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Initial Interactions…
• My research: Innovate AI algorithms at all stages of HEP experimental 

pipeline in order to drive sensitivity in top and Higgs measurements

https://a3d3.ai/emerging-scientist-leadership-award/


What to Expect

• Why we want to study the top quark and the Higgs boson, why the LHC is a good 
place to do it, and why machine learning (ML) tools are vital to this endeavor
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Setting the stage

Higgs boson case study: boosted H → WW*

Top quark case study: all-hadronic tt̄tt̄

Looking to the future

• Measurement of boosted , facilitated by transformer-based jet 
tagging and fine-tuning techniques 

H → WW*

• Measurement of all-hadronic four-top production, facilitated by ML-based 
data-driven background estimation 

• Current and future developments of ML-based low-level trigger algorithms and jet 
tagging methods, and some concluding thoughts
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• Naturalness/heirarchy problem:  

Why is the Higgs mass so small and the top mass so 
large, requiring an enormously fine-tuned theory? 

• Undiscovered physics?  

Are there unexpected new particles to discover? 

Big Questions…

t

H
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 Critical to understanding the Standard Model 

 Powerful probes for new physics 

→
→

Melissa’s interest

Big Questions…

Let’s see some examples!

Require big (little) particles!



Is the Higgs Potential “Standard?”
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?
Figures by Larry Lee

• Example: We need multi-Higgs production to understand the shape of the Higgs potential!



L
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• Example: We need multi-Higgs production to understand the shape of the Higgs potential!

Is the Higgs Potential “Standard?”

Figures by Larry Lee

*work 
underway- 
later in the 

talk!

*

*

🤔



• Example: Boosted (high transverse 
momentum) Higgs production 

• Seemingly small deviations from SM 
amplified at higher energies! 
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Is new physics hiding at higher energies?

This talk: boosted H WW*→
cg - Higgs-gluon contact coupling

Re(cy) - real part of top Yukawa coupling

SM

Not SM!



• Example: four-top quark production 

• Direct probe of top-Higgs Yukawa coupling 

• Enhancements of cross section evidence of 
BSM physics 

• Precise theory predictions are also vital!
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The top quark as a probe for new physics?

This talk
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Squeezing the Standard Model

Theory

BSM?

Experiment

SM

Cutting-edge 
analysis 

techniques

Improved detection 
technology

More powerful 
colliders

Higher-order 
calculations

Improved PDFs

New 
computational 

techniques
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Squeezing the Standard Model

Theory

BSM?

Experiment

SM

Cutting-edge 
analysis 

techniques

More powerful 
colliders

Higher-order 
calculations

Improved PDFs

New 
computational 

techniques

+🤖
Improved detection 

technology
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Case Studies & their ML tools
Cutting-edge analysis 

techniques
Improved detection 

technology

Data-driven 
background 
estimation

Event-level 
discrimination

Object 
reconstruction+

classification
Complex trigger 

algorithms H → WW*

tt̄tt̄
past work

current/future work

Higgs physics:

top physics:

🤖 ML



Search for Boosted H WW* →
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• H WW is 2nd largest BR ~21% 

• First study of H production decaying to WW 
with at least 1 hadronic W (decaying to qq) 

• Facilitated by NN-based jet tagging: "ParT" 
Particle Transformer

→

https://arxiv.org/pdf/2202.03772


Transformers
• Powerful neural networks at the core of LLMs based on the 

idea of attention 
• Process a set of items (words, jet constituents…) and let each 

one gather context  from all the others 
• Each item computes its output from every other item in 

parallel  Learns efficient, complex relations→
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J. Duarte

Leptonic decay: 
attention focused 
on lepton

Hadronic decay: 
attention split 
across subjets

 Can form “foundational 
models” for diverse 
downstream tasks!

