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INTRODUCTION

Hidden Valley

* Dark Matter (DM) is part of a larger dark sector containing many particles & interactions,
e dark sector is connected with the Standard Model (SM) through a mediator Z’,

* one of the dark interactions could be similar to the SM strong interaction

— dark sector quarks fragment to form jets.

Standard Model
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INTRODUCTION

Semivisible Jets (SVJ)
* a fraction of constituents decays back to SM hadrons, others are stable (invisible) Dark Matter particles,
* internal structure of the jet depends on model parameters:
» Qpark — coupling constant of the Dark Sector strong interaction equivalent,
» Mpark — Mass of the dark hadron,
» rinv — fraction of invisible particles inside a jet,
* jet kinematics also affected by the Z' mass mz.

Standard Model
Dark Sector

rinv = 0.0 rinv = 1.0
(di-jet like search) (WIMP like search)
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SVJ — SIGNATURE

Focus on internal jet structure
e event-level features, such as di-jet mror MET pt can be exploited to some extent. However... /I@
 pbump hunt not possible in the t-channel,

* the true discriminating power comes from different shower dynamics,

 to fully exploit this type of models we should look at the internal structure of jets.

MET aligned with jet

« MET mainly results from mismeasurement of jet energy,
or detector failure in certain region,

 AGMET, jet) = O = most analyses reject such events,

 for us, that’s the region of interest.

Other challenges

e signal models = unknown theory parameters,
* imperfect background modeling,

* imperfect detector simulation.
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AUTOENCODERS

Autoencoder (AE)

* unsupervised neural network,

 architecture: encoder — bottleneck (latent space) = decoder,

 trained to minimize the difference (loss) between output and input,

* pbottleneck: network has to learn how to compress and then de-compress input information,

e great tool for anomaly detection - when presented with something that it didn’t see during the training, loss is exceptionally high.

encoder decoder
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AUTOENCODERS FOR ANOMALOUS JETS

AE for anomalous jets

>

. . L % Back d
 train on background jets — networks learns to minimize loss, 2, a‘gig{,‘;‘.’”
@
* the model struggles to reconstruct signal jets — high loss. =
.g
L
[
2
5
@)
S
0
Benefits of AE
* training on background only,
'?; e can be trained on collision data,
_‘_30 — largely independent from signal hypothesis,
5 — independent from background modeling,
<

— independent from detector simulation.
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SAMPLES & INPUT FEATURES

Samples

* QCD and SVJ signal generated with Pythia,

e reconstructed with Delphes with CMS settings,
* applied simple preselection to:

doi.org/10.1007/JHEP02(2022)074

Autoencoders for semivisible jet detection
F. Canelli, A. de Cosa, J. Niedziela, K. Pedro, M. Pierini, L. Le Pottier

» mimic the trigger, 3 007k ’ @ o4f
:.g : 1 e T il Background
» reduce QCD background. = TG 2 SN SVJ mz=2 TeV, finy = 0.3
% 0.055_ i L 01| | | SVJd mz=2 TeV, rinv = 0.7
© E i |4l § 0 08:— Lr‘j ----- SVJ mz=4 TeV, riny = 0.3
w— 0.04 J Il — ) - 4
= el I b - SVJ mz=4 TeV, finy = 0.7
0.03f S 0.061 ’—}ﬂ L
Input features ook ||/ M ooaf- | ] ‘W',
* good signal-background discrimination, 001 ;li,l' H " 002Ft " TSy
L l Pwm_a_h_u_x_l_Lu_L e L
* small correlation with each other. 61 020504 05 08 07080 0G5 01 0i5 02 02 03 035 04
’ P, D Axis Major
* selected jet features:
. : % 0.1_— ..."3 U'U/: .
n, ® — information about detector effects, = ..;‘:; ook "
: 0.08 | = i
» Jet mass, .§ ,_ LHL S 0.05F l[
O 2 | TH 0 - il
» substructure variables: ptD, jet axes, Energy Flow £ % F = £ ooaf
. : . Timt o3 I L
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:'_I _ , - 0.02;— e L "Ll
(CZ, D2) 0-02: [| < ' 0.012— J I“LII{,LJ ,
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AE — ANOMALY DETECTION CAPABILITIES

Anomaly detection capabllities doi.org/10.1007/JHEP02(2022)074

* losses of QCD jets smaller than for SVJ — the method works!
* allows to discriminate between background and signal, despite AE had no prior knowledge of the signal!

m, =2 TeV, r = 0.30, LU 20 GeV
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AE VS, BD|I — PERFORMANCE

Comparison with a classifier

doi.org/10.1007/JHEP02(2022)074

* Obtained good performance for the AE,

* AE can outperform a BDT trained on a wrong signal hypothesis,
» Swapping corners in mz —riny plane,
» training on mpark = 20 GeV, testing on other masses,

* results very encouraging.

