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® Reconstruct energy with calorimeter 0 :
. . . verlay of 100k images
(improve resolution using tracker) ( 4 !;. ges)

® Cluster energy deposits into jet
® Preprocess:

e center — rotate — flip (twice) — pixelate — crop — normalise

— center: centroid is at (0/0)

— rotate: principal axis is vertical

— flip: in (x<0, y>0)-plane maximum intensity

— crop: to nxn images

— normalise: intensity of each pixel divided by total intensity
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4 (jet images by Michel Luchmann)
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Supervised Classification

Top Quark &
Jet /
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Background

® Binary classification task

® Fully supervised learning
(using simulation)

® 40x40 Pixels, ET

Deep-learning Top Taggers or The End of QCD?

GK, Tilman Plehn, Michael Russell, Torben Schell
JHEP 05 (2017) 006

Pulling Out All the Tops with Computer Vision and Deep
Learning, S Macaluso, D Shih,

Origins:

Jet-Images: Computer Vision Inspired Techniques for Jet
Tagging

J Cogan, M Kagan, E Strauss,A Schwartzman
arXiv:1407.5675

Jet-Images - Deep Learning Edition

Ld Oliveira, M Kagan, L Mackey, B Nachman, A
Schwartzman

JHEP 1607 069



Convolutional Layer
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That’s the weights we want to train
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Convolutional Network

® How to build a convolutional network

® Chain multiple conv layers

]
ik
Source pixel /{z%%z
1
/{}{7} (1x3)+(0x0)+(1x 1)+ ® U I . I k I
(216 |+ 2 (2x2)+(0x6) +(2x2) + se MmMu th € MaAsKsS Pel’ a)’el’
St 13| 2 (1x2)+(0x4)+(1x1) =-3
s Lo T310 _
}??ﬁ§{ aﬂ ! T 1
2|17 2 /? 1 .
pZobs ’gﬂ% 1T ® Pooling
7}/ 1 [ 2 ,1 /g// 1
gt L= g™
| —
r A = g e ax Fooling
Destination pixel ////////
////:///
/ L]
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® Add a fully connected network in the end
Feature Feature Feature Feature Hidden Hidden Hidden
Inputs maps maps maps maps units units units Outputs
1@40x40 8@39x39 8@38x38 8@18x18 8@17x17 64 64 64 2
%
MaxPooling
Convolution Convolution Convolution Convolution Flatten Fully Fully Fully
4x4 kernel 4x4 kernel 4x4 kernel 4x4 kernel connected connected connected
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Performance

‘ SoftDrop + n-subjettiness:
Train a BDT on a set of | { Mgds Mipat, T2, 73, 75, 757 }
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Jet pr =600 - 2500 GeV
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Background Rejection

| Tlrimrlningl; onlly | ' '
+ Scale 103! MotherOfTaggers |
1000 - ‘\\ +Tran§Iation 3 \ R DeepTop: Image e r O rl I I a n C e
\ - - - + Rotation
+Flip o DeepTop: LoLa
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100 F ) | °
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=
O
10 | = o
] ()
2]
©
10t Approach AUC |Acc. |1/eB Contact Comments
1OO 012 - 014 - 016 - 018 1.0 - (@
. . Top.Tagging Efficiéncy . . eS=0.3)
DeepTop jets LoLa 0.979 | 0.928 GK/ Preliminary number, based on
' ' =~ 1000 Simon LoLa
‘ —— DeepTop minimal Leiss
10° “l — Training
SEmenis 10t | |LBN 0.981 |0.931 |863 Marcel Preliminary
10% Sample size i S Rieger number
- 1000 o \ CNN 0.981 [ 0.93 |780 David Shih | Model from Pulling Out All the
W v 100 Tops with Computer Vision and
100 z Deep Learning (1803.00107)
E o0 - — —
10 =z i P-CNN 0.980 | 0.930 | 782 Huilin Qu, | Preliminary, use kinematic info
5 (1D CNN) Loukas only
1 z [ Gouskos | (https://indico.physics.Ibl.gov/i
g 10} ndico/event/546/contributions/1
270/)
€s
1 . 6-body 0.979 | 0.922 | 856 Karl Based on 1807.04769 (Reports
0.2 N-subjettiness Nordstrom | of My Demise Are Greatly
(+mass and pT) Exaggerated: N-subjettiness
NN Taggers Take On Jet Images)
8-body 0.980 | 0.928 | 795 Karl Based on 1807.04769 (Reports
N-subjettiness Nordstrom | of My Demise Are Greatly
(+mass and pT) Exaggerated: N-subjettiness
NN Taggers Take On Jet Images)




Autoencoders



Autoencoder

Encoder Decoder
Network - - Network
(conv) (deconv)

f(z) latentvectonvariables < (f(2))
L=(9—g(f(z)))

® Self-supervised learning

e Bottleneck with compressed representation
¢ Dimension reduction

® Denoising

e Regularizers

kvfrans

deeplearningbook.org 12



http://deeplearningbook.org

Autoencoder for Physics

Input  Autoencoder Output
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e Can we find new physics without knowing
what to look for?

® Train on pure QCD light quark/gluon jets
and apply to top tagging

® Top quarks identified as anomaly

QCD or What?

