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Abstract

LLM-based search agents often concatenate
the full interaction history into the context,
producing long and noisy inputs, and increas-
ing compute cost and GPU memory over-
head. To address this issue, we propose Mem-
Searcher, an agent framework that maintains
a compact memory during multi-turn interac-
tions, retaining only question-relevant informa-
tion and thereby keeping the context length
stable across turns. Training MemSearcher
is challenging because each trajectory spans
multiple turns under different LLM contexts,
making each turn an independent optimiza-
tion target in reinforcement learning. We in-
troduce multi-context GRPO, which propa-
gates trajectory-level advantages to all turns for
end-to-end optimization. Experiments demon-
strate that MemSearcher outperforms strong
history-concatenation (ReAct-style) baselines
on a range of public datasets while maintain-
ing nearly constant token counts across multi-
turn interactions. The code and models will
be publicly available at https://github.com/icip-
cas/MemSearcher.

1 Introduction

Recently, Large Language Model (LLM)-based
search agents have advanced quickly, deliv-
ering substantial improvements on knowledge-
acquisition tasks (Jin et al., 2025; Chen et al.,
2025b; Li et al., 2025). Unlike traditional Retrieval-
Augmented Generation (RAG) (Lewis et al., 2020;
Yue et al., 2024; Xiong et al., 2025), search agents
treat search engines as external tools, and au-
tonomously determine when and how to invoke
them. This process typically requires multiple turns
of interaction between agents and the environment.

A representative paradigm for modeling such
multi-turn interactions is ReAct (Yao et al., 2023).
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Figure 1: Comparison between ReAct and Mem-
Searcher. ReAct continuously appends all interaction
history, including thought ¢, action a and observation o
at each turn. MemSearcher iteratively updates a com-
pact memory m that retains only essential information.

As shown in Figure 1 (Top), a ReAct trajectory is
formulated as a multi-turn conversation, where the
entire interaction history is incorporated into the
context of the backbone LLM. Although straight-
forward, this design leads to a fundamental bottle-
neck: as the number of interaction turns increases,
the LLM context grows linearly by appending all
thoughts, actions, and observations. In the setting
of search agents, this results in long and noisy con-
texts dominated by retrieved passages, many of
which are irrelevant to the user’s question. Such
prolonged contexts not only strain the LLM’s abil-
ity to effectively utilize salient information (Liu
et al., 2023; Wu et al., 2024), but also incur sub-
stantial computational and GPU memory overhead.

In this paper, we introduce MemSearcher, an
agent framework that maintains a compact, itera-
tively updated memory throughout multi-turn inter-
actions, preserving only the information essential
for addressing the user’s question. At each turn,
MemSearcher provides the backbone LLM with
two succinct inputs, the user’s question and the
memory, rather than the entire, ever-growing in-
teraction history. The LLM generates a reasoning
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trace (thought) and performs an action based on
it. After the response to the action is returned by
the environment, the LLM functions as a memory
manager to integrate the memory based on the pre-
vious memory and the current interaction. Since
the number of tokens in the memory is restricted
by a predefined maximum length, this design keeps
LLM contexts stable while preserving salient infor-
mation throughout multi-turn interactions.

Since current LLMs have not been optimized un-
der the MemSearcher framework, they are not yet
capable of mastering it. We employ Reinforcement
Learning (RL) (Sutton et al., 1998) to train Mem-
Searcher agents, which enables the optimization
of models without annotated trajectories. Among
RL algorithms, Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) has emerged as a
widely adopted method, as it improves LLM abil-
ities while optimizing the GPU memory usage of
Proximal Policy Optimization (PPO) (Schulman
etal., 2017). In MemSearcher, a trajectory consists
of multiple turns under different contexts, making
each turn an independent optimization targets. To
enable end-to-end GRPO training of MemSearcher
agents, we introduce multi-context GRPO. It prop-
agates trajectory-level advantages to each turn, and
then optimizes every turn independently, enabling
a stable training for MemSearcher agents.

We conduct extensive experiment across seven
public knowledge-acquisition datasets. Mem-
Searcher demonstrates superior performance to
ReAct-based methods. Compared to ReAct, which
exhibits a linear increase in token numbers with in-
teraction turns, MemSearcher maintains nearly con-
stant token counts within contexts. Notably, Mem-
Searcher supports multi-turn interactions within
a compact context window shorter than 4K to-
kens, enabling deploying search agents in resource-
constrained settings.

We summarize our contributions as follows.

* We introduce MemSearcher, an agent frame-
work that leverages the backbone LLM as a
memory manager to iteratively retain a com-
pact memory, eliminating the need to append
the entire interaction history to LLM contexts.

* We propose multi-context GRPO, which
provides end-to-end RL training for Mem-
Searcher trajectories, each of which contains
multiple turns under different contexts.

