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ABSTRACT

Building effective human-robot interaction requires robots to derive
conclusions from their experiences that are both logically sound
and communicated in ways aligned with human expectations. This
paper presents a hybrid framework that blends ontology-based
reasoning with large language models (LLMs) to produce seman-
tically grounded and natural robot explanations. Ontologies ensure
logical consistency and domain grounding, while LLMs provide
fluent, context-aware and adaptive language generation. The pro-
posed method grounds data from human-robot experiences, en-
abling robots to reason about whether events are typical or atypical
based on their properties. We integrate a state-of-the-art algorithm
for retrieving and constructing contrastive ontology-based nar-
ratives with an LLM agent that refines them into concise, clear
explanations. The approach is validated through a laboratory study
replicating an industrial collaborative task. Empirical results show
significant improvements in the clarity and brevity of ontology-
based narratives while preserving their semantic accuracy. Overall,
this work highlights the potential of ontology—-LLM integration to
advance explainable agency, enhance transparency, and promote
more intuitive human-robot collaboration.
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1 INTRODUCTION

Bidirectional communication between interactive agents is a funda-
mental requirement for successful social coordination, particularly
in collaborative human-robot scenarios [43]. The emergence of
large language models (LLMs) and other foundation models offers
new opportunities to enable interactive information exchange be-
tween humans and robots [44]. For example, those models may con-
tribute to the field of explainable agency (explaining the reasoning
behind the behavior of goal-driven agents and robots) [2]. However,
foundation models often lack awareness of domain-specific knowl-
edge and internal robot states, and their tendency to generate fluent
yet ungrounded text can lead to hallucinations, misleading outputs,
and false information. This is especially crucial in long-horizon
tasks, where robots are expected to work for extended periods of
time and the quantity of internal knowledge is huge. Retrieval-
augmented generation (RAG) emerges as a promising solution to
this drawback [13, 16], using domain-specific knowledge sources
to improve the reliability of explanations by aligning them with
the contextual knowledge of the robot.

Knowledge representation formalisms, such as ontologies, are
great sources of domain-specific knowledge. Ontologies provide
a formal and semantically rich representation of knowledge, mak-
ing them a natural fit for the retrieval process within RAG-based
explainable systems. Indeed, some authors argue that explainable
systems must rest on explicit and reliable representations, which
are only attainable through robust semantic and ontological frame-
works. In essence, explanation presupposes semantics, and seman-
tics presupposes ontology [18]. Such an argument is empirically
supported by a solid literature on ontology-based explainable arti-
ficial intelligence systems [28, 33, 38].

In the robotics domain, the development and use of ontologies
have experienced stable growth for more than a decade [4, 5, 14, 17,
27, 30, 34, 37, 42]. Recent works have even investigated the genera-
tion of ontology-based robot explanatory narratives, claiming pos-
itive insights and also pointing out some limitations (e.g. ontology-
based narratives tend to be verbose and complex to read) [29, 31].
Hence, the time is ripe to embrace ontology-informed language
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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) focus on 2
plans (e.g., current and previous executions, current and
prototypical, ...).

models as a foundation for explainable robots. The combination
of LLMs, RAG and ontologies may create a robust framework for
explainable robots, where LLMs generate content, RAG maintains
reliability, and ontologies provide the semantic backbone, ensuring
that explanations are grounded and semantically coherent.

Building on these considerations, this work investigates the fol-
lowing research question: How can robots model and reason about
recurring patterns in their experiences and generate explanations that
compare them in a sound and natural manner? This article addresses
the question by presenting a novel methodology (see Fig. 1) for gen-
erating robot ontology-based explanations. The methodology inte-
grates a method to analyze data from robot experiences and extract
common execution plan properties, a framework to generate robot
memories of the extracted information, a state-of-the-art approach
to retrieving sound ontology-based robot experience narratives [32],
and an LLM agent for generating natural robot explanations of how
the experiences compare. Our approach is validated with robot
experiences collected using a laboratory mock-up task of a real
industrial scenario in which a human and a robot collaborate to
inspect the surface of solid-state drive (SSD) cases. The generated
explanations, which compare the different experiences, are evalu-
ated against the state-of-the-art method for ontology-based narra-
tives (baseline). The performance of both methods is statistically
compared using a set of objective evaluation metrics: explanation
length (brevity), readability score (clarity), and semantic similarity
(semantic coherence). The proposed method outperforms the base-
line, producing shorter and clearer explanations while preserving
the semantic meaning and coherence of the original narratives. It
is also discussed how the novel methodology can adapt to user
interactions asking for changes in the generated explanation: a
shorter or clearer one.