→

https://arxiv.org/pdf/1706.03762
https://indico.cern.ch/event/1526677/
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• ParT model: Transformer architecture 

• Uses learned “attention” (and 
pairwise features) to give more 
weight or disregard certain particles 
in order to infer the origin of jets 

•  expanded to GloParT→

Particle Transformer CMS-JME-25-001

• GNNs for jet tagging 
• CMS: ParticleNet, ATLAS: GN1  

• Transformers for jet tagging 
• CMS: ParT, UParT GloParT, 

ATLAS: GN2, GN2X, GN3, GN3X

https://arxiv.org/pdf/2202.03772
https://cds.cern.ch/record/2904879
https://arxiv.org/abs/2604.09809
https://arxiv.org/abs/1902.08570
https://cds.cern.ch/record/2811135?ln=en
https://arxiv.org/pdf/2202.03772
https://cds.cern.ch/record/2904702/files/DP2024_066.pdf
https://cds.cern.ch/record/2904879
https://arxiv.org/pdf/2505.19689
https://cds.cern.ch/record/2866601?ln=en
https://cds.cern.ch/record/2953652?ln=en
https://cds.cern.ch/record/2965597


R. Kansal
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• ParT significantly improves 
on previous state-of-the-art 
method for H WW 4q 
tagging 

→ →

Particle Transformer

better  
performance

new ParT 
modelold 

model

https://cms-results.web.cern.ch/cms-results/public-results/preliminary-results/JME-25-001/index.html


R. Kansal
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• ParT significantly improves 
on previous state-of-the-art 
method for H WW 4q 
tagging 

→ →

Particle Transformer

better  
performance

new ParT 
modelold 

model

Problem for 1lep channel: 

• Not explicitly trained on H decays with one 
isolated lepton inside boosted jet 

•  Not trained on W(l )+jets background! 

• Finetuning!

ν

→

https://cms-results.web.cern.ch/cms-results/public-results/preliminary-results/JME-25-001/index.html


Search for boosted H WW* →
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20% more signal efficiency for the 
same background rejection

Train smaller specialized model starting 
from output of broad "foundation" model 

• Inputs 128 neurons from last hidden 
layer of ParT 

• Outputs probability of 1lep H WW, 
QCD, , or W+jets 

→

→
tt̄

ParT
better  

performance

Supervised!



Search for boosted H WW* →
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• First study of 
boosted H WW 
production with at 
least 1 hadronic W  

• Facilitated by ParT 
boosted jet tagger 
+ finetuning 
techniques! 

•  ML-driven jet 
reconstruction+ 
classification 

→

→

 CMS-HIG-24-008 

Supervised!

Our results

https://arxiv.org/pdf/2202.03772
https://arxiv.org/abs/2603.22233
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All-Hadronic Four-Top Production

QCD multijet event

• First all-hadronic  analysis (published 2023) 

• Very challenging final state due to large QCD-multijet 
backgrounds

tt̄tt̄

ML-based data-
driven estimation of 
major backgrounds! 

PhD Thesis

https://cms-info.web.cern.ch/news
https://arxiv.org/abs/2303.03864
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Event-Level Classifier
• BDT event-level classifier: boosted 

decision tree trained to discriminate  
vs. QCD multijet and  backgrounds 

• Problem: Could not model QCD multijet 
background in simulation 

• Need way of estimating BDT 
discriminant shape of major 
backgrounds from data

tt̄tt̄
tt̄

tt̄tt̄QCD+tt̄
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NN Background Estimation
• Goal: predict BDT shape of QCD+  backgrounds from data  

•  Neural autoregressive flows (NAFs) are a form of 
normalizing flow (NF)  

• Learn transformation  between input ( ) and target 
(data) distributions in order to predict feature variables 
(BDT discriminant) 

•  modified autoregressively by current and previous 
conditional variables (control regions)

tt̄

τ tt̄

τ

• Learns how transformation varies 
across control regions in order to 
apply to signal region 

→

https://arxiv.org/abs/1804.00779
https://arxiv.org/abs/1505.05770
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NN Background Estimation
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1) Train NN to predict output 
(predicted QCD) by learning 
transformation from input ( ) to 
target (QCD) in CRs

tt̄
NN Background Estimation
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2) Infer final output prediction 
(predicted QCD) by applying NN to SR

NN Background Estimation
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 CMS-TOP-21-005 

 CMS-MLG-23-004  CMS-TOP-25-006 

• Analysis facilitated by this normalizing flow based 
data-driven background estimation technique 

• Developed for first all-hadronic four-top analysis 

• Also in upcoming Run 3 version of this analysis 

• Potentially applicable to other hadronic signatures 

• ML paper and corresponding public git repository 
coming soon!

All-Hadronic Four-Top Production

Supervised!

