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—— Abstract
In the past decade, both deep learning (DL) and knowledge graphs (KGs) have seen astonishing
growth and groundbreaking milestones — DL due to newly available resources (e.g., accessibility
of (modern) web scale data), previously un-scalable techniques (e.g., transformers), and modern
hardware; KGs due to successful standardization, web-scale integration, and previously un-scalable
techniques for querying and inference. This has brought new and increased interest to both fields,

and especially in how they can complement each other. This report documents the program and

the outcomes of Dagstuhl Seminar 25291 “(Actual) Neurosymbolic Al: Combining Deep Learning

and Knowledge Graphs”. This Dagstuhl Seminar brought 34 internationally recognized experts

together to examine the gap between deep learning and knowledge graphs, and architect their

integration: neurosymbolic Al.
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Run un-conference style, with merely three set presentations for topic introductions, the
participants decided on themes of discussion groups within the theme of the seminar, and
on the goal of providing a written account, found in this report, of the emerging themes,
structured into definitions, ambitions, challenges, and the state of the art. The themes that
emerged are the themes of the Breakout Group Reports found herein: Defining Neurosymbolic
Systems; Symbol Emergence; Small Data and Neurosymbolic Al; Explainable AIl; Neurosym-
bolic Al in the Age of Generative Al; Knowledge Graphs and Ontologies in Neurosymbolic
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Figure 1 A picture of the NeSy Theory cluster of topics. The specific colors do not have meaning.
The dots signify a “vote” rather than repeating a new version of the sticky.

Systems; Cognition and Neurosymbolic AIl; Benchmarks in the Neurosymbolic Ecosystem;
and Real-World Applications in Neurosymbolic Artificial Intelligence. Additional discussions
evolved around the general question of how the two major outlets for Neurosymbolic AT —
the Neurosymbolic Learning and Reasoning Conference,! and the Neurosymbolic Al journal®
— can best support the nascent community. Key drivers of both outlets were in attendance at
the seminar and have already begun to set some of the discussion results into motion.

The Seminar

Thirty-four participants were finally able to attend the seminar. We believe that the diversity
of our attendees was both fair, broad, and representative of the breadth of the fields: bridging
seniority, gender diversity, geographic location, industry vs. academia, and expertise in
neural or symbolic (or both) AI systems. But even through the variety, there were interesting
through-lines and other connections.

We began introductions through a novel experience: announcing an interesting or otherwise
memorable failure [of our own]. In particular, we were interested in “What have you tried,
that just didn’t seem to work?” This process set us on even ground: we are equal in our
setbacks, and we were there to help each other overcome them.

This seminar followed an unconference-style. This means that there was only a very
loose structure. There were only three imposed talks, given at the start of the first three
days. These talks were given by well-regarded figures (see Section 3, to give broad, deep,

! https://nesy-ai.org/
2 https://neurosymbolic-ai-journal.com/
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and historical perspectives of neurosymbolic Al. The remainder of each day was organized
into breakouts. These breakout groups were self-selected and even self-generated. After the
initial roll-call, we performed a group exercise:

We wrote down any number of topics that we wanted to tackle this week onto a sticky.

We placed the topic-sticky onto the chalkboard at the front of the seminar room.

Small dot stickers were provided for attendees to upvote specific topic-stickies.

We collectively clustered the stickies and identified a theme.
While this reliance on attendee-participation was high-risk, it was also certainly high-reward.
However, it was our intuition that the selected participants would be both amenable to this
style, but also collegiate in their collective regard for each other, allowing for open, fluid,
and vibrant discussion. Indeed, we believe that our risk paid off, and has culminated in this
report, as follows.

Overview of the Report

The report is organized into two parts. Section 3 provides the abstracts for the opening talks
of the first three days of this seminar. Section 4 contains reports that are jointly written
by each breakout group, as described above. Each report provides an overview of the topic,
addresses ambitions and challenges, and describes the state of the art.
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3 Overview of Opening Talks

For the first three days the seminar, we had an invited talk that would set the stage of

Neurosymbolic Al from different perspectives. We provide the abstracts for the latter two.

The first talk, given by Frank van Harmelen provided a conversational platform for discussing
many of the open problems that our field faces. The second talk, given by Artur d’Avila
Gartez, provided both an in-depth discussion on the technical aspects of neurosymbolic Al
and a historical perspective. Our final invited talk was given by Ute Schmid, who provided
context from the cognitive science, as well as a critical look at how knowledge engineering
(broadly defined) has underwritten the last four decades of Al research.

3.1 Neurosymbolic Al
Artur d’Avila Garcez (City — University of London, GB)
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Artificial Intelligence (AI) has become the focus of large-scale research endeavors in industry
and has changed business practice. This led to important debates around the impact of Al
on education and society. Concerns around the reliability, fairness, energy efficiency and
accountability in AT were raised by influential thinkers [1]. Many identified the need for
well-founded knowledge representation and reasoning to be added to the neural-network
approach to Al called deep learning. Neurosymbolic Al has been an active area of research
for many years seeking to do just that, bringing together robust learning in neural networks
with reasoning and symbolic computation.

It has been argued that building Al systems capable of reliable reasoning and safe and
trustworthy AI will require neurosymbolic Al systems capable of integrating sound reasoning
and deep learning (DL). Parallels have been drawn between Daniel Kahneman’s research

on human reasoning and decision making [2] and the so-called AI system 1 and system 2.

In this keynote, I review the research in neurosymbolic Al and seek to identify promising
directions and challenges for the next decade of machine learning (ML) research from the
perspective of neurosymbolic computation.

Specifically, I seek to place more than 20 years of research in the area of neurosymbolic Al
known as neural-symbolic integration [3] in the context of the recent explosion of interest and
excitement around the combination of deep learning and reasoning. I revisit early theoretical
results of fundamental relevance to shaping the latest research, such as the proof that

recurrently connected, neural networks compute the semantics of various logic formalisms [4].

I also identify bottlenecks and the most promising technical directions in my view towards
the sound representation of learning and reasoning in neural networks.

As well as pointing to the various related and promising techniques in neurosymbolic Al,
we aim to help organize some of the terminology commonly used around Al, ML and DL. DL
is now recognized as being the efficient computational mechanism upon which data-driven Al
is to be realized. ML includes DL but also other forms of machine learning such as decision
trees, and Al includes machine learning but also reasoning, planning and other abstract
cognitive processes. This distinction is important at this exciting time when AI becomes
popularized among researchers and practitioners coming from multiple areas of computer
science and from other fields altogether, psychology, cognitive science, economics, medicine,
engineering and neuroscience.
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Recent months have seen a proliferation of releases of Large Language Models by Al
companies culminating with the release of GPT5 by ChatGPT’s owner OpenAl. Following
various announcements of large-scale government and private investments in Al infrastructure,
model training and alignment, and heated debates around the safety and risks of Al such as
at the World Economic Forum, it has become clear that AI’s lack of reliability persists as
Large Language Models continue to “hallucinate”. The adoption of Agentic Al also failed to
solve the problem despite the claims of reduced hallucinations. It turns out that one bad
hallucination is sufficient to destroy trust for a long time.

A lot of the evaluation of current Al is based on benchmarking on reasoning tasks with a
rather vague definition of reasoning. Neurosymbolic Al has been studying and formalizing
reasoning in neural networks for many years [3]. Neurosymbolic Al has as a requirement
treating DL as a computational model capable of learning efficiently from data, but also of
reasoning logically from what has been learned, incorporating data and Knowledge, formally
specified, and satisfying certain verifiable system properties such as correctness.

I survey some of the prominent forms of neural-symbolic integration from the perspective
of distributed and localist representations based on the assumption that representation
precedes learning. This is possible without having to create a separation between neural and
symbolic approaches, as was the motivation of the founding fathers of Al even before the
term AI was coined (as in the case of the 1942 paper by McCulloch and Pitts, A Logical
Calculus of the Ideas Immanent in Nervous Activity, and Von Neumann’s 1952 Lectures on
Probabilistic Logics and the Synthesis of Reliable Organisms from Unreliable Components,
indicating that the gap between distributed vector representations (embeddings) and localist
symbolic representations (logic) was not as large as some might imagine. Even Alan Turing’s
1948 Intelligent Machinery introduced a type of neural network called a B-type machine).
The term Artificial Intelligence was coined ahead of the now famous Dartmouth Workshop,
New Hampshire, in 1956. Since then the field has separated into two: symbolic Al and
connectionist Al (or neural networks). I argue that this separation into two has delayed
progress.

I show how (parts of a) neural network can be coupled with symbolic descriptions with
well-defined semantics. I give examples of how propositional, first-order, modal and temporal
logic map to and from generative, encoder-decoder and recurrent networks. I illustrate the
application of the neurosymbolic cycle (instil and distil knowledge, reason formally, iterate)
in a medical diagnosis scenario. The cycle allows domain experts to explain, ask what-if
questions and if necessary intervene in the neural network. I argue that the current Chain-of-
Thought (CoT) approach to reasoning is misguided in that it tries to improve reasoning by
stepping through the input prompts, ignoring the infinite uses of finite means afforded by the
combinations of the inputs and its associated accumulation of errors. In neurosymbolic Al,
differently from CoT, knowledge is added to neural networks’ architectures or loss functions
along with a proof of network convergence to stable states. Whether the interpretation is
probabilistic or based on many-valued fuzzy logic [5], the neural network learns a probability
distribution and its symbolic counterpart provides explainability, knowledge consolidation
across multiple tasks, and even extrapolation beyond data distribution. The intended goal is
to avoid diverging results and eliminate hallucinations.

References
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3.2 A Cognitive Perspective on Neurosymbolic Al
Ute Schmid (Universitit Bamberg, DE)
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Cognitive and Al research mutually inspire each other (very much in early AI, not so much
later on, but currently with rising interest again) — giving rise to novel AI methods (e.g., in
XAI) as well as influencing cognitive theories. In the talk I first give a reminder on early work
on neural learning and symbolic machine learning focusing on relational and rule learning.
I will point out crucial differences between neural and symbolic learning with respect to
compositionality and productivity, giving illustrations with learning the recursive rule for
solving Tower of Hanoi problems and number series induction by pattern abstraction from
few examples (rather than generate-and-test). Then I will focus on interleaving implicit and
explicit learning with examples from rule-based explanations for blackbox models. T will point
out relations to explainable AI for blackbox models. I will discuss abstract visual reasoning
as a challenge problem for neurosymbolic approaches and end the talk by pointing out what
I think are core challenges for interdisciplinary NeSy research: (1) learning productive rules
by abstraction/generalization from few examples, (2) interleaving perception learning and
learning complex rules, (3) better understanding of the human inductive bias (generalize the
relevant aspects), (4) introducing meta-cognition to control and evaluate generated output
(error monitoring, faithfulness), (5) aligning human and machine learning and reasoning for
efficient joint problem solving and decision making.

4 Breakout Group Reports

In the following sections, we describe the outcomes of our Breakout Groups. For each outcome
report, we specifically ask four questions (in some variation and in some order):

1. What is it?

2. What is the ambition?

3. What are the challenges?

4. Where are we now?
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Learning Reasoning Hybrid System

. @ . Neurosymbolic System

Figure 2 Caption.

4.1 Defining Neurosymbolic Systems

Cogan Shimizu (Wright State University — Dayton, US), Annette ten Teije (VU Amsterdam,
NL), Frank van Harmelen (VU Amsterdam, NL)
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4.1.1 What are Neurosymbolic Systems?

Neurosymbolic (NeSy) systems aim to unify the strengths of connectionist approaches, such
as neural networks, with symbolic reasoning frameworks, such as knowledge graphs and
logical inference. This particular variety of hybrid system is motivated by the longstanding
observation that neither purely neural nor purely symbolic systems are sufficient to meet
the broad demands of general intelligence. While neural networks excel in perception tasks
and statistical pattern recognition, they struggle with explainability, data efficiency, and
reasoning under constraints. Conversely, symbolic systems offer strong formal guarantees,
transparency, and the capacity to integrate explicit knowledge, but are often brittle and lack
flexibility in uncertain or noisy environments. This is just one demarcation, which varies in
formality, specificity, and perspective.

4.1.1.1 Informal Demarcation

At a high level, neurosymbolic systems operate at the interface of two distinct paradigms,
often informally and conveniently characterized along dual axes:
System 1 vs. System 2: fast, unconscious, non-verbal inference (neural) versus slow,
deliberate, verbal reasoning (symbolic).
Implicit vs. Explicit: learned representations from data versus human-interpretable
rules and knowledge.
Black-box vs. Explainable/Interpretable: opaque computation versus structured
reasoning paths.

