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7. Machine learning



ML for event generation

J(x)
I = .
; <al(X) ) >XNg(x)




ML for event generation

B J(x)
- Z <al(X) gi(x) >
l x~gi(x)

Amplitude surrogates

Train surrogate for expensive

matrix element calculation,
especially for loop ME.

Note: simple (non-NN) surrogate
for loops already used in MG@NLO.

Can use reweighting to get
unbilased Integral.




ML for event generation

Amplitude surrogates

Train surrogate for expensive

matrix element calculation,
especially for loop ME.

Note: simple (non-NN) surrogate
for loops already used in MG@NLO.

Can use reweighting to get
unbilased Integral.

Neural importance sampling

Use generative model to build
more efficient sampler.

Need network architecture that

Implements learnable change
of variables.

“MadNIS



Amplitude Surrogates



Precise and calibrated ML amplitudes ),

High-accuracy [2412.12069]
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e Better architectures = better results


https://arxiv.org/abs/2412.12069

Precise and calibrated ML amplitudes

High-accuracy [2412.12069]
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Precise and calibrated ML amplitudes ),

0.08 High-accuracy [2412.12069] Calibrated uncertainties [2412.12069]
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— Proof-of-concept works!
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Making surrogates work at LO ),

Double-stage unweighting

[2509.07068] Villadamigo et al.
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%~ 1.251
1004

0.75 1 f
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n|:4 n|:5 n|:6 n==17

® MLP GNN ® Transformer ® L-GATr

e Gains of up to factor 2 for large n
e Reweighing with truth - unbiased result


https://arxiv.org/abs/2509.07068

Making surrogates work at LO ),

Double-stage unweighting Fixed-precision integration
[2509.07068] Villadamigo et al. [2512.11036] Beccatini et al. dd — Zggeg
2.00- eeee |
1.75 1
) 1.50 - 101__
2 1.95- *os S ,
X ! j — S(FG17, FG1) (19.990)
L :
f S(FGi_z, 1Q1) (20.041)
0.75 1 5
00— ng — S(IQ17°, P;“Gl) (18.434)
0.501_, | , , 10Y R
n =4 n =29 n==~0 n==17 10_5 10—4 10—3 10—2
® MLP GNN @® Transformer ® L-GAIr T(B%)
e Gains of up to factor 2 for large n o Larger gains of up to factor 20

e Reweighing with truth - unbiased result  No reweighting-> biased but controlled!


https://arxiv.org/abs/2509.07068
https://arxiv.org/abs/2512.11036

The MadNIS Framework



Event generation in MadGraph @

Sum over channels Integrand
MadGraph: build channels MadGraph: do/dx

from Feynman diagrams

X~pi(x)
\ Channel mappings
MadGraph: a;'9(x) ~ | M;|* MadGraph: use amplitude structure,...

Analytic mappings + refine with Vegas




Event generation in MadGraph @

Sum over channels Integrand

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

| = 2 C(i(.X) W(X)

pi(x)

i xX~pi(x)

Channel mappings

MadGraph: &, °(x) ~ | M, |? MadGraph: use amplitude structure,...
l Analytic mappings + refine with Vegas

Use ML to improve?
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A brief intro to generative Al

“All the impressive achievements of deep learning amount to just curve fitting” — Judea Pearl

From this

S A\
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- ground truth
® training points
— degree 3
degree 4
degree 5
——— B-spline
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A brief intro to generative Al @

“All the impressive achievements of deep learning amount to just curve fitting” — Judea Pearl

To this

From this Deep

10

Neural
. Networks

-10 - - ground truth
® ftraining points

— degree 3

—15 - degree 4

degree 5

B-spline

_20 | | ! I
0 2 = 6 8 10




A brief intro to generative Al )

z~ N (0,1)° X ~ P(X) 2 Piryen(X)

» A model f(z) that can produce samples x ~ p(x) starting
from random noise Z



A brief intro to generative Al )

z~ N (0,1)° X ~ P(X) 2 Piryen(X)

» A model f(z) that can produce samples x ~ p(x) starting
from random noise Z

» The distribution p.,(x) is usually given as:

- explicit as function (e.g. do  differential cross-section)

- implicit via a set of training data | {x} ~ pPg..,(x)



A brief intro to generative Al )

z~ N (0,1)° X ~ P(X) 2 Piryen(X)

