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Motivation

e Generative models are not robust for Out-of-Distribution (OoD) detection in practice (slide)
e Supervised jet classifiers learn useful representations which could be generalized

DisCo-VAE(k = 100), MSE+0.1KL
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W 80 GeV, AUC=0.407
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W 174 GeV, AUC=0.400 Tasks | Base AUC | Transfer AUC

Top 80 GeV, AUC=0.495

. hatin20 Gev 176 Gev, AUC=0.341 W/QCD — Top/QCD 0.926 0.891
--- h3(h1=80 GeV) 174 GeV, AUC=0.619 g/q — TOp/QCD 0926 ()791
Top/QCD — W/QCD 0.957 0.911

q/g — W/QCD 0.957 0.822

W/QCD — q/g 0.861 0.763

Top/QCD — g/g 0.861 0.759

Table 2: Transferability results shown here. In Base AUC, the original trained AUC for the target task
is shown, while in resulting in Transfer AUC, transferred embedding is used for training the classifier.
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e Opportunity to leverage sophisticated physics-inspired architectures: not only a jet
classifier, but also a representation learning machine
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Framework

An effort in bridging SM jet tagger and general new physics search
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Workflow for Anti-QCD Jet Tagging

e In-distribution training data

o Simulated large-cone QCD/W/Top jets with pT~600 GeV
o Low-level jet constituent 4-vectors (or variants)

e Neural architecture (a decent baseline: ParticleNet) (Huiin Qu, Loukas Gouskos. arXiv: 1902.08570]
e Post-processing: anomaly score / “anti-QCD-ness”
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e Out-of-distribution test sets ) D e
o OoD class 1: H (174 GeV) — hh (h— jj) with h (20 GeV) e -
o 00D class 2: H (174 GeV) — hh (h— jy with h (80 GeV) ||l o
o OoD class 3: “Top” (174 GeV) with W (20 GeV)




Main Results - Mass Correlation

Mass correlation is dominated by in-distribution class jet masses
Resampling in-distribution classes to match the mass distributions

Mass Correlation of QCD/W/T Classifier-based Softmax Probability
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Main Results - Receiver Operating Characteristic Curve

e Mass decorrelation plays a different role here compared with the case in SM
jet taggers

e Mass decorrelation eliminates the dominant factor (M) and drives powerful
representation learning for OoD detection

QCD/W/T Classifier for anti-QCD tagging 103Mass»decorrelated QCD/W/T Classifier for anti-QCD tagging




Take-away Message

Supervised Standard Model jet classifiers have great potential

INn general new physics searches
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More details: arXiv: 2201.07199
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Back-up

e An experiment: binary jet classifiers tested on out-of-distribution examples

Model N Top Top from [1] Model Top
QCD/W 0.979 | 0.783 0.776 QCD/T 0.966 | 0.891

QCD/W (M) 0.958 | 0.860 0.861 QCD/T (M) 0.876




Back-up

AUCs for different scenarios

Signal
Scenario
PQCD
MD
PQCD
MD
PQCD
MD
PQCD
MD

SingleModel

Ensemblel0

OVA-AVA

SNGP

h=20GeV
H 174GeV

0.782 £ 0.004
0.840 = 0.008
0.786 = 0.001
0.848 = 0.001
0.784 £ 0.002

0.852 += 0.005

0.786 = 0.004
0.834 = 0.005

h=80GeV
H 174GeV

0.872 £ 0.001
0.856 = 0.006
0.878
0.866 = 0.001
0.876 = 0.001
0.861 = 0.003
0.875 = 0.001
0.860 = 0.006

W=20GeV
Topy74cev

0.768 = 0.004
0.815 = 0.008
0.774 £+ 0.001
0.824 + 0.001
0.772 £ 0.002
0.822 = 0.004
0.777 = 0.003
0.819 = 0.005




Back-up

AUCs for different scenarios (mass-decorrelated)

Signal : ; ]
= h=20GeV h=80GeV W=20GeV
Scenario Hi74Gev Hi71Gev Topy7icev

OE-VAE

DisCo(A = 100)

SingleModel
Ensemblel0
OVA-AVA

SNGP

0.744
0.595
0.645
0.937 £ 0.001
0.931 &= 0.005
0.940
0.941 £+ 0.001
0.938 == 0.001
0.933 £ 0.004
0.936 & 0.001

0.625
0.740
0.745
0.824 £+ 0.001
0.757 £+ 0.012
0.828
0.770 £ 0.004
0.825 £ 0.001
0.746 + 0.013
0.820 £ 0.001
0.793 £ 0.006

0.721
0.648
0.681

e xr.  pocp 0.937 £0.001 0.824 £ 0.001  0.846 + 0.002

0.849
0.851 £+ 0.001
0.848 + 0.001
0.831 4+ 0.006
0.846 £ 0.001

0.833 £ 0.007




Anomaly DetECtion can Fail Slide from T Cheng, ML4Jets 2020

e Qutliers can be assigned higher probability sometimes, this happens in a
general scope of anomaly detection using generative models

e Quick example: MSE based anomaly metric has intrinsic mass
dependence — naive VAE assigns higher probability to lower mass jets
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