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Scaling RL and Inference



The bitter lesson is based on the historical observations that  
1) AI researchers have often tried to build knowledge into their 
agents, 2) this always helps in the short term, and is personally 
satisfying to the researcher, but 3) in the long run it plateaus 
and even inhibits further progress, and 4) breakthrough 
progress eventually arrives by an opposing approach based on 
scaling computation by search and learning.

The Bitter Lesson

Richard Sutton



Scaling training improves the performance

• “Performance has a power-law relationship with each factor when not bottlenecked 
by the other two.”


• Issue: scaling the training phase is limited, in particular, by the data. 


• With limited data, models would memorizing the data after some time… 

(Optimal compute budget)

Cross Entropy loss

Peta FLOPs days 
 FLOPs8.64 × 1019

[Kaplan et al., 2020]



Continue to scale

• What else can we scale?


• Scaling the training phase is limited because of the data. 


• We can scale the RL phase (as the model discovers solutions itself). 


• We can scale model’s compute at inference time.



Scaling RL compute



• Gains on the training distribution transfers to downstream tasks. 



•  is the asymptotic pass rate. 


•  captures the compute efficiency. 


•  corresponds to the compute that would give half of the gains. 
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GRPO recap



Algorithmic choices
• Loss: GRPO, DAPO, GSPO, CISPO, …


• Importance sampling at token level vs. sequence level.


• Clipping details


• Compute precision: e.g., FP32 vs. FP16


• Advantage normalization: whether to compute standard deviation per prompt 
or per batch. 


• Curriculum learning: in particular, filtering easy questions.

[Shao et al., ’24] [Yu et al., ’25] [Zheng et al., ’25] [Chen et al., ’25]

See [Khatri et al., ’25] for more details. 



What to scale?
Main takeaways 

• Larger models are (probably) better. 


• Better efficiency and better asymptotic limit. 


• Longer generation length (context budget) is (probably) better.


• Worse efficiency, better asymptotic limit.  


• Larger global batch size (#prompts x #generations) is (probably) better. 


• Worse efficiency, better asymptotic limit.



“RL with longer generation budget is better.”

Larger generation length <—> More thinking per questions <—> Scaling at inference



Test-Time Scaling



Scaling inference (parallel)
with a verifier 

• Assume your answers can be verified.


• E.g., formal math or having test cases in coding. 


• The probability of generating a correct answer is non-zero. 


• . 


• In average, we would have a satisfying answer with  generations. 


• In some cases, we may be able to train a verifier. 

ℙ(Ver(y; x) = 1) = p > 0

p−1



Scaling inference (parallel)
without a verifier 

• Take a math questions with a final numerical answer. 


• We can’t usually verify the answer easily. 


• There are numerous ways to solve the problem correctly and they all reach the 
same answer. 


• There are numerous ways to solve the problem incorrectly and reach different 
wrong answers. 


• We want to find the most probable final numerical answer.  

• This is not necessarily the same as the answer given by the greedy decoding 
solution.  



Scaling inference (parallel)
majority voting and self consistency

• We can sample  solutions and take the majority vote among the final 
answers. 


• More generally, finding the most consistent answer. 
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Scaling inference (sequential)
• We can also teach the models to generally think longer. 


• Iterative refinement: 1) Plan and Reason, 2) Self-check, 3) Refine and 
repeat.


• Teaching the model the ability to backtrack from mistakes.


• The model can learn such behavior through the context or training or …



s1

• Budget forcing: forcing the model to think more or less (depending on the 
number of tokens). 


• Assume that the model first thinks and then outputs the final solution and 
answer. —> goal: adjust thinking tokens. 


• If the model is thinking below the threshold: we put “Wait” before it wants to 
terminate thinking.


• If the model is thinking too much, we interrupt it with “Final Answer:”
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Search approaches for test-time scaling
Usually for well-structured problems

Monte Carlo Tree Search (MCTS)Teaching search to LMs.



Test-time vs. train-time scaling
For board games



Relation between RL and test-time scaling
• There are single samples such that RL on those individual samples yields 

similar performance to doing the RL on the entire dataset!


• Why?


• Model learns self-reflective behaviors by RL on a single (suitable) sample.


