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Collaborative robots (cobots) are democratizing industrial automation with their user-friendly programming
approaches. Nevertheless, the Blockly-like interfaces typically available on cobots still require the user to
define the program logic flow. Recent advancements in robotics research provide the robotic system with the
reasoning capabilities given by symbolic artificial intelligence. This way, the cobot can acquire a new skill from
a user demonstration, understand its semantics, and use symbolic planning for grounding and sequencing. Such

methodologies rely on a symbolic description of the scene that should adequately represent how the cobot’s
actions modify the environment. The symbols employed in the literature, however, either lack descriptive
accuracy or are too specific for the targeted task, resulting in the application of the proposed teaching
methodologies only to simple scenarios. This paper addresses these issues by introducing a methodology
for symbolically describing general-purpose spatial relations between entities in a workspace, enhancing
the flexibility and the range of application of cobots symbolic reasoning for complex manipulation tasks.
The proposed approach involves defining a tunable set of predicates for relative positions and orientations,
enabling precise symbolic representations, necessary for real-world tasks. The adoption of these symbols
into a Programming by Demonstration framework empowers non-expert users to teach skills and deploy
cobots in complex industrial tasks without coding. Experimental results demonstrate the effectiveness of this
method, showing that first-time users can deploy cobots for a complex machine tending task comprising parts

reorientations.

1. Introduction

Collaborative Robots (cobots) provide industries with safe and flex-
ible solutions to partly automatize production processes. Among the
main factors contributing to the widespread adoption of cobots are their
novel, more user-friendly programming approaches, which simplify de-
ployment and reduce reliance on skilled personnel (Villani et al., 2018).
Indeed, users without extensive programming expertise can quickly in-
stall cobots by combining their Graphical User Interface (GUI), physical
demonstration of the required movements, and eventually organizing
actions in a Blockly-like programming fashion (Weintrop et al., 2017).
Furthermore, manufacturers implemented libraries of pre-programmed
sequences of parameterized movements that enable the cobot to carry
out specific operations, from simply picking an object to more complex
ones such as screwing (Pedersen et al., 2016).

Modern cobot user interfaces greatly simplify programming com-
pared to those of traditional industrial robots (George et al., 2023).
However, they have inherent limitations. Despite the improved ease of
use offered by the new approaches, users must still define the logic of
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the robot program execution flow. This constraint restricts the range of
tasks to those involving relatively simple and fixed movements, like
loading boxes on a pallet in a predefined pattern. Traditional robot
programming languages may still be necessary for more complex tasks
in unstructured environments that may also require decision-making
and adaptive behaviors to accomplish the goal. For instance, this can
be the case when a robot is deployed to prepare assembly kits with
components that can vary depending on the user’s request.

This issue has been recently tackled in the literature by providing
the robotic system with symbolic task-planning capabilities. These
approaches enable the teaching of new skills by a single user demon-
stration, leveraging the definition of their execution policy with the
learning of symbolic models that provide the robot with decision-
making capabilities (Steinmetz et al., 2019; Diehl et al., 2021; Liang
et al., 2022; Zanchettin, 2023; Eiband et al., 2023; Diehl et al., 2024).
Indeed, the flexibility and modularity of the skills are enhanced by
inferring from the demonstration the preconditions and effects of their
execution. The semantic descriptors are then formalized following the
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syntax of a planning language, such as the Planning Domain Description
Language (PDDL) (Ghallab et al.,, 1998), to enable a symbolic task
planner to autonomously ground and sequence the skills required to
fulfill a given task.

The inference of preconditions and effects relies on the correct
description of how the state of the workspace changes during the
demonstration. Such a description is acquired by a symbolic repre-
sentation of the properties and relations of the entities available in
the scene (work-objects, robots, grippers, etc.) through Boolean pred-
icates. These predicates must be defined beforehand and should be
capable of representing all possible states of the workspace. State-
of-the-art teaching techniques provide experimental evidence of their
applicability only to simple tasks, such as stacking cubes, peg in hole,
and handover (Steinmetz et al., 2019; Diehl et al., 2021; Liang et al.,
2022; Zanchettin, 2023). This limitation is mainly due to the predicates
used to describe the spatial relations between the objects in the scene.
Indeed, the employed symbols only describe qualitative relations such
as on top or near to. While such a qualitative representation may be
sufficient for simple scenarios such as stacking cubes, it lacks the quan-
titative description required for industrial tasks. As a consequence, it is
challenging to use symbolic approaches for real industrial applications.

The definition of a set of symbols that can quickly be tuned to define
quantitatively with the required accuracy the spatial relations between
the entities in the robot workspace can pave the way to the application
of symbolic task planning for realistic industrial tasks. Indeed, such
symbols can be employed to describe the goal of a task, such as the
pattern in which workpieces should be fixed on a welding table, or
the initial condition, like randomly oriented products coming from a
conveyor belt to be placed on pre-formed plastic packages. Therefore,
the user is left only with the tuning of the number (resolution) of
symbols to describe the relations between the entities in the scene and
teach the required skills. Then, the system copes with the definition of
the program logic flow thanks to symbolic planning.

This paper introduces an innovative approach to symbolically de-
scribe quantitative spatial relations between entities in the scene. The
method defines a set of general-purpose predicates representing relative
positions and orientations with a tunable resolution. To generate such
a set, a proper partition of the relative position and orientation space
is required, where each partition element represents a distinct symbol.
While a partition of the 3D space can be easily performed by a 3D grid,
generating symbols for relative orientations requires a more complex
pipeline, whose details will be discussed in Section 4. We showcase how
the introduced sets of symbols can be tuned to describe all the relevant
spatial relations among the entities being part of a machine tend-
ing task. Then, the teaching by demonstration framework presented
in Zanchettin (2023) enables ten candidates to teach the required skills.
Results demonstrate how the users, on their first experience with robot
programming, progressively understand the concept of robot skill and
can effectively deploy the cobot for such a complex manipulation task.

The main contributions of this research are as follows:

+ The introduction of a set of quantitative relative position symbols
that can be quickly tuned and deployed to represent symbolically
the relevant spatial relations of the entities in the workspace.

» The definition of a strategy to represent relative orientations
symbolically. The symbols grant the semantic understanding of
scenarios where the robot, through its actions, can change objects’
orientations.

+ The application, thanks to our proposed sets of symbols, of a state-
of-the-art Programming by Demonstration (PbD) framework to a
complex machine tending task involving the semantic description
of reorientation operations.

The remainder of this paper is structured as follows. Section 2 re-
views the literature on spatial reasoning and semantic analysis of
manipulations. Section 3 provides insights into the foundation of our
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methodology: symbolic planning and semantic PbD. Section 4 presents
our approach for generating the set of symbols describing relative
positions and orientations. Section 5 outlines the application of the
proposed symbols on a mockup of a machine tending task involving
workpiece reorientations. Section 6 presents and discusses the results of
the experimental campaign. Section 7 concludes and outlines the future
development of this work.

