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A typical LHC analysis

%180%\\\‘\\\\‘\\\\‘\\\\ HH‘H‘H‘HH‘HH‘HU:
r ATLAS pata ]

g 160 -H > 22" - 41 e
o F Vs=13Tev, 1391b" XX VWY B
3 140 c P W Zijets, tT -
< E 7 WY Uncertainty 1
Q120F E
w E ]
100+ 3
80~ =
60 E
40/ :
201

%0 90 100 110 120 130 140 150 160 170
m, [GeV]

Anja Butter MCnet Machine Learning School 2020 2 /44



Introduction tt production Event subtraction Unfolding

[e] lele]e} 00000000 00000000 0000000
00000 00000 00000

The HEP trinity

Fundamental Lagrangian Complex detector
® Perturbative QFT ® ATLAS, CMS, LHCb, ALICE, ...
Standard Model vs. new physics Reconstruction of individual events
® Matrix elements, loop integrals ® Big data: jet images, tracks, ...

Precision simulations

First-principle Monte Carlo generators
® Simulation of parton/particle-level events
® HERWIG, PYTHIA, SHERPA, MADGRAPH,

Detector simulation
® Geant4, PGS, Delphes, ...
= Unweighted event samples

Anja Butter MCnet Machine Learning School 2020 3 /44
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Monte Carlo simulation of proton collision

Hard (perturbative) scattering process
» N(N)LO QCD + EW

QCD Parton Shower

QED Parton shower

Hadronization/fragmentation/
hadron decays

Soft underleying event

A sherpa author & Jonas M. Lindert
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Neural networks for precision simulations

Problems in MC simulations

® High-dimensional phase space
® | ow unweighting efficiency
® CPU time increase per order in precision ~ x100

® Slow detector simulations

Solution with neural networks

® Flexible parametrisation

® |nterpolation properties

® Fast evaluation

® Multiple generative models: GAN, VAE, normalizing flow

Anja Butter MCnet Machine Learning School 2020 5 /44
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How to use ML for event generation

Esti o el Optimize phase space Learn distribution of
stimate matrix element mapping generated events
— Regression — Normalizing flow — GAN, VAE

a0t

NF :x—y . Qfmﬁak

o

4
Ox

—— Nlet

— Single neural network

py(y) = px(x)det

Badger & Bullock [2002.07516]
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Generative Adversarial Networks

Training set V Discriminator

Real

Random / Fa ke
n
g @

Generator Fake image

® Training data: {x7}, Generated data: {x¢}
® Discriminator distinguishes {x7},{x¢} D) — 1,D(x) — 0]
® Generator fools discriminator [D(x) — 1]

= New statistically independent samples

max mDin [( — log D(X)>X~PT + ( —log(1 — D(x))>XNPG}

Anja Butter MCnet Machine Learning School 2020 7/ 44
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Training the Discriminator

Discriminator loss

44| true DS generated DS

0 . . . .
0O=gen 0.2 0.4 0.6 0.8 1=true
Minimize Lp = < — log D(x)>x~PT + < — log(1 — D(X))>X~PG
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Training the Generator
Generator loss
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Why GANs? Features, problems and solutions

+ Generate better samples than VAE
+ Large community working on GANs

Unstable Training

® Discriminator too strong — vanishing gradient

Anja Butter MCnet Machine Learning School 2020 10 / 44
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Why GANs? Features, problems and solutions

+ Generate better samples than VAE
+ Large community working on GANs

Unstable Training

® Discriminator too strong — vanishing gradient

® Modified training objective:
® Improved generator loss
® Wasserstein GAN
® |east square GAN

* MMD-GAN

L]

® Check input dimensions!
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Why GANs? Features, problems and solutions
+ Generate better samples than VAE
+ Large community working on GANs

Unstable Training

® Discriminator too strong — vanishing gradient

® Large gradient — no convergence

@t=to (bt =t

[1801.04406]
Adding gradient penalty

o, D) o9 1 _ L 9D
YPI=lBTTh0y T ax T D) 1-D() ox

Lp — Lp + Ap{ (1 — D(x))* |Vo|*) + Ap{D(x)*|Vo|*)

x~Pr x~Pg
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Why GANs? Features, problems and solutions

+ Generate better samples than VAE
+ Large community working on GANs

Unstable Training

® Discriminator too strong — vanishing gradient

® |arge gradient — no convergence

® Modified training objective:
® Improved generator loss
® Wasserstein GAN
® |east square GAN
® MMD-GAN
L4 PP

® Check input dimensions!

