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Abstract. While embedding Belief-Desire-Intention (BDI) agents in resource-
constrained devices enables autonomous operations, effective Human-Agent In-
teraction (HAI) for real-time supervision remains challenging due to complex,
low-level communication barriers. This work proposes a chat-based web inter-
face facilitating seamless human interaction with distributed BDI Multi-agent
Systems (MAS). By allowing users to intuitively select speech-act performa-
tives, the system automatically generates and delivers valid KQML messages
to embedded agents. A proof-of-concept involving a simulated BDI-controlled
UAV executing flight instructions validates the approach’s feasibility and effec-
tiveness in supporting human-in-the-loop supervision for distributed, resource-
constrained MAS.

1. Introduction
Intelligent agents are autonomous computational entities capable of making decisions
and acting independently, based on their perceptions of the environment, individual
knowledge, and specific goals. A Multi-Agent System (MAS) is a group of computa-
tional agents that exist within the same system and compete or collaborate to achieve
common or conflicting goals (Wooldridge 1999). To exhibit intelligent behavior, these
agents are commonly designed using cognitive models that represent their mental capa-
bilities and reasoning processes (Sichman et al. 1992). One of these models is the Be-
lief–Desire–Intention (BDI) (Bratman et al. 1988), which formalizes an agent’s decision-
making process in terms of beliefs – information it holds about the world; desires – ob-
jectives it wants to achieve; and intentions – commitments to plans of action toward those
objectives (De Silva et al. 2020). BDI-based MAS have been widely adopted across
several domains (Cardoso and Ferrando 2021), and recent studies have demonstrated that
they can also be embedded into resource-constrained devices operating in pervasive envi-
ronments, perceiving and acting in real-world contexts (Lazarin et al. 2024).

Ensuring effective coordination between agents in a MAS depends on structured
and semantically interpretable interaction mechanisms. These mechanisms allow agents
to coordinate their actions through standardized languages that define shared message
formats and interaction protocols. Among them, the Knowledge Query and Manipulation
Language (KQML) (Finin et al. 1994), grounded in speech act theory, enables agents to
issue requests and exchange information. When integrated with IoT middleware such as
ContextNet (Endler et al. 2011), which supports large-scale and context-aware exchanges



among distributed mobile and embedded entities, such semantic infrastructures enable
agent mobility and coordination between agents from different MAS’s across pervasive
networks (Jesus et al. 2021). Moreover, recent implementations integrating KQML-based
communication with IoT middleware infrastructures demonstrate that embedded MAS
can sustain decentralized coordination and interoperable interaction across distributed and
resource-constrained environments (Lira et al. 2025; Freitas et al. 2025a).

In addition to Agent-to-Agent (A2A) coordination, Human–Agent Interaction
(HAI) plays an important role when embedded BDI-based MAS are deployed at the
edge – such as in service robots, autonomous vehicles, and IoT controllers – by relat-
ing autonomous decision-making to human supervision. In these contexts, supervision
constitutes a key ethical and safety principle, ensuring that human operators retain mean-
ingful control over systems capable of autonomous reasoning and action. The HAI allows
adaptive collaboration in which agents interpret human intentions and communicate their
internal states or decisions in an explainable way, thereby improving transparency and
trust (Lewis 1998; Flathmann et al. 2019). In resource-constrained or intermittently con-
nected environments, effective HAI also supports human-in-the-loop (HITL) supervision
through lightweight yet reliable communication mechanisms, allowing agents to receive
guidance or updates under limited network infrastructure (Lazarin et al. 2025). This capa-
bility is particularly useful for agents operating in real-world environments, where human
feedback is often required to adjust plans, ensure safety, or recover from unexpected situ-
ations.

However, to ensure human supervision in MAS, it is necessary both a communica-
tion architecture and an interface for the human . Furthermore, the MAS must have levels
of intervention and control that allow the human to exercise proportional authority in the
face of the risks and potential impact of the system, including redirecting ongoing actions
or suspending operations. The lack of this capacity could, for example, compromise the
MAS’s ethical behaviour in some scenarios.