2. Related works
2.1. Spatial knowledge representation

The field of spatial knowledge representation, i.e. the representation
of relations between entities and the reasoning about these entities
and relations, is known as spatial reasoning. Spatial reasoning has
been applied to many different fields such as cognitive science (Freksa,
2015), geographical information science (Freksa et al., 2018), engi-
neering design (Park et al., 2007), process plant fault detection (Fathi
et al.,, 1993), and understanding language cues for human-robot in-
teraction (Krishnamurthy and Kollar, 2013). The methods used to
represent and understand the spatial relationships between entities are
built on manually encoded rules or learning algorithms. According to
the definition given by Bredeweg and Struss (2003), it is possible to
distinguish between the qualitative and quantitative, also called metric,
types of spatial thinking. While quantitative spatial thinking relies on
continuous measures of relative poses in terms of angles and distances,
qualitative thinking seeks to capture human-level ideas of space by
modeling spatial relations using a finite number of symbols. The two
categories are compared in Thippur et al. (2015).

A method to represent quantitative spatial relationships between
extended entities is proposed in Berretti and Del Bimbo (2006), over-
coming the limits given by point-like representations. Sjo6 and Jensfelt
(2011) proposes a method to categorize functional spatial relations
from object features in a simulated environment. In a later work (Sj66
et al., 2012), the same authors manually encode the grounding for the
qualitative representation of the prepositions in and on for visual object
search. Rosman and Ramamoorthy (2011) investigates how to extract
the qualitative semantic meaning of on and adjacent starting from
data coming from the point clouds of the objects, then elaborated in
contact point networks where the spatial relations are interpreted. Mota
and Sridharan (2018) employs a declarative language equipped with
prepositional relations between objects to enable incremental learning
and upgrade the metric grounding of spatial relations. The system
deduces relative position and distance-based prepositions from the 3D
point cloud of the scene. Lee et al. (2020) employs a neural network
to generate masks from a continuous stream of 3D point clouds from
an RGB-D scene video. Then, three qualitative key metrics perform
connection, trajectory, and distance computation over the masks, from
which the spatial relations between the objects are obtained by online
filtering through a Dynamic Bayesian Network. The approaches con-
sidered in these works provide reasonable solutions for symbolically
representing how objects are positioned in the scene concerning one
another. Nevertheless, when targeting the acquisition of the semantic
meaning of industrial robot skills, a more refined description of the
relative positions of the entities in the workspace may be required
depending on the relation of interest. Moreover, the studies do not
consider the problem of representing the relative orientations of objects
symbolically.

Some studies argue that handcrafting of spatial symbols’ grounding
is tedious and rigid (Kulick et al., 2013; Fichtl et al., 2014; Mees
et al., 2017, 2020). Therefore, learning approaches are targeted to let
the system acquire knowledge of spatial relations from experience. A
method for active learning of spatial symbols’ grounding is proposed
in Kulick et al. (2013), where a Gaussian Process classifier is employed
to generate the symbols and make them more reliant through interac-
tion with the teacher. Fichtl et al. (2014) extracts the spatial relations
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such as on top or inside from 3D vision exploiting a classifier trained
on histograms compiled on the 3D patches of the objects. Mees et al.
(2017) applies distance metric learning to generalize spatial symbols to
novel objects, starting from the point cloud of the scene. The method
is proved capable of recognizing relative position relations, such as on
top and inside, but also discerning whether an object is inclined with
respect to another. A neural network working on an RGB image of the
scene is trained in Mees et al. (2020) to propose a placement position
for an object given a spatial relation. A scene graph parsing method
using relative depth and layout encoding was introduced by Jiang
et al. (2021) to capture geometric relationships, including spatial ori-
entations such as looking at, laying on, and against. Zhu et al. (2022)
employs a neural network to generate and reason over higher-order
spatial symbols such as ternary projective relations (e.g., between), thus
enabling more robust inference over noisy data. In Li et al. (2024),
multiple convolutional transformer blocks are used to capture the
semantic relations between the points of a point cloud reconstructed
by a sonar sensor. These methods are not suitable for the problem of
describing spatial relations symbolically for complex industrial tasks.
Indeed, they do not provide the spatial resolution required to describe
assemblies or fine placement actions. Moreover, relative orientations
are frequently neglected, and existing symbolic descriptors are unsuit-
able for industrial applications due to their inherent ambiguity and lack
of precise geometric grounding.

Significant work to enhance human-robot interaction by making the
robot understand spatial relation cues in natural language is available
in the literature. Skubic et al. (2004) investigates how to represent
spatial information in a symbolic way to enable the interpretation
of sub-directions, like “Object is mostly to the left but somewhat
forward”, common in natural language. Tellex et al. (2011) proposes
a framework using spatial representations to enable understanding of
natural language commands for navigation and object manipulation
through an autonomous forklift system. Bounding boxes of the objects
in a scene are employed in Guadarrama et al. (2013) to evaluate spatial
features and prepositions to answer queries and execute actions. Tan
et al. (2014) addresses the issue of finding the object being referred
to in a language command by defining the image regions around the
reference object as fuzzy memberships. Gemignani et al. (2015) focuses
on achieving qualitative spatial reasoning capabilities for navigation
and grounding of vocal commands by computing a representation of
the environment in a 2D grid. Shridhar et al. (2020) targets locat-
ing objects referred to in a natural language cue by reviewing all
the spatial relations identified from a snapshot of the scene. Kart-
mann et al. (2021) proposes a method for binding spatial relationships
describing relative position between two or more objects to goal po-
sitions for executing a manipulation, following the instructions given
verbally by the operator. To facilitate human-robot collaboration in
unstructured environments, Howard et al. (2022) proposes a central-
ized semantic representation of the scene informed by visual and
linguistic inputs. This framework enables the robot to reason about
relative object locations with respect to its own frame or other entities,
using grounded symbols and inverse semantics for disambiguation. A
language-conditioned transformer with spatial self-attention was intro-
duced by Chen et al. (2022) to ground 3D objects by modeling spatial
relations, including relative distances and orientations such as facing, to
disambiguate natural language references. Since these works focus on
understanding language cues by the operator, they only define symbols
representing approximate spatial relations. Indeed, in the type of verbal
cues considered, it is not possible to describe spatial relations with the
level of accuracy and information on relative orientations required for
industrial tasks.

A growing trend in the research community focuses on enabling
Vision-Language Models (VLMs) and Large Multimodal Models (LMMs)
to reason about spatial relations from 2D and 3D visual inputs. While
not explicitly designed for symbol grounding, recent work has shown
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that grounded symbolic representations can emerge from such mod-
els (Wu et al., 2023; Yang et al., 2024). One recent effort addresses
the limitations of VLMs in 3D spatial reasoning by introducing an
Internet-scale dataset of 3D spatial visual-question answering examples,
enabling models to better capture both qualitative and quantitative spa-
tial relationships (Chen et al., 2024). The work by Cheng et al. (2024)
enhances the spatial reasoning capabilities of VLMs by integrating
depth information into the visual encoder and learning regional repre-
sentations from 3D scene graphs, demonstrating strong performance in
perceiving relative distances and generalizing across diverse environ-
ments. Despite the remarkable progress of VLMs and LMMs in visual
and linguistic tasks, several recent works have demonstrated that these
models still face significant challenges in spatial reasoning. Benchmarks
such as Visual Spatial Reasoning (VSR) (Liu et al., 2023) and the 3D
Spatial Reasoning Benchmark (3DSRBench) (Ma et al., 2024) have sys-
tematically evaluated a wide range of state-of-the-art models, revealing
persistent limitations in understanding spatial relations, particularly
relative positions and object orientations. 3DSRBench focuses on 3D
spatial questions across diverse viewpoints, highlighting models’ poor
generalization to changes in camera perspective. VSR tests fine-grained
spatial language understanding and shows that models struggle to
recognize relational terms, especially those involving orientation. These
results underscore the gap between current multimodal models and the
spatial reasoning abilities required for real-world applications such as
robotics and scene understanding.

