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Abstract:
The rapid advancement of large language models has facilitated the development of multi-agent

systems capable of executing complex, collaborative tasks. However, as these systems scale, the
communication overhead between language agents becomes a significant bottleneck. This paper
investigates the phenomenon of protocol emergence when cooperative language-agent teams
are subjected to stringent bandwidth constraints. By artificially limiting the token budget
available for inter-agent communication, we observe how agents adapt their natural language
discourse into highly compressed, task-specific protocols. Drawing upon principles from
information theory, multi-agent reinforcement learning, and computational linguistics, this
study systematically analyzes the structural, semantic, and pragmatic shifts that occur in agent-
to-agent communication channels. We design a cooperative referential and planning
environment where agent pairs must coordinate to achieve shared goals while minimizing
message length. Our findings indicate that agents transition from verbose natural language to
a dense, jargon-like syntax, prioritizing informational entropy over grammatical correctness.
This adaptation preserves task performance while significantly reducing computational and
communication costs. The research provides critical insights into the fundamental mechanics of
artificial communication, suggesting that bandwidth limitations can serve as a catalyst for the
evolution of efficient, autonomous protocols in distributed artificial intelligence systems.
Keywords: Multi-Agent Systems, Emergent Communication, Large Language Models,
Bandwidth Constraints, Information Theory
INTRODUCTION

1.1 Context and Motivation

The paradigm of artificial intelligence is rapidly shifting from isolated, single-agent paradigms
toward cooperative, multi-agent frameworks. In these complex architectures, individual entities,
often powered by large language models, interact, deliberate, and coordinate to solve tasks that are
beyond the capabilities of a solitary system. As these cooperative language-agent teams are
deployed in increasingly sophisticated domains such as decentralized autonomous robotics, supply
chain optimization, and distributed reasoning, the efficiency of their communication becomes
paramount [1]. Historically, human natural language has been utilized as the primary medium of
exchange between these artificial agents due to its flexibility and the intrinsic pre-training of the
foundational models [2, 3]. Natural language is highly expressive and highly redundant,
characteristics that make it exceptionally robust for human comprehension but computationally
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exorbitant for autonomous systems [4]. Every token generated and transmitted incurs costs in
terms of latency, computational resources, and energy consumption. Consequently, unrestrained
natural language communication presents a severe scaling bottleneck for massive multi-agent
ecosystems [5, 6]. To address these inefficiencies, researchers must explore the boundaries of
artificial communication, specifically examining how agents might develop more efficient modes
of interaction when forced to operate under resource constraints [7]. Human linguistic evolution
demonstrates that when communities share highly specific contexts and face time or cognitive
limits, they invariably develop jargon, abbreviations, and specialized protocols [8]. This
phenomenon raises a compelling empirical question: can cooperative language-agent teams
spontaneously evolve similar efficiencies? By imposing artificial bandwidth limits on the
communication channels between agents, we create an evolutionary pressure that demands
compression [9, 10]. Investigating this dynamic is not merely an exercise in computational
optimization; it serves as a profound window into the cognitive architecture of large language
models and their capacity for symbolic abstraction and cooperative adaptation [11].

1.2 Problem Statement

The core problem addressed in this research is the lack of systematic understanding regarding how
large language model-based agents adapt their communicative strategies when their transmission
bandwidth is severely restricted. In conventional setups, agents exchange full, syntactically correct
sentences, often reiterating context unnecessarily [12, 13]. When a strict token limit is enforced,
agents face a multi-objective optimization problem: they must convey sufficient semantic
information to ensure the successful completion of a cooperative task while strictly adhering to the
imposed constraints [14]. Failure to adapt results in truncated messages, loss of critical
information, and subsequent failure in task execution [15]. Existing literature extensively covers
emergent communication in standard multi-agent reinforcement learning environments, where
agents typically utilize discrete or continuous latent vectors rather than natural language tokens
[16, 17]. However, the application of these principles to pre-trained language models introduces
unique complexities. Language models possess deeply ingrained priors for human grammar and
syntax, which they must actively unlearn or modify to achieve higher transmission density [18].
The challenge lies in quantifying this transition, observing the intermediate stages of protocol
development, and analyzing the resulting emergent language for attributes such as
compositionality, semantic drift, and robustness to noise [19, 20]. Therefore, this paper seeks to
isolate the variable of bandwidth limitation to determine its causal impact on the structural
evolution of agent-to-agent protocols.

