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Abstract

Large language model (LLM)-powered multi-
agent systems (MAS) demonstrate remarkable
collective intelligence, with multi-agent mem-
ory serving as a pivotal mechanism for contin-
ual adaptation. However, existing multi-agent
memory designs remain constrained by two
fundamental bottlenecks: (i) memory homog-
enization caused by limited role-aware cus-
tomization, and (ii) information overload in-
duced by exposing agents to excessively fine-
grained textual memories. To address these
limitations, we propose LatentMem, a learn-
able multi-agent memory framework that cus-
tomizes agent-specific experiential memories
while reducing textual context. Specifically,
LatentMem comprises an experience bank for
lightweight storage of raw interaction trajecto-
ries and a memory composer that synthesizes
compact latent memories conditioned on re-
trieved experience and agent-specific contexts.
Further, we introduce Latent Memory Policy
Optimization (LMPO), which propagates task-
level optimization signals through latent mem-
ories to learn compact, high-utility latent rep-
resentations. Extensive experiments across six
benchmarks and four mainstream MAS frame-
works show that LatentMem improves vanilla
settings by up to 19.36% and consistently out-
performs existing memory architectures, with-
out requiring modifications to the agent-layer
workflows. Our code is available at https:
//github.com/KANABOON1/LatentMem.

1 Introduction

Large Language Model (LLM)-powered multi-
agent systems (MAS) have emerged as a powerful
framework for solving complex tasks through col-
laboration (Ye et al., 2025; Zhang et al., 2025d; Yue
et al., 2025) or competition (Zhang et al., 2026c;
Yang et al., 2025). A key driver of their adapt-
ability is multi-agent memory (Wu et al., 2025b;
Hu et al., 2025), which allows agents to retain
and reuse interaction experience for more coherent
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Figure 1: The paradigm comparison between existing
multi-agent memory and LatentMem. Instead of rely-
ing on handcrafted memory units, LatentMem extracts
agent-specific memories from the latent space by com-
bining raw trajectories with agent profiles.

coordination. Recent memory systems therefore
store experiences at multiple granularities, includ-
ing raw MAS trajectories (Qian et al., 2025; Wang
and Chen, 2025), distilled semantic insights (Liu
et al., 2025; Zhu et al., 2025), and orchestrable skill
schemas (Han et al., 2025; Zhang et al., 2025c).

Despite this progress, existing memory systems
remain constrained by two coupled limitations, as
illustrated in Figure 1. (i) Memory homogenization
arises because most methods apply one-size-fits-
all memories to functionally heterogeneous agents,
weakening role adherence and amplifying corre-
lated errors (Cemri et al., 2026). (ii) Information
overload arises because MAS already involve long
interaction contexts (Zhang et al., 2025d), while
multi-granularity repositories further expose agents
to large volumes of stored entries (Wang and Chen,
2025; Zhang et al., 2025a). Given the aforemen-
tioned challenges, a natural question arises:

Given long and complex contexts in MAS, can
we design a learnable memory that is both role-
aware and token-efficient, without extensive man-
ual engineering?

To address these challenges, we propose
LatentMem, a latent multi-agent memory frame-
work that customizes compact memories for indi-
vidual agents. LatentMem maintains a lightweight
experience bank of raw MAS trajectories and uses
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a memory composer to transform retrieved experi-
ence, conditioned on each agent profile, into role-
aware latent memories that guide decision mak-
ing without adding long textual contexts. We fur-
ther introduce Latent Memory Policy Optimization
(LMPO), which optimizes the memory composer
rather than the agent backbones: it computes
rollout-level advantages, applies token-level pol-
icy objectives to the memory-augmented output
distribution, and backpropagates through the differ-
entiable latent memory interface.

As a novel attempt in latent MAS memory,
LatentMem offers three advantages. (I) It condi-
tions memory generation on agent role profiles,
mitigating memory homogenization. (II) It com-
presses retrieved trajectories into compact latent
memories, reducing information overload. (III) It
uses task-level rewards to learn memory genera-
tion directly, obviating the need for meticulously
engineered memory architectures.

Extensive experiments across six benchmarks
and four mainstream MAS frameworks demon-
strate that LatentMem achieves: (I) high perfor-
mance, improving state-of-the-art MAS by up to
16.20% and 18.45% in knowledge QA and code
generation tasks, respectively; (II) high efficiency,
using 50% fewer tokens and reducing inference
time to ∼ 2/3 compared to mainstream memory
designs; and (III) strong generalization, with out-
of-domain datasets such as PDDL showing a 7.10%
improvement, and unseen MAS such as CAMEL
exhibiting a 7.90% gain compared to the vanilla
setting. These results establish LatentMem as a
novel and effective framework for MAS memory.

2 Related Works

Memory in Multi-Agent Systems. Task-solving
MAS memory largely operates in language space.
Existing systems retain raw trajectories or shared
interaction pools (Hong et al., 2024; Chen et al.,
2024; Yin et al., 2023; Qian et al., 2024; Reza-
zadeh et al., 2025), distill them into semantic sum-
maries (Zhu et al., 2025; Wu et al., 2025a; Tang
et al., 2025), or organize procedural memories for
reuse (Wang and Chen, 2025). While these designs
improve continual adaptation (Xu et al., 2026; Hu
et al., 2025), they expose agents to long textual
memories and rarely customize memory by role.
LatentMem instead composes compact latent mem-
ories conditioned on role profiles, addressing infor-
mation overload and memory homogenization.

Latent Memory and Reasoning. Recent work

uses latent representations to compress reasoning,
retrieved documents, or experience. SoftCoT (Xu
et al., 2025a) replaces explicit reasoning tokens
with latent states, while PISCO (Louis et al., 2025)
and OSCAR (Louis et al., 2026) compress re-
trieved documents into continuous representations
for efficient RAG. MemGen (Zhang et al., 2026a)
learns generative latent memory for self-evolving
agents, and LatentSeek (Li et al., 2025) supports
test-time latent deliberation. In MAS settings, La-
tentMAS (Zou et al., 2025) investigates latent com-
munication among agents. These methods focus on
single-agent computation, document compression,
or transient communication rather than persistent
memory from interleaved heterogeneous MAS tra-
jectories. LatentMem instead composes retrieval-
conditioned, role-aware latent memories from his-
torical trajectories and optimizes them using task-
level multi-agent outcomes; Section A.2 further
summarizes the differences.

3 Preliminary

Notations. Consider a multi-agent system X con-
taining N agents A = {a1, a2, . . . , aN}, and
equipped with a global memory module M that
stores and retrieves shared information among
agents. Formally, the system can be represented as
the tuple:

X = (A,G,M) (1)

Each agent ak = (γk, πθk) is defined by a role pro-
file γk and a policy πθk parameterized by θk. Dur-
ing execution, an agent receives an input prompt p
and a retrieved memory m fromM, and produces
a response o, denoted as o = ak(p,m). The ex-
ecution graph G governs the topological order in
which agents operate. Depending on the system
architecture, G can be instantiated as either a static
predefined topology (Qian et al., 2025) or a central-
ized dynamic regulation mechanism (Wang et al.,
2025b).

Problem Formulation. Our objective is to find
the memory module M that maximizes the ex-
pected performance of MAS X , which is formally
defined as:

max
M

Eq∼D,τ∼X (q) [R(τ)] (2)

where D denotes the dataset and q is a query sam-
pled from it. The system X processes the query q
to produce a reasoning trajectory τ , and the reward
function R extracts the final answer from τ and
evaluates its correctness.
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Figure 2: Overview of LatentMem. The framework proceeds as follows: (1) retrieve relevant trajectories from the
experience bank; (2) compress them with agent role profiles into latent memories via the LMPO-trained memory
composer; (3) inject these memories into agent reasoning processes without altering the agent architectures; and (4)
store new trajectories for continual improvement.

This formulation is agnostic to memory architec-
tures, ranging from handcrafted symbolic systems
to learnable, parametric counterparts. Conventional
memory systems rely on predefined patterns to ac-
cumulate experiences, while our approach adopts
a learnable memory module that generates com-
pact, role-aware latent representations for dynamic
integration into each agent’s reasoning.

4 Methodology

In this section, we first present the pipeline of the
LatentMem framework (▷ Section 4.1). Then we
detail each module within the framework, including
the experience bank (▷ Section 4.2) and the mem-
ory composer (▷ Section 4.3). Finally, we intro-
duce Latent Memory Policy Optimization (LMPO),
which enables end-to-end optimization of the mem-
ory composer through task-level feedback via a
reinforcement learning objective (▷ Section 4.4).

4.1 Overall Pipeline
As illustrated in Figure 2, LatentMem consists of
a lightweight experience bank B and a learnable
memory composer C. Given a query, LatentMem
retrieves relevant historical trajectories from B,
uses C to distill them with each agent’s role profile
into compact latent memories, and injects these

memories as additional latent tokens during agent
reasoning. After task completion, the new trajec-
tory is appended to B, enabling continual experi-
ence accumulation.

This procedure forms a self-improving loop, al-
lowing LatentMem to continuously refine agent
reasoning, support long-horizon coordination, and
enhance continual adaptation. Moreover, the in-
jection of latent memories maintains end-to-end
differentiability of the entire forward process, facil-
itating efficient RL-based post-training (Qu et al.,
2025) without incurring the heavy computation of
retraining foundation models.

4.2 Experience Bank

To accurately record historical MAS trajectories for
reuse, we construct an extremely lightweight expe-
rience bank B. In line with the principle that scal-
able systems should rely on general learning mech-
anisms rather than hand-crafted knowledge (Sutton,
2019), this bank stores and retrieves only raw tra-
jectories, without introducing any human priors
such as trajectory condensation (Wang and Chen,
2025) or insight extraction (Zhao et al., 2024).

Initialization. We initialize the experience
bank with trajectories collected from the training
data, with the concrete data sources and collec-
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tion protocol described in Section 5.1. The result-
ing initialized bank is denoted as {τi}Ci=1, where
C specifies its initial capacity. Each trajectory
τ = {(αj , pj , oj)}Hj=1 records, at each step, the
index of the active agent αj along with its input
prompt pj and corresponding output oj , where H
denotes the trajectory horizon.