Table 1 summarizes the comparison with spatial symbols available
in the literature. It is worth noting that the entries corresponding to
LMM and VLM-based methods and benchmarks (e.g., (Chen et al., 2024;
Cheng et al., 2024; Liu et al., 2023; Ma et al., 2024)) are derived from
the types of spatial relations explicitly addressed or demonstrated in
the respective papers.

2.2. Semantic analysis of manipulations

A typical application of spatial symbols is to support semantic
analysis of manipulations. A significant contribution to the field has
been provided by Aksoy et al. (2011), with an early work introducing
a set of spatial relations between nodes in a scene. Later, different
techniques such as Object-Action Complexes (Wachter et al., 2013) and
Semantic Event Chains (Aksoy et al., 2015; Aein et al., 2019) have been
applied for extracting the semantics of manipulation actions, build-
ing the frameworks on the concept of spatial relations. Zampogiannis
et al. (2015) models spatial predicates for object pairs in 3D space
from a continuous RGB-D stream of the scene. The study focuses on
spatial prepositions common in the natural language, such as right
and left, by partitioning the space surrounding the considered object
with hexahedra. The same authors of Lee et al. (2020) in a previous
work (Lee et al., 2019) apply a similar approach for human activity
recognition. In Dreher et al. (2019), a system is devised for identifying
bimanual actions from an RGB-D video capturing a human demon-
stration by exploiting spatial symbols. The relations between objects
have also been exploited by Wang et al. (2024) to gather contextual
scene information with the aim of improving the understanding of long-
term manipulation actions from videos. When targeting the recognition
of human-demonstrated actions, it is sufficient that spatial symbols
describe the interaction between the entities and how these interactions
change over time. Therefore, a more precise description of the spatial
relations is not required. Moreover, even these approaches do not
consider the problem of representing relative orientations symbolically.

Our work aims at filling the gap in the literature regarding a more
refined and quickly tunable symbolic representation of relative poses
for robotic manipulation tasks. The symbols introduced in this paper
can enhance the state-of-the-art semantic environment representation
techniques required for describing the semantics of complex robotic
manipulation skills.
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Table 1

Comparison with spatial symbols proposed in the literature.
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Paper

Relative position symbols

Relative orientation symbols

Berretti and Del Bimbo (2006)

before, coincident, after on each reference axis (27 in total)

Sjoo et al. (2012)

in, on

Rosman and Ramamoorthy (2011)

on, adjacent

Mota and Sridharan (2018)

in, above, below, front, behind, right, left + touching, not-touching, far

Lee et al. (2020)

disconnected, partially occluded, identical, proper part of, including

+ very far, far, commensurate, close, very close

Kulick et al. (2013) on, close, hold, inside upright
Fichtl et al. (2014) on top, inside -
Mees et al. (2017) on top, inside, next to inclined

Mees et al. (2020)

inside, left, right, in front, behind, on top

Jiang et al. (2021)

at, under, behind, near, in front of, over, above, in,
attached to, between, across, on back of, on

looking at, laying on, against

Zhu et al. (2022)

left, right, before, after, between

Skubic et al. (2004)

right, mostly in front but somewhat to the left,
right-left, mostly to the left but somewhat forward,
left, ..., back, ..., right (16 in total)

Tellex et al. (2011)

on, near, to the left of, to the right of, in front of, behind of

Guadarrama et al. (2013)

in front, behind, close, to the left,
to the right, on, far from, inside, near

Tan et al. (2014)

left of, right of, behind, in front of, top left,
top right, bottom left, bottom right, next to

Gemignani et al. (2015)

behind, in front, on the right, on the left
+ next to, near, nearest, far, not next to, furthest

Shridhar et al. (2020)

on the left on, on the right of, on the top of,
at the bottom, in the middle, bottom-left/right, top-left/right

Kartmann et al. (2021)

left, right, front, behind, close to, inside, on top,
above, under, closer, farther, other side, between, among

Howard et al. (2022)

leftmost, left, behind, before, right, rightmost

Chen et al. (2022)

closest, on the left, on the right, farther

Chen et al. (2024)

behind, on the left, on the right, in front of

Cheng et al. (2024)

in front, behind, on the right, on the left, below, above

Liu et al. (2023)

adjacent to, alongside, at the right side of, at the left side of,
attached to, at the back of, ahead of,below, at the edge of,
on top of, beneath, ...(66 in total)

facing, facing away from,
parallel to, perpendicular to

Ma et al. (2024)

next to, far, above, in front, beyond, left, right

facing

Our Approach

Tunable?®

Tunable?®

2 Tunable depending on the required resolution. Based on the chosen amount of symbols and range, our methodology can reproduce all the symbols above.

3. Background
3.1. Symbolic planning

Symbolic planning aims at computing the sequence of actions re-
quired to achieve a desired outcome. The state of the environment,
together with the task and the actions, are described using symbols
called predicates. Predicates are Boolean functions that represent prop-
erties and relations of the entities in the scene. For instance, the
predicate loaded(workpiece, spindle) can be defined so that it holds true
when the workpiece is loaded in the spindle of the machine tool. A state
of the system can then be described by the subset of predicates that hold
true at that moment. After defining the initial and goal state, actions
can be seen as the agent’s operations that make the system evolve from
one state to another, ideally closer to the goal. Actions are described
symbolically by the predicates representing the conditions that must be
satisfied for the action to be executed (preconditions) and the changes
in the state of the environment after its execution (effects). Therefore,
such action models provide robotic systems with enhanced reasoning
capabilities and task flexibility.

PDDL offers a standardized language for defining symbolic plan-
ning problems and domains. A PDDL symbolic planner works with a
collection of predicates used to describe the scene and the available

actions, grouped in the so-called PDDL Domain. The PDDL Problem
instead collects the information on the entities available in the scene
and the initial and goal state described by predicates. A comprehensive
set of ready-to-use symbolic planners working with PDDL is available,
making the implementation of a symbolic planning pipeline into a
robotic system straightforward.