Yet, for that convenience, we do miss considerable nuance: it is not always the case
that either paradigm falls easily or directly onto either axis. Nonetheless, this demarcation
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highlights the complementary nature of neural and symbolic components and motivates their
integration. A representative description, as articulated by Gartner, defines neurosymbolic
ATl as “...a form of composite AI that combines machine learning methods and symbolic
systems (for example, knowledge graphs) to create more robust and trustworthy AI models.
This combination allows statistical patterns to be combined with explicitly defined rules and
knowledge to give Al systems the ability to better represent, reason and generalize concepts.
This approach provides a reasoning infrastructure for solving a wider range of business
problems more effectively.”

The key element in this informal demarcation is the combination of a learning component
(inferring general patterns from specific instances) and a reasoning component (inferring
specific instances from general patterns), as depicted in Figure 2. It does not necessarily hold
that the neural (symbolic) component must be the learning (reasoning) component, as there
are many ways to compose them or otherwise integrate their properties and functionality.

4.1.1.2 Demarcation & Categorization

While the informal intuition behind neurosymbolic systems is widely shared, precise demar-
cations remain contested and have changed over time [2, 12]. Key questions include:

Must the learning component be neural? (e.g., is inductive logic programming [4]
included?). This concerns the choice of the learning component, which in the figure has
the form of a neural component.

Must reasoning be symbolic in a strict logical sense? (e.g., is differentiable reasoning
[21, 13] in scope? Should LLMs be considered inherently neurosymbolic? Are deep
learning systems that solve symbolic tasks neurosymbolic?). This concerns the choice of
the reasoning component in the figure.

How tight should the coupling between the learning and the reasoning component be?
This concerns the choice of the @& operator in the figure that combines particular learning
and reasoning components at the bottom of the figure (e.g., is graph-RAG with an LLM
[15] in scope?).

What constitutes a symbol? That is, what is the boundary between symbolic and neural
knowledge?

Note that Figure 2 simplifies (for graphical reasons) a neurosymbolic architecture as the
combination of a single learning component with a single reasoning component, while in the
literature, more complex combinations have been shown to be useful [10].

Answering these questions is essential for defining the scope of neurosymbolic Al and
constructing a taxonomy of system architectures. These include variations in how knowledge
is represented in (the architecture [9]), the loss function [5]), the formalism used (fuzzy logic
[3]), or probabilistic logic [19]), and the coupling between learning and reasoning components
(tight vs. loose integration [14]).

4.1.2 What is the ambition of a theory of NeSy?

The overarching ambition of the neurosymbolic community is to understand and formalize
the design space of neurosymbolic systems. While best practices are currently grounded in
empirical insights, the field is maturing toward a more principled foundation.

This includes the development of a body of knowledge that:

Explains why certain architectural choices of components (“neural” n and “symbolic” s

in Figure 2) and operators (@) work for particular tasks or domains,
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(@ e ®)=p
J(@®OUD®)~p

Figure 3 Caption.

Identifies desirable properties (e.g., safety, robustness, efficiency, scalability, and expres-
sivity) depicted by p in Figure 3.

Enables formal reasoning about system architecture and behavior, as depicted in Figure 2
as a procedure 7 that establishes properties p given a specific neurosymbolic architecture.
Identify tasks and domains (T and D, respectively) for which neurosymbolic approaches
would be particularly suitable via 8.

In other words, a central goal is to establish a theory of neurosymbolic systems that allows
for formal specification, design, and verification. This involves defining input-output behavior,
architectural configurations, and desirable properties, and developing proof techniques that
ensure certain system properties (safety, efficiency, etc).

4.1.3 What are the challenges for a Theory of NeSy?

The fundamental challenge to a theory of NeSy is the unification of the different views on
what NeSy is into a coherent definition, which can be subsequently poured into an appropriate
formal form. Such a theory should form the basis for formalisms, methods, and tools for:
Specification: formal descriptions of functional I/O behaviour
Design: formal description of architectures that implement the specification (i.e., the
bottom layer in Figure 2).
Requirements: formal definition of desired properties (p in Figure 3).
Verification: proof methods 7 that derive whether the requirements p hold.

Tlustratively, consider a self-driving system deciding whether to stop (specification). A
symbolic constraint might enforce that safety conditions must never be violated (requirement).
Depending on how these constraints are implemented — embedded in the loss function or
enforced as a final reasoning layer (design) — guarantees may differ in strength: a loss function
may increase the likelihood of the requirement being met, but will not guarantee it, whereas
a final reasoning layer would (verification).

Such a theory of neurosymbolic systems should satisfy the following desiderata, and by
their nature, each a challenge unto themselves:

Descriptive: the theory must describe a broad family of NeSy systems.

Predictive: the theory must allow us to analytically predict (derive) properties, using

operations such as refinement, composition and abstraction, going beyond the purely

empirical observations in the current literature.

Prescriptive: such properties should form the basis for design guidelines that will for

the first time advise practitioners which architecture to use for a given set of quality

attributes.
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Compositional: the theory would have to be compositional, in the sense that any properties
p that the theory derives (7) about a particular neurosymbolic configuration should be a
function of the individual components (neural, symbolic) and the way they have been
composed ().

4.1.4 Where are we now?

Although individual systems are typically based on solid theoretical grounds (e.g., probabilistic
logic for DeepProbLog, Description Logic for Ontolearn, fuzzy logic for LTNs), theories about
the entire class of neurosymbolic systems have until now been limited to categorizations of
such systems, and have not yet had the shape of a theory as we outlined in two preceding
sections. These existing categorizations remain largely informal and only fulfill part of the
desired properties from the preceding section:

Table 1 Caption.

Desiderata [8] | [20] | [10] | [6] | [1] | [17, 16]
Descriptive + - + - - 4
Predictive - +/- | +/- 4 _ _
Prescriptive - +/- - + < _
Compositional | - - - - - +
Formal - - - + - -

Recent developments propose more formal theories of neurosymbolic systems [14, 11],
with [14] capturing one of the six patterns proposed in [8]. Although very different in nature,
a final noteworthy recent attempt is Uller [18], a Python library for neurosymbolic systems,
where (although not intended as such), the abstractions proposed in the library can be seen
as “theory” about neurosymbolic architectures.

We see all of these as important precursors for an all-encompassing theory of neurosymbolic
systems that is at the same time powerful, has broad coverage, and will be the basis for a
well-founded design practice for neurosymbolic systems.
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Figure 4 The Symbol Emergence Loop: An agent (1) observes a new concept in the environment,
tries to map to an existing symbol, (2) realises that there is a semantic gap with the current symbol
systems, and (3) decides to create a new symbol.
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deep learning and logical reasoning using a differentiable satisfiability solver. CoRR,
abs/1905.12149, 2019.
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4.2.1 What is Symbol Emergence?

This section investigates the conditions under which new symbols should be introduced in
the learning process, and how this impacts the semantics and performance of NeSy. Symbol
emergence (SE) refers to a symbol being identified from data, gaining recognition as a
discrete concept, and becoming useful for reasoning or communicating to one or more agents,
according to some pre-defined utility measure. In NeSy, symbols are objects that sit at
the boundary between neural and symbolic components, enabling the coupling of these two
systems. Symbol emergence provides the seeds for symbol grounding, enabling agents to
establish a shared vocabulary for communication.

The symbol emergence problem fills a gap in the “symbol grounding problem” [6], which
is defined as endowing agents with the means to autonomously create internal representations
that link their manipulated symbols to corresponding referents in the external world. However,
the origin of these symbols remains underspecified in the Al community.

4.2.2 What is the NeSy Ambition?

Unlike approaches where symbols are predefined, symbol emergence aims to capture how
agents can autonomously form, adapt, and communicate symbolic structures in a manner
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that is both grounded in data and useful for reasoning. To sharpen this vision, we suggest
some questions:

What are the desiderata for “good” symbols, and what processes benefit from them?

How are symbols formed, and what drives their emergence?

What are the principles according to which symbols emerge?

What are the processes that underlie symbol creation, adaptation, and forgetting?

Is a symbol sufficient or necessary for reaching the agent’s goal?
Our analytical discussion around these questions led us to formulate the GRACE?ful
NeSy ambition, a vision for neurosymbolic systems that are generative, robust, adaptable,
communicative, efficient, and explainable.

Generative (formerly Creative): Neurosymbolic systems should be capable of in-
venting new symbols whose semantics are not pre-specified by humans, thereby avoiding
human biases. Such creativity goes beyond recombination: it entails analogical reasoning
that reuses existing symbolic structures to generate novel conceptualisations. Example:
Extending the relation between “apple” and “peel” to reason about “earth” and “crust”.
Robust: Emergent symbols must remain stable across variation, noise, and context. A
robust NeSys generalises reliably, identifying symbols consistently even under changes in
environment or modality. Example: Recognising “apple” whether it appears in sunlight,
shadow, or partial occlusion, as well as if it appears in different colours, like in the image
above (red and green).

Autonomous (formerly Adaptable): Symbols should not be fixed a priori. Instead,
NeSy will continuously refine and expand its symbolic boundaries by autonomously
adapting its symbolic repertoire in response to task demands and new input. Example:
Introducing “apple” when predicting whether fruits have peels, without prior specification.
Communicative: Symbols must be transferable and composable across agents, humans,
or systems, enabling alignment and effective knowledge exchange. Therefore, NeSy will
enable knowledge alignment with other systems, agents, or humans by supporting symbols
that are appropriately abstracted. For example, a system can provide a description of an
apple in either English or French, depending on the user’s nationality with whom it is
interacting.

Efficient: Emergent symbols should decrease data requirements and computational costs
while improving reasoning. For example, a system will be able to use the (emergent)
symbol of “apple” to more quickly classify healthy meals. NeSy will benefit from operating
on Small Data, reducing reliance on labels, or increasing the efficiency of reasoning.
Explainable: Symbols should make reasoning transparent. Example: Tracing a misclas-
sification of pears as apples back to the boundaries of the symbol “apple”. NeSy will be
debugged by breaking down processes by their relevant features or sub-processes. For
example, mistakes in a prediction can be better understood by inspecting the symbol
“apple” and whether it also refers to pears.

4.2.3 What are the challenges, and how to address them?

Realizing the GRACEZ2ful ambition requires overcoming several challenges. Below, we
highlight them and relate them to the ambition via Table 2.
Criteria for Symbol Emergence. A central challenge is determining when a new
symbol should be introduced. Without clear criteria, systems risk ambiguity, redundancy,
or overly narrow symbols. The solution must balance abstraction (generalizing across
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Challenge/Property G| R|A|C|E|E
Criteria for Symbol Emergence v v v
Continuous and Efficient Induction | v/ v v
Managing Complexity v v |V
Semantic Alignment v v v
Shared World Models and ToM vV IV |V

Table 2 GRACE?-ful symbols: G — generative; R — robust; A — autonomous; C — communicative;
E — efficient ; E — explainable.

trivial variations) with sensitivity (capturing task-relevant distinctions). This challenge is

closely tied to the Generative, Autonomous, and Explainable dimensions.
FEzample: a fruit recognition system may only need “apple”, while a grocery system
must distinguish between “Fuji” and “Honeycrisp”.

Continuous and Efficient Induction. Beyond criteria, NeSy systems need mechanisms

for automatic, continuous, and efficient induction of symbols. Such processes must model

symbol semantics (relations between new and existing concepts) and remain scalable.

This connects to Generative, Autonomous, and Efficient.
Ezxample: an agent monitoring sensor streams introduces an “anomaly cluster” when
distributions shift.
Managing Complexity. Symbolic reasoning risks combinatorial explosion, where
possible symbol combinations grow unmanageably. Systems must introduce symbols that
aid efficiency through pruning or prioritisation. This challenge relates to Robustness,
Efficiency, and Explainability.
Ezxample: avoiding fruit—colour—size combinations unless task-relevant.
Semantic Alignment. Emergent symbols must be grounded in perceptual regularities
and aligned across two or more agents (who may be humans or machines). Misalignment
risks semantic drift. This ties to Robust, Communicative, and Explainable.
Ezample: one system uses “apple” only for red apples, another for all apples.
Shared World Models and Theory of Mind. Symbol emergence requires overlapping
knowledge or experiences among agents to disambiguate a novel symbol. Indeed, some

overlap in experiences is needed to disambiguate potential polysemanticity in symbols.

