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Abstract

Autonomous remote robots [16, 15] are increasingly deployed in disaster response scenarios [14] to support critical tasks such
as victim localization and damage assessment. However, the ambient nature of such environments, which is marked by uncertainty,
data heterogeneity, and limited connectivity, usually poses significant challenges to autonomous decision-making and trust. Thus,
this paper proposes a framework for a multi-layered approach for a hybrid agent architecture that integrates Federated Learning
(FL) with Belief-Desire-Intention (BDI) models, enabling remote robotic agents to learn collaboratively from distributed data us-
ing Distributed Ledger Technology (DLT) while preserving privacy, and to reason about their goals and intentions using cognitive
frameworks of eXplainable Al (XAI). We further present a methodology for coherently embedding FL outcomes into BDI reason-
ing through semantic mapping and learning-enhanced ontologies. This integration will allow agents to dynamically update their
beliefs and intentions based on learned insights, thereby enhancing autonomy, adaptability, and explainability in ambient disaster
response systems.
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1. Introduction

The rise of automation and artificial intelligence (AI) has led to significant advances in robotics, opening up new
possibilities for humans and robots to work collaboratively. In fact, the use of robots as Unmanned Aerial Vehicles
(UAVs) is becoming increasingly common in various industries [23] such as surveillance and monitoring, transporta-
tion, delivery, and disaster response [9]. Particularly, in disaster response scenarios, UAVs enhance situational aware-
ness, victim localization, and infrastructure assessment in emergency operations [10]. However, the uncertainty in the
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dynamic ambient nature of the disaster environment poses challenges in terms of autonomy and trustworthiness. Ad-
ditionally, limited connectivity in such situations impacts the coordination of these systems. Thus, the introduction of
autonomous robots to real-world environments requires substantial engineering effort with a carefully planned interac-
tion methodology so that human operators can effectively utilize robotic resources [12]. Therefore, to ensure effective
cooperation and coordination of remote robots, it’s crucial to outline robust communication protocols to build trust.
In fact, trust is essential for fostering harmonious and efficient interactions between the remote robots themselves and
between the remote robots and humans. To highlight the importance of trustworthiness for the Multi Autonomous
Remote Robot System (MARRS), Schwitzgebel et al. stated “no trust, no use” [22]. Moreover, in applications such
as disaster response, trust is essential to ensure that the rescuers and affected communities can effectively rely on a
MARRS for accurate and timely aid.

However, establishing trust is complicated to achieve in MARRS because of the influence of multiple factors, such
as reliability, transparency, privacy, and accountability. In such systems, different agents make decisions on their own,
exchange information, and act in dynamic ambient environments, which makes it even harder to ensure that all their
actions are trustworthy. This complexity proves that trust cannot be built using a single method; rather, it requires
several complementary strategies and tools working together.

To build trust in MARRS beyond the state of the art, a multi-layered approach including eXplainable AI (XAI)
[6], Distributed Ledger Technology (DLT) [13], and Federated Learning (FL) [7], is needed [23]. XAl provides meth-
ods and techniques that make the decision-making of Al systems transparent, interpretable, and understandable to
humans; DLT refers to using decentralized, cryptographically secured systems, such as blockchains [8] to enhance
data integrity, confidentiality, and trust in the communicating parties; whereas FL allows multiple devices to collabo-
ratively train a model without sharing raw data and hence preserving the privacy. The core challenge here is building
multi-layered mechanisms while ensuring that multiple autonomous agents in a distributed ambient system can learn,
reason, and collaborate in a way that is simultaneously privacy-preserving, transparent, and trustworthy. To address
this challenge, recent research has explored the use of Multi-Agent Systems (MAS) for managing distributed robotic
entities and enabling cooperative behavior [23]. In this context, MAS enables multiple autonomous UAVs to collab-
oratively perceive, learn, and act using a privacy-preserving cognitive architecture in an ambient disaster response
environment. Within MAS, agentification, the modeling of entities as autonomous agents, has proven effective in fa-
cilitating coordination and decision-making. Yet, ensuring that these agents can learn from local experiences while
maintaining privacy and reason about their goals and intentions in a transparent and trustworthy manner remains an
open problem. What is missing in the existing research is a coherent framework that connects privacy-preserving
learning with transparent, goal-driven cognitive reasoning, particularly, a way to semantically translate FL outputs
into BDI beliefs and intentions while maintaining privacy and consistency across multiple collaborating agents. To
investigate in depth, we address the following research questions:

RQ1: How can FL be effectively integrated with BDI agent architectures to enhance autonomous decision-making in
remote robotic systems in a privacy-preserving manner?

