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Step 1 Step 2 Step 3

Pre-training Instruction Alignment Preference Alignment

Self-Supervised Base Supervised Instruct Aligned
Pre-training model Fine-Tuning model model
InstructGPT
ChatGPT
Massive amount of Instruction-following Preference data
raw unlabeled data labeled data (x(i),y&j), yz(i))
\ J \ !
| | ||
Pre-Training Post-Training

LM Po @ Medium, A Brief History of LLMs: From Transformers (2017) to DeepSeek-R1 (2025)
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Cost of computational power required to train frontier Al systems

Cost At the current rate of growth, the computational
$1B power required to train the most powerful Al
systems may soon cost over a billion dollars
100M GPT-4
® @ Gemini 1.0
GPT-3 o Ultra
10M 1758 s e ®
AlphaGo (dav.mm) r s .. °
™ Zero d
. el . OPT;]75B @ © ©
o
o ® o o
100K 0 o 0,
S ¢ Extrapolation
10K e ° g
° o
1K
o
Publication date
2016 2018 2020 2022 2024 2026

Cost includes amortized hardware acquisition and energy consumption. Red shaded area indicates 95% confidence
prediction interval.

Chart: Will Henshall for TIME * Source: Epoch Al * Get the data * Created with Datawrapper



Introduction
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Fine-tuning

The model is trained via repeated gradient updates using a
large corpus of example tasks.

sea otter => loutre de mer example #1
|,
peppermint => menthe poivrée example #2
”‘
U
J
plush giraffe => girafe peluche example #N
cheese => prompt

T Brown et al. Language Models are Few-Shot Learners. NeurIPS 2020
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Fine-tuning

The model is trained via repeated gradient updates using a

large corpus of example tasks.

sea otter => loutre de mer example #1
peppermint => menthe poivrée example #2
plush giraffe => girafe peluche example #N
cheese => prompt

DeepSeek-V3: Technical report

Training Costs Pre-Training Context Extension Post-Training | Total
in H800 GPU Hours 2664K 119K 5K 2788K
in USD $5.328M $0.238M $0.01M $5.576M
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Fine-tuning

The model is trained via repeated gradient updates using a
large corpus of example tasks.
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Zero-shot

The model predicts the answer given only a natural language
description of the task. No gradient updates are performed.

Translate English to French: task description
cheese => prompt
One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer example
cheese => prompt

In-Context Learning

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

T Brown et al. Language Models are Few-Shot Learners. NeurIPS 2020
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A Toy Model of In-Context Learning

Vanilla Attention

-
Y (X) = Wy X - softmax (WoX) WkX
vk

Yuhao Li, Ruoran Bai, and Haiping Huang. Spin Glass Model of In-Context Learning. Phys. Rev. E 112, L013301. 2025
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A Toy Model of In-Context Learning
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Figure 7: log(loss) against iter-
ation. Comparison between lin-
ear attention and softmax atten-
tion for the 3-layer Transformers.
Note that the loss of linear Trans-
former decreases much faster.



A Toy Model of In-Context Learning

Vanilla Attention
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A Toy Model of In-Context Learning

Translate English to French: task description
sea otter => loutre de mer examples )
question

peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

answer need
to be predicted

N examples

0.1x+0.2y=z2
f,] 5 ==> 1.1 R ldbel

p—— 1
2 6 ==> 1.4 y:\/—_inwi z; ~N(0,1) w; ~N(0,1)
3 9 ==> 2.1 25
4 1 ==> ? predicfion
. Y.

Y=Y Dt1.N+1



Mapping to Spin Glass Model

The Learning Curves A
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Mapping to Spin Glass Model

the prediction ¢* =Yp,iny1 =

weight

L E H H M
Smn T N XD—I—l,z'Xm,an,N—I—l

1

l Vectorization Vectorization

st = vec (SH) o = vec(W)

rewrite as g* = > . o;st



Mapping to Spin Glass Model

the prediction ¢* = > o;s!

P
1 A
loss function L= -5 (9" —7*)"+ S||[W|?
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Mapping to Spin Glass Model
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Timeline for Statistical Mechanics of Neural Networks Yu-Hao Li @ PMI Lab

March 5, 2025

1982 1985 1987 1988
Explain associative memory Memory capacity of Hopfield networks | Interaction space theory | Chaosin random neural
by statistical physics by Daniel Amit, Hanoch Gutfreund of perceptron by networks by Sompolinsky,
by John Hopfield and Haim Sompolinsky Elizabeth Gardner Andrea Crisanti and

Hans-Jurgen Sommers

1990

2001 1996 1994

Connection between belief Mean-field theory explain Theory of orientation tuning | First order transition to
propagation and physics by El balance by C Van Vreeswijk | invisual cortex by perfect generalization by
Jonathan Yedidia, William Freeman |} and Sompolinsky Sompolinsky et. al Sompolinsky, Naftali Tishby,

H Sebastian Seung and
Geza Gyorgyi

and Yair Weiss

many deep learning theory paper from statistical physics «:----

2015

Analytic physics theory of
constraint satisfaction problem
by Marc Mézard, Giorgio Parisi

and Riccardo Zecchina

: . Giulio Biroli
ey Zdeborova

4

theory of
Surya Ganguli Andrea Montanari Moritz Helias diffusion model

generative diffusion model double descent theory



Statistical Physics Approach

Hamiltonian
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J. S. Yedidia et al. IEEE Transactions on Information Theory, vol. 51, no. 7. 2005.



Statistical Physics Approach
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Statistical Physics Approach

A simple example H(o) = — ZJ ]
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Statistical Physics Approach
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Statistical Physics Approach

F=Y AF;+) AF,—) |da|AF,

Constructing Free Energy Approximations and
Generalized Belief Propagation Algorithms

Jonathan S. Yedidia 7, William T. Freeman i, and Yair Weiss §




Statistical Physics Approach
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Statistical Physics Approach

Boltzmann distribution
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Statistical Physics Approach

approximate message passing equation
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Comparison between Theory and Experiment
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The Properties of Equilibrium State

Hessian matrix
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Summary

* Adirect connection between ICL and physical model
* Mean field method to solve the physical model

* Atheoretical perspective to explain how task diversity drives the emergence of ICL capabilities



Summary

* Adirect connection between ICL and physical model

* Mean field method to solve the physical model

* Atheoretical perspective to explain how task diversity drives the emergence of ICL capabilities

Prospect

* A unified and effective theoretical framework to explain ICL

* For theoretical work: more complex models, more practical tasks, «-----

learning (gradient flow) dynamics and non-equilibrium statistical physics

* For applications: multimodal, persistence, personalization, <<----



