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Abstract— This paper proposes ontology-guided reasoning
for affordance-based explanations of robot navigation. In hu-
man environments, it is not sufficient for a robot to detect that
its route is blocked. It must also reason about what nearby
objects afford, which state changes are possible, and which of
these changes would allow it to continue safely. We address
this problem by representing nearby entities, their affordances,
affordance states, and qualitative spatial relations in a local
affordance ontology and by evaluating hypothetical object—
affordance state changes as candidate explanation factors. This
yields explanations that are not only semantically grounded but
also actionable. We instantiate the approach in a lightweight
benchmark centered on a robot librarian scenario and evaluate
it on procedurally generated navigation cases. The results show
that ontology-guided reasoning identifies relevant explanation
factors more accurately than a semantic-only baseline and
remains robust as semantic clutter increases. Overall, the paper
argues that affordance ontologies can serve not merely as
semantic descriptions of the environment, but as reasoning
foundations for explainability and reliable robot autonomy.

I. INTRODUCTION

Affordances, initially introduced in ecological psychology
by Gibson [1], are the properties of objects that enable or
constrain possible actions. In robotics, this idea is highly
relevant, since robots need to understand not only what is
present in the environment, but also what can be done with
it. A door can be opened, a chair moved, and a cart pushed
away. In other words, the environment does not merely
contain objects, but it also contains actionable possibilities.

Path planning is at the heart of autonomous robotic sys-
tems: it involves formulating a robot’s movement through
an environment to fulfill a task. However, path planners
often behave like black boxes, yielding a path or a failure
message without clarifying why a particular route could not
be followed. This lack of transparency becomes especially
problematic in indoor social settings, where nearby humans
may be able to help the robot, but only if the robot can
communicate what is blocking it and what change in the
environment would resolve the problem. Explanations are
therefore a promising way to make robot navigation more
understandable and transparent, and prior work has shown
that explanations can positively affect trust and understand-
ing in human-robot interaction (HRI) [2], [3].

We approach this problem in the context of a robot
librarian. Consider a scenario in which a robot has to fetch
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Fig. 1: A robot librarian holding a book navigates a library
environment, where nearby objects may obstruct the path and
prompt an explanation.

a book for a visitor in a library. While navigating toward
the corresponding bookshelf, the direct path may become
blocked by a chair, a closed cabinet door, a trolley, or
even a person temporarily standing in the way. In such a
case, a useful explanation should not merely state that the
path is blocked. Instead, it should indicate which nearby
object is responsible, what affordance is relevant, and what
change would allow the robot to proceed. For example, it
is more useful to say that a cabinet in front of the robot
needs to be opened or that a chair needs to be moved
than to merely report that the plan failed. Figure [I] shows
the motivating library scenario: a robot librarian holding a
book must continue its task despite nearby objects that may
obstruct the route and require explanation.

Although existing feature-based explainability methods
can identify which objects or regions of space are important
for a navigation outcome, they do not naturally capture which
actionable change in the environment would help the robot
proceed. We argue that affordance-based explanations require
more than geometric or feature-level attribution: they require
an explicit semantic reasoning layer that represents objects,
their affordances, and the consequences of changing these
states for navigation. This makes the resulting explanations
not only interpretable but also actionable, grounding them
not only in post-hoc description but also in an explicit se-
mantic reasoning process. Figure [2| summarizes the resulting



reasoning pipeline, from local semantic scene representation
to the selection of the top-ranked explanation factors.

The main contributions of this paper are:

o We formalize a local affordance ontology and introduce
ontology-guided reasoning for affordance-based expla-
nations of robot navigation.

o« We present a lightweight benchmark [H for evaluating
ontology-guided affordance reasoning.

o We experimentally show that ontology-guided reasoning
identifies relevant explanation factors more accurately
than a semantic-only baseline and remains robust as
semantic clutter increases.

