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Particle collisions at the LHC

CMS Experiment at the LHC, CERN
Data recorded: 2017-Oct-15 09:09:31.450304 GMT,
Run/ Event / LS: 305081 / 22172172 / 62




The Standard Model of Particle Physics




The Standard Model of Particle Physics

Standard Model Total Production Cross Section Measurements Status: February 2022
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Physics beyond the Standard Model?

There are potential anomalies and conceptual shortcomings of the SM

- Particle physics anomalies: LFV in B-meson decays, (9-2),,, ...

« Cosmic enigmas: dark matter, matter-antimatter asymmetry, ...

- Conceptual questions: origin of EWSB, mass hierarchies,
unification,...
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| Physics beyond the Standard Model? \

Overview of CMS EXO results
CMS preliminary 16-140 fb~! (13 TeV)
string resonance " 0SS0 191103947 (2)) 137 ™
Zyresonance " PO 03 U033 Qe lyiZe+ iz +ly) 367!
wy resonance " LS 06009 (1Y) 137 fo!
Higgs y resonance M o 072325 1808.01257 (1j+1y) 36 fb~!
Color Octect Scalar, kZ =172 " | O S S 1911.03947 (2)) 13707
Scalar Diquark M I iS5 1911.03947 (2)) 137 bt
tt+¢, pseudoscalar (scalar), g%, x BR(¢~21) > =0.03(0.004) ] 1911.04968 (31, = 41) 137 fb~!
tE+9, pseudoscalar (scalar), g2, x BR($-21) > =0.03(0.04) M P 0108=0347  1911.04968 (31, = 41) 137 fb?
quark compositeness (£1), N Nomn 140 fb~!
quark compositeness (1), nu. Nasn 2103.02708 (20) 140 fb!
Excited Lepton Contact Interaction " F 02756 200104521 (2e +2) 7710
Excited Lepton Contact Interaction L IO 2 ST 2001.04521 (244 + 2)) 7707
vector mediator (gg), gg =025, gom = M 0355070 1911.03761 (2 3)) 18 fb~!
vector mediator (t]), gg = 0.1, gow = " 2103.02708 (2e, 24) 140 fb~?
(axial-)vector mediator (qq), g. M 1911.03947 (2j) 137 fb~!
(axial-Jvector mediator (xy), gq = 0: M 2107.13021 (= 1§ + p§*) 101 fb~!
(axial)-vector mediator (1), g, = 0.1, gow =1, 9; M 2103.02708 (2e, 2p) 140 fo~!
scalar mediator (+t/tf), go =1, gou=1,my =1 GeV M 1901.01553 (0, 11 + = 2j + p§'™s) 36 bt
scalar mediator (fermion portal), A, = 1,m, =1 GeV " 210713021 (= 1j + ') 101 fb~?
pseudoscalar mediator (+/V), gg=1,gon=1,my =1 GeV. I3 210713021 (2 1+ ') 101 fb~?
pseudoscalar mediator (+4/tf), gq=1,gon=1,m, =1 GeV. M 1901.01553 (0, 12 + = 2§ + pys) 36fb!
complex sc. med. (dark QCD), My, =5 GeV, CTx, =25 mm M 1810.10069 (4]) 16 fb~t
2’ mediator (dark QCD), Mgar = 20 GeV, riny = 0.3, Quzrc = abeif M 2112.11125 (2) + p7) 138 fb~!
Baryonic Z', gq=0.25, gou=1,m, =1 GeV. " 1908.01713 (h + py'ss) 36 fb~!
Z'-2HDM, gz gom=1,tanB=1,m, =100 GeV M 1908.01713 (h + py'ss) 36 fb!
Leptoquark mediator, =1, 8:=0.1, A, ow =0.1, 800 < Mo < 1500 GeV " 0 03-06 181110151 (1u+1j+py) 77 bt
RPY stop to 4 quarks " 1008052 1808.03124 (2 4) 3677t
RPY squark o 4 quarks " [ 0aE0720 160601058 2) 380!
RPV gluino to 4 quarks " R CETAT 1806.01058 (2)) 387
RPV gluinos to 3 quarks " 1810.10092 (6}) 36fbt
ADD (jj) HLZ, nep =3 " 1803.08030 (2) 36 bt
