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Data at CERN
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'Ol CMS Experiment at the LHC, CERN
Data recorded: 2015-Jun-03 08:48:32.279552 GMT
Run / Event / LS: 246908 / 77874559 / 86 é
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Generative Models

GAN: Adversarial /

X X Z >
training D(x) G(z)

VAE: maximize X =m > Z =m >
variational lower bound q¢(z|x) po(x|z)
Flow-based models: X > Flow - Z > Inllfrse >
Invertible transform of f (x) f (z)

distributions
Diffusion models:_ X0 - X1 - X2 . .

Gradually add Gaussian - - - - - - - Mhescca=a.  SS8 88E et LI ELLL
noise and then reverse

Discriminator

Generator

Either implicitly or
explicitly learn
(an approximation) to

P\ L

(the probability density of
simulation or data)



Why generative
models?

p(x)

sample X; ~ p(x)

to generate datapoints




Why generative
models?

y [cells]

Showers in complex high-
resolution calorimeters

P\

sample X; ~ p(x)
to generate datapoints




Motivation

This happens in the experiment
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This is what we want to know

Simulation is crucial to connect
experimental data with theory
predictions



Motivation

This happens in the experiment

LHC, CERN

n-03 08:48:32.278552 GMT
246908 / 77874559 / B6

This is what we want to know

Simulation is crucial to connect
experimental data with theory
predictions, but computationally
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Motivation

This happens in the experiment
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This is what we want to know

Simulation is crucial to connect
experimental data with theory
predictions, but computationally
very costly

—Use generative models trained on
simulation or data to augment
simulations



Simulation target

Passive absorber
l l Shower of secondary particles

y [cells]

Incoming particle

f

Detectors

- Shower in ILD Electromagnetic Calorimeter
« 30x30x30 cells (Si-W)
* Photon energies from 10 to 100 GeV

» Use 950k examples (uniform in energy)
created with GEANT4 to train

ILD Detector



Simulation target

Passive absorber
l l Shower of secondary particles

Incoming particle

Detectors

How to represent?

Tabular data:
Easy, insufficient for high-dimensions

y[cells]




Simulation target

Passive absorber
l l Shower of secondary particles

y [cells]

Incoming particle

P

Detectors

How to represent?
Tabular data

Fixed grid: Voxel image
(allows using e.g. convolutional networks)



Generative Architecture

Intermediate

Input

Encoder

Latent

Z

/\
N(0,1)

Y

Decoder

Latent
Critic
- MMD

<_> .. Lie: Post
X‘ ] [ . Critic Critic Processor
\_ Network

Output

ol

LcriticL

MSE

MMD

(Transposed) Convolution

Lpis-aE = — Bc, - E|[CL(NE(z))]

Bounded Information

Bottleneck AE
Latent Critic BIB-AE (GAN + VAE)
Critic
Difference

— B¢ - LH{Cr(De(Ne(z)))] fe
— Bcp - ElCp,E(DE(NE(x)) — )] Critie

- BkLp - KLD(NEg(x))
- 5MMD ) MMD(NE(x)aN(Q 1)))

Latent Regularisation

1912.00830, 2005.05334



visible cell energy [MIPs]
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Buhmann, .., GK et al 2005.05334
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1st simulation of Photon
shower in 27k cell
calorimeter



visible cell energy [MIPs]
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visible cell energy [MIPs]
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Normalising Flows

Flow-based models:
Invertible transform of
distributions

Flow

\4

Inverse

f(2)

In auto-encoders, the decoder learns to ‘undo’

the encoder

Can we make this exact and directly learn

the likelihood?




Normalising Flows

Flow-based models: % | Flow | = z | Inllfrse X
Invertible transform of f(x) [ (2)

istributions // / /‘ \\

Take into account ~ Choose latent

f-1i1s not a learned

ian space, e.g. standard |
éaefgr?n?nant to normal distribution  '"Version, but exact.
evaluate probability (normalising flow!) iInverse by construction
density Same dimension as
datal

Learn a diffeomorphism between data
and latent-space

Bijective, invertable

Learn likelihood of data

1505.05770, 1908.09257



Flows for detector simulation

10x10 cells / layer
30 layers

| I S I N N N A |
1T

/ y [cells]

—+
0
Qy,
%

By directly learning the
likelihood, flows should
be of higher fidelity than
GAN/VAE.

But inefficient scaling
with data dimension.

How to do flows for
high-dimensional
data?