1.3 Contributions

This paper makes several foundational contributions to the field of cooperative artificial
intelligence and emergent communication. We establish a comprehensive theoretical framework
that synthesizes Shannon information theory with modern natural language processing paradigms,
specifically tailored for inter-agent dialogue [21]. We present a novel experimental testbed
involving cooperative referential games and sequential decision-making tasks, designed explicitly
to evaluate communication efficiency under varying degrees of bandwidth starvation.
Furthermore, we provide a detailed empirical analysis of the transition from natural language to
emergent protocols, documenting the systematic degradation of grammatical structures in favor of
high-entropy token sequences. Through rigorous statistical evaluation, we demonstrate that agents
capable of iterative in-context learning and policy optimization can discover highly compressed
representations that maintain task performance despite severe token limits. Finally, we analyze the
semantic properties of these novel protocols, offering insights into their compositionality and the
trade-offs between generalization and specialization in artificial communication channels. These
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contributions lay the groundwork for deploying efficient, bandwidth-aware multi-agent systems in
environments where communication resources are fundamentally constrained.

2. Background and Literature Review

2.1 Multi-Agent Communication and Emergence

The study of multi-agent communication has a rich history rooted in both artificial life and
distributed computing. Early conceptualizations involved simple reactive agents that
communicated via predefined, hardcoded protocols designed by human engineers [22]. While
effective for specific, static tasks, these protocols lacked the adaptability required for complex,
dynamic environments. The advent of multi-agent reinforcement learning introduced the
possibility of emergent communication, where agents learn to communicate from scratch to
maximize a shared reward [23, 24]. In these environments, communication is treated as an action
space, and the specific meanings of signals emerge purely from the dynamics of cooperative task
solving. Research in this domain traditionally employed simple neural architectures, such as
recurrent neural networks, transmitting discrete symbols or continuous vectors. Studies
demonstrated that under specific environmental pressures, these simple agents could evolve
rudimentary forms of compositionality, where individual parts of a message corresponded
systematically to parts of the environment [25]. However, the emergent languages produced by
these agents were entirely alien to human observers, lacking the structural priors of natural
language. The leap to utilizing large language models as agents fundamentally altered this
paradigm [26, 27]. Because language models are pre-trained on vast corpora of human text, their
initial baseline for communication is inherently human-like. The study of emergence in this context
is therefore not about creating communication from a blank slate, but rather about how an already
sophisticated linguistic system is modified, optimized, and potentially distorted under novel
environmental pressures [28].

2.2 Information Theory and Bandwidth Constraints

To formally understand the pressures exerted on agent communication, it is necessary to invoke
the principles of information theory, originally formulated by Claude Shannon. Information theory
provides the mathematical scaffolding for quantifying the capacity of a communication channel
and the entropy of a message source [29]. In the context of cooperative language-agent teams, the
communication channel is the medium through which tokens are transmitted, and the bandwidth
limit represents the maximum allowable channel capacity. When agents use natural language, the
information density per token is relatively low due to the structural redundancies required by
human grammar. Articles, prepositions, and standard syntactical formations consume token budget
while often carrying minimal discriminative information regarding the specific cooperative task.
According to the source coding theorem, a message can be compressed without loss of information
up to the limit defined by its fundamental entropy [30, 31]. Therefore, imposing a bandwidth
constraint forces the language agents to act as optimal encoders, stripping away structural
redundancies to maximize the mutual information between the transmitted token sequence and the
intended semantic meaning [32]. This theoretical framework is crucial for understanding why
agents adopt specific compression strategies, such as omitting function words or collapsing
complex descriptions into dense, highly specific nouns or novel token combinations.

2.3 Large Language Models as Autonomous Agents

The utilization of large language models as autonomous agents represents a paradigm shift in
artificial intelligence. Unlike traditional models that merely process or generate text in isolation,
language agents are equipped with the ability to perceive environments, maintain memory, reason
about states, and take actions, all mediated through natural language processing [33, 34]. These
agents can interact with external application programming interfaces, navigate simulated worlds,
and, critically, converse with other agents.
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The architecture of a typical language agent involves an iterative loop of observation, thought, and
action. When multiple such agents are placed in a cooperative setting, their individual reasoning
loops become entangled. The output of one agent becomes the contextual observation for another.
This inter-dependency means that the communication protocol they utilize heavily influences their
collective reasoning capabilities [35]. If the communication is too sparse, the receiving agent may
hallucinate or fail to accurately model the shared state. Conversely, if the communication is overly
verbose, it may exceed context window limits or dilute critical information among irrelevant text.
Therefore, the study of protocol emergence under bandwidth limits is intrinsically linked to the
broader challenge of optimizing the cognitive architectures of distributed language agent systems.
Understanding how these models adapt their generation strategies to convey maximal meaning
with minimal tokens is essential for the future of scalable, cooperative artificial intelligence.

