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Abstract

Effective collaboration in multi-agent systems
hinges on communication. Existing studies an-
alyze agent communication indirectly through
task performance, such as improvements in
reward and success rate, without explicitly
characterizing communication itself. As a re-
sult, the quality of communication protocols
remains difficult to evaluate and interpret, lim-
iting their reliability, scalability, and general-
izability. To better characterize communica-
tion quality, this survey focuses on communi-
cation alignment, which emphasizes seman-
tic fidelity and convention consistency across
agents. We review communication alignment
from emergent communication in multi-agent
reinforcement learning (MARL) to latent com-
munication powered by Large Language Mod-
els (LLMs), highlighting existing methods and
the emerging challenges introduced by natural-
language communication. Finally, we discuss
future directions toward more effective, inter-
pretable, and generalizable multi-agent com-
munication.

1 Introduction

Multi-agent systems (MAS) have emerged as a
foundational paradigm for designing intelligent
systems, where multiple autonomous agents act
within shared environments. These systems have
found extensive applications in domains such as au-
tonomous driving (Liu et al., 2024a, 2021), robotics
(Nayak et al., 2024), network management (Naderi-
alizadeh et al., 2021; Sana et al., 2020), and, more
recently, Large Language Model (LLM)-driven
collaborative software engineering (Hong et al.,
2023; Tufano et al., 2024; Tang et al., 2024). In
such contexts, agents typically operate under par-
tial observability, limited local capabilities, and
role-specific objectives, rendering communication
critical for exchanging information and coordinat-
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Figure 1: Semantic fidelity and convention consistency.

ing distributed decision-making (Wei et al., 2025;
Yuan et al., 2023).

Agent communication can be viewed as a pro-
cess of semantic compression and reconstruction,
in which semantics encode an agent’s local ob-
servations, action intentions, or compressed sum-
maries of interaction history (Ding et al., 2026).
Existing studies and surveys have extensively ex-
amined agent communication in multi-agent rein-
forcement learning (MARL) (Peters et al., 2025;
Brandizzi, 2023; Boldt and Mortensen, 2024; Zhu
et al., 2024) and LLM MAS (Li et al., 2024b; Yuan
et al., 2026; Kong et al., 2025; Tran et al., 2025;
Chen et al., 2026; Yan et al., 2025; Guo et al.,
2024), showing that communication can improve
downstream task performance such as reward and
success rate. However, these studies still lack a
communication-centered understanding of whether
and how agents can establish reliable communica-
tion. In particular, key properties of agent com-
munication, such as semantic fidelity (Xie et al.,
2022; Gündüz et al., 2022) and convention consis-
tency (Rita et al., 2022b; Wang et al., 2025a; Li
and Bowling, 2019) across agents, remain under-
characterized, as illustrated in Fig. 1. These prop-
erties are especially important in heterogeneous
MAS, where agents may rely on different founda-
tion models or interact under different contexts. In
such settings, preserving intended semantics while
maintaining shared communication conventions be-
comes challenging, forming the central problem of
communication alignment (Lo and Sengupta, 2022;
Lo et al., 2024; Du et al., 2026; Li et al., 2024a).

This survey reviews communication alignment,
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which focuses on semantic fidelity and convention
consistency across agents, spanning emergent com-
munication in MARL to latent communication in
LLMs. To the best of our knowledge, this is the
first work to provide a unified survey of multi-agent
communication from this alignment-oriented per-
spective. A comparison with existing surveys is
provided in Appendix A.1. In this survey, we for-
mulate the communication alignment problem in
Sec. 2. We then review relevant literature span-
ning emergent communication in MARL (Sec. 3),
natural-language communication in LLM (Sec. 4),
and LLM latent communication, where agents ex-
change compressed hidden representations instead
of natural-language messages (Sec. 5). Across
these paradigms, we highlight the recurring trade-
off between semantic fidelity and convention con-
sistency, as summarized in Appendix A.2. Overall,
our contributions are threefold:

• We introduce communication alignment as a
communication-centered perspective for an-
alyzing multi-agent communication beyond
task performance. This perspective empha-
sizes semantic fidelity and convention con-
sistency, which are critical for effective and
scalable multi-agent collaboration.

• We systematically organize and compare com-
munication methods in MAS through the per-
spective of communication alignment. We
further analyze the advantages, limitations,
and trade-offs of emergent, natural-language,
and latent communication across MARL and
LLM-based MAS.

• We identify key challenges and future direc-
tions, including convention adaptation, hybrid
communication between emergent languages
and natural language, as well as safety and
ethical risks in emerging multi-agent systems.

2 Definition and Formulation

Communication in MAS can be formulated as an
encoding-decoding process between agents. Let
A = {a1, . . . , aN} denote a set of agents. Each
agent can act as both a speaker and a listener. Let
zi ∈ Z denote the task-relevant semantic represen-
tation of agent ai, which may encode its local ob-
servation, action intent, and compressed interaction
history, andZ denotes the space of task-relevant se-
mantics1. At a specific time, the speaker ai maps its

1Note that Z denotes the task-relevant semantic space
rather than the agents’ internal representation space. There-

semantics into a message through an encoder Ei :
Z → L, where L denotes the message space. The
generated message is mi = Ei(zi). The listener aj
receives the message and reconstructs the speaker’s
intended semantics using its decoder Dj : L → Z ,
denoted as ẑi→j = Dj(mi) = Dj(Ei(zi)). The
listener then uses ẑi→j , together with its own local
observation and policy, to make coordinated deci-
sions. The representation reconstruction error from
agent ai to agent aj is defined as:

Rij = Ezi [d (Dj(Ei(zi)), zi)], i ̸= j, (1)

where d(·, ·) measures the discrepancy between the
listener’s reconstructed semantics and the speaker’s
intended task-relevant semantics. In contrast to
autoencoder-style approaches (Shao et al., 2021;
Zhang et al., 2025a), which focus on information re-
construction within a single encoder–decoder pair,
communication alignment addresses the compat-
ibility of semantics–message mappings across a
population of agents. Formally, the communication
alignment objective can be written as:

minEi,j [Rij ]. (2)

This objective extends pairwise semantics recon-
struction to interoperability. Rather than allow-
ing agents to co-adapt with a small set of partners
and develop locally valid but externally unintelli-
gible communication conventions, it encourages
the emergence of shared semantics-message map-
ping conventions among agents, thereby supporting
generalizable and scalable cooperation.

