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Reinforcement learning (RL), a pivotal machine learning paradigm, is becoming essential in the post-training of large language models
(LLMs), enhancing their reasoning capabilities and alignment with human preferences. However, adapting conventional RL to LLMs
introduces challenges stemming from their massive parameter size and the vast natural language action space. In this survey, we
conduct a systematic literature review focusing on how RL algorithms are adapted and scaled as a fundamental post-training tool to
enhance LLMs. First, we provide a taxonomy of challenges faced in each stage of the RL training loop, including action exploration,
trajectory collection, reward evaluation, and model update. We then introduce recently developed methods to address these issues,
ranging from logical structure navigation, training data curation to reward design and advantage estimation. Afterward, we elaborate
on the application of these techniques in diverse domains such as mathematics, coding, medicine, and information retrieval, analyzing
how innovations in the RL pipeline enhance the domain-specific LLMs. Finally, we discuss the limitations and side effects of applying RL
to LLMs and explore open problems and future directions like the balance between efficiency and effectiveness, and algorithm-system
co-design. This survey helps researchers understand recent progress and inspire novel research to address current challenges and
realize the full potential of RL for LLMs.
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1 INTRODUCTION

Reinforcement learning (RL), a machine learning paradigm in which an agent learns to optimize its actions through
trial-and-error interactions with an environment [37, 144]. As shown in Figure 1, it has been studied for decades and
has achieved success in a wide range of domains. Its applications span from game playing [11, 137, 151, 184] and chip
design [105] to urban governance [51, 157, 205, 206], public health [52, 55], and smart transportation [158, 188], often
exhibiting performance that surpasses human professionals. In recent years, with the rise of large language models
(LLMs) marking a new wave of AI development [40, 41, 50, 54, 79–82, 100, 101, 116, 139, 159], RL has been widely
adopted for the post-training of these models. It has demonstrated significant value and potential in crucial areas such
as aligning LLMs with human preferences [9, 112] and enhancing their reasoning capabilities [171].
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Fig. 1. Important milestones in the development of reinforcement learning

However, unlike conventional reinforcement learning, where actors are primarily based on lightweight neural
networks [48, 60, 83, 106, 149, 163], applying RL in the era of large language models requires directly training and
optimizing models with hundreds of billions of parameters that operate within the vast space of natural language [7, 8,
68, 94, 146, 172, 179, 180, 180]. This substantial increase in model parameter size and the complexity of the action space
introduce significant challenges when adapting conventional RL algorithms to LLMs. These challenges manifest across
multiple component of the RL training loop, including action exploration, trajectory collection, reward evaluation,
and model update. Thus, a comprehensive review of these challenges and their corresponding solutions, alongside an
exploration of future research directions, is both timely and essential.

This survey is positioned from the perspective of RL as a tool to serve LLMs—that is, we focus on how RL algorithms
are adapted, improved, and applied to enhance the post-training, alignment, and reasoning capabilities of large language
models. We do not aim to cover the complementary direction of using LLMs to improve classical RL (e.g., LLM-based
Manuscript submitted to ACM
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planning or decision-making for traditional RL agents), which constitutes a separate research line with distinct objectives.
As shown in Table 1, existing surveys have summarized the adoptions of reinforcement learning on large language
models from different perspectives. Some have provided detailed introductions to the fundamentals of RL algorithms
and LLM architectures [15, 143, 193], and summarized various methodological improvements to RL adapted for LLM
training [141, 143], while others have provided a comprehensive landscape from algorithms to infrastructures [193].
Additionally, existing survey discussed from a broader viewpoint, focusing on "reinforced reasoning" with LLMs, namely
self-refinement in reasoning [171]. A majority of these surveys have included extensive scenario-specific applications.
However, none of these works has deeply analyzed from the perspective of basic elements in the RL training loop, such
as action and reward, to systematically summarize the challenges faced in each corresponding stage when applying RL
to train LLMs. Furthermore, it is crucial to distinguish our scope from another rich body of literature: surveys focusing
on how the innate reasoning of LLMs can improve traditional RL systems (i.e., LLMs for RL) [16], our survey occupies
the inverse position. We focus our scope on treating RL as the optimization method for the LLM itself (i.e., RL for LLMs).

Table 1. Comparison with existing surveys

Survey Year Main focus Algorithm Infrastructure Application Deficiency

[15] 2023 RL for generative AI ✓ ✗ ✓ Lacks specific focus on LLMs

[143] 2025 Inverse RL for LLMs ✓ ✗ ✗ Limited to inverse RL

[171] 2025 "Reinforced reasoning" of LLMs ✓ ✗ ✓ Lacks specific focus on RL algorithms

[141] 2025 RL for LLMs ✓ ✗ ✓ Lacks taxonomy to basic elements in RL

[193] 2025 RL for LLMs ✓ ✓ ✓ Lacks taxonomy to basic elements in RL

To address the deficiencies in existing surveys, we have conducted an extensive investigation of the current research
landscape, providing a detailed summary and discussion. From the perspective of the reinforcement learning training
loop, we systematically summarize the challenges that arise in each stage when RL is adapted from conventional
scenarios to the training of large language models. In response to these challenges, we comprehensively review the
algorithmic solutions proposed in existing works for each respective stage. We also present applications in several
representative domains, analyzing how each application incorporates improvements to different components of the RL
pipeline. Beyond the existing solutions and applications, we further discuss the limitations and side effects of applying
RL to LLMs, as well as future directions and open problems. This aims to aid researchers in better understanding the
evolving landscape and to foster innovative future research.

As shown in Figure 2, the remainder of this paper is organized as follows. Section 2 begins by introducing the
background of conventional reinforcement learning methods. Section 3 then discusses the challenges that arise in
each stage of the RL training loop when applying in the era of large language models. In Section 4, we review the
methodologies developed to adapt RL to large language models, corresponding to the challenges previously identified.
Section6 delves into the limitations and side effects associated with using RL for LLM training. Finally, Section 7
concludes the survey by exploring open problems and future research directions in this rapidly evolving field.

2 REINFORCEMENT LEARNING

Reinforcement learning (RL) is a machine learning paradigm where an agent learns to optimize its actions through
exploration and trial-and-error interactions with an environment, guided by a feedback signal known as a reward.
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Reinforcement learning (RL) in the era of large language models (LLMs)
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Fig. 2. Overall structure of this survey

In the past decades, it has long been studied [37, 144] and reached success a wide range of domains, such as game
playing [11, 137, 151, 184], chip design [105], urban governance [51, 157, 205, 206], public health [52, 55], smart
transportation [158, 188], etc., exhibiting performance surpassing human professionals.

The training process in reinforcement learning is fundamentally a closed-loop interaction between an agent and
its environment. This process begins with the agent executing an action in a given state, guided by its current policy
and often incorporating a strategy for exploration. In turn, the environment transitions to a new state and provides a
scalar reward signal, which offers feedback on the performed action. The agent collects this sequence of states, actions,
and rewards, forming a trajectory of experience. Subsequently, this trajectory is used to evaluate the effectiveness of
the agent’s decisions, and this evaluation drives the crucial step of updating the agent’s internal model or policy. As
shown in Figure 3, this entire cycle of action exploration, trajectory collection, reward evaluation, and model update is
repeated iteratively, allowing the agent to progressively improve its strategy to maximize cumulative rewards over time.

Central to this iterative learning cycle is the model update mechanism, which varies significantly across different
families of algorithms. For tasks with discrete action space, one primary approach is value-based methods, which focus
on learning a value function that estimates the maximum expected future reward from each state or state-action pair.
This lineage evolved from Monte Carlo methods to more sample-efficient Temporal Difference (TD) learning [147],
with the update rule for Q-learning [60, 106, 149, 163] being a canonical example:

𝑄 (𝑆𝑡 , 𝐴𝑡 ) ← 𝑄 (𝑆𝑡 , 𝐴𝑡 ) + 𝛼 [𝑅𝑡+1 + 𝛾 max
𝑎

𝑄 (𝑆𝑡+1, 𝑎) −𝑄 (𝑆𝑡 , 𝐴𝑡 )], (1)

where 𝑄 (𝑆𝑡 , 𝐴𝑡 ) is the estimated value of taking action 𝐴𝑡 in state 𝑆𝑡 , 𝑅𝑡+1 is the immediate reward received after the
transition, 𝛼 is the learning rate, and 𝛾 is the discount factor for future rewards. In contrast, for tasks with continuous
Manuscript submitted to ACM
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action space, policy-based methods directly parameterize and optimize the policy itself, without an explicit value
function. These methods, such as REINFORCE [167], adjust the policy parameters 𝜃 by performing gradient ascent on
an objective function, typically defined as the expected cumulative reward, with a characteristic update rule of

𝜃 ← 𝜃 + 𝛼∇𝜃 log𝜋𝜃 (𝐴𝑡 |𝑆𝑡 )𝐺𝑡 , (2)

where 𝜃 represents the policy parameters, 𝜋𝜃 (𝐴𝑡 |𝑆𝑡 ) is the probability of selecting action 𝐴𝑡 in state 𝑆𝑡 , and 𝐺𝑡 is the
total discounted return from that time step forward. Bridging these two paradigms are actor-critic methods, which have
become the foundation for many state-of-the-art results, including algorithms like Trust Region Policy Optimization
(TRPO) [124] and Proximal Policy Optimization (PPO) [126]. These hybrid models feature an "actor" that controls the
policy and a "critic" that learns a value function to evaluate the actor’s actions. The critic’s feedback, often in the form
of an advantage estimate 𝐴(𝑆𝑡 , 𝐴𝑡 ), provides a low-variance learning signal for the actor, leading to a more stable and
efficient update:

𝜃 ← 𝜃 + 𝛼∇𝜃 log𝜋𝜃 (𝐴𝑡 |𝑆𝑡 )𝐴(𝑆𝑡 , 𝐴𝑡 ) . (3)

3 CHALLENGES IN THE ERA OF LARGE LANGUAGE MODELS

Unlike conventional reinforcement learning training, where actors are primarily based on lightweight neural net-
works [48, 60, 83, 106, 149, 163], in the era of large language models, RL algorithms are required to directly train and
optimize large language models (LLMs) with massive parameters. As illustrated in Figure 3, such substantial increase
in parameter size presents numerous challenges across the conventional RL loop. Specifically, each component of
this learning loop presents distinct challenges. First, effective action exploration must navigate a vast action space
(Section 3.1). Second, the trajectory collection process is frequently constrained by limited data quality (Section 3.2),
and the task of reward evaluation is itself inherently difficult (Section 3.3). Finally, with the obtained reward, the model
update stage is confronted with the issue of a large parameter size (Section 3.4)

3.1 Vast Action Space

Large Language Models (LLMs) operate within a vast action space, from which the model must select its next output
at each step, within a context length up to millions of tokens [180]. The immense scale of this space presents three
fundamental challenges for text generation: inefficient search, poor long-range coherence, and a tendency for goal drift.

