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 Reinforcement Learning with Verifiable Rewards (RLVR) has gained significant attention 
due to its simplicity and practical effectiveness.

 However, despite its empirical success, the underlying effectiveness of current RLVR 
remains underexamined

Motivation

 Assess the reasoning capability boundaries of both base and RLVR-trained models.

• Whether a model has the potential to solve a problem

 Metric: pass@k -> A problem is considered solved if any of the k sampled outputs is correct

Does current RLVR genuinely enable LLMs to acquire novel reasoning abilities–similar to how 
traditional RL discovers new strategies through exploration–or does it simply utilize reasoning 

patterns already in the base model?



 Current RLVR models often exhibit narrower reasoning coverage than their base models

• RLVR models are better than their base models at small k but worse as k increases.

 Reasoning paths generated by current RLVR model already exist in its base model

• RLVR improves sampling efficiency but does not enable the model to solve new problems

• The reasoning paths produced by RLVR models already exist within the base model.

Conclusions



 Current RLVR algorithms perform similarly and remain far from optimal

• Sampling efficiency gap: Upper bound of the base model (pass@256) -  RL model (pass@1)

 RLVR and distillation are fundamentally different

• Distillation can transfer new reasoning patterns from a stronger teacher to the student

Conclusions



 Reinforcement Learning with Verifiable Rewards

• Verifiable Rewards: Binary reward r, where r = 1 if and only if the model’s final answer is 

exactly correct

• RLVR Algorithms: Policy + reward 

• Policy Gradient

 Zero RL Training

• Follow zero-RL setting for all math tasks (base model vs. model after RL)

• For coding and visual reasoning tasks, uses instruction-tuned models as starting point

Preliminary



 Metrics for LLM Reasoning Capacity Boundary

• Use pass@k to measure the reasoning ability boundary. =1 if at least one of the k samples 

passes verification

• Not to assess practical utility but to investigate the boundaries of reasoning capacity

 Random Guessing Issue

• For coding task, pass@k can accurately reflect whether the model can solve the problem

• For mathematics, the issue of “guessing” can become pronounced as k increase.

• Check CoT reasoning pathes

Preliminary



 Evaluation Protocol

• Temperature=0.6, top-p=0.95, max new tokens=16384

• Use zero-shot prompt to eliminate any confounding effects introduced by in-context examples

Experimental Setup

Although base models often produce unformatted responses without few-shot guidance, with 
sufficient sampling, they are still capable of generating correctly formatted outputs and 

successfully solving complex problem



 The Effect of RLVR: Increased Likelihood of Correct Samples, Decreased Coverage of 

Solvable Problems

RLVR for Mathematical Reasoning



RLVR for Mathematical Reasoning

Base models already have 

strong reasoning abilities



pass@k是否会真
正衡量推理边界?

Manually inspect all CoTs that led to correct answers to the most challenging 

solvable problems (average accuracy below 5% but above 0%)

 GSM8k 

• Base model: 24/25 questions containing at least one correct CoT

• RL-trained model: 23/25 questions containing at least one correct CoT

• AIME24

• Base model: 5/6

• RL-trained model: 4/6

Base model can sample valid reasoning paths to solve the problems



RLVR for Code Generation

Highly consistent with those observed in mathematical benchmarks.



RLVR for Visual Reasoning

Highly consistent with those observed in mathematical (and code) benchmarks.

Manually inspect all CoTs that led to correct answers to the most challenging solvable problems 
7/8 have at least one correct CoT for both original and RL models



Deep Analysis of the Effects of Current RLVR Training



Accuracy Distribution Analysis 

RLVR increases the frequency of high accuracies near 1.0 and reduces the
frequency of low accuracies but leads to more unsolvable problems



Solvable-Problem Coverage Analysis

The set of problems solved by the RL-
trained model is nearly a subset of 
those solvable by the base mode



Perplexity Analysis

• Randomly sample two problems from 
AIME24 and employ Qwen2.5-7B-Base 
(Y_{Base})  and SimpleRL-Qwen2.5-7B-
Base (Y_{RL}) to generate 16 responses for 
each problem

• Let OpenAI-o1 generate 8 responses 
(Y_{GT})

• Responses from RL-trained models are highly 
likely to be generated by the base model



Summary for RLVR

Problems solved by the RLVR model are also solvable by the base model. The 
observed improvement in average scores stems from more efficient sampling on 

these already solvable problems, rather than learning to solve new problem

After RLVR training, the model often exhibits narrower reasoning coverage 
compared to its base mode

All the reasoning paths exploited by the RLVR model are already present in the 
sampling distribution of the base model



Distillation Expands the Reasoning Boundary

The distilled model is capable of surpassing the reasoning boundary of the
base model

• Distill: DeepSeek-R1-Distill-Qwen-7B
• Base: Qwen2.5-Math-7B
• RL: Qwen2.5-Math-7B-Oat-Zero
• Instruct: Qwen2.5-Math-7B-Instruct



Effects of Different RL Algorithms

 Quantify sampling efficiency enhancement using Sampling Efficiency Gap 
(pass@256 of base model - pass@1 of RL model) - Re-implement

• Different RL algorithms yield 
slightly different sampling 
efficiency gap

• Sampling efficiency gap 
remains consistently above 40 
points across different 
algorithms



Effects of RL Training



Effects of Model Size Scaling

RLVR provides significant gains at low k, but little or no improvement at higher k



Discussion



拓展阅读-2025/12/08

小红书解读 - 强化学习RL到底能不能让大模型“变聪明”

https://www.xiaohongshu.com/explore/693b444b000000001f00e8a6?app_platform=ios&app_version=9.12.2&share_from_user_hidden=true&xsec_source=app_share&type=normal&xsec_token=CBBQc2nQpMB63dpIUQ923kscZwpq7WpVuIAIitggjVnso=&author_share=1&xhsshare=WeixinSession&s
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拓展阅读-2025/12/08

 预训练中有才能被RL放大

• 完全没出现过没法放大

• 出现次数很少也可以被放大 (1%)

 RL能不能提升推理能力取决于难度是不是在能力边界

• 太简单, 学不到东西

• 太难, 学不会

• 刚好超过能力边界, 学得很好

 Mid-training被严重低估, 能把分布对齐到更接近RL的样子, 对RL信号更敏感

OctoThinker: Mid-training Incentivizes Reinforcement Learning Scaling

 加入过程奖励比只用最终答案奖励更好



Thanks & QA