2302.11594



Flows for detector simulation

<— Training direction €«——

How to flows for
high-dimensional

30-dim. base ENERGY DISTRIBUTION FLOW
distribution GEANT4 energies
i £ W Y l—ﬁ / E
permut. permut. \ |
YVt Yy YY vy
Einc— Einc datar)
MADE block MADE block
= = |
\ RQS RQS Sampled energies Sp|l’['
n E
t/‘e,) / I
— > Generative direction ——— > STor,, O9it
<— Training direction <«—— GEANT4 cell energies
layer i
100-dim. base NF i
. . . v Li—9, Liq,
distribution Ei, Einc
{
FC embedd.
‘ network
yy ' W yy ' W
permut. permut.
byt dy PRI
MADE block MADE block
_ vy YOty
——— RQS RQS

Diefenbacher, .., GK et al 2302.11594

——>» Generative direction ——>»
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To improve the generative
fidelity, move to a point
cloud diffusion model

CaloClouds

y [cells]

y ° ’X
Fixed grid (voxels) Point cloud:
Only simulate non-zero

Limiting for high-

dimensions (sparse data) hits = better scaling



CaloClouds

To improve the generative
fidelity, move to a point

cloud diffusion mode
pe Xt— 1‘Xt
) — - — @ @ -

\__—’

Core idea: Stepwise noising/
denoising



Diffusion

To improve the generative
fidelity, move to a point
cloud diffusion mode

S —_

Forward C](Xt|Xt—1) = N(Xt; \/1 — BeXt_1, 5751)

(Data — Noise) Individual step V

Noise schedule
(hyper-parameter)

X¢(Xg, €) = /ayxg + /1 — ajelfor e ~ N(0,1)

Rewrite: State at any time . f ,
Will try to predict

— t
ap=1— 0 = Hszl OF:




Diffusion

To improve the generative Po (Xt—l |Xt) = N(Xt—13 Ho (Xtv t)v EQ(Xtv t))

fidelity, move to a point
cloud diffusion mode

S -

p@?xt—l‘xt)
O —@ @2~
K\\ /// = =

Backward
(Noise — Data)

Lsimple(e) = It x0,€ U|€ - 69'(\@}(0 + \/1 — (i€, t) H2}

Noisy imag/v

Reminder: Forward = —=
diffusion to time t Xt (XO’ e) = /X T V1 — e

Timestep



Diffusion

To improve the generative
fidelity, move to a point
cloud diffusion mode

S -

Algorithm 1 Training Algorithm 2 Sampling
1: repeat 1: xr ~ N(0,I)
2: XONq(,XO) 2: fort=1T,...,1do
RN %l(l(f)OTIf)n({la T 33 z~N(0,T)ift > 1,elsez =0
€ v , —Q
5: Take gradient descent step on X1 = \/z—t (Xt - \}ﬁ@(xtat)) + 01Z
Vo He—eg(\/@txo—kvl—&te,t)H2 5: end for
6: return xg

6: until converged




CaloClouds

To improve the generative Data Sah'hi + 2] Noise
fidelity, move to a point Y \
" " (" )
cloud diffusion mode T
E|l | EPiC [P 14 1 PointWise 16D
ENtZz Input: 4 N Encoder —— o < Net T
’ Y — g Y,
7 CSL: 128 3 +
* / KLD
/ —»—  CSL: 256 «— > Predicted Noise
Context Input Y
¥ > CSL: 512 (a) Training at random time step ¢
MLP Y
1 + ’ CSL;%G Calibration
Eqym NV » Generated Shower
CSL: 128 *
| ¥ i Y
Output: 4 ) — ~ ~
Latent PointWi b T diffusi
Output E Shower N aten Ny ointWise : T diffusion
Flow Flow Net steps
g [T
call | ek
A
—P) D »— Noise

(b) Sampling with reverse diffusion through all time steps T’

Buhmann, ... GK, et al 2305.04847



To improve the generative
fidelity, move to a point
cloud diffusion model

Some input processing
needed

CaloClouds
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granular grid
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CaloClouds

CaloCloud, time stamp: tgg
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To improve the generative
fidelity, move to a point
cloud diffusion model

Close in accuracy to
fixed grid.
Fairly slow.

Can we improve further?

Buhmann, .., GK, et al 2305.04847

Progress

full spectrum
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——— (CALOCLOUDS

AN

|
10° 102
visible cell energy [MeV]




CaloClouds Il

peXt1|Xt
= H@ @H — (%)

\__.—’

Replace discrete noise steps l

with stochastic differential equations
(SDEs)

2011.13456



CaloClouds Il

Lsimple(e) = tt,xo,e [HE — EQ(EXO T \/1 — QUE, t) HQ}

Replace learning added noise l

0% = arg min Ee{ A Ex(0) Exy o) |86 (x(2), £) = Vi) log por (x(¢) | x(0))][3 ]}

with learning a score function with
conditional probability paths

dx = [f(x,t) — g(t)*Vx log p,(x)]dt + g(t)dw

and numerically solve SDE to
transport to data space

2011.13456



Consistency Distillation

Data | + [N (0,t2 )

| tn+1
Noised data at Teacher ] Noised data at
time step tn41 Model J time step t,

; Student
L Model

Target ;
Model L

P LSk

<

Speed up by training a model to al

ow single step generation




visible cell energy [MIPs] 0 207 [layers] 3

) 0 40 102 — 40 degree 50 GeV Photons
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3914.80 £+ 74.09

Speed-up

Hardware Simulator NFE Batch Size
CPU GEANT4
CALOCLOUDS 100
CALOCLOUDS 11 25

3146.71 £ 31.66
651.68 &= 4.21

| CarLoCroups II (CM) 1

84.35 £ 0.22

GPU CALOCLOUDS 100 64
CAarLoCrLoups 11 25 64
CarLoCroups II (CM) 1 64

2491 £ 0.72
6.12 = 0.13
2.09 = 0.13

Buhmann, .., GK et al 2309.05704

Progress

Use continuous time
diffusion and

consistency distillation:

Better quality and
faster



visible cell energy [MIPs]
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Progress

Use continuous time
diffusion and
consistency distillation:
Better quality and
faster



Why generative
models?

