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Abstract

Legal case retrieval remains challenging due to
the complexity of legal language and the need
for precise lexical alignment between queries
and relevant cases. Although dense retrieval
models have achieved notable progress, em-
pirical studies show that BM25 continues to
serve as a strong baseline in this domain. It
motivates us to propose a self-evolving frame-
work for rule-driven query rewriting that en-
hances BM25 without any parameter train-
ing. The framework equips an LLM-based
agent with an automatic evaluation environ-
ment, enabling it to iteratively create rewriting
rules, plan validation experiments over rule
combinations, and eliminate ineffective rules
based on historical feedbacks. We evaluate
our method on the Chinese legal case retrieval
benchmark LeCaRD-v2. Experimental results
demonstrate that the proposed framework out-
performs non-evolutionary baselines, includ-
ing human-designed rules and greedy rule se-
lection, particularly when powered by a high-
capacity core LLM. We also conduct detailed
analyses to investigate the mechanisms under-
lying self-evolution. Our findings reveal that
LLM’s capabilities to leverage previous exper-
imental results and its intrinsic knowledge of
rule elimination play critical roles in refining
the rule set via self-evolution.

1 Introduction

Legal case retrieval plays a vital role in support-
ing judicial decision-making, legal consultation,
and a wide range of downstream legal applications.
Given a natural-language description of disputes,
retrieval systems are expected to identify relevant
prior cases that share similar facts, legal issues, or
applicable statutes. This task remains challenging
due to the complexity of legal language, the length
of legal documents, and the requirement for pre-
cise matching of legal facts, statutes, and judicial
reasoning.

*Corresponding author.

Despite the rapid progress of dense retrieval
methods (Hu et al., 2024; Su et al., 2024) based on
neural embeddings (Chen et al., 2024; Li et al.,
2023; Tang et al., 2025), their effectiveness in
legal case retrieval remains limited. Previous
works (Rosa et al., 2021; Deng et al., 2024) re-
veal that lexical matching methods continue to
serve as strong and competitive baselines in the
legal case retrieval task. Our empirical study
on LeCaRD-v2 (Li et al., 2024) also shows that
BM25 (Robertson and Zaragoza, 2009) consis-
tently outperforms several representative dense re-
trieval models. These findings highlight that, rather
than replacing BM25 with dense retrievers, a more
promising direction is to enhance BM25 by lexi-
cally aligning queries with the relevant documents.

Building upon the strengths of BM25, we focus
on improving retrieval performance through query
rewriting. Query rewriting aims to bridge the gap
between queries and relevant legal cases by enrich-
ing queries with legal terminology, synonymous
expressions, or alternative formulations. Recent
progress in large language models (LLMs) (Yang
et al., 2025; OpenAl et al., 2025; DeepSeek-Al
et al., 2025; Gemma Team et al., 2025) make it fea-
sible to perform rule-driven query rewriting, where
an LLM rewrites queries by following explicitly
rewriting rules. Such rules offer interpretability and
controllability, which are particularly desirable in
the legal domain. However, designing high-quality
rewriting rules typically requires substantial do-
main expertise, while naive rule generation may
lead to suboptimal performance.

To address these limitations, we propose a self-
evolution framework for the rule-driven query
rewriting. The framework equips an LLM-based
agent with an automated validation environment
that enables iterative optimization of the rule set
without any parameter updates. Specifically, the
agent can autonomously (1) create new query-
rewriting rules, (2) plan validation experiments

43348

Findings of the Association for Computational Linguistics: ACL 2026, pages 43348-43365
July 2-7, 2026 ©2026 Association for Computational Linguistics



by selecting combinations of rules, and (3) elimi-
nates ineffective rules based on experimental his-
tory. Through repeated interaction with the en-
vironment, the agent continuously refines its rule
set, improving the effectiveness of retrieval in a
training-free manner.

We evaluate the proposed framework on the
LeCaRD-v2 benchmark (Li et al., 2024). Experi-
mental results show that the self-evolution frame-
work can outperform the non-evolutionary base-
lines, including human-designed rules and the
greedy strategy for rule selection. We also con-
duct further analyses to investigate the mechanisms
underlying self-evolution, revealing that the effec-
tiveness of self-evolution depends on the LLM’s
ability to plan new experiments by leveraging his-
torical results, as well as its capability to determine
appropriate timing for rule elimination.

In summary, our contributions are as follows:

* We revisit legal case retrieval, demonstrating
that BM25 still remains a strong baseline, and
enhance it with rule-driven query rewriting
strategies.

* We propose a novel self-evolution framework,
which enables the agent to iteratively optimize
rewriting rules through rule generation, exper-
iment planning, and rule elimination, without
any gradient-based training.

* We conduct extensive investigations to char-
acterize the behavioral dynamics of self-
evolving LLM agents, shedding light on the
intrinsic factors affecting agent’s capacity for
self-evolution.

2 Related Works

Prior work on autonomous or self-evolving agent
systems has recently garnered increasing attention,
particularly in contexts requiring adaptive behavior
and iterative improvement.

Several studies have explored mechanisms by
which agents can refine their internal strategies
without heavy human supervision. For instance,
AgentEvolver (Zhai et al., 2025) introduces self-
questioning, experience-guided exploration, and
fine-grained credit attribution to enable agents to
generate their own tasks, reuse experiences, and
improve exploration efficiency in complex envi-
ronments. The process can reduce reliance on
handcrafted datasets and fixed reinforcement learn-
ing pipelines, extending broader paradigms of self-

evolving agent architectures. EvolveSearch (Zhang
et al., 2025a) proposes iterative self-evolving
search agents. The system refines its retrieval be-
havior via ongoing self-improvement loops, in-
dicating that iterative evolution paradigms can
yield measurable gains for information search tasks.
However, these methods depend on reinforcement
learning to optimize the model’s action selection
strategy. They face challenges when applied to the
legal case retrieval task due to limited training data.

Recent work (Suzgun et al., 2025; Zhang et al.,
2025b) also focuses on evolving the contextual
information inputted into LLMs. They treat the
contexts in prompts as dynamic entities that can be
incrementally refined. The previous method, Agen-
tic Context Engineering (Zhang et al., 2025b), pro-
poses to generate, reflect on, and select contextual
elements in a playbook memory. These methods
emphasize evolving inputs and contextual repre-
sentations to improve downstream performance,
which resonates with our framework of evolving
rule sets for query rewriting rather than training
model parameters. However, our work explicitly
evolves a set of structural rules, which serve as the
instructions for downstream query rewriting, rather
than the agent’s intrinsic prompts.

