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What’s special about Physics?

Different fields, unified by digitisation challenges:

H30% "»:» :;,sz"izif" Wk‘;‘ﬁ "*‘é‘fm
ﬁ

e Immense data volumes with high complexity " + Yoo St
e \Weak signals overshadowed by much larger "2
background processes .

e |arge data-throughput requiring custom
solutions

The planned Square Kilometre
Array (SKA) telescope will produce
one exabyte of raw data/day

(~10 PB after compression)




What’s special about Physics?

Different fields, unified by digitisation challenges:
e |Immense data volumes with high complexity

e \Weak signals overshadowed by much larger
background processes

e |arge data-throughput requiring custom
solutions

ATLAS

EXPERIMENT
L-LHC ti event | AS ITK

at <p>=200

At the High Luminosity LHC,
overlapping collisions mean that
thousands of trajectories need to
be reconstructed in parallel




What’s special about Physics?

Different fields, unified by digitisation challenges:

Immense data volumes with high complexity

Weak signals overshadowed by much larger
background processes

Large data-throughput requiring custom
solutions
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Rare interesting processes only
occur in 1 of 10 billion events in
particle physics experiments




What’s special about Physics?

Different fields, unified by digitisation challenges:
¢ |Immense data volumes with high complexity

e Weak signals overshadowed by much larger
background processes

e Large data-throughput requiring custom
solutions

Trigger systems filter 40 million
particle collisions/second at
experiments at the Large Hadron
Collider (LHC) at CERN




State of Al in Physics

Date of paper /—200+ papers in 2024

Similar for nucl-ex,
astro-ph, hep-ph, ...

2002 2025

Rapid rise of Al in fundamental physics

Transition from concepts to applications

John J. Hopfield Geoffrey Hinton

Recognition of Al work as Nobel-prize worthy

See also https://iml-wg.github.io/HEPML-LivingReview/



Plan

e | ecture 1:

e Basics of Neural Networks

e (Classification example: Top Tagging
e | ecture 2:

e Generative Models

e Anomaly Detection



Resources

Deep Learning

An MIT Press book

Ia}l'kG'oqdfellow and Yoshua Bengio and Aaron Courville
‘ ’

Free online: https://www.deeplearningbook.org/

DEEP

LEARNING
“'PHYSICS
RESEARCH

MARTIN ERDMANN | JONAS GLOMBITZA
GREGOR KASIECZKA | UWE KLEMRADT

% World Scientific

Lecture Slides

J
. &
N =
o i\

N

ndOverview

Prof. Gregor Kasieczka
gregor.kasieczka@uni-hamburg.de

https://www.worldscientific.com/

worldscibooks/

10.1142/12294#t=aboutBook
(available in UHH library)

8



https://www.worldscientific.com/worldscibooks/10.1142/12294#t=aboutBook
https://www.worldscientific.com/worldscibooks/10.1142/12294#t=aboutBook
https://www.worldscientific.com/worldscibooks/10.1142/12294#t=aboutBook

Learning like a machine



Terminology




Terminology




Basic idea

e Classical approach:

* Write a sequence of instructions to solve a specific task

* e.g.
* Tracking algorithm
* Jet clustering

* (Calculation of physical
observables

{trackerTopology.pxrSide(detId) == 1) {
trackinglayer._side = Trackinglayer::Side::NEG_ENDCAP;
} else if (trackerTopology.pxfSide(detId) == 2} {
trackingLayer._side = TrackingLayer::Side::POS_ENDCAP;
? else {
nrow cms::Exception(“FastSimulation/Tracking”)

<< “Tracker hit for seeding in FPix seems neither on positive nor on negative disk

<< trackerTopology.printidetIdl.c_str();
trackinglLayer._layerNunber = trackerTopology.pxfDisk{detld);

se 17 (subdet == StripSubdetector::TIB) {
trackinglLayer._subDet = TrackingLayer::Det::TIB;
trackinglLayer._side = TrackingLayer::Side: :BARREL;
trackinglayer._layerNumber = trackerTopology.tiblayer(detld);

(subdet == StripSubdetector::TID) {
trackinglLayer._subDet = TrackingLayer::Det::TID;
{trackerTopology.tidSide(detld) == 1) {

trackinglayer._side = TrackinglLayer::Side::NEG_ENDCAP;
else if (trackerTopology.tidSidel(detId) == 2} {
trackinglayer._side = Trackinglayer::Side::POS_ENDCAP;
? else {
nrow cms::Exception(“FastSimulation/Tracking”)
<< “Tracker hit for seeding in TID seems neither on positive nor on negative

<< trackerTopology.printi{detld).c_str();

trackinglayer._layerNumber = trackerTopology.tidwheel(detId);

(subdet == StripSubdetector::T08) {

A1
g

SK

Slde:

side:

12




Basic idea

* Machine learning approach:
* Rephrase task as a minimisation problem..

* ..and “simply” solve:

0F = argmin@ “1XNp(X) [L(f@ (X), X)]

* Will now go step-by-step to understand the
underlying ideas, focusing on neural networks.

13



General Strategy

Loss function £ * Define an optimisation target (loss function)

14



Loss function: Supervised

Supervised Learning:
Attempt to infer some target (truth label):
classification, regression (often also clustering/inference)

Use training data with known labels
(often from Monte Carlo simulation)

. I = predlCt I

observable features truth label predicted energy
such as kinematics, (e.g. true energy)
tracks,...

Regression: Minimize mean squared error:

L=(y—79)°



Classification Tasks

Distinguish a pair of classes (binary) or several (multi-class).

Loss function: Cross entropy

L= —ylog(y) — (1—y)log(1—7)



Classification Tasks

Distinguish a pair of classes (binary) or several (multi-class).

Event | logi Particl
b
Standard-Modell der Elementarteilchen
e+’ p_‘_ Drei Gan:;:xr:‘?::e:;rmmarlo Wa:;;:l;:l’::: ;;;;
1l
V.,V s .
e’ "y
b u « (@ t g H
Ch Top Gluon Higgs
b =6 e\ \
q D I® |F® || @
St Bott Phot
q ra ottom hoton
b H @
MMMMMMMMMMM Z-Boson
W
ooooooooooooooo W-Boson

Loss function: Cross entropy

L= —ylog(y) — (1—y)log(1—7)



Cross Entropy

 Example: Binary classification
e 2 Classes with labels: y;, = 0,1

* Build the NN such that we the output is a probability: y(x;) € [0,1]

* -> Bernoulli Trial with probabilitiespandq =1 —p

° L|ke||hood Jacob Bernoulli 1654-1705

N
L= [ty 960 + A=y =90 ]
k

* We want to minimize the average negative log-likelihood:

N
> e 1og@x)) + (1 = i) - log(1 = 9]
k

1, . 1
N OBV T Ty




Loss function: Unsupervised

Unsupervised Learning:

No target, learn the probabillity *There also exists a number of
distribution (directly from data) other less-than-supervised
approaches (weakly
Can use for sampling, anomaly supervised learning, semi-
detection, unfolding, ... supervised learning, ...) Not so
| earn to important for now.
predict:
p(x) = fo(x)
- p(x)
True probablity
density

Distribution learning: Maximise likelihood

(minimize log-likelihood):
) .
L = —log (p(x))

(either directly or with approximations



General Strategy

Loss function £ v/
Neural network fy
Parameters 6
Opt. Parameters 6™
Data x
Data distribution p(x)

sk °
0" = argmin,

4xrvp(X)[ (fG( )

20

x)|



General Strategy

Loss function £ * Define an optimisation target (loss function)

Neural network fg « Choose a non-linear, expressive, parametrised

Parameters 6 function (e.g. a neural network)

21



Neural networks

We need an expressive function

(universal approximator) xll — f(Wll - T1 + W12 : 332)

with tuneable parameters and useful
implicit biases

Input Layer Hidden Layer Output Layer

22



Neural Networks

) hidden layer 1 hidden layer 2 hidden layer 3
input laver

We need an expressive AN A
function S AT AT gutput layer
(universal approximator) ys _, k
with tuneable parameters: : Al b ﬁ 5
Neural networks AN N g e

—— = \\/f; ——

Activation Functions

Sigmoid Leak% Il:(eLU m

o(z) = i max(0.1x, x)

tanh Maxout

tanh(x) e max(wl z + by, wl z + by)

ReLU |/ ELU ._J/
0 T x>0

maX( ’ 37) - | ) {a(e‘” ~1) z<0 - / o

23



Complexity

. hidden layer 1
input layer

hidden layer 2

AKX EE.