PhD Thesis

Postdoc workSupervised!

https://arxiv.org/abs/2303.03864
https://arxiv.org/abs/2303.03864
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 CMS-TOP-21-005 

 CMS-MLG-23-004  CMS-TOP-25-006 

• Analysis facilitated by this normalizing flow based 
data-driven background estimation technique 

• Developed for first all-hadronic four-top analysis 

• Also in upcoming Run 3 version of this analysis 

• Potentially applicable to other hadronic signatures 

• ML paper and corresponding public git repository 
coming soon!

Supervised!

PhD Thesis

Postdoc workSupervised!

Potential improvements: 

• Could benefit from improved top tagging  

• Limited by triggers at low jet multiplicity/momentum 

• Improved trigger algorithms for complex signatures?→

All-Hadronic Four-Top Production

https://arxiv.org/abs/2303.03864
https://arxiv.org/abs/2303.03864
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 CMS-TOP-21-005 

 CMS-MLG-23-004  CMS-TOP-25-006 

• Analysis facilitated by this normalizing flow based 
data-driven background estimation technique 

• Developed for first all-hadronic four-top analysis 

• Also in upcoming Run 3 version of this analysis 

• Potentially applicable to other hadronic signatures 

• ML paper and corresponding public git repository 
coming soon!

Supervised!

PhD Thesis

Postdoc workSupervised!

Potential improvements: 

• Could benef

• Limited by triggers at low jet multiplicity/momentum 

• Improved trigger algorithms for complex signatures?→

Potential improvements: 

• Could benefit from improved top tagging 

All-Hadronic Four-Top Production

https://arxiv.org/abs/2303.03864
https://arxiv.org/abs/2303.03864


• Traditional jet assignment: try every possible assignment, pick the best by χ² 
•  Scales combinatorially, intractable in high-multiplicity final states 

• SPANet: “Symmetry Preserving Attention Network 
• Permutationless, efficient, and variable set assignment 

• Expanded to multi-radius jets!
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SPANet for topology-inclusive Jet Tagging

bq q
W

pt

bq q
t

pt

bq
q

pt

JHEP 11 (2025) 119 In progress!SPANet

bq
q

pt

t H t

Supervised!
Supervised!

https://arxiv.org/pdf/2010.09206
https://arxiv.org/pdf/2106.03898
https://arxiv.org/abs/2412.03819
https://arxiv.org/pdf/2010.09206
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 CMS-TOP-21-005 

 CMS-MLG-23-004  CMS-TOP-25-006 

• Analysis facilitated by this normalizing flow based 
data-driven background estimation technique 

• Developed for first all-hadronic four-top analysis 

• Also in upcoming Run 3 version of this analysis 

• Potentially applicable to other hadronic signatures 

• ML paper and corresponding public git repository 
coming soon!

Supervised!

PhD Thesis

Postdoc workSupervised!

Potential improvements: 

• Could benef

• Limited by triggers at low jet multiplicity/momentum 

• Improved trigger algorithms for complex signatures?→

Potential improvements: 

• Limited by triggers at low jet multiplicity/momentum 

• Improved trigger algorithms for complex signatures?→

All-Hadronic Four-Top Production

https://arxiv.org/abs/2303.03864
https://arxiv.org/abs/2303.03864
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An analysis is only as good as its data!

Compute latency

Challenges: 
Each collision produces O(103) 
particles

Detector has O(108) sensors

Extreme data rates O(100 TB/s)

Exabyte scale datasets

High rates, low 
latency, low resource 

utilization 

Very large, complex 
datasets
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ML for Hardware Triggers
• ML facilitates complex algorithms at the 

trigger level 

• L1 Trigger rejects >98% events 

• What if we are missing physics because 
we did not design a suitable trigger? 

• Application: Anomaly Detection 

• Detect new physics? 

• Sensitive to a broad spectrum of SM/
BSM signatures without redundancy or 
cut-based inefficiencies

  and  are anomalous 
w.r.t. QCD! 

t H
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Autoencoders
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Deployment

• Thresholds target different 
trigger rates 

• Rates stable relative to 
other L1 triggers
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Anomaly Detection Trigger Timeline
2018 
First release of hls4ml, 
a source-to-source 
compiler: pythonic ML

FPGA firmware→

October 2022 
I join team as a first-
year postdoc

April 2023 
AXOL1TL is born! 
Deployed on CMS L1 
trigger test crate for 
rate monitoring

March 2026 
Paper published on hls4ml, 
including developments for 
LHC triggers

Present Day 
Finalize paper, analyze 
data, start work on 
future triggers!