* Comprehensive experiments demonstrate that

MemSearcher achieves superior performance
to ReAct-based baselines, while maintaining
a nearly constant context length across multi-
turn interactions.

2 The MemSearcher Framework

In this section, we first revisit the ReAct paradigm
and its limitation of ever-growing contexts. Then,
we introduce the MemSearcher framework, which
maintains a compact context throughout multi-turn
interactions via iterative memory integration.

2.1 Preliminary: ReAct

ReAct (Yao et al., 2023) has become the most pop-
ular paradigm for building LLM-based agents (Jin
et al., 2025; Chen et al., 2025b; Mo et al., 2025).
The idea of ReAct is simple: a trajectory is a multi-
turn conversation, and each turn is an interaction
between the agent and the environment. At each
turn, the LLM generates a thought, and performs
an action, after which the environment provides an
observation in response to the performed action.

Specifically, we assume that at the ¢-th turn, the
agent generates thought ¢;, takes an action a;, and
receives an observation o;. In particular, og = ¢
represents the observation prior to the first turn,
where g denotes the user’s question. At the ¢-th
turn, the input to the LLM is as follows:

¢ =(q,t1,a1,01, - ,ti—1,ai-1,0i—1). (1)

Then, the agent generates ¢; and performs the cor-
responding action a;, following policy 7 (t;, a;|c;).

Although straightforward, ReAct leads to a con-
tinuous increase in the number of tokens in the
LLM context, due to its design of appending all
interaction history. This increase is linear through-
out interactions, placing significant pressure on the
inference of LLMs (Hsieh et al., 2024; Wu et al.,
2024; Chen et al., 2025a). In addition, in the con-
text of search agents, the observations are passages
retrieved by the search engine, which often include
substantial noise and information irrelevant to an-
swering the user’s question. This further constrains
the performance of ReAct-based search agents, as
illustrated in Figure 2 (Left).

Moreover, the linear growth in the number of
tokens leads to increased computational and GPU
memory overhead. Consequently, more efficient
and scalable methods for building search agents
need to be explored.
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Question

— F——

Who played the girlfriend of Chance's voice actor in
Homeward Bound in Back to the Future?

. J
/—{ ReAct ]ﬁ
Thought 1: To answer this question, I need to find out who
the voice actor of from Homeward Bound is ...

Act 1: Search( )

Obs 1: The Incredible Journey Homeward Bound ...

, an immature and disobedient
American Bulldog and the narrator of the film ...

Thought 2: The voice actor of Chance from Homeward Bound is
Now, I need to find out who played the

girlfriend of Michael J. Fox in Back to the Future ...

Act 2: Search(Back to the Future cast)

Obs 2: Back to the Future is a 1985 American science fiction

film directed by Robert Zemeckis ... Lea Thompson was cast

as Lorraine McFly ...

Thought 3: The actress who played Lorraine McFly, the
girlfriend of Michael J. Fox in Back to the Future, is Lea
Thompson.

Act 3: Answer (Lea Thompson)

/’—————————————————[ MemSearcher ]—————————————————~\
Thought 1: To answer this question, I need to find out who
the voice actor of from Homeward Bound is ...
Act 1: Search( )
Obs 1: The Incredible Journey Homeward Bound ...

, an immature and disobedient
American Bulldog and the narrator of the film ...
Memory 1l: The voice actor of Chance from Homeward Bound is

Thought 2: I need to find out who played
in Back to the Future.
Act 2: Search(
)
Obs 2: (born 1966) is an American

actress and businesswoman ...

Memory 2: The voice actor of Chance from Homeward Bound is
. In the film Back to the Future, Michael J.

Fox played Marty McFly and his girlfriend was Jennifer

Parker, played by

Thought 3: The memory provides the information that the

voice actor of Chance from Homeward Bound is

and his girlfriend in Back to the Future was played by

Act 3: Answer( )

- J

- J

Figure 2: Comparison between ReAct and MemSearcher. ReAct accumulates all intermediate content in the
context, leading to an incorrect answer by confusing the character’s girlfriend with the actor’s on-screen relationship.
In contrast, MemSearcher maintains an independent context for each turn via a compact memory storing only
task-relevant facts, which helps disambiguate entities and relations across turns and yields the correct answer.

2.2 Agent with Iterative Memory Integration

The MemSearcher framework is illustrated in Fig-
ure 1 (Bottom). At the ¢-th turn, the backbone LLM
receives only two succinct inputs: the user’s ques-
tion ¢ between <question> </question>, and a
compact memory m;_; expressed in natural lan-
guage, enclosed within <memory> </memory>. The
memory encapsulates relevant information from
previous turns that is considered helpful to answer
the question. In particular, the memory myq prior to
the first turn is empty. Therefore, the input to the
LLM at the -th turn is formulated as:

2

G = (q, mzel)-

Upon reading the user’s query and the pre-
vious memory, the LLM generates thought ¢;
within <think> </think> and performs an action
a; between <tool_call> </tool_call>, follow-
ing policy 7(t;, a;|c;). As the action is executed,
the environment returns the response o; within
<tool_response></tool_response>.

