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Method: A Scalable and Generalizable FM

✅ Larger FM → Better Performance ✅ Larger FM → More Data-Efficient ✅ High Plasticity of FM Features
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Large language models have revolutionized artificial 
intelligence by enabling large, generalizable models trained 
through self-supervision. This paradigm has inspired the 
development of scientific foundation models (FMs). However, 
applying this capability to experimental particle physics is 
challenging due to the sparse, spatially distributed nature of 
detector data, which differs dramatically from natural 
language. This work addresses if an FM for particle physics 
can scale and generalize across diverse tasks. We introduce 
a new dataset with more than 10 million particle collision 
events and a suite of downstream tasks and labeled data for 
evaluation. We propose a novel self-supervised training 
method for detector data and demonstrate its neural 
scalability with models that feature up to 188 million 
parameters. With frozen weights and task-specific adapters, 
this FM consistently outperforms baseline models across all 
downstream tasks. The performance also exhibits robust data-
efficient adaptation. Further analysis reveals the 
representations extracted by the FM are task-agnostic but can 
be specialized via a single linear mapping for different 
downstream tasks.

• Can a scaling FM be trained for sparse detector data
using self-supervised learning without labeled data?

• Will the FM pre-training scale?
• Will the learned representation from the FM useful for

downstream tasks?
• Will a larger FM also lead to better downstream task

performance?
• Will adapting from an FM be more data efficient?

Key Questions

Dataset and Downstream Tasks
sPHENIX Time Projection Chamber (TPC) spacepoints:
• 10 million events for self-supervised pre-training
• 75,000 events for downstream tasks supervised training.
• p+p collisions at √s = 200 GeV
• Realistic simulation includes continuous energy loss, multiple 

scattering, secondary particle production, and decay processes 
when interacting with the detector material.
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Three Downstream Tasks:
• Track Finding: group 

spacepoints from the same 
particle together

• Noise Tagging: classify 
spacepoints from low 
momentum secondary 
particles (“noise”)

• Particle Identification: 
classify spacepoints based 
on their particle species

Result: Cutting-edge Performance on Downstream Tasks 

By comparing with the “AdapterOnly” model, we verify the performance gain is from FM4NPP base model.
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Result: Neural Scaling Behavior

Clear power-law scaling with model size, data size, and compute.
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