Yet some emergent concepts (textures, scales, properties) resist symbolic capture. This
links to Robust, Autonomous, and Communicative.
FEzxzample: two autonomous vehicles must share a compatible notion of ’obstacle’.

4.2.4 Where are we now?

Neurosymbolic systems perform symbol grounding in various ways, including fine-tuning
neural networks, clustering, human-guided mapping, or assuming a priori neural-symbolic
grounding exists. As NeSy systems incorporate SE, these grounding techniques must be
extended to support newly introduced symbols. Several explorations of symbol emergence
provide guideposts for designing SE modules in NeSy systems. In this aim, numerous research
topics in related fields can benefit NeSy. Taniguchi et al. provide a wide-ranging study of
symbol emergence across many fields and consider symbol emergence in robotics [8]. Silver
and Mitchell examine the interaction of concepts and symbols in human cognition, utilising
evidence from functional magnetic resonance imaging (fMRI) experiments. When examining
the literature in Machine Learning, Cognitive Psychology, Social Science, and related fields,
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we find a range of techniques closely connected to the problem of symbol emergence (SE).

Below, we offer a necessarily incomplete list of approaches from various domains that relate

to this issue.

Machine learning has investigated different techniques along which symbolic, sparse
or discrete representations arise, independent of possible symbolic processes (reasoning).
According to information-theoretic principles, discrete symbols arise from the balance
between minimal description length (for compression) and maximal mutual information
with the task (for expressiveness).

When learning sparse and compressed representations, guided by principles like
information bottleneck and regularisation, naturally promote the emergence of discrete,
symbol-like structures by enforcing abstraction and compactness [2, 1].
Object-centric learning aligns with symbol emergence by promoting the disentangle-
ment of scenes into discrete, compositional entities that can be referenced symbolically
(e.g., [3]).

Causal and disentangled representations aim to isolate underlying generative factors,
which are prime candidates for interpretable and symbolic abstractions [9].
Conceptual clustering partitions continuous data into discrete groups, effectively
inducing symbolic categories that can serve as building blocks for higher-level reasoning
in neurosymbolic systems. Incremental clustering extends clustering methods to cope
with data streams that require cluster update (extension/contraction) depending on the
data coming in.

Structure learning in the form of program induction or predicate invention (as in
Inductive Logic programming) directly engages with symbolic representations, formalizing
the emergence of new symbols and relations from data. Symbols can emerge through
interaction with humans or other agents, as shared meanings are gradually negotiated
and grounded in communicative behaviour and mutual experience [4, 7].
Architectural biases in machine learning models, such as discrete relaxations (Gumbel-
softmax [3]) or sparsity constraints, encourage neural models to adopt symbolic-like
behavior, facilitating differentiable approximations of symbolic reasoning.
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4.3.1 What is it?

This section assumes NeSy systems applied to supervised machine learning. In this setting,
the systems are provided with a set of training data items D C X x Y, where X is drawn
from the set of all possible inputs U, and Y is the corresponding output. The systems
then aim to approximate an optimal target function f : U — Y by learning f U =Y.
The performance of f is finally measured in terms of bounded performance measures such
as accuracy, F-measure, mean reciprocal rank, and hits@n. Within supervised machine
learning, small data is commonly understood in terms of limited training data in terms
of size [7, 26, 60] or statistical moments prior to training [57]. While other definitions
related to data models are also found in the literature [58, 48], these go beyond the scope of
this section.

The first interpretation of small data is often seen as a counterpart to the large amount of
data needed to train deep learning systems. For example, transformer-based large language
models are routinely trained with > 10'2 tokens before being aligned using thousands of
annotated data samples [8]. Given that the provision of such samples is often costly, the
ability of systems to achieve high performance after having been trained on limited magnitude
data sets D is aimed at reducing annotation time and costs, training time, and even improving
energy efficiency. The second definition of small data is correlated with — but not equivalent
to — the first one and refers to data with a small data statistic T' (e.g., entropy) in comparison
to the dimensionality of the problem [57]. This definition equates to regarding data as small if
the distribution of samples within or across classes is skewed with respect to some statistical
moment (e.g., frequency, standard deviation). Such limitations are predominant when data
annotation costs are high (for example, in medicine, where image annotation costs can reach
$50 USD/image) or when data availability is limited before training (e.g., when building
industrial plants).
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4.3.2 What is the NeSy Ambition?

NeSy systems seem particularly well suited for being trained with small data (according to
both meanings of the term) as they promise to address a key limitation of purely data-driven
systems: to limit their dependence on training data to discriminate across instance-class
pairs by an explicit use of symbolic (and subsymbolic) background knowledge. Specifically,
NeSy Al aims to support small-data learning, reasoning, and evaluation. First, NeSy Al aims
to learn generalizable features from the data, including implicit features captured in
the subsymbolic space (e.g., prototype neurons [22]), concepts (e.g., learning with less than
10 samples for classification tasks [10, 46, 37, 13]), and explicit symbolic features that are
meaningful to humans (e.g., using object parts to recognize sketches in computer vision [9]).
Meaningful decision-making requires that the features in the symbolic and subsymbolic space
(i.e., neurons and symbols) should be at least alignable [50, 43]. Second, NeSy AI promises
to enable knowledge-enriched explicit symbolic reasoning over the derived symbolic
features. Since small data is, in general, unlikely to be sufficient for models to learn how to
solve the task at hand, abstracting to symbols provides an opportunity for symbolic reasoning
and the incorporation of contextual commonsense and causal knowledge [28]. Third, NeSy
AT aims to develop principled procedures for evaluating small data use cases. NeSy
frameworks can provide meaningful auditing of systems in line with quality attributes [56].
The focus on symbolic representations enables the adoption and adaptation of cognitive
mechanisms, such as prototypes, analogy, and rule learning, for benchmarking purposes [29)].
Carefully designed human intelligence tests have already inspired a long list of AI benchmarks,
such as those in abstract visual reasoning [24, 40]. Conversely, the strong link of NeSy to
machine learning enables the introduction of statistical methods that can support meaningful
evaluation, such as sampling methods that derive subsets from existing datasets that fit
specific statistical properties and possibly simulate long-tail phenomena [47].

Drawing on SotA methods for learning, reasoning, and evaluation makes the NeSy
methods a promising fit for a variety of applications where data collection may be
laborious, expensive, or dangerous. This is apparent for sensitive applications where
data collection can be challenging and potentially dangerous to one’s health, like medical
trials [1, 12]; applications with privacy, security, and ethics concerns like molecular science [15];
and applications where the high cost of error hinders large-scale data acquisition, such as
autonomous driving [21, 27]. More broadly, NeSy methods aim to support any task in
domains with high irregularities that heavily rely on causal and what-if reasoning, such as
traffic [59] and ecology [54] domains. Advancements in learning, reasoning, and evaluation in
NeSy methods can improve data efficiency, interpretability, and safety in robotic domains,
especially for tasks that require embodied decision-making and structured planning from
limited demonstrations [55].

4.3.3 What are the challenges and their mitigations?

When working with small datasets, a fundamental challenge arises from their limited depth
and breadth. Small data often fails to capture the full range of possible variations and
alternative perspectives in a domain. For example, clinical trial data may have some variability
within a cohort, it is unlikely that the data set is representative of the demographic diversity,
potential side effects, or rare complications. As these datasets cannot be easily extended to
include what is missing, injecting background knowledge can help bridge gaps and enrich the
dataset with relevant contextual information that is otherwise unavailable. However, this
process underscores the necessity of adequate abstractions that preserve essential patterns
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while generalizing beyond the sparse data available. Without careful abstraction, the utility
of both the limited dataset and the supplementary knowledge may be diminished. Key
challenges are applying the most appropriate abstraction, the need to incorporate
discrete and continuous representations (e.g., knowledge graphs into neural networks),
and ensuring trustworthy background knowledge (e.g., using provenance to compensate
for absent or underrepresented aspects of the data).

Various NeSy methods offer a trade-off between the richness of prior knowledge and
the burden of integrating it (§4.3.4). Prototypes are an approach to abstraction, with a
question of where they come from: they can be specified by experts, which is relatively
cheap, or learned from data, which requires sufficient coverage and well-structured input.
Class hierarchies can guide the learning of prototypes [22], but it remains uncertain how
well these approaches perform under truly small data constraints. Ontology building through
middle-out approaches [44, 53, 5, 42, 49, 25], where the class definition is refined to cover
some sample data that domain experts provide, may enable prototype learning and support
flexible abstraction. While case-based reasoning can generalize to training data samples, a key
challenge is representing the cases at the right level of granularity /abstraction and devising
a corresponding similarity metric [23]. Causal relationships can inform generalization in new
situations, such as using drug side effects data to infer multiple drug-drug interactions. While
causal knowledge injection has strong generalization power, especially for counterfactual or
rare-event reasoning, causal knowledge is challenging to obtain and validate, requiring strong
assumptions. Across the approaches, a clear regularity emerges: to compensate for limited
labeled data, we inject additional knowledge into the learning process, whether in the form
of abstractions, background knowledge, prototypes, cases, or constraints, which invariably
carry costs: acquiring knowledge, representing it effectively, and ensuring its relevance are
non-trivial challenges.

Another increasingly recognized challenge concerns evaluation. Conventional performance
metrics, such as accuracy, precision, recall, and Fj score, enable well-understood ground
for comparison, but do not account for data size and can lead to misleading assessments
of model reliability in low-resource settings. In the context of NeSy systems, this issue
is particularly significant given the interplay between symbolic reasoning and statistical
learning. To address this, there is a growing need for evaluation metrics that explicitly
consider the size and distributional characteristics of the training data. These
might include data-aware performance bounds, sample-efficiency metrics, or metrics that
incorporate statistical moments. However, while performance-related metrics are relatively
well-established, other vital properties of NeSy systems, such as safety, robustness,
and explainability, remain challenging to quantify. Existing proxy measures for
explainability (e.g., fidelity, sparsity, or concept alignment) are still far from standardized
and often fail to capture user-centered or domain-specific needs [2]. Similarly, there is a lack
of principled and widely adopted metrics for evaluating the safety of model outputs,
particularly in distribution shift or in high-stakes decision-making contexts. Developing
rigorous, interpretable, and context-sensitive metrics for these properties remains an open
and pressing challenge in the field.

4.3.4 Where are we now?

NeSy Al approaches have shown promise in learning generalizable features, reasoning over
them using knowledge-enriched symbolic methods, and enabling principled evaluation tailored
to these capabilities. The integration of symbolic structures (e.g., logic rules, background
knowledge, compositional constraints) into neural learning processes can enhance the inherent
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semantics of limited or redundant data. Structured priors help constrain the hypothesis
space, guide generalization, and support abstraction, all of which are critical in data-scarce
and low-diversity settings. We review SotA benchmarks and methods next.

4.3.4.1 Benchmark Datasets and Tasks for Small Data

Benchmarks are essential to evaluate and drive progress in NeSy methods, especially under

small-data or low-diversity conditions. Notable examples include:

1. Abstract visual reasoning benchmarks [24, 40]

a. Abstraction and Reasoning Corpus (ARC) [11]: ARC focuses on abstract patterns and
limited training sets. As such, ARC poses challenges that naturally align with NeSy
approaches due to its emphasis on compositionality and generalization from minimal
data.

b. Raven’s Progressive Matrices (RPMs) [45, 3] test abstract visual reasoning through
matrix pattern completion and has been widely adopted to study systematic gener-
alization. NeSy methods excel here by incorporating explicit relational and logical
reasoning.

c. Bongard Problems [6]: Classic tests of concept learning and analogical reasoning,
Bongard problems require understanding subtle, often symbolic, distinctions from very
few examples, making them a canonical challenge for neurosymbolic Al

d. MARVEL [31]: designed to generalize abstract visual reasoning tasks and to separate
perception and inference explicitly. MARVEL tests the ability to learn from limited
visual data while leveraging symbolic reasoning modules.

2. Sketch recognition tasks [39, 18]: While sometimes debated as a small-data problem,
sketch recognition benchmarks involving human-like sparse sketches can require efficient
abstraction and symbolic interpretation.

3. Concept learning benchmarks [35]: Tasks that test the ability to learn symbolic
concepts from few examples, often requiring compositional generalization and abstraction
capabilities.

4. Lateral thinking puzzles [30, 34]: Tasks that test the ability of models to overwrite
commonsense associations, by the virtue of adequate abstractions in textual brain teasers
and multimodal rebus puzzles.

5. Structural analogies [52, 4] are important drivers of knowledge transfer in humans.
Recent work has introduced benchmarks for analogies in structures, specifically in images
and stories, inspired by cognitive science theories of analogy like structural mapping [20].