» A model f(z) that can produce samples x ~ p(x) starting
from random noise Z

» The distribution p.,(x) is usually given as:

- explicit as function (e.g. do  differential cross-section)

- implicit via a set of training data | {x} ~ pPg..,(x)

» ChatGPT: word ~ p(word | previous words)

» Midjourney: image ~ p(1mage | caption)



Generative models and density estimation @

1 Histogram from samples ]
0.6 - — ™
- = KDE from samples, bw = 0.1 ,\;,,
- = KDE from samples, bw = 0.2 /,, \—‘1
05 | == KOE from samples, bw = 0.4 /r \\{‘
"7 | === True distribution ’ 1\
Data samples \""-'r.-;l.,‘
0.4 - "§
W\ |
0.3 A
0.2
0.1 -

0.0 ===



Generative models and density estimation @

1 Histogram from samples ]
0.6 - — ™
- = KDE from samples, bw = 0.1 ,\;,V
— = KDE from samples, bw = 0.2 /,/ \—‘1‘
os ] =~ KDE from samples, bw = 0.4 ,,.,-.:'-""‘"' \\{‘
' === True distribution / o 1
"«F’—«" AN
Data samples 1 /[ 7 \\
, : I""Tv
0.4 '§
I/ \
y \
. \ l"lf;._'
03 7 .I;"' A

» Generative models closely connected to density estimation

- Generative model: sample from p(x)

- Density estimation: estimate p(x)



Example: Normalizing flows ),

Generation

—_—
2~ Poase@) = (0,1 [z BESHIEHUR X x ~ py(x)

—

Density estimation

Powerful class of density estimator that are also generative models

07

» Family of invertible maps parametrized by neural networks log py(x) = 10g pp,e(z = fy(x)) ™
X

(need tractable Jacobian!)

» (Usually) train with maximum likelihood objective L = — Z log p(x;)

x;Edata



Example: Normalizing flows

Generation

Density estimation

Powerful class of density estimator that are also generative models

07

» Family of invertible maps parametrized by neural networks log py(x) = 10g pp,e(z = fy(x)) ™
X

(need tractable Jacobian!)

» (Usually) train with maximum likelihood objective L = — Z log p(x;)

x;Edata

» Compose multiple blocks for greater expressivity



Spline coupling blocks

1.01 —— Cubic Spline
Inverse
e Knots

0.0 -

0.0 0.5 1.0

Model CDF as RQ spline:

learn knot positions
with neural networks

Concat

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

- : Training data Flow density Flow samples

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

Split
Model correlations by Learns probability
splitting inputs and distributions with high
using sub-networks detail and accuracy

[Durkan et al, 1906.04032] [Durkan et al, 1906.02145]



Event generation in MadGraph + MadNIS @

Sum over channels Integrand

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

. p{(x)
L x~p?&(x
\ Learned channel mappings
MadGraph: al.MG(x) ~ | M. |2 MadGraph: use amplitude structure,...
Analytic mappings + refire-with-egas
[Gao et al, 2001.05486+2001.10028] [Bothmann et al, 2001.05478+2506.18987] ‘ refine with Normalizing Flow

[Winterhalder et al, 2112.09145] [Deutschmann et al, 2401.09069] [Janssen et al., 2505.13608]



Event generation in MadGraph + MadNIS @

Sum over channels Integrand

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

] — 2 ié(x) W(x) >

~p{(x)
Learned \\ Learned channel mappings
MadGraph: a;'“(x) ~ | M| MadGraph: use amplitude structure,..

Analytic mappings + Fe-ﬁ-n-e-m’eh-vgg-a-s

() = af(x) = M) - K 1[
parametrize with neural network J refine with Normalizing Flow



MadGraph + MadNIS at LO

Unweighting efficiency

75 .
<
g . . .
. ’ * Improved unweighting efficiency
= | 0.1% truncation, after cuts . - large speed-up across processes

-

e will become default in many cases
- startingat2 - 3o0r2 -4

vs MadGraphb, SIMD ME

gg—ttg gg—ttgg gg—ttggg

MadNIS@LO [2212.06172, 2311.01548, 2408.014846]



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

Putting it all together at NLO



MadNIS meets surrogates at NLO ©)

e'e” — uig (@1 TeV)

e
-
| ...N

bettc/

VEGAS = MadGraph

e
-
p—d

Integrand eval. time [ms / 100 evts]