3.2. Skill programming by demonstration

Kinesthetic teaching enables a human operator to program a robot
through hand-guided demonstrations. This approach allows users with-
out robot programming expertise to easily program new robot skills. A
robot skill is a pre-programmed execution policy that can be seen as
a building block that the robot can use to solve a more complex task.
However, while reproducing the recorded trajectory can be sufficient
for tasks where the objects are all placed in a known position, the
movements the operator has programmed can hardly be autonomously
adapted by the robot to use it in different settings. Zanchettin (2023)
devised a methodology to enrich the action model with semantics de-
tails from a one-shot kinesthetic demonstration. The approach infers the
skill semantics based on how the symbolic state of the system changes
during the demonstration. Moreover, the system stores parameterized
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movements that enable the robot to execute the action in different
settings.

When the user provides the input to start recording a skill, the
system takes a snapshot of its semantic state. Then, the user proceeds to
demonstrate the trajectories and end-effector actions (e.g., open/close
the gripper) required to perform the skill while saving waypoints stored
by the system as end-effector poses in the operational space. Once the
recording is stopped, the approach compares the current symbolic state
of the environment with the initial one, assessing which predicates are
activated, deactivated, or hold true along the demonstration. Finally,
the system computes the preconditions and effects based on the three
sets and formalizes the skill model in PDDL. The skill can then be stored
in a library and used by a symbolic planner as a building block for
computing the sequence required to solve a more complex task.

To ensure the execution in different settings, the robot movement
cannot be performed following the waypoints stored in the teaching
phase directly in the robot reference frame. Indeed, considering the skill
to pick a workpiece, if the position of the object in the scene changes
during execution time, the robot would fail to pick it. Therefore, to
enable the transferability of the skill to different settings, a strategy
must be defined to assess which is the relevant reference frame for the
waypoints. A decision tree drives this choice by using the semantic
model of the taught skill. The tree considers the sets of predicates,
either activated or deactivated, and outputs the most suitable entity
whose reference frame should be used to describe the waypoints.
More insights about the definition of the decision tree can be found
in Zanchettin (2023).

4. Symbols for relative pose description

Concerning the application of a semantic-informed PbD framework
for complex industrial tasks, a symbolic representation that is able to
discern how the robot’s actions modify the scene is essential. Without
such descriptive capabilities, the robot could not assess the precon-
ditions and effects of the taught skills and recognize different initial
and final conditions for the planning task. However, defining a set of
symbols to characterize the scene for complex manipulation tasks is
not trivial. Indeed, as outlined in Section 2, symbols available in the
literature are too simple and do not provide the accuracy typically
required in industrial applications. Therefore, the user is left with
the burden of defining the symbols and their grounding depending
on the task, and this represents a clear challenge requiring extensive
programming expertise. Since semantic-informed PbD is devised for
non-experts, the lack of general-purpose, easily tunable symbols goes
against its intended simplicity and ease of use.

Complex industrial manipulation tasks involve moving objects to
accomplish a specified goal from varying initial conditions, like kitting
or loading a box with parts from a conveyor belt. For such tasks, it is rel-
evant to describe symbolically how the parts are initially located with
respect to a relevant entity (i.e. is box(part, box) or is_on_left side(part,
conveyor)) or how they should be arranged to reach the goal condition
(i.e. is_inside kit(part, kit) or is_placed_in_box(part, box)). Indeed, manip-
ulation actions involve modifying how the entities are located with
respect to each other in the scene.

The idea behind creating a general set of symbols for manipulation
tasks is to avoid linking symbols to specific types of relations or objects.
Instead, the symbols should describe the spatial relationship by directly
addressing the relative pose between the object’s reference frames.
Such a set of symbols can be defined by an adequate partition of the
space representing the relative position and orientation. Each partition
element is treated as a symbol, activated when the relevant measure,
either relative position or orientation between the two objects, falls
inside the partition element boundaries.

The partition must have two properties. Indexability guarantees
low computational effort for detecting the activation of the symbols.
Moreover, the partition should be uniformly distributed to avoid the
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undesired scenario where a subset of symbols represents most of the
relative position and orientation, limiting the system’s ability to distin-
guish different situations. For the relative position, such a partition can
be obtained directly in the Cartesian space with a 3D grid with constant
intervals. Adjusting the grid interval size can accommodate a different
number of symbols and representation accuracies. The same 3D grid
cannot be adopted for the non-Cartesian space of relative orientation
since it would not reach the aforementioned desired properties for the
partition. Details on how the partitions for the relative positions and
orientations are devised, together with an assessment of the suitability
of the proposed approach, are presented in the following.

4.1. Relative position symbols

The measure of the relative position between two objects is a vector
in the Cartesian space connecting the origins of the two reference
frames. In a robotic manipulation scenario, it is not always requested
to represent the relative position between two entities in the scene with
a symbol. For instance, in a kitting scenario, it is essential to describe
how a component is positioned in the kit only when it is placed on
top of it and not when it is still in the storage area. Therefore, it is
sufficient to generate a symbol only when the distance between two
objects falls under a certain threshold p that can be tuned according to
the relation of interest. Therefore, only the portion of space included in
the axis-aligned cube centred in the reference object and identified by
the two opposite vertices (-p,-p,-p) (p, p, p) needs to be partitioned. By
dividing each direction into finite and constant bins, a cubic 3D grid is
created. Finally, the index of each partition element, which can also be
seen as the symbol representing the relative position between the two
objects, is obtained by unfolding the 3D matrix into a vector.

It is worth noting that the typical description of the relative position
found in the literature, such as “on the right” or “on top”, can be seen
as a particular case of the partition just defined, with just three bins in
each direction. The partition and how the symbols meet their activation
condition can be seen in Fig. 1.

4.2. Relative orientation symbols

The axis-angle notation describes relative orientations by a unit
vector F, ||F|| = 1, pointing at the direction of rotation and an angle
0, representing how much the frame of the reference object should be
rotated along the unit vector to align with the second object’s frame.
While 7 can point in any direction, ¢ is limited to the range 6 € [0, z]. By
multiplying r by 6, we obtain a vector in Cartesian coordinates 70 lying
in a sphere with r radius. The space contained in the sphere represents
every possible relative orientation. A direct partition of the sphere, in
Cartesian or spherical coordinates, entails the aforementioned issues
related to the non-uniform distribution of the symbols’ activation. To
better understand the problem, consider the distance between two
points near the sphere’s centre divided by a fixed polar angle 4. This
distance is minimal compared to the distance between two points on
the sphere’s surface, divided by the same polar angle . Partitioning
the sphere in the same fashion as the 3D grid for the relative position
would, therefore, induce the generation of a set of symbols that could
fail in discriminating different orientations.