=6
- S
= S
Input Layer Hidden Layer Output Layer &5
&
6 weights e\
S l._

300 weights

Deep Learning:
Complex network + low level inputs

25 million weights:

hidden layer 3

output layer

2016 state of the art for

Image classification

175 billion weights: 2020

GPT-3 text model

(GPT-4 ~1.8 trillion

weights)

stage | output ResNet-50 ResNeXt-50 (32 x4d)
convl| 112x112 Tx7, 64, stride 2 7x7, 64, stride 2
33 max pool, stride 2 | 33 max pool, stride 2
conv2| s6x56 I1x1, 64 1x1,128
3x3, 64 X3 3%x3,128,C=32 | X3
| 1x1, 256 ] | 1x1, 256 ]
[ 1x1,128 | [ 1x1,256 ]
conv3| 28x28 3x3,128 | x4 3x3,256, C=32 | x4
| 1x1, 512 ] | 1x1,512 i
1x1,256 | [ 1x1,512 1
convd| 14x14 3x3,256 X6 3x3,512,C=32 | x6
i 1x1, 1024 | | 1x1, 1024 ]
[ 1x1,512 ] 1x1, 1024
conv5| 7x7 3x3,512 X3 3x3, 1024, C=32 | x3
i ]><1,2()48_ 1x1,2048
e global average pool global average pool
1000-d fc, softmax 1000-d fc, softmax
# params. 25.5x10° 25.0x10°
FLOPs 4.1x10° 4.2x10°
MOdCI Namc npnr:un:c nlu)'l-rs dmodcl Mheads dhc;xd BatCh SiZC Lcaming Ralc
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 1074
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0x 1074
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 % 1074
GPT-3 XL 1.3B 24 2048 24 128 IM 2.0x 1074
GPT-3 2.7B 2.7B 32 2560 32 80 IM 1.6 x 1074
GPT-3 6.7B 6.7B 32 4096 32 128 M 1.2 x 1074
GPT-3 13B 13.0B 40 5140 40 128 M 1.0 x 10—4
GPT-3 175B or “GPT-3" 175.0B 96 12288 96 128 3.2M 0.6 x 1074




General Strategy

Loss function £ v/
Neural network fy v
Parameters 6 v/
Opt. Parameters 6*
Data x
Data distribution p(x)

sk °
0" = argmin,

Define an optimisation target (loss function)

Choose a non-linear, expressive, parametrised
function (e.g. a neural network)

Use training data to optimise parameters, then
apply to new examples

‘Epr(x) [‘C(fH (X> , X)]

25



How do networks learn?

* Backpropagation + Gradient descent

Important: Loss function needs to be differentiable

* (Or find a differentiable approximation)

Pass input (x1, X2, ...) to networks

From output calculate loss function
Find gradient of loss function with respect to weights

* Use gradient to find new weights

(’9£

Learning rate

* |In practice, handled by optimise algorithm (e.g. Adam)
26



How do networks learn?

\ { /) i@=s

<0 —-f(@)>0 >0 = -f'(z) <0
“Go right” “Go left”

27



Batches and Epochs

The loss depends on O(1k-1b) parameters

* To minimize it these parameters need to be
adjusted

* For large networks the loss landscape can
get very complicated with many local
minima

* Better convergence

* Multiple passes (epochs) over training
data

* Split training data in batches with a
minimization call and model update
after each batch

28



Learning Rate

[ ]
Learning rate a

Too low

1(0) |

A small learning rate
requires many updates
before reaching the
minimum point

Should be chosen such that the training smoothly converges

Just right

1(0)| |

“

The optimal learning
rate swiftly reaches the
minimum point

https://www.jeremyjordan.me/nn-learning-rate/

29

Many popular minimization algorithms have a tunable parameter called

Too high

Too large of a learning rate
causes drastic updates

which lead to divergent
behaviors

6 -

0 —«a

dL(0)
00




Adam

Maintain history of previous changes:
my ) Bimiy) + (1—B1) Vo LV momentum

$i1 ; 2 Exponential moving average of
vy ) Byvl) + (1 Bo) (VwL(t)) gradient and gradient squares

(t+1)

gy = 2

1-p3¢

(t+1)

A w
Vy =

1- 2
Wt gy® _ T

Vy + €

https://arxiv.org/abs/1412.6980
30



The loss curve

* Once the training is done it is time to analyze the training process and the
performance of the model

* For the training process it is a good idea to look at the loss as a function of the
number of epochs — for the training data and validation data

10

* |deally the training converges with
similar loss values for the validation and
training data

8..

0 20 40 60 80 100
Epoch

31



Overfitting

* |If the model has too many parameters it can overfit the data

* This leads to a worse performance on data with different statistical fluctuations than
the training data

* ->the training and validation losses diverge

Degree 1
MSE = 4.08e-01(+/- 4.25e-01)

Degree 4

MSE = 4.32e-02(+/- 7.08e-02)

Degree 15

MSE = 1.82e+08(+/- 5.45e+08)

—— Model
——— True function
e Samples

— Model
——— True function
e Samples

‘PP

—— Model
——— True function
e Samples

32

Loss

The Learning Curves

Epochs

training



Overfitting

Also an issue in classification tasks (which are

after all a form of regression of discrete values) Black curve:
o © 9 - good compromise
oy : : - general
Overfitting can be interpreted as remembering ®* ¥eo,
the training samples R A Green curve:
o_o o - not general
1; - learned the details

We can see that the performance would change
if the dots move around even a bit

33



Overfitting - Mitigation

* There are multiple ways to mitigate overfitting such as dropout, regularization or
early stopping

* Dropout:
* Add layers that randomly discard a fraction of inputs in training phase

* Early stopping:

* Monitor training and validation loss during the training process and stoem\gvhen

Underfitting Overfi

they diverge

* Regularisation:

Loss

* Add penalty for large weight values in loss function

|
|
early stopping \) Epochs

34



Reconciling modern machine-learning
practice and the classical bias—

Side n Ote: Ove rfitti n g variance trade-off (PNAS, Belkin et al)

under-parameterized over-parameterized
Test risk
":é “classical” “modern”
'O'E:; regime interpolating regime

~ Training risk:
™ . _interpolation threshold

Capacity of H

—
T e—

* Recent observation in computer science

* Extremely high capacity does not guarantee
overfitting

e Even more recent:

* Grokking: Sudden generalisation
of a trained model

e Active research into foundations,

does not stop us from using it
35



General Strategy

Loss tunction £ v/
Neural network fov’
Parameters v
Opt. Parameters 8 v’
Data x

Data distribution p(x)

0" = afgmine {"vap(x) [‘C(fG (X)7 X)]

36



Data Representation

High-level/no structure:
Fully Connected

. hidden layer 1 hidden layer 2 hidden layer 3
input layer

=7

output layer

]

A
N\ N
— (%) ©, >
E&@nb
A P 0 A
[0 ] [tanh] [0}
—> >
J J U

37

(-1x3)+(0x0)+(1x1)+
(-2x2)+(0x6)+(2x2) +
(-1x2)+(0x4)+(1x1) =-3
///
// .//
— // |
— //
E/////
// //
L ]
o 1 L
Convolution filter L ] |
L1 1
(Sobel Gx) | // //
Destination pixel 1 L L
|1 1 L
L 1 |
L 1 |~
L // |~
// //
//
|_—

Point cloud

§
é’

EdgeCony

—e
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General Strategy

Loss function £ v
Neural network fg v/
Parameters 6 v/
Opt. Parameters 6* v
Data x v/
Data distribution p(x) v/

sk °
0" = argmin,

4xrvp(X)[ (fG( )

38
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Summary so far

 Key idea of deep learning:

* Define a optimisation target and use an expressive function
(neural network) to minimise it using gradient descent

* |et’slook at a typical problem in particle physics...

39



Jet Tagging

Run: 282712
Event: 474587238
2015-10-21 06:26:57 CEST

Ajetisa
collimated shower of particles in the detector



light quark
jet?

gluon jet?

bottom
quark jet?

{top
;::r.xt?si;ﬁa?z% quark jet?

2015-10-21 06:26:57 CEST

We want to know
which particle produced a jet



light quark
jet?

gluon jet?

bottom
quark jet?

ATLAS . .. -

EXPERIMENT Event: 474587238 quark Jet’7

2015-10-21 06:26:57 CEST

How to build ML algorithms for complex, heterogenous data?



light quark

Data most naturally viewed iet?

as point cloud:

Each input (e.g. jet, event, ..)
Is a set of k-dimensional vectors
(individual particles, hits, ..)

Particle-ID amd~charge :
isElectron, isMuon, —

Kinematics : /
o 1l ¢ electron muon

charged hadron

Example
per-particle
features

n: 282712
ent: 474587238
15-10-21 06:26:57 CEST

\ Trajectory displacement :
do : closest approach to PV in xy-plane

d, : z position where d) is evaluated

1810.05165; GK et al 2312.00123

bottom
quark jet?

o

quark jet?



Top Quark Tagging

Public simulated”
enchmark dataset
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Landscape Dataset

* (Open dataset for the development
of better tagging algorithms for
particle physics

e 2 million simulated examples
* Input: momentum sorted list of 200
particles/jet with 3 features/particle

(Px, pv, pz)

* Perfect class labels:
top jet or light quark/gluon jet

e Supervised learning problem

GK, Plehn, et al 1902.09914

arXiv:1902.09914v3 [hep-ph] 23 Jul 2019

SciPost Physics
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Abstract

Based on the established task of identifying boosted, hadronically decaying top
quarks, we compare a wide range of modern machine learning approaches. Unlike
most established methods they rely on low-level input, for instance calorimeter
output. While their network architectures are vastly different, their performance
is comparatively similar. In general, we find that these new approaches are ex-
tremely powerful and great fun.




