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Abstract 

Large language models (LLMs) are one of the current research focuses in society and have extensive 

applications in various fields. However, when facing complex tasks such as mathematical reasoning at present, 

it will exhibit problems such as weak generalization ability. Reinforcement Learning (RL) can effectively 

optimize these issues through reward-guided strategies, thus becoming the core technical path for enhancing 

the reasoning capabilities of large language models. This article systematically reviews and analyzes the 

boundaries of how reinforcement learning optimizes the reasoning capabilities of large language models under 

different resource and scale constraints, as well as the adaptability of reinforcement learning's optimization of 

large language models in different scenarios. The analysis shows that reinforcement learning algorithms are 

beneficial for aligning model reasoning and improving the reasoning chain of the model; based on 

reinforcement learning, strategies such as data minimization training and small model optimization can 

enhance the resource utilization efficiency of the model during training; however, the improvement of 

reinforcement learning algorithms on large language models still has problems such as difficulties in expanding 

the reasoning boundaries. 
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1. Introduction 

Large language models (LLMs) are a type of advanced artificial intelligence model that is trained on vast 

amounts of text and is capable of deeply understanding, processing and generating coherent natural language. 

The reasoning ability of LLMs refers to the model's capability of conducting logical reasoning, mathematical 

calculations, and causal analysis based on the given context information. In recent years, depending on the 

large-scale pre-training frameworks and powerful self-learning capabilities, LLMs have made remarkable 

progress in natural language processing tasks such as text generation, and have been widely applied in 

scenarios such as intelligent education, network services, and intelligent medical assistance. However, when 

it comes to complex tasks such as mathematical reasoning and logical planning, the model still shows 

shortcomings such as weak generalization ability, contradictory reasoning steps, and broken logical chains.  
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Reinforcement Learning (RL) is an optimization technique that optimizes models by actively interacting 

with the external environment and obtaining reward feedback. It is naturally well-suited to the demand of 

LLMs for enhancing their reasoning capabilities. Unlike conventional supervised learning, RL does not require 

a large amount of manually labeled data. The agent can continuously adjust and optimize its strategy by 

continuously interacting with the environment and receiving reward feedback. The reward feedback is 

calculated based on indicators such as the correctness of the results and the rationality of the process. In this 

way, the model can autonomously explore the possibility of reasoning strategies. This continuous optimization 

in the environment has made RL the core technical approach for addressing the bottleneck of reasoning 

capabilities faced by LLMs.  

This paper systematically reviews the current relevant research results scattered across various fields, 

constructs a clear and complete analytical framework, clarifies the internal logic of RL in enhancing the 

reasoning ability of LLMs, summarizes and analyzes the existing optimization methods and practical paths, 

and establishes a complete and coherent logical analysis chain. The aim is to provide valuable references to 

practical ideas and directions for optimizing the reasoning performance of LLMs in more practical applications.  

2. The Direction of RL in Optimizing the Reasoning Ability of LLMs 

2.1 Mainstream RL Algorithms Selection 

Among the existing studies, Group Relative Policy Optimization (GRPO) is the mainstream algorithm used. 

Its core advantage lies in the fact that it does not require a value network, has high sample efficiency, and is 

suitable for sparse reward scenarios in LLMs' reasoning. For instance, the ARTIST framework [1], the E2H 

Reasoner method [2], and DeepSeek-R1 [3] all implement reasoning optimization based on GRPO and 

outperform traditional algorithms such as PPO in tasks like mathematical reasoning and multi-hop question 

answering.  

The Proximal Policy Optimization (PPO) algorithm achieves an optimal balance among training stability, 

sample efficiency, and computational complexity by constraining the difference between the old and new 

policies through a clipping mechanism. PPO is particularly suitable for scenarios involving discrete or 

continuous action spaces, such as the RLPF framework, which uses this algorithm to optimize the personalized 

inference of user summaries [4].  

REINFORCE is a classic Monte Carlo policy gradient reinforcement learning algorithm, belonging to the 

turn-based policy optimization method. It directly updates the policy parameters by accumulating the rewards 

of the complete trajectory. Due to its simple implementation, it is used for lightweight tasks, such as small 

model inference optimization [5].  