• Combinatorial explosion and search inefficiency. The number of potential output sequences grows expo-
nentially with text length, making an exhaustive search for the optimal sequence computationally intractable.
Consequently, a model’s search for a high-quality output is inherently inefficient. It often produces text that is
locally plausible but globally suboptimal or generic [153]. This issue underscores the importance of methods that
can prune the action space to guide the search toward more promising possibilities.
• Difficulty in maintaining long-Range coherence. The model’s freedom to choose any token can cause subtle
diversions from the intended narrative path. Over many steps, these small deviations accumulate, leading to
outputs with internal contradictions or a loss of the central theme [5, 185]. Effective long-form generation may
therefore require a high-level structural scaffold to maintain logical and thematic unity throughout the text.
• Goal drift and loss of focus. This phenomenon occurs when the model gradually deviates from the user’s
primary intent. The model may follow statistically probable but task-irrelevant tangents simply because the
action space contains many such options [4]. Without a persistent focus on the main objective, the model can
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Fig. 3. Challenges for reinforcement learning in the era of large language models

produce incomplete responses that overdevelop minor details while neglecting core requirements. Decomposing
the primary task into a clear sequence of sub-goals is one strategy to keep the model focused and systematic.

3.2 Limited DataQuality

In the era of large language models, reinforcement learning faces a major challenge: limited data quality. High-quality
data is crucial for training RL agents, but obtaining such data in the LLM context remains difficult.

• Limited data scope. A significant issue is the inadequate data collection methods used in current fine-tuning
practices [209]. Often, the data used for training LLMs comes from limited, pre-defined datasets that fail to capture
the full diversity of real-world scenarios. This restricts the model’s exposure to a wide variety of interactions,
leading to overfitting and poor generalization across different tasks or domains [46].
• Constraints of guiding tokens. Another limitation is the constraints imposed by guiding tokens. Special
tokens are frequently used to direct the model’s behavior during fine-tuning. However, these tokens tend to
narrow the scope of responses, often resulting in overly simplistic or repetitive outputs. This limits the diversity
and richness of the training data, reducing its quality for reinforcement learning applications [112].
• Deficiency in coherent reasoning. Finally, there is a deficiency in coherent reasoning within the data generated
for RL tasks. LLMs, especially when pre-trained for multi-step reasoning, often struggle to maintain logical
consistency over extended sequences. [148]When relying on pre-trained base models for fine-tuning via online
exploration, the generated sequence data are often fragmented or incomplete reasoning paths, preventing RL
models from effectively learning complex, long-term decision-making processes [29].
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3.3 Difficult Reward Evaluation

Accurately assessing the quality of Large Language Model (LLM) outputs to create a reliable reward signal presents
a fundamental and multifaceted challenge. This difficulty stems from the inherent ambiguity of complex tasks, the
scalability limitation of human feedback, the trade-off between outcome and process supervision, and the model’s
potential to exploit reward functions. Here we discuss key challenges as follows.

• Ambiguity and subjectivity. For many tasks, such as summarization or open-ended question answering, there
is no single ground truth. This makes automatic evaluation, using metrics like BLEU or ROUGE, challenging as
they often correlate poorly with human judgment for complex generation tasks [97]. This ambiguity necessitates
costly and slow human evaluation to capture nuances like coherence, relevance, and factuality, which automated
systems struggle to assess reliably.
• Scalability of human feedback. The standard Reinforcement Learning fromHuman Feedback (RLHF) paradigm
relies on humans to generate preference data, which is used to train a reward model. While effective, this process
is a significant bottleneck. The original proponents of RLHF noted that it is a costly and complex process to
scale [112]. This reliance on human annotators is not only expensive but can also suffer from inconsistent
judgments among individuals, introducing noise into the reward signal and limiting the scalability of the
approach [10].
• Dilemma of outcome and process evaluation. Relying on the final answer for supervision (outcome-based
evaluation) can be misleading. A model might arrive at the correct answer through flawed, irrelevant, or
non-replicable reasoning steps, a phenomenon known as "false positives" in reasoning tasks [91]. Conversely,
evaluating the intermediate reasoning steps (process-based supervision) is more granular and robust but presents
its own problems. Human annotation of each step is significantly more expensive than outcome-based annotation,
and creating automated process rewards can be complex and lead to unstable training if not carefully designed [91].
• Reward hacking and misalignment. LLMs are adept at finding loopholes to maximize a reward signal without
achieving the intended goal—a behavior termed reward hacking or specification gaming. This is a classic challenge
in reinforcement learning that is amplified in the complex, high-dimensional policy space of LLMs [2]. For
example, a model rewarded for summarization might learn to produce generic, high-probability phrases that are
grammatically correct but fail to capture the essence of the source text, thereby maximizing its reward without
fulfilling the user’s intent.

3.4 Large Parameter Size

Optimizing large language models using reward obtained in reinforcement learning presents a significant challenge
due to the sheer scale of model parameters involved. Modern LLMs often contain billions [7, 8, 68, 172, 179, 180, 180] to
hundreds or thousands of billions of parameters [94, 146], making them among the largest machine learning models
ever developed.

• Burden of value network. A significant computational burden in applying RL to LLMs arises from the
architectural demands of algorithms like Proximal Policy Optimization (PPO). These Actor-Critic frameworks
necessitate a separate value network, often a full replica of the LLM, to run alongside the policy network [126, 210].
Maintaining and updating two suchmassive models in parallel effectively doubles both the GPUmemory footprint
and the computational load for each training step. This dual-network overhead represents a primary efficiency
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bottleneck, driving research toward more streamlined approaches that reduce or eliminate the dependency on an
explicit value critic.
• Cost of advantage estimates. The process of advantage estimation in RL introduces another layer of severe
computational expense. To ensure stable policy updates, on-policy methods often need to repeatedly sample
multiple candidate responses for each prompt [61]. This iterative cycle—generating numerous outputs, evaluating
each with a reward model, and calculating advantage scores against a value baseline—creates a profound
computational bottleneck. The prohibitive cost of this data generation and evaluation loop severely limits the
scalability of traditional RL, spurring the development of more efficient alignment methods that simplify or
bypass the need for explicit advantage estimation.

In summary, the four challenges identified above, namely vast action space, limited data quality, difficult reward
evaluation, and large parameter size, are interconnected. In Section 4, we review the methodological solutions developed
to address each of these challenges, organized along the same four dimensions of the RL training loop: logical structure
navigation (addressing the vast action space), data curation (addressing limited data quality), reward design (addressing
difficult reward evaluation), and advantage estimation (addressing large parameter size).

4 RL SOLUTIONS IN THE ERA OF LLMS

As shown in Figure 4, reinforcement learning algorithms have experienced decades of development and are nowadays
capable of complex state and action spaces, as well as reaching smooth training process. To address the aforementioned
challenges in the era of large language models, numerous solutions have been further developed for each stage of the
reinforcement learning process. In action exploration, specific logical structures navigation are designed to effectively
reduce the vast action space (Section 4.1). Furthermore, various data curation (Section 4.2) and reward design (Section 4.3)
methodologies have been proposed to enhance data quality and strengthen reward evaluation, respectively. For the
model update phase, improved advantage estimation methods have been introduced to mitigate the computational
overhead caused by a large parameter size (Section 4.4).

4.1 Logical Structure Navigation

Table 2. Summary of logical structure navigation designs in training LLM with RL

Category Paper Logical Structure Key Design Domain

Internal Policy

[199] Interaction Path Masked Prompting Recommendation

[109] Chain-of-Thought Dual-Model Synergy Math, General Reasoning

[135] Chain-of-Thought Difficulty-Adaptive General Reasoning

[207] Chain-of-Thought RL Bootstrapping Math, Coding

[194] Chain-of-Thought Preference Optimization General Reasoning

[190] Tree Search Process-Reward Training General Reasoning

[153] Tree Search AlphaZero-like General Reasoning, Planning

External Policy
[154] Chain-of-Thought Q-value Guidance Math, Coding

[53] Dynamic Structure Navigator Model General Reasoning

[86] Tree Search Learned Search Policy General Reasoning, Planning
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To address the challenge of navigating the vast action space of LLMs (see Section 3.3), a prominent line of research
focuses on imposing a logical structure on the generation process. This structure acts as a high-level plan, constraining
the token-level search space and guiding the model towards more coherent and effective reasoning. We categorize
these methods based on how the guiding policy is learned and applied: either by internalizing it directly into the LLM’s
parameters (internal policy) or by using it as an external controller during inference (external policy). Figure 5 and
Table 2 provide a schematic illustration of this dichotomy, contrasting the direct fine-tuning of an LLM with the modular
guidance of the external agent.

4.1.1 Internal Policy. The Internal Policy approach utilizes reinforcement learning (or RL-inspired methods) to directly
fine-tune the LLM’s parameters. The central goal is to enhance the model’s intrinsic reasoning capabilities, effectively
internalizing a policy that allows it to autonomously generate more structured and accurate reasoning paths without
requiring complex external guidance during inference.

