Pre prints.org

Article Not peer-reviewed version

A Survey of Reinforcement Learning-
Driven Knowledge Distillation:
Techniques, Challenges, and
Applications

Zeqiu Xu i , Jiani Wang , Xiaochuan Xu, Peiyang_Yu, Tianyi Huang, Jingyuan Yi

Posted Date: 27 March 2025
doi: 10.20944/preprints202503.0903v2

Keywords: reinforcement learning; knowledge distillation; teacher models; deep learning

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4150694
https://sciprofiles.com/profile/4139658
https://sciprofiles.com/profile/4208601

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 March 2025 d0i:10.20944/preprints202503.0903.v2

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

A Survey of Reinforcement Learning-Driven
Knowledge Distillation: Techniques, Challenges,
and Applications

Zeqiu Xu ¥*, Tianyi Huang ?, Jiani Wang 3, Jingyuan Yi 4, Xiaochuan Xu ¢ and Peiyang Yu *

! Information Networking Institute, Carnegie Mellon University, Pittsburgh, USA

2 Department of Electrical Engineering and Computer Sciences, University of California, Berkeley, Berkeley,
CA, USA; tianyihuang@berkeley.edu

3 Department of Computer Science, Stanford University, Stanford, USA; jianiw@alumni.stanford.edu

4 Information Networking Institute, Carnegie Mellon University, Pittsburgh, PA, USA;
jingyuay@alumni.cmu.edu (J.Y.); xiaochux@alumni.cmu.edu (X.X.); peiyangy@alumni.cmu.edu (P.Y.)

Correspondence: zegiux@alumni.cmu.edu

Abstract: As deep learning models are widely applied across various domains, a critical challenge is
how to compress models while maintaining high reasoning capability. Knowledge distillation, an
effective technique for model compression, has been used to enhance the performance of lightweight
models. However, traditional distillation methods are limited when dealing with complex reasoning
tasks. Reinforcement learning (RL) offers a novel approach to knowledge distillation by optimizing
the reasoning strategies of teacher models, generating more efficient decision paths, and providing
more valuable learning content for student models. This paper reviews the latest advancements in
combining reinforcement learning with knowledge distillation, focusing on policy distillation, value
function distillation, and dynamic reward-guided distillation methods. It also discusses the
challenges faced by RL-driven distillation, such as simplifying complex strategies, addressing
temporal dependencies, and balancing exploration and exploitation, and suggests possible solutions.
Finally, this paper explores the applications of RL-driven knowledge distillation in fields such as
game Al, robotic control, and dialogue systems, and outlines future research directions, including
automated distillation, multimodal distillation, and challenges in federated learning.

Keywords: reinforcement learning; knowledge distillation; teacher models; deep learning

1. Introduction

The rapid development of deep learning models has led to their widespread application across
diverse fields, from image recognition to natural language processing (NLP) [1]. Applications of large
language models (LLMs) have even extended into multimodal learning, where methodologies
improve task performance by integrating different modalities like images, text, and audio [2]. While
these models have achieved state-of-the-art performance, their large size and high computational
requirements pose challenges in real-world deployment, particularly in resource-constrained
environments such as mobile devices and embedded systems [3].

Knowledge distillation (KD) is an effective technique for model compression, where a smaller,
lightweight student model is trained to mimic the behavior of a larger, more complex teacher model
[4]. Traditional KD methods generally involve transferring the soft labels generated by the teacher
model to the student model, which helps the student model learn from the teacher’s generalization
ability [5]. However, traditional KD methods often struggle to handle tasks that require complex
reasoning, such as sequential decision-making and dynamic environments [6].

Reinforcement learning (RL) has emerged as a promising solution to these challenges [7]. By
leveraging RL techniques, KD can be enhanced by optimizing the teacher model's decision-making
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strategies, which leads to the generation of more valuable learning signals for the student model [8].
RL-driven knowledge distillation introduces novel methods that focus on optimizing policies and
value functions to improve student model performance [9].

This paper provides a comprehensive survey of RL-driven knowledge distillation, focusing on
the following aspects:

e  The main techniques and approaches used in RL-driven KD.
e  The challenges and limitations of RL-driven KD.

e  The applications of RL-driven KD in various domains.

e  Future research directions and potential breakthroughs.