ADD (yy, #) HLZ, nep =3 " 1812.10443 (2y, 20) 36 fb?
ADD Gy emission, ngp = 2 M 2107.13021 (= 1j + py') 101 fb~?
ADD QBH (j), neo =6 M 1803.08030 (2)) 36 fb!
ADD QBH (ep), neo = M CMS-PAS-EXO-19-014 (ep) 137 b1
ADD QBH (e1), ne M CMS-PAS-EX0-19-014 (eT) 137 fb~!
ADD QBH (u1), nep = M CMS-PAS-EXO-19-014 (pt) 137 fb~!
RS Gye(22), kil = 0.1 " 2103.02708 (20) 140 fo~!
RS Gre(yy), kil = 0.1 " 1809.00327 (2y) 36 fb!
RS Goad, 90,k =01 " 02 191103947 (2) 13701
RS QBH (jj), nep =1 M 1803.08030 (2j) 36fb!
non-rotating BH, Mo = 4 TeV, nep = 6 I 1805.06013 (= 7j(£, y)) 36 fb!
SPIUED, 4= 2 Tev " T OS2 2202.06075 1+ pF) 1377
3-brane WED gkk(9 + 9~ 999), Ggrav = 6, Gg, = 3, € = 0.5, m()/m(g) = 0.1 migye) [ 2= 431 2201.02140 (2§) 137 b1
excited light quark (qy), fs = = " SIS 1711.04652 (y +) 36fb1
excited b quark, fs = 1, M =T 171104652 (y +]) 36 fb~!
excitd gt quar (q9) A= " I 0SS 191103947 (2) 1377
excted electron, " PO 0253 18103052 (v + 26) 36!
excited muon, s = " 02538 181103052 (v + 20 E
VMSM, [Veuf2 = 1.0, [Vjaf2=1.0 i H 10.001-1.43  1802.02965; 1806.10905 (32(w, ); = 1j + 2L(p, €)) 36 fb~t
2 VMM, VeV /([ Venl? + Vyal?) = 1.0 I i i 002-16  1806.10905 (= 1j+p+e) 36 fb~!
f? Type-lil seesaw heavy fermions, Flavor-democratic M | 01-0.98  2202.08676 (31, = 41) 137 fb~!
3 Vector like taus, Doublet M ] 01-1.045 220208676 (3¢, =41) 137 fb?
Vector like taus, Singlet M 0125-015 2202.08676 (31, = 41) 137 fb!
scalar LQ (pair prod.), coupling to 1%t gen. fermions, B=1 M H <1.44 1811.01197 (2e +2j) 36 fb~!
scalar LQ (pair prod.), coupling to 1% gen. fermions, B =0.5 " i 127 1811.01197 (2e + 2j; & +2j + py™) 36 fb~t
] scalar LQ (pair prod.), coupling to 2" gen. fermions, I3 i <153 1808.05082 (24 +2j) 36 fb~t
5 scalar LQ (pair prod.), coupling to 2" gen. fermions, § I3 08-15 181110151 (1 +1j+p'™)) 77 bt
g scalar LQ (pair prod.), coupling to 2" gen. fermions, § M i <129 1808.05082 (2p +2j; u+2) + py'™s) 36 fb~!
scalar LQ (pair prod.), coupling to 3¢ gen. fermions, f=1 M 1 <102 1811.00806 (27 +2j) 36 fb!
scalar LQ (single prod.), coupling to 1% gen. fermions, =0, A=1 M [ 1-16 210713021 (21j+pq™) 101 fb-?
scalar LQ (single prod.), coupling to 3 gen. fermions, f=1,4=1 " i <074 1806.03472 (2T +b) 36 fb~t
Zp, narrow resonance " 1912.04776 (24) 137 fb?
Zp, narrow resonance " 1912.04776 (24) 137 fb?
SsMz/en) " 2103.02708 (2e, 24) 140 fb~?
5512100 " Do 05 101103947 &) 137
2(qq) m 1905.10331 (1, 1y) 36 fb~!
Supersting 7, " 02 210302708 (26, 2) 1407
LFV Z', BR(ey) = 10% " ) CHiS-PAS-EXO-19-014 (e) 13707
LFV Z', BR(eT) = 10% " 0243 CMS-PAS-EX0-19-014 (eT) 1377
V2, BRGr) = 10% " 0 02EL CSPAS EX0-19:014 (k) 137
Leptophobic Z/ " PO 0055045 190904114 () 780!
ssww) " T OASA 160711421 (x4 B 36701
ss W) " D AT 220006075 () 1377
S5 Wiag) " L 0536 puss @) 1370t
LRSM Wa(uie), M, " 36 bt
LRSM Wa(eNg), My, " 36 bt
LRSM Wa(ThVg), My, = 0.5My, " 36 fb~!
Axigluon, Coloron, cotd = 1 " 137 fb!
Selection of observed exclusion limits at 95% C.L. (theory uncertainties are not included). mass scale [TeV] Moriond 2022

