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Who am I?

* Not a theorist!
* Physics & ML Dual PhD - my passion lies at the intersection of both
* | work on:

« Jet tagging with novel ML architectures (CMS)

« Gravitational-wave detection (LIGO)

« Spiking neural networks (CERN, Intel)

« Level 1 Trigger system — extreme data reduction (CMS)

« Dark matter experiment at Fermilab (DarkQuest)

« Generalized intelligence models - deep metric learning

« Collider concepts - stay tuned!
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Three-Step Rabbit Hole

| want to present you with 3 (increasingly complicated) ways* to detect
anomalies in your experiment:

1. Autoencoder anomaly detection

2. Quasi-Anomalous Knowledge (QUAK)
3. Latent-Space deep metric learning

*Not all my work - in collaboration with P. Harris (MIT), S.E. Park (MIT), M. Yunis (MIT), D. Rankin (MIT), M. Pierini (CERN)



Intro to Machine Learning

Inputs —— —> Outputs
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Intro to Machine Learning
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Intro to Machine Learning
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The Autoencoder

» | Comparing input and reconstructed
I data gives a model loss

Distribution of number encodings (validation set only)
(red circle contains 99% of all points)
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Introduction to the Step 1

mirror

« Detection of gravitational waves (GWs) at LIGO

4 km
Fabry—Pérot
cavity

power _ 4 km
recycling mirror Fabry—Pérot
mirror cavity

laser / : - :
. mirror mirror
beamsplitter
:
‘—'photodetector
Produces: 1-D time-series strain 11

Source: Elena Cuoco - Real Time Classifier for transient signals in Gravitational Waves, From raw data to classified triggers



Unsupervised Learning: Detection

» | Comparing input and reconstructed
I data gives a model loss

Anomaly detection sequence:

1. Train autoencoder to encoder and decode
data on data with no anomalies.

2. Compute the highest loss on the training
dataset — set as threshold for anomalous
detection

3. Run autoencoder for test data, identify
events that fall above detection threshold

Input Data Encoded Data Reconstructed Data 12
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LIGO Dataset

Sample #1

ectlion Parameters:
massl = 66.45, mass2 = 33.96, spinlz = 0.54, spin2z = 0.01, ra = 4.73, dec = -0.25, coa_phase = 1.32, inclination = 2.62, polarization = 4.79, injection_snr = 15.10

£ 100 - 1. Simulates typical detector noise

¢ | my M‘ | m, A' ﬂ (\ / | | H 0 o2 conditions from a PSD

: o | n"“h u‘“‘h \“de H ‘Wn“ T TS » I \" Iy ‘r,,q,mm’ lﬂ'l‘ - 2. Simulates GW waveforms for the

S o] ' f ' "“}' ‘0' V J \‘ | A ik following conditions:

% oo . Binary masses of black hole

- mergers (BBH) or neutron

3 100 - star mergers (BNS)

g . l “W" 'm : N , o ;f; . SNR of 5-20

. MW!M ‘ (" 'N )‘4 ”l AW A ) | el | ) iy M il l «  Variable angles in the sky

Y | W “N’ ' WM <w U’ ’ i ' © 3. Adds GW strain into noise for

e | ‘ signal events

: | <° 4. Datais whitened, bandpass, and
_13%.150 -0.125 ~0.100 -0.075 ~0.050 ~0.025 0.000 0.025 0.050 normalized

Time from event time (in seconds)
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Source: github.com/timothygebhard/ggwd, https://www.gw-openscience.org/data/
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Currently used methods

Matched Filtering

« Current method used by LIGO 10— T T
 Compares incoming GW data to bank of simulated Bt I /’
waveforms 80—+
« Can only identify GWs that are available in GW ol | U /
banks (no exotic events) < 60
S
: : 2
Deep Filtering g 40
*  Convolutional Neural Networks (CNNs) | ] /- Deep Filtering — Matched Filtering
« Take time-series inputs, can determine detections
' 0
. g?lc: estlma_lte paraTe:re]zr? of e\{fptsl pod i train s y e E 7 = i i
selt can miss events that aren’t included in training Optimal Matched—Filter SNR
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Source: https://arxiv.org/pdf/1711.03121.pdf, https://arxiv.org/pdf/2005.06534.pdf
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Event Loss with Autoencoders

LSTM Autoencoder Output

Lok I A O e T T

e LSTM AE evaluated BBH and BNS t_ ™ LSTM Autoencoder 1
events yields promising results § o . G Pesk Inforsiy

* Red dotted line represents = 0
detection threshold which can o
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https://arxiv.org/abs/2107.12698