2 RELATED WORK

Sound formalisms for explainable robots: Flores et al. [15],
proposed a method to transform the task history record of a robot,
which is written in a declarative logical language for robot pro-
gramming (SitLog), into a narrative knowledge representation. The

literature also comprises some efforts to verbalize or narrate ro-
bot tasks knowledge encoded using symbolic planning formalisms
(e.g. PDDL, RDDL) [9, 36]. The narratives described a plan’s se-
quence, the rationale to include a task in the plan, etc. Sridharan’s
work [41], combined non-monotonic logic, capable of supporting
abductive reasoning, with deep learning, exploiting their comple-
mentary strengths in representation, reasoning, and learning to im-
plement explainable agency. Some works leveraged the structure of
ontology-based robot episodic memories (the collection of past per-
sonal experiences that occurred at particular times and places [12])
to retrieve past experiences knowledge to construct sound robot
explanatory narratives [29, 32]. Some researchers exploited behav-
ior trees, a mathematical model of plan execution, to produce robot
explanations. Han et al. [19], framed the specific format of behavior
trees into a new structure comprising the goal of the behavior tree,
a set of subgoals, abstract steps to achieve the subgoals, and the
final atomic actions. Depending on the target question to answer, a
set of template-based explanations are generated. Love et al. [24],
presented a method capable of generating causal and counterfactual
explanations in response to contrastive ‘why’ questions to clarify
the rationale behind robot decisions and actions. Those works rely
on the natural robustness and interpretability of their respective
formalism to produce sound narratives or explanations. However,
while the generated narratives can be easily interpreted by experts
(e.g. actual robot designers), it may not be so easy for final users.
In most cases, the narratives contain truthful information, but in
a verbose and complex format that hinders readability and under-
standability. Furthermore, once the narrative is generated, there
is no possible interaction between the explainee (explanation’s
receiver) and the explainer (e.g. asking for more details).

LLM:s for explainable robots: The literature is currently rich in
works on generating robot explanations using LLMs. Often, those
works use RAG architectures to manipulate information that is rele-
vant for the execution of robot tasks to prompt LLM-based systems
to produce domain-informed explanations. Those works were a
significant source of inspiration for us. An et al. [1], proposed a
logic-based explanation framework for Monte Carlo Tree Search,
addressing its interpretability challenges. The framework translates
user queries into logic and variable statements to ensure consis-
tency with the underlying Markov Decision Process. LeMasurier et
al. [22], discussed a framework that to produce explanations using
LLMs that are fed with the robot’s behavior trees using the inter-
mediate format proposed in [19]. Retrieval approaches leveraging
robot logs [39] have been proposed to manage the limitations of
long contexts, and have been further strengthened by incorporating
a Visual Language Model (VLM) [40]. In other works, researchers
use episodic information from robot past experiences in consonance
with LLMs to generate explanations of behaviors, decisions and fail-
ures [3, 8, 23]. Finally, Bustamante et al. [7], combine robots’ internal
knowledge coming from different robot modules (task model, world
model, episodic memory, etc.) with LLMs, to answer questions about
robots’ knowledge. Our work might fit in their framework, since our
ontology-based robot knowledge may be one of their robot modules.



3 BLUEPRINT FOR ROBOT
ONTOLOGY-BASED EXPLANATIONS

3.1 Background

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 [21]:
(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 infor-
mation from its memory. Fourth, once the information is retrieved,
the agent translates it into human-interpretable language.

Inspired by these ideas, we propose a methodology that tai-
lors these four functionalities or steps to the semantic richness
of human-robot interactions (see Fig 1). Our proposal comprises:
(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 system-
atic retrieval of knowledge-based narratives, and (4) LLM-based
generation of the final explanation for its transmission.

Insights from the social sciences: There exists extensive re-
search in philosophy, psychology, and cognitive science investi-
gating how people define, generate, select, evaluate, and present
explanations, showing that cognitive biases and social expectations
shape the explanation process. Miller [26] argues that the field of
explainable artificial intelligence (XAI) can build on this existing
research. Miller reviewed key works from philosophy, cognitive
psychology/science, and social psychology, 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. Hence, being contrastive, selected and social are
not just desirable but essential for the design and development
of explainable robots. Note that there is a relationship between
these properties and the functionalities (steps) discussed earlier.
Contrastive explanations require the analysis of the qualities of
multiple alternative options (functionality 1). The (biased) selec-
tion of explanation content depends on the knowledge storage and
retrieval (functionalities 2 and 3), and can be learned from users’
preferences. Finally, social explanations demand transmission in a
human-interpretable form (functionality 4).