BDT

BDT (different signal training)

AUC

0.3 0.5 0.7

inv
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AE VS, BD|I — PERFORMANCE

Comparison with a classifier doi.org/10.1007/JHEP02(2022)074

* Obtained good performance for the AE,

* AE can outperform a BDT trained on a wrong signal hypothesis,
» Swapping corners in mz —riny plane,
» training on mpark = 20 GeV, testing on other masses,

* results very encouraging.

BDT

AUC
Mo (GEV)

0.3 0.5 0.7

inv

rinv rinv
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AE — ADDING TT BACKGROUND

Adding tt background

» one of the possible backgrounds for SVJ is tt, g 1
e input parameters re-optimized for a combination of QCD and tt: § 0.9
. EFP1 T2, =
o
» (CoB=0.5 — (CoB=1.0, 3 0.8
» DoB=0.5 — [DoB=1.0 Ig 0.7
* despite re-optimization, performance of the AE dropped significantly,
0.6

* AE is based on substructure variables:
» sensitive to a subset of interesting relations between constituents, 05
» designed for SM jets discrimination,

| IIII|IIII|IIII|IIIIIIIIIIIIII'IIII'IIII|IIII

» more discussion: Semivisible Jets Workshop 2022, s
* further optimization of input features should be possible, but... 0.3 ) AE (QCD only). AUC:0.67
* instead, one could work with jet constituents directly. 7
0.2 R
0.1 AE (QCD+tt), AUC:0.59
ol el s e Lo L

O 01 02 03 04 05 06 07 08 09 1
False positive rate
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(GRAPH AUTOENCODERS

Graph Autoencoders (GAE)

* the network takes two inputs:
» adjacency matrix (AM) — describes edges of the graph,
» features matrix (FM) — features of the nodes,

5
0
0
1
0
1

Bl 32 05 23 62 2.1

e -1 1 1 1 A

fa 23 41 9 18 28

17.08.2022 12 Jeremi Niedziela



(GRAPH AUTOENCODERS

Graph Autoencoders (GAE)

* the network takes two inputs:
» adjacency matrix (AM) — describes edges of the graph,
» features matrix (FM) — features of the nodes,

 AM is provided to each layer and convoluted with the output
of the previous layer (with decreasing kernel size),

* decoder is very simple and attempts to reconstruct the AM,

* other implementations possible, e.g. reconstruction of
FM instead of AM, or both.

Bl 32 05 -23 6.2 2.1

. 1 1 1 1 A

-;f;;; 123 41 9 18 28

Encoder  2sxN | atent space Decoder

AM /AM\
= fo SigMmoi . => AM
e 2l - ~ = |2 =p sigmoia([2- |20
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(GRAPH AUTOENCODERS FOR SVJU

Using GAE for SVJ

e adjacency matrix: built out of AR between constituents:
» If AR < AR¢ = they are adjacent,
» possible to use AR directly,
» other ways to calculate AM also possible,
e.g. scale AR by pr or miny Of a pair of constituents etc.,

» features matrix: constituent 4-vectors + PDG ID + constituents impact parameter.

Parameter Value
Nconstituents 50
ARc 0.1
Features n, &, m, pr, ID, do, d;
Niets 2
Jet type AKS8
Weighting flat jet pr
Features normalization Standard Scaler
Batch size 4096
Loss huber
Optimizer Nadam
Epochs 10000
Learning Rate 1e-5
ES patience 100
Architecture 60, 60, 14
Input activation Softsign
Hidden activation Linear
Dropout 0.1
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GAE VS, AE — PERFORMANCE

Results comparison

* both AE and GAE optimized for QCD + tt,

* results for GAE very preliminary,

* GAE gives great results, allowing to mitigate performance drop caused by adding tt background!
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GAE — EMERGING JETS

Can GAE spot other signatures?

 GAE based jet tagger is largely independent from signal hypothesis (training on background only)
— should be sensitive to any anomalous jets,

* testing on emerging jets (EMJ),

1502.05409

Emerging Jet

17.08.2022
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GAE — EMERGING JETS

Can GAE spot other signatures?
 GAE based jet tagger is largely independent from signal hypothesis (training on background only)
— should be sensitive to any anomalous jets,
* testing on emerging jets (EMJ),
* checking performance out-of-the-box,
without any adjustments in preselection or input features,
* tagger yields good sensitivity to EMJ, despite this
signal not being used for the method’s development.