Retrieval. Upon receiving a new user query
q, LatentMem performs similarity-based retrieval
over B to obtain top-K relevant trajectories Tq:

Tq = top-Kτi∈B (sim(v(q),v(τi))) = {τi}Ki=1,
(3)

where v(·) maps queries or trajectories into a la-
tent embedding space, e.g., using MiniLM (Wang
et al., 2020), and sim(·, ·) denotes the cosine sim-
ilarity. The retrieved trajectories will be subse-
quently processed by the memory composer, which
distills them into latent memories to guide subse-
quent MAS reasoning tasks.

Update. Once a task is completed, the new tra-
jectory τnew is appended to the experience bank B
for future reuse:

B ← B ∪ {τnew}. (4)

This streamlined update mechanism allows
LatentMem to incrementally accumulate experi-
ences online during inference, facilitating continual
adaptation and cross-task coordination without the
need for retraining.

Unlike single-agent latent memory methods such
as MemGen (Zhang et al., 2026a), which evolve
memory around one agent’s experience, the re-
trieved MAS trajectories contain interleaved de-
cisions, role-dependent contributions, and cross-
agent error-correction patterns. Directly feeding
these trajectories to agents is suboptimal: it can
overwhelm LLMs with excessive context (Cemri
et al., 2026) and fails to distill reusable coordi-
nation signals (Subramaniam et al., 2025). We
therefore introduce the memory composer C, which
transforms shared raw trajectories into compact,
high-level, role-aware latent memories.

4.3 Memory Composer

After identifying the relevant raw trajectories Tq,
we introduce the memory composer C, which pro-
vides each agent with generalizable memories. For-
mally, C is instantiated as a deep neural network σϕ
parameterized by ϕ. At each reasoning step j, σϕ
takes as input the retrieved trajectories Tq and the

role profile γαj of the active agent aαj , producing
a fixed-length, agent-aware latent memory matrix:

mj = σϕ(γαj , Tq) ∈ RL′×D, (5)

where L′ is the latent memory length and D is
the hidden dimension of the foundation model.
We implement this mapping using a Transformer-
based Composer initialized from the agent back-
bone. Specifically, given the retrieved trajectories
and role profile, we take the final L′ hidden states
from its last Transformer layer as the latent memory
mj for integration into the active agent’s hidden-
state sequence.

To conduct reasoning, the active agent aαj first
encodes its input prompt pj into a sequence of hid-
den state vectors hj = (h

(1)
j , . . . , h

(L)
j ) ∈ RL×D.

The agent’s latent memory mj is then concatenated
to hj to form an extended input shaped R(L+L′)×D,
resulting in a memory-augmented policy:

π̃θαj
(pj ,mj) = πθαj

(concat(hj ,mj)), (6)

where π̃θαj
is a wrapped version of πθαj

that inte-
grates memory injection at the model level, remain-
ing transparent to the agent layer and requiring no
system architecture modifications.

4.4 Latent Memory Policy Optimization
To enable end-to-end optimization while preserv-
ing generalization, we propose Latent Memory Pol-
icy Optimization (LMPO), a GRPO-based objec-
tive (Shao et al., 2024) that trains the memory
composer through MAS rollouts while keeping
agent backbones frozen. Unlike isolated single-
agent memory evolution, LMPO uses task-level re-
wards to shape memories according to cross-agent
coordination outcomes. In implementation, we
further use Sequential Agent Gradient Accumu-
lation (SAGA) for memory-efficient multi-agent
optimization, as detailed in Appendix B.4.3.

Parametric Dependency. We first describe the
gradient flow during LMPO, in which the learning
signal propagates through the latent memories to
optimize the memory composer C, while keeping
the agent backbones {θk}Nk=1 frozen. Formally,
given a query q and the retrieved trajectories Tq
from the experience bank B, the generation of a
new trajectory τ = {(αj , pj , oj)}Hj=1 is factorized
sequentially as:

P(τ | q, Tq;ϕ, {θk}Nk=1) =
H∏

j=1

P(oj | pj ,mj ; θαj ).

(7)
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Crucially, the latent memory mj = σϕ(γαj , Tq), as
defined in Equation (5), serves as a differentiable
interface through which ϕ influences the autore-
gressively generated output oj of the active agent
aαj at reasoning step j:

P(oj | pj ,mj ; θαj ) =

T∏

t=1

π̃θαj
(o

(t)
j | pj , o

(<t)
j ,mj).

(8)
Since the composite policy π̃θαj

is conditioned on
mj , the gradient of any task-level objective can be
backpropagated through the agent’s forward pass to
refine ϕ. This dependency ensures that the memory
composer can be optimized end-to-end to produce
high-quality latent memories, forming the basis of
our policy optimization strategy.

Policy Optimization. Building on the differen-
tiable path above, LMPO leverages task-level feed-
back through latent memories to directly optimize
memory composer attached to the MAS, encourag-
ing it to distill high-utility, agent-specific memories
from retrieved raw trajectories and thereby enhance
reasoning quality and overall performance.

Formally, given a query q and retrieved trajecto-
ries Tq, we sample a group of G trajectories:

{τ̂i}Gi=1 ∼ P(· | q, Tq;ϕ, {θk}Nk=1). (9)

Each trajectory is evaluated using reward R(τ̂i),
and its relative quality is captured by the group-
based advantage:

Âi =
R(τ̂i)−mean({R(τ̂i)}Gi=1)

std({R(τ̂i)}Gi=1) + ϵ
. (10)

While standard reinforcement learning (Zhang
et al., 2025e) often employs trajectory-level objec-
tives, such approaches treat all sequences equally,
causing generated output tokens in longer MAS
interactions to contribute disproportionately less to
the gradient (Yu et al., 2026). This makes it diffi-
cult for the memory composer to capture critical
coordination patterns within long-horizon tasks. In-
stead, we adopt a token-level surrogate objective
over the agents’ generated outputs:

JLMPO(ϕ) = Eq∼D,{τ̂i}Gi=1∼P(·|q,Tq)[
1

|{τ̂i}Gi=1|
∑

i,j,t

Li,j,t(ϕ)
]
,

(11)

where |{τ̂i}Gi=1| is the total number of generated

tokens within the trajectory group and Li,j,t(ϕ) is:

Li,j,t(ϕ) = min
(
ri,j,t(ϕ) Âi,

clip
(
ri,j,t(ϕ), 1− ε, 1 + ε

)
Âi

)
,

(12)

and the token-level importance sampling ratio

ri,j,t(ϕ) =
π̃θ(o

(t)
i,j | pi,j , o

(<t)
i,j , σϕ(γαi,j , Tq))

π̃θ(o
(t)
i,j | pi,j , o

(<t)
i,j , σϕold(γαi,j , Tq))

(13)
measures how the policy of agent aαi,j at reasoning
step j and token t is modulated by the memory.

5 Experiments

5.1 Experimental Setup

Datasets and Benchmarks. Our evaluation cov-
ers six benchmarks across four domains: (1)
Knowledge-intensive QA: TriviaQA (Joshi et al.,
2017) and PopQA (Mallen et al., 2023); (2)
Coding: KodCode (Xu et al., 2025b) and Big-
CodeBench (Zhuo et al., 2025); (3) Reasoning
QA: StrategyQA (Geva et al., 2021); and (4) Sym-
bolic Planning: PDDL (Silver et al., 2024). See
Appendix B.1 for benchmark details.

Baselines. Besides memory-free methods, we
select three representative single-agent memory
baselines: Voyager (Wang et al., 2023), Gen-
erative (Park et al., 2023), and JoyAgent (Liu
et al., 2025), as well as four multi-agent mem-
ory baselines from mainstream MAS frameworks:
MetaGPT (Hong et al., 2024), ChatDev (Qian et al.,
2024), OAgents (Zhu et al., 2025), and MAS-
specific G-Memory (Zhang et al., 2025a). Details
are in Appendix B.2.

MAS and LLM Backbones. Four repre-
sentative multi-agent frameworks are adopted
to integrate with LatentMem and the baselines,
including AutoGen (Wu et al., 2024), Mac-
Net (Qian et al., 2025), CAMEL (Li et al.,
2023) and DyLAN (Liu et al., 2023). More de-
tails on the MAS setups are placed in Appendix
B.3. To instantiate these MAS frameworks, we
adopt two common LLMs with different sizes,
i.e., Qwen/Qwen3-4B-Instruct-2507 and
meta-llama/Llama-3.1-8B-Instruct.

Training Configurations. We imple-
ment the embedding function v(·) with
all-MiniLM-L6-v2 (Wang et al., 2020).
The experience bank is initialized with 40,580
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Table 1: Performance comparison across diverse memory frameworks on six benchmarks, using
Qwen3-4B-Instruct-2507 as the backbone. The best and second best results are highlighted. TriviaQA,
KodCode, StrategyQA, and PopQA are in-domain benchmarks, while BigCodeBench and PDDL are out-of-domain.
AutoGen and MacNet are in-distribution MAS frameworks, whereas CAMEL and DyLAN are unseen frameworks
introducing new agent roles and collaboration patterns. Additional details are provided in Appendix B.4.

Method Held-in Held-out Average
TriviaQA KodCode StrategyQA PopQA BigCodeBench PDDL

H
el

d-
in

A
ut

oG
en

No-memory 60.31 68.40 58.25 38.78 79.53 16.39 53.61
ChatDev 57.34↓2.97 68.55↑0.15 59.18↑0.93 33.24↓5.54 79.15↓0.38 15.22↓1.17 52.11↓1.50
MetaGPT 60.35↑0.04 70.05↑1.65 60.92↑2.67 33.80↓4.98 80.40↑0.87 11.95↓4.44 52.91↓0.70
Generative 59.65↓0.66 70.90↑2.50 62.66↑4.41 40.37↑1.59 81.14↑1.61 13.94↓2.45 54.78↑1.17
Voyager 57.50↓2.81 68.95↑0.55 60.48↑2.23 33.56↓5.22 79.40↓0.13 13.62↓2.77 52.25↓1.36
G-Memory 60.56↑0.25 71.40↑3.00 63.89↑5.64 42.67↑3.89 80.96↑1.43 17.06↑0.67 56.09↑2.48
JoyAgent 59.44↓0.87 70.90↑2.50 62.33↑4.08 41.89↑3.11 80.52↑0.99 14.26↓2.13 54.89↑1.28
OAgents 59.85↓0.46 70.80↑2.40 62.45↑4.20 40.70↑1.92 81.32↑1.79 16.70↑0.31 55.30↑1.69
LatentMem 76.51↑16.20 76.80↑8.40 65.48↑7.23 52.70↑13.92 81.49↑1.96 23.49↑7.10 62.75↑9.14