These methods often focus on improving the quality and efficiency of the model’s generated thought processes. For
instance, R2Rec adapts this to recommendation systems by using RL to refine an LLM’s ability to generate reasoning
chains over user-item interaction paths [199]. Other works optimize the reasoning process itself; Long⊗ Short employs
multi-turn RL to train a model to synergistically generate both long and short thoughts for efficiency [109], while DAST
trains models to adapt the length of their reasoning based on problem difficulty, mitigating overthinking [135]. To
improve the quality of reasoning steps, BRiTE uses RL to bootstrap the generation of high-quality rationales, which are
then used to fine-tune the base LLM [207]. Similarly, CPO leverages preference information from tree search explorations
to fine-tune LLM, aligning its simpler chain-of-thought generation with more optimal reasoning paths [194].
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Fig. 5. Illustration of different logical structure navigation designs. Internal-policy methods (left) directly fine-tune the LLM’s
parameters to internalize reasoning structures, while external-policy methods (right) train a separate controller that guides a frozen
LLM at inference time.

Extending this concept to more complex structures, some methods use tree search to discover superior reasoning
traces for self-training. ReST-MCTS* integrates process rewards with tree search to collect high-quality data to train
both a policy and a reward model [190], and the AlphaZero-like framework of TS-LLM uses tree search to guide both
inference and training, allowing iterative improvement of the LLM itself [153].

In essence, these methods invest computational resources during the training phase to create a more powerful and
self-sufficient LLM that can perform complex reasoning more effectively on its own. From a design-trade-off perspective,
internal-policy methods shift the cost from inference to training: once fine-tuned, the model reasons autonomously
without additional search overhead, but the training process itself is expensive and the resulting policy is tightly coupled
to the base model’s parameters, making it difficult to transfer improvements across different architectures. Moreover,
because the internalized policy modifies the model’s weights, any errors or biases learned during RL fine-tuning become
deeply embedded and are non-trivial to correct post hoc.

4.1.2 External Policy. In contrast, the External Policy approach trains a separate agent or policy model that operates
externally to the LLM. This external controller is designed to guide the generation process of a pre-trained, and often
frozen, LLM during inference time. Here, the LLM functions as a generator of potential reasoning steps, while the
RL-trained policy is responsible for making high-level decisions, such as selecting the most promising path in a search
space. The primary advantage of these methods is their flexibility and modularity, as they can enhance the reasoning of
various off-the-shelf LLMs without the need for costly retraining of the base models themselves.
Manuscript submitted to ACM
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For example, Q* learns a plug-and-play Q-value model to act as a heuristic, guiding the LLM’s step-by-step decoding
for multi-step reasoning tasks without fine-tuning the base model [154]. RL of thoughts (RLoT) trains a lightweight
RL-navigator model to dynamically select and combine basic logic blocks, adaptively building a task-specific reasoning
structure for the LLM to follow at inference time [53]. Similarly, Policy-Guided Tree Search (PGTS) employs a learned
policy to make dynamic decisions within a tree search—such as when to expand, backtrack, or terminate—thereby
steering the LLM’s exploration of reasoning paths more efficiently [86]. The key trade-off here is flexibility versus
inference-time cost: external-policy approaches can be applied to any frozen LLM and are thus model-agnostic, but
they introduce additional computational overhead at inference time due to the need for search or policy consultation.
Furthermore, because the base LLM remains unchanged, the quality of external-policy guidance is fundamentally
bounded by the base model’s generation ability—an external policy cannot elicit reasoning patterns that the underlying
LLM is incapable of producing.

4.1.3 Discussion. The two paradigms represent fundamentally different design philosophies with complementary
strengths and weaknesses. Internal policy methods embed reasoning structure directly into the model’s weights,
yielding fast inference (no external search) and tight integration between reasoning and generation, but at the cost of
expensive training, limited transferability across models, and the risk of permanently embedding biases. External policy
methods decouple reasoning control from generation, offering modularity, model-agnostic applicability, and the ability
to dynamically adapt at inference time, but they incur higher per-query costs and are constrained by the base model’s
capability ceiling. In practice, the choice depends on the deployment context: internal policies are preferred when
inference efficiency and self-sufficiency are critical (e.g., on-device deployment), while external policies are advantageous
when flexibility, rapid iteration, or compatibility with multiple LLMs are required (e.g., research prototyping or multi-
model pipelines). A promising but largely unexplored direction is to combine both: using internal-policy fine-tuning to
raise the base model’s baseline capability, then applying lightweight external guidance to further refine reasoning at
inference time, potentially achieving the benefits of both paradigms.

4.2 Data Curation

In the era of Large Language Models (LLMs), the challenge of limited data quality remains a critical issue for reinforce-
ment learning. In addressing this challenge, recent studies have proposed several strategies to enhance data quality
through better data sampling, more effective use of special instruction tokens, and the construction of more coherent and
structured data format. These strategies aim to alleviate the issues of limited data diversity, inadequate guidance during
model exploration, and fragmented reasoning sequences, which are central concerns in the quest for higher-quality
training data. An overview of these strategies is illustrated in Figure 6, while their construction process is detailed in
Table 3.

4.2.1 Data sampling strategy. Data sampling strategies play a crucial role in enhancing data quality, as they determine
not only the diversity and representativeness of training examples but also the reliability and usefulness of the data for
reinforcement learning. The data sampling strategy has seen significant advancements, with several works highlighting
methods to ensure high-quality, diverse training datasets. For instance, WebThinker [85] introduces a self-sampling
approach where diverse reasoning trajectories are generated from multiple complex reasoning datasets. They filter and
construct preference datasets by defining rules for preference pairs, such as overall correctness, tool efficiency, and
thinking simplicity. Similarly, Wang et al. [161] propose an efficient data filtering strategy using fastText classifiers
to select high-quality data, while employing multi-source seed data selection for better data quality. Cheng et al. [27]
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Data Sampling Strategy

Data Curation

Sample 
by rules

Special Instruction Tokens Structured Data Format

I need deep analysis.
<think>……</think>

I need more information.
<search>……</search>

Coding will be helpful.
<code>……</code>

…
…

Tree
Structure

Graph
Structure

…
…

Fig. 6. Illustration of different data curation methods. Data sampling strategies (left) focus on selecting and filtering high-quality
training examples; special instruction tokens (center) provide explicit structural signals to guide model outputs; and structured data
formats (right) organize reasoning processes into consistent and interpretable representations.

generate training data through self-adversarial language games, and sample effective data by combining the designed
reward mechanism and advantage value estimation method. Setlur et al. [128] take a different approach by generating
both correct and incorrect reasoning paths for math tasks, focusing on refining the model’s ability to recognize errors
in reasoning. Other studies try to use the sample with the largest accuracy variance during model testing as the training
sample [177], or introduce the better-performing off-policy trajectory data to guide the optimization of the target
policy [162]. Huang et al. [66] propose the "gradient filtering" strategy, which avoids unnecessary calculations on these
data that contribute less to the gradient update by discarding samples with smaller dominant estimates. Moreover, Zheng
et al. [204] use data cleaning and contamination detection to prevent reliance on pre-trained knowledge, excluding
sensitive or harmful questions and identifying memory-based responses through random sampling. And Weng et
al. [166] construct academic datasets by collecting papers and reviews from top conferences, enhancing data quality
through a structured review process.

Beyond sampling and filtering, two further aspects of data curation deserve attention: data synthesis and data
difficulty. Data synthesis refers to the automated generation of novel training examples, which has become essential for
scaling RL data beyond the limits of human-curated corpora. Approaches such as Evol-Instruct [170] iteratively evolve
existing problems into more complex variants, enabling continuous expansion of the training distribution without
manual annotation. Similarly, WizardMath [102] leverages Evol-Instruct to construct diverse mathematical problems,
while SwS [90] enables models to identify their own weaknesses and synthesize targeted problems. Data difficulty, on the
other hand, concerns calibrating the challenge level of training data to match the model’s current capability. Training
on uniformly easy data wastes capacity, while uniformly hard data can destabilize learning. DeepSeekMath [131]
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Table 3. Summary of data curation methods in training LLM with RL

Category Paper Key Design Domain

Data Sampling Strategy

[85] Rules for preference pairs General Reasoning, Research

[161] FastText classifiers to select data General Reasoning

[27] Generate data through self-adversarial Language Games

[128] Both correct and incorrect reasoning traces Math

[177] Use only one training data Math, General Reasoning

[162] Introduce off-policy data Math

[66] Propose "gradient filtering" strategy Math, Coding

[204] Data cleaning and contamination detection General Reasoning

[166] Collect papers from top conferences Research

Special Instruction Tokens

[133] <continue reasoning> and <reflect> Math, General Reasoning

[72] <think>, <search> and <answer> General Reasoning

[44] <think>, <search> and <answer> Math, General Reasoning

[129] <search_query> and <math_exp> Math, General Reasoning

Structured Data Format

[169] Sample intermediate states Math, General Reasoning

[65] Annotated reasoning LLM Judge

[19] Entailment trees General Reasoning

[34] Code-enhanced reasoning paths Math

[194] Highlights preferred paths General Reasoning

[63] Structure search queries General Reasoning

demonstrates the value of difficulty-aware sampling, which prioritizes problems at the frontier of the model’s ability to
maximize learning signal. Furthermore, the role of negative samples, namely incorrect or suboptimal reasoning traces,
is increasingly recognized as crucial. Rather than discarding failed trajectories, they can serve as contrastive signals for
preference-based methods like Direct Preference Optimization (DPO), where pairs of chosen and rejected responses
are essential. Setlur et al. [128] explicitly leverage both correct and incorrect reasoning paths, and similar principles
underlie the construction of preference datasets in RLHF pipelines. Careful curation of negative samples, which ensures
they are informative rather than trivially wrong, is key to effective contrastive learning.

4.2.2 Special Instruction Tokens. Special instruction tokens help improve data quality by providing explicit structural
signals that guide model outputs, thereby reducing ambiguity, enhancing consistency, and making the collected
reasoning data easier to parse and evaluate. Regarding the use of special instruction tokens, several works employ
these tokens to direct model behavior during reasoning tasks. Satori [133] utilizes meta-action tokens like "continue
reasoning" and "reflect" to guide models through reasoning processes, enhancing the model’s ability to self-reflect
and explore different solutions. In Search-R1 [72], they incorporate special tokens such as <think>, <search>, and
<answer> to structure the model’s output, ensuring that the reasoning process and external search tool utilization are
clearly delineated. Similarly, these three special tokens also appear in SEM [129]. But they are sequentially arranged
into a structured format to ensure robust parsing and evaluation during reward computation. Goldie et al. [44] utilize
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special tokens to distinguish between different actions in multi-step reasoning, such as <search_query> for searches
and <math_exp> for calculations, which helps structure the output, facilitates parsing, and supports iterative multi-step
reasoning.

