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Motivation
    PIPELINE: Unsupervised Anomaly detection to identify candidates for new physics

❑Dedicated searches remain the most sensitive for targeted BSM signatures, but cannot provide complete 
coverage of possible new-physics scenarios. 

❑This motivates a complementary, fully data-driven and model-independent approach to identify unexpected 
event topologies directly from data. 

❑We develop a fully unsupervised anomaly detection pipeline trained exclusively on ATLAS Run-2 open data 

❑ An end-to-end framework that detects, filters, and characterizes anomalous events.
❑ Minimal selection bias.
❑ Model independent

● A transformer autoencoder trained only on Run-2 background, with a novel unsupervised anomaly score 
● A multi-engine analysis pipeline that mines the AE-filtered events for distinct classes of BSM signatures.

WHAT NEW ?
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❑ A transformer autoencoder trained only on DATA, with a novel unsupervised anomaly score 
❑      A clusterization based multi-engine pipeline that mines the distinct classes of BSM signatures.

MAIN MOTIVATION OF MY STUDY IS WHAT IF WE LOSE THE REAL BSM DUE TO SELECTION CUTS?

❑       Trigger selection? Quality cuts? Specific event selection cuts?
❑        Minimal selection, No final state hypothesis, No kinematic cut , UNSUPERVISED, DATA DRIVEN
❑        Which makes the model completely different from conventional model.
❑        Mixture topology, mixture decay channels,

Motivation

WHATS NEW?



❑ RUN 2 data released by ATLAS 2015-2016 Open 
Data for Research from the ATLAS experiment 
DOI:10.7483/OPENDATA.ATLAS.9HK7.P5SI

A NEW AE?

❑ Random object masking:  OBJECT LEVEL MASKING .6, EVENT 
LEVEL .3.

❑ Geometry-aware attention: Pairwise interaction (Δη, Δϕ, ΔR, inv M) 

❑ Encoder-focused learning: An MLP decoder, object relationships in 
the latent representation. 

❑ Physics-informed symmetry learning: Azimuthal rotation 
(ϕ),enforce physics symmetries.

❑ Quality control:    Removed events with no candidates.
❑ Not remove soft particle detail, detector defect

A SET transformer Auto encoder?
❑ Hybrid representation: Object-level representation 

combined with tabular event-level variables.

OBJECTS? ❑ pT -ordered objects: Jets, photons, leptons, large-R 
jets, and MET areordered by pT. The architecture 
remains permutation invariant.

❑ Event-level variables: Njets , Nleptons , Nγ , HT , and 
event density.

PATTERN AND CORRELATION LEARNING?

http://doi.org/10.7483/OPENDATA.ATLAS.9HK7.P5SI


PHYSIS SYMMETRY CONSTRAINTS: PHI rotation and ETA flip

❑ Tested on RUN2 data for 33 fb-1 of data.
❑ Training loss is hubber loss, comparing with MAE, MSE, the hubber gave better reconstruction accuracy to trained background 

data
❑ Bottleneck: pooling-by-multihead-attention (PMA) with K=8 learned query slots, projecting the variable-length object set down 

toa fixed 8-dimensional latent code z per event
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Anomaly Score

❑ Needed a anomaly score combines complementary local and global event information. 

❑ Reconstruction residuals quantify deviations from the learned background representation. 

❑ The calibrated score is used for unbiased event selection across different event topologies.

❑ Each score is first calibrated using an exact-N empirical probability integral transform (PIT) 
to obtain multiplicity-independent p-values.  Score also decorrelated again HT as well to 
make sure model is not over sensitive to scales.

❑ The calibrated p-values are combined using Fisher's method and recalibrated with a 
second exact- PIT, producing the final anomaly score with a uniform false-positive rate 
across multiplicities. 
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NEW ANOMALY SCORE?



Anomaly score 
distributions

• Validation: Benchmarked using 
injected BSM signals (Z′, W′, 
leptoquarks, SUSY, DM, RPV) with 
injected events. 

• Performance: High-mass 
resonances are efficiently retained 
(Z′→μμ: 56–80%, W′→eν/μν: 50–
68%), while compressed/SM-like 
signals have intentionally low 
acceptance. 
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ROC curves

ROC curves computed 
for full space, 10k signal 
events against 5 million 

run2 samples.
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Signal injection studies

❑ Most anomalous 
100k events.



