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Generative network
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Generative networks
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Generative network®] LA+ 4
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X arXiv ,
® V AE https://arxiv.org » stat x —> | Encoder |—» 12/ —> | Decoder [— > X
[1312.6114] Auto-Encoding Variational Bayes

DP Kingma - 2013 - Cited by 41189 — We introduce a stochastic '

algorithm that scales to large datasets and, under some mild differen

® GAN X arXiv

https://arxiv.org » stat 3

[1406.2661] Generative Adversarial Networks
by IJ Goodfellow - 2014 - Cited by 76074 — We propose a new fral '--{ Discriminator | ——> sy'n‘;zgi (
models via an adversarial process, in which we simultaneously trair

Generative Adversarial Network
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® Normalising flow

Normalising Flows
X arXiv
https://arxiv.org » stat 3

[1505.05770] Variational Inference with Normalizing Flows | x ——>| Fow (———>'2 —>| mnerse |—> x
DJ Rezende - 2015 - Cited by 4633 — We introduce a new approach for specifyil

complex and scalable approximate posterior distributions.

® Diffusion model Diffusion Model
X arXiv Forward diffusion process >
https://arxiv.org » cs
[2006.11239] Denoising Diffusion Probabilistic Models . ’x . . ‘-
1 2
‘ 0 : 1 9 — We present high quality image synthesis res .= - - = ——
probabilistic models, a class of latent variable models inspired by consideration:
< Reverse diffusion process




Generative Adversarial Network
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"adversarial”

Basic idea of




Basic idea of "adversarial”




Algorithm of GAN

s . G
® Initialise generator and discriminator

® In each training iteration:
- Fix generator G, and update discriminator D

B/ VaE A

“training sample”

Random vector
[ C .. ];
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0

Fixed

D
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Algorithm of GAN

s . G
® Initialise generator and discriminator

® In each training iteration:
- Fix generator G, and update discriminator D
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Algorithm of GAN

s . G D
® Initialise generator and discriminator

® In each training iteration:
- Fix generator G, and update discriminator D
- Fix discriminator D, and update generator G (G learns to "fool" D)

B/ VaE A

“training sample”

Training batch '

Random vector
[ C .. ];
[ . . ]—

vy
0

Update
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Math behind GAN
_[_ B '|:IIF P
_ li

j“?

g“ e

AL Aa

G

Divergence between distributions P and P,
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Divergence: a measure of distance
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Math behind GAN
G* = arg Hgn DiV(PGa Pdata)

o GAN allows to calculate divergence with sampling from P and P,

Train

’ D D* = argmax V(D, G)

D
: data sampled from P, V(D,G) = EyNPdata[log D(y)] + EyNPG[l — log D(y)]

: data sampled from P, ,

Zr5E 2 e E! E’\ngx V(D, G 23Diviy— MEit
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Math behind GAN
G* = arg mci;n DiV(PG9 Pdata)

o GAN allows to calculate divergence with sampling from P and P,

Train

D D* = argmax V(D, G)
D

: data sampled from P, V(D,G) = EyNPdata[log D(y)] + EyNPG[l — log D(y)]

: data sampled from P, ,

Zr5E 2 e E! E’\ngx V(D, G 23Diviy— MEit

G* = argminmax E,_p, [logD()]+E,_p [1 —log D(y)]
G D ata
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MinMax problem

G* =argminmax E,_p [logD(y)]+E, p [l —logD(y)]
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GANRIBOH

o HDEBEARS, AIMUREMX S P, and P, ., LISTENGIREIE
A FE

AN

o BB 1HELAEDMloss/NMFAEE, EAR T D HINEET

o NERFIZO)ER, Wasserstein GAN (WGAN) MFRISE9GANElossiR%
7 B0FH, IRE T{ERAWasserstein distance (¥ JyEarth Mover's
Distance) {ENEEBEAIIE

\ arxXiv
/’ https://arxiv.org » stat 3

[1701.07875] Wasserstein GAN

by M Arjovsky - 2017 - Cited by 17925 — We introduce a new algorithm named WGAN, an alternative to
traditional GAN training. In this new model, we show that we can improve the stability of learning.
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Tutorial notebook

® https://qgitlab.cern.ch/zhangruiPhysics/tutorials
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Hadrons

, ATLASE T SHREasIRERFER 7285

Inner

Detector Calorimeters

FastCaloSimv2

Geant4 FastCalo | FastCalo | FastCalo
Geant4 s Sim V2 GAN Sim V2

E,;, < 200 MeV
Otherhadrons: "W £, < (8—16) GeV | (8—16) GeV < Iy, | E;, > (256 — 512) GeV