RQ2: What methodology enables the coherent incorporation of distributed learning outcomes into the cognitive rea-
soning processes of BDI agents?

This study presents a conceptual and architectural framework aimed at bridging privacy-preserving distributed
learning and symbolic cognitive reasoning in ambient disaster-response MAS. This paper focuses on two key contribu-
tions. First, a hybrid FL-BDI agent architecture tailored for ambient disaster response environments, which combines
the privacy-preserving capabilities of FL. with the cognitive reasoning power of BDI models. Second, a methodology
for integrating distributed learning outcomes into cognitive agent reasoning, enabling agents to update their beliefs,
desires, and intentions based on collaboratively learned models. These innovations are designed to enhance the auton-
omy, coordination, and trustworthiness of remote robotic agents operating in disaster zones. By embedding learning
and reasoning within a unified agent framework, the proposed system allows robots to adapt to evolving environments
while maintaining explainable and goal-driven behavior.
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2. State-of-the-Art
2.1. Trust

Explainable AI: XAl has recently emerged as a research area that aims to facilitate human understanding of why
and how a given outcome of Al, or a given robot behaviour, has been generated, which is fundamental for legal, ethi-
cal, usability, and actionable reasons [11, 3]. This transparency is important to build trust between humans and robots,
ensuring smooth collaboration and confidence in automated systems, which is more compelling for autonomous re-
mote robots such as UAVs [18, 1]. The existing literature explains that, in the absence of a proper explanation, the
human user will come up with an explanation that might be flawed or erroneous [17]. However, although the field of
XAI has gathered considerable attention recently, there are still certain areas that require further study. In particular, in
distributed systems, the capacity for autonomous remote robots to generate multimodal and personalised explanations
depending on the categories of human users they are interacting with is still at an early stage, and therefore requires
further research [17].

Distributed Ledger Technology: Several applications, such as disaster response, may involve deploying remote
robots in open environments, making them susceptible to being lost, destroyed, damaged, or hijacked [19]. This expo-
sure requires robust measures to ensure their safety and operational integrity. Moreover, as remote robots interact with
each other and may belong to different agencies (governments, NGOs, private companies, etc), additional challenges
may arise, such as interoperability and the management of the swarm of the remote robots, collision avoidance, cyber-
physical attacks, etc. [24]. Therefore, deploying remote robots for crucial tasks necessitates establishing a foundation
of trust to ensure their effective and safe operation. In MARRS, DLT can be seen as a way to empower the remote
robots and make them safer, more accurate, and easier to control without the need for a trusted third party [25]. How-
ever, implementing DLT in remote robots faces several challenges, such as the need for robust cybersecurity measures
to protect against hacking and unauthorized access, and the achievement of a consensus among nodes in a distributed
network without compromising speed and efficiency, which requires further research to fully leverage DLT in remote
robotics.

Federated Learning: FL is a decentralized machine learning approach that allows multiple agents to collabo-
ratively train a shared model without exchanging raw data. This privacy-preserving property makes FL suitable for
ambient environments like disaster zones, where data sensitivity and connectivity constraints are critical concerns
[4, 5]. In the context of remote robotics, FL enables each robot to learn from its local observations while contributing
to a global model. However, challenges such as non-independent and identically distributed (non-IID) data, communi-
cation overhead, and model convergence must be addressed using techniques like FedAvg, FedProx, and SCAFFOLD,
which have been proposed to improve stability and efficiency in such settings [2].

2.2. Multi-Agent Systems and Agent Architectures for MARRS

MAS is a promising system that allows multiple autonomous entities, such as remote robots, to work together
in a coordinated and efficient way to perform complex tasks. MAS allows remote robots to take advantage of their
sensors and actuators to communicate with each other and with humans. In disaster response scenarios, MAS enable
distributed robotic agents to collaborate, self-organize, and adapt to dynamic conditions. Recent research focused
on agentifying entities such as UAVs, disaster managers, and rescuers to facilitate interaction and decision-making in
multi-human—multi-robot teams [23, 21]. Among these, the BDI model stands out for its ability to simulate human-like
reasoning. BDI agents maintain internal representations of their beliefs (knowledge), desires (goals), and intentions
(plans), enabling them to make context-aware decisions. To structure intentions into executable sub-tasks, Hierarchical
Task Network (HTN) planning is utilized [20], which is particularly useful in disaster scenarios where tasks such as
damage assessment or victim localization need to be dynamically adapted.