4.2.3 Structured Data Format. Structured data formats improve data quality by organizing reasoning processes into
consistent and interpretable representations, which reduces noise, enhances coherence, and facilitates more effective
learning for reinforcement learning tasks. The construction of structured data format has also been a key focus. Xi
et al. [169] structure data by sampling intermediate states from the correct reasoning path as the starting point and
construct a reverse course with gradually increasing difficulty. In Think-J [65], data is annotated with reasoning traces
using Deepseek-R1, and adopts "Tracing Clipping" to eliminate the lengthy reasoning process and only retain the key
summary part. SEER [19] constructs data by pairing facts with hypotheses, guiding the model to generate structured
reasoning paths such as entailment trees. Feng et al. [34] replace manual reasoning steps with code-enhanced reasoning
paths by automatically transforming existing reasoning traces into code-augmented formats, providing a structured
and executable approach to tool usage. Zhang et al. [194] leverage Tree-of-Thought [182] processes to create multiple
reasoning branches, providing structured data that highlights preferred paths. Hsu et al. [63] structure search queries
and multi-hop retrieval by using diverse few-shot prompts, ensuring that each query builds on previous contexts for
consistent, organized reasoning.

4.2.4 Discussion. The three categories of data curation—sampling strategies, special instruction tokens, and struc-
tured data formats—address different but complementary aspects of the data quality challenge. Sampling strategies
primarily govern what data enters the training pipeline (selection and filtering), making them crucial for diversity and
representativeness but limited in shaping the internal structure of individual data points. Special instruction tokens
address how the model’s output space is constrained during generation, providing cheap and effective control signals
but requiring careful design to avoid over-constraining the model’s exploration. Structured data formats go furthest
in imposing interpretability and coherence on reasoning traces, enabling precise credit assignment and process-level
supervision, but they demand more expensive annotation or synthesis procedures. A key conceptual insight is that
these categories can be composed: for instance, difficulty-aware sampling (a data sampling strategy) can be combined
with structured rationale formats to curate datasets that are both diverse in coverage and coherent in internal structure.
However, a fundamental tension exists between data diversity and data controllability—aggressive filtering or highly
prescriptive formats improve quality metrics but may inadvertently narrow the training distribution, leading to reduced
generalization. Future work on data curation should therefore aim to balance these competing objectives, potentially
through adaptive curation pipelines that dynamically adjust filtering strictness and structural constraints based on the
model’s evolving performance.

4.3 Reward Design

Before diving into specific reward mechanisms, it is essential to clarify the conceptual boundary between Data Curation
(Section 4.2) and Reward Design, as the two can occasionally overlap in practice. Fundamentally, data construction
pertains to the preparation phase: it determines what materials, such as specific prompts, reasoning traces, and offline
preference pairs, are fed into the RL pipeline. In contrast, reward design constitutes the feedback phase: it defines
how the model’s generated outputs are evaluated, scored, and transformed into a guiding learning objective during
active training. While certain paradigms with very simple reward design blur this line, most notably Direct Preference
Optimization (DPO), where curated preference pairs simultaneously serve as training data and implicitly define the
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reward function, the structural distinction remains clear: data construction shapes the observational input, whereas
reward design engineers the evaluative feedback. In this section, we focus on discussing more sophisticated reward
mechanisms beyond simple preference pairs.

Reward
design

Automating Rewards
• Environmental feedback
• Task-based feedback

Review

Process Rewards
• Supervises each step
• Combine process and outcome 

rewards

Exploration Rewards
• Multiple candidates
• Token frequency counts

Reward Shaping
• Constrains policy deviation
• Normalizes or clips rewards
• Structured rewards 

…

𝑟1
𝑟2 …

𝑟𝑘

Fig. 7. Illustration of different reward designs. Automating rewards (left) replace human feedback with environmental or AI-generated
signals; process rewards (center-left) evaluate intermediate reasoning steps rather than just final outcomes; exploration rewards
(center-right) incentivize novel reasoning paths to prevent convergence to safe but uninformative outputs; and Reward shaping (right)
transforms raw reward signals into stable training objectives via KL penalties, normalization, and structured design.

Table 4. Summary of reward designs in training LLM with RL

Category Method Paper Key Design Domain

Automating
Rewards

PFPO [71] Pseudo-feedback without human labels Reasoning

RLEF [43] Execution results (e.g., test pass/fail) as feedback Coding

RLAIF [10] LLM-generated preferences as feedback General reasoning

Process
Rewards

PRM [91] Stepwise supervision to improve faithfulness Math, General reasoning

ReST-MCTS* [191] Combine process rewards with tree search General reasoning

Exploration
Rewards

Best-of-N [112] Selects from N candidates to promote diversity General reasoning

COPO [6] Rewards novel generations using token frequency counts General reasoning

Reward
Shaping

KL Penalty [112, 142] Constrain policy deviation to stabilize training General reasoning

Normalization [121] Normalize or clips rewards to avoid gradient spikes General reasoning

Structured Reward [42] Design structured rewards tailored for reasoning tasks General reasoning
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The design of the reward function is a critical component that steers the behavior of an LLM during reinforcement
learning. Traditional reliance on human feedback has proven to be a bottleneck, leading to the development of
novel reward strategies. These strategies focus on automating feedback, improving the granularity of reward signals,
encouraging diversity, and enhancing the stability of the training process itself. Figure 7 and Table 4 provide a schematic
illustration of these reward design categories and a summary of representative methods.

4.3.1 Automating Rewards with Environmental and Task-Based Feedback. To overcome the scalability limitations of
human feedback, researchers are increasingly turning to automated reward sources. One powerful approach is using
environmental feedback, where an LLM is rewarded for successfully interacting with external tools. For example, a
model can be rewarded if the code it generates compiles and passes unit tests [43, 87], or if it successfully uses a web
browser or API to complete a task [108, 123]. Recent advances like RLEF explicitly ground code LLMs in execution signals
using PPO-based RL to optimize program correctness [43]. Another scalable direction is Reinforcement Learning from
AI Feedback (RLAIF), where preference judgments are generated by a strong LLM rather than humans. Constitutional
AI [10] is a prominent instance of this paradigm. More recent work explores learning from pseudo feedback via
preference optimization without human-in-the-loop, offering scalable and data-efficient reasoning supervision [71].

4.3.2 Outcome Reward and Process Reward. The granularity of the reward signal has a profound impact on learning.
Outcome-supervised reward models (OSRMs) provide a scalar reward based on the correctness or quality of the
final output [142]. While simple and cheap to label, they may reward flawed reasoning if the final answer happens
to be correct [91]. In contrast, process-supervised reward models (PSRMs) evaluate intermediate reasoning steps,
promoting more reliable chain-of-thought generation [29, 148]. This dense supervision has been shown to improve
sample efficiency and robustness, particularly in mathematical or logic-heavy domains [91]. ReST-MCTS* combines
process-based supervision with Monte Carlo Tree Search to iteratively improve reasoning via self-training [191].
However, these methods typically require more expensive human annotations and step-level validation.

4.3.3 Exploration Rewards. A fundamental challenge in RL is the exploration–exploitation trade-off. To prevent LLMs
from converging to safe but uninformative outputs, exploration-based strategies are employed. One widely used
mechanism is best-of-N sampling combined with reward model selection, which implicitly expands the explored
output space [112]. Count-based exploration has also been introduced into LLM preference alignment, as in COPO
and its online extensions, where reward signals are modulated by generation frequency to promote novel reasoning
paths [6]. Moreover, KL divergence regularization is a standard technique to ensure exploration does not result in
degenerate behavior. This term penalizes deviation from a pre-trained supervised model and is commonly used in RLHF
pipelines [211].

4.3.4 Reward Shaping for Training Stability. The raw signal from a reward model can be noisy, sparse, or poorly scaled,
leading to unstable training—a well-documented challenge in applying RL to language tasks [121]. Reward shaping
aims to transform this signal into a more stable and informative learning objective. The most critical shaping technique
is the inclusion of a Kullback-Leibler (KL) divergence penalty, which discourages the policy from straying too far from
the supervised fine-tuned (SFT) model [112, 142, 211]. This has proven to be a key regularizer for aligning performance
and preserving linguistic fluency. Beyond KL control, additional strategies such as reward normalization (e.g., zero
mean, unit variance), clipping, and adaptive scaling are often used to avoid destructive gradients. Recent work also
explores systematic reward function design for reasoning-specific behaviors, showing that the structure of the reward
itself (e.g., step-sensitive, solution-focused) heavily impacts learning outcomes [42].
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4.3.5 Discussion. The four reward design categories form a layered architecture for controlling RL training. Automating
rewards addresses the source of the feedback signal, determining whether it comes from human annotation, environmen-
tal execution, or AI-generated judgment; the choice here primarily affects scalability and cost. Process versus outcome
rewards govern the granularity of supervision, with outcome rewards being cheaper but vulnerable to rewarding flawed
reasoning (“false positives”), while process rewards provide denser, more reliable signals at the expense of annotation
cost and potential training instability. Exploration rewards operate at the behavioral level, counteracting the natural
conservatism of RLHF-trained models that gravitate toward high-reward but uninformative outputs. Finally, reward
shaping functions as a stability layer, transforming raw reward signals into well-scaled training objectives. These
layers interact: for example, process rewards combined with KL-based reward shaping can mitigate the instability that
pure process supervision sometimes introduces, while exploration rewards are most effective when the base reward
signal is already well-normalized. A critical open question is how to jointly optimize across these layers—for instance,
automatically switching between outcome and process supervision based on the model’s confidence, or dynamically
adjusting exploration bonuses as the policy matures.