Top Quark Tagging

3000 -
25007 PELICAN
~ LorentzNet L-GATr
C”5 2000 - MIParT
2]
N ParticleNet ParT
1500 A
]
w
~
i
1000 - g‘lgﬁleNiN
L.oLa Non-equivariant
500 A Equivariant
TopoDNN

2016 2018 2020 2022 2024 2026 2028

time of publication

(*Subset of methods, graph from
V Breso at ML4Jets)



Top Quark Tagging

View data as

Learn relations from data
graph based on geometry

. using attention
& use message passing  3000-
/\% DELICAN
a LorentzNet L-Go4r
S 2000 _\ - Multi-H;:ad Attention
Il
) Linear
) ParticleNet @ T
1500 -
N Concat
w
~~
~ [
1000 - TreeNiN Scaled Dot-Product J&
PFN o R
LoLa Non-equivariant 1N 1N T
PR ] a2 |
500 A Equwarlant Linear Linear Linear
TopoDNN r r r
u — (" |- 1’ 2016 2018 2020 2022 2024 2026 2028 v K Q
\ \Y pt time of publication
V — —> ¢U ~ — V/
\ pe—w pe—>u
E —|~(¢° —~F'
Edge block Node block Global block

Qu, Gouskos 1902.08570; Qu et al 2202.03772; Gong et al 2201.08187; Shlomi et al 2007.13681;
Bogatskiy et al 2211.00454;



Top Quark Tagging

Constrain functions to be
equivariant under the Lorentz

group BW\

2500

- «
Symmetry group S 2000

operation & Il

— o — —)p é:
I 1500

sa]

| |3
1000

I
v v |
............. > 500
g

LoLa

PELICAN
LorentzNet L-GATr

ParticleNet

TreeNiN
PFN

TopoDNN

ParT

Non-equivariant
Equivariant

Explicitly injecting
physics knowledge
yields more efficient
learning

2016 2018 2020 2022 2024 2026 2028
time of publication

Qu, Gouskos 1902.08570; Qu et al 2202.03772; Gong et al 2201.08187; Shlomi et al 2007.13681;

Bogatskiy et al 2211.00454; Brehmer et al 2411.00446



Top Quark Tagging

3000 - +L-GATr-f,t, Fine tuning:
ParT-Lt. T Pre-train on one dataset
MIPgrT-f. .
2500 pméx t and recycle weights
o LorentzNgt L-GATr A
2 oo TParT for training on new data
IL W ParticleNet-f.t. _ _
= egq | ParticleNet ParT Yields substantial
¥ boost in performance
1000 - preeNiN Non-equivariant (for transformer-based
LoLa Equivariant
500 - Pretrained M mOdeIS)
TopoDNN Equivariant+Pretrained 4 Can combine with

2016 2018 2020 2022 2024 2026 2028 equivariance
time of publication



Top Quark Tagging

Usefulness of open 30001
benchmark data

2500 -
Good representation 4
of data pays off e
Transformers + = 12097
physics rules 000 -
Boost by fine-tuning

500 A

across datsets

+ L-GATr-f.t.
ParT-f.t. +
MIPgrT-f.t
PELI
LorentzNgt L-GATr
MIParT
M ParticleNet-f.t.
ParticleNet ParT
TreeNiN [P
PFN Non-equivariant
LoLa Equivariant
Pretrained M
TopoDNN Equivariant+Pretrained 4

2016 2018 2020 2022 2024 2026 2028

time of publication

Important issues on
application side

¢ Domain shift
e Calibrateable

e Compute cost

Modern tagging algorithms are widely used in
searches for new particles



End of Part |.
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3000
ParT-f.t.+ +
i MIParT-f.t.
2500 PELICAN
= LorentzNet ’
S 2000 MIParT
lln W ParticleNet-f.t.
L ParticleNet ParT
1500 A
[Se]
w
g
i
i TreeNiN —equivari
1000 PEN Non equ%var%ant
LoLa Equivariant
500 1
TopoDNN Equivariant+Pretrained 4

Pretrained M

+ L-GATr-f.t.

2016 2018 2020 2022 2024 2026 2028

time of publication

Multivector:

“Grades”
with well defined

behaviour under Lorentz

transformations

2411.00446

xzxsl—l—xL/y

Scalar
Vector

by xB gt

uv
Bi-Vector

Symmetries

Reminder: Space-time
described by Lorentz group
(rotations, boosts)

(t,z,y,2) — t* —

+ x‘: Py + xF oy

Pseudo-Scalar

Axial-Vector

Equivariance:  L-GATr( A(x)) = A(L-GATr(x))

©C O = O

o = O

0 0 0 0 0 1
0 0 v o o 1o
10 1o -1 0 0
0 -1 -1 0 0 0
0 —i 0 01 0
i 0 s |0 00 -1
00)‘ 7(1000
0 0 0 1 0 0

2



Symmetries

Sum over grades

Layer type

Transformer

L- T

Linear(x)

Attention(q, k, v);, Z] | Softmax; (Z o

VX +WwW

n. qic’kjc’
YV ne

22:0 Vk<x><k ’ >
)vjc Z] 1SOftmaX] (ZZ/CZl qu/) jc’ ) vjc

16
—1/2
el

1 —1/2
LayerNorm(x) X [n_ Zz;l Xf + 6] Zc 1 Zk =0
C
Activation(x) GELU(x) U({x)g)x
GP(X, y) N
Output
Probabilities
N ; Inner product
.
- Norm o duct (requires some work but
== gme:;c;g UGt can compute Algebra-
, . Y9 rules in advances)
= N 2, 2" = nuzha’ = (ct)? —x-x = (er)?
—&mj} &”_,“O”_/ 1 0 0 0
Fncoting Q-9 &~ freoing » 0 -1 0 0
] [ Tl 0 -1 0
Inpiuts Out!:)uts 0 0 O a 1
2411.00446 (shifted righ



Classification
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Cross Entropy?

N

1 1 - X X
——log(L) = =1 ) [V 1og@Cxi0)) + (1= y) - log(1 = H(x;))]
k

* Note:

i - 10g(9(x)) + (1 = 1) -log(1 = () = ) qylog(py)

* Now remember entropy

entropy = /p(x) log (p(z))dx

cross-entropy = / q(z)log (p(z))dzx

Gibbs inequality:
Cross entropy is minimal if
P=q

For multiple classes: Categorical cross entropy
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Multiple classes

* For more than 2 classes it is usually a good idea to use One-Hot-Encoding
-> For m classes the output is a m-dimensional vector with components
Ve (xx) €[0,1]
* One neuron per class in output layer
* All outputs should sum to one

* Loss function: Extension of cross entropy to multiple classes: Categorical cross entropy

Label Encoding One Hot Encoding Probability
ttH 0.41

Food Name Categorical # | Calories Apple | Chicken | Broccoli | Calories m tt+bb 0.18
Apple 1 95 1 0 0 95 = Fab/b 013 Categorize

— Events [ s ‘ P by highest
Chicken 2 231 0 1 0 231 3 tF+cc  0.09 output
Broccoli 3 50 0 0 1 50

Yy =1

https://medium.com/@michaeldelsole/
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Activation functions for Classification

Need activations in the output layer that allow probability
interpretation:

* Y(xx) €[0,1]

¢ chasses y(xk) =1

Binary classification: * Multiclassification:
* Only 1 output node needed * One output node per class |
* Activation: Sigmoid * Softmax activation:
1 eXi
o(x) = 1+e* o(x) = Zglassesexj
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Binary Classification Outputs

The NN outputs a score for belonging to

class ,signal“ (high value) or class

,2background” (low value)

Often you need to make a decision based
on this score -> Choose a threshold

Key quantities:

* True Positives (TP)
* False Positives (- )
* True Negatives (TN)

* False Negatives (

)

Purity/Precision = TP/(TP+

_A

FN

): How pure is the sample predicted as signal?

True Positive Rate/Sensitivity/Efficiency/Recall = TP/(TP+ ' ): What fraction of the

signal is classified correctly?

False Positive Rate =

I

Accuracy = (TP+TN)/(TP+

correctly?

59

+TN)

+TN+

): What fraction of all data is classified



Choosing a threshold
* \Which threshold to choose?

* Depends on your problem:

* Think about what questions you want to
answer

* The cost of being wrong

* Do you need a high purity? (“We need to be
sure that all animals we tag as harmless are
actually harmless!”)

* Do you need a high Efficiency? (,WWe need to
detect as many positive Covid cases as
possible®)
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Multiclassification

* |n multiclassification we have one output neuron for each class

* |f we use softmax as final activation function, the values of each output neuron sum to 1 and can
be interpreted as probability

* Common approach: Classify a sample according to the neuron with the highest output value

“Probability”
ttH 0.41
” ti+bb  0.18
2 _ Categorize
Events [ ?E t+b/b 013 P by highest
S tt+cc  0.09 output
r=1
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Receiver Operator Characteristic (ROC)

Perfect
Ociassifier ROC curve

* Overall performance of a classifier is usually visualized
using the ROC curve:

* Scan all possible thresholds and evaluate True
Positive Rate and False Positive Rate

True positive rate

* Plot one as a function of the other

0.0 0.5 1.0
False positive rate

* Area under the curve (AUC) often quoted as
performance metric ., »3-13.:‘Tev

ey

-I Sl :'::l'
CMS Slmulatlon '
iftevents T B
AKQem(p >3OGeV)

* ROCs can aide in choosing a classifier and threshold

§ —— DeepFlavour phase 1 ; : j .
Fi| —— DeepCSV phase 1 DO S Z;",ii,'I{,Zi’Z S SR e St it 339 Mttt
e »y 4

~i+| —— DeepCSV phase 0

misid. probability
3
I

* Note: Sometimes ROCs of different classifiers cross
each other -> they are better at different TPR regions Ll e

Zereeensansnseeeientanensanassastescasassnsecghedlonseneesansaneoglonsassasane SS9 A 4 TS S,

.....................................................................................................................................

v !
/3

107 bbbt st LAl b b
0.1 0.2 03 04 05 0.6 07 08 09 1
b jet efficiency
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Confusion matrices

* With a chosen threshold we can plot confusion Positive  Negative
(migration) matrices

Positive True Positive False Positive

* Shows migration from one class to another
. Vel"y USGfU" fOI' mU|tiC|aSSiﬁC8tiOnI Negative False Negative = True Negative

* Which background class looks most signal like?

CMS Simuilation (13 TeV)
|

* Which classes are difficult to separate? 8 elom 10 | o17

= 7
. § hh*h'z | 0.00
* Can be normalized to: g |

,-GO_J, h*hth? ] 0.00

* True classes (efficiency matrix) R
§ nes| 0.09 002 0.6

* Predicted class (purity matrix) S 014 003 001 | 004

. Matg Mg Mg, Other
Generated decay mode
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How to discover a new particle?