This work proposes an architecture that enables communication between humans
and BDI agents.The proposed approach allows the human user to select a speech-act
performative (e.g., tell, achieve, ask-one) and automatically generate a KQML message,
which is then transmitted to a BDI agent. For this, we adopt a web architecture using the
WebSocket protocol to mediate human-agent messages, where a client-server instance of
the ContextNet middleware (Endler et al. 2011) is created to format messages in KQML
and send them to agents and vice versa. Also, we create a web-based chat interface for
humans to exchange commands with an agent within a MAS. The MAS is programmed
using an extended version of Jason (Pantoja et al. 2023), which allows agents to commu-
nicate via ContextNet.

For the proposed approach, a proof-of-concept implementation has been devel-
oped and integrated into a resource-constrained devices simulator (Freitas et al. 2025b).
An Unmanned Aerial Vehicle (UAV) controlled by a MAS receives and executes human
instructions during flight. The UAV can receive messages from the chat and adjust its
behavior in response to human supervision. This experiment demonstrates the feasibil-
ity of integrating a chat-based communication interface to control distributed, resource-
constrained devices using BDI agents.



This paper is structured as follows: in Section 2, we present related works; in
Section 3, we propose our chat-based approach. Section 4 shows the qualitative evaluation
proof-of-concept; Section 5 demonstrates the reproducibility of this work; and finally,
Section 6 presents the conclusion.

2. Related works
We conducted a mapping review using the PRISMA guideline to investigate the state of
the art in human-agent communication in BDI-based MAS, focusing on interfaces, us-
ability, and supporting technologies for HAI mediated by chat and supported by KQML.
The objective was to identify approaches, challenges, and solutions from the literature
that could guide the development of a conversational interface integrated with commu-
nication structures among agents. The review focused on studies on communication in
distributed systems, message-exchange mechanisms in BDI agents, and interface pro-
posals that facilitate interaction with intelligent agents. The searches were conducted in
two academic databases: Scopus and Web of Science, using the following search string:
“Human-agent” AND (“interface” OR “chat” OR “interaction” OR “communication” OR “collab-
oration” OR “teaming” OR “cooperation”) AND ( “BDI” OR “Belief-Desire-Intention”).

The criteria to select relevant studies included explicitly addressing HAI; pre-
senting a solution, architecture, or analysis involving BDI agents; mentioning protocols,
frameworks, or communication middleware; and discussing interface, usability, or con-
versational aspects. After applying the inclusion and exclusion criteria, 31 works in Sco-
pus and 65 in Web of Science were identified. These studies were filtered by reading the
titles and abstracts and by assessing methodological completeness, clarity of objectives,
quality of the results, and contribution to understanding HAI in MAS.

• Scopus (31 papers): In the first step, 5 papers were removed as they were not full
research papers, and 6 were identified as duplicates. From the remaining 20, 7
were excluded for not being related to the research area. Subsequently, 3 papers
were excluded due to a lack of full-text access. Finally, 5 papers were removed
for failing to adhere to the specific theme, leaving 5 selected papers.

• Web Of Science (65 papers): The first step eliminated 27 papers (18 unrelated to
the area and 9 duplicates). A deeper analysis of the remaining 38 led to the ex-
clusion of 30 additional works considered unrelated to the core theme. Of the re-
maining 8, 2 were excluded due to access restrictions and 1 due to non-adherence,
resulting in 5 selected papers.