——— —
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Outline

* Unsupervised learning
* Autoencoders
e Autoencoders for anomaly detection

* Anomaly searches in particle physics



l The principle component analysis \

B> Data reduction

B Decorrelation of features

10



The principle component analysis
T — T ———

B Data reduction

B Decorrelation of features

Search a mapping
/"1 (x,} €eRP = {z,} ¢ RM with M < D

with minimal loss of information.

Want to find an encoding function f(x) = z and a
decoding function g(z) = X such that the
reconstruction error || x - X ||2 = || x - g(2) |[2
IS minimal.

PCA: choose g(z) = Dz — f(x) = DTx

£ ]

11



The principle component analysis

T — EE—

B Data reduction

B Decorrelation of features

u Compute data covariance matrix
/ L
— o —=\T
S = N Z;(Xn —X)(xp — X)
and its eigenvector decomposition.

Vector u1 is eigenvector with largest eigenvalue,

u?Sul — }\1

—
S£ ]

Bishop: Pattern recognition and machine learning
12



The principle component analysis

B> Data reduction

B Decorrelation of features

xl I I I 1 I T T

x0

Casey Chang: https://towardsdatascience.com/principal-component-analysis-pca-explained-visually-with-zero-math-1cbf392b9e7d
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Hebbian learning

ﬁ

Weight update: w'=w +6w with 6w =nyx.

The output |y| becomes the larger, the more

often an input feature occurs in the data.

B. Mehlig: https://arxiv.org/abs/1901.05639v4

dw
Can write this as DGL: 7~ - = (yx) = (x-x)w with 7o 1/n

Writing w in terms of the eigenvectors of the covariance matrix, w — Z cz-(t)ui, we get:

1

W Z ci(O)eAit/Tui, and thus w oc u; for large t > 7.
i

Hebbian learning implements the principal component analysis.

14



Outline

e Autoencoders
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Autoencoders

Let us try to implement a principal component analysis with a neural network.

Recall: we need an encoding function f(x) = DT™x and a decoding function g(z) = Dz
such that || x - g(z) |[2 is minimal.

Input layer Hidden layer Output layer Z _ f(x) _ W(1) x
N “bottleneck” ‘ / and
BN Vs X = g(z) = W@ z = W@ W) x
W(1) W(Z) | Training the weights W) and W@ to

minimise the mean square error between
iInput and output, the linear neural
network (nearly) implements a principal
component analysis.

16



Autoencoders

An autoencoder is a neural network that tries to learn an

approximation to the identity function x = g(f(x)) = x

Learning the identity function itself is not very useful, but by placing constraints on the
network, such as by limiting the number of hidden units, one can discover interesting
structures about the data:

- |latent space z has lower dimension than x;
- f or g have low capacity (e.g. linear g);
* introduce regularisation, e.g. sparse autoencoders.