30000 LHC02020

" 25000¢ Ty1,1, anomaly [0 T21,1, normal
§ 20000} T1,2, anomaly [ T3 7, normal

215000}
3 10000} :i_;j:;j:;jfﬁ£:{q_%q_%:
5000}
0 nllll | .

00 02 04 06 08 10
Feature

High-level jet features
for background estimation

P\

sample X; ~ p(x)

to generate datapoints




Anomaly detections

 Expect physics beyond the Standard Model

* Only negative results in searches

* Two discovery strategies:

Model-specific

Model independent

CMS (preliminary) Moriond 2021

Overview of SUSY results: squark pair production
137 fb~! (13 TeV)

pp — tt

t—tx9

t — by; > bWLy?

t — (tx}/bXy - bWx}

t — bfF'yy

t — byy — bff'§y

t— cx?

t = bg; = bl = buti®

AM < 80 GeV (max. exclusion)
AM < 80 GeV (max. exclusion), z = 0.5

AM < 80 GeV (max. exclusion)

pp — bb
b— b)z‘l’
b — t{5 — tW=g? My = 50 GeV
PP — Qq
q—axy
0 750 500 750 1000 1250 1500 1750

mass scale [GeV]

Selection of observed limits at 95% C.L. (theory uncertainties are not included). Probe up to the quoted mass limit for light LSPs unless stated otherwise.
The quantities AM and z represent the absolute mass difference between the primary sparticle and the L.SP, and the difference between the intermediate
sparticle and the LSP relative to AM, respectively, unless indicated otherwise.




Dataset

« LHC Olympics (LHCO): Community dataset
for anomaly detection development

- Z’ signal, QCD di-jet backgrounds

, ' LHCOZOZO
SS SR SS --=- Fit (KS p= 0.66)

: Normal
i [ Anomaly

-
L —
~ -~
5\- H
-~ H
~
-~

m(Z’) = 3500 GeV
m(X) = 500 GeV
m(Y) = 100 GeV
(R&D dataset)
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o
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m
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Feature Feature

GK, Nachman, Shih, et al 2101.08320; GK, Nachman, Shih 2107.02821




CATHODE

X

SB | SR § SB m

pdata(x‘m € SB)
= ppg(x|m € SB)

pdata(x‘m € SB)

pdata(x‘m S SR) _ pbg(ZU’m c SB)

0 1
Classifier
GK, Nachmann, Shih et al 2101.08320; Hallin, .., GK et al 2109.00546;

Method for resonant
anomaly detection

. Train generative model

(conditional normalising flow)

. Interpolate and sample

Use classifier to identify
potential anomaly

=

Generative

model output

xll

P
>

~

=

Actual data

° .. .’ ;:o °
. '.‘--\'.g'.“".- .
AT

LX) g

Cmo o #R% C
co g et
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CATHODE

Signal Region
200 S Method for resonant
17.5 A —— ldealized AD .
— CATHODE anomaly detection
15.0 CWola
125 — ANODE

------ random

1. Train generative model
(conditional normalising flow)

2. Interpolate and sample

1o 3. Use classifier to identify

potential anomaly

Significance Improvement

)

=
$10'—
Q

10_3_ , e N s ‘.\.f\.ﬂ S T.\\f\.\\.\< s 3O
X-YY(YY -qq)
#- VAE-QR
—#- CWola Hunting
10°f o= TNT
-+ CATHODE
QUAK: General

o
10771 &
> T21<0.4 & mgp > 50 GeV
T32 < 0.65 & mgp > 50 GeV
10-°- -®- Inclusive 60|
1011} \\ |
B .70

I S S S I T S ST SN ST SO S TN T NN S SO S W | |

M S
5 0 5 10 15 20 25
Cross Section (fb)

GK, Nachmann, Shih et al 2101.08320; Hallin, .., GK et al 2109.00546;
CMS Collaboration CMS-NOTE-2023-013




Alternatives

Background
Simulation

CATHODE: Conditional generative FETA / SALAD
model interpolates into signal region

CURTAINS: Learns a conditioned

morphing function for data aut : :
| . . CURTAINS
SALAD: Learns weights to for e
background simulation on the signal
region \
SB . SR B 7;
FETA: Learns a flow to morph Paatalzm € SB) ’ Pasta(z € SB)

= pog(z|m € SB)

background into the signal region

.
Y
-
.
-
.
.
.
.
.
.
.
.
.
.
.
.
-
]
.
L]
~,
¥,

Simulation-assisted Data-exclusive
Likelihood learning SALAD [17] (LA)CATHODE [22, 24] Latent Space
Feature morphing FETA [26] CURTAINS [27]

