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intelligence by enabling large, generalizable models trained
through self-supervision. This paradigm has inspired the
development of scientific foundation models (FMs). However,
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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
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this FM consistently outperforms baseline models across all
downstream tasks. The performance also exhibits robust data-
efficient adaptation. Further analysis reveals the Result: Cutting-edge Performance on Downstream Tasks
representations extracted by the FM are task-agnostic but can
be specialized via a Single linear mapping for different Track Finding Particle Identification Noise Tagging
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EggNet 0.16M 0.7256  74.19%  75.14% | SAGEConv 0.9IM 0.7262 0.4563 0.6502 0.9174 0.7227  0.8165
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Key Questions

By comparing with the “AdapterOnly” model, we verify the performance gain is from FM4NPP base model.

» Can a scaling FM be trained for sparse detector data
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