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Research Question: Can we build a general deep learning
model for time projection chamber data?



Our Physics Motivation: Can we quickly train a model tor
tasks (classitication, regression) with small amounts ot

labeled data?



Use case #1: Can a general-purpose model for Active
Target Time Projection Chamber data be easily tuned for a
variety of experiments?
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Use case #1: Can a general-purpose model for Active
Target Time Projection Chamber data be easily tuned for a
variety of experiments?
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Research Question: Can we build a general deep learning
model for time projection chamber data?

Our Physics Motivation: Can we quickly train a model tor

tasks (classitication, regression) with small amounts of
labeled data?

Use case #1: Can a general-purpose model for Active
Target Time Projection Chamber data be easily tuned for a
variety of experiments?
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FOUNDATION MODELS

1.Build a model using a large, diverse dataset
on a (pretext) self-supervised task: pre-training
task

2.Tune the model for a variety of desired tasks:
downstream task



Research Question: Can we build a general deep learning
model for time projection chamber data?

Our Physics Motivation: Can we quickly train a model on
tasks (classitication, regression) with small amounts of

labeled data?

Use case #1: Can a general-purpose model for Active
Target Time Projection Chamber data be easily tuned for a
variety of experiments?
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ACTIVE TARGET TIME PROJECTION CHAMBER
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ACTIVE TARGET TIME PROJECTION CHAMBER

1.Build a model using a large, diverse dataset
on a (pretext) self-supervised task: pre-training

© task i
N o0
2.Tune the model for a variety of desired tasks: /
=~ downstream task el
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ACTIVE TARGET TIME PROJECTION CHAMBER

200

17

¥ fmm)

200

T 200

T 100

T —100

T —200

y [mm]



Classification Network
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ACTIVE TARGET TIME PROJECTION CHAMBER

1.Build a model using a large, diverse dataset
on a (pretext) self-supervised task: pre-training

© task i
N o0
2.Tune the model for a variety of desired tasks: /
=~ downstream task el
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Our Physics Motivation: Can we quickly train a model tor

tasks (classitication, regression) with small amounts of
labeled data?

Use case #1: Can a general-purpose model for Active
Target Time Projection Chamber data be easily tuned for a
variety of experiments?
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Our Physics Motivation: Can we quickly train a model for

tasks (classitication, regression) with small amounts of
labeled data?

USE DATA FROM AN EXPERIMENT NOT SEEN IN PRE-TRAINING TASK
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Research Question: Can we build a general deep learning
model for time projection chamber data?

Our Physics Motivation: Can we quickly train a model for

-t <

labeled data?

/

Use case #1: Can a general-purpose model for Active

| USE DATA FROM AN EXPERIMENT NOT SEEN IN PRE-TRAINING TASK

variety of experiments?
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Weighted Average F1-Score
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Mg22 Track Counting
0.9 - —&— With 016 Pre-Training
' Without Pre-Training
+1 std dev (With Pre-Training)
0.8 7 +1 std dev (Without Pre-Training)
0.7 1
0.6 - Mg22 Track Counting Comparison
0.5 - 0.9 |
0.4 - =
3 0.8 7
o
0.3 - "
o
\ 4 5 0.7
0.2 - g
©
T T T T .8
60 80 100 120 S 0.6 -
Number of Events in Training Set § , o
—&— Without Pre-Training
—@— With 016 Pre-Training
0.3 9 —e— With C16(M)+016 Pre-Training
—e— With C16(A)+016 Pre-Training

250 500 750 1000 1250 1500 1750 2000 2250
Number of Events in Training Set

25



Research Question: Can we build a general deep learning
model tfor time projection chamber data?

Our Physics Motivation: Can we quickly train a model tor
tasks (classitication, regression) with small amounts of

labeled data”?

Use case #1: Can a general-purpose model for Active

Target Time Projection Chamber data be easily tuned for a

. . ,
variety of experiments ?
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CHALLENGE

1. Sourcing data from a wide variety of data is both easy (lots of data) ana
hard (different people/groups maintain data)

® Technical: Different processing
e Cultural: Different outlooks on data use

® |s broad access to such a model realistic?
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CURRENT WORK

1. More thorough testing: datasets, tasks
2. Implementing in sparse tensor networks

3. Testing many other pretraining tasks

4. Working with data from another TPC, GADGET
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