Golling, GK, .., Mastandrea et al 2307.11157




Alternatives

Ww—————————————————————————
0.8
CATHODE: Conditional generative o 06} + T t !
model interpolates into signal region = o
CURTAINS: Learns a conditioned 02 |
morphing function for data N -
SALAD CATHODE CURTAINs FETA
SALAD: Learns weights to for % S
background simulation on the signal 5 | -/ FETA
. 5 CATHODE
region g K CURTAINs
§ SALAD
6 20 750 +HH##H Combined (Events)
sig — i Combin cores
FETA: Learns a flow to morph *é S/B = 0.47% - raySoprvind
. . . s
background into the signal region :
o
2 &
Similar performance, slight gain g °
. . =
from combination a | L
0.0 0.2 0.4 0.6 0.8 1.0

Signal Efficiency (True Positive Rate)

Golling, GK, .., Mastandrea et al 2307.11157



Side Note: Noisy Features

161 NN

14 4

12 -

10 -

/

EslVEg
(00]

Baseline
Baseline + 1G
Baseline + 2G
Baseline + 5G
Baseline + 10G
Baseline + 30G
Baseline + 50G

0.8

We don’t know in which
feature is anomalous: Use
more input features

But: degrades performance

Finke, .., GK et al 2309.13111

—

EslVEg
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14 4

12 -

10 -

BDT

Baseline
Baseline + 1G
Baseline + 2G
Baseline + 5G
Baseline + 10G
Baseline + 30G
Baseline + 50G

0.2

0.4
&s

0.6

0.8 1.0

BDTs are more robust
against noisy features




Side Note: Noisy Features

161 NN

EslVEg
(00]

Baseline
Baseline + 1G
Baseline + 2G
Baseline + 5G
Baseline + 10G
Baseline + 30G
Baseline + 50G

Allows adding more inputs!

Finke, .., GK et al 2309.13111
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Baseline + 50G
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0.4

0.6

0.8 1.0

BDT

— Baseline

- Extended set 1
Extended set 2
- Extended set 3




Why generative
models?

K Trajectory displacement :
dO : closest approach to PV in xy-plane

d, : z position where dj, is evaluated

Jet constituents

p(x)

sample X; ~ p(x)

to generate datapoints




Simulation targets

Improve anomaly detection (and |
other background estimation tasks)
by learning jet constituents instead
of high-level features

l’ ¢rel

jet axis é
q

10°
10%; JetNet30
104
JetNet [3] o — EPIC-GAN 10¢
") -= MP-GAN 0 0 103
Jet types 5 types 8 8107 g0
. : £ € €.,
Dataset size | 180 thousand jets per class % 107] 5 10 5 10
, . 1011 10! 10!
Features Kinematics
10° ‘ ‘ 104 ‘ ‘ | ‘ 100 L ‘ ‘ ‘
0.00 025 050 0.75 1.00 -16 -09 -02 05 12 —0.50 —0.25 0.00 0.25 0.50
relative particle pt® particle pseudorapidity n" particle angle ¢
3
o] 10? 10
0 102/ 10 g 1%
S o o
5 5 5
210 3 210! 210!
u d 1
wolf B, el ] ] ‘ ﬂ
00 02 04 06 08 002 0.06 010 0.14 0.00 0.01 0.02 0.03
1%t relative particle pf® 5t relative particle pf® 20 relative particle pi®
1047 103 103
1031 102 102
2 2 i
210%4 2 2
. 10t 10t ’
10/ IIP*E“
I
10°] 100 | K
10° !

15 20 25 30 0.0 0.1 0.2 03 0.6 0.8 1.0 1.2

particle multiplicity N relative jet mass m/g relative jet pi®l,



Simulation targets

Improve anomaly detection (and
other background estimation tasks)
by learning jet constituents instead

of high-level features.

JetNet [3]
Jet types 5 types
Dataset size | 180 thousand jets per class
Features | ti

point attributes
©)

global
attributes
o
\ 4

» ¢P

> ¢

¢

¢t ———8)
EPIC Layer

jet constitutes

Treat as point cloud & use a
permutation invariant GAN

Real / Fake

p ( 1" .
g {2 g
: — - S
2 in () ()] out 5
= > > o
) o (] ©
3O Th S ok
1n O Q out
o 0
2 LLl LL
2 3
g @ ¢in - J-> { )
°
(@]
(a) Generator
) I
¢ > - - -
1n
— ~
p  |_y-. 8
¢in > CI>.)‘ > q; Out}»
o ©
P > — > =
1n O O
0 0
L L
. J

(b) Discriminator

1703.06114,
2301.08128



Simulation targets

Improve anomaly detection (and
other background estimation tasks)
by learning jet constituents instead
of high-level features.

JetNet [3]

Jet types 5 types

Dataset size | 180 thousand jets per class

Features Kinematics

105
g 10 Pythia
kol --- MP-GAN
2103- —e— EPIC-GAN e
T o
:‘Z 102‘ ’f.. """
o ,/”
© o
2 101 - o
) ot
o ¢

100_

20 40 60 80 100 120 140

generated particle multplicity

particles

particles

0.0

Treat as point cloud & use a
permutation invariant GAN

JetNet30
— EPIC-GAN
== MP-GAN
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Simulation targets

Improve anomaly detection (and
other background estimation tasks)
by learning jet constituents instead
of high-level features.