After receiving o;, MemSearcher overwrites the
previous memory to an updated one for the next
turn. The LLM are asked to carefully read o; and
integrate any new information that helps to answer
the question, while preserving all relevant details
from the previous memory m;_;. The resulting
memory is denoted as m;. This process contin-
ues iteratively, until the maximum number of in-

Method Context FLOPs/Turn FLOPs Memory
ReAct O(n) O(n) O(n?) O(n)
MemSearcher  O(1) 0(1) O(n) o(1)

Table 1: Computational overhead comparison, including
tokens in context, FLOPs per turn, total FLOPs and GPU
memory, scaling with the number of turns n.

teractions is reached or sufficient information is
gathered and the LLM generates a final answer.

Unlike ReAct, which continuously concatenates
historical thoughts, actions and observations into
the LLM context, MemSearcher compresses only
the essential information into a compact memory,
as illustrated in Figure 2 (Right).

Although the MemSearcher framework seems
simple, it exactly supports the scaling of LLM-
based agents. Since the number of tokens in the
memory never exceeds a predefined maximum
length, MemSearcher maintains the context within
a few thousands of tokens. Consequently, the
FLOPs per turn keeps O(1), and the total com-
pute scales linearly to the number of turns. We
illustrate the computational overhead comparison
between ReAct and MemSearcher in Table 1.

Specifically, under the setting of search agents
with search engines as tools, action a; takes one of
the following two forms: (1) answer to the user’s
question in \boxed{} and terminating the inter-
actions, (2) issuing a search engine call with a
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Figure 3: Demonstration of multi-context GRPO. In rollout, it first samples a group of trajectories {7;}%_, for
question g. The i-th trajectory T; consists of multiple turns {7 ; };’;1 under different contexts. Then, it computes
rewards { R; }$ |, and derives the trajectory-level advantages {A;}$ , from these rewards. It propagates trajectory-
level advantages to each turn within them, i.e. A; ; = A;, and treat each turn as an independent optimization target

to update the policy LLM.

query to obtain additional information to answer
the query. If the latter is chosen, the returned o;
is the relevant passages retrieved from the search
engine in response to the search query.

3 MemSearcher Training

In this section, we introduce the end-to-end RL
training method of MemSearcher, including multi-
context GRPO and the reward modeling.

3.1 Multi-Context GRPO

We use reinforcement learning (RL) to train Mem-
Searcher agents, since it allows models to evolve
without annotated trajectories. Among RL algo-
rithms, we utilize Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024), as it optimizes the
GPU memory usage of Proximal Policy Optimiza-
tion (PPO) (Schulman et al., 2017).

Vanilla GRPO samples a group of trajectories
{T,T5,--- ,T¢g} for each query g, and optimizes
policy g by maximizing the following objective:

g (Tilg)

J0) = ]EqND {1} ~mg o 1D G Z [ i (77\'%“1( Tilq)
. 7o (Tilq) o |l

1 Y 1 A; D e ’

clip ( o (Thla 3 e,1+¢) ) B KL( ol f)]

3)

where A; represents the advantage, calculated with
the rewards {R1, Ra, - - - , R} within each group:

7RG})
Ra})

For MemSearcher agents, a trajectory consists of
multiple turns under different LLM contexts, each
of which is an independent optimization target for
LLM RL training. Therefore, we introduce multi-
context GRPO to enable end-to-end GRPO training
for MemSearcher, as illustrated in Figure 3.

R; — mean({R1, Rz, - -

Ai =
Std({Rl, RQ, s

“

Specifically, =~ we assume that trajec-
tory 7; contains n; turns, represented as
{T;1,Tiz2, - ,Tin,}- According to Section 2.2,
the j-th turn can be formulated as:

7 = J @M tigsaig,0ig,mig), if j<ng
) T .

(g, mij—1,ti5, i j), if j=n;

(%)

where m; j_1 is the previous memory, m; ; is
the new generated memory, {; ;, a;; and o; ; are
the reasoning trace, performed action and tool re-
sponse, respectively.