4.3.4.2 Methods for Small Data Scenarios

In both small and low-diversity data regimes, symbolic structures serve as a form of semantic

injection: providing constraints, abstractions, or prior knowledge that compensates for the

limitations of the raw data. Several promising categories of NeSy methods that inject

symbolic structures have emerged (summarized in Table 3):

1. Inductive logic programming (ILP) and differentiable reasoning: Differentiable
ILP frameworks and neural theorem-provers can learn logical rules from limited datasets,
particularly when symbolic background knowledge is encoded [17]. These systems benefit
from structured search spaces and gradient-based learning to optimize over logical rules.

2. Transfer learning in symbolic contexts: In transfer learning, neural networks pre-
trained on large corpora are fine-tuned with limited task-specific data. Systems such as
DeepProbLog [41] integrate neural predicates into logic programs, allowing gradients to
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flow through symbolic reasoning pipelines. Domain-adversarial training [19] can further
enhance generalization when no labeled data are available in the target domain.
Prototype-based learning and concept bottlenecks: Few-shot models such as
Prototypical Networks [51] summarize each class with a prototype in latent space. When
guided by symbolic descriptors (e.g., logic-derived attributes), they enforce structure
and boost generalization. Similarly, Concept Bottleneck Models [33] use human-defined
concepts to align internal representations, reducing sample complexity and improving
interpretability, especially with low-diversity data.

Neurosymbolic case-based reasoning (CBR) systems combine neural encoders with
symbolic memory or prototype mechanisms [38]. By comparing new inputs with stored
prototypes or cases, they improve generalization from few or homogeneous examples, often
using auto-encoders or prototype networks to learn structured latent representations.
Knowledge injection and logic-based regularization: Models like Logic Tensor
Networks (LTNs) [14] and DeepProbLog [41] integrate logical constraints and knowledge
bases into learning objectives, while others inject background knowledge to guide em-
bedding representations [16] or adapt LLMs [28]. These priors regularize training and
improve robustness under data sparsity or low variability.

Causal and compositional generalization: NeSy models increasingly target abstract
reasoning, compositionality, and causality, which are key capacities for robust generaliza-
tion from limited or redundant data [36]. Structural inductive biases (e.g., causal graphs,
symbolic decompositions) enhance learning efficiency in such regimes. Entailment trees,
that may be modeled as belief graphs [32], further support learning under small-data
conditions by enforcing consistency and structure in reasoning. By explicitly modeling in-
ferential dependencies between symbolic statements, they enable the system to generalize
from sparse evidence through accurate, compositional inference.

References

1

Scott Askin, Denis Burkhalter, Gilda Calado, and Samar El Dakrouni. Artificial intelligence
applied to clinical trials: opportunities and challenges. Health and technology, 13(2):203-213,
2023.

Roberto Barile, Claudia d’Amato, and Nicola Fanizzi. Lp-dixit: Evaluating explanations
for link predictions on knowledge graphs using large language models. In Proceedings of the
ACM on Web Conference 2025, pages 4034-4042, 2025.

David G T Barrett, Felix Hill, Adam Santoro, Ari S Morcos, and Timothy Lillicrap.
Measuring abstract reasoning in neural networks. International Conference on Machine
Learning (ICML), 2018.

Yonatan Bitton, Ron Yosef, Eliyahu Strugo, Dafna Shahaf, Roy Schwartz, and Gabriel
Stanovsky. VASR: visual analogies of situation recognition. In Proceedings of the Thirty-
Seventh AAAI Conference on Artificial Intelligence and Thirty-Fifth Conference on In-
novative Applications of Artificial Intelligence and Thirteenth Symposium on Educational
Advances in Artificial Intelligence, AAAT23/TAAT'23/EAAT23. AAAI Press, 2023.

Eva Blomqvist, Karl Hammar, and Valentina Presutti. Engineering ontologies with patterns—
the extreme design methodology. In Ontology Engineering with Ontology Design Patterns,
pages 23-50. IOS Press, 2016.

M. M. Bongard. Pattern Recognition. Herzen State Pedagogical Institute, 1970.

Lorenzo Brigato and Luca Iocchi. A close look at deep learning with small data. In 2020
25th international conference on pattern recognition (ICPR), pages 2490-2497. IEEE, 2021.
Shreyas Chaudhari, Pranjal Aggarwal, Vishvak Murahari, Tanmay Rajpurohit, Ashwin
Kalyan, Karthik Narasimhan, Ameet Deshpande, and Bruno Castro da Silva. R1hf deciphered:

73

25291



74

25291 — (Actual) Neurosymbolic Al

Table 3 Expanded summary of NeSy approaches and their mechanisms for learning from small

data.
Approach ‘ Symbolic Component ‘ Neural Component Small Data Advantage
1. Inductive Logic Programming (ILP) and Differentiable Reasoning

Inductive Logical rules, background | Differentiable rule scoring, | Reduces hypothesis space
Logic Program- | knowledge, Prolog-style | logic unfolding via neural | and enables rule induction
ming (ILP) programs models from few examples
Differentiable Soft logic operators, logic | End-to-end differentiable | Enables gradient-based
ILP / Neural | programs optimization over rule | learning of logical
Theorem Prov- space structures under weak
ing supervision

Logic Tensor | First-order logic rules | Neural networks trained | Encodes symbolic priors
Networks translated into differen- | under logic-derived loss | as soft constraints, im-
(LTN) / | tiable constraints terms proving sample efficiency
Logic-Based
Regularization

2. Transfer and Probabilistic Logic Models
DeepProblLog Probabilistic logic pro- | Neural modules embedded | Allows few-shot or zero-

/ NeSy Proba-
bilistic Logic

grams with symbolic pred-
icates and rules

as learnable predicates

shot learning by leverag-
ing symbolic logic during
training and inference

Domain Adap-
tation / Trans-
fer  Learning
with Symbolic
Regularization

Source-target mappings,
task-level symbolic struc-
ture

Domain-invariant neural
representations, often ad-
versarially trained

Transfers pretrained
knowledge with minimal
labeled target data by
aligning feature spaces

3. Prototype an

d Concept-Based Models

Prototype Net-
works

Optionally logic-guided
feature selection, proto-
type semantics

Latent space embedding
and prototype-based met-
ric learning

Learns class-specific pro-
totypes that support gen-
eralization from few la-
beled examples

Concept  Bot-
tleneck Models
(CBM)

Concept taxonomy or
human-annotated concept
space

Neural concept predictors
with interpretable bottle-
necks

Supervizes intermediate
representations, improv-
ing generalization and in-

terpretability
Neurosymbolic | Symbolic case library or | Neural encoder-decoder or | Enables retrieval-based
Case-Based prototype memory, simi- | autoencoder with proto- | generalization and re-
Reasoning larity metrics type layer construction from small
(CBR) training sets

4. Program Synthesis and Neuro-Guided Search

Program Syn-

Domain-specific language

Neural models that guide

Solves tasks with few I/0O

thesis (e.g., | (DSL), symbolic gram- | search or program induc- | examples by learning effi-
DeepCoder, mars, type constraints tion cient symbolic programs
DreamCoder)

5. Causal and Compositional Generalization
Causal and | Causal graphs, composi- | Modular neural architec- | Supports abstraction and
Compositional | tional rule structures, ab- | tures or neural-symbolic | robust generalization un-
Reasoning stract hierarchies hybrids der distributional shifts or

Models

novel combinations
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4.4.1 What is Explainable Al?

Explainable AI (XAI) [9, 27, 1, 5, 20, 25, 26, 2] aims to communicate information about an
AT system that can help to understand or assess validity of system output. The need for
XAI arrives out of the fact that Al systems such as those based purely on deep learning
are often “black boxes” with obscure internal mechanisms that do not readily allow for an
understanding how certain inputs lead to certain outputs.

Explanations in XAI can be characterized along several interrelated dimensions, each
shaping the nature of the explanation, its integration with the underlying model, and its
utility for various stakeholders. While these dimensions are not entirely independent, they
offer a valuable conceptual framework for the design of explanation techniques. One critical
consideration is the purpose of the explanation (see e.g., [6]) — whether it is intended to expose
the internal structure and operation of the model, to support debugging and refinement,
to justify or validate model outputs in a way that fosters trust and confidence, or to offer
insights into the underlying data-generating process or real-world phenomena.

The form that an explanation takes may also vary, ranging from machine-readable outputs
that enable model introspection, comparison, or reasoning, to human-interpretable formats
such as visualizations (e.g., heatmaps or causal graphs) or natural language descriptions.
The intended audience further shapes the design of an explanation, which might be tailored
for domain experts, lay users, model developers, automated agents, or regulatory bodies.
Additionally, explanations may differ in their relationship to the model itself: some systems
are explicitly designed to produce inherently interpretable outputs [11, 22], while others rely
on post-hoc techniques to extract explanations from otherwise opaque reasoning processes
[8, 28, 7, 12, 18, 17, 16]. Finally, explanations may convey meaning at varying levels of
abstraction. While low-level, granular accounts (e.g., visualizations of activation patterns or
weight dynamics) can offer insight into the internal mechanics of a model, more meaningful
and actionable explanations often emerge at higher levels of abstraction (see also Section 4.2).
This is analogous to thermodynamics, where macroscopic properties like temperature and
pressure provide more interpretable and practically relevant information than the exhaustive
specification of each particle’s motion and energy.

4.4.2 What is the NeSy Ambition?

Logic-based Al systems are inherently explainable to some extent, e.g., they allow for the
examination of reasoning chains (like proof trees), identification of key facts influencing
outputs (like abductive reasoning), and the tracing of conclusions back to foundational
assumptions (such as whether the system operates under an open or closed world view).
Neurosymbolic Al systems that are hybrid (i.e., consist of coupled neural and symbolic
systems) are therefore inherently partially explainable because their symbolic components
are.
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In contrast, post-hoc explanation methods are used after an Al system (say, one based
on deep learning) has been trained. Neurosymbolic post-hoc methods typically produce
a set of logical axioms that may (partially) capture the network’s input-output behavior,
and/or internal activation propagation (say, in the form of logical rules [28, 7], and/or labels
for hidden node activation patterns (say, as description logic concepts [8]). The resulting
logical axioms can then be used for additional reasoning or analysis, such as detecting
contradictions, exploring inference paths, model improvements, bias detection, or verifying
assumptions, ultimately improving quality of output and trust in the system, for the end user
or within collaborative human-AT teaming efforts [14]. Explanations that take hidden node
activations and their propagation into account can also help ground the explanation in the
actual run-time mechanics of the neural model, increasing trust and interpretability. Post-hoc
explanations can also bring in implicit knowledge that is not part of the task input [13].

Neurosymbolic explainability can enable domain experts — like a biochemist — to under-
stand underlying mechanisms, such as identifying biomarkers for a disease. Through its use
of logic-based knowledge representation, it also opens up XAI to to full power and versatility
of formal semantics. As such, neurosymbolic approaches to XAl can also draw from external
knowledge in order to provide independently verifiable evidence for Al claims in responses;
a possible pathway to establish external validity of post-hoc rationalizations. Ultimately,
hybrid NeSy supports not just explainable models, but systems that invite deeper human
understanding and interaction.

4.4.3 What are the challenges?

There are several challenges to fulfilling the NeSy ambition that are rooted in the overarching
challenges of explainability [23] but are tied to the particulars of NeSy.

One major issue lies in ensuring the actual usefulness of explanations [4]: while NeSy
methods are able to generate explanations that are both faithful to the model’s output and
coherent with the knowledge model, they may not serve the user’s needs or context. In
fact, current research in explainable AI has faced criticism for being driven by researchers’
assumptions rather than the actual needs of end users, often overlooking who the explanations
are truly for [23]. As a result, there is growing momentum toward adopting a human-centered
approach in XAl to ensure explanations are meaningful and tailored to specific stakeholders
20, 21].

This misalignment often stems from mismatched expectations around explanatory depth,
abstraction level, and complexity — users may receive explanations that are either too general
to be informative, too detailed, or too large to be understandable. Balancing depth and
simplicity becomes crucial, particularly as different users (e.g., experts vs. laypersons) require
different levels of abstraction. A clear example would be an explanation that lacks relevance,
e.g., when explaining a specific drug recommendation (e.g., sunitinib®) for a cancer patient,
a faithful, coherent, and useless explanation would be (patient -has— cancer -is treated
by— anti-cancer drugs < is a - sunitinib). This explanation does not afford sufficient
explanatory depth to fulfill the purpose of validating the recommendation and supporting a
medical decision. On the other hand, explanations at a similar abstraction level may not
serve the specific user’s purpose. For example, while the following could be an appropriate
explanation targeting a medical doctor: patient -has-diagnosis— clear cell renal carcinoma
-has-guideline-treatment— sunitinib; it would not suit the purposes of a drug development
researcher, who likely requires an explanation focusing on the molecular mechanisms.

