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Overview

• Empirical evidence for neural scaling laws and other exotic behavior


• Two theories of neural scaling laws: “classical” and “quantum”


• Panel discussion: AI (LLM) and Science



Empirical Evidence of Neural Scaling 
Laws and Other Exotic Behaviour
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Scaling Laws in science
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Correlation function: 


Far from criticality: ,  correlation length


Near criticality: 

⟨𝑠𝑥𝑠𝑦⟩ = 𝐺( |𝑥 − 𝑦 | )

𝐺( 𝑥 − 𝑦 ) ∝ exp( −
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Mechanical
Period of pendulum: Volume of hypercube:
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Geometrical

Statistical



Neural Scaling Laws (NSL)



NSL is not complete
1. Grokking

2. Double descent

3. Broken scaling laws

4. Emergent abilities

5. Inverse scaling

6. Exponential scaling



1. Grokking

a ∘ b = c a b

Logits for a, b, c, …

 Trainable 
Embeddings

Train a neural network to learn binary operations Phase transition behavior



1. Grokking

Representation learning and phase diagrams are key to understand grokking. Grokking = Formation of the “clock math” circuit 

Grokking can be quite general. 
Grokking can be understood from neural loss landscapes.



2. Double descent



2. Double descent
You usually need noise to produce double descent.



3. Broken Scaling Laws



4. Emergent abilities (EA)

Emergent Abilities of Large Language Models

arXiv: 2206.07682



GPT-4 emergent abilities
Write python codes

Do math problems

Compose music
Explain jokes

Write poems Write LateX codes



5. Inverse Scaling
Inverse scaling prize: find tasks that demonstrate inverse scaling (larger model, worse performance)

https://irmckenzie.co.uk/round1

https://irmckenzie.co.uk/round2

Absence make the heart grow fonder. ⼩别胜新婚。

https://irmckenzie.co.uk/round1
https://irmckenzie.co.uk/round2


6. Exponential scaling



A unified theory?
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Two theories of Neural Scaling Laws
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Continuous & Geometrical => “Classical physics”

Discrete & Statistical => “Quantum physics”
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Continuous & Geometrical => “Classical physics”



Bias-Variance Tradeoff

Picture from “Reconciling modern machine-learning practice and the classical bias–variance trade-off”

https://www.pnas.org/content/pnas/116/32/15849.full.pdf

What’s the asymptotic behavior here?
arXiv:2004.10802


 (MSE loss)𝐿 ∼ 𝑁−𝛼,  𝛼 ≈
4
𝑑
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A simple theory of approximation

𝐿 =
1

∫
0

𝑑𝑥  𝑓(𝑥) − 𝑐(𝑥)
2

≤ 𝜆2𝑠4 ∼ 𝑁−4

 is Lipshitz continuous:𝑓 𝑓(𝑥 + 𝑦) − 𝑓(𝑥) ≤ 𝜆 |𝑦 |

𝑠
 pieces ( ) , each piece need ~2 parameters


Totally  parameters to describe the curve 

𝑁 =
1
𝑠

𝑠 =
1
𝑁

2𝑁 = 𝑂(𝑁)

𝐿 =
1

∫
0

𝑑𝑥𝑑  𝑓(𝑥) − 𝑐(𝑥)
𝑝

≤ 𝜆𝑝𝑠2𝑝 ∼ 𝑁− 2𝑝
𝑑

In general, -loss and -dimension:𝑝 𝑑

𝑠

ReLU network = piecewise linear function wrt input

 pieces ( ), each piece need ~  parameters

Totally  parameters to describe the curve 

𝑁 =
1
𝑠𝑑

𝑠 = 𝑁− 1
𝑑 𝑑 + 1

(𝑑 + 1)𝑁 = 𝑂(𝑁)
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Implication

𝐿2 ∼ 𝑁−𝛼,  𝛼 ≈
4
𝑑

(1) Larger , slower convergence rate -> Curse of dimensionality!

(2)   is the intrinsic dimension (dimension of data manifold), rather than full dimension 

e.g. number of pixels in an image

(3) The other way around: knowing  curve, do some power law fitting, we obtain !