May 2025 
First AD 
algorithm 
deployed in 
ATLAS trigger

June 2026 
End of LHC 
Run 3 
collisions!

Fall 2025 
Started writing 
paper on CMS AD 
triggers

October 2024 
Second AD algorithm 
(CICADA) deployed in 
CMS L1 Trigger

April 2025 
Updated 
AXOL1TL 
model 
deployed

May 2024 
Started 
collecting data 
with AXOL1TL

2023 data-taking

2024 data-taking 2025 data-taking

2026 data-taking

✍ 🎉

“Anomaly eXtraction Online L1 
Trigger Lightweight”

CMS-MLG-25-001doi:10.1145/3801979

Postdoc work

Supervised!

Coming Soon!

https://fastmachinelearning.org/hls4ml/
https://arxiv.org/abs/2512.01463
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Performance
• Enhanced sensitivity to 

lower L1  and  
values for pure events 

• Preference for higher 
object multiplicity 
especially jets and e/

HT pmiss
T

γ
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Physics Sensitivity

• Efficiency of simulated SM & BSM signals 

• 2025 model more sensitive than 2024 

• Competitive with standard  triggerHT

 Sensitivity to broad range of physics scenarios→

CMS-MLG-25-001

Coming 
Soon!

Postdoc work
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Future Triggers
Phase-2 ATLAS TDAQ system

Hardware

Software

Timing, Trigger, 
and Control

Central Trigger 
Processor

• ML algorithms increasingly essential for Phase 2 hardware 
triggers in CMS & ATLAS 

• ALTAS Phase 2 Global Trigger: Time-multiplexing architecture 
makes full-event, offline-quality reconstruction feasible at L0 

• hls4ml/ML based algorithms targeting GEP FPGAs [2406.12875] 

• b-tagging, VBF classification, MET regression, quark-gluon jet 
tagging… 

• Both broad + targeted algorithms for improved efficiency + 
detection capabilities

ATLAS Phase II TDAQ TDR

https://arxiv.org/pdf/2406.12875
https://inspirehep.net/files/14203f53a232bf11fe55813ae420ac2a


• Analyze current LHC data utilizing 
cutting-edge ML to push boundaries 
of sensitivity 

• ..., , ( , ?) 

• Build upon analysis+ML+trigger 
experience to inform High-Luminosity 
LHC strategy 

• More robust trigger algorithms 

• Bigger, better (foundation?) models 
for jet tagging

H → WW tt̄tt̄ HH tt̄H
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What’s next?

t

H
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• Precise experimental measurements of the 
top quark and Higgs boson are vital to 
understanding the Standard Model + 
revealing unexpected physics beyond it 

• Cutting-edge ML algorithms at all levels of 
the experimental pipeline are driving 
sensitivity and discovery: 
• Improving trigger algorithms + jet 

reconstruction  
• Facilitating complex measurements  
• Addressing challenges of HL-LHC & beyond 
• Relevant to other scientific challenges!

Final Thoughts



Thank you!
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Backup
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Higgs Decay Modes
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Particle Detection
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Jet Tagging

Great strides made to leverage rich low-level 
information with graph neural networks and 

transformers for jet classification! 

• GNNs:  
• CMS: ParticleNet, ATLAS: GN1  

• Transformers:  
• CMS: ParT, UParT GloParT, 

ATLAS: GN2, GN2X, GN3, GN3X

https://arxiv.org/abs/1902.08570
https://cds.cern.ch/record/2811135?ln=en
https://arxiv.org/pdf/2202.03772
https://cds.cern.ch/record/2904702/files/DP2024_066.pdf
https://cds.cern.ch/record/2904879
https://arxiv.org/pdf/2505.19689
https://cds.cern.ch/record/2866601?ln=en
https://cds.cern.ch/record/2953652?ln=en
https://cds.cern.ch/record/2965597
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Sidenote: Boosted Decision Trees
• ~Flowchart of binary cuts on multiple variables 

• Boosting: combine many trees:  

• When a tree misclassifies events, the next 
tree is trained with those misclassified 
events given higher weight 

• The final score is a weighted vote across all 
trees. 