Again, improve by moving from
GAN to diffusion/flow matching

Predicted
Point Cloud =

Predicted
Point Cloud

o o
O)N©) ©)NO)
00 O0——— (O)@)
JetNet [3] 00 OO: ‘
Jet types 5 types
Dataset size | 180 thousand jets per class . . ric g B
, j : P Jet pr, m, t e | [Lo=D(3,e) s mlttqu(mt,s 50
Features Kinematics etwo etworl tt— At
OO
0.0 ' O
O° 0000
XO ~ Data e~ N(O’ R At start of loop =0 OOO
t=1 ) Xo ~ Data
z¢ ~ N(0,1)
Training Generation
Generation Model FPND NLP KL™(x107%) KLP© (x1073) KL™(x107%) KL%2(x107%) KLP2(x107?)
PC-JeDi 040 3.08 8.56%+0.75 3.25+0.09 12.82+1.16 27.08+1.40 11.91+0.92
Conditional EPiC-JeDi 042 3.1 5.26 +0.51 2.99 +£0.05 7.81+0.61 17.34+1.08 6.58 +0.73
EPiC-FM 0.11 135 3.77+0.50 2.03+0.02 7.40 + 0.64 8.09+093 4.31+0.46
EPiC-GAN  0.34 3.43 3.71+0.42 3.33+0.03 828+0.76 17.68+0.91 13.18%+1.04
Unconditional EPiC-JeDi 1.63 3.11 18.42+1.12 3.73£0.08 8.00+0.80 15.27+1.35 12.33+1.06
EPiC-FM 0.14 1.38 5.80+0.54 2.03+0.01 7.69+0.71 9.24+1.00 4.51+0.58

2310.00049



Aside: Flow Matching

G dx;
J_L o X = (%, t) E7e

0

—vp(nt) P L

0

X1~P1

* f must be invertible
» Determinant computationally expensive
» Restricted transformations needed

Chen et al.; Neural Ordinary Differential Equations; arxiv:1806.07366

X0~Po
Normalizing Flow (NF) Continuous Normalizing Flow (CNF)
. . 0 : . 6179
Training: log pr(x1) = logpo(xo) — log atht| logpy(x1) = log po(%o) - fto = (a_xt) i
Sampling: Xt = fr_1 0 o fo(x) Solve ODE (ordinary differential equation)

* f has no restrictions
= Trace is easier to calculate
= Still computationally expensive

Formally similar to diffusion models

(Material by Cedric Ewen)

2310.00049



Aside: Flow Matching

Flow Matching (Lipman et al.)
2 A &
- t ov
logpx (1) = logpyo) — | T (52 de S
to t NY\
: o 0
2 g
Lpm = ||179(xt) - ut(xtlxo)” -
g — Xt = YtXo T Ot€
[1810.01367] [2302.00482]
Continuous Normalizing Flow (CNF) Flow Matching (FM)
Training: Training:
= Training is difficult because ox ¢ = Simulation-free training objective
ODE needs to be solved E = Vg (xt, t) (no ODE solving during training)
= Regressing against conditional flows
» Much faster training

(Material by Cedric Ewen)

2310.00049



Simulation targets

Improve anomaly detection (and
other background estimation tasks)
by learning jet constituents instead
of high-level features

l, ¢rel

jet axis . é
q

JetNet [3] JetClass [1]
Jet types 5 types 10 types ( several decay channels for top and H jets )
Dataset size | 180 thousand jets per class 12.5 million jets per class ( 70x more than JetNet)
Features Kinematics Kinematics, Particle-ID and charge, trajectory displacement
muon

. . electron
Kinematics :

h h
Pr 1, ¢ charged hadron

'\ Particle-ID and charge :

. . isEl , isPh -
Trajectory displacement : isElectron, isPhoton

d, : closest approach to interaction point in xy-plane

d, : z position where d;, is evaluated

| :z [1] Qu et al. (2022) "JetClass: A Large-Scale Dataset for
z Deep Learning in Jet Physics"
N [2] Qu et al. (2022) "Particle Transformer for Jet Tagging”
d d \ [3] Kansal et al. (2021) “Particle Cloud Generation with
z ~ Message Passing Generative Adversarial Networks”




Normalized

Simulation targets

------- JetClass 1 q/g
W-qq’

— (Generated

Apply EPIC + Flow matching to

31 Z-qq H-4q tspv || By T JetClass -+ qlg ]
- — Generated —+——+ H-obb
1 H-bb/célgg [ H-lvgg’ [ t-bqq’ Muons - oo

Electrons

-+ H-gg
H-4q

—-+— H-lvqgq’
-+ Z-qq

-+ t-bqq’

additional features

Good agreement across
distributions

Normalized

Photons A

Neutral hadrons -

Charged hadrons -

W-qq’

t- blv

0.0 0.1 0.2 0.3

0.4

Fraction of particles of this type in the jet

------- JetClass
— (Generated

1 qg/g —1 Z-qq H - 4q t— blv
W-qq" [—3 H-bb/célgg [ H-lvgqg’ [ t-bqq’

