
Scaling (sort of) Laws
Training Compute-Optimal Large Language Models
Language models scale reliably with over-training and on downstream tasks
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OpenAI’s thing (the bitter lesson?)

Bigger models learn better than smaller ones!

Scaling Laws for Neural Language Models (Kaplan et al., 2020)
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PF-day = (1PetaFLOPs/second) * (3600s/hr) * (24hr)

Cool, but not a fair comparison!



But Pre-training is Expensive! 

Training GPT-3 costs millions of dollars. Failed YOLO runs are expensive!

For example, Qwen3 models were trained on 36T tokens (~1024 FLOPs).

Academic labs and model builders both donʼt have infinite compute.

What are practical strategies to allocate resources to reduce train costs?

Scaling Laws: Letʼs predict bigger runs from smaller runs!
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(3 years earlier) Baidu’s thing

Deep Learning Scaling is Predictable, Empirically (Hestness et al., 2017)
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(30 years earlier) Prototypical Scaling Laws

Theory folks have been thinking about this for a while…
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Standard Scaling Law Recipe

1. Get a bunch of different training jobs w/ different parameters
2. Fit some simple models to the results
3. Hope that it extrapolates!

Kaplan et al. ran the following configurations:

● Model size (from 768 to 1.5B non-embedding parameters)
● Dataset size (from 22M to 23B tokens)
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Chinchilla Scaling Laws: approach 1
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1. Grid search over {model params} x {training data size}
2. For those on the frontier, extrapolate optimal params and tokens separately 

These are actually 4 yellow lines!

Pareto-optimal frontier

Same compute as Gopher (~GPT-3 compute)

(now go tell Jeff Dean how much money you saved)



1. Vary model size N for fixed set of FLOPs (=6ND)
2. For best models in each Iso-FLOPs  group, fit the line again!

Chinchilla Scaling Laws: approach 2
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1. Vary model size N for fixed set of FLOPs (=6ND)
2. For best models in each Iso-FLOPs group, fit the line again!

Same compute as Gopher (~GPT-3 compute)



A. Obtain values for A, B, α, β, and E by regression optimization.
B. Now given your desired FLOPs (=6ND), find your best N and D via math.

Chinchilla Scaling Laws: approach 3
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1. Gather all models from approach 1 and 2
2. Now jointly fit N (# params) and D (# tokens) according to:

where E denotes irreducible loss.



Chinchilla Scaling Laws
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Chinchilla says “a hundred billion tokens? No, give me trillion tokens                    ”

➢ You need (# of tokens) = 20 x (# of params)
○ As a unit, 1 Chinchilla = 20 tokens/parameter
○ As a model, Chinchilla is the final 70B model

➢ Gopher and GPT-3 are undertrained!



Real Results
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- Overall: They look at a 
decent number of tasks 
(no generation, 
however)

MMLU

BigBench

TriviaQA



Real Results
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Pretty 
honest!

- Chinchilla is same 
compute as Gopher, but 
4x more data and ¼ 
params

- Hypothesis: If 
downstream results are 
better, this validates 
their insight

280B 175B 70B

Pretty 
honest!

4-7% improvements 
most places overall 
(better than gopher 
~90% of the time)! 



Why was Kaplan et al. Off?
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Problems

- OpenAI mostly looks at (100M and lower) 
turned out to be “too small”

- Chinchilla: 16B parameters and 500B 
tokens

- A fixed learning rate schedule for all models 
(i.e., used intermediate checkpoints)

Gap 
here



How did it change the field?
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The Chinchilla Takeaway:

● For compute-optimal LLMs, we 
need to train on more data (not 
just larger models)!

In 2025:

- Many smaller models that perform 
better

- Number of tokens is going up a lot!
- Even more extreme setting of 

over-training (train on even more 
data than “train-time optimal”)

Year 2020 2021 2022 2023 2024 2025 2025

Model GPT3 Gopher Chinchilla LLama-
1

Llama 3 Qwen 3 Olmo 2

Params 175B 280B 70B 65B 405B 235B 32B

Tokens 240B 300B 1.4T 1.4T 15T 36T 6T

Big jump in 
token count!
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Paper #2 (Update for Downstream Tasks, Overtrain) 

2 Contributions: 

- Looking at overtraining
- Looking at downstream performance predictability
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Their Setup

1. Train a bunch of models using different configurations
a. Mostly related to parameter types / warmup steps
b. Include some variation with extra number of tokens
c. Fixed data (OpenLM which is basically C4)
d. *Filter out a bunch of models based on test perplexity* 

2. Get 17 *non-generation* tasks
a. Multiple choice, QA, etc.

3. Fit curves to this data
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Paper #2 (Update for Downstream Tasks, Overtrain) 

- #1 Models with same size but overtraining (more epochs than 
“compute-optimal”) can show different scaling trends
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Overtrained 
models follow 
different 
scaling law, 
shifts over a 
bit



Paper #2 (Update for Downstream Tasks, Overtrain) 

Note: Many kinds of “optimal” depending on constraints (data, compute, batch 
size, fine-tuning data, etc.)
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Paper #2 (Update for Downstream Tasks, Overtrain) 

#2 Average Benchmark performance is sort of predictable, but individual isnʼt
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Average 
error

Error for specific tasks can get 
pretty high, but average is low
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Suspicious Activity
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Only 2 predictions…

Common Practice: Train a ton of models w/ diff parameters, choose “best” subset, fit curves to that. 

