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T I M E  P R O J E C T I O N  C H A M B E R S  I N  N U C L E A R  P H Y S I C SM O T I VAT I O N

> 10k pads > 1k pads

Active-Target Time Projection Chamber GADGET II
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T I M E  P R O J E C T I O N  C H A M B E R S  I N  N U C L E A R  P H Y S I C SM O T I VAT I O N
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M O T I VAT I O N M A C H I N E  L E A R N I N G  F O R  T P C S
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M O T I VAT I O N F O U N D AT I O N  M O D E L S

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

Evaluate: Can we quickly tune a model for tasks 
(classification, regression, generation) with small amounts of 

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

Evaluate: Can we quickly tune a model for tasks 
(classification, regression, generation) with small amounts of 

labeled data?

foundation model
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M O T I VAT I O N F O U N D AT I O N  M O D E L S

foundation model

A model trained on large amounts of diverse data 
that can be adapted for many different 
“downstream” tasks

What:

How:
1.Build a backbone model using a large, diverse 
dataset on a pretext task: pretraining task 

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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C A S E  S T U D Y:  T H E  A C T I V E  TA R G E T  T I M E  
P R O J E C T I O N  C H A M B E R  ( AT- T P C )

C R O S S - E X P E R I M E N T
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C A S E  S T U D Y:  T H E  A C T I V E  TA R G E T  T I M E  
P R O J E C T I O N  C H A M B E R  ( AT- T P C )

C R O S S - E X P E R I M E N T

Also: 16O +  paper in preparation 
by MSU grad student Pranjal Singh

α
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P R E T R A I N I N G :  S H U F F L I N G  TA S KC R O S S - E X P E R I M E N T

1.Build a backbone model using a 
large, diverse dataset on a 
pretext task: pre-training task 

2.Fine-tune the model for a variety 
of desired tasks: downstream 
tasks
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P R E T R A I N I N G :  S H U F F L I N G  TA S KC R O S S - E X P E R I M E N T

16O + α,22 Mg + α,16 C + d,46 Ar + p

Experimental data:

16O + α,22 Mg + α

Simulated data:

Training data: Unlabeled 4D point clouds: 
1.Build a backbone model using a 
large, diverse dataset on a 
pretext task: pre-training task 

2.Fine-tune the model for a variety 
of desired tasks: downstream 
tasks
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pretext task: pre-training task 
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D O W N S T R E A M  TA S K :  M U LT I P L I C I T YC R O S S - E X P E R I M E N T

Results from Hakan Bora Yavuzkara

1.Build a backbone model using a 
large, diverse dataset on a 
pretext task: pre-training task 

2.Fine-tune the model for a variety 
of desired tasks: downstream 
tasks
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D O W N S T R E A M  TA S K :  T R A C K  
I D E N T I F I C AT I O N

C R O S S - E X P E R I M E N T

Results from Hakan Bora Yavuzkara

1.Build a backbone model using a 
large, diverse dataset on a 
pretext task: pre-training task 

2.Fine-tune the model for a variety 
of desired tasks: downstream 
tasks
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D O W N S T R E A M  TA S K :  K I N E M AT I C SC R O S S - E X P E R I M E N T

Results from Hakan Bora Yavuzkara

1.Build a backbone model using a 
large, diverse dataset on a 
pretext task: pre-training task 

2.Fine-tune the model for a variety 
of desired tasks: downstream 
tasks
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TA K E A W AY SC R O S S - E X P E R I M E N T

• Self-supervised pretraining consistently 
helps for physics tasks 

• Models beginning to be used for analysis 
• Results promising for future experiments 

not included in training data 
• Large scale trainings are coming… 
• But we should think more carefully about 

architecture choice

Paper expected on the arXiv in August.