𝑑
𝑑

𝐿 𝑑

Digression: Other methods to estimate the dimension of a manifold 𝑑

(1) Ideas from volume scaling law
Samples from uniform distribution

Number of Neighbors  ∝ 𝑟𝑑

𝑑 =
Δ log(# 𝑜𝑓 𝑁𝑒𝑖𝑔h𝑏𝑜𝑟𝑠)

Δlog𝑟

(2) (Variational) Autoencoders

Bottleneck dimension

Loss ~Intrinsic dimension

(3) AI Poincare arXiv: 2011.04698
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Power law breakdown

Deviation from power law!

Three possible reasons:

(1) Overfitting

(2) Data contains entropy or noise (Most probable)

(3) Topological problem e.g. doughnuts
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Discrete & Statistical => “Quantum physics”



Motivation questions

1. Does the continuous manifold picture make sense for language modelling? 

2. Is there a unified view for neural scaling laws and emergent abilities/grokking? 

3. How to discover knowledge “quanta” in large language models?



Quantization Hypothesis

1
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Size = Frequency (Importance)

Knowledge quanta sequence



Quantization Hypothesis
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2
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4
5 6

Knowledge quanta sequence

Small model

Middle model

Large model



Quantization Hypothesis



Theory



Parameter scaling



Data scaling (multi-epoch) 



Data scaling (single-epoch) 



Toy example: Multitask sparse parity



Toy example: dynamics
arXiv: 2303.13506

A Quantization Model of Neural ScalingIndividual task loss = grokking

Total loss = scaling law



Toy example: scaling



Language Model



Quanta Discovery with Gradients (QDG)

……

Quanta 1

Quanta 2

Quanta k

Quanta k+1

……

If two tokens belong to the same quanta, 

their activations/gradients should align.

QDG main idea:

(1) Compute gradients for tokens.

(2) Clustering gradients. Each cluster is a quanta. 
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QDG results



Knowledge quanta



Knowledge quanta



Monogenic vs Polygenic tokens
arXiv: 2303.13506

A Quantization Model of Neural Scaling



Neural Scaling Laws for Science
• For scientific problems, better inductive biases => better scaling law



Neural Scaling Laws for Science
• If the quantisation model holds widely, we will know the quanta of “science”. 

A general method to extract knowledge from neural networks.



AI (LLM) and Science 
圆桌讨论：⼈⼯智能（⼤语⾔模型）和科学的
关系



圆桌主题1:  
AI (LLM) for Science 
1. AI被称为“第五范式”（继经验范式、理论范式、模拟范式、数据驱动
范式之后）。在你的研究中，AI是否已经改变了研究范式？AI有希望改变
什么问题？ 

2. 在你的研究中，是否更⼤规模的AI模型会带来更好的效果？“Scale is 
all you need”有什么局限性？ 

3. ⼤模型能在科学发现上起什么作⽤？⽐如发现系统控制⽅程，发现系
统重要概念和对称性等?



圆桌主题2:  
Science (LLM) for AI, Science of AI 
1. 你的研究中，AI出现过哪些有趣/奇怪的⾏为？⽐如相变，涌现，对Scaling Law的违反等
等? 

2. 希望针对这部分内容（神经标度律是⼤脑神经元数量与连接⽅式的变化会随着动物体型的
增⼤或减⼩⽽发⽣调整，以维持相对稳定的神经系统功能）——探讨⼀些具体的事例，引发
⼤家对于连接⽅式和涌现的关系的猜测 

3. 幂律缩放除了能预测⼀些现象/结果，还能⽤来做什么? 

4. 我们在⼤模型上发现的⼀些能⼒，真的在⼩模型上不可能复制成功吗？有没有可能我们只
是没找到“撬动神经连接⽅式变化”的技巧？ 



圆桌主题3:  
Interpretability/trustworthy of AI 
1. ⽬前的AI⼤体上是⿊盒。如何提⾼AI for Science的可解释性？你的研
究有哪些⼯具/⽅法可以被借鉴？ 

2. 随着更先进的通⽤⼈⼯智能（AGI）出现，如何监管AI以保证结果可
信？ 


