SE-Search: Self-Evolving Search Agent via Memory and Dense Reward

Anonymous ACL submission

Abstract

Retrieval augmented generation (RAG) reduces
hallucinations and factual errors in large lan-
guage models (LLMs) by conditioning gen-
eration on retrieved external knowledge. Re-
cent search agents further cast RAG as an au-
tonomous, multi-turn information-seeking pro-
cess. However, existing methods often accu-
mulate irrelevant or noisy documents and rely
on sparse reinforcement learning signals. We
propose Self-Evolving Search, a Self-Evolving
Search agent that improves online search behav-
ior through three components, memory purifica-
tion, atomic query training, and dense rewards.
SE-Search follows a Think-Search-Memorize
strategy that retains salient evidence while fil-
tering irrelevant content. Atomic query training
promotes shorter and more diverse queries, im-
proving evidence acquisition. Dense rewards
provide fine-grained feedback that speeds train-
ing. Experiments on single-hop and multi-
hop question answering benchmarks show that
SE-Search-3B outperforms strong baselines,
yielding a 10.8 point absolute improvement and
a 33.8% relative gain over Search-R1.!

1 Introduction

Searching for information (Case and Given, 2016)
is a common activity in daily life. Search engines
such as Google and Bing return ranked web pages
for a user query, enabling fast access to relevant
content. As queries become more complex and
users expect higher precision, traditional informa-
tion retrieval techniques (Kobayashi and Takeda,
2000) may fail to capture subtle intent and return
results that do not match the user’s context.

Large language models (LLMs) (Zhao et al.,
2023) have shown strong capabilities in language
understanding, reasoning, and information inte-
gration. However, they do not reliably access
up-to-date external knowledge and may produce

'We will make the code and model weights publicly avail-
able upon acceptance.

factual errors. Retrieval-augmented generation
(RAG) (Lewis et al., 2020) reduces these problems
by conditioning generation on retrieved external
passages. Yet fixed RAG pipelines limit an LLM’s
ability to decide when to search and what to search
for, which reduces flexibility when interacting with
real-world applications.

Recent work (Li et al., 2025a) presents LLM-
based agents (Guo et al., 2024) that interpret user
intent, plan search strategies, conduct multi-turn
search actions, and accumulate retrieved evidence.
These systems combine the strengths of LLMs and
search engines and are often referred to as search
agents. Representative methods such as Search-
R1 (Jin et al., 2025) use reinforcement learning
(RL) (Kaelbling et al., 1996; Shao et al., 2024)
with rule-based rewards to train agents to interact
with a search tool over a large corpus.

Despite promising results, existing search agent
methods face three key challenges. Noisy search
results: Agents typically retrieve top-K docu-
ments after issuing a query, and many are irrel-
evant or noisy, which provides limited support for
answering user questions. MAIN-RAG (Chang
et al., 2025) reduces noise through multi-LLM fil-
tering and scoring, but it operates in a training-
free RAG setting. Limited search diversity and
underexplored search frequency: Prior meth-
ods (Shi et al., 2025) often generate similar queries
across search steps, which limits exploration of
diverse and informative evidence. Although O?-
Searcher (Mei et al., 2025) introduces a query di-
versity reward based on embedding similarity, the
additional encoding step reduces efficiency. Sparse
evolutionary feedback signals: Search-R1 pro-
vides supervision at the final answer level and does
not explicitly reward query formulation, format-
ting, or appropriate search frequency. As a result,
agents may produce overly long queries regardless
of question complexity, which limits effectiveness
on multi-hop questions. TooRL (Qian et al., 2025)
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Figure 1: Training scheme of SE-Search. For each question, the search agent generates diverse trajectories
comprising the steps think, search, memorize, and answer. These trajectories are optimized using the GRPO
algorithm (Shao et al., 2024) and four carefully designed rewards: Query, Format, Memory, and Outcome.

proposes richer rewards, but it targets general tool
use rather than search-specific behavior.

Inspired by Darwin’s theory of evolution (Ruse,
1975; ang Gao et al.), which emphasizes adapta-
tion to changing environments, we focus on how
reward and feedback signals guide agents on com-
plex real-world queries. These signals do not pro-
vide facts directly, but they shape how an agent
discovers, processes, and uses external informa-
tion. We therefore propose SE-Search, a self-
evolving search agent that improves an LLM’s au-
tonomous search behavior. SE-Search adopts a
memorize-after-search paradigm and extracts use-
ful evidence with a Memory Purification template
to reduce noisy retrievals. Unlike DeepAgent (Li
et al., 2025d), which relies on auxiliary LLMs for
memory management, SE-Search uses the agent’s
self-memory. To promote diverse search behaviors
and appropriate search frequency, we introduce
an Atomic Query strategy motivated by Atom-
Searcher (Deng et al., 2025), which guides the
agent to generate multiple distinct atomic queries
and perform multi-step searches. Finally, we de-
sign Dense Rewards composed of four compo-
nents, Query, Memory, Outcome, and Format, to
provide fine-grained RL feedback, improve behav-
ioral discipline, and stabilize training.