• Interpretable, easy to train 

• Excellent results for appropriate problems!

scikit-learn.org
Pick the model that suits your task→

BDT tutorial
Melissa Quinnan Color Meets Flavor Symposium 15 July 2026 48

https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html
https://datahacker.rs/011-machine-learning-decision-three/


•  Neural autoregressive flows (NAFs) are a form of 
normalizing flow (NF)  

• Latent variables  from a target distribution  
expressed as an invertible transformation  of 
observable (“feature”) variables  from an input 
distribution  

•  is a transformer that depends on observables  
via a conditioner function c that modifies 
transformer based on current and previous 
components (“conditional variables”) c( ): 

  

• Recommended transformer ( ): deep sigmoidal 
flow (DSF) unit where w, a, and b are parameters of 
a model adjusted during training: 

yt pY(yt)
τ

xt

pX(xt)

τ xt

x1:t−1

yt = τ(c(x1:t−1), xt) = τc(xt)

τ

yt = τ(xt) = σ−1(wT ⋅ σ(a ⋅ xt + b))

Shape Estimation: NAFs

DSF unit with sigmoid activation, 1 hidden 
layer and an inverse sigmoid at the output 

layer. Sigmoid activation function  is defined 
as 

σ
σz = 1/(1 + e−z)

ytxt

τ

Melissa Quinnan Princeton Dark Cosmos Seminar 23 September 2025 49 49Melissa Quinnan Color Meets Flavor Symposium 15 July 2026

https://arxiv.org/abs/1804.00779
https://arxiv.org/abs/1505.05770


• Feature variables that the network transforms: BDT discriminant distributions and  (in order to bin in 
 categories) 

• Conditional variables are one-hot encoded labels reflecting different CR/VCR regions 

• Loss function: maximum mean discrepancy (MMD) 

• Network learns to transform feature variables to match target distribution by generalizing over control 
regions  predicts BDT discriminant distribution of QCD multijet and  backgrounds in SR (VR) 
from data in CRs (VRs)

HT

HT

→ tt̄

Shape Estimation: ABCDNN

yt = τ(c(x1:t−1), xt) = τc(xt)

• We define an “ABCDNN” NAF: 

• Target distribution: the data-driven 
backgrounds to be predicted  

• In this case major QCD multijet and  
backgrounds (data-minor MC 
backgrounds) 

• Input distribution: MC simulation 
sample with sufficient statistics  

• In this case  is used

tt̄

tt̄
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Training Procedure

*CCN: Conditional coupling network (CCN) with 2 fully connected layers and swish activation function  Swish(z) = zσ(z)

Compute Loss  
maximum mean 

discrepancy (MMD) loss

Backpropagation  
ADAM optimizer used to 

update model weights

Learning Rate Adjustment 
and Early Stopping  

Sawtooth learning rate 
scheduler, early stopping if loss 
does not improve over number 

of training steps

• Training Loop (per mini-batch):

Forward Propagation (repeat for a given network depth)

1. Input permutation 
shuffle features and 

concat conditionals to 
include outputs of 

previous mini-batches 

2. CCN* 1 
Compute weights 
a and b from 
conditionals 

4. CCN* 2 
Compute weight 

w from 
conditionals

3. Sigmoid 
Sigmoid 

transformation 
of DSF unit 

σ
5. Inverse Sigmoid 
Inverse sigmoid  
transformation of 

DSF unit

σ−1

yt = σ−1(wT ⋅ σ(a ⋅ xt + b))σ−1( )w a bσ( )
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ATLAS Phase II
• L0: ~10 s lantency, advanced FPGAs+optical modules 
• Global Trigger: full-granularity calorimeter processing and topological algorithms in hardware 

• Time-multiplexing architecture makes full-event, offline-quality reconstruction feasible at L0 
• Full event processing on GEP FPGAs 

• hls4ml/ML based algorithms proposed for GEP FPGAs [2406.12875] 
• B-tagging, VBF classification, MET regression, quark-gluon jet tagging… 
• Improved performance within 1.2 μs latency, <5% resource utilization

μ

Phase-2 ATLAS TDAQ system

Phase-2 ATLAS Global Trigger

Hardware

Software

ATLAS Phase II TDAQ TDR

Timing, Trigger, 
and Control

Central Trigger 
Processor

https://arxiv.org/pdf/2406.12875
https://inspirehep.net/files/14203f53a232bf11fe55813ae420ac2a
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ML for data collection
How to put ML on FPGAs?
• Codesign: intrinsic development loop between ML 

design, training, and implementation


• hls4ml - a source-to-source compiler for translating ML 
algorithms written in python into FPGA firmware