M
ac

N
et

No-memory 53.77 70.40 56.44 24.89 78.15 20.73 50.73
ChatDev 57.29↑3.52 70.50↑0.10 60.22↑3.78 35.33↑10.44 79.17↑1.02 15.85↓4.88 53.06↑2.33
MetaGPT 61.16↑7.39 71.50↑1.10 61.14↑4.70 33.98↑9.09 78.33↑0.18 17.81↓2.92 53.99↑3.26
Generative 59.89↑6.12 71.15↑0.75 61.79↑5.35 43.39↑18.50 79.47↑1.32 16.81↓3.92 55.42↑4.69
Voyager 58.19↑4.42 69.80↓0.60 61.35↑4.91 35.38↑10.49 80.53↑2.38 14.75↓5.98 53.33↑2.60
G-Memory 62.43↑8.66 72.50↑2.10 62.20↑5.76 43.88↑18.99 80.44↑2.29 21.82↑1.09 57.21↑6.48
JoyAgent 61.33↑7.56 70.80↑0.40 62.34↑5.90 43.22↑18.33 79.80↑1.65 21.20↑0.47 56.45↑5.72
OAgents 60.63↑6.86 71.30↑0.90 61.79↑5.35 41.90↑17.01 78.86↑0.71 22.83↑2.10 56.22↑5.49
LatentMem 65.98↑12.21 78.90↑8.50 64.46↑8.02 44.14↑19.25 81.49↑3.34 25.13↑4.40 60.02↑9.29

H
el

d-
ou

t

C
A

M
E

L

No-memory 56.96 70.70 58.04 32.38 79.14 22.10 53.22
ChatDev 57.55↑0.59 68.20↓2.50 59.04↑1.00 36.78↑4.40 78.12↓1.02 18.58↓3.52 53.04↓0.18
MetaGPT 59.06↑2.10 69.90↓0.80 59.38↑1.34 37.47↑5.09 80.53↑1.39 22.55↑0.45 54.82↑1.60
Generative 57.63↑0.67 70.65↓0.05 61.20↑3.16 35.32↑2.94 80.35↑1.21 17.29↓4.81 53.74↑0.52
Voyager 56.57↓0.39 69.85↓0.85 58.27↑0.23 36.25↑3.87 79.91↑0.77 23.65↑1.55 54.08↑0.86
G-Memory 59.20↑2.24 70.40↓0.30 60.12↑2.08 38.04↑5.66 79.28↑0.14 24.56↑2.46 55.27↑2.05
JoyAgent 58.10↑1.14 70.20↓0.50 61.34↑3.30 37.50↑5.12 79.45↑0.31 20.65↓1.45 54.54↑1.32
OAgents 58.33↑1.37 71.40↑0.70 60.09↑2.05 31.99↓0.39 79.28↑0.14 13.89↓8.21 52.50↓0.72
LatentMem 68.74↑11.78 77.75↑7.05 64.20↑6.16 47.23↑14.85 80.70↑1.56 28.12↑6.02 61.12↑7.90

D
yL

A
N

No-memory 53.87 69.25 57.44 24.89 79.81 23.81 51.51
ChatDev 56.28↑2.41 68.55↓0.70 60.23↑2.79 39.27↑14.38 79.82↑0.01 16.55↓7.26 53.45↑1.94
MetaGPT 61.78↑7.91 71.50↑2.25 62.23↑4.79 37.00↑12.11 78.25↓1.56 19.19↓4.62 54.99↑3.48
Generative 60.39↑6.52 71.70↑2.45 60.92↑3.48 43.57↑18.68 78.86↓0.95 18.58↓5.23 55.67↑4.16
Voyager 59.06↑5.19 70.05↑0.80 61.79↑4.35 40.40↑15.51 80.00↑0.19 26.37↑2.56 56.28↑4.77
G-Memory 61.23↑7.36 71.35↑2.10 63.76↑6.32 42.28↑17.39 80.35↑0.54 17.94↓5.87 56.15↑4.64
JoyAgent 59.96↑6.09 71.35↑2.10 62.12↑4.68 41.67↑16.78 79.89↑0.08 25.81↑2.00 56.80↑5.29
OAgents 60.98↑7.11 71.15↑1.90 61.35↑3.91 42.36↑17.47 78.77↓1.04 19.75↓4.06 55.73↑4.21
LatentMem 65.55↑11.68 78.80↑9.55 65.22↑7.78 44.25↑19.36 81.40↑1.59 29.08↑5.27 60.72↑9.21

trajectories collected by running AutoGen and
MacNet on the training splits of TriviaQA,
KodCode, StrategyQA, and PopQA. The memory
composer C is realized as a lightweight transformer
initialized from the backbone LLM. During LMPO,
all agent backbones remain frozen, and training the
memory composer takes approximately 15 hours
on two NVIDIA H200 GPUs. We set K = 1 for re-
trieval and fix the latent memory length to L′ = 8,
with ablations and full training configurations
reported in Section 5.6 and Appendix B.4.

5.2 Main Results

LatentMem Delivers High-Performance Mem-
ory Across Domains and MAS Frameworks. As
shown in Table 1, when integrated with in-domain
MAS frameworks such as AutoGen and MacNet,
LatentMem outperforms the state-of-the-art single-

and multi-agent memory baselines by an average
of 7.86% and 6.66%, respectively. Across all four
MAS frameworks, it consistently achieves the high-
est average performance over the six benchmarks.
Notably, it yields a 16.20% improvement for Au-
toGen on the TriviaQA benchmark. Furthermore,
LatentMem scales effectively to larger backbone
models. As shown in Appendix Table 7, it elevates
MacNet’s performance on KodCode from 48.50%
to 65.50% using Llama-3.1-8B-Instruct.

LatentMem Exhibits Strong Generalization
Capability. As shown in Table 1, most mem-
ory baselines struggle under distribution shifts
across both task domains and MAS frameworks:
on PDDL, MetaGPT and Voyager reduce Auto-
Gen performance by up to 4.44% and 2.77%,
respectively, while on unseen CAMEL, nearly
all baselines decline on KodCode. In contrast,
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Figure 3: Time and token consumption of LatentMem.
Each panel shows the trade-off between performance
and resource cost under different memory architectures:
the top row plots performance versus time, the bottom
row plots performance versus token cost. Circle area
reflects relative resource consumption.
Table 2: Performance comparison between the multi-
agent fine-tuning method MARTI and LatentMem on
KodCode and TriviaQA across AutoGen and MacNet.

MAS Method KodCode TriviaQA

AutoGen MARTI 74.20 64.78
LatentMem 76.80↑2.60 76.51↑11.73

MacNet MARTI 73.10 62.31
LatentMem 78.90↑5.80 65.98↑3.67

LatentMem improves AutoGen on PDDL by
7.10% and CAMEL on KodCode by 7.05%. This
generalization is consistent across unseen MAS
frameworks: compared with the no-memory set-
ting, LatentMem improves average performance by
7.90% on CAMEL and 9.21% on DyLAN, despite
their new agent roles and collaboration patterns.
We attribute this gap to its learnable, role-aware
memory design, which avoids rigid homogeneous
memories and supports adaptation across domains,
agent roles, and collaboration patterns.

5.3 Cost Analysis

As shown in Figure 3, LatentMem achieves the
best performance-cost trade-off among memory-
based baselines, with inference cost measured af-
ter both retrieval and latent injection. It yields the
largest gains on TriviaQA with DyLAN (+11.68%)
and KodCode with AutoGen (+8.40%), while

Latent Memory Visualization
(AutoGen + KodCode)

Latent Memory Visualization
(CAMEL + BigCodeBench)

Figure 4: t-SNE visualization of latent memories gener-
ated by LatentMem across different datasets and MAS
frameworks.
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Figure 5: Evolution of cumulative accuracy across ques-
tion indices. Accuracy at index i is averaged over the
first i questions; early fluctuations decrease as more
samples accumulate.

substantially reducing time overhead (e.g., 2.16×
faster than OAgents) and using even fewer tokens
than No-Memory on KodCode.

5.4 Comparison with Multi-Agent
Fine-Tuning

To assess memory optimization against direct
backbone tuning, we compare LatentMem with
MARTI (Zhang et al., 2026b), a representa-
tive multi-agent fine-tuning baseline trained with
GRPO under the same budget and datasets (Triv-
iaQA, KodCode, StrategyQA, and PopQA), with
all agents sharing one LLM backbone.

As shown in Table 2, LatentMem outperforms
direct agent fine-tuning. On AutoGen-TriviaQA, it
achieves an 11.73% gain; on MacNet-KodCode,
MARTI drops by 1.10% relative to AutoGen,
whereas LatentMem improves by 2.10%. This sug-
gests that memory-composer optimization better
exploits complex MAS structures than direct back-
bone tuning.

5.5 Framework Analysis
LatentMem Consistently Delivers Role-Aware
Memory. As shown in Figure 4, LatentMem gen-
erates role-specific latent memories across both
seen and unseen datasets and MAS frameworks.
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Vanilla
MacNet

ball1 is at roomb. , ball2 is at rooma. , ball3
is at roomb. , ball4 is at roomb. , ball5 is at
rooma. , ball6 is at rooma

Act: pick up ball2 at room a with arm right
Act: move from room a to room b
Act: drop ball2 room b right

Failure Mode

Step Repetition

🤔 Query/Task

actor

Act: pick up ball2 at room b with arm right
Act: move from room b to room a
Act: drop ball2 room a right

Latent
Mem

+
MacNet

Act: pick ball3 room a left
Obs: invalid action

Self
Refinement
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Obs: ..., pick ball5 roomb right, ...
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Obs: .......

latent memory

Action Generation

latent memory
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Action Summarization

MacNet Role Profiles

critic
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Trajectory: ball1 is at room b, ball2 is at room b, ball3 is at room b, ball4 is at room b.
Retrieved Content:

mislead
Insight: Reuse macro-action routines such as pick–move–drop–return cycles.

Specification

Disobey Task

Figure 6: Case study of LatentMem. By leveraging role-aware and compact latent memory, LatentMem helps
correct common MAS failure modes such as step repetition and blindly following retrieved trajectories in this case,
while enabling role-aware coordination and self-correction.

In the in-domain KodCode setting with AutoGen,
user-proxy and assistant memories form clearly
separated clusters; notably, this separation per-
sists on out-of-domain BigCodeBench with unseen
CAMEL. This indicates that LatentMem avoids
homogeneous memory and preserves role-specific
representations under novel domains, roles, and
collaboration patterns.