® Regularization of the discriminator, eg. gradient penalty, weight clipping
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Why GANs? Features, problems and solutions

+ Generate better samples than VAE
+ Large community working on GANs

Unstable Training

® Discriminator too strong — vanishing gradient

® |arge gradient — no convergence

® Modified training objective:
® Improved generator loss
® Wasserstein GAN
® |east square GAN
* MMD-GAN
L]

® Check input dimensions!
® Regularization of the discriminator, eg. gradient penalty, weight clipping

® Other possibilities to improve the training:

® Use of symmetries
® Whitening of data
® Feature augmentation

Anja Butter MCnet Machine Learning School 2020 10 / 44
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Neural Networks for Event Generation?

® |nput: random numbers, fixed parameters, eg. external masses

® Qutput: unweighted events

® Training data:
® unweighted MC events or real data
® can include parton showers, hadronization and detector effects

{r},{m} 4»{ Generator }—> «— MC Data

MMD? Discriminator

------------ Lg
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Top-Pair Production

GAN events for the 2 — 6 particle production process

pp — tE— (bBW™) (BW™) — (bq1d1) (ba23) -

w
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Top-Pair Production

GAN events for the 2 — 6 particle production process

pp — tE— (bBW™) (BW™) — (bq1d1) (ba23) -

w

Challenges: 16-dimensional phase-space, 4 resonances,

phase-space boundaries, tails

Remarks: fix masses of final state particles, no momentum conservation
— generate 18 dim output

Anja Butter MCnet Machine Learning School 2020 12 / 44
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Momentum Distributions
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— flat distributions easy to learn!
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— flat distributions easy to learn!

— Deviations scale with statistic uncertainty in the tail
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Momentum Conservation by the Network

x10" x10*

— GAN — GAN

do
o AT p:/ Clpal)

1

2% 4% -4% -2% 0 2% 4%

-4% -2% 0
e/ el X/ X lpl

® generator learns to conserve momentum at a 1% level

® use correlations to evaluate performance

Anja Butter MCnet Machine Learning School 2020 14 / 44
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2-dimensional Correlations
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Invariant Mass Peaks

What about the resonances?
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Invariant Mass Peaks

Simple GAN setup:

x107! x107!
3.0 4.0
25
T 3.0
Z 20
o,
L5 2.0
~I5
~i 1.0

0.0

70.0 72,5 75.0 77.5 80.0 82.5 85.0 87.5 90.0 160 165 170 175 180 185
myy- [GeV] my [GeV]

Challenge: resolve the mass peaks

Anja Butter MCnet Machine Learning School 2020
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Invariant Mass Peaks

Simple GAN setup:

%10~ x107!
10
30
20
1.0
00
700 725 75.0 77.5 80.0 825 85.0 87.5 90.0 160 165 170 175 180 185
myy- [GeV] my [GeV]
Challenge: resolve the mass peaks
phase-space remapping
2

F(s) 1 .
/dsm = ﬁ/dz F(s) with

However: knowledge of m and I needed

Anja Butter

MCnet Machine Learning School 2020
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z = arctan ———
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Invariant Mass Peaks

Can we learn it simply from data?
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Invariant Mass Peaks
Including the MMD Loss

MMD?(Pr, Pg) = (k(x, X)), s p + (kv ¥")), rpe = 20k Y)) oy e

MMD?(Pr, Pg) =0 < Pr = Pg
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Invariant Mass Peaks
Including the MMD Loss
2 _ ! / _
MMD (PT7 PG) - <k(X7X )>X,X'~PT + <k(y7y )>,V,}/'NPG 2<k(X’y)>X~PT,yNPG
x107! 107!
—— True —— True
3.0 —— Breit-Wigner 10 —— Breit-Wigner
25 —— Gauss —— Gauss
' No MMD No MMD
20
1.5
-iT 10
05
0.0~ - 0.0
70.0 725 750 77.5 80.0 82.5 85.0 87.5 90.0 160 165 170 175 180 185
myy- [GeV) my [GeV]
® free kernel choice — stable results
® no knowledge of m and ' needed
Anja Butter MCnet Machine Learning School 2020 18 / 44
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First conclusion

® GAN is able to reproduce the full phase space structure of a realistic LHC process

® Flat distributions reproduced at arbitrary precison, limited only by statistics

® MMD loss to describe rich peaking resonances

® Possible to generate events from actual LHC event samples

Anja Butter MCnet Machine Learning School 2020 19 / 44
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Going further

Can we generate the difference of two distributions?

