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Abstract

Combining data-driven and knowledge-based techniques is a
key research direction for developing trustworthy artificial in-
telligence (AI). Modular hybridization concepts in particular
have recently received increased attention in scholary taxon-
omization concepts, such as the so-called Boxology. At the
same time, non-modular hybrid approaches based on fusion
and duality have continued to evolve and diversify during the
last decade. Building on the canonical typology by McGarry
et al, we introduce an updated taxonomy for hybridization ap-
proaches that combine data-driven and knowledge-based Al
in a non-modular fashion. Notably, we distinguish unified and
transformational hybridization into further subcategories and
indicate current research trends in these areas. While the orig-
inal work by McGarry and colleagues was targeting solely
neural hybrid architectures, our taxonomy is not limited to
neurosymbolic techniques but also includes further hybrid ap-
proaches, such as fuzzy-based techniques. Overall, this work
seeks to stimulate critical discussion about recent develop-
ments and future directions in non-modular hybridization.

1 Introduction

Aiming to combine the complementary strengths of data-
driven and knowledge-based artificial intelligence (Al), re-
searchers have been investigating innovative strategies and
concepts to hybridize into hybrid systems since the early
1990s. While the intensity of research in this area has been
varying since, the underlying motivation of developing re-
liable, trustworthy, and effective Al systems has continued
to be attractive (Martin 2023). With the arrival of large lan-
guage models (LLMs), approaches for combining machine
learning and knowledge engineering have received partic-
ular interest among researchers as a strategy to overcome
hallucination and other limitations and challenges of LLMs
(Boer et al. 2025). Building upon a first wave of knowledge-
based AI approaches and a second wave of data-driven
Al approaches, the integration of symbolic and subsym-
bolic methods is today increasingly perceived as an emerg-
ing third wave of Al with increasing research activity (van
Harmelen 2022; Garcez and Lamb 2023).

A key design principle for such systems is the use and
re-use of Al components or modules representing specific
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functionalities (Schmid 2023b). Analogously to the emer-
gence of design patterns in software engineering (Gamma
et al. 1995), the manifold possibilities for composition and
interaction have let to comprehensive description systems,
such as the so-called Boxology (van Bekkum et al. 2021).
In the same spirit, also systems that are not primarily con-
sidered as hybrid Al have adapted the concept of integrating
complementary Al techniques. Examples for this trend com-
prise AlphaGo with a combination of Supervised Learning,
Reinforcement Learning and Tree Search (Silver et al. 2016)
as well as ChatGPT with a combination of self-supervised
learning and reinforcement learning from human feedback
(Ouyang et al. 2022). As a result, the concept of modular-
ity must today be considered a universal design principle for
complex real-world Al systems rather than a specific form of
hybridization, as was the case at the beginning of the third
wave of Al with *functional hybrids’ (Hilario 1997).

Apart from modularization, a large variety of alternative
hybridization strategies have been developed since the early
1990s. This diversity was recognized early on through de-
scriptive classification approaches (Medsker 1994; Hilario
1994) and workshops that highlighted and celebrated the va-
riety of neuro-symbolic systems (Sun and Alexandre 1997).
A basic but widely accepted taxonomy published by Mc-
Garry et al in 1999 identifies two main categories of hy-
brid neural systems next to modular hybrid systems (Mc-
Garry, Wermter, and MaclIntyre 1999): unified hybrid sys-
tems, which comprises highly integrated, or fused, comple-
mentary techniques, and transformational hybrid systems,
which may be employed in more than one way due to a cer-
tain level of inheritent duality. Here, we will built upon this
high-level classification system, extending it with subcate-
gories and including more recent techniques.

2 Related Work

Most hybridization approaches over the last 30 years have
been viewed from a neuro-symbolic perspective or at least
been referred to as neuro-symbolic. Notably, the number of
papers published using this label has significantly increased
over the last decade (Colelough and Regli 2025). This de-
velopment is reflected by a growing number of reviews and
surveys aiming to map the field (Yu et al. 2021; Besold
et al. 2021; Dash et al. 2021; Hitzler et al. 2022; Gibaut
et al. 2023; Colelough and Regli 2024; Wang, Yang, and



Wu 2024; Liang, Wang, and Tong 2025) as well as by spe-
cialized reviews and surveys addressing more specific as-
pects, such as natural language processing (Panchendrara-
jan and Zubiaga 2024), knowledge graph reasoning (Cheng
etal. 2024), semantic web (Breit et al. 2023) and knowledge-
enhanced pretrained language models (Wei et al. 2021).
Regarding a taxonomic mapping of the field, perspectives
and conclusions vary significantly in the literature, both in
breadth and depth. For example, while Medsker found a
general distinction between tightly coupled, loosley coupled
and fully integrated hybrid systems sufficent to categorize
the field (Medsker 1994) decades ago, Kautz more recently
proposed six top-level types of neuro-symbolic systems in a
widely recognized public talk (Kautz 2020).