- This can introduce bias in scaling law (what if N attention heads has diff law than 4N attn heads?)

- In practice you usually donʼt know the “best parameters”



Problems
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Flip side: Scaling experiments are valuable, and so 
more scaling experiments should benefit the 
community



Problems
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Big Misalignment between metrics / usage: no generation!

Example of task they eval on 

Example of task they DONʼT eval on 

Why the mismatch?
- Generation is hard to eval
- Often requires fine-tuning which adds an extra step to the pipeline
- Perplexity is very coarse, and likely becomes less predictive for 

multi-token tasks 



Conclusion
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● Chinchillaʼs insight about training with more data (rather than model size) 
was prescient.

● Scaling laws are a necessary evil due to limited resources:
○ Other papersʼ trends may not apply to your training run
○ But they be useful in your specific controlled setting 🤞



Proponents
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Why Scaling Laws Matter (Practical View)
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● Resource allocation problem: Training large models costs millions; 
failed runs waste massive compute.

● Scaling laws provide a decision framework: allocate FLOPs between 
parameters vs. tokens.

● Even if imperfect, they let us predict large runs from small ones, 
reducing experimental risk.

● You should never treat them as laws from a physics definition, 
yet all the models you get help from (chatting, coding, etc) 
benefit from these empirical observations.



Defense of Chinchilla’s Core Contribution

● Prior recipe (Kaplan et al. 2020): scale models bigger, not data.
○ Chinchilla: showed GPT-3 and Gopher were under-trained.
○ Core takeaway: equalize tokens & parameters → 

smaller but stronger models.
○ Impact: After 2022, every lab re-examined data pipelines and token 

budgets.
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Gadre et al. (2024): Over-Training Is Predictable

● Compute-optimal ≠ inference-optimal (deployment needs smaller 
models).
○ Over-training smaller models still yields clean scaling (parallel 

power-law lines).
○ Downstream accuracy is predictable from pretraining loss.
○ Shows scaling laws are flexible under real-world constraints.
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Practical Bridge to generation purposes

Pragmatic bridge from pretraining loss to generation quality

1. Use pretraining loss to select the training recipe (tokens: params, data mix)
2. Validate with a thin SFT/RL sweep on target generation metrics
3. If generation is primary, fit task-specific scaling on SFT model
4. If Δ(pred, actual) is small → green-light full job
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If these scaling papers don’t exist…

● This class wonʼt exist; 
○ or at the least extent data curation wonʼt be as appreciated as model 

curation.
● NVIDIA releases GPUs that have much larger memories
● Running a model requires much more GPUs

○ Environmental impacts, accessibility of models in academia…
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Common Critiques (and how we see them)

● Critic concern: “Scaling laws arenʼt universal; domain shifts (code, gen 
tasks) break them.”
○ Those scaling law papers do not claim to generalize to specific tasks. But 

even partial predictability is valuable in controlled pretraining – rough 
predictability is still better than no predictability.

○ It demonstrated a robust pipeline to test scalability. Instead of blaming its 
task-specific failure, why not use the pipeline to build task-specific laws if 
there is a specialized need (most LLMs intend to be generalist)?
■ And who doesnʼt want a new paper :)
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Common Critiques (and how we see them)

● Critic concern: “NLG not evaluated in pretraining and its scaling 
experiments”
○ Pretraining builds the knowledge base, the compute-intensive part.
○ NLG is mainly evaluated post-training (e.g., SFT/RL)

■ E.g., a “chatbot edition” like Llama-4 is about post-training, not a new 
pretrain.

○ Generation is cheap, but quality still depends on a strong pretrained 
foundation.

○ NLU tasks are the best proxy to test knowledge learned during pretraining.
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Critics
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Chinchilla
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● Claim: Chinchilla beats Gopher by using 4x more data

○ The quality and distribution of the additional data may be a 

confounding variable.



Chinchilla
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● Limitation: the scaling law only includes model sizes up to 16B

○ Chinchilla is the only extrapolated data point on the optimal frontier.

○ Larger models, e.g. GPT-3 (175B) may not fit.



Chinchilla

39

● Overlooks the relationship between pre-training loss and the 

validation accuracy for specific downstream tasks

○ Gadre et al. (2024) attempt to mitigate this gap in the literature.