3 Preliminaries

Legal case retrieval poses unique challenges due to
the complexity of legal wordings, long document
lengths, and the need for precise lexical match-
ing of legal facts, statutes, and judicial reasoning.
Despite the rapid advancement of dense retrieval
methods based on neural embeddings, their effec-
tiveness in legal case retrieval remains limited. Pre-
vious work (Rosa et al., 2021) argues that the BM25
function (Robertson and Zaragoza, 2009) continues
to serve as a strong baseline.

We compare BM25 with several representative
dense retrieval models on the held-out test set
of LeCaRD-v2 (Li et al., 2024), a Chinese legal
case retrieval benchmark. We consider three mod-
els: bge-m3 (Chen et al., 2024), SAILER_zh (Li
et al., 2023), and ReaKase-8B (Tang et al., 2025).
Among these models, bge-m3 is a general embed-
ding model for dense retrieval, while the other two
are embedding models that have been continually
trained on legal-domain data.

Table 1 presents the results under different cut-
offs. BM25 achieves the highest average recall
across different scales of retrieved candidates, out-
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Method L Recall @k Ave.

k=50 100 200 500 1000
BM25 X 3829 48.79 58.89 70.14 77.32 58.69

bge-m3 X 27.88 37.05 47.51 63.33 74.45 50.04
SAILER 19.22 2828 41.18 63.45 78.93 46.21
ReaKase 30.69 42.05 54.82 73.32 84.47 57.07

Table 1: Recall scores for BM25 and dense retrieval
based on distinct embedding models on LeCaRD-v2. £
denotes whether the model is trained on legal data.

performing both general and legal-domain em-
bedding models. Although ReaKase-8B and
SAILER_zh demonstrate competitive performance
in Recall@1000, their effectiveness remains signif-
icantly inferior to BM25 when limiting the amount
of retrieved candidates. Compared with BM25,
the two models exhibit performance drops of
7.60%~19.07% on Recall@50 and 6.74%~20.51%
on Recall@100.

The strong performance of BM25 motivates us
to enhance it through query rewriting rather than
replacing it with dense retrieval models. Query
rewriting aims to bridge the gap between user’s
queries and relevant legal cases by enriching or re-
formulating queries with legal terms. We leverage
a reasoning LLM to follow given rules and rewrite
queries. Figure 1 shows an example of the rules.
See the prompt of query rewriting in Appendix B.

The original rule in Chinese:
FSGAFIARBZEY B S TEA D REEETES,
VRINELTE] SCIA b SOIA] s R AR A

A RIBL - RiB2)- [REE3]- ...

The translated rule in English:

Synonym and Terminology Variant Expansion: For
each key legal concept, augment the query by incorpo-
rating its synonyms, semantically related terms, or com-
monly used variants.

Format: [Term A], [Term B], [Term C], ...

Figure 1: An example of query-rewriting rules.

4 Self-evolution Framework

We propose a self-evolution framework that en-
ables an LLM-based agent to autonomously dis-
cover, examine, and refine query-rewriting rules
for legal case retrieval. The framework is a closed-
loop agent-environment system, where adaptation
emerges from iterative interaction, rather than
gradient-based optimization. Figure 2 illustrates

the self-evolution framework.

4.1 Action Decision

The agent selects actions to drive the self-evolution
process. The action space consists of three cate-
gories: (1) creating a new rule, (2) planning an
experiment, and (3) eliminating an ineffective
rule.

At the interaction step ¢, the agent selects an
action based on its internal memories, which
comprises a sequence of recent actions A®) =
(ai—g, -+, ag—1) truncated by a fixed length £,
the current set of rules R, and the accumulated
experimental results S (1), We denote the action
selected at time ¢ as:

4 = 7(A®, RO gy

where 7 is the decision policy that is based solely
on the prompt in Appendix A.1. The policy op-
erates without any parameter updates during the
evolution process.

4.2 Rule Generation

Creating a new rule enables the agent to expand the
search space of query-rewriting strategies. At step
t, the agent generates a candidate rule by jointly
analysing the current active rule set R(*), the set
of eliminated rules R(t), and the accumulated ex-
perimental scores S(*). This analysis focuses on
identifying which rewriting operations contribute
positively to recall improvements and diagnosing
failure patterns exhibited by removed rules. The
agent then generate single new rule:

'n = fcreate_rule(R(t), R(t), S(t)),

where n equals to |R®| + |R®)| + 1.

The agent may generate a new rule through two
mechanisms. First, it can edit an existing rule by
modifying its description of rewriting operation,
with the goal of amplifying observed effective be-
haviors. Second, the agent can propose a novel
rule that introduces a completely different rewrit-
ing strategy not present in R(). To prevent degen-
eration and repeated exploration of unproductive
patterns, we require that the generated rule should
not be similar to the eliminated ones in R(*).

4.3 Experiment Planning

Planning an experiment allows the agent to assess
the effectiveness of different combinations of rules
for query rewriting. At step ¢, the agent selects a
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Figure 2: Self-evolution based on rule generation, experiment planning, and rule elimination.

subset of active rules from the current rule set R(t),
denoted as ) C R®) . The environment receives
these rules and rewrites the query by invoking an
external model. It then feeds back the test results
of rewritten queries s () to agent.

We employ the experiment history S®) to guide
the selection of rule combinations. Based on this
history, the agent estimates which combinations are
likely to yield further recall improvements, such as
complementary effects. To ensure efficient explo-
ration, the agent is restricted from selecting any
combination that has already been evaluated in
prior experiments.

We denote the experiment planning as:

C(t) = fplan_exp(R(t)v S(t))

The agent then appends the experimental result
<C(t), Sc(t)> to S,

4.4 Rule Elimination

Eliminating ineffective rules plays a vital role to
control the growth of the strategy space, preventing
the agent from exploring unproductive combina-
tions of rules. However, a rule may bring more
improvements in part of strategies but not in oth-
ers. The premature removal of potentially effective
rules can hinder long-term performance. To mit-
igate this risk, we adopt a two-stage mechanism
with self-consistency (Wang et al., 2023).

At step t, the agent first determines whether the
rule set R(*) contains any rule that should be elimi-
nated. This decision is repeated independently for
nq trials based on the same memories <R(t), S (t)>.
If the agent concludes that at least one rule should
be removed in more than d; X n; times, the elimi-
nation process proceeds to the second stage; other-
wise, no rule is removed at this step.

In the second stage, the agent identifies a specific
rule for removal. It selects a candidate rule from
R over ng independent trials, again conditioned
on <R(t), S(t)>. Arule r € R can be eliminated
if the agent selects it in more than Jo X no times.
The removed rule is transferred from the active
rule set R to the eliminated rule set R*), and is
excluded from subsequent experiment planning.

