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Abstract

Relation extraction (RE) is a fundamental task
in information extraction. Still, existing su-
pervised approaches rely heavily on large-
scale annotated data, limiting their applicabil-
ity in domain-specific and low-resource sce-
narios. Prompt-based methods with large lan-
guage models (LLMs) provide a parameter-
efficient alternative; however, their perfor-
mance is susceptible to prompt design, which
often requires extensive domain expertise and
heuristic trial-and-error. We propose REPO, a
deep reinforcement learning (DRL)-based au-
tomated prompt optimization framework for
domain relation extraction. REPO formulates
prompt construction as a structured, sequential
decision-making problem, optimizing prompt
quality through interaction with a black-box
LLM. To enable efficient and stable optimiza-
tion, we introduce a two-stage framework com-
prising an initial prompt-construction stage
that generates semantically grounded candi-
dates and a DRL-based refinement stage that
iteratively improves prompts within a con-
strained, domain-aware action space. We fur-
ther design a composite evaluation metric that
integrates extraction accuracy and semantic
consistency to serve as a dense reward sig-
nal. Extensive experiments on multiple re-
lation extraction datasets across medical, fi-
nancial, legal, and news domains demonstrate
that REPO consistently outperforms existing
prompt-based methods and supervised base-
lines. Ablation studies further confirm the
effectiveness and robustness of the proposed
DRL-based prompt optimization strategy.

1 Introduction

Relation extraction as a core task in information
extraction plays a critical role in applications such
as knowledge graph construction and alignment
(Chen et al., 2022; Zhang et al., 2022), question
answering (Luo et al., 2018), and knowledge re-
trieval (Yang, 2020). Deep learning approaches,

particularly supervised learning methods, have sig-
nificantly improved RE performance. However,
these methods rely heavily on large-scale, high-
quality annotated datasets (Zeng et al., 2014),
severely limiting their scalability across domains,
especially in specialized fields such as medicine,
law, and finance.

The in-context prompting paradigm of large
language models (LLMs), which uses natural-
language instructions to enable few-shot learning,
provides a direct mechanism to reduce this depen-
dency on annotated data. Encouraged by these
advances, researchers have begun exploring in-
context prompts for RE tasks, achieving encour-
aging results. Liu et al. (2024) proposes the Self-
Prompting framework, which includes synonym
and label generation and sentence rewriting to op-
timize the prompt. Lu et al. (2022) proposed
the SURE model to guide the model’s objectives
by applying entity marking and sentence rewrit-
ing strategies. These approaches primarily rely
on manually constructed templates, fully utilizing
prior knowledge embedded in PLMs (Pre-trained
Language Models). Li et al. (2023a) summarizes
the semantic relation between head and tail entities
to reason multi-step for summarization, and ques-
tion and answer. While this method reduces task
complexity, its label mapping process remains rel-
atively intricate, leaving room for further optimiza-
tion. More importantly, the manual design of high-
quality prompts itself is a labor-intensive process
that demands extensive domain expertise and iter-
ative experimentation (Jiang et al., 2020), which
fundamentally limits the efficiency and broader ap-
plicability of these methods.

Against this background, automated prompt
generation have emerged as a key approach, aim-
ing to reduce manual overhead and improve scal-
ability. Luo et al. (2025) introduces TAPO, a
multitask-aware prompt optimization framework
integrating task-aware metric selection, multi-



metric evaluation, and evolution-based prompt re-
finement which improves prompt generation and
enhances LLM adaptability across diverse tasks.
As LLMs are highly sensitive to the surface form
of prompts. Slight variations in wording, struc-
ture, or example ordering can lead to substantial
performance fluctuations, especially in structured
prediction tasks. Zhao et al. (2024) propose a
method that includes automatic template genera-
tion, weighting, grouping, and optimization, effec-
tively addressing template bias. Nevertheless, it re-
quires additional entity-type annotations that lack
generalization.

However, the effectiveness of automated
prompt generation for relation extraction is
constrained by two key challenges. On the one
hand, prompt optimization for relation extraction
entails a combinatorial and sequential decision
process over heterogeneous components, includ-
ing template structures, lexical realizations, entity
descriptions, relation constraints, and example
formats. Reliance on unstructured search strate-
gies makes it difficult to efficiently explore this
space, leading to slow convergence and high
computational cost. On the other hand, existing
automated prompts lack explicit modeling of
domain-specific relation semantics, which limits
their generalization to domain-specific relation
extraction scenarios such as medicine and law.