We summarize the contributions as follows.

* We propose SE-Search, a self-evolving search
agent that improves adaptability to complex,
real-world questions.

* We steer the agent’s evolution by introduc-
ing three mechanisms: Memory Purification,
Atomic Query, and Dense Rewards.

* We demonstrate the effectiveness and gener-
alizability of SE-Search on seven diverse and

challenging QA benchmarks.
2 Problem Formulation
We model question answering task as

a=mo(Q) ey

where () is the user question, a is the generated
answer, and 7y denotes the LLM.

In retrieval augmented generation, the system
retrieves knowledge k from an external corpus D
using a retriever R(-) and then generates the an-
swer conditioned on () and k.

=m(Q k), k=R(@QID) )
However, this fixed workflow is often insuffi-
cient for complex knowledge discovery tasks that
require iterative reasoning and adaptive retrieval.
Recent advances in search agents support a more
dynamic paradigm in which retrieval is interleaved
with reasoning, and the model output y may in-
clude intermediate reasoning steps  and the final
answer a.

a=mo (Q{r@ki}{1) ke = Rla | D), €0 (3)

where ¢; denotes subqueries generated during
reasoning to retrieve intermediate knowledge &,
and the operator ® indicates that retrieved knowl-
edge is integrated into the reasoning trajectory. Ig-
noring the intermediate trajectory, we employ su-
pervised fine-tuning (SFT) to optimize only the
final answer using the next-token prediction loss,
which is defined as follows.

C)

where E denotes expectation. This objective
maximizes the expected log likelihood that g as-
signs to the correct answer a.

max E[logma(a)]



3 Approach

In this section, we present SE-Search, a self-
evolving search agent that improves autonomous
search behavior. We first formalize the search agent
setting and its optimization objective. We then
describe three components: memory purification,
atomic query generation, and dense rewards.

3.1 Self-Evolving Search Agent

Figure 1 illustrates the optimization scheme of
SE-Search. Given a user question, the agent
interacts with a web environment through
a search tool to generate multiple trajecto-

ries T. Each trajectory is represented as
T = (m,72,...,7r), where step t is denoted
as 7 = (a¢,¢). The action a; is selected from
{<think>, s , <memory>, <answer>},

and the content c¢; corresponds to a reasoning
thought, a search query, retrieved passages, a
distilled summary, or a final answer. The agent
aims to gather relevant evidence across steps and
produce an accurate final answer.

Formally, we optimize the following objective.

mGaXE[log mo(a) + o - C(Ui_1 ks, K)] (5)

where C(-, -) measures the coverage of retrieved
documents relative to the expected knowledge
K , 1" denotes the number of retrieval steps, and
a € (0,1) is a weighting factor. Search-R1 (Jin
et al., 2025) shows that loss masking can exclude
retrieved tokens from gradient optimization. Fol-
lowing this insight, we approximate retrieval using
the search queries and memory contents and rewrite
the objective accordingly.

m;sz[log mo(a) +a- Z log o () + v+ Z log 7 (qe )]
t t

(6)
where v is an additional weighting factor. This
objective accounts for three aspects: search queries,
memory, and final answers. Due to the lack of
ground truth trajectory, supervised fine-tuning is
not feasible. We adopt a post-training reinforce-
ment learning framework and use a rule-based re-
ward function to optimize trajectory generation.

3.2 Memory Purification.

Prior methods forward-retrieve documents to the
LLM without filtering, which forces the model to
reason over irrelevant and noisy content. Inspired
by Memory-R1 (Yan et al., 2025), we introduce

You are a capable reasoning assistant, able to per-
form multiple search calls and memory purification
to answer questions. You must reason through the
available information using <think> and </think>.
If you lack knowledge, you can call a search en-
gine using query and it will
return the top three results between and
. After each search, extract useful in-
formation from these documents and supplement or re-
vise your memory between <memory> and </memory>.
You may send multiple search requests if needed. Do
not repeat search queries. Once you have sufficient
information, provide a concise final answer using
<answer> and </answer>. For example, <answer>
Donald Trump </answer>. Question {question}

Figure 2: Prompt template for SE-Search.

memory purification to filter and consolidate rele-
vant facts from retrieval documents and store key
information using the special token <memory>. Fig-
ure 2 shows the employed prompt require LLM to
supplement or revise previous memory knowledge
by incorporating retrieved knowledge k into latest
memory m;. The update process is modeled as:

me = ﬂg(mtfl | k’t) (7)

This strategy filters and integrates only useful in-
formation, thereby maintaining coherent and evolv-
ing knowledge. To explicitly encourage selective
extraction from noisy retrieved documents, we de-
fine a memory reward. Following AutoRefine (Shi
et al., 2025), the memory reward is measured using
Cover Exact Match (CEM) between the memory
contents m and the correct answers a.