We formulate the elimination process as:

arg max Count(r),
reR®

a, otherwise,

if m > 69 X na,
Telim =

where m equals to max, . ) Count(r). We use
Count(r) to denote the number of times in which
the rule r is selected for removal across no trials.
We believe this two-stage consensus mechanism
can mitigate the risk of discarding effective rules
due to stochastic.
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4.5 Interactive Environment

The environment serves as an automatic test bed
that executes and evaluates the agent’s decisions.
The environment can invoke a specific LLM for
query rewriting, whose parameters are frozen and
does not perform any optimization.

If the agent plans to experiment at step ¢, it yields
a subset of rules C®® C R® to the environment.
The environment employs the external LLM to
rewrite queries according to the selected rules. It
subsequently evaluates the effectiveness of these
refined queries for legal case retrieval, providing
the recall scores s~ () back to the agent.

5 Experiments

5.1 Experimental Setup

Benchmark We evaluate the self-evolution
framework on the Chinese legal case retrieval
benchmark LeCaRD-v2 (Li et al., 2024), which
contains 800 queries and a retrieval pool with
55,192 documents. We partition the dataset into
two sets: a development set of 100 instances and a
test set of 700 instances.

Baselines We compare our framework against
three baseline methods to assess the effectiveness
of self-evolution.

(1) Human-written rules. We manually design
three rules based on expert knowledge in legal case
retrieval, and apply them jointly to query rewriting.

(2) LLM-generated rules without evolu-
tion (LLMGEN). We directly employ the core
LLM of the agent to generate multiple rules in a
single pass, with a human-written rule as examplar.
We adopt the combination of generated rules and
the human-written rule for rewriting.

(3) Greedy Strategy (GREEDY). Based on the
rules generated in Method (2) across multiple runs,
we examine each individual rule on the develop-
ment set. We select three top-performing rules as a
group for rewriting.

Implementation Details In the environment, we
employ Qwen3-4B-Thinking (Yang et al., 2025) to
rewrite queries in all experiments. We concatenate
the rewritten query with the original query, and
then use the BM25 algorithm for retrieval. We set
k1 to 1.2 and bto 0.75.

In the self-evolution process, we utilise
four LLMs as the agent’s core model, re-
spectively, including  Qwen3-4B-Thinking,
Qwen3-30B-A3B-Thinking (Yang et al., 2025),

gpt-o0ss-20b, and gpt-oss-120b (OpenAl et al.,
2025). Following the baseline methods, we
initially introduce one human-written rule as a
seed to the agent’s active rule set R. To ensure
self-consistency in rule elimination, we set nj
and ng to 7, 41 and d9 to 0.5. We conduct the
self-evolution process entirely on the development
set. The agent explores for up to 500 steps.
We then select the subset of rules with the best
performance from experiment history S and
evaluate its effectiveness on the held-out test set.

For each setting, we conduct five independent
runs. Given the inherent stochasticity of LLM-
based query rewriting, we perform the rewriting
process five times and report the average perfor-
mance. See more details in Appendix C.

5.2 Main Results

Table 2 reports the retrieval recalls on the LeCaRD-
v2 held-out test set. We include BM25 as a vanilla
retrieval baseline, along with two heuristic base-
lines: HUMAN-1, which applies single human-
provided rule for query rewriting, and HUMAN-3,
which combines three human-written rules. Across
all cutoff k, HUMAN-3 consistently outperforms
BM25 and HUMAN-1, indicating that a combina-
tion of high-quality rules with expert knowledge
can effectively improve legal case retrieval.

Beyond heuristic baselines, we evaluate the pro-
posed self-evolution framework using different
core LLMs for the agent and compare it against
two non-evolutionary baselines introduced in Sec-
tion 5.1. These baselines represent strong alterna-
tives that exploit LLM generation or empirical rule
selection without iterative evolution.

When using smaller models with less than 20B
parameters as the agent’s core LLM, the self-
evolution framework does not yield consistent im-
provements, particularly at lower cutoffs. Self-
evolution performs worse than GREEDY by Re-
call@50 of 0.05%~0.43% and Recall@100 of
0.08%~0.26%. The results suggest that smaller
models may lack sufficient reasoning capacity to
balance performance across multiple recall thresh-
olds. And insteadly, they may over-optimize for
metrics such as Recall@500 and Recall@ 1000,
which are easier to improve during evolution.

However, when we employ gpt-oss-120b as
the agent’s core LLM, the self-evolution frame-
work consistently outperforms all baseline meth-
ods across all recall cutoffs. It surpasses the greedy
strategy by +0.39%~+1.04% on the recall scores, as
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Recall@k

Method Avg.
k=50 k=100 k=200 k=500 k=1000

Heuristic Baselines

BM25 38.29 48.79 58.89 70.14 77.32 58.69
HUMAN-1 38.64:|:0.17 49-37:|:0.18 59~77:|:0.16 71.74:‘:0.13 79.07:|:0.19 59.72
HUMAN-3 38.764003 499141910 60404015 72914016 80.634013 60.52
Core Model: Qwen3-4B-Thinking

LLMGEN 38414011 494141023 59.834035 72-05:t0.56 79.68:&0,76 59.88
GREEDY 38.64i0A01 49.61i().07 60.054014 71971012 79.464013 59.95

EVOLVE (OLII‘S) 38.59:&0.26 49.53;&0_35

60.07041 72.621049 80.661074 60.29

Core Model: Qwen3-30B-A3B-Thinking

LLMGEN 38.404930 49.49 3>
GREEDY 38.53:&0,19 49.87:|:0,22
EVOLVE (Ours) 38.3840.19 49.614020

59941031 72171061 79724073 59.95
60.521001 73.051013 80.8814011 60.57
60.381042 73391031 81.751941 60.70

Core Model: gpt-oss-20b

LLMGEN 38.044046 49.171045
GREEDY 39-42i0.30 50-40i0.28
EVOLVE (Ours) 38.991017 50.254020

59.934041 72.651022 80.701941 60.10
61.161014 73.55+026 81471920 61.20
6147 916 74.04.033 8196 94 61.34

Core Model: gpt-oss-120b

LLMGEN 38.6541053 49.681(54
GREEDY 39331008 50.134023
EVOLVE (Ours) 39.69.034 50.64. 33

60.24.1051 72584058 80.454074 60.32
60.814020 73.194016 81.2514015 60.94
61.22 916 73901006 822910917 61.55

Table 2: Recall scores on the held-out test set of LeCaRD-v2. We report the standard errors across five runs and five

times of repeatedly query rewriting.

well as an average recall improvement of +0.61%.

Comparing the performance of EVOLVE and
HUMAN-3, we further find that when using
gpt-o0ss-20b and gpt-oss-120b as the core
LLMs, the rule combinations explored by the agent
outperform the manually designed rules on all re-
call metrics, with average improvements of +0.82%
and +1.03%, respectively. These two large LLMs
may have strong capabilities, enabling them to fol-
low the procedures defined in the self-evolution
framework. They may generate better rules and
explore more effective rule combinations.