LatentMem Scales Efficiently as Experience
Accumulates. As shown in Figure 5, LatentMem
steadily improves as more experiences are col-
lected, surpassing baselines with complex multi-
granularity memories. Although early estimates
fluctuate due to limited samples, the curve quickly
stabilizes and continues to rise, showing that
LatentMem can distill transferable knowledge
from past trajectories and reuse it to support MAS.

LatentMem Benefits from Outcome-Level Op-
timization and Remains Robust to Retriever
Choice. As shown in Appendix Table 5, LMPO
consistently outperforms SFT across all evaluated
tasks, with a particularly large gain on held-out
PDDL. Appendix Table 6 further shows that replac-
ing MiniLM with Qwen3-Embedding-8B (Zhang
et al., 2025f) yields only modest improvements,
while LatentMem remains superior to Generative
under both retrievers. Together, these results indi-
cate that the gains primarily arise from outcome-
optimized memory composition rather than re-
triever capacity alone.

5.6 Sensitivity & Ablation Study.

Sensitivity Analysis. We analyze the sensitivity
of LatentMem to two key hyperparameters: the la-
tent memory length L′ and the number of relevant
trajectories K. As shown in Figure 7 (Left), per-
formance generally improves with larger L′, but
with diminishing returns; balancing accuracy and
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)

Latent Token Length Benchmarks

AutoGen MacNet

Figure 7: (Left) Sensitivity of model performance to
the latent memory length L′. (Right) Ablation results
highlighting the impact of the memory composer and
the experience bank.

computational cost, we set L′ = 8. The effect of K
is detailed in Appendix C.3: while baselines such
as G-Memory (see Appendix B.2 for more details)
degrade when K > 3 due to information overload,
LatentMem consistently improves on both Trivi-
aQA and KodCode, demonstrating its ability to
distill useful information from redundant trajecto-
ries via latent memory.

Component Ablation. As shown in Figure 7
(Right), we ablate two core mechanisms: role-
aware customization and trajectory reuse. The
without role variant removes agent profile guid-
ance (γ in Equation (5)), forcing agents to share
the same latent memory; the without experience
variant disables experience bank updates (Equa-
tion (4)), limiting trajectory reuse. Removing role
information causes a modest drop for AutoGen
(2.30% on KodCode) but a larger one for MacNet
(6.45%), while disabling experience reuse degrades
KodCode performance by 3.60% on MacNet and
PDDL by 7.63%. These results confirm the impor-
tance of personalized memory customization and
historical experience reuse in LatentMem.
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5.7 Case Study
Figure 6 shows that LatentMem, by providing role-
aware memory, can help correct common error pat-
terns in MAS. Vanilla MacNet often suffers from
step repetition (Cemri et al., 2026), while MacNet
with OAgents blindly follows the retrieved trajec-
tories, violating task specifications (Cemri et al.,
2026). In contrast, LatentMem ’s high-level, role-
aware latent memory enables agents to reinforce
role compliance and coordinate effectively in this
case, allowing the MAS to self-correct short-term
errors and complete the task successfully. Detailed
trajectories and error analyses are in Appendix C.5.

6 Conclusion

In this work, we present LatentMem, a latent mem-
ory framework for role-aware and token-efficient
memory customization in MAS. With a lightweight
experience bank and learnable memory composer,
LatentMem distills raw trajectories into agent-
specific latent memories that reinforce role com-
pliance and coordination. We further introduce
Latent Memory Policy Optimization to learn trans-
ferable, high-utility memories across task domains
and MAS frameworks. Experiments on six bench-
marks and four MAS frameworks show substantial
performance gains, robust generalization, and high
efficiency while mitigating memory homogeniza-
tion and information overload.

Limitations

LatentMem is evaluated primarily in text-based
MAS scenarios, including knowledge-intensive
QA, coding, reasoning QA, and symbolic plan-
ning. This setting does not fully capture real-world
multi-agent deployments where agents may need
to process visual, audio, or embodied observations.
Extending latent memory composition to multi-
modal agents, for example by combining LLM
agents with vision-language models or captioning
modules, is an important direction for making the
framework more generally applicable.

LatentMem also assumes access to model rep-
resentations for latent memory injection, which
makes it more suitable for open-weight or other-
wise controllable LLM backbones than for purely
black-box API agents. Finally, although LMPO
provides a practical way to optimize latent memo-
ries with task-level feedback, its theoretical prop-
erties in long-horizon MAS remain underexplored.
A deeper understanding of how latent memories

affect coordination, stability, and policy efficiency
is left for future work.

Ethical Considerations

This work studies memory mechanisms for LLM-
based multi-agent systems using publicly accessi-
ble benchmarks and offline experiments. It does
not involve collecting private, personal, or sensi-
tive user information, nor does it conduct human-
subject studies or deploy systems to real users. The
main ethical concern is dual use: stronger persis-
tent memory and coordination may improve useful
agent systems, but could also amplify unsafe be-
havior if deployed without appropriate safeguards.
We therefore frame LatentMem as a research pro-
totype and recommend that real-world deployment
include privacy-preserving memory policies, filter-
ing of stored experience, safety evaluation, human
oversight, and compliance with applicable licenses,
laws, and institutional requirements.
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Shariq Iqbal, Ivan Vulić, Anna Korhonen, and Sercan
Arik. 2026. Multi-agent design: Optimizing agents
with better prompts and topologies. In International
Conference on Learning Representations, volume
2026, pages 15844–15872.

Heng Zhou, Hejia Geng, Xiangyuan Xue, Li Kang, Yi-
ran Qin, Zhiyong Wang, Zhenfei Yin, and Lei Bai.
2025. Reso: A reward-driven self-organizing llm-
based multi-agent system for reasoning tasks. In Pro-
ceedings of the 2025 Conference on Empirical Meth-
ods in Natural Language Processing, pages 15990–
16009.

He Zhu, Tianrui Qin, King Zhu, Heyuan Huang, Yeyi
Guan, Jinxiang Xia, Hanhao Li, Yi Yao, Ningning
Wang, Pai Liu, and 1 others. 2025. Oagents: An em-
pirical study of building effective agents. In EMNLP
(Findings), pages 13354–13369.

Mingchen Zhuge, Wenyi Wang, Louis Kirsch,
Francesco Faccio, Dmitrii Khizbullin, and Jürgen
Schmidhuber. 2024. Gptswarm: Language agents
as optimizable graphs. In Forty-first International
Conference on Machine Learning.

10523



Terry Yue Zhuo, Minh Chien Vu, Jenny Chim, Han Hu,
Wenhao Yu, Ratnadira Widyasari, Imam Nur Bani
Yusuf, Haolan Zhan, Junda He, Indraneil Paul, and
1 others. 2025. Bigcodebench: Benchmarking code
generation with diverse function calls and complex in-
structions. In International Conference on Learning
Representations, volume 2025, pages 66602–66656.

Jiaru Zou, Ruizhong Qiu, Gaotang Li, Xiyuan Yang,
Katherine Tieu, Pan Lu, Ke Shen, Hanghang Tong,
Yejin Choi, Jingrui He, and 1 others. 2025. Latent
collaboration in multi-agent systems. arXiv preprint
arXiv:2511.20639.

A More Related Work

A.1 LLM-Based Multi-Agent Systems

LLM-based MAS assign agents complementary
roles and communication patterns for tasks (Guo
et al., 2024; Li et al., 2024; Tran et al., 2025). Early
frameworks use fixed workflows (Hong et al., 2024;
Li et al., 2023; Wu et al., 2024; Du et al., 2024;
Liang et al., 2024; Zhang et al., 2024b; Wang et al.,
2025a), while recent methods adapt organizations
or routing policies to the task (Zhuge et al., 2024;
Zhang et al., 2024a; Yang et al., 2026b; Zhou et al.,
2025, 2026; Zhang et al., 2025b; Yue et al., 2025;
Yang et al., 2026a). These studies mainly optimize
the agent workflow; LatentMem is orthogonal, tar-
geting the memory layer so existing MAS reuse
experience without redesigning their collaboration
structure.

A.2 Positioning of Our Work

Table 3 compares our approach with previous
works across six dimensions. The leftmost col-
umn separates MAS-memory baselines from latent-
method baselines.

Category Method Latent
interface

Persistent
memory

Self-
evolving

Hetero.
MAS

Role
aware

Trajectory
retrieval

MAS
memory

G-Memory (Zhang et al., 2025a) × ✓ ✓ ✓ ✓ ✓
AgentKB (Tang et al., 2025) × ✓ ✓ × × ✓
LegoMem (Han et al., 2025) × ✓ × ✓ × ×

Latent
method

MemGen (Zhang et al., 2026a) ✓ ✓ ✓ × × ×
SoftCoT (Xu et al., 2025a) ✓ × × × × ×
LatentMAS (Zou et al., 2025) ✓ × × ✓ × ×

Ours LatentMem ✓ ✓ ✓ ✓ ✓ ✓

Table 3: Checklist comparison of representative MAS-
memory and latent-method baselines. A check mark
indicates that the method explicitly targets the property.

We define these dimensions as follows:

• Latent interface: the method injects or ma-
nipulates continuous hidden states rather than
only textual prompts.

• Persistent memory: the method maintains
reusable information beyond a single reason-
ing pass.

• Self-evolving: memory can be updated from
new experience or feedback.

• Hetero. MAS: the method explicitly supports
functionally heterogeneous multi-agent sys-
tems.

• Role aware: memory is customized by agent
role or profile.

• Trajectory retrieval: historical interaction
trajectories are retrieved before producing the
memory signal.

B Experimental Details

B.1 Dataset Descriptions

In this section, we describe the datasets used in our
experiments:

• TriviaQA (Joshi et al., 2017) is a large-scale
question answering dataset comprising chal-
lenging, naturally occurring trivia questions
paired with evidence documents, designed to
evaluate reading comprehension and informa-
tion retrieval over long contexts.

• KodCode (Xu et al., 2025b) is a fully syn-
thetic coding dataset with diverse tasks, verifi-
able solutions, and tests, supporting both su-
pervised fine-tuning and reinforcement learn-
ing.

• StrategyQA (Geva et al., 2021) is a QA
benchmark of yes/no questions requiring
multi-step reasoning, with annotated reason-
ing steps and supporting evidence to evaluate
implicit reasoning.