1.Build a backbone model using a 
large, diverse dataset on a 
pretext task: pre-training task 

2.Fine-tune the model for a variety 
of desired tasks: downstream 
tasks



What is the cross-detector capacity of these models?
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S PA R S E  T E N S O R  A P P R O A C H E S
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M O D E L

20Mg

21Mg

16O + a

20Mg

21Mg

16O + a

E VA L U AT I O N

20Mg

21Mg

16O + a
Random

Random

M E  P O I N T N E T

M E  R E S N E T

C R O S S - D E T E C T O R
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Architecture: Minkowski Engine (ME) PointNet Training tasks:

Probe of embeddings:

C R O S S - D E T E C T O R C A PA C I T Y  O F  M O D E L S

20Mg

21Mg

16O + a

Random

P R O B E D E S C R I P T I O N

Naive Mode Classifier

Linear Linear Support Vector 
Machine

Rbf Svm With Radial Basis 
Function Kernel

2-class a v p

3-class track counting

No training

2-class a v p

Evaluation tasks:
20Mg

21Mg

16O + a

3-class a v p w/ energy

3-class track counting

3-class a v p w/ energy



I N V E S T I G AT I N G  C R O S S - D E T E C T O R  
C A PA C I T Y
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I N V E S T I G AT I N G  C R O S S - D E T E C T O R  
C A PA C I T Y
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M O D E L

20Mg

21Mg

16O + a

20Mg

21Mg

16O + a

E VA L U AT I O N

20Mg

21Mg

16O + a
Random

Random P R O B E A C C U R A C Y F 1

Naive 0.747 0.285

Linear 0.994 0.989

Rbf 0.997 0.994

N O  M O D E L  T R A I N I N G
M E  P O I N T N E T

M E  R E S N E T

C R O S S - D E T E C T O R

Results from Liam Sieland

2200 keV alpha
800 keV proton
1600 keV proton
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M O D E L
E VA L U AT I O N

P R O B E A C C U R A C Y F 1

Naive 0.563 0.240

Linear 0.978 0.974

Rbf 0.995 0.994

20Mg

21Mg

16O + a

N O  M O D E L  T R A I N I N G

20Mg

21Mg

16O + a

20Mg

21Mg

16O + a

Random

Random

C R O S S - D E T E C T O R

Results from Liam Sieland

2200 keV alpha
1300keV proton
1900 keV proton

M E  P O I N T N E T

M E  R E S N E T
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M O D E L
E VA L U AT I O N

P R O B E A C C U R A C Y F 1

Naive 0.482 0.217

Linear 0.829 0.799

Rbf 0.819 0.797

N O  M O D E L  T R A I N I N G
20Mg

21Mg

16O + a
20Mg

21Mg

16O + a

20Mg

21Mg

16O + a

Random

Random

M E  P O I N T N E T

M E  R E S N E T

C R O S S - D E T E C T O R

Results from Liam Sieland

0,1,2 tracks

3 tracks

4,5 tracks
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M O D E L

20Mg

21Mg

16O + a

20Mg

21Mg

16O + a

E VA L U AT I O N

20Mg

21Mg

16O + a
Random

Random P R O B E A C C U R A C Y F 1

Naive 0.747 0.285

Linear 1.000 1.000

Rbf 1.000 1.000

I N - D O M A I N
M E  P O I N T N E T

M E  R E S N E T

C R O S S - D E T E C T O R

Results from Liam Sieland

2200 keV alpha
800 keV proton
1600 keV proton



29

M O D E L
E VA L U AT I O N

P R O B E A C C U R A C Y F 1

Naive 0.563 0.240

Linear 0.994 0.993

Rbf 0.999 0.999

20Mg

21Mg

16O + a

C R O S S - E X P E R I M E N T

20Mg

21Mg

16O + a

20Mg

21Mg

16O + a

Random

Random

C R O S S - D E T E C T O R

Results from Liam Sieland

2200 keV alpha
1300keV proton
1900 keV proton

M E  P O I N T N E T

M E  R E S N E T
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M O D E L
E VA L U AT I O N

P R O B E A C C U R A C Y F 1

Naive 0.482 0.217

Linear 0.867 0.845

Rbf 0.871 0.854

C R O S S - D E T E C T O R
20Mg

21Mg

16O + a
20Mg

21Mg

16O + a

20Mg

21Mg

16O + a

Random

Random

M E  P O I N T N E T

M E  R E S N E T

C R O S S - D E T E C T O R

Results from Liam Sieland

0,1,2 tracks

3 tracks

4,5 tracks
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M O D E L
E VA L U AT I O N
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Architecture: Minkowski ResNet14 Training tasks:

Probe of embeddings:

C R O S S - D E T E C T O R C A PA C I T Y  O F  M O D E L S

20Mg

21Mg

16O + a

Random

P R O B E D E S C R I P T I O N

Naive Mode Classifier

Linear Linear Support Vector 
Machine

Rbf Svm With Radial Basis 
Function Kernel

2-class a v p

3-class track counting

No training

2-class a v p

Evaluation tasks:
20Mg

21Mg

16O + a

3-class a v p w/ energy

3-class track counting

3-class a v p w/ energy
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M O D E L
E VA L U AT I O N

20Mg

21Mg

16O + a

P R O B E A C C U R A C Y F 1

Naive 0.747 0.285

Linear 0.927 0.880

Rbf 0.968 0.952

M E  R E S N E T

C R O S S - D E T E C T O R

N O  M O D E L  T R A I N I N G

2200 keV alpha
800 keV proton
1600 keV proton

Results from Liam Sieland

20Mg

21Mg

16O + a

Random

M E  P O I N T N E T

20Mg

21Mg

16O + a

Random
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M O D E L
E VA L U AT I O N

20Mg

21Mg

16O + a

P R O B E A C C U R A C Y F 1

Naive 0.563 0.240

Linear 0.842 0.785

Rbf 0.841 0.794

M E  P O I N T N E T

M E  R E S N E T

C R O S S - D E T E C T O R

N O  M O D E L  T R A I N I N G

2200 keV alpha
1300keV proton
1900 keV proton

Results from Liam Sieland

20Mg

21Mg

16O + a

Random

20Mg

21Mg

16O + a

Random



I N V E S T I G AT I N G  C R O S S - D E T E C T O R  E M B E D D I N G S
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M O D E L
E VA L U AT I O N

20Mg

21Mg

16O + a

P R O B E A C C U R A C Y F 1

Naive 0.482 0.217

Linear 0.639 0.481

Rbf 0.648 0.556

M E  P O I N T N E T

M E  R E S N E T

C R O S S - D E T E C T O R

N O  M O D E L  T R A I N I N G

0,1,2 tracks

3 tracks

4,5 tracks

Results from Liam Sieland

20Mg

21Mg

16O + a

Random

20Mg

21Mg

16O + a

Random
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M O D E L
E VA L U AT I O N

20Mg

21Mg

16O + a

P R O B E A C C U R A C Y F 1

Naive 0.747 0.285

Linear 0.989 0.984

Rbf 0.995 0.993

M E  P O I N T N E T

M E  R E S N E T

C R O S S - D E T E C T O R

2200 keV alpha
800 keV proton
1600 keV proton

Results from Liam Sieland

20Mg

21Mg

16O + a

Random

20Mg

21Mg

16O + a

Random
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M O D E L
E VA L U AT I O N

20Mg

21Mg

16O + a

C R O S S - D E T E C T O R

M E  P O I N T N E T

20Mg

21Mg

16O + a

Random

20Mg

21Mg

16O + a

Random

M E  R E S N E T
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M O D E L

20Mg

21Mg

16O + a

20Mg

21Mg

16O + a

E VA L U AT I O N

20Mg

21Mg

16O + a
Random

Random

M E  P O I N T N E T

M E  R E S N E T

C R O S S - D E T E C T O R TA K E A W AY S

• Architecture does a lot of work 
• Choice of architecture affects embedding 

structure 
• Training helps, always* (in domain, out of 

domain)  
• Results [surprisingly] promising for cross-

detector foundation models

New paper expected on the arXiv in coming 
weeks.
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C R O S S - D E T E C T O R

Foundation model approaches are well suited to NP data analysis M O T I VAT I O N

C R O S S - E X P E R I M E N T

C R O S S - D E T E C T O R

TA K E AWAY S

TA K E AWAY S

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