
王榕甄

2025-12-24





Outline

• Preliminaries

• Trend prediction

• LLM scaling laws: Kaplan et al, 2020

• Modifications in compute-optimal scenario: Hoffman et al, 2022 and more

• Hyperparameter selection

• Conclusion



Preliminaries



Notations

• 𝐿 is the test loss (training loss if specified)

• 𝑁 is the number of parameters, also called the model size

• 𝐷 is the number of tokens in the training set, also called the dataset size

• 𝑆 is the number of training steps, 𝐵 is the batch size

• When training less than 1 epoch, we take 𝐷 = 𝐵𝑆

• 𝐶 is the number of floating point operations (FLOPs)

• Training a Transformer of size 𝑁 with 𝐵 and 𝑆 typically needs 𝐶 ≈ 6𝑁𝐵𝑆



Calculation of 𝑁 and 𝐶

[Scaling Laws for Neural Language Models, Kaplan et al, 2020]



Function forms 

• Goal: Fitting 𝐿 as a function of 𝑁, 𝐷, …, e.g., 𝐿 𝑁

• Power: 𝑦 = 𝑐 + 𝑏𝑥−𝑎

• Exponential: 𝑦 = 𝑐 + 𝑏𝑒−𝑎𝑥

• Inverse-log: 𝑦 = 𝑐 + 𝑏
log 𝑥

• And more…



Log-log plots

log 𝑦 = log 10 − 0.5 log 𝑥



Log-log plots

log 𝑦 = log 10 − 0.5𝑒log 𝑥



Log-log plots

log 𝑦 = log 10 − log(log 𝑥)



Preview of related works

• 1712, Baidu, Hestness at al, Deep Learning Scaling is Predictable, Empirically

• 1909, Rosenfeld et al,  A Constructive Prediction of the Generalization Error Across Scales, 100M tokens, 41M param

• 2001, OpenAI, Kaplan et al, Scaling Laws for Neural Language Models, 23B tokens, 1.5B param

• 2005, OpenAI, GPT-3, 300B tokens, 175B param

• 2010, OpenAI, Henighan et al, Scaling Laws for Autoregressive Generative Modeling (scaling laws across modalities)

• 2207, Google & Deepmind, Tay et al, Scaling Laws vs Model Architectures: How does Inductive Bias Influence Scaling?

• 2203, Deepmind, Hoffmann at al, Training Compute-Optimal Large Language Models, 1.5T tokens, 70B param

• 2305, Hugging Face, Muennighoff et al, Scaling Data-Constrained Language Models

• 2307, Meta, Llama 2, 2T tokens, 70B param

• 2403, Gadre et al, Language models scale reliably with over-training and on downstream tasks 

• 2404, Tsinghua & Modelbest, MiniCPM, 1.1T tokens, 2.4B param (proposing WSD)

• 2404, Epoch AI, Dey et al, Chinchilla Scaling: A replication attempt

• 2407, Meta, Llama 3, 15.6T tokens, 405B param



LLM scaling laws: Kaplan et al, 2020



Kaplan et al, 2020

• Empirical scaling laws for Autoregressive Transformer Language Models

We will look at these results starting from the experiments



• Decoder-only Transformers, with 768 ~ 1.5B non-embedding parameters

• Vocabulary size = 50257, context length = 1024

• Optimizer: Adam

• Batch size = 512 sequences of 1024 tokens = 219 tokens

• #Steps = 2.5 × 105, thus the total token processed ≈ 131B tokens

• LR schedule: 3000 step linear warmup followed by a cosine decay with cycle length = 

#Steps = 2.5 × 105

• LR: see details in Appendix D.6

General training setup



Summary of experiments

Set 1

Set 2



• Train models of different sizes 𝑵 on a large dataset (supposed to be infinite)

• Observe “near convergence” on training loss and “no overfitting” on test loss, thus get the 

(approximately) lowest possible test loss for each 𝑁

𝟐. 𝟓 × 𝟏𝟎𝟓 × 𝟐𝟏𝟗

= 131B tokens,
5.7 epoch

Summary of experiments: Set 1

𝑵 𝑺 𝑫
768 fixed, 2.5 ×

105
fixed, 23 B

3000 fixed, 2.5 ×
105

fixed, 23 B

… … …

1.5 B fixed, 2.5 ×
105

fixed, 23 B~39 different 𝑁, ~39 runs in total 



Model-constrained scaling law: 𝑳(𝑵)

final test loss

plot these dots on 
y-axis: 𝑳, x-axis: 𝑵

• The lowest loss 𝑳 achievable by a model of fixed size 𝑵, assuming unlimited data and compute

observe the function form



Model−constrained scaling law: 𝑳(𝑵)

fit power law

select dots



Compute−constrained scaling law: 𝑳(𝑪)