2. Background and Problem Definition

KD solves the problem of deep learning model compression and deployment by transferring
knowledge from complex teacher models to lightweight student models [4]. The traditional KD

method is based on the cross entropy loss function of soft labels:
exp(zr/T)  exp(zs/T)
Lxp = aLlcg(y,s) + L ,
kp = aLcp(y,s) + B KL(ZjeXp (z7/T) Z}- exp (z5/T)

where z; and zg are the unnormalized logits of the teacher and the student, respectively, and T is

the temperature parameter. However, traditional KD is limited in complex reasoning tasks (such as
multi-step decision-making and long-range dependencies) because it is difficult to capture strategy
optimization and value transfer in dynamic environments.

RL makes up for this shortcoming through strategy optimization and dynamic reward design
[10]. RL-driven KD can optimize the teacher strategy, generate efficient decision paths (such as
AlphaGo Zero's self-playing strategy), adjust the distillation focus based on environmental
interactions (such as curiosity-driven intrinsic rewards), and avoid overfitting of students to the
teacher strategy.

3. RL-Driven Knowledge Distillation Techniques

A. Policy Distillation

As shown in Table 1, this paper systematically compares core RL-driven knowledge distillation
techniques, including their mechanisms, advantages, and applicable scenarios for policy distillation,
value function distillation, and dynamic reward-guided distillation.

Table 1. Comparison of RL-Driven Knowledge Distillation Techniques.

. . . Applicable
Technique Core Mechanism |Advantages Limitations .
Scenarios
Optimizes the
policy network of Low training
Preserves complex
the teacher model efficiency with
. o decision logic; Game Al, robotic
Policy Distillation |via RL to extract large policy spaces;
suitable for path planning
lightweight policies ) relies on teacher
sequential tasks. )
for student quality.
imitation.
Transfers state- »
. Reduces Poor adaptability |Autonomous
Value Function  |action evaluations ) ) o
N exploration costs; [to dynamic driving, resource
Distillation from the teacher’s | . ; i
. improves stability. [environments; scheduling
value function to
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. . L Applicable
Technique Core Mechanism |Advantages Limitations .
Scenarios

guide student requires precise

optimization for value estimation.

long-term rewards.

Designs dynamic

reward functions to

) o Complex reward
. adjust distillation ] ] ]
Dynamic Reward- based Adapts to complex |design; high Dialogue systems,
ased on
Guided . tasks; avoids training multimodal
o environmental o ) )

Distillation overfitting. convergence interaction

feedback, o

o difficulty.
balancing imitation
and exploration.

The core of policy distillation is to transfer the teacher model's policy z; to the student model
Zs so that it generates similar action distributions under the same state. Traditional methods achieve
this by imitating the teacher's action probability, while reinforcement learning (RL) further
introduces dynamic policy optimization to improve the generalization ability of the student model.

Rusu et al. first applied policy distillation to Atari games, training the student model by directly
transferring the original action probabilities of the teacher model (such as the Q value distribution of
DQN) [11]. Its core loss function uses KL divergence to align the action distribution:

Ln = Esonp [Drr(zr(al s) I zs(a | s))]

This method compresses the number of student model parameters to 1/15 in games such as Pong,
without significantly decreasing performance.

Wang et al. proposed a meta-strategy distillation framework based on MAML, which
dynamically generates distillation targets through multi-task RL, enabling a single student model to
adapt to different teacher strategies (such as multi-character control in StarCraft II) [12]. Experiments
show that this method improves the average reward of the student model by 17% in cross-task
scenarios. DeepSeek-R1 [13] uses the GRPO (Group Relative Policy Optimization) algorithm to
replace the traditional Critic model by comparing rewards within the group, achieving 71.0% pass@1
in the mathematical reasoning task (AIME 2024), verifying the efficiency of RL-driven online
distillation. Similarly, recent work on document-level event argument extraction has demonstrated
the effectiveness of contextual pooling and role-based guidance in capturing meaningful
relationships between key entities [14].

B. Value Function Distillation

Value function distillation aims to transfer the teacher model's ability to judge the state value to
the student model. Its core is to achieve strategy optimization by aligning state value estimates.

Early work achieved knowledge transfer by minimizing the mean square error (MSE) between
the teacher and student value functions, for example:

Ly = Egorp [(Vr(s) = Vs(s))?]
where Vrand Vs are the state value functions of the teacher and student models respectively. In the
Atari game experiment, this method can compress the parameters of the student model to 1/10 while
retaining 90% of the teacher performance.

