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Announcements

•Homework 4: due soon

•Fred’s OH: time changed to 1:30-3:00 pm today

•Project---ongoing!
•Grading information here: 
• https://pages.cs.wisc.edu/~fredsala/cs639/files/project_rubric_639.pdf

•Class outline
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Thursday April 16 Scaling II

Tuesday April 21 Agents I

Thursday April 23 Agents II 

Tuesday April 28 Applications

https://pages.cs.wisc.edu/~fredsala/cs639/files/project_rubric_639.pdf
https://pages.cs.wisc.edu/~fredsala/cs639/files/project_rubric_639.pdf


Outline

•Scaling Laws Review & Breaking Beyond Laws 
•Laws, Chinchilla-style compute optimality, data pruning, 
mixture-of-experts, etc.

•Test-Time Scaling
•Motivation, taxonomy and forms of test-time scaling, 
aggregation and verification

• Combined Scaling
•One example of combined training and test-time scaling 
recipes 
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Scaling: Power Laws

How to model relationships measured?

•Power laws

• In our case, for model size and training to convergence, 

Coefficient Exponent

Coefficient Exponent



Scaling: Power Laws

Not a new idea. For data: hypothetical power-law like scaling

•Note: different regimes

Hestness et al ‘17



Scaling: Varying the Model Size

Let’s see this in detail. 

Kaplan et al ’20. Fix the dataset (large). 

•Vary model size: 769 to 1.5B 

•Measure test loss 

•Fit the curve as before:



Scaling: Interactions

What about the effect of both model size and data? 

•Why? Need to figure out what to prioritize: get more data or 
increase the model size?
• “as we increase the model size, we should increase the dataset size 

sublinearly according to D ∝ Nα_N/α_D ∼ N0.74 ”



SL2 Conclusion

Note all results fairly similar:

“All three approaches suggest that as compute budget 
increases, model size and the amount of training data should 
be increased in approximately equal proportions”

•Quite different from Kaplan et al!



SL2 Chinchilla

What are the implications?

•For a particular (large) 
compute budget, very massive 
models are not the way to go,

•“Smaller” is better.

•Chinchilla model: 70B 
parameters, 1.4T tokens
•Comparison against Gopher: 

same compute in FLOPs, but 
much larger 



Back to Universality

Even if we could estimate these law parameters correctly, are 
we stuck with the implications?

•Maybe not!

•Better data via pruning



Beyond Single Data Types

Do all data/tasks show the same scaling?

•Maybe not!

•Reasoning versus knowledge:
•Knowledge: more data-hungry, reasoning: more compute-hungry



Beyond Standard Architectures: MoE

Another approach: modify architecture to decouple scaling 
from inference-time costs

•A popular approach: mixture of experts (MoE)

•Router points to path to take

•Active parameters much smaller

than full model-size: can scale up

models further 



Break & Questions



Outline

•Scaling Laws Review & Breaking Beyond Laws 
•Laws, Chinchilla-style compute optimality, data pruning, 
mixture-of-experts, etc.

•Test-Time Scaling
•Motivation, taxonomy and forms of test-time scaling, 
aggregation and verification

• Combined Scaling
•One example of combined training and test-time scaling 
recipes 



Test-Time Scaling

Basic idea: we can choose where to invest compute. Can 
improve performance by

•Scaling models at training time (where we used scaling laws)
•E.g., bigger model, more data, more compute

•Or… keep the trained model

and use it more → test-time scaling
•Ask questions repeatedly
•Reason/think longer
•Search and other techniques



Test-Time Scaling

Basic idea: we can choose where to 
invest compute. Can improve 
performance by

•Or… keep the trained model and use it 
more → test-time scaling

•Many different techniques! We’ll cover 
a handful of them

•Several good surveys; a good choice:

Zhang et al ’25: “A Survey on Test-Time 
Scaling in Large Language Models: What, 
How, Where, and How Well”



Parallel Scaling

The form of test-time scaling we’ve talked 
about already.

•Repeatedly try out the same problem 

•This can be done in parallel, since none of 
the solutions depend on each other

•Must aggregate the solution at the end 



Parallel Scaling

Aggregation techniques

• If we have nothing else, try majority vote / 
self-consistency

• If we have a verifier, check solutions until 
verifier confirms a correct one

•Even without a perfect verifier, we can use

a reward model, or LLM-as-a-judge 

to perform selection/aggregation

•Note: don’t have to just choose, can also

combine! (we’ll see an example soon)



Sequential Scaling

Later computations are based on intermediate steps

•Not too different from chain-of-thought

We can 

•Append new steps,

•Break down problems further,

•Reflect/refine/iterate existing steps, 

•Etc.



Hybrid Scaling

Combination of the sequential and parallel,

•E.g., do some steps/solutions in parallel,
•Pick one out, continue from there
•Can still aggregate at the end

•Just as CoT was a type of early sequential scaling,

tree-of-thoughts is a form of hybrid scaling



Hybrid Scaling

Note that all of our aggregation methods work

•One example: MoA (mixture-of-agents)

Parallel+ sequential scaling, with final aggregator

model (Wang et al ‘24)



“Internal” Scaling

Control how much reasoning is happening inside the model

•A good example: S1 paper 
•Budget “forcing”: ensure 
a minimum & maximum amount 
of thinking per problem



“Internal” Scaling

Control how much reasoning is happening inside the model

•More broadly, this is done at training time

•We’ve talked about RL on verifiable outputs, but another way 
to help the model reason longer is to train (SFT or otherwise) 
on long reasoning traces
•These can come from other, stronger models
•DeepSeek-R1 is an example that was warm-started this way + 

various distilled models also do this 
•Distilling: taking a larger model’s outputs or other information and 

using it to train a smaller model to reproduce capabilities 



Break & Questions
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Combining Scaling Laws and Test-Time Scaling

We can also do combinations that produce more general 
recipes

•So: if we expect a certain level of test-time scaling, we can 
adjust train-time scaling laws to make up for it 

•Some early conclusions (full disclosure: this is our paper) we 
should train longer than Chinchilla makes predicts 

Roberts et al ‘26



Thank You!
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