Inspired by these ideas, this work proposes a methodology to
produce contrastive and social (interactive) explanations that are
selected according to different levels of specificity or detail.

3.2 Experiential plans’ properties extraction

In the first step of the proposed methodology, each plan derived
from collaborative experiences between humans and robots is an-
alyzed, focusing on finding the plans’ properties. Note that these
experiences contain variability and comprise different alternatives
to perform the collaborative task, since humans do not always be-
have in a repetitive manner. Hence, the experiences are individually
studied, extracting and computing the properties of the different
executed plans. We specifically focused on three main aspects of
plans: cost, makespan, and number of tasks. We are using the same
plan qualities defined in a literature work that is later used as the
evaluation baseline [32]. We note that the approach allows us to
consider other qualities, e.g. the workload distribution between
human and robot. However, for our purpose, it is enough to stick to
these. Note that the actual computation of some of the properties
is application-dependent, for instance, the cost might be related to
different aspects: energy consumption, the existence in the plan of
complex or unsafe tasks, etc. In our case, cost was related to how
much human intervention was needed (see Sec. 4.2 for more details).

3.3 Plans’ knowledge inference and storage

In the second step of our methodology, robots use the semantic
structure of an ontology to infer knowledge about the plans’ proper-
ties comparison and classification, and store it in a knowledge-based
episodic memory (i.e., a time-indexed knowledge base).

3.3.1 Comparing plans’ properties and plans. The ontology for
modeling the properties of plans defined in [32], is grounded using
the information extracted in the previous step. Then, a set of logic
rules, also defined in that work, is used to infer the comparison of
the different experiences: e.g., plans with larger cost are defined as
more expensive than other ones with lower cost.

3.3.2 Classifying plans’ properties and plans. We intend to further
reflect on the extracted data, analyzing the properties of the dif-
ferent plans, and finding patterns that are useful for the robot to
classify experiences (e.g. a subset of plans is more recurring than
others). Specifically, we propose to classify the different proper-
ties of plans as typical or atypical depending on whether they are
within the robot experiences’ mode or not. One might argue that
this can be done by predefining a threshold of typical values for
each property. However, that would require prior knowledge about
the properties’ common values, hindering the flexibility of the ap-
proach. Instead, we prefer to automatically extract this threshold
from the actual data using a well-known state-of-the-art method for
this: the Highest Density Interval (HDI). In this case, the assump-
tion is the availability of a set of experiences. HDI is the narrowest
interval within a probability distribution that captures a given prob-
ability mass (or sample proportion), representing the most recurring
values of a parameter. Unlike equal-tailed intervals, the HDI is a
Bayesian measure that always includes the mode and ensures that
all values inside the interval have a higher probability density than
those outside. This makes it a more direct and intuitive way to
express uncertainty in the value of a parameter.

A novel implementation for computing HDI: The HDI is
widely used in Bayesian analysis and robust descriptive statistics
because it always contains the region of highest density. However,



Algorithm 1: Empirical HDI via Sliding Window

Input: Sample X = {x1,...,xn}, coverage a € (0,1)
Output: Empirical HDI interval [lo, hi]

1 Sort X into X(1) < X(p) <--- < X(p)

2 k— [a-n]

3 best_width « oo, best_start « 0
4 foreachie (1,n—k+1) do

5 Width(—X(l-+k_1) _X(i)

6 if width < best_width then

7 best_width « width
8 best_start « i

9 end
10 end

1 lo « X(bestfstart)

12 hi « X(best_start+k -1)

its computation requires to know the probability distribution of the
robot’s dataset. For this, it is usual to compute the empirical HDI, a
non-parametric approximation based on sorted data, requiring no
distributional assumptions.

Given a sample {x1, ..., x,}, containing the values of a property
for n plans, and a coverage (mass) a € (0,1), the empirical HDI
approximates the theoretical HDI by finding the shortest interval
containing at least an points:

k=Tla-nl, Ig=I[x@) X@+k-1)ls
where
i*=arg min
1<i<n—k+1
Alg. 1 shows the pseudo-algorithm that we propose to compute
the empirical HDI using a sliding window over a set of n values,
where n is the number of plans (experiences). Note that since HDI
is univariate, this method must be applied m times (the number of
plan’s properties) to find the interval for each property (e.g., the
number of tasks, cost, etc.). Then, every specific plan’s property is
classified as typical or atypical depending on whether its value is
within the interval or not. To analyze the computational complex-
ity of the algorithm, we pay attention to its parts. The empirical
HDI algorithm consists of sorting the sample of size n: O(nlogn),
scanning with a sliding window: O(n). Hence, the overall time
complexity is:

(x(i+k—1) - x(i))~

O(nlogn), with space complexity O(n).