AE model benchmark
comparison study
❑Model comparison:https://arxiv.org/html/2409.03065v1  

ADFilter model

❑ Working points fixed to the anomaly regions of PRL 132 
081801: 

                         ε_B = 8.4×10⁻³ / 8.4×10⁻⁴ / 8.4×10⁻⁵.

❑  Leptonic (3 TeV): 

                          W′→eν 0.85, Z′→ee 0.84 at ε_B = 8.4×10⁻⁴ → SIC ≈ 29

❑  Hadronic (3 TeV):

                         Z′→bb̄ 0.35, W′→qq 0.28

❑  SUSY:    

                        RPV stop 1400 0.73, GGM N₁N₂C₁ 950 0.32,

                        gluino direct 2400 0.27, C₁N₂→WZ 500 0.19,

                        gluino→tt̄ N₁ 2000 0.15, stop→tN₁ 0.11, higgsino RPV 
0.04

http://MOmhttps://arxiv.org/html/2409.03065v1
http://MOmhttps://arxiv.org/html/2409.03065v1
http://MOmhttps://arxiv.org/html/2409.03065v1
http://MOmhttps://arxiv.org/html/2409.03065v1


CLUSTERIZATION and scan Frame work
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Stage Method Result

Validation Sequential MMD permutation 
test + SM-null calibration

Candidate significance; 
resolution-limited flag

Multiple testing BH-FDR Corrected p per engine

Cluster significance SM-null calibrated cluster 
significance

Significance calibrated against 
SM null

Characterization Cohen’s d, neff, top-3 fraction, 
held-out labels

Candidate characterization

Physics Interpretation + artifact flags Physics / artifact assessment

Stability (E1) 10× bootstrap Jaccard ≈0.6 

Engine Input Statistical search

E1 – Compact Clusters SNN + Leiden + HDBSCAN Multi-scale HDBSCAN density 
clustering + deduplication

E3 – Resonance Physics variables Sliding-window bump scan + NMS

E5 – Tail Search Physics variables Upper/lower tail scan + MMD validation

Endpoint Kinematic observables Endpoint/edge scan



Results Does the framework is working?

Signal injection studies
Injected Signal Injected Events Best Recall Best Purity Best Engine Status

Z′ mumu 30 24/25 (96%) 12/25 in 12 events 
(1.000)

Endpoint (recall), E5 
(purity)

✓ Recovered

LQd 4 4/4 (100%) 3/4 in 22 events (0.136) Endpoint (recall), E3 
(purity)

✓ Recovered

Wprime_enu 20 17/20* (1.000) E3 (recall), E5 (purity) ✓ Recovered

C1N2_WZ 17 10/17 10/17 in 30 events Endpoint (recall) ✓ Recovered
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Conclusions

• A fully unsupervised, model-independent pipeline 
identifies anomalous event topologies with minimal 
selection bias. 

• Sequential MMD testing with SM-null calibration and 
multiple-testing correction provides statistically 
controlled candidate selection. 

• Multiple complementary engines probe compact 
clusters, resonances, tails, endpoints, and 
multiplicities. 

• Signal-injection studies recover representative BSM 
signatures, demonstrating sensitivity across different 
anomaly topologies. 

• The model give a path to isolate the anomalies along 
with recommending a signal region for search studies.



thanks



PHYSICS CHARECTERIZTION (supervised)

• Accept statistically significant candidates from Stage 5 
after multiple-testing correction. 

• Identify the most discriminating physics variables using 
Cohen's d to understand what drives each anomaly. 

• Characterize the candidate topology using compactness, 
purity, effective dimensionality and cluster properties. 

• Assign possible BSM signatures by comparing the observed 
variable patterns and topology with known physics scenarios 
(Z′, SUSY, LLP, etc.). 

• Generate a complete candidate summary, including 
significance, dominant variables, event composition and 
engine of origin. 

• Prioritize candidates into Tier-1, Tier-2 and Tier-3, providing 
a final shortlist for detailed physics analysis.

Statistically validated anomaly candidates. 

Physics-driven signal region definition. 

Standard HEP background estimation 
(CR/Sidebands/MC). 

Final discovery via profile-likelihood inference 
including systematic uncertainties.
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Z to ll removed model

❑To compare the model 
performance to recover SM 
events, I have conducted a 
veto study.

❑Removed z to mumu samples 
from the training data and 
reperformed the analysis.

