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Abstract

While Large Language Model (LLM) based
agents excel at complex tasks, their perfor-
mance in open-ended scenarios is often con-
strained by isolated operation and reliance on
static databases, missing the dynamic knowl-
edge exchange of human dialogue. To bridge
this gap, we propose the INteractive Memory
Sharing (INMS) framework, an asynchronous
interaction paradigm for multi-agent systems.
By integrating real-time memory filtering, stor-
age, and retrieval, INMS establishes a shared
conversational memory pool. This enables con-
tinuous, dialogue-like memory sharing among
agents, promoting collective self-enhancement
and dynamically refining the retrieval medi-
ator based on interaction history. Extensive
experiments across three datasets demonstrate
that INMS improves agent performance by ef-
fectively modeling multi-agent interaction and
collective knowledge sharing.

1 Introduction

The emergence of Large Language Model (LLM)
based agents has significantly advanced machine
learning and conversational Al In particular, the
advent of In-Context Learning (ICL) (Brown et al.,
2020) has enabled LLLM-based agents to perform
tasks using natural language prompts and few-
shot examples without explicit retraining or fine-
tuning, thus broadening their applicability across
diverse domains (Ahmed and Devanbu, 2022; Izac-
ard et al., 2023). Building upon ICL, the develop-
ment of Chain-of-Thought (CoT) prompting further
enhanced agents’ ability to handle complex reason-
ing and arithmetic tasks (Wei et al., 2022). Recent
advances such as PAL (Gao et al., 2023), integra-
tion with symbolic solvers (He-Yueya et al., 2023),
and continuous skill acquisition (Wang et al., 2023)
have further improved LLM-based agents’ reason-
ing and adaptability. Despite these advancements,
generating desired responses for open-ended ques-
tions remains challenging when agents operate in
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Figure 1: (a) In traditional setups, each agent interacts
only with its own memory, limiting knowledge reuse.
(b) In our proposed INMS framework, agents interact
through a shared memory space that supports storing,
retrieving, and cross-agent knowledge sharing, enabling
collaborative improvement across agents.

strict isolation. Human intelligence highly relies
on social interaction and continuous dialogue to
construct collective knowledge; however, most cur-
rent agents lack this interactive dynamic, restricting
their performance to the limited scope of isolated
reasoning and statically provided examples.

To address this challenge, Retrieval-Augmented
Generation (RAG) (Lewis et al., 2020) has been in-
troduced, significantly increasing the availability of
relevant examples for open-domain queries (Mao
et al., 2021; Gao and Metaxas, 2026). Addition-
ally, self-learning mechanisms have been integrated
with retrieval methods to dynamically improve text
generation quality (Rubin et al., 2022; Wang et al.,
2024). However, RAG primarily functions as a
one-way static information lookup rather than a
dynamic conversational process. Its effectiveness
heavily depends on the quality, availability, and up-
to-date status of external databases. The scarcity
and obsolescence of these static databases become
even more pronounced in specialized and rapidly
evolving fields, where knowledge is ideally con-
structed and refined through continuous, interactive
discourse rather than rigid, isolated retrievals.

Furthermore, existing memory enhancement
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methods primarily focus on agents independently
utilizing stored historical information to inform
responses. This isolated paradigm neglects the pro-
found potential of inter-agent interactions and col-
lective memory utilization. Current approaches
often fail to model the asynchronous dialogue and
knowledge exchange that naturally occurs in com-
plex multi-agent environments, missing out on the
inherent diversity and complementarity of agents
that hold unique conversational histories and spe-
cialized training.

Motivated by the need to model effective multi-
agent communication and overcome these lim-
itations, we introduce the INteractive Memory
Sharing (INMS) framework. INMS shifts the
paradigm from isolated reasoning to an implicit,
highly efficient asynchronous dialogue mechanism.
By facilitating dynamic memory sharing through
interactive learning, INMS establishes a shared
conversational ground without reliance on exter-
nal static databases. Figure.1 illustrates the INMS
workflow, emphasizing how this continuous, asyn-
chronous interaction among agents enriches the
shared memory pool and promotes the evolution
from individual problem solvers toward an interac-
tive, collectively intelligent society. Asynchronous
interaction refers to memory-mediated exchange:
agents contribute filtered Prompt-Answer pairs to
a shared pool, and later agents reuse these mem-
ories as contextual examples. INMS is designed
for open-ended, experience-accumulating scenar-
ios in which agents possess different interaction
histories and useful task-specific memories need to
be constructed dynamically.

Specifically, within INMS, interactions between
agents generate Prompt-Answer (PA) pairs, con-
ceptualized as asynchronous communicative acts
or interactive memories. These PA pairs are rigor-
ously evaluated by a dedicated LLLM scorer acting
as a dialogue moderator, filtering out ambiguous
or irrelevant content to maintain a high-quality in-
teraction history. Accepted PA pairs continuously
expand the shared memory pool. Crucially, an au-
tonomous retriever dynamically updates and refines
its capabilities based on this growing pool, acting
as an adaptable mediator of this implicit dialogue.
This mechanism ensures that the most relevant ex-
periential context is curated for each query, mitigat-
ing "echo chamber" biases from initial interactions
and promoting progressively higher response accu-
racy and relevance.

Moreover, we constructed a novel dataset specif-

ically targeting the multifaceted nature of open-
ended tasks—such as poetry generation, unconven-
tional logical problem-solving, and plan creation
domains where interaction, nuance, and rich lan-
guage generation are paramount. Through exten-
sive experimentation across three diverse domains,
each involving three specialized agents, we demon-
strated that INMS enhances response precision and
effectively models multi-agent communication. In
summary, the primary contributions of this paper
include:

* Introducing the INMS framework, an asyn-
chronous interaction paradigm that leverages
dynamically generated and shared conver-
sational memories among agents, evaluated
through rigorous scoring criteria, to enhance
collective performance and retriever accuracy.

* Addressing the limitations of static exter-
nal datasets by modeling continuous, inter-
active memory generation, thereby facilitat-
ing a dialogue-driven evolution from isolated
agents to collective intelligence.