6 Discussions

In this section, we dive into the underlying mecha-
nisms that drive self-evolution We investigate three
research questions: (1) how the quality of individ-
ual rules evolves during exploration; (2) how the
capacity of the core LLM influences experimen-
tal planning when exploiting previously validated
rule combinations; and (3) whether the agent can
reliably perform conservative, evidence-driven rule

elimination. Through these analyses, we aim to
shed light on the behavioral characteristics and
limitations of self-evolving LLM agents beyond
aggregate retrieval metrics.

6.1 RQ1: Evolution of Rule Quality?

The success of GREEDY motivates us to examine
whether the agent can propose better rules as the
self-evolution process conducts. We analyze the
performance of each individual rule and record the
time of its creation. For each run, the agent evolves
for 500 steps, and we partition the process into five
phases of 100 steps each.

We study the highest- and lowest-performing
self-evolving agents for analysis, which employ
gpt-0ss-120b and Qwen3-4B-Thinking as the
core LLM, respectively. Figure 3 illustrates the
distribution of rule performance within each phase
by boxplot. Across the two agents, we find that they
fail to consistently generate increasingly effective
rules over time. Instead, at each phase of evolution,
the agent produces a mixture of both effective and
ineffective rules. Both the median and the maxi-
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(b) Rules created by gpt-oss-120b.

Figure 3: Performance on dev set of individual rules cre-
ated by self-evolving agents at distinct phases. The red
dot at ¢ = 0 shows the performance of a human-written
rule, which is provided as the seed rule for agents.

mum recall of newly created rules fluctuate across
the five phases, without monotonicity.

The results suggest that the self-evolution frame-
work does not primarily rely on progressive im-
provement of new rules. The process of rule gen-
eration may introduce both promising and unpro-
ductive rules. We thus highlight the importance to
study downstream mechanisms, such as how the
agents with distinct core LLMs plan experiments
and eliminate ineffective rules.

6.2 RQ2: Effect of Core LLM Capacity on
Experimental Planning

We investigate how the agents plan experiments by
exploiting previously validated rule combinations.
Different from rule generation, experiment plan-
ning requires the agent to reason over the results in
S®, identify promising combinations, and design
new experiments that extend previous successes
rather than exploring unproductive regions of the
search space.

To analyze this process, we examine the chain-
of-thought texts (Wei et al., 2022) generated by the
core LLM when the agent plans each new exper-
iment. We find that the agent frequently justifies
its choice of a new rule combination by explicitly

57 |-

56 [~

Avg. Recall

54

53 | | | |
0 100 200 300 400 500

Step

(a) Using Qwen3-4B-Thinking as the core LLM.

Avg. Recall

53 | | | |
0 100 200 300 400 500

Step

(b) Using gpt-o0ss-120b as the core LLM.

Figure 4: Performance of the rule combinations men-
tioned by the agent when planning new experiments.
We illustrate the curves for five runs respectively.

mentioning one or more previously validated com-
binations. The new experiment is typically framed
as incremental modifications of these prior combi-
nations, such as adding or removing one rule. See
more case studies in Appendix D.

We extract the validated combinations refer-
enced by the agents when planning experiments.
We then compare these anchor combinations and
record the one with the best performance at each
step. We track the recall scores of referenced com-
binations over time in the evolution process of
Qwen3-4B-Thinking and gpt-oss-120b.

Figure 4 shows the performances of anchor com-
binations in five runs. We find in several runs of
Qwen3-4B-Thinking, the agent fails to select pro-
gressively better combinations of rules as refer-
ences. Specifically, in the fifth run (orange curve
in Figure 4a), the agent continuously plans new
experiments based on those previous combinations
worse than the seed rule. However, the results in
Figure 3a shows that Qwen3-4B-Thinking is ca-
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pable to generate superior individual rules than
the seed. It indicates that this model’s reasoning
capabilities may be insufficient to leverage the suc-
cessful results in the history S(*) for the design of
new experiments. As a result, the agent struggles to
explore combinations with better performance and
yields suboptimal recalls to the greedy strategy.

In contrast, across all five runs, gpt-oss-120b
can select stronger validated combinations as the
basis for new experiments, as it self-evolves on
more steps. We also find that, across multiple runs,
gpt-0ss-120b can achieve more convergent recall
scores at the final stage compared to other LLMs.
We believe that the capabilities to maintain and
exploit high-quality planning anchors is a key fac-
tor underlying why the agent using gpt-oss-120b
is the only one that consistently outperforms the
greedy strategy across all recall cutoffs.

6.3 RQ3: Faithfulness in Rule Elimination

Rule elimination is a critical component of the self-
evolution framework, since premature removal of
potentially effective rules may constrain the search
space, while permissive retention may lead to inef-
fective exploration.

We examine which rules are retained or dis-
carded in the evolution process. Figure 5 shows the
performance distributions of the retained rules and
the eliminated rules after self-evolution. Compared
with the discarded rules, the retained rules have
higher median and higher maximum recalls. The
self-evolving agents are capable of discerning the
quality of rules and attempt to eliminate ineffec-
tive ones. However, we find that gpt-oss-120b
may eliminate several effective rules, which almost
achieve the best performance of the retained rules.

We further examine the number of rules re-
tained at the end of evolution. When using
Qwen3-4B-Thinking as the core LLM, the agent
retains an average of 37.84+3.9 rules, although
the prompts in Appendix A.4 instruct it to keep
the scale of active rules not significantly larger
than 6 rules. Consequently, the search space for
rule combinations grows exponentially, prevent-
ing Qwen3-4B-Thinking from identifying effec-
tive combinations. gpt-0ss-120b can consistently
control the number of rules in memory R®) at
5.841.0 rules, but it sometimes discards a poten-
tially effective rule without sufficient experiments.

When exposed to lengthy evolving princi-
ples, current LL.Ms usually overemphasize a lim-
ited subset of these principles. For instance,

51 52 53 54 55 56
Avg. Recall

(a) Rules created by Qwen3-4B-Thinking.

| | | |
51 52 53 54 55 56

Avg. Recall

(b) Rules created by gpt-oss-120b.

Figure 5: Distributions of the retained rules and the
eliminated rules at the end of self-evolution. We employ
blue boxes to present the retained rules, while red boxes
for the eliminated rules.

gpt-0ss-120b tends to focus on control the num-
ber of active rules, which Qwen3-4B-Thinking
concentrates more on not eliminating the poten-
tially promising rules. As a result, during the self-
evolution process, even under explicit and detailed
decision-making constraints, the agents still fail to
align with human expert decisions.