17



Autoencoders

ﬁ

An autoencoder is a neural network that tries to learn an

approximation to the identity function x = g(f(x)) = x

PCA (AUC=66.8 KPCA (AUC=94.0 AE (AUC=97.9

Ruff et al., https://arxiv.org/abs/2009.11732
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Variational autoencoders

vv

One can combine the idea of an autoencoder with the concept of generative modeling.

Bayesian view: p(x) = /p(z)p(x\z)dz

/ N

evidence latent prior likelihood

Goal: maximise py(x) by learning py(z) and py(x|z): 8* = argmin Ex ... (— Inpy(x))
0

Difficult to evaluate in practice — introduce recognition model gy(z|x) as an approximation
to true posterior p(z|x)

—’
AE terminology: Qolz|x) — encoder

Ps(X|Z) = decoder

In a variational autoencoder, gu(z|x) is a multivariate Gaussian, parametrised by a
neural network.

19
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- Variational autoencoders
\
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I Variational autoencoders
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‘ Variational autoencoders ‘
e —————
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Outline

e Autoencoders for anomaly detection
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Anomaly detection with autoencoders

A
Healthy Images Reconstructions TRAINING
Encoder Z Decoder
B
Testing Image Reconstruction Residual Image
INFERENCE

Baur et al., https://arxiv.org/abs/2004.03271
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Anomaly detection

Y Point Anomaly
° \
o :’g.! ~ x
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Contextual Group Anomaly

Low-level, Texture, Anomaly

Ruff et al., https://arxiv.org/abs/2009.11732
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Outline

* Anomaly searches in particle physics

20



Particle collisions at the LHC

CMS Experiment at the LHC, CERN
Data recorded: 2017-Oct-15 09:09:31.450304 GMT,
Run/ Event / LS: 305081 / 22172172 / 62

27



Particle collisions at the LHC

e hard scattering

Y4 e (QED) initial /final
é o state radiation
SIS e partonic decays, e.g.
t — bW
e parton shower

evolution

e nonperturbative
gluon splitting

e colour singlets

e colourless clusters

e cluster fission

® cluster — hadrons

® hadronic decavs

Figure from Dieter Zeppenfeld



l Jets at the LHC ‘

\\

|\

n

fhliiN

Moreno et al., https://arxiv.org/abs/1909.12285




Convolutional neural networks for jet images

pre-process

’/////u %
R

dense layer

convolutional layer

quark jet

gluon jet

max-pooling

110 (2017)

Komiske PT, Metodiev EM, Schwartz MD. J. High Energy Phys. 01



Typical single top-jet

40

Signal

35 - .
30 -

251
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10 1
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103

Jet images

Average top-jet

Kasieczka et al., SciPost Phys. 7, 014 (2019)
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- Anomaly detection with autoencoders

Decoder

Feature Feature Feature Feature Feature Hidden Hidden Hidden Hidden Feature Feature Feature Feature Feature
Inputs maps maps maps maps maps units units Bottleneck units units maps maps maps maps maps Output
1@40x40 10@40x40 5@40x40 5@20x20 5@20x20 5@20x20 2000 100 32 100 400 1@20x20 5@20x20 5@20x20 5@40x40 10@40x40 1@40x40

Flatten Fully Fully Fully Fully
connected connected connected connected

Convolution Convolution Up-samplingConvolution Convolution
4x4 kernel 4x4 kernel 2x2 kernel 4x4 kernel 4x4 kernel

Avarage
Convolution Convolution pooling Convolution Convolution
4x4 kernel 4x4 kernel 2x2 kernel 4x4 kernel 4x4 kernel

cf Heimel, Kasieczka, Plehn, Thompson, SciPost Phys. 6, 030 (2019); Farina, Nakai, Shih, PRD 101 (2020)
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% of jets