Rnem = I(@aN'm = &) (8)
where [(+) is the indicator function.

3.3 Atomic Query

In Algorithm 1, we propose an atomic query count-
ing method that constrains query length and en-
forces diversity across queries. Based on the num-
ber of valid atomic queries Ngyery in a trajectory,
we define a query reward that guides when and how
the agent invokes the search tool.

if the answer is correct
if the answer is incorrect
)
where Tiyax 18 the maximum allowed number of
search action turns, and Nquery denotes the number
of valid search queries in the trajectory. This re-
ward serves two purposes. It encourages the agent
to produce diverse queries that improve evidence

R ) —max(l, Nawery)
query min(Tmax 5 Nqucry)



coverage. It also discourages unnecessary search
when the final answer is correct and encourages
more search when the final answer is incorrect.

3.4 Dense Rewards

Apart from the query and memory rewards, the
dense reward includes two additional components:
an outcome-based reward that directly measures
the correctness of the model’s final answer and
a format-based reward that encourages adherence
to the prescribed reasoning structure. Rather than
using a binary exact match signal, we treat the
predicted answer and the ground-truth answer as
sets and compute the F1 score between the model’s
predicted answer a and the ground-truth answer a.
Ry = 2204

|a| + |al

(10)

We define the format reward through three rules
that penalize unreasonable trajectories to prevent
mode collapse and degenerate behavior. These
rules include cases where the trajectory exceeds
the predefined maximum number of search action
turns T ax, contains invalid actions, or includes un-
matched or incorrectly ordered special tokens. Let
Nrules denote the total number of format violations
in the trajectory, and we define

Rrormat = —1 + Nryles (l 1)

Combining all dense reward components, we
obtain the overall dense reward

Rpense = Rans + &+ Rimem + AN unery + - Riormat (12)

where Rpem and Rguery denote the memory
and query rewards defined earlier, and « and
are weighting coefficients that balance the reward
terms. To improve RL stability, we gradually re-
duce the influence of the query reward during train-
ing by multiplying it with a time-dependent decay
factor. The cosine decay schedule is defined as

1 titer
= E(cos(tdmy ™)+ 1),
0, titer > tdecay

titer < tdecay
- (13)

where tj,; is the current training iteration and
Ldecay 15 the number of decay steps.

3.5 Agentic Reinforcement Learning

To avoid a separate value estimator, we adopt
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) as our agentic reinforcement learn-
ing framework. For a question () from the

Algorithm 1: Atomic Query Counting
Input: Search query set Q from a

trajectory, initialize valid query set
Q, < J, length bounds
Liin, Limax, similarity threshold 7T'.

1 for ¢; € Q do

2 if Ly < |Q'L| < Linax then

3 for ¢; € Q, do

4 Compute matching segment

lengths 7}, between g; and g;
via SequenceMatch;

_ QZk gy
lgs| + lg;1

ratio(gi, ;) (14)

if ratio(q;,q;) < T then

5 ‘ Qy=9QyU {Qi};
6 end if

7 end for

8 end if

9 end for

10 Return Nyyery < |Qy| ;

dataset D, the policy model 7g samples an inter-
leaved sequence yq, ko, y1, k1, - - -, y7, k7. Follow-
ing Search-R1 (Jin et al., 2025), external retrieval
tokens k are masked during loss computation, so
the objective depends only on the model outputs .

Larpo(0) = EQap,y;~mg [é > -

yil
™ min(r; ¢ A ¢,
o Vil =

7

clip(rie,1 —€,14¢€) Air) — BKL 7o || ﬂref}]

15)

where 7y denotes the current actor and 7r de-
notes a fixed reference policy. The probability ratio

is computed using the previous policy 7y, .

- o (Yit | @ yi<t) (16)
7790|d(yi,t | Q?yi7<t)

For each question, we use a group of G sampled
outputs and normalize their rewards to estimate
advantages.

- (Ri,+ — mean(Ry))

Ase = SRS a”n

where R is the overall dense reward in Eq. 12.