4.4 Advantage Estimation

Table 5. Summary of advantage estimation methods in training LLM with RL

Category Algorithm Paper
Value

Network
Advantage
Estimator Core Design

Online

GRPO [131] No Group-relative
advantage Group-based advantage estimation

Dr.GRPO [99] No Monte Carlo
advantage Unbiased variant of GRPO

RLOO [1] No Group-based
REINFORCE

Multiple samples per query
to estimate advantages

DAPO [186] No Distribution
aware loss

Adapts policy updates
based on reward distribution

GiGPO [35] No Hierarchical group
advantage

Hierarchical advantage estimation
episode-level + step-level

VinePPO [75] No Mote Carlo
advantage

Explore alternative future paths
from intermediate generation

CPPO [92] No Modified
GAE

Uses REINFORCE++ to reduce
number of required model generations

Offline OREO [156] Yes Step-level
Q-values

Combines offline data with
online exploration to guide policy update

Hybrid A*-PO [12] No Optimal advantage
regression

Offline sampling for V* estimation
On-policy updates using least-squares loss

As shown in Table 5, the design and implementation of effective advantage estimation strategies have emerged
as a central theme in recent advances in reinforcement learning (RL) methods for training large language models
(LLMs). Traditional actor-critic frameworks, such as Proximal Policy Optimization (PPO) [126], rely on value networks
to estimate state values and compute advantage functions via bootstrapping mechanisms like Generalized Advantage
Estimation (GAE) [125]. While these approaches are widely used, they often suffer from high computational cost,
instability due to inaccurate value estimation, and scalability issues when applied to large-scale models. In response,
several recent works have proposed alternative formulations that either improve the efficiency of critic-based advantage
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estimation or eliminate the need for critics altogether by leveraging group-based sampling and Monte Carlo return
estimation.

Among the critic-free approaches, Group Relative Policy Optimization (GRPO) [131] and its improved variant Dr.
GRPO [99] stand out by computing advantages based on relative performance within multiple responses generated per
prompt. These methods avoid value function approximation entirely and instead use simple mean-centering across
sampled outputs to derive policy gradients. Dr. GRPO [99] further improves upon GRPO by removing problematic
normalizations involving output length and standard deviation, which were found to introduce biases that degrade
performance, especially in long-horizon reasoning tasks. Similarly, RLOO [1] employs a leave-one-out estimator inspired
by REINFORCE, using group comparisons to construct advantages without any auxiliary network. These approaches
offer strong stability, reduced memory usage, and competitive performance while being significantly simpler than
traditional RL pipelines.

For tasks requiring more granular credit assignment—such as multi-step mathematical reasoning—methods like
VinePPO [75] and GiGPO [35] introduce fine-grained advantage estimators that enable step-level feedback. VinePPO [75]
replaces the value network with Monte Carlo estimates derived from intermediate rollouts, allowing precise attribution
of reward signals to individual reasoning steps. This approach enables the model to explore alternative future paths
from any given state, improving both interpretability and performance on complex reasoning benchmarks. GiGPO [35]
builds on this idea by introducing a hierarchical advantage estimation framework: it computes both episode-level and
step-level advantages, combining global trajectory evaluation with local decision feedback. This dual-level structure
supports long-horizon planning while maintaining the benefits of group-based advantage estimation.

In addition to fully online methods, some algorithms incorporate offline data into the advantage estimation process
to enhance sample efficiency. A*-PO [12], for instance, uses offline sampling to approximate the optimal value function,
enabling efficient on-policy updates without a learned critic. OREO [156] leverages reward estimation from offline
trajectories to guide exploration and policy improvement through tree-based search. These hybrid approaches combine
the strengths of offline pre-training with dynamic online learning, offering robustness and generalization benefits.

Finally, DAPO [186] and CPPO [92] revisit traditional PPO-based advantage estimation and propose modifications
tailored to the characteristics of LLMs. DAPO adapts the loss function based on the distribution of observed rewards,
improving robustness across diverse tasks. CPPO introduces a dynamic pruning mechanism that filters low-quality com-
pletions during training, reducing computational overhead while preserving or even enhancing reasoning capabilities.

Collectively, these developments reflect a broader shift in advantage estimation design for LLM reinforcement
learning—from reliance on value networks toward more scalable, interpretable, and fine-grained estimation techniques.
Whether through group-based sampling, hierarchical decomposition, or offline-informed guidance, modern methods
aim to balance efficiency, accuracy, and practicality in the challenging domain of large language model post-training.

4.4.1 Discussion. The landscape of advantage estimation can be understood along two axes: (1) whether a value network
is required (critic-based vs. critic-free), and (2) the granularity of credit assignment (trajectory-level vs. step-level).
Traditional PPO with GAE occupies the critic-based, trajectory-level quadrant, offering stable but expensive training.
GRPO and RLOO move to the critic-free, trajectory-level quadrant, dramatically reducing memory cost but sacrificing
step-level precision. VinePPO and GiGPO advance to critic-free, step-level estimation, achieving fine-grained credit
assignment without a value network, though at the cost of additional per-step rollouts. Hybrid methods like OREO and
A*-PO reintroduce learned value functions but in an offline or constrained manner, seeking to combine the sample
efficiency of critic-based methods with the scalability of critic-free approaches. The key insight is that there is no
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universally optimal estimator: the best choice depends on the task’s reward structure, the available computational
budget, and the desired level of credit assignment precision. For tasks with verifiable outcomes (e.g., math, coding),
simple group-relative advantages often suffice; for tasks requiring nuanced process evaluation (e.g., medical reasoning),
step-level or hybrid estimators become essential.

To provide readers with a quick-reference overview of the major RL approaches discussed in this section, Table 6
summarizes their core ideas, requirements, and typical use cases.

Table 6. Quick-reference overview of major RL and alignment approaches for LLMs

Approach Core Idea Reward Memory Sampling Cost Typical Use Cases

RLHF (PPO)
Optimize policy via advantage
against a learned value network Neural RM Heavy Low General alignment, chat models

DPO
Directly optimize policy from

offline preference pairs Implicit Light
(no Critic) Low Alignment w/o online sampling

GRPO
Group-relative advantage estimation;

eliminates value network
Rule-based or
Neural RM

Light
(no Critic)

High
(multi-sample) Reasoning, math, coding

RLOO
Leave-one-out REINFORCE baseline;

eliminates value network
Rule-based or
Neural RM

Light
(no Critic)

High
(multi-sample) Stable alignment

DAPO
Systematic stability improvement

of GRPO
Rule-based or
Neural RM

Light
(no Critic)

High
(multi-sample)

Stable training on
reasoning, math, coding

5 APPLICATIONS

Building upon the methodologies devised to address the challenges of applying reinforcement learning to large language
models, this section elucidates the practical implementation of these techniques. In particular, we analyze how each
application incorporates improvements from the four solution categories introduced in Section 4: logical structure
navigation (Section 4.1), data curation (Section 4.2), reward design (Section 4.3), and advantage estimation (Section 4.4).
The discussion spans four representative domains, chosen for their distinct and demanding requirements that showcase
the full spectrum of RL’s utility. First, mathematics (Section 5.1) and coding (Section 5.2), as foundational pillars of
the modern natural sciences, are included for their uncompromising demand for rigorous logical correctness. Second,
medicine (Section 5.3) represents a high-stakes field where factual accuracy is paramount, as errors can directly impact
safety and clinical outcomes. Third, information retrieval (Section 5.4) is selected to address the challenge of efficiency,
as it necessitates sifting through vast quantities of information to retrieve relevant evidence. Collectively, as shown
in Figure 8 and Table 7, the applications within these domains present multifaceted challenges, making them ideal
exemplars to demonstrate the efficacy and intricate design of the various RL methodologies developed in the era of
large language models.

5.1 Math

In mathematical reasoning tasks, RL with LLMs is primarily aimed at enabling models to carry out reliable and
interpretable multi-step problem solving. Unlike general natural language tasks, mathematical reasoning requires strict
logical consistency, the ability to handle intermediate steps, and robustness against cascading errors. The tasks span a
broad spectrum of difficulty, including elementary arithmetic, algebraic manipulation, and competition-level problems,
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Fig. 8. Representative application scenarios of LLMs with RL

as reflected in benchmarks such as GSM8K [29], MATH [59], and OlympiadBench [58]. These benchmarks evaluate not
only final-answer accuracy but also the faithfulness and clarity of the reasoning process. Consequently, RL research
in this domain emphasizes enhancing the correctness of intermediate steps, improving generalization across diverse
problem types, and balancing data efficiency with training stability, ultimately seeking models that can both achieve
high performance and provide verifiable reasoning chains.

In terms of technical routes, recent work can be viewed through four complementary lenses. From the side of
logical structure, Math-Shepherd [160] illustrates an internal-policy design that verifies reasoning steps sequentially,
while DRO [175] constrains policies with structured intermediate formats, and RePO [84] explores an external-policy
setting where exploration is guided by replay. Data curation strategies likewise vary: DeepSeekMath [131] emphasizes
difficulty-based sampling to ensure robustness, Computational Thinking [192] organizes rationales into structured
formats to align with cognitive operations, and SwS [90] pursues weakness-driven synthesis to generate new problems
without heavy manual curation.Reward design reflects similar diversity, with Math-Shepherd automating process-level
signals through programmatic verification, Satori [133] integrating reasoning and actions into a unified process reward,
and No Free Lunch [197] refining reward shaping to encourage coherent reasoning beyond final answers. Finally,
advantage estimation plays a decisive role in optimization stability: DeepSeekMath leverages GRPO for group-wise
process supervision, RePO adapts DPO-style updates to align exploration with advantage signals, and No Free Lunch
employs RLOO to stabilize credit assignment under step-level feedback. Together, these directions highlight how
structural design, data pipelines, reward mechanisms, and optimization choices complement one another in advancing
the robustness and interpretability of RL for mathematical reasoning.
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Table 7. The application scenarios of LLM reasoning based on RL

Task Paper

Challenges

Vast action space Limited data quality Difficult reward evaluation Large parameter size