Melissa Quinnan Color Meets Flavor Symposium 15 July 2026 53

https://fastmachinelearning.org/hls4ml/


AXOL1TL Design: 2024
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• Inputs L1 trigger objects: (pT, η, ɸ) of MET, 4 electron/photons, 4 muons, 10 jets 


• Train on ZeroBias data collected by CMS in 2023/2024


• Variational autoencoder (VAE): Additional KL-divergence loss term regularizes latent 
space to be normal gaussian (N( )  N(0,1)) to prevent overfitting
μx, σx →

input data reconstructed data 

Full regularization term
(Kullback–Leibler divergence)

Reconstruction loss

Loss = || ||   +  KL[N( )  N(0,1)]x − ̂x 2 μx, σx →

Encoder Decoder

Latent 
Space
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AXOL1TL Design: 2024
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• Only deploy encoder half of the network, compute degree of abnormality from latent 
space directly  Halves the network size and latency!


• Small, fully connected network architecture


• Satisfies strict L1 Trigger requirements: latency of 4 s, low resource utilization

→

μ

input data reconstructed data 

Full regularization term
(Kullback–Leibler divergence)

Reconstruction loss

Loss = || ||   +  KL[N( )  N(0,1)]x − ̂x 2 μx, σx →
Anomaly Score ~ Σμ2

x

Encoder

Latent 
Space

Melissa Quinnan Color Meets Flavor Symposium 15 July 2026 55



AXOL1TL Design: 2025

56Melissa Quinnan Princeton Dark Cosmos Seminar 23 September 2025

Self-supervised learning: Learn mapping function , from 

input space  (observations) to  where  are pseudo-labels generated from 


 Encode the underlying structure of the input space through supervised-style 
training to learn meaningful/distinguishing features


 VICReg “Variance-Invariance-Covariance Regularization”

f : X → Y′￼

X Y′￼ Y′￼ X

→

→

s(Z,Z’) = || ||  Z − Z′￼
2
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https://arxiv.org/pdf/2105.04906


AXOL1TL Design: 2025

57Melissa Quinnan Princeton Dark Cosmos Seminar 23 September 2025

• Train VICReg to learn embedding of data given L1 trigger kinematics


• Learned embedding input to VAE 


• Anomaly score is MSE loss between embedding/VAE output

Melissa Quinnan Color Meets Flavor Symposium 15 July 2026 57



AXOL1TL Design: 2025

58Melissa Quinnan Princeton Dark Cosmos Seminar 23 September 2025

Self-supervised learning: Learn mapping function , from 

input space  (observations) to  where  are pseudo-labels generated from 


 Encode the underlying structure of the input space through supervised-style 
training to learn meaningful/distinguishing features


 VICReg “Variance-Invariance-Covariance Regularization”

f : X → Y′￼

X Y′￼ Y′￼ X

→

→

s(Z,Z’) = || ||  Z − Z′￼
2

Melissa Quinnan Color Meets Flavor Symposium 15 July 2026 58

https://arxiv.org/pdf/2105.04906


• Traditional approach (try every possible jet-to-parton assignment, 
pick the best by χ²) scales combinatorially and becomes intractable in 
high-multiplicity final states 

• SPANet: “Symmetry Preserving Attention Network  
• Based on a novel attention mechanism with embedded 

symmetries 
• Attention architectures are permutation invariant because 

rearranging the order of the elements in the input sequence 
induces the same rearrangement in the attention weights -> 
Permutationless many-jet event reconstruction 
• Performs effective and efficient set assignment tasks 

• Traditional permutation approach: list every possible 
combination of candidates into positions and scores each 
one at a time 

• SPANet: Simultaneously compute compatibility score 
between every candidate and every position, solve for 
best overall matching, and if two positions are identical do 
not bother to distinguish them (jet A->parton 1 and jet B-
>parton 2 is the same as jet B->parton 2 and jet A->parton 
2) 

• Originally for resolved top tagging in hadronic ttbar, later 
expanded to  variable-size set of observed aK4 jets
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SPANet

significantly outperforms existing state-of-the-art 
methods, correctly assigning all jets in 80.7% of 6-jet, 
66.8% of 7-jet, and 52.3% of ≥8-jet events respectively

https://arxiv.org/pdf/2010.09206
https://arxiv.org/pdf/2010.09206
https://arxiv.org/pdf/2106.03898