Supervised vs Unsupervised BBH

LIGO|Single-Detector|BBH Detection
s —

1.0— = CNN trained w/ BBH (auc = 0.92)

 BBH generated from SEOBNRv4 = CNN trained w/ BNS (auc = 0.53)

Approxim ant = | STM Autoencoder (auc = 0.73)

. m  GRU Autoencoder (auc = 0.67)

« High mass BH (10-80+ solar masses) = CNN Autoencoder (auc = 0.66)
produce large amplitude events 08— N

« Both autoencoders perform better than
supervised models generalized from BNS
data

« OQutperforms supervised methods (trained
on equivalent length data) at below FPR =
0.04

o
=)
I
I

True Positive Rate
T

AE can be used for:
« Triggering on high SNR rare events
» Glitch detection within LIGO apparatus 02— n
» Glitches are hard to simulate and
more easily identifiable with AE

e |
0.0 | | Ll t 1 I N B 1 1 N .
1073 0.01 0.1 1
17

False Positive Rate
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Introduction to the Step 2
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Produces: particle tracks and jet information

Source: CMS Experiment, CERN



Semi-Supervised Learning
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Quasi-Anomalous Knowledge - QUAK

Signal Loss
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https://arxiv.org/pdf/2011.03550.pdf

Quasi-Anomalous Knowledge - QUAK

2D QUAK .
Space

Anomalous features /\

3D QUAK
Space
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Background

Signal Loss
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https://arxiv.org/pdf/2011.03550.pdf

Example: LHC Olympics

« Signal Dataset: W > XY g
« W =35TeV )
e X=500GeV
e Y=100GeV "
e Background Dataset: 1M simulated QCD 10
dijet events
 Hidden signal: 900-event W’ resonance
e W =3.8TeV
e X=732GeV
e Y=378GeV

10°

Events

102
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https://arxiv.org/pdf/2011.03550.pdf

LTI T T[T T[T [ TTT[TIT[TTT

Method 1: Iteratively vary a selection on the signal loss and background loss and select regions of low signal loss and

high background loss. Biased analysis method!

10

107°

10°°

10~

108

—o— Ly > 25

&& Lsig< 8
8& L, <8
& Lsig< 8
&& L. <8

—— Lbkg >6.5

_IIIIIIIII IIIII|T|'| IIII|'|T|'| IIIII|'|T| IIIIII|T| IIIIII|T| IIIIII|T| IIIII|T|r

6000
m; (GeV)

p° value

107"
1072
107
107

107°

107

1078

E

E

E

-

3 4

S S B —o— L, >55 &&L <50

e —o— L, >55 &&L <12

= Lyo>55 &L, <10

= Lyo>55 8&L, <8

SRS - SN U AU m—— > 55 8L <6

E-

_IIIIIJI|l|||||||||l|l||lll|IlII|II
3000 3500 4000 4500 5000 5500 6000

m; (GeV)
23


https://arxiv.org/pdf/2011.03550.pdf

LTI T T[T T[T [ TTT[TIT[TTT

Method 2: Separate the events by the black shaded boxes shown corresponding roughly to a uniform populations of

events within each shaded region

) 1
= =
g 1L
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QUAK Anomaly Detection

108
-—--Supervised on Anomaly 1 (Trained)

—— QUAK(2D) on Anomaly 1 (Trained)
—-—- Supervised on Anomaly 2
10° 4 ~—— QUAK(2D) on Anomaly 2
: --- Supervised on Anomaly 3
H —— QUAK(2D) on Anomaly 3

QUAK allows generalization
capability beyond supervised
algorithms! Can search for o ]
events that are similar but not = |
the same as a hypothetical

signal.

19° 3 Trained Anomaly 1: (prong, my,mj;,mj;) = (2, 4500,500,150)
Unseen Anomaly 2: (prong, mj;,mj;,m;) = (2, 6000,700,300)
Unseen Anomaly 3: (prong, mj,mj;,my) = (3, 5000,500,500)

10_1 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 25
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Introduction to the Step 3

Remember how | showed you this slide...

26



The Autoencoder

I What'’s happening here? I

Distribution of number encodings (validation set only)

(red circle contains 99% of all points) e 0
e 1
20 - e 2
e 3
4
10 - 5
&
e 7
0 e B
e 9
=10
=20

T
=30

1 1
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Introduction to the Step 3

« The autoencoder is constructing a latent space according to some
distance metric it has designed.
 What if we take over this metric? We can make the most out of
metric space properties of collider events.
» Distance metrics include:
* Euclidean
» Hyperbolic
« Energy Movers Distance — For HEP
» Power spectral distance? — For LIGO
» Appropriate metrics can be tailored to the domain!

28



Does it work?