2310.00049, 2312.00123



Reminder: CATHODE

P—
KT
n..:'-:,.l .
-
8 o “o,0, K

X

SB SR SB

pdata(x‘m € SB)

— pogleim € 5B)  Pamalzlm € SR)

m

pdata<$‘m € SB)
= ppg(x|m € SB)

Buhmann, .., GK, Mikuni, et al 2310.06897;

1. Train generative model
(conditional normalising flow)

Replace 4 high level
features:

LHCO2020 LHCO2020

30000
" 40000 my,, anomaly «» 25000

‘S 30000 Amy, anomaly § 20000 T21,2, anomaly [ Ty3,2, normal

%’20000 O mj,, normal % 13883
© 10000 (] Amj, normal © 000 |
| R
0 0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Feature Feature

Tp1,1, anomaly O T21,1, normal

with 1674 low-level features
(279 constituent 3-vectors
each for 2 jets)



Parti

Using all low-level features
iIn-principle includes all
properties

Jet inputs
((prys 11> P15 My, NY),

Pr2 s ¢|2’ m,, N,))

v

Time

Conditional
Embedding

Particle inputs
((pTrell’ Hyelts ¢rell)’
((pTreIZ’ Hrel2s ¢re@ ’

((P TrelN> MrelN» ¢relN )’

-+ MLP 64

cle |

S

nput

-+ MLP 256

> MLP 256
-+ MLP 64

Projection« -

A4

v

EPiC Layer

X8

%10~ a
0 10 T T T g“'o U @3'0"“‘) r e o w102 T T
g True Distribution = 7.0F True F)nslnbuhun 4 = True _["&il"bu“m' g True Distribution
z [ Diffusion (low level) S ; 2'"“_*’;:" '-':'” "?:"_’"I ) $ 25 2 EI'"“”:?""L:’"'G’“‘)I = € [ Diffusion (low level)
g 1074 [ Flow Matching (low level) 1 =5 6.0 low Matching {low level) { - low Matching (low level) g 103 [ Flow Matching (low level)
@ @
3 550 5% 8
w© 10 . g F g 5
£ = 4.0 4 =1 E 104
5 S 18 5
Z jof 4 “a0of R z
10 . 1 1.0 _
2,0 10-5
10} E ] .
1.0 — 05
L L ! L 0.0 I L I 0. 10°¢ |
;\350| T T 8‘ ;\?50.0 T T T T i ;\;5 ;\350 T ]OOOO
o =~ =~ ~ 0, O
8- oloeee VUAA“QAAAQDQORooﬁgg g ol °g oogooooooooooooocmoeooog° 1 ¢ 8’ 0/—000000080920080802802°688 0 Oo .
c 8 c o] < c 0 P05 o
2_50 1 1 ! I 1 9-50 1 1 1 ! 9-50 ! L ! ! ! ! 9_50 | M | 2 1
2 7Y1000 1250 1500 1750 2000 2250 2500 2 2 -1 0 1 2 D -3 2 -1 0 1 2 3 2 200 400 600 800 1000
a All Jets pr [GeV] A& AllJetsn & Alldetsd & All Jets mass [GeV]
0 107! T T T %] T T T » 10? T T r » 102 - .
2 True Distribution g True Distribution g F True Distribution g True Distribution
= [ Diffusion (low level) = 10' (] Ditfusion (low level) e [7] Diffusion (low level) 1 = [7] Diffusion (low level)
g 102k 0 Flow Matching (low level) | g [ Flow Matching (low level) g 10! [ Flow Matching (low level) § 10! [ Flow Matching (low level)
o N 10°F N I,
£ £ g I E
510t 5107'F 5 10° 5 10%
P4 P4 P4 8 p4
1072}
107 E 107"k 1011 E
10
1 1 1 1
—. 50 —. 50 — 50 —. 50
°\° °\° T T 8 c\o T T T _c\o T T T
® 0 o O oooooooooQOoOooooéo°°°69°88° 1 o 0}-88000000000000000000000000088 | ¢ 0] 00000000000000000000000000090
2 2 2 g
4 50 o 1 1 1 1 50k I 1 o 50 1 1 1 o .50l 1 1
R 0 50 100 150 200 27700 0.2 0.4 0.6 0.8 L7 0 -0.5 0.0 0.5 10 270 05 0.0 0.5 1.0
o Jet Particle Multiplicity o All Particles pret O All Particles An All Particles A¢
Conditional Embedding
e
5 Time my; | | Jet Features
Q ' [
|
3 Time
@) : I . . .
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Outputs

Buhmann, .., GK, Mikuni, et al 2310.06897;

v

v
\94—
v

-

-
-—

flow matching

Projection

Particle inputs _l

MLP 150

v

Mean-Sum
Pooling

v
MLP 150
v

CATHODE classifier is a
transformer



Max. SIC

N
o

Particle Inputs

(&)
(=)

30}
20}

10}

Flow Matching (low level)
Diffusion (low level) i
Idealized (low level)
CATHODE (high level)

Idealized (high level)

I BT
2000
Injected Signal Events (nbkg = 100000)

| I ] L
4000

1 l L 1
6000

A L1
8000 10000

Buhmann, .., GK, Mikuni, et al 2310.06897;

AUC

0.9}

0.8}
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Flow Matching (low level)
Diffusion (low level) 1
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1 1 l
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1 | l 1 il
4000

l 1 1
6000

L l 1 L ] l —
8000 10000

Injected Signal Events (nbkg = 100000)

Greatly improves maximum SIC, but
currently requires more initial signal



Why generative
models?