We compute reward R; for each trajectory, and
calculate its advantage A; within the group by
Equation 4. Then, we uniformly propagate this
advantage to all turns within the trajectory, and use
each turn as an independent target to optimize the
policy model. The training objective is:

n;

j(e) ]EQND {T3, _1} 1 "T"’mkl( lei, J) z(] 1 n; ;]Zl[
min(ri ;(6) Ay, clip(ri; (0), 1= ¢, 1+ ¢) Ai)
— /BKL(TI'G H Wref)] )
©)

where ¢; j = (¢, m; j—1) is the input to the model,

mo(Tijlci ;)

r;(0) =
w( ) 7r905d(Ti,j|CiJ)

and AL]' = Az (7)

Notably, ¢; ; consists of tokens from both the pol-
icy model and the environment. Following previ-
ous RL-based search agents (Jin et al., 2025; Chen
et al., 2025b), we use loss mask for tokens from the
search engine, ensuring the policy gradient objec-
tive is computed only over model-generated tokens,
thereby stabilizing RL training.
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Method NQ TriviaQA PopQA HotpotQA 2wiki Musique Bamboogle Avg.
Small Size: 3B parameters

Search-o1 3B (Li et al., 2025) 16.6 31.0 8.2 14.8 224 52 224 17.2
Search-R1 3B-base (Jin et al., 2025) 40.6 58.7 43.5 28.4 27.3 4.9 8.8 30.3
Search-R1 3B-instruct (Jin et al., 2025)  34.1 54.5 37.8 324 31.9 10.3 26.4 325
AutoRefine 3B-base (Shi et al., 2025) 46.7 62.0 45.0 40.5 39.3 15.7 344 40.5
AutoRefine 3B-instruct (Shi et al., 2025) 43.6 59.7 44.7 40.4 38.0 16.9 33.6 39.6
ReSearch 3B (Chen et al., 2025b) 20.4 33.5 17.3 35.6 39.3 17.3 37.6 28.7
ZeroSearch 3B (Sun et al., 2025) 414 57.4 44.8 274 30.0 9.8 11.1 31.7
02-Searcher 3B (Mei et al., 2025) 444 59.7 429 38.8 37.4 16.0 344 39.1
MemSearcher 3B (Ours) 47.0 63.8 47.9 43.9 43.5 17.9 42.4 43.8
Base Size: 7B parameters

Search-ol 7B (Li et al., 2025) 19.4 40.6 11.4 17.0 27.0 8.6 30.4 22.1
Search-R1 7B-base (Jin et al., 2025) 48.0 63.8 45.7 43.3 38.2 19.6 43.2 43.1
Search-R1 7B-instruct (Jin et al., 2025)  39.3 61.0 39.7 37.0 41.4 14.6 36.8 38.5
ReSearch 7B (Chen et al., 2025b) 40.9 63.7 44.6 43.5 47.6 223 424 43.6
ZeroSearch 7B (Sun et al., 2025) 43.6 65.2 48.8 34.6 352 18.4 27.8 39.1
R1-Searcher 7B (Song et al., 2025) 404 52.2 41.0 44.2 51.3 15.8 36.8 40.2
MemSearcher 7B (Ours) 52.7 68.1 47.8 50.8 48.6 25.8 48.8 48.9
Large Size: > 10B parameters

Search-ol 14B (Li et al., 2025) 19.8 46.7 23.3 27.4 28.9 11.2 344 274
Search-R1 14B-base (Jin et al., 2025) 48.6 67.6 48.0 46.8 47.0 24.1 52.8 47.8
Search-R1 14B-instruct (Jin et al., 2025) 42.4 66.0 442 43.6 37.9 21.0 48.0 433
ReSearch 32B (Chen et al., 2025b) 45.5 69.4 48.2 46.7 449 26.4 56.8 48.3
MemSearcher 14B (Ours) 53.7 71.1 48.8 51.8 51.5 27.2 57.6 51.7

Table 2: Performance comparison. The best performance is highlighted in bold, while the second-best performance

is indicated with an underline.

3.2 Reward Modeling

Similar to DeepSeek-R1 (Guo et al., 2025), our
reward function considers two parts: format reward
and answer reward.

* Format Reward: It checks whether the rollout
correctly follows the predefined format, includ-
ing the correctness of usage of tags and the exis-
tence of \boxed{} in the answer.

* Answer Reward: A rule-based reward assesses
the correctness of the model’s response. It is
calculated by using the F1 score between the final
answer inside \boxed{} and the ground truth.

The reward function is formulated as:

0, incorrect format,
0.1,

F1 score,

R = correct format & F1 score=0,

correct format & F1 score>0.

®)
4 Experiments

To verify the effectiveness of MemSearcher, we
conduct experiments on a range of datasets and
different scales of LLMs.

4.1 Experiment Setups

Baselines. We compare MemSearcher against
multiple baseline methods, including: (1) prompt-
based multi-step inference with search, such as
Search-ol (Li et al., 2025); (2) LLMs with
search trained via Reinforcement Learning, such
as Search-R1 (Jin et al., 2025), ReSearch (Chen
et al., 2025b), AutoRefine (Shi et al., 2025), Ze-
roSearch (Sun et al., 2025), O%-Searcher (Mei et al.,
2025), and R1-Searcher (Song et al., 2025).

Among these baselines, ZeroSearch and R1-
Searcher interact with the realistic web environ-
ment via Google Web Search in their evaluation.

