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Abstract. Through continuous exploration and repeated trials, reinforcement
learning (RL) enables agents to learn the optimal strategy, acquiring a certain
level of behavioral intelligence. However, in complex and dynamically changing
real-world environments, the state space and action spaces grow significantly
larger. This implies that agents need to explore the environment more extensively
to identify viable solutions. Unfortunately, such repetitive and inefficient explo-
ration often leads to increased training time, higher costs, and greater risks. Sev-
eral methods have emerged that use prior knowledge from large language models
(LLMs) to assist RL training, but many of these approaches do not consider the
issue of low sample efficiency. To address these challenges, we propose Policy
Regularization and reward shaping assisted by Large Language models (PRLL).
Firstly, PRLL calculates the similarity between LLMs-generated suggestions and
the agent's actions, using this as a regularization term, to constrain the agent's
exploration direction. Secondly, to efficiently align the agent's behavior with hu-
man preferences, PRLL employs LLMs to evaluate the alignment between the
agent's actions and human values, translating this evaluation into an intrinsic re-
ward signal. Experiments in both discrete and continuous action spaces demon-
strate that PRLL outperforms most baseline methods while requiring fewer train-
ing time steps.

Keywords: Deep reinforcement learning, Large Language Models, Policy Reg-
ularization, Reward Shaping.

1 Introduction

Reinforcement learning (RL) enables agents to learn appropriate strategies in a com-
pletely unfamiliar and dynamically changing environment through continuous explora-
tion and multiple trials, thereby acquiring a certain degree of intelligent decision-mak-
ing ability [15, 19, 33]. Consequently, RL has become an important method for the
practical application of artificial intelligence technologies [16, 18, 28], with wide ap-
plications in industrial robot control [29], intelligent medical diagnosis [3, 9], Multi-
player Online Battle Arena (MOBA) games [2], military operations [32], and more.
However, the necessity of learning through continuous exploration of the environment
implies that the agent needs to interact continuously with the environment until training
is complete, inevitably leading to some repetitive exploration. Especially in complex



and dynamic training environments, both the action space and the solution space be-
come larger, requiring the agent to explore the environment more extensively to obtain
the solution space.

This can easily lead to rapid increases in training time, costs, and levels of danger
[12, 25]. For example, in military applications, the training efficiency and decision-
making accuracy of unmanned combat agents are important for gaining battlefield ad-
vantages, particularly when the battlefield environment undergoes significant changes
due to natural disasters or human bombings. If the agents cannot quickly adapt to new
battlefield environments and changes in enemy situations, learn new strategies, and
make decisions promptly, it could delay decision-making time, affecting tactical exe-
cution and overall combat effectiveness. Therefore, addressing the issues of large solu-
tion spaces and low learning efficiency in traditional deep reinforcement learning is
crucial to ensure that agents can execute new tasks quickly and accurately.
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Fig. 1. The architecture of policy regularization and reward shaping assisted by large language
models (PRLL). On one hand, we utilize large language models (LLMSs) to provide action sug-
gestions for the agent under the current observation, and calculating the similarity between these
suggestions and the actions currently output by the agent to form a regularization term. On the
other hand, we use LLMs to evaluate whether the actions conform to given human preferences,
and provides corresponding intrinsic rewards to the agent.

Currently, methods for addressing the challenges of large solution spaces and low
learning efficiency in RL can be roughly categorized into three groups. The first cate-
gory includes offline RL and imitation learning, but acquiring a large amount of expert
demonstration data is difficult for complex and costly tasks [14, 26]. Moreover, the
state distribution in the data may have errors compared to the real environment. The
second category involves model-based RL, but constructing models for complex and
dynamically changing environments is challenging, and these algorithms lack transfer-
ability between different environments [22]. The third category is intrinsic motivation
RL method, but actions that lead to new states in the environment do not necessarily
mean they are solutions within the solution space [33].
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Additionally, some researchers have used large language models (LLMs) to address
problems in RL [4, 30]. ELLM [6] leverages LLMs for pre-training, providing agents
with goal suggestions in a task-agnostic manner. However, since it is not tailored to
specific tasks, some tasks may never be addressed during pre-training. LCA [5] uses
Vision Language Models (VLMSs) to map observations into text, which is then pro-
cessed by LLMs to generate subgoals. But it is limited to the task of stacking three
blocks in robotics. These methods provide agents with embeddings of subgoal texts,
requiring LLMs to be called at every time step. The frequent reliance on LLMs in-
creases time costs and fails to fully address the issue of low sample efficiency. In our
algorithm, we call LLMs only at critical time steps relevant to task completion. For
instance, in the unmanned ground vehicle (UGV) street-keeping scenario, LLMs are
invoked only when the UGV enters the area near a traffic light intersection.