To address these challenges, we propose a struc-
tured, controllable two-stage framework for au-
tomated prompt optimization in domain relation
extraction, employing deep reinforcement learn-
ing (DRL) for fine-grained prompt refinement.
During the initial prompt construction stage, we
leverage large language models’ semantic under-
standing to generate candidate prompts from ex-
ample instances automatically. In the prompt-
optimization stage, DRL is introduced to learn
prompt-enhancement strategies that iteratively re-
fine these candidates toward optimal prompts. Fur-
thermore, by analyzing the relation extraction task,
we propose a comprehensive prompt quality eval-
uation metric that integrates supervised metrics
with similarity-based metrics, enabling a multi-
dimensional assessment of prompt effectiveness.
Our main contributions are as follows.

(1) We propose a two-stage prompt optimiza-
tion framework that decomposes prompt learning
into candidate generation and fine-grained refine-
ment, enabling efficient DRL-based optimization
within a constrained search space.

(2) We formulate prompt optimization for re-
lation extraction as a sequential decision-making
problem, explicitly encoding domain knowledge
through a structured action space and domain-
aware state representation.

(3) We conduct extensive experiments on mul-
tiple relation extraction datasets across different
domains, demonstrating that the proposed method
consistently outperforms existing prompt-based
and supervised baselines, and validating the ef-
fectiveness of the RL-based prompt optimization
through ablation studies.

2 Related Works

Relation extraction (RE) aims to identify struc-
tured triples (head entity, relation, tail entity)
from natural language text. Traditional deep
learning approaches to RE can be broadly cate-
gorized into pipeline-based methods (Xu et al.,
2015), span-based methods (Dixit and Al-Onaizan,
2019; Mandya et al., 2020), sequence-to-sequence
(Seq2Seq) methods (Nayak and Ng, 2020; Zeng
et al., 2020), and machine reading comprehension
(MRC)-based methods (Li et al., 2019; Zhao et al.,
2021). With the emergence of large language mod-
els (LLMs), recent work has explored leveraging
their strong language understanding and reasoning
capabilities for relation extraction.

One line of research enhances RE by integrating
LLMs with auxiliary modules or external reason-
ing frameworks. For example, Li et al. (2023b)
combine LLMs with a natural language infer-
ence module to generate relational triplets, achiev-
ing improved performance on document-level RE
tasks. While effective, these approaches typi-
cally require additional model components and
customized training pipelines, increasing architec-
tural complexity and computational overhead and
limiting scalability.

Another line of work focuses on fine-tuning
LLMs for relation extraction. Wadhwa et al.
(2023) train the Flan-T5 model using Chain-of-
Thought (CoT) style explanations to enhance rela-
tional reasoning and extraction accuracy. Despite
their strong empirical performance, fine-tuning-
based methods generally rely on large-scale, high-
quality annotated datasets and incur substantial
computational costs, making them less practical in
low-resource or domain-specific scenarios.

More recently, prompt-based relation extrac-
tion has emerged as a parameter-efficient alterna-
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Figure 1: Relationship extraction prompts construction process

tive, in which LLMs perform RE via carefully
designed prompts without updating model param-
eters (Mann et al., 2020). Wan et al. (2023)
improve entity—relation alignment by retrieving
task-relevant examples and incorporating logical
reasoning demonstrations into prompts. Gutier-
rez et al. (2022) introduce a k-nearest neigh-
bors (kNN) retrieval module to select representa-
tive in-context examples and systematically con-
struct effective prompts, improving GPT-3s perfor-
mance on bioinformatics information extraction
tasks. Zhao et al. (2024) further explore prompt
template design by varying the number of demon-
strations and relation types, achieving notable im-
provements in entityrelation extraction.