3. Methodology and Experimental Design

3.1 System Architecture

To systematically investigate protocol emergence, we design a multi-agent framework comprising
two distinct large language model entities: a Sender agent and a Receiver agent. Both agents are
initialized with identical weights from a foundational pre-trained transformer model to ensure
parity in their innate linguistic priors. The architecture is deployed within an isolated simulation
environment where external inputs are strictly controlled. The Sender agent is provided with a
privileged observation of a target state or a complex objective that the Receiver agent cannot
access. The Sender's primary function is to generate a descriptive message based on this
observation. This message is then passed through a communication channel governed by a strict
bandwidth management module. The bandwidth module acts as a synthetic physical limitation,
enforcing a maximum token length on the transmitted message. If the Sender's generation exceeds
this limit, the message is either deterministically truncated or a dynamic penalty is applied during
the reinforcement learning optimization phase. The Receiver agent processes the constrained
message and is tasked with executing a sequence of actions or making a classification decision
intended to match the original hidden state observed by the Sender. The collective success of the
Sender-Receiver pair is evaluated by an environmental oracle, which computes a shared scalar
reward based on the accuracy and efficiency of the Receiver's final output.
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The iterative learning process is facilitated through a combination of in-context learning and
parameter-efficient fine-tuning. In the initial phases, agents rely on carefully engineered prompts
that instruct them to minimize their token usage while maximizing clarity. As the simulation
progresses over multiple epochs, the system employs policy gradient methods to update the
generation probabilities of the Sender and the interpretation pathways of the Receiver, directly
optimizing for the shared environmental reward. This architecture ensures that any linguistic
deviations from standard natural language are purely the result of the optimization process
adapting to the bandwidth constraints.
3.2 Task Design and Environment
The experimental tasks are specifically engineered to require high degrees of information transfer,
thereby making the bandwidth constraint an active and challenging bottleneck. We employ two
distinct task environments: a Cooperative Referential Game and a Sequential Spatial Navigation
Task. In the Cooperative Referential Game, the Sender is presented with a complex target image
or a dense multi-attribute conceptual profile from a vast dataset of distractors. The Sender must
communicate the unique properties of the target to the Receiver. The Receiver is simultaneously
presented with a set of candidate profiles and must select the correct target based solely on the
Sender's message. The difficulty is modulated by increasing the similarity between the target and
the distractors, requiring the Sender to convey highly granular details. When the bandwidth limit
is set below the average token length required to naturally describe these details, the agents are
forced to invent shorthand or compress their descriptions. In the Sequential Spatial Navigation
Task, the agents operate in a discrete grid-world environment. The Sender acts as an omniscient
commander with access to the global map, including obstacles, sub-goals, and the final objective.
The Receiver acts as the navigator, possessing only local visibility. The Sender must transmit a
sequence of navigational instructions to the Receiver. Standard human instructions, such as
describing paths in full sentences, quickly exhaust the token budget. The agents must therefore
evolve a highly compressed directional protocol to successfully guide the Receiver to the objective
before the episode terminates.
3.3 Bandwidth Constraint Mechanisms
The enforcement of the bandwidth limit is a critical component of the methodology. We explore
two distinct constraint mechanisms: Hard Truncation and Soft Penalty Optimization. Under Hard
Truncation, a strict maximum token count is defined for the communication channel. If the Sender
generates a sequence of tokens that exceeds this maximum, the channel abruptly severs the
message, transmitting only the allowed prefix to the Receiver. This simulates a strict physical
limitation, similar to packet size limits in traditional network routing. Agents must learn to front-
load the most critical semantic information at the beginning of their generation to survive
truncation. Under Soft Penalty Optimization, the channel does not strictly truncate the message
but instead applies a severe mathematical penalty to the shared reward based on the length of the
message. The objective function is modified to include a regularization term that penalizes token
count, representing the communication cost. We formalize this constraint mechanism by
modifying the standard objective function to balance the mutual information and the transmission
cost.

L(6) = mathbbE simp[~Yi=1' logpe (yemidy<, x)] + Amax(0, len(y) — B)
This formulation ensures that the models optimize their internal parameters theta to minimize the
negative log-likelihood of the successful action sequences while simultaneously minimizing the
length of the generated message sequence y beyond the bandwidth threshold B. The parameter
lambda controls the severity of the length penalty, allowing us to modulate the evolutionary
pressure on the communication protocol.