The solution to the problem comes from the intuition that it is
possible to trace the spherical space back to a cubic space. Once a cube
is obtained, a simple partition along the three axes can be performed.
There exist several sphere-to-cube transformations (Lambers, 2020).
Radial stretching consists in stretching the sphere points along their
radial direction as a function of their position in the sphere, thus
obtaining a cube with a side length equal to 2z. The formula for the
transformation of the three Cartesian coordinates is:

X, 0

6
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Fig. 1. (a) Position of the reference frame and the object. (b) Axis-aligned partition of the 3D space [-p, p] centered on the reference frame (5 symbols per
direction). (c) Activation of a symbol (in red) when the measure falls inside the symbol’s boundaries (the surrounding symbols are removed for clarity).
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Fig. 2. (a) Constant bin size partition (red dotted line) and our proposed distortion reduction partition (blue line). The black dot-dash line represents the symmetry
axis of the cube’s face, employed to evaluate the proper bin size for the distortion reduction partition. (b) Comparison between the grid on the sphere surface
that results from applying the inverse transformation on the constant size bin (red dotted line) and the distortion reduction partition (blue line). (c) Relative
orientation symbols, resulting from our proposed distortion reduction partition with 9 elements per direction.

where [xc, Ves zc]T is the corresponding position in the Cartesian result of applying radial stretching to the uneven red dotted grid of
space. Radial stretching provides a computationally simple way to Fig. 2b. Partitioning the cube with a 3D grid of regular bin size would,
map a sphere into a cube and vice-versa. However, the transformation therefore, induce a non-uniform distribution of symbols. To address this
introduces radial and angular distortion. The equally spaced red dotted problem, the bin size is adjusted based on its position on the 3D grid.

line grid lying on one of the cube’s faces, shown in Fig. 2a, is the The proper size of each bin is evaluated empirically with a procedure
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Evaluation of the magnitude of the symbols distortion by the standard deviation of the distribution of symbols’ activation.

Type of partition: Sphere,

Constant Bin Size Partition

Radial Stretching,
Constant Bin Size Partition
(Lambers, 2020)

Radial Stretching,
Adjusted Bin Size Partition
(this paper)

Standard Deviation: 101.31

47.19 24.63

that starts by finding the cube lines affected by the highest magnitude
of distortion. Considering the Radial Stretching mapping, these lines
are the axes of symmetry of the faces of the cube, as the one shown
in black in Fig. 2a, which are mapped as arcs on the sphere’s surface.
A constant bin size partition would divide the line as a composition
of segments of the same length. When these segments are mapped to
arcs on the sphere, they are distorted, making them uneven. A proper
partition should be capable of dividing the line into segments that, once
mapped on the sphere, produce arcs of the same length. To this end,
it is possible to generate a set of equidistant points on the sphere’s
arc and map them to the cube line to evaluate the distribution of
the points on the only varying coordinates affected by the distortion.
Indeed, by evaluating the percentiles of the distribution, we can find
the boundaries of the bins that ensure a more uniform size of symbols.
The percentiles coinciding with the bins’ boundaries can be chosen
depending on the number of symbols one needs to reach the required
descriptive accuracy. An example of the partition and the reduction
of distortion this choice provides, visualized on the sphere surface, is
represented with a blue grid on Fig. 2a-b. The resulting 3D partition,
representing the relative orientation symbols, is shown in Fig. 2c.

To quantify the improvement in terms of a more homogeneous
symbols’ activation, we performed a comparison between a baseline
obtained by a direct partition of uniform size that circumscribes the
3D sphere representing the space of relative orientation, a constant bin
size of the cube obtained by stretching the sphere, and the proposed
distortion reduction partition. Each partition comprises 10® symbols,
and their activation is counted in front of 10® random rotations. The
ideal partition would have its symbols’ activated, on average, 100
times, with a minimal deviation. Therefore, we used the standard
deviation of each symbol’s activation as the evaluation criterion. Table
2 lists the results of the study. Our proposed distortion reduction
partition achieves a reduction of standard deviation with respect to
the direct sphere partition and the constant bin size partition equal
to, respectively, 75.68% and 22.27%. Even if the magnitude of the
distortion problem is significantly reduced, it is not entirely solved.
With the Radial Stretching mapping, considering one face of the cube,
the points on one edge and the points on the symmetry axis parallel to
that edge are mapped to two arcs of the sphere with different lengths.
Therefore, depending on where the size of the bins for the distortion
reduction is evaluated, we can solve the distortion in that area, but the
result is not valid everywhere else on the sphere. Nevertheless, results
show that our approach indeed reduces the deviation of the symbols’
activation, providing the descriptive capability required to distinguish
different robotic manipulation skills, as shown in the case study of
Section 5.

4.3. Effectiveness of the proposed spatial symbols

The methodology introduced in this Section defines two novel sets
of general-use symbols to quantitatively describe the relative pose
between entities. The effectiveness of the proposed spatial symbolic
representation is provided by three key properties, whose relevance
was highlighted in the introduction of Section 4:

1. Generalizability: Since the symbols are grounded solely based
on the relative pose measure between the two objects’ reference
frames, they are designed to be agnostic to the specific relation
they describe. Moreover, the symbols are generally applicable
to all object types, as they disregard the shape of the objects

and consider only the spatial pose of their reference frames.
Finally, the symbols can be quickly tuned to meet the required
descriptive accuracy by adjusting the number of elements in the
3D partitions.

2. Light Computational Grounding: The symbols are retrieved
from an indexable 3D partition of the space of relative positions
and orientations. Therefore, assessing the activation of a relative
position or orientation symbol consists of discretizing the three
components of the measure (either p,, p,, p, for the relative
position, or x,, y., z, from Eq. (1) for the relative orientation)
into the 1D finite sets of ordered bins found along each of
the three directions of the partition. For the relative position
symbols, since the 1D partitions are indexable and bins have
equal size, the bin search has a complexity of O(1) (Cormen
et al., 2022). Conversely, for the indexable 1D partition with bins
of non-constant size used for the relative orientation symbols,
the bin search is implemented efficiently via binary search, with
a worst-case complexity of O(logn), where n is the number of
bins (Cormen et al., 2022). Once the three bin indices are found,
it is straightforward to determine which element of the 3D
partition the measure falls into, making the symbols’ grounding
computationally lightweight.

3. Uniform Distribution of the Symbols: The 3D partition with
constant element size in the Cartesian space of relative posi-
tions ensures a uniform distribution of symbols, avoiding the
undesired scenario in which only a subset of symbols represents
most of the relative position space. When considering the non-
Cartesian space of relative orientation, a direct partition was
found to be unsuitable, as summarized in Table 2. However,
the adopted sphere-to-cube transform, combined with a non-
constant size 3D partition, has been shown to greatly improve
the uniformity of symbol activation, providing the descriptive
capability required to distinguish different relative orientations.

5. Use case: Machine tending

The symbolic representation of spatial relations presented in this
paper allows one to describe the semantics of robotic manipulation
skills with an accuracy that can be tuned depending on the relation
of interest. The validation of the methodology addresses a machine
tending task, where the cobot is placed in proximity of a machine
tool and has to tend a workpiece between the machine jaws. Machine
tending is a repetitive task well-suited for automation with cobots. In-
deed, after structuring the work-cell so that the workpieces are brought
with a predefined pose, the robot can perform the task consistently
with fixed movements. However, this setup increases re-configuration
time whenever a new product is introduced. Enabling the cobot to
reorient the workpiece to the target orientation required to feed it in
the machine jaws removes these constraints, reducing downtimes due
to production changes.