A new ontological model for typical plan classification:
The content related to whether a plan’s property is typical or atyp-
ical is newly introduced in our work; thus it is necessary a novel
set of ontological entities and rules for knowledge representation
and reasoning. The intended model shall cover a new ontological
scope: how can a plan and its qualities be classified (e.g. typical)?.

The new model builds upon the ontology introduced in [32], ex-
tending and reusing its existing structure. Consequently, it inherits
its upper ontology, the DOLCE+DnS Ultralite (DUL) foundational
ontology [6]. In DUL, the way to classify an Entity is through a
Concept, thus we propose new sub-classes of Concept: Typical
Plan Quality Value, Atypical Plan Quality Value, Typical

Plan, and Atypical Plan. The first two are used to classify
plan qualities (e.g. Plan Cost), while the two remaining classify
Plans. The four new ontological classes are formalized using the
description logic version of the Web Ontology Language 2, OWL 2
DL. The new model is instantiated by grounding the result of the
HDI computation on each of the properties of interest: number of
tasks, makespan, and cost.

Logical rule to infer whether a plan is typical or atypical:
Assume a consistent instantiated ontology O; as a set of triples
(subject, predicate, object), which encodes knowledge about the
qualities of different plans and the classification of the qualities
as typical or atypical. The next step is to infer which plans are
typical. Here, the criterion to decide if a plan is typical is satisfied
when all its qualities are typical (i.e. they have a typical value). This
is, if every quality of a plan (D) is classify by Typical Plan
Quality Value:

VQ 3D (Q,rdf .type, dul.Quality) A (D, rdf .type, dul.Plan) A
(Q,dul.isQualityOf, D) A
(Q, dul.isClassifyBy, TypicalPlanQualityV alue)

The previous logical expression reads as follows: all qualities (Q)
related to a plan (D), ‘are classified by’ TypicalPlanQualityV alue.
The predicate ‘rdf:type’, which relates an individual with its class,
is a standard predicate from the Resource Description Framework
(RDF) [25]. When the previous logical expression is true, we can say
that D ‘is classified by’ TypicalPlan, and the knowledge indicating
it would be asserted:

O; « O; U (D, dul.isClassifiedBy, TypicalPlan).

In contrast, when at least one of the properties of a plan is
atypical, the plan D will be classified as atypical:

O; « 0; U (D, dul.isClassifiedBy, AtypicalPlan).

These logical expressions were combined into a single rule to
classify a plan as typical or atypical. The robot knowledge base used
in this work is written in Prolog [11], thus the rule was implemented
as a Prolog predicate and is accessible online.! The time complexity
of our implementation is O(1) (constant complexity) in the best
case, and O(m) in the worst case, where m is the number of qualities
of a plan. The space complexity is also independent of the input
size O(1). In practice, this rule is run for multiple plans, thus being
n the number of plans, the overall time complexity is: O(n) for the
best case and O(n - m) the worst case. The overall space complexity
remains O(1), regardless of the number of plans n or qualities m.
Note that the worst case will occur only when all the qualities of all
the plans are typical, which is unlikely in our scenario, since HDI
ensures that only a subset of qualities are classified as typical.

3.4 Selective explanatory knowledge retrieval

The third step of our methodology deals with selecting two plans
and retrieving the explanation content according to a specific crite-
rion. Our method focuses on contrastive knowledge (comparing the
two plans), and allows specifying the level of detail. For this, our
methodology integrates a literature method, ACXON [32], an algo-
rithm designed to retrieve knowledge about divergences between
ontological entities (e.g., plans) and to generate textual contrastive

!https://github.com/indigo-the-agent/know-demo



explanatory narratives. It operates on four main inputs: a time-
indexed knowledge graph (triples annotated with a time interval in
which they hold), the ontological class(es) of the instances to nar-
rate, the temporal locality (interval of interest), and the desired level
of specificity. Although it was conceived to work with contrastive
narratives about pairs of robot plans, ACXON is general enough to
be applied to other ontologies and entity classes. Indeed, because it
leverages the structure of the knowledge graph and the vicinity be-
tween entities, it can automatically retrieve the information about
typical properties and plans that we have introduced in our work.
Depending on the chosen specificity level, ACXON produces three
types of contrastive narratives, where specificity determines the
granularity of detail included in the narrative i.e., the number of
knowledge tuples. The retrieved knowledge tuples are aggregated
into a final textual narrative, using some rules commonly used by
humans when asked to combine chunks of knowledge. Note that
narratives only contain sound ontological knowledge extracted
from the knowledge base plus some basic connectors such as ‘and’,
or ‘while’. The textual format of the retrieved knowledge fits per-
fectly our proposed architecture in which the knowledge is fed to
an LLM agent. For a set of n robot plans (experiences), a total of
@ different pairwise narratives could be retrieved in this step.
In the following, we present an example narrative of specificity 3
that compares a pair of plans (X and Y).