In realistic settings, the true semantic state z is
often not directly observable. Therefore, this objec-
tive is usually optimized through surrogate signals
such as task success rate and collaborative return.
The central problem addressed in this paper is how
to preserve semantic recoverability when agents
have been separately trained and have converged
to heterogeneous communication conventions.

3 Aligning Emergent Communication in
MARL

Emergent machine language refers to communica-
tion conventions that agents autonomously develop
through interaction, rather than languages explic-
itly specified by humans (Peters et al., 2025). Since
these conventions are optimized directly toward

fore, as long as the agents operate within the same collabo-
rative task setting, they can be assumed to share a common
semantic space (Cao et al., 2018; Rita et al., 2022b).
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collaborative rewards, they can be highly compact
and task-optimal (Auersperger and Pecina, 2022;
Lee, 2024; Jiang and Lu, 2018; Kim et al., 2019;
Sukhbaatar et al., 2016; Das et al., 2019; Singh
et al., 2019). Yet this setting often leads to extreme
co-adaptation and overfitting within the training
community2, such that the learned conventions be-
come locally effective but fail to generalize across
agents or contexts, resulting in convention mis-
match. This section reviews methods that address
this bottleneck, as shown in Fig. 2.

3.1 Convention-Invariant Learning

Convention-invariant learning aims to make agents
robust to specific communication conventions be-
fore deployment. Rather than aligning already-
emerged conventions, this paradigm applies
training-time pressures to improve the robustness
of agents’ encoders and decoders, discouraging
agents from overfitting to specific conventions.
Encoding-Level Invariance. One line of work
targets the equivalence-class nature of communi-
cation(Lewis, 1969; Cao et al., 2018; Rita et al.,
2022b), aiming to learn conventions that are robust
to different communities. Other-Play (OP) (Hu
et al., 2020) enforces such robustness by training
agents under randomized permutations of action,
observation, and state spaces. Bullard et al. (2021)
and Yan et al. (2023) restrict the valid mapping
space through external constraints, such as commu-
nication cost. However, enumerating all possible
mappings is infeasible, since the mapping space
is large and unobservable. This motivates simpler
generalization mechanisms. For example, Michel
et al. (2023) isolate speaker–listener pairs to reduce
co-adaptation. Cope and Schoots (2024) introduce
randomness into the communication channel to pre-
vent agents from relying on a fixed encoding.
Population-Level Diversification. Population-
based training draws on sociolinguistic (Raviv
et al., 2020) and language-evolution evidence
(Bromham et al., 2015; Bromham, 2025) that larger,
more diverse populations promote more gener-
alized languages (Mordatch and Abbeel, 2018;
Michel et al., 2023; Chaabouni et al., 2020).
Strouse et al. (2021) and Li and Bowling (2019)
train an agent against a diverse set of partners to
encourage it to produce messages that can be un-

2A community denotes a group of agents that co-adapt
through joint training, forming shared conventions for map-
ping task-relevant semantics to messages and interpreting
them.

derstood by agents from different training com-
munities. MEP (Zhao et al., 2023) and TrajeDi
(Lupu et al., 2021) introduce diversity objectives
at the population and trajectory level, encouraging
agents to experience a wider range of coordination
patterns. Gupta et al. (2021) propose a dynamic
population-based meta-learning approach, where
new agents are continually introduced during train-
ing. Chaabouni et al. (2022); Rita et al. (2022a);
Kim and Oh (2021) point out that additional mecha-
nisms, such as imitation or aggregation, are needed
to effectively leverage population pressure.

Despite their deployment-time appeal, these
methods have two key limitations. First, the se-
mantics–message mapping space is vast, making
universal convention invariance difficult. Second,
they rely on sufficient training-time diversity or
structural pressure, which may not persist when
agents or tasks shift after deployment.

3.2 Language Bridging
Language bridging aims to connect pre-existing
communication systems without disrupting their
learned conventions. It can be viewed as an inter-
mediate mapping between Ei and Dj , expressed
as Dj(B(Ei(zi))), where B denotes the bridging
module. We categorize existing approaches to lan-
guage bridging into the following two classes:
Common Language Bridging. It aligns agents
from different communities by mapping their mes-
sages into a shared medium. Natural language is
a common choice because it supports human-AI
collaboration and provides a semantically rich in-
terface (Lo and Sengupta, 2022; Toquebiau et al.,
2025; Huh and Mohapatra, 2025; Levy et al., 2025;
Li et al., 2024a; Sundar et al., 2025; Andreas et al.,
2017). However, parallel corpora between emer-
gent languages and common language are often
scarce, motivating unsupervised neural machine
translation (Levy et al., 2025), brief induced trans-
lation (Lee et al., 2018; Andreas et al., 2017; Zheng
et al., 2026), and self-supervised representation
learning (Lin et al., 2021).
Translator Bridging. It directly learns mappings
between communication conventions. These meth-
ods differ from common-language bridging be-
cause they do not require all communities to share
the same intermediate language; instead, they rely
on pairwise or partner-conditioned translation mod-
ules. Lee et al. (2018); Cope and McBurney (2024)
introduce trainable parameters that enable agents to
learn a translation function for aligning conventions
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Figure 2: Taxonomy of communication alignment over emergent machine languages in MARL.

across communities. Thomas et al. (2021) equip
each agent with multiple heads, each implement-
ing a translation function specialized for commu-
nication with a distinct community. Kobrock et al.
(2025); Graesser et al. (2019); Martinez-Lopez et al.
(2025) designate a subset of agents as translators
that interact simultaneously with agents from dif-
ferent communities, acting as intermediaries and
transforming information.