II. RELATED WORK

Affordances have been extensively used in robotics to
support action understanding and interaction in complex
environments. One of the early works that formalized af-
fordances for robot control is by Sahin et al. [4], while
Montesano et al. [5] developed a probabilistic framework
for learning object affordances from action effects. Lindner
and Eschenbach further developed affordance-based concep-
tualizations of robot behavior in shared environments and
affordance spaces [6], [7]. In contrast to work focusing pri-
marily on robot interaction capabilities, we are interested in
how affordances can be leveraged to explain robot navigation
in a semantically meaningful and actionable way.

In explainable robotics, many existing approaches investi-
gate planning failure, contrastive path explanations, or self-
explanations of robot behavior [3], [8]-[10]. Environment-
based explanations of motion planning failure have also
recently been explored [11]. However, much of this work
either focuses on geometric changes in the environment or
uses semantic information primarily at the presentation level.
Rather than primarily studying the explanation presentation,
we focus on semantic reasoning over an affordance ontology
to explain and improve route reliability.

III. ONTOLOGY-GUIDED AFFORDANCE REASONING

In the context of this paper, an onfology is a structured
knowledge representation of the robot’s local environment
that specifies which objects are present, which properties
and affordances they have, what states these affordances are
currently in, and how the objects are qualitatively related to
the robot. The ontology, therefore, serves as the semantic
layer on top of the geometric navigation map. In our setting,
affordances are important because they link nearby objects to
possible interventions that may restore or improve the robot’s
route, thereby serving as explanatory factors.

In the library scenario, nearby objects may offer different
possibilities: a chair can be moved, a door can be opened,
and a person may clear the path by stepping aside. To
represent such information explicitly, we model the robot’s
local surroundings as an affordance ontology

Ot = <Xt7A7S7R>7 (l)

! All code and evaluation materials used in this work are publicly available
at the accompanying |GitHub repository.

where X is the set of object instances currently represented
in the robot’s local map at time ¢, A is the set of affordance
types, S is the set of affordance states, and R is the
set of qualitative spatial relations that may hold between
objects and the robot. The subscript ¢ indicates that the
local ontology is updated as the robot moves and as the
surrounding scene changes.

We associate each object instance z; € X; with an
ontology record

bi(wi) = (1(x3), A (%), 0(2i), pe(wir qi)), (D)

where 7(z;) denotes the semantic object type, Aff(z;,) C A
denotes the set of affordances associated with the object,
o¢(x;) : Aff(x;) — S denotes the current affordance-state
assignment, and p;(z;; ¢:) € R denotes the qualitative spatial
relation between the object and the robot, computed with
respect to the robot pose contained in ¢q;. We focus on
binary affordance states for simplicity, e.g., open/closed or
moved/not moved, following the affordance-based explana-
tion setting introduced in our prior work [12].

The ontology is intentionally local and robot-centered. It
does not aim to model the entire library at once, but rather
the part of the scene currently relevant to navigation and
explanation. This choice follows the intuition that navigation
explanations are usually grounded in a local neighborhood
around the robot. For instance, when the robot’s route fails
because of an object directly in front of it, distant objects
elsewhere in the library are not explanation-relevant, even if
they are part of the global semantic map. Locality, therefore,
helps both computational efficiency and interpretability.

The ontology also constrains the explanation space. Rather
than allowing arbitrary explanations about nearby obstacles
or arbitrary changes in the environment, it restricts candidate
explanations to semantically valid object—affordance—state
combinations that are actually supported by the local scene
representation. In this way, the robot does not reason about
unrestricted environment modifications, but rather about ad-
missible interventions. This constraint is important because
it makes the resulting explanations more focused, more
actionable, and more consistent with the robot’s semantic
understanding of the environment.

Given a start state s, a goal state g, and an ontology-
induced navigation map M (O;), the robot first computes the
baseline path cost

Co = Cost(Plan(s, g, M(0y))), 3)

where Plan denotes a shortest-path planner and Cost returns
the cost of the resulting path. If no feasible path exists, the
cost is set to co.

