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Abstract—Artificial Intelligence Mediated Communication
(AIMC) is emerging as a promising paradigm for supporting
human communication through AI systems. In this work, we
present an architecture in which an agentic Large Language
Model (LLM) operates as a mediation layer between users in a
chat environment. Rather than acting as an additional partici-
pant, the AI analyzes messages before delivery to avoid harmful
interactions and maintain discussions aligned with a shared
objective. We describe the proposed architecture and outline a
preliminary evaluation study to investigate users acceptance and
perceived usability of AI mediation.

Index Terms—Large Language Model, Agents, AI-mediated
communication

I. INTRODUCTION

Digital communication platforms play an increasingly im-
portant role in collaborative activities such as online learning,
where participants must coordinate, exchange ideas, and work
toward shared objectives. In these environments, the quality of
interactions can significantly influence collaboration outcomes
and learning effectiveness [1], [2].

Large Language Models (LLMs) are increasingly integrated
into digital communication environments. Their growing adop-
tion is influencing how individuals create, revise, and exchange
messages, contributing to the emergence of AI-Mediated Com-
munication (AIMC) [3].

One of the most widespread configurations involves the
use of LLM-based tools, such as ChatGPT or Copilot, to
support the creation and revision of content before it is shared.
These systems are commonly used to draft or refine emails,
documents, social media posts, and chat messages. In this
configuration, AI plays an assistive role, while the human user
remains responsible for reviewing, approving, and ultimately
sending the content.

More recently, LLM-based conversational agents have been
employed as interlocutors within digital conversations and, in
some cases, as moderators aimed at regulating interactions,
structuring discussions, and promoting participant engagement
[4], [5]. To ensure safe and appropriate interactions, these
systems typically incorporate safety and guardrail mechanisms
designed to constrain inappropriate behaviors and reduce the
risk of harmful outputs [6].

To the best of our knowledge, research on AI acting as an
intermediary between human communicators remains limited.
A recent example is the work by Aoyama et al. [7] which

introduced an LLM-based adaptive agent pair for mediating
human-to-human digital communication.

Building on this emerging research direction, we investigate
a configuration in which AI operates as a real-time mediation
layer between human interlocutors. The proposed architec-
ture mediates messages before delivery with the objective
of supporting constructive and goal-oriented communication.
This architecture may be particularly relevant in collaborative
settings, such as online learning activities, where individuals
are required to work toward a shared objective through digital
communication.

II. SYSTEM DESIGN

In the proposed architecture, messages are not exchanged
directly between participants. As shown in Fig. 1, each user
is associated with a dedicated LLM-based agent.

Whenever a user sends a message, the corresponding agent
intercepts and analyzes it before it is delivered in the shared
chat environment. The agent may then decide to forward
the original message or adapt its content according to the
communication objectives defined for the application context.
Incoming messages are delivered to users without further
modification. The agent does not participate in the conver-
sation as an additional interlocutor and does not introduce
new information. It can filter inappropriate content, reduce
offensive or aggressive language, and prevent the conversation
from deviating from the intended topic or task.

All participants are aware that the conversation is mediated
by AI. However, users only interact with the mediated version
of messages and do not have access to the original content
produced by the other participant.

III. AGENTIC SYSTEM

Considering the scenario described above, the challenges
at the system architecture design level are manifold. These
challenges arise both in the interaction between a single LLM
and a user, and in the interaction between the LLM and the
broader conversational context (or more generally, the chosen
interaction mechanism). In the following points we discuss
some architectural issues ranging from system prompt engi-
neering to the design of fully agentic environments, in which
LLM-based agents operate within a surrounding orchestration
and control framework.

• Prompt-Guided Interaction. The system prompt, hidden
from the user, defines the behavior of the LLM as a



Fig. 1. Overview of the proposed AI-mediated communication architecture.
Each participant is associated with a dedicated LLM agent that intercepts
and processes outgoing messages before they are delivered in the shared chat
environment.

conversational proxy. It specifies the interaction policy,
ranging from simple message forwarding to more sophis-
ticated mediation and adaptation strategies.

• User-Specific Prompt Customization. System prompts
can be dynamically tailored to individual user require-
ments, such as preferred language, communication style,
accessibility needs, or context-dependent message refor-
mulation.

• Adaptive Agentic Prompting. The LLM can be em-
bedded within a harnessing environment that manages
a repository of prompts and interaction policies. In this
setting, prompts are not static but evolve according
to interaction history and feedback signals, enabling
reinforcement-learning-based optimization of system be-
havior.

This depicts a large space of possibilities in system design,
that must be guided by a proper definition of suitable quality
metrics; the latter, are discussed in the next section.

IV. HUMAN FACTORS AND EVALUATION

While AI-mediated mechanisms for human-human commu-
nication may contribute to goal-oriented conversations, their
impact on user experience cannot be assumed. The presence
of an AI mediator could influence how users perceive commu-
nication, autonomy, transparency, and trust. Awareness of AI
intervention may affect how individuals perceive their inter-
locutors, as it may become more difficult to determine to what
extent a message reflects the sender’s own views, intentions,
and communicative abilities rather than the contribution of the
AI mediator [8].

Despite these concerns, AI-mediated communication may
offer benefits in contexts characterized by well-defined collab-
orative objectives. In educational group activities, for example,

it could help maintain discussions aligned with the assigned
task and facilitate more goal-oriented collaboration.

Consequently, a central aspect of this research concerns the
evaluation of users’ perceptions, acceptance, and trust toward
AI-mediated communication. To this end, we plan to evaluate
the proposed system through a controlled study comparing
a standard chat with an AI-mediated chat. Participants will
complete a collaborative decision-making task, allowing us
to analyze both communication patterns and task-related out-
comes. In addition, questionnaires will be used to investigate
users’ perceptions of the system.

V. CONCLUSIONS

This paper presented an AI-mediated communication ar-
chitecture in which an LLM acts as an intermediary be-
tween human users during digital interactions. In the proposed
approach, the LLM can adapt messages before delivery to
avoid harmful exchanges while helping conversations remain
focused on a shared task or objective. Current and future
work focuses on implementing and evaluating the system
in collaborative scenarios, investigating both communication
outcomes and users’ perceptions of AI-mediated interactions.
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