0 103 4 +T1,...,Ta
5 { [J ParT

VIB-CFM
: ] : 10% 5
pr, N, ¢, Ejet, Nconst
] + mgp |

Sample XZ ~ p(x> §102? ‘
to generate datapoints 10! fﬁf

0.6 0.8 1.0

Classifier surrogates



Classifier Surrogates:
Motivation

Les Houches guide to reusable ML models in LHC analyses

Jack Y. Araz', Andy Buckley?, Gregor Kasieczka®, Jan Kieseler®, Sabine Kraml®, Anders Kvellestad®,
Andre Lessa’, Tomasz Procter?, Are Raklev®, Humberto Reyes-Gonzaleszg’lo, Krzysztof Rolbieckill,
Sezen Sekmen'2, Gokhan Unel'>

1 Jefferson Lab, Newport News, VA 23606, USA

2 University of Glasgow, Glasgow, UK

3 Univ. Hamburg, Germany

4 Karlsruhe Institute for Technology, Karlsruhe, Germany
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Abstract

With the increasing usage of machine-learning in high-energy physics ana-
lyses, the publication of the trained models in a reusable form has become a
crucial question for analysis preservation and reuse. The complexity of these
models creates practical issues for both reporting them accurately and for en-
suring the stability of their behaviours in different environments and over ex-
tended timescales. In this note we discuss the current state of affairs, highlight-
ing specific practical issues and focusing on the most promising technical and
strategic approaches to ensure trustworthy analysis-preservation. This material
originated from discussions in the LHC Reinterpretation Forum and the 2023

PhysTeV workshop at Les Houches. G u i d el i n eS fo r M L m Od el

Keywords

BSM; Tools; Machine-learning; Reinterpretation. eXChange inCIUding SuggeStion
of surrogate models

Araz, Buckley, GK, et al 2312.14575



Classifier Surrogates

|

[ Cuts & Data-Processing

[ Jet Clustering j :
5 Neural Network Classifier
[Detector Effectsj

Hadronization

?

Parton Shower

?

Hard scattering

Signal & Background === Exclusion Limits, etc.

o )
DY S LT S

(Material by Sebastian Bieringer )



Classifier Surrogates

[ Cuts & Data-Processing reasurement w
==
& ~N ‘
Jet Clustering _
- 3 g Neural Network Classifier
(Detector EffectsN K j

) Hadronization .

| >
" Parton Shower Neural Network  Signal & Background == Exclusion Limits, etc.
~ ? o (Classifier Surrogate)

iHard scattering:

(Material by Sebastian Bieringer )



Classifier Surrogates

Neural Network
(Classifier Surrogate)

(Material by Sebastian Bieringer )




The Toy Setup

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

pr € [500,1000] GeV For every particle of the jet:
: psTeudorapi;iity In] <2 kinematics, particle identification,

trajectory displacement
v

[anti-kT clustering]

article Transformer (ParT)
(2202.03772)

truth info

[ PYTHIA J

(Classification Surrogate)

tf hadronic and Z

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

; t . Generative Model
[ MADGRAPHS aMC@NLO: } :

(Material by Sebastian Bieringer )



Detector Smearing
Distribution

10+ ; -
] 1 [__1 train top jets
» [ train QCD jets
o E 1000 closest QCD jets
=2 = o

1000 closest top jets

relative occurence

500 600 700 800 900 1000
pr [GeV]

10°

T T T T T

0 20 40 60 80 100

Nconst

1071 -

102 .

500 1000 1500
Ejet [GeV]

(Material by Sebastian Bieringer )

2000 2500

ParT(events)

Detector Smearing Distributions

103 E
1 2 1000 closest QCD jets [
1 = 1000 closest top jets n
u [
Q 102 E [ | =
S . L
o 1 I
810t ° [
| . QCD jet top jet
u |
] . ]
100 3 , 1 T 1 T T
0.0 0.2 0.4 0.6 0.8 1.0

ParT output

A Classifier Surrogate has to be a Generative Model



The Generative Model

s

- Flow ¢ : [0,1] X R? — R defined via

%¢t(X) = V(p/(x)) = V(x, 0)

- solve the ODE to train and sample
- linear trajectory

- transforms probability distributions

. o'
px) = py (¢, ) det[ % (x)

.

N\ (

J U

Conditional Flow Matching:
- loss that does not ODE solving

Zen0) = E g || v = 5,0 || 7

1,p(x)

- by choice of p, and v,

2
Lerm(®) = Eypye |7 (1 = Dt + 16,6) — (e = x9)|

- not a log-Likelihood loss

_ Bayesian loss £y = KL [q(é?), p (9 |

_ connect both Lg_cpy = <=~CZ CFM)G q(6)

Variational Inference Bayesian Conditional Flow Matching:

x)] = — Jde q(0) logp (x| 6) + KL[g(6), p(6)] + const.