SVJ EMJ

—1.00 —1.00

3l 0.855 0.772 0.637 &

0.95 0.95
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0.90 0.90
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0.85 0.85

% 0.80 § 0.80
O 110 0.824 0.743 0.622 | ZCNER=dEFT 0.666 0.655 0.666 | %

N >
E 0.70 E 0.70
200 0.800 0.721 0.611| X5 0.65
5 0.677 0.677 0.631| [
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- 0.3 0.5 07 5 50 500

Emerging Jet
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17.08.2022 19 Jeremi Niedziela



CONCLUSIONS

Autoencoders for anomalous jets detection

semivisible jets introduce new challenging signatures,

-
!
J

validated autoencoders as a tool for semivisible jets detection,

autoencoders are more robust against different signal hypotheses than a supervised classifier,
performance drop after adding tt background,

graph autoencoder = excellent performance even including tt backgrounds,

GAE also works well for other signatures (Emerging Jets),

overall: very promising results for unsupervised learning.
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CLASSIFIER

* Dbasic classifier trained on both background and signal,

Boosted Decision Tree (BDT)
 fully supervised learning,

 trained on a mixture of different signals
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ANOMALY DETECTION TECHNIQUES

Variational Auto-Encoder (VAE) Partial Component Analysis (PCA)
* same as auto-encoder, but stores distributions rather than * well established anomaly detection technique,
single numbers Iin the latent space,  finds lower-dimension basis in which data are not correlated,
e can perform better than vanilla auto-encoder in certain cases, * it can be viewed as a very simplified auto-encoder
* on the other hand, more complicated than AE, (input — bottleneck — output),
* in our case: trained and tested only on reconstruction loss (no * “weights” can be found analytically,
KL-loss included) — could be improved. * |less complicated than AE, but may yield worse performance.

encoder decoder

& & (Y77
N7 S @ 47
. U@ ale
2 XA XS e Kkl &
S '.fﬁ:,(rw\\ " ‘m‘ "5‘§¢/§1‘§“$ g

9 é‘\“,‘e“ ” L1 i e, ;
/ bottleneck

principal components
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PRESELECTION

* applying simple preselection:
» 2 healthy leading AKS8 jets (used for training/evaluation),
» cuts on event topology and MET mimic CMS trigger and reduce QCD background,
e example cut flow in the table,
« SVJ cut efficiency between 0.2% and 15%, QCD efficiency 0.1%,
ML sample: =100k QCD jets and 1-5k SV jets per signal point.

cut efficiency #events

1500 0,2% 0,4% 0,3% 1500 245 366 428

2000

Initial 37315739

N
njets = 2 36918744 99 99 43260 87 87 6,4% @ 2500
INjet| < 2.4 36334732 97 98 42687 85 99 -
10,1% Ny S000
|Anjijel< 1.5 24625443 66 68 28440 57 67
N[E g TV VNCT-\YE 24625443 66 100 28440 57 100 13,2% 3500
WP R L Ne-\VAll 4565132 12 19 25009 50 88
15,3% i 4000
MET/m: > 0.25 48340 0,1 1,1 5931 11,9 24
0.30 050 0.70 030 050 0.70
linv linv
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At — INPUT FEATURES

fraction of jets fraction of jets

fraction of jets
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= — INPUT VARIABLES, Mpark

fraction of jets fraction of jets

fraction of jets
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0.07F sSVJ My =1 GeV, l'mv=0.7
3 & SVImg, =10GeV,r =03
0.06 1 SVJm -10GeVr =0.7
0.05E-] NI —SVJm -100GeVr ,=03
PEEEL 2= SVJm =100 GeV, 1 =07
0.04F | J*']'E’lr‘ |
=_a A,
0.03- J:PLL
0‘025'-” ?1 .]:\Lj]‘&
:ll I ";f L §tn"“‘ Ll
Cib L | J- A
0.015—, “\" l\-\ ll:._"rl_"'m\q
A B B T o -
0 50 100 150 200 250 300 350 4oo 0\700
0.07F
0.06
0.05F
0.04}
0.03F
0.02
0.01—
001 62 08 04 05 0.0 07 paaukl
P, D
0.1
0.08
0.06F
0.04
0.02-
ul

02 03 04 05 06 07 08 09 1
I:>1

fraction of jets fraction of jets

fraction of jets

0.16
0.14
0.12

0.1
0.08
0.06
0.04
0.02

.