Benchmarks and Evaluation Metrics. We com-
pare MemSearcher with the baselines across
a range of public benchmarks that encompass
search with reasoning challenges, such as Natu-
ral Questions (NQ) (Kwiatkowski et al., 2019),
TriviaQA (Joshi et al., 2017), PopQA (Mallen
et al., 2022), Bamboogle (Press et al., 2022),
Musique (Trivedi et al., 2022), HotpotQA (Yang
et al., 2018), and 2WikiMultiHopQA (Ho et al.,
2020). Following Search-R1 (Jin et al., 2025), we
use Exact Match (EM) as the evaluation metric.
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Model Method NQ TriviaQA PopQA HotpotQA 2wiki Musique Bamboogle Average
Qwen2.5-3B w/o training  16.4 23.8 22.5 11.9 11.0 3.7 11.2 14.4
-Instruct w/ training ~ 47.0 63.8 47.9 43.9 43.5 17.9 42.4 43.8
Qwen2.5-7B  w/o training  22.1 41.2 235 27.4 27.8 11.6 27.2 25.8
-Instruct w/ training ~ 52.7 68.1 47.8 50.8 48.6 25.8 48.8 48.9
Qwen2.5-14B  w/o training  26.2 53.7 33.2 28.6 24.2 10.1 17.6 27.7
-Instruct w/ training ~ 53.7 71.1 48.8 51.8 51.5 27.2 57.6 51.7

Table 3: Comparison between models with and without RL training.

16k MemSearcher 3B ReSearch 3B
—e— MemSearcher 7B —A— ReSearch 7B A/‘
14k { —e— MemSearcher 14B  —a— ReSearch 32B
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Turn

Figure 4: Comparison of the average token numbers
in the LLM context between MemSearcher and ReAct-
based ReSearch (Chen et al., 2025b).

Implementation Details. We conduct our ex-
periments on Qwen2.5-3B/7B/14B-Instruct mod-
els (Qwen et al., 2025). We use the 2018 Wikipedia
dump (Karpukhin et al., 2020) as the knowledge
source and ES (Wang et al., 2022) as the retriever.
The maximum number of tokens in the memory is
set to 1,024. For training, we follow Search-R1,
using its fully open training datasets, including the
training splits of NQ (Kwiatkowski et al., 2019)
and HotpotQA (Yang et al., 2018), and the rollout
group size of each prompt is set to 5. We con-
duct the training based on the verl library (Sheng
et al., 2025), and the rollout temperature is set to
1.0. For evaluation, we test MemSearcher on seven
public datasets, covering both in-domain and out-
of-domain scenarios. Such a comprehensive evalu-
ation provides deeper insights into the effectiveness
of MemSearcher under varied conditions.

4.2 Main Results

4.2.1 Performance Analysis

In Table 2, we provide a comprehensive perfor-
mance comparison between MemSearcher and the
baselines across the evaluated benchmarks. Several
key observations can be drawn from these results:

(1) MemSearcher consistently outperforms
baselines, demonstrating the effectiveness of our

method. These performance improvements are
consistently observed across both in-distribution
datasets such as NQ and HotpotQA, and out-of-
distribution datasets, such as TriviaQA, PopQA,
2WikiMultiHopQA, Musique and Bamboogle.

(2) Remarkably, even with a smaller LLM
size, MemSearcher outperforms larger baseline
models. For example, MemSearcher 3B attains
an average score of 43.8 accross the seven bench-
marks, surpassing the baselines with 7B parame-
ters. Moreover, MemSearcher 7B achieves an aver-
age score of 48.9, even higher than ReSearch 32B.
These results suggest that MemSearcher makes
more effective use of model capacity.

(3) MemSearcher surpasses the baselines that
rely on the realistic web search engine. Specifi-
cally, MemSearcher achieves superior performance
compared to ZeroSearch and R1-Searcher, both of
which depend on Google Web Search to retrieve
external information during their evaluation.

4.2.2 Efficiency Analysis

In addition to the performance gains, MemSearcher
achieves superior efficiency compared to ReAct-
based agents, as it eliminates the need to include
all interaction history within the LLM context.

To validate this, we record the number of to-
kens in the LLM contexts of MemSearcher and
ReAct-based ReSearch at each turn and calculate
their average across the evaluated benchmarks. The
results are illustrated in Figure 4.

Compared to ReSearch, which exhibits an lin-
ear increase in token consumption during the in-
teraction process, MemSearcher maintains sub-
stantially lower and more stable token counts.
This efficiency gain is primarily attributed to the
design of MemSearcher, which iteratively updates
a memory as context, preserving only the essen-
tial information for answering the given question
throughout interactions. Notably, MemSearcher
enables multi-turn interactions within a compact
context window shorter than 4K tokens. Together
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Method NQ TriviaQA PopQA HotpotQA 2wiki Musique Bamboogle Average
SFT 26.0 34.1 29.3 23.2 26.6 13.9 46.4 28.5
RL 47.0 63.8 47.9 43.9 43.5 17.9 42.4 43.8

Table 4: Comparison between models trained via SFT and RL, based on Qwen2.5-3B-Instruct.