Language bridging offers a lightweight alterna-
tive to enforcing a universal convention across com-
munities. However, its flexibility comes at a cost.
Common-language-based bridging introduces ad-
ditional information loss, as agents must further
compress and reconstruct their messages within
the shared intermediate language space. Translator-
based bridging faces a scalability bottleneck, as
the number of translators grows rapidly with the
number of interacting communities.

3.3 Newcomer Adaptation

Prior work has shown that, although agents in
different communities often acquire distinct con-
ventions, the implicit structural properties of
the languages they learn (e.g., compositionality
(Chaabouni et al., 2020) and Zipf regularities
(Chaabouni et al., 2019)) exhibit a degree of uni-
versality and can support rapid adaptation to new
languages. Motivated by this observation, several
approaches enable newly introduced agents to inte-
grate into established communication communities
by adapting their encoders and decoders via few-
shot learning.
Imitation. A straightforward approach is to expose
the newly introduced agent directly to semantic-
message pairs from the target community, allowing
it to learn and imitate the communicative conven-

tions of the community. For example, ECTL (Cope
and McBurney, 2024) provides a small set of obser-
vation–message pairs to the new agent and encour-
ages it to generate messages consistent with those
used by agents in the target community. At larger
population scales, Chaabouni et al. (2022) incor-
porates a voting mechanism to improve language
acquisition and cooperative performance.

Intention modeling. Direct imitation is simple
and effective, yet it assumes access to semantics-
message pairs, which are often difficult to obtain
in practice. To overcome this limitation, another
line of work draws on theory of mind (Jaques
et al., 2019; Wellman, 2011; Astington and Jenk-
ins, 1995), enabling an incoming agent to infer the
intentions of target-community agents from a small
number of online interactions. Zhu et al. (2021)
construct a mental model of the newly introduced
agent to predict its responses to different messages,
and use meta-learning to adapt to new communi-
cation partners. Cope and McBurney (2022, 2025)
propose to infer the speaker’s latent observations by
leveraging causal relationships among messages,
action trajectories, and the environment. Nevens
et al. (2022) reconstruct the speaker’s intentions
from messages, and then abstract these patterns
through fluid construction grammar.

Despite its flexibility, newcomer adaptation also
faces important limitations. First, imitation-based
methods depend on access to aligned semantics-
message examples from the target community, but
such data are often difficult to collect in realistic
settings. Second, intent-modeling requires the new-
comer to recover conventions from limited interac-
tions, which can be sample-inefficient and unstable.
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Figure 3: Taxonomy of communication alignment over natural language in LLM MAS.

3.4 Takeaway
The methods reviewed above improve interoper-
ability across emergent communication conven-
tions, but they do not eliminate the fundamental lo-
cality of machine-induced conventions. Emergent
languages remain attractive because they are com-
pact, task-adaptive, and efficient, yet these same
properties make them brittle across independently
trained communities. This motivates the turn to
natural language in LLM-based agents. By leverag-
ing natural language as a shared medium for infor-
mation exchange, LLM agents can mitigate cross-
community convention mismatches that emerge
from independently trained MARL agents. How-
ever, natural language cannot fully eliminate the
communication alignment problem.

4 Aligning Natural-Language
Communication in LLM MAS

The shift from emergent languages to natural lan-
guage changes, rather than eliminates, communi-
cation misalignment. Trained on massive corpora,
LLMs can communicate directly through natural
language, but natural-language messages remain
lossy projections of agent semantics (Pham et al.,
2024; Fu et al., 2025). Therefore, communication
alignment in LLM agents focuses on structuring
and enriching communication so that listeners can
more reliably recover intended semantics. Existing
studies mainly address this challenge through the
three directions shown in Fig. 3.

4.1 Structured Message Design
Structured message design mitigates semantic mis-
alignment by imposing constraints on the expres-
sive form of natural-language messages, thereby

reducing the admissible message space L. Instead
of allowing agents to exchange unconstrained free-
form text, these methods define schemas, fields, or
typed communicative acts that make the semantic
role of each message explicit.
Schema-Grounded Message Structuring.
Schema-grounded communication decomposes
free-form utterances into predefined or task-
adaptive semantic fields, making the speaker’s
intended meaning easier to recover. For example,
TalkHier (Wang et al., 2025b) factorizes each
message into structured fields such as background,
conversation history, and intermediate output.
Similar design principles are adopted by Sun
et al. (2025); Shi et al. (2023); Hong et al.
(2023); Fleming et al. (2026). AutoForm (Chen
et al., 2024b) allows agents to choose or devise
alternative schema formats for specific tasks.
Communication Primitives. These methods treat
communication as a workflow composed of typed
operations, so that the semantics of each message
is defined not only by its text but also by its role in
the interaction. Fleming et al. (2025) frame com-
munication primitives as programmable interfaces
at the network-protocol layer. Anemoi (Ren et al.,
2025) incorporates communication primitives into
the A2A protocol. LACP (Li et al., 2025) proposes
a three-layer communication framework with mini-
mal message types, each carrying explicit semantic
intent and supporting transactional guarantees.

Overall, structured message design improves
alignment by making natural-language communi-
cation more machine-checkable and semantically
typed. However, structure is not universally ben-
eficial. Overly restrictive formats can limit ex-
pressiveness and hinder collaboration (Geng et al.,
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2025; Tam et al., 2024). In addition, message struc-
tures are often manually designed and task-specific,
which limits their generality and scalability.

4.2 Thought Exchange

Natural-language messages can be viewed as com-
pressed projections of an agent’s internal reasoning
state, often omitting critical premises, obscuring
uncertainty, or blurring underlying intentions. To
mitigate these limitations, a line of work augments
messages m with intermediate reasoning r, i.e.,
m ← m + r, to improve inter-agent alignment.
Comm-CoT (Qi et al., 2025) and Exchange-of-
Thoughts (Yin et al., 2023) incorporate Chain-of-
Thought (CoT) reasoning directly into communica-
tion messages. OPTAgent (Bi et al., 2025) adapts
the communication topology among agents to pre-
serve informative reasoning content. Mind-Map
(Kim et al., 2025) allows agents to expose their
dialogue summary to prevent redundancy.