3x10T4x 107 6x10° 102
Var(wyio)/0 ﬁmo

NIS@NLO [Bothmann et al, 2001.05478]
MadNIS@NLO [2603.22407] De Crescenzo et al. NIS@NNLO [Janssen et al., 2505.13608]
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MadNIS meets surrogates at NLO ©)
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Standalone Python module

* MadNIS as a Python package
- apply to your own integration tasks

* From simple single-channel integrals
to complex multi-channel setups

e Easy-to-use implementation of
normalizing flows

¥ https://madnis.ai/

plp 1nstall madnis

#MadNIS

USAGE
Installation
First steps
Aulti-channel integration
Integration settings

Using the MadNIS flow library

REFERENCE

madnis.integrator package

madnis.nn package

First steps

This tutorial demonstrates how MadNIS can be used to integrate functions. As an example, we will use

the function

d
flz) = H 2z; .
i=1
It's integral over the unit hypercube [0, 1]‘[ is always 1, independent of the number of dimensions d.

Minimal example

Let's compute the integral in four dimensions. This can be done with the following code

from madnis.integrator import Integrator

integrator = Integrator(lambda x: (2*x).prod(dim=1), dims=4)
integrator.train(100)

result, error = integrator.integral()

print(f"Integration result: {result:.5f} +- {error:.5f}")

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
the training and print the integral and the Monte Carlo integration error in the last line. We get the
output:

Integration result: 1.00382 +- 0.00129

Monitoring the training progress

To better monitor the training progress, we can also specify a callback function that is called with a
TrainingStatus object after every tenth iteration.

integrator = Integrator(lambda x: (2*x).prod(dim=1), dims=4)
def callback(status):
if (status.step + 1) % 10 ==

rint(f'"Batcl

LICENSE

added documentation with sphinx 4 months ago

(Y README.md Update README.md 2 months ago
[3 pyproject.toml Update version number 2 months ago
() README &3 MIT license 7 =

#MadNIS

Neural Multi-Channel Importance Sampling

arav 231101540 Pytorch 20

MadNIS is a Python library for neural multi-channel importance sampling based on PyTorch.
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

8- +- 0 n e
[~ Insights 8 Settings

% Fork O - vy Star 5 -

About 3

Python library for neural importance
sampling.

@ docs.madnis.ai

0 Readme
MIT license

Activity

5 stars

1 watching

it
A
[E] Custom properties
w
©
%

0 forks

Report repository

Releases s

Q v0.1.4 | Latest)

on Nov 27, 2024

+ 4 releases

Packages

No packages published

Publish your first package

Contributors 3
[ L theoheimel Theo Heimel

3 ramonpeter Ramon Winterhalder

<F> pre-commit-ci[bot]

Deployments 6

@ pypi 2 months ago



https://madnis.ai/

Summary

» Two orthogonal approaches to use ML in event generation

- fast matrix element surrogates
- better proposal distribution with neural importance sampling

* Normalizing flows learn invertible transformation with known Jacobian
- drop-in replacement for VEGAS

 Improve multi-channel decomposition with NN
- especially useful for processes with large interference terms

» Large speed-ups compared to VEGAS for wide range of processes



Outline

8. Parton showers



Parton shower 0

Goal: turn a hard partonic event into a more realistic event with soft and
collinear radiation.

» The Parton shower adds explicit branchings:

q—>499, 9g—499, g—4q,...
» But, If unitary, it does not add a new inclusive contribution:

dopo — dowo |[Po+Pr+Po+--+|, Ph+P+P,+---=1

» The Born cross section Is redistributed into exclusive event
classes: 0 emissions, 1 emissions, 2 emissions, ....

» What changes are exclusive observables:
jet multiplicities, transverse momenta, event shapes, etc.



Collinear factorization ©)

b
0 a6 2
C — > C factoriZ[e> K

 Limit © - 0: contribution from a nearly on-shell parent parton dominates

2

2 2
X

b
a’<
C

e Branching happens on very long time scale compared to hard process

e Can’t change picture set up by hard process
- process must factorize as (hard process) x (branching probability)
- the leading collinear behavior is universal!