3 https://en.wikipedia.org/wiki/Sunitinib
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In turn, this also introduces the challenge of the intelligibility of an explanation, i.e., a
symbolic explanation may be faithful, coherent, and relevant, but not be comprehensible to
the user. Symbolic reasoning chains are indeed not automatically intelligible; translating
them into a communicable format (be it natural language or a diagram, etc) that reflects
human explanatory norms is challenging, particularly if the symbols do not map intuitively
to a user’s understanding (re. symbol grounding problem).

Additional challenges are introduced by the incompleteness or outdatedness of the
knowledge model [4]. When domain knowledge evolves quickly, explanations might lag
behind, giving rise to temporal drift/timeliness by relying on obsolete or potentially incorrect
information. Moreover, NeSy explanations should be able to gracefully manage the tension
between adhering to established knowledge and incorporating novel patterns that contradict
it, to reveal new insights, supporting an unconfined exploration/dynamic-scoped exploration.

NeSy explainability also faces the transversal issue of scalability. As the knowledge base
grows or the domain evolves rapidly — as in healthcare or finance — maintaining timely,
relevant, and accurate explanations becomes increasingly difficult. Real-time symbolic
reasoning is computationally intensive, especially when personalized or context-sensitive
explanations are required. In dynamic domains, outdated knowledge can lead to stale or
misleading explanations unless the system can adapt to temporal changes. Furthermore, as
NeSy systems are deployed more broadly, they must support a diverse range of users with
different informational needs and levels of expertise. This necessitates scalable user modeling
and context-aware explanation strategies. Ultimately, the promise of NeSy explainability
hinges not just on fidelity to reasoning processes, but on the system’s ability to communicate
those processes effectively and adaptively to humans.

In order to make progress on XAlI, concerted benchmarking and evaluation efforts are also
required, that should take the above mentioned aspects into account. At this point in time
high-quality benchmarks remain to be established for this purpose (see also Section 4.8).

4.4.4 Where are we now?

Research into neurosymbolic explainable AI within hybrid neurosymbolic systems is underway,
with promising early work across several key areas [11, 22, 8, 28, 7, 12, 14, 4, 15, 10, 3, 24,
5, 19]), some of which we already touched upon above. However the state of the field is
clearly still exploratory, in that a multitude of methods is currently being proposed and tried
out. And while individual approaches show promise, they need to be rigorously validated,
better integrated into coherent systems, and evaluated through strong proof-of-concept
implementations. Crucially, future work must demonstrate how these approaches enhance
decision quality and foster user trust.
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4.5.1 What is GeNeSy Al?

Generative AT (GenAl) refers to Al systems, typically based on large-scale neural networks,
that can generate new content such as natural language text, images, or code based on
patterns learned from existing data. While the generation of natural language text remains
the most well-known application, the scope of GenAl is much broader [47]. Typical symbolic
outputs that can be produced by GenAl methods include code, formal problem specifications,
structured data like graphs, tabular data, machine-readable semantic representations, logical
rules and constraints (e.g., SHACL, OWL, FOL), etc. Thus, GenAl has great potential
for addressing the modeling and knowledge acquisition bottleneck of symbolic Al (see
Section 4.2).

4.5.1.1 GenAl Development Pipeline

A structured approach to GenAl development can be broken down into several key stages
that build upon one another. It begins with data preparation, which involves sourcing,
cleaning, and transforming data to create high-quality inputs for training or fine-tuning.
This data may come from internal databases, third-party sources, or user-generated content.
Feature engineering plays a crucial role here, helping to extract meaningful patterns while
eliminating irrelevant or noisy information to ensure the model learns from the most accurate
data available.

Following this, the model training phase involves developing a base generative model,
either from scratch or by initializing an existing model architecture. Using large-scale datasets,
the model learns to capture general patterns in multimodal data. This step typically requires
extensive computing resources and represents the core of the model development process.

Once the base model is established, it is fine-tuned and customized using domain-
specific or task-specific data. This tailoring process may involve supervised fine-tuning,
domain adaptation, instruction tuning, or parameter-efficient techniques such as Low-Rank
Adaptation, all aimed at improving the model’s relevance, accuracy, and safety in real-world
applications.

With a fine-tuned model, attention shifts to prompting and output control. Prompts
are carefully engineered to guide the model’s responses, using techniques such as zero-shot,
few-shot, or chain-of-thought prompting. Sampling parameters like temperature, top-k, and
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Figure 5 Illustration of a NeSy Al system, where a neural component is instantiated with the
GenAl method; we refer to the resulting system as GeNeSy Al. Integration of symbolic representations,
e.g., KGs, propositional formulas (SAT), answer set programs (ASP), satisfiability modular theories
(SMT), etc. and the respective reasoning methods can be exploited at different stages of the GenAl
development pipeline.

top-p are adjusted to manage the diversity and coherence of outputs. In the post-generation
phase, outputs may undergo filtering to remove hallucinations or irrelevant content using
rules, classifiers, or moderation APIs. Additional steps like re-ranking help to ensure that
the most appropriate response is selected.

Finally, the feedback and optimization stage focuses on improving the model over time.
Feedback is gathered through user interactions, surveys, or manual reviews to identify and
address weaknesses such as bias or factual inaccuracies. This input can lead to prompt
revisions, sampling tweaks, or further fine-tuning. Reinforcement learning techniques, such
as Reinforcement Learning from Human Feedback (RLHF), may also be applied to better
align model outputs with human preferences or task requirements.

Once development is complete, the model is deployed and integrated into applications
and workflows. Post-deployment monitoring and adjustments are essential to ensure ongoing
safety, reliability, and alignment with intended use.

4.5.1.2 GeNeSy Al as a Variation of NeSy Al

When it comes to NeSy Al systems in the context of GenAl, naturally the neural (learned)
component of a NeSy Al system corresponds to the GenAl method itself, while the symbolic
component can take various forms, such as ontologies, Knowledge Graphs (KGs), logical
constraints or rules, structured schemas, or grammars (see Section 4.1). At multiple stages
of the GenAl development pipeline described in Section 4.5.1.1, symbolic structures and
reasoning systems can be integrated, enhancing the capabilities and reliability of generative
models. We illustrate this point in Figure 1, and discuss possible integration strategies in
what follows.

Data Preparation. Symbolic knowledge can play a key role in generating data that
conforms to predefined constraints, which can then be used—among other purposes—for
training generative models. This includes, for example, the generation of graphs with
specific topologies or properties, such as [30], or the synthesis of images guided by
constrained scene graphs [42]. Incorporating knowledge graphs (KGs) during the data
synthesis process can enhance the representativeness and structure of the generated data,
e.g., see [29, 3] for question answering applications or [20] for story generation.
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Training. During training, symbolic structures can constrain and guide the learning
process. This may involve incorporating KG embeddings, where the most prominent
techniques include joint learning of Large Language Models (LLMs) and knowledge graph
embeddings [9], incorporation of joint loss functions that account for both neural and
symbolic objectives, embedding concatenation (see, e.g., [36] for overview), or knowledge
distillation using teacher-student setups, where a symbolic model acts as a teacher [25].
Fine-tuning. Symbolic knowledge, such as formal rules, specifications, or domain-
specific logic, can be used to fine-tune generative models, e.g., to ensure consistency
with a set of predefined rules and constraints [7]. Integration of symbolic knowledge
at the fine-tuning stage is also often realized for improving performance of LLMs on
structured or specialized tasks, e.g., generation of logic programs from natural language
text [10]. Moreover, structural graph-based knowledge has been integrated into LLMs
during fine-tuning stage to improve its performance on graph-specific tasks [38].
Prompting. Symbolic knowledge can also be effectively utilized at the prompting stage,
e.g., the variety of GraphRAG-based approaches are prominent examples here [14]. In
the most simple scenarios factual knowledge in KGs is represented in a textual form
and injected into the context during LLM prompting [5]. Prompts can also be enriched
symbolically by incorporating ontological knowledge, e.g., for motion planning [11] or news
summarization [43]. Other more sophisticated strategies use dedicated reasoning modules
to traverse KGs and then guide the LLMs through chain-of-thought prompting [50].
Inference. Finally, there are several approaches proposed in the literature that exploit
symbolic reasoning to constrain or guide the output of the model during inference. Most
prominent techniques include logic-based sampling [2] or decoding [40, 15, 28] to maintain
consistency with the available background knowledge. Additionally, outputs produced by
LLMs can be post-filtered to enforce symbolic constraints, such as exclusion of certain
words or ensuring syntactic and semantic validity of generated code [27]. Several works
leverage KG structures or embeddings to influence and refine the output generated
by LLMs, e.g., [8]. Another promising direction is concerned with utilizing LLMs for
translating textual problem statements to symbolic artifacts (see also Section 4.2), passing
them to dedicated solvers for reasoning, and subsequently translating the output generated
by the reasoner back to natural language using LLMs [35, 49, 12, 32].

4.5.2 What is the GeNeSy Al Ambition?

As GenAl becomes increasingly used across a variety of applications such as web search,
content creation, and code generation, the goal of Neurosymbolic Al is not to replace GenAl,
but to enhance it by incorporating symbolic methods, particularly in downstream tasks where
GenAl tends to underperform. Recently, significant effort has been devoted to identifying
and classifying such challenging tasks, as well as developing methods to address them. Much
of this analysis is empirical in nature, relying on diverse benchmarks designed to highlight
and characterize areas where GenAl models consistently struggle, e.g., ARC benchmarks?.
At the same time, theoretical research has focused on approaching the problem of identifying
weaknesses of GenAI methods from computational complexity and expressivity perspective.

The high-level ambition of neurosymbolic AT is that by integrating symbolic knowledge
at various stages in the GenAl development pipeline as described above, GenAl systems
can achieve greater accuracy, interpretability, and control, particularly in domains requiring

4 https://arcprize.org/
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structure, reasoning, or domain-specific compliance, e.g., medical applications, production
systems or legal cases. Importantly, while there is a great potential for NeSy AI approaches
to address many limitations of GenAl, clearly it is not a silver bullet, and precisely detecting
scenarios and tasks where NeSy Al methods would have the largest impact is crucially
important. Below we discuss limitations of GenAI methods, and outline possible ways how
symbolic methods can be potentially utilized to address them.

Combinatorial Problems. Recently, a number of benchmarks have been introduced to
evaluate the performance of GenAI methods—particularly reasoning-capable LLMs—on com-
binatorial tasks such as SAT solving [17], logical puzzles [26], and classical planning [21].
These studies consistently reveal a core limitation of current LLMs: their inability to handle
increasing problem complexity, a phenomenon often referred to as the curse of complexity.
Even with larger models and more compute, reasoning capabilities of LLMs often plateau or
degrade.

While LLMs can solve certain well-known problems, such as the “25 horses” puzzle [19],
their performance drops sharply on semantically equivalent but syntactically unfamiliar
variants, e.g., changing “horses” to “bunnies” significantly reduces accuracy [19]. Evaluations
on out-of-distribution instances [39] suggest that, in the context of combinatorial problems,
many correct outputs can be attributed to memorization rather than genuine reasoning.

In contrast, symbolic Al has made considerable progress in solving these combinatorial
problems effectively and accurately, as evidenced, e.g., by outcomes from SAT competitions®.
While symbolic methods still struggle with scalability (see also Section 4.2), they offer a
superior trade-off between accuracy and runtime compared to purely generative Al approaches.

This points toward the promise of neurosymbolic Al systems, which integrate LLMs
with classical solvers by using LLMs to translate natural language problem descriptions into
formal representations and then pass them to symbolic solvers for generating solutions [13,
32, 12, 35, 49].

Spatial and Temporal Reasoning. Recent studies have highlighted the poor performance of
GenAl models on spatial and temporal reasoning tasks [4, 48, 34]. Symbolic Al in contrast,
offers mature frameworks precisely for these types of reasoning—such as RCCS8 [24, 22] and
Allen’s interval algebra [18]. Once again, a promising direction lies in using LLMs to convert
natural language inputs into formal representations that these symbolic frameworks can
process [4].