IIIIIIIIIIIIIIIIII

Pl |

b
o
|

0.25

0.2

0.15

0.1}

0.057

0.16
0.14
0.12

0.1
0.08
0.06
0.04
0.02

1 L

llllllllllllli

0 005 01 o015 0

2 025

035 04

Axns Minor

Illlll]lllllll]lllTll[llllllll

(=)
o
—_—
(=]
N

0.5 0.6 0.7

fraction of jets fraction of jets

fraction of jets

|lllllll|lllllllllll|lll
- ~‘.

o
o
~

0.06
0.05
0.04
0.03
0.02

0.01

0.16
0.14
0.12

0.1
0.08
0.06
0.04
0.02

0.1

0.08

0.06

0.04

0.02

o
-t

IN
b
o
\
o
¥
w
i <N

ll-ll_lllllllllll

1

|
; =
. my

L JLILN BLNUILE LN A

—

0 005 01 015 02 025 03 035 04

Axis Major

'J— 4 FJ'—J

 S——
JF

17.08.2022

Jeremi Niedziela



AE — OUT-IN RESIDUALS

fraction of jets fraction of jets

fraction of jets
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AE OPTIMIZATION

Architecture optimization

 scanned sizes of hidden layers and bottlenecks, (6, 6) Sl
» found an optimum in Area Under ROC Curve (AUC) o _ R
for 10 nodes in hidden layers and bottleneck of size 6. = O O O
@, 8) 5
L
Final training " o
* a number of other parameters and settings was optimized % O 0O O
iteratively, (10, 10) ? XN
* 150 models trained for the final set of parameters, i, 48
* the model closest to the mean of AUC distribution
presented in the following slides. 4 5 6 7 average AUC
— T ——— o bottleneck size
architecture (10, 10)-6 LR patience 9
validation fraction 0.15 LR factor 0.5
test fraction 0.15 ES patience 12 , ®
[o1N{V[gleii{e]g mean abs error activation elu , ®

optimizer Nadam output activation linear
metric accuracy glelgaat:1[r4=\i{e]g B Standard Scaler
Nepoch 200 batch size 256
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SUBSTRUCTURE VARIABLES — PD

Example substructure variable
* jet transverse momentum dispersion (ptD) is defined as:

* |t quantifies number of constituents that carry significant
fraction of the pr.

20 96
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SUBSTRUCTURE VARIABLES — JET AXES

0.16

* jet axes are defined based on the pt-weighted n-¢ matrix of jet constituents:

* and are given as:

A
Gmajor - Z P2
t,i

8 = 22
minor ~— Zptz,-

* where A1 and A2 are eigenvalues of M.
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SUBSTRUCTURE VARIABLES — ECF'S

* pure ECF’s are calculated as:

* then they are normalized to sum of pt of constituents and

ECF, = Zpt,i

ECF} = ) p,p, AR’

i<j

ECF. éB = Z P:iPs, th,k(ARijARik

i<j<k

AR;Y’

to the jet radius:

ECF,

2= (ECF)?- AR

ECF,

= (ECF, - AR)?

e finally, the following ratios are defined:
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SUBSTRUCTURE VARIABLES — EFP'S

e EFP is defined as:

M M
REF-=% .. ) 500 I AR
i iy (k,DeG

* where zi = pt,i / Ptjet,

* those complicated indices can be viewed as graphs for
which given EFP is calculated - G index tell us how many
edges graphs should have:

< e

/N /N
VANE S,

* EFP1 represents the simplest graph (two nodes, one edge),
which turns out to be equivalent to (hormalized) ECF2:

b _ p
EFP, = Y zzAR; ECF{ = ) p.p. ;AR

— QCD input |
o — SVJinput |
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SUBSTRUCTURE VARIABLES — GIRTH

e definition: Distances r of each particle or cell from the jet center are calculated on the (rapidity,phi)
TERRRRRY : cylinder. The jet center is taken as the (y,¢#) of the jet’s 4-vector, but the pr-weighted
- PT.i g centroid is almost identical. It is important to use rapidity rather than pseudorapidity for the
T~ PTjet & jet location because the jet is massive. A radial moment sums a function of these distances,

weighted by pr, then normalized to the total pp of the jet.

girth

CMS Simulation (work-in-progress) (13 TeV) girth
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SUBSTRUCTURE VARIABLES — [LHA

e | HA is defined as:

DI L E

1€jet

where 7 runs over the jet constituents, z; € [0,1] is a momentum fraction, and 6; € [0, 1]
is a (normalized) angle to the jet axis.

* Ois AR normalized to jet radius (0.8),
* 7iIs constituent pt normalized to total pt.
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AE — INPUTS CORRELATIONS

Correlations between EFP’s

» for good auto-encoder performance — input variables shouldn’t be too correlated,
» we found that for QCD (and SVJ), all EFP’s are fully correlated with each other,

* because of that, we decided to only consider including EFP1.

