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Abstract

Large Language Models (LLMs) are inherently
constrained by their fixed-length context win-
dows, which limits LLMs’ ability to retain and
utilize information across long-term interac-
tions. To address this limitation, recent work
has proposed external memory modules for
LLMs. Using memory modules typically in-
volves two stages: evidence retrieval and mem-
ory utilization. While prior work focuses on
the architecture of memory modules and the
retrieval stage, the equally critical memory uti-
lization stage remains underexplored. Building
on this, we propose MemCoRL, a two-stage al-
ternating co-optimization reinforcement learn-
ing method. Stage 1 optimizes evidence re-
trieval using citation feedback and semantic
accuracy from utilization as rewards. Stage 2
optimizes utilization with rewards combining
semantic similarity and lexical overlap. Itera-
tive co-optimization establishes a positive feed-
back loop: better retrieval improves memory
utilization, which in turn refines retrieval re-
wards. Experimental results show our approach
outperforms the leading baselines on both lex-
ical overlap and semantic similarity metrics,
confirming the co-optimization in memory re-
trieval and memory utilization.

1 Introduction

Large Language Models (LLMs) have demon-
strated impressive capabilities in text generation
and dialogue tasks (Yang et al., 2025; OpenAI,
2023). When faced with long-term tasks that re-
quire continuous interaction, the need for memory
management in LLMs becomes evident (Zhang
et al., 2025). Yet LLMs’ fixed-length context win-
dows impose strict limits on memory management,
making it difficult to sustain long-horizon interac-
tions. Although many studies attempt to extend
the input context of LLMs(Peng et al., 2023; Ding
et al., 2024), they suffer performance degradation
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Figure 1: MemCoRL retrieves query-relevant informa-
tion from extensive historical context, consolidates it
into memory evidences, and utilizes them to inform in-
ference during response generation.

as the window expands and remain fundamentally
constrained by input length limits(Li et al., 2024).

To address this challenge, existing research has
proposed a series of memory mechanisms that
enable LLMs to overcome the limitations of fi-
nite input length and obtain contextual memory
beyond the current input. These can be catego-
rized into the following types: Knowledge organi-
zation methods, such as A-Mem(Xu et al., 2025)
and Mem0 (Chhikara et al., 2025), achieve effi-
cient memory management by designing intercon-
nected memory structures and extracting and inte-
grating knowledge bases. Architecture-level solu-
tions, such as MemGPT(Packer et al., 2024) and
MemoryOS(Kang et al., 2025), draw on operating-
system and memory-hierarchy mechanisms to de-
vise distinctive memory-management architectures
that permit more rational and efficient handling of
memories. Retrieval-centric approaches, in addi-
tion to research on optimizing the retrieval pipeline,
such as DeepRAG(Guan et al., 2025), RMM(Tan
et al., 2025), iteratively refine the retrieval with on-
line Reinforcement Learning (RL) based on LLMs’
cited evidence.

Existing studies emphasize external memory
mechanisms for LLMs, encompassing memory rep-
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resentations, management strategies, and retrieval
techniques. Although such refinements enhance
memory formation and retrieval, they neglect a vi-
tal dimension: memory utilization referring to how
LLMs employ retrieved memory to address current
tasks and critically influences system performance
by underpinning the reasoning processes that lever-
age memory across tasks (Liu et al., 2025).

Previous studies indicate that RL can indepen-
dently improve reasoning and retrieval capabili-
ties(Guo et al., 2025; Tan et al., 2025).Further-
more, we noticed that retrieval outputs directly
inform utilization, while utilization performance
reflects retrieval quality (Shao et al., 2023). How-
ever, effectively leveraging this reciprocal relation-
ship to jointly enhance memory retrieval and uti-
lization remains a challenge. To address this, we
propose MemCoRL: a two-stage, alternating co-
optimization framework with collaborative RL, co-
optimizing memory retrieval and utilization poli-
cies. Specifically, our approach consists of two
stages. Stage I: Memory Retrieval Optimization —
the retrieval policy is optimized by citation feed-
back from the utilization policy, supplemented by a
semantic reward to mitigate reward hacking(Shihab
et al., 2025). Stage II: Memory Utilization Opti-
mization — the utilization policy is optimized by a
composite reward that linearly combines semantic
and lexical. Through iterative training, enhanced
retrieval provides precise evidence for utilization,
whose refined rewards subsequently guide retrieval
optimization. The retrieval and utilization poli-
cies function as interdependent sub-policy; by al-
ternately optimizing them, MemCoRL leverages
co-evolutionary dynamics whereby improved uti-
lization feedback reshapes retrieval rewards to es-
cape local optima, and enhanced retrieval evidence
expands the utilization policy’s exploration space
to avoid stagnation. This co-optimization allows
MemCoRL to converge on a more consistent global
optimum than either policy optimized in isolation.