Thought exchange improves semantic recover-
ability by making latent semantics more explicit,
but it can not guarantee stable alignment across
long interactions. Exposed reasoning may be
incomplete, strategically filtered, or inconsistent
(Turpin et al., 2023; Madsen et al., 2024; Parcal-
abescu and Frank, 2024), motivating methods that
build and maintain common ground over time.

4.3 Contextual Consensus Building

Contextual consensus building shifts communica-
tion alignment from single-message interpretation
to the iterative construction of consensus3. In this
context, the semantic reconstruction process can
be reformulated as ẑi→j = Dj(mi, G), where G
denotes the consensus. Note that, unlike thought
exchange, which explicitly augments m with addi-
tional reasoning text, G implicitly emerges from
memory, intermediate artifacts, and other interac-
tion traces.
Memory Accumulation. These methods maintain
common ground primarily through agents’ own
memories, allowing them to adapt their interpreta-
tions, conventions, and social assumptions. Chen
et al. (2023); Kouwenhoven et al. (2025b,a); Ash-
ery et al. (2025); Ruan et al. (2025) show that
shared communicative conventions can emerge

3In this sense, consensus does not mean agreement on the
answer to a particular question. Rather, it refers to an emergent
shared understanding of task objectives, environmental states,
role expectations, and conventions that are gradually formed
through repeated interaction.

from memory. Qian et al. (2024); Zhang et al.
(2024a); Park et al. (2023) enable agents to in-
fer partners’ intentions from memory and received
messages to improve collaboration. Deng et al.
(2026) introduces consensus judgment to enable
agents to form consensus more stably under lim-
ited interaction. From a social-psychological per-
spective, AlKhamissi et al. (2024); Ki et al. (2025);
Zhang et al. (2024b) reveal that multi-turn inter-
action helps agents surface and revise cultural or
social priors that shape intent interpretation.
Artifact-Mediated Coordination. Whereas mem-
ory accumulation methods rely on agents to form
consensus through their individual memories, an-
other line of work (Huang et al., 2025; Hong
et al., 2023; Liu et al., 2025; Ma et al., 2026;
Kim and Oh, 2021; Zhang et al., 2025b; Chopra
et al., 2025) adopts a more centralized coordination
paradigm by externalizing shared semantics into
persistent and jointly accessible objects. For ex-
ample, MetaGPT (Hong et al., 2023) and KGMAF
(Huang et al., 2025) employ a shared message pool
to store role-specific reasoning traces, allowing sub-
sequent agents to operate directly on shared seman-
tic states. RTADev (Liu et al., 2025) introduces
an intent alignment mechanism to prevent misin-
terpretations from propagating and compounding
throughout the interaction process. AutoData (Ma
et al., 2026) introduces a hypergraph-based mecha-
nism that exposes each agent only to the artifacts
relevant to its current context, thereby reducing
context contamination. NexusSum (Kim and Kim,
2025) restructures unordered distributed commu-
nication into a three-stage pipeline and employs
interactive compression to shorten artifacts.

Contextual consensus building offers a promis-
ing solution for long-horizon cooperation. How-
ever, such approaches typically come at the cost
of substantial communication overhead. Moreover,
because consensus emerges implicitly through mul-
tiple rounds of interaction, it is difficult for humans
to inspect, verify, or correct. As a result, harmful
biases introduced early in the interaction process
may persist and remain uncorrected.

4.4 Takeaway
The methods reviewed above show that natural lan-
guage provides a more general substrate for com-
munication alignment than emergent machine lan-
guages. We summarize the three categories of
methods mentioned above in Table 1. We fur-
ther conduct a controlled comparison of represen-
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Table 1: Summary of different communication alignment methods in LLM MAS.

Category Focused
Bottleneck

Working
Mechanism Overhead Failure Modes Representative Methods

Structured
message
design

Ambiguous
free-form
messages

Constrain
message space

L
Low

Improper schema/primitive
design, coverage gaps

Wang et al. (2025b); Sun et al.
(2025); Shi et al. (2023); Li

et al. (2024a); Ren et al. (2025)

Thought
exchange

Hidden beliefs,
plans, and
intentions

Augment
message m with

exposed
reasoning r

Medium
Unfaithful thought exposure,

rationale inconsistency

Qi et al. (2025); Yin et al.
(2023); Bi et al. (2025); Kim

et al. (2025)

Contextual
consensus
building

Lack of persistent
common ground

Accumulate
shared

consensus G
High

Error propagation, persuasion
overriding truth, harmful bias

persistence

Chen et al. (2023); AlKhamissi
et al. (2024); Hong et al.
(2023); Liu et al. (2025)

tative methods from the three categories under
matched task settings, as shown in Tables 2 and
Table 3. Specifically, we evaluate AutoForm (Chen
et al., 2024b), EoT (Yin et al., 2023), and BCCS
(Deng et al., 2026) on Collab-Overcooked (Sun
et al., 2025) tasks at difficulty levels 3–4 and the
Minecraft tasks in MultiAgentBench (Zhu et al.,
2025), using two different backbone models. These
results empirically highlight a clear trade-off be-
tween communication effectiveness and efficiency
in natural-language communication in MAS. The
shared bottleneck of these methods lies in the tex-
tual channel itself. Natural-language messages
must compress high-dimensional semantic states
into token sequences, which may omit implicit
premises and introduce redundancy. These limita-
tions suggest that further progress may require mov-
ing beyond natural language as the sole communi-
cation substrate. The next section therefore turns
to latent communication, an emerging paradigm
that directly transmits model-internal representa-
tions to preserve higher-fidelity semantic exchange
between LLM agents.

5 Aligning Latent Communication for
Efficient LLM-Agent Collaboration

Latent communication emerges from the limita-
tions of natural-language communication discussed
above. It transmits model-internal representations
that are closer to the agent’s latent semantic state.
This paradigm can be viewed as replacing the dis-
crete natural-language space Lnl with a compact
continuous vector space Lcv, which is more suit-
able for machine processing. This design reduces
the lossy projection from hidden states to discrete
tokens and can preserve fine-grained information
that is difficult to verbalize.