• Retrain SPANet for simultaneous 
boosted+resolved H->bb tagging for up to 
3 Higgs  

• Increases the Higgs boson reconstruction 
purity by 56–80% and the efficiency by 37–
38% compared to baseline depending on 
final state
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SPANet for boosted+resolved hadronic HH/HHH 

https://arxiv.org/abs/2412.03819

https://arxiv.org/abs/2412.03819


• ATLAS 
• GN1: graph based resolved jet tagging 
• GN2: transformer based resolved jet+flavor tagging 

• GN2: transformer based resolved jet+flavor tagging, + more classes 
• GN2X: transformer based boosted jet tagging (+flavor information) 
• GN3X: transformer based boosted jet tagging (+flavor information), + more classes 

• CMS 
• ParticleNet: graph based boosted (later resolved in ParticleNetAK4) jet tagging 
• ParT: transformer based boosted jet tagging 

• GloParT: architecture evolved and scaled up to ~37 classes (+flavor information), includes 
mass regression 

• UParT: transformer based resolved jet+flavor tagging
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CMS/ATLAS Tagging NNs • GNNs:  
• CMS: ParticleNet, ATLAS: GN1  

• Transformers:  
• CMS: ParT, UParT GloParT, 

ATLAS: GN2, GN2X, GN3, GN3X

https://arxiv.org/abs/2602.08017
https://arxiv.org/abs/1902.08570
https://cds.cern.ch/record/2811135?ln=en
https://arxiv.org/pdf/2202.03772
https://cds.cern.ch/record/2904702/files/DP2024_066.pdf
https://cds.cern.ch/record/2904879
https://arxiv.org/pdf/2505.19689
https://cds.cern.ch/record/2866601?ln=en
https://cds.cern.ch/record/2953652?ln=en
https://cds.cern.ch/record/2965597


Images by Nicole Hartmann
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Transformers
Jet tagging: only 
assignment, not 
generation, so 
encoder only

learned, input-dependent attention weights

Input embedding: raw inputs (tokens, or here, tracks) mapped to continuous feature vectors
Positional encoding: added to embeddings so the model knows sequence order — only needed when order is physically meaningful
Multi-head self-attention: every item computes a weighted combination of every other item, with several parallel heads each learning a different notion of relevance
Add & Norm: residual connection + layer normalization, for stable gradient flow through deep stacks
Feed-forward: per-item MLP, applied identically to each position — where per-item transformation happens (attention handles mixing, this handles processing)
N×: the whole block (attention → add&norm → FF → add&norm) repeated N times, building progressively richer contextualized representations
No decoder needed for classification/tagging tasks — just the encoder stack, followed by a task-specific head (here: linear + softmax → class probabilities)
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A HEP Foundation Model?
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~ GeV109~ 1

=  x (125 GeV)21034

• Radiative correction of Higgs mass from any loop of a particle it couples to comes 
in quadratically in the Planck scale  
• For the observed, tiny Higgs mass to emerge, you'd need this enormous 

quantum correction to cancel to a conspiratorial ~34 decimal places  
• = a fine-tuned theory where the low-energy physics is exquisitely, coincidentally 

sensitive to whatever happens at arbitrarily high, unknown scales. 
• if nature is "natural," there should be new particles near the TeV scale that 

cancel the dominant (top-loop) quadratic divergence (but none so far!)- any of 
these partners, if they exist and couple to the top sector, would shift the 
effective top-Higgs coupling away from its SM value 

• A measured self-coupling that disagrees with the SM prediction is direct, 
model-independent evidence the assumed Higgs potential isn't the minimal SM 
one  

• new CP-violating operators in the top-Higgs sector are exactly what you'd 
expect if naturalness is solved by new top-coupled states (a stop, a top partner, 
or a composite resonance can carry its own CP phase). So CP violation is a 
diagnostic signature to look for as a consequence of a naturalness-motivated 
model

Λ

Naturalness background
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Unfolding background



Four top theory
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https://arxiv.org/pdf/1504.04630 
https://arxiv.org/pdf/1602.01934 

https://arxiv.org/pdf/1504.04630
https://arxiv.org/pdf/1602.01934
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EFT background