We evaluated our system on diverse benchmarks,
including long-term conversational memory and
contextual memory tasks, where it outperforms cur-
rent leading baselines in lexical-level metrics (F1
and BLEU) and semantic-level metrics (LLM-as-
judge), which demonstrates that our approach ef-
fectively enables the alternating co-optimization of
memory evidence retrieval and memory utilization.

In conclusion, our contributions can be summa-
rized as follows:

• We refine the reward function in existing mem-
ory retrieval methods and employ RL to op-
timize the memory utilization policy. Experi-
mental results validate the efficacy of our op-
timization with RL.

• We focus on the reciprocal interaction be-
tween memory retrieval and memory utiliza-
tion, and introduce MemCoRL, an alternating
co-optimization framework based on collabo-
rative RL, which enables the co-evolution of
both the retrieval and utilization policies.

• We conduct experiments on diverse datasets.
Experimental result shows MemCoRL outper-
forms leading baselines in F1, BLEU, and
LLM-as-judge, validating the effectiveness of
our approach.

2 Related Work

2.1 Memory Module for LLMs
In recent years, a line of researches focus on ex-
plicit knowledge organization. A-Mem constructs
an interconnected note structure, leveraging seman-
tic links to enable richer associative retrieval (Xu
et al., 2025). Mem0 introduces graph-based repre-
sentations to capture complex relationships among
conversational elements and supports a scalable ex-
tract–integrate–retrieve pipeline (Chhikara et al.,
2025). These approaches excel in structuring
and semantically linking memories. Another di-
rection operates at the system-architecture level.
MemGPT draws on hierarchical storage in the op-
erating system to separate a finite ’primary context’
from an unbounded ’external context’, enabling
the model to page and retrieve memory via func-
tion calls (Packer et al., 2023). However these
two strategies do not explore memory retrieval
and utilization within the model itself. While tra-
ditional RAG systems retrieve from static exter-
nal corpora, memory retrieval draws from inter-
action history—more task-relevant but also more
prone to confusion. Consequently, standard RAG
approaches cannot be directly applied to mem-
ory tasks. Retrieval-oriented research in memory
has therefore explored incorporating reinforcement
learning into the retrieval process. RMM applies
online RL to iteratively align the retriever with evi-
dence cited by LLMs during generation.(Tan et al.,
2025) While effective, it updates only the retriever
and excludes memory utilization from the joint
training loop.
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2.2 Reinforcement Learning for LLMs

RL has significantly enhanced LLMs’ reasoning
capabilities. Especially, Group Relative Policy Op-
timization(GRPO) operates without the need for a
value network, directly computing advantages by
normalizing rewards within the group, demonstrat-
ing excellent performance and reduced resource
consumption(Shao et al., 2024)(Diao et al., 2026).
As a result, the reward signal progressively transi-
tions from human preferences(Ouyang et al., 2022)
or (Bai et al., 2022) reward models to a rule-based
mechanism. Beyond conventional reasoning tasks,
such as coding or mathematical problem solving,
existing studies have also verified the effective-
ness of RL in other contexts, including search (Jin
et al., 2025) and agent (Ouyang et al., 2025), in
boosting model capabilities. These studies pro-
vide possibilities for enhancing LLM performance
in memory-related tasks. Nevertheless, applying
RL to memory scenarios still faces the challenge
of clearly defining tasks to construct an effective
reward mechanism.