To tackle this challenge, we propose the policy regularization and reward shaping
assisted by large language models (PRLL). In PRLL, there are two captioners, one of
which translates the current observations of the agent into descriptive text, while the
other translates the actions currently taken by the agent into descriptive text. Both
pieces of text are then input into the following two modules. On one hand, we utilize a
policy regularization method guided by LLMs. This method initially provides action
suggestions for the agent under the current observation based on the LLMs. Subse-
quently, it calculates the similarity between the suggestions and the actions currently
output by the agent, forming a parameterized regularization term. This term guides the
policy learning towards the solution space capable of completing tasks. On the other
hand, we employ a reward reshaping mechanism based on LLMs evaluation. We first
use the LLMs to evaluate whether the actions align with given human preferences.
Then, based on the degree of importance assigned to these human preferences, it pro-
vides the agent with a certain proportion of intrinsic rewards, assisting the policy in
learning the solution space with human preferences. By combining these two parts, we
form the PRLL to address the challenges of large solution spaces and low learning ef-
ficiency. The architecture is shown in Fig. 1.

We conducted experiments in the discrete action space of Crafter and the continuous
action space of the Unity3D UGV street-keeping scenario to validate the effectiveness
of PRLL. Additionally, we carried out ablation experiments to evaluate the influence
of policy regularization and reward reshaping on the PRLL algorithm. The results in-
dicate that our algorithm consistently outperforms most baseline methods across vari-
ous experimental environments while requiring fewer training time steps, highlighting
a greater learning efficiency for our approach.

The main contributions of this work are summarized as follows:

e We propose a policy regularization method guided by a LLMs to help the policy get
the solution space necessary for completing tasks.

e \We propose a reward reshaping mechanism based on LLMSs evaluation to assist the
policy in learning the solution space with abstract human preferences.

e Our algorithm outperforms most baseline methods in both discrete and continuous
action space environments, demonstrating greater sample efficiency for the agent by
requiring significantly fewer training time steps.



2 Related Work

The current methods for addressing the challenges of large solution spaces and low
learning efficiency in RL can be roughly categorized into three groups. The first in-
volves providing demonstration data, the second entails building environment models,
and the third involves designing intrinsic rewards. Offline RL and imitation learning
both involve learning directly from expert demonstration data [14, 26], utilizing the
prior knowledge in the data to help the agent narrow down the solution space. However,
both methods require the collection of expert demonstration data in advance, which can
be challenging for complex or costly tasks. Moreover, the state distribution in expert
demonstration data may have errors compared to the real environment, leading to the
agent learning incorrect action values. Model-based RL improves the efficiency of
learning policies by constructing environment models, including state transition models
and reward models, to predict the state and reward of the environment given the agent's
current state and action. However, constructing models for complex and dynamically
changing environments can be difficult. Additionally, this method lacks transferability
between different environments and may have limited generalization capabilities [22].

Intrinsically motivated RL methods primarily provide rewards based on the novelty
and predictability of the current state of the agent [33]. This encourages the agent to
explore parts of the environment that were previously unknown, thereby increasing the
coverage of exploration and speeding up policy learning. However, taking actions that
lead to new states in the environment does not necessarily mean discovering solutions
within the solution space. For instance, in the scenario of an UGV navigating through
streets, the frequent swaying of tree branches due to strong winds may provide pro-
longed novelty in the observations for the vehicle agent, but it may not significantly
affect the agent's driving behavior.

With the rapid development of LLMSs, some researchers have also utilized their in-
tegration with traditional RL to address their respective shortcomings [17]. ChatGPT
[23] utilizes RL in the training process of LLMs to align the model with human prefer-
ences, thoughts, and abstract goals. However, it lacks the capability to directly control
UGVs at the most granular level, making it impractical for direct real-world applica-
tions. SayCan [1] utilizes LLMs to decompose natural language commands issued by
users into a sequence of robot skills, and then multiplies the probability of skill success
judged by the feasibility function with the probability of skill utility judged by LLMs.
EUREKA [20] takes the source code of the environment and task description text as
inputs to a LLM. It then generates executable reward function code, and iterates be-
tween sampling reward functions, evaluating rewards, and reflecting on rewards to im-
prove the reward function.