Although prompt-based methods substantially
reduce annotation requirements and deployment
costs, they still face several fundamental chal-
lenges. Prior studies have shown that LLMs
are highly sensitive to prompt formulations, and
even semantically similar prompts can yield signif-
icantly different performance. Moreover, existing
prompt construction strategies are largely heuris-
tic, lacking unified optimization objectives or prin-
cipled search mechanisms. Most approaches rely
heavily on manual design choices, domain exper-
tise, and extensive trial-and-error, particularly in
domain-specific RE tasks. As a result, prompt
quality is difficult to control, performance stability
is hard to guarantee, and adapting prompts across
domains or datasets remains costly and inefficient.

In contrast to prior prompt-based RE methods
that treat prompt design as a static or heuristic pro-
cess, our work formulates prompt construction as

a structured and sequential decision-making prob-
lem. By explicitly incorporating domain knowl-
edge into a constrained action space and optimiz-
ing promptsvia a two-stage reinforcement learning
framework, our approach provides a principled,d
scalable solution for robust prompt optimization
in relation extraction.

3 Method

To address the aforementioned issues, we pro-
pose Reinforcement Learning-based Automated
Prompt Optimization for Domain Relation Extrac-
tion(REPO). We formulate automated prompt con-
struction for relation extraction as a structured op-
timization problem, consisting of two sequential
stages: (i) an initial prompt generation stage for
producing semantically reasonable seed prompts,
and (ii) a reinforcement-learning-based prompt op-
timization stage for controlled and performance-
driven refinement. We also propose a composite
metric termed Relation Extraction Prompt Quality
Score (REPQS). REPQS measures prompt quality
from both prediction accuracy and semantic align-
ment perspectives, providing a more robust signal
than conventional task metrics alone. An overview
of the framework is illustrated in Figure 1.

3.1 Reward Signal and Evaluation Metric

To ensure that prompt optimization aligns with
downstream task objectives, we design a compre-
hensive evaluation metric, REPQS, that serves as
both an evaluation criterion and a reinforcement
learning reward signal. This metric jointly consid-
ers extraction accuracy and semantic consistency,



enabling more precise and stable optimization of
prompts for relation extraction.

Formally, given a prompt p, an input text , and
the LLM output y = LLM(p | ), while y* de-
notes the ground-truth relational triple. Fi(-) is
the standard F1 score, measuring the overlap be-
tween predicted and ground-truth relation triples
in terms of precision and recall; Sim(-) quanti-
fies the semantic similarity between predicted and
ground-truth triples; o and 3 are weighting coef-
ficients that balance task accuracy and semantic
consistency. The REPQS score of p is defined as:

REPQS(p) = - Fi(y,y") + B - Sim(y,y*) (1)

F1-based Evaluation. For the F}(-) component,
relation triples (ej,r, eq) are extracted from the
LLM output and compared against annotated
ground-truth triples. Precision and recall are com-
puted based on exact matching of entities and rela-
tions, and the F1 score is calculated accordingly.

Semantic Similarity Evaluation. To capture
partial correctness and semantic proximity, the
Sim(-) component measures similarity at the em-
bedding level. Specifically, we employ a pre-
trained language model to obtain vector represen-
tations for entities and relations in both predicted
and ground-truth triples. For each predicted entity
(or relation), cosine similarities with all ground-
truth entities (or relations) are computed, and the
maximum similarity score is selected. The final
similarity score is obtained by averaging the entity-
level and relation-level similarities and normaliz-
ing the result to [0, 1].

By combining exact matching and semantic
similarity, REPQS provides a dense, informative
reward signal, enabling stable prompt optimiza-
tion even under limited supervision and mitigating
the sparsity issues associated with pure accuracy-
based rewards.

3.2 Stage 1: Initial Prompt Construction.

To provide a stable, semantically grounded initial-
ization for subsequent reinforcement learning, we
design a heuristic algorithm (Algorithm 1) to con-
struct an initial prompt set automatically. This
stage aims to generate a compact, diverse, and
high-quality search space rather than exhaustively
exploring free-form prompt variations.

The algorithm first constructs the initial seed set
Dseed DY selecting the Top-k% prompts via REPQS
(Line 4). It then enters an iterative optimization

loop (Lines 5 to 21) until the maximum number of
rounds, max_round, is reached or convergence is
achieved. In each round, a large language model
(LLM) rewrites the current seed prompts to gener-
ate semantically equivalent variants with more op-
timal structures, which are subsequently merged
with the original seed set. Based on REPQS,
the Top-k% prompts are filtered to maintain qual-
ity and reduce the search space, and the optimal
prompt best_prompt is updated.

