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Foundation Models for Physics Data

• Foundation Model: long pretraining + short finetuning
• Pretraining:

• Pretraining task on a large dataset
• Learn self-supervised a good data representations, e.g. symmetry-

aware

• Finetuning:
• Train on downstream task
• Especially useful for small datasets
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LLMs are Foundation Models

• Pretraining: complete sentences
• Sentences are split into tokens by a predefined algorithm
 sentence	 ↔ 	 (𝑡!, … , 𝑡")
• Example: “Hello Word” ↔ ([Hello],[World])
• Pretraining = Next token prediction
• Example: 𝑝# World Hello ≈ 𝑝([World]| Hello )
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How do LLMs come into play?
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How do LLMs come into play?
• Network sizes: vs LLMs:

• Physics Foundation Models: ~𝟏B parameters
• LLMs: ~𝟏𝟎𝟎B parameters

• Language modeling is a hard task
• LLM = highly structured function
• Idea: Repurpose this structure
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LLM architecture
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LLM architecture
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LLM Backbone
Transformer with causal attention mask
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Embedding:
Maps discrete tokens to a latent representation 

LLM backbone:
Learns causal correlations between 
representations

Unembedding & Softmax:
Maps representations to a categorical distribution
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LLM Backbone

C E . . .

tnum
1 t2

C T

P

pω (tnum|tnum
1 , t2, . . . )

𝒫: Softmax, Gaussian, …

CT: output connector network

C: input connector network

Take pretraining to the extrem:
completely out-of-domain
on a complex task

Here: Qwen2.5 (360M parameters)
C	&	CT: affine layers

Physics data



Lightcone Large Language Model (L3M)

• Data: simulated lightcones

8.07.25 Repurposing Large Language Models for Cosmology - Daniel Schiller 7



Lightcone Large Language Model (L3M)

• Data: simulated lightcones

8.07.25 Repurposing Large Language Models for Cosmology - Daniel Schiller 7

Time

Sky
Intensity of Hydrogen Spin Flip 
Emission/Absorption relative to CMB
Brightness Temperature 𝜹𝑻𝟐𝟏



Lightcone Large Language Model (L3M)

• Data: simulated lightcones

• Depend on 6 parameters and initial conditions
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Regression with frozen backbone
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Regression with frozen backbone

• Regress 6 simulation parameters from global 𝛿𝑇$! signal
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Generation with finetuned backbone
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Summary

• Repurposed (open-source) Large Language Models
• Added connector networks and finetuned backbone
• Showed benefit from pretrained structure
• Novel approach to get large networks for physics
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LLM Architecture
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LLM Backbone

RMS Layernorm RMS Layernorm RMS Layernorm

Transformer (→N)

RMS Layernorm RMS Layernorm RMS Layernorm
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Grouped Query Attention + Rotary Position Embedding

RMS Layernorm RMS Layernorm RMS Layernorm
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Gated MLP Gated MLP Gated MLP

E E E

ET ET ET

Softmax Softmax Softmax

t1 t2 . . .

pω (t|t1) pω (t|t1, t2) . . .

𝑝3 𝑡4 𝑡5, … , 𝑡465 ≈ 𝑝 𝑡4 𝑡5, … , 𝑡465



Regression Results
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Conditional Flow Matching

• Distribution Mapping via velocity field (ODE)

%&
%'
= 𝑣 𝑥, 𝜏, 𝑧 	 with	 𝑥(𝜏)~C

𝒩 𝜇 = 0, 𝜎 = 1 	 𝜏 = 0
𝑝 𝑡(BT 𝑡()!BT,… 	 𝜏 = 1

• Network learns velocity field

 ℒ = 𝑣 − 𝑣# 𝑥' , 𝜏, 𝑧
$ 	 with

𝑣 ≡ 𝑡(BT − 𝑥*, 𝑥' ≡ 1 − 𝜏 𝑥* + 𝜏𝑡(BT, 𝑥*~𝒩 𝜇 = 0, 𝜎 = 1
• Trained a network with 500k parameters
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Generation Results
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