4 Experiments

4.1 Experiment Settings

Benchmarks and Datasets. We evaluate SE-
Search on seven question answering benchmarks
that require single-hop or multi-hop retrieval. The



Single-Hop QA (EM) Multi-Hop QA (EM) QA (EM)
Methods NQ TriviaQA PopQA Avg. HotpotQA 2Wiki Musique Bamboogle Avg. Avg.
w/o Retrieval
Direct Generation 0.106 0.288 0.108  0.167 0.149 0.244 0.020 0.024 0.109 0.134
SFT 0.249 0.292 0.104  0.215 0.186 0.248 0.044 0.112 0.148 0.176
R1-Instruct (Guo et al., 2025) 0.210 0.449 0.171  0.277 0.208 0.275 0.060 0.192 0.184 0.224
R1-Base (Guo et al., 2025) 0.226 0.455 0.173  0.285 0.201 0.268 0.055 0.224 0.187 0.229
Workflow w/ Retrieval
Naive RAG (Lewis et al., 2020) 0.348 0.544 0.387  0.426 0.255 0.226 0.047 0.080 0.152 0.270
IRCoT (Trivedi et al., 2022a) 0.111 0.312 0.200  0.208 0.164 0.171 0.067 0.240 0.161 0.181
Agent w/ Retrieval
Search-ol (Li et al., 2025c¢) 0.238 0.472 0262 0.324 0.221 0.218 0.054 0.320 0.203 0.255
Search-R1-Instruct (Jin et al., 2025)  0.397 0.565 0.391  0.451 0.331 0.310 0.124 0.232 0.249 0.336
Search-R1-Base (Jin et al., 2025) 0.421 0.583 0.413 0472 0.297 0.274 0.066 0.128 0.191 0.312
ReSearch-Instruct (Chen et al., 2025)  0.365 0.571 0.395 0.444 0.351 0.272 0.095 0.266 0.246 0.331
ReSearch-Base (Chen et al., 2025) 0.427 0.597 0.430 0.485 0.305 0.272 0.074 0.128 0.195 0.319
ZeroSearch-Base (Sun et al., 2025) 0.430 0.616 0.414  0.487 0.338 0.346 0.130 0.139 0.238 0.345
StepSearch-Base (Wang et al., 2025) - - - - 0.329 0.339 0.181 0.328 0.294 -
O2%-Searcher (Mei et al., 2025) 0.444 0.597 0.429  0.490 0.388 0.374 0.160 0.344 0.317 0.391
AutoRefine-Instruct (Shi et al., 2025)  0.436 0.597 0.447  0.493 0.404 0.380 0.169 0.336 0.322 0.396
AutoRefine-Base (Shi et al., 2025) 0.467 0.620 0450  0.512 0.405 0.393 0.157 0.344 0.325 0.405
InForage (Qian and Liu, 2025) 0.421 0.597 0.452 0.490 0.409 0.428 0.172 0.360 0.342 0.405
CriticSearch (Zhang et al., 2025) - - - - 0.414 0.409 0.180 0.368 0.343 -
SE-Search-3B (Ours) 0.475 0.624 0.423  0.507 0.450 0.361 0.183 0.424 0.355 0.420

Table 1: Accuracy comparison of SE-Search-3B against baseline methods using Qwen2.5-3B (Qwen et al., 2025)
across multiple QA benchmarks. Bold indicates best results, higher values denote better performance.

single-hop datasets include Natural Questions (NQ)
(Kwiatkowski et al., 2019), TriviaQA (Joshi et al.,
2017), and PopQA (Mallen et al., 2022). The multi-
hop datasets include HotpotQA (Yang et al., 2018),
2WikiMultihopQA (Ho et al., 2020), Musique
(Trivedi et al., 2022b), and Bamboogle (Press et al.,
2022). We use exact match (EM) for all datasets.
Following Search-R1 (Jin et al., 2025), we train
SE-Search on a combined training set of NQ and
HotpotQA.

Baselines. We compare SE-Search with three
classes of methods. (1) Methods without retrieval
include direct LLM generation, supervised fine-
tuning (SFT), and R1-style training (Guo et al.,
2025); (2) Workflows with retrieval include naive
RAG that retrieves only from the input question and
IRCoT (Trivedi et al., 2022a), which interleaves
retrieval with chain-of-thought; (3) Agents with
retrieval include retrieval-augmented methods such
as Search-ol (Lietal., 2025¢), Search-R1 (Jinet al.,
2025), ReSearch (Chen et al., 2025), ZeroSearch
(Sun et al., 2025), StepSearch (Wang et al., 2025),
O?2-Searcher (Mei et al., 2025), InForage (Qian and
Liu, 2025), CriticSearch (Zhang et al., 2025), and
AutoRefine (Shi et al., 2025).

Implementation Details. To emulate a stan-
dard search setting, we use the external corpus
(Karpukhin et al., 2020) used by Search-R1 and
adopt E5-base-v2 (Wang et al., 2022) as the re-
triever. By default, the retriever returns the top

three documents per query, and the backbone LLM
is Qwen2.5-3B (Qwen et al., 2025). The query
length bounds L,i,, and Ly, are set to 20 and 120
characters. The similarity threshold is 7' = 0.3.
The maximum number of search turns is T« = 5,
and the decay steps tgecay are set to 150. The reward
weights are o« = 0.1 and v = 0.01.