Defining a cobot program that adapts to random initial orienta-
tions and computes a regrasping plan is difficult, time-consuming, and
requires programming expertise. Indeed, semantic-informed PbD can
greatly simplify cobot deployment for machine tending tasks involving
reorientations. In the teaching phase, non-experts can program the
necessary actions, comprising reorientations. At the execution, the
system retrieves the initial symbolic state and uses a symbolic planner
such as Fast Downward (Helmert, 2006), employed in this study,
to compute the skill sequence to reorient and load the part in the
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Parameters for the symbolic description of the machine tending skills. The number of symbols depicted is intended for one direction, with the total being written
between brackets. (PS: Position Symbols; OS: Orientation Symbols; TCP: Tool Center Point; WRF: World Reference Frame).

Entity #1 Entity #2 PS - Threshold PS - Number OS - Number Meaning

Gripper TCP Workpiece 0.7 m 1) 5 (125) Different poses of the Workpiece

WRF Door 1.1m 4 (64) 1) Door is open or closed

Door Workpiece 0.3 m 1) 1) Support symbol to include Door in the loading skill
Machine Jaws Workpiece 0.1 m 1) 1) Workpiece being loaded

machine. Moreover, we introduced a replanning strategy that updates
the symbolic state after each planning step and recomputes the skill
sequence as needed. This provides robustness to execution failures or
external interventions.

Semantic-informed PbD works on top of a symbolic description of
the scene that could represent how the robot’s action modifies the
state. Since machine tending involves part reorientation, a symbolic
representation of relative orientations is essential. With any of the
approaches listed in Table 1, the system would not infer the meaning of
a reorientation action, as it would lack the capability to spot any change
in the symbolic state. However, it may be argued that a set of symbols
could be manually defined with a hand-tailored grounding for this
application. For instance, the workpiece orientation could be described
using the face on which the workpiece is lying. Such information can be
gathered by comparing the object pose with the most similar stable pose
computed from a 3D model of the object. Indeed, semantic-informed
PbD is a programming approach that allows non-experts to teach robot
skills and deploy the robot for a complex task. However, manually
defining symbols is time-consuming and requires robotics and possibly
advanced programming expertise. Therefore, a non-expert still has to
face a challenge before being able to use the methodology to program
the robot. The proposed symbolic representation helps overcome this
problem by letting non-experts easily adapt general-purpose symbols
to any spatial relation. The use case demonstrates that the proposed
symbols generalize across spatial relations, removing the need for
hard-coded groundings.

The remainder of the Section is structured as follows. Section 5.1
introduces the laboratory setup of the machine tending task, together
with the predicates employed and the skills to be taught by the users.
Section 5.2 provides the criteria for evaluating the effectiveness of the
proposed symbols. Moreover, the section outlines the user study con-
ducted to assess the usability of semantic-informed PbD in a machine
tending task.

5.1. Experimental setup

The experimental validation is conducted on a laboratory mockup
of a machine tending task, shown in Fig. 3. The 3D-printed workpiece
has nine stable poses, as shown in Fig. 4, but only one, Pose 0, allows
it to be fixed between the machine jaws. A Doosan A0509s robot
performs the task and moves the machine tool door. An in-hand Intel
RealSense D435i camera captures images during a predefined scanning
routine, estimating the workpiece and door poses using a contour-based
algorithm and ArUco marker detection, respectively. A push-button
interface allows users to control the demonstration phase. The entire
system runs on a laptop with an Intel Core i7-11800H processor.

To setup the cobot for the machine tending task, the user has to
program the skills for reorienting the part, opening/closing the door,
and loading the workpiece in the machine’s jaws. Fig. 5 reports the
set of skills. The predicates employed to semantically characterize the
scene should be capable of describing the changes in the workspace
taking place during the demonstrations. At first, the entities of interest
must be picked. Then, for each relation, a proper threshold for the
relative position symbol activation and the number of symbols to
describe the relative position and orientation should be selected based
on the required descriptive accuracy. Table 3 provides the symbols’
parameters employed in the user study. Referring to the skills listed
in Fig. 5, the spatial relation symbols used to semantically describe the
actions have been tuned as follows:

» Door opening/closing: To characterize the door state, the po-
sition of the ArUco marker, acting as a reference frame for the
door, must be assessed in the robot base frame, which acts as a
fixed world reference frame. As shown in Fig. 6-a, the sliding door
stroke is aligned with the y-direction of the robot base frame, with
its midpoint located 0.55 m from the origin of the frame along
that direction. The portion of space described by the relative posi-
tion symbols is a cube centered on the reference entity. Therefore,
setting the symbols with a threshold of 1.1 m and four symbols
per direction makes the midpoint of the sliding door stroke the
boundary between two symbols along the y-direction, ensuring
that two distinct symbols mark the door opening and closing.
Given the irrelevance of the door’s orientation, the number of
relative orientation symbols has been set to one.

Workpiece reorientation: To characterize on which face the
workpiece is resting on the stand placed in front of the robot, the
relative orientation between the gripper tool center point in the
scanning position and the workpiece reference frame is evaluated.
Since rotating the workpiece along one of the three directions of
its reference frame can place it in at most five stable poses, as
shown in Fig. 6-b, five relative orientation symbols per direction,
making a total of 125 symbols, are sufficient to represent the
entire range of possible orientations in which the workpiece can
be placed on the stand. Given that when the robot is moved to
the scanning pose, the distance between the gripper tool center
point and the workpiece is at most 0.7 m, that value is set as
the threshold for the relative position symbol. A single symbol
is sufficient due to the irrelevance of how the relative position
between the two entities is modified by the reorientation skill.
Workpiece loading: The loading action requires a symbol to
characterize when the workpiece is placed between the machine
jaws. Therefore, a single relative position symbol can be defined,
activated whenever the workpiece is placed within 0.1 m from the
origin of the machine jaws reference frame. Given the irrelevance
of its pose, knowing that only a single orientation is permitted
inside the machine jaws, the number of relative orientation sym-
bols is set to one. Finally, a relative position symbol is added
to describe the relation between the workpiece and the machine
door at the end of the loading skill. This guarantees that the
requirement for the door to be open during loading is correctly
captured in the preconditions (Zanchettin, 2023).

As illustrated by the explanation above, deploying the solution requires
the user to specify only a few task-related parameters, without the need
to define new symbols or manage their grounding manually.

A graph-like representation of the workpiece stable poses is pro-
vided to the users to better organize the reorientation skills that have
been programmed so far, avoiding repetitions. Fig. 7 shows a sample
graph, where the stable poses of the workpiece are represented by
nodes and every feasible reorientation skill as an oriented arc con-
necting the nodes. The graph is not fully connected because some
reorientations from a pose to a target one are not executable in a
single step due to the gripper encumbrance and require the robot to
regrasp the object, leaving it in an intermediate stable pose. Finally, as
a reference, a sample demonstration of a reorientation skill, along with
its encoding in PDDL, is shown in Fig. 8.
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Fig. 3. Experimental setup, consisting in a Doosan A0509 robot, a mockup machine tool, an in-hand mounted Intel Realsense d435i camera, a push-button user

interface, and the workpiece to be loaded in the machine.

5.2. Evaluation criteria

The validation addresses two main claims. First, we investigate
whether the symbols introduced in this paper adequately describe
all the spatial relations for a machine tending task comprising parts
reorientation. The demonstrations are performed by an expert operator
teaching the complete set of feasible reorientation, shown in Fig. 7,
together with the skills to open and close the machine tool door and to
load the workpiece in the machine jaws. The workspace is set with the
machine door closed and the workpiece in one of the available stable
poses. Then, after setting the machine tool loaded with a closed door
as the goal condition, the symbolic planner evaluates the plan to solve
the task. Following the computed plan, the system starts executing the
sequence and, after every skill is executed, runs the routine to update
the pose of the entities in the scene and the semantic state before
passing on to the next action. After repeating the experiment from every

stable pose, it is investigated how long it takes the planner, on average,
to solve the task and whether the execution leads to a successful loading
of the part, even in the case of unforeseen changes in the environment.

The second stage of the experimental validation involves ten candi-
dates, all of whom stated none or minimal experience with robots (less
than 1 h). The users are provided with guidelines on how to interact
with the system, an overview of the task, and what is intended as a
robot skill. The experiment was conducted to evaluate the ease of use
and intuitiveness of the programming solution when deployed for a real
industrial task, assessing the following aspects:

» Test 1: The user can correctly identify the skills required for
the robot to complete the task. After receiving preliminary in-
structions, the user is asked to list the actions that must be
demonstrated. The test is considered passed if the four basic skills
depicted in Fig. 5 are correctly identified.
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Fig. 6. Measures taken for tuning the symbols to describe (a) the machine door state via the relative position between its marker and the world reference frame,
and (b) the workpiece pose via the relative orientation between the gripper tool center point and the workpiece reference frame.
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Fig. 7. Graph-like representation to show the object poses and the reorientation skills. Pose 0 is highlighted in yellow since it is the only pose from which the

workpiece can be loaded in the machine jaws.

INITIAL SEMANTIC STATE:
isAGripper(Gripper)
isAWorkpiece(Workpiece)
isAMachineDoor(MachineDoor)
isAMachineJaw(Machine]aws)
isInRelativeOrientation_16(Gripper, Workpiece)
isInRelativePosition_43(WRF, MachineDoor)

FINAL SEMANTIC STATE:
isAGripper(Gripper)
isAWorkpiece(Workpiece)
isAMachineDoor(MachineDoor)
isAMachineJaw(MachineJaws)
isInRelativeOrientation_37(Gripper, Workpiece)
isInRelativePosition_43(WRF, MachineDoor)

N

J

~

PDDL Skill Model
(:action's_25
:parameters ( ?n0 ?nl )
:precondition (and :effect (and

(isAGripper 7n0)
(isAWorkpiece ™nl)
(isInRelativeOrientation_16 ?n0 ?nl)

(isInRelativeOrientation 37 ?n0 ?nl)
(not (isInRelativeOrientation 16 ?n0 ?nl))

)

Fig. 8. Sample demonstration of the reorientation skill (s_25 in Fig. 7) to bring the workpiece from Pose 6 to Pose 1, and its corresponding symbolic encoding
in PDDL. The figure exemplifies the teaching process described in Section 3.2, as proposed by Zanchettin (2023).

11



I. Zappa et al. Engineering Applications of Artificial Intelligence 163 (2026) 112882

Fig. 9. Candidates teaching the skills by hand-guiding the robot arm.

Fig. 10. Graphs provided to the users for Test 3 (a) and Test 4 (b). The dashed arrow indicates the initial pose of the workpiece. Black arrows represent the
reorientation skills already available in the skill library. Orange and green arrows illustrate possible solutions to the respective tests: these arrows were not
included in the versions shown to the users.

» Test 2: The user can properly teach the actions required for
the task without the help of a supervisor. The user is provided
only with the general guidelines for performing a demonstration.
After the teaching phase is completed, it is assessed whether
the planner can compute an executable plan that results in the
workpiece being successfully loaded into the machine. Fig. 9
shows some snapshots from the teaching phase.

Test 3: The user can understand whether a failure is caused
by something missing in the skill library. The system has an
incomplete library that misses some reorientation actions. Fig.
10-a illustrates the situation, with the workpiece initially placed
in Pose 1 and the skills already available in the library shown
as black arrows. As can be seen from the image, without any
additional reorientation skills, the planner is unable to compute a
sequence of actions capable of loading the machine tool. The user
is asked to assess the situation by examining the graph shown in

12

Fig. 10-a, excluding the possible solutions represented by orange
arrows, and to teach one of the reorientation skills required to
bridge the two unconnected parts of the graph. It is assessed
whether the user can teach one of the skills represented by the
orange arrows, thereby leading to a successful tending of the
machine.

Test 4: The user can cope with inefficiencies in the tending
process given by an incomplete skill library. As shown in Fig.
10-b, the workpiece is initially placed in Pose 4, and the current
library, represented by the black arrows connecting the nodes,
is sufficient to execute the task but results in a longer sequence
of actions due to missing reorientation skills between poses. The
user is asked to address this inefficiency by examining the graph
shown in Fig. 10-b (excluding the possible solutions represented
by the green arrows), identifying and teaching the skills that
could reduce the sequence length. It is then assessed whether the
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Fig. 11. Optimal plan computed by the semantic planner and execution by the robot. The graph on the left shows only the part of the plan concerning the

reorientations.

Table 4
Results of the user study outlined in Section 5.2.
Test 1: Test 2: Test 3: Test 4:

Skill Segmentation Skill Teaching

Missing Skill Path Optimization

5/10 (50%) 8/10 (80%)

8/10 (80%) 7/10 (70%)

additional teaching by the candidate leads to a better solution in
terms of reduced plan length.

At the end of the experiments, the user is provided with a System
Usability Scale (SUS) Questionnaire (Brooke et al., 1996) to assess the
overall programming experience.

6. Results and discussion
6.1. First phase: Assessing symbols descriptive capabilities

The first phase of validation explores the capability of the proposed
symbols to describe complex industrial tasks. Results show that the
planner consistently computes the shortest sequence of actions to feed
the part into the machine jaws, with an average computation time of
150 ms. Plan executions achieved a 100% success rate. A sample plan
and its execution are shown in Fig. 11. These results demonstrate that
the symbols effectively capture the semantics of the skills taught by
demonstration, ensuring both reliable and optimal execution. The short
planning time, easily masked by running the planner during the robot’s
homing phase after pose estimation, enables replanning after each
action. Indeed, if the post-action scene does not match the expected
symbolic state due to execution failures or external disturbances, the
planner recomputes a new plan to recover and complete the task.
Examples of replanning are included in the accompanying video.!

6.2. Second phase: User study results

The second phase of the experimental campaign aims to assess the
system’s usability and intuitiveness by engaging ten volunteers without
expertise in robot programming. The results collected in the user study
outlined in Section 5.2, are listed in Table 4.