1 1
(pp + pe)? — 2EyE,(1 — cos6) soft and collinear divergencies







x1 =2k -q/q° =2E,/\/s
xy = 2ky - q/q° = 2E;/\/s
z3 = 2k3-q/q* = 2E,/+/s
1+ 29+ 3 = 2




Factorization example

Divergentatx; = l and x, = 1
* soft divergencies
* collinear divergencies

x1 =2k -q/q° =2E,/\/s
xy = 2ky - q/q° = 2E;/\/s
z3 = 2k3-q/q* = 2E,/+/s
1+ 29+ 3 = 2

1 —xl — (1 — COS 923)

| —x, = 1 —cos6;,)




Factorization example

x1 =2k -q/q° =2E,/\/s
xy = 2ky - q/q° = 2E;/\/s
z3 = 2k3-q/q* = 2E,/+/s
1+ 29+ 3 = 2




Factorization example

x1 =2k -q/q° =2E,/\/s
xy = 2ky - q/q° = 2E;/\/s
z3 = 2k3-q/q* = 2E,/+/s
1+ 29+ 3 = 2

Change variables to x; and cos 0,
do as( 2 1+ (1—x3)? )
L3

= o09Cpr—

dx3 d cos 043 27 \ sin? 013 I3




Factorization example

z1 = 2k1 - q/q° = 2E¢/V/s
zy = 2ky - q/q* = 2E3/\/s

r3 = 2k3 - q/q° = 2E4//s
1171‘|—CE2—|—£133:2

Change variables to x; and cos 0,
do as( 2 1+ (1—x3)? )
L3

= o09gCpr—

dx3 d cos 043 27 \ sin? 013 I3

2 dcos 013 dcos 013 dcos 013

= +
° ° ° . . 2 1 o 0 1 9
COlhnear |.|m|t. sin” 013 Cos 013 + cos b3
dcos 013 dcos 03

Integral splits into two parts ~ T o0 T T cosm
- radiate from jet 1 or 2 _de,  deg,

~ +
bl O




Factorization example

Change variables to x; and cos 0,
do as( 2 1+ (1 — x3)? )
T3

— 0¢Cp—=
dx3 dcos b3 70 For

SiIl2 013 L3

2 dcos 013 dcos 013 dcos 013

. . I in? ~1—cos + CoS
Collinear limit: sin?f;; 1 —cosbiy 1+ cosfi

dcos 613 dcos 653

Integral splits into two parts ~ T cost; | 1= cosfa

- radiate from jet 1 or 2 _ 6% e,

o 2 2
913 023




Factorization example

Change variables to x; and cos 0,
do as( 2 1+ (1 — x3)? )
T3

— onC o —
dx3 dcos b3 — 00 For

SiIl2 013 L3

2 dcos 013 dcos 013 dcos 013

Collinear limit: sin® 63 1 —cosfi3 1+ cosbhs

dcos 613 dcos 653

Integral splits into two parts ~ T cost; | 1= cosfa

- radiate from jet 1 or 2 _ 6% e,

2 2
913 923

Energy fraction z do = oy Z Cr a, do? 1+ (1-— 2)2

dz
: 2
- Generic formula jets 2m 0 Z




Collinear factorization

Universal factorization in the collinear limit - 0

dt .= do ag
M7 d®, g ~ [M,|*dP, ¥ - dz ¢

Pa—>bc(z)

2T 27

- 1 1s the evolution parameter
- 7 1s the energy fraction

» &, IS evaluated at scale 7
- P

. pe 1S the splitting kernel (controls soft behavior)



Splitting kernels

dt = d¢ a,
Miia|* A1 = [My|* Ay x —- dz ¢ @

Pa—>bc(z)

2T 27

Four splitting functions depending on the
type of branching (Altarelli-Parisi)

1427 z
Pq%qg(z):CF 1-2z ;;

1+ (1 — 2)%°
Pq%gq(z):CF ( )

<

o
Py qq(2) = Tr [2° + (1 — 2)°] mm<

- 1—z
Py g9(2) = Ca |

- 2(1 — z)-

1-z 2

Cr=—,

W |
Q
I
|
w
-
|

DO |



Splitting kernels

dt do «
2 2 S
t 2T 2T
Four splitting functions depending on the Comments
type of branching (Altarelli-Parisi) e There are soft divergences in z=1 and z=0
14 20 z * Gluons radiate the most
Fooge(2) = Cr ' 1—z g * All soft divergences are gluon related
14+ (1—2)% z o Negd additional parton to conserve momentum
Pogq(2) = CF s 2 . - introduce spectator (Catani-Seymour)
Ppoa(?) = Tr [ + (1= ) e e e
1z e > o
- 1—z ’ Z
Pg_>gg(z) = (4 T | . F2(1 — 2) mm;i:: é? + /pvl/
4 1 /p1 + k kaQ/
Cr=— Ci=3, Tr== P1k



Sudakov form factor




Sudakov form factor

What is the probability of no emission?