Algorithm 1 Automatic construction of prompt

Require: Supply relation extraction dataset R,
number of iterations max_round, initial
prompt p

1: previous_score <— 0, best_score <
best_prompt <— None

2: r < random_sample(R)

3: [+ LLM(r)

Dseed < {pi | pi € I,Rank(REQPS(p;)) <

len(I) x k%}

while round < max_round do
I < re_write(pseed)

I+ Dseed U 1
update_best_prompt(1)
I < {pi | pi € I,Rank(REQPS(p;)) <

len(l) x k%}

10 if round mod 5 = 0 then

11: resample(])

12: end if

13: current_score < mean (>  REQPS(p;)),
pi€l

14 delta < current_score — previous_score

15: if abs(delta) < 0.05 and holds for three
consecutive iterations then

-1,

»

L X 3w

16: break

17: end if

18: Dseed < 1

19: previous_score <— current_score
20: round < round + 1

21: end while
22: return best_prompt

To preserve semantic diversity and avoid prema-
ture convergence, the algorithm resamples the fil-
tered prompt set every five rounds. Convergence
is determined by calculating the difference ¢ be-
tween the average REPQS scores of the current
and previous rounds. If the absolute value of delta
is less than 0.05 and this condition holds for three
consecutive rounds, the algorithm terminates early.
During the iteration, the seed set pgecq and the his-



torical average score are continuously updated.

Upon completing the loop, the algorithm out-
puts the optimal prompt best,rompt with the
highest score throughout the optimization process.
This stage ultimately yields a compact, diverse,
and task-aligned prompt set, significantly reducing
the search space and laying a solid foundation for
stable, efficient reinforcement learning-based opti-
mization in the subsequent stage.

3.3 Stage 2: Reinforcement Learning-based
Prompt Optimization.

With the seed prompts obtained in Stage 1, we fur-
ther refine prompts through reinforcement learn-
ing to better adapt them to domain-specific RE
tasks. Instead of unconstrained natural-language
editing, we cast prompt optimization as a sequen-
tial decision-making problem over a structured, in-
terpretable action space, enabling controlled ex-
ploration while preserving semantic validity.

MDP formulation. Prompt optimization is for-
mulated as a Markov Decision Process (MDP) de-
fined by (S, A, R). Since the transition dynamics
are unknown and the LLM operates as a black box,
a model-free reinforcement learning approach is
adopted.

The state s; € .S represents the semantic state
of the current prompt at step . Concretely, the
prompt text is encoded by a BERT encoder, and
the hidden representations from the final layer are
aggregated as a contextualized semantic embed-
ding. This representation jointly captures prompt
structure, entity-related cues, and relation-oriented
semantics, which are critical for guiding effective
prompt edits.

Action space. The action space in REPO is in-
tentionally constrained to a set of predefined, task-
relevant prompt editing operations, such as re-
fining relation descriptions and adjusting entity
role specifications. This design choice does not
aim to guarantee theoretical near-optimality, but
rather to ensure semantic validity and stable opti-
mization trajectories. In contrast to unconstrained
prompt rewriting, the structured action space re-
duces semantic drift and enables more reliable ex-
ploration during RL-based prompt optimization.
The action space A consists of 11 predefined
prompt-editing operations (Table 1), designed ac-
cording to both relation extraction characteristics
and domain-specific prior knowledge. These ac-
tions are grouped into seven categories:

i. Original prompt retention, which allows the
agent to keep the current prompt unchanged to
prevent over-optimization when a locally optimal
prompt has been reached;

ii. Structure rewriting, which modifies sentence
patterns to improve linguistic diversity and robust-
ness to varied expression styles;

iii. Vocabulary regularization, which aligns
relation-related expressions with canonical label
definitions, reducing semantic ambiguity across
different surface forms;

iv. Entity information enhancement, including
adding entity types, descriptive attributes, and po-
sitional emphasis, to strengthen the models dis-
crimination of entity roles;

v. Relation information enhancement, which
supplements relation semantics and explicitly clar-
ifies relation directionality (head vs. tail entity);

vi. Example augmentation, incorporating a
small number of inputoutput pairs or sentence tem-
plates in a few-shot manner to provide task demon-
strations;

vii. Output format refinement, which enforces
structured and label-consistent outputs.