The final selection of 10 papers was analyzed by reading the titles, abstracts, and
full texts, and by assessing methodological completeness, clarity of objectives, quality
of results, and contribution to understanding HAI in MAS. The identified literature can
be divided into two main strands. The first gathers studies focused on BDI architec-
tures, models, and symbolic communication protocols. This group supports the commu-
nication infrastructure. The first work (Lazarin et al. 2025) validates the exchange of
KQML messages between humans and BDI agents. Although it uses email protocols
(IMAP/SMTP) to demonstrate the feasibility of encapsulating agent messages, our work
uses a synchronous WebSocket+IoT middleware approach to allow human-agents com-
munication. Another work (Johnson and Johnson 2001) details in how interaction and
collaboration among agents, organizations, and humans should be structured to achieve



common goals in a multi-agent environment. Another related work is Chat-BDI (Gatti
et al. 2025) that proposes a BDI chat, which integrates Large Language Models (LLM) to
translate natural language into KQML messages. It allows humans to interact with BDI
agents, acting as an interpreter between natural language and KQML. Our work differs
by enabling direct interaction with distributed and resource-constrained embedded MAS.

Regarding the infrastructure, one work (Song and Piggott 2003) contributes to the
modeling of message-handling systems to ensure communication integrity in complex
distributed systems. On the other hand, interface frameworks abstract complexity, serv-
ing as a reference for the integration architecture proposed in this work (Urlings et al.
2005). A recent work (Barange et al. 2014) focuses on task-oriented conversational be-
havior, proposing models that directly map BDI beliefs and intentions into dialogues.
Agents and humans can interact in natural language, but the MAS is not geographically
distributed, and all agents and humans are in the same system. Finally, one work (Berger
and Pesty 2005) addresses the construction of conversational languages, discussing how
AI can process natural language to make communication with the agent more fluid and
less dependent on rigid commands.

The second group analyses chats as an interface, focusing on user perception and
acceptance. A recent work (Chang et al. 2024) analyzes the dynamics of companion-
ship between humans and AI, highlighting the importance of consistency and empathetic
response for maintaining engagement. Another work (Ltifi 2023) discusses trust, demon-
strating that interfaces that emulate semi-human characteristics (such as well-designed
chatbots) significantly increase the system’s credibility with the user. Users’ perceptions
and behaviors when interacting with chatbots are also investigated, validating that conver-
sational interfaces reduce cognitive barriers and facilitate technology adoption (Chin et al.
2024). Finally, a survey (Goel and Ganatra 2021) on the future of chatbots points out that
integrating lightweight interfaces with robust server architectures supports the model of
connecting a simple web interface to a complex network of agents.

The preliminary analysis of these works revealed that although there are solutions
with technical infrastructure, they do not explore BDI agents and KQML-based communi-
cation, and, consequently, studies exploring the effectiveness of conversational interfaces
with agents and embedded agents are rare. Most of the works explore natural language in
centralized and simulated MAS. Since the nature of embedded MAS distributes reasoning
to the edge of AI systems without depending on centralised infrastructure, KQML is a vi-
able option once it specifies how agents can verbalise their messages using AgentSpeak,
for instance. Thus, this mapping indicates that human-BDI-agent interaction remains an
underexplored field. In this work, we seek to combine a conversational interface to BDI
agents aiming to reduce technical details in collaboration with intelligent agents.



3. The HAI Communication Interface

This work proposes a new approach to facilitate communication between humans and
BDI agents. The core idea of this approach is to decouple the human from network con-
figuration and middleware-specific details, offering a conversational interaction platform
with devices embedded with MAS. For this, we propose a web-based architecture (Fig. 1)
that abstracts the construction and handling of KQML messages, enabling communication
with agents embedded in those devices. The communication with the MAS is mediated
by a specialized communication-oriented agent that serves as a bridge between the human
interface and the IoT infrastructure, interacting with the ContextNet middleware to route
messages between users and intelligent agents.

In this architecture, the user interacts via a web interface (front-end) that trans-
lates the chosen illocutionary force and propositional content into a KQML message with
specific commands and parameters, and forwards it to the cloud server. The Messen-
ger BDI offers a chat-based environment in which the user selects a performative (i.e.,
tell, askOne, askAll, achieve, and tellHow) and provides a logical expression represent-
ing the intended information or request, as shown in Figure 2. The system then trans-
lates this input into the KQML communication structure: <identifier, user uuid,
performative, agent uuid, message>. The server maintains a persistent connec-
tion with this client, ensuring continuous asynchronous communication. Then, the Cloud
Server routes the message to the corresponding agent on the target Edge AI device, which
is embedded with a full MAS. The agent’s response follows the reverse path, returning to
the user interface transparently.