Moreover, some researchers also utilize LLMs to address issues in RL [4, 30].
ELLM [6] embeds suggestions generated by LLMs into the input of the policy. How-
ever, calling LLMs for suggestions at each step consumes a significant amount of time
and resources. LCA (The Language-Centric Agent) [5] is centered around language,
leveraging LLMs and visual language models to comprehend the environment, decom-
pose tasks, and then output actions based on subtasks and the current state of the
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environment using RL policies. However, this is limited to the field of robotics and
requires providing examples of the desired language outputs.

Different from these methods, the main idea of our approach is to address the chal-
lenges of large solution spaces and low learning efficiency through policy regulariza-
tion and reward shaping assisted by LLMs. We leverage the commonsense knowledge
inherent in LLMs, which are zero-shot and do not require fine-tuning. Our approach is
lighter-weight compared to LCA and more efficient compared to EUREKA. Unlike
offline RL and imitation learning, we do not require the collection of demonstration
data. Additionally, we introduce a reward shaping mechanism based on LLMs evalua-
tion to imbue the agent with abstract human preferences such as safety and urgency,
without the need for designing corresponding reward functions.

3 Background

The RL problem can be formulated as a Markov Decision Process (S, A, P, R,y). Here,
S represents the state space and A represents the action space. P: & X A X § - [0,1]
is the transition probability function that describes the dynamics of the environment,
while R: § x A X § - R is the reward function and y € (0,1] is the discount factor
that determines the importance of future rewards relative to immediate rewards.

In RL, the policy that outputs actual actions for the agent and the policy that updates
values can be the same (on-policy) or different (off-policy). In off-policy algorithms, a
classic algorithm is TD3, which integrates the idea of DDQN into the DDPG algorithm,
addressing the issue of overestimation and suitable for continuous control tasks [8]. The
TD3 consists of six networks: the actor network T, criticl network @, , critic2 net-
work Q,, target actor network my, target criticl network @ o and target critic2 net-

work Q o Compared to the two critic networks, the updates of the actor network and

the three target networks are delayed. The loss function for the actor network is as fol-
lows, where ID represents the experience pool.

J2(0) = Eqp|—Qgp, (s,@)],a = my(s) (6]

The use of policy regularization in RL has already been employed. For example, con-
sidering maximum entropy during policy optimization [11] helps to enhance the ex-
ploratory nature of the policy to some extent. The loss function of SAC is as follows:

J(m) =¥ E(St,at)~pn[r(5t1 ay) + a?—[(n(- |St))] 2

where 3 (t( |s;)) is the entropy. In the PPO-Penalty algorithm [13], the stability of
training is enhanced by dynamically adjusting the coefficient 8 of the KL divergence
penalty term, thereby restricting the magnitude of policy optimization. The loss func-
tion is as follows, where A represents the advantage function [33].

199 = Eis,0-ny |22t 4% 50 a0) = BKL (my s, mo 150)| @)



To successfully train an agent in environments with sparse rewards, it often requires
the design of specific exploration mechanisms to boost rewards. This is referred to as
intrinsic reward, in contrast to the rewards provided by the environment, known as ex-
trinsic reward. Some intrinsic rewards encourage the agent to explore more states, oth-
ers to explore more state-action pairs, and some to learn more diverse objectives (like
ELLM and PRLL). RND calculates the error of the state encodings predicted by the
predictor network f(s,,,) and the target network f(s.,,) to measure the novelty of
states [19], providing the agent with a corresponding intrinsic reward.

R; = |1fo(St41) _]’c%(stﬂ)”z 4

The predictor network f is trained simultaneously with PPO, while the target network
f is initialized with random parameters 6 and kept fixed, with both neural networks
sharing the same structure.

4 Policy Regularization and Reward Shaping Assisted by LLMs

This section presents our proposed method, PRLL, designed to address the challenges
of expansive solution spaces and low learning efficiency. Our method comprises two
main components: (a) utilizing a LLMs-based policy regularization method to guide
policy learning towards solution spaces conducive to task-solving, and (b) employing
reward reshaping mechanisms assessed by LLMs to support policy learning towards
solution spaces aligned with human preferences.

4.1  LLMs-guided Policy Regularization

Regarding the use of LLMs for goal proposals in RL, ELLM [6] embeds the suggestions
generated by LLMs into the input of the policy. However, we propose a more efficient
approach to utilize suggestions generated by LLMs. As shown in Fig. 2, we calculate
the similarity between the suggestions from the LLMs and the actions selected by the
agent, and then We choose the highest suggestion similarity to form a regularization
term. In other words, we utilize the inherent prior knowledge in the LLMs to assist the
policy in narrowing down the solution space efficiently for task completion.