Inputs

1@40x40

Feature
maps

Feature
maps

10@40x40 5@40x40

Anomaly detection with autoencoders

Feature
maps

5@20x20

Feature Feature Hidden Hidden Hidden Hidden
maps maps units units Bottleneck units units
5@20x20 5@20x20 2000 100 100 400

e

““\H‘*x\“‘x
NN NN N

Fully

Flatten Fully

connected connected connected connected

Fully Fully

——

Feature Feature Feature Feature Feature
maps maps maps maps maps Output
1@20x20 5@20x20 5@20x20 5@40x40 10@40x40 1@40x40

LR

4x4 kernel

Avarage
Convolution Convolution pooling Convolution Convolution Convolution Convolution Up-samplingConvolution Convolution
4x4 kernel 4x4 kernel 2x2 kernel 4x4 kernel 4x4 kernel 4x4 kernel 4x4 kernel 2x2 kernel 4x4 kernel
- - 104
— QCD jets, direct AE
0.121 ---- top jets, direct AE S e el A
4+ .
0.10. 't O 10°] - supervised CNN
i (@) p ()]
: alkl ()
— I -
(] 1
= 0.08 1 i i o ]
1 ! |
g ..: ' O §if
5 0,061 QC D ! i C - ‘
5 i - -
a :
I O
0.04 1 -
(@) 10'
'
0.02 1 (@)
0.00 \ - ! . m 0 ' . e . |
1077 10-° 1073 10— o 0.0 0.2 0.4 0.6 0.8 1.0
MSE loss Es

MSE loss
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‘ What does the autoencoder learn? \

Top tagging: increase the fraction of top events (anomalies) in the training sample:

102
Fraction of top events
in training sample

[aa]

W

= 10!

100 -
03 04 05 06 07 0.8 09 1.0

0.0 0.1/0.2
£s

Training on top-jets only, the AE still identifies top-jets as anomalous
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epoch 1

epoch 250

What does the autoencoder learn?

Reconstruction

Squared errorx o

7.5

5.0

-2.5

— 0.0

x10~*

1.5

5.0

v

Ignored pixels

v

Input Image

F 0.3

-0.2

0.1

x10-! Spectrum

3] L 102
| sq. error
| input
2 - ' -
! reconstruction
l
1
1

[MSE=8.75e-05]
11 >e><X
\ 7€ X%
0l ¥

31 [MSE=3.07e-O6J

Ignored pixels

Vanilla autoencoder shows a very limited reconstruction

capability.
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epoch 250

What does the autoencoder learn?

—

epoch 1

Reconstruction Squared errorx o Input Image x10-' Spectrum
. 03 3 !
7.5 F L] = 102 - sq. error
1 input
50 0.2 21 Ill reconstruction
'; (MSE=8.75¢-05 |
- 0.1 14 >|6)(
F2.5
I X\\ 7€ X%
] ¥
-0.0 00
X10~* x10~"

311 [ MSE=3.07¢-06

7.5
| 2 1
. 5.0
n 1 1 %(
2 } LIII X\\ Ix-)%(-)(
0 ,\,X,\xl I XM | | I\W
. 0.0 : —
Ignored pixels Ignored pixels

Vanilla autoencoder shows a complexity bias, it tends to better
reconstruct “simpler” images.
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l Anomaly detection with autoencoders: outlook \

« Regularise the latent space? [Cerri et al., JHEP 05 (2019) 036, Cheng et al., e-Print:
2007.01850 [hep-ph], Dillon et al., SciPost Phys. 11 (2021) 061, ...]

> z=U+00e [ 1=softmax(z)

e ~MO, I)

37


https://arxiv.org/abs/2007.01850

Anomaly detection with autoencoders: outlook

« Regularise the latent space? [Cerri et al., JHEP 05 (2019) 036, Cheng et al., e-Print:
2007.01850 [hep-ph], Dillon et al., SciPost Phys. 11 (2021) 061, ...]