3 MemCoRL

In this section, we will introduce our approach
MemCoRL and detail its training design in stages.

3.1 Preliminaries

3.1.1 Reinforcement Learning for LLMs.

The token generation process of LLMs can be for-
mulated as a token-level Markov decision process
(MDP), in which the action space A corresponds
to the model’s vocabulary, with each token rep-
resenting an action. Consequently, let the LLMs
serve as the policy model, let V represent a finite
vocabulary of tokens. The model πθ, the policy
model, takes an input prompt x ∈ X and gener-
ates a distribution over an answer y ∈ Y , where X
and Y ⊂ V ∗ are the sets of possible input prompts
and output sequences, respectively. Given a reward
model (or function) r, the policy πθ is optimized
through policy gradient methods, with the optimiza-
tion object being to maximize the expected reward
while incorporating KL regularization:

max
θ

J (θ) = E x∼D,
y∼πθ(·|x)

[
rϕ(x, y)

− β DKL

(
πθ(y | x) ∥πref(y | x)

)]
.

(1)

Popular policy gradient methods include
PPO (Schulman et al., 2017), RLOO (Ahmadian
et al., 2024), GRPO (Shao et al., 2024), and Rein-
force++ (Hu et al., 2025).

3.1.2 Group Relative Policy Optimization
(GRPO)

has demonstrated simplicity and efficacy in RL
by dispensing with a critic network typically as
large as the policy model and instead deriving the
baseline term from group-level performance. Con-
cretely, for each input query q, GRPO samples
a set of candidate outputs {o1, o2, . . . , oG} from
the previous policy πθold , and then optimizes the
policy model πθ by maximizing the following ob-
jective:(Shao et al., 2024)

J GRPO(θ) = Eq∼P (Q), {oi}Gi=1∼πθold
(O|q)

1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

{
min

[ πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
Âi,t,

clip
( πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
, 1− ϵ, 1 + ϵ

)
Âi,t

]

− β DKL

[
πθ ∥πref

]}
.

(2)

Where ε and β are hyperparameters, and the
advantage Ai is calculated from a group of rewards
{r1, r2, . . . , rG} as follows:(Guo et al., 2025)

Ai =
ri −mean ({r1, r2, . . . , rG})

std ({r1, r2, . . . , rG})
. (3)

GRPO has been extensively validated to enhance
performance across diverse tasks (Sun et al., 2025;
Wei et al., 2025); accordingly, we integrate it into
our algorithmic framework to compute advantage
estimates and update policy models.

3.2 Method Overview

Our framework consists of two components: the
Memory Retrieval Policy πr and the Memory Uti-
lization Policy πu, which operate sequentially and
reinforce each other. Given a query q, πr retrieves
relevant memory M from context C, which is used
by πu to generate reasoning and an answer 1. We
train both policies in two stages: memory retrieval
optimization and memory utilization optimization.
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Figure 2: Overview of MemCoRL, a collaborative RL framework for co-optimizing memory retrieval and utilization.
The framework combines group-relative policy optimization, hybrid reward mechanisms, and alternating co-
optimization between retrieval and utilization.

3.3 Stage1: Memory Retrieval Optimization

The task of this stage is to retrieve memory evi-
dence from the historical context C, based on the
current query q. We employ LLMs to first extract
all information relevant to query q, followed by
selection and integration, ultimately summarizing
it into memory evidence. The prompt template is
provided in the Appendix A.2. We formalize the
memory retrieval process as follows:

M = Rθ(C, q). (4)

where Rθ denotes the memory retrieval model with
parameters θ.

3.3.1 RL formulation.

The policy πr aims to retrieve memory evidence
relevant to the current query q from the memory
pool. Given the dialogue context C and query q,
the model produces memory evidence mi referring
to a concise factual description for query q. In
this stage, we optimize the policy model πr by
maximizing the expected reward, from Equation
(1), where the reward r will be detailed soon.