Solutions

Logical structure navigation Data curation Reward design Advantage estimation

Mathematics

[203] Internal policy Special instruction tokens Process Rewards RLHF, PPO

[192] Internal policy Structured data format ✗ DAPO

[160] Internal policy Data sampling strategy Automating rewards GRPO

[175] Internal policy Structured data format Reward shaping DPO

[160] Internal policy Data sampling strategy Automating rewards PPO

[197] Internal policy Structured data format Reward shaping RLOO

[84] External policy Data sampling strategy Exploration rewards DPO

[133] Internal policy Special instruction tokens Process rewards GRPO

[90] Internal policy ✗ Automating rewards PPO

[102] External policy Structured data format Reward shaping PPO

Coding

[145] Internal policy Data sampling strategy Automating rewards DPO

[192] Internal policy Structured data format ✗ DAPO

[114] Internal policy Special instruction tokens Automating rewards GRPO

[77] Internal policy ✗ Automating rewards GRPO

[73] Internal policy Structured data format Process rewards TA-PPO

[127] Internal policy Data sampling strategy Automating rewards GRPO, DPO

[62] Internal policy Data sampling strategy Automating rewards PPO

Medicine

[202] ✗ Data sampling strategy Automating rewards DPO

[113] External policy Structured data format Automating rewards GRO

[201] ✗ Data sampling strategy Automating rewards DPO

[117] Internal policy Structured data format Automating rewards GRPO

[21] Internal policy Data sampling strategy Automating rewards PPO

[195] Internal policy Structured data format Automating rewards GRPO

[173] Internal policy Structured data format Automating rewards DPO, iDPO

[178] Internal policy Structured data format ✗ DPO

[181] ✗ Data sampling strategy Automating rewards PPO

Information
Retrieval

[63] Internal Policy Data sampling strategy Automating Rewards IPO

[95] Internal Policy Data sampling strategy Automating Rewards GRPO

[189] Internal Policy Structured data format ✗ PPO

[136] Internal Policy Data sampling strategy Automating Rewards GRPO

[118] Internal Policy Data sampling strategy Automating Rewards GRPO
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Overall, RL research in themathematical domain demonstrates complementary pathways: verification-drivenmethods
improve the correctness of step-by-step reasoning; self-supervision and self-correction reduce reliance on manual
annotations; replay and optimization approaches address the challenge of training stability; structured paradigms
enhance interpretability and generalization; and data synthesis continuously expands the boundaries of reasoning,
together forming a multi-dimensional and co-evolving research landscape.

5.2 Coding

In the coding domain, RL with LLMs focuses on enabling reliable reasoning for program synthesis and repair. Compared
with natural language tasks, coding requires not only semantic fluency but also strict executability and logical consistency,
since even small reasoning errors may lead to program failures. Representative scenarios include automatic bug fixing,
cross-language code generation, text-to-SQL query translation, and complex code agents that combine reasoning with
tool use. The central challenges lie in ensuring correctness through verifiable signals, achieving generalization across
languages and paradigms, constructing sufficient high-quality supervision data, and maintaining training stability while
handling the discrete and non-differentiable nature of code execution.

From a technical perspective, research progress can be interpreted along four complementary dimensions. In terms
of logical structure, most systems adopt internal-policy designs to directly regulate reasoning-to-code steps: Math-
Shepherd’s counterpart in coding, Tang et al.’s program repair framework [145], constrains reasoning through sequential
error correction, while ReVeal [73] enforces a generation–verification–iteration loop to stabilize policy learning. For
data curation, methods differ in how they create effective supervision. Computational Thinking [192] organizes
problem decomposition into structured data formats aligned with abstraction and modularity, whereas Seed-Coder [127]
adopts a sampling-driven self-evolution pipeline, letting the model generate and filter training data to refine its own
reasoning ability. Regarding reward design, execution feedback and automation are central: Kulkarni & Srikumar [77]
directly use execution correctness in Text-to-SQL as verifiable rewards, Pennino et al. [114] employ automated signals
with instruction-controlled transfer to low-resource languages, and ReVeal incorporates process-level rewards by
scoring each iteration of generation and verification. Finally, in advantage estimation, different estimators ensure
stable optimization: Tang et al. [145] apply DPO to balance repair accuracy with exploration; Pennino et al. use GRPO
baselines to stabilize preference-driven optimization; ReVeal leverages TA-PPO to integrate process rewards into policy
gradients; and TreeRL [62] demonstrates that classical PPO remains effective when combined with tree search to
enhance exploration. Together these approaches reveal a coding-RL landscape where structural design, data strategies,
reward mechanisms, and optimization estimators interact to improve the executability, robustness, and generalization
of code reasoning.

Overall, RL reasoning research in the coding domain exhibits complementarity between optimization signals
(execution feedback, reasoning transfer, data self-supervision) and structural mechanisms (tree search, iterative agents,
computational thinking), collectively advancing the reliability and generalization of code generation and repair.

5.3 Medicine

In the medical domain, RL with LLMs seeks to enable models to perform reliable and clinically meaningful reasoning.
Compared with mathematics or programming, medical tasks involve higher stakes, since errors may directly affect
safety, trustworthiness, or clinical outcomes. The domain spans clinical question answering, diagnostic assistance,
case-based reasoning, and biomedical literature interpretation. Beyond accuracy, systems must therefore emphasize
verifiability of reasoning chains, consistency with expert practice, and the integration of safeguards to mitigate risks
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such as hallucinated diagnoses or unsafe recommendations. The challenges include aligning reasoning with diverse
medical sub-tasks, grounding responses in domain knowledge, and balancing interpretability with performance across
complex, knowledge-dense scenarios.

From a technical perspective, medical-RL studies can also be organized along four complementary axes. In terms of
logical structure, Med-U1 [195] exemplifies an internal-policy framework that unifiesmultiple medical tasks—diagnosis,
question answering, and retrieval—into a single reasoning policy, while Zhongjing [181] illustrates expert-in-the-loop
reinforcement where external feedback guides iterative refinement. For data curation, MedAgentGym [173] introduces
structured execution environments that transform reasoning into code-like steps, enabling verifiable supervision,
whereas earlier work such as DeepSeek-Med [202] employs sampling strategies to curate balanced datasets across tasks.
Regarding reward design, process automation and domain alignment are central: MedAgentGym leverages automated
execution correctness as RL feedback, Yan et al.’s retrieval-augmented system [178] aligns rewards with preference
signals to encourage interpretability and consistency, and Zhongjing integrates expert feedback as a specialized reward
source to ensure clinical safeguards and professional grounding. Finally, in advantage estimation, different estimators
are adopted to stabilize optimization under medical constraints: Med-U1 applies GRPO to balance multi-task updates
with process supervision, MedAgentGym explores DPO and iDPO for step-level reward incorporation, and reinforcement
from expert-in-the-loop settings has been paired with PPO to preserve stability in iterative refinement. Together, these
directions highlight how structural design, curated supervision, automated or expert-derived rewards, and robust
optimization jointly support the reliability and safety of RL reasoning in medicine.

These technical approaches drive LLMs from mere "superficial answering" toward reliable medical reasoning.
Overall, RL reasoning in the medical domain demonstrates distinct emphases on unification, verifiability, human
alignment, and domain expertise, forming a diverse yet complementary research landscape. These studies establish
complementary pathways in medicine: cross-task unification and generalization [195] enhance the generality of
medical reasoning; executable code environments [173] strengthen reasoning verifiability; retrieval augmentation with
preference alignment [178] improves consistency with human reasoning patterns; and expert feedbackmechanisms [181]
ensure the professionalism and trustworthiness of medical outputs. Thus, the medical setting is not only one of the
most active application domains for LLM RL reasoning but also showcases diversified developments in reward design,
alignment signals, and structural modeling.

5.4 Information retrieval

In the information retrieval (IR) domain, reinforcement learning (RL) with large language models (LLMs) aims to
empower models not only to provide answers but also to reason about how to retrieve. Unlike pure language generation,
retrieval requires the model to autonomously reformulate queries, plan multi-hop search trajectories, decide when
and whether to retrieve, and integrate heterogeneous evidence into consistent outputs. This setting raises unique
challenges of verifiability, efficiency, and noise reduction: rewards must reflect retrieval effectiveness rather than
surface fluency, structural safeguards are needed to mitigate spurious or hallucinatory retrieval, and optimization has
to balance query diversity with execution fidelity. Representative tasks include query rewriting, multi-source planning,
retrieval–generation synergy, and structured retrieval-augmented generation (RAG), all of which emphasize reasoning
under uncertainty and the incorporation of automated safeguards to ensure reliability.

Technically, existing work can be interpreted along the same four analytical dimensions. In terms of logical
structure, LeReT [63] and its lightweight extension by Qin et al. [118] exemplify internal-policy frameworks where
query reformulation is modeled as a sequential decision process, directly optimizing the reasoning-to-retrieval flow.
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Shi & Shen et al. [136] extend this perspective with executable DAGs, enabling the policy to plan structured search
paths across multiple sources. For data curation, these systems often rely on sampling strategies to generate high-
and low-quality query pairs or structured DAG exemplars: LeReT curates contrastive query sets for IPO training,
while Query-Document Co-Augmentation [95] jointly constructs paired queries and augmented documents, enriching
supervision beyond isolated queries. Regarding reward design, automated retrieval metrics are central. LeReT optimizes
with AP/Recall-based signals, Qin et al. refine this with incremental relevance feedback under GRPO, and Shi & Shen et
al. integrate multi-dimensional signals that jointly evaluate structural compliance, executability, and answer correctness.
Finally, for advantage estimation, different estimators stabilize training under sparse or noisy retrieval feedback: IPO in
LeReT directly interpolates preference signals; GRPO in Query-Document Co-Augmentation and Qin et al.’s framework
leverages group-wise baselines to handle relative query quality; and PPO-based optimization in KAG-Thinker [189] is
used to train operator-based structured RAG, although its alignment is mainly achieved via supervised fine-tuning
rather than RL.

Overall, these studies exhibit complementarity across optimizer design (e.g., IPO, GRPO, customized advantage
estimation), reward signals (retrieval metrics, execution correctness, format constraints), and structural modeling
(DAGs, operator-based templates): query-side optimization enhances retrievability, planning-oriented methods ensure
execution fidelity and answer quality, system-level synergy improves overall stability, while structured RAG offers an
RL-free alternative for enhancing robustness and interpretability.

