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Brief

Problem:
Pileup from multiple proton interactions currently miss-model data. This trend worsens with the number of
interactions per bunch crossing leading to an explosive issue moving towards the HL-LHC:
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Brief

Problem:

Pileup from multiple proton interactions currently miss-model data. This trend worsens with the number of
interactions per bunch crossing leading to an explosive issue moving towards the HL-LHC:

— HL-LHC jet performance projections for ATLAS 1902.10229:

Baseline ~ Run-2
Optimistic: Requires improved understanding of
jet fragmentation & pile-up
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http://cds.cern.ch/record/2651134/files/1902.10229.pdf
http://cds.cern.ch/record/2651134/files/1902.10229.pdf

Introduction

| DeGeSim:
Project Aim:  Helmholtz Al funded project for simulating
Generative modelling of pileup interactions using zero-bias data ~ detector simulations in proton-proton colliders
instead of MC simulations using ML image synthesis techniques using deep generative ML models as joint

project with CMS + Juelich + TRIUMF:
HELMHOLTZ Al cCoreraron onr

ATLAS (DESY)

TRIUMF
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. . | DeGeSim:
PrOJeCt Aim: ~ Helmholtz Al funded project for simulating
Generative modelling of pileup interactions using zero-bias data ~ detector simulations in proton-proton colliders
instead of MC simulations using ML image synthesis techniques - using deep generative ML models as joint
| project with CMS + Juelich + TRIUMF:
Monte Carlo (MC) Zero-Bias Data - HELMHOLTZAI| corsarononir "
EPOS+Pythia8 simulated |
<oft-QCD TLAS (DESY)
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Boundary Conditions:
In terms of the simulation chain the data domain is limited to
the simulated ATLAS tracker + calorimeters + MS
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Introduction @

DeGeSim:

Project Aim: Helmholtz Al funded project for simulating

Generative modelling of pileup interactions using zero-bias data
using deep generative ML models as joint

instead of MC simulations using ML image synthesis techniques
project with CMS + Juelich + TRIUMF:
Monte Carlo (MC) Zero-Bias Data - HELMHOLTZAI| cSobeamon owir
EPOS+Pythia8 simulated
<oft-QCD § ATLAs (DESY)

Boundary Conditions:
In terms of the simulation chain the data domain is limited to
the simulated ATLAS tracker + calorimeters + MS
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- detector simulations in proton-proton colliders

log(Energy) [MeV]

10t


https://www.helmholtz.ai/themenmenue/you-helmholtz-ai/funding-lines/funded-projects/index.html

Introduction

. ] | DeGeSim:
PI‘O_jeCt Aim: ~ Helmholtz Al funded project for simulating
Generative modelling of pileup interactions using zero-bias data ~ detector simulations in proton-proton colliders
instead of MC simulations using ML image synthesis techniques - using deep generative ML models as joint
j project with CMS + Juelich + TRIUMF:
ﬂ - HELMHOLTZAI| corsarononir "
ﬁ ATLAS (DESY)

Fully Generative Seeded Generative
Sample from a known function P ( x| 0) to get X’ Transform from a sampled point X, of a complex function
 and then find a transformation from X’ to X: P( x [0 ) and find a transformation from X  to X:
i X =X fi X, — X
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Denoising Diffusion Probabilistic Models




Generative DDPM

Forward Diffusive Proce

>XI

—— Q(xt |Xt—1)

= N(xy; mxt—l, £,1)

i

_ 1 _ 1
Xi—1 = Jar (Xf V’l——meﬁ(xt'!)) + 047

—Qt

But with condition:
© = ‘Cyborg in the style of
artstation’
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Generative DDPM

Forward Diffusive Process

)Xt

Q‘(xt|xt—1)

N(Xf; AV 1-— fgtxt—h /‘BtI)

Lot (Xr_,f,)) + 047

_ L[y, - Lo
/ T Var (X* Vi=ar

© = ‘Cyborg in the style of
artstation’

Reverse
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Generative DDPM

Forward Diffusive Process

A
—— Q’(xt|xt—1)

=N (x; /1= Bix_1, B1)