Figure 1. The architecture of the human–agent communication system.



Figure 2. The Messenger BDI chat user interface.

The main contribution of this architecture is to allow humans to interact with dis-
tributed IoT MAS. A human can supervise or control an embedded AI device from a
distance using our proposed chat, which leverages the IoT architecture in which a server
cloud instance manages distributed clients. Besides, since these clients have a MAS on
the edge of the system, they can deliberate and operate without relying on the cloud server
side.

Instead of handling protocol syntax or network details, the user only provides three
parameters:

• IP and Port: the internet address of the ContextNet gateway;
• Agent UUID (Universally Unique Identifier): the universal identifier of the target

agent;
• User UUID: the universal identifier of the sender.

Then, the interface establishes a WebSocket connection with the server, which
formats the user input into KQML messages and forwards them to ContextNet. Those
responses are returned through the same channel and displayed to the user. Auxiliary
mechanisms, such as parameter preloading via QR Code or custom URLs, are supported
to facilitate configuration.

4. Proof of concept
We extended the Drone agent scenario presented by Santos et al. (Santos et al. 2025)
to validate human capabilities for interacting with and controlling MAS using the pro-
posed Messenger BDI. The system consists of an Embedded MAS controlling a 3D UAV
model within the Webots simulator, featuring motor control and integrated GPS naviga-
tion. In this scenario, the UAV functions simulate a microcontroller: the agent transmits
high-level commands (internal actions) for the UAV to execute, and the UAV sends back
environmental percepts to the agent.

In this way, the UAV’s embedded MAS has an interface agent (Pantoja et al. 2016)
(named Eye), a communicator agent (named Teletela), and a Jason agent (Bordini and
Hübner 2006) named Navigator. The Teletela agent acts as the bridge for external com-
munication via ContextNet. It operates as a direct interface, awaiting commands from



the human operator (via Messenger BDI) and forwarding them to the Navigator. Con-
versely, it provides feedback to the human once the command has been processed by the
Navigator. Meanwhile, Navigator manages the navigation logic based on beliefs updated
by Teletela. It dispatches instructions to Eye only when the agent is not busy, retaining
the human authority to abort ongoing operations. The Eye agent is responsible for flying
the UAV by sending act commands to the controller when it receives a message from
Navigator. It stops sending a specific command when the UAV reaches a specified GPS
location. This communication is possible because a simulated port was created to connect
the agent to the UAV. In this way, the Eye agent connects to Webots (Michel 1998) via
the /dev/ttyExogenous0 port. Simulated serial ports are used as a means to substitute real
hardware with simulators without changing the agent’s behavior (Freitas et al. 2023). The
MAS running is illustrated in Figure 3.

We defined distinct navigation states and transition commands to ensure the Em-
bedded MAS operation inside WebBot’s environment. These commands modify the con-
troller’s internal state, triggering specific instruction sets for each step, enabling embedded
agents to manipulate the Drone. The initial state Landed states that the Drone is on, not

Figure 3. The Drone controlled by a MAS into Webots.



moving, and waiting for a command from the agent. The only available command in this
state is for the agent to ask to take off by sending an up command. After takeoff, the Drone
automatically enters hover mode, where it remains in the air until further commands. The
hover state is a central state from which all commands originate and return. The Drone
can go to the right, left, up, down, forward, and backward. After every command, the
Drone returns to the hover idle state. To guarantee controlability and mobility, we chose
a 5-second waiting delay to reflect the distance travelled. Additionally, when the agent
needs to land the Drone, it sends the ’land’ command to the Drone. Then it goes to a state
landing, where it either goes down or waits for a cancel command from the agent. So,
the Drone can go down for 5 seconds until it reaches the ground, or return to the landing
state to verify whether there is a cancelling command from the agent. Figure ?? shows
the Finite State Machine of the Drone’s states.