1031

100

| [IDVAE ()

1|Signal: tops

£/Q: 1.0, AUC: 0.89
t/Q: 0.25, AUC: 0.88
t/Q: 0.05, AUC: 0.86

t/Q: 0.01, AUC: 0.84

00 0.2

1031

100

—— £/Q: 1.0, AUC: 0.86 t/Q=1.00 fi t/Q=0.25
—— t/Q: 0.25, AUC: 0.88 e —— QCD
—— £/Q: 0.05, AUC: 0.89 - top
—— £/Q: 0.01, AUC: 0.87 i
0 1 0 1
| t/Q=0.01
| [DVAE (reco. loss)
11Signal: tops
00 02 04 06 08 1.0
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https://arxiv.org/abs/2007.01850

Anomaly detection with autoencoders: outlook

 Improve the performance of the AE through preprocessing: smearing

and re-weighting of pixels? [Finke et al., JHEP 06 (2021) 161, Buss et al., e-Print:
2202.00686 [hep-ph], ...]

1.0

————— &g = €s AUC=0.500

pixel number,
AUC=0.709

—— MSE Rp, AUC=0.912
—— KMSE Ry, AUC=0.928
KMSE R;, AUC=0.897
—— KMSE R;, AUC=0.589
—— KMSE R3, AUC=0.671
—— KMSE R4, AUC=0.368
------ MSE R, AUC=0.365
------ KMSE R, AUC=0.486
KMSE R1, AUC=0.623
----- KMSE R, AUC=0.676
------ KMSE R3, AUC=0.653
------ KMSE R4, AUC=0.696

//

Etop

1.0
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https://arxiv.org/abs/2202.00686

Anomaly detection with autoencoders: outlook

* Introduce normalising condition to prevent outlier reconstruction?

Half 4
MNIST FMNIST Blank Omniglot Half 5 Half 0

40



Anomaly detection with autoencoders: outlook

* Introduce normalising condition to prevent outlier reconstruction? [Yoon et
al., arXiv:2105.05735 [cs.LG], Dillon et al., arXiv:2206.14225 [hep-ph], ...]

10° 5 10° 5
] — AUC =0.76 n = 0.01 ] —— AUC=080n=0.5
—— AUC =0.7Tn=0.1 — AUC=0.79n=0.3
—— AUC =0.76 n=0.2 —— AUC =0.80n=0.2
—— AUC=0.75n=0.3 —— AUC =0.78n=0.1
107 5 —— AUC =0.68 n=10.5 10% 5 —— AUC =0.79 n = 0.01
I T
10* ] 10* ]
| Aachen - Heidelberg
100 1 1 1 1 100 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
€s €s
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Model independence: searching for anomalies at the LHC

===

Collisions Level 1 trigger

T v \"‘,j"

UGT S1F04-32"§

40M events/sec

High-level trigger

| I
| I . =

‘o 1k events/sec
. :: = ‘:‘ >

507 [1 of 25]

o
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Model independence: searching for anomalies at the LHC

T T————

Collisions Level 1 trigger
‘ S - e ot TN

40M ever

1k events/sec

Anomaly detection data challenge: https://mpp-hep.github.io/ADC2021/
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l Anomaly detection with autoencoders: outlook \

Regularise the latent space? [Cerri et al., JHEP 05 (2019) 036, Cheng et al., e-Print:
2007.01850 [hep-ph], Dillon et al., SciPost Phys. 11 (2021) 061, ...]

Improve the performance of the AE through preprocessing: smearing

and re-weighting of pixels? [Finke et al., JHEP 06 (2021) 161, Buss et al., e-Print:
2202.00686 [hep-ph], ...]

Introduce normalising condition to prevent outlier reconstruction? [Yoon et
al., arXiv:2105.05735 [cs.LG], Dillon et al., arXiv:2206.14225 [hep-ph], ...]

Can we construct a fast autoencoder to detect anomalies in real time?

Thank you

44


https://arxiv.org/abs/2007.01850
https://arxiv.org/abs/2202.00686

