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Abstract

Autonomous robotic systems depend on their perception and
understanding of their environment for informed decision-
making. One of the goals of the Semantic Web is to make
knowledge on the Web machine-readable, which can sig-
nificantly aid robots by providing background knowledge,
and thereby support their understanding. In this paper, we
present a reasoning system that uses the Ontology for Robotic
Knowledge Acquisition (ORKA) to integrate the sensory data
and perception algorithms of the robot, thereby enhancing
its autonomous capabilities. This reasoning system is subse-
quently employed to retrieve and integrate information from
the Semantic Web, thereby improving the robot’s comprehen-
sion of its environment. To achieve this, the system employs
a Perceived-Entity Linking (PEL) pipeline that associates re-
gions in the sensory data of the robotic agent with concepts
in a target knowledge graph. As a use-case for the linking
process, the Perceived-Entity Typing task is used to deter-
mine the more fine-grained subclass of the perceived entities.
Specifically, we provide an analysis of the performance of dif-
ferent knowledge graph embedding methods on the task us-
ing a annotated observations and WikiData as a target knowl-
edge graph. The experiments indicate that relying on pre-
trained embedding methods results in an increased perfor-
mance when using TransE as the embedding method for the
observations of the robot. This contribution advances the field
by demonstrating the potential of integrating Semantic Web
technologies with robotic perception, thereby enabling more
nuanced and context-aware decision-making in autonomous
systems.

Introduction

Although there have been many advances in Robotics &
Al in the past decades, we are still far from having robotic
agents that possess the ability to efficiently perform a wide
range of tasks autonomously in the dynamic environment of
the real world. This ultimately limits their utility in terms
of task performance, the range of situations in which they
can be deployed, and in some cases also by compromising
the safety of the environment (Sciutti et al. 2018). Compared
to virtual Al agents, where the risk of physical damage and
injury is usually limited, the need for safe and reliable inter-
action with their surroundings is much greater in the case of
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embodied agents.

One of the reasons why the vision of capable and safe
robotic agents is still out of reach is the lack of common-
sense reasoning, and insufficient understanding of contex-
tual information. A robot can only perceive! what it has been
programmed to, either explicitly by creating some form of
world model (Besl and Jain 1985) using some perception
pipeline (e.g. computer vision algorithms), or implicitly by
reacting to the stimulus coming from the sensors (Brooks
1986). In both cases, the range of possible interpretation of
the sensory information is limited by the implicit and ex-
plicit knowledge that the agent is equipped with.

Despite the extensive availability of common-sense infor-
mation in machine-readable formats via the Semantic Web
(Antoniou et al. 2012), its application in the context of em-
bodied agents has been limited. Semantic Web databases
(i.e. large-scale knowledge graphs) such as WikiData (Vran-
decic and Krotzsch 2014), DBpedia (Auer et al. 2007) or
YAGO (Suchanek, Kasneci, and Weikum 2007) are intended
to be used by developers to provide background information
for various tasks, such as movie recommendation, retriev-
ing information on historical figures, etc.. These databases
also contain general, common-sense concepts such as phys-
ical objects and their properties, which could potentially be
utilized by robotic agents (Adamik and Schlobach 2023).

To bridge this gap, the Perceived-Entity Linking task has
been proposed, as the task of recognizing entities in the sen-
sory data of the robot, and linking the recognized entities
to a target knowledge graph (Adamik et al. 2024a). In this
paper, we focus on creating a system to support various so-
Iutions that solve the above task. We address the following
research questions:

RQI1: How can a robotic agent that is equipped with a set
of sensors associate the incoming sensory data with a cor-
responding unique identifier in a target knowledge graph?
RQ2: How can the resources in large-scale knowledge
graphs be used to improve robotic perception?

Concerning RQ1, we first introduce a robotic perception
system that uses the Ontology for Robotic Knowledge Ac-

' Although what exactly constitutes perception is not a trivial
matter, for the purposes of this work, by perception we mean the
creation of some kind of symbolic data structure.



quisition (ORKA)? to organise the perception pipeline of
robotic agents and link the perceived entities to resources
in knowledge graphs on the Semantic Web. Then, the sys-
tem is used to examine RQ2 by evaluating how state-of-
the-art graph embedding techniques perform on one type
of Perceived-Entity Linking task called the Perceived-Entity
Typing, which aims at determining the subclass of the entity
label provided by the perception system of the robotic agent.