Ontology-based narrative

‘Plan X’ is cheaper plan than and is shorter plan than and is
faster plan than and is better plan than ‘Plan Y’. ‘Plan X’ has
makespan Plan X makespan’; while ‘Plan Y’ has makespan
‘Plan Y makespan’. ‘Plan X’ has number of tasks Plan X num-
ber of tasks’; while ‘Plan Y’ has number of tasks Plan Y num-
ber of tasks’. ‘Plan X’ has cost Plan X cost’; while ‘Plan Y’ has
cost ‘Plan Y cost’. ‘Plan X is classified by ‘TypicalPlan’; while
‘Plan Y’ is classified by ‘AtypicalPlan’. ‘Plan X makespan’ has
value 28.20°; while Plan Y makespan’ has value 40.35". Plan
X number of tasks’ has value ‘12’; while Plan Y number of
tasks’ has value ‘18’. ‘Plan X cost” has value ‘0’; while Plan Y

cost’ has value ‘3.

3.5 Robot explanation generation

In the fourth and last step of the proposed methodology, an LLM
agent uses the retrieved narrative and translates it into a more
human-interpretable format to be transmitted. Recall that the in-
tended explanation shall be sound and natural, which we translate
into three main explanation qualities: brevity, clarity, and semantic
coherence. There might be many prompting strategies to produce
the intended explanation, but exploring them would be an engineer-
ing effort that is out of the scope of our scientific work. Hence, we
decided to start the agent with a simple prompt that is as follows:

System
prompt

LLM
agent

Explanation

User

prompt

Figure 2: LLM-based explanation generation procedure: a
single system prompt and a user prompt (ontology-based
narrative) are used to generate the explanation.

System prompt sent to the LLM

You are an agent that based on a given ontology-based narra-
tive, shall provide a new narrative that: (a) is shorter than the
original, (b) uses an easier language than the original, and (c)
keeps the semantic meaning of the original.

This prompt is sent to the agent as a system prompt, a set of
initial instructions that provide the language model with context,
defines its role, and establishes its behavioral guidelines for an
interaction. Then, an ontology-based narrative comparing a pair
of experiences (plans) is fed as a user prompt, so that the LLM
agent returns a refined explanation. This process is repeated for
each narrative comparing a pair of plans retrieved in the previous
methodology’s step, for n plans, that would be one of the M
narratives. The implementation? provides an environment that is
later used to evaluate the approach (see Fig. 2), a setting where the
agent provides an explanation given a system and a user prompt.

The LLM-based agent was deployed using Ollama,? an open-
source platform optimized for running large language models lo-
cally. Additionally, we employed Pydantic AL* a Python-based agent
framework designed for developing production-grade applications
and workflows powered by generative AL

4 EVALUATION OF ROBOT ONTOLOGY-BASED
EXPLANATIONS

4.1 Collaborative SSD case inspection

The evaluation of the proposed methodology is contextualized in a
lab mock-up of a real industrial task, a human-robot collaborative
inspection of the surface of metallic SSD cases. In this inspection
task, there is a tray with 12 SSD units, and the robot helps the
operator inspecting some of the units, although the robot might
also try to perform the entire task. The robot is able to recognize
when the precision of its inspection is low for a particular piece
and ask the human for reassurance. The setup combines a 6-DOF

Zhttps://github.com/indigo-the-agent/know-rox
3https://ollama.com/
“https://ai.pydantic.dev/
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Figure 3: Overview of the implementation for the collabora-
tive SSD inspection task.

robotic arm with a 2D camera for visual data capture, an Al-based
defect detection model for real-time classification, and a user in-
terface for efficient human-robot interaction. The implementation
of the task comprises four core modules: a robotic manipulator
for motion execution and trajectory planning, an Al-driven visual
inspection module, a sensor-equipped smart SSD tray, and a be-
havior tree-based task execution model. Together, these modules
enable synchronous collaboration between the human and the ro-
bot. A server-side graphical user interface (GUI) offers real-time
visualization of task progress and inspection results. Note that com-
munication from the robot to the human to indicate which cases
need a second inspection occurs through the GUL The complete
implementation pipeline is shown in Fig. 3.

