms

MadNIS
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1. excellent results with all improvements
2. same performance with buffered training

3. Larger improvements for processes with large interference terms

MadNIS

see Nikita’s talk  
(Tuesday morning)

Likelihoods (SFitter)



30Differentiable MadNIS-Lite

MadNIS-Lite [2408.01486] 

t1

x1
x2

tκ

t2
dΦ1→2

dΦ1→2dΦ1→2

s4

s1

s2

s3 dΦ1→2

dΦ1→2

dΦ1→2

si dΦ1→2dΦ1→2 • Feynman diagram inspired PS-mappings 

• Phase-space library based on PyTorch 
→ fully differentiable + invertible 

• built-in trainable components 
 
 

• Tiny number of parameter: shared 
⇢ between all components of same type 
→ between all channels

https://arxiv.org/abs/2408.01486


30Differentiable MadNIS-Lite
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→ fully differentiable + invertible 

• built-in trainable components 
 
 

• Tiny number of parameter: shared 
⇢ between all components of same type 
→ between all channels

details in Theo’s talk  
(Tuesday morning)

https://arxiv.org/abs/2408.01486
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MadNIS-Lite [2408.01486] 

t1

x1
x2

tκ

t2
dΦ1→2

dΦ1→2dΦ1→2

s4

s1

s2

s3 dΦ1→2

dΦ1→2

dΦ1→2

si dΦ1→2dΦ1→2 • Feynman diagram inspired PS-mappings 

• Phase-space library based on PyTorch 
→ fully differentiable + invertible 

• built-in trainable components 
 
 

• Tiny number of parameter: shared 
⇢ between all components of same type 
→ between all channels

details in Theo’s talk  
(Tuesday morning)

see also: PDFFlow [2009.06635], MadFlow [2106.10279], MadJax [2203.00057]

https://arxiv.org/abs/2408.01486
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32The future of MadGraph

Release of MadNIS package 
• python library

• easy install with ‘pip install’

→December 2024

Fully integrate into MG5aMC 
• multiple partonic processes

• optimized API

• merge with MG@GPU

New MadEvent7 
• fully vectorized mappings

• multiple backends  

(c++, cuda, python,…)

MadNIS@NLO 
• subtraction-aware sampling

• fast ML amplitudes (NLO)


Release of MadGraph7 
• rigorous testing

• reliable default settings dep. 

on hardware/process/…

2024
Nov 7



?! …

Open Discussion



Backup



35Importance sampling — VEGAS

Factorize probability
p(x) = p(x1)⋯p(xn)

Fit bins with equal probability

and varying width

⊕ Computationally cheap


⊖ High-dim and rich peaking functions 
→ slow convergence


⊖ Peaks not aligned with grid axes 
→ phantom peaks

[G. P. Lepage, 1978]



36Neural importance sampling
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Unit hypercube

z ∼ unif

Phase space

x ∼ dΦn

Analytic 
Channal 

Mappings

y ∼ gθ(y)

Normalizing Flow

Unit hypercube

Flows for NIS: [Gao et al, 2001.05486+2001.10028] [Bothmann et al, 2001.05478] [Winterhalder et al, 2112.09145] [Deutschmann et al, 2401.09069]

Learnable, invertible transformation 
with tractable Jacobian:

G(y)

G−1(z)

Rational quadratic spline (RQS) 

couping blocks

[Durkan et al., 1906.04032]