Correlations between other inputs

* similar correlations for QCD and SVJ, input correlations (QCD)

» girth, LHA, ez, es and EFP; fully correlated, ¢ h| | % [swmmartn| ||
* EFP+ correlated with axes, which are also correlated s

EFP’s correlations (QCD) D nor jor A
with each other.

1 2 3 4 5§ 6 7 8 9 10 11 12

05 -05 08 08

M : -04 04 06 06 06 05 03 -05

Final set of variables

* n, ®, m, piD, axis minor, axis major, EFP1, Co, D2,

 the largest remaining correlation (=~0.8) between jet
axes and EFP;.
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AE — LOSS EVOLUTION

Training quality
* loss evolution for all trained models looks good (no signs of overtraining/undertraining).

training loss
validation loss

loss

L] 2] |
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1 | 1 I
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160

l180l | l200
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0-1 | 1 1 I 1 | | l | | | I | | | | 1 1 | I 1
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loss
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AE — BROC CURVES

ROC’s comparison

* as expected, BDT yields the best performance,
* AE is not that far behind BDT!

Alternative approaches
Other anomaly detection techniques were also

iInvestigated:

* Variational Autoencoder (VAE): similar to plain
AE (but we trained and tested on reconstruction
loss only — could be improved),

* Principal Component Analysis (PCA):
significantly worse than other architectures.
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AE — LIMITS

Run 2, rin=0.3, mpark = 20 GeV Run 2, rin=0.7, mpark = 20 GeV
137.19fb™ (13 TeV) 137.19 b (13 TeV)
Q - : : : 95% CL upper limits Q - : : , 95% CL upper limits
Q : : : , Q : : : :
R | . g bosiaiasissisiii L R— Theoretical : o, | T posa — SRS S— Theoretical :
C = 1 (R —— Expected (without tagger) C = : - Expected (without tagger)
CE C I F esesees Expected (with tagger) CI: - N e Expected (with tagger)
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* events classified into 3 categories: 0 SVJ, 1 SVJ and 2 SVJ,

e transverse mass mr histograms used to set limits,

* only basic uncertainties taken into account (luminosity, trigger),

* |imits are stronger for lower values of riny and improvement from using the tagger is more pronounced in this region,
* autoencoder based approach is able to cover a large area of the phase-space.
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GAE TAGGER VS. JET Pt

Is jetGAE correlated with pt?
* we don’t want the network to learn differences in jet pr distribution = flattening is applied to the training sample,
* verified that correlation is small for backgrounds (a little bit larger for the signal),
* more detailed tests ongoing,
 if needed — DisCo (distance correlation) minimization already implemented in our framework
— can be reused to decorrelate jetGAE loss from jet pr.

flattened jet pr flattened jet pr flattened jet pr
r=-0.073378 r=-0.092588 r=-0.198960
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GRAPH NN — EXISTING SOLUTIONS

Existing papers/solutions
Some solutions exist, but none can be directly applied to our problem (they are classifiers, reconstruct one huge graph etc.):
e https://qithub.com/tkipf/gae (based on this paper: https://arxiv.org/abs/1611.07308) = GVAE (Python 2, TensorFlow 1),
* https://github.com/zfisail/gae-pytorch (reimplementation of the above with PyTorch and Python 3),
* https://vermamachinelearning.github.io/keras-deep-graph-learning/Layers/Convolution/graph conv_layer/
(Keras extension with convolutional graph layers),
* nice GAE description: https://par.nsf.gov/servilets/purl/10209598
« summary of Graph NN in HEP: https://arxiv.org/abs/2203.12852
 GAE for anomaly detection: https://link.springer.com/article/10.1007/JHEPO08(2021)080
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ANALYSIS STRATEGY

Background estimation / signal extraction

* eventAE loss vs. mt for the ABCD-style background estimation,
* if needed, use DisCo to decorrelate loss and mr,

* fit mr distribution in the signal region.

packground
signal

mt (GeV)

Other checks and improvements
 find an orthogonal control region to verify the procedure in data
» expected no excess (or low significance), eventAE loss
* verify robustness against detector effects
» e.g. Inject events which don’t pass ¢ spike or HEM filters into the training dataset and use
them as signal while testing — should yield no discrimination,
* relax preselections to make it even more generic
» e.g. rinv = 0.0, emerging jets etc.,
e could be extended to HLT and scouting
» first studies done on jetAE — the same performance as with fully-reconstructed events.
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