LAstart UP HOVER

DST

MF

RT

LT

DN

LDG

MB

up

up

5s

5s
5s

5s

5s
5s

cancel

down
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right
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backward
land

roll=0; pitch=0

5sreached ground

LA : Landed
UP : Up
DST : Descent
LDG : Landing
HOVER: Hover
DN : Down
MF : Move Forward
RT : Right
LT : Left
MB : Move Backwards

Figure 4. The Finite State Machine representing all states available for controlling the
Drone.

To illustrate the integration between the MAS and the Messenger BDI, consider a
scenario involving a human operator, named Sergeant, issuing instructions via the Mes-
senger BDI chat interface to a Drone. In the first case, the Sergeant sends a command to
the Drone to lift to 10 meters. So, the Sergeant inputs up(10). Since the Drone is cur-
rently grounded, it autonomously injects a takeOff routine before executing the ascent,
which initiates the embedded motors and performs the UP command. Internally, each
increment forms a continuous feedback loop in which the controller oscillates between
HOVERING and UP states to maintain mechanical stability until the requested altitude is
reached.

However, in a simulated urgent operational context, the Sergeant declines to wait
for the ascent to complete and modify the ongoing commands. So, the Sergeant queues a
sequence of commands: down(3) to descend, left(4) to move left, right(8) to move
right, forward(6) to move forward, and backward(5) to move backwards, followed by
a termination land command. The Navigator acts as a buffer, receiving these commands
and dispatching them to the Eye only when it is not busy, which sends the low-level



state transitions to the controller. It ensures that neither the embedded system nor the
Eye is overloaded by the asynchronous input. Finally, the Sergeant decides to abort the
sequence nears completion by sending a cancel command, the pending land instruction
is instantly abolished from the Navigator’s queue. The MAS halts the current trajectory
in the next cycle and holds its position, effectively resetting the agent to an idle state,
awaiting the next mission directive.

5. Reproducibility
To ensure the reproducibility of this work, the source code of the Embedded MAS, the
simulator implementation, the Messenger BDI (front-end and back-end services), and the
complete source code are publicly accessible in separate repositories for the web client
and server components. These repositories provide documentation and support for instal-
lation, experimentation, and further development.1

6. Conclusion
This work presented an architecture to enable communication between humans and MAS.
The Messenger BDI abstracts KQML message formatting and ContextNet routing, allow-
ing users to interact with agents by using a chat-like interface. As a proof-of-concept, we
proposed that a human control an UAV embedded with a MAS in the Webots simulator.
The results demonstrated that the MAS could interpret and execute human commands.
Despite the inherent latency of distributed execution, the UAV successfully performed
navigation tasks by relying on internal stabilization mechanisms and intermediate hover-
ing states. The experiments validated the feasibility of using conversational interfaces to
control and supervision autonomous BDI systems.

As future works, we indicate refining the command execution lifecycle, expanding
support for additional robotic platforms, exploring more autonomous decision-making
behaviors within the MAS, and enhancing communication mechanisms with the MAS.
Similarly, research on human–agent teamwork in collaborative environments shows that
the development of Shared Mental Models and the inclusion of multimodal (verbal and
non-verbal) channels significantly improve coordination and performance (Hanna and
Richards 2014). Concurrently, future work includes improving natural language under-
standing and large language models for chat-based interfaces.

From an ethical point of view, Messenger BDI can be seen as an initial advance
in promoting human participation in MAS decision-making by allowing individuals to
send commands to be executed by the system. However, in certain contexts, it may be
necessary for interventions to be processed immediately by the MAS, so issues related to
prioritization and levels of human oversight still need to be investigated. Future studies
can explore different supervisory approaches (e.g., HOTL, HITL) in different contexts.
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