3.3.2 Reward Design.

We designed a dynamic reward mechanism for the
memory retrieval policy πr. Specifically, we first
feed each retrieved evidence mi from πr into the
frozen utilization policy πu. The πu generates an
answer and simultaneously annotates whether mi

is used:

rcitation(mi) =

{
1, if mi is cited,
0, otherwise.

(5)

During early training, we observed that the mean
citation reward rise and converge at a high level.
However, as training continued, sole reliance on
the citation reward led to severe reward hacking:
πr produced highly hallucinated memory evidence
to deceive πu to generate incorrect answers using
them. To address this, when the citation reward con-
verges, we introduce a semantic-matching reward
between πu’s inference result and the ground-truth
for πr through LLM-as-judge:

rsemantic(q, y) = LLMs
(
q, yans, ygold

)
. (6)

where LLMs-Judge(·) produces a binary cor-
rectness score according to the evaluation template
(Appendix A.2).

R(mi) = α rcitation(mi) + (1−α) rsemantic(q, y).
(7)

where α ∈ [0, 1] balances the importance of cita-
tion and semantic rewards, which is set to 0.6 in
our experiments.

3.4 Stage2: Memory Utilization Optimization
This stage involves utilizing the memory evidence
M to perform various tasks. The prompt template
for this process is provided in the AppendixA.2.
We formalize the memory utilization as follows.

y = Uθ(M, q). (8)
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where Uθ denotes the memory utilization model
with parameters θ.

3.4.1 RL formulation.
The utilization policy πu aims to utilize the re-
trieved memory evidence M to generate reason-
ing and answer the current question q. Given the
memory evidence Mi and the query q, the model
outputs a reasoning process and a final answer y,
where each mi represents an individual piece of
memory evidence. During this phase, we optimize
the policy model πu by maximizing the expected
reward defined in Equation (1), with the precise
formulation of r provided below.

3.4.2 Reward Design.
We employ a hybrid reward scheme that combines
LLM-as-judge with the BLEU metric in this stage.
First, we use GPT-4o as an LLM-based evaluator
rLLM to assess both the accuracy and completeness
of the predicted answer yans against the gold an-
swer ygold. The evaluator returns a scalar reward:

rLLM(q, y) = rcorr(q, y) + rcompl(q, y).

rcorr(q, y) = LLMscorr
(
q, yans, ygold

)
.

rcompl(q, y) = LLMscompl

(
q, yans, ygold

)
.

(9)

Although BLEU is a simple string matching
metric(Papineni et al., 2002), it demonstrates high
agreement with human preferences; indeed, exist-
ing studies employing BLEU alone as a reward can
yield performance on par with learned reward mod-
els(Chang et al., 2025). To incorporate lexical form
evaluation and reduce the indeterminacy of LLMs-
based judgments, we also introduce a BLEU-based
reward rBLEU, calculated as the BLEU score be-
tween yans and ygold:

rBLEU(yans, ygold) = BLEU
(
yans, ygold

)
. (10)

The final reward for optimizing the memory uti-
lization policy πu is a weighted combination of the
two components:

R(y) = λ rLLM(q, y) + (1−λ) rBLEU(yans, ygold)
(11)

where λ ∈ [0, 1] balances semantic fidelity against
lexical overlap. In our experiments, λ = 0.6.

3.5 Policy Co-optimization
Figure 1 illustrates the overall training workflow,
which processes mini-batches of historical context
C paired with query-answer tuples (q, a).In stage

1, Freeze the utilization policy πu. For each (C, q),
sample n memory evidences {Mi}ni=1 via πr. Cal-
culate rewards of the sampled evidences by the
frozen πu using Equation (7). Update πr with the
GRPO via Equation (3) and Equation (2). In stage
2, Freeze the updated πr. For the same (C, q),
perform a single-sample retrieval (n = 1) to ob-
tain M , then execute n rollouts under πu to gener-
ate answers {yi}. Calculate rewards via Equation
(11), calculate group-normalized advantages via
Equations (3), and update πu via Equations (2)).
Alternating these two stages over multiple rounds
mirrors a co-evolutionary RL process (Majumdar
et al., 2020; Hu et al., 2024):

Escape Retrieval Local Optima: Utilization
feedback reshapes retrieval rewards, guiding πr out
of suboptimal patterns.