0t o

Pno-branching(ti) =1 Pbranching(ti) =1 - t_z % dz P (Z)

Probability of no emission between two scales

A(Qz, t) — Pno-branching(Qzat) — ]\;I_ISOH 1 — — — dzP(Z)]

9 Qs A S -
~ exp |— T dz o P(2)| =exp |— / dp(t') |.
t t

- Sudakov form factor A(Q?, ) with property
A(tl, t3) — A(tl, tz)A(tz, t3)



Start of evolution
mass scale to,
momentum fraction zo =1

) |

Sample next scale
— draw random R from [0,1],
. solve A(ti«,ti) = R for ti.

Yes

Done!}

: . )
Sample kinematics

generate z = z;/zi.1 proportional to
splitting function (os/2m)P(2)

v

Iteration
Repeat for each emitted particle
until branching stops

NO

Parton shower algorithm

Tcut




Remarks

e Lot of freedom in the choice of evolution parameter
- examples: virtuality, transverse momentum, splitting angle...
- equivalent in collinear limit, but may differ in soft limit

e So far, we only looked at final-state showers
- need to account for parton densities in initial-state shower

folx/2,t)
fb(CIZ, t)

dt . dé o,
|M7’L+1‘2dq)n+1 = ‘Mn|2d(:[)n X T dz ¢ Q

Pa—>bc(z)

2T 2m



Summary

- Splittings described by universal splitting kernels

» Sudakov form factor: non—branching probability between two scales
@ g . @ '
A(Q?,t) ~ exp —/ /dz—P = exp —/ dp(t')
t

- Modeled as chain of emissions

- each interaction has its own scale for o,
- various choices for evolution parameter



Outline

9. Multijet merging




Matrix Element vs Parton Shower

Matrix element Parton shower

. Fixed order calculation 1. Resums logs to all orders
. Computationally expensive 2. Computationally cheap
. Limited number of particles 3. No limit on particle multiplicity

. Valid when partons are hard and 4. Valid when partons are
well separated collinear and/or soft

. Quantum interference correct 5. Interference via angular ordering
. Needed for multi-jet description 6. Needed for hadronization

i

Approaches are complementary: merge them!

Challenge: avoid double counting, ensure smooth distributions



Goals

 Regularization of matrix element divergence
» Correction of the parton shower for hard momenta
» Smooth jet distributions

b
Qo
ta

Matrix element

N Event'bin (1 tb™)
-

Desired curve

-
o

Example:

2nd QCD radiation jet
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Double counting
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Double counting

PS jets =

g
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Solution to double counting: phase space cut between the two.
PS below cutoff, ME above cutoff.



Double counting

PS jets =

g
2
e

Solution to double counting: phase space cut between the two.
PS below cutoff, ME above cutoff.

Next problem: how can we ensure smooth distribution close to cut-off?



Merging ME and PS
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Merging ME and PS
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Merging ME and PS
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Merging ME and PS




Merging ME and PS




Merging ME + PS




Merging ME + PS

Corresponds to matrix element, but
with os evaluated at scale of each splitting



Merging ME + PS

Sudakov suppression due to not allowing Corresponds to matrix element, but
additional radiation above the scale tcyt  with as evaluated at scale of each splitting



Merging ME + PS

Steps for equivalent treatment of matrix element

t \, o
| wo IMIE(S, ps, P4, -

1. Cluster the event using some clustering algorithm
- corresponding “parton shower history”

2. Reweight as in each clustering vertex with the clustering scale

M A o

3. Use some algorithm to apply the equivalent Sudakov suppression
(AQ(tcutvtO))QAg(t%tl)(AQ(Cutvt2))2




Back to the “matching goals” ©)

 Regularization of matrix element divergence

» Correction of the parton shower for large momenta
« Smooth jet distributions
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Back to the “matching goals” ©)

