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Scaling law
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Predicts LLM performance with jointly scaled sources, e.g., data D, compute C, 
and parameters N.

Henighan et al., 2020

N

https://arxiv.org/pdf/2010.14701


Power laws
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Loss curve
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Olmo 3 base 7B 
pre-training loss 
curve.

Ettinger et al., 2025

https://arxiv.org/pdf/2512.13961


TV generalization bounds
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2024



8Cortes et al., 1993

1993

https://proceedings.neurips.cc/paper/1993/file/1aa48fc4880bb0c9b8a3bf979d3b917e-Paper.pdf


9Cortes et al., 1993

https://proceedings.neurips.cc/paper/1993/file/1aa48fc4880bb0c9b8a3bf979d3b917e-Paper.pdf


10Cortes et al., 1993

https://proceedings.neurips.cc/paper/1993/file/1aa48fc4880bb0c9b8a3bf979d3b917e-Paper.pdf


11Sutton, 2019

http://www.incompleteideas.net/IncIdeas/BitterLesson.html


12Hestness et al., 2017

2017

“In particular, accurately predicting generalization error scaling with training set 
size would provide a powerful tool for estimating the costs—in data and compute 
requirements—for advancing state-of-the-art (SOTA).”

“Our results show that power-law learning curves exist across all tested domains.”

https://arxiv.org/pdf/1712.00409


13OpenAI, 2023

10,000x less compute!

2023

https://arxiv.org/pdf/2303.08774v4


Scaling laws enable cheap large scale 
model selection.
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16

2022

Hoffmann et al., 2022

https://arxiv.org/pdf/2203.15556


Compute-optimal pre-training

17

3 resources: data D, compute C, and parameters N

With a limited compute budget what’s the best model you could pre-train?



Compute-optimal pre-training

18

3 resources: data D, compute C, and parameters N

With a limited compute budget what’s the best model you could pre-train?

Kaplan et. al., 2020

https://arxiv.org/pdf/2001.08361


Deriving loss scaling parametric form

19Hoffmann et al., 2022

https://arxiv.org/pdf/2203.15556


Deriving loss scaling parametric form

20Hoffmann et al., 2022

https://arxiv.org/pdf/2203.15556


Fitting loss scaling parametric form

21Hoffmann et al., 2022

Fit ~200 models

Find 

https://arxiv.org/pdf/2203.15556


Efficient frontier

22Hoffmann et al., 2022

https://arxiv.org/pdf/2203.15556


Efficient frontier

23Hoffmann et al., 2022

≈0.5

https://arxiv.org/pdf/2203.15556


Tokens per parameter

24Hoffmann et al., 2022

https://arxiv.org/pdf/2203.15556


Tokens per parameter

25Hoffmann et al., 2022

https://arxiv.org/pdf/2203.15556


Group discussion questions

If you have a fixed compute budget and lots of data and potential model size, can 
you now train the best possible model?

When might these scaling laws not hold?
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Group discussion some answers

If you have a fixed compute budget and lots of data and potential model size, can you now train the best possible model?

- How should you set hyperparameters? μP, CompleteP, and learning-rate and batch-size scaling (Yang et al., 2022; Dey et 
al., 2025; DeepSeek-AI et al., 2024; Bergsma et al., 2025)

- Over-training smaller models (Sardana et al., 2023; Gadre et al., 2024)
- Predicting loss under any schedule (Hägele et al., 2024; Tissue et al., 2024; Luo et al., 2025)

When might these scaling laws not hold?

- Broken laws, inverse scaling, running out of data (Caballero et al., 2022; McKenzie et al., 2023; Villalobos et al., 2022)
- Data limits and repeated epochs (Muennighoff et al., 2023; Kim et al., 2025; Hernandez et al., 2022)
- Emergent capabilities  (Wei et al., 2022; Schaeffer et al., 2023; Du et al., 2024)
- From loss to task accuracy (Schaeffer et al., 2024; Schaeffer et al., 2025; Ruan et al., 2024; Hu et al., 2023; Bhagia et al., 

2024; Patel et al., 2026; Truong et al., 2026)
- Data quality (Sorscher et al., 2022; Mayilvahanan et al., 2025)
- Other architectures (Kaplan et al., 2020; Tay et al., 2022; Gu & Dao, 2023; Beck et al., 2025; Chen et al., 2026)
- MoE scaling laws (Clark et al., 2022; Krajewski et al., 2024; Abnar et al., 2025)
- Coupling data and model size (Kaplan et al., 2020; Hoffmann et al., 2022; Videau et al., 2026)
- Transfer learning (Hernandez et al., 2021; Henighan et al., 2020)
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29Michaud et al., 2023; Michaud, 2026

2023

https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/#the-theory-quanta-of-learning


Induction head loss drop

30Olsson et al., 2022

https://transformer-circuits.pub/2022/in-context-learning-and-induction-heads/index.html#multiple-levels-of-analysis


Quanta hypotheses

QH1. Networks must learn a variety of discrete quanta, modules that are either 
fully learned or not learned, that implementing different algorithm or retrieve 
different pieces of knowledge.

31Michaud et al., 2023; Michaud, 2026

https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/#the-theory-quanta-of-learning


Quanta hypotheses

QH1. Networks must learn a variety of discrete quanta, modules that are either 
fully learned or not learned, that implementing different algorithm or retrieve 
different pieces of knowledge.

QH2. Quanta are learned in the order of importance for dropping the loss.