7 Conclusion

We presented a self-evolution framework that en-
ables an agent to refine query-rewriting rules for
legal case retrieval in a training-free setting. By
interacting with an automated evaluation environ-
ment, the agent iteratively generates new rules,
plans experiments to assess rule combinations, and
eliminates ineffective strategies.

Experimental results on the LeCaRD-v2 bench-
mark demonstrate that the proposed framework,
when employing a capable core LLM such as
gpt-o0ss-120b, can consistently outperform non-
evolutionary baselines. Our work highlights the
potential of self-evolving agents for interpretable
and adaptive enhancement for legal case retrieval.

8 Limitations

Legal case retrieval is a critical task that sup-
ports real-world practices such as judicial decision-
making and legal consultation. It has been widely
adopted across jurisdictions that differ in language
and legal tradition. Since the structure of case doc-
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uments, the terminology, and other characteristics
may be different across judicial systems, we note
that when applying the proposed method to other
legal case retrieval benchmarks, it would be better
to provide the agent with appropriate seed rules at
the initialization stage of self-evolution.

We also note that the core LLM’s capabilities
to follow instructions play a vital role in self-
evolution. We have tried to employ non-reasoning
models to serve as the core LLM, for instance,
Qwen3-30B-A3B-Instruct (Yang et al., 2025).
However, this LLM cannot understand the format
constraints in the prompts in Appendix A, merely
generating meaningless rules. For instance, in the
description of the rewriting process, the model fails
to provide any descriptive texts but merely enumer-
ates several semantically redundant keywords, as
shown in Figure 6. Thus, we employ four reasoning
LLMs in this work, rather than further exploring
whether there are non-reasoning LL.Ms which can
serve as the core model in self-evolution.

The original rule in Chinese:

(R VAR S5 ~ [N RCRT ]~ GRE IR VAR ~ [
MEL] - [FRURR] - DFAR ]

w2 PR DR E2) R E3]S [RB4] - KR
5]~ [RiE6]

The translated rule in English:

[expiration of the statute of limitations], [lapse of the
limitation period], [exceeding the statute of limitations],
[limitation period has passed], [limitation invalid], [statute
of limitations has passed]

Format: [Term A], [Term B], [Term C], [Term D], [Term
E], [Term F]

Figure 6: An example of the meaningless rule generated
by Qwen3-30B-A3B-Instruct.

We also note that the core LLM’s capabil-
ities to understand and to generate Chinese
texts are important. We have tried to employ
Magistral-Small-2509 (Mistral-Al et al., 2025),
a multi-lingual reasoning LLM with 24 billion pa-
rameters, as the core model. However, the model
usually provides rewriting rules with language-
switching and fragmented phrases, as shown in
Figure 7. We do not further investigate how
LLM’s language-specific capabilities affect its per-
formance in self-evolving. Instead, we empirically
employ the four LLMs with promising capabilities
to understand Chinese instructions and generate
Chinese texts.

The original rule in Chinese:

TR AETE SCIIN R R R 2 R 5 B RR e SE Rk P
W, DR XERBE AR - BRI 24H K H
X, FIEEIUNFEZ

¥ [FfFca wm | [FEIN][E1IEEE 4 |[metalesus shakes
mrol B AR 1]

The translated rule in English:

Extensibility semantic-domain rule: Transform the
equivalence baseline obtained from the original interpre-
tation into a standardized definition through synonymous
paraphrasing. If need to distinguish Middle School Kind
Formula, it can cover Near Uri and Bottom

Format: [Printmaking Symbol ca #m], [Co-occurrence],
[Standard Combination], [metaJesus shakes =<°]’s Le-
gal Varients]

Figure 7: An example of the fragmented rule generated
by Magistral-Small-2509.
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A Prompts Employed in the
Self-Evolution Framework

This section details the prompts employed in our
self-evolution framework, including those for ac-
tion decision, rule generation, experiment planning,
and the elimination of ineffective rules.

At each step t of the self-evolution process, the
agent need to make a decision based on its memory,
i.e., the active rule set R(t), the eliminated rule set
R® and the experimental history S(®). We use the
mark ${rules} to denote the context representing
R while the mark ${elim_rules} for R(Y) and
the mark ${scores} for S®.

We also provide the performance of vanilla
BM25 to the agent, whose context is inserted into
the slot ${baseline_scores}.

A.1 Prompts of Action Decision

We present the Chinese prompt in Appendix A.1.1
and the corresponding English translated prompt
in Appendix A.1.2.

A.1.1 The Original Chinese Prompt of Action
Decision

The original prompt of action decision

R — B BHERIERT R . (REESEME
AR BN E NSRS, RIHERSUESRR R
R FHFEREATHREIE RREWRE N, £
Bt R, ARAT USRI 5 AFTHIRLI = o TF
SEAISUE R PR R o S BRARRIR I 2 7
X BAE, IRFERE TR TIERTIRI, RE
T RS R B — 5 5

# A R BRI E HN
${rules?}

# AT E IR
${baseline_score}

# FH O ENE AN AHED 14 A 1 R se i i ss 5
${scores}

# R L
${action_history}

# ZK.

TEFSKRT, RIS E R L mET104 (RIT-10
BZ), MAiNT-ORZI) ARSED 5, 5 M IR
Zolll, BEEIMERI - FIRGE &AM AR E M
MR ERSRIGEE R, B N — P E . IRATLLE
B P R SRAR g b - ++GIERIRBEIN**  ++0ll3E
B PCTRLIN e = oy =X HR g —

RN RIEZANAETERNE Z
B, REMERAGEREME, EAERK
AR T AR ZAM LR . EHER, FEAME
FAM DR ARRAMES, R FEH D, R
B G NFE S ANIAE TR 5 L5 AP AT HE S B R M fE
TFE, (BRI, SIAX AN AT AR B
TRERQRIAEZE, XA RIHA E T3
M- RIS, B R R R IE BB S U
FE6FZ M, WRIMEMNMEL IR, BAFEARE
AU ATE B 0 P B0 5 AR R A RNV 2 & B e
HHR T/ NTF 7 — &M EMNB, MEAT LIRSS
HLTI AREVEARZSAR ] «

PRAEGERE T — N fER, ROE LN

- G RIE MM HES N 4B AR RG] 58 58,
SRS R 5 O — A AL B 3 T LA M B
MR FEOX LE NS B B W RIRUR, IRRLE 5B
BT RSN IR

- IRARIA N FEAETR 2 B B R - 25
NG RORRICREE, JRA] LUk 5 PR
HUI

- RETIEMNFHESIE & E AR CIERE
e, BECEUE ARSI Z AR, RAT LLE
Foee QT AR o

BIRIEIR TP e, SeRZ WA
2T AN T — S HIEE, K5 AT
HIXBIERIZ R, RO = Ak sh (B R T
—SHIEE, BREEER— . FUERE, FiRT
R B o PR U B, B AR it
HAb A B TR MR -

# R

**ﬁﬂtﬁ*x

({(—B3UK, BIZURA N 2R BOZ 1))
g fen:

{{TT R SE AR AR e/ A PR ARSI/ 15 O I } )

- J

A.1.2 The Translated Prompt of Action
Decision

The translated prompt of action decision

You are a senior legal expert. Your task is to construct

an efficient set of query rewriting rules to improve the
effectiveness of legal document retrieval. You need to
continuously adjust the existing query rewriting rules. In
this process, you may adopt actions such as **introduc-
ing a new rule**, **conducting experimental validation
of rule effectiveness**, and **removing an ineffective
Rule**. Now, you need to decide which action should

be prioritized next.