Event display . , ;
L0 (a) -
from UA1 First Level Cuts
from 1983 30} — -
20r— -
10 - -
>
S
- oL_n0O 1 1 N e
~ (b)
g Second Level Cuts
S 6 6 Events
:_‘ L - -
° 2F .
E 0 Ln l"r!'l 4
€ (c)
< 6L Final Cuts i
L, L & Events .
2 = —
0 1 l'r!‘l 1
0 50 100 150

Uncorrected invariant mass cluster pair (GeV/c?)

Calculate invariant mass of two
particles to discover resonance




How to discover a new particle?

L0} (a) -
First Level Cuts
30 -
152 Events
. 20 B ~
Standard Model of Elementary Particles |
hr nerati f matter
three ge (fee:';l(:f:‘ss;) atte 10 - -
| I 1 >
;2.2 Mev/c? ;z 28 GeV/c? 2:;73169V/<2 z =125.09 GeV/c® O 0 n . ' 1w I .
13 , J 0 -~
1/2 u/ 1/2 C/ 1/2 t/ 1 8 0 H N ( b )
up charm to luon Higgs
J J o | sl - g Second Level Cuts
=4.7 MeV/c? =96 MeV/c2 =4.18 GeV/c? 0 T 6 L
-1/3 d -1/3 S -1/3 b 0 : 6 Events
1/2 e 1/2 " 12 g 1 * -— ‘ p— —
down strange bottom photon ° - ~
e ) (et P
=0.511 MeV/c® =105.66 MeV/c? | | =1.7768 GeV/c’ =91.19 GeV/c’ 4—7 -g v ( ) L
-1 -1 -1 0 N 5 C
1/2 e/ 1/2 & 1/2 T/ 1 3 Z z F. l c
l - o 6 L inal Cuts -
electron muon tau oson | A
" ) ) J{ J & L, L & Events il
= <2.2 eV/c? <1.7 MeV/c? <15.5 MeV/c* =80.39 GeV/c’ o0 .
0 0 0 +1 J —
8 1/2 Vy 1/2 Yw 1/2 b 1 w O (2) | |
Q. electron muon tau =
% | neutrino N neutrino ) neutrinoJ kaosonJ g 0 50 100 150

Uncorrected invariant mass cluster pair (GeV/c?)

Nobel price for discovery of W« S
and Z boson in 1984
(Rubbia and van der Meer) S




How to discover a new particle?

19.7 b (8 TeV) + 5.1 b (7 TeV)

X

—

o
w

> i

((b) -

0 i CMS Sum over all classes
< 10 H—=w

405) i S+B fits (sum)

Lﬁ 8 I N T TP T B component

Event display from
CMS from 2012

Di-Photon invariant mass

)
TOEOTEO M@
H"
Y - — — - A ~

9



How to discover a new particle?

19.7 b (8 TeV) + 5.1 b (7 TeV)

= ><103_
8 - CMS Sum over all classes
Z 10 H—=1
N \ ¢ Data
405) - S+B fits (sum)
Lﬁ 8 N e B component
Most events are ol
background i
\
21
O : [ [ [
Di-Photon invariant mass
With a tiny

signal on top



How to discover a new particle?

19.7 b (8 TeV) + 5.1 b (7 TeV)

> ><103:
8 35 _ I_CI:MS S/(S+B) weighted sum
—~ - & ¢ Data
(72) 3 e
"E _ S+B fits (weighted sum)
g 25 f_ ------ B component
o n
g 2F

Divide into 25 categories 5, 15|

according to purity, 2

relative amount of signal i

. . + 05

using simple ML %) i

5 O_|||||||||||||||||||||||||||||||||||||

Di-Photon invariant mass

Weight events according
to excepted purity of
category




How to discover a new particle?

Standard Model of Elementary Particles . 19.7 o (8 TeV) + 5.1 fo! (7 TeV)
three generations of matter > )(1 O [
(fermions) |
| ! ! R a5F CMS S/(S+B) weighted sum
=2.2 MeV/c2 =1.28 GeV/c? =173.1 GeV/c? 0 125.09 GeV/c® G - H— VY
m 7 . o +—= - 4 Dat
Wi @ |- O/ @| ©H » 3 s ata
up charm top gluon Higgs "E _ S+B fits (weighted sum)
1? 7 MeV/c2 7:‘36 MeV/c2 14;3 Gev/c? z G>J 25 :— """ B Component
1/2 d 12 S 12 b 1 » GJ E
down strange bottom photon 8 2
: E -
=0.511 MeV/c* «105.66 MeV/c? |  =1.7768 GeV/c’ =91.19 GeV/c’ [
.1‘- e 1 u -1‘ T 0 L .9) 1 5 -
1/2 ” 1/2 . 1/2 7 1 ® :
electron muon tau Z boson < 1
e’ s’ — R
N (Grene <1.7 MeV/c <15.5 MeV/c* =80.39 GeV, A B
g 0‘1049( ;1 eV) - ‘ !l...Ju v m O 5 -
- 12 v’e/ 1/2 vl} 1/2 VL 1 W C-fl_) B
& electron muon tau W boson Al N | | | | | | |
- neutnnoJ neut”noJ neutrlno_j F) O 1 1 1 1 11 1 1 I I | 11 1 1 1 1 1 1 1 1 1 1 I I | I I |

500110 GeV  Di-Photon invariant mass 150 GeV

-"; 4\ :

Nobel price for Higgs mechanism i\*}
2013 (Higgs and Englert) V4>




How to discover a new particle?

Assume we know what we
are looking for: e.g. a
heavier version of the Z

boson We don’t know the
mass of the
resonant particle

But we assume it
! decays to e.g. a
pairs of top quarks

L]



How to discover a new particle?

3)

=0

1/ep (es

3000 + L-GATr-f.t.
ParT—f.t.+ +
i MIParT-f.t.
2500 PELICAN
LorentzNet L-GATr
2000 A MIParT
M ParticleNet-f.t.
ParticleNet ParT
1500 A
1000 - %ﬁeNiN Non-equivariant
LoLa Equivariant
500 4 Pretrained H
TopoDNN Equivariant+Pretrained 4