5.1 Dense Embedding Sharing

These methods remove the token sampling step.
CIPHER (Pham et al., 2024) is the first to use
raw transformer output embeddings as the com-
munication medium between agents, showing that
embedding-based communication outperforms nat-
ural language in most settings. Wu et al. (2025)
extend this paradigm by introducing a trainable
seq2seq module, enabling communication via em-
beddings across different foundation LLMs. SDE
(Tang et al., 2025) transmits token-wise state transi-
tion trajectories alongside natural language tokens.
ThoughtComm (Zheng et al., 2025) allows agents
to produce latent thought representations and route
them to relevant agents.

5.2 KV Cache Sharing

Beyond embeddings, several works have investi-
gated KV-cache-based communication (Liu et al.,
2024b; Fu et al., 2025; Shi et al., 2025; Bian
et al., 2025; Shkolnikov, 2026). Compared with
embedding-based approaches, KV cache can pre-
serve substantially richer attention information.
This advantage, however, comes at the cost of sig-
nificantly higher communication overhead. To im-
prove efficiency, DroidSpeak (Liu et al., 2024b)
proposes selective KV-cache reuse and recompu-
tation to reduce the amount of cache that must be
loaded. KVComm (Shi et al., 2025) selectively
transmits only the most important KV cache en-
tries according to attention-based importance. C2C
(Fu et al., 2025) introduces a projection module
to align cache representations across models, en-
abling KV-cache-based communication between
different foundation LLMs.
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Table 2: Results with Deepseek-v4-flash.

Method Category Collab-Overcooked MultiAgentBench
Task Score Token Cost Task Score Token Cost

Autoform (Chen et al., 2024b) Structured message design 55.9 1.0× 32.4 1.0×
EoT (Yin et al., 2023) Thought exchange 83.0 11.2× 46.9 15.3×

BCCS (Deng et al., 2026) Contextual consensus building 86.2 48.5× 44.6 66.1×

Table 3: Results with Qwen3.7-max.

Method Category Collab-Overcooked MultiAgentBench
Task Score Token Cost Task Score Token Cost

Autoform (Chen et al., 2024b) Structured message design 48.7 1.0× 29.6 1.0×
EoT (Yin et al., 2023) Thought exchange 72.9 10.8× 43.2 18.9×

BCCS (Deng et al., 2026) Contextual consensus building 76.1 51.7× 43.8 91.1×

5.3 Takeaway
Latent communication resembles emergent ma-
chine communication in its efficiency, but with an
important difference: the latent spaces of pretrained
LLMs are shaped by natural language and world
knowledge, so they may already contain reusable
semantic structure. Investigating what semantic
structures exist in the latent spaces of pretrained
LLMs and how these structures can be leveraged
for inter-agent communication is a promising re-
search direction. Although latent communication
can offer higher information density and fidelity
than natural language, it renders communication
among LLM agents largely opaque. Moreover,
such methods typically require additional training
to align the semantics of embeddings or KV caches
across different foundation models, limiting their
generalizability and scalability.

6 Future Directions

In this section, we review challenges and discuss
future directions for communication alignment.

6.1 Semantic-Fidelity Evaluation
In practice, the true semantic representation z is
often not directly observable, making it difficult to
directly evaluate communication alignment using
Eq. (2). Existing studies typically rely on acces-
sible signals, such as agents’ observations and re-
wards, to indirectly assess the degree of communi-
cation alignment. We summarize several evaluation
metrics adopted in prior work in Appendix A.4.2.
Nevertheless, these metrics suffer from limited reli-
ability and fail to distinguish genuine semantic re-
covery from accidental coordination. Future work
should develop diagnostic metrics that explicitly
evaluate semantic fidelity, including goal recovery,
belief consistency, and plan reconstruction.

6.2 Adaptive Message Structure Design

As a simple yet effective mechanism for improv-
ing communication alignment, structured message
design has been widely adopted in existing multi-
agent frameworks, yet its effectiveness often de-
pends on manually designed structures and task-
specific assumptions. This creates a gap between
fixed structure design and open-ended multi-agent
environments, where agents may differ in model
architecture, capability, role, tool access, and com-
munication conventions (Chen et al., 2024b). Fu-
ture research should move toward adaptive mes-
sage design that can be negotiated, revised, and
personalized during interaction.

6.3 Convention Acquisition by Newcomers

LLM-agent systems face a scalability demand sim-
ilar to the newcomer adaptation problem in MARL:
a new agent may need to join an already established
agent community and contribute to collaboration.
In MARL settings, this problem has been studied
through few-shot adaptation. However, in LLM-
agent systems, conventions may contain coordina-
tion norms that implicitly emerge from context and
memory. Future work should study how to abstract
these conventions into transferable representations
that can be consumed by newcomer agents.

6.4 Hybrid Communication Between Natural
Language and Latent Representations

Natural language supports training-free coordina-
tion but is ambiguous and lossy, while emergent
languages and latent representations can preserve
richer semantic information but are harder to gen-
eralize. Although several works (Elberg et al.,
2026; Du et al., 2026; Tucker et al., 2022) have
attempted to balance these properties, they often
struggle to satisfy all of them simultaneously. Fu-
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ture systems should explore hybrid communication
architectures, where agents may use latent repre-
sentations for high-fidelity machine-to-machine co-
ordination while generating natural-language sum-
maries for verification and human oversight.

6.5 Interpretability and Oversight

As LLM-based MAS become more autonomous,
communication alignment should be treated not
only as an agent-to-agent coordination problem,
but also as a human-agent governance problem.
Several works (Sarkar et al., 2025; Mathew et al.,
2025; Motwani et al., 2024) have found that effi-
cient agent communication may gradually move
beyond forms that humans can easily inspect. This
creates risks of hidden misunderstanding, harmful
collective bias, or coordination strategies that are
effective for agents but misaligned with human in-
tent. Besides, latent communication among LLM
agents raises unresolved challenges regarding how
to prevent latent messages from encoding irrelevant,
private, or unsafe information. Future work should
develop oversight mechanisms that allow humans
to monitor, interpret, and intervene in inter-agent
communication, ensuring that agent communica-
tion remains aligned with human expectations for
privacy, ethics, and safety.