* Constructing a novel dataset and conducting
extensive experiments to validate INMS’s ef-
ficacy across diverse open-ended scenarios,
demonstrating the its capability to sustain
high-quality multi-agent discourse and dy-
namically build reliable interaction histories.

2 Related Work

2.1 Memory Operations

Equipping Large Language Model (LLM)-based
agents with memory mechanisms has gained signif-
icant research interest, primarily aiming to enhance
conversational consistency, behavioral stability,
and experience accumulation. For example, gener-
ative agents utilize memory features to store exten-
sive experiential records, facilitating deeper self-
understanding (Park et al., 2023). VOYAGER intro-
duces an evolving skill library that incorporates suc-
cessful action programs, optimizing task resolution
capabilities (Wang et al., 2023). Similarly, Ghost in
the Minecraft employs a text-based memory system
for efficient plan formulation based on historical
references (Zhu et al., 2023). Memochat adopts
a "memorization-retrieval-response” model to sus-
tain coherent, long-range conversations (Lu et al.,
2023). MemGPT presents a hierarchical memory
system tailored for processing extensive textual
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data and maintaining long-term memory (Packer
et al., 2023), while TiM supports continuous mem-
ory evolution by storing historical conversational
streams (Liu et al., 2023a). Reflexion (Shinn et al.,
2023) and SYNAPSE (Zheng et al., 2024) fur-
ther utilize episodic memory buffers and exemplar
memory for enhanced decision-making and gen-
eralization of successful behaviors, respectively.
However, the aforementioned methods primarily
focus on enhancing individual agent performance
through internal memory operations, without con-
sidering interactive memory sharing among multi-
ple agents. In contrast, our proposed INMS frame-
work introduces an interactive memory-sharing
mechanism, enabling collective self-enhancement
among agents. INMS facilitates memory sharing
and mutual learning, fostering collective intelli-
gence beyond individual memory capacities.

2.2 In-Context Learning

In-Context Learning (ICL) significantly enhances
the problem-solving capabilities of LLMs by in-
tegrating few-shot examples directly into prompts
(Brown et al., 2020; Levine et al., 2022; Zhou et al.,
2023; Liu et al., 2023b; White et al., 2023; Gao
et al., 2024). Recent studies illustrate ICL’s effec-
tiveness in promoting creative outputs (Swanson
et al., 2021), improving logical reasoning through
optimized input designs (Wiegreffe et al., 2022; Wu
et al., 2022), and refining task execution via crowd-
sourced instructions (Mishra et al., 2022). More-
over, explicitly highlighting relationships between
provided examples and targeted tasks substantially
benefits LLM comprehension (Lampinen et al.,
2022). Approaches such as Chain-of-Thought
(CoT) prompting (Wei et al., 2022) and PAL (Gao
et al., 2023) further augment reasoning capabili-
ties by introducing intermediate reasoning steps.
Despite these advancements, open-ended question
handling remains challenging due to insufficient
problem descriptions and the limited availability
of high-quality external knowledge bases. Our
INMS framework directly addresses these chal-
lenges by dynamically generating and sharing high-
quality memories among multiple agents, provid-
ing rich, diverse reference examples, thereby en-
hancing agents’ performance.

2.3 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) methods
aim to enhance LL.M-generated responses by in-
tegrating retrieval techniques such as BM25 (Luo

et al., 2024; Liu et al., 2022) or SBERT (Reimers
and Gurevych, 2019), improving content accuracy
and timeliness (Lewis et al., 2020; Ram et al., 2023;
Shi et al., 2024; Gao et al., 2026). Recent stud-
ies further boost performance by employing dense
retrievers trained via contrastive learning (Rubin
et al., 2022). Additionally, iterative retriever train-
ing can enhance retrieval effectiveness (Wang et al.,
2024). Nevertheless, most retrievers in current
RAG implementations undergo training only once
before deployment, limiting their adaptability to
dynamically evolving data. Unlike previous ap-
proaches, the INMS framework incorporates a con-
tinuously updated retriever, dynamically retrained
as new memories are integrated into the memory
pool. This approach ensures sustained improve-
ment in retrieval quality and adaptability to evolv-
ing data, thereby reducing dependence on external
databases and enhancing overall performance.

3 The Interactive Memory Sharing

This section details the Interactive Memory Shar-
ing (INMS) framework, designed to improve agent
performance through dynamically shared memo-
ries, while preserving agent creativity and versatil-
ity. Figure.2 illustrates the overall INMS architec-
ture. Agents engage in interactions via a Prompt-
Answer (PA) pair, generating results that undergo
rigorous evaluation. High-quality PA pairs become
shared memories, enriching a common memory
pool accessible to all agents. These memories sub-
sequently enhance agent responses and continu-
ously improve the memory retriever. Over succes-
sive interactions, the shared memory pool evolves,
improving response quality and facilitating a shift
from individual to collective intelligence. The core
components of INMS are detailed below.

3.1 Memory Generation and Selection

A memory is essentially a Prompt-Answer (PA)
pair. In some cases, it is permissible for a PA pair to
lack a prompt, typically applicable in initial scenar-
ios. These PA pairs are stored in natural language,
which serves as the shared memories. These shared
memories can be used to improve the response
quality of agents. The dynamic expansion of the
shared memory pool ensures a continuous influx
of new memories, thereby enriching the datasets of
agents. In addressing open-ended questions, these
shared memories provide agents with a broader
perspective and deeper understanding.
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Figure 2: The architecture of INMS framework. (1) + (2) The retriever take the original query from agent as the
input, retrieve the suitable memories from the memory pool and concatenate them to the query to form the prompt.
(3) The Agent (Sonnet) takes the prompt and makes an answer, pack them as (Prompt, Answer). (4) Scorer generates
a score according to the designed rubric for (Prompt, Answer), while (Prompt, Answer) pairs with high scores will
be added into the Memory Pool. All agents share the same Memory Pool; they can write memories into the pool and
retrieve memories from the pool so that they can share memories with each other. For a specific example, please

refer to Appendix D.