• PopQA (Mallen et al., 2023) is a large-scale
open-domain question answering dataset of
entity-centric QA pairs generated from Wiki-
data knowledge tuples with annotated sub-
ject, relation, object, and Wikipedia page view
metadata, designed to support factual QA eval-
uation.

• BigCodeBench (Zhuo et al., 2025) is a
programming benchmark dataset of diverse
Python coding tasks with structured prompts,
canonical solutions, and unit tests, designed
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to evaluate and compare code generation ca-
pabilities of large language models.

• PDDL (Silver et al., 2024) is a game dataset
from AgentBoard (Chang et al., 2024), com-
prising a variety of strategic games where
agents use PDDL expressions to complete
complex tasks.

B.2 Baseline Setup
In this section, we provide detailed descriptions of
each baseline used in our comparison:

• Voyager: The Voyager memory originates
from the Voyager agent (Wang et al., 2023),
where an embodied agent continuously ex-
plores the Minecraft environment and gener-
ates new artifacts, with memory acting as the
central driver of its development. Since Voy-
ager’s memory is originally designed for a
single-agent setup, we extend it to the multi-
agent setting by retrieving agent-specific his-
tories based on each agent’s visible dialogue
context. Other single-agent memory architec-
tures are adapted similarly.

• Generative: This memory baseline follows
Generative agent (Park et al., 2023) and in-
corporates both raw observational memory
and high-level reflective memory. The reflec-
tive component encodes abstract insights pro-
duced by the agent via reflection, offering a
more organized and conceptual representation
of its experiences.

• JoyAgent: Adapted from JoyAgent (Liu et al.,
2025), this hierarchical memory comprises
working, semantic, and procedural layers.
Working memory maintains the execution con-
text, semantic memory distills task trajecto-
ries and lessons for retrieval, and procedural
memory encodes dynamic system prompts for
strategic control. This structure ensures long-
horizon continuity and adaptive behavior in
single-agent task execution.

• MetaGPT: This memory design is derived
from MetaGPT (Hong et al., 2024), incor-
porating a shared message pool that enables
agents to publish and subscribe to structured
information throughout the software develop-
ment lifecycle. This system facilitates inside-
trial coordination by allowing agents to re-
trieve historical context for self-correction,

while also supporting cross-trial improvement
through a long-term memory layer that stores
feedback to refine agent constraints over time.

• ChatDev: This memory design is adapted
from ChatDev (Qian et al., 2024), focusing
solely on inside-trial memory—information
stored internally during the resolution of a
single task by multiple agents.

• OAgents: Based on OAgents framework (Zhu
et al., 2025), this design uses a hierarchi-
cal memory system: short-term for real-time
tasks and long-term for fused historical in-
sights. It employs memory summarization
and vectorized retrieval to manage informa-
tion density and extract relevant context. This
multi-layered approach ensures long-horizon
reasoning while minimizing redundancy dur-
ing complex tasks.

• G-Memory: G-Memory (Zhang et al., 2025a)
operates through a structured lifecycle of re-
trieval, traversal, and updating to manage the
extensive interaction histories of multi-agent
systems. When a new query arrives, the sys-
tem first performs a coarse-grained similar-
ity search on the Query Graph to identify
relevant historical tasks, followed by a bi-
directional traversal: an upward traversal to
the Insight Graph to extract high-level strate-
gic guidance and a downward traversal to the
Interaction Graph to retrieve condensed, fine-
grained collaboration trajectories. These fil-
tered memories are then customized for each
agent based on their specific roles to pro-
vide actionable context without overwhelming
the context window. Once the task is exe-
cuted, G-Memory performs an agentic update
where new collaborative logs are stored, suc-
cessful or failed experiences are distilled into
new nodes in the Insight Graph, and semantic
edges are reinforced across the three-tier hier-
archy to facilitate continuous self-evolution.

B.3 Multi-agent System Setup
In this section, we detail the setups of our four
adopted MAS frameworks, AutoGen, MacNet,
CAMEL and DyLAN.

B.3.1 AutoGen
AutoGen (Wu et al., 2024) is a widely adopted
framework for orchestrating multi-agent collabora-
tion. In this work, we adopt its A2 setting, which
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consists of a Retrieval-augmented User Proxy agent
and a Retrieval-augmented Assistant agent, both
extended from AutoGen’s built-in agents. The User
Proxy agent incorporates a vector database retriever
to provide relevant external context, while the As-
sistant agent utilizes the retrieved information to
generate accurate responses. This design enables
interactive retrieval and supports effective knowl-
edge grounding for both question answering and
code generation tasks.

B.3.2 MacNet

MacNet (Qian et al., 2025) is a representative
work that explores decentralized and scalable multi-
agent systems. Its key feature lies in the absence of
a central agent; instead, it introduces edge agents,
which are invoked between agent interactions to
provide actionable instructions to the next agent
based on the previous agent’s outputs. In our im-
plementation, we adopt the random graph topology
from MacNet, shown to be robust across diverse
scenarios, and employ a total of five agents, includ-
ing the edge agents.

B.3.3 CAMEL

CAMEL (Li et al., 2023) is a role-playing-based
communication agent framework designed to guide
agents to autonomously collaborate on complex
tasks with minimal human intervention via in-
ception prompting. The framework introduces a
task specifier agent that concretizes vague ideas
and achieves task objectives through multi-turn,
instruction-following dialogues. In our implemen-
tation, we employ four agents: three participating
in the debate and one dedicated to summarization.

B.3.4 DyLAN

DyLAN (Liu et al., 2023) is a debate-style frame-
work similar to LLM-Debate, but incorporates a
more efficient agent-wise early stopping mecha-
nism during multi-turn interactions. DyLAN uti-
lizes an agent selection algorithm based on an un-
supervised metric, namely the Agent Importance
Score, which identifies the most contributive agents
through a preliminary trial tailored to the specific
task. In our implementation of DyLAN, four agents
engage in the debate, while an additional ranker
agent evaluates their relative importance.

B.4 Training Details
B.4.1 Evaluation of Generalization
To evaluate the generalization capabilities of dif-
ferent methods, we consider two dimensions: (1)
whether the method can generalize to domains un-
seen during training, and (2) whether it can gener-
alize to multi-agent systems unseen during train-
ing. For the in-domain and out-of-domain evalua-
tion, we use TriviaQA, KodCode, StrategyQA, and
PopQA as in-domain datasets, and BigCodeBench
and PDDL as out-of-domain datasets. For MAS
generalization, AutoGen and MacNet are consid-
ered as MAS encountered during training, while
CAMEL and DyLAN are treated as MAS not seen
during training.

B.4.2 Training Trajectories Collection and
Usage

For all baselines and LatentMem, we first col-
lect data on all in-domain datasets using the
training splits and in-distribution MAS. Specifi-
cally, we gather training data by running Auto-
Gen and MacNet on TriviaQA, KodCode, Strat-
egyQA, and PopQA. In total, we obtain 40,580
trajectories. Training the memory composer on
these trajectories takes approximately 15 hours
on 2 NVIDIA H200 GPUs, and this is a one-
time optimization cost. For non-parametric base-
lines, such as MetaGPT (Hong et al., 2024) and
G-Memory (Zhang et al., 2025a), the training data
is processed and stored directly in their mem-
ory modules. For parametric baselines, such
as MARTI (Zhang et al., 2026b), the training
data is used to optimize model parameters. For
LatentMem, we first follow the same procedure
as non-parametric baselines: the MAS performs
standard reasoning on the training data, and the
resulting trajectories are stored in the experience
bank (without using the memory composer at this
stage). We then train the memory composer via
LMPO on the same training data, enabling it to
effectively transform retrieved trajectories from the
experience bank into latent memories that can as-
sist MAS reasoning.

B.4.3 Sequential Agent Gradient
Accumulation

We employ a memory-efficient multi-agent opti-
mization strategy called Sequential Agent Gradi-
ent Accumulation (SAGA). Unlike jointly com-
puting the gradients of all agents within a single
forward-backward pass, which incurs activation
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memory overhead that scales linearly with the num-
ber of agents, SAGA decomposes each MAS tra-
jectory into agent-specific message batches and
sequentially performs per-agent gradient compu-
tation through gradient accumulation. Concretely,
each accumulation step processes only one agent
trajectory, while the accumulated update preserves
the same effective optimization objective as joint
optimization across agents. This design reduces
the peak activation memory complexity with re-
spect to the number of agents from O(N) to O(1),
enabling scalable training of large multi-agent sys-
tems without changing the underlying optimization
target.

B.4.4 Parameter Configurations

Here, we provide full details of the parameter set-
tings used to implement LatentMem.

In practice, the memory composer
is instantiated as a pretrained LLM
(e.g., Qwen3-4B-Instruct-2507 or
Llama-3.1-8B-Instruct) and optimized
with LoRA adapters (Hu et al., 2021). Prior to
training, we collect diverse datasets and raw MAS
trajectories on AutoGen and MacNet using the
official training splits of in-domain datasets (Trivi-
aQA, KodCode, StrategyQA, PopQA). Training
then proceeds following the same protocol applied
to all baseline methods. Detailed hyperparameter
configurations are reported in Table 4.

C Extra Results

C.1 Cost Analysis

Figure 8 provides additional comparisons of to-
ken and time costs across various benchmarks and
MAS frameworks with different memory archi-
tectures. Overall, LatentMem leverages its latent
memory design to achieve the fastest inference and
lowest token usage among all memory baselines,
while consistently delivering the most substantial
improvements.

Table 4: The detailed parameter settings when imple-
menting LatentMem.

Parameter Setting
Token limit for prompts 10240
Token limit for responses 4096
Training temperature 1.0
Evaluation temperature 0.0
Discount factor 1.0
Clipping epsilon 0.2
Weight of KL penalty 0.0
Number of training epochs 1
Number of prompt reuse 1
Macro training batch size 32
Micro training batch size 8
Macro rollout batch size 32
Micro rollout batch size 8
Optimizer name AdamW
Learning rate 1e-5
Warmup ratio 0.1
Lora r 16
Lora alpha 32
Lora target modules [q_proj, v_proj]
Lora dropout 0.1
Lora bias None
Lora task type CAUSAL_LM
Gradient norm 1.0
Gradient clipping True
Gradient checkpoint True
Flash Attention True
Mixed precision True
Enable vLLM True
Enable DeepSpeed True
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Figure 8: Time and token consumption of LatentMem.
The top row reports performance versus time, and the
bottom row reports performance versus token cost. Cir-
cle area reflects relative resource consumption, and “A +
B” denotes MAS framework A evaluated on dataset B.
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Method TriviaQA KodCode StrategyQA PopQA PDDL

LatentMem (SFT) 60.82 74.55 61.92 45.80 10.34
LatentMem (LMPO) 76.51 76.80 65.48 52.70 23.49

Table 5: Comparison of SFT and LMPO for training the
memory composer. TriviaQA, KodCode, StrategyQA,
and PopQA are held-in, while PDDL is held-out.