Wang et al. proposed Hierarchical Value Distillation (HVD), which decomposes the state value
into global task value and local action value, and improves the performance of the student model in
sparse reward scenarios through dual optimization objectives [15]. Experiments show that the
success rate of HVD in robot navigation tasks is increased by 23%. DeepSeek-R1 uses Group Relative
Value to dynamically adjust the value function by comparing the reward differences of samples in
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the same batch, achieving an accuracy of 71.2% in mathematical reasoning tasks, an improvement of
9% over traditional methods. Moreover, recent study shows LLMs encode concepts of varying
complexities at different layers, known as Concept Depth, where simpler concepts are captured in
shallow layers, while more abstract inferential tasks require deeper layers [16].

C. Dynamic Reward-Guided Distillation

By designing dynamic reward signals to optimize the distillation process, the problem that
traditional static rewards cannot adapt to environmental changes is solved.
Some methods introduce random network distillation (RND) techniques to use the prediction
error generated by the teacher model as an intrinsic reward [17], for example:
Tintrinsic =l ftarget (S) - f predictor (S) ”2
where firoet is a fixed random network and firedictor 18 @ student prediction network. This method

improves the exploration efficiency by 3 times in a sparse reward environment.

4. Challenges and Solutions

As summarized in Table 2, we highlight key challenges (e.g., simplifying complex policies,
handling temporal dependencies) and corresponding solutions (e.g., hierarchical RL, attention
mechanisms) for RL-driven knowledge distillation.

Table 2. Challenges and Solutions for RL-Driven KD.

Challenge Specific Issues Solutions

Overly intricate teacher strategies|{Introduce hierarchical RL (HRL)
Simplifying Complex Policies |hinder student modelito decompose policies into

compression. subtasks.

Capturing long-term decision

Handling Temporal . . Integrate attention mechanisms
. dependencies (e.g., dialogue .
Dependencies or Transformer architectures.
context).
) ) Students over-rely on teachers,Design hybrid rewards
Balancing Exploration & . O
L. limiting autonomousjcombining imitation (teacher)
Exploitation i .
exploration. and environmental feedback.
Structural ~mismatches (e.g.,[Use adapter layers or feature
Heterogeneous Model . ) )
o CNN—Transformer) impedelmapping networks to align
Compeatibility .
knowledge transfer. representation spaces.

High complexity and slow . . .
. . . o Apply offline RL pretraining with
Training Efficiency & Stability |convergence from combining RL

curriculum learning.
and KD.

A. Capacity Mismatch

The model capacity gap refers to the difference in capacity (i.e., the number of parameters and
complexity of the model) between the teacher model and the student model. Typically, the teacher
model is a well-trained, high-capacity deep learning model that demonstrates high performance on
a variety of tasks. The student model is typically a simplified version that aims to achieve similar
performance by mimicking the behavior of the teacher model. This gap is an important challenge in
model compression, especially in the fields of reinforcement learning and deep learning.


https://doi.org/10.20944/preprints202503.0903.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 March 2025 d0i:10.20944/preprints202503.0903.v2

5 of 10

The challenges brought by the model capacity gap are mainly reflected in two aspects. First, the
student model has a lower capacity and may not be able to capture all the knowledge of the teacher
model. Therefore, even through distillation, the performance of the student model may not reach the
level of the teacher model. Second, the student model may overfit or underfit during training because
its parameter space is small and may not be able to fully fit the training data.

To solve this problem, researchers have proposed a variety of strategies. By allowing the student
model to imitate the output probability distribution of the teacher model (such as by minimizing the
KL divergence), the knowledge of the teacher model is transferred to the student model. The problem
caused by the model capacity gap can be alleviated by introducing feature alignment of the
intermediate layer during the distillation process. Another method is to use a more flexible
distillation strategy so that the student model can adaptively select the focus of learning according to
different tasks or states. This can more effectively transfer knowledge within the limited capacity of
the student model. Through multi-task learning, the knowledge of multiple related tasks is passed to
the student model together, and the correlation between different tasks can also improve the learning
effect of the student model.

B. Temporal Dependency

Temporal dependency means that the current state and decision are not only affected by the
current input, but also by the historical state and action. In reinforcement learning tasks, temporal
dependency is a crucial factor because future decisions depend on past experience. For the model,
how to deal with temporal dependency is directly related to its learning ability and prediction
accuracy.

Temporal dependencies in reinforcement learning are manifested as relationships between state-
action sequences, which can be very complex. For example, in the decision-making process, the
current action may have a profound impact on the subsequent state of the environment. Therefore,
the student model must not only learn the action selection in the current state, but also understand
how to make the right decision based on the historical states and actions.