Page | 65



International Journal of Research & Social Sciences

To implement this continuous learning and transmission loop programmatically, we establish a
robust evaluation and update cycle. The following code snippet illustrates the core execution loop
where the constraint is evaluated and the reward is distributed to the multi-agent pair.
Code Listing 1: Agent Communication and Reward Evaluation Loop
def execute communication episode(sender, receiver, environment, max bandwidth,
lambda_penalty):

# Sender observes the hidden state

target_state = environment.get hidden observation()

# Sender generates the message

raw_message tokens = sender.generate(target state)

message length = len(raw_message tokens)

# Apply bandwidth constraint (Hard Truncation representation)

transmitted message = raw_message tokens[:max_ bandwidth]

# Receiver decodes and acts

receiver_action = receiver.act(transmitted message)

# Environment evaluates the action

base reward = environment.evaluate(receiver action, target state)

# Calculate soft length penalty for optimization

length penalty = lambda_penalty * max(0, message length - max bandwidth)

final reward = base reward - length penalty

# Trigger backward pass or policy update for both agents

sender.update policy(final reward)

receiver.update policy(final reward)

return final reward, transmitted message
By utilizing both Hard Truncation and Soft Penalty mechanisms across multiple training epochs,
we can comprehensively analyze how language agents restructure their communicative outputs to
maximize reward within the boundaries of restricted channel capacity.
4. Results and Analysis of Emergent Protocols
4.1 Performance Under Varying Constraints
The empirical results demonstrate a profound capacity for large language models to adapt their
communication strategies under severe bandwidth constraints. We systematically varied the
maximum allowable token count from an unconstrained baseline down to an extreme limitation of
just three tokens per message. In the unconstrained baseline, the Sender agents consistently
generated verbose, highly grammatical sentences, averaging twenty to thirty tokens per message.
Task completion rates in this baseline were exceptionally high, establishing an upper bound for
cooperative performance. As the bandwidth limit was progressively tightened, we observed a
distinct, non-linear phase transition in agent behavior. When the limit was reduced to ten tokens,
the agents initially experienced a sharp decline in task performance as their natural language
sentences were truncated, resulting in critical information loss. However, after several optimization
epochs, the performance recovered to near-baseline levels. The agents achieved this by
aggressively pruning stop words, articles, and polite conversational framing, transitioning into a

telegraphic style of communication.
Table 1Task Performance Metrics Under Varying Bandwidth Constraints

Token Limit Average Success RateAverage MessageSyntactic Complexity
(%) Length Score

Unconstrained 98.5 24.3 0.89

15 Tokens 97.2 14.8 0.65
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10 Tokens 94.1 9.9 0.42
5 Tokens 88.7 4.9 0.15
3 Tokens 76.4 3.0 0.05

When the constraints were tightened further to five and three tokens, the agents were forced to
abandon conventional human syntax entirely. Remarkably, even at a three-token limit, the agents
managed to maintain a success rate significantly above random chance, stabilizing at
approximately seventy-six percent. This indicates that the agents successfully negotiated a highly
compressed, emergent protocol capable of transmitting the most critical discriminative features of
the target state using minimal symbolic representations. The sharp drop in the syntactic complexity
score highlights the inverse relationship between bandwidth pressure and grammatical adherence.
4.2 Structural Analysis of Emergent Protocols

An in-depth structural analysis of the token sequences produced under the tightest constraints
reveals the development of a novel, specialized jargon. Unlike human natural language, which
relies heavily on word order and syntactical markers to convey relationships, the emergent protocol
adopted by the language agents relies heavily on high-information-density noun and adjective
stacking. The agents effectively leverage the vast semantic space embedded within their pre-
trained parameters to find single tokens that encapsulate complex, multi-attribute concepts.

For instance, in the cooperative referential game, when required to describe a large, red, metallic
cylinder, the unconstrained agent might generate: "The target object is a large cylinder made of
red metal." Under a three-token constraint, the optimized agent converges on a sequence such as:
"Crimson Industrial Tube". The agents learn that specific, less frequent tokens carry higher
informational entropy and can therefore replace multiple common tokens.

We quantify the efficiency of this emergent protocol by calculating the ratio of the informational
entropy of the message space to the expected length of the messages. The protocol efficiency
metric demonstrates the mathematical optimization occurring within the channel.