By constraining the optimization process to
these semantically meaningful operations, the ac-
tion space balances expressiveness and tractabil-
ity, while maintaining interpretability and reduc-
ing the risk of semantic drift commonly observed
in automatic prompt generation.

Category 1D Specific Action
Original Prompt Avoid over-optimization
Structure Change sentence structure
Vocabulary Regularize and correct keywords

Add entity type

Entity Information Add entity description

. . Add relation description
Relation Information P

Enhance relation direction

0
1
2
3
4
5  Enhance entity position
6
7
8
9

Examples Add input/output pairs
Add sentence templates
Output Format 10  Enhance output format

Table 1: Prompt optimization action space

Reward design. Given a prompt p and an input
text x, the concatenated input [p : z] is fed into
a black-box LLM to produce output y. We adopt
REPQS as the basic reward signal. However, due
to variations in input difficulty and stochasticity in



LLM inference, single-instance rewards can be un-
stable.

To address this issue, we define the reinforce-
ment learning reward at the prompt level as the
mean REPQS over a dataset 7 (x,y):

1 n
M-REPQS(p) = - > Ry(wi), 2)
i=1

where R, (x;) denotes the REPQS score of prompt
p on input x;. This averaged reward reduces vari-
ance and provides a more reliable optimization sig-
nal for policy learning.

Optimization algorithm. We adopt the Double
Deep Q-Network (DDQN) algorithm to learn the
optimal prompt-editing policy and alleviate Q-
value overestimation. The BERT-encoded prompt
representation is fed into a task-specific multilayer
perceptron (MLP) to estimate action-value func-
tions for all candidate actions.

To improve training stability and sample effi-
ciency, an experience replay buffer stores tran-
sitions (s, at, ¢, S¢4+1) collected during interac-
tion with the environment. During training, mini-
batches are randomly sampled from the buffer to
break temporal correlations. Action selection fol-
lows an e-greedy strategy with linear decay, en-
couraging exploration in early stages and exploita-
tion of high-value actions in later stages. The on-
line and target networks are periodically synchro-
nized to further stabilize learning.

Through iterative interaction and reward-guided
updates, the agent progressively learns to ap-
ply practical prompt-editing actions, yielding op-
timized prompts that demonstrate strong perfor-
mance and robustness in low-resource relation ex-
traction settings.

4 Experiments

4.1 Datasets

We evaluate the proposed method on four relation
extraction datasets from different domains, includ-
ing medicine, finance, law, and corporate news.
For each dataset, we select representative relation
types to construct a focused evaluation setting.

(1) CMeIE!: A Chinese medical relation extrac-
tion dataset. We select samples with the relations
etiology, drug treatment, and clinical manifesta-
tion, resulting in 864 instances after filtering.

'https://github.com/Robin-WzQ/CBLUE_
CMeIE_model

(2) FinCUGE?: A financial news relation ex-
traction dataset. Only samples annotated with the
relations cooperation and ownership are retained,
yielding 1,219 instances.

(3) LexEval®: A Chinese legal case dataset. We
select four relation types: drug trafficking, human
trafficking, illegal harboring, and possession, re-
sulting in 497 instances.

(4) LCN *: A domain-specific dataset collected
from Cailian Press. After data cleaning and man-
ual annotation, we retain samples with the rela-
tions supplier, production, and composition, re-
sulting in 1,953 instances.

4.2 Baseline Methods

We compare our method with a range of represen-
tative prompt-based and supervised relation extrac-
tion approaches:

(1) APE (Zhou et al., 2023): an automatic
prompt generation framework that produces mul-
tiple candidate prompts from examples and itera-
tively selects and rewrites prompts based on per-
formance scores.

(2) OPRO (Yang et al., 2023):a prompt op-
timization approach that formulates prompt re-
finement as a natural language optimization task,
where the large language model iteratively gener-
ates and evaluates new prompts.

(3) SPO (Xiang et al., 2025): a prompt op-
timization framework that improves prompts via
self-supervised comparison of model outputs with-
out relying on annotated ground-truth labels.

