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Overall R&D goal - what is the hoped for outcome

• WBS4 (Innovative Algorithms): Develop innovative algorithms and 
implementations that make effective use of evolving processor 
architectures (such as AVX512, GPUs, on-die FPGAs) as well as advances 
from machine learning to solve the tracking problem for HL-LHC

• – WBS4.1: Improve algorithms for trigger and event reconstruction for 
challenging high- rate and high-multiplicity environments.

• – WBS4.2: Pursue accelerator-based tracking and other aspects of trigger 
and event re- construction.

• – WBS4.3: Explore machine learning and other novel approaches to trigger 
and event reconstruction.
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Team 

Name Position IRIS 
Fraction

Experience, background, role

NYU

Kyle Cranmer Professor 
and PI

3% Statistical Analysis, ML, analysis systems, reproducibility 

TBD postdoc 50% ML for jet physics; LFI for EFT analysis; deep generative models 
for fast simulation; ONNX ML spec.
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Ongoing collaborations with G. Louppe (previously with DIANA-HEP) and 
SCAILFIN projects



Goals, milestones, deliverables

Activity Type Time frame Description WBS area

Milestone 6-12 months ML for Jet Physics workshop at FermiLab 4.3

Deliverable 12-18 months Integration of ONNX neural network exchange format 
specification in experimental software framework. 

4.3

Deliverable 18-24 months Evaluation of deep generative models for fast sim. (jointly 
optimized with task-specific embeddings / latent 
representations.)

??

Deliverable 18-24 months ??

4.3
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WBS4.3: Explore machine learning and other novel approaches to trigger and event reconstruction. 



Projects
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ML for Jet Physics

•Very Active Area
• Boosted jet tagging, q/g discrimination, flavor 

tagging, etc.
• Jets are complicated objects, ML techniques are 

doing very well
• ML techniques being used to mitigate pileup, etc.

•Challenges promote R&D efforts
• adversarial training to reduce systematics
• weakly-supervised training with real data
• Improved “bump hunts”
• Jet grooming
• Pileup mitigation with ML
• etc.

Slide: Markus Stoye, ML for Jets workshop 2017 [link]
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Generative Models for Fast Simulation 

• Once trained, much faster to generate
• Sufficient accuracy is a challenge
• Need for new types of metrics since there are new 

failure modes compared to traditional simulation
• Ideally deep integration with GEANT
• Ideally one would simultaneously optimize ML reco 

algorithms and fast sim so that fast sim accurately 
models the important features & correlations 
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Generative Models for Jets 

Example: Junipr is a 
generative model for jets...



Risks 

• ONNX specification reveals itself as bad fit for HEP use-case
• Description: The specification is an industry standard, but some unforeseen technical 

aspects in the implementation or rigidity in the specification may make it a bad fit.

• Timeframe: 18 months
• Probability: medium
• Severity: medium
• Monitoring and Trigger: IRIS-HEP efforts to implement the standard and participation 

in the HEP ML community will reveal such tensions

• Mitigation: Development of HEP-specific specification (similar to the lwtnn package)
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https://github.com/lwtnn/lwtnn


Collaborations 

•External
• ONNX supported by PyTorch, MXNet (Facebook, Microsoft, Amazon)
• SCAILFIN
• DIANA/HEP (G. Louppe, J. Brehmer, L. Heinrich)

• Internal
• SSL for access to ML-friendly environments: GPU, TPU, FPGA, JupyterLab, …
• Analysis Systems for interoperability between HEP datasets in ML-friendly 

environments (eg. python)
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Suggestions 

• It would be nice if the Institute could support running kaggle/RAMP like 
challenges (similar to the tracking challenge or HiggsML challenge).

• Makes it easier to track progress and compare methods: eg. good for metrics

• Brings together compute, data, workflows, metric

• Also needs effort to document, curate, etc.

• Currently fast sim. with deep generative models (eg. GANs) doesn’t have a 
clear home in IRIS-HEP.

• There is interplay between fast simulation efforts and ML-based approaches (eg. 
through abstract representation / embedding of physics objects)

• They should be jointly optimized and considered together
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