After each interaction, the PA pair is scored by
a LLM scorer. For each newly generated memory,
an LLM scorer will grade it and decide whether to
add it to the pool. Before grading, we will estab-
lish grading rubrics for each domain, which will be
shared among agents within the same domain. To
generate these rubrics, we first query LLM several
times to obtain various sets of rubrics. Then, we let
the LLM evaluate these sets and extract the most
reasonable rubrics, synthesizing a complete and
useful set. This set of rubrics undergoes a manual
review phase to assess the relevance of potential
memories to the current focal task and their domain-
specific utility, providing additional precision and
consideration for the users’ specific needs, particu-
larly in specialized application scenarios. The final
scoring criteria are constructed by combining indi-
vidual rubric into a comprehensive criteria. Once
this set of rubrics is finalized, every new memory
generated will be combined with the correspond-
ing rubric and submitted to the LLM scorer. If the
score of PA pair exceeds a preset threshold, the
answer and its corresponding prompt are packaged
as a useful memory and stored in the memory. Dur-
ing the grading phase, different from the traditional
method of directly giving a total score, we prompt
LLM to assign a score range for each single rubric
in the scoring criteria. Once the score ranges for all
rubrics are collected, the final score will be given
by the following formula:

Sﬁnal = % (Z Lz + Z Hz) (1)
=1 =1

where n be the number of rubrics in the scoring
criteria. L; represents the lowest score in the range
for rubric ¢, and H; is the highest score in the range
for rubric .

The different scoring criteria for various domains
ensure the specificity of scoring. While the au-
tonomously generated grading criteria by the LLM
based on the assumption that the LLM-based agents
can better grasp criteria it designed. Therefore,
these scoring criteria are established prior to the
deployment of the framework to ensure consistency
in the LLLM’s scoring process, thereby guarantee-
ing fair evaluation of memories from agents. And
the manual review phase of rubrics, assessing the
relevance of potential memories to the current focal
task and their relevance within the domain to en-
sure their utility, provide additional precision and
special consideration to align with specific needs.

3.2 Memory Retrieval and Training

Prior to the deployment of INMS, a small subset of
instances, already graded by the same LLM scorer
and surpassing the preset threshold, was manually
archived within the memory pool as a preliminary
step to eliminate potential bias. These instances
fulfill a dual purpose: firstly, they provide a di-
versified array of memories upon which agents
may experiment with novel prompts in the face
of new queries; secondly, they constitute the pre-
liminary training corpus for our retriever. This
foundational training regimen mirrors the method-
ology by which subsequently archived memories
will be assimilated into our model in real time,
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thereby facilitating the model’s ongoing adaptive
learning and optimization. During the answering
phase, agents retrieves memories from the shared
memory pool based on the question with the help
of a dense retriever, which are more similar to the
target question in terms of cosine similarity. These
retrieved memories, combined with question, form
a prompt that is submitted to agents, which then
generates an answer. The memories extracted from
the shared memory are used as context to enhance
the quality of the agents’ response, a typical ICL
method that usually improves the answer quality.

Memory Train. Whenever a new PA pair (mem-
ory), denoted as (X,Y), is added into the mem-
ory pool, it will also be used to train our retriever,
which help the retriever to continuously update it-
self and continuously adapt to new memory. Only
PA pairs that pass the memory-quality threshold
trigger retriever updates. For each accepted mem-
ory, retriever retrieves candidate memories from the
existing pool, and the LLM scorer provides relative-
reference labels for updating the retriever. The up-
dates can be processed asynchronously in batches
without blocking response generation. Previously
stored memories remain available and continue to
serve as candidate examples during later updates.
Based on the new generated memory (X,Y), the
classical method BM25 ascertain the most perti-
nent top-n candidate pairs {(z;,y;)}!" ;. sourced
from the diverse and extensive memory pool, de-
noted as C. Each candidate within C' will undergo
a evaluation process utilizing the comprehensive
scoring capabilities of LLM. The scoring mecha-
nism employed is defined as following:

p(xi,yi) =P(2Y | (@i, 4i), X),i € {1,...,n}
2
This equation seeks to determine, given a input-
output pair (x;, y;) in C as a condition, the proba-
bility that the response generated for the input in
the new memory contradicts the output in the new
memory. This grading part serves as a preparatory
step for the subsequent labeling of each candidate
example. It is noteworthy that making —Y" as the
result part is trying to make sure that the memory
that the retriever gets from agents is of reference
value, but it does not have to be the most relevant to
the current question, which means that it can help
the current agent to learn from new examples. This
approach diverges from a simplistic reliance on Y
as the outcome, which tends to restrict the retrieval

process to memory previously stored by agents.

Within the defined set C' = {(x;, y;)}/,, each
candidate now is ascribed a score. We sort them
from the lowest to the highest score and we select
v memory in total to label. The top 3 candidates
(lowest score) in C are identified as being the pair
with the reference value to (X, Y") and accordingly,
their labels are set to positive. Conversely, the bot-
tom 3 candidates are deemed as the least reference
value to (X,Y), and their labels are thus desig-
nated as negative. Those labeled data will be used
to minimize the following function:

1 1
loss(z,y) = ~5 > i log(———-)+

3.3 Interactive Learning

INMS employs an interactive learning strategy to
rapidly expand and update the memory pool, par-
ticularly addressing initial memory scarcity. Ini-
tially, a small number of PA pairs (as few as 100 or
even one) are stored in the memory pool. Agents
iteratively generate prompts based on provided an-
swers, subsequently answering these prompts to
create additional PA pairs. High-quality pairs iden-
tified through scoring are added to the memory
pool, accelerating memory growth and agent self-
enhancement. This interactive approach also under-
pins the construction of our experimental datasets,
allowing continuous evaluation and refinement of
agent performance.