(4) CasRel (Wei et al., 2020): a supervised neu-
ral relation extraction model based on cascade and
residual learning, which serves as a representative
end-to-end baseline.

4.3 Experimental Settings

For each dataset, we split the data into training,
validation, and test sets at 1:1:8. The training
and validation sets are used for prompt construc-
tion and optimization, while the test set is reserved
for final evaluation. We set the hyperparameter in
REPO score as =5, = 1.

We report Precision (P), Recall (R), and F1-
score as evaluation metrics. Precision measures
the proportion of predicted relations that are cor-
rect, recall measures the proportion of gold rela-

https://github.com/Macielyoung/
FinCUGE_Instruction

Shttps://github.com/CSHaitao/LexEval

*https://github.com/dddong2-star/REPO
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tions that are successfully identified, and F1-score
is the harmonic mean of precision and recall. All
reported results are computed on the test sets.

To further explore the potential value of prompt
optimization in improving model performance, we
also fine tune REPO (REPO-FT) applied to the
main large language model Qwen2.5-7B-Instruct-
1M by using the LoRA fine-tuning framework(Hu
et al., 2022), and compare the performance of the
fine-tuned model with the GPT-40 model.

5 Experimental Results

5.1 Main Results

Table 2 summarizes results on four domain-
specific relation extraction datasets. REPO consis-
tently achieves the highest F1 scores, demonstrat-
ing effectiveness and robustness in low-resource
and cross-domain settings. The performance gains
are further supported by the ablation study in Ta-
ble 3, which shows a consistent drop in F1 when
the prompt optimization component is removed.

REPO attains F1 scores of 0.72 on LexEval,
0.60 on FinCUGE, 0.58 on CMelIE, and 0.56 on
LCN, outperforming all prompt-based baselines:
APE, OPRO, and SPO. Compared to these, REPO
improves F1 by roughly 4% — 8%, with the most
significant gains on FinCUGE and LCN. OPRO
and SPO sometimes yield higher recall but have
consistently lower precision, resulting in lower F1
scores. REPO more evenly balances precision
and recall across datasets, indicating that its struc-
tured reinforcement-learning prompt optimization
reduces false negatives without adding noise.

Compared with the supervised baseline, Cas-
Rel and REPO demonstrate competitive or supe-
rior performance under limited-annotation condi-
tions. CasRel achieves substantial precision on
LexEval, where data is abundant, and relations are
less diverse. Still, its performance degrades on Fin-
CUGE, CMelE, and LCN due to scarce training
data and more varied relation expressions. In con-
trast, REPO, which does not rely on task-specific
supervised training, exhibits more stable perfor-
mance, highlighting its advantage when labeled
data are expensive or difficult to obtain.

We evaluate model fine-tuning by comparing
REPO to its fine-tuned variant, REPO-FT, on
Qwen?2.5-7B-Instruct-1M using LoRA. REPO-FT
achieves F1 improvements of 0.08 on LexEval,
0.05 on FinCUGE, and 0.07 on CMelE, with a
slight decrease on LCN. On average, fine-tuning

increases F1 by 4.7%, confirming that task-aware
parameter adaptation enhances RL-based prompt
optimization.

Across all four data sets spanning the medical,
financial, legal, and news domains, REPO con-
sistently improves performance, indicating strong
cross-domain generalization. These results sug-
gest that learning reusable, constrained prompt-
editing strategies via RL-based prompt optimiza-
tion enhances the stability and adaptability of
prompt-based relation extraction methods.

5.2 Ablation Study

To further analyze the sources of the performance
gains observed in the main experiments, we con-
duct ablation studies to disentangle the contribu-
tions of the two key components in the REPO
framework: the initial prompt construction stage
and the reinforcement learning-based prompt opti-
mization stage. Specifically, we compare the full
REPO model with two ablated variants: (i) Only
Init, which removes the RL-based optimization
stage and retains only the initial prompt construc-
tion, and (ii) Only RL, which removes the initial
prompt construction stage and performs prompt
optimization solely through RL. All other compo-
nents and experimental settings are kept identical.