Avoid Reasoning Stagnation: Enhanced re-
trieval evidence expands πu’s exploration space,
preventing narrow convergence.

Converge Toward Global Optimum: The posi-
tive feedback loop between retrieval and utilization
drives both policies toward a more consistent global
solution than isolated training.
The algorithm is summarized in Algorithm A.3.

4 Experiments

4.1 Datasets

We conduct our experiments on Lo-
CoMo(Maharana et al., 2024) and LongBench
(Bai et al., 2024) datasets. LoCoMo is specifically
designed to evaluate long-term conversational
memory capabilities and comprises ten extended
multi session dialogues, each averaging approx-
imately 600 turns and 26 000 tokens. For each
dialogue, an average of 200 questions and answer
pairs with ground truth annotations are provided.
The questions span multiple categories, including
single hop, multi hop, temporal, and open domain.
LongBench is designed to evaluate long-context
memory problems that demand deep understanding
and reasoning. It constructed upon several widely
adopted datasets, including HotpotQA(Yang
et al., 2018), MuSiQue(Trivedi et al., 2022), and
QASPER(Dasigi et al., 2021). It comprises six
task categories, with most tasks spanning 5 000 to
15 000 tokens and totaling 4 750 test instances. In
our experiments, we evaluated the SingleDoc QA
and MultiDoc QA tasks.
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Single-Hop Multi-Hop Temporal Open Domain

F1 BLEU-1 J F1 BLEU-1 J F1 BLEU-1 J F1 BLEU-1 J

LoCoMo 25.02 19.75 – 12.04 11.16 – 40.36 29.05 – 18.41 14.77 –
MemoryBank 5.00 4.77 – 5.56 5.94 – 6.61 5.16 – 9.68 6.99 –

MemGPT 26.65 17.72 – 9.15 7.44 – 41.04 34.34 – 25.52 19.44 –
A-Mem 27.02 20.09 39.79 12.14 12.00 18.85 44.65 37.06 54.05 45.85 36.67 49.91

RAG 34.30 23.72 63.79 20.09 15.42 42.92 39.31 31.16 62.29 14.04 11.25 21.71
Mem0 38.72 27.13 67.13 28.64 21.58 51.15 47.65 38.72 72.93 48.93 40.51 55.51

MemCoRL-14b 45.06 39.48 69.61 49.52 42.73 64.02 43.55 34.40 72.54 59.83 53.64 88.35

Table 1: Comparison results on the LoCoMo dataset.

4.2 Metrics

For the LoCoMo benchmark, we employ standard
F1 and BLEU-1 scores to assess lexical overlap
between model outputs and ground-truth. Further-
more, we follow mem0’s LLM-as-judge approach
to compensate for the aforementioned metrics’ lack
of semantic assessment. To mitigate occasionality,
we perform five independent evaluations and report
the mean score. For the LongBench benchmark,
we rely on its established F1 metric to evaluate the
correctness of the answers.

4.3 Baselines

We categorize the baselines into two groups:

4.3.1 Memory Module Research
MemoryBank (Zhong et al., 2024) manages mem-
ory strength according to the Ebbinghaus forgetting
curve, reinforcing access and decaying when un-
used and retrieves relevant history via a dual-tower
dense retrieval model. A-Mem (Xu et al., 2025)
constructs a dynamically interconnected memory
system and uses LLM-driven methods to estab-
lish links between those notes. MemGPT (Packer
et al., 2024) adopts an operating-system–style
paradigm and issues function calls to page con-
tent between these tiers for retrieval and updates.
Mem0 (Chhikara et al., 2025) captures and man-
ages key conversational information through coor-
dinated extraction and update modules.