Method Retriever TriviaQA KodCode PDDL

Generative MiniLM-L6-v2 59.65 70.90 13.94
Generative Qwen3-Embedding-8B 61.20 71.45 14.33
LatentMem MiniLM-L6-v2 76.51 76.80 23.49
LatentMem Qwen3-Embedding-8B 77.36 77.20 23.81

Table 6: Retriever comparison under AutoGen with
Qwen3-4B. All methods use K = 1; MiniLM denotes
all-MiniLM-L6-v2.

C.2 Role-aware Memory Analysis
This section outlines the approach used to exam-
ine the geometric organization of latent memories
(illustrated in Figures 4 and 9) and to discover se-
mantically meaningful clusters. The workflow con-
sists of two main steps: first, deriving a fixed-size
vector representation for each memory sequence,
and second, applying dimensionality reduction and
clustering techniques.

Consider {m1,m2, . . . ,mB} as a collection
of B latent memory sequences obtained from
LatentMem’s inference, where each sequence
mi = (mi,1, . . . ,mi,L′) ∈ RL′×D contains L′ to-
ken embeddings of dimensionality D.

To generate a single, compact representation for
each sequence, we compute its mean embedding
m̄i ∈ RD as follows:

m̄i =
1

L′

L′∑

l=1

mi,l. (14)

The resulting set of high-dimensional vectors,
{m̄1, m̄2, . . . , m̄B}, is then used as input for down-
stream analysis.

For visualization purposes, we apply t-
SNE (Maaten and Hinton, 2008) to map the vectors
{m̄1, m̄2, . . . , m̄B} into a two-dimensional space.
Formally, this transformation is defined as

yi ∈ R2 = ft-SNE(m̄i). (15)

These 2D embeddings are subsequently em-
ployed to produce the scatter plots.

C.3 Sensitivity Analysis
As a supplement to Section 5.6, we conduct a sen-
sitivity analysis of LatentMem with respect to the

Latent Memory Visualization
(CAMEL+KodCode)

Latent Memory Visualization
(AutoGen+PDDL)

Latent Memory Visualization
(MacNet+KodCode)

Figure 9: t-SNE visualization of latent memories gener-
ated by LatentMem across different datasets and MAS
frameworks.
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Figure 10: Comparison between LatentMem and G-
Memory under varying top-K settings on KodCode and
TriviaQA with AutoGen. While LatentMem consis-
tently benefits from more trajectories as K increases,
G-Memory’s performance declines when K > 3.

top-K raw trajectories retrieved from the experi-
ence bank, as shown in Figure 10. It can be ob-
served that G-Memory initially benefits from in-
creasing K, but its performance starts to decline
when K > 3; for example, on KodCode, accuracy
drops from 72.95% at K = 3 to 70.25% at K = 5.
In contrast, LatentMem continues to improve as K
increases, highlighting its ability to leverage fixed-
length, role-aware latent memory to distill useful
information even from redundant trajectories.

C.4 Prefix-Tuning Control
To examine whether the gains of LatentMem
mainly come from learned prompt-like latent to-
kens, we compare against a role-conditioned prefix-
tuning control under the AutoGen setting with the
Qwen3-4B-Instruct-2507 backbone. As
shown in Table 8, role-conditioned prefix-tuning
improves over a simple static memory interface
but remains substantially below LatentMem, sug-
gesting that retrieval-conditioned latent memory
composition is more effective than learning fixed
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Table 7: Performance comparison with diverse memory frameworks on six benchmarks. The underlying LLM
backbone is Llama-3.1-8B-Instruct. We highlight the best and second best results. TriviaQA, KodCode,
StrategyQA, and PopQA are in-domain benchmarks, while BigCodeBench and PDDL are out-of-domain; AutoGen
and MacNet are in-distribution MAS frameworks, whereas CAMEL and DyLAN are unseen frameworks. Additional
details are provided in Appendix B.4.

Method Held-in Held-out Average
TriviaQA KodCode StrategyQA PopQA BigCodeBench PDDL

H
el

d-
in

A
ut

oG
en

No-memory 72.03↑0.00 47.45↑0.00 61.50↑0.00 41.20↑0.00 80.96↑0.00 14.03↑0.00 52.86↑0.00
MetaGPT 74.10↑2.07 50.00↑2.55 58.73↓2.77 47.41↑6.21 82.11↑1.15 25.61↑11.58 56.33↑3.47
Generative 73.77↑1.74 49.40↑1.95 63.97↑2.47 46.00↑4.80 82.11↑1.15 20.63↑6.60 55.98↑3.12
Voyager 74.53↑2.50 46.45↓1.00 61.28↓0.22 46.75↑5.55 81.49↑0.53 21.65↑7.62 55.36↑2.50
G-Memory 74.60↑2.57 50.20↑2.75 64.20↑2.70 47.24↑6.04 82.67↑1.71 24.31↑10.28 57.20↑4.34
OAgent 73.12↑1.09 49.55↑2.10 65.94↑4.44 47.25↑6.05 82.11↑1.15 16.99↑2.96 55.83↑2.97
LatentMem 74.92↑2.89 65.90↑18.45 67.89↑6.39 49.40↑8.20 83.84↑2.88 28.96↑14.93 61.82↑8.96

M
ac

N
et

No-memory 71.62↑0.00 48.50↑0.00 62.94↑0.00 40.59↑0.00 79.28↑0.00 17.33↑0.00 53.38↑0.00
MetaGPT 72.57↑0.95 50.30↑1.80 62.66↓0.28 48.42↑7.83 81.28↑2.00 21.47↑4.14 56.12↑2.74
Generative 72.83↑1.21 49.85↑1.35 60.80↓2.14 47.32↑6.73 81.11↑1.83 24.80↑7.47 56.12↑2.74
Voyager 72.17↑0.55 44.80↓3.70 61.35↓1.59 47.11↑6.52 81.67↑2.39 18.97↑1.64 54.35↑0.97
G-Memory 71.79↑0.17 49.20↑0.70 62.23↓0.71 48.96↑8.37 81.46↑2.18 19.10↑1.77 55.46↑2.08
OAgent 72.20↑0.58 48.50↑0.00 63.76↑0.82 48.30↑7.71 82.28↑3.00 16.71↓0.62 55.29↑1.91
LatentMem 74.45↑2.83 65.50↑17.00 66.42↑3.48 50.16↑9.57 83.84↑4.56 25.61↑8.28 61.00↑7.62

H
el

d-
ou

t

C
A

M
E

L

No-memory 72.86↑0.00 48.95↑0.00 60.25↑0.00 40.44↑0.00 80.28↑0.00 17.45↑0.00 53.37↑0.00
MetaGPT 72.99↑0.13 51.70↑2.75 62.66↑2.41 47.68↑7.24 81.93↑1.65 23.24↑5.79 56.70↑3.33
Generative 72.36↓0.50 49.80↑0.85 60.26↑0.01 49.09↑8.65 80.28↑0.00 23.97↑6.52 55.96↑2.59
Voyager 72.57↓0.29 48.95↑0.00 61.57↑1.32 48.68↑8.24 81.75↑1.47 15.79↓1.66 54.88↑1.51
G-Memory 73.69↑0.83 49.50↑0.55 61.14↑0.89 48.80↑8.36 81.93↑1.65 20.69↑3.24 55.96↑2.59
OAgent 73.52↑0.66 49.90↑0.95 61.48↑1.23 47.90↑7.46 81.49↑1.21 17.12↓0.33 55.23↑1.86
LatentMem 74.00↑1.14 63.85↑14.90 65.28↑5.03 49.90↑9.46 82.75↑2.47 24.46↑7.01 60.04↑6.67

D
yL

A
N

No-memory 72.62↑0.00 47.55↑0.00 60.67↑0.00 40.50↑0.00 80.26↑0.00 15.20↑0.00 52.80↑0.00
MetaGPT 73.87↑1.25 49.85↑2.30 62.88↑2.21 47.92↑7.42 81.28↑1.02 18.45↑3.25 55.71↑2.91
Generative 73.22↑0.60 47.10↓0.45 64.85↑4.18 48.55↑8.05 82.19↑1.93 17.69↑2.49 55.60↑2.80
Voyager 73.69↑1.07 44.80↓2.75 61.35↑0.68 48.88↑8.38 81.58↑1.32 14.33↓0.87 54.10↑1.30
G-Memory 74.00↑1.38 48.80↑1.25 61.35↑0.68 47.32↑6.82 82.28↑2.02 19.64↑4.44 55.56↑2.76
OAgent 73.49↑0.87 48.25↑0.70 63.25↑2.58 47.90↑7.40 81.30↑1.04 16.75↑1.55 55.16↑2.36
LatentMem 74.10↑1.48 64.25↑16.70 66.83↑6.16 49.34↑8.84 83.25↑2.99 22.62↑7.42 60.06↑7.26

Table 8: Comparison with a role-conditioned prefix-
tuning control on AutoGen.

Method KodCode PopQA

Role-conditioned prefix-tuning 70.15 42.78
LatentMem 76.80 52.70

role-conditioned prefixes.

C.5 Case Study

Figure 6 illustrates how LatentMem, by providing
role-aware memory, can help correct common er-
ror patterns in MAS. For example, when solving
the PDDL task: “Satisfy the following conditions:
ball1 is at room b, ball2 is at room a, ball3 is
at room b, ball4 is at room b, ball5 is at room a,
ball6 is at room a”, the vanilla MacNet repeatedly
moves ball2 between room a and room b while
ignoring the task’s termination conditions, result-
ing in a loop, which is called Step Repetition error.
MacNet with OAgents, although able to retrieve
similar historical trajectories, is influenced by ex-
cessively long histories and fails to account for
differences between the current task and the re-

trieved trajectories. This leads to blindly following
the retrieved steps without satisfying the actual task
requirements, which is called Disobey Task Specifi-
cation error. Moreover, both methods suffer from
significant Reasoning-Action Mismatch, where the
agent’s planned reasoning steps are correct, but its
executed actions deviate from the intended plan.