Table 3 reports the F1 scores of the full model
and the ablated variants across four datasets. The
full REPO model consistently achieves the best
performance on all datasets, outperforming both
ablated variants. Compared to Only Init and Only
RL, the full model yields absolute F1 improve-
ments of 0.02/0.02 on LexEval, 0.04/0.07 on Fin-
CUGE, 0.03/0.05 on CMelE, and 0.04/0.05 on
LCN, respectively. These results indicate that the
two stages are complementary: the initial prompt
construction provides a strong and stable starting
point, while RL-based optimization further refines
prompts toward higher-quality solutions.

The performance gains vary across datasets,
consistent with the main experimental findings.
The most notable improvements are observed on
FinCUGE, which contains diverse relation expres-
sions and limited annotated data, indicating that
RL-based prompt optimization is particularly ef-
fective in challenging low-resource settings. On
LexEval, where baseline performance is relatively
strong, the improvements are smaller but consis-
tent, suggesting stable rather than dataset-specific
gains. Overall, the ablation results demonstrate
that the initial prompt construction stage effec-



Table 2: Experimental Results of Different Models on Four Datasets

Method  Model  Metric Dataset
Lexeval FinCUGE CMelE LCN
P 0.52 0.47 0.33 0.42
APE GPT-40 R 0.70 0.49 0.59 0.46
Fl 0.60 0.48 0.42 0.44
p 0.61 0.49 0.46 0.44
OPRO GPT-40 R 0.84 0.60 0.69 0.74
Fl 0.71 0.54 0.55 0.51
p 0.38 0.46 0.43 0.42
SPO GPT4o R 0.74 0.78 0.70 0.50
Fl 0.50 0.57 0.53 0.46
p 0.89 0.36 0.42 0.54
CasRel  BERT R 0.50 0.55 0.48 0.23
Fl 0.64 0.44 0.45 0.32
p 0.59 0.55 0.48 0.51
REPO GPT-4o R 0.93 0.75 0.72 0.62
Fl 0.72 0.60 0.58 0.56
p 0.71 0.59 0.59 0.40
REPO-FT Qwen R 0.91 0.73 0.73 0.70
Fl 0.80 0.65 0.65 0.51

Note: P=Precision, R=Recall, F1=F1-score; bold denotes the best results on each dataset.

Table 3: Comparison of F1-Scores between Ablation
Experiment and Full Model

Dataset Only RL  Only Init Full
LexEval 0.70 0.70 0.72
FinCUGE 0.56 0.53 0.60
CMelIE 0.55 0.53 0.58
LCN 0.52 0.51 0.56

tively constrains the search space, while the RL-
based optimization stage further refines prompts,
and their combination enables robust relation ex-
traction across different domains.

6 Conclusions and Future Work

This paper proposes REPO to improve perfor-
mance on relation extraction tasks. We have
designed a two-stage framework that combines
heuristic initialization with DRL optimization.
This design significantly reduces the adequate
search space, improves optimization efficiency,
and mitigates the instability commonly observed
in unconstrained prompt search. Compared with
representative relation extraction methods, REPO
outperforms the baselines across four datasets,
fully demonstrating its strong robustness and gen-
eralization in low-resource and cross-domain sce-
narios. In addition, the LoRA-based fine-tuning
experiment (REPO-FT) further verifies the frame-
work’s potential to enhance the task adaptabil-

ity of large language models. Through ablation
experiments, we also confirm that the RL-based
prompt-optimization component significantly im-
proves performance on the relation extraction task.

In future work, we will design a prompt-
compression and batch-evaluation strategy to re-
duce the number of tokens per interaction by
removing redundant expressions and standardiz-
ing prompt structures, thereby lowering computa-
tional overhead. Additionally, we will migrate the
core components of the basic framework to multi-
lingual pre-trained models and expand the action
space to support adjustments to grammatical struc-
tures across different languages.

7 Limitations

Despite its effectiveness, REPO has several limita-
tions. First, the framework requires iterative inter-
actions with large language models during prompt
rewriting and evaluation, leading to increased com-
putational cost and token consumption compared
to static prompt-based methods. Second, although
domain knowledge is encoded through a struc-
tured action space, adapting this design to new
tasks or domains may require additional manual
effort. Finally, our experiments are limited to Chi-
nese relation extraction datasets, and the general-
ization of REPO to multilingual or cross-lingual
settings remains to be explored.
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