As discussed throughout the State-of-the-Art, we understand that existing work treats FL, BDI reasoning, XAlI,
and DLT largely as separate solutions. Existing literature does not address how to semantically map probabilistic
model outputs into BDI beliefs, keep those mappings consistent under non-IID and intermittent connectivity, preserve
privacy during learning, and still produce timely, customized explanations for human operators. This gap (integration
+ semantic consistency + privacy + explainability) is not addressed by prior work and remains an open problem.
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Fig. 1. General idea of the use case scenario of disaster response.

3. Proposed Framework of Hybrid FL-BDI Agent Architecture

Rather than proposing a full system implementation, this section details the conceptual integration logic through
which FL outputs are embedded into BDI reasoning structures. The general idea of the use case is as follows. A natural
disaster, such as a hurricane or earthquake, results in severe damage to buildings, infrastructure, and human popula-
tions, as illustrated in Figure 1. Disaster managers require capabilities such as image classification, object detection,
target localization, victim tracking, and situational assessment. To support these operations, they rely on autonomous,
explainable remote robots capable of collecting data from the disaster zone and collaboratively training learning mod-
els without sharing raw data, while also providing transparent explanations of their behaviour to decision-makers and
affected individuals. This use case exposes the key research gap identified earlier: although existing work provides
advances in FL, symbolic reasoning through BDI, and trust mechanisms such as XAl and DLT, there is no unified ap-
proach to the best of our knowledge that integrates privacy-preserving distributed learning with explainable cognitive
reasoning for coordinated multi-agent behaviour in ambient disaster environments. In the proposed architecture, DLT
is considered a trust-enhancement layer. While FL and BDI constitute the primary architectural contribution, DLT
can support auditability, accountability, and integrity of inter-agent interactions in deployments involving multiple
stakeholders.

Our proposed hybrid framework, FL-BDI architecture, aims to start addressing this gap by providing a first step
of a coherent methodology for embedding distributed learning outcomes directly into the cognitive processes of au-
tonomous agents. The FL component of each agent processes locally collected sensor data and produces model up-
dates in the form of probabilistic predictions or feature importance scores. These inductive outputs are semantically
mapped into the agent’s beliefs using learning-enhanced ontologies that define the relationships between learned fea-
tures and domain-specific concepts in the disaster domain. For example, a high-confidence FL classification indicating
structural collapse in a specific zone becomes the symbolic belief: “Zone A is critically damaged.” This translation
bridges the gap between numerical ML outputs and the symbolic structures required for BDI reasoning. Once beliefs
are updated, agents reassess their desires, considering the new information. If multiple agents report serious damage
in neighbouring areas, a new collective desire may emerge, such as: “Coordinate with nearby agents to assess Zone
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A and Zone B.” The intention component then formulates executable plans using HTN planning to break high-level
goals into actionable tasks. This illustrates a conceptual execution trace of the proposed architecture.

3.1. Agentification and Hybridization of FL-BDI Architectures

The proposed architecture enables agents to learn from distributed data while reasoning about their goals and inten-
tions in a cognitively coherent and privacy-preserving manner. The agentification of remote robots involves modeling
each robot as an autonomous agent capable of both learning and reasoning. The BDI component enables agents to
interpret environmental cues, prioritize tasks, and execute context-aware actions. Traditional BDI agents excel at goal-
driven behavior but lack adaptability to dynamic data. Conversely, FL enables decentralized learning across multiple
agents without centralizing sensitive data, but lacks semantic reasoning capabilities. The hybridization of FL and
BDI leverages the strengths of both paradigms, enabling agents to learn from local observations and collaboratively
improve a shared model, update internal cognitive states (beliefs, desires, intentions). This hybrid approach is particu-
larly suitable for disaster response, where agents must adapt to evolving scenarios while maintaining explainable and
trustworthy behavior.