❑AUC went up from .717 to 
.758.
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ANALYSIS STRATEGY

❑Preprocessing: 

• RUN 2 data released by ATLAS 2015-2016 Open Data for Research from 
the ATLAS experiment DOI:10.7483/OPENDATA.ATLAS.9HK7.P5SI

• Quality control: removed events with no candidates

❑ Data representation:
• low-level features(pT, E, η, ϕ, q) :Jets(6 leading), Leptons (6 leading)
• Photons (6 leading), tau, Large R jets (6) , MET , Energy Density, HT,  
• Jet width, EM frac, Tau Weta variables

❑ Data Processing Strategy (PhysLite Dataset)

❑ Environment:     Executed on CERN SWAN, using ROOT with Distributed RDataFrame (RDF) and Dask  .
❑ Dataset:          Based on PhysLite format, totaling ~75 TB of ATLAS data across ROOT files.
❑ Event Selection:  5 million events used for full-scale training and validation.
❑ Preprocessing:   Distributed RDF used to variable derivation in parallel processing.

                 Physics variables of interest were extracted and stored in new ROOT files.

Whole analysis is saved in repository : 
https://github.com/asrithhep/Anomaly-detectionwith-transformer-model-in-HEP
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AUC curves ❑ AUC computed 10k signal against 5 million background samples
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SM models



GITHUB 
repository

Folder / File Contents

configs/ pipeline_config.json, README.md

docs/ OPEN_DATA.md, PIPELINE.md, assets/

examples/outputs/
atlas_quality_cut_summary.csv, stage5_shortlist.csv, 
stage5_significant.csv, stage6_inventory.csv, 
stage6_summary.csv, stage6_tier1.csv

notebooks/01_data_preparation/ rdataframe_to_root_background.ipynb, 
rdataframe_to_root_signal.ipynb

notebooks/02_autoencoder/ transformer_autoencoder_training.ipynb

notebooks/03_scoring/ FINAL_empirical_lambda2.ipynb, 
empirical_pipeline_with_sizestudy.ipynb

scripts/ run_stage3_scoring.sh, run_stage4_discovery.sh

src/hep_bsm/autoencoder/ model_definition.py

src/hep_bsm/discovery/
bridge.py, characterization.py, e1_pipeline.py, 
encoder_tokens.py, engine_names.py, engines.py, 
pipeline_config.py, significance.py

src/hep_bsm/scoring/ scan_combined_fair_tdf.py, 
scan_combined_fair_uproot.py

tests/ test_pipeline_invariants.py

root files README.md, LICENSE, CITATION.cff, pyproject.toml, 
environment.yml, .gitignore



BSM search model 
comparison

• arXiv:2409.03065, the ADFilter. https://arxiv.org/abs/2502.14036 and 
other anomaly detection model uses signal selection method.

• ADFilter is really close to the unsupervised model, but for the RMM 
matrix representation it is selecting lepton trigger and selecting lepton 
pt > 60.

• I tried this method last summer, because of this lepton trigger on this, 
I used tried to create RMM for my method, but issue is while it is good 
for lepton triggered data, for full data the RMM is mostly empty and 
the performance was really bad,

• Used 20*20/10*10 RMM matrix, tried different method, tried 
Convolute layers, flattened layer to reduce computation complexity, 
none gave the better reconstruction for background itself, 

https://arxiv.org/abs/2502.14036


RMM

https://arxiv.org/pdf/1810.06669



BSM search 
studies similar 
approach ADFilter

• AE anomaly scores use to fins anomalous events and 
reconstruct the invariant mass mjj. 

• A mass-sculpting check verified that the AE selection 
preserved the background mjj  shape. 

• The background was estimated by fitting the mjj  sidebands 
with a smooth polynomial. 

• The fit was extrapolated into the signal region, compared 
with event yield. 

• The bump hunt was repeated for different AE score 
thresholds. 

• The optimal AE threshold was chosen by maximizing the 
local significance. 

• The workflow uses methods in the ATLAS ADFilter 
strategy, replacing the original anomaly detector with the 
proposed autoencoder to check the AE performance.



❑ Decorrelated  mjj distribution.
❑ Significance table is given with different signal 
injection fraction



Zprime to bb Wprime to qq



Reconstruction plots
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❑ ttˉ, high mass DrellYan process (> 500), and Higgs 
candidates were reconstructed using specific event 
selections. 

❑ Enrichment factors and local significances were 
computed. 
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AUC comparison ROC curves

❑ Built with 500 isolation trees, each using 4096 random samples.
❑ Implemented using GPU-accelerated cuML Isolation Forest.