2.2 Key Innovation Points 

In complex reasoning problems, high-quality reasoning data is relatively scarce. For this issue, the research 

focuses on strategies for minimizing and reusing data. On the one hand, the optimization ability of small-

sample RL training is remarkable. For instance, 1-shot RLVR only requires one mathematical reasoning 

sample for training, and MATH500 pass@1 has increased from 36.0% to 73.6%, approaching the performance 

of a 1.2k sample set [6], On the other hand, research has shown that when using the data reuse strategy, when 

the reuse factor τ less than or 25, reusing high-quality data performs comparably to using a large amount of 

unique data, and the final performance is determined by the total number of optimization steps [7].  

Based on this, the dynamic difficulty adaptation strategy has further optimized the training effect of the 

model. For instance, the E2H Reasoner method proposed a dynamic difficulty scheduling strategy from easy 

to difficult. By balancing the task distribution through cosine scheduling and Gaussian scheduling, the model 

gradually optimizes the strategy, resulting in an increase of 32.9% in the accuracy of small model tasks [2]; 

while ALP dynamically adjusts the length penalty according to the task difficulty, allocating a larger length 

penalty for simple tasks and relaxing the constraints for complex tasks [8].  

Meanwhile, multi-stage and cross-modal training is also one of the key innovation points. For instance, 

DeepSeek-R1 has designed a two-stage training framework. The training in the first stage enhances the model's 

autonomous reasoning ability through pure RL algorithms, and in the second stage, it achieves integration with 
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human preferences by combining SFT and secondary RL, achieving a pass@1 rate of 77.9% on the AIME 

2024 dataset [3]; FinLMM-RL integrates text and image information and designs a multimodal reward to 

expand the application of RL in financial scenarios [8].  

3. The Adaptability of Different RL Algorithms in Different Scenarios  

3.1 Adaptability of Task Types  

Firstly, tasks such as mathematical reasoning and code writing have definite answers with clear judgment 

methods, which are the core scenarios of RL optimization. DeepSeek-R1 achieved a pass@1 rate of 77.9% on 

the AIME 2024 dataset (and even 86.7% under self-consistency decoding), surpassing the average level of 

humans [3]; moreover, the research proves that 32B parameters are the balance point for the model to pursue 

the efficiency and performance of mathematical reasoning problems, and the 72B model needs more training 

steps due to efficiency saturation to surpass [7].  

In multiple tasks such as question answering and retrieval reasoning, the ReSearch framework embeds the 

search operation into the reasoning chain, granting the model the autonomy to search during the reasoning 

process. End-to-end training on the GRPO, it helps the model understand when to search and how to do so. 

On the Bamboogle dataset, the EM reaches 56.8%, which is 25.6% higher than the baseline standard [9]. 

Meanwhile, RAG-Star combines MCTS and retrieval verification, which can enhance the integration of 

internal and external knowledge within the model, helping it further improve its ability to integrate data from 

different sources and enhance the reliability of complex reasoning [8].  

In the field of security and personalized reasoning, CI-RL, for scenarios where information is prone to 

disclosure, through the CI-CoT prompt strategy and RL optimization, can significantly reduce the rate of 

privacy information leakage compared to the evaluation benchmark of authoritative privacy protection tools 

[8], for the direction of personalized reasoning [10], RLPF mainly realizes personalized summaries for users, 

with the subsequent task prediction performance as the reward, and can achieve a 74% reduction in context 

compression while increasing the cross-domain transfer accuracy by 15.68% [4].  

3.2 Model Scale Adaptability 

Regarding the impact of parameter size on model performance, existing research has identified a notable 

threshold. When the model reaches a parameter size of over 32B, its utilization efficiency of training data 

significantly improves. Experiments have shown that a 72B model can achieve a performance level similar to 

that of a 1.5B model with only about 10k samples [7]. This indicates that when aiming for the same effect, 

large models actually require fewer total data volume. However, this advantage comes at a cost. After 

parameters exceed 32B, the performance gains from further expanding the scale gradually slow down, and 

there may also be cross-domain negative transfer problems, that is, optimizations in certain new tasks may 

weaken the model's performance in general scenarios.  