Results from the segmentation experiment (Test 1) show that half of
the first-time users struggled to grasp the concept of robot skills. Instead
of viewing skills as modular blocks of parameterized movements with

1 https://youtu.be/6wDCu9XEbXI
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preconditions and effects, they often defined basic motions (e.g., lifting
the object) or gripper actions (e.g., closing the gripper) as standalone
skills. Although this over-segmentation would not affect planning out-
comes, it conflicts with the experimental setup. Specifically, the in-hand
camera cannot estimate the pose once the object is grasped, preventing
semantic state updates after such actions.

Results from the teaching phase (Test 2) show that demonstrations
led to successful executions in 80% of attempts. Hand-guiding was
intuitive and accessible for first-time users. The failures were mainly
due to poorly chosen waypoints, which, when projected into the current
object reference frame, caused the robot to reach joint limits. With
more experience, such issues could likely be avoided. Nonetheless, the
results are highly satisfactory, as 80% of first-time users were able to
deploy the cobot for such a complex task.

Test 3 and Test 4 assessed the users’ ability to either overcome a
failure or optimize the process by adding skills to the library. Results
show a clear improvement from the initial segmentation test, indicating
that after the teaching phase, users were more likely to approach the
task as a composition of robot skills. Indeed, only two users failed to
teach the missing reorientation skill, and 70% understood how to speed
up the execution.

Finally, the SUS questionnaires administered to the candidates pro-
vided insights into the usability and intuitiveness of the methodology.
Fig. 12 shows the aggregate distribution of responses to the ten ques-
tions of the SUS questionnaire. The computed SUS scores for each
candidate are listed in Table 5. The average score of the questionnaires
equals 84.83/100, reaching an A grade and placing the methodology
in the 90th-95th percentile (Lewis and Sauro, 2009) of SUS scores,
indicating very high usability. In particular, 80% of the users found
this robot programming approach intuitive and easy to learn without
requiring support, as highlighted by Q3 and Q4 in Fig. 12.

7. Conclusions

This paper introduced a novel formulation of symbols to seman-
tically characterize spatial relations between entities in the robot
workspace. We address the limitations of state-of-the-art semantic PbD
interfaces, which use hand-tailored symbols to characterize the skills.
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QI: I think that I would like to use this system frequently.

Q2: I found the system unnecessarily complex.

Q3: I thought the system was easy to use.

Q4: I think that I would need the support of a technical person to be able to use this system.
Q5: 1 found the various functions in this system were well integrated.

Q6: I thought there was too much inconsistency in this system.

Q7: I would imagine that most people would learn to use this system very quickly.

Q8: I found the system very cumbersome to use.

Q9: I felt very confident using the system.

Q10: T needed to learn a lot of things before I could get going with this system.

mmm Strongly Disagree Disagree slightly Disagree
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Fig. 12. Aggregate distribution of responses from the ten candidates to the SUS questionnaire.

Table 5

SUS scores from the ten candidates.
Candidate ID #1 #2 #3 #4 #5 #6 #7 #8 #9 #10
SUS Score 76.67 91.67 88.33 81.67 81.67 81.67 80.00 85.00 86.67 95.00

These symbols only describe qualitative relations that are difficult
to generalize and lack the descriptive accuracy required for complex
tasks. We propose to retrieve the symbols from a proper partition of
the three-dimensional spaces describing relative positions and relative
orientations. The partitions can be tuned to meet the required accuracy
and can be applied to any relation of interest. The procedure guarantees
to define a set of indexable symbols that describe spatial relations in
a quantitative manner and can be grounded with low computational
efforts. We validated our symbols’ capabilities to describe all the
relevant relations of a machine tending task comprising part reorien-
tations. Results show that our symbols enable the system to properly
understand the semantics of the skills taught by demonstration, leading
to the workpiece being loaded into the machine at the end of the
execution of the plan computed by the symbolic planner. Finally, we
investigated the usability of the teaching system when applied to a
real industrial task through a series of tests involving non-expert users.
First-time users struggled to understand the concept of a task as a
composition of robot skills, with half of them failing to understand what
actions are required for the task. However, after the teaching phase,
which resulted in 80% of the users being able to deploy the cobot for
the task, the users grew confident with the programming approach and
were able to manipulate the skill library to overcome execution failures
and optimize the process.

To advance the methodology presented in this paper toward real-
world deployment, future research should focus on increasing its tech-
nology readiness level, particularly when applied to robot programming
by demonstration scenarios. More precisely, future studies can address
the development of an interface to support the user in defining the
symbols’ parameters required for the task. Indeed, in this work, we
did not investigate how easily the users can tune the symbols since
the focus was on validating the descriptive capabilities of the symbols
themselves. However, given the geometrical nature and interpretability
of the symbols, the user should be capable of assessing the location
of the entities in the workspace and defining the symbols accordingly.
We also foster the application of the methodology on factory ground,
involving operators to test the programming approach thoroughly. To
this end, more focus should be put on developing a graphical user
interface to support the teaching process and help the user interact
with the cobot. Moreover, within an industrial setting, the intuitiveness
and ease of use of the programming approach should be thoroughly
tested through both objective and subjective measures. For example,
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tracking the number of support requests from operators, counting the
interactions required before the cobot autonomously completes tasks,
and analyzing the learning curve over repeated programming sessions
with different tasks, can provide valuable insights. Additionally, assess-
ing the operator workload using tools such as the NASA-TLX (Hart and
Staveland, 1988) can further substantiate claims of ease of use.

We also propose enhancements to the symbolic description that
would relieve users from manually tuning parameters during pre-
deployment. This can be achieved by enabling the system to au-
tonomously identify relevant spatial relations and incrementally adjust
parameters throughout the teaching phase, as it observes all possible
scene transitions following skill demonstrations. Indeed, some studies
target to extract spatial symbols directly from multiple demonstrations,
without relying on a pre-coded, tunable symbol grounding framework
like the one proposed in this paper (Konidaris et al., 2018; Ahmetoglu
et al., 2022). However, such approaches conflict with the industrial
requirement of a rapid deployment of the robot. Therefore, develop-
ing methods to autonomously define relevant symbols from a single
demonstration, without limiting applicability to a narrow set of tasks,
remains a promising direction.

Finally, although this paper applies the proposed methodology to
kinesthetic Programming by Demonstration with collaborative robots,
the proposed spatial symbols have broader applicability. These symbols
can be integrated into skill programming frameworks using alternative
teaching modalities such as teleoperation, virtual reality, or obser-
vational learning. In fact, extending the approach to a diverse set
of teaching modalities can pave the way for applying the semantic
skill programming methodology to traditional industrial robots and
humanoids. Furthermore, these symbols could support other areas of
spatial reasoning, including language cue processing for defining ob-
jectives in human-robot interaction, initial and goal specification for
automated planning, and assembly quality inspection by comparing the
current and target positioning of components. In general, whenever
a symbolic representation of the system’s state requires information
about the relative poses of entities, the symbols introduced in this
paper can be particularly beneficial due to their adaptability and low
computational grounding cost. This highlights the versatility of the
proposed spatial symbolic representation beyond the specific cobot
Programming by Demonstration scenario described in this paper.
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