4.2 Main Performance

Table 1 presents the main experimental results com-
paring SE-Search with baseline methods. The Avg.
column reports the average accuracy. From these
results, we make the following key observations.
SE-Search outperforms other methods. Un-
der the same retriever, corpus, training data, and
Qwen2.5-3B setting, SE-Search consistently out-
performs Search-R1 and recent methods, includ-
ing InForage and AutoRefine, across seven bench-
marks covering both single-hop and multi-hop QA.
SE-Search achieves an average EM accuracy of
0.420, demonstrating that the proposed memory
purification mechanism and dense reward design
effectively enhance the self-evolution capability of
search agents during information seeking.
SE-Search shows particularly strong gains on
multi-hop QA benchmarks. The performance im-
provements are more evident on complex multi-hop
QA tasks. For instance, compared with AutoRefine,
SE-Search improves HotpotQA by 4.5 percentage
points, corresponding to an 11.1% relative gain,
and improves Bamboogle by 8 percentage points,



Single-Hop QA

Multi-Hop QA

Method

\ NQ TriviaQA  PopQA  HotpotQA 2Wiki Musique  Bamboogle Avg.

Search-R1 0.424 0.630 0.471 0.346 0.296 0.070 0.169 0.344

Search-R1 0.426 0.610 0.436 0.377 0.315 0.120 0.260 0.363
w/ MP +0.002 —0.020 —0.035 +0.031 +0.019 +0.050 +0.091 +0.019
1047%  1317% 1 7.43%  18.96% 16.42% 171.43% 153.85%  15.52%

Search-R1 0.442 0.609 0.427 0.381 0.365 0.163 0.371 0.394
w/ MP, AQ +0.016 —0.001 —0.009 +0.004 +0.050 +0.043 +0.111 +0.031
13.76% 1016% 1206% 11.06% 115.87% 135.83% 142.69% 18.54%

Search-R1 0.429 0.661 0.467 0.436 0.374 0.177 0.328 0.410
w/ MP, AQ, DR 0.013 +0.052 +0.040 +0.055 +0.009 +0.014 0.043 +0.016
(SE-Search) $294% 1855% 193™% 114.44% 1247% 1 8.59% J11.59% 1 4.06%

Table 2: Ablation results showing the effect of individual SE-Search components. The first row reports the baseline
method. Subsequent rows show performance after adding Memory Purification, Atomic Query, and Dense Rewards.

corresponding to a 23.2% relative gain. These im-
provements can be attributed to two key design
choices. Atomic queries decompose the original
question into multiple subqueries, enabling more
effective retrieval across steps, while memory pu-
rification reduces noise accumulation during multi-
step search and reasoning.

4.3 Ablation Studies

We conduct an ablation study to evaluate the contri-
butions of SE-Search’s three key components. For
a controlled comparison, all models use the same
retriever and corpus, are trained for 200 steps, and
are evaluated on 500 randomly selected samples
from each benchmark. Table 2 reports accuracy
on seven benchmarks and also reflects how each
component changes search behavior through the fi-
nal performance. We compare four configurations.
(1) Search-R1 (baseline); (2) Search-R1 with MP,
augmented with Memory Purification and the mem-
ory reward Rpem; (3) Search-R1 with MP and AP,
adding Atomic Query on top of Memory Purifi-
cation; (4) Search-R1 with MP, AP, and DR (SE-
Search), the full configuration that further includes
Dense Reward Rgense;

Each component provides consistent perfor-
mance gains. Memory Purification encourages
multi-turn search and improves Musique by 5
points and Bamboogle by 9.1 points, correspond-
ing to relative increases of 71.43% and 53.85%.
Atomic Query further strengthens multi-turn search
and yields relative improvements of 15.87% on
2Wiki, 35.83% on Musique, and 42.69% on Bam-
boogle. Overall, the full SE-Search configuration
improves performance across seven benchmarks
and attains the highest average accuracy.

4.4 Generalization and Scalability

Search agent follows consistent scaling trend.
We conduct a generalization study across back-
bone models of different sizes to examine the scal-
ing law (Kaplan et al., 2020). We keep the re-
triever, corpus, and evaluation protocol unchanged
and vary only the backbone scale. Table 3 reports
EM and F1 scores using different backbone LLMs,
including Qwen2.5-3B, 7B, and 14B, where EM
measures exactness, and F1 captures partial over-
lap. The results are consistent with the scaling
law, showing that SE-Search achieves higher av-
erage EM and F1 and improves performance on
most datasets as the scale of the backbone model
increases.