_f_ Xi—1 = \/% (Xf — \}%69()&,[,)) + 0+Z
<
But with condition:
© = ‘Cyborg in the style of
artstation’
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Generative DDPM

Forward Diffusive Process

A
P(x[6, t, y=0) > X
/\%Mvﬂ) q(x¢[x;—1)
g = N(Xt; V1= Bix 1, 5I)

Xt-l

pé(xt—1|xt)

Reverse Denoisi

p@(xt—l |xt)

T
Q(x1:T|XD) = H q(xtlxt—l):
t=1

'\
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Gen

erative DDPM

P (;lé’ t, Y=0)

Nt,y:])
> = N(x

Xt»l

A

A, X,

Q(xt|xt—1)

Forward Diffusive Process

v 1= Bixe—1, 5iI) A»

X

~ Network —

—» —

¥ Neural ‘A Neural
Network

Latent NN ~ ResNet

:

c’//

—» X1

4
Emb(x’, t, y)
@

l

__Residual
Connection
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Generative DDPM

Partially diffuse the image to retain

Stop the diffusive process

features from the original image!

Forward Diffusive Proce

when the two processes are
indistinguishable

)Xt

Q(Xt|xt—1)

= N(Xt; AV 1-— ﬁtxt—h thI)

P (;lé’ t, Y=0)

N t, Y=1)
>

t-1

p@(xt—l\xt)

T
Q(X1:T|XU) 4 H q(xtlxt—l):
t=1

pG(xt—l |xt)

Approach 1

Train a conditional DDPM and partially diffuse a sample to a
release time t_Then switch class label (0 — 1) and denoise.

18



Self-Conditioned DDPM

Forward Diffusive Process t=T

X,
q(xx.)

0

peo(X?_pO*IXf,y,%B) Y X0 )

0 0
: pHO(Xt|Xt+1’y:X0
~ * i+

Approach 2

Train a conditional DDPM with concatenated predictions of the
- origin x, and partially diffuse a sample to a release timet_Then

switch class label (0 — 1) and denoise.
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JetNet Data Test



JetNet: Top -vs- W jets

ol .
- — Implemented using JetNet

~ Python API - link

5 Data - JetNet

— Test using top vs W-jets

W-jets are a sub-component of
top-jets from the top-decay

— Diffusion Model input
~ domain defined by jet features
& b-hadrons:

-p' =[p.n.m]
- # of b-hadrons inside jet

# Jets

=]
T

Top-jets

Variable 3: mass DeGeSim — JetNet preliminary
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JetNet: Top

-vs- W jets

| Key

— Top Pane: Gaussian emulated (Gen.)
sampling with forward diffused real
data

ol

— Middle Pane: Time evolution of
emulated (generative) data p,(x,_ | y, x))

for time each 10" time step:

Black contours = equal probability
Red line = random event path

O

— Bottom Pane: Real data vs diffusion
emulated data from a guassian prior

(top pane).

— Metrics: Wasserstein distance in 1D
projection

w/o self-conditioning

DeGeSim — JetNet preliminary
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JetNet: Top -vs- W jets

DeGeSim — JetNet preliminary
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JetNet: Top -vs- W jets

000

DeGeSim — JetNet preliminary
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JetNet: Top -vs- W jets

1)

Py (x|y

=1)/Py(x|ly =0)

Py(xly

DeGeSim — JetNet preliminary
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— The classification neural network
approximates the classifier s(x):

s(x,t)= P(y=1|x,t)

|
0 200 400 600 800 1000

Time

— When the densities are equivalent we define

P(y=0|x,t)+P(y=1|x,

t)

the release time of each event/data point

S ( X, trelease)
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JetNet: Top -vs- W jets
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JetNet: Top -vs- W jets
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JetNet: Top -vs- W jets
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JetNet: Top -vs- W jets

O

Key

— Top Pane: Real data (shaded
histograms) split based on class label
y =0 — Top-Jets
y=1- W-Jets

— Middle Pane: Ratio to target (y=1)
Black = Mapped Distrbution
Blue = y=0/y=1
— Bottom Pane: Residuals to target for
each component:
Residual = a-b / [0 ? + 0,2]"?
Target is P(x|y=1), i.e. W-boson jets

— Metrics: Wasserstein distance in 1D
projection
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JetNet: Top -vs- W jets

Key

— Top Pane: Real data (shaded
histograms) split based on class label
y =0 - Top-Jets
y=1- W-Jets

— Middle Pane: Ratio to target (y=1)

Black = Mapped Distrbution
Blue = y=0/y=1

— Bottom Pane: Residuals to target for
each component:
Residual = a-b / [0 ? + 0,2]"?