6 SIDE EFFECTS AND REMAINING CHALLENGES

While RL has contributed significantly to the recent success in LLMs, it also introduces non-negligible side effects and
remaining challenges. For example, RLHF which optimizes models to align with human preferences can lead to overly
agreeable or verbose responses that prioritize user satisfaction over factual accuracy [93, 115]. A key theoretical lens
for understanding these issues is Goodhart’s Law [45], which states "When a measure becomes a target, it ceases to be a

good measure." That is, once a proxy metric (e.g., human preference ratings or reward model scores) is used as a direct
optimization target, the model may exploit its weaknesses, resulting in behavior that scores well but does not truly
satisfy the underlying objective. Some recent perspectives have begun to frame these phenomena through the lens
of agent behavior, aiming to capture how learning dynamics and reward structures shape model tendencies in social,
cognitive, or ethical dimensions [22]. In parallel, researchers have also questioned whether RL leads to meaningful
improvements in LLM capabilities, such as reasoning or generalization [39, 187]. As shown in Figure 9 and Table 8,
we categorize these emerging issues into five dimensions: capability boundary, bias, hallucination, sycophancy, and
limited diversity. The side effects discussed below stem directly from applying RL optimization objectives, like reward
maximization, to the complex parametric space of LLMs.

6.1 Capability boundary

Reinforcement learning—particularly reinforcement learning with verifiable rewards (RLVR) [47, 78]—has become a
popular post-training strategy for LLMs and has delivered eye-catching improvements on tasks such as reasoning and
mathematics [47]. These successes have encouraged the belief that RLVR can unlock genuinely new abilities, including
stronger logical reasoning [47] and self-reflection [99, 103]. Yet recent studies [39, 130, 187] paint a subtler picture.
They show, first, that RL cannot conjure skills absent from the base model’s latent capacity; instead, it merely amplifies
patterns that already exist and makes them easier to sample [39]. Consistent with this view, models optimized with
RLVR tend not to outperform equivalently sized, RL-free models on capability-boundary benchmarks, suggesting that
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RL
Side Effects

Sycophancy
• User-biased output

• Answer reversal under challenge
• User error imitation

Hallucination

• Fabricated facts
• False causal relationships

Limited Diversity
• Narrowed styles

• Repetitive phrasing 
• Homogenized content

Over-alignment favors plausibility 
over correctness

Capability Boundary
• Suppressed reasoning depth
• Limited task adaptability

 Bias

• Cultural preferences
• Political preferences
• Moral preferences

Biases reinforces dominant 
viewpoints and reduces diversity

Echoing user views reduces 
response variation

Ideological skew may limit the range of 
reasoning LLMs can express or explore.

Constrained reasoning 
leads to shallow outputs, 
increasing hallucination risk

Fig. 9. Five dimensions of side effects of RL in training LLMs, and some potential transformation paths

RL alone does not expand what the architecture can fundamentally represent [187]. In addition, the important cognitive
behavior of reflection can be observed in LLMs without additional RL training [130].

Although RLVR often boosts benchmark scores, evidence shows it does not give large language models new reasoning
skills [39]. RLVR mainly amplifies thought paths already latent in the base model, whereas distillation can import
genuinely new patterns from a stronger teacher. Thus, the chief benefit of RLVR is more efficient sampling and alignment,
not an expanded reasoning repertoire. The technique also helps unevenly: models that already reason well gain the
most, while weaker models improve little [187]. This strong link between a model’s starting competence and its RL gains
contradicts the idea that RLVR is a universal fix. Finally, self-reflection emerges in purely pre-trained models and grows
with additional pre-training [130], indicating that an RL environment is not required to develop this capability [47].
Together, these findings cast RLVR as a valuable fine-tuning tool, but not a pathway to fundamentally new cognitive
abilities.

6.2 Bias

Language models may possess bias [38, 89] in their generated texts from different perspectives, expressing inappropriate
preferences toward demographic attributes (e.g., gender, race, age) or stylistic features such as verbosity.

Reinforcement-learning fine-tuning can amplify biases in large language models when reward models are poorly
designed, trained on skewed data, or when errors accumulate across chain-of-thought (CoT) reasoning [165]. One
important reason for bias from RLHF [112] is limited reward model (RM), which may ignore minority preferences [17].
In addition, current RMs tend to favor verbose responses, even without more useful information, which brings verbosity
bias in LLMs [134]. Although RL can stimulate reasoning steps impressively, it is vulnerable to adversarial data and can
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Table 8. Summary of limitations and side effects of RL in LLM training

Dimension Paper Cause Detail

Capability
Boundary

[39] Training algorithm RL can hardly drive self-improvement in
LLMs without certain cognitive behaviors.

[187] Training algorithm RLVR methods have not yet elicited
truly novel reasoning abilities in LLMs.

[130] - LLMs’ ability to reflect on its own reasoning
emerges earlier than the introduction of RL.

[25] Inference algorithm Chain-of-thought may unfaithfully
reflect reasoning process.

Bias

[168] Inference algorithm RL exacerbates chain-of-thought biases
rather than mitigating them.

[18] Data RLHF can substantially amplify model biases
when exposed to poisoned user inputs.

[17] Reward model RLHF employs a singular reward model,
overlooking diversity from multiple users.

[134] Reward model Reward modeling in RLHF tends to
rely on length bias, favoring verbose contents.

Hallucination

[183] Training algorithm RL without cold-start SFT may corrupt
calibration to increase hallucination.

[138] Reward model RL reduces refusal behavior, thus
encouraging hallucination on unanswerable inputs.

[74] Data bias RL drives LLMs to respond to unfamiliar queries
mimicking its unfamiliar finetuning data.

Sycophancy

[115] Reward model Preference Models (PM) for
RL training incentivize sycophancy.

[132] Data bias & Reward model Human data incentivizes sycophancy;
Optimizing against PMs shows mixed results.

Limited
Diversity

[107] Optimization target Post-training alignment via RLHF or RLAIF
diminishes a model’s internal diversity.

[76] Training algorithm RLHF significantly reduces output
diversity compared to SFT (Mode collapse).

[31] Training algorithm LLM’s exploratory ability is traded from
policy entropy, bottlenecked by its exhaustion.

import additional biases [18]. Even when RL boosts chain-of-thought performance on reasoning tasks, those multi-step
traces can still accumulate and reinforce social biases [168].

Bias amplification in RL-finetuned LLMs can be traced to two specific RL mechanisms. First, the reward model
training data (Section 4.2) may itself contain demographic or stylistic biases that are then encoded into the reward
function, causing the RL optimization to systematically favor biased outputs. Second, the KL penalty in reward shaping
(Section 4.3) can inadvertently lock in pre-existing biases from the SFT model, since penalizing deviation from the
reference policy makes it harder for the RL process to explore and discover less biased but equally high-quality outputs.
This creates a tension: KL regularization is necessary for training stability, but it may also serve as a conservation
mechanism for the very biases that RL alignment seeks to mitigate.
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6.3 Hallucination

Hallucination [67, 70] refers to the generation of seemingly plausible outputs that turn out to be factually incorrect
(e.g., nonexistent names, citations, or events) or logically invalid (e.g., misrepresented logical links between concepts,
events, or entities). According to Huang et al. [67], this phenomenon generally falls into two forms. The first is intrinsic
hallucination, where some parts of the model outputs are contradictory to the other part, such as unfaithful CoT
chains [3]. The second is extrinsic hallucination, where the model outputs contradict user input or environmental
information.

While hallucination is often considered an inherited issue from pretraining, RL—especially in the form of RLHF—can
further entrench or amplify it. We identify three key mechanisms corresponding to distinct stages of the RL training
process. First, RL is sensitive to the quality of the initial policy. For instance, Yao et al. [183] show that when RL is
applied without a properly initialized supervised fine-tuning (SFT) stage, it can distort the model’s calibration and
increase the likelihood of hallucinated outputs. Second, RL tends to disincentivize refusal behavior. Song et al. [138]
reveal a hallucination tax, where RL training often favors assertiveness over caution, encouraging the model to provide
speculative or hallucinated answers even when uncertain, thereby increasing hallucinated outputs. Third, RL may
encourage stylistic overgeneralization. Kang et al. [74] demonstrate that RL-tuned LLMs generalize from stylistic
features in the fine-tuning data rather than underlying content reliability. As a result, when faced with unfamiliar
queries, models may directly mimic the surface patterns observed in those training examples that are also unfamiliar to
them.

A deeper mechanistic connection exists between hallucination and reward hacking (Section 3.3 and Section 4.3). In
the high-dimensional policy space of LLMs, reward hacking manifests when the model discovers output patterns that
score highly under the reward model without genuinely satisfying the intended objective. This directly triggers the
“false positive” reasoning steps identified as a challenge in outcome-based evaluation: a model may produce a logically
flawed chain-of-thought that nonetheless arrives at a correct final answer, receiving a high reward despite containing
hallucinated intermediate steps. Outcome-based reward models (OSRMs) are particularly vulnerable to this, as they
only evaluate the final answer and thus cannot distinguish between genuinely correct reasoning and reward-hacked
outputs that happen to produce the right answer through incorrect means. Process reward models (PRMs) offer a partial
mitigation by evaluating intermediate steps, but they introduce their own risks: if the process reward model itself
contains biases or blind spots, the model may learn to “hack” the process-level evaluation, producing steps that appear
locally sound to the PRM while still introducing subtle hallucinations at a global level. This suggests that addressing
hallucination requires not only better reward models but also adversarial evaluation and red-teaming to identify and
close reward-hacking loopholes.

6.4 Sycophancy

Sycophancy refers to the tendency of LLMs to over-agree with the user, prioritizing shallow alignment over truth or
critical reasoning [115]. It can manifest in both factual settings, where the model affirms false claims (propositional
sycophancy), and open-ended prompts, where it aligns uncritically with user preferences (social sycophancy) [26]. Such
behavior not only reduces model helpfulness, but may also strengthen false beliefs, reinforce user biases, and erode
trust in model outputs [111].

Sycophancy arises in part from the structural incentives embedded in the RLHF framework. While the goal of RLHF
is to align model behavior with human preferences and values, this alignment process can introduce a fundamental
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tension: optimizing for user satisfaction may come at the cost of promoting epistemic virtues such as truthfulness,
robustness, or fairness [98]. As a result, models trained with RLHF may produce responses that agree with the user
even when disagreement would be more appropriate or accurate. There are two interrelated mechanisms that drives
sycophancy in the RLHF training pipelines. First, human preference data often contain biases toward socially agreeable
responses. Sharma et al. [132] use logistic regression models to show that, all else being equal, human preference data
encourage responses that match users’ beliefs, biases, and preferences, whether explicitly stated or subtly implied.
Second, the preference models trained on such data may further amplify this pattern, assigning higher scores to outputs
that reflect user beliefs even if they are incorrect [115, 132].