32Michaud et al., 2023; Michaud, 2026

https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/#the-theory-quanta-of-learning


Zipf and real data

33Piantadosi, 2014

Words from the American 
National Corpus (ANC)

https://colala.berkeley.edu/papers/piantadosi2014zipfs.pdf


Quanta hypotheses

QH1. Networks must learn a variety of discrete quanta, modules that are either 
fully learned or not learned, that implementing different algorithm or retrieve 
different pieces of knowledge. 

QH2. Quanta are learned in the order of importance for dropping the loss.

QH3. Frequencies at which quanta are used for prediction follow a power law. 

34Michaud et al., 2023; Michaud, 2026

https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/#the-theory-quanta-of-learning


Quanta hypotheses

QH1. Networks must learn a variety of discrete quanta, modules that are either 
fully learned or not learned, that implementing different algorithm or retrieve 
different pieces of knowledge. 

QH2. Quanta are learned in the order of importance for dropping the loss.

QH3. Frequencies at which quanta are used for prediction follow a power law.

QH+. Each token needs one quantum, every quantum lowers the loss the same. 

35Michaud et al., 2023; Michaud, 2026

https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/#the-theory-quanta-of-learning


Quanta scaling law 

36Michaud et al., 2023; Michaud, 2026

https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/#the-theory-quanta-of-learning


Quanta scaling law 

37Michaud et al., 2023; Michaud, 2026

https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/#the-theory-quanta-of-learning


Data scaling law 

38Michaud et al., 2023; Michaud, 2026

https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/#the-theory-quanta-of-learning


Data scaling law 

39Michaud et al., 2023; Michaud, 2026

https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/#the-theory-quanta-of-learning


Predict scaling exponent from measurable data statistics

Quanta are really hard to measure!

Scaling laws depend on the data 
distribution.

40Bi et al., 2024; Michaud et al., 2023; Michaud, 2026

https://arxiv.org/pdf/2401.02954v1
https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/#the-theory-quanta-of-learning


Measurable language statistics

Assume models have an effective prediction time horizon n*(D)

You need D large enough to at least detect strongest token-token correlations at 
temporal separation n.

41Cagnetta et al., 2026

https://arxiv.org/pdf/2602.07488


Loss decomposition

42Cagnetta et al., 2026

https://arxiv.org/pdf/2602.07488


Power law assumptions

43Cagnetta et al., 2026

https://arxiv.org/pdf/2602.07488


Data limited scaling exponent

44Cagnetta et al., 2026

https://arxiv.org/pdf/2602.07488


Fit 𝛄 and β

45Cagnetta et al., 2026

𝛄 fit by training models

β fit by co-occurrence statistics

Fit on TinyStories dataset →

https://arxiv.org/pdf/2602.07488


How accurate are the exponents?

46Cagnetta et al., 2026

https://arxiv.org/pdf/2602.07488


Group discussion questions

What don’t you like about these theories?

What would a better theory of scaling laws look like?
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Group discussion some answers

What don’t you like about these theories?

- Power law in, power law out (Piantadosi, 2014; Bordelon et al., 2020; Maloney et al., 2022)
- Hard to falsify (Michaud, 2026)
- No joint law
- Mismatched of scaling regimes / bottlenecks

What would a better theory of scaling laws look like?

- Better predict exponents from data statistics at scale (Learning Mechanics, 2026; Cagnetta 
et al., 2026; Paquette et al., 2024)

- Derive the joint law and the compute-optimal exponent (Paquette et al., 2024)
- More realistic modeling assumptions (Michaud et al., 2023; Michaud, 2026; Brill, 2024)
- Consider superposition (Liu et al., 2025; Chen et al., 2026)
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https://arxiv.org/pdf/2405.15074
https://arxiv.org/pdf/2303.13506
https://ericjmichaud.com/quanta/
https://arxiv.org/pdf/2412.07942
https://arxiv.org/pdf/2505.10465
https://arxiv.org/pdf/2602.01045
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From loss to task performance

Originally we had

For downstream performance, we have 

50Ruan et al., 2024

https://arxiv.org/pdf/2405.10938


Post-training RL scaling laws

51Khatri et al., 2025

https://arxiv.org/pdf/2510.13786


Post-training RL scaling laws fit

52Khatri et al., 2025

https://arxiv.org/pdf/2510.13786


Inference time best-of-N single question

Sample independently N times. Success if any of the N responses are correct.

Probability any one question is correct:

53Schaeffer et al., 2025

https://arxiv.org/pdf/2502.17578


Inference time best-of-N single question

Sample independently N times. Success if any of the N responses are correct.

Probability any one question is correct:

54Schaeffer et al., 2025

https://arxiv.org/pdf/2502.17578


Inference time best-of-N dataset

55Schaeffer et al., 2025

https://arxiv.org/pdf/2502.17578


Inference time best-of-N dataset

56Schaeffer et al., 2025

https://arxiv.org/pdf/2502.17578


Inference time best-of-N fit

57Schaeffer et al., 2025

https://arxiv.org/pdf/2502.17578


What did we learn?
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1. Basics, history, and motivation
2. Empirics for pre-training: Chinchilla empirical scaling laws derivation and fit
3. Theory

a. Quanta model: Simple derivations
b. Deriving scaling exponent from data: For data-bounded scaling laws

4. Bonus
a. Post-training: RL post-training scaling laws
b. Inference: Best-of-N scaling laws



Additional references

Scaling laws blog (Weng, 2026)

Lecture from UT Austin (Golowich, 2026)
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https://lilianweng.github.io/posts/2026-06-24-scaling-laws/
https://noahgol.github.io/teaching/cs395t-f26/lecture5.pdf


Thank you
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