 Regularization of matrix element divergence

» Correction of the parton shower for large momenta
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Back to the “matching goals” ©)

 Regularization of matrix element divergence

» Correction of the parton shower for large momenta
« Smooth jet distributions
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Back to the “matching goals” ©)

 Regularization of matrix element divergence

» Correction of the parton shower for large momenta
« Smooth jet distributions
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Back to the “matching goals” ©)
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Matching for ISR

To include ISR:
have to add PDF reweighting factor like in parton shower

s(t1) Pyq(2) fq(x1,t1) as(ta)
27 z  fo2,t1) 2w

XGqg—sev (8 ...) fq(21,t0) fg(w2, to)

(A g (teuss t0))? Ay (t2, 1) (Ag (font, 12)) 2= P,y(2)




Matching for ISR

To include ISR:
have to add PDF reweighting factor like in parton shower

(qu (tcutv tO))QAg (t2a tl)(Aq (tcuta t2))2

fQ(wllvtl)
KOgamsen(83) fo (21, to) fqlEasta)

ME with as evaluated at the scale of each splitting




Matching for ISR

To include ISR:
have to add PDF reweighting factor like in parton shower

(Arg(teut, tO))QAg(t27 t1)(Aq(Leut, tQ))Q fq(27, 1)

XGagrev(8:+:) fo(7h10) falw2,to)

ME with as evaluated at the scale of each splitting
PDF reweighting




Matching for ISR

To include ISR:
have to add PDF reweighting factor like in parton shower

ME with as evaluated at the scale of each splitting
PDF reweighting

Sudakov suppression due to non-branching above scale teut

teut -
cut ; teut




Matching schemes ©)

e Have a number of choices in the matching procedure

1. The clustering scheme used to determine the parton shower history
of the ME event

2. What to use for the scale of hard emission

3. How to divide the phase space between parton showers
and matrix elements

e Three general schemes avalilable Iin the literature

1. CKKW scheme [Catani,Krauss,Kuhn Webber 2001; Krauss 2002]
2. Lonnblad scheme (or CKKW-L) [Lonnblad 2002]

3. MLM scheme [Mangano unpublished 2002; Mangano et al. 2007]



PS alone vs matched samples

In soft-collinear approximation of

parton shower: parameters are used Matched sample: behavior at high pris
to tune the result dominated by the matrix element
- Large variation in results - differences become irrelevant

- small prediction power
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Summary

« Matrix element and parton shower are complimentary
- matrix element: valid when partons are hard and well separated
- parton shower: valid when partons are collinear and/or soft
* need to avoid double counting
- Introduce cut-off: PS below, ME above
» Matching: ensure smooth distribution at cut-off
- obtain shower history by clustering

- reweight o, and apply Sudakov suppression



Appendix



Neural importance sampling

Normalizing Flow

-----------------------------------------------------
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Learnable, invertible transformation
x; ~do, with tractable Jacobian:

- oh g Rational Quadratic Spline coupling block
A5E SPate [Durkan et al, 1906.04032]

[Gao et al, 2001.05486+2001.10028] [Bothmann et al, 2001.05478+2506.18987]
[Winterhalder et al, 2112.09145] [Deutschmann et al, 2401.09069] [Janssen et al., 2505.13608]



MadNIS: Neural importance sampling ),

Phase space Learned channel
d C RN weight a;(x)
Single channel ;
Normalizing
Unit hypercube
U=1[0,11"

Latent space 7



MadNIS: Neural importance sampling €2,

Phase space Learned channel
o C RN weights o (x)
Normalizing Normalizing Normalizing Combination of
Flow 1 Flow 2 Flow k k channels
Unit hypercube g
U=1[011"
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Neural channel weights
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Neural channel weights

Residual Block

Ui = Pi(X) exp Ay(x)

i ;) (X)
A (X) = Q) = i(x) €Xp Ajp(x)
’ ’ zj Pi(x) exp Ap(x) :
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Prior Channel Weights



Loss function

‘Training objective: Optimal MC weights depend on N.
Minimize total variance 0

2 . . . .
o; assume choice of V. during training:
oo =N) —  with oY g g
- N, use stratified sampling

al.z = Var (al-(x) /) )
g;(x)
x~gi(X)

MadNIS loss function
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