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Or how to think about exploration in LLM-RL
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Interactive Decision Making

Agent / Policy Environment

Observation

Action

Next Observation

Feedback

What is Feedback? Reward? Where are rewards from?
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Harnessing Additional Feedback

1. How do we get feedback when the reward is unreliable?


2. How do we get additional signal when there is a reliable reward?


3. How do we efficiently query feedback (with help from synthetic feedback) 
when it is expensive?
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1. How do we get feedback when the reward is unreliable?


2. How do we get additional signal when there is a reliable reward?


3. How do we efficiently query feedback (with help from synthetic feedback) 
when it is expensive?
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Yuda Song, Hanlin Zhang, Carson Eisenach, Sham Kakade, Dean Foster, Udaya Ghai

Mind the Gap:  
Examining the Self-Improvement 
Capabilities of LLMs
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Getting Reliable Feedback is Hard

• Once the models reach super-human level, we might not be able to define the 
ground truth answer anymore.


• Some problems lack the structure for automatic correctness check (e.g., 
proofs).


• Problems with structures requires specific parsing.

Why don’t we ask the model itself to provide feedbacks?
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Model verifies/
scores the 

generations.

A Generate-Verify Pipeline

Model generates 
candidate 
answers.

RL based on the reward/
score.

Rejection sampling: 
Discard the bad data;  

Finetune on the remaining.
a ∼ LLM(x) score(x, a) ∼ LLM(x, a)

LLM′￼ = arg max 𝔼a[score(x, a)]

LLM′￼(a ∣ x) = LLM(a ∣ x)𝕀{score(x, a) ≥ τ}
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LLM′￼(a ∣ x) = LLM(a ∣ x)𝕀{score(x, a) ≥ τ}

Model verifies/
scores the 

generations.

Measuring Self-Improvement

Model generates 
candidate 
answers.

Rejection sampling: 
Discard the bad data;  

Finetune on the remaining.

Rejection 
sampling. SFT.

Accgen Accver Accft-Generation-Verification Gap =

a ∼ LLM(x) score(x, a) ∼ LLM(x, a) LLM(a ∣ x)𝕀{score(x, a) ≥ τ} LLM′￼
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AccgenAccft - is not a very good metric (e.g., format)



A Large-Scale Scientific Study

• Many models. • Many verification mechanisms.


• Logit: .


• Binary CoT: “The calculation… Thus the 
answer is correct/incorrect.”


• Score CoT: “The calculation… Thus the 
score of the answer is [0-10].”


• Tournament: pairwise comparison and 
elimination.

p(yes) − p(no)
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Gap  = Accver − Accgen

Log of Pretrain FLOPs

Can We Predict Self-Improvement Capability
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Relative Gap  ≈
Gap

1 − Accgen

Scaling Law of Relative Gap

Log of Pretrain FLOPs

11

“Conditioned on being wrong”



Scaling Law of Relative Gap
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Relative Gap (continued)

Essential AI. "Rethinking Reflection in Pre-Training." 
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Model verifies/
scores the 

generations.

Test-time Improvement

Model generates 
candidate 
answers.

Rejection sampling: 
Discard the bad data;  

Finetune on the remaining.

LLMA LLMALLMB
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Cross Verification

Teacher Student 

Weak 

Strong
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Model verifies/
scores the 

generations.

Test-time Improvement

Model generates 
candidate 
answers.

Rejection sampling: 
Discard the bad data;  

Finetune on the remaining.

LLMA LLMA

Model verifies/
scores the 

generations.

Model verifies/
scores the 

generations.
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Verification Ensemble
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Model verifies/
scores the 

generations.

Iterative Self-Improvement 

Model generates 
candidate 
answers.

Rejection sampling: 
Discard the bad data;  

Finetune on the remaining.

LLMt LLMt+1 = finetune(LLMt, datat)datat
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Iterative Self-Improvement 
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Effective Diversity Collapse
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Effective Diversity Collapse
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Effective Diversity Collapse (cont.)

Yue et al. "Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model?" 
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1. How do we get feedback when the reward is unreliable?