For every object x; € X; and every currently unfulfilled
affordance a € Aff(x;), the reasoner considers a hypothetical
affordance-state change

hysa:oi(zi)(a) =0—1, 4)
and recomputes the path cost under the updated ontology:

Cy,.a = Cost(Plan(s, g, M(Oy ® hy,.0))). (3)


https://github.com/ah96/affordance_ontology_guided_reasoning_explanations

Here, @ denotes an ontology update under a hypothetical
intervention, and M (-) denotes the navigation map induced
by the corresponding ontology.

We score each candidate object-affordance pair (z;, a) by

A7 C’0 = 00, Cx,i,a < 00,
U(zi,a) = { max(0,Co — Cy,.a), Co,Cq;a < 00, (6)
0, otherwise.

Here, A is a fixed bonus for restoring feasibility. The score,
therefore, reflects how helpful a hypothesized affordance-
state change is for navigation. We rank all candidates by this
score and select the highest-ranked object—affordance pairs
as explanation factors.

Library Example: Assume that the robot is navigating
toward a bookshelf to fetch a requested book. A chair and
a cabinet are located directly in front of the robot, while a
cart stands farther away in a side corridor. The chair has the
affordance movable, the cabinet has affordances movable
and openable, and the cart has the affordance movable.
Let the current affordance states indicate that the chair has
not been moved, the cabinet is closed, and the cart has not
been moved. Suppose that the baseline planner yields Cy =
0, i.e., there is no feasible route to the goal under the current
state assignments. The reasoner then evaluates hypothetical
changes. If opening the cabinet yields a feasible path while
moving the cart does not change the route, then the pair
cabinet—openable receives the highest utility. This allows the
robot to generate an explanation that is both semantically
grounded and actionable: “Please open the cabinet in front
of me so I can continue to the bookshelf.” This example
highlights an important point: two nearby objects need not be
equally explanation-relevant. What matters is not proximity
alone, but whether the corresponding affordance-state change
improves or restores the robot’s route.

IV. EXPERIMENTAL DESIGN

We instantiate the proposed method in a lightweight
Python benchmark centered on the robot librarian scenario.
The benchmark mirrors the reasoning process illustrated in
Fig. @ the robot first evaluates the current route, then reasons
over hypothetical affordance-state changes, and finally ranks
the resulting explanation factors.

Each environment is a grid world with a start lo-
cation, a goal location representing the requested book-
shelf, a direct corridor, and a longer detour corridor.
Semantic objects chair, door, cabinet, person,
and cart are placed in the environment. Each ob-
ject type determines the affordance types considered
by the reasoner: chair +— {movable}, door ~—
{openable}, cabinet + {movable,openable},
person — {can_step._aside}, cart — {movable}.
To evaluate whether ontology-guided reasoning identifies
meaningful explanation factors, we distinguish between
shortcut objects and distractor objects. Shortcut objects are
placed on the direct route and constitute the relevant causal
factors for route recovery or improvement. Distractor objects
are semantically plausible but less relevant to the robot’s

current route. This design allows us to test whether the
method can distinguish relevant explanation candidates from
nearby but less important objects.

The planner operates on a semantically induced cost map.
Satisfied affordance states are assigned a cost of 1. A closed
door is assigned a cost of 5, a person occupying the passage
is assigned a cost of 8, and hard obstructions such as an
unmoved chair, cart, or cabinet are assigned a cost of co.
We compare two methods:

1) Ontology-guided reasoning (ours): object—affordance
candidates are ranked by the utility from Equation [6]

2) Semantic-only baseline: unresolved objects are
ranked by geometric relevance to the nominal corridor
while ignoring affordance-state reasoning.

We evaluate the method using Precision@2, Recall@2,
feasibility recovery, and the average utility gain of the top-
ranked factor. Precision@2 measures how many of the top
two predicted explanation factors are truly relevant, while
Recall@2 measures how many of all relevant factors appear
among the top two predictions. Feasibility recovery captures
whether the identified intervention restores a feasible route,
which is particularly important in the library scenario where
explanations are intended to help the robot proceed safely.
Average utility gain measures how strongly the top-ranked
explanation factor improves the navigation outcome.