Idea from Sangeon Park et. al

1804.03329
Hyperbolic spaces: Better for handling graph / tree structured data, biological sequences
Simulated Jet )
3.5 Simulated Jet
B interp (B2,d 3.0
P (B, dy) B interp (R2,1,)
3.0 4 mean:0.8172
o-score:0.0701 25 mean:0.7549
: o-score:0.0938
2.5
2.0 1
»2.01
G ey
=] =
<5 %)
=]

S 151 g

1.0 -

0.5 1

0-0' T T

0.0 0.5 1.0 1.5 2.0 ; ; .
dy(o(u), o(v)) 0.0 0.5 1.0 1.5 2.0
T dwv) dy(@(u), 9(v))
dy(u,v)

Euclidean spaces: Most common choice, easy to calculate volume


https://arxiv.org/abs/1804.03329

Embedding results — new latent space!

Idea from Sangeon Park et. al

05 Simulated Jet Embedding 05 Simulated Jet Embedding
0.4 1 0.4 -
0.3 0.3-
[N [N
g g
2 0.2 2 0.2
o) o)
[«B) B
E F
B 0.1 & 0.1
0.0 0.0
. 3pl70 —— 3pl70
e 4pl70 —— 4p170
0.1+ < 4p400 -0.1+ ———  4p400
01 00 01 02 03 04 05 01 00 01 02 03 04 05

Embed Dim 1 Embed Dim 1 30



What is it learning?

m Sangeon Park et. al

Embed Dim 2

Simulated Jet. Embedding

B Selected QUD

. Selected QCD

BN Selected QUD

Selected 3p170 v Selected 3p170 Selected 3p170
Selected 4p170 Selected 4pl170 5 Selected 4p170
Selected 4p400 4 Selected 4p400 Selected 4p400
>
=3
i1
£
a
2
1
0-
0.0 0.2 04 0.6 0.8 1.0
T2
- Sclected QCD - Sclected QCD 61 mm Sclected QCD
Selected 2p170 4.0 Selected 2p170 Selecred 2p170
Selected 3p170 - Selected 3p170 5 Selected 3p170
3.5 Selected 4p170 Selected 4p170

Selected 4pl170

Density

Selected 3p25

Selected 2p170

™

Selected 2p170
Selected 3p25
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Density
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Scleeted QCD - Sclected QCD . Sclecued QCD
Selected 2p25 o Seleeted 2p25 Selected 2p25
5 Selected 2p170

Selected 3p25
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Application — searching algorithmic coverage

Idea from Sangeon Park et. al

Area Adjusted ROC Curve

Loss Distributions Embedding Space
|
0.20+ —— Threshold@15TPR I Selected Signal
B Signal Mixture 0.47 Total Signal )
Background € . Selected Signal Area
0.151 0.37 . area, sig Total Signal Area
ROC Area Adjusted ROC
—-0.1
-10 0 10 0.0 0.2 0.4
|
0.20+ —— Threshold@15TPR Selected Background
" Signal Mixture 0.4+ Total Background
—— MLP ROC Background 0.27/ — MLP Area Adjusted ROC
%  Point on ROC 0.157 0.3 % Translated Point
0 02 04 06 08 TO— 0.2} 2~ 04 06 08 1
1= é&pig 0.101 1 = Earea, bkg
0.1
0.054 0.0
1—¢ __ Selected Backgrounc
0.00 —0.11 area, bkg — TTotal Background /
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Application — searching algorithmic coverage

Idea from Sangeon Park et. al

Area Adjusted ROC Curve

Loss Distributions Embedding Space
I
51 —— Threshold@15TPR Bl Selected Signal
pm Signal Mixture 0.41 Total Signal _
4 | Background LAl € = Selected Signal Area
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0.2
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i 1.0
0.17"
0.0 8-
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: = : 0.6
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§
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Y Point on ROC 0.3 ‘*,rf"  Translated Point
o 0.
0 02 04 06 08 TUo— 3] 02 % . 4 06 08 1
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Application — searching algorithmic coverage

Idea from Sangeon Park et. al

1.0 1.0-
0.8+ 0.8
o 067 o 0.6
g :
W04 w4
0.2- 0.2
—— MLP regular ROC —— MLP Area Adjusted ROC
0.0- — AE regular ROC 0.0- —— AE Area Adjusted ROC
00 02 04 06 08 1.0 00 02 04 06 08 1.0
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Application — few shot learning

Embedded

Encoder Latent Decoder
Space

— ——)

+ State of the art: Large language models like

GPT3 (175 Billion parameter AE model) learn

using few-shot learning on their latent spaces
2005.14165

T Simulated Jet Embedding

0.4

Classification
N

0.3

Embed Dim 2
o
o

e
=

0.0

-0.1

-0.1 0.0 0.1 0.2 0.3 0.4 0.5

Input Data One/few shot learning s 35



https://arxiv.org/abs/2005.14165

Conclusion

We fell down the rabbit hole and learned that:

1. Anomaly detection is an unsupervised learning tool that can detect
exotic events in a variety of different settings

2. The QUAK-space furthers these concepts, allowing for more complex
selections and analysis

3. The holy grail of anomaly detection (in my opinion) lies in embedded
latent spaces that contain useful physics metrics. This can be used to
test the coverage space of different analyses, design analyses that
cover a new phase space, or perform a classification!
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Thank you for your attention!