Target is P(x|y=1), i.e. W-boson jets

— Metrics: Wasserstein distance in 1D
projection

dN/dx
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DeGeSim — JetNet preliminary
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DeGeSim — JetNet preliminary
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JetNet: Top -vs- W jets

x10°

w/ self-conditioning

DeGeSim — JetNet preliminary

O

Key

— Top Pane: Real data (shaded
histograms) split based on class label
y =0 — Top-Jets
y=1- W-Jets

— Middle Pane: Ratio to target (y=1)
Black = Mapped Distrbution
Blue = y=0/y=1
— Bottom Pane: Residuals to target for

each component:

Residual = a-b / [c? + 0,7]"

Target is P(x|y=1), i.e. W-boson jets

— Metrics: Wasserstein distance in 1D
projection
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Summary

— Goal: Emulate calorimeter images of pileup (minimum/zero bias)
seeded from MC based simulations

— Status: Partial diffusion using self-conditioning and classifier free
guidance to preserve class-specific features prior to image
denoising

— Image-to-image (121) translation using partial information loss

— Problems: Null value sparsity injection into calorimeter images:
— CNNs struggle with noisy images and null-value injection
— Point clouds introduce cell <= point assigment ambiguity
— Sparse convolutional operations

— Further work will include:
— Cast discrete state spaces into continuous state space for
diffusion (Analog Bits)
— Cross-domain conditioning to enhance domain translation

duing diffusion

CONTINUOUS & DISCRETE STATE SPACE SAFE CONDITIONAL
DENOISING DIFFUSION PROBABILISTIC MODELS USING SELF &
CRrROSS-DOMAIN CONDITIONING FOR MULTI-DIMENSIONAL

MAPPING
A PREPRINT
Stephen P.W. Jiggins Judith Katzy
Deutsches Elektronnen Synchrotron (DESY) Deutsches Elektronnen Synchrotron (DESY)

Notkestrufie 85 Notkestrafic 85
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Neural Network Architecture
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Latent DDPM

10/11/23

Skip Connection

64 x (HXW) 32 x (HXW)

\

256 x (HXW)/2 128 x (HXW)/2
256 x (HxW)/2

1024 x (HXW)/8 T

%

Latent Space
Flatten

,,,,,,,, 1024 x (HXW)/4 512 x (HXW)/4

Reverse I Diffusion Process

b

1 x (HxW)

re| | — @ | —

64 x (HxW)/2

256 x (HXW)/4

Key:

. Global Self-Attention

‘ Gated Cross-Attention

Latent NN ~ ResNet

Stephen Jiggins

41



Denoising Diffusion Probabilistic Models
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Denoising Diffusion Probabilistic Models

- DDPMs — Recipe
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Denoising Diffusion Probabilistic Models

- DDPMs — Recipe

— Noise Scheduler:

Cosine B-scheduling noise injection:
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Denoising Diffusion Probabilistic Models

- — Classifier Free Guidance
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Delphes Pile-up Simulation




Brief

Problem:
Pileup from multiple proton interactions currently miss-model data. This trend worsens with the number of
interactions per bunch crossing leading to an explosive issue moving towards the HL-LHC:
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Denoise Score Matching

Neural Network




DDPM Model Architecture Input Calorimeter
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Latent Diffusion Residual Network
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Latent Diffusion Residual Network
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Latent DDPM
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JetNet: Top -vs- W jets

DeGeSim — JetNet preliminary
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JetNet: Top -vs- W jets
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JetNet: Top -vs- W jets
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JetNet: Top -vs- W jets
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Cross Domain Attention




Unpaired Domain Adaptation DDPM - 12I
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Unpaired Domain Adaptation DDPM - 12I
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