2016 2018 2020 2022 2024 2026 2028

time of publication

~ Run: 271516
" Event: 7786087
2015-07-13 09:38:38 CEST

ATLAS

EXPERIMENT

More complicated than electrons:
Use Al for top tagging
Discussed yesterday



CMS preliminary

Overview of CMS EXO results

March 2024

String resonance ™ 0579 1911 .03947 25}
2y resonance " 0350171203143 (20 4 1y; 2e + 1y; 2+ y)
Wy resonance .. [ S E02106 10509 (1) + 1)
Higgs y resonance . [ 072325 180801257 (14 1)
Color Octect Scalar, k2 =12 w 053 1911 03947 (2)
Scalar Diquark M 05T 191103947 (2)
th+ ¢, pseudoscalar (scalarl, g2, x BRig-+2{) > =0.03{0.004) ~ [ 0D15-0.075 191104968 (3¢, = 4t}
tH+ ¢, pseudoscalar (scalar), g2, x BR($~2{) > =0.03(0.04) ~ 0108034 191104968 (3¢, = At}
pp+Ziy+X » CMS-PAS-EXO-19-009 (pp + L4, pp + Y}
X9, Mg =0.02My, §~|yy) merged diphoton pair e COMS-PAS-EX0-22-022 {2(yy)}
Wy Resonance leptonic w 00 CMS-PAS-EXO-21-017 (L4 P2 4y)
SUEP Offfine, To =3 GeV, mg =3 GeV, BrA'»mm) = 100% M O 0220 OMS-PAS-EX0-23-002 {(SUEPOffline) )
Split SUSY, HSCP gluino with infinite lifetime, fi;= 0.1 s (CMS-PAS-EX0-18-002 (dE/dx)
stau pair production, HSCP with infinite lifetime n. (CMS-PAS-EX0-18-002 (dE/dx)
Doubly-charged tau', HSCP infinite lifetime, DY production e (CMS-PAS-EX0-18-002 (dE/dx)
quark compositeness (1), nugr=1 Kinn 210302708 (21}
quark compositeness (8}, nugr= - 1 Kinn 210302708 {21}
Excited Lepton Contact Interaction N 025516 2001 04521 (2e + 2)
Excited Lepton Contact Interaction " 02 200104521 (2 4. 2j)
vectormediator(qg), go = 025.gon= 1,my =1 GeV ™ [ 03507 1911 03761 (= 3j)
vector mediator (#),g; =0.1,gow =1,,=0.01,m; >1 TeV » O 02-192 2103.0 2708 (2e, 21}
{axial-vector mediator (qd), gq =0.25,gon=1,my=1 GeV M [ 0528191103947 {2))
{axial-Jvector mediator (), ga=025,gom =1,my = 1 GeV M 210713021 {= 1j +p§'=}
{axial}-vector mediator (f), g; =0.1,gow= 1.8, =0.1,m; > Mpes2 » 210302708 {2e,2p)
scalar mediator {+4/th), g, =1,gou=1.m, =1 GeV » 190101553 (0, 11 + =2j+ pP'=)
scalar mediator (+t, g, = L.dow=Lm; =1 GV N I O050210710892(0, 1 + 2j+ pY)
scalar mediator {fermion portal), A =1,my =1 GeV " 210713021 {= 1j +p7=)
pseudoscalar mediator (+jV), go=1,gow =1,m; = 1GeV » 0-0.472107.13021 {= 1j +pJ*=)
pseudoscalar mediator (+4th), gq=1.gou=1.m; =1 GeV » 190101553 (0, 14+ =2j+ pf'=)
pseudoscalar mediator (+4H), gq=1, gou =1.m, =1 GeV » I 0050422107.10892(0, Lt + =2+ py=)
complex sc. med. {dark QCD), mn, =5 GeV, cTx, =25 mm M 1810.10069 (4}
Baryonic Z', gy = 025,gow =1,my =1 GeV M 190801713 (h+p§=)
2 mediator {dark QCD), Mgy = 20 GeV, fiy, =0.3, Gygy =iy » 211211125 (2§ +p§=)
Z -2HDM, gz = 08,gon= 1, tanf =1,m; = 100 GeV » 190801713 (h +pJ=)
Leptoquark mediator, B =1, 8= 0.1, Ax.av =0.1, 800 < Mo < 1500 GeV M [ 0306181110151 {1p +1j+ pp=)
axion-like particle, f-! =12 Tev-! " [ 05200MS-PAS-EX0-21-007 (pp+ yy)
inelastic dark matter madel, y=104,a5.=0.1 w 00030108 CMS-PAS-EX0-20-010 (2 displaced j + )
inelastic dark matter moddl, y=10,a5=0.1 " [ 002:008 CMS-PAS-EX0-20-010 (2 displaced p +py™)
dark Higgs, g = 0.25,gow = 1, 6=0.01, my = 200 GeV, mz = 700 GeV " [ 0160352 CMS-PAS-EX0-21-012 (14 + 2§ + pJ'™, 2 +pJ'=)
APV stop to 4 quarks M 008052 1608 03124 (25 &)
RP squark to & quarks ~ A2 106 01056 (2)
RPV glino o 4 quarks M O EIAY 1606 01058 (2])
RPV stop scouting boosted » 0074002 CMS-PAS-EX0-21-004 {scouting boosted dijet)
RPV mass degenerated higgsinos to trijet boosted scouting ~ 0.07-0.075 & (.95-01. CMS-PAS-EXO-21-004 {scouting boosted trijet)
ADD (j} HLZ, nep =3 ~ 1803.08030 (2j)
ADD {yy. ) HLZ, nep =3 ~ 1812.10443 (2y,21)
ADD Gyx emission, ngp =2 ~ 210713021 {2 4j +pJ'=)
ADD QBH {jj}. neo =6 » 180308030 (2j)
ADD QBH (e}, neo =4 ~ 2205.06709 {ep)
ADD QBH (eT), ne =4 » 220506709 (et}
ADD QBH {uth, nep=4 » 220506709 {uv)
ADD QBH{yj}. o =6 ~ OMS-PAS-EX0-20-012 (y + j)
RS Gocltt), kiMa =0.1 ~ 210302708 (2t}
RS Gxxlqg. gg), kiMa =0.1 » P 05:2161911.03947 (2j)
RS QBH (j). nen =1 ~ 1803.08030 (2§}
RS QBH (yj). neo =1 I 20552 OMS-PAS-EX0-20-012 [y + j)
non-rotating BH, Mo = 4TeV, neo = 6 ~ 1805.06013 (= Tj(L,y)}
3-brane WED gerld +9-999). Goav = 6, gow =3, £=0.5, midhimigre) =0.1 o ) [ 20:83 2201 02140 (2§)
<pIR-UED, p22 TeV " 042 2202 0607 4+ p)
ADD {yy) HLZ ne =4 " OMS-PAS-EX0-22-024 (yy}
RS Gelyyh, kiMa =0.1 » |CMS-PAS-EX0-22-024 (yy}
excited light quark (qg), A=m;’ " 05t 1911.03947 (2))
excited light quark (qy), fs=f=F =LA=m; " ORI CMS-PAS-EX0-20-012 [y + )
excited buark, f; =f=f =1,A=m; M _CMS-PAS-EXO—ZMI.Z y+ijl
excied dectran, § =F=F =1A=m; M 25 181103052 (y + 26)
excited muon, & =f=F =1.A=m; “ 0253 1811 03052 fy + 20)
WMSM, [Vegl? = 10, |VuP =10 ~ i i 0.001-1.24 1802.02965; 1806 10905 {3; = 1j + 2}
WMSM, Vel = 10, [Vl?=10 » i i 0.001-1.43 1802.02965; 1806.10905 (3¢; = 1j+ 2e}
VMSM, VeV PUIVen2 + Vi =10 ~ H .~ 002-16180610905 (= 1j+p +e}
i Type-lll seesaw heavy fermions, Flavor-demacratic ~ | 01-0982202.08676 (31, = &L, 1T+ 3, 2v + 2, 3t + 14, It 4+ 21,27 4+ 14}
Vector like taus, Doublet » | 01-1.0452202.08676 (31, = 4L, 1T+ 30, 27+ 20, 31+ 14, Iv + 2,27 + 11}
Vector like taus, Singlet » 0125-0.15 220208676 (3¢, = &, 1v+ 34, 2t + 2, 3T+ 14, I 4+ 21,27 + 11}
2, narrow resonance, 2= 8x 10-¢ {90% C.L) % 0011501075 191204776 (2u)
2Z,,, narrow resonance, £2= 4x 10-7{90% CL} ~ [011:0:21912.04776 (2}
Z,. narrow resonance, £2=7x 10-7{90% CL) x| 00011-0.0026 CMS-PAS-EX0-21-005 (2p1)
Z,, narrow resonance, £2=3x 10-% (90% CL} » [ 0004200079  CMS-PAS-EX0-21-005 (2p)
SSMZ'(u) “ T 02:5115 2103.02708 (2, 2p)
SSMZ'(qg) ~ 0529 1911.03947 (25}
Zlqq) " 0010825 190510331 (1j, 1y}
~ S 02:406 210302708 (2e, 24
LFVZ, BRley) = 10% M 1 023510 2205.06709 (e
LFV Z, BRleT) = 10% ~ O 02:832205.06709 (e
LV Z, BRluT = 10% ~ 1 02411 2205.06709 ()
SsMwitn " s 2202 06075 (4 )
Leptophobic Z' ~ 005085 1909.04114 (2]}
SSM W'{qg) ~ 1911.03947 (2j)
LRSM Walphia), M, =0.5Mug, ~ 211203949 {2 +2j)
SSMWv) ™ 0618 2212.1 2604 (v+ py')
LRSM WaleNn ), M =0.5Mvg, M 211203949 (2e + 2j)
718y L) “ [1035:0/5 2307 08708 (Z'~apt + = 1b)
LRSM Wa(tha), M. =0.5 My, M 181100806 (2t +2j)
Axighuon, Coloron, cotf= 1 .. O G 191103947 (2))
Z', HSCP tau’ 500 GeV mass with infinite lifetime e (CMS-PAS-EX0-18-002 (dE/dx}
" n n i i " i il " i i " i i PE—— | i i i " " i PR i " " i n " n i n i i n
Selection of observed exclusion limits at 95% C.L. (theory uncertainties are r?o?? cluded). 0.010 0.100 1000 10.000

Mass Scale [TeV]

36 bt
36 fb~?

36 fb!
36 fb?
36 fb~!
137!
137!
137!

137!
137 fb'1

97 fb'
140 !

137 m-l
36 bt

140 ot
137!
137!
137 m-l

73 fb'
137 fb
36 fb~!
137 fb-l
36 ﬂr

36 fb'
137 fb-l

So far, no

new physics

IN model-
driven
.searches



Anomaly Detection



What is an anomaly?




Point anomaly

* Outliers: Datapoints far away from regular
distribution

* Examples:
* Detector malfunctions
 Background-free search

X

Normal







Count

Group anomaly

80

b
Color (Mass)



¥ §

Count

Individual examples not anomalous,
but interesting collective behaviour

Group anomaly

Examples:

New physics searches, e.g. resonances

Excess in time series

»
>

SB § SR | SB m

Pdata(T|m € SB)
= ppg(x|m € SB)

pdata<x|m € SB)

ata(z|m € SR
pdt( | ) :pbg(.’L”mESB)

81

b
Color (Mass)




Group anomalies



Revisit assumptions

Assume we know what we
are looking for: e.g. a
heavier version of the Z

boson We don’t know the
mass of the
resonant particle

But we assume it
! decays to a pairs of
top quarks

L]



Assumptions, revisited

We don’t know the
mass and type of
the resonant
particle

Jet
And we don’t know

what particles it
decays to

(for now assume it
decays into two
Jets)

Jet
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Photo © Frank Schulenburg / CC BY-SA 4.0 via Wikipedia
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Define a signal cut-out




=
e

—)V Cancel Accept
And interpolate the
background




Original Interpolated

Corporate needs you to find the differences
between this picture and this picture.

B They're the same picture.
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Generation frame: 102
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Original Interpolated

fi Me: 103
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Corporate needs you to find the differences
between this picture and this picture.