# Active Query Rewriting Rules:
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${rules}

# Baseline Recall Scores without Rewriting:
${baseline_score}

# Experimental Results of the Combination of Existing
Rules:
${scores}

# Action History:
${action_history?}

# Instructions:

Before making a decision, you may refer to up to the
previous ten steps of decision history (i.e., from time step
T-10, with the current step being T-0) and draw lessons
from past outcomes to avoid repeated failures. Based on
the existing query-rewriting rules and the experimental
results described above, please select the next action.
You may choose one of the following options: **conduct
experimental validation®*, **eliminate an ineffective

rule**, or **create a new rule**.

Definition of Ineffective Rule: When applying this
rule to rewrite a query, the retrieval results are not im-
proved; instead, the recall scores are lower than that of
experiments in which the rule is not used. Please note
that when determining whether a rule is ineffective, you
should be very cautious. Although introducing a rule
may result in degraded retrieval performance in some
experiments, the same rule may help improve retrieval
recall in other experiments; such rules should not be
classified as ineffective rules. Meanwhile, please try to
keep the total number of existing query rewriting rules
within six. If the number of existing rules exceeds this
limit, you can regard a rule A as an ineffective rule, if the
improvement brought by rule A is consistently smaller
than that brought by another rule B, when used alone or

in combination with any other rules.

When choosing the next action, you should adhere to
the following principles.

- If the combinations of the existing rules have not been
sufficiently validated, you should prioritize to **conduct
experimental validation**. Specifically, you can select
an individual rule or a subset of rules and evaluate the
effectiveness of query rewriting under these rules.

- If certain rules are deemed to be evidently ineffec-
tive and are likely to degrade retrieval performance after
query rewriting, they may be excluded to improve over-
all effectiveness, and you can choose to **eliminate an
ineffective rule**.

- If the combinations of the existing rules have largely

been validated and no clearly ineffective rules remain to

be eliminated, you can choose to **create a new rule**

to further enhance the rewriting strategy.

Please follow the format of the **template** below.
First, briefly explain why this action is chosen for the
next step, and then explicitly output the name of that
action. You must select the next action from three can-
didate actions, and you can select only one. Emphasize
again that you must strictly follow the format in the
**template** for segmented output, and you are strictly
prohibited from providing any other content or making

any additional explanations.

# Template:

** Analysis**:

{{A segment of text that briefly explains why this action
is selected. }}

**The Next Action**:

{{Conduct Experimental Validation / Eliminate an Inef-

fective Rule / Create a New Rule} }
L J

A.2 Prompts of Rule Generation

We present the Chinese prompt in Appendix A.2.1
and the corresponding English translated prompt
in Appendix A.2.2.

A.2.1 The Original Chinese Prompt of Rule
Generation

The original prompt of rule generation

RE— A RHROERETR . RIESERTE
EEMEAREIN, &t H— MR ERSE
T, ASRFHERE SO R ARCR -

# O UESE I S R H 51 B e 5 #)
${elim_rules}

# I B S FH)
${rules}

# RFTE R R R
${baseline_score}

# A FH A E M FIHES | 2H & 1 SEE A 45 3R
${scores}

# ZK:

EIRGE A A KB B E ML J R sean 4
R, BOTH— MRS E AN - RFTERAAR
SER A BREOAIN, ENTARAE AT RETCIE T R AR
Tt VREBIEFTALNIE;, RS2 5 X LR
SARLEOFTALIN o AR AT DN B AN ATIE R,
A LASR B R B - TE R CRFTALIN BE SR BRI
RSO ATR R AR -
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BER, ERTRERE, 2ERREERNE
WEFREWITHE, R RsT e EmHn
A b B B R R AR B -

IR ARSI, T2 e EE B
WG M, (R B BT Fe o) 2
I, S B Z AL ST R B RN TR RSO
HUE HZAN 2R - BN Bl
FUGRME, IR Ao P T 2 ) B
W, E AR A Al A A B AR A M -

# TR
Rt B
({—B3UK, BRI At B )
TR R SR o
({—B0UK, UBZ AR T AR R RUR 1 )
TR P 7
(M ZFRY): ((—AIEEJLATE, Hnd BARRIEL
5k}
B ((—AT30R, WS EEBR— S ERF
AARES "BPRC AR R, fdkE b U
iy
. J
A.2.2 The Translated Prompt of Rule
Generation

The translated prompt of rule generation

You are a senior legal expert. Your task is to design a

new rule for query rewriting based on the existing ones,
in order to improve the effectiveness of legal document

retrieval.

# The eliminated rules that have been proved to be inef-

fective:

${elim_rules}

# Active Query Rewriting Rules:
${rules?}

# Baseline Recall Scores without Rewriting:
${baseline_score}

# Experimental Results of the Combination of Existing
Rules:
${scores}

# Instructions:

Please design a new query rewriting rule based on
the existing rules and the experimental results provided
above. You need to examine those rules that have been
discarded, as they are likely unable to bring effective im-
provements. When creating new rules, you should avoid
proposing rules that are highly similar to these discarded
ones. You may modify existing rules or propose entirely
new ideas. Please ensure that the new rule can effectively

improve the retrieval performance of legal documents.
\ J

Please note that during retrieval, the rewritten query
will be automatically concatenated with the original
query. Therefore, your are **prohibited** to provide
a new rule using the repeated inclusion of the original
query.

Please provide only one new rule, following the format
of the **active query rewriting rules**. You need to first
briefly explain the design rationale and expected effect
of the rule according to the **template** below. Then
clearly specity the rule’s name, detailed content, and out-
put formatting. Emphasize again that you must strictly
follow the format in the **template** for segmented
output, and you are strictly prohibited from providing
any other content or making any additional explanations.