4.3.2 Full-Context Processing
LoCoMo (Maharana et al., 2024)concatenates the
entire dialogue history with the query as direct
input to the model, without any additional pre-
processing. Retrieval-Augmented Generation
(RAG) segments memory into fixed-length chunks
(128–8192 tokens), embeds them with OpenAI’s
text-embedding-small-3, and retrieves the top

k (1–2) semantically similar chunks at query time
for context concatenation. MemoryLLM (Wang
et al., 2024) compresses past context into hidden
state memory tokens across all layers, forming a
latent-space memory pool. M+ (Wang et al., 2025)
extends MemoryLLM by writing expired hidden
states to a CPU-side long-term memory pool and
incorporates a retriever that pulls relevant mem-
ories once per layer for all query heads LLoCO
(Tan et al., 2024) employs a context encoder to
compress long texts into “summary embeddings”
and finetunes both encoder and model via LoRA
(Low-Rank Adaptation)(Hu et al., 2022).

4.4 Training Detail

4.4.1 Base Models
We selected Qwen2.5-14B-Base and Qwen2.5-7B-
Base for our experiments.

4.4.2 Training Configuration
We trained using the GRPO algorithm within the
Verl framework, applying a KL factor of 1× 10−3

and disabling entropy loss. Optimization employed
AdamW with a learning rate of 1 × 10−6, main-
tained constant with a linear warm-up schedule.
We conducted 4 epochs of memory retrieval with a
rollout batch size of 64, group size 4, and 80 train-
ing steps per co-optimization round, and 4 epochs
of memory utilization with a rollout batch size of
256, group size 8, and 20 training steps per co-
optimization round. Training was conducted on
NVIDIA A100 80 GB GPUs, using 32 GPUs for
the 14B model and 8 GPUs for the 7B model.

4.5 Main Results

The experimental results on the LoCoMo and Long-
Bench benchmark datasets, presented in Table 1
and Table 2. In the LoCoMo benchmark, our ap-
proach, utilizing the Qwen2.5-14B-Base model,
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2wikimqa hotpotqa qasper musique Avg

MemoryLLM-
7B (20k) 27.22 34.03 19.57 13.47 23.57

M+ (16k) 32.71 38.56 30.39 24.58 31.56
LLoCO 35.60 46.20 26.10 27.30 33.80

MemCoRL-
7b 54.61 66.90 42.63 52.15 54.07

Table 2: Comparison results on LongBench dataset.

outperformed the state-of-the-art baseline Mem0.
Specifically, the F1 score improved by 24%, the
BLEU score by 39%, and the LLM-as-judge score
by 18% on average across four tasks. Similarly,
in the LongBench benchmark, our MemCoRL
method, employing the Qwen2.5-7B-Base model,
surpassed other baselines, achieving a 63% im-
provement in the F1 score.

For the LoCoMo benchmark, MemoryBank ex-
hibited the lowest performance, indicating that
memory management relying solely on decay
mechanisms remains insufficient. More advanced
approaches, such as MemGPT, which leverages
memory paging techniques, and A-Mem, which
employs a dynamic memory linking mechanism,
are more effective for memory establishment and
management. Compared to full-context processing
methods, these approaches show comparable per-
formance to LoCoMo in single-hop and multi-hop
tasks but still fall short of RAG methods. How-
ever, they outperform them in temporal and open-
domain tasks. This suggests that memory module-
based methods inevitably experience information
loss when constructing and managing memory,
while full-context processing methods incur less
information loss but may face challenges related to
knowledge update and integrate. In contrast, Mem-
CoRL features less information loss, integrates evi-
dence during the memory retrieval phase, and co-
optimizes memory retrieval and utilization. Al-
though mem0 achieved the best performance in
memory module management, our method still out-
performed it on average. Specifically, our method
perform well on Multi-Hop tasks, where evidence
is distributed and thus demands robust retrieval,
and on Open-Domain tasks, which require world-
knowledge reasoning and therefore robust utiliza-
tion, which highlights the advanced memory re-
trieval and utilization capabilities of our approach.
In contrast, it slightly underperforms Mem0 on
the Temporal task, since we prioritized a general

Figure 3: Ablation study on whether to include seman-
tic rewards in memory retrieval optimization on the
LoCoMo dataset using Qwen2.5-14B-Base model and
LLM-as-judge metric.

framework without dedicated temporal prompts
or specialized training, whereas Mem0 employs
stage-specific temporal cues. This results further
demonstrates that, without task-specific optimiza-
tions, general-purpose models or training regimes
are limited in temporal tasks (Wallat et al., 2024).