Two description captioners are used: one describing the state and one describing the
action. The state captioner C,, is responsible for converting the agent's current state
0, into text descriptions C,,(0,) following a fixed format. This includes the current
observations of the agent (e.g., in UGV street-keeping scenario: crosswalks, traffic
lights, grassy areas, other vehicles), the current status (whether it is driving or stopped),
and the available actions (e.g., possible driving directions on the current road: straight,
right, left). All this information can be obtained in Unity, and then utilized by the state
captioner to input the agent's current state in text form to the LLMs, helping the model
to comprehend the agent's current state. On the other hand, the action captioner C,.tion
converts the action a, selected by the agent's policy at the current timestep into text
Caction (@) (€.9., "stop in front of the crosswalk™).
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LLMs-guided Policy Regularization
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Fig. 2. The architecture of LLMs-guided Policy Regularization. We calculate the similarity be-
tween the suggestions from the LLMSs and the actions selected by the agent, and then choose the
highest suggestion similarity to form a regularization term.

In this module, besides describing the current state of the agent, scene descriptions and
task descriptions also need to be input to the LLMs. Scene descriptions refer to the
actions the agent can take in the current scene. For example, in UGV street-keeping
scenario, the agent's action space is continuous and includes only two dimensions:
steering and speed. Therefore, it is necessary to input the legal actions (continue driv-
ing, stop and wait, turn right, go straight, turn left, slow down, speed up) to the LLMs
to constrain the output of the LLMs. Task descriptions refer to a detailed introduction
of the agent's current role and task objectives. For instance, instructing the LLMs to act
as a car driver and provide the best action suggestions based on the current situation. In
this way, the LLMSs can generate k pieces of coarse-grained suggestions g}* at the pol-
icy level to guide the agent, rather than precise numbers such as degrees of steering or
specific speeds. In fact, LLMSs cannot provide such highly precise numbers.

After obtaining the action description text Cuerion(a.) and suggestions gt from
LLMs, we use SentenceBERT E [27] to calculate the cosine similarity between each
suggestion gt and the action description text Cheeion(a;), resulting in k similarities

T¢ (ac|ge):

E(Caction (at))E(gg)
E(Caction(@))IE(gp)Il’

Ti(at|gl) = iel..k] (5)
where E (Cyerion (ar)) is the embedding of the action description text and E(gf) is the
embedding of the suggestions. Higher similarity implies that the agent is attempting the
suggested action in a way that is beneficial for achieving the task, even though we do
not directly inform the agent of the suggestions. Then, we take the highest similarity as



the similarity T;(a,) between the current action and the overall task objective at the
current time step:

Te(ar) = max T/ (ac|gf) ©)

The reason is that LLMs often provide multiple viable approaches to complete a task,
and the agent only needs to follow one of these suggestions to achieve success. For
example, at a red light, the agent can either stop and wait for the green light before
going straight, or it can make a right turn to go around. The agent only needs to be
executing one of these actions, rather than driving onto the grassy area on the side of
the road.

Next, we use this similarity T, (a,) between the action and the task objective to form
a regularization term:

Jn(8) = E[Qy(s,a) — - T(s5)], a = ma(s) ()

where the parameter a represents the importance given to this similarity regularization
term. In this way, by adding the similarity between the current action and the task ob-
jective during policy optimization, the agent can leverage the general prior knowledge
from LLMs to more quickly narrow down the solution space and efficiently achieve the
predefined goals.

4.2  LLMs-evaluated Reward Shaping

Regarding the use of LLMs for reward design in RL, EUREKA [20] involves inputting
the environment's source code and task description text into the LLMs, allowing it to
generate executable and complete reward function code. We propose a novel reward
approach that supplements rewards with evaluation results from the LLMs, enabling
the trained agent to exhibit human preferences without the need to define reward func-
tions for each preference explicitly. The overall framework is illustrated in the Fig. 3.

The human preferences we refer to include safety, urgency, and other human-spe-
cific characteristics in decision-making. For instance, some individuals are cautious and
prioritize safety when driving. They strictly adhere to traffic signals and speed limits,
even slowing down before a crosswalk when the light is green to prevent potential ac-
cidents with pedestrians or vehicles. However, in urgent situations such as police pur-
suits or military support missions, the agent must reach the destination as quickly as
possible, disregarding traffic signals and speed limits but ensuring no collisions with
other vehicles or pedestrians.