Resonant Anomalies

; ; Consider resonant anomalies:
B T A IOUTCUR B fully data-based construction of
S0 | Eme 4 |MEE anomaly detection score
a.u. 4 ; E
T a a
I a
xh"’\ i i
- !
N*... i
- -<:H
1 \ >
SB ; SR ; SB m
Pdata(z|m € SB) Pdata(z|m € SB)

GK, Nachmann, Shih et al 2101.08320;
Hallin, .., GK et al 2109.00546;



Resonant Anomalies

4 additional

; ; " features
x , X X ,
TR B IR / LHC02020
*r"l*" E e’f‘f* E ‘f 40000 my,, anomaly |
i i i L S 30000 Amy, anomaly -
a.u.4_ i i = 20000 01 mj,, normal
%\\-‘ i i © 10000 [] Amj, normal
hx‘w i i 0 ' ’ ' ! !
SN : : 0.0 0.2 0.4 0.6 0.8 1.0
o : Feature
T : LHC02020
~ i 30000 — ' ' '
...;L , 25000} Tp1,1, anomaly [0 Tpp 3, normal -
_g 20000 Ty1.2, anomaly  [] Tp1 », normal °
Z 15000 -
'S 10000¢} :
1 1 J N . | - )
SB | SR | SB m 00 02 04 06 08 1.0
i . \ Feature
_ 9B pdata(x‘m S ) . 9B
= pog(z|m € SB) = prg(z|m € SB)

\

one resonant feature

Signal too small
to be visible In
inclusive distribution

GK, Nachmann, Shih et al 2101.08320;
Hallin, .., GK et al 2109.00546;



CWola

Mixed Sample 1 Mixed Sample 2
TR RO R eeOO0 | | ©e00®
fires, ! cani ! gl
RN IR OO0 | | @COOG
", ; - OO0 | | ©O®®O®
N ; OO0 | | @E®O®
e ; @O0006 | | #0006
*~SL~ i \ J \. J
~‘~- i
T \o 1 /
R Classifier
SB § SR § SB m
Pdata(T|m € SB) Pdata(z|m € SB)
_ Pdata(®|m € SR) _
el € 50 el € 50 Use weak classifier.

Problems?

pvy _ firs+(—fi)ps _ h Lg/p + (1 — f1)

L =M ,
MMy = v Faps+(—fa)p faLs/s + (1— fa)

Nachman et al 1708.02949



CATHODE

SB

Pdata(z|m € SB)
= ppg(z|m € SB)

SR

Pdata(z|m € SR)

>

SB m

pdata(x‘m S SB)
= ppg(z|m € SB)

GK, Nachmann, Shih et al 2101.08320;

Hallin, .., GK et al 2109.00546;

Train generative model



Aside: Generative Models

Train generative model

Given a set of examples {xi}
drawn from a distribution p(x),
learn a mapping fe so that
fe(a(z)) = p(x)

for a random distribution q(z)

More later

>

SB § SR § SB m

pdata(x‘m S SB)
= ppg(z|m € SB)

pdata(x‘m S SB)

Pdata(|m € S]) = ppg(z|m € SB)

GK, Nachmann, Shih et al 2101.08320;
Hallin, .., GK et al 2109.00546;



CATHODE

SB

Pdata(z|m € SB)
= ppg(z|m € SB)

SR

Pdata(z|m € SR)

e

SB m

pdata(x‘m S SB)
= ppg(z|m € SB)

GK, Nachmann, Shih et al 2101.08320;

Hallin, .., GK et al 2109.00546;

Train generative model
conditional on m



CATHODE

xr

‘-_;."_-3_:*?’.- .
2.
A

1 o

1

1

1

1

1

[

I e e : .U

1 .

! ety o "

i el

i e

! o

! .

1 ° ¢ R
] >
1

1

SB

Pdata(z|m € SB)
= ppg(z|m € SB)

SR

Pdata(z|m € SR)

>

SB m

Pdata(z|m € SB)
= ppg(z|m € SB)

Interpolate &
_—~"and sample here

GK, Nachmann, Shih et al 2101.08320;

Hallin, .., GK et al 2109.00546;



CATHODE

i i

3ot ! R ! e

shes 1 T 1 e er .

Cte vt lar .o 1 ST TP 1 RS )

. 5.1',4:7-‘_ € : A '::'fﬁ.:._ . : . "f_{' =

el ] e ARt ] AR

: X ! . X 1 . .
a.u. A} i 1
N

Train a classifier between
. ~ prediction vs data

. a )
Generative
. Actual data
SB i SR i SB m model output

Pdata(z|m € SB)

Pdata(z|m € SB) Tt T4
= ppg(z|m € SB)

Pdata(|m € S]) = ppg(z|m € SB)

." t’g’z‘.‘; 0,
. .‘.'%{ "ﬁ‘ .

TN

. iR,
o.~ ?. °

\_ —

. , )
0 1
Classifier

GK, Nachmann, Shih et al 2101.08320;
Hallin, .., GK et al 2109.00546;



CATHODE

0.0 Signal Region
| —— Supervised
17.5 — |dealized AD
" —— CATHODE
g 15.0 CWola
o ANODE
o1254 P TV NGO e
% 10.0
5 75
. 4 )
Generative
............................................................................. Actual data
- - model output
Signal Efficiency (True Positive Rate)
T 4 . . K |
Use classifier to identify ERRT BT
anomalies L _ T y

work on data?

—
- . 0 1
Promising, but does this \
Classifier




Aside: CASE

Available on the CERN CDS information server CMS PAS EXO-22-026

CMS Physics Analysis Summary

Contact: cms-pag-conveners-exotica@cern.ch

2024/03/20

Model-agnostic search for dijet resonances with anomalous
jet substructure in proton-proton collisions at /s = 13 TeV

The CMS Collaboration

Abstract

This note introduces a model-agnostic search for new physics in the dijet final state.
Other than the requirement of a narrow dijet resonance with a mass in the range of
1800-6000 GeV, minimal additional assumptions are placed on the signal hypothesis.
Search regions are obtained by utilizing multivariate machine learning methods to
select jets with anomalous substructure. A collection of complementary anomaly de-
tection methods ~ based on unsupervised, weakly-supervised and semi-supervised
algorithms — are used in order to maximize the sensitivity to unknown new physics
signatures. These algorithms are applied to data corresponding to an integrated lu-
minosity of 138 fb~!, recorded in the years 2016 to 2018 by the CMS experiment at the
LHC, at a centre-of-mass energy of 13 TeV. No significant excesses above background
expectation are seen, and exclusion limits are derived on the production cross section
of benchmark signal models varying in resonance mass, jet mass and jet substructure.
Many of these signatures have not previously been searched for at the LHC, making
the limits reported on the corresponding benchmark models the first ever and the
most stringent to date.

(©) 2024 CERN for the benefit of the CMS Collaboration. CC-BY-4.0 license

New result by the CMS
collaboration

Full Run 2 dataset

6 anomaly detectors in parallel



Events / 100 GeV

Data - Fit

—
o
&)

—
o
N
LI

10%}

102}

10!

10°

Unc.

ApoN A
4\\\'\\\\\\\\\4 4\\

Aside: CASE

5000 5500

M (GGV)

* New result by the CMS
collaboration

CMS Prefiminary 18 (3T8Y) «  Full Run 2 dataset
| CAETHODE:ASigna' regions + Data 3 6 anomaly detectors in parallel
— Bkg. fit -
e ]
\M 1 Fully train CATHODE on data
3 T N Select top 1% most anomalous events,
e perform bump-hunt
! '-_r_! 1 No signal-like outlier: set limits



What’s Beyond?




What’s Beyond?

Jet

More features Jet

Better generative models / classifiers
Other topologies

Non-resonant features



Outliers



Outliers

What if the events are

even weirder?
Jet

Jet




Autoencoders

. X’ ‘

Learn-compression/decompression
on signal free sample and use as
anomaly score

£(@) = llz = go(So@)|

102 E

=
o
=

Background rejection 1/¢ep

100

0.0 0.2 0.4 0.6 0.8 1.0
Signal efficiency €5

Heimel, GK, et al 1808.08979; Farina et al 1808.08992;



Autoencoders

* Potential issue of models that only use pBackground (€.9. autoencoders)

14 TN - B 1.4
\\ /’ \\ B{/ - // N\ A
. \ / \ ; A 1.2 // “\
1 111 S | R - / \
meo 1 S — 0 e \
0.0 OTZ 0.4 > 0.6 0?8 1.0 0.00.0 072 0?4 N 0?6 OYB 1.0 0.0 0?2 014 N 0?6 0?8 1.0

2012.03808 (Lan & Dinh), GK et al 2209.06225 107



Example: Triggering Outliers

Learn-compression/decompression
on signal free sample and use as

anomaly score
Now testing in CMS Level 1 trigger

https://indico.cern.ch/event/1283970/
contributions/5554350/attachments/
2720710/4727877/axol1tl_fastml.pdf

R

—> u —
Probabilistic . .
Encoder
> 5 —

CMS Experiment at the LHC, CERN
Data recorded: 2023-May-24 01:42:17.826112 GMT
Run/ Event/LS: 367883 / 374187302 / 159

Probabilistic

Decoder




Comments on Anomalies

e Systematic anomaly searches as fail-safe strategy to signature based
searches

e Trade off between sensitivity and breadth

e \Weak supervision as useful technique beyond anomalies



Plan

e | ecture 1:

e Basics of Neural Networks

e (Classification example: Top Tagging
e | ecture 2:

¢ Anomaly Detection

e Generative Models



Motivation

Have: input examples Want: more data
collision events,
detector readouts, ... Specifically: new data similar to

the input, but not exact copies

How to encode in neural net?

Uses:
Simulations
In-situ background estimation

Surrogate models

111



Generative Models

This happens in the experiment

N \ F ]:/“//
T e, T

+ LDy +he

ke >L kﬁc)' >L5¢ +H<~

This is what we want to know

Simulation is crucial to connect
experimental data with theory
predictions



Generative Models

This happens in the experiment

LHC, CERN

A iy 9
a ' =S ¢ -03 08:48:32.279562 G
= My y ) prd 3 v a n-03 08:48:32.279552 GMT

246908 / 77874559 / B6

\

faVv

+ LDy +hc
ik >Z'¢ kﬁ,;)'%’jséﬁ—b\.(\

This is what we want to know

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

ATLAS Preliminary _ . . IRunS (I;lzlss)l I . Rlun4(u|:88|—14?) N RunF;l(gAT16:5—200)l
2020 Computing Model -CPU: 2030: Baseline ve ry cost |y g 80FT ATLAS Preliminary ' ' B
7% ‘ﬁﬁ‘_*_‘\ls% 2 70 - 2020 Computing Model - CPU ) =

- @ - o Baseline o 3

é 60 * Conservative R&D ’ 3

c - v Aggressive R&D 0---O .