_H(M) _ —3p(my)logp(m;)
E[L] To
N L

As the optimization process unfolds, the protocol efficiency eta increases dramatically. The agents
learn to uniformly distribute the semantic load across the available token budget, maximizing the
usage of the channel capacity. This structural evolution signifies a departure from the
communicative norms embedded in the models during their initial pre-training phase, showcasing
their ability to dynamically reconfigure their output space in response to physical channel
constraints.

eta
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Figure 2: Trajectory of Protocol Efficiency and Semantic Compression Over Training Epochs

While the emergent protocols are highly efficient for the specific cooperative tasks they were
optimized for, this extreme compression introduces the phenomenon of semantic drift. Semantic
drift occurs when the meaning of a token in the emergent protocol diverges significantly from its
meaning in standard human language. Because the Sender and Receiver are isolated from a broader
human community and are optimizing solely for a shared scalar reward, they are free to repurpose
tokens in entirely novel ways. We observed instances where agents utilized seemingly arbitrary
tokens to represent complex spatial directions or composite visual features. If a specific rare token
happens to strongly activate a required associative pathway in the Receiver's network during an
early successful epoch, the reinforcement learning algorithm will amplify the use of that token,

solidifying its new meaning within the context of the agent pair.
Table 2Semantic Drift Analysis in Emergent Lexicon

Human Language Concept  |Original Token Mapping Emergent Protocol Token
Navigate to the upper right"Move top right" "Ascend-East"

quadrant

The object has a rough, uneven|"Rough and bumpy" "Gravelly"

texture

'Wait for the next temporal phase|"Pause for one turn" "Stasis"

Target is the smallest blue|"Smallest blue ball” "Azure-Micro"

sphere

This semantic drift highlights a critical trade-off in the design of bandwidth-constrained multi-
agent systems. While the emergent protocols are remarkably efficient, they become increasingly
opaque to human interpretability. The agents effectively create a private language. This poses
significant challenges for system auditing, debugging, and human-in-the-loop oversight. If a
human operator needs to intercept and understand the communication between two advanced
language agents operating under strict bandwidth limits, the emergent protocol will appear as a
disjointed sequence of highly specific, potentially repurposed vocabulary. Understanding these
compression dynamics is therefore essential not only for improving system efficiency but also for
developing tools to translate emergent machine jargon back into interpretable natural language.
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5. Conclusion
5.1 Summary of Findings
This research has systematically investigated the phenomenon of protocol emergence in
cooperative language-agent teams subjected to severe bandwidth limitations. By deploying pre-
trained large language models in controlled, multi-agent environments with varying token
constraints, we have demonstrated that these systems possess a remarkable capacity for
communicative adaptation. The findings confirm that when natural language becomes
computationally prohibitive due to artificial channel limits, agents autonomously transition toward
highly compressed, high-entropy communication strategies. Our empirical analysis revealed that
agents successfully discard the syntactical and grammatical redundancies inherent in human
language, replacing them with a dense, specialized jargon. This emergent protocol allows the
agents to maintain high task performance levels even when restricted to communicating with
single-digit token counts. The structural analysis highlighted the mathematical efficiency of this
adaptation, showing a direct maximization of channel capacity through the strategic use of low-
frequency, high-information tokens. However, this efficiency is inextricably linked to semantic
drift, as agents repurpose standard vocabulary to fit the specific demands of their shared objectives,
ultimately generating an artificial dialect that prioritizes transmission economy over human
interpretability.
5.2 Future Directions
The implications of these findings extend far beyond theoretical linguistics and isolated simulated
environments. As the deployment of distributed artificial intelligence scales across physical
infrastructure, such as edge computing networks and swarm robotics, bandwidth will inevitably
remain a fundamental constraint. The ability of language agents to spontaneously generate
efficient, task-specific protocols suggests a pathway toward highly scalable multi-agent systems
that autonomously manage their communication overhead. Future research must address the
interpretability challenges introduced by semantic drift. Developing real-time translation layers
that can map emergent machine protocols back into human-readable formats without disrupting
the agents' internal efficiencies represents a critical next step. Additionally, exploring how these
emergent protocols scale from dyadic pairs to massive, heterogeneous swarms of agents will
provide deeper insights into the universal principles of artificial communication. Ultimately,
understanding and harnessing protocol emergence under bandwidth limits will be foundational to
creating robust, autonomous, and resource-efficient multi-agent ecosystems in the next generation
of artificial intelligence.
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