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Outline
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Scaling laws in biology, NLP, and science

Domain specific design choices in SciFMs

Small-run forecasting and theory-guided scaling



The hyperscaling paradigm
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EpochAI, Accessed 2025.



Allometric scaling: scale is often power-law

4

Stephan et al., Folia Primatol., 1981.

https://en.wikipedia.org/wiki/Brain-to-body_mass_ratio



Allometric scaling: exponents change by system
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Manger et al., Brain Behavior Evol, 2013.



Characterized scaling laws in NLP
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Kaplan et al., arXiv, 2020.
Hoffmann et al., arXiv, 2022.

𝐷𝐷opt ∝ (𝑁𝑁opt)
𝛼𝛼
𝛽𝛽

𝐿𝐿 ∝ 𝐴𝐴𝑁𝑁−𝛼𝛼 + 𝐵𝐵𝐷𝐷−𝛽𝛽

• Empirically fit NLP 
scales with a power 
law



Physics SciFM scales with a power law
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FM4NPP: A Scaling Foundation Model for Nuclear and Particle Physics

Park et al., arXiv, 2025.

Figure 2. SOTA performance on downstream tasks



Chemistry SciFM scales with a power law
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Foundation Models for Discovery and Exploration in Chemical Space

Wadell et al., arXiv, 2025.



A SciFM training workflow
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Cl[Pt@SP1](Cl)([NH3])[NH3]

Selecting representation: the “language” of chemistry
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Wadell, Bhutani, Viswanathan, arXiv, 2025.



Wadell, Bhutani, Viswanathan, arXiv, 2025.

Tokenization affects performance through the pipeline
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N-Grams:



Modality-native tokenization in radiology
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Pillar-0: A new frontier for radiology foundation models

Agrawal, Liu, Lian, Nercessian, Harguindeguy, et al., arXiv, 2025.

✦ Radiology volumes occupy a wide intensity 
range, and certain structures are optimally 
viewed in subspaces of this range.

✦ Pillar-0 emulates radiology workflows by 
projecting volumes into multiple windows, 
with each window occupying a different 
slice of the intensity range.

+4.6 AUROC compared to existing standard (single-channel) on 
abdomen-pelvis CT downstream task (clinical findings classification; 
82.2 vs 77.6).



3D radiology needs volume-aware architecture
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✦ Radiology volumes (512x512x768) can be 
thousands of times larger than a 224x224 
ImageNet image

✦ Full 3D resolution with standard architectures 
is intractable leading to other radiology FMs 
processing them slice-by-slice

✦ Pillar-0 adopts a multi-scale attention and 
progressive downsampling architecture 
(Atlas) to make full-resolution 3D modeling 
tenable and performant

Pillar-0: A new frontier for radiology foundation models

Agrawal, Liu, Lian, Nercessian, Harguindeguy, et al., arXiv, 2025.



Park et al., arXiv, 2025.

Architecture choice for FM4NPP
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•Serialization: Hierarchical Raster Scan
•Self-supervised learning: Next k-nearest-neighbor Prediction
•Adaptation to Mamba Model and large-scale training (e.g. µTransfer)



SciFM scaling exponents can differ from NLP
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Wadell et al., arXiv, 2025.

Foundation Models for Discovery and Exploration in Chemical Space



SciFM scaling exponents can differ from NLP
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1.271.56⁄𝛼𝛼 𝛽𝛽



Data quality changes optimal scaling
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𝐷𝐷opt ∝ (𝑁𝑁opt)
𝛼𝛼
𝛽𝛽

1.22
0.91
0.73

Better data 
quality

improves 
data scaling

⁄𝛼𝛼 𝛽𝛽
¯

Bi et al., arXiv, 2024.

Muennighoff et al., NeurIPS, 2023.

𝐿𝐿 ∝ 𝐴𝐴𝑁𝑁−𝛼𝛼 + 𝐵𝐵𝐷𝐷−𝛽𝛽



Concept distributions may shape scaling
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• Why are model/data 
scaling exponents 
different?

• Data to concept 
distribution 
hypothesis

• Zipf-1 language law



Can theory help us generate prospective scaling laws?
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Small runs can guide large runs
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Wadell et al., arXiv, 2025. Park et al., arXiv, 2025.



Experimental 
design for training 
foundation 
models

Generalization 
rather than 
information gain

[Nagananda, Varshney, and Varshney]



Summary
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Scaling laws can inform SciFM design

Domains & datasets change scaling and constraints

Can small runs and theory inform scaling?

Downstream performance is the real story
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