Using the same state captioner and action captioner as in the previous module, we
obtain text descriptions of the state and action, which are then input to the LLMs. In
addition, we input a task description with a specific human preference (for example,
"you are a conservative and safety-oriented driver"), along with a query asking whether
the current action satisfies this human preference, and We constrain the LLMs to only
output "Yes" or "No". This way, the LLMs can evaluate whether the current action
aligns with our desired human preference. If the LLMs output "Yes", we consider the
reward given to the agent by the LLMs R_{llm} as 1. If the output is "No", the reward
from the LLMs to the agent R_{llm} is considered as 0.
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LLMs-evaluated Reward Shaping
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Fig. 3. The network architecture of LLMs-evaluated Reward Shaping. Given state descriptions,
action descriptions, and task descriptions with human preferences, we use LLMs to evaluate
whether the agent's behavior meets these human preferences. This evaluation is used as part of
the reward.

1 < "Yes"
Rym = {0 < "No" (8)

In different scenarios, the emphasis on the human preferences possessed by the agent
varies, hence the need for a parameter o to control the magnitude of the intrinsic re-
wards R;,; actually given to the agent. This parameter o is a constant between 0 and 1,
allowing for flexible adjustment according to different human preference requirements.
Subsequently, the intrinsic reward R;,; is added to the environmental reward R,,,, t0
form the total reward R for the agent.

Rint = 0Rym, 0 € R, 0 € [0,1] 9)
R« Renv + Rint (10)

In other words, if the LLMs deem the current action of the agent to align with the spec-
ified human preferences, an additional positive intrinsic reward is given to the agent.
This encourages the agent to perform more actions in line with human preferences,
facilitating the rapid narrowing of the solution space imbued with human preferences.



5 Experiments

In order to verify that the strategy regularization and reward reshaping mechanisms
based on LLMs can effectively improve sample efficiency, we conducted experimental
validation in the benchmark Crafter environment [6] and in a virtual simulation UGV
street-keeping scenario built on Unity3D, as shown in Fig. 4.

5.1 Experiment setting

Crafter is a partially observable 2D open-world survival environment inspired by Mine-
craft, originally introduced by Danijar Hafner [6, 24]. In the Crafter experimental envi-
ronment, the initial landscape is randomly generated, requiring the agent to explore its
surroundings, gather essential resources such as food and water, and craft specific tools
for survival. In each round, the agent earns a sparse reward of +1 for unlocking an
achievement. For every health point lost, the reward decreases by -0.1, while for each
health point restored, the reward increases by +0.1.

The UGV street-keeping scenario is a virtual simulation environment we developed
in Unity3D. This scene includes various elements such as traffic lights, crosswalks,
other vehicles, and lawns. The UGV needs to learn to navigate autonomously along the
road while avoiding collisions with other unmanned vehicles, all while considering spe-
cific human preferences (e.g., conservative safety or emergency support). The UGV
earns a reward of +1 each time it passes a checkpoint or crosses through a green traffic
light. Conversely, if it collides with another vehicle, a wall, or a lawn, it receives a
penalty of -7, which results in the immediate termination of the current episode.

Fig. 4. Diagrams of the PRLL experimental environments, including Crafter (top row) and UGV
street-keeping scenario (bottom row).



(0) 2025 International Conference on Intelligent Computing
; = July 26-29, Ningbo, China
https://www.ic-icc.cn/2025/index.php

i1C
i1C

We selected LLaMA 3.3 (70.6B) [7, 10, 31] as the LLMs for the PRLL algorithm.
Given that Crafter features a one-dimensional discrete action space represented by ac-
tion 1Ds, we built upon the DQN [21] algorithm to implement the PRLL. In contrast,
the UGV street-keeping scenario involves a two-dimensional continuous action space,
encompassing direction and speed, for which we utilized the SAC algorithm [11]. The
experimental hyperparameters for the PRLL algorithm are provided in Table 1.