• The lowest loss 𝑳 achievable with a fixed compute budget 𝑪, determined by optimally 

allocating resources between model size and training tokens

Recalling 𝐶 = 6𝑁𝐵𝑆, this implicitly requires 𝑵∗ 𝑪 , 𝑺∗ 𝑪 to achieve 𝐿∗ 𝐶



Compute−constrained scaling law: 𝑳(𝑪)

extract the envelope 

change the x-axis
from 𝑩𝑺 to 𝑪 = 𝟔𝑵𝑩𝑺

𝐿 𝐶 = 𝐶𝑐/𝐶 𝛼𝐶; 𝛼𝐶~0.057, 𝐶𝐶~2 × 107

fit power law

observe the 
function form 



Compute−constrained scaling law: 𝑳(𝑪)

(See Section 5 in the original paper for related details)



Compute-optimal model size: 𝑵∗(𝑪)

for each 𝑪, 
record the optimal 𝑵

plot these dots on 
y-axis: 𝑵, x-axis: 𝑪

observe the function form &
fit pawer law

𝑁∗ 𝐶min ∝ 𝐶0.73, 𝐵𝑆 ∗ 𝐶min ∝ 𝐶0.27



𝑳(𝑵, 𝑺)

• The loss 𝑳 of a model with finite parameters 𝑵 updated with finite steps 𝑺 on unlimited data

plot on a 
3D graph

(3D view may look like the right graph)

[Figure 13, Rosenfeld et al, 2019]



• 𝐿(𝑁, 𝑆) 𝐿 𝑁 ∝ 𝐶0.077

• 𝐿(𝑁, 𝑆) 𝑁∗ 𝐶  ∝ 𝐶
𝛼𝑆

𝛼𝑁+𝛼𝑆 = 𝐶0.91

𝑳(𝑵, 𝑺)
choose a two-variable function form & fit the function  

𝑆 → ∞

𝑆 = 𝐶/6𝑁𝐵

close alignment on 𝜶𝑵

𝑁∗ 𝐶 ∝ 𝐶0.88



Summary of experiments

Set 1

Set 2



• Train on different combinations of model sizes 𝑵 and dataset sizes 𝑫 and record the 

early-stopping test loss (stopped training once the test loss ceased to decrease)

• Get the (approximately) best possible test loss for each 𝑁 and 𝐷

Summary of experiments: Set 2

𝑵 𝑺 𝑫
6 levels: 

300, 3M, 25M,
85M, 300M, 700M

early stopping 8 levels:
20M, 40M, 80M,

200M, 300M, 
700M, 1.4B, 23B

The paper eventually has  < 6*8 = 48 runs in total 

[Figure 9, Rosenfeld et al, 2019]



𝑳(𝑵, 𝑫)

• The lowest test loss 𝑳 achievable by a model of a finite size 𝑵 on a finite dataset 𝑫

𝑵

𝑫

𝑳

plot these < 48 dots on a 3D graph

choose a two-variable function form 
& fit the function  



Data−constrained scaling law: 𝑳(𝑫)

• The lowest test loss 𝑳 achievable by a large model on a finite dataset 𝑫

𝑵

𝑫

𝑳

fit power law

select dots



Summary

• 2 sets experiments (~39+48 runs), 5 scaling laws



Scaling laws for trend prediction

• “If you have a large dataset and you train a very big neural network, then success is 

guaranteed!” - Ilya Sutskever

[https://www.youtube.com/watch?v=3gb-ZkVRemQ]

7 orders of magnitude

[Figure 3.1, GPT-3, May, 2020]

9 orders of magnitude

< 1 PF-days

3640 PF-days



Scaling laws for trend prediction

• “If you have a large dataset and you train a very big neural network, then success is 

guaranteed!” - Ilya Sutskever

[https://www.youtube.com/watch?v=3gb-ZkVRemQ]

7 orders of magnitude

[Figure 1, GPT-4, March, 2023]

10 orders of magnitude

200,000+ PF-days
< 1 PF-days



Summary

• Fixed batch size and LR schedule cycle length for all runs with epoch larger than one

not optimal 
for most runs

not optimal for 
intermediate steps

the loss decay might 
slow down after 1 epoch 

The scaling laws might not be accurate![Figure A1, Hoffman et al, 2022]



Modifications in compute-optimal scenario: 

Hoffman et al, 2022 and more



Hoffman et al, 2022, “Chinchilla Scaling Law”

• New recipe for compute-optimal allocation

𝑁∗ 𝐶min ∝ 𝐶0.73, 𝐵𝑆 ∗ 𝐶min ∝ 𝐶0.27

[Kaplan et al, 2022]



Compute-optimal model size: 𝑵∗(𝑪)

• Goal: Fit 𝑁∗(𝐶)
• Focus on the scenario where epoch ≤ 1, thus 𝑫 = 𝑩𝑺 and measure the training loss 

• When epoch ≤ 1, for relatively large dataset, it is reasonable to regard training loss and 
test loss as the same