4.2 Evaluation procedure and setup

4.2.1 Generating human-robot collaborative experiences. In total,
we collected 18 executions of the task, completing the inspection
of 12 SSD cases, with a single human. To generate variability, we
varied the confidence threshold of the robot’s visual inspection and
also the sequence of actions that the human followed. When the
robot was uncertain whether one SSD case was damaged or not, i.e.
classification confidence below the threshold, the case was left for
the human to review. Data for each experience were collected using
rosbags, a file format and tool within the Robot Operating System
(ROS) used to store ROS message data. The data includes the tray
state during the whole task (to be inspected, damaged, correct), the
sequence of actions of the human and the robot, and images from
the robot’s visual inspection.

4.2.2  Experiential plans’ properties extraction. We manipulated the
data from the collaborative SSD case inspection scenario, and ex-
tracted the knowledge that we considered relevant for describing
the experiences: the number of tasks, the makespan, and the cost.
The number of tasks includes all the SSD cases inspected by the hu-
man and the robot, which may be twelve or more, since the cases in

which the robot is not confident are inspected twice. The makespan
is calculated as the total time that it takes to complete the inspection
of the entire tray. Finally, the cost is equal to the number of times
that the robot doubted. HDI was computed for each property using
a mass value of 0.68, which means that at least 68% of the plans’
properties are classified as typical. This coverage or mass is often
called one-sigma, since given a data set approximately distributed
normally, approximately 68% of the data is within one standard
deviation of the mean (according to the empirical rule).

4.2.3  Plans’ knowledge inference and storage. We initialized a knowl-
edge base, which works as an episodic memory, and asserted the
abstraction of the data obtained in the previous step in the form
of ontological triples. First, the knowledge about the comparison
between plans’ properties and plans. This includes knowledge such
as:

(PlanX Cost, hasBetterQualityValueThan, PlanY Cost).

We also asserted knowledge of whether the plan’s qualities were
typical or not:

(PlanX Cost,dul.isClassifyBy, TypicalPlanQualityV alue).

Once the knowledge was stored in the ontology-based episodic
memory, we run the logical rules to infer how the different plans
relate to each other, and also to classify plans as typical or atypical.
The rules produced new knowledge, which was also asserted to the
knowledge base: (PlanX, ocra.isMoreExpensivePlanThan, PlanY),
and (PlanX, dul.isClassifiedBy, TypicalPlan).

4.2.4  Selective explanatory knowledge retrieval. Once there was
an active knowledge base containing all the knowledge about how
the different experiences or plans compare and are classified, we
retrieved the content to be used in the explanations. This was
generated using the state-of-the-art algorithm for ontology-based
narrative generation [32]. This algorithm takes four inputs: the
time-indexed knowledge graph (the active knowledge), the ontolog-
ical class(es) of the instances to compare is (dul . P1an), the temporal
locality (a time interval (_, Inf)), and the desired level of specificity
(the three levels are used). Hence, we retrieve @ narratives
comparing in pairs the 18 plans (n = 18) between each other, in
total 153 narratives.

4.2.5 Robot explanation generation. The retrieved narratives are
sent to the LLM agent, which generates individual explanations
using each of them. We used the gpt-o0ss:20b model, a 20 billion-
parameter version of openAl’s open-weight models designed for
powerful reasoning, agentic tasks, and versatile developer use cases.
We decided to use this model because it is openly available and
because it provides a great trade-off between model size and accu-
racy. It was important for us that the model could be easily run in a
single GPU since in the future we would like to be able to run our
approach in real robot execution time. Note that other models can
be easily integrated into our methodology.

4.2.6 Computer setup for running the experiments. The software
for the test was run on a desktop PC with an Intel Core i9-11900KF
11th Gen CPU (8x 3.50 GHz), 64 GB DDR4 RAM, and an NVIDIA
GeForce RTX 3090 GPU.