# Template:

**Design Concept**:

{{A brief description outlining the design rationale be-
hind this rule.} }

**Expected Outcome™*:

{{ A brief description explaining the anticipated improve-
ment in retrieval performance resulting from this rule.} }
**New Rule**:

{{Rule Name}}: {{one or more sentences describing the
process of query rewriting. } }

Formatting: {{A single line of text A single line of text
containing one or more format types enclosed in half-
width square brackets "[]" and separated by commas,

describing the format of the rewritten query.}}
- J

A.3 Prompts of Experiment Planning

We present the Chinese prompt in Appendix A.3.1
and the corresponding English translated prompt
in Appendix A.3.2.

A.3.1 The Original Chinese Prompt of
Experiment Planning

The original prompt of experiment planning

R — B BERIERRTR . RIS ZE
ERE RSN EMNE S, RINEE IR R
R RFEAWIFHEBINE PR RERREHN], 7
R, (RATREFRERSLE, WIEMNIAH SR
BRUE -

# A B S HL:

${rules}

# KT E N RIS R

${baseline_score}

# FH 2 H R E AN HERH & FF R sean s 3

${scores}
g J
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# R

TBIREE S IVE BB ECE IUN F ER SE a0 4s
R, RET—RA FABRLEEE ST RS, Ll
FIEEFRANE - IR EIL IR RIS i 2L,
SERIZEY A ot A X AN AT SR98 50 E, 2%
J& P X LR B AR5 5K, diS Z R FE
Tk ER, RAT LU MM, dAT Lok
Z MM B & AT REIE, BIR BRI AETT
—REEES, R AT LU —H AR 5 515 - ik
SRYE, VR B e A TR S B
F A SR Al PN A B0 R TR MU A -

# B
({(—BOUR, WA 2 BOX AN #4758
%))
R — P SR TR B FH AR G 5 51 3
{{1/2/3/1,2/1,3/2,3/1,2,3/. ...... 1}

. _/

A.3.2 The Translated Prompt of Experiment
Planning

The translated prompt of experiment plan-
ning

You are a senior legal expert. Your task is to construct

an efficient set of query rewriting rules to improve the
effectiveness of legal document retrieval. You need to
continuously adjust the existing query rewriting rules. In
this process, you may need to conduct experiments to

verify the effectiveness of the rule combinations.

# Active Query Rewriting Rules:
${rules?}

# Baseline Recall Scores without Rewriting:
${baseline_score}

# Experimental Results of the Combination of Existing
Rules:
${scores}

# Instructions:

Please select a combination of rules to validate its
effectiveness based on the existing rules and the experi-
mental results provided above. You need to follow the
template below to briefly explain why these rules are
chosen for experimental validation, then clearly output
the list of rule numbers, separated by commas. Note that
you may select one single rule or one combination of
multiple rules for experimental validation. Since you can
only conduct one experiment at present, so you may only
output one set of rule numbers. Emphasize again that you
must strictly follow the format in the **template** for

segmented output, and you are strictly prohibited from
\ J

e A
providing any other content or making any additional

explanations.

# Template:

** Analysis**:

{{A brief explanation of the rationale behind selecting
these rules for the experiment. } }

**List of rule numbers needed for the next step experi-
ment**:

{{1/2/3/1,2/1,3/2,3/1,2,3/...... 1}
& J

A.4 Prompts of Rule Elimination

In the step of rule elimination, the agent should first
determine whether there is an ineffective rule in R.
We present the original prompt in Appendix A.4.1
and the translated prompt in Appendix A.4.3.

If the agent confirm the necessity to eliminate
arule, it should then determine which rule should
be removed. We present the original prompt in
Appendix A.4.2 and the translated prompt in Ap-
pendix A.4.4.

A.4.1 The Original Prompts of Determining
Whether to Proceed Elimination

The original prompt of determining the ne-

cessity of elimination

RRE—BRERRERLT K . FOESESTE
HEEWSE RN R B fES B R AR
Z IR -

# I AR S FH) .
${rules}

# AT E N R R
${baseline_score}

# F|FH O S #UN FIHEP A A T B SR i A5 SR
${scores}

# R,
EIRG A IE BRSNS N X bk sLge 4
S, TR AR S SR AR -

IRRANESE: RISZANA T BN E Z
G, RROGERNNBERIEGE, EARRK
MART A ERZAN A SRR - EER, EAE
FZAM R RS, RS IEH DL, R
B GRS ANAERD 5 S50 P AT HE S B R M AE
TR, (BFER—LELRE, SN AT REE B
TRERRAEZR, XL R E R
A - IR, B REREVE BB S M
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) A.4.3 The Translated Prompt of Determining
J Whether to Proceed Elimination

A.4.2 The Original Prompt of Selecting a
Rule to Be Eliminated

The original prompt of determining which

rule to be eliminated

RR—ZBTRIERER . IRNESELTE
HHEARGANF, BEANEFEESH RS
FRORBRLE, TEMEPIER -

# VA AR S #):
${rules?}

# AT E RS R:
${baseline_score}

# M S AN E N HEFIE & T RS R 45 R
${scores}

# FR.
BIREGGUME B RN E N J bk L9 25
R, TR AER RGN .

RRRN RS RIEZMNAE T BN E Z

B, BRROGRNUERIIEGE, EAERK
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TR, HEALLEF, FIAXEMNEEEE)
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The translated prompt of determining the
necessity of elimination

-

You are a senior legal expert. Your task is to analyse
whether there exists one or more rules which may result

in a deteriorated performance after query rewriting.

# Active Query Rewriting Rules:
${rules}

# Baseline Recall Scores without Rewriting:
${baseline_score}

# Experimental Results of the Combination of Existing
Rules:
${scores}

# Instructions:
Based on the existing query rewriting rules and the
experimental results above, please analyse whether any

ineffective rule is present.

Definition of Ineffective Rule: When applying this
rule to rewrite a query, the retrieval results are not im-
proved; instead, the recall scores are lower than that of
experiments in which the rule is not used. Please note
that when determining whether a rule is ineffective, you
should be very cautious. Although introducing a rule
may result in degraded retrieval performance in some
experiments, the same rule may help improve retrieval
recall in other experiments; such rules should not be
classified as ineffective rules. Meanwhile, please try to
keep the total number of existing query rewriting rules
within six. If the number of existing rules exceeds this
limit, you can regard a rule A as an ineffective rule, if the

improvement brought by rule A is consistently smaller
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than that brought by another rule B, when used alone or

in combination with any other rules.

Please carefully judge whether there exist rewriting
rules that need to be removed. You need to provide
a clear explanation according to the following **tem-
plate** on why such rules should be removed, and then
give the final conclusion. Your conclusion can only be
one of the following two: "There exist rewriting rules
that need to be removed" or "There do not exist rewriting
rules that need to be removed." Emphasize again that you
must strictly follow the format in the **template®* for
segmented output, and you are strictly prohibited from
providing any other content or making any additional

explanations.