+ cKL[g(0), p(0)], with g(€) uncorrelated Gaussian shape

- train the network with CFM

(- Y
Adam-MCMC Bayesian Conditional Flow Matching:

- start Markov Chain from this point (independent of starting point):
- 1D problem: Solve ODE to get log-Likelihood of batch for update steps and acceptance rates

(Material by Sebastian Bieringer )



Is the Classifier reproduced
correctly?

Detector Smearing Distributions

103
: 1000 closest QCD jets :
= 1000 closest top jets "
51024 [
(&)
c: n o
o a 0
= = m
o
810t 4 [
~ QCD jet top jet
100 T T L T Ll T
0.0 0.2 0.4 0.6 0.8 1.0
ParT output
D1, ¢, Ejet’ Neonst | Learned Detector Smearing Distributions )
: VIB-CFM
truth info 104_; 02324 AdamMCMC-CFM
| 10,
B 10°
5 E
o 1 6%0%" .0.0.0.07070707°-2-0-0-9
141 i © 1024 XXX ...‘:::::::::'e'e'e'ep:o:o:o
10! -

CFM output

(Material by Sebastian Bieringer )



Is the Classifier reproduced
correctly?
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Is the Classifier reproduced
correctly?

VIB-CFM
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Are high uncertainties produced
for lower training statistic?

Train Data
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relative occurence
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Is OOD data indicated?
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Comments

A Bayesian - Conditional Flow Matching Surrogate can
learn Tagger output well calibrated and to high accuracy
iIndicate data sparse areas

report high uncertainties for unknown input if sampled with MCMC

Paper is coming soon!

(Material by Sebastian Bieringer )



SIC at FPR=1e-3

300 450 500 600
Number of signal events

Detect anomalies

Why generative

models?

p(x)

Evaluate p(x) directly as
likelihood




Before CATHODE,
there was ANODE

ANODE

a.u. 4

T

SB | SR

Pdata(z|m € SB)

— uglalm € 5p)  Paaa(@lm € SE)

SB m

pdata(x|m € SB)
= ppg(z|m € SB)

Nachman, Shih, 2001.04990

ANODE:
Train and interpolate

background flow ps
(as in CATHODE)

Train signal-region flow pp

Anomaly score = pp/ps



ANODE

Before CATHODE,
there was ANODE

ANODE:
Train and interpolate

background flow ps
(as in CATHODE)

Train signal-region flow pp

= | s | s |Anomalyscore = po/ps
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ANODE

Gaussian toy model
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R-ANODE:

Residual ANODE

Train and interpolate

background flow ps
(as in ANODE, CATHODE)

Train signal contribution
flow using background

Anomaly score

Das, GK, Shih 2312.11629

R(xz,m) =

(Assumed) Fraction of signal in signal region

Pdata (%, ™M) = W Psig(z, m) + (1 — w) prg(z, m)

Learn in signal Interpolated
region via background

L = —E; m~SR data 108 Pata(z, m) 9ENSItY

psig (377 m)
Pbg (:l?, m)




R-ANODE outperforms
iIdealised anomaly detector
(upper limit of CATHODE)

Work both with assuming
known w, and without

Das, GK, Shih, 2312.11629

R-ANODE
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R-ANODE outperforms
iIdealised anomaly detector
(upper limit of CATHODE)

Work both with assuming
known w, and without

Gaussian toy model
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Why? Assume fixed background,

just need to fit extra peak

Das, GK, Shih, 2312.11629; Das @ ML4Jets '23




R-ANODE

R-ANODE outperforms
iIdealised anomaly detector

(upper limit of CATHODE) 00061 . |earned w

—— Wtrue
Work both with assuming 00057

known w, and without 0004 -
How good is the learned = 0.003 -
w*?

0.002 -

0.001 -

0.000 A
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Nsig

Selection bias at low w,
otherwise good.

Das, GK, Shih, 2312.11629



R-ANODE outperforms
iIdealised anomaly detector
(upper limit of CATHODE)

Work both with assuming
known w, and without

How good is the learned
w?

Can we interpret psig?

Das, GK, Shih, 2312.11629
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Showers in complex high-
resolution calorimeters

=le-3

SIC at FPR
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Why generative

models?
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High-level jet features

L

sample X; ~ p(x)

to generate datapoints

Evaluate p(x) directly as
likelihood

occurence

Particle-ID and charge :

isElectron, isPhoton, ..

Kinematics :
st ’7’ ¢ muon

_ electron /

____——» charged hadron

-

K Trajectory displacement :
dO : closest approach to PV in xy-plane

d, : z position where dj, is evaluated

Jet constituents
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Conclusions

Generative models have wide range of
applications for simulation, background,
estimation and as other surrogates

1st Large Language Models
iIn Physics Symposium

Recent progress (diffusion/flow matching +
point clouds) allow modelling many high
dimensional distributions

Models with tractable likelihood (i.e.
normalising flow) enable further new

applications Hamburg,
PP Feb 21-23, 2024

https://indico.desy.de/event/38849/

Thank you!