4.3 Evaluation metrics

The evaluation was conducted using a set of objective metrics, se-
lected to align with established practices in the state-of-the-art. The
metrics aim to evaluate the three main intended features of our
generated explanations: brevity, clarity, and semantic coherence.
Explanation length. This metric was used to evaluate the
brevity of the explanations. In this work, the metric is calculated
as the number of words N,,. Explanations are social, thus a good
quality index is to measure how long they are, which is proportional
to how much time it would take to communicate them.
Readability score. To evaluate the clarity of the explanations,
we used the Flesch Reading Ease (FRES) readability R, met-
ric [20], proposed in the 1970s and still one of the best tools to
evaluate how easy something is to read. The FRES test measures
readability by analyzing word, syllable, and sentence counts. It com-
putes the average number of words per sentence and syllables per
word, assuming that shorter words and sentences enhance readabil-
ity. Higher scores indicate easier-to-understand text. The maximum
possible FRES score is 121.22, achieved when every sentence con-
sists of a single one-syllable word. There is no defined lower bound,
thus highly complex sentences may produce negative scores. We
used the implementation of FRES from the Textstat Python library.>
Other readability metrics were considered and tried: automated
readability index, Gunning fog index, Dale-Chall score [10], etc.
However, results were similar, so we decided to use FRES because
it is one of the most well-known metrics in the state-of-the-art.
Semantic similarity. This metric is used to evaluate whether
the process of transforming the initial ontology-based narrative
into a shorter and clearer explanation results in a loss of seman-
tic soundness. We used the cosine similarity S¢s function from
the Scikit-learn Python library,® which directly calculates the co-
sine similarity between two vectors or matrices, returning a value
€ (0,1). The retrieved ontology-based narrative and the explanation
generated with the LLM agent were converted into a matrix of token
counts using CountVectorizer from the same library. In this process,
we avoided counting most common words in English text, such as
‘and’, ‘the’, etc., which are presumed to be uninformative in repre-
senting the content of the text and which were removed to avoid
them being used in measuring similarity between the two texts.

4.4 Results of evaluating the brevity, clarity and
semantic coherence of the explanations

A statistical analysis was conducted to evaluate the significance of
the improvements achieved by the proposed approach in terms of
brevity and clarity with respect to the baseline, while preserving
the semantic coherence of the ontology-based narratives. The two
different methods were compared across three levels of specificity
(independent variable) and assessed using the metrics introduced
in Section 4.3 (dependent variables). The normality of the differ-
ence between the results obtained by both methods was examined
using the Shapiro-Wilk test (« = 0.05). For all cases, the normality
assumption can be rejected (p < 0.05), but since the distribution of
the difference between the results was approximately symmetric

Shttps://pypi.org/project/textstat/
Shttps://scikit-learn.org/

Table 1: Average evaluation results for each metric and the
the 153 pairs of plans. The mean difference is statistically
significant p<0.001 for all the cases, with the only exception
of Ry for specificity 1.

Method | Baseline (ACXON) Ours
Specificity | 1 2 3 1 2 3
N 28 7417 1788.6 18.7 104.7 131.8

Rires |87 67.6 482 863  80.7  84.6
Ses - - - 0.7107 0.8668 0.7935

Table 2: Statistical evaluation results for each metric and
specificity level. The specific statistical test metrics for each
case is denoted between square brackets.

Specificity ‘ 1 2 3
Ny [£(152),p] | [31.1,<.001] [16.7,<.001] [14.7, < .001]
R pres [1(152),p] | [1.9,.062] [8.4,<.001] [15.4, < .001]
Ses [£(152),p] | [9.9,<.001] [31.8,<.001] [15.3, < .001]

and the number of samples was sufficiently large (N=153), paramet-
ric tests can be used. Paired-t test was used for the explanation
length and the readability score, while one-sample-t test was
applied for the semantic similarity metric.

For the readability score at specificity 1, no significant difference
was observed between the baseline and the proposed approach,
although both yielded high readability scores. This outcome was
expected, as baseline ontology-based narratives at this level are typ-
ically short and inherently easy to read. For the rest of the metrics
and levels of specificity, the statistical results indicate that there is
a significant large difference between the baseline and our method
p < 0.001. The average results of the evaluation metrics for the 153
pairs of plans, across both approaches and specificity levels, are sum-
marized in Tab. 1. The detailed statistical analysis is reported Tab. 2.

The performance of the proposed approach is consistently su-
perior to that of the baseline ontology-based narratives, especially
for the second and third levels of specificity. The proposed explana-
tions are substantially shorter and clearer, while maintaining high
semantic fidelity. Specifically, considering explanation length,
our explanations are a 33%, 86% and 93% shorter on average than
the baseline explanations for the specificity level 1, 2, and 3, respec-
tively. In the case of the readability score, the proposed method
produces explanations that are a 19% and 76% easier to read and
comprehend than the baseline narratives at levels 2 and 3. Impor-
tantly, 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.

These results demonstrate that integrating ontological reason-
ing with LLM-based refinement enables the generation of concise
yet semantically faithful explanations. The findings highlight the
complementary roles of symbolic and neural representations: while
the ontology guarantees logical consistency and grounding, the
LLM enhances linguistic fluidity and contextual adaptation.