In contrast, small models with a size below 10B have relatively low data utilization efficiency, but they 

have the advantage of low training costs and fast convergence. Some studies have demonstrated that with 7,000 

samples and approximately $42 in cost, a 1.5B model was able to increase its accuracy on the AMC23 dataset 

from 63% to 80%, even surpassing the level of o1-preview at that time. However, these models are not very 

stable in practical use. Once the training steps exceed a certain number, performance may decline, and it is 

necessary to balance the data difficulty and length when using them [7].  

4. The Fundamental Limitations of RL Optimization 

4.1 For the Breakthrough in Optimizing the Inference Boundaries of RL 

Whether reinforcement learning can truly break through the upper limit of the reasoning ability of LLMs 

has not reached a unified conclusion in the academic community. Some researchers have pointed out that the 

main role of RL is actually to improve sampling efficiency, and it is difficult for the model to generate 

reasoning paths that it originally does not possess. Relevant experiments also show that as long as the sampling 

times of the base model are sufficient, its performance can even be better than the model optimized through 
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reinforcement learning. This also to some extent indicates that the correct reasoning methods found by RL 

essentially still come from the generation distribution of the base model itself [7, 11].  

Some scholars hold different opinions. Research has shown that after training the model using mixed-

domain data, the model can acquire new reasoning skills in new domains with lower similarity. For instance, 

a model trained on the GURU dataset can expand the reasoning capabilities of the original base model on tasks 

such as the Zebra Puzzle [12].  

This article holds that the core significance of reinforcement learning lies more in activating the existing 

reasoning paths of the model and improving the reasoning efficiency. However, after integrating methods such 

as cross-domain data fusion, the model can also, through the optimized reasoning method, solve problems that 

were previously impossible to handle in low-similarity new domains. The final effect is often closely related 

to the specific training strategy and the characteristics of the task itself.  

4.2 The Current Key Challenges 

RL is based on the reward feedback provided by the environment, and it inherently has strong task 

specificity. Its optimization effect on mathematical reasoning tasks is difficult to transfer to domains with 

significant differences such as logic and simulation [7, 12]. Currently, only task types such as mathematics 

and programming, which frequently appear during pre-training, can achieve rapid improvement through cross-

domain reinforcement learning, while tasks like logic and simulation often require specialized training within 

the corresponding domain to obtain practical and effective performance gains. Moreover, the current 

benchmarks used to evaluate the reasoning ability of models still have many flaws, such as data contamination 

and misaligned reward signals, making it difficult for the evaluation results to truly reflect the actual reasoning 

level of the model. Although dynamic evaluation benchmarks can alleviate the impact of data contamination 

by capturing new problems in real time, there is still a lot of room for improvement in the design of evaluation 

indicators during the reasoning process.  

5. Conclusions 

The core of RL optimizing the inference of LLMs lies in amplifying the existing capabilities of the model 

itself. The GRPO algorithm is the main means to achieve this goal, while data optimization is to better adapt 

to resource constraints. On this basis, the model's parameters can reach a balance of benefits around 32B. The 

advantage of large models in sample utilization, which is complementary to the low-cost gain characteristic of 

small models, enables different-sized models to have their own value in practical applications. It should be 

noted that RL does not create completely new inference capabilities that the model does not originally have; 

rather, it is more like amplifying the potential performance of the base model. Current research still has issues 

with unbalanced optimization effects, and problems such as weak cross-domain transfer ability and evaluation 

data contamination need to be addressed simultaneously. 

For the development of future large language models, people need to integrate dynamic adaptive reward 

functions to alleviate various biases, build multi-type integrated inference datasets and domain-general reward 

mechanisms to enhance the model's generalization ability, and explore the paths of few-shot cross-domain 

reinforcement learning and small model distillation transfer to further lower the resource threshold for 

technology implementation. 
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