Since there are currently no established state-of-the-art
methods for ontology-guided affordance reasoning in nav-
igation explanation, we design the experiments to isolate the
core capabilities of the proposed approach, namely identify-
ing relevant object—affordance explanation factors and testing
robustness under clutter and incomplete ontology knowledge.
These experiments should therefore be understood as a first
step toward a broader evaluation of this problem.

V. RESULTS

We ran the benchmark on 1000 procedurally generated
environments with fixed random seeds. Table [I| summarizes
the main comparison. Across all cases, the baseline route was
feasible in 45.2% of environments, while 18.9% contained
at least one shortcut-ground-truth explanation factor. On
this subset, ontology-guided affordance reasoning achieved
a mean Precision@2 of 0.775 and a mean Recall@2 of
0.929, compared with 0.606 and 0.822 for the semantic-
only baseline. Thus, explicitly reasoning over affordance
states improves the identification of route-relevant expla-
nation factors beyond object presence and rough corridor
relevance alone. Furthermore, the ontology-guided method
produced, on average, 0.878 positive explanation candidates
per environment. In environments with at least one positive
candidate, the top-ranked factor yielded an average util-
ity gain of 597.18, largely because successful affordance-
state changes frequently transformed an initially infeasible
route into a feasible one. Together, these results indicate
that explicit reasoning over affordance states helps identify
explanation factors that are both semantically grounded and
practically relevant to navigation continuation.
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Fig. 2: Ontology-guided affordance reasoning in the library scenario. The robot reasons about nearby objects, their
affordances, current affordance states, and robot-centered qualitative spatial relations to identify relevant and actionable

explanation factors.

TABLE I: Results on the procedural robot librarian bench-
mark.

Method Precision@2  Recall@2
Semantic-only baseline 0.606 0.822
Ontology-guided reasoning 0.775 0.929

A. Robustness to Semantic Clutter

We additionally evaluated how both methods behave when
the environment contains more semantically irrelevant ob-
jects. Starting from the standard benchmark, we inserted
extra distractor objects into free cells of the corridors while
keeping the shortcut-relevant explanation factors unchanged.
We tested whether ontology-guided affordance reasoning
remains selective when the scene becomes more cluttered.

We considered five clutter levels by adding 0, 2, 4, 6,
and 8 extra distractors per environment. For each level, we
generated 1000 procedural environments and again measured
Precision@2 and Recall@2 with respect to the shortcut-
improving object—affordance pairs. The results are reported
in Table [lI} The results show that ontology-guided reasoning
is more robust to semantic clutter than the semantic-only
baseline. Without additional distractors, the semantic-only
baseline achieved Precision@2 = 0.606 and Recall@2 =
0.822, whereas ontology-guided reasoning achieved Preci-
sion@2 = (.775 and Recall@2 = 0.929. As clutter increased
to 8 extra distractors, the baseline degraded to Precision@2
= 0.569 and Recall@2 = 0.763. In contrast, ontology-guided
reasoning remained strong, with Precision@2 = 0.877 and
Recall@2 = 0.914.

These results suggest that the ontology helps the robot fo-
cus on the object—affordance state changes that are genuinely
relevant to route recovery. This is particularly important in
cluttered environments, where many nearby objects may be

present, although only a small subset explains why the robot
cannot proceed or how the situation could be improved.

TABLE II: Robustness under increasing semantic clutter.