4.5 Qualitative evaluation and discussion

The quantitative evaluation discussed earlier in this article offers a
rigorous objective analysis of the strengths of our proposed method-
ology. However, there are some aspects of the explanations that
require a more qualitative study, thus, this section discusses them.

4.5.1  Practical view on the brevity improvement. The explanations
discussed in this work would often be transmitted from robots to
humans, who would need to understand and retain the explanatory
content. Since our explanations are textual, humans would either
listen to or read them. From state-of-the-art studies we know that
to retain information, people are comfortable with a speaking pace
of 150-160 words per minute (wpm), while the pace for silent read-
ing is 250-400 wpm [35]. Let’s consider the lowest bound of those
intervals, and the average explanation lengths reported in Sec. 4.4.
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
definitely a huge advancement towards the broader goal of creating
artificial agents capable of reasoning and communicating in ways
that are both technically rigorous and socially acceptable, bridging
the gap between formal knowledge and human-centric expression.

4.5.2  Aclose look at unexpected explanations. We visually inspected
the explanations generated using our approach, reading them look-
ing for major unexpected formats or content. Our produced expla-
nation is often a single paragraph much shorter and more clearly
stated than the original ontology-based narrative. This is consistent
with the objective quantitative results. However, in a few cases
the explanations contain a brief summary comparing the pair of
plans and some bullet points with more direct and concise major
differences between the plans. This only occurs in explanations
of specificity levels 2 and 3, being a bit more usual in level 3. In
those cases, the explanations are still shorter and clearer than their
respective ontology-based narratives. However, we found one case
in which the generated explanation is really difficult to read and
unusually long: Pair 27 for specificity level 3. In this case, the origi-
nal ontological narrative contains 4876 words and has a readability
score of -18.42. The explanation generated with our approach con-
tains 941 words, a bad result but still shorter, and a readability score
of -147.33, which is much worse than the baseline score. Our expla-
nation includes multiple bullet points, detailing, one by one, almost
all the specific differences between the pair of plans. Note that this
is clearly an outlier, in fact, the second lowest readability score of
our explanations is 56.44 (Pair 136). As a major takeaway of this
qualitative visual inspection, we would recommend potential users
of our methodology to inspect the explanations generated for their
use cases, and refine the prompts to avoid undesirable behaviors.

4.5.3 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.
Furthermore, the use of ontology-informed LLMs also brings a
powerful interactive capability that enhances robot explainability

Refined

explanation

Figure 4: LLM-based explanation generation as an interactive
procedure: Once the initial explanation is generated, a second
user prompt is used to refine the explanation (e.g., asking for
a shorter or clearer version).

by enabling fluid, context-aware dialogue with humans. Unlike
static explanation systems, LLMs can dynamically adapt their re-
sponses to user queries, clarify ambiguities, and tailor explanations
based on conversational feedback. This interactivity allows robots
to provide not only one-way justifications but also engage in ex-
planatory dialogue—answering follow-up questions, simplifying
complex reasoning, or expanding on technical details when re-
quested. In our case, after receiving an initial explanation, users
might require shorter or clearer versions. They might also ask for
specific details that were skipped when shortening the ontology-
based narrative: e.g., the actual value of the cost of the two plans,
not just if one is more expensive. For these cases, our methodology
can be easily extended by slightly modifying the fourth and last
step. Fig. 4 depicts an overview of the proposed modification.

5 CONCLUSION

This work demonstrated the potential of integrating ontology-based
reasoning with large language models (LLMs) to advance explain-
able human-robot interaction. By combining the logical rigor and
semantic grounding of ontologies with the natural, adaptive com-
munication abilities of LLMs, our framework enables robots to
generate explanations that are both accurate and accessible to hu-
mans. The experimental validation in an industrial collaborative
setting showed that this hybrid approach significantly improves
the clarity and conciseness of ontology-based narratives without
sacrificing their semantic depth. These results underscore the value
of uniting structured symbolic knowledge with data-driven lan-
guage generation for building transparent, trustworthy, and socially
aware robotic systems. Future research will focus on extending this
integration toward real-time dialogue, multimodal explana-
tions, and experiments with users to assess the impact of such
explanations on subjective perceptions of trust and collaboration.
Additionally, we aim to explore how these explanation mechanisms
can be used not only for human understanding but also for robot
self-assessment, enabling robots to transform explanations from
merely communicative tools into mechanisms for adaptive reason-
ing and self-improvement in long-horizon tasks.
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