4.5 Additional Analysis

Search frequency decreases while accuracy im-
proves Figure 3 illustrates the evolution of mean
accuracy and the mean number of search calls on
the training data and evaluation benchmarks. The
accuracy of SE-Search increases from 0.36 to ap-
proximately 0.41, corresponding to an improve-
ment of about 14%, while the average number of
search calls decreases from 1.53 to 1.32, corre-
sponding to a reduction of about 14%. We observe
that Memory Purification tends to recall a larger set
of documents to extract useful information during
the early stages of RL. In contrast, Atomic Query
generates diverse and high-quality search queries
that retrieve fewer but more relevant documents
from search engines in a more efficient manner.

SE-Search calls the search engine more often on
complex questions. Figure 3(b) compares search
frequency across training steps and question types,
where multi-hop questions represent higher com-
positional complexity than single-hop ones. Com-
pared with Search-R1, which relies on a fixed sin-



Single-Hop QA

Multi-Hop QA

|

Methods \ NQ  TriviaQA PopQA HotpotQA 2Wiki Musique Bamboogle Avg.
SE-Search-3B (EM) | 0.475 0.624 0.423 0.450 0.361 0.183 0.424 0.420
SE-Search-7B (EM) | 0.467 0.629 0.461 0.438 0.355 0.195 0.488 0.433
SE-Search-14B (EM) | 0.508 0.681 0.473 0.478 0.404 0.213 0.544 0.472
SE-Search-3B (F1) | 0.567 0.705 0.468 0.573 0.431 0.271 0.536 0.507
SE-Search-7B (F1) | 0.556 0.705 0.504 0.559 0.422 0.290 0.601 0.519
SE-Search-14B (F1) | 0.598 0.751 0.514 0.602 0.478 0.294 0.631 0.553

Table 3: Generalization results showing the scaling trend across backbone LLMs of sizes 3B, 7B, and 14B.
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Figure 3: SE-Search’s evolution of (a) EM accuracy and (b) search calls on training set and benchmarks.

gle search call, SE-Search issues an average of
approximately 1.54 search calls on multi-hop ques-
tions while remaining close to 1.0 on single-hop
benchmarks. This pattern suggests that SE-Search
adjusts tool use to question complexity, allocating
more retrieval to gather evidence for multi-hop rea-
soning while avoiding unnecessary calls on simpler
questions.

SE-Search produces more atomic and diverse
queries. Prior work emphasizes higher search
frequency while largely overlooking query quality.
Figure 4(a) reports the average character length
and variance of search queries for three methods,
including SE-Search at approximately 50, AutoRe-
fine at approximately 65, and Search-R1 at ap-
proximately 90. These results suggest that shorter
and more focused queries are more effective at re-
trieving relevant and high-quality documents. Fig-
ure 4(b) further compares query diversity using
the similarity ratio defined in Eq. 14. SE-Search
achieves a similarity ratio of about 0.5, whereas
AutoRefine reaches a higher value of about 0.6.
Higher query similarity indicates greater redun-

dancy in retrieved results, which may introduce
repetitive or biased information and degrade the
contextual quality provided to the LLM.

Memory Purification stores key information for
answers. We evaluate the information stored in
memory using CEM, which measures whether the
memory contains evidence related to the ground-
truth answer. Figure 4(c) shows that the mean CEM
of the memory reaches approximately 0.65 at the
final stage of training. This result demonstrates that
the agent successfully extracts useful information
from retrieved documents and stores key facts in
memory, rather than retaining noisy or irrelevant
details. Consistent with the training objective, the
blue line in Figure 3(b) indicates that the agent
issues more search actions during early training
to purify memory with important information and
filter noise, which leads to higher memory rewards
and more reliable memory contents.

Dense Rewards help convergence. We further
examine the effect of dense rewards, which intro-
duce a format reward and replace the EM-based out-
come reward with an F1-based reward. Figure 4(c)
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Figure 4: Statistics for (a) search query lengths, (b) search query diversity, (c) accuracy of memory contents.

shows that dense rewards improve the accuracy of
memory content during the early stages of train-
ing, indicating earlier learning of how to record
answer-relevant evidence. In particular, the for-
mat reward discourages invalid outputs and reduces
unproductive exploration trajectories, thereby ac-
celerating convergence with fewer RL exploration
steps. Moreover, the F1-based outcome reward
provides graded feedback even when the answer is
not an exact match, which yields denser learning
signals than EM and stabilizes training. Consis-
tent with this, Figure 3(a) shows that SE-Search
with dense rewards attains higher reward values
than SE-Search without dense rewards, and this
improvement is mainly attributed to the F1-based
outcome reward.

5 Related Works

5.1 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) improves
generative models by grounding outputs in external
knowledge (Lewis et al., 2020). A typical RAG
system consists of a retriever and a generator, and
surveys summarize four common paradigms (Gao
et al., 2023), including Sequential RAG, Branching
RAG, Conditional RAG, and Loop RAG. Conven-
tional RAG often uses a fixed retrieve then generate
workflow and does not let the model decide when to
search during reasoning. SE-Search instead targets
autonomous search behavior with explicit memory,
exploration, and behavioral constraints.