While both FL. and BDI have demonstrated individual strengths in distributed learning and cognitive reasoning,
their integration remains underexplored. A hybrid FL-BDI agent architecture leverages the learning capabilities of FL
to inform and update the cognitive components of BDI agents. This integration allows agents to modify their beliefs,
desires, and intentions based on collaboratively learned insights, enhancing their autonomy and responsiveness in
disaster scenarios. The methodology for integration involves mapping inductive learning outcomes from FL into
deductive reasoning structures within BDI. Approaches such as learning-enhanced ontologies, semantic data mining,
and reasoning systems are employed to ensure consistency and coherence between learned models and cognitive
representations. This hybridization will enable agents to reason not only based on predefined rules but also on dynamic
knowledge derived from real-time data.

3.2. FL-BDI Integration Workflow

The integration of FL and BDI is achieved through a semantic bridge that maps learned model outputs to cognitive
constructs. Specifically, FL-derived insights (e.g., object detection probabilities, damage classification) are translated
into updated beliefs. These beliefs influence the agent’s desires and intentions, enabling adaptive planning. The in-
tegration employs learning-enhanced ontologies and semantic data mining to ensure consistency between inductive
learning and deductive reasoning. This methodology allows agents to evolve their cognitive models based on real-time
data, enhancing responsiveness and decision quality.
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Figure 2 illustrates the integration workflow of the proposed hybrid FL-BDI architecture for remote robotic agents
operating in ambient disaster response environments. While this figure describes a standard FL aggregation server,
alternative decentralized or hierarchical aggregation schemes can be employed to accommodate intermittent connec-
tivity, which is common in disaster environments. The process follows a structured and cyclical four-step sequence
that enables agents to continuously adapt their cognitive reasoning based on distributed learning outcomes. In the
first step, each autonomous robot trains a local FL. model using its own sensor data collected during disaster response
missions. Once local training is complete, the models are transmitted to a central server, which performs secure ag-
gregation to generate a global model. This constitutes the second step, where the aggregated model is redistributed
back to all participating agents, ensuring that each robot benefits from collective learning while maintaining data
sovereignty. The third step involves the semantic interpretation of the global model by each agent. Using learning-
enhanced ontologies, agents map model outputs to domain-specific concepts and update their internal cognitive states,
specifically by adding, removing, or modifying beliefs, desires, and plans within the BDI framework. This semantic
mapping bridges the gap between inductive learning and deductive reasoning, allowing agents to align their goals
and intentions with the evolving context of the disaster environment. Finally, in the fourth step, the updated cognitive
state enables agents to generate context-aware, goal-driven explanations of their behavior. These explanations are tai-
lored to different stakeholders, such as rescuers or disaster managers, and serve to enhance transparency, trust, and
human-agent collaboration.

This workflow ensures that agents continuously adapt their cognitive models based on distributed learning, enabling
responsive and context-aware behavior in dynamic disaster environments. In cases of conflicting beliefs (e.g., contra-
dictory damage assessments), agents engage in belief negotiation protocols or defer to higher-confidence sources (e.g.,
aggregated model consensus). This mechanism ensures that the integration of FL outcomes does not compromise the
logical integrity of the BDI reasoning process.

4. Discussion
4.1. Trust Formation in Ambient Multi-Agent Systems

Establishing trust in ambient multi-agent systems remains a persistent challenge due to the heterogeneous, dy-
namic, and often unpredictable nature of the environments. Trust must be conceptualised not as a single property
but as a multidimensional construct encompassing transparency, reliability, accountability, and privacy. In distributed
settings, each autonomous agent possesses only partial and locally observed information while its actions contribute
to global system behaviour, thereby increasing the need for robust, verifiable, and interpretable mechanisms. The
proposed FL-BDI architecture contributes to this objective by distributing trust across multiple layers as privacy-
preserving learning, structured cognitive reasoning, and explainable decision-making. However, achieving dependable
trust in rapidly evolving ambient scenarios continues to require rigorous modelling and systematic evaluation.