Semantic-only  Ontology-guided

Extra distractors

P@2 R@2 P@2 R@2
0 0.606 0.822 0.775 0.929
2 0.613 0.821 0.799 0.918
4 0.609 0.810 0.838 0.917
6 0592  0.790 0.833 0.910
8 0.569 0.763  0.877 0914

VI. DISCUSSION AND CONCLUSION

This paper introduced ontology-guided reasoning for
affordance-based explanations of robot navigation. By repre-
senting nearby objects, their affordances, affordance states,
and spatial relations in an ontology, the robot can identify
explanation factors that are both actionable and relevant to
navigation reliability. The main advantage of the proposed
approach is the identification of semantically meaningful
and actionable explanation factors, i.e., object—affordance
state changes that would restore or improve the robot’s
route. The ontology provides a structured basis for selecting
explanations directly relevant to navigation.

The current benchmark is intentionally lightweight and
abstract, and does not yet model perception uncertainty,
richer scene graphs, or real-robot execution. Future work will
extend the framework toward uncertainty-aware ontology
updates, learned affordance acquisition, and tighter integra-
tion with perception and motion planning. An important
next step is to deploy and evaluate the framework on a
real robot in a library-like environment, under real sensing
and execution constraints. Another promising direction is
to reconnect the present reasoning layer with multimodal
visual-textual explanation embodiments.



[1]
[2]

[3]

[5]

[6]

[7]

REFERENCES

J. J. Gibson, “The theory of affordances,” Hilldale, USA, vol. 1, no. 2,
pp. 67-82, 1977.

S. Wachter, B. Mittelstadt, and L. Floridi, “Transparent, explainable,
and accountable ai for robotics,” Science robotics, vol. 2, no. 6, p.
eaan6080, 2017.

S. Stange and S. Kopp, “Effects of a social robot’s self-explanations
on how humans understand and evaluate its behavior,” in Proceedings
of the 2020 ACM/IEEE international conference on human-robot
interaction, 2020, pp. 619-627.

E. Sahin, M. Cakmak, M. R. Dogar, E. Ugur, and G. Ugoluk, “To
afford or not to afford: A new formalization of affordances toward
affordance-based robot control,” Adaptive Behavior, vol. 15, no. 4,
pp. 447-472, 2007.

L. Montesano, M. Lopes, A. Bernardino, and J. Santos-Victor, “Learn-
ing object affordances: from sensory—motor coordination to imitation,”
leee transactions on robotics, vol. 24, no. 1, pp. 15-26, 2008.

F. Lindner and C. Eschenbach, “Affordance-based activity placement
in human-robot shared environments,” in International Conference on
Social Robotics. Springer, 2013, pp. 94-103.

——, “An affordance-based conceptual framework for spatial behavior

[8]

[9]

[10]

[11]

[12]

of social robots,” in Sociality and Normativity for Robots: Philosoph-
ical Inquiries into Human-Robot Interactions.  Springer, 2017, pp.
137-158.

M. Kwon, S. H. Huang, and A. D. Dragan, “Expressing robot
incapability,” in Proceedings of the 2018 ACM/IEEE International
Conference on Human-Robot Interaction, 2018, pp. 87-95.

M. Brandao, A. Coles, and D. Magazzeni, “Explaining path plan opti-
mality: Fast explanation methods for navigation meshes using full and
incremental inverse optimization,” in Proceedings of the international
conference on automated planning and scheduling, vol. 31, 2021, pp.
56-64.

B. Krarup, S. Krivic, D. Magazzeni, D. Long, M. Cashmore, and D. E.
Smith, “Contrastive explanations of plans through model restrictions,”
Journal of Artificial Intelligence Research, vol. 72, pp. 533-612, 2021.
Q. Liu and M. Branddo, “Generating environment-based explana-
tions of motion planner failure: Evolutionary and joint-optimization
algorithms,” in 2024 IEEE international conference on robotics and
automation (ICRA). 1EEE, 2024, pp. 15263-15269.

A. Halilovic and S. Krivic, “Affordance-based explanations of robot
navigation,” in 2025 IEEE International Conference on Robotics and
Automation (ICRA). 1EEE, 2025, pp. 13523-13529.



	Introduction
	Related Work
	Ontology-Guided Affordance Reasoning
	Experimental Design
	Results
	Robustness to Semantic Clutter

	Discussion and Conclusion
	References