In contrast, LatentMem provides high-level,
role-aware latent memory to each agent at every
reasoning step. By leveraging personalized high-
level historical experience, each agent naturally
reinforces its role compliance, thereby enabling the
actor-critic style coordination mechanism in Mac-
Net to function effectively. Even when a short-term
error occurs in the trajectory (e.g., generating an in-
correct action "pick ball5 rooma right"), the MAS
can immediately self-correct in the next reason-
ing step using a “check valid answer” procedure,
ultimately completing the task successfully.

D Prompt Templates

In this section, we provide the prompt templates
used in our framework. Note that these templates
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may vary slightly across different task domains.
As an example, we present the prompt template of
CAMEL and AutoGen for code tasks.

CAMEL’s Prompt Template for Strategy
Agent

You are a strategy-generation agent. Your task is to
read a given coding problem and provide a **
detailed implementation strategy**, but **do not
write any code**.

# Objectives
- Understand the problem requirements.
- Describe the algorithm, data structures, and step-by

-step approach.
- Ensure the strategy is clear enough for a developer

tao implement directly.

# Output Guidelines
- Focus on logic and process; avoid including actual

code or irrelevant explanations.
- You should keep your response concise, no more than

3 sentences.

CAMEL’s Prompt Template for Code Agent

You are a Code Implementation agent. You will be
provided with a problem and an analysis of that
problem from a user agent. Your task is to
produce complete and correct code
implementations based on coding problems.

# Objectives
- Write clear, well-structured, and correct Python

code.
- Do not include any explanations or comments outside

the code.

# Output Guidelines
- Wrap the entire Python code inside a code block

using triple backticks:
```python
# your code here
```

CAMEL’s Prompt Template for Test Agent

You are a code evaluator. Your task is to review the
current coding problem and the code written by
the actor agent for that problem.

- If the code is correct, reply only with: "Agree".
- If the code has issues, give brief and concise

feedback only(Keep your response short and
within 3 sentences).

CAMEL’s Prompt Template for Summarizer
Agent

You are a summarization and final-code-generation
agent. Your task is to read the previous actor
code implementations and the corresponding
critic improvement suggestions, and then produce
the final, corrected, and consolidated code

solution for the current task.

# Objectives
- Carefully examine the actor's code solutions.
- Incorporate the critic's improvement suggestions

when necessary.
- Produce a clean, complete, and correct final code

implementation.
- Do not include explanations, comments, or any text

outside the code block.

# Output Format
- Wrap the entire final Python code inside triple

backticks:
```python
# final code here
```

AutoGen’s Prompt Template for Assistant
Agent

You are a strategy-generation agent. Your task is to
read a given coding problem and provide a **
detailed implementation strategy**, but **do not
write any code**.

# Objectives
- Understand the problem requirements.
- Describe the algorithm, data structures, and step-by

-step approach.
- Ensure the strategy is clear enough for a developer

tao implement directly.

# Output Guidelines
- Focus on logic and process; avoid including actual

code or irrelevant explanations.
- You should keep your response concise, no more than

3 sentences.

AutoGen’s Prompt Template for User Proxy
Agent

You are a Code Implementation agent. Your task is to
read the implementation strategy provided by the
Assistant agent and produce **complete,

executable Python code** that follows the
strategy exactly.

# Objectives
- Implement the solution according to the detailed

strategy from the Assistant.
- Write clear, well-structured, and correct Python

code.
- Make sure the code covers all steps and handles edge

cases mentioned in the strategy.
- Do not include any explanations or comments outside

the code.

# Output Guidelines
- Wrap the entire Python code inside a code block

using triple backticks:
```python
# your code here
```
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E Example

In this section, we present example trajecto-
ries generated by LatentMem-enhanced Auto-
Gen on Knowledge QA (TriviaQA) and Game
(PDDL) tasks to demonstrate the effectiveness of
LatentMem.

Example trajectory on PDDL

<|im_start|>user
## Successful Examples (Reference Cases)
Below are some examples of similar tasks that were

successfully completed.
Please use these as references to guide your thinking

and approach to the current task:

<|im_start|>user
<observation>Ball1 is a ball. Ball1 is at rooma. Ball2

is a ball. Ball2 is at rooma. Ball3 is a ball.
Ball3 is at rooma. Left is a gripper. Left is
free. Right is a gripper. Right is free. Robby
is at rooma. Room rooma Room roomb</observation
><|im_end|>

<|im_start|>assistant
<action>Pick up ball1 at rooma with arm right.</action

><|im_end|>
<|im_start|>user
<observation>Ball1 is a ball. Ball1 is carrying right.

Ball2 is a ball. Ball2 is at rooma. Ball3 is a
ball. Ball3 is at rooma. Left is a gripper. Left
is free. Right is a gripper. Robby is at rooma.
Room rooma Room roomb</observation><|im_end|>

<|im_start|>assistant
<action>Pick up ball2 at rooma with arm left.</action

><|im_end|>
<|im_start|>user
<observation>Ball1 is a ball. Ball1 is carrying right.

Ball2 is a ball. Ball2 is carrying left. Ball3
is a ball. Ball3 is at rooma. Left is a gripper.
Right is a gripper. Robby is at rooma. Room

rooma Room roomb</observation><|im_end|>
<|im_start|>assistant
<action>Move from rooma to roomb</action><|im_end|>
<|im_start|>user
<observation>Ball1 is a ball. Ball1 is carrying right.

Ball2 is a ball. Ball2 is carrying left. Ball3
is a ball. Ball3 is at rooma. Left is a gripper.
Right is a gripper. Robby is at roomb. Room

rooma Room roomb</observation><|im_end|>
<|im_start|>assistant
<action>drop ball1 at rooma with arm right</action><|

im_end|>
<|im_start|>user
<observation>The action is not valid and therefore

takes no effect. Please remember to satisfy the
restriction of actions. You can also check valid
actions.</observation><|im_end|>

<|im_start|>assistant
<action>check valid actions</action><|im_end|>
<|im_start|>user
<observation>Valid actions are: drop ball1 roomb right

, drop ball2 roomb left, Move from roomb to
rooma. , check valid actions</observation><|
im_end|>

<|im_start|>assistant
<action>drop ball1 roomb right</action><|im_end|>
<|im_start|>user
<observation>Ball1 is a ball. Ball1 is at roomb. Ball2

is a ball. Ball2 is carrying left. Ball3 is a
ball. Ball3 is at rooma. Left is a gripper.
Right is a gripper. Right is free. Robby is at
roomb. Room rooma Room roomb</observation><|
im_end|>

<|im_start|>assistant
<action>drop ball2 roomb left</action><|im_end|>
<|im_start|>user
<observation>Ball1 is a ball. Ball1 is at roomb. Ball2

is a ball. Ball2 is at roomb. Ball3 is a ball.
Ball3 is at rooma. Left is a gripper. Left is
free. Right is a gripper. Right is free. Robby

is at roomb. Room rooma Room roomb</observation
><|im_end|>

<|im_start|>assistant
<action>move from roomb to rooma</action><|im_end|>
<|im_start|>user
<observation>Ball1 is a ball. Ball1 is at roomb. Ball2

is a ball. Ball2 is at roomb. Ball3 is a ball.
Ball3 is at rooma.Left is a gripper. Left is
free. Right is a gripper. Right is free. Robby
is at rooma. Room rooma Room roomb</observation
><|im_end|>

<|im_start|>assistant
<action>Pick up ball3 at rooma with arm right.</action

><|im_end|>
<|im_start|>user
<observation>Ball1 is a ball. Ball1 is at roomb. Ball2

is a ball. Ball2 is at roomb. Ball3 is a ball.
Ball3 is carrying right. Left is a gripper. Left
is free. Right is a gripper. Robby is at rooma.
Room rooma Room roomb</observation><|im_end|>

<|im_start|>assistant
<action>Move from rooma to roomb</action><|im_end|>
<|im_start|>user
<observation>Ball1 is a ball. Ball1 is at roomb. Ball2

is a ball. Ball2 is at roomb. Ball3 is a ball.
Ball3 is carrying right. Ball4 is a ball. Ball4
is at rooma. Left is a gripper. Left is free.
Right is a gripper. Robby is at roomb. Room
rooma Room roomb</observation><|im_end|>

<|im_start|>assistant
<action>drop ball3 rooms right</action><|im_end|>
<|im_start|>user
<observation>Ball1 is a ball. Ball1 is at roomb. Ball2

is a ball. Ball2 is at roomb. Ball3 is a ball.
Ball3 is at roomb. Ball4 is a ball. Ball4 is at
rooma. Left is a gripper. Left is free. Right is
a gripper. Right is free. Robby is at roomb.

Room rooma Room roomb. The task is completed.</
observation><|im_end|>

---

Use the above examples and insights as a foundation,
and now work on the following task:

You are a robot with a gripper that can move objects
between different rooms. Your name is Robby.

## There are three actions defined in this domain:
- think xxx:
- Format: `think: I need to move block A first

because...`
- Any other format is invalid and will not be

recognized by the system.
- move <room1> <room2>: This action allows the robot

to move from one room to another.The action has
a single precondition, which is that the robot
is currently in a room. The effect of this
action is to move the robot to another room and
to remove the fact that it is in the original
room.

- pick <obj> <room> <gripper>: This action allows the
robot to pick up an object using the gripper.
The action has three preconditions: (1) the
object is located in a room (2) the robot is
currently in the same room and (3) the gripper
is free (i.e., not holding any object). The
effect of this action is to update the state of
the world to show that the robot is carrying the
object using the gripper, the object is no

longer in the room, and the gripper is no longer
free.

- drop <obj> <room> <gripper>: This action allows the
robot to drop an object that it is carrying. The
action has two preconditions: (1) the robot is

currently carrying the object using the gripper,
and (2) the robot is currently in a room. The

effect of this action is to update the state of
the world to show that the robot is no longer
carrying the object using the gripper, the
object is now located in the room, and the
gripper is now free.

## NOTE:
- You should strictly follow these actions, no any

other actions are allowed!
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- Before you respond, you must ensure that your output
actions strictly comply with the rules

described above!