Scaling laws for overtraining and on downstream tasks (Gadre et al., 2024)
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● The paper proposes scaling laws for average top-1 error, a coarse aggregate metric.

○ Lourie et al. (2025) point out that only a minority of the tasks are predictable by 

the scaling law.

○ The only justification is “it can be difficult to predict the error on individual 

tasks,” but there is no provided evidence for this (NeurIPS reviews).

● Focus only on small (<7B) models (NeurIPS reviews)

● Only 2 datapoints are extrapolated

○ 1.4B, 6.9B parameter models

Lourie et al. 2025. Scaling Laws Are Unreliable for Downstream Tasks: A Reality Check.

https://openreview.net/forum?id=5tOVh81aze&noteId=2u3btz122m
https://openreview.net/forum?id=5tOVh81aze&noteId=2u3btz122m


Lourie et al. (2025): “Scaling laws are specific to the data”
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● Downstream tasks: HellaSWAG, CoQA

● Pre-training corpora: C4, RedPajama

● Validation sets: C4, 100PLs

● Takeaway: changes to any of these factors

may affect whether better perplexity

translates to better downstream

performance



Lourie et al. (2025): Most tasks scale unpredictably
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● Only 18 of 46 tasks are predictable



Lourie et al. (2025): Scaling behavior varies across setups
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● Same validation data + downstream tasks

● The following confounding variables result in dramatically different 

trends in several downstream tasks

○ model architecture

○ task formatting

○ # answer choices



Lourie et al. (2025)
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● Takeaway: scaling “laws” for downstream tasks are not robust 

enough and depend on different experimental setups



Follow-up
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Scaling Laws for Data-Constrained LMs (Muennighoff et al.)
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Chinchilla/Gadre -> assumes “unlimited” and “fresh” data 

Motivation: Data might run out

https://arxiv.org/pdf/2305.16264



Scaling Laws for Data-Constrained LMs (Muennighoff et al.)
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Motivation: Data might run 
out

Setting: Fix 100M unique 
tokens. If you have more 
compute, how do you 
allocate it? 

https://arxiv.org/pdf/2305.16264



Scaling Laws for Data-Constrained LMs (Muennighoff et al.)
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Motivation: Data might run 
out

Setting: Fix 100M unique 
tokens. If you have more 
compute, how do you 
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https://arxiv.org/pdf/2305.16264



Scaling Laws for Data-Constrained LMs (Muennighoff et al.)
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Motivation: Data might run 
out

Setting: Fix 100M unique 
tokens. If you have more 
compute, how do you 
allocate it? 

https://arxiv.org/pdf/2305.16264



Scaling Laws for Data-Constrained LMs (Muennighoff et al.)
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Motivation: Data might run 
out

Setting: Fix 100M unique 
tokens. If you have more 
compute, how do you 
allocate it? 

Note: NOT IsoFLOP

https://arxiv.org/pdf/2305.16264

FLOPS 

Increase
FLOPS 

Increase



Scaling Laws for Data-Constrained LMs (Muennighoff et al.)
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Motivation: Data might run 
out

Setting: Fix 100M unique 
tokens. If you have more 
compute, how do you 
allocate it? 

Takeaway: you can squeeze 
more juice from data with 
more compute

https://arxiv.org/pdf/2305.16264



Scaling Laws for Data-Constrained LMs (Muennighoff et al.)
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Motivation: Data might run 
out

Setting: Fix 100M unique 
tokens. If you have more 
compute, how do you 
allocate it? 

Chinchilla: assumes 
unlimited/unique data

https://arxiv.org/pdf/2305.16264



Scaling Laws for Data-Constrained LMs (Muennighoff et al.)
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Motivation: Data might run 
out

Setting: Fix 100M unique 
tokens. If you have more 
compute, how do you 
allocate it? 

Low repetition (<4 epochs) 
approximates chinchilla

Excess parameters decay 
faster than repeated data

https://arxiv.org/pdf/2305.16264



Scaling Laws for Data-Constrained LMs (Muennighoff et al.)
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Criticisms

● Evaluates only on test 
loss (no down-streams)

● No considerations for 
data composition

https://arxiv.org/pdf/2305.16264



Scaling Laws & Data Curation (Goyal et al.)
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● Chinchilla/Gadre/Muennighoff -> assumes fixed data distribution
● Goyal et al. -> data curation decisions should be developed in conjunction 

to the available compute

https://arxiv.org/pdf/2404.07177



Ongoing Research
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Synthetic data

● Do classic scaling laws still hold when most data is synthetic? 
● How does the way we make synthetic data (paraphrase, guided, fully-free 

generation) shift the scaling exponents? 

Scaling Laws for Safety

● Can we reliably predict how undesired behaviors (toxicity, hallucination, etc) 
scale with parameters, repetitions, compute, etc