-% 50— Sustained budget model e

B Data Proc I E (+10% +20% capacity/year) & ’__,A-" E

- MC-Full(Sim) 2 406 =

MC-Full(Rec) 8 C .

. MC-Fast(Sim) E 30:_ _:

B MC-Fast(Rec) O C .

B EvGen < 20K ]

Heavy lons = - ]

I Data Deriv < 10 :_ _:

B MC Deriv C pe- =

AnalySiS O oc v o b by by by by oy

2020 2022 2024 2026 2028 2030 2032 2034

Year



Generative Models

This happens in the experiment

\7‘ \ Tj F/A//
ol =i l/’“"/

+ LY\'%% +h c
ke >L kﬁcﬂéﬁbﬂ—b\.(

+RA -V (@)

This is what we want to know

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

Use Al to improve efficiency of
simulation codes or learn
surrogates



Calorimeter Simulation

Passive absorber
l l Shower of secondary particles

Incoming particle

Interaction of particles with
multi-layer detectors to

determine their initial energy Py
(and type) Detectors

Measurement of energy,
position, (and time) of
secondary particle hits



Calorimeter Simulation

Interaction of particles with
multi-layer detectors to
determine their initial energy
(and type)

Measurement of energy,
position, (and time) of
secondary particle hits

Represent data as

-fixed grid

(3d matrix of detector
elements, value=energy)
-point cloud

(set of hits, each hit is a 3d
vector with position+energy)

Passive absorber

‘o

Incoming particle

Detectors

Shower of secondary particles

as fler wlnt cloud




HEP Strategy

1. Use classical simulation
or data as input

2. Train generative

surrogate

3. Oversample

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Generator

G(z)
\

po(x|2)
~

Inverse

(=)

Paganini, Oliveira, Nachman 1705.02355; Butter, Diefenbacher, GK, et al 2008.06545;




Overview

GAN: Adversarial /
training

D(x)

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

94(2x)

Discriminator Generator

Encoder

G(2)

Inverse

f(2)

Flow
f(x)
XO‘_: X1 "

118




Generative Adversarial Networks



Generative Adversarial Networks

Generator

G(z)

Discriminator

GAN: Adversarial /
x — ]
D(x)

training

f i
Generative Adversarial / |
Networks (GANS) Maps random noise to

consist of 2 networks realistic examples

Provides feedback on
quality of examples

1406.2661
lilianweng.github.io



Generative Adversarial Networks

Generator

G(2)

Discriminator

GAN: Adversarial /
x |
* D(x)

training

Training objective:
Binary cross entropy

min ma’XV(‘D7 G) — ﬂw’\’pdata(w) [lOg ‘D(w)] + 4:z’\’pz(z) [lOg(l o D(G(z)))]

G D

| |

True examples Fake examples

1406.2661



Generative Adversarial Networks

GAN: Adversarial
training

Discriminator

D(x)

Training objective:
Binary cross entropy

minmax V (D, G) =
G D

L ~opaa () [108 D()] +

Maximise for
discriminator

U znp. (z) 108(1 — D(G(2)))]

1406.2661



Generative Adversarial Networks

Generator

G(2)

Training objective:

. Minimise for generator
Binary cross entropy

min ma’XV(‘D7 G) — ﬂw’\’pdata(w) [lOg ‘D(w)] + 4:z’\’pz(z) [lOg(l o D(G(z)))]

G D

1406.2661



Generative Adversarial Networks

Discriminator

GAN: Adversarial /
x o
D(x)

training

Generator

G(2)

Training objective:
Binary cross entropy

m(%n max V(D,G) = Egrpy () log D(x)]| +

At (Nash) equilibrium:
Generator produces realistic examples
Discriminator is maximally confused

ﬂz,\,pz (2) [log(l — D(G(Z)))]

1406.2661



Generative Adversarial Networks

Generator

G(z)

Training objective:
Binary cross entropy

m(%n max V(D,G) = Egrpy () log D(x)]| +

For generation:
Sample from Generator
Discard Discriminator

ﬂz,vpz (2) [log(l — D(G(Z)))]

1406.2661



Comments on GANs

Architecture:

Low complexity, fast and adaptable

Learning:

FYNMIJIJI-r rfe )
VOGNS AR R R R R R
D Ov e 1 O O[S RR ]
e A R B RSk B S Y
D= AT IIA O R R R W W W W
MIr3 =< mMFu|®H LR E R
GO r MYy &% %%
MY M= % EEER LR

Matching of generator/discriminator

Q@
@)
©
e
()
S
O
| -
—~~ ._Ql_u
2 f
-
o D O
= O ) -
= © u c
-— —
© o 9 O
Q@ c O c
I c © 35
© o o
17 c © @
c ] O e
D = =
o o o o

20k steps 50K steps 100k steps

10k steps

Mode collapse

Maturity:

Well established,

€910 L9t

many variants and extensions



Variational Autoencoders



Autoencoder

Encoder
Network

f(x)

Decoder

- - Network

g(f(x))

latent vector / variables

Two networks
Encoder: data — latent space
Decoder: latent space — data

1312.6114

lillanweng.github.io



Autoencoder

Encoder
Network

f(x)

Decoder
Network

g(f(x))

latent vector / variables

Two networks
Encoder: data — latent space
Decoder: latent space — data

Training objective:

Minimise input/output difference

L =

Decoder Encoder

N
(z — f(g(x)))

1312.6114



Two networks

Encoder: data — latent space
Decoder: latent space — data

Training objective:

Minimise input/output difference

Uses:

Dimension reduction
Denoising

Anomaly detection
Generation?

Autoencoder

Encoder
Network

f(x)

Decoder
Network

g(f(x))

latent vector / variables

L =

Decoder Encoder

N\ /

(z — fg(x)))?

1312.6114



Variational Autoencoder

Decoder
po(x|z)

Encoder

VAE: maximize X |—s
g (2[x)

variational lower bound

f(z)
Variational Autoencoder (VAE):
Split latent space

(1, 0)

1312.6114



Variational Autoencoder

variational lower bound

VAE: maximize X |—s

Encoder
q¢(2[x)

Decoder
po(x|z)

Variational Autoencoder (VAE):
Split latent space
Sample before decoder

f(x) = (u,0)

z = Gaussian(u, o)

x' = g(z)

1312.6114



Variational Autoencoder

Encoder

VAE: maximize X s
g (2[x)

variational lower bound

flz) = (u,0)
Variational Autoencoder (VAE):
Split latent space — Gaussian(,u, O')
Sample before decoder
Penalty so mean/std are close to unit Gaussian

r' = g(z)

L= (z—g(2)°+0° +p° —log(o) — 1
(Calculate KL-divergence
between Gaussians)

1312.6114



VAE Example

l Input
Dense - 500
Output
v - ,f [0.1,1.2,0.2,0.8,...]
Dense - 120
P Output
_ o [0.2, 0.5, 0.8, 1.3,...]
i o)
Dense - 30 Dense - 30
e
Intermediate
Sample - 30 > - [X1~N(0.1, 0.22), X2~N(1.2, 0.5%), X3~N(O.2, 0.89), X N3, 1.32),....]
Y ‘sample
Dense - 120
Sampled  [0.28, 1.65, 0.92, 1.98,...]
* vector
Dense - 500
i Output

134

towardsdatascience.com


http://towardsdatascience.com

3

=35 -30 -25 -20 -15 -10 ] 0 5

Latent space of MNIST VAE

8
.1

6

(x — g(2))?

Reconstruction

Loss terms

Regularisation

135

Both terms

towardsdatascience.com


http://towardsdatascience.com

Comments on VAEs

Architecture:
e Low complexity, fast and adaptable

e Target: Maximise lower bound on likelihood

Learning:
e Stable training
* Average prediction — blurrier output

e |nterpretable latent space

Maturity:

e Well established,
many variants and extensions

1607.07539



Normalising Flows



Generative models

Flow-based models:
Invertible transform of
distributions

Flow

f(x)

\ 4

Inverse

f(2)

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

the encoder

Can we make this exact?

lilianweng.github.io



Generative models

Flow Inverse

Flow-based models: Xl - S Z— .
f~(2)

Invertible transform of f(x)

distributions /

/

Choose latent space, e.g. standard
normal distribution (hormalising flow!)
Same dimension as datal

Learn a diffeomorphism between data
and latent-space

1505.05770, 1908.09257



Generative models

Flow-based models: x L »l Flow dz Inl/frse X!
Invertible transform of f(x) [ (z)
distributions \

\

f-1is not a learned inversion, but
exact inverse by construction

Learn a diffeomorphism between data
and latent-space

Bijective, invertable



Generative models

Flow-based models: x| Flow | = z |l Inl/frse X!
Invertible transform of f(x) [ (2)
distributions
N

Learn a diffeomorphism between data
and latent-space

Bijective, invertable

Learn likelihood of data

Take into account Jacobian
determinant to evaluate
probability density

1505.05770, 1908.09257



Generative models

Flow-based models: X
Invertible transform of
distributions

Flow

f(x)

Inverse /

f(2)

2 challenges:
Invertible
Easy-to-calculate Jacobean

Take into account Jacobian
determinant to evaluate
probability density

1505.05770, 1908.09257



Coupling flows

Invertible transform of
distributions

Flow-based models: Xl

Flow

f(x)