T Heimel, GK, T Plehn, JM Thompson, 1808.08979

Searching for New Physics with Deep Autoencoders

M Farina,Y Nakai, D Shih, 1808.08992 13
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Architecture

1@40x40 10@40x40 10@20x20 5@20x20 400 100 100 400 5@20x20 5@40x40 10@40x40 1@40x40
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Convolutional network

103
w Constituents
— Bottleneck 6
c 102 - AUC 0.93
5
Lo}
o
. . ©
Autoencoder will also work with other < Images
. . O Bottleneck 32
network architectures. lested physics o 10'{  AUCO0.89
inspired, constituent based LoLa* g
architecture.
* from: Deep-learning Top Taggers & No End to QCD 100 +— | . . | .
” g ob 1g8 < 00 02 04 06 08 1.0

A Butter, GK, T Plehn, M Russell

1707.08966 Signal efficiency €5



normalized distribution

What about mass’

0.010 -

0.008 -

0.006 A

0.004 -

0.002 -

100%

least QCD-like

0.000

50 100 150

200

250 300

jet mass [GeV]
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e Without additional
constraints the autoencoder
also learns the kinematics of
the training sample

e How to avoid?



Adversarial Training



Combined Setup

Input  Autoencoder Output
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Mass Sculpting

e Counteract with adversary:

L = LAuto — >\LAdv

® Tune mass dependency with Lagrange multiplier

normalized distribution
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0.010 - | [ QCD [ QCD [ QCD
) von. 3% Tops vo. 3% Tops ) s 3% TOpS
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0.008 - + QCD .4 QCD QCD
1 (5% least QCD-like) i 1 (5% least QCD-like) | 31 ! (5% least QCD-like)
0.006 A = A=1-10"% : t A=5-10"*% ; A=1-103
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Signal contamination

t: 3% ToOps
: _ [ QCD
e Procedure works also when signal 0.010 g% Tops
is present in training data S “o? (5% least QCD-like)
2 0.008 - - — QCD
2 | (5% least QCD-like)
¢ This means a search for exotic § 0.006 - | A 5. 104
new physics with unknown g i AUC = 0.65
shower patterns (dark showers) 00041
: S
could be done using data-only z
training 0.002- j
0.000

0 50 100 150 200
jet mass [GeV]

250 300
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Dark Showers

20



Recap

® We now have a tool that can identify anomalous jets..

e _purely trained on data in an unsupervised way

o _.decorrelated from arbitrary variables (like mass)

e Potential usecase:

e Dark shower jets

Dark multi-jet
shower

21



Model

PP — Quqy — qq + K7

® Heavy quark (Jy pair-produced

e Decay to SM partner + dark boson b 0.0175 -
® Hadronise into dark mesons 7( (stable or not) _ 0.0150 -

Q
® Assume: :g 0.0125 A
e Dark SU(3)c, (X=0.] 5 0.0100~

)

N
= 0.0075 -

e M. = 2My E
é 0.0050 A

® Mg =200 GeV
0.0025 ~
Visible Effects of Invisible Hidden Valley Radiation

L Carloni, T Sjostrand, JHEP 1009 (2010) O'OOOO_O 50 160 150 260
Discerning Secluded Sector gauge structures jet mass [GeV]
L Carloni, ] Rathsman, T Sjostrand, JHEP 1104

(201 1) 22

250 300




Background rejection 1/eg

Results
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e Sensitivity will depend on model parameters
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Conclusions

Propose a new method based on unsupervised deep networks
find non-SM physics as anomaly

Can be trained from data and made independent of mass

Explained for images, but can work with any neural network
architecture

Anti-QCD tagger: Orthogonal approach to dedicated searches

Thank you!
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Backup
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A Very Simple Network

||||||||||



Activation Functions

Activation Functions

Sigmoid Leaky RelLU )
_ 1 max(0.1z, x)

O'(ZC)  14e— =

tanh Maxout

tanh(:z:) e ‘ max(wlT:U + b1, ng + b9)

ReL U / ELU J
0 T x>0

maX( ) ZC) .w ) {a(ew - 1) r<0 : o

o:R% — (0,1)%
Zj

Softmax

(for final classification layer) o(z); .

ZkK:I ek

forj=1, ..., K
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How do networks learn?

® Backpropagation + Gradient descent
® Pass input (x/, x2) to ANN

® C(Calculate output (y) and difference to true value (y)
This is the loss function L

® Find gradient of loss function with respect to weights

T
Regression Problem: |

L) =w-92 2%

= w; — NV L(wy) T 1

28

® Use gradient to find new weights

Output Layer

Input Layer

oL
{ awt

Wi41 = Wy



Optimisers

w1 = wg — NV L(wy)

(stochastic/batched) gradient descent

wir1 = wy — NV L(ws) + adwy

+ momentum term

i1 — ﬁlmt -+ (1 — 51)VL
vir1 = Bave + (1 = B2)(VL)?

mt_|_1 — 1 n Adam
o 5 1 (a good starting point)
7 U4




Classification
— _Zpilﬂpi

® Entropy: Optimal number of bits needed to encode
when the probability distribution is known

— —sz' In p;

® Cross Entropy: We do not know the true
brobability

L= Y —ysIng,— (1 -ys)n1 - )

Samples /"

True class Predicted class
image is cat: 0 DNN output between 0 and |
image is dog: |

Minimize cross entropy: approximate true distribution
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