Isolation-forest model comparison



Tabular data 
vs sequence 

data

Anomaly score
• Hybrid anomaly score combines complementary global and 

local measures of event anomalousness. 
• Empirical background calibration converts both components 

into a single robust significance score. 

https://pos.sissa.it/485/663

Past work:  TAB - Transformer autoencoder
❑ Trained a masked tabular transformer, 
❑ 1 million run 2 data Is used to train the model.
❑ Masked random variables up to .3 fraction.
❑ Forced correlation learning.
❑ Variables grouped based on the shape and 

applied embedding .
❑ Developed a hybrid loss based on KNN based 

mahalanobis distance. Covering local and global deviation 
of events from SM manifold

❑ Tested 200M run2 events from atlas open data for research
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Tabular data 
vs sequence 

data

Past work: TAB - Transformer autoencoder
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High HT values vs clusterization



Model training 
log



Signal injection studies

❑ Operating threshold used for 
the production scan: p99.999 
on sc_combined_fair  corres
ponding to a numeric cut of 
22.241 on the fair score.

❑ Validated by injecting 
benchmark BSM signals (Z′, 
W′, leptoquarks, SUSY, dark-
matter models, RPV) into the 
Run-2 background sample at 
varying injected yields(N = 10 
– 1000) and measuring the 
fraction recovered above 
threshold.
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Signal injection studies

❑ 2/3 of the run2 2016 data.

❑ Operating threshold used for 
the production scan: p99.999 
on sc_combined_fair  corres
ponding to a numeric cut of 
22.241 on the fair score.

❑ Validated by injecting 
benchmark BSM signals (Z′, 
W′, leptoquarks, SUSY, dark-
matter models, RPV) into the 
Run-2 background sample at 
varying injected yields(N = 10 
– 1000) and measuring the 
fraction recovered above 
threshold.
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Discussion
❑ Even though the model is able to give 

back injected cluster, it is missing a 
lot of signals,

❑ The selected space is having issues.
❑ Model is sensitive to outliers and 

selecting data issues and artifacts.
❑ As I didn’t applied any quality cuts, 

only remove pt > unphysical values.



Discussion

• Around 6k of candidates over 
6.5 TeV.

• Because of these model 
selection artifacts, bump 
hunting, endpoint scan, 
clusterization all in noise.

• Random SM events don’t have 
any issues for null computing.



Tail ROC curves

AE signal injection studies

❑ Production threshold: p99.999 on the fair anomaly 
score (cut = 22.77), 

❑ Performance: High-mass resonances are efficiently 
retained (Z′→μμ: 56–80%, W′→eν/μν: 50–68%), while 
compressed/SM-like signals have intentionally low 
acceptance. 

❑ Implication: The AE acts as a kinematic outlier filter, 
motivating the downstream multi-engine discovery 
pipeline to recover softer and topology-specific BSM 
signatures.
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PHYSICS CHARECTERIZTION (supervised)

❑ Real issue now is to flag the artifact candidates/ remove the 
quality issue candidates from the final anomalies so that genuine 
interesting clusters can be observed.

❑ Accept statistically significant candidates from Stage 5 after multiple-
testing correction. 

❑ Identify the most discriminating physics variables using Cohen's d to 
understand what drives each anomaly. 

❑ Characterize the candidate topology using compactness, purity, 
effective dimensionality and cluster properties. 

❑ Assign possible BSM signatures by comparing the observed variable 
patterns and topology with known physics scenarios (Z′, SUSY, LLP, etc.). 

❑ Generate a complete candidate summary, including significance, 
dominant variables, event composition and engine of origin. 

❑ Prioritize candidates into Tier-1, Tier-2 and Tier-3, providing a final 
shortlist for detailed physics analysis.

Statistically validated anomaly candidates. 

Physics-driven signal region definition. 

Standard HEP background estimation 
(CR/Sidebands/MC). 

Final discovery via profile-likelihood inference 
including systematic uncertainties.
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MET cluster

• Found that all events in this cluster 
are MET only events, the anomalies 
maintaining structure of the real 
data  partially.

• Contacted atlas open data group.



Example clusters survived in the statistical filtering and topology 
analysis

❑ How to go for a real analysis? Background estimation?
❑ As we have interesting clusters, first need to confirm the selected cluster have genuine interesting events or not.
❑ Analyze each event by going through the event id, if it is truly interesting, using the cluster common kinematics, we 

can define the signal region, and go for background estimation which passes the kinematic and selection cuts.
❑ Currently working on it
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AE test 
calibration
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