\ 4

Inverse

| (=)

Coupling layers: Not the most expressive,
but useful for illustration/understanding

1505.05770, 1908.09257



Coupling flows

Flow Inverse

f(2)

Flow-based models: X |
Invertible transform of f (x)

Y
N
\

distributions

Simple (e.g. dense)
neural networks

1505.05770, 1908.09257



Coupling flows

Flow-based models:
Invertible transform of
distributions

Flow
2 f(x)

Pl

\ 4

Inverse

f(2)

«

Forward directio%

Inverse
direction

1505.05770, 1908.09257



Generative models

Invertible transform of
distributions

Flow-based models: X

Flow

f(x)

Inverse /

f(2)

2 challenges:
Invertible
Easy-to-calculate Jacobian

Take into account Jacobian
determinant to evaluate
probability density

1505.05770, 1908.09257



Calculating Jacobian determinant

f1
X1 — Z1 = X1 @ exp(s2(X2)) + ta(x2)
(Xl) J1 <Z1> f2 <Z1) with N

Z1 Z1 . P
J1 = e e | _ (diaglexp(sa(x2))) 7,
1 axQ 5X2

0 1

Triangular by construction

8x1 6X2

detJ; = HeXp(SQ(Xg)) — exp (Z 82(X2))

1505.05770, 1908.09257



Composition

Flow Inverse /

f(2)

Flow-based models: Xl
Invertible transform of f(x)

distributions

Composition of bijective functions
remains bijective

Chain rule: Jacobian determinant of
composition is product of determinants

1505.05770, 1908.09257



How to train NF?

Training objective: Minimise negative
log likelihood of data

Sample points from training data

N

£ — EXdiata

5 IF(x

H2+Z

1505.05770, 1908.09257



How to train NF?

Training objective: Minimise negative
log likelihood of data

L= ~Ex~paa ——Hf NIE+ ) s(x

A)rm into latent space and

1 evaluate probabillity there

) —log (e73/09") = — )+ 5/ (x)?

log(%



How to train NF?

Training objective: Minimise negative
log likelihood of data

£ — EXdiata

——HfX

Contribution from Jacobian
determinant
detJ = exp (Z S X

— log(det J) Z s(x

1505.05770, 1908.09257



Animation




Comments on Flows

O n Iy SC rat C h ed t h e S u rface : §3 1 E;’\}Sﬂggfgeligngl{]s eetcrzril(s)ff)lriq > Problem: no mixing of variables
m O re CO n St ru Ct i O n S avai I a b I e §3 2 Linear flows ——> Problem: limited representational power

Affine combination of variables

§3.3 Planar and radial flows

Non-linear transforms

——>» Problem: hard to compute inverse

Exact learning of likelihood

] ] ] §3.4.1 Coupling flows §3.4.4 Coupling functions
— Better generatlve fldel Ity §342 Autoregressive flows S Depend on Af
. . Architectures that allow invertible coupli.ng : N f_lf d
— C a n eval u ate I I kel I h OOd Of non-linear transformations. functions ° ngti;iejissgn?izire CDFs
e Splines
data §35 Residual flows e Neural autoregressive
Invertible residual networks e Sum-of-squares polynomial
e Piecewise-bijective
More complex §3.6 Infinitesimal flows

Continuous flows depending on ODEs or SDEs

— Slower, choice of fast direction

L

/
/

Flow z Inverse ’
S I 5 O I ) I O e )

1908.09257



Diffusion Models



Diffusion Model

peXt1|Xt
o) — - H@ @H H

\__—’

Core idea: Stepwise transition
from pure noise to data

Markov chain

IL ),’fﬁz '*7(@ If {L [ggq SN \\/ makeagitcom



Diffusion Model

\

-

e

y

Core idea: Stepwise transition
from pure noise to data

-with-

-ai/enerating-images

ing

.com/mlearni

lum

//med
ddpms-a-pytorch-implementation-cef5a2ba8cb

https



Diffusion Model

\__.—’

Core idea: Stepwise transition

from pure noise to data
CaloCloud, time stamp: tgg

Energy [MeV]

1.4

1.2

LI B e o e

vy [cells]

......

AD

o X DG 0.2
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Continuos Diffusion Model

peXt1|Xt
= H@ @H — (%)

\__.—’

Replace discrete noise steps l

with stochastic differential equations
(SDEs)



Comments on Generative

Models

e Simulations are a core need of fundamental
physics but computationally very costly

e Aided by developments in generative models

¢ Main application: Detector simulation, but also
other developments (theory simulation, in-situ
backgrounds, ...)

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

eeeeee




Closing

Broad developments on ML in Particle Phsycis

Covered some key topics, but wide range of
other applications

-> https://iml-wg.github.io/HEPML-

LivingReview/
Beam control

Real-time (Trigger & DAQ)

/EndZEnd Learning
Alin ——

Particle Foundation
e Physiscs Models

\
Tagging / Signal Particle flow /
classification reconstruction
Perturbative

Weak supervision / Simulation / Generative calculation

anomaly detection Models Automated

design
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Bonus Matenal
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Diffusion Model

SN —_—— -

Core idea: Stepwise transition
from pure noise to data

C](Xt|Xt—1) = N(Xt§ \/1 — BeX¢—1, 5751)
Individual step V

Noise schedule

Forward (hyper-parameter)

(Data — Noise)
T

q(X1.7|X0) = H q(xt|xt—1)

Full chain t=1

This is added in the training
process



Diffusion Model

SN —_—— -

Core idea: Stepwise transition
from pure noise to data

Q(Xt|Xt—1) = N(Xt; \/1 — BiX¢—1, 5751)

o™ Noise a(xe|x0) = N (x5 V/arxo, (1 — a)1)
Shortcut: /
t ition t ti _
ransition to any time a, — HZ:1 o
¢ — ]. — /Bt

This is added in the training
process



Diffusion Model

SN —_—— -

Core idea: Stepwise transition
from pure noise to data

Q(Xt|Xt—1) = N(Xt; \/1 — BiX¢—1, 5751)

Forward C_I(Xt‘XO) — N(Xt7 \/ @tX07 (]- o &t)I)

(Data — Noise)

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

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

This is added in the training
process



Diffusion Model

g —®= =)

\__.—’

Core idea: Stepwise transition \

from pure noise to data
pPo (Xt—l |Xt) = N(Xt—l; Ho (Xta t)a EQ(Xta t))

/ \
To be learned Ze(Xt, ) — gtI
(in principle) (hyper-parameter)

Reverse
(Noise — data)

Po (XO:T) = p(XT) Hpe (Xt—l ‘Xt)

/ t=1

p(x7) = N(xr1;0,T)



Diffusion Model

peXt1|Xt
@ H@‘ oy — ()

\__.—’

Core idea: Stepwise transition \

from pure noise to data
pH(Xt—1|Xt) = N(Xt—13 M@(Xta t)? EQ(Xta t))

i
1 Bi

Reverse \/0775 \/1 — @te)

(Noise — data)
Optimal expected mean (take into
account known noise schedule)




Diffusion Model

peXt1|Xt
@ H@‘ \@H — ()

\__.—’

Core idea: Stepwise transition \

from pure noise to data
pH(Xt—1|Xt) = N(Xt—13 M@(Xta t)? EQ(Xta t))

i
1 Bi

Reverse \/0775 \/1 — @te)

(Noise — data)
Use to parametrise function:

(s, t) = \%(xt \/15_ o (z1,1)

and learn to predict noise



Diffusion Model

fpext1|
O —~®:

Xt
@H — ()

Core idea: Stepwise transition x
from pure noise to data
pPo (Xt—l |Xt) = (Xt—l; Ho (Xta t)a EQ(Xta t))

Reverse Resulting learning objective
| = — 2
(Noise — data) Lsimple(Q) = Bt x4 . {He — €gl(v/ QX + V1 — aye, t) H }

Noisy imag/v

Xt(X(), 6) = /O X + \/1 — Q€

Timestep

Reminder: Forward
diffusion to time t



Diffusion Model

peXt1|Xt
= H@ @H — (%)

\__.—’

Core idea: Stepwise transition
from pure noise to data

Algorithm 1 Training
I: repeat
2: xo ~ q(x0)
3: t ~ Uniform({1,...,T})
4: €~ N(0,1)
5: Take gradient descent step on

Vo He — eg(v/arxo + /1 — @te,t)H2

until converged




Diffusion Model

\__.—’

Xt|Xt 1
Core idea: Stepwise transition
from pure noise to data
Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: xp7 ~ 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
: €~ Y —_
5: Take gradient descent step on X1 = \/z—t (Xt - \}1_77569(3% )) + 01Z

Vg{’e—eg(@xo+\/1—@te,t)"2 5: end for

6: until converged 6: return xg




Continuos Diffusion Model

Wiener process/
» Brownian motion
Forward SDE: dx = f(X, t)dt + g(t)dw (independent
Gaussian

Drift term Diffusion term  Increments)

(Correspond to the noise schedule
in discrete case)




Continuos Diffusion Model
Probability density of x(t)

'
Reverse SDE:  dx = [f(x,t) — g(t)*Vx log ps(x)]dt + g(t)dw

N

Score function

Reverse of a diffusion process is also a diffusion




Continuos Diffusion Model

Reverse SDE:  dx = [f(x,t) — g(t)V« log ps(x)|dt + g(t)dw

9* — arg;nin Et{k(t)Ex(O)Ex(tﬂx(O)[ HSQ (X(t), t) — Vx(t) logp()t (X(t) ’ X(O))

Learn to approximate score function with neural network