Anja Butter MCnet Machine Learning School 2020 20 / 44
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How to GAN event subtraction

Idea: sample based subtraction of distributions

1 Consistent multidimensional difference between two distributions

2 Beat bin-induced statistical uncertainty [interpolation of distributions]

Ag_s = /n3Ng + ngNs > max(Ag, Ag)

Anja Butter MCnet Machine Learning School 2020 21 / 44
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Physics case

® Theory uncertainties have become a limiting factor for LHC analyses

— Need for better accuracy

Anja Butter MCnet Machine Learning School 2020 22 /44
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Subtracting divergencies

® Virtual and real corrections diverge individually (eg. IR divergence)
® Sum of divergent contributions is finite

— Introduce dipoles D; to cancel divergencies

INLO :/d¢B(B+V+Zd¢‘R|BDi)+/d¢R(R—ZD;)

Anja Butter MCnet Machine Learning School 2020 23 / 44
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Subtracting divergencies

® Virtual and real corrections diverge individually (eg. IR divergence)
® Sum of divergent contributions is finite

— Introduce dipoles D; to cancel divergencies

oNLO :/d¢B(B+V+Zd¢‘R|BDi)+/d¢R(R_ZDi)

® Analytic solution only possible for simple processes
® Numeric subtraction of samples:

— large statistic uncertainties

— limits efficiency
® More applications:

- Soft-collinear subtraction, multi-jet merging, on-shell subtraction
- Background subtraction [4-body decays — preserves correlations]

Anja Butter MCnet Machine Learning School 2020 23 / 44
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From a standard GAN ...

Q

{IG} Lg fp------------- 4

et
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... to a subtraction GAN

Data B
Dp i—' Lpg

*
CECB_sUCS/ Easakl

Anja Butter MCnet Machine Learning School 2020 25 / 44
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to a subtraction GAN

Data B ]
LDE

celp_gU CS
o L
feceCs .
e N i s
e ¥
@A o F o
€B-S €5
c DataB 1 1
label vector ¢ = s DataS 0 1
¢B-S -
B-S 1 0
Anja Butter MCnet Machine Learning School 2020

Unfolding

0000000
00000

25 / 44



Introduction tt production Event subtraction Unfolding

00000 00000000 00000080 0000000
00000 00000 00000

Building the loss function

® Standard GAN loss for each discriminator

Anja Butter MCnet Machine Learning School 2020 26 / 44
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Building the loss function

® Standard GAN loss for each discriminator

® Differentiable function to count events of one type

2_1y26

f(c) = efa(max(c) € [0, 1] for 0<¢<1.

Anja Butter MCnet Machine Learning School 2020 26 / 44
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Building the loss function

® Standard GAN loss for each discriminator

® Differentiable function to count events of one type

2_1y26

f(c) = e—max(e) € [0,1] for 0<c¢<1.

® Reward clear class assignment

= (11 5 a0

cEbatch

Anja Butter MCnet Machine Learning School 2020 26 / 44
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Building the loss function

® Standard GAN loss for each discriminator

® Differentiable function to count events of one type

2_1y26

f(c) = e—max(e) € [0,1] for 0<c¢<1.

® Reward clear class assignment

= (11 5 a0

cEbatch

® Fix normalization

L(norm) ZCEC,- f(C) i

¢ 2cecy fle) oo
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Toy example

1
Pg(x)= - +0.1
X
1
Ps(x) =~
X
PB—S(X) =0.1
100 0.13
GAN vs Truth — (B = S)ean
0.12 m=== (B~ S)nun £ 10
0l
8
A
0.10
0.09
0.08
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
xT T
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Back to the original problem

n
e
® Subtract the Catany Seymour Dipole from the real emission term

® For proof of concept we use a slightly modifed Catany Seymour kernel — increase
difference

