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ABSTRACT

This work introduces an approach to creating semantically grounded
and natural robot explanations combining ontology-based reason-
ing with large language models (LLMs). Ontologies ensure logical
consistency and domain grounding, while LLMs provide fluent
and interactive explanation generation. Empirical results highlight
the potential of ontology-LLM integration to advance explainable
robotics, and promote more intuitive human-robot collaboration.
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1 INTRODUCTION

The emergence of large language models (LLMs) offers new opportu-
nities to enable interactive human-robot information exchange [16].
This may contribute to the field of explainable agency (explain-
ing the reasoning behind the behavior of goal-driven agents and
robots) [1]. However, foundation models often lack awareness of
domain-specific knowledge and internal robot states, and their
tendency to generate fluent yet ungrounded text can lead to hal-
lucinations and false information. Retrieval-augmented generation
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Figure 1: Overview of the methodology for generating sound
and natural explanations blending ontologies and LLMs. (1)
and (2) operate on n plans, while (3) and (4) on 2 plans (e.g., cur-
rent and previous executions, current and prototypical, ...).

(RAG) is a promising solution to this drawback [2, 3], using domain-
specific knowledge sources to improve the reliability of explana-
tions by aligning them with the contextual knowledge of the robot.
Ontologies are great sources of domain-specific knowledge, be-
ing a natural fit for the retrieval process in RAG-based explainable
systems. Indeed, some authors argue that ‘explanation presupposes
semantics, and semantics presupposes ontology’ [4], which is empir-
ically supported by a solid literature on ontology-based explainable
artificial intelligence [7, 12, 15]. Recent works investigated the gen-
eration of ontology-based robot explanatory narratives, claiming
positive insights and highlighting some limitations (e.g. ontology-
based narratives tend to be verbose and complex to read) [9, 10].
Building on this, we investigate the following research question:
How can robots model and reason about their experiences and generate
explanations that compare them in a sound and natural manner? This
extended abstract summarizes the design and evaluation of a frame-
work (see Fig. 1) proposed in our more comprehensive work [8].
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2 METHODOLOGY DESIGN RATIONALE

Background on explainable agency: The literature on explain-
able agency offers a well-established functional roadmap for de-
signing explainable agents around four core functionalities [5]: (1)
evaluating different candidate solutions to a task, (2) systematic
indexing and storage of evaluation insights, (3) retrieval of stored
knowledge, and (4) transmission of retrieved knowledge. First, dur-
ing problem solving, the agent must evaluate multiple candidate
solutions, analyzing their properties, so that it is possible to discrim-
inate between them. Second, the agent must systematically index
and store detailed records of its evaluation and classification in a
structured repository, such as an episodic memory. Third, the agent
must transform queries into retrieval cues to access relevant knowl-
edge from its memory. Fourth, once the knowledge is retrieved, the
agent translates it into human-interpretable language.

Insights from the social sciences: Miller [6] argues that the
field of explainable artificial intelligence (XAI) can build on existing
research in philosophy, psychology, and cognitive science investi-
gating how people define, generate, select, evaluate, and present
explanations. Miller reviewed key works, highlighting major find-
ings and discussing how they can be integrated into XAI research
and practice. The most important findings state that explanations
are contrastive, selected, and social. They are contrastive because
they respond to counterfactual questions such as why one plan is
better than another. Explanations are selective, typically presenting
only part of the reasons, drawn from broader knowledge accord-
ing to specific criteria. Finally, explanations are social, transferring
knowledge in conversational form as part of interactions between
agents. These qualities are inherent in the nature of the explana-
tions themselves, thus, they are not just desirable but essential for
the design and development of explainable robots.