Table 1. Hyperparameter table for PRLL algorithm experiment.

hyperparameters Crafter UGV street-keeping
discount factor 0.99 0.99

max steps 2000000 150000

update coefficient 0.005 0.005

update steps 8000 1

learning rate 0.0000625 0.0003

evaluate steps 25000 1000

evaluate episodes 10 3

5.2 Overall performance

We compare our algorithm with the following baselines: ELLM [6], DON [21], and
SAC [11], where ELLM is also an algorithm that combines LLMs with RL. In the
Crafter environment, we use the Crafter score as the evaluation metric, which is influ-
enced by the number of achievements unlocked by the agent, lost or recovered health
points, and the difficulty of the unlocked achievements. Additionally, we selected two
challenging achievements with preconditions, "deforestation™ and "make wood sword",
as human preferences. To fine-tune the trained policy for these downstream tasks, we
trained a new agent while replacing 50% of the random sampling with actions sampled
from the trained policy. The performance of the agent was then evaluated using
achievement scores. In the UGV street-keeping scenario, we utilize the cumulative re-
wards from the environment as the evaluation metric, which does not include the sparse
rewards provided by PRLL, and safe driving is the human preference. In this experi-
ment, we employ the authors' implementation of ELLM in the Crafter environment,
along with our own re-implementation of ELLM in the UGV street-keeping environ-
ment, using the recommended hyperparameters reported in their paper.

Table 2. Average results of the final 10 evaluations.

algorithms Crafter deforestation make wood sword UGV street-keeping

ELLM 75 23 0.7 39.2
SAC \ \ \ 24.6
DON 4.8 0.2 0.1 \

PRLL(Ours) 7.9%0.6 29+0.2 1.3+0.1 51.3+24
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Fig. 5. PRLL and the baselines' learning curves in the Crafter environment (top left, bottom left,
bottom right) and the UGV street-keeping environment (top right).

The results of our algorithm, along with all the considered baseline methods, are sum-
marized in Table 2. Additionally, as shown in Fig. 5, we plot the learning curves of
PRLL, DQN, SAC, and ELLM in the Crafter environment and the UGV street-keeping
environment. Obviously, PRLL demonstrates superior final performance with en-
hanced training stability, as evidenced by higher convergence trajectories and attenu-
ated oscillation patterns compared to baseline methods. Overall, our method performs
best in terms of average scores, regardless of whether the environment has discrete or
continuous action spaces. Moreover, our method requires fewer time steps to achieve
comparable scores compared to the other approaches.

5.3  Ablation

As shown in Fig. 6, we evaluate the impact of using or not using policy regularization
and reward reshaping on the performance of the PRLL algorithm. "PRLL without PR"
refers to PRLL without policy regularization, relying solely on the actor loss of the RL
algorithm for training. Meanwhile, "PRLL without RS" indicates that PRLL does not
use reward reshaping, depending instead on the original rewards from the environment
and a manually defined preference reward function to learn specific preferences.

We record the scores of these three algorithms after training for 2 million steps and
60,000 steps in the two environments, respectively. The results indicate that using
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policy regularization can better constrain the policy to select actions that align with
human common sense and are capable of completing tasks, leading to higher scores.
Additionally, although "PRLL" and "PRLL without RS" exhibit similar policy con-
straint capabilities, "PRLL" achieves a higher score, possibly because it is difficult to
design a reward function that describes abstract human preferences. Overall, relying
solely on policy regularization or reward reshaping is insufficient. It is also necessary
to leverage the common sense embedded within LLMs.

10 70
—— (PRLL)Ours —— (PRLL)Ours
PRLL without PR PRLL without RS
—— PRLL without RS —— PRLL without PR

@
3

8

Crafter score
environmental cumulative rewards
N oW s o
8 &8 & 8

>

)

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00 0 10000 20000 30000 40000 50000 60000
step 1e6 time steps

Fig. 6. The performance of PRLL, both with and without policy regularization (PR) and reward
reshaping (RS), is evaluated in the Crafter environment (left) and the UGV street-keeping envi-
ronment (right).

6 Conclusion

We propose the policy regularization and reward shaping assisted by large language
models (PRLL), aimed at addressing the challenges of large solution spaces and low
learning efficiency in traditional deep reinforcement learning. By computing the simi-
larity between the "suggestions” from large language models (LLMs) and the "actions"
of the agent, we form a regularization term to help policy get task-solving solution
spaces. Additionally, we introduce the use of LLMs to evaluate whether the policy's
output actions align with human preferences, providing corresponding intrinsic rewards
to assist policy learning towards solution spaces with human preferences. Our experi-
ments demonstrate that at the same time steps, our algorithm outperforms most base-
lines, significantly enhancing the learning efficiency of RL agents. Our method's out-
standing performance in intelligent unmanned ground vehicle (UGV) systems provides
a potential option for the widespread application of unmanned systems in the real world.
In the future, we will conduct further research on this.
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