5.2 Search Agent

Search agents extend RAG by invoking a search
tool within a multi-step reasoning process, as in
Search-ol (Li et al., 2025c¢). Related systems
such as WebThinker (Li et al., 2025¢) and Web-
Dancer (Wu et al., 2025) also support autonomous
retrieval during reasoning. Other methods focus

on training strategies that improve search behav-
ior, including Search-R1 (Jin et al., 2025), Re-
Search (Chen et al., 2025), AutoRefine (Shi et al.,
2025), and WebSailor (Li et al., 2025b). A common
limitation is that retrieved context often contains
noise that accumulates across steps and weakens
later reasoning. SE-Search addresses this issue
with Think-Search-Memorize and Atomic Query
to improve how evidence is selected and retained.

5.3 Reinforcement Learning

Reinforcement learning (RL) provides a general
framework for improving LLM behavior. Com-
mon approaches include proximal policy opti-
mization (PPO) (Schulman et al., 2017), direct
preference optimization (DPO) (Rafailov et al.,
2023), and group relative policy optimization
(GRPO) (Shao et al., 2024). Extensions such as dy-
namic sampling policy optimization (DAPO) (Yu
et al., 2025) and group sequence policy optimiza-
tion (GSPO) (Zheng et al., 2025) further improve
training stability and efficiency. GRPO uses group-
based normalization and avoids a separate critic. In
this work, we design a fine-grained reward function
that adapts GRPO to search agent optimization.

6 Conclusions

In this paper, we propose SE-Search, a self-
evolving search agent that enhances the self-
memory, self-exploration, and self-discipline capa-
bilities of LLMs through three evolution directions,
including memory purification, atomic query, and
dense rewards. SE-Search addresses limitations in
prior work that overlook the impact of irrelevant
and noisy documents and that lack fine-grained
feedback during RL. Extensive experiments on
both single-hop and multi-hop question answering
benchmarks demonstrate that SE-Search consis-
tently outperforms existing methods.



7 Limitations

Although SE-Search outperforms existing methods
on single-hop and multi-hop QA benchmarks, it has
several limitations. First, SE-Search does not use
live web search; the retrieval corpus is static and
therefore does not contain real-time information
from the internet. Second, highly complex tasks,
such as BrowseComp (Wei et al., 2025), remain
underexplored. Third, the method requires manual
selection and tuning of several hyperparameters for
dense rewards. Finally, SE-Search supports only a
single tool and lacks additional capabilities (e.g.,
page browsing and code execution).
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A Appendix

A.1 Training and Evaluation Datasets

Following Search-R1 and other RL-based meth-
ods, we merged NQ and HotpotQA to form the
training dataset, comprising 169,615 samples. The
evaluation set comprises 51,713 samples drawn
from the test set of four benchmarks(NQ, Trivi-
aQA, PopQA, Bamboogle) and the development
sets of three benchmarks (HotpotQA, 2Wiki, and
Musique).

A.2 GRPO Hyperparameters

We list the key hyperparameters used with the
VeRL framework (Sheng et al., 2025). In Table 4,
we adopt the same data, actor, and rollout configu-
ration as Search-R1 and AutoRefine. For the dense

11

reward design, the atomic query reward is com-
puted for query lengths in the range from 10 to 120
and uses a similarity threshold of 0.3. The decay
step is set to 150, which is half of the total training
steps.

Table 4: Hyperparameters in RL.

Module Hyper-parameter Value
Data Max Documents Length 512
Total Training Steps 320
Max Response Length 2048
Retriever Topk 3
Actor Training Batch Size 256
Micro Training Batch Size 64
Learning Rate 1x10°6
KL Coefficient 3 0.001
Clip Ratio € 0.2
Rollout Max Search Actions 5
Group Size G 10
Temperature 1.0
Top P 0.95
Reward Loin 10
Linaq 120
Similarity Threshold T’ 0.3
tdecay 150
Reward weights o 0.1
Reward weights 0.01

A.3 More Experiments Results

To provide a more comprehensive characterization
of SE-Search, Figure 5 shows its training dynamics,
plotted as average accuracy, across seven bench-
marks: Natural Questions (NQ), TriviaQA, PopQA,
Bamboogle, HotpotQA, 2Wiki, and Musique.

A.4 Case Studies

Table 5 lists the atomic queries derived from a com-
plex user question, illustrating the self-planning
and self-exploration of SE-Search. Table 6 and
Table 7 show the memory contents and full tra-
jectories generated by SE-Search for two ran-
domly selected examples from Musique and Hot-
potQA. These results demonstrate SE-Search’s self-
memory and self-discipline.
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Figure 5: SE-Search’s evolution of EM accuracy across seven benchmarks.

