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TIME PROJECTION CHAMBERS IN NUCLEAR PHYSICS

Active-Target Time Projection Chamber GADGET Il
> 10k pads > 1k pads
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MOTIVATION TIME PROJECTION CHAMBERS IN NUCLEAR PHYSICS
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FOUNDATION MODELS

Approach: Build a general-purpose deep learning model tor
nuclear physics time projection chamber data

Evaluate: Can we quickly tune a model for tasks

(classitication, regression, generation) with small amounts of
labeled data?
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FOUNDATION MODELS

foundation model

A model trained on large amounts of diverse data
What: thatcan be adapted for many different

"downstream” tasks

1.Build a backbone model using a large, diverse
dataset on a pretext task: pretraining task
How:
2.Tune the model for a variety of desired tasks:
downstream tasks
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Can foundation models help with analyzing upcoming experiments?
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CASE STUDY: THE ACTIVE TARGET TIME
PROJECTION CHAMBER (AT-TPC)
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AR GEEVIENE PRETRAINING: SHUFFLING TASK
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PRETRAINING: SHUFFLING TASK

Training data: Unlabeled 4D point clouds:

1.Build a backbone model using a
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CROSS-EXPERIMENT

PRETRAINING: SHUFFLING TASK

(a) Original Event

(b) Shuffled Event

(c) Reconstructed Event

(d) Reconstruction Accuracy
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QRGBS DOWNSTREAM TASK: MULTIPLICITY
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eieit 2 HIE R DOWNSTREAM TASK: TRACK
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AR GVEEE DOWNSTREAM TASK: KINEMATICS

C16 Regression: Azimuthal Angle (@) (MAE)
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TAKEAWAYS

1.Build a backbone model using 2 e Selt-supervised pretraining consistently
large, diverse dataset on a
pretext task: pre-training task he‘ps 'I:Or phySiCS taSkS

2 Fine-tune the model foravariety| ~ ® Models beginning to be used for analysis

of desired tasks: downstream . . :

e e Results promising for future experiments
not included in training data

e |arge scale trainings are coming...
e But we should think more caretully about
architecture choice

Paper expected on the arXiv in August.
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What is the cross-detector capacity of these models?
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IR SPARSE TENSOR APPROACHES

EVALUATION
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CAPACITY OF MODELS

Architecture: Minkowski Engine (ME) PointNet

Training tasks:

Random No training
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..........................................................

PROBE DESCRIPTION
Naive Mode Classifier
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Function Kernel




INVESTIGATING CROSS-DETECTOR
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CROSS-DETECTOR
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EVALUATION
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CROSS-DETECTOR
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CROSS-DETECTOR
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CROSS-DETECTOR
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ResNet14 Model

Point Cloud

3x3x3 Conv, 128, /2
3x3x3 Conv, 128

Evaluation tasks:
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3-class track counting
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CAPACITY OF MODELS

Architecture: Minkowski ResNet14

Training tasks:

Random No training
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a 3-class track counting
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PROBE DESCRIPTION

Naive Mode Classifier

Linear Support Vector
Machine

Svm With Radial Basis
Function Kernel
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EVALUATION
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ING CROSS-DETECTOR EMBEDDINGS
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TAKEAWAYS

EVALUATION

e Architecture does a lot of work

e Choice of architecture affects embedding
structure

e Training helps, always* (in domain, out of
domain)

e Results [surprisingly] promising for cross-
detector foundation models

Sparse Methods for Vector Embeddings of TPC Data

NeW paper expeCted On the arX|V |n Comlng Tyler Wheeler' Michelle P. Kuchera’ Raghuram Ramanujan®

Ryan Krupp' Chris Wrede' Saiprasad Ravishankar'
Connor L. Cross° Hoi Yan Ian Heung® Andrew J. Jones’ Benjamin Votaw”
wee |<S . ! Michigan State University  # Davidson College
wheele56@msu.edu {mikuchera,raramanujan}@davidson.edu
{krupprya,wrede,ravisha3}@msu.edu
{cocross,iaheung,anjonesi,bevotaw}@davidson.edu
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TAKEAWAYS

MOTIVATION

CROSS-EXPERIMENT

CROSS-DETECTOR

TAKEAWAYS

Foundation model approaches are well suited to NP data analysis

Pretrained backbones can be helpful for a variety of experiments and
tasks

Deep |learning architectures have capacity for cross-detector
foundation models

We can all benetfit from these approaches, we plan to release the
models shown here. Incorporating more diverse data helps ;)
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