In order to solve the problem of temporal dependency, researchers have proposed a variety of
methods, especially by introducing structures such as recursive neural networks (RNN) and long
short-term memory networks (LSTM) to model temporal relationships. LSTM is an improvement on
RNN, which can solve the gradient vanishing problem of traditional RNN when dealing with long-
term dependencies. By introducing forget gates, input gates, and output gates, LSTM can maintain
long-term memory of historical information during training. For example, in DUIP [18], where an
LSTM captures sequential user interactions and generates dynamic prompts for LLM-based
recommendations. Its update formula is:

fe = oWy [he_1, x¢] + by)

i = (W [he—q1, x¢] + bf)

Ct' = tanh (Wc [ht—lixt] + bf)

Co=fit*Cqa+i*C

oy = o(W, [he_q, ] + b,)
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h; = o, * tanh (C;)

where f;,i;, 0, represent the activation functions of the forget gate, input gate and output gate
respectively, C; and h; are the cell state and output state respectively, x;, is the input, W and b are
the weight matrix and bias.

C. Reward Design

Reward design is a core issue in reinforcement learning. The design of the reward function
directly affects the behavior and learning effect of the agent. The quality of the reward design not
only determines the efficiency of the learning process, but also determines the final performance of
the learning strategy. A suitable reward function can guide the agent to learn towards the target
behavior.

In many tasks, it may be difficult for the agent to obtain immediate feedback, resulting in sparse
reward signals. In this case, the learning process may be very slow or even unable to converge. In
addition, if the reward function is not designed properly, it may cause the agent to learn a strategy
that is inconsistent with the expected goal. Reward shaping is to guide the agent to learn the correct
behavior by adjusting the reward function. Recent advancements in LLMs, such as LLaMA 3, have
demonstrated strong capabilities in emotion identification, successfully distinguishing nuanced
emotional tones in sentences while showing improved performance on shorter texts [19].

Recent advancements in fake news detection further highlight the critical role of reward design
in adversarial scenarios. As demonstrated in LLM-powered detection frameworks [20] [21], dynamic
reward mechanisms must simultaneously address evolving misinformation patterns while
maintaining ethical constraints on model behavior. This dual requirement mirrors the exploration-
exploitation dilemma in RL-driven distillation, where reward signals must balance imitation fidelity
with student model autonomy.

In order to solve the problem of reward design, researchers have proposed multiple strategies.
By adjusting and correcting the original reward function, the reward signal is made more dense or
continuous, thereby accelerating the learning process. In order to prevent the agent from falling into
a local optimal solution in some cases, researchers have proposed a variety of methods to balance the
relationship between exploration and utilization, such as introducing noise or adopting a variable
exploration strategy. Common ways of reward shaping are:

R(spa) =R'(spag) +v- Es,,, [V(se+1) = V()]
where R'(s;, a;) is the original reward, V(s;) is the value of state s;, and y is a discount factor that
represents the impact of current rewards on future rewards.

5. Applications

As demonstrated in Table 3, we validate the practical impact of RL-driven distillation through
case studies in domains like game Al and robotic control, while outlining future research directions.

Table 3. Applications and Case Studies of RL-Driven KD.

Domain Case Study Technique Outcome Future Directions
Lightweight ) o Automated
Policy Distillation +90% fewer|
deployment of distillation
Game Al Monte Carlo Tree[parameters; 5x .
AlphaGo-style . frameworks, multi-
Search (MCTS) faster inference. ]
models agent collaboratio.
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Domain Case Study Technique Outcome Future Directions

Dynamic Reward- )
20% higher success

Dynamic grasping|Guided Distillation Sim-to-real transfer

Robotic Control ) .. |rate; adapts to )
for robotic arms |+ Imitation| ) learning.
i unseen objects.
Learning
Personalized Value Function|75% lower memoryMultimodal
Dialogue Systems |(dialogue modelDistillation + RL[usage; retains reply|distillation (text +
compression dialogue policies |quality. speech + vision).

Hierarchical Policy

Lightweight o 10x smaller model;|Privacy-preserving
Distillation +
Healthcare medical  imaging . 95% diagnostic/distillation in
Uncertainty-aware
diagnosis models accuracy. federated learning.
rewards
. .. |Value Function<50ms planning|Vehicle-road
Autonomous Real-time edge-side

. ) Distillation + Safety-/delay; 40% lower|collaborative
Driving path planning . ] o
constrained RL accident rate. distillation.