7 Conclusion

In this paper, we present a comprehensive survey
of communication alignment in multi-agent co-
operation. We review communication alignment
methods across emergent communication, natural-
language communication, and latent communica-
tion. By connecting MARL and LLM-based MAS
under a unified perspective, we highlight the fun-
damental trade-offs among semantic fidelity and
communication consistency. We hope this survey
provides useful insights for future research on scal-
able, adaptive, and human-compatible multi-agent
communication.

Limitations

This paper presents a comprehensive survey and
synthesis of existing methodologies and analyses
on communication alignment in MAS. Neverthe-
less, given the extensive body of related work, par-
ticularly the rapidly expanding literature on LLM-
agent communication, we may have overlooked
some valuable contributions. Moreover, several
methods, such as MetaGPT (Hong et al., 2023) and

AutoDev (Tufano et al., 2024), integrate multiple
alignment strategies discussed in this paper. There-
fore, assigning them to a single specific category
may be imprecise.
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A Appendix

A.1 Overview of Related Surveys

We summarize existing surveys related to multi-
agent communication in Table 4. This paper offers
an in-depth treatment of convention consistency, a
critical property for scalable multi-agent commu-
nication that has been largely overlooked in prior
surveys, thereby addressing an important gap in
the literature. Compared with existing surveys,
our review further broadens the scope by covering
not only emergent communication in MARL and
natural-language communication in LLM-based
MAS, but also latent communication, an emerging
communication paradigm.

A.2 Comparison of Reviewed Communication
Paradigms

Table 5 presents a comparative summary of the
three communication paradigms reviewed in this
paper. The comparison suggests that communica-
tion in multi-agent systems has continually evolved
under a fundamental trade-off between semantic
fidelity and convention consistency.

A.3 Summary Tables of Reviewed Work

Table 6 and Table 7 summarize the methods re-
viewed in this paper, covering their core ideas,
strengths, limitations, and key features.

A.4 Benchmarks and Evaluation Metrics

A.4.1 Benchmarks
We summarize a set of benchmarks that support
the evaluation of communication alignment in
LLM MAS. Unlike static Q/A benchmarks such as
MMLU and HotpotQA, these benchmarks provide
interactive environments in which agents engage in
multi-turn interactions. This enables researchers to
observe how communication conventions emerge,
stabilize, and evolve over extended interaction hori-
zons.

Collab-Overcooked. Collab-Overcooked (Sun
et al., 2025) is an LLM-based multi-agent bench-
mark built upon Overcooked-AI, where agents
collaborate in interactive cooking environments
through natural-language communication. It is
particularly suitable for evaluating communication
alignment, as it features diverse open-ended tasks
and process-oriented metrics that capture goal in-
terpretation, active collaboration, and continuous
adaptation.

MultiAgentBench. MultiAgentBench (Zhu
et al., 2025) is a comprehensive benchmark for
evaluating LLM MAS across diverse interactive
scenarios involving both collaboration and com-
petition. Beyond final task success, it introduces
metrics such as communication score and coordi-
nation score, making it useful for studying how
communication quality influences multi-agent co-
ordination.

TheAgentCompany. TheAgentCompany (Xu
et al., 2024) constructs a realistic software-
company environment in which agents complete
tasks by browsing the web, writing code, and com-
municating with coworkers. This long-horizon col-
laborative setting makes it a strong benchmark for
evaluating persistent common ground and the ro-
bustness of agent collaboration in realistic organi-
zational contexts.

LLMArena. LLMArena (Chen et al., 2024a)
provides a dynamic multi-agent environment com-
prising seven interactive game scenarios. It is well
suited for assessing long-horizon agent collabora-
tion, as its environments require models to reason
under evolving states, adapt to other agents or oppo-
nents, and sustain effective communication across
multi-turn interactions.

SwarmBench. SwarmBench (Ruan et al., 2025)
evaluates the swarm intelligence of LLM-based
agents under decentralized constraints. It pro-
vides a 2D grid-world environment where agents
must collaborate through local communication
with nearby peers. Notably, the authors find that
agents gradually converge toward shared commu-
nication conventions over repeated interactions, a
phenomenon closely related to the communication
alignment discussed in this survey.

A.4.2 Evaluation Metrics
We summarize the main evaluation metrics adopted
in prior work as follows.

Reward. Reward, or task success rate, is the
most direct metric and has been widely used in both
MARL settings and LLM-based multi-agent collab-
oration. However, raw reward signals may conflate
the effect of communication with other task-related
factors. To address this issue, some studies intro-
duce a variant known as communication gain (Wei
et al., 2025; Gao et al., 2026; Naghizadeh et al.,
2019), which is computed as the difference in re-
ward between agents operating with and without
communication.

Semantic Reconstruction (Kim et al., 2023;
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Table 4: Overview of existing surveys. A check mark (✓) indicates direct focus, a triangle (△) indicates partial but
limited relevance, and a cross (×) indicates absence.

Survey Paper MARL Emergent
Communication

LLM Natural-Language
Communication

LLM Latent
Communication

Semantic Fidelity Convention Consistency

Peters et al. (2025) ✓ It focuses on emergent
language in MAS.

× Absent. × Absent. △ It discusses grounding
and semantic evaluation.

△ It discusses
generalization.

Brandizzi (2023) ✓ It reviews emergent
communication research.

△ It mentions language
models as motivation.

× Absent. △ It discusses Theory of
Mind modeling.

△ It discusses language
drift.

Boldt and Mortensen
(2024)

✓ It surveys deep
emergent communication.

× Absent. × Absent. △ It discusses
communication
evaluation metrics.

△ It discusses language
change and evolution.

Zhu et al. (2024) ✓ It surveys
communication in
MADRL.

× Absent. × Absent. △ It discusses useful
semantics behind
messages.