Here is your initial observation: Ball1 is a ball.
Ball1 is at rooma. Ball2 is a ball. Ball2 is at
rooma. Ball3 is a ball. Ball3 is at roomb. Ball4
is a ball. Ball4 is at roomb. Left is a gripper.
Left is free. Right is a gripper. Right is free.
Robby is at rooma. Room rooma Room roomb

**Here is your task: The goal is to satisfy the
following conditions: ball1 is at roomb. , ball2
is at roomb. , ball3 is at rooma. , ball4 is at
rooma.<|im_end|>

<|im_start|>assistant
<action>pick ball1 rooma right</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is carrying right. Ball2 is a

ball. Ball2 is at rooma. Ball3 is a ball. Ball3
is at roomb. Ball4 is a ball. Ball4 is at roomb.
Left is a gripper. Left is free. Right is a

gripper. Robby is at rooma. Room rooma Room
roomb<|im_end|>

<|im_start|>assistant
<action>move from rooma to roomb</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is carrying right. Ball2 is a

ball. Ball2 is at rooma. Ball3 is a ball. Ball3
is at roomb. Ball4 is a ball. Ball4 is at roomb.
Left is a gripper. Left is free. Right is a

gripper. Robby is at roomb. Room rooma Room
roomb<|im_end|>

<|im_start|>assistant
<action>drop ball1 roomb right</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is at roomb. Ball2 is a ball.

Ball2 is at rooma. Ball3 is a ball. Ball3 is at
roomb. Ball4 is a ball. Ball4 is at roomb. Left
is a gripper. Left is free. Right is a gripper.
Right is free. Robby is at roomb. Room rooma
Room roomb<|im_end|>

<|im_start|>assistant
<action>pick ball2 rooma left</action><|im_end|>
<|im_start|>user
The action is not valid and therefore takes no effect.

You should use `check valid actions.` command
to get some clues!<|im_end|>

<|im_start|>assistant
<action>check valid actions</action><|im_end|>
<|im_start|>user
Valid actions are: Pick up ball1 at roomb with arm

left. , Pick up ball3 at roomb with arm left. ,
Move from roomb to rooma. , Pick up ball3 at
roomb with arm right. , Pick up ball4 at roomb
with arm left. , Pick up ball1 at roomb with arm
right. , Pick up ball4 at roomb with arm right.
, check valid actions<|im_end|>

<|im_start|>assistant
<action>pick ball3 roomb left</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is at roomb. Ball2 is a ball.

Ball2 is at rooma. Ball3 is a ball. Ball3 is
carrying left. Ball4 is a ball. Ball4 is at
roomb. Left is a gripper. Right is a gripper.
Right is free. Robby is at roomb. Room rooma
Room roomb<|im_end|>

<|im_start|>assistant
<action>move from roomb to rooma</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is at roomb. Ball2 is a ball.

Ball2 is at rooma. Ball3 is a ball. Ball3 is
carrying left. Ball4 is a ball. Ball4 is at
roomb. Left is a gripper. Right is a gripper.
Right is free. Robby is at rooma. Room rooma
Room roomb<|im_end|>

<|im_start|>assistant
<action>drop ball3 rooma left</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is at roomb. Ball2 is a ball.

Ball2 is at rooma. Ball3 is a ball. Ball3 is at
rooma. Ball4 is a ball. Ball4 is at roomb. Left
is a gripper. Left is free. Right is a gripper.
Right is free. Robby is at rooma. Room rooma
Room roomb<|im_end|>

<|im_start|>assistant

<action>pick ball4 roomb right</action><|im_end|>
<|im_start|>user
The action is not valid and therefore takes no effect.

You should use `check valid actions.` command
to get some clues!<|im_end|>

<|im_start|>assistant
<action>check valid actions</action><|im_end|>
<|im_start|>user
Valid actions are: Pick up ball2 at rooma with arm

right. , Pick up ball3 at rooma with arm right.
, Pick up ball3 at rooma with arm left. , Pick
up ball2 at rooma with arm left. , Move from
rooma to roomb. , check valid actions<|im_end|>

<|im_start|>assistant
<action>pick ball2 rooma right</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is at roomb. Ball2 is a ball.

Ball2 is carrying right. Ball3 is a ball. Ball3
is at rooma. Ball4 is a ball. Ball4 is at roomb.
Left is a gripper. Left is free. Right is a

gripper. Robby is at rooma. Room rooma Room
roomb<|im_end|>

<|im_start|>assistant
<action>move from rooma to roomb</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is at roomb. Ball2 is a ball.

Ball2 is carrying right. Ball3 is a ball. Ball3
is at rooma. Ball4 is a ball. Ball4 is at roomb.
Left is a gripper. Left is free. Right is a

gripper. Robby is at roomb. Room rooma Room
roomb<|im_end|>

<|im_start|>assistant
<action>drop ball2 roomb right</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is at roomb. Ball2 is a ball.

Ball2 is at roomb. Ball3 is a ball. Ball3 is at
rooma. Ball4 is a ball. Ball4 is at roomb. Left
is a gripper. Left is free. Right is a gripper.
Right is free. Robby is at roomb. Room rooma
Room roomb<|im_end|>

<|im_start|>assistant
<action>pick ball4 roomb right</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is at roomb. Ball2 is a ball.

Ball2 is at roomb. Ball3 is a ball. Ball3 is at
rooma. Ball4 is a ball. Ball4 is carrying right.
Left is a gripper. Left is free. Right is a

gripper. Robby is at roomb. Room rooma Room
roomb<|im_end|>

<|im_start|>assistant
<action>move from roomb to rooma</action><|im_end|>
<|im_start|>user
Ball1 is a ball. Ball1 is at roomb. Ball2 is a ball.

Ball2 is at roomb. Ball3 is a ball. Ball3 is at
rooma. Ball4 is a ball. Ball4 is carrying right.
Left is a gripper. Left is free. Right is a

gripper. Robby is at rooma. Room rooma Room
roomb<|im_end|>

<|im_start|>assistant
<action>drop ball4 rooma right</action><|im_end|>

Example trajectory on TriviaQA

<|im_start|>user
In 2006, who was the first football player in World

Cup history to win the "Best Young Player Award
"?<|im_end|>

<|im_start|>assistant
<search> first football player to win Best Young

Player Award at World Cup 2006 </search><|im_end
|>

<|im_start|>user
Doc 1(Title: "FIFA World Cup awards") specific award

for their position, they are still eligible for
the Golden Ball as well, as when Oliver Kahn was
awarded in 2002. In the event of a tie, the

Golden Glove Award goes to the goalkeeper who
progressed furthest in the competition. The next
tiebreakers are saves made, then minutes played.
Although the Golden Glove Award was first

awarded in 1994, every All-Star Team in World
Cups prior to 1998 except 1990 included only one
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goalkeeper. The ""Best Young Player"" award was
awarded for the first time at the 2006 World

Cup in Germany and given to Germany's Lukas
Doc 2(Title: "2006 Ballon d'O"") Netherlands, New

Zealand, Norway, Poland, Portugal, Republic of
Ireland, Romania, Russia, San Marino, Scotland,
Serbia, Slovakia, Slovenia, Spain, Sweden,
Switzerland, Turkey, Ukraine and Wales. Each
picked a first (5pts), second (4pts), third (3
pts), fourth (2pts) and fifth choice (1pt).
Cannavaro was the fifth Italian player to win
the award after Omar Sivori (1961), Gianni
Rivera (1969), Paolo Rossi (1982) and Roberto
Baggio (1993). Gianluigi Buffon (Italy) was the
top ranked goalkeeper in the list, in second
place; Ronaldinho (Brazil) was the top ranked
midfielder, in fourth place, while Thierry Henry
(France) was the top-ranked forward, in third

place. The following
Doc 3(Title: "2006 FIFA World Cup") goals were scored

by 110 players, with four of them credited as
own goals. FIFA's Technical Study Group (TSG)
also granted a Man of the Match award to one
player in each match. Italy's Andrea Pirlo won
the most Man of the Match awards, with three in
total. Miroslav Klose, Agustin Delgado, Arjen
Robben, Ze Roberto, Alexander Frei, Michael
Ballack, and Patrick Vieira each received two
awards. The All-star team is a squad consisting
of the 23 most impressive players at the 2006
World Cup, as selected by FIFA's Technical Study
Group. The team was chosen from a shortlist of

<|im_end|>
<|im_start|>assistant
<search>first football player to win Best Young Player

Award at 2006 World Cup</search><|im_end|>
<|im_start|>user
Doc 1(Title: "FIFA World Cup awards") specific award

for their position, they are still eligible for
the Golden Ball as well, as when Oliver Kahn was
awarded in 2002. In the event of a tie, the

Golden Glove Award goes to the goalkeeper who
progressed furthest in the competition. The next
tiebreakers are saves made, then minutes played.
Although the Golden Glove Award was first

awarded in 1994, every All-Star Team in World
Cups prior to 1998 except 1990 included only one
goalkeeper. The ""Best Young Player"" award was
awarded for the first time at the 2006 World

Cup in Germany and given to Germany's Lukas
Doc 2(Title: "2006 Ballon d'Or") Netherlands, New

Zealand, Norway, Poland, Portugal, Republic of
Ireland, Romania, Russia, San Marino, Scotland,
Serbia, Slovakia, Slovenia, Spain, Sweden,
Switzerland, Turkey, Ukraine and Wales. Each
picked a first (5pts), second (4pts), third (3
pts), fourth (2pts) and fifth choice (1pt).
Cannavaro was the fifth Italian player to win
the award after Omar Sivori (1961), Gianni
Rivera (1969), Paolo Rossi (1982) and Roberto
Baggio (1993). Gianluigi Buffon (Italy) was the
top ranked goalkeeper in the list, in second
place; Ronaldinho (Brazil) was the top ranked
midfielder, in fourth place, while Thierry Henry
(France) was the top-ranked forward, in third

place. The following
Doc 3(Title: "2006 FIFA World Cup") goals were scored

by 110 players, with four of them credited as
own goals. FIFA's Technical Study Group (TSG)
also granted a Man of the Match award to one
player in each match. Italy's Andrea Pirlo won
the most Man of the Match awards, with three in
total. Miroslav Klose, Agustin Delgado, Arjen
Robben, Ze Roberto, Alexander Frei, Michael
Ballack, and Patrick Vieira each received two
awards. The All-star team is a squad consisting
of the 23 most impressive players at the 2006
World Cup, as selected by FIFA's Technical Study
Group. The team was chosen from a shortlist of

<|im_end|>
<|im_start|>assistant
<answer>Lukas Podolski</answer><|im_end|>

F AI Assistant Usage

AI assistants were used only for minor language
polishing and coding assistance, without affecting
the scientific content of the paper.
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