Questions?
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The Autoencoder

Encoder Latent Decoder

Space
M

* Encoders and decoders made of:
* Dense Neural Networks (DNN)
* Convolutional layers (CNN)

e Recurrent Neural Networks (RNNs) such as
LSTMs or GRUs which are good with dealing
with time-dependent data

» Spiking Neural Networks (interesting
proposition!)

Input Data Encoded Data Reconstructed Data 38



Exploiting Dual-Detector

Coincidence

LIGO|Dual-Detector| BBH Detection o LIGO Dual-Detector BBH Detection
II| T T IIIIII| T T ||||||| T T IIIIII| T T T TTTT . I T I T I T | T | T l T T
1.0— = CNN trained w/ BBH (auc = 0.96) = | STM Autoencoder
= CNN trained w/ BNS (auc = 0.57) T GRU Autoencoder
= | STM Autoencoder (auc = 0.79) = CNN Autoencoder
m  GRU Autoencoder (auc = 0.73)
= CNN Autoencoder (auc = 0.72) 0.8
0.8 _|
b
c"> 0.7
g o
g LL 0.6
0.6 — s
o L
= ©
)
'g cg_') 0.5
o 2
o ‘» 04
3 04 ] o
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https://arxiv.org/abs/2107.12698

QUAK Anomaly Detection

M. Yunis, Thesis 2022

Testing Data QUAK Space

e Trained Signal: W' - WZ | g
e Anomaly: G = ZZ = g S
* Anomaly: Wy, - WR - W + WW R S
¢ MW, MGJ MWkk — 2500 GeV o 6] — e N et
3
‘g 400 g
3 o + + Data g
g ; D A Background-only Fit ’; |
= E_ ——— Background+Signal Fit
2o 4.3 excess 1}
150/ at 2500 GeV! | :
- Bump Hunt Region
100
- 3 | | | |
?5:?)0 ' '20100' - '25100' — '30100' — '35100' i bkg-Trained Model Loss 40

M, (GeV/c?)



Giving structure to physics events

Optimal transport based metric : Move one event to
another by moving energy around

Energy Mover’s Distance (Komiske, Metodiev, Thaler,
2019) :

By embedding, we can do a lot of things! Mapping
complicated metrics to simpler metrics can give access to
powerful algorithmic toolkits, data compression

Azimuthal Angle ¢

R/2 -

~R/24 -

Idea from Sangeon Park et. al

® Top Jet 1 ® Top Jet 2

1902.02346

EMD: 125.4 GeV

—-R —R/2 0 R/2 R
Rapidity y

41


https://arxiv.org/abs/1902.02346

Variational Autoencoder (VAE)

Latent

Encoder Random Sample
Space

+-—  —>

N a\Y,
N\
XRL XKL
RS

ZER RN
RGN

Diagonal
Multivariate
Gaussian

T T 1 T

Input Data Mean, Variance Encoded Data Reconstructed Data 42



VAE vs Normalizing Flow

Variational Autoencoder Model Normalizing Flow Model

Dense Layer (50)
Leaky Relu (50)
Dense Layer (48)
Leaky Relu (48)

Dense Layer (8)
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ustralia, Mustralia

u+u- collider is necessary to efficiently explore higher energies!

Very hard to make a muon beam — would require protons on a target, resulting
on pions which decay to muons and need to be refocused and sent down a
accelerator/collider — likely circular.

Cyclotron radiation goes as m™*

Even a simple 10 TeV p+u- collider has the 77 1r
same CoM energy as proposed FCC-hh Y/
(100 TeV) inecor_ 4 Mo Colidr ) tcelratr
« Muons are fundamental particles! e
T — i /l" IP2 li
4 GeV Target, w Decay Cooling — Low Energy . 0"
g;?;zr; & ;éf::::ling Channel — u Acceleration tttﬂ““"O
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Radioactive Kangaroos/Emus
RADIOCACTIVE EMU WAR
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https://accelconf.web.cern.ch/p99/PAPERS/THP52.PDF