0.75
0.70
0.65
0.60
o 0.55
% 0.50
x 0.45
0.40
0.35
0.30
0.25

—— MemSearcher 7B
MemSearcher 3B

0 25 50 75 100 125 150 175 200
Step

(a) Training Reward

0.75
0.70

—— MemSearcher 7B
MemSearcher 3B

0 25 50 75 100 125 150 175 200
Step

(b) Validation Reward

Figure 5: Training and validation reward. The validation is conducted on a part of development set of HotpotQA
with 100 randomly selected samples, and conducted every 20 steps. The curves are smoothed for clarity.

with the observation that smaller MemSearcher
models even outperform larger baseline models,
these results demonstrate the feasibility of deploy-
ing search agents in resource-constrained settings.

4.3 Further Analysis
4.3.1 Do we need RL Training?

To investigate the impact of RL training on the
performance of MemSearcher, we perform a com-
parative analysis. The baselines are Qwen2.5-
3B/7B/14B-Instruct models, both of which are in-
tegrated with the MemSearcher framework but do
not undergo the RL training.

As shown in Table 3, the models without RL
training demonstrate a pronounced performance
degradation across all evaluated benchmarks. This
observation highlights the necessity of RL training
in equipping models with the ability to effectively
interact with both the search engine and memory,
thereby enhancing their overall functionality and
task-solving ability.

Why use RL for MemSearcher instead of SFT?
Because SFT relies on token-level supervision and
require explicit annotations of intermediate mem-
ory states, which are costly. Moreover, many larger
LLMs also have not been optimized under the
MemSearcher framework, making them subopti-
mal teachers in distillation-based SFT. In contrast,
RL directly rewards behaviors that lead to correct
final answers, enabling models to learn what to
retain and discard during interactions.

As shown in Table 4, we compare the models
trained via SFT and RL. For SFT, we adopt the dis-

tillation mechanism. Specifically, questions from
the RL training data are used to prompt Qwen2.5-
72B-Instruct, and trajectories with correct final
answers are collected to fine-tune Qwen2.5-3B-
Instruct. We can observe that the model trained via
RL demonstrates superior performance compared
to the model with SFT training.

4.3.2 Training and Validation Reward

We present the curves of training and validation
reward in Figure 5, which offer an intuitive view of
the learning dynamics during training. For valida-
tion, we construct a validation dataset by randomly
sampling 100 examples from the development set
of HotpotQA. We conduct validation every 20 train-
ing steps. The observed reward patterns reveals the
following two phases of learning:

(1) Early stage (first 25 steps). The reward in-
creases sharply, indicating that the models rapidly
acquire the fundamental ability to interact effec-
tively with the search engine and memory.

(2) Later stage (after 25 steps). The reward
grows at a more gradual pace. This improvement
suggests that the models are refining their strategy,
progressively enhancing its capacity to exploit the
search engine and manage memory.

The difference between the two stages under-
scores the transition from basic skill acquisition to
the optimization of more advanced behaviors.

4.3.3 Impact of Maximum Memory Length

Choosing an appropriate maximum memory length
for MemSearcher agents entails a fundamental
trade-off between information capacity and mem-
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Figure 6: Ablation on maximum memory lengths.

ory efficiency. A larger maximum length enables
agents to preserve more information throughout
interactions, but it also exacerbates redundancy. In
contrast, an overly restrictive memory limit forces
the agents to discard essential information, un-
dermining multi-turn search and reasoning perfor-
mance. In our default configuration, we set the
maximum memory length to 1,024 tokens.

To systematically examine the impact of this hy-
perparameter, we conduct an ablation study with
maximum memory lengths ranging from 256 to
2,048 tokens. As shown in Figures 6, the re-
sults suggest that intermediate memory sizes pro-
vide the most favorable trade-off: they retain suf-
ficient task-relevant information while limiting re-
dundancy in memory integration. On relatively sim-
ple datasets such as Bamboogle, MemSearcher al-
ready achieves superior and saturated performance
with a maximum memory length of 256 tokens,
suggesting that MemSearcher is able to compress
essential information into a small number of to-
kens. In contrast, on more complex datasets such
as Musique, model performance improves steadily
as the maximum memory length increases from
256 to 1,024 tokens.