Proposed taxonomies and categorizations differ also de-
pending on the context and intention. Focusing in neuro-
symbolic integration, Bader and Hitzler suggest to use a
three-dimensional mapping employing the categories in-
terrelation, language and usage (Bader and Hitzler 2005).
Focusing on explainable Al, integration and composition
have been proposed as top-level categories (Calegari, Ciatto,
and Omicini 2020), with further distinction into two sub-
categories for integration (Logic & Numeric vs. Logic &
Numeric & Statistic) and two subcategories for compo-
sition (Extraction vs. Injection). Focussing on combining
LLMs with knowledge representations, Colon-Hernandéz
et al. proposed to categorize such systems into three types
of so-called knowledge injections (Colon-Hernandez et al.
2021a); with the same intention, de Boer and colleagues pro-
posed to describe such systems using design patterns based
on the so-called boxology (Boer et al. 2025)

3 Classifying Non-modular
Hybrid Artificial Intelligence

While a substantial increase in research intensity on com-
bining data-driven and knowledge-based Al has lately led
to several taxonomies tailored towards specific contexts, we
see a need for a novel widely applicable general-purpose
taxonomy in this area. To this end, we propose a modern-
ized taxonomy for non-modular hybrid Al built upon the
canonical classification scheme proposed by McGarry and
colleagues (McGarry, Wermter, and Maclntyre 1999).

More specifically, we adapt the original three-category
concept by applying three major modifications:

1. Focus. We exclude modular architectures consisting of
two or more interacting but structurally independent Al
components, as we consider this a universal design con-
cept for any complex Al system and not specific to bipar-
tite combinations of one data-driven and one knowledge-
based Al technique (Schmid 2023b).

2. Scope. We extend the principles beyond hybrid neural
systems and neurosymbolic Al. Notably, hybrid systems
employing machine learning techniques other than neural
networks can be classified using this taxonomy.

3. Differentiation. We extend the foundational categories
of unified and transformational systems by introducing
an additional layer of subcategories.
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Figure 1 provides a hierarchical overview of our modern-
ized taxonomy for non-modular hybrid Al

Unified Approaches

Originally, McGarry and colleagues introduced the term
Unified Hybrid Systems for hybridization approaches in
which all processing, even functions typically implemented
through symbolic rule-based techniques, is carried out
within a neural network, making a separate symbolic mod-
ule unnecessary (McGarry, Wermter, and Maclntyre 1999).
Here, we extend this concept to foster data-driven Al, in-
cluding but not limited to neural networks, and knowledge-
based Al, including but limited to rule-based Al.

To this end, we use the term Unified Hybrid System for
approaches which allow to carry out either typical func-
tionalities of knowledge-based Al by means of data-driven
Al or typical functionality of data-driven AI by means of
knowledge-based Al In practice, the case of Unified Hybrid
Sytems based on data-driven Al aiming to implement typical
functionalities of knowledge-based AI will be the more typi-
cal case as this scenario enables continuous improvement of
the system by learning from experience, which is currently
not possible for purely knowledge-based Al.

Other than McGarry and colleagues, we further distin-
guish the category Unified Hybrid Systems into more fine-
grained subcategories. Based on key conceptual aspects as
well as taking into account the scale of research published
around the respectve concepts, we see three major subcate-
gories fitting into the scope of Unified Hybrid Systems:

o Integrative. Unified Hybrid Systems with integrative
character represent the core concept of this category
by integrating the functionality of one distinct Al tech-
nique inseparably into another algorithm or at least
within component that are not trivially separable. Clas-
sic examples for this subcategory include CONSYDERR
(Sun 1994), CHCL (Holldobler and Kurfefl 1992), and
SC-NET (Romaniuk and Hall 1993). More recent ex-
amples for this category include Neural Logic Ma-
chines (Dong et al. 2019), Logical Neural Networks
(Riegel et al. 2020), aand Constructivist Machine Learn-
ing (Schmid 2023a). Moreover, integration frameworks
without specific names have been introduced (Komen-
dantskaya 2007).