4 Experiments

4.1 Baseline

We evaluate INMS from two perspectives. First,
we analyze generator sensitivity by testing multi-
ple LLMs while varying the number of retrieved
memories k € {0,1,2,3}; when k = 0, the model
receives only the task prompt, and as k increases,
the top-k retrieved memories are included as con-
textual examples. Second, we compare INMS
with retrieval baselines under a fixed generator
setting. The baselines include Random, which
samples memories uniformly; BM25 (Robertson
and Zaragoza, 2009), a sparse lexical retriever;
Contriever (Izacard et al., 2022), an unsupervised
dense retriever trained with momentum contrast;
SBERT (Reimers and Gurevych, 2019) using the
all-mpnet-base-v2 model; TAS-B (Hofstitter et al.,
2021), a topic-aware dense retriever trained with
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open-mistral-7b gpt-3.5-turbo gpt-do
Agent Zero One Two Three Zero One Two Three Zero One Two Three
Limerick 049 054 056 059 050 056 076 087 052 069 088 093
Wuyanlvshi  0.56 0.59 0.61 0.66 066 072 071 072 073 0.75 0.75 0.76
Sonnet 048 052 052 052 050 053 053 053 052 055 054 054
Puzzle 042 048 048 050 047 051 052 052 053 053 056 0.60
Pun 032 035 036 039 047 057 064 0.67 061 064 067 0.70
Riddle 034 036 037 037 040 042 048 052 064 070 086 0.88
Fitness 047 048 050 054 042 057 052 052 046 061 065 0.65
Study 041 045 046 046 049 056 053 051 055 060 063 0.65
Travel 044 048 050 053 047 054 054 054 053 055 071 071
Table 1: Performance across agents utilizing different amounts shared memories.
Literary Logic Plan

Methods Limerick Wuyanlvshi Sonnet Puzzle Pun Riddle Fitness Study Travel

FI LLM-J F1 LLM-J F1 LLMJ F1 LLM-J F1 LLM-J F1 LLMJ F1 LLM-J Fl LLM-J Fl1 LLM.J
Random 021 015 000 040 016 050 017 014 025 015 028 038 014 0I5 009 003 011 002
BM25 044 090 000 050 008 055 019 022 041 020 065 060 020 030 013 008 018 008
Contriever 043 092 000 049 018 053 018 025 039 023 063 055 021 038 012 005 016 004
SBERT ~ 043 088 000 046 017 058 016 027 040 018 065 058 019 023 012 004 015 005
TAS-B 044 093 000 052 014 052 014 021 035 015 063 050 019 023 013 015 015 007
SimCSE 041 093 000 047 017 058 015 019 040 018 064 058 021 032 011 009 019 012
INMS 051 097 000 055 024 067 018 031 038 024 069 071 023 034 013 011 021 015

Table 2: Comparison of INMS with baselines

under both F1 and LLM Judge (LLM-J) metrics.

balanced margin sampling; and SimCSE (Gao
et al., 2021), a contrastive sentence-embedding
framework.

4.2 Implementation Details

We aim to assess the efficacy of the INMS in pro-
cessing open-ended questions across three domains:
Literary Creation, Unconventional Logic Problem-
solving, and Plan Generation. Separate memory
pools were allocated for each of the three domains
because these domains are unrelated and have no
overlapping content. Within the Literary Creation
domain, three agents were assigned the tasks of
generating Wuyanlvshi (a classical form of Chi-
nese poetry), Limericks, and Sonnets, respectively.
In the Logic Problem-solving domain, three agents
were tasked with solving Puzzles, Riddles, and
Puns separately. For the Plan Generation domain,
agents were employed to create Study Plans, Travel
Plans, and Fitness Plans individually. Each of these
nine agents were associated with a correspond-
ing dataset used for evaluation. Across all nine
datasets, comprising a total of 1000 instances (de-
tails provided in Appendix B), we partitioned the
data within each dataset into three subsets: 20%
was allocated for constructing the initial memory
pool, 40% was used to extract queries that were

then input back into the agents to generate mem-
ory, and the remaining 40% was reserved as the
test set. The three subsets are mutually exclusive.
Test instances are used only for final evaluation
and are excluded from initial memory construction,
interaction-based memory generation, and retriever
updates. For our scoring LLM, we use gpt-40. As
the backbones of our agents, we first consider three
LLMs: two close-source LLMs (gpt-3.5-turbo and
gpt-40) (OpenAl et al., 2023) and one open-source
LLM (open-mistral-7b) (Jiang et al., 2023). We use
the BERTScore (Zhang* et al., 2020) and F1 score
as our metric to measure the performance of each
agent. Besides, we adopt an LLM Judge (LLM-
J)evaluation, where an LLLM determines whether
a model’s answer is semantically consistent with
the ground truth, providing a reliable alternative to
surface-based metrics (Gu et al., 2026). The thresh-
old for selecting PA pairs is fixed at 81 as a global
quality cutoff obtained from the average scorer out-
puts across the dataset. The same threshold is ap-
plied unchanged across all experimental settings
and is not selected according to downstream test
performance. We report the experiment results with
extra metrics in the Appendix C.

It is worth noting that, before the experiment,
none of the agents have a suitable database for
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reference. While after the interactive learning stage,
a continuously expanding memory pool with high
quality memories is successfully be a database for
agents to refer. The INMS framework help agents
get rid of the dependence on external databases,
and agents can interactively expand the memory
pool without taking a lot of effort.

4.3 Main Results

For each agent, we first tested them with using the
same backbone and the metric BertScore, that is, in
each domain, all memory was generated by agents
utilizing the same Large Language Model, and in
subsequent task execution, the memory generated
by the previous execution of other agents could be
used. Table.1 shows the result of each agent. We
can observe that, for all agents among all the tasks,
compare to no use of the shared memories, the
performance of all the agents has been improved.
This suggests that the shareable memories from
other tasks can help agents get desired answers,
rather than interfering with the agents’ learning
ability. These results show that the complete INMS
pipeline consistently improves agent performance
in the shared-memory setting. Further separating
the contributions of self-generated and cross-agent
memories provides an interesting direction for fu-
ture analysis. And employing more shared mem-
ories leads to further performance enhancements
across nearly all agents. This improvement un-
derscores the effectiveness of shared memories,
attributable to the constantly updated retriever’s
ability to adjust as the memory pool expands. Con-
sequently, retrievers can consistently retrieve the
most relevant PA pairs for each query. Besides,
when using the same number of shared memories,
the closed-source LLM demonstrates superior per-
formance compared to the open-source LLM, likely
due to its enhanced understanding and reasoning
capabilities. Additionally, since using three shared
memories yields the best performance, all subse-

Study

Riddle Pun

Open.Mistral-78 GPT:3.5Turbo  +w: GPT-do

Figure 4: Performance across agents by utilizing het-
erologous shared memories.

quent experiments utilize three shared memories
during testing and gpt-4o as the backbone.