The contribution of the paper is two-fold, as we 1) present
a modular, open-source implementation of a system® that
links robotic perception to the Semantic Web, and 2) pro-
vide an evaluation of our use-case on how state-of-the-art
knowledge graph embedding methods could be used to im-
prove robotic perception.

Related Work

Although the Semantic Web has been around for over two
decades, there is only a limited work that focuses on har-
nessing its capabilities to enhance robotic perception.

Stanton et al. (Stanton and Williams 2003) focuses on de-
scribing the RoboCup domain by using Resource Descrip-
tion Framework (RDF) to define the entities perceived by
the robot. Fischer et al. (Fischer et al. 2018) combines Wiki-
Data, WordNet, and an object detection algorithm for ac-
tion and tool recommendation. The closest related example
to our efforts is Young et al. (Young et al. 2016), which in-
troduces an object learning system that relies on DBpedia to
suggest labels for previously unseen objects. An extension
of this effort (Young et al. 2017) is a deep-learning-based
vision system where the context-based suggestions for can-
didate labels for the objects were filtered using the results of
a web-mining process. Although not relying on the Seman-
tic Web resources, notable approaches, such as RoboEarth
(Waibel et al. 2011; Tenorth et al. 2013) aimed at establish-
ing a unified knowledge-sharing platform for robotic agents.
Unfortunately since the project has been discontinued, no
implementation is available online.

Examples outside of the field of robotics where Semantic
Web is used to gather background information on physical
objects can be found in the domain of Internet of Things
(IoT). In (Rossetto et al. 2020), entities in peoples’ lifelogs
are linked to WikiData to enable semantic search. In (Wu
et al. 2017), the Semantic Web of Things are proposed to
link sensory metadata to entities in DBpedia. While this ap-
proach is similar in principle to the PEL task performed by
robotic agents, it does not take the aspect of embodiment
into account.

Lastly, some approaches have examined the concept of
multimodal entity linking, where the entities to be linked
to a target knowledge graph are contained in either im-
ages (Zhang, Li, and Yang 2021) or a combination of text
and images (Zheng et al. 2022). Although freely avail-
able multimodal entity linking databases (e.g. (Gan et al.
2021)) make the development of multimodal entity-linking
algorithms possible, all the mentioned resources focus on

>https://github.com/Dorteel/orka
3https://github.com/Dorteel/pel_ros
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celebrities, movies or tweets, and do not include common-
sense concepts that robotic agents could use.

While some of the approaches described above use Se-
mantic Web resources to improve robotic perception in some
way, our proposed method differs in that 1) we provide a
general system that facilitates the linking process and allow
for interoperability with large-scale knowledge graphs, and
2) we utilize knowledge graph embedding methods used to
refine the labels provided by the perception pipeline.

Robotic Perception Linking System

The system we propose is built on the Robotic Operating
System (ROS)* middle-ware, and comprises of three main
layers: (i) the Sensory Layer, which serves as an abstraction
layer from the physical devices to make the sensory data ac-
cessible to (ii) the Observation Layer, which in turn enriches
the sensory data with semantics and results in an observa-
tion graph describing the perceived entities. The contents of
the observation graphs are then provided to the (iii) Linking
Layer, which facilitates the matching between the observed
entities and the ones contained in the external knowledge
sources (we refer to this as Perceived-Entity Linking). The
main components of the system are outlined in Figure 1.

Sensory Layer

As a first step, the sensory information of the robot is made
available by the use of ROS publishers, which serve as an
abstraction over the low-level implementation of the sen-
sory device, and allows for the accessing of the sensory data.
The data is sent over predefined ROS topics using a specific
message type, both of which need to be defined by the en-
gineers of the system for the publishers. Both the physical
robot and the simulation environment follow the same oper-
ational structure, which allows interoperability of the differ-
ent physical and virtual systems and the Observation Layer,
independently of the implementation details.

Observation Layer

The Observation Layer enriches the sensory data with the
necessary semantics to enhance the robot’s cognitive capa-
bilities, and transforms the data into a format that could be
linked to external knowledge sources.

The main component of the layer is ORKA (Adamik et al.
2024b), the ontology built based on the Semantic Sensory
Network (SSN) and the Extensible Observation Ontology
(OBOE) alignment modules.’. As the output of sensors and
the corresponding perception algorithms that process the
sensory data do not carry any explicit meaning, the main
purpose of ORKA is to provide the necessary background
knowledge on the sensors and algorithms to allow for the
autonomous interpretation of the sensory stream. The pri-
mary classes of the ontology represent the Observations
as the result of the information processing coming from
the Sensors and their associated Procedures, which
concern Entities and their respective Observable

*https://ros.org/

Shttps://www.w3.0rg/2015/spatial/wiki/Alignment_to_OBOE.
html
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Figure 1: An overview of the proposed system with a sim-
ulated or physical robot, where first the sensory data is col-
lected and matched to the ontology, then, once enriched with
annotations from perception algorithms (annotators), the re-
sulting observation graph is linked to entities contained in
large-scale knowledge graphs.

Properties (e.g. color, shape, location). The ontology
allows for an automatic reasoning over the sensory and al-
gorithmic capabilities and the properties of the observed en-
tities.

Sensor aggregation The sensory information published
on the different ROS topics are aggregated and matched
to the sensor classes contained in ORKA. To facilitate the
matching, the required information in the ontology can be
accessed using the publishedOnTopic predicate that
stores the corresponding topic of the given sensor, whereas
the hasMessageType predicate ensures the parsing of the
correct message types.

Annotators Once the sensory data has been aggregated,
the ontology is used to overview the perception algorithms
(also called annotators) that are available to the agent. All
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annotators are present in the ontology as instances of the
Procedures class. The reasoning step over the annota-
tors is performed using a Pellet (Sirin et al. 2007) reasoner
and Semantic Web Rule Language (SWRL) rules (Horrocks
et al. 2004) to infer new knowledge about the sensory ca-
pabilities and the properties of objects®. An example of the
choosing process could be selecting the right annotator that
is capable of detecting the class required by the task at hand.

Since the target of our linking process is large-scale
knowledge graphs, ORKA also serves as an intermediary
knowledge graph that restricts the scale of the target knowl-
edge graph by focusing on the most relevant properties of
the observed entities, which are contained in ORKA.

Observation Graphs Once the sensory data of the robot
has been linked to ORKA, and enriched by annotations of
the appropriate perception algorithms, these processes result
in an instantiation of the ORKA called observation graph,
that contains the sensory data, information about the sensors
that acquired the data, as well as the algorithms, their outputs
and the characteristics of the entities about which the sen-
sors and algorithms provide information. Entities contained
in the observation graph are then selected for the Perceived-
Entity Linking process.

Linking Layer

The Linking Layer performs the Perceived-Entity Linking
between the entities in the observation graph and the re-
sources in the external knowledge bases. To aid the link-
ing process, ORKA specifies the SPARQL endpoints for
the different knowledge graphs, as well as the URI’s to
the main concepts contained in the ontology (e.g. proper-
ties of objects and labels provided by the annotators). The
current implementation of ORKA contains links to DBpe-
dia, WikiData and YAGO, using the hasDBpediaURI,
hasWikiDataURI and hasYagoURI predicates respec-
tively. The Perceived-Entity Linking process could be per-
formed either by SPARQL-based’ queries (Adamik et al.
2024a) over the entities in the knowledge graph, or by em-
ploying different link prediction methods to establish the
connection.

In the approach described in the following section, we fo-
cus on establishing the links to the subclasses of the per-
ceived entities contained in the observation graph, by em-
ploying knowledge graph embedding techniques.

Use-Case
Perceived-Entity Typing

To illustrate how the Semantic Web resources would ide-
ally extend the perception capabilities of robotic agents, we
describe the Perceived-Entity Typing (PET) task, which is
inspired by the Entity Typing problem of Natural Language
Processing (Dai and Zeng 2023). The task is to provide a
more fine-grained label based on the context of the entity,
which in the case of the system described in the previous

A complete list of the SWRL rules used is available in the
ontology repository.
"https://www.w3.org/TR/sparql11-query/
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Figure 2: An example of the simulation environment (top left), the annotated view of the robot (bottom left), and the resulting
observation graph when aggregated with the additional sensory data (right).

section is provided by the observation graph. The PET task
is performed following a traditional entity linking pipeline,
where first candidate entities are selected from the target
knowledge graph, then a sorting process ranks the candi-
dates to select the most appropriate candidate.

For example, let us consider a robot that is tasked to fetch
a mug, while its perception systems are only able to recog-
nize cups. As mugs are considered a special type of cups,
that are usually made of ceramic material or glass, and have
a handle part, the robot would need to reason about the prop-
erties of the subclasses of cups to determine which of the
observed entities belong to the more specific type of cup
named mug. To achieve this, knowledge graph emebdding
methods are deployed to translate the properties of the enti-
ties into an embedding space. Afterwards, a SPARQL query
is used to gather candidate entities by considering the sib-
ling classes of the determined label. The candidates are then
filtered based on the similarity of each candidate to the given
entity, considering the properties of the entity present in the
observation graph.

Implementation

To instantiate the system, and as a test-bed for the linking
process, we use ROS Noetic and the WeBots® robot simula-
tion environment. Although the system is designed to work

8https://cyberbotics.com/
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with both physical and simulated agents, we present here the
simulation environment, and leave the implementation of the
complete system of the physical robot to future work. The
annotators implemented are an object detector algorithm
based on YOLO (Redmon et al. 2016), a color detector, ma-
terial detector based on a Vision Transformer model (Doso-
vitskiy et al. 2020), and a structure detector capable of de-
tecting part-of relationships. An example of the sensory data
and the resulting observation graph can be seen in Figure 2.
In the current implementation, observation graphs are cre-
ated upon request, as setting the system to provide the graphs
every t time-period results in great computational overhead.
Additionally, we use ORKA'’s pre-defined links (hasWiki-
dataURI, hasDBpediaURIs etc.) to link entities identified by
the annotators to entities of the target Knowledge Graph.

This ensures that entities are correctly linked to the target
knowledge graph and thereby eliminates confounding fac-
tors for performing the PET task. Investigating how to au-
tomatically establish a link between entities in ORKA and
an existing KG is out of the scope of the current paper, but
an existing method can be found in (Adamik et al. 2024a).
To perform the matching of the observed entities to the can-
didate entities, a new embedding is formed from the part of
the observation graph concerning the properties of the en-
tity. The new embedding E, for the entity is calculated by
a weighted sum of the embeddings e of the properties that



Concept Name | Wikidata ID | TransE | SimplE | RotatE | QuatE | DistMult | ComplEx |

office chair Q1021686 0.518 0.410 0.370 0.457 0.374 0.253
wheelchair Q191931 0.515 0.440 0.417 0.485 0.415 0.306
fauteuil Q981009 0.420 0.485 0.438 0.599 0.394 0.369
wing chair Q1847455 0.354 0.395 0.316 0.387 0.347 0.260
litter Q476850 0.351 0.480 0.398 0.532 0.431 0.309
rocking chair Q14963 0.365 0.479 0.333 0.525 0.371 0.266
Bergere Q820539 0.241 0.259 0.038 0.430 0.306 0.225
electric chair Q185639 0.328 0.322 0.092 0.369 0.241 0.268
high chair Q1622390 0.349 0.454 0.319 0.577 0.385 0.317
folding chair Q1744391 0.315 0.483 0.413 0.554 0.404 0.319

Table 1: Similarity scores for the top 10 related concepts to an observation regarding an office chair (ground truth), recognised
as a chair. In this example, the observation embeddings of TransE resulted in being closest to the correct entity.

the entity possesses (e.g. label, color, shape):

n
EO: E wie§7
i=1

To achieve this step, we rely on the pre-trained knowledge
graph embedding models using GraphVite (Zhu et al. 2019),
to combine the nodes representing entities and their prop-
erties as represented in the observation graph and match to
the closest candidates selected from the target knowledge
graph. The graph embedding mdoels are trained on the Wiki-
DataSm (Wang et al. 2021) dataset.

Once the embeddings of the entities in the observation
graph have been created, the matching process starts with a
candidate generation step, where the target knowledge graph
is queried for the available subclasses corresponding to the
entity label to be identified. The SPARQL query we used to
select candidates from WikiData can be seen in Listing 1.

Listing 1: SPARQL Query used to select the top k£ subclass
candidates for the PET task from WikiData given an enti-
tyld, ordered based on the number of incoming links to the
subclass.

SELECT
?subclass ?subclassLabel
AS ?linkcount)
WHERE {
?subclass wdt:P279% wd:{entityId}.
?link ?anylink ?subclass.
SERVICE wikibase:label {bd:serviceParam
wikibase:language "en".}
GROUP BY ?subclass ?subclassLabel
ORDER BY DESC(?linkcount) LIMIT {k}

(COUNT (?1ink)

The observation embedding E,, is then used to calculate
the similarity scores to the embeddings of each of the each
candidate, and rank them accordingly..

Experiment

In this section, we focus on assessing the performance of
pre-trained knowledge graph embedding models using an
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annotated dataset of visual sensory inputs. Relying on the
distributional hypothesis as the guiding principle, the aim
of the experiment is to test whether the pre-trained embed-
ding techniques encode sufficient information to perform the
Perceived-Entity Typing task.

Experiment Setup We used the WikiData5m dataset and
manually annotated images, both from a simulation setting
and real world examples, to form a small dataset with 36 ex-
amples as ground truth with fine-grained subclass labels for
a given entity. Using a household robot as an example, the
chosen entities contained two sublasses of cups (measuring
cups and mugs), two subclasses of chairs (office chairs and
wheelchairs), and three subclasses of apples. The annota-
tions for the entities contained the labels, materials, colors,
shapes, and part-of relationships, in line with the available
annotators described earlier. The shape annotation was only
used for the apples, while the part-of annotation was used
for chairs with wheels and mugs with handles. To create dif-
ferent variations of each entity type, different colors and de-
tected materials were used.

Following a traditional entity linking-based pipeline, first
the candidate subclasses were acquired by querying Wiki-
Data. Each candidate subclass, as well as the observation
graph, was then embedded using one of the pre-trained
knowledge graph embedding methods. In this experiment,
we used the top 15 candidate labels returned from WikiData,
and filtered the results to the entities contained in Wiki-
dataSm. We compared TransE (Bordes et al. 2013), Dist-
Mult (Yang et al. 2015), ComplEx (Trouillon et al. 2016),
SimplE (Kazemi and Poole 2018), RotatE (Sun et al. 2019)
and QuatE (Zhang et al. 2019) knowledge graph embedding
methods, by calculating the cosine similarity between the
observation graph embedding and the candidates. An exam-
ple of the resulting similarity scores with an observation em-
bedding containing the annotations of an office chair, as well
as their selected candidates, can be seen in Table 1.

Results The results showed that out of the 36 examples,
TransE could determine the correct subclass in 14 of these
cases, where mugs, wheelchairs and office chairs were as-
signed the correct label. The next best performing embed-



. TransE DistMult RotatE QuatE SimplE | ComplEx

Concept Name | wd id Sample#

hits@1 hits@3 hits@5 | hits@3 hits@5 | hits@3 hits@5 | hits@3 hits@5 | hits@5 | hits@5
Mug Q386215 6 1 1 1 1 1 0.333 1 1 1 1 0.666
Measuring cup [ Q907099 3 0 0.666 1 0 0 0 0 0 0 0.666
Office chair Q1021686 9 0.222 1 1 0 0.333 0 1 0 0 0 0
Wheelchair Q191931 8 0.75 1 1 1 1 1 1 0 0 0.375 0.625
Golden Delicious | Q201996 4 0 0 1 0 0 1 1 0 0 0 0
Granny Smith Q506040 3 0 0 0 0 0 0 1 0 0 0 1
Gala apple Q494259 3 0 1 1 0 0 1 1 0.666 1 0 1
Summary: [ 36 [0389 0778 0917 [ 0389 0472 | 0472 0917 [ 0222 025 | 025 | 0472