• Tune LR schedule cycle lengths to match 𝑆

We will look at these results starting from the experiments



• Train models of different sizes 𝑵 with different numbers of steps 𝑺

Summary of experiments: Set 1

~ 40 different models, ~ 40*4=160 runs in total

𝑵 𝑺 𝑩 LR Schedule
73M 4 levels, ranging by 

a factor of 16 ×
tuned 4 levels, setting cosine cycle 

length equal to 𝑆
… … … …

10B 4 levels, ranging by 
a factor of 16 ×

tuned 4 levels, setting cosine cycle 
length equal to 𝑆



Approach 1: Minimum over training curves

• Training curve: for each run, smooth and interpolate the training loss curve

• Envelope: for each FLOP count 𝐶, determine which run achieves the lowest loss; such 
run represents the compute-optimal 𝑁∗ 𝐶 and 𝐷∗ 𝐶

𝑵∗ 𝟏𝟎𝟏𝟗 , 𝑫∗ 𝟏𝟎𝟏𝟗



Approach 1: Minimum over training curves

• Training curve: for each run, smooth and interpolate the training loss curve

• Envelope: for each FLOP count 𝐶, determine which run achieves the lowest loss; such 
run represents the compute-optimal 𝑁∗ 𝐶 and 𝐷∗ 𝐶

𝑵∗ 𝟏𝟎𝟏𝟗 , 𝑫∗ 𝟏𝟎𝟏𝟗



• Under a fixed compute 𝑪, vary the model sizes 𝑵

Summary of experiments: Set 2

~130 runs in total

C 𝑵 𝑺 = 𝑪/𝟔𝑵𝑩 𝑩 LR Schedule
6 × 1018 11 levels,

in 70M-16B
determined by 

𝐶/6𝑁𝐵
tuned setting cosine cycle 

length equal to 𝑆
… … … … …

3 × 1021 12 levels,
in 70M-16B

determined by 
𝐶/6𝑁𝐵

tuned setting cosine cycle 
length equal to 𝑆

9 levels of 
compute



Approach 2: IsoFLOP profiles

• IsoFLOP curve: for each FLOP count 𝐶, fit a parabola curve with 𝑁 as the x-axis 

• Vertex: for each parabola, determine the minimum point 𝑁∗ 𝐶

𝑵∗ 𝟏𝟎𝟏𝟗 = 𝟑𝟎𝟎𝐌



Approach 2: IsoFLOP profiles

• IsoFLOP curve: for each FLOP count 𝐶, fit a parabola curve with 𝑁 as the x-axis 

• Vertex: for each parabola, determine the minimum point 𝑁∗ 𝐶

𝑵∗ 𝟏𝟎𝟏𝟗 = 𝟑𝟎𝟎𝐌



• Function form:

• Put together all results (final training loss, ~ 290 dots in total) in Set 1 and Set 2 to fit this 
two-variable function:

• Derived optimal allocation under 𝐶 = 6𝑁𝐷:

Approach 3: Parametric modelling of the loss



Approach 3: Parametric modelling of the loss

[Epoch AI, Chinchilla Scaling: A replication attempt, 2024]



Near-proportional scaling of model and dataset size—quite stable!

[Deepseek LLM, 2024] [MiniCPM, 2024]

𝑎 = 0.45, 𝑏 = 0.55



Tokens / param—not that stable!

~ 20 tokens / param

MiniCPM, 2024: ~ 192 tokens / param

Llama 3 (405B), 2024: ~ 40 tokens / param



Tokens / param

[Stanford CS336, Lecture 9]

• If inference compute is taken into account…



Scaling laws in over-trained regime

[Gadre at al, 2024]



Data-constrained scenario

[Muennighoff et al, 2023]



Limitations of cosine schedule

• Not globally optimal

• 𝑃 model sizes and 𝑄 steps need 𝑷 × 𝑸 runs in total



Warmup-Stable-Decay (WSD) schedule

[MiniCPM, 2024]

• Mostly optimal

• 𝑃 model sizes and 𝑄 steps need only ~ 𝑷 runs in total



Hyperparameter selection



Hyperparameter selection

• Architecture

• Shape

• Optimizer

• Learning rate

• Batch size

• …



Architecture

[Kaplan et al, 2020]



Architecture

[Tay et al, 2022]



Shape
[Kaplan et al, 2020]

[Stanford CS336, Lecture 3]



Learning rate

[Tensor Programs V, Yang et al, 2022] [Cerebras-GPT, Dey et al, 2023]



Batch size

[MiniCPM, 2024]



Batch size

[Deepseek LLM, 2024]



Conclusion



Conclusion

• Scaling law is an effective approach for predicting trends and selecting hyperparameters.

• This approach remains valuable as long as we are at the computational frontier.

[AI can't cross this line and we don't know why. https://www.youtube.com/watch?v=5eqRuVp65eY&t=609s]



Conclusion

• Scaling law is an effective approach for predicting trends and selecting hyperparameters.

• This approach remains valuable as long as we are at the computational frontier.

Given finite data and compute, the scaling law will eventually plateau,
… but improving it to reduce cost is still important,
… and understanding what the final point will look like is important.irreducible error



Conclusion

• Scaling law is a well-established phenomenon that theory needs to take seriously.

[A Solvable Model of Neural Scaling Laws, Maloney et al, 2022]



Thank you for listening!
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