A. Large Language Model Compression

As large language models (LLMs) have shown powerful capabilities in multiple natural
language processing (NLP) tasks, the size of the models has gradually increased, resulting in a sharp
increase in computational costs and storage overhead. This makes the actual deployment of large
language models face many challenges, especially on resource-constrained devices. Recent studies
have explored integrating LLMs with dynamic intent modeling to improve efficiency without
compromising performance [22]. In addition, Retrieval-Augmented Generation (RAG) techniques,
such as RAG-Instruct, have been introduced to enhance LLMs by incorporating external knowledge,
improving zero-shot performance, and addressing task diversity limitations [23]. Therefore, model
compression has become a key technology to improve the efficiency of large language models. Large
language models, especially those based on the Transformer architecture, such as GPT-3, BERT and
Llama3, have billions or even tens of billions of parameters. Although these models perform well in
retaining domain-specific knowledge acquired during pretraining while maintaining efficiency, they
also bring huge computational and memory burdens [24]. For practical applications, especially on
edge devices or low-resource environments, it is often unrealistic to deploy large language models.
Traditional large language models often require a large number of parameters to capture complex
language information, resulting in very high computational and storage overheads.

Beyond knowledge distillation, architectural innovations in base models also contribute
significantly to deployment efficiency. The hybrid Transformer model integrating Bayesian
optimization and BiGRU layers [25] demonstrates how structural enhancements can achieve 99.73%
fake news detection accuracy with rapid convergence within 10 training epochs. This aligns with RL-
driven distillation objectives by showing that model compression and architectural optimization can
be complementary approaches — where distillation preserves reasoning capabilities while
architectural improvements enhance feature extraction efficiency.

Therefore, some compression methods for large language models have been proposed. Transfer
the knowledge of the teacher model to a smaller student model. By letting the student model imitate
the output of the teacher model, the student model can achieve performance close to that of the
teacher model at a smaller capacity. Usually, the student model is trained by minimizing the KL
divergence between the outputs of the teacher model and the student model. In addition, by
removing some unimportant connections or neurons in the model, the size of the model can be
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reduced. Pruning technology usually needs to be performed after the model training is completed.
By analyzing the importance of each connection, those parts that have little impact on the model
performance are removed.

B. Autonomous Driving

Autonomous driving technology is an important research direction in the field of artificial
intelligence in recent years. Its purpose is to enable cars to make autonomous decisions and control
through artificial intelligence algorithms, thereby realizing unmanned driving. Autonomous driving
vehicles not only rely on perception and control technology, but also require efficient decision-
making systems to make reasonable responses according to environmental changes.

However, autonomous driving vehicles must accurately perceive the surrounding environment,
including road conditions, pedestrians, other vehicles, traffic signals, etc. Environmental perception
requires the use of a variety of sensors, such as lidar, cameras, ultrasonic sensors, etc., to generate
high-precision environmental models. Autonomous driving systems not only need to make
decisions, but also need to convert decisions into specific control instructions to control the
acceleration and steering of the vehicle to ensure that the vehicle drives smoothly and safely.

In reinforcement learning, the goal of the autonomous driving system is to learn the optimal
driving strategy by maximizing the cumulative reward. The Q-learning method is usually used, and
the Q value update formula is:

Q(spar) « Q(spag) +afr + V"ZC}xQ(StH' a') = Q(sp ap)l
whre s; is the state, a; is the action, r; is the immediate reward, y is the discount factor, and « is
the learning rate.

C. DeepSeek

The core idea of DeepSeek is to use distillation technology to extract knowledge from a large-
scale teacher model, and by optimizing the training process, the student model can retain the
performance of the teacher model while greatly reducing the number of parameters. This
compression method usually ensures that the student model can perform similarly to the teacher
model on multiple tasks through multiple rounds of training and fine parameter adjustment.

DeepSeek is particularly suitable for deploying deep learning models on resource-constrained
devices, and can effectively reduce the size and computational complexity of the model. In addition,
mobile devices have limited computing power and storage space. DeepSeek compresses the model
to enable large-scale models to run on these devices. The distillation loss function of DeepSeek is:

LDeepSeek = aLce(y' y) + (1 - a)LKD (y' yT)
where L, is the cross entropy loss, Lxp is the knowledge distillation loss, yr is the output of the

teacher model, and a is a hyperparameter that adjusts the balance between teacher and student
knowledge.

6. Conclusions

This paper reviews the latest progress in combining reinforcement learning with knowledge
distillation, focusing on methods such as policy distillation, value function distillation, and dynamic
reward-guided distillation. In addition, this paper discusses the challenges faced by reinforcement
learning-driven distillation methods, such as simplifying complex policies, handling temporal
dependencies, and balancing exploration and exploitation, and proposes possible solutions. Finally,
this paper explores the application of reinforcement learning-driven knowledge distillation in areas
such as game Al robot control, and dialogue systems.
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