Table 2: A summary of the results of the PET task on determining the correct subclass for the cups, chairs, and apples detected
in the 36 different observation graphs embedded using several different embedding approaches. The results show that TransE
has the highest hits@ 1 performance on the examples containing the mug, wheelchair, and office chairs. For the sake of brevity,

columns without a single hit are omitted.

ding model was RotatE, with 0.472 overall accuracy of
hits@3 and 0.917 overall accuracy of hits@35. Interestingly,
RotatE performs better with observations containing apples
than TransE, although the limited sample size for each of
the examples limits our ability to draw strong conclusions.
A summary of the results can be seen in Table 2.

Discussion

The results presented in the previous section indicated that
using TransE as embedding model yielded promising results
in our dataset. The correctly linked entities indicate that cer-
tain properties, such as the part-of relation, which both the
mugs and the office and wheelchairs contained, could be one
of the reasons for the increased performance. Another factor
contributing to the superior performance compared to other
embedding models could be the manner in which the ob-
servational embeddings were generated, as summing over
the property- and relation-embeddings align with the spe-
cific characteristics of the TransE embedding method.

Limitations

One of the main limitations of the experiment stems from
the limited symbolic descriptions of entities in the target
knowledge graph, in this case WikiDataSm. Although the
dataset contains millions of entities, its inclusion of Wiki-
Data resources describing general concepts, such as qualities
of objects or common physical objects that the robot would
need to detect, is limited. For example, the general con-
cepts related to size (wdt : Q322481) are not contained in
the dataset. Furthermore, the embedding models are trained
using WikiData and Wikipedia textual corpus. However, a
multimodal embedding model such as (Wang et al. 2019)
could exploit the sensory data and lift the limitation of rely-
ing on purely symbolic description of the observed entities,
and potentially improve the matching results.

Open Challenges

On a system level, the question of how to address the error
and noise in the sensory data and the perception algorithms,
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as well as the scalability of the system, needs to be investi-
gated. Related to PEL, unsolved challenges include the in-
tegration of environmental context involving other objects
into the embeddings, and the temporal linking of observa-
tion graphs with the entities they contain. Furthermore, some
properties of objects are irrelevant, or instance-specific, in-
stead of class-specific (i.e. most objects can have multiple
colors). Using context vectors as suggested by the use of
conceptual spaces could provide a way to prioritize certain
properties for different concepts (Adams and Raubal 2009).
The availability, completeness and safety related to the reli-
ability of the contents of Semantic Web resources is not yet
investigated. While some of these issues have been pointed
out in (Adamik and Schlobach 2023), no comprehensive
analysis of the resources is given so far.

Conclusion

In this work, we presented a reasoning system that orga-
nizes the sensory data of robotic agents based on the ORKA
ontology, and improves robotic perception with matching
the perceived entities to the Semantic Web. We described
the Perceived-Entity Typing task, which aims at improving
robotic perception, by refining the label of the entity con-
tained in the observation graph. Furthermore, we explored
the performance of pre-trained embedding models from
WikiData on these tasks. The results suggest that while some
embedding methods provide promising initial results, the
datasets should be enhanced by including more common-
sense concepts, that could be used by the robots.

As future work, we plan to implement and embed our sys-
tem in a physical robot’s perception-action loop, enabling it
to guide actions based on the observation graph. Instead of
relying on pre-trained embedding models for the Perceived-
Entity Typing task, we aim to build a database of physical
object descriptions, expecting this to improve embedding
performance.

This work presents the first attempt at introducing a sys-
tem for solving the Perceived-Entity Typing task to utilize
the Semantic Web more effectively. We invite the commu-
nity to contribute and build upon these initial results.
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