Ei, < 400 MeV < (256 — 512) GeV

Geant4

Muon
Spectrometer

Muon
Punchthrough
+Geant4

Geant4



https://link.springer.com/content/pdf/10.1007/s41781-021-00079-7.pdf

® 2024+

Charged
Pions
Kaons

W

. FastCaloGANSEEFH—F 1L, EIRNBEF

Muon

Calorimeters Spectrometer

FastCaloGAN V2 FastCaloSim V2

Exin < 8 GeV && |n| < 2.4, Ekin > 16 GeV && |n| < 2.4,
Except [0.9<|n|<1.1, 1.35<|n|<1.5]  All Exin && [0.9<|n|<1.1, 1.35<|n|<1.5, |n|>2.4]

FastCaloSim V2 FastCaloGAN V2

Exin <4 GeV && |n| < 1.4, Exin > 8 GeV && |n| < 1.4,
Exin <1 GeV && |n| < 3.15 Exin > 2 GeV && 1.4 < |n| < 3.15,
All Exin && |n| > 3.15 Muon

Punchthrough
+ Geant4

FastCaloGAN V2

arXiv:2404.06335
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/SOFT-2022-02/

FastCaloGAN{=#Y

AEEOAY, Condition Kinetic
~ N(0.5,0.5) l 2
Fake  Real

samples  samples

Activation ReLU
Spectral normalisation

v

Activation ReLU
Spectral normalisation

o,

Activation ReLU
Spectral normalisation

Generator Discriminator

]

In the tutorial, less number of layers are used.




MprototypeZlproduction
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Outline [N

* Developing a good model 1s not enough, you need to know your input
samples and your detector

 Many (not so) small effects need to be considered to produce objects that
match G4

— Energy corrections BEEZ1E
— Geometry corrections SHEES [ LOMELE

>
ay

— Assign energy from voxels to cells gEE2HE

* Other parameters and effects that are relevant 1n a production tool that you
can neglect in a ML project

Y,

— Scale up issues MRE| =8
— Time and memory requirements B [BJFAZHEAY
— Integration with other models  Z{4ER A Source

11/05/2023 Michele Faucci Giannelli 2
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https://agenda.infn.it/event/34036/contributions/200887/
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Prior z ~

Gaussian/Uniform Go(z) = x Pa(xI6) Pdata(X)

o I 0 4 BE/MNAE R
‘ H Loss “training sample”
M 7 e

G * .I. r...
o BEM2014FE1EHE, GANFR Wﬁﬂﬁﬁﬂ:\

o IR ANIFREIZRE M D

® GANT‘@E%’% TSR Z I EERE, FULE PN TRE ‘GANTIY)
rt|"https://github.com/hindupuravinash/the-gan-zoo

- SKADKEIGANEZRENIR A M &E ZHNWGAN+GP
o GANJR B I, {B4 piRELauFhr7E 2Diffusion model
- DALL-E 2. Stable DiffusionA &ImagenZ il 572 ™= @I XK B 71 8HE ISR

N
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https://github.com/hindupuravinash/the-gan-zoo

1. GANTT 42

2. GANN

3. B (EMM

28



=l

EFI)FEE

FEIEZER, RN (3RFE: Anomaly
detection) XA SFRREAIR TN S £0HE 5 HABI0
HHIRE . SEFINENIRE, V@S5
BT MBITHIE. WG, BEFam. X
AEIRSRA O, BEORRIEEME. 5
. 185, REMFIS, 2

F50T e

¥

° SEIESLINHNEERINZ —Z2K
R ELIERERIFT IR
o HRTIMERERITE, XLEEn
HERBII R ATRER I LA EIRYEN S
FHAL
- BT SR AR AR RIRE
LRSS

29



#+ o (EAAY 9 3R

= —
‘] ,'f—\'_'d-l-n%

O FH IR RIS E S
o fIIMEMEmFEERE WIS

[1807.10261, 1808.08979, 1808.08992, 1811.10276, 1903.02032, 1912.10625, 2004.09360, 2006.05432, 2007.01850, 2007.15830,
2010.07940, 2102.08390, 2104.09051, 2105.07988, 2105.10427, 2105.09274, 2106.10164, 2108,03986, 2109.10919, 2110.06948,
2112.04958, 2203.01343,2206.14225, 2303.14134, 2304.03836, 2306.03637, 2308.02671, 2309.10157, 2309.13111, ... ]

) o A 3, Al
PESE

o SHATE XAV RE "IN

[1805.02664, 1806.02350, 1902.02634, 1912.12155, 2001.05001, 2001.04990, 2012.11638, 2106.10164, 2109.00546, 2202.00686, 2203.09470,
2208.05484, 2210.14924, 2212.11285, 2305.04646, 2305.15179, 2306.03933, 2307.11157, 2309.12918, 2310.06897, 2310.13057, ....]

