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Abstract

We propose ERFSL, an efficient reward function searcher us-
ing large language models (LLMs) for custom-environment,
multi-objective reinforcement learning (RL). ERFSL gen-
erates reward components based on explicit user re-
quirements and rectifies them, and iteratively optimizes
the weights of these components based on textual con-
text. Applied to an underwater data collection RL task,
ERFSL corrects reward codes with only one feedback it-
eration per requirement, and acquires diverse reward func-
tions within the Pareto set. ERFSL also presents ro-
bust capability for deviated weights and small-size LLMs
such as GPT-40 mini. The full-text prompts, examples of
LLM-generated answers, and source code are available at
https://360zmem.github.io/LLMRsearcher/ .

Introduction

Reinforcement learning (RL) is useful for multi-objective
tasks; however, designing complex reward functions re-
mains challenging due to ambiguous and varied require-
ments(Hayes et al. 2022). Large language model (LLM)-
aided reward function design has demonstrated remarkable
performance in various scenarios, such as dexterous robots
control (Ma et al. 2024; Zeng, Mu, and Shao 2024; Yu et al.
2023) and Minecraft playing (Wu et al. 2024; Li et al. 2024),
yet issues such as incorrect code and imbalanced weights
may arise with intricate tasks. To address these challenges,
some approaches decompose complex tasks into several sub-
tasks or skills, while providing clear task feedback accord-
ingly (Mandi, Jain, and Song 2024; Triantafyllidis, Chris-
tianos, and Li 2024; Rho et al. 2024).

In this paper, we decompose the LLM-aided reward func-
tion generation into reward component design and weight
assignment, employing LLMs as white-box searchers un-
der textual context and clear feedback to fully leverage their
semantic understanding capabilities. The ERFSL’s architec-
ture and key prompts are shown in Figure 1.

Methodology

Environment Description. Task description is a common
part of most subsequent prompts, including text descrip-
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tions, environment code or APIs, and user requirements. We
decompose user requirements into specific numerical objec-
tives (e.g., achieving zero collisions for obstacle avoidance).
To avoid ambiguous descriptions and facilitate human modi-
fication, we design a meta-prompt to allow LLMs to enhance
the description quality.

Reward Code Generation. We borrow the LLM-aided
reward code design frameworks, creating a reward compo-
nent for each user requirement. However, the initial LLM-
generated code may be incorrect due to the absence of prior
knowledge about the environment and complex contexts.
Therefore, we test each component separately and correct
errors using the reward critic. LLMs can also fabricate nec-
essary variables and prompt users to complete them, han-
dling incomplete environment descriptions effectively.

Reward Weight Search. Multi-objective reinforcement
learning requires a balanced scale of reward components.
We first utilize a reward weight initializer to designate K=5
groups of weights to ensure the components’ values are on
the same scale by pre-calculating the values of reward com-
ponents. After that, LLMs suggest K=5 weight adjustments
and generate weight groups based on the training results
summarized by the training log analyzer. To prevent ambigu-
ity and potential redundancies in weight adjustments across
multiple input groups, inspired by genetic algorithms, the
searcher specifies the starting point and adjustment direction
(increase/decrease/fine-tune) to mutate (adjust) each weight.
For multiple weight adjustments, we conduct crossovers be-
tween the mutated input groups. Additionally, we separate
the process of generating adjustment suggestions and out-
put weight groups to shorten the prompt and ensure precise
understanding and execution.

Experiments and Main Results

We utilize ERFSL to design reward functions in a zero-shot
manner for a previous underwater data collection task via
multiple-AUV (Zhang et al. 2024; Xu et al. 2024) trained by
the TD3 RL algorithm, considering that marine tasks may
present more challenges and possess more user requirements
(Xie et al. 2024). We primarily use gpt-40-2024-08-06 (de-
noted as GPT-40), and also conduct tests with gpt-4o-mini-
2024-07-18 (denoted as GPT-4om). Similar to Eureka (Ma
et al. 2024), we design a baseline EUREKA-M that takes
multiple full reward functions along with their training logs
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Figure 1: The main architecture and prompt examples of the proposed ERFSL.

Setting GPT-40 [ GPT-40 w/o TLA [ GPT-4om
RWI 0.40+0.49

RWI-UB | 1.20+0.75 1.60+1.02 1.80+1.17
500x off | 5.20+1.46 6.40+1.86 8.60+1.74

Table 1: The number of iterations of searching weights under
different experiment settings, and each is performed 5 times.
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Figure 2: (a) Solutions generated from the reward weight
initializer. (b) Change of maximum value of w_service/w_ec
under different settings during iteration.

as input and outputs K=5 reward functions.

The reward critic can correct code errors with just one
feedback per component, which avoids errors that are hard
to correct when utilizing baselines like EUREKE-M, thanks
to the explicit feedback coming with task splitting.

Reward weight initialization and search. Table 1
presents the number of searches required to meet user re-
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quirements. Figure 2(a) illustrates the initial weight groups
generated by the reward weight initializer (denoted as
RWI), while Figure 2(b) depicts the maximum value
of w_service/w_ec in five weight groups during training,
demonstrating the best performance among the five repe-
titions. Two of the five sets of solutions generated by the
RWI achieve Pareto solutions. Even if the numerical refer-
ence and balance requirements (denoted as RWI-UB) are
removed from the prompt of RWI, only 0-3 searches are re-
quired to meet user requirements. When the energy weight
is increased by a factor of 500 (denoted as 500x off), the
reward weight searcher successfully identifies the problem
and adopts a flexible step size strategy, requiring only an
average of 5.2 adjustments. Moreover, EUREKA-M adopts
small, random step sizes and increases weights in a highly
random manner rather than decreasing the penalty for en-
ergy consumption, necessitating more searches.

The performance of GPT-4om. The splitting of the re-
ward weight search process shortens the context, thereby
avoiding the disadvantages faced by small-scale LLMs
(Shen et al. 2024). Although the answer quality of the con-
tent generation prompt is slightly degraded and the reward
weight initializer not functions, the performance of reward
code generation and reward weight search is adequate. Al-
though the step size selection lacks flexibility, the final per-
formance still surpasses that of EUREKA-M.
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