2. How do we get additional signal when there is a reliable reward?


3. How do we efficiently query feedback (with help from synthetic feedback) 
when it is expensive?
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Yuda Song, Julia Kempe, Rémi Munos

Outcome-Based Exploration for 
LLM Reasoning
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RL as Sampling

Previous studies:


• Test performance


• Single checkpoint
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Then how do we understand the training 
dynamics -> algorithmic intervention?


• Online RL: sample then update


• We sample each question  once per epoch


• Then we sample  generations per question


•

x

k

y1, ⋯, yk×N ∼ Alg(x, N)



Diversity Collapse during Training
Takeaway #1: RL eventually solves fewer questions than the base model.



Diversity Collapse during Training

Thought Experiment: 

• Imagine prompts are independent


• RL should do no worse on pass@k


• RL should do no worse on diff@k on wrong 
questions either

Takeaway #2: Transfer of diversity degradation across questions.



Mitigating Diversity Collapse - Exploration

• Idea: encourage the policy to visit as many states as possible


• In classical RL, this is usually tractable:


• Finite number of states


• Easy to cluster states


• In LLM:


• Exponentially many token permutations
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Outcome-Based RL

29
Deepseek AI. "DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning" 

Takeaway #3: Diversity is tractable on verifiable domains.

R(x, y, a) = 𝕀{a = agold
x }



Outcome-Based Exploration (OBE)

• In additional to the reward feedback, an exploration bonus that is inversely 
proportional to historical number of visits:        


 .bonus(x, a) = min 1,
1

N(x, a)
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̂𝔼 x,{yκ,aκ}k
κ=1∼π(⋅∣x) [ 1

k

k

∑
κ=1

̂A (x, {yκ′￼
, aκ′￼

}n
κ′￼=1)κ

+ c ⋅ bonus(x, aκ) − β ̂KL (π( ⋅ ∣ x), πbase( ⋅ ∣ x))]
• Objective:



Why Bonus?

• The reason to use exploration bonus is to counter our estimation error


• But LLM reasoning is deterministic  


• If we are greedy, we should not visit the same wrong answer twice


• Again prompts are not independent 


• But still, should we keep rewarding wrong answers indefinitely?
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Baselines

• In fact, naive OBE does not generalize well in test time


• Adding a baseline to tradeoff positive and negative bonus signal:


• OBE-Mean: 


• OBE-Constant: 


 

Bmean(x, {ai}k
κ=1)i = bonus(x, ai) −

1
k

k

∑
κ′￼≠i

bonus(x, aκ′￼
)

Bconst(x, {aκ}k
i=κ)i = bonus(x, ai) − b0
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Training Results
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Test Results
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• Slower diversity 
degradation


• Better peak accuracy


• Mitigating over-
optimization 



What is Diversity

• Yes we explored during training time


• However, pass  is a test-time metric


• In fact, OBE theoretically can return a deterministic policy


• What if we just want a policy with diverse output?

@k
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Batch Diversity
• Batch bonus: 





• Note that this is negative signal. 

bonusbatch(x, {ai}k
κ=1)i = −

1
k

k

∑
κ′￼≠i

𝕀{ai = aκ′￼
}
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Test results
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• Better diversity at the 
end of training


• Worse peak accuracy




Quantitive Results
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What’s next?

• Multi-turn exploration


• Beyond verifiable rewards


• Fundamental paradigm shift


• More steerable models
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1. How do we get feedback when the reward is unreliable?


2. How do we get additional signal when there is a reliable reward?


3. How do we efficiently query feedback (with help from synthetic feedback) 
when it is expensive?
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Zhaoyi Zhou, Yuda Song, Andrea Zenatte

Accelerating Unbiased LLM 
Evaluation via Synthetic 
Feedback
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How to evaluate my model?

• LLM Arena


• Designing 100 different benchmarks
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Querying Human Feedback is Expensive

• Unless you are OAI, you need large community efforts (e.g. ChatBotArena)
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Synthetic Feedback is Cheap
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How about…
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Control Variates

• Random variable .


• Another random variable .


• .


• .


• .

X, 𝔼[X] = μX

Y, 𝔼[X] = μY

Xα = X − α(Y − μY)

α* = Cov(X, Y)/Var(Y)

Var(Xα*) = (1 − ρ2)Var(X)
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Algorithm
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• Unbiased


• Variance Reduction

Saving by 1 − ρ2



Results
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