△ It discusses learnable
communication.

Li et al. (2024b) × Absent. ✓ It surveys LLM
multi-agent interaction.

× Absent. △ It discusses message
delivery.

△ It discusses shared
message pools for
coordination.

Yuan et al. (2026) × Absent. ✓ It surveys LLM-agent
communication protocols.

× Absent. ✓ It discusses semantic
repair and verification.

△ It discusses semantic
alignment within
protocols rather than
alignment between
agents.

Kong et al. (2025) × Absent. ✓ It surveys LLM-driven
agent communication.

× Absent. △ It discusses ambiguity
and semantic risks.

△ It discusses semantic
alignment within
protocols rather than
alignment between
agents.

Tran et al. (2025) × Absent. ✓ It surveys LLM
multi-agent collaboration.

× Absent. △ It discusses semantic
communication in 5G/6G
networks.

△ It discusses common
ground, not convention
consistency.

Chen et al. (2026) ✓ It covers MARL and
emergent language.

✓ It covers
LLM-powered
communication.

× Absent. △ It discusses message
interpretation through
interaction.

△ It discusses common
ground between agents.

Yan et al. (2025) △ It gives traditional
MAS as background.

✓ It surveys LLM-MAS
communication.

× Absent. △ It discusses how
structured message
improve information
clarity.

△ It discusses the
stability of protocols
across agents.

Chen et al., 2024c). In LLMs, the speaker can be
prompted to explicitly express its current intention
in textual form, which can serve as an approximate
substitute for its internal semantics. Similarly, the
listener can be prompted to output its inferred in-
tention of the speaker from the received message.
Therefore, the reconstruction error defined in Eq.
(1) can be approximated by measuring the textual
discrepancy (usually measured by edit distance)
between these two outputs, expressed as:

Rij ≈ Emi [d(ai(EXP), aj(INF(mi)))], (3)

where EXP and INF denote the prompts provided
to the speaker for expressing its true semantics and
to the listener for inferring the semantics from mi,
respectively.

Convention Symmetry (Lo et al., 2024; Lo and
Sengupta, 2022). Convention symmetry estimates
the degree of communication alignment by compar-
ing the similarity between agents’ encoding strate-
gies. Given the same observation o for two agents,
let the messages generated by them be mi = Ei(o)
and mj = Ej(o), respectively. The convention
symmetry between the two agents can then be com-

puted as the expected similarity between these mes-
sages, i.e., CSi,j = Eo[sim(mi,mj)]. A higher
convention symmetry indicates greater similarity
between the agents’ encoders, suggesting that the
agents are more likely to achieve alignment in com-
munication.

Overall, metrics for evaluating communication
alignment remain scarce, and existing ones suffer
from substantial limitations. Specifically, reward
cannot distinguish genuine semantic recovery from
accidental coordination. Furthermore, semantic re-
construction compares free-form textual outputs di-
rectly, making the measurement potentially unreli-
able; convention symmetry only evaluates encoder-
side and overlooks decoder-side alignment.
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Table 5: Comparison of emergent communication, natural-language communication, and latent communication.

Communication
paradigm

Communication
substrate

Convention consistency Semantic fidelity Human
interpretability

Typical failure mode

Emergent
communication

Discrete or
continuous
protocols learned
through interaction

Low. Learned conventions are often
local to a training community and
may not transfer well across
independently trained agents

High. Communication
can be compact and
highly task-adaptive

Low. Messages are
usually opaque to
humans

Overfitting to local
conventions; failure under
new partners, tasks, or
communities

Natural-language
communication

natural-language
text

High. Natural language provides a
general interface for heterogeneous
agents

Medium. It supports
broad coordination but
may introduce
redundancy and
communication overhead

High. Humans can
inspect, debug, and
intervene in
communication

Ambiguous interpretation,
hidden premises, accumulated
bias, or consensus drift

Latent
communication

Dense embeddings,
KV caches, or
model-internal
representations

Low. Generalization is constrained
by model architecture,
representation compatibility, and
cross-model alignment

High. It can preserve
dense information and
reduce lossy token-level
communication

Low. Messages are
usually opaque to
humans

Cross-model incompatibility,
privacy leakage, opaque
coordination, extra alignment
cost

Table 6: Summary of communication alignment methods in MARL.

Category Core Idea Pros & Cons Method Key Features

Convention-
Invariant
Learning

Introducing additional
training pressure to make
the agents’ encoders and
decoders more robust.

Pros: No additional training is
required after deployment.
Cons: Universal convention
invariance is hard to achieve.

Cao et al. (2018) Studies communication through grounded negotiation
games.

Rita et al. (2022b) Analyzes co-adaptation and overfitting in Lewis games.
Hu et al. (2020) Uses symmetry randomization for zero-shot coordination.
Bullard et al. (2021) Discovers quasi-equivalent conventions under constraints.
Yan et al. (2023) Restricts mappings through external coordination

constraints.
Michel et al. (2023) Reduces co-adaptation via isolated pair training.
Cope and Schoots (2024) Randomizes channels to avoid fixed encodings.
Lo and Sengupta (2022) Grounds decentralized messages using contrastive

learning.
Raviv et al. (2020) Links social structure with language emergence.
Bromham (2025) Relates population size to language evolution.
Mordatch and Abbeel
(2018)

Studies grounded compositional language.

Chaabouni et al. (2020) Studies compositionality and language generalization.
Strouse et al. (2021) Trains with diverse partners for collaboration.
Li and Bowling (2019) Shows teaching pressure shapes language structure.
Zhao et al. (2023) Encourages diversity via maximum-entropy training.
Lupu et al. (2021) Promotes trajectory diversity for coordination.
Gupta et al. (2021) Uses dynamic population-based meta-learning.
Chaabouni et al. (2022) Examines communication at larger population scales.
Rita et al. (2022b) Studies heterogeneity in emergent communication.
Kim and Oh (2021) Examines group-size and connectivity effects.

Language
Bridging

Introducing an
intermediate mapping B
between Ei and Dj , i.e.,
Dj(B(Ei(zi))).

