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Motivation

= Existence of physics beyond the standard model is likely
= Too many models for dedicated searches

» Need for data-driven model-independent searches

» Anomaly detection with ML

Resonant Anomaly detection:

= Feature m with smooth background

= Signal localized in m

» Use feature set x to enhance anomaly

>

SB § SR § SB m
= Choice of feature set x is difficult Paata(z|m € SB) Pdata(z|m € SB)
— pglcim € §B) Paal@m ESR) € SB)

= Previous enhancement to use more features

. [2109.00546]
» We want to use all available features
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CATHODE

Goal: Approximate likelihood-ratio pg;g4p4/Pbg

Train conditioned generative model on SB background

Interpolate into SR and sample background-like events

= Compare generated background and data with a classifier

Hallin et al.; Classifying Anomalies THrough Outer Density
Estimation (CATHODE); arxiv: 2109.00546
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Dataset

= L HC Olympics 2020 challenge R&D dataset

= Background: QCD

= Signal: W' - XY with X - qq,Y — qq

* my, = 3.5 TeV, my = 500 GeV, my = 200 GeV

= Resonant feature: dijet mass m;;

= SR: 3300 GeV - 3700 GeV

= SB: 2300 GeV - 3300 GeV and 3700 GeV - 5000 GeV

= Two leading pr jets selected
= Up to 279 constituents per jet with pr,n, ¢

https://Ihco2020.qgithub.io/homepage/
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https://lhco2020.github.io/homepage/

Full Phase Space Resonant Anomaly Detection

Original Cathode Full Phase Space
Mjy, AM, Tq j1,T21,j2 2 jets * 279 constituents * 3 features
4 features ‘ up to 1674 features
= Discriminative features need to be selected = \Weak supervision is difficult
» Features must contain the anomaly = Jets represented as point clouds
* Permutation invariant
» Simple ML task = Variable jet sizes

> Powerful networks needed

Diffusion / Flow Matching model

Normalizing Flow (MAF) Generative Network with DeepSets/Transformer

MLP classifier Classifier Transformer Point Cloud classifier
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Normalizing Flows

-

X0~Po
Normalizing Flow (NF)
L _ aft
Training: log pr(xr) = logpy(xy) — log |[=— A
Xt
Sampling: Xr = fr_1° ° fo(xo)

f must be invertible
= Determinant computationally expensive
» Restricted transformations needed

Rezende et al.; Variational Inference with Normalizing Flows; arxiv:1505.05770
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Continuous Normalizing Flows

0
| /\ = X = f(xgt) % = vg(x¢, t) APVAN

0
0
x ~
Xo~Do 1~P1
Normalizing Flow (NF) Continuous Normalizing Flow (CNF)
. af? L ov
Training: log pr(x1) = logpo(xo) — log ai logpy(x1) = logpo(xo) — | Tr (a_e) at
Xt to Xt
Sampling: Xt = fr_q10 o fo(xp) Solve ODE (ordinary differential equation)
= f must be invertible * f has no restrictions
= Determinant computationally expensive = Trace is easier to calculate
» Restricted transformations needed = Still computationally expensive

Chen et al.; Neural Ordinary Differential Equations; arxiv:1806.07366
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Flow Matching

Flow Matching (Lipman et al.)

s dv
log py (x,) = log pyo) — j Tr (52 de DS
o 0%t NSO\
- . Ca N
2 L[N
R Lpy = ||U6(xt) - ut(xtle)” o~
g — Xt =YtXo + Ot€
[1810.01367] [2302.00482]
Continuous Normalizing Flow (CNF) Flow Matching (FM)
Training: Training:
= Training is difficult because 0x = Simulation-free training objective
ODE needs to be solved — = Vg (xt, t) (no ODE solving during training)

ot

= Regressing against conditional flows

» Much faster training

Lipman et al.; Flow Matching for Generative Modeling; arxiv:2210.02747
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D |ﬂ:US|On IVI Ode|S Forward SDE (data — noise)

_ . x(0) dx = f(x,t)dt + g(t)dw
Adding noise to perturb data
Description as stochastic Ii ¥

differential equation (SDE)

Sample by solving reverse SDE

. score function
Train model by approximating dx = [£(x t>& logps ]]dt+g
score function with conditional

probability paths Reverse SDE (noise — data)

Probability Flow ODE: L =|sg(x¢) — Vylogp:(x]xo)l|
= Remove stochasticity Loss Function

« SDE - ODE 1

> A CNF describable with FM dx = [f(x,t) — Eg(t)zvx logp:(x)| dt

“Continuous Time Generative Models” Probability flow ODE

Song et al.; Score-Based Generative Modeling through Stochastic
Differential Equations; arxiv:2011.13456
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Architecture
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Classifier

Jet inputs
((PTp M5 ¢1, mle),
(pTz, Ny, 4’2, my,, Nz))

Particle inputs
((pTrell’ Mrel1> ¢rell)’
((p Trel2> Nrel2s ¢re12)’

((p TreIN> MrelN> ¢relN) ’

Particle inputs
((pTrell’ Mrel1> ¢rell)’
((p Trel2> Nrel2s ¢re12)’

((p TrelN> HrelN» ¢relN ) s

= Point Cloud Classifier
» |nput: Particle Features/ Jet Features
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= DeepSets/ Transformer architecture
= Equivariant
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Results Sideband (SB

= Classifier AUC: 0.54 (Diffusion) 0.53 (Flow Matching)
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Results Signal Region (SR

= Classifier AUC: 0.48 (Diffusion) 0.42 (Flow Matching)
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Conclusion

Paper on arxiv:2310.06879

Model-independent BSM search is important

Hand-selected features might not contain anomaly

We applied CATHODE to the full phase space
using two state-of-the-art generative models

Anomalies can successfully be identified
Larger significance than before
Currently only sensitive to large signal injections

Future innovations might lower the signal injection threshold
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Significance Improvement Characteristic

SIC / ROC Curve 2000 signal injection
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Hyperparameters

Hyperparameter Jet-Diffusion Particle-Diffusion Jet-FM Particle-FM Classifier
Explicit Conditioning t, myj t, pr, M, , m, N, mjj t, myj; t, pr, N, $, M, /
Time Embedding Fourier [43] Fourier [43] Sin/Cos Cosine [58] /
Activation function LeakyReLU(0.01) [59] LeakyReLU(0.01) [59] ELU [60] LeakyReLU(0.01) [59] LeakyReLU(0.01) [59]
Batch size 128 128 128 1024 128
Optimizer Adam [61] Adam [61] AdamW [62] AdamW [62] Adam [61]
Initial learning rate 1.6 x 10—3 1.6 x 1073 1073 1073 102
Weight decay / 5-107° 5-107° /
Learning rate scheduling Cosine annealing [47] Cosine annealing [47] Constant Cosine with warm-up /
Warm-up epochs / / / 500 /
Training epochs 300 300 10000 2000 300
Early stopping patience 50 50 100 / 50
Number of GPUs 16 16 1 1 16
Model weights ~ 1.3M ~ 1.4M ~ 380k ~ 2M 438k
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