Hallucinations. Hallucinations remain a critical and largely unresolved limitation of GenAl
systems [6]. One potential mitigation strategy involves incorporating symbolic methods to
verify or filter generated outputs. For example, [33] uses ontological reasoners to identify and
eliminate hallucinations that violate logical consistency within a given ontology. Similarly,
knowledge graphs have been explored as tools for grounding and validating LLM outputs [1].

Analogy and Abstraction. Human analogical reasoning involves transferring relational
structures from known to novel contexts, often by applying abstract rules. This ability
emerges early in development and operates across domains—from linguistic analogies (e.g.,
“body : feet :: table : ?”) to visual ones (e.g., “(: ) = < : ?7) [45]. GenAlI models, however,
struggle with such tasks, particularly when they involve non-standard symbols or those from
low-resource languages such as Greek [45]. Analogy and abstraction has been actively studied
in the area of symbolic Al, so there is a high potential for utilizing these results also in
combination with GenAl.

® https://satcompetition.github.io/2025/index.html
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Creative Problem Solving. The MACGYVER benchmark [46] evaluates the creative
problem-solving abilities of LLMs across 1,600+ real-world scenarios that require innovative
object use and out-of-the-box thinking. The results reveal that LLMs frequently suggest
implausible or physically impossible actions. To address this, one promising approach involves
enforcing commonsense constraints—formulated in symbolic Al languages such as first-order
logic—on top of the LLM outputs.

Theoretical Limitations of Transformers. A growing body of theoretical work has identified
fundamental limitations of transformer architectures, which underpin current GenAI models.
For instance, it has been proven that transformers cannot natively model compositional
functions [37]. As a result, they struggle with questions requiring the composition of multiple
relations—such as: “What is the birthday of Frédéric Chopin’s father?”, which requires
chaining the facts that Chopin’s father is Nicolas Chopin and that Nicolas was born on April
15, 1771 [16].

These theoretical limitations have also been empirically validated in multiple studies,
e.g., [23]. A promising neurosymbolic solution is to augment transformers with external knowl-
edge representations, such as knowledge graphs [16], which naturally support compositional
reasoning.

Beyond semantically rich tasks, transformers also falter on abstract algorithmic problems.
For example, [41] demonstrates that even multi-head transformers cannot solve the 3-Matching
problem (i.e., checking whether any three integers in a sequence sum to zero modulo a large
number). While this task is synthetic, it theoretically explains the inherent limitations
of transformers for combinatorial search and reasoning. In [31], the expressive power of
transformers with chain-of-thought prompting is analyzed, showing that their capabilities
map to the complexity class P, thus providing a theoretical upper bound on what such models
can compute.

4.5.3 What are the challenges?

A central challenge in developing effective GeNeSy Al systems lies in identifying the kinds
of problems where pure generative Al tends to fail, but can be meaningfully enhanced
by integrating symbolic methods. Understanding these limitations is key to designing
hybrid architectures that are both powerful and practical (see Section 4.8 for more details).
Certain types of tasks clearly illustrate the added value of symbolic reasoning. As discussed,
combinatorial problems, for instance, often go beyond the capabilities of GenAl alone
and require symbolic solvers to find valid solutions or verify generated ones. Despite the
combinatorial explosion of symbolic reasoning (see Section 4.2), the existing methods are still
more effective than any alternatives when it comes to computing provably correct solutions.

Symbolic methods also shine in other domains, such as resolving inconsistencies across
multiple sources, explaining and repairing data errors or answering complex queries with
formal constraints. However, it is important to recognize that symbolic tools are not a
cure-all. For example, there are failure cases, like gaps in physical world knowledge (e.g.,
analysis of novel diseases or structural properties of unknown materials) for which neither
GenAl nor symbolic reasoning methods might be suited. The ultimate goal in this area is
to develop intuitive, task-specific guidelines: for any given problem, define the GeNeSy Al
configuration that is most likely to yield success.

A second major challenge lies in the emergence of suitable symbolic knowledge, both
with and for GenAl. While symbolic representations like rules, constraints, or ontologies
are powerful tools, they remain difficult to scale, primarily due to the bottleneck of manual
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curation (see Section 4.2). A compelling direction is to explore whether GenAl itself can
help construct symbolic knowledge from raw text or examples. Can GenAl be used to induce
formal structures automatically? And if such structures are generated, does feeding them
back into the GenAl pipeline offer measurable benefits? These are open questions that
demand rigorous benchmarks to assess where and when symbolic intermediates truly improve
performance.

The issue of scalability presents another critical concern. While symbolic solvers can
offer precise reasoning capabilities, they often struggle to scale, especially when embedded
into larger NeSy Al systems. This becomes particularly problematic when GenAl is used to
generate symbolic artifacts—such as logical formulas or knowledge bases—that must then be
validated or processed at scale. Tasks like solving constraints over large outputs, repairing
expressive ontologies, or reasoning over extensive knowledge graphs exemplify these challenges.

In addition, aligning symbolic reasoning with multimodal GenAl systems presents unique
challenges. A model processing both text and images may develop inconsistent internal
representations across modalities—for instance, interpreting the concept of a “bat” as an
animal in text but as a sports object in images. Such divergence can lead to errors in tasks
that demand consistent cross-modal understanding. Integrating symbolic reasoning could
help reconcile these discrepancies and promote coherence across modalities, but designing
effective approaches remains a complex and open problem requiring careful attention.

Finally, usability of GeNeSy Al systems remains a key concern. One of GenAl’s biggest
strengths is its accessibility—users can interact with it naturally, without needing specialized
knowledge. Symbolic systems, in contrast, often require fluency in formal languages, limiting
their reach. For GeNeSy Al approaches to gain broader adoption, symbolic logic must be
abstracted away from users whenever possible. The system’s internal complexity should be
hidden, unless deeper, expert-level access is specifically required. Ideally, interfaces with
GeNeSy Al systems should be developed that retain the rigor and correctness of symbolic
reasoning, while offering the ease-of-use that defines the GenAl experience. Together, these
challenges frame a roadmap for building more powerful, scalable, and usable GeNeSy Al
systems. They especially underscore the importance of understanding when and how to
blend symbolic reasoning with GenAl to achieve the most benefit.

4.5.4 Where are we now?

A key development in addressing the limitations of generative Al lies in its growing ability
to translate natural language into formal logic. This translation allows symbolic solvers,
traditionally reliant on structured, logic-based input, to be effectively leveraged in tasks that
originate from unstructured human language. As a result, a new wave of NeSy systems,
also referred to as prompt-symbolic [44] is emerging. These systems often follow a common
architecture: GenAl is used to convert natural language into precise problem specifications,
which are then processed by symbolic solvers to derive solutions. In more advanced configu-
rations, LLMs function as agents within search-based reasoning frameworks, coordinating
steps in complex problem-solving tasks. This hybrid approach not only enables more rig-
orous reasoning but also leverages the flexibility and accessibility of GenAl to front-load
formalization.

Symbolic representations are increasingly being incorporated into GenAl to enhance
performance and factual accuracy. Advances such as GraphRAG illustrate this trend by
integrating KGs into retrieval-augmented generation pipelines, allowing models to ground
their outputs in structured knowledge. This leads to improved consistency, relevance, and
logical coherence—especially useful in domains like law, where resolving contradictions across
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multiple documents is critical. Moreover, symbolic methods, including the use of ontologies
and KGs, support more effective integration of structured and unstructured data within
GenAl systems.

Additionally, researchers are exploring closed-loop integrations of GenAl and symbolic Al,
where the two components iteratively inform and refine each other. In these setups, GenAl
may propose candidate solutions or knowledge structures, which are then evaluated and
corrected using symbolic methods—feeding the results back into the generative process. While
still an area of active exploration, such feedback loops hold promise for creating systems
that not only generate and reason, but also self-correct in structured and explainable ways
(see Section 4.4 for detailed discussions on explainability). Together, these developments
point toward a powerful synthesis: leveraging GenAl’s language capabilities to interface
with symbolic tools, while embedding symbolic structure within GenAl pipelines to enhance
reasoning depth and factual robustness.
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4.6.1 What is it?

OWL-based knowledge graphs (KGs) [15] may play a pivotal role in NeSy systems by
combining symbolic knowledge representation with formal logical reasoning. Grounded in
Description Logics [2], OWL enables automated and sound reasoning for both inference (e.g.,
deducing new relationships) and consistency checking, offering reliable and interpretable
symbolic capabilities that complement learning models. OWL-based KGs can guide learning,
validate predictions, and enrich sparse or weak annotations — particularly useful in few-shot
and zero-shot learning settings [8].

A major strength of OWL lies in its ability to express complex logical constraints (e.g.,
domain and range restrictions, class disjointness, property inverses) in a concise and reusable
form. OWL-based reasoning can be embedded into neural training pipelines or used to
filter semantically invalid outputs at inference time. These capabilities are supported by a
rich ecosystem of open standards (e.g., [17, 7, 13]), tools (e.g., [1]), and public ontologies
(e.g., [9, 3, 23]), enabling researchers to rapidly prototype and build on shared symbolic
infrastructure without starting from scratch.

Reusing existing OWL ontologies and tools not only accelerates development but also
promotes interoperability and reproducibility in NeSy research. Publicly available OWL-
based resources provide high-quality domain knowledge and reasoning frameworks that can
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be directly integrated or extended [14]. The (re)use of large ontologies and knowledge graphs
to enhance neurosymbolic systems, as well as general learning and reasoning systems, is slowly
gaining attention. Traditional neurosymbolic systems typically encode a limited number of
rules and do not scale effectively with large modern ontologies [20].

In contrast, [5, 12] emphasize the role of OWL ontologies in generating intelligible, human-
centered explanations in neurosymbolic AI. They propose a new conceptual framework
highlighting three key roles of ontologies: as formal reference models, as enablers of common-
sense reasoning, and as tools for abstraction and complexity management in explanations.
Additionally, they introduces the idea of ontological unpacking [12] to enhance the semantic
transparency of symbolic artifacts and discusses emerging challenges, such as integrating
ontologies with large language models to improve trust and mitigate hallucinations.

Our NeSy position advocates for knowledge formalized through ontologies. We treat
ontologies and knowledge graphs as equivalent concepts, possibly expressed in OWL or one
of its fragments.% Our vision for NeSy falls into a more general hybrid learning and reasoning
framework that (i) integrates ontologies as core components, (ii) clearly distinguishes and
integrates between deductive (certain) logical reasoning and other (uncertain) learning and
reasoning methods, and (iii) accommodates various forms of learning beyond neural networks.
Yet, as in Section 4.1, it is also otherwise important to note that this NeSy vision does not
neatly encapsulate all possible couplings between neural and symbolic components. For
example, LLMs (or other neural systems capable of manipulating or interpreting text) which
produce knowledge graphs or learn ontologies can be considered NeSy, as well. The nature
of the composition of the components is critical, as well as their purpose.

4.6.2 Where are we now?

The neurosymbolic approach is often described in terms of a dichotomy between symbolic
methods, which are human-readable and writable, and neural-based methods, which leverage
connectionist training techniques [7] (see also Section 4.1). This approach employs an
iterative integration cycle between symbolic and neural methods, where symbolic (expert)
knowledge is embedded into neural models, and refined knowledge learned by neural networks
is extracted back into symbolic form [7]. The knowledge extracted in this cycle supports
the continuous refinement and modification of predefined symbolic rules through reasoning
[22]. This iterative cycle is structured around three core dimensions: translation, extraction
(generation), and consolidation, each emphasizing a distinct role of knowledge.

In the realm of knowledge translation, symbolic knowledge informs neural network training
by embedding logical constraints directly into neural network loss functions [11] or structuring
neural architectures based on established background knowledge [18]. Additionally, knowledge
translation includes semantic data augmentation, which enriches training data by applying
symbolic reasoning to existing datasets. This process not only improves neural network
generalization [16] but also enhances the interpretability and human-understandability of
subsequent explanations [6].

The knowledge extraction dimension focuses explicitly on deriving symbolic knowledge
from trained neural networks (see also Section 4.2). Knowledge extraction is a transformation
from learned representations into comprehensible rules that support explanation and reasoning
tasks [21]. This extracted symbolic knowledge optimizes criteria such as accuracy, fidelity,
consistency, and comprehensibility.

5 While we choose this particular definition, other ways to define them might include that a KG is a
populated ontology, or that an ontology might act as a schema for KG.
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Knowledge consolidation integrates the newly extracted symbolic knowledge back into
existing knowledge structures. The revised and consolidated symbolic knowledge provides

meaningful semantics to explanations, significantly facilitating human-machine interaction.

