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Motivation

• While RL has been extensively applied to LLM reasoning, the role of diversity remains 
largely unexplored in this context, even though it plays a crucial role in RL research.

• Diversity plays a crucial role in RL research – can be generally divided into 3 categories
• The first category uses diversity primarily to improve exploration efficiency, where diversity emerges as a 

byproduct of maximizing final task performance [1, 2, 3, 4, 5]. 
• The second category treats diversity either as a constraint (optimizing quality subject to diversity constraints) or 

as an objective (optimizing diversity under quality constraints) [6, 7, 8, 9, 10]. 
• The third category optimizes quality and diversity simultaneously, known as Quality-Diversity RL methods [11, 

12, 13, 14].

• These findings naturally lead us to ask the following question: Is promoting diversity 
essential during RL training for LLM reasoning? 

• In this work, our research tend to extend the first category on RL-based LLM training.
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Correlation between LLMs’ reasoning potential and solution diversity

Potential-Diversity Experiment

• Observation 1: For LLMs with low quality (accuracy), 
there is no obvious relationship between diversity and 
potential.

• Observation 2: For LLMs with high quality, there is 
generally a positive correlation between potential and 
diversity.

Since the optimization direction is guided by correct 
answers in multiple sampled responses, the result directly 
links our Potential@k metric to RL training improvements.

𝑈! , 𝐴!: unique equations and all equations extracted from 
responses.



Entropy-based diversity

• We further reformulate the diversity objective to enable effective backpropagation

• A straightforward approach is to define diversity as the average entropy of the LLM’s 
outputs per question. 

• However, this formulation introduces length bias: longer responses inherently exhibit 
higher entropy.

• To address this issue, we introduce token-level entropy



Promoting diversity on positive samples

• Directly applying the diversity objective in training will increase diversity in incorrect 
solutions. Intuitively, negative samples offer more room for diversity enhancement, 
which can skew the model’s optimization process. 

• To address this issue, concentrate on promoting diversity on positive samples:

This is akin to fostering diversity in high-quality policies in population-based RL training [1]. Beyond this, 
we further justify this design by analyzing the gradient dynamics.

[1] Wu S, Yao J, Fu H, et al. Quality-similar diversity via population based reinforcement learning. (ICLR2023)



Promoting diversity on positive samples

• The gradient from the diversity objective:

• For tokens with small probs, the 
gradient tend to increase the 
probability. 

• However, this tendency is undesirable 
for negative samples. Thus, excluding 
diversity enhancement for negative 
samples mitigates conflicts between 
solution quality and diversity.



Experiment Results

• Base models: Qwen2.5-Math-7B
• Benchmarks: GSM8K, MATH500, Olympiad Bench, and College Math

Promoting diversity can enhance the ability of LLM 
Reasoning.

Our method can generate more diverse 
solutions.



Ablation Study

Analysis on the choice of diversity weights λ 

Experiment on 1.5B base model