® Training
® 10° samples per distribution

® 4-vector representation of Z and g
® E; > 5 GeV

Anja Butter MCnet Machine Learning School 2020 28 / 44
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Results
GAN vs Truth 100 — (B - 9S)ean
10! == (B= St £ 1o
< 0 o 107!
g W o4 10
= =
ESy
—Ie 102
1072
0 200 400 600 800 1000 0 200 400 600 800 1000
E, [GeV] E, [GeV]
2 GAN vs Truth —— (B-S)ean
1 s (B = S)um = 1o
=
o
= 1
sg107!
1072
0 20 40 60 80 100 0 20 40 60 80 100
Pry [Ge\f’] Pry [Ge\/]
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Include addition
1
PB(X):;+01 Cg_s Cs Ca
1 Data B 1 1 0
Ps(X) = — Data S 0 1 0
X DataA 0 0 1
— 5 10 B-S+A 1 0 1
Pa(x) 2 2
m 102 + (x — 90)
10° 0.28 — (B=S)aan
s (B - S £ 1o
0.24
107!
E E 0.20
Q. Q..
10-2 0.16
i 0.12
f \
10734 } 0.08
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
T x
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Allowing for more datasets
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Conclusion

® Build on GAN setup: learns underlying distributions

® More complex: subtraction GAN

— learn difference of two distributions

® Applications: subtract real-emission corrections to improve computation efficiency

® Background subtraction

® New tool for our ML toolbox
— other use cases?

Anja Butter MCnet Machine Learning School 2020 32 /44
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Unfolding detector effects

Simulation Measurement

Perturbative QCD éOmmFoid ‘ Hard process :
Geant4 s e ATLAS
Delphes FCGAN FCGAN CMS

- OmniFold :

Simulated Events LHC Events

Anja Butter MCnet Machine Learning School 2020 33 /44
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Setup
pp — ZWE — (¢7£7) (jj) 1)
-
VA £+
W J
J

300k events using MadGraph+Pythia and Delphes, no ISR
® event selection:

® exactly 2 jets and a pair of same-flavor opposite-sign leptons.
® prj > 25 GeV &|n;| < 2.5 GeV.

Assign jet to a corresponding parton level object based on AR

® Assign leptons based on their charge

Anja Butter MCnet Machine Learning School 2020 34 / 44
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GAN setup
G @ [ D ] Lp
E partons —{ {zp} [ MMD } Lg

® Use GAN to map detector level events to parton level events
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Unfolding the full distribution

x10~2 x10~2

Truth 6.0 Truth
—— GAN
—— Delphes

— GAN
—— Delphes

0 25 50 75 100 125 150 175 0 20 40 6
prjy [GeV] prj, [GeV]
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Eq.(7) :
Eq.(8) :

%1072

tt production

00000000
PTj =30 ..
PT,j; = 30 ..

Event subtraction

00000000
00000

Slicing

. 100 GeV
.60 GeV and p7j, =30 ... 50 GeV

x10-2

Anja Butter

0 50 100 150
prjj [GeV]
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GAN setup

Q
,.ﬁ>
S
h
&)

detector

partons {zp} I MMD } La
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Problems

® No use of detector level information

® No concept of locality

® No stochastic mapping

— Conditional GAN

Anja Butter MCnet Machine Learning School 2020 39 / 44
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Conditional GAN |

partons {zp} [ MMD ] Le
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Conditional GAN |

Condition

,HD
b k=
=~ L
o]

Partons {zp} [ MMD } Lg
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Full distributions

x10-2 x10~2
25 Truth 6.0 Truth
) —— FCGAN —— FCGAN
= 20 —— Delphes —— Delphes
> -
& 15

n A . A

P o I i R =

0 2 50 75 100 125 150 175 200 0 2 4 6 s 100 120
1y [GeV] 1 [GeV]

— Nice by-product: No systematic effect in the tails!
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Slicing

Eq.(7): prj, =30..100 GeV (~ 88%)
Eq.(8): prj =30..60GeV and prj =30..50GeV (~ 38%)
x1072 %101
Truth 3.5 Truth
40 —— FCGAN 3.0 — FCGAN
s F (7) m T (7)
s F(8) 25 s B (8)

0 25 50 7 100 1
prs [GeV]

— Slices mapped correctly

Anja Butter

25 150 175 200 700 725 75.0 775 80.0 82.5
mj; [GeV]
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Inserting a W' resonance

® Network trained on SM data

x107%

6.0 —— Truth (W)
—— FCGAN
—— Truth (SM)

0.0

600 800 1000 1200 1400 1600 1800 2000
My [Gev)

® Mean reproduced correct
® Width smeared out
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Summary

GANSs can learn underlying distributions from event samples

MMD improves performance for special features
Generate difference of two event distributions

Unfolding with standard GAN: No meaningful detector <+ parton matching

Conditional GAN to link detector and parton level events

MCnet Machine Learning School 2020
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