# Template:

**Analysis**:

{{ A brief explanation outlining the necessity of eliminat-
ing certain rewriting rules. } }

**Conclusion**:

{{There exist rewriting rules that need to be re-
moved/There do not exist rewriting rules that need to

be removed} }
\_ ),

A.4.4 The Translated Prompt of Selecting a
Rule to Be Eliminated

The translated prompt of determining
which rule to be eliminated

You are a senior legal expert. Your task is to analyse
the existing query rewriting rules and identify which rule

is most likely to cause a decline in retrieval performance.

# Active Query Rewriting Rules:
${rules?}

# Baseline Recall Scores without Rewriting:
${baseline_score}

# Experimental Results of the Combination of Existing
Rules:
${scores}

# Instructions:
Please analyze whether there exists any ineffective
rule, based on the existing query rewriting rules and the

experimental results.

Definition of Ineffective Rule: When applying this

# BN
rule to rewrite a query, the retrieval results are not im- ${rules}
proved; instead, the recall scores are lower than that of
experiments in which the rule is not used. Please note # RHRRIFEA R
that when determining whether a rule is ineffective, you ${query}
should be very cautious. Although introducing a rule # FSR .
\ J N J

may result in degraded retrieval performance in some
experiments, the same rule may help improve retrieval
recall in other experiments; such rules should not be
classified as ineffective Rules. Meanwhile, please try to
keep the total number of existing query rewriting rules
within six. If the number of existing rules exceeds this
limit, you can regard a rule A as an ineffective rule, if the
improvement brought by rule A is consistently smaller
than that brought by another rule B, when used alone or

in combination with any other rules.

Please select the single rule that should be prioritized
for removal. Using the **template** below, provide a
clear explanation of why rewriting according to this rule
leads to worse retrieval performance, and why this rule
must be removed before any other. Then explicitly output
the rule’s number. Note that you must output **exactly
one** rule number for removal. The output should be a
pure numeric form only—do not include the rule name,
specific content, rewriting format, or any other infor-
mation. Emphasize again that you must strictly follow
the format in the **template** for segmented output,
and you are strictly prohibited from providing any other

content or making any additional explanations.

# Template:

**Analysis**:

{{A brief explanation of why a certain rewriting rule
must be removed. } }

**A rule number that should be removed with priority**:

{{1/2/3/...... 1}
- J

B Prompts of Query Rewriting

In this work, we employ Qwen3-4B-Thinking as
the rewriting model for all experiments. We use
following prompts for query rewriting.

The original prompt of query rewriting

RR—BERTK, RHRK BN HER
F3 I 52 R B R AR 5 R R A AR BL R
R, ARFREHRER

BAE, EIRGEE & TR, ETFefs
RBIFEARFE S FITIE . BEUEHISURRE
JFERRERIENEE, DBRAEREFRIRR
AR REE R -
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The translated prompt of query rewriting

You are a legal expert, and your ultimate goal is to use

a retriever to collect cases from a historical case database
that are similar to the **pending case**.

Now, please revise the query in accordance with the
following rules, based on the basic facts of the pending
case. The rewritten query will be used as an enhancement
of the original retrieval query, in order to ensure that
cases similar to the pending case appear in the retrieval

results.

# Rewriting Rules:
${rules?}

# Facts of the Pending Case:
${query?}

# Instructions:

You need to strictly follow the modification rules
and, based on the basic facts of the pending case, modify
it into text that is more suitable for use as a retrieval
query. It is known that the database stores the full text
of historical cases, including basic facts, reasoning of
the judgment, judgment results, and other content. The
retriever adopts the BM25 method.

Please note that you do not need to reproduce the
original text of the basic facts of the pending case.

After thinking carefully, for each rule, rewrite ac-
cording to the rewriting strategy of that rule, and strictly
follow the format requirements attached to the rule, di-
rectly output the corresponding enhanced query, without
providing any additional explanation.

In the output, begin with the heading “Revised Re-
trieval Queries:”. Then, present the enhanced query
corresponding to each rule sequentially, starting with

numerical labels 1, 2, 3, and so on. Do not include any

L redundant explanations such as “modification notes.” J

C More Implementation Details

Following previous work (Li et al., 2024), we em-
ploy Pyserini Lucene (Lin et al., 2021) to imple-
ment BM25 retrieval. The judicial document of
a case typically comprises three core components:
the facts, the legal bases (i.e., statutes and legal
reasons), and the judicial decision results.

To align real-world practice of judicial decision,
we use the full texts of documents to construct the
index, while using only the section of facts as the
query during retrieval.

During self-evolution and for all query writing
experiments, we do not adjust the hyper-parameters
of LLMs for generation. We adopt the default tem-
peratures, top-p, top-k, and other hyper-parameters.

D Case Study for Experiment Planning

We study how the agent plan the next experiment
based on historical results via reasoning. Figure 8
shows a case generated by gpt-oss-120b when
selecting a rule combination to validate.

We find the agent can explicitly mention the rule
combinations which have been validated at previ-
ous steps. From the analysis provided by LLM,
we can identify two reference combinations, the
subset {2,3} and the subset {1,2,3}. The agent
finally chooses to exmaine the subset {1,2,3,6},
we thus denote the mentioned combination with
minimum edit distance (i.e., the subset {1,2,3})
as the anchor experiment for planning.
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The original outputs:
**ﬁj\fﬁ**:

LB E, MMAAR 3 EREHER
FRecall@1K (79.4509) , EInAHNN 5 (LHA(,
2,3]) #—HEFFE79.6803, ToRHMMI. 2. 3 1
hFEIME LRI G - M6 SRR —M, (HEEE
CEERAE S FRBIUMIRRER, MRS, 2,
3V HEEE - NRIER TR H — P R Al i
AR, I RIEDIERBERAIN, 2, 3] Ebl AR
ne, #HIT—IREE -

N — 1 SEHG R 5 AU 4 5 51 3+
12.3,6

The translated outputs:

**Analysis**:

In the existing experiments, the rule combination [2,
3] achieves one of the highest Recall@ 1K (79.4509). Af-
ter incorporating Rule 1 (i.e., combination [1, 2, 3]), the
performance is further improved to 79.6803, indicating
a clear synergistic gain among Rules 1, 2, and 3. Rule 6
alone shows moderate effectiveness, but it has the poten-
tial to provide additional retrieval cues on top of existing
high-performing combinations and has not yet been evalu-
ated together with [1, 2, 3]. To verify whether the current
best recall can be further improved, we plan to conduct an
experiment by adding Rule 6 to the validated combination
[1,2,3].

**List of rule numbers needed for the next step experi-
ment**:

1,2,3,6

Figure 8: An case of the reasoning process for experi-

ment planning, with gpt-o0ss-120b as the core LLM.
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