Effective cooperation within ambient MAS requires more than distributed sensing and learning, as it necessitates
cognitive alignment among autonomous agents. Divergent local observations, asynchronous learning updates, and
conflicting belief formations can undermine collective goal pursuit and coordinated action. While the hybrid FL-BDI
architecture offers the integration of learned knowledge into reasoning processes, challenges remain in ensuring be-
lief reconciliation, shared plan formation, and consistent decision-making across agents. Complex tasks in disaster
response, such as distributed victim search, joint structural assessment, or spatial task allocation-demand mechanisms
for conflict resolution, negotiation, and collective intention management that extend beyond the initial framework
presented here.

4.2. Distributed Learning and Cognitive Reasoning Under Ambient Uncertainty

Ambient disaster environments introduce irregular communication patterns, non-IID data distributions, and fre-
quent environmental disruptions, all of which pose significant challenges for both federated learning and symbolic
reasoning. While FL enables agents to train collaboratively without sharing raw data, its performance can degrade
under pronounced data heterogeneity or intermittent connectivity. Similarly, BDI reasoning depends on the stability
and accuracy of symbolic beliefs, which may be disrupted by noisy sensor readings or inconsistent local observations.
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The semantic mapping layer introduced in this work provides an initial mechanism for aligning probabilistic FL out-
puts with ontologically grounded symbolic representations, yet its robustness and semantic fidelity under real-world
ambient conditions warrant further investigation.

Future work must address the generation of explanations tailored specifically for victims present in the disaster
environment. Such explanations differ fundamentally from those intended for expert operators, requiring clarity, emo-
tional sensitivity, and situational appropriateness, and thus introduce additional ethical and human-centered design
challenges for ambient intelligent robotic systems.

4.3. Evaluation Perspectives and Experimental Validation

Although the present work focuses on a conceptual and architectural contribution, a systematic evaluation of the
proposed FL-BDI framework is a necessary next step. Future experimental validation will aim to assess both the learn-
ing performance and the cognitive coherence of the architecture under realistic ambient disaster conditions. From a
learning perspective, evaluation metrics will include model convergence and stability under non-IID data distribu-
tions, communication overhead associated with federated updates, and resilience to partial participation caused by
intermittent connectivity among UAV agents. These metrics are particularly relevant in disaster environments where
communication infrastructure may be unreliable or degraded. From a cognitive and multi-agent reasoning perspective,
evaluation will focus on belief stability following FL-driven belief updates, the frequency and resolution of conflicting
beliefs among agents, and the consistency of goal and intention formation across collaborative tasks. Explainability
will be assessed through human-centred metrics, such as perceived trust and understanding of agent decisions by dis-
aster managers, as well as explanation latency to ensure timely feedback in time-critical scenarios. System robustness
will be evaluated by analysing agent performance under network disruptions, delayed model aggregation, and dy-
namic environmental changes. Experimental validation is left for future work and will be conducted using multi-agent
simulation platforms (e.g., ROS-based UAV simulators) to assess the feasibility, scalability, and trustworthiness of the
proposed architecture in realistic ambient disaster response settings.

5. Conclusion

This paper presents a hybrid FL-BDI architecture as an initial contribution toward unifying privacy-preserving
distributed learning with transparent cognitive reasoning in ambient multi-agent disaster response systems. The aim
of this paper is primarily architectural and methodological, providing a conceptual foundation for integrating FL.
with BDI reasoning in ambient multi-agent disaster environments. By formalizing a semantic mapping mechanism
that translates FL outputs into structured BDI beliefs through learning-enhanced ontologies, the proposed framework
establishes a coherent methodological bridge between inductive, as a data-driven model updates, and deductive, as a
goal-oriented agent reasoning. The disaster-response use case illustrates how autonomous UAV agents can transform
local sensor observations into meaningful cognitive states, derive contextually relevant desires, and generate actionable
plans while upholding key requirements of privacy, interpretability, and trust. Although the work is conceptual, it
provides a structured foundation for subsequent empirical validation and methodological refinement. The potential
inclusion of DLT for auditability and integrity also raises questions regarding latency, governance, and regulatory
compliance, particularly in relation to data protection frameworks such as GDPR. These considerations highlight the
need for ambient intelligent systems that balance operational effectiveness with robust privacy safeguards, ethical
accountability, and socially aligned design principles. Future work will involve implementing the architecture within
realistic simulation environments, assessing its robustness under non-IID and uncertain conditions, strengthening
coordination mechanisms across agents, and extending the trust stack with DLT and human-centred explainability
methods.
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