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Track 2: Data Analysis - Algorithms and Tools

Track to discuss latest developments Iin reconstruction and
analysis tools.

32 Talks. Lots of ML but also great talks that go beyond it
Incl. online systems, data management, statistics ...

Impossible to summarize everything, but short lightning
overview & some high-level thoughts
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Online Tracking Algorithms

Online Environment is special. Generally not the place
for gigantic models, but tailored solution.
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Tracking beyond LHC & Silicon
Not everything is the LHC. Unique challenges & Solutions

More in talk at CHEP2023
Tao Lin and JINST 18 P07026
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Future Tracking Technologies
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Reconstruction at Neutrinos

Not everything is the LHC. Unique challenges & Solutions
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Generative Models

We’re not done yet with Generative Models. Both on the
Simulation as well as Reconstruction side.
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Foundation Models

Foundation Models are about data efficiency & finetuning.
Get used to seeing this plot more often in the future
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Representation Learning & Joint Embedding: Use Simulator
to reflect what we actually value & what we consider noise
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Robustness & Inductive Bias

Inductive Bias is still important, but can also slow down
complicate neural networks. Can we resolve this tension?
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Advanced Inference Methods

Uptake of nhew Techniques. Probabilistic & Differentiable
Programming, Likelihood Ratio Learning, Bayesian Opt. ...
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Tooling, Tooling, Tooling

Data Management People Management Hardware Managment

Heatmap Ward 20 Cluster Data Type
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High Level Thoughts

ML is absolutely everywhere. Even in the smallest nooks &
crannies. Simple General-Purpose Tool.

The level of sophistication and speed at which ideas from
ML research are integrated Is impressive.

Diverse Physics exposes us to different problems and
connection points to ML research.

ML is not everything. At the end of the day the work should
make contact with the real world and actually be deployed.
Tools and Engineering Matter and should get rewarded.



About Foundation Models..



Modality 1 ~ Use Case 1

Joint

Modality 2 Embedding / Use Case 2

Representation

~p Use Case 3




Tracking Data
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https://indico.cern.ch/event/1202995/contributions/5241156/attachments/2744152/4774403/HN_2023_Talk.pdf
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What do we mean by Foundation Models

Just a common backbone?

Does it have to trained unsupervised?

How portable should it be?

Fixed Inputs vs open-ended data streams?
Does it have to relate to language models ?

Lots of existing questions. We’ll see where it takes us.



What do we mean by Foundation Models

This 1s not to say we shouldn’t work on new, neural
Foundation Models of the current kind !

The opposite! we see that the way we’ve always worked Is
very much aligned with these new technologies

— a lot of opportunities ahead

— a bit of care needed to make it mean something
and not just the buzzword du jour



Outlook

ACAT always a great opportunity to catch up with latest
developments in the field and see a glimpse of the future

Thanks to all the speakers for the great talks and discussion!