Pros: Enables interoperability
while preserving existing
protocols. Cons: Introduces
additional information loss
and scaling overhead.

Toquebiau et al. (2025) Adds natural language to MARL communication.
Huh and Mohapatra
(2025)

Grounds language for multi-agent decision-making.

Levy et al. (2025) Translates emergent languages without parallel data.
Li et al. (2024a) Grounds communication in interpretable language.
Sundar et al. (2025) Studies cross-lingual embedding-space alignment.
Andreas et al. (2017) Translates neural messages through shared beliefs.
Lee et al. (2018) Learns translation through visual grounding.
Zheng et al. (2026) Improves alignment via cross-lingual mapping.
Lin et al. (2021) Grounds communication with autoencoder

representations.
Cope and McBurney
(2024)

Learns translations for language acquisition.

Thomas et al. (2021) Uses multi-headed multilingual agent networks.
Kobrock et al. (2025) Uses adaptive strategies across abstractions.
Graesser et al. (2019) Studies language contact in communication games.
Martinez-Lopez et al.
(2025)

Uses communicative world models for in-context RL.

Newcomer
Adaptation

Updating the encoders
and decoders of newly
introduced agents via
few-shot learning.

Pros: Supports onboarding
with limited target-community
interaction. Cons: Sample
inefficient and unstable.

Cope and McBurney
(2024)

Uses few-shot imitation and translation.

Chaabouni et al. (2020) Studies scalable language acquisition in populations.
Jaques et al. (2019) Uses social influence to motivate communication.
Zhu et al. (2021) Models partners’ minds for few-shot coordination.
Cope and McBurney
(2022)

Frames acquisition as ad hoc teamwork.

Cope and McBurney
(2025)

Decodes communication under partial information.

Nevens et al. (2022) Combines intention reading with grammar abstraction.
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Table 7: Summary of communication alignment methods in LLM MAS.

Category Core Idea Pros & Cons Method Key Features

Structured
Message
Design

Constraining the message
space L to reduce
ambiguity.

Pros: Simple to implement.
Cons: Rigid formats may
reduce expressiveness and
scalability.

Wang et al. (2025b) Studies structured messages in hierarchical multi-agent
collaboration.

Sun et al. (2025) Divides agents’ output into dedicated fields such as plan,
analysis, and say.

Shi et al. (2023) Studies ad hoc teamwork in Avalon-style communication.
Hong et al. (2023) Encodes SOPs into structured multi-agent workflows.
Chen et al. (2024b) Lets agents select task-adaptive communication formats.
Fleming et al. (2026) Middleware structures interaction through semantic

grounding.
Fleming et al. (2025) Proposes layered protocols for agent communication.
Ren et al. (2025) Uses A2A primitives for semi-centralized coordination.
Li et al. (2025) Defines minimal message types with transactional

guarantees.
Geng et al. (2025) Evaluates limitations of structured LLM outputs.
Tam et al. (2024) Shows format restrictions can harm LLM reasoning.

Thought
Exchange

Augment messages m
with explicit intermediate
reasoning r to reveal
hidden beliefs, plans, and
intentions.

Pros: Simple to implement.
Cons: Reasoning may be
incomplete or inconsistent.

Qi et al. (2025) Standardizes CoT communication for real-time
decision-making.

Yin et al. (2023) Enables cross-model reasoning through thought exchange.
Bi et al. (2025) Adapts agent interaction topology to preserve informative

reasoning content.
Kim et al. (2025) Allows agents to expose dialogue summary.

Contextual
Consensus
Building

Accumulate shared
consensus G through
multi-round interaction to
improve agents’
understanding of
messages.

Pros: Supports long-horizon
coordination and convention
formation. Cons: High
overhead, errors or biases may
persist.

Chen et al. (2023) Studies consensus seeking among LLM agents.
Kouwenhoven et al.
(2025b)

Studies structure emergence in LLM communication.

Kouwenhoven et al.
(2025a)

Compares human and LLM inductive biases.

Ashery et al. (2025) Models emergent conventions and collective bias.
Ruan et al. (2025) Shows that agents gradually converge toward a target

messaging style through multi-turn interactions.
Qian et al. (2024) Enables agents to learn from past experiences.
Zhang et al. (2024a) Infers partner intentions for proactive cooperation.
Park et al. (2023) Uses memory, reflection, and planning for agents.
Deng et al. (2026) Calibrates beliefs to stabilize agent consensus.
AlKhamissi et al. (2024) Measures and improves cultural alignment in LLMs.
Ki et al. (2025) Uses multi-agent debate for equitable cultural alignment.
Zhang et al. (2024b) Analyzes collaboration from social psychology

perspectives.
Hong et al. (2023) Stores shared artifacts for role-based coordination.
Liu et al. (2025) Verifies shared messages to prevent intent drift.
Ma et al. (2026) Uses hypergraphs to manage task-relevant artifacts.
Kim and Kim (2025) Compresses distributed communication into structured

summaries.

Dense
Embeddings
Sharing

Share hidden embeddings
instead of sampled
natural-language tokens.

Pros: Preserves dense
semantics beyond natural
language. Cons: Requires
cross-model alignment

Pham et al. (2024) Uses raw transformer embeddings for agent
communication.

Wu et al. (2025) Trains seq2seq modules for communication across
different foundation LLMs.

Tang et al. (2025) Shares token-level state transition trajectories with text.
Zheng et al. (2025) Routes latent thought representations to relevant agents.

KV Cache
Sharing

Share KV caches
containing attention-level
context.

Pros: Preserves richer context
information. Cons: High
overhead, introduces privacy
leakage risks, and requires
cross-model alignment.

Liu et al. (2024b) Reuses selected KV caches to reduce loading cost.
Shi et al. (2025) Sends important KV entries via attention-based selection.
Fu et al. (2025) Projects KV caches across different foundation LLMs.
Bian et al. (2025) Provides KV-centric serving for multi-agent LLMs.
Shkolnikov (2026) Stores persistent quantized KV caches below prompts.
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