Consolidated knowledge can also be reintegrated into neural models, enhancing their overall
predictive performance and interpretability.

However, a more integrated approach is required, where knowledge graphs (KGs) and
ontologies are treated as first-class components in neurosymbolic systems. Such integration
actively involves users in the neurosymbolic cycle, empowering them to both consume and
produce knowledge and explanations, thereby enabling a more robust and dynamic knowledge
ecosystem.

Within this enriched integration, specific roles of knowledge emerge distinctly:

Knowledge creation employs ontologies to support the formalisation of human expertise

by providing a common language. This formalisation aims to capture implicit knowledge,

insights, and expertise from human experts and domain specialists, structuring them
explicitly using ontological languages and knowledge graphs.

Knowledge adaptation employs ontology-based complexity management techniques

such as abstraction, clustering, and refinement to adjust the granularity of knowledge

graphs according to the demands of learning tasks and explanatory requirements.

Knowledge translation leverages ontological reasoning to enrich and expand training

data, guiding neural learning by explicitly embedding semantic constraints into model

architectures and loss functions.

Knowledge generation and extraction ensures that neural model predictions and

symbolic knowledge remain consistent and interoperable, thus enhancing the reliability

and transparency of derived explanations.

Knowledge consolidation ensures the coherent integration of new symbolic knowledge

with existing knowledge structures, maintaining consistency and semantic integrity across

the entire knowledge base.

Knowledge explanation grounds human-centered explanations in symbolic knowledge

provided by ontologies and knowledge graphs, ensuring explanations are contextually

meaningful and adapted to user expertise.

4.6.3 What is the NeSy ambition?

We envision NeSy as a hybrid agent-based architecture for continuous learning, composed
of three key agents: the human agent, the knowledge-based agent, and the learning agent
(Figure 6). This architecture aligns with contemporary approaches that leverage knowledge
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graphs (KGs) [4] and is inherently ontology-mediated. We note that this is relatively exclusive
whereby a learning agent (e.g., an LLM) is capable of generating or otherwise performing
knowledge engineering (as in [19]). On the other hand, as these alternate methods grow
in complexity (i.e., utilizing intermediate representations during the knowledge engineering
tasks), it perhaps asymptotically approaches the first stated vision.

The human agent creates and contributes domain expertise, leveraging existing knowl-
edge to solve specific tasks. It interacts directly with the knowledge-based agent by creating
new knowledge or by learning new knowledge (in the form of predictions and explanations)
about the system’s reasoning process. Additionally, it can request further clarification if
initial explanations are insufficient, actively participating in a human-in-the-loop manner to
refine, consolidate and validate new knowledge.

The knowledge-based agent stores verified and consolidated knowledge, represented
formally through ontologies and knowledge graphs. It serves the human agent by providing
direct answers through symbolic inference or, when necessary, requesting new knowledge
from the learning agent. Such interactions may involve adapting knowledge specifically for
a given learning task or translating symbolic knowledge into semantically enriched data, or
constraints into neural architectures and loss functions. The knowledge-based agent receives
newly generated knowledge from the learning agent. When neural models are used, they
extract symbolic representations in the form of structured symbolic elements, such as
facts, rules, and logical statements. It consolidates this knowledge into existing ontologies,
enriching its knowledge base while ensuring semantic consistency. This agent also delivers
semantically enriched explanations tailored to human users.

The learning agent operates agnostically, capable of generating new knowledge
either symbolically (e.g., via Inductive Logic Programming) or neurally (through deep learning
methods). When neural models are used, knowledge generation is accompanied by the
extraction of symbolic representations in structured symbolic forms.

In this ontology-mediated neurosymbolic framework, ontologies play pivotal roles across
multiple knowledge-centric dimensions, specifically creation, adaptation, translation, genera-
tion and extraction, consolidation, and explanation.

In terms of knowledge creation, ontologies support the formalization of human
expertise by providing a common language. This process captures implicit knowledge,
insights, and expertise from human experts and domain specialists, structuring them explicitly
using ontological languages and knowledge graphs. Ontologies facilitate knowledge creation
by offering standardized vocabularies and formal semantic frameworks, enabling
domain experts to express complex concepts, relationships, constraints, and rules in a
precise, interoperable, and reusable manner. Such formalization ensures that previously tacit
knowledge becomes explicitly available for reasoning, learning, validation, and explanation
within neurosymbolic systems.

In terms of knowledge adaptation, ontologies enable complexity management
through abstraction, clustering, and refinement techniques. These methods allow fine-
grained adjustments to the granularity of the knowledge graph, aligning it closely with
the specific requirements of learning tasks and the explanatory needs of end-users.

Regarding knowledge translation, ontologies facilitate the enrichment of training
data through semantic data augmentation, leveraging deductive reasoning guided by
ontological knowledge to enhance model inputs. Additionally, ontologies guide feature
selection based on domain-specific semantics, thus improving the generalizability and
interpretability of learning models. Furthermore, ontologies enable the injection of logical
constraints directly into neural network training by encoding symbolic knowledge into loss
functions, and they can influence neural network architectures by structuring them
based on ontological categories and relationships, introducing effective inductive biases.
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Within knowledge consolidation, ontologies facilitate the verification and validation of new
knowledge generated by learning models, ensuring consistency and resolving conflicts with
existing knowledge graphs. They facilitate incremental expansion of ontological frameworks,
integrating newly learned symbolic knowledge in a coherent manner. Semantic interoperability
is maintained by aligning new knowledge with established and standardised ontologies,
promoting reusability across systems.

In terms of knowledge generation and extraction, ontologies help align neural
and symbolic representations, thereby maintaining interoperability between predictions
generated by neural models and the symbolic knowledge. This alignment supports the
extraction of symbolic rules and knowledge from neural-based models, enhancing the
clarity and global coherence of explanations.

Finally, for knowledge explanation, ontologies provide explicit semantic grounding
for explanations, resulting in justifications that are human-understandable and contextually
meaningful. Through ontology-driven abstraction, clustering, and refinement, the granularity
and form of explanations can be tailored to the user’s expertise. Explanation-driven
consolidation further ensures transparency in knowledge integration processes by highlight-
ing inconsistencies or unforeseen logical entailments, strengthening trust and interpretability.

4.6.4 What are the challenges, and how can we address them?

Using KGs in NeSy systems presents a range of fundamental challenges.

A crucial challenge is transforming implicit information into explicit, machine-
interpretable form. Knowledge that is relevant to real-world tasks can potentially be
inferred from data through learning or deductive reasoning, but establishing a procedure
to extract and formalize this implicit knowledge, and then integrate it with established
ontologies and KGs, is an open challenge (see also Section 4.2). Furthermore, properly
mapping structured knowledge to raw data is crucial to ensure that the system effectively
leverages the KG during both training and inference.

Another critical challenge is the mismatch between the level of abstraction or
granularity in the KG and the specific demands of the task. KGs may contain
very broad domain representations, while learning tasks often require fine-grained, context-
specific features. This misalignment can degrade performance and introduce irrelevant
knowledge, which adds complexity or noise. For learning agents, this may lead to suboptimal
generalization or misinterpretation. For human users, it can result in confusing or overly
complex explanations, undermining trust in the system’s outputs. The difficulty of isolating
modular, task-relevant knowledge further complicates system design and interpretability (see
also Section 4.4).

Timeliness and consistency between the KG and real-world data also impact system
performance. When new knowledge arises in the data that is not yet reflected in the KG, or
when the KG evolves, but the model has not been updated. These discrepancies can lead
to contradictions or inconsistencies in predictions and explanations. Effective knowledge
integration mechanisms are needed to verify new information, resolve contradictions, and
preserve logical consistency. Explanations may play a dual role here — both in surfacing
inconsistencies and in making updates more interpretable to human users.

Finally, KGs pose scalability challenges in NeSy systems. There is often a trade-off
between preserving semantic richness and interpretability, on the one hand, and achieving
computational efficiency and seamless integration with neural components, on the other.
High-fidelity semantic models may enable more precise reasoning and explanation, but they
can be computationally intensive and harder to align with vector-based representations used
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Figure 7 Multi-agent view of ontology-mediated neurosymbolic system.

in learning models. Balancing these tensions remains a central design challenge in building
robust, scalable neurosymbolic Al. Figure 7 emphasizes a multi-agent view of the NeSy
architecture, illustrating interactions between different types of agents (human, knowledge-
based, learning), highlighting bidirectional knowledge flow and iterative refinement processes.
NeSy agents can broadly include various forms, such as symbolic reasoning agents, neural
agents, or even large language models (LLMs), given their symbolic output. Interaction
between agents continuously updates each agent’s beliefs and knowledge representations,
emphasizing dynamic, evolving knowledge ecosystems (A self-loop arrow for knowledge
creation might indicate self-driven learning or iterative internal refinement within human
and NeSy agents).
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4.7.1 What is it?

Despite super-human performance of Al systems in very specific areas such as board games or
object recognition and above average performance for tasks such as translating or summarizing
texts, Al systems are lacking the flexibility, robustness, and generality of human cognition.
Human cognition is based on causal models of the world allowing for understanding and
explaining which is crucially different from solving pattern-recognition problems. Learning is
guided by previous knowledge and experience and allows for flexible adaptation and revision
based on novel information [16]. In consequence, humans can often generalize complex and
productive rules from few examples [11], teach other humans about what they have learned,
for instance by explanations [18], interleave learning and meta-cognition to monitor and
evaluate generalizations and conclusions [32], and can apply/transfer existing knowledge to
new problems and situations [17].

When human intelligence is compared with GenAl models, cognitive mechanisms such as
memory, attention, and generalization are often simplified, if not completely misunderstood.
For instance, the famous paper “attention is all you need”, is not at all about attention,
but rather focused on computational processes of working memory [31]. We tend to ascribe
cognitive properties to Large Language Models (LLMs) and foundation models as a result of
their human-like behavior/performance across well-defined tasks and benchmarks, although
the types of errors that affect those systems are generally not observed in humans and hard
to reconcile with experimental evidence from cognitive psychology. Common sense tasks,
e.g., question answering, show this phenomenon quite clearly.

While LLMs show unprecedented linguistic performance, their language use is not
grounded in the physical world, thus words are not connected to their real-world refer-
ents. The degree to which pattern-recognition in LLMs constitutes understanding language
is debatable [7]. Human linguistic competences are formal, using the form of a language
correctly, and functional, which refers to goal-directed language use [19]. To emulate both
competences, models require world knowledge, ability to track changes over time, reasoning
and problem-solving skills, and consideration of situative, pragmatic context [19].

Humans are often able to generalize complex and productive rules from a very small set
of examples [20]. This ability is covered in many intelligence test problems such as Raven
Progressive Matrices or induction of number series [10], in solving puzzles like the Tower of
Hanoi [15, 28], and in generalizing relations such as “greater than” to different domains (e.g.
numbers and sizes of objects). It is also apparent in language learning, for instance when
learning the regular form of the past tense of verbs [20]. This cognitive ability is related
to the human ability of analogy making in visual as well as in semantic domains [23]. In
contrast, the data need is a severe issue of many modern Al approaches (as discussed in
section “small data”). To reduce the data need, neurosymbolic architectures need to integrate
perception and knowledge into generalizing from a few examples and should be based on
single, generalized core mechanisms.
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As discussed in section “XAI”, in the context of the requirement of transparency and
human control for Al systems, explainable AI (XAI) has become an active area of research
[22]. Current approaches to explainability are typically one-shot and “one-size-fits-all”. In
contrast, explanations are central to human understanding and for the communication of
causal knowledge and beliefs [18]. Although human explanations might sometimes be ex-
post constructed justifications, they are considered as an important constituent of human
conceptual representations [18]. Explanations in human communication are often a sequence of
elucidations, varying in level of detail and modality [22, 8]. Neurosymbolic architectures should
provide approaches to explainability which allow this type of context-specific adaptation to
the specific information needs of a person in a given situation.

Neurosymbolic approaches have the promise to realize Al systems with more human-like
abilities of learning and reasoning. AI approaches which are more closely aligned with the
characteristics of human information processing may solve tasks which are better solved
by humans, and also contribute to cognitive science research by providing computational
models of human cognition. Finally, more human-like Al systems support better human-AT
alignment for joint problem solving and decision making tasks [30].

Therefore, tackling the major goals of neurosymbolic Al, such as the data need, explain-
ability or symbol emergence could profit from cognitively inspired approaches. This especially
hints towards neurosymbolic Al, as human cognition has a tight connection to neurosymbolic
ideas. In this regard, e.g., Kahneman [13] proposes with system 1 and system 2, that human
cognition combines implicit and explicit reasoning. There are several viewpoints on how
humans are able to model this tight integration between this implicit and explicit information.
For example, Gardenfors proposed with his Conceptual Spaces [9] one way of interpreting
this human ability by modeling explicit information as geometric structures directly in the
feature space.