As shown in Table.2, INMS consistently sur-
passes both sparse and dense retrieval baselines.
Traditional methods such as BM25 and Random
exhibit limited ability to generalize across diverse
query types, while contrastive-based dense retriev-
ers achieve moderate gains but remain constrained
by static embeddings that fail to adapt to evolving
memory contexts. In contrast, INMS demonstrates
robust improvements in both F1 and LLM-judge
metrics across literary, logical, and planning tasks,
indicating that interactive memory sharing effec-
tively enhances retrieval relevance and generation
quality. The adaptive retriever plays a key role
in this improvement by continuously aligning the
embedding space with newly admitted memories,
allowing agents to draw on more contextually use-
ful information. Moreover, INMS achieves the
most balanced performance across creative and
reasoning-oriented domains, highlighting its ca-
pacity to integrate collective memory without over-
fitting to any single task type.

4.4 Does Domain-Specific Memory
Outperform Integrated Memory?

Besides, since memories from agents in other do-
mains may help agents better understand queries
from different angles and enrich the diversity of
the memory pool, we constructed an additional
pool, the integrated pool, which combines all share-
able memories from all agents across all domains
into a single pool. However, as shown in Figure.3,
although the integrated pool can enhance the diver-
sity of shared memories, the domain-specific pool
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Figure 6: Evaluating agents’ performance on biased initial memory pool in five phases.

more effectively enables agents to produce reliable
answers, regardless of the LLM used by the agents.

4.5 Can Shareable Memories Benefit Agents
Utilizing Different LLM Backbones?

To verify that shareable memories generated by
agents utilizing different LLMs during task execu-
tion can still aid current agent in processing queries,
we deployed agents based on three distinct LLMs
to execute an equal number of queries in each do-
main, thereby expanding the memory pool. Also,
those potential shareable memories only after being
scored by the LLM scorer will be decided whether
they can be added to the memory pool. The results
in Figure.4 show that, compared to the non-use of
shared memories in Table.1, the cross LLMs share-
able memories can still boost the performance for
all the agents in answering the open-ended ques-
tions, which means that those heterologous shared
memories still be useful for agents. Although the
performance of agents do not always appear the
same trend compared to the use of same amount
shared memories from itself, that is, either rising or
falling, they all ultimately improve agents’ answers,
but the degree varies.

4.6 Dynamics of Interaction Accumulation
and Mitigating the Echo Chamber Effect

Next, we investigate whether an extensive accu-
mulation of interaction history impedes the agents’
conversational quality, and whether an initial "echo
chamber", a shared memory pool dominated by
biased early interactions, can be effectively dis-
mantled as the system evolves. This recovery is
facilitated by the LLM-scorer (acting as a dialogue

moderator) and the continuously updated retriever.
We measure agent performance across five phases
of interaction accumulation—O0, 25%, 50%, 75%,
100% expansion of the shared memory pool. To
simulate an initial echo chamber, we deliberately
constructed a biased starting pool for each domain,
where 75% of the prompt-answer (PA) pairs exhibit
significant bias. The LLLM scorer evaluated these bi-
ased communicative acts, with half receiving scores
near 0 and the other half near 50. We then tracked
the agents’ performance through the same five evo-
lutionary phases. The results presented in Figure.5
highlight that as high-quality interactive memories
are continuously infused into the shared pool, the
collective performance of the agents steadily im-
proves. For several tasks, performance plateaus
in the later stages. We hypothesize that this stabi-
lization occurs because the shared conversational
ground has reached a temporary saturation of opti-
mal examples; further expansion or diversification
of the interaction topology may be required to break
this stagnation. Crucially, Figure.6 demonstrates
the system’s resilience against the echo chamber
effect. Although the initially biased pool heav-
ily interfered with the agents’ responses during
early interactions (as they repeatedly retrieved and
mirrored flawed examples), the continuous influx
of new, dynamically filtered memories steadily di-
luted this bias. Consequently, the agents’ perfor-
mance rebounded, ultimately approaching the peak
scores observed in the unbiased scenario (Figure.5).
These findings show that the LLM scorer and dy-
namic retriever can progressively reduce the influ-
ence of initially biased memories as higher-quality
memories accumulate. The scoring mechanism
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moderates newly admitted memories, while the up-
dated retriever increasingly prioritizes more useful
memories for subsequent queries.

5 Conclusions

This study introduces INMS, a novel framework
modeling real-time memory sharing among agents
as asynchronous dialogue via continuous storage
and retrieval. This dynamically evolving shared
memory acts as a conversational ground, enhanc-
ing agents’ ability to collaboratively understand
nuances and generate high-quality responses. Even
for uncommon problems, INMS rapidly builds a ro-
bust interaction history. Experiments demonstrate
its effectiveness in modeling multi-agent communi-
cation, successfully overcoming early-stage "echo
chamber” biases as the pool stabilizes. Further-
more, our newly constructed dataset fills critical
gaps in open-ended generation benchmarks. Ulti-
mately, INMS paves the way for agents to evolve
from isolated solvers into a collectively intelligent
society driven by continuous dialogue and knowl-
edge exchange.

Limitations

Our INMS framework shows encouraging perfor-
mance, but there remain several directions worth
pursuing. First, this study emphasizes validating
the core idea of Interactive Memory Sharing rather
than exhaustive systems tuning. To keep the setup
clear and reproducible, we evaluate on represen-
tative domains and defer broader generalization
to later work. Second, although the framework
applies memory filtering, the resulting organiza-
tion can still be shaped by the capabilities of the
underlying language models. Finally, our current
prototype targets text-only interactions; extending
it to multimodal inputs, e.g., images or audio, could
supply richer context and is a natural avenue for
future research.
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Appendix

A Rubrics and Prompt for scoring
Memory

In order to judge whether a memory can be added
into the memory pool, we set three scoring rubrics
for three domains respectively. For Single Pool, we
set up a set of rubrics from a global perspective.

A.1 Rubrics for domain - Literary Creation

General Evaluation Criteria (Total: 100)
Criteria: Literary Quality

Score Range: 0-5

Description: Assesses creativity, use of language,
and emotional impact. High-quality examples
should demonstrate mastery of language and evoke
a strong reader response.

Criteria: Authenticity

Score Range: 0-10

Description: Evaluates adherence to the form’s
traditional standards, including structure, rhythm,
and themes. High scores indicate that the poem
respects genre conventions creatively.

Criteria: Clarity and Cohesion

Score Range: 0-10

Description: Considers the poem’s clarity of
expression and the cohesion of its parts. A high
score indicates that the poem communicates
effectively and its elements are well integrated.
Criteria: Innovativeness

Score Range: 0-5
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Description: Rewards originality in theme,
structure, or language use. High scores reflect a
notable degree of creativity and the introduction of
novel ideas or techniques.

Criteria: Educational Value

Score Range: 0-10

Description: Assesses the example’s potential
to teach about poetic forms, literary devices, and
thematic exploration. High-scoring examples are
rich in analyzable and teachable elements.
Criteria: Metric Precision

Score Range: 0-10

Description: Evaluates the adherence to the
five-syllable structure per line, including rhythm
and flow, emphasizing the importance of metric
accuracy.

Criteria: Imagery and Symbolism

Score Range: 0-10

Description:  Assesses the effectiveness of
imagery and symbolism in conveying the poem’s
themes, highlighting the depth and sophistication
of language use.

Criteria: Humor and Wit

Score Range: 0-10

Description: Rates the poem’s humor, wit, and
wordplay. High scores reflect effective use of
language to entertain and amuse.

Criteria: Rhyme Scheme Adherence

Score Range: 0-10

Description:  Assesses the AABBA rhyme
scheme’s quality and creativity, including how well
the rhymes enhance the humor and effectiveness of
the poem.

Criteria: Structural Integrity

Score Range: 0-10

Description: Evaluates adherence to sonnet
structure, including rhyme scheme and division
into octaves/sestets or quatrains/couplet, stressing
formal precision.

Criteria: Thematic Development

Score Range: 0-10

Description: Looks at theme or argument devel-
opment, especially through the volta, reflecting
the poem’s ability to engage with complex ideas
persuasively.

A.2 Rubrics for domain - Unconventional
Logic Problem-solving

Clarity and Understandability (20 points)
Question Clarity (10 points): The question should

be clearly stated, without ambiguity, and under-
standable without requiring additional context.
Answer Clarity (10 points): The answer should be
directly related to the question, clear, and easily
understandable.

Creativity and Originality (30 points)

Question Creativity (15 points): The question
should demonstrate creativity, originality, and
should not be a common or easily found problem.
Answer Creativity (15 points): The answer should
be innovative and not just a straightforward or
commonly known response. It should also add a
layer of depth or a surprising twist to the question.
Logical Consistency and Correctness (20 points)
Logical Consistency (10 points): The question and
answer together should form a logically consistent
pair where the answer correctly follows from the
question.

Correctness (10 points): The answer must be
factually correct and provide a true solution or
conclusion to the puzzle, riddle, or pun presented
in the question.

Relevance and Engagement (20 points)
Relevance (10 points): The question and answer
should be relevant to the domain of Logic Prob-
lems, demonstrating an understanding of puzzles,
riddles, or puns.

Engagement (10 points): The pair should be
engaging and interesting, capable of capturing
attention and sparking curiosity or amusement.
Difficulty Level (10 points)

The difficulty level of the question should be
appropriate for the intended audience. It should
neither be too easy to solve without any thought
nor too difficult to be practically unsolvable.
This criterion requires a balanced approach to
ensure the content is intellectually stimulating but
accessible.

A.3 Rubrics for domain - Plan Generation

Specificity and Detail (20 points)

Question Specificity (10 points): The question
should be specific, providing enough detail to
guide the generation of a relevant and tailored
plan.

Plan Detail (10 points): The plan should include
specific activities, steps, or recommendations that
are clearly defined and actionable.

Feasibility and Practicality (20 points)

Plan Feasibility (20 points): The plan should be

2394



realistic and practical, considering available re-
sources (time, money, equipment) and constraints.
It should propose actions that can be realistically
implemented by the user.

Comprehensiveness and Scope (20 points)
Coverage of Key Components (20 points): The
plan should comprehensively address all relevant
aspects of the goal. For a study plan, this might
include study sessions, breaks, and topics covered;
for a fitness plan, workouts, rest days, and
nutrition; and for a travel plan, transportation,
accommodations, and activities.

Personalization and Relevance (20 points)
Alignment with User Needs and Preferences (20
points): The plan should reflect an understanding
of the user’s specific needs, preferences, goals, and
limitations. It should feel customized and directly
applicable to the user, rather than being a generic
template.

Plan Clarity (10 points): The plan should be
articulated in a clear, organized, and easy-to-follow
manner. It should avoid jargon or overly complex
language, making it accessible to the user.
Rationale Clarity (10 points): The plan should
include clear reasoning or justification for the rec-
ommendations made, helping the user understand
why specific actions or steps are suggested.

A.4 Rubrics for Single Pool

Accuracy (25 Points)

25 points: The output is entirely accurate, with no
factual errors or inaccuracies.

15-24 points: The output is mostly accurate, with
minor errors that do not significantly impact the
overall understanding.

5-14 points: The output contains several inaccura-
cies that could lead to misunderstandings.

0-4 points: The output is largely inaccurate,
misleading, or irrelevant.

Relevance (20 Points)

20 points: The output is highly relevant to the input
question, directly addressing the query without
diverging from the topic.

10-19 points: The output is relevant but includes
some unnecessary or slightly off-topic information.
1-9 points: The output partially addresses the
question but is significantly off-topic or tangential.
0 points: The output is completely irrelevant to the
input question.

Completeness (20 Points)

20 points: The output provides a complete answer
to the question, covering all essential aspects
implied or directly asked.

10-19 points: The output covers most of the
necessary information but lacks one or two minor
details or aspects.

1-9 points: The output provides a partial answer,
missing significant portions of the information
needed to fully answer the question.

0 points: The output fails to provide any meaning-
ful answer to the question.

Clarity and Coherence (20 Points)

20 points: The output is exceptionally clear and
well-structured, making it easy to follow and
understand.

10-19 points: The output is clear but may have
minor issues with structure or coherence that
slightly hinder understanding.

1-9 points: The output has significant clarity or
coherence issues, making it difficult to understand
without effort.

0 points: The output is incoherent or so poorly
structured that it is unintelligible.

Creativity and Insight (15 Points)

15 points: The output demonstrates high levels of
creativity or provides insights that add substantial
value beyond the explicit question.

8-14 points: The output shows some creativity or
insights but to a lesser extent, offering added value
to the answer.

1-7 points: The output is standard, with minimal to
no creativity or insightful additions.

0 points: The output is entirely generic, with
no attempt at creativity or providing additional
insights.

A.5 Prompt for scoring Memory

For scoring a memory, the following instructions
were provided to LLM:

Here is the rubrics for grading an (prompt,
answer) pair-"grading_rubric”. According to
the rubrics, give me a final score of the
pair. For the final score, first, for each
rubric, according to its standard, give a
score range for the current pair, such as 3-6
(3 is the lowest score and 6 is the highest
score). After scoring all the rubrics, add up
the lowest and highest scores. Then give the
average of the two total scores. This score
will be the final score. The final score
should be a number between 0-100

2395



B Datasets

For all those nine agents, they have their own
dataset to evaluate. There are 1000 items in to-
tal for all datasets. In each datasets, the item con-
tains a question and a answer. For each dataset,
20% will be taken randomly as a small subset of
instances which was manually archived within the
memory pool before the experiments. And 40% of
the dataset, we will only capture the problem part
and use it to generate real-time memory in agents.
As the rest 40%, they will be used as the test set.

For the tasks in the domain Literary Creation,
in their datasets, the question part is a description,
and the answer part is like a poetry which fullfills
the requirements in the description, the question
and answer in the dataset are like:

Tell me about a star that twinkles with a
secret that shining brightly, mysteries to
decrypt? - There once was a star that twinkles
with a secret; With a tale both old and new;
shining brightly, mysteries to decrypt; A
legend through and through; In a world where
magic grew.

For the tasks in the domain Unconventional
Logic Problem-solving in their datasets, the ques-
tion part is a logic problem, and the answer part is
a reasonable solution of that problem, the question
and answer in the dataset are like:

Why is it better to have round manhole covers
than square ones? - A square manhole cover
can be turned and dropped down the diagonal
of the manhole. A round manhole cover cannot
be dropped down the manhole. So for safety
reasons, all manhole covers should be round

For the tasks in the domain Plan Generation, in
their datasets, the question part is a problem about
how to achieve something, and the answer part is
a executable plan, the question and answer in the
dataset are like:

Start learning Python for data analysis? -
Learn basics, then focus on data libraries
like pandas, and practice on projects.

Specifically, the dataset of the Puzzle comes
from Liu et al. (2024), and we expanded its size
from 70 to 100. The new puzzles are based on
some classic problems on the Internet. For other
datasets, the standard "answer" was systematically
harvested from the internet and subsequently input
to the LLM to get the corresponding "question" part
(through interactive learning). In particular, the se-
lection of Wuyanlvshi—renowned and historically
significant poems within Chinese literature—were
meticulously chosen for their fame and widespread

recognition. Furthermore, the sonnets incorporated
into our study originate from the ’quarto” collec-
tion authored by Shakespeare in 1609. We use
the following similar format of prompt to generate
"question" part:

Here is a sonnet -> "From fairest creatures we
desire increase, That thereby beauty’s rose
might never die, But as the riper should by
time decrease, His tender heir mught bear
his memeory: But thou, contracted to thine
own bright eyes, Feed’st thy light’st flame
with self-substantial fuel, Making a famine
where abundance lies, Thyself thy foe, to
thy sweet self too cruel. Thou that art now
the world’s fresh ornament, And only herald
to the gaudy spring, Within thine own bud
buriest thy content And, tender churl, makest
waste in niggarding. Pity the world, or else
this glutton be, To eat the world’s due, by
the grave and thee.” According to this, can
you give me a problem of it(like make a
sonnet followed with some description), so
the possible answer can be this sonnet

. The output as a "question" from the LLM is like:

Craft a sonnet that explores the tension
between personal vanity and the broader
imperative to contribute to the continuation
of beauty and life. Your poem should address
how an individual’s focus on their own allure
can lead to a metaphorical barrenness, despite
the inherent capacity for generational legacy.
Conclude with a reflection on the choice
between selfishness and altruism, using
nature as a metaphor for this existential
dilemma.

C Extra Results

Table.3, Table.4 and Table.5 give the extra results
of INMS.
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Zero One Two Three

Agent ROUGE-2 ROUGE-L ROUGE-2 ROUGE-L ROUGE-2 ROUGE-L ROUGE-2 ROUGE-L
Limerick 0.06 0.15 0.25 0.37 0.44 0.52 0.75 0.77
Wauyanlvshi 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sonnet 0.02 0.14 0.02 0.13 0.10 0.15 0.10 0.15
Puzzle 0.07 0.19 0.09 0.21 0.09 0.25 0.09 0.26
Pun 0.27 0.43 0.20 0.35 0.30 0.43 0.24 0.37
Riddle 0.71 0.80 0.32 0.48 0.44 0.56 0.62 0.75
Fitness 0.02 0.06 0.04 0.15 0.06 0.18 0.07 0.19
Study 0.01 0.04 0.01 0.15 0.01 0.17 0.02 0.14
Travel 0.03 0.06 0.02 0.12 0.14 0.28 0.12 0.18

Table 3: Performance across agents with different numbers of PA pairs (0-3) evaluated by ROUGE-2 and ROUGE-L
against gpt-4o.

Metric Limerick Wuyanlvshi Sonnet Puzzle Pun Riddle Fitness Study Travel

Rogue-2 0.75 0.00 0.10 0.09 024 0.62 0.07 002  0.12
Domain Rogue-L  0.77 0.00 0.15 026 037 0.75 0.19 0.14 0.8
Rouge-2  0.05¢ 0.00 0.01 006" 026 0.60" 0.02+ 0005 0.02¢
Single  Rogue-L  0.12¢ 0.00 0.10+  0.19* 043 071+ o011+ 007t  0.10%

Table 4: Agent performance with Domain pool vs. Single pool by utilizing three suitable memories for open-ended
queries against the model gpt-4o.

open-mistral-7b gpt-3.5-turbo gpt-do
Agent Integrated Domain Integrated Domain Integrated Domain
Limerick 0.51 0.59 0.60 0.87 0.54 0.93
Wuyanlvshi 0.63 0.66 0.68 0.72 0.76 0.76
Sonnet 0.52 0.52 0.49 0.53 0.54 0.54
Puzzle 0.48 0.50 0.49 0.52 0.50 0.60
Pun 0.38 0.39 0.61 0.67 0.61 0.70
Riddle 0.35 0.37 0.50 0.52 0.51 0.88
Fitness 0.54 0.54 0.46 0.52 0.52 0.65
Study 0.46 0.46 0.49 0.51 0.51 0.65
Travel 0.50 0.53 0.54 0.54 0.52 0.71

Table 5: Performance across different LLM when equipped with the domain pool and Integrated pool.

D Case Study

Table.6 gives an detailed example about shared
memory, newly generated prompt and the answer
with the help of shared memory.
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Query: Compose a sonnet that explores the theme of beauty as both a concealer and enhancer of
flaws, reflecting on the beloved’s ability to render their sins and vices seemingly innocuous through
the sheer force of their allure. Begin by comparing the beloved’s imperfections to a flaw in a rose,
suggesting that even in blemish, there exists a form of beauty. Elaborate on how the beloved’s misdeeds
are sweetened by their charm, to the extent that even gossip and scandal become a form of flattery.
Reflect on the notion that vice has found an ideal home within the beloved, where their external beauty
acts as a cover that makes all imperfections appear attractive. Conclude with a caution to the beloved
about the potential consequences of overrelying on their beauty and charm to excuse or obscure their
faults, hinting at the possibility of losing their integrity or the genuine admiration of others if this
privilege is abused.

Shared Memory: Elucidate on a mirror that reflects the soul, revealing truths, making one whole.
-> There once was a mirror that reflects the soul; with a tale both old and new, revealing truths,
making one whole; a legend through and through; in a world where magic grew. Now, based on
this question and answer, what is the answer to the question: Share the legend of a clock that
can pause time in a moment’s click, a pause sublime? The answer to the question ‘“Share the
legend of a clock that can pause time in a moment’s click, a pause sublime?”” would be the tale
of a mystical clock rumored to have the power to pause time with just a simple click. In this
legend, the clock is said to possess the ability to grant individuals a moment of pause in their
lives, allowing them to reflect, reset, and find serenity in the chaos of the world. Just like the
mirror that reflects the soul, this clock is believed to reveal truths and make one feel whole again,
offering a moment of clarity and peace in a busy and fast-paced world.

Prompt: Elucidate on a mirror that reflects the soul, revealing truths, making one whole.->There once
was a mirror that reflects the soul; with a tale both old and new, revealing truths, making one whole; a
legend through and through; in a world where magic grew. Now, based on this question and answer,
what is the answer to the question: Share the legend of a clock that can pause time in a moment’s
click, a pause sublime? The answer to the question “Share the legend of a clock that can pause time
in a moment’s click, a pause sublime?” would be the tale of a mystical clock rumored to have the
power to pause time with just a simple click. In this legend, the clock is said to possess the ability to
grant individuals a moment of pause in their lives, allowing them to reflect, reset, and find serenity
in the chaos of the world. Just like the mirror that reflects the soul, this clock is believed to reveal
truths and make one feel whole again, offering a moment of clarity and peace in a busy and fast-paced
world. Now, based on this question and answer, what is the answer to the question: Compose a
sonnet that explores the theme of beauty as both a concealer and enhancer of flaws, reflecting on the
beloved’s ability to render their sins and vices seemingly innocuous through the sheer force of their
allure. Begin by comparing the beloved’s imperfections to a flaw in a rose, suggesting that even in
blemish, there exists a form of beauty. Elaborate on how the beloved’s misdeeds are sweetened by
their charm, to the extent that even gossip and scandal become a form of flattery. Reflect on the notion
that vice has found an ideal home within the beloved, where their external beauty acts as a cover that
makes all imperfections appear attractive. Conclude with a caution to the beloved about the potential
consequences of overrelying on their beauty and charm to excuse or obscure their faults, hinting at the
possibility of losing their integrity or the genuine admiration of others if this privilege is abused.

Answer: The beloved, like a rose with flaws so rare; Imperfections blend with beauty fair; Their
sins and vices sweetened by allure; Gossip and scandal turned to flattering cure; Vice finds a home
within their charming grace; Where flaws are masked and faults find no disgrace; But caution to
the beloved I impart; Overreliance may tarnish their heart; For beauty’s cloak can only hide so
much; Integrity and admiration as such; May wane if charm becomes their only shield; So let not
beauty’s power be revealed. Embrace true self; flaws and all with pride; For in authenticity, true
beauty resides.

Table 6: Examples for creating a sonnet by agent with the help of shared memory
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