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Abstract

Al applications across many domains increasingly draw on an emerging paradigm that combines two comple-
mentary approaches: symbolic and sub-symbolic AL From the symbolic side, Knowledge Graphs (KGs) encode
complex domain knowledge in formal graph structures. To make this knowledge usable by sub-symbolic methods
that uncover latent patterns, KGs must first be embedded into low-dimensional vector spaces via KG Embeddings
(KGEs), which serve as a bridge between symbolic structures and vector representations and are a pivotal com-
ponent of modern Al systems. Nevertheless, a critical gap persists: how KG characteristics (e.g., expressivity)
shape KGE performance remains poorly understood. So far, KGE research has relied on a small set of benchmarks
with limited structural diversity, capping performance especially for specialized-domain KGs (e.g., medical KGs)
with distinctive properties. The DORSET project (https://dorset-project.org/) aims to address this gap from two
aspects: (1) building a systematic, experimentally grounded understanding of how KG characteristics shape
KGE performance, and (2) using these insights to advance both KGE and knowledge engineering (KE) research.
The project pursues this through iterative, cross-disciplinary collaborations between KGE and KE experts. Ex-
pected outcomes include diverse benchmarks, KG-characteristic-aware embedding methods (KGE), and new KG
engineering methodologies and tools (KE), all with broader impact on Al applications of societal value.
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1. Introduction

Knowledge Graphs (KGs) have emerged as a key representation paradigm for knowledge-intensive
domains such as biomedicine, finance, and engineering. By representing entities and their relationships
in graph structures, KGs provide a semantically rich representation for integrating heterogeneous
information and supporting reasoning and data-driven applications [1]. Knowledge Graph Embeddings
(KGEs) complement this symbolic representation by transforming entities and relations into low-
dimensional vector spaces, thereby making structured knowledge amenable to machine learning [2, 3].
KGEs support a broad range of downstream tasks, including link prediction, entity classification,
clustering, recommendation, and knowledge discovery [4, 5]. Consequently, KGEs constitute an
important bridge between symbolic and subsymbolic approaches to artificial intelligence and are
increasingly used as components of neurosymbolic (NeSy) Al systems [6].

Despite this synergy, KGs and KGEs are largely studied as separate components. KGs exhibit
substantial variation in their structural and semantic characteristics, including degree distributions,
connectivity, relation types, schema constraints, semantic richness, temporal information, and topology.
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However, KGE research has predominantly relied on a small set of widely used benchmarks, such as
FB15k, WN18RR, and YAGO3-10 [2, 7, 8, 9], which are often structurally unrealistic and biased [8, 10, 11].
As a result, it remains unclear how KG characteristics of more realistic KGs affect the performance of
different KGE methods and downstream tasks.

This limitation is particularly relevant for specialised-domain KGs, whose characteristics may differ
substantially from those of established benchmarks. Existing studies have reported effects of individual
characteristics, such as node degree or inverse relations [12], on KGE performance, but these findings
remain fragmented and are difficult to compare across datasets, models, and tasks. At the same
time, knowledge engineering (KE) methodologies rarely consider the requirements of downstream
KGE applications when constructing or adapting KGs. There is therefore a need for a systematic
understanding of the impact of KG characteristics on KGE performance and for approaches that enable
KGs and KGEs to be designed in synergy.

We argue that a deeper understanding of how KG characteristics shape KGE performance is essential
for developing effective KG-based Al systems. We envision a shift from treating KGs as fixed inputs to
embedding models towards a synergistic, profile-driven approach, in which KG characteristics, KGE
methods, and downstream tasks are considered jointly. The DORSET project (https://dorset-project.org/)
explores this vision through four complementary directions (work packages WPs): systematically
investigating how KG characteristics shape KGE performance; developing KG profiles and diverse
benchmarks; designing characteristic-aware KGE methods; and extending knowledge engineering
methodologies to construct and adapt KGs for their intended applications.