6.5 Limited diversity

In terms of alignment [112] or reasoning-related tasks (mathematics, coding, etc.) [47], RL exhibits impressive effective-
ness in improving LLMs. However, if more aspects are taken into consideration, RL may bring negative effects to LLMs.
Output diversity is an important dimension demonstrating this side effect.

Compared to SFT, RLHF [112] substantially decreases the diversity of outputs sampled for a given input. For instance,
models after RLHF tend to produce more similar text regardless of the input [76]. Beyond text-level similarity, RLHF
also does harm to LLMs’ deeper diversities like the conceptual diversity [107].

6.6 Discussions

In general, these side effects can be traced back to specific design choices in the RL pipeline. Capability boundaries and
limited diversity are primarily rooted in the Advantage Estimation (Section 4.4) and Reward Design (Section 4.3), as
RL essentially amplifies existing latent patterns and consumes policy entropy to maximize expected returns, rather
than injecting novel knowledge. Bias and Sycophancy are deeply connected to Data Curation (Section 4.2) and Reward
Design (Section 4.3); human preference data often harbors inherent societal or agreeable biases, which are subsequently
amplified by reward models that prioritize verbosity or user alignment over factual truth. Similarly, Hallucinations are
exacerbated by Reward Design (Section 4.3) that penalizes refusal behaviors (creating a ’hallucination tax’). Finally,
Logical Structure Navigation mechanisms (Section 4.1), such as chain-of-thought, can inadvertently act as vehicles for
accumulating logic errors and social biases.

On the other hand, methods designed to address these side effects also connect back to specific RL components:
process reward models (Section 4.3) can mitigate false positives in reasoning, difficulty-aware data sampling strategies
(Section 4.2) help reduce bias, and exploration rewards (Section 4.3) can counteract diversity collapse.

7 FUTURE DIRECTIONS AND OPEN PROBLEMS

In this section we discuss several key open problems, where Table 9 provides a structured roadmap summarizing them,
their connections to the challenges identified in Section 3, and representative research directions for addressing them.

7.1 Balance between efficiency and effectiveness

While reinforcement learning has significantly advanced the reasoning capabilities of large language models, it has also
introduced a critical efficiency challenge [36]. Models fine-tuned with outcome-based rewards often develop verbose,
inefficient reasoning patterns, a phenomenon termed "overthinking", as the training process inadvertently reinforces
any reasoning path, regardless of length, that leads to a correct answer [24, 30].
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Table 9. Roadmap of open problems and future research directions

Open Problem Related Challenge Key Research Directions Representative Works

Efficiency vs. effectiveness Vast action space
Large parameter size

Adaptive reward shaping
Process supervision
Multi-objective RL

LASER-D [96]
SABER [200]

knowledge distillation [23]

Unified RL for cross-modal LLMs All four challenges
Modality-aware policy optimization

Multi-modal reward models
Cross-modal policy learning

SRPO [152]
VideoMiner [14]

Meta-Transformer [196]

Algorithm-system co-design Large parameter size
Algorithmic simplification

Hardware-aware optimization
3D parallelism

QForce [69]
OpenRLHF [64]
AsyncFlow [49]

To mitigate this trade-off between performance and token cost, a significant body of research has focused on
compressing and optimizing models after they have been trained for reasoning. First, knowledge distillation is a primary
strategy, aiming to transfer the reasoning capabilities of large "teacher" models to smaller "student" models [23]. Second,
direct model compression techniques have been explored, with studies showing that while quantization can often
preserve reasoning capabilities, aggressive methods only cause accuracy degradation that is often recoverable with
targeted, lightweight fine-tuning [88]. Also, other methods include latent reasoning, which performs computation in
the model’s hidden space to avoid generating explicit text [56].

While post-hoc methods are valuable, a more fundamental research direction is to integrate efficiency directly
into the reinforcement learning training process, overcoming the "overthinking" caused by standard outcome-based
methods. This involves creating more sophisticated reward-shaping frameworks that move beyond simple length
penalties. Advanced methods like LASER-D [96] and SABER [200] introduce adaptive rewards that dynamically adjust
the token budget based on problem difficulty and the model’s evolving capabilities. Another key area is improving
process supervision [91], where future PRMs could be designed to explicitly reward conciseness or measure "progress"
per token [176]. Finally, multi-objective reinforcement learning [57, 150] offers a possible approach, treating accuracy
and efficiency as competing objectives to be optimized simultaneously, potentially yielding a single model that can
navigate the entire Pareto front of performance-cost trade-offs.

7.2 Unified RL algorithm for cross-modality large models

The application of reinforcement learning to large generative models is rapidly expanding from its origins in the
language modality to encompass images [8], speech [28], and video [172]. As surveyed by Caffagni et al. [13], the
revolution of multimodal large language models has created an urgent need for RL methods that can operate across
modal boundaries. This expansion has revealed that while each modality has unique properties, they share fundamental
challenges in reward design, computational efficiency, and credit assignment. Qin et al. [119] further highlight that
the synergy between data and multimodal LLMs must be understood from a co-development perspective, where RL
algorithms and multimodal data jointly evolve. The future of research, therefore, lies not in creating isolated solutions
for each modality, but in developing a new generation of RL algorithms that holistically address these shared problems.

Promising research exists in the development of modality-aware policy optimization. Besides modality-agnostic
algorithms like proximal policy optimization [126] and direct preference optimization [120], this incorporates modality-
specific inductive biases. Recent work such as SRPO [152] enhances multimodal LLM reasoning via reflection-aware
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reinforcement learning, demonstrating that reflection mechanisms can improve cross-modal policy learning. Also,
progress is tied to creating more robust and scalable reward mechanisms. This includes causal reward models that
disentangle true drivers of quality from spurious correlations to combat reward hacking [140, 155], and self-supervised
rewards derived from principles like contrastive agreement across semantically similar prompts [198]. For video
understanding, Cao et al. [14] propose Tree-based Group Relative Policy Optimization to iteratively ground key frames,
showing how RL can be adapted to the temporal structure of video data.

A more ambitious frontier is applying RL to unified multimodal architectures, like the Meta-Transformer [196],
which use a single, shared encoder for diverse data types. Performing RL over this shared latent space could enable
powerful cross-modal policy learning, where skills learned in one modality—such as controlling for factual accuracy
in text—could be applied to another, like improving the factual alignment of a generated graph, with minimal or no
additional fine-tuning. Moreover, the cross-modal knowledge alignment supports capabilities of the recently emerging
vision-language-action models (VLA) [122], promoting interactions between the large models and the physical world,
enabling modeling and decision-making in the real-world with world models [32]. Importantly, the future direction
here is not simply deploying pre-trained LLMs as controllers in classical RL environments, but rather developing native,
cross-modal RL post-training algorithms that can effectively optimize these unified multimodal LLMs directly from
reward signals.

7.3 Algorithm-system co-design for scalable RL

While reinforcement learning is critical for aligning and finetuning large language models, it presents significant
scalability challenges [104, 162]. The reinforcement learning workflow is computationally complex, involving multiple
LLM instances and distinct stages for generation, evaluation, and training, which creates intricate data dependencies [104,
164]. This complexity leads to severe system-level inefficiencies, primarily workload imbalance from long-tailed
generation times and resource idling caused by pipeline bubbles [162].

Current solutions are primarily system-level optimizations that treat the algorithm as a fixed component. These
include dynamic resource allocation, e.g., REAL [104], fine-grained task scheduling with stage fusion, e.g., RLHFuse [208],
and asynchronous execution frameworks e.g., OpenRLHF [64] and AsyncFlow [49] that decouple generation and training.
On the other hand, several specific algorithm-system co-design strategies are currently employed to mitigate the massive
computational and memory costs associated with large parameter sizes. For instance, 3D parallelism combines data,
tensor, and pipeline parallelism to effectively distribute model parameters and optimizer states across multiple devices.
Additionally, specialized kernels designed specifically for RL loops—such as fused attention operations and custom
all-reduce patterns—significantly optimize the iterative generation-evaluation-training cycle [49]. Furthermore, memory
offloading and parameter reallocation techniques are frequently utilized to strategically move model weights and
gradients between GPU and CPU memory during different phases of the RL training pipeline [164].

One promising future direction is a paradigm shift towards algorithm-system co-design, which focuses on architecting
RL algorithms that are intrinsically compatible with parallel hardware [33]. This opens several key research avenues. The
first is algorithmic simplification to create more homogeneous, "SFT-like" workloads. Direct Preference Optimization
(DPO) exemplifies this by eliminating the explicit reward model and online sampling loop, resulting in a simpler, more
regular computational graph that can leverage existing optimized infrastructure [120, 174]. A more important avenue
is hardware-aware policy optimization, which involves designing algorithms whose core operations are efficient in
terms of computation, memory bandwidth, and communication. This could include developing RL algorithms that are
robust to aggressive quantization [69] or high degrees of asynchronicity [110], thereby reducing memory footprint and
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communication overhead [20]. By treating the algorithm, system, and hardware as a unified optimization problem, this
co-design approach is key to developing the next generation of scalable and efficient LLMs.

8 CONCLUSION

Reinforcement learning has played a pivotal role in advancing the capabilities of large language models, particularly in
complex reasoning tasks. In this survey, we have systematically reviewed the adoption of reinforcement learning in the
era of LLMs, detailing its conventional pipeline, the unique challenges it faces with large models, and the innovative
methodologies developed to overcome them. Furthermore, we have highlighted its diverse applications across domains
like mathematics, coding, medicine, and information retrieval. Besides the widely studied topics, we also discussed the
limitations and side effects, including issues of bias and hallucination, as well as future directions and open problems,
aiding researchers to better understand the evolving landscape of RL in LLMs and fostering innovative research to
address its current challenges and realize its future potential.
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