Guidance principles for the methodology design: Inspired
by these ideas, the proposed methodology produces contrastive
and social (interactive) explanations that are selected according
to different levels of specificity or detail. Furthermore, our pro-
posal comprises four functionalities or steps: (1) robot experiences
analysis and computation of their individual plan’s properties, (2)
ontology-based episodic storage and inference for plan comparison
and classification, (3) selective and systematic retrieval of sound
ontology-based narratives using a state-of-the-art approach [11],
and (4) LLM-based generation of natural explanations. Note that
there is a relationship between the three properties and the four
functionalities (steps). Contrastive explanations require the anal-
ysis of the qualities of multiple alternative options (step 1). The
(biased) selection of explanation content depends on the knowledge
storage and retrieval (steps 2 and 3), and can be learned from users’
preferences. Finally, social explanations demand transmission in
a human-interpretable form (step 4).

3 EVALUATION RESULTS AND DISCUSSION

Experiential robot episodes were recorded (steps 1 and 2) using a
lab mock-up of a real industrial task, a collaborative human-robot
visual inspection of the surface of metallic SSD cases [14]. The state-
of-the-art ontology-based narratives (step 3) have been identified
as verbose and complex to understand. Hence, a statistical analysis
was conducted to evaluate whether the LLM-based explanations

(step 4) were better in terms of brevity and clarity, while preserving
the semantic coherence. The performance of the proposed approach
is consistently superior to that of the baseline ontology-based narra-
tives. Considering brevity, our explanations are a 33%, 86% and 93%
shorter on average than the baseline narratives for the specificity
(detail) level 1, 2, and 3, respectively. In the case of the clarity, the
proposed method produces explanations that are a 19% and 76% eas-
ier to read than the baseline narratives at levels 2 and 3. Importantly,
this considerable gain in brevity and clarity does not come at the
cost of semantic coherence. Indeed, the semantic cosine similarity
was consistently above 0.7, indicating a strong semantic correlation
between the generated explanations and the baseline narratives.
Practical view on the brevity improvement: The explana-
tions discussed in this work would often be transmitted from robots
to humans, who would need to understand and retain the explana-
tory content. To retain information, people are comfortable with
a speaking pace of 150-160 words per minute (wpm), while the
pace for silent reading is 250-400 wpm [13]. Let’s consider the low-
est bound of those intervals, and the average explanation lengths
obtained in the evaluation. For the baseline narratives, humans
would spend almost 5 minutes listening to an average narrative of
specificity 2, and 12 minutes for one of specificity 3. Our method
reduces those times to 42 and 55 seconds, respectively. In the case
of silent human reading, the baseline narratives of specificity 2 and 3
would require 3 and 7 minutes, while our explanations only 25 and
32 seconds. This is a huge advancement towards the development
of technically rigorous and socially acceptable explainable robots.
Discussion on an extension to interactive scenarios: Blend-
ing the use of ontologies with the use of LLMs, our methodology
has proven to effectively produce sound and natural explanations,
improving the brevity and clarity of ontology-based narratives. Fur-
thermore, the use of ontology-informed LLMs also brings a power-
ful interactive capability. For some structured scenarios, patterns of
explanations or pre-formatted messages may be useful. However,
in non-structured cases such as human-robot interactive scenarios,
robot explanations must adapt to user goals, clarification requests,
and evolving dialogue context. For these cases, our methodology
can be easily extended by slightly modifying the fourth and last step.
Once the initial explanation is generated, further user prompts can
be used to refine the explanation (e.g., asking for a shorter or clearer
version). Although the current evaluation dimensions (i.e. brevity,
clarity, and semantic coherence) can be useful to validate this adap-
tive capacity to some extent, a complete evaluation of user-specific
requirements may ultimately require dedicated user studies.

4 CONCLUSION

This work establishes that integrating ontological abstraction and
episodic storage of robot experiences with selective narrative con-
struction and the priming capabilities of LLMs enables the genera-
tion of concise, clear, and semantically faithful explanations. The
proposed hybrid approach facilitates the design of robots capable
of providing explanations that are both technically reliable and
socially intuitive. Future research will focus on extending the ap-
proach and its evaluation to interactive scenarios, and conducting
experiments with users to assess the impact of such explanations
on subjective perceptions of trust and collaboration.
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