2. Related Work

An increasing body of work demonstrates that characteristics of a KG can affect KGE performance.
Several studies identify structural biases: high-degree or highly central entities tend to receive better
predictions, while low-degree entities and infrequent entity—relation pairs are harder to learn [13, 8,
14, 15]. Other work shows that semantic KG characteristics also matter. For example, hierarchy depth
affects the quality of embeddings [16], while semantic information such as lexical descriptions and
logical constructors can improve ontology embedding and prediction tasks [17]. The effects of relation
characteristics are similarly important but less consistent: inverse, duplicate, and Cartesian-product
relations can improve link-prediction [10, 12] More recent studies further indicate that the impact of
semantic information and KG characteristics can be model-dependent; for example, adding schema-level
semantics benefits some embedding models while providing marginal or even negative effects for others
[18, 19]. Beyond link prediction, such dependencies have also been observed for entity alignment,
where density, heterogeneity, and negative sampling affect performance [20].

Despite these findings, the existing evidence remains fragmented across individual KG characteristics,
KGs, KGE methods, and downstream tasks. Studies often investigate one characteristic in isolation
and use different experimental settings, making it difficult to derive general principles about which KG
characteristics matter, how they interact, and under which conditions they affect KGE performance.
Moreover, commonly used benchmarks cover only a limited portion of the structural and semantic
diversity of real-world KGs. This motivates a shift from evaluating KGE methods primarily across
KGs towards understanding their performance across KG profiles—combinations of characteristics that
capture relevant properties of a KG. DORSET builds on this emerging body of evidence to establish
a systematic and experimentally grounded understanding of the KG-KGE interaction, and to use
this understanding to inform both the development of characteristic-aware KGE methods and the
engineering of KGs for downstream applications.

3. DORSET: Objectives and Research Agenda

DORSET is based on the hypothesis that a systematic understanding of the dependencies between
KG characteristics and the performance of KGE-enabled tasks can provide the foundation for jointly
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advancing KGE and KE. Its research agenda is organised around five objectives as shown in Figure 1.

« O1: Understanding KG characteristics. DORSET will systematically investigate how structural
and semantic KG characteristics influence KGE performance across models and downstream
tasks. This combines a systematic mapping of existing research with controlled experiments on
real-world, synthetic, and systematically modified KGs.

« 02/03: KG profiling and benchmarks. Based on these findings, DORSET will develop a framework
for profiling KGs according to characteristics relevant to KGE performance and create benchmarks
covering a broader range of KG profiles. Real-world KGs from domains including biomedicine,
finance, and engineering will be complemented by synthetic and adapted KGs, enabling controlled
investigation of individual characteristics and their combinations.

+ O4: Characteristic-aware KGE methods. The resulting profiles and empirical evidence will guide
the development of KGE methods that explicitly account for relevant KG characteristics, including
topology, temporal information, schema and model heterogeneity, and latent knowledge. The
goal is not to identify a universally best embedding model, but to develop robust and scalable
approaches that are better suited to different KG profiles.

« O5: Profile-based knowledge engineering. Finally, DORSET will transfer the resulting insights
back to KE by developing methodologies and tools for constructing and adapting KGs according
to desired profiles. This includes controllable KG generation, profile-based KG adaptation, and
the use of validation constraints such as SHACL. The resulting approaches will support a cyclic
process in which KG engineering informs KGE method development, while KGE requirements
feed back into KG engineering.
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Figure 1: Overview of the work packages and objectives.

Together, these objectives establish a research loop connecting KG characteristics, KGE performance,
KG profiles, KGE development, and KG engineering. This provides a basis for moving beyond benchmark-
specific optimisation towards KG-aware and application-oriented development of embedding methods.



4. Conclusion

DORSET envisions a shift from treating KGs as static inputs to KGE methods towards jointly considering
how knowledge is represented, how it is embedded, and what downstream tasks it is intended to support.
By systematically studying KG characteristics, developing diverse benchmarks and profiling methods,
creating characteristic-aware KGE models, and feeding these insights back into KE methodologies,
DORSET aims to establish a synergistic KG-KGE research paradigm. Beyond advancing KGE and
KE, this perspective has the potential to contribute to more robust NeSy Al systems and to improve
KG-based applications in knowledge-intensive domains with high societal relevance.
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