* Fuzzy-based. Unified Hybrid Systems with fuzzy-based
character combine fuzzy logic with either data-driven or
knowledge-based Al. Allowing reasoning with degrees
of truth rather than binary true/false values (Zadeh 1965),
fuzzy logic provides a powerful interface between these
two paradigms. Classic examples for this subcategory
include ANFIS (Jang 1993), NEFCLASS (Nauck and
Kruse 1996), NEFCON (Nauck and Kruse 1997), and
DENFIS (Kasabov and Song 2002). More recent exam-
ples for this category include Fuzzy Description Log-
ics (Borgwardt and Pefialoza 2017), DCNFIS (Yegane-
jou et al. 2023), NASP-T (Machot and Machot 2025),
and KANFIS (Yong et al. 2026).

* Embedding-based. Unified Hybrid Systems with
embedding-based character represent a considerably
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Figure 1: Overview of the proposed taxonomy for fusion and duality of data-driven and knowledge-based artificial intelligence.

dominant trend currently observable in the domain
of knowledge-enhanced LLMs. Classic examples for
this subcategory are approaches originating from the
domain of knowledge base completion (Wang et al.
2015; Wei et al. 2015; Rocktédschel, Singh, and Riedel
2015; Guo et al. 2016). More general examples for this
subcategory include Align, Mask, and Select (AMS) (Ye
et al. 2019), COMET (Bosselut et al. 2019), KnowBERT
(Peters et al. 2019), SemBERT (Zhang et al. 2020), and
OSCAR (Goodwin and Demner-Fushman 2019). In the
literature, such embedding-based approaches are also
often referred to as knowledge injection, which may be
further distinguished regarding whether the embedding
is injected to the LLM at input level, architecture level,
or output level (Colon-Hernandez et al. 2021b).

Transformational Approaches

Originally, McGarry and colleagues introduced the term
Transformational Hybrid Systems for hybridization ap-
proaches that provide the ability of transferring a symbolic
representation into a neural representation and vice versa
(McGarry, Wermter, and Maclntyre 1999). Here, we extend
this concept to foster data-driven Al, including but not lim-
ited to neural networks, and knowledge-based Al, including
but limited to symbolic Al

To this end, we use the term Transformational Hybrid
System for approaches that allow for a transformation be-
tween a representation form of data-driven Al, i.e. an em-
bedding, and a representation form of knowledge-based Al,
i.e. aknowledge base. In attempts to make deep learning sys-
tems more explainable, the transformation of the underly-
ing representations has gained particular attention (Zarlenga,
Shams, and Jamnik 2021; Sokol and Flach 2024).

Other than McGarry and colleagues, we further distin-
guish the category Transformational Hybrid Systems into
more fine-grained subcategories. Following commonsense
logic, such approaches may be distinguished into techniques
that allow for a one-way transformation only (for example,
from embeddings to symbols) and techniques that allow to
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transformations in both directions. To this end, we see two
major subcategories for Transformational Hybrid Systems:

* Unidirectional. Transformational Hybrid Systems with
unidirectional character represent the default approach in
this category. Classic examples for this subcategory in-
clude Tree-based Neural Nets (Ivanova and Kubat 1995)
and TREPAN (Craven and Shavlik 1995). More recent
examples include RxXNCM (Biswas et al. 2017), RENNE
(Chakraborty 2024), and DCDL (Burkhardt et al. 2021).

 Bidirectional. Transformational Hybrid Systems with
bidirectional character may to some extend be consid-
ered a niche in comparison to unidirectional approches.
However, several bidirectional approaches can be found
in the literature. Classic examples for this subcategory in-
clude MACIE (Gallant 1988), Expert Networks (Hruska
et al. 1991), Knowledge-Based Artificial Neural Net-
works (Towell and Shavlik 1994), and Knowledge-Based
Conceptual Neural Networks (Fu 2002). More recent ex-
amples for this subcategory include Logic Tensor Net-
works (Serafini and Garcez 2016) and Neural probabilis-
tic logic programming (Manhaeve et al. 2018).

4 Conclusions

With this work, we have introduced a modern taxonomy
for fusion and duality of data-driven and knowledge-based
Al This taxonomy reflects key developments of the past
decades in hybridization and overcomes inheritent limita-
tions of purely neurosymbolic taxonomies by an extended
scope, providing a general-purpose classification system of
hybrization strategies beyond modular Al architectures. At
the same time, we acknowledge that some hybridization ap-
proaches are not explicitly covered by this taxonomy, for
example in conversational learning, active dialogue-based
learning or other approaches where hybridization is under-
stood as interaction with a human actor (Srivastava, Labu-
tov, and Mitchell 2019). In future work, we aim to extend
this proposal into a full taxonomy including and reviewing
additional hybridization concepts and hybrid Al systems.
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