1EX R 5E1H 520235 30



LHC data
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he(jr)
hi(j2)
hr(jn)
he(p1)
he(u2)

hl.k;;N)

ATLAS q_LJ:“:'f—\'_'\

Rapidity-mass matrix

mr(j1)  mr(j2)
er(j1)  m(j,j2)
h(jr, j2)  der(j2)

h(jl IN)
h(py, Jr) h(m.Jz)
h(ua, j1)  h(u, j2)

h(un, j1) h(un,j2) ...

Events

A

SM

.o.mr(jn)
—o.m(jr, jN)
wo.m(j2, jn)

...er(jn)
ch(p gn)
o h(u2, n)

h(un, jn)

my (1) ...my(uN)

m(ji, 1) ..m(jr, un)
m(j2, p1) ..m(j2, un)

m(jn, 1) .m(n, un)

er(m1)  m(uy, un)
h(py, p2)  m(pa, pn)

h(,u':\;..m) der (un)

BSM

Reconstruction loss

Trigger (one lepton) and pre-selection
(pY > 60 GeV, pi** > 30 GeV)

|

Reconstruct Rapidity Mass Matrix for
each event

|

Train autoencoder using 1% ATLAS
Run2 data

|

Define signal region using
reconstruction loss from autoencoder

|

Fit invariant mass spectrum,
statistical analysis, look for bumps

o ) VAZ:

Events

Autoencoder

v

Two-body mass

Phys. Rev. Lett. 132 (2024) 081801
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https://cds.cern.ch/record/2861647/files/ATL-PHYS-SLIDE-2023-224.pdf

ATLASILIE F“ZES® "IN

e Di-jet (large-R jets) resonance search

= Training classifiers on data, with no labels

(..b
’

CWola

Classification
Without Labels

Metodiev, Nachman, Thaler
JHEP 10 (2017) 174

Mixed Sample 1

Mixed Sample 2

00000

OOOOG®
©OCO®®®
OGO

®OOO®

90000

®E®®®
Oe®G®®
®E®O®

OO0

\

Classifier

B (jet)
A
C (jet)
3
°
Z
O
background
S|gnal
/1
Mres

Collins, Howe, Nachman
ths Rev. Lett. 121, 241803 (2018)

feature space

Phys. Rev. Lett. 125 (2020) 131801
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https://cds.cern.ch/record/2724057/files/ATL-PHYS-SLIDE-2020-235.pdf

Backup
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ML is not a magic

It’s built upon linear algebra and information theory

Weights Learning procedure is to compress the
C@\ W input to output.
. - Y, = /&)  Which function is close to
o2 z truth?
O o = £,
- N Need to quantify “similarity” between y; and
1 X120 0 X | | WM Viruth-
A21 X2 0 Ay | | M2 .
olz| . . . 1=y e Both are distributions (PDF)
| 1 A2 Xmn | [ Wn] ) e Also known as “loss” => min(Loss(y;, Yiruth))
Information theory offers measures for
y = Jwlx) quantifying similarity
Neural network is a function that maps input | ° Entropy: disorder of 1 PDF

to output; “universal approximation theorem™ | «  Divergence: disorder between 2 PDFs
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ML is not a magic: capacity and regularisation

- fw has tOO)fe:WfW%% parameters =» underfit Model’s effective capacity can be affected
Underfitting Appropriate capacity Overfitting /erf| tby some factors

' oo test sa t#%?dﬁs"a‘%réfr{igﬂ%t and may
1 . ) m f|n he global optimum
o . - Adding regularisation can limit the

capacity

- An example regularisation: L2-norm
J(w) = MeanSquaredError + A | | w| |§

n

2

Wil =4/ D Iwl
k=1

- Large weight are suppressed

— - Training error
Underfitting zone| Overfitting zone

—— Generalization error

\ /
\k I Generalization gap

~
‘-___

Error

0 Optimal Capacity
Capacity
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