5 Related Work

5.1 LLMs with Search Engines

Large Language Models (LLMs) have demon-
strated strong and robust capabilities in solving
complex tasks (Achiam et al., 2023; Comanici
et al., 2025; Men et al., 2025; Yuan et al., 2025a,b;
Zeng et al., 2025), yet often lack knowledge in spe-
cific domains (Peng et al., 2023; Li et al., 2023;
Zhang et al., 2025b; Zheng et al., 2026). Conven-

tional solutions like Retrieval-Augmented Genera-
tion (RAG) (Lewis et al., 2020; Yue et al., 2024; Yu
et al., 2022) address this by augmenting prompts
with retrieved documents. Alternatively, search
agents formulate the problem as an interactive pro-
cess, treating search engines as external tools. Re-
Act (Yao et al., 2023) integrates search into the
reasoning process by interleaving it with Chains-
of-Thought (CoT) (Wei et al., 2022) steps. Recent
studies (Jin et al., 2025; Chen et al., 2025b) de-
velop agentic reinforcement learning (RL) to en-
hance search agents. However, current RL-based
approaches (Wu et al., 2025; Tao et al., 2025) pre-
dominantly adhere to the ReAct paradigm, lacking
the exploration of more efficient paradigms.

5.2 Context Management

Although context management is pivotal for long-
horizon tasks, most LLM agents utilize ReAct (Yao
et al., 2023), which leads to prolonged token se-
quences. To address this, various memory mech-
anisms have been proposed: (1) RAG-style mem-
ory (Jimenez Gutierrez et al., 2024; Zhong et al.,
2024) treats memory as an external knowledge
source to be retrieved when needed (Zhu et al.,
2023). (2) Token-level memory (Jin et al., 2024;
Zhou et al., 2025; Orlicki, 2025) uses SFT or
RL algorithms (Schulman et al., 2017) to regu-
late contexts. Strategies range from maintaining
latent tokens (Wang et al., 2025), forget-resistant
buffers (Yang et al., 2024), or to compressing long-
context inputs into summaries (Yu et al., 2025).
(3) Structured memory (Zeng et al., 2024; Zhang
et al., 2025a; Chhikara et al., 2025) organizes in-
formation into structured representations, such as
the knowledge graphs utilized in Zep (Rasmussen
et al., 2025) and the atomic memory units in A-
MEM (Xu et al., 2025). In this paper, we utilize
the backbone LLM of the search agent as an intrin-
sic memory manager, optimizing it via end-to-end
multi-context GRPO.

6 Conclusion

In this paper, we propose MemSearcher, an agent
framework that integrates a memory with the back-
bone LLM throughout interactions between the
agent and the environment. It eliminates the need
to append all historical thoughts, actions and ob-
servations within the LLM context, as in ReAct.
We further introduce multi-context GRPO to op-
timize MemSearcher-based agents in an end-to-
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end fashion. MemSearcher demonstrate superior
performance across a range of public benchmarks
compared to ReAct-based baselines. Moreover,
MemSearcher maintains nearly constant context
length shorter than 4K tokens throughout multi-
turn interactions with the environment.

Limitations

Although MemSearcher demonstrates superior per-
formance and efficiency compared to ReAct-based
methods, there are several limitations. While Mem-
Searcher adopts a simple and effective memory
design, more sophisticated memory mechanisms,
such as RAG-like memory or structured mem-
ory, need further investigation for RL-based search
agents. In addition, Multi-context GRPO serves
as an effective extension of the vanilla GRPO al-
gorithm, yet more techniques need to be explored
to mitigate potential length bias and to exploit the
potential of RL training.
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A Appendix

A.1 LLM Usage

We used OpenAl’s ChatGPT to help polish the
language and improve the readability of the
manuscript. Specifically, ChatGPT was used for
grammar checking and sentence rephrasing. We
list our prompt for using OpenAI’s ChatGPT to
help polish writing as follows.

Prompt for Using OpenAl’s ChatGPT to
Help Polish Writing

Below is a paragraph from an
academic paper. Polish

the writing to meet the
academic style, improve
the spelling,
clarity, concision and
overall readability.
Furthermore, list all
modification and explain
the reasons to do so in
markdown table. \\

Paragraph: {paragraph}

grammar,

\

A.2 Training Hyperparameters

We train MemSearcher agents with full parameter
optimization and gradient checkpointing. We show
training hyperparameters in Table 5. The 3B/7B
experiments are run on 8 H100 GPUs and 14B on
2x8 H100 GPUs.

Parameter Value
Learning Rate le-6
Train Batch Size 256

Number of Training Epochs | 1

Number of Rollout 5
Rollout Temperature 1.0
KL Loss Coefficient 0.001
Clip Ratio 0.2

Table 5: Training details of MemSearcher.

A.3 Details of Evaluated Datasets

We evaluate MemSearcher agents on the following
public question answering datasets:

¢ Natural Questions (NQ) (Kwiatkowski et al.,
2019), a QA dataset with questions consisting
of real anonymized, aggregated queries issued
to the Google search engine.

* TriviaQA (Joshi et al., 2017), a large scale chal-
lenging dataset with relatively complex, compo-
sitional questions, requireing more reasoning to
find answers.

* PopQA (Mallen et al., 2022), a dataset consist-
ing of 14k questions covering factual informa-
tion in the long tail.

* Bamboogle (Press et al., 2022), a manually con-
structed dataset with multi-hop questions, where
all questions are sufficiently difficult to be unan-
swerable by a single search engine call.

* Musique (Trivedi et al., 2022), a QA dataset
with 25K questions that by require proper multi-
hop reasoning.

* HotpotQA (Yang et al., 2018), a dataset with
113k Wikipedia-based question-answer pairs,
where the questions requires finding and rea-
soning over multiple supporting documents to
answer, and and not constrained to any existing
knowledge bases or knowledge schemas.

* 2WikiMultiHopQA (Ho et al., 2020), a multi-
hop QA dataset that uses both structured and
unstructured data. It is challenging for multi-
hop models and explicitly ensures that multi-hop
reasoning is required.

A4 Case Study

To provide a more intuitive understanding of the
utility of MemSearcher, we present a case study
in Table 6. The text enclosed by <think> and
</think>, <tool_call> and </tool_call>, as
well as <memory> and </memory> is generated by
the model. The text enclosed by <tool_response>
and </tool_response> is retrieved from the
search engine. This case demonstrates that the
model can effectively maintain a compact memory,
retaining only the essential information necessary
to solve the question.
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Question: What was the form of the language that the last name Sylvester comes from, used in the era of
Rotrude’s father, later known as?
Answer: Medieval Latin

Turn 1: <think> To answer this question, I need to find out which language the last name Sylvester
comes from. Let’s start by searching Wikipedia for this information. </think>

<tool_call> {"name": "wikipedia_search", "arguments": {"query": "Last name Sylvester comes from
what language"}} </tool_call>

<tool_response> Sylvester James Jr. (September 6, 1947 - December 16, 1988), who used the stage
name of Sylvester, was an American singer-songwriter. Primarily active in ... ... </tool_response>

<memory> The last name Sylvester comes from the Latin language. </memory>

Turn 2: <think> The memory mentions that the last name Sylvester comes from the Latin language.
However, it does not provide any information about the form of the Latin language used in the era of
Rotrude’s father, later known as. I need to find out which era Rotrude’s father lived in. </think>
<tool_call> {"name": "wikipedia_search", "arguments": {"query": "Who was Rotrude’s father, and
what was he later known as?"}} </tool_call>

<tool_response> Rotrude Rotrude (or sometimes referred to as Hruodrud/Hruodhaid) (775/778 — 6 June
810) was a Frankish princess, the second daughter of Charlemagne from his marriage to Hildegard. Few
clear records ... ... </tool_response>

<memory> The last name Sylvester comes from the Latin language. Rotrude was a Frankish princess, the

second daughter of Charlemagne from his marriage to Hildegard. </memory>

Turn 3: <think> The memory mentions that the last name Sylvester comes from the Latin language.

However, it does not provide any information about the form of the Latin language used in the era of

Rotrude’s father, later known as. I need to find out who Charlemagne was. </think>

<tool_call> {"name": "wikipedia_search", "arguments": {"query": "Who was Charlemagne"}}

</tool_call>

<tool_response> Charlemagne or Charles the Great (2 April 742 — 28 January 814), numbered Charles

I, was King of the Franks from 768, King of the Lombards from 774, and Holy Roman Emperor from ...
. </tool_response>

<memory> The last name Sylvester comes from the Latin language. Rotrude was a Frankish princess, the

second daughter of Charlemagne from his marriage to Hildegard. Charlemagne was later known as Holy

Roman Emperor. </memory>

Turn 4: <think> The last name Sylvester comes from the Latin language. Charlemagne was later known
as Holy Roman Emperor. The question asks what was the form of the Latin language used in the era of
Rotrude’s father, later known as. Since Rotrude’s father was Charlemagne, and Charlemagne was later
known as Holy Roman Emperor, we need to find out what was the form of the Latin language used in his
era. I will use the wikipedia_search function to find this information. </think>

<tool_call> {"name": "wikipedia_search", "arguments": {"query": "Form of Latin language used in the
era of Charlemagne"}} </tool_call>

<tool_response> Medieval Latin was the form of Latin used in Roman Catholic Western Europe during
the Middle Ages ... ... </tool_response>

<memory> The last name Sylvester comes from the Latin language. Rotrude was a Frankish princess,
the second daughter of Charlemagne from his marriage to Hildegard. Charlemagne was later known as
Holy Roman Emperor. The form of Latin language used in the era of Charlemagne was Medieval Latin.
</memory>

Turn 5: <think> The memory mentions that the form of Latin language used in the era of Charlemagne
was Medieval Latin. </think>
The answer to the question is \boxed{Medieval Latin}.

Table 6: A case study of MemSearcher.
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