Table 5: The list of atomic search queries illustrates self-planning and self-exploration.

Question Which film has the director died earlier, Kati Patang or A Thief In The Dark?
Ground Truth A Thief In The Dark

SE-Search

1. <search> Director of Kati Patang </search>

<memory> ... the director of Kati Patang is Shakti Samanta. </memory>

2. <search> Director of A Thief In The Dark </search> <memory> ... the director of A Thief In The Dark is Donald W.
Thompson. </memory>

<think>Ineed to determine which director died earlier, Shakti Samanta or Donald W. Thompson. </think>

3. <search> Death date of Shakti Samanta </search> <memory> ... Shakti Samanta died on 9 April 2009. </memory>

4. <search> Death date of Donald W. Thompson </search> <memory> ... Thompson died on February 19, 2011. </memory>
<answer> A Thief In The Dark </answer>.

Table 6: Case Studies illustrating self-memory and self-discipline. Key evidence is highlighted Blue.

Case 1 Who is the spouse of the actor who played Scarlett in Gone with the Wind?
Ground Truth Laurence Olivier

SE-Search
To answer the question "Who is the spouse of the actor who played Scarlett in Gone with the Wind?", I’ll follow these steps.
1. <think>I need to identify the actor who played Scarlett in "Gone with the Wind". </think>
2. <search> Actor who played Scarlett in Gone with the Wind </search>
<documents>Doc 1(Title "Gone with the Wind (film)") The leading roles are played by Vivien Leigh (Scarlett), Clark
Gable (Rhett), Leslie Howard (Ashley), and Olivia de Havilland (Melanie). ... Doc 3(Title "Vivien Leigh") Vivien Leigh
Vivien Leigh (; born Vivian Mary Hartley, and styled as Lady Olivier after 1947; 5 November 1913-8 July 1967) was an
English stage and film actress. She won two Academy Awards for Best Actress, for her iconic performances as Scarlett
O’Hara in """'Gone with the Wind''"' (1939)
3. <memory> The actor who played Scarlett in "Gone with the Wind" is Vivien Leigh.</memory>
4. <think>Now I need to find who Vivien Leigh is married to. </think>
5. <search> Vivien Leigh husband </search>

Doc 1(Title "Vivien Leigh") ..., the public strongly identified Leigh with her second husband, Laurence
Olivier, who was her spouse from 1940 to 1960. Leigh and Olivier starred together in many stage productions, with Olivier
often directing, and in three films. Her first husband Leigh Holman also spent considerable ...
6. <memory> Vivien Leigh is married to Laurence Olivier. </memory>
7. <answer> Laurence Olivier </answer>.
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Table 7: Case Studies illustrating self-memory and self-discipline. Key evidence is highlighted Blue.

Case 2 How many ethnic minorities were looked at differently in the city where the headquarters of the
only group larger than Vilaiyaadu Mankatha’s record label is located?
Ground Truth two

SE-Search

To answer the question "How many ethnic minorities were looked at differently in the city where the
headquarters of the only group larger than Vilaiyaadu Mankatha’s record label is located?", let’s follow
these steps.

1. <think>First, I need to find out which group larger than Vilaiyaadu Mankatha’s record label is located
in the headquarters city. </think>

2. Which group larger than Vilaiyaadu Mankatha’s record label is located in the headquarters
city?

Doc 1(Title "Tharangini Records") Primarily established as the first recording and distribut-
ing music label in Kerala for Malayalam films... Tharangini Records (currently Tharangni) is the
music company founded by noted Indian Playback singer K. J. Yesudas in 1980 at Thiruvananthapuram,
Kerala. It became the first recording centre ...</documents>
3. <memory> ..., the group larger than Vilaiyaadu Mankatha’s record label is Tharangini Records. </memory>
4, What city is the headquarters of Tharangini Records?

Doc 1(Title "Tharangini Records") Tharangini Records Tharangini Records (currently
Tharangni) is the music company founded by noted Indian Playback singer K. J. Yesudas in 1980 ...
The office and studio were moved to Abhiramapuram, Chennai, Tamil Nadu licensed under Dr.
K. J. Yesudas Audio and Visual Corporation Ltd.) ...</documents>
5. <memory> ..., the headquarters of Tharangini Records is located in Chennai, Tamil Nadu. </memory>
6. How many ethnic minorities were looked at differently in the city of Chennai, Tamil Nadu?

Doc 1(Title "Demographics of Chennai") ... however, the population growth rate was slow.
Hindus form the majority of Chennai’s population but the city also has substantial Muslim and
Christian minorities.
7. <memory> ..., the city of Chennai, Tamil Nadu has a substantial Muslim and Christian minority.
</memory>
8. <answer> Two </answer>.
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