For the LongBench benchmark, which assesses
context memory use with relatively brief contexts
while posing more challenging queries, we com-
pare MemCoRL with full-context processing meth-
ods, as these approaches are suited to this task. At
equivalent parameter scales, our method surpassed
base models and baselines leveraging latent-space
memory and trained context encoders. It suggests
that in context memory task, enhancing utilization
is more critical than advanced management. No-
tably, our method delivers uniform gains across
diverse document domains, underscoring its ro-
bustness to domain variation. Experimental results
show that MemCoRL’s superior contextual mem-
ory utilization capabilities across varied domain.

4.6 Ablation Studies

To assess each component’s contribution in Mem-
CoRL, we conduct ablation studies and analyze the
results as follows:

Dynamic Reward for the Retrieval Policy Mit-
igate the Reward Hacking: As described above,
the single citation reward will produce highly illu-
sory retrievals. In the first co-optimization round,
the citation reward nearly converged to its max-
imum score. Thus we compared the subsequent
optimization with and without our semantic reward.
As shown in the figure 3, incorporating semantic re-
wards further enhances performance over citation-
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Figure 4: Ablation study on four settings: Base Model:
no RL optimization; Retrieval-RL: one round of RL on
the retrieval policy simply; Utilization-RL: one round of
RL on the utilization policy simply; MemCoRL-Rn: our
framework co-optimizing both policies over n rounds.

only rewards, demonstrating that dynamic rewards
effectively address citation reward hacking.

Single RL is Effective for both Memory Re-
trieval and Memory Utilization: We conduct ex-
periments to evaluate the performance of different
settings across various tasks within two existing
benchmarks, as presented in the figures 4. For the
LoCoMo benchmark, optimizing only the retrieval
policy resulted in an average 47% improvement
over the base model in terms of LLM-as-judge per-
formance. The improvement was particularly no-
ticeable on more challenging tasks, such as Multi-
Hop and Open Domain. Meanwhile, optimizing
only the utilization policy achieved a similar im-
provement of 41% compared to the base model.
For the LongBench benchmark, optimizing only
the retrieval policy resulted in an average improve-
ment of 110% over the base model in terms of the
F1 score. Meanwhile, optimizing only the utiliza-
tion policy led to an average improvement of 108%
over the base model in the F1 score. The above
experimental results demonstrate the effectiveness
of the RL method, which is based on the specific
rewards we designed for the memory retrieval and
memory utilization models.

Collaborative RL Realize Co-Optimization:
we track the policy model’s performance across
different iteration rounds for these tasks to assess
the impact of alternating optimization on model

Figure 5: Ablation study on the number of collaborative
RL rounds in MemCoRL, evaluated on LoCoMo with
Qwen2.5-14B-Base and LLM-as-Judge metric and on
LongBench with Qwen2.5-7B-Base and F1 metric.

performance. The results are presented in Figure
5, where the scores for the LoCoMo tasks repre-
sent the average of the LLM-as-judge results, and
for LongBench, they correspond to the F1 score.
We performed co-optimization on two policy mod-
els, resulting in an average improvement of 80%
over the base model and a 20% improvement over
RL alone after just one round on LLM-as-judge.
Through multi-round of collaborative RL, the per-
formance of both retrieval and utilization models
continued to improve steadily toward convergence,
outperforming a single round. This demonstrates
the effectiveness of our proposed approach. More-
over, collaborative RL optimization, though slower
to converge, provides greater performance gains
for challenging tasks and larger models than for
simpler tasks and smaller ones.

5 Conclusion

In this work, we address the memory management
bottleneck in LLMs during long-range interactions
by introducing MemCoRL, a two-stage alternating
co-optimization framework based on cooperative
RL. Based on extending studies that optimize re-
trieval using memory citation rewards with RL, we
also optimize the memory utilization phase with
customized reward functions. We further eluci-
date the bidirectional interplay between retrieval
and utilization, leveraging cooperative RL to alter-
nately co-optimize both components. We evalu-
ate MemCoRL on diverse tasks and benchmarks,
demonstrating its superiority over leading baselines.
Ablation studies confirm the necessity of seman-
tic rewards to prevent reward hacking in retrieval,
the beneficial impact of RL on both retrieval and
utilization, and the cumulative gains from multi-
round co-optimization. Overall, MemCoRL’s “re-
trieve–utilize” paradigm advances LLMs memory
research by emphasizing effective retrieval and uti-
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lization over mere storage. We anticipate that this
co-optimization strategy will prove instrumental in
applications such as long-horizon dialogue, knowl-
edge tracking.

6 Limitations

MemCoRL currently optimizes memory retrieval
and utilization in isolation from foundational mem-
ory storage and management mechanisms, leaving
the end-to-end memory pipeline incomplete. This
constraint limits its direct applicability to systems
requiring integrated storage, organization, and re-
trieval—addressed only in future extensions via
multi-agent co-optimization.
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Figure 6: Ablation study on the effect of model size.

A Appendix

A.1 Additional Experiments
In addition to the main experiments presented in
the paper, we conducted additional studies to assess
the impact of model size on performance. Specif-
ically, in addition to Qwen2.5-14B-Base, we use
Qwen2.5-7B-Base and Qwen2.5-3B-Base as the
base models and report the converged results of
co-optimization for comparison. The experimental
results are summarized in Figure 6. The results
indicate that larger model sizes lead to greater im-
provements, particularly on more challenging tasks
such as Multi-Hop after co-optimization.

A.2 Prompts
We provide the prompts used in MemCoRL for
the three main stages of the framework: memory
retrieval, memory utilization, and LLM-as-Judge
evaluation. These prompts guide the model to per-
form different roles in a consistent and structured
manner and together constitute an important part
of the overall pipeline.

Figure 7 presents the memory retrieval prompt,
which is used to extract memory evidence from the
context.

Figure 8 presents the memory utilization prompt,
which is used to answer questions based on the
retrieved memory evidence.

Figure 9 presents the LLM-as-Judge prompt,
which is used to provide semantic feedback dur-
ing reward computation.

A.3 Algorithm
Here we present the algorithm of MemCoRL in
Algorithm 1.

Figure 7: Prompt for memory retrieval.

Figure 8: Prompt for answering queries using memory
evidence.

12
38923



Figure 9: Prompt for semantic judgment used in the dy-
namic reward during retrieval and in the hybrid reward
during utilization.

Algorithm 1 MemCoRL
Require: History context C; question-answer pairs D =

{(q1, a1), (q2, a2), . . . , (qN , aN )}; memory retrieval
policy πr; memory utilization policy πu; number of it-
erations M ; number of evidence rollouts m; number of
answer rollouts n; learning rate η; KL coefficient β.

1: Initialize memory retrieval policy πr and memory utiliza-
tion policy πu.

2: for t = 1 to M do
3: Collect evidence rollout samples:
4: for each question-answer pair (q, a) ∈ D do
5: Generate m evidence samples {mj}mj=1 using

πr(q, C).
6: end for
7: Compute rewards for evidence samples:
8: for each evidence mj do
9: R(mj) = αrmax(mj) + (1− α)rmax(q, y).

10: end for
11: Optimize the retrieval policy πr:
12: Compute advantages Amj = normalize(Rmj ).
13: Update πr with Eq. (2).
14: Collect evidence rollout samples for utilization:
15: for each question-answer pair (q, a) ∈ D do
16: Generate evidence mi using πr(q, C).
17: end for
18: Collect answer rollout samples:
19: for each question-answer pair (q, a) ∈ D do
20: Generate n answers {ai}ni=1 using πu(q,mi).
21: end for
22: Compute rewards for answer samples:
23: for each answer ai do
24: R(y) = λrLLM(q, y) + (1− λ)rBLEU(y, ygold).
25: end for
26: Optimize the utilization policy πu:
27: Compute advantages Aai = normalize(Rai).
28: Update πu with Eq. (2).
29: end for
30: Output: optimized policies πr and πu.
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