Cognitively inspired Al approaches have a long standing tradition, e.g., prototype theory
by Rosch [27] dates back to the 70’s and inspired many AI approaches since then.

Other cognitively inspired Al approaches are, e.g., by [34], enhancing LLMs by incorpo-
rating attention, memory, reasoning, learning, and decision-making mechanisms or using
conceptual spaces as basis for a learning approach [4]. However, they do not reach the
level of tight integration needed, neither for a human-like performance nor for making up a
human-machine interface.

Cognition is, however, not only of importance for reaching human-like performance due
to cognitively-inspired Al. Next to that, NeSy opens up the opportunity to bridge the gap
between humans and machines also in another way: by enabling human-machine collaboration
by defining a neurosymbolic world model shared by human and agent.

4.7.2 What is the NeSy ambition?

Neurosymbolic AT could be used to bridge humans and machines by providing a sort of
“cognitive API”, thus an application programming interface for human-machine collaboration.
This would allow humans and machines to negotiate a common understanding of the world
(“world model”) that can be expressed in a shared language. Such a world model needs to
be based on a deep integration of subsymbolic and symbolic representation and reasoning:
It is necessary to tightly connect explicit (maybe also shared) knowledge, e.g., in form of
ontological information and implicit, feature or similarity-based information. Thus, there
needs to be a grounding of the symbolic information. This especially requires an interpretation
of meaning in natural language: Symbolic approaches that capture and explicitly represent
world knowledge need to be integrated with powerful language representations that cater to
the formal competences. This holds the promise of bringing AI systems one step closer to
natural language understanding and interpretation of meaning encoded in language rather
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than emulating or mimicking language behavior. This allows for both a deeper machine
understanding of the human’s world model and the ability of symbol emergence in the
machine’s world model to facilitate negotiation with a human. Construction of world models
occurs by learning and generalizing from experience / data, constantly acquiring and updating
knowledge.

One vital human ability needed in this context is negotiation. It is a process of dis-
ambiguation that can enable explanation, knowledge transfer (teaching, education), and
collaborative decision-making. Negotiation occurs at the symbolic level, and is the iterative
process used to communicate world models, achieve consensus, and make decisions.

A cognitive API should not only be able to react to symbolic negotiations but should
also be able to react to non-verbal negotiations, e.g., via physical cues (especially when
humans “teach” an embodied AT model how to perform physical tasks). These models must
be able to “generalize”; e.g., not repeat every little movement but differentiate the necessary
movements from incidental ones (for instance, inferring the human intention or plan; filtering
out session-specific actions as noise in multi-session training scenarios). When such inference
is symbolic, we can achieve generalizable “understanding” rather than situation-specific
mimicry. Physical interaction enables (semi-)autonomous control of the physical world by
machine models, e.g., autonomous driving and flying. Thus, the API should be able to adapt
its shared world-model in line with the human’s needs.

Note that for this ambition, a cognitively inspired Al system could be beneficial, but is,
however, not necessary.

4.7.3 Where are we now?

Agentic Al frameworks (see [1] for a recent survey) are used today to improve human-
machine collaboration. These frameworks allow humans to execute complex tasks using
LLMs connected with various software systems, such as web services, and data processing
pipelines. For instance, you can ask Google Gemini to book a hotel close to where your
conference is, which requires the model to use location-based services, third party websites
for price comparison, reservation, etc. De facto, these systems are unidirectional: although
dialog-based interaction is possible, and oftentimes necessary, there’s neither an assumption
nor a requirement for mutual explanation between machines and human, for bidirectional
knowledge acquisition (a concept learned by a human being transferred — “taught” to a large
model, and vice versa).

LLMs can simulate aspects of understanding and creativity by processing large linguistic
or multimodal inputs and generating context-aware outputs. However, they often fall short
in tasks involving reasoning and causal inference, which demand generalization beyond
their training data [29]. To address these limitations, next to the points discussed in
section “GenAl”, integrating LLMs into cognitive architectures, thus systems modeled on
human cognition, can enhance their robustness, adaptability, and reasoning. In this context,
knowledge-grounded LLMs that use structured external knowledge are especially effective.
Cognitive agents that manage reasoning, memory, or symbolic operations can further boost
LLMs’ capabilities and bring them closer to human-like intelligence. Still, linking LLMs to
human cognition requires both theoretical and empirical validation.

Expanding cognitive architectures with multimodal inputs like eye-tracking and fMRI
data can enhance alignment between artificial systems and human cognition. A benchmark
dataset allowing for such examinations has recently been published [35]. Eye-tracking
provides insights into attention, reading behavior, and decision-making, while {MRI captures
brain activity related to language, memory, and reasoning. These allow on the one hand
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to examine the alignment of Al approaches and human thought processes (as discussed,
e.g., in [6]). On the other hand, integrating these signals allows cognitive models to ground
language understanding in both perceptual and neural data, leading to richer, more human-
like representations and responses. This approach supports the development of agents with
more sophisticated, cognitively informed world models and thus communication options.
However, this is a research area that is still in its infancy.

4.7.4 What are the challenges, and how to address them?

Although neurosymbolic approaches to learning and reasoning have the representational
advantage of modeling both the sub-symbolic/neural and symbolic/reasoning facets of human
cognition more faithfully, many of the aspects of human cognition and especially of a cognitive
APT discussed above are currently not or only partially addressed.

Language and Cognition. LLMs excel at mimicking human writing [7] and language.
However, even in terms of formal competences, complex grammatical tasks or those that
require correct semantic interpretation remain challenging, such as semantically illegal
cardinality comparisons as in Fewer athletes have been to Beijing than I have [24]. Tasks
that target the functional competences, including Natural Language Inference (NLI), fact
checking /verification, and multi-hop question answering, are generally self-contained and
represent only a small slice of the real-world. Such an approximation of meaning in Al systems
might not necessarily represent understanding real-world referents [19]. A more accurate
evaluation of the language-cognition alignment in Al requires more realistic benchmarks
that go beyond linguistic surface forms or only small proportions of functional competences.
IBM Watson’s participation in Jeopardy! is a well-known example of such a challenging,
knowledge-rich testbed for Al systems. A cognitive API would require such a deep real-world
understanding.

Flexible re-representations for learning productive rules and abstractions from few ex-
amples. Learning complex rules and abstractions have been addressed with different, not
human-like strategies [11]. For instance, generate-and-test approaches have been used to
tackle the abstract reasoning challenge”. In contrast, humans often seem to know immediately
what the relevant aspects are for generalization [14]. Purely symbolic approaches often cannot
deal with noisy or imperfect input and rely on carefully tailored representations. Some
autonomous driving systems, especially those that integrate world modeling / recognition
and control are frequently fragile in the face of “minor” unexpected real-world artifacts,
e.g., a few white dots pasted onto a stop sign or lane marker thoroughly confuses models,
which may no longer see it as a traffic sign or lane marker at all; it is also possible to
induce recognition as a different sign altogether [2, 3, 26, 25]. Humans are more robust in
recognizing road signs, lane markers, etc., as well as inferring the plans of other drivers
and pedestrians, but humans are worse at paying continuous attention to driving tasks.
Furthermore, humans flexibly re-represent information in such a way that examples can be
suitably aligned, that is in a goal directed manner. This has been addressed by Douglas
Hofstadter with the Copycat system [12] and also by making use of background theories [33].
Current approaches to solve visual abstract reasoning problems are often neurosymbolic by
combining representation learning with rule learning [21, 36]. While this seems a promising
way to go, these approaches need large sets of training data and, again, re-representation is
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not addressed, restricting rule learning to the class of entities which has been present in the
training examples. This especially challenges a shared human-agent world model: a shared
world model is only possible when the agent is able to figure out the relevance of and can
abstract from the given information.

Integrated symbolic and subsymbolic systems. Cognitive models such as Gérdenfors
conceptual spaces allow for modeling a tight connection between implicit and explicit
information and thus could be considered as a good strategy for modeling a tightly integrated
neurosymbolic system or as a starting point for a representation of a shared world model.
However, this tight connection comes to the cost of a high modeling complexity. One solution
strategy is to find a trade-off between tightness of the connection between symbolic and
subsymbolic and usability. Research in the area of knowledge base embeddings (KBE) [5]
can be seen as a special case of conceptual spaces, where the geometric space is not aimed to
model feature information but is solely focused on similarity information. This enables link
prediction and query answering by modeling concept conjunction, however, it comes at the
cost of losing semantic information in the form of features. This tradeoff between learnability
and the representation of semantic information is a fundamental design consideration that
needs to be carefully addressed when developing these cognitive inspired approaches. This
also directly points towards the problem of symbol rising as discussed in the section of
“symbol emergence”: how can the human ability of not only reasoning with given symbols
but also introducing new symbols could be handled?

Human Machine Collaboration. To conclude, all these aspects are relevant for modeling
a world model shared between human and agent. However, for such a “cognitive API”,
there are currently not even specified requirements available. For Negotiation, what kind of
language do we need? Or should we base this process on a library of languages, depending
on the tasks or domains under consideration? For Construction of world models: learning
is clearly a capability that both humans and machine models need, in order to distill and
consolidate their knowledge. But the differences between the two modalities of learning are
stark: for instance, while humans learn from few examples, neural networks require massive
amounts of data. How do these different ways of learning affect the representation of the
world models? Does mapping human symbols to machine-generated symbols in a common
world model require mapping their different construction processes? Evaluation: how can we
effectively evaluate that human-machine collaboration was successful, given a task x? Most
of the current metrics focus on very specific quantitative properties of tasks (hits@k, Bleu
score), however new qualitative metrics may be needed to measure collaboration. This topic
is discussed in more detail in Section 4.8.
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4.8.1 What is Benchmarking?

In computing, a benchmark is the act of running a computer program, a set of programs,
or other operations, in order to assess the relative performance, normally by running a
number of standard tests against it [35]. The goal of benchmarks is to provide a quantitative
consensus on what constitutes good performance and to represent a shared framework for
the comparison of methods [31]. Depending on the problem, there are several types of
benchmarking techniques, including behavioral frameworks [34], task completion assessment
[41, 3, 45], human-in-the-loop evaluations [12, 1], game-based [30, 17], etc. A dataset-based
benchmark is a standardized performance test, usually consisting of a dataset or a set of
datasets, a collection of questions or tasks, and a scoring mechanism including one or more
metrics [31]. The task is a particular specification of the problem (as represented in the
dataset). A metric is a way to summarize system performance over datasets of task(s) as a
single number or score. The metric provides a means of counting success and failure at the
level of individual system outputs and summarizing those counts over the full dataset [31].

4.8.1.1 Benchmark Properties, Quality and Best Practices

Various studies have attempted to provide guidelines and best practices to create effective
and meaningful benchmarks, and study their desired properties. A dataset based benchmark
can be formalized as a triple <dataset, task, metric>. The quality of a benchmark depends
on these three components, their combination, and their usage. In [32], four main properties
for minimum quality assurance have been defined, encompassing: (i) downstream utility, as
grounded in real-life scenarios; (ii) validity, including size for statistical significance of results;
(iii) regular updating the benchmark over time to prevent overfitting; (iv) interpretability
of the score; and (iv) accessibility. A few studies propose essential guidelines to ensure
good benchmarking, some addressing high level qualities such as scope or representativeness
[42]; some with very detailed and granular “checklists” [7]. A well known and accepted
methodology has been proposed by BetterBench, that used 46 criteria to assess the quality
of a benchmark [33].

4.8.1.2 Metrics and Evaluation Methods

A metric can be defined as a computable way for measuring something quantitatively e.g,
reuse metrics in software engineering, search engine quantification metrics, classification
metrics, and many others. The choice of the metrics depends on the task and the properties
we are interested in (for a given dataset). An example is the task of assessing the quality of
software, which is typically grounded on the computation of metrics such as lines of code,
cyclomatic complexity, average nesting depth, software length, effort, and time metrics [13].

In the specific perspective of neurosymbolic (NeSy) systems, multiple tasks may be
of interest, including classification, semantic parsing, knowledge graph completion, visual
reasoning, logical entailment, program synthesis, and symbolic planning, among others —
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spanning fields such as language, vision, robotics, and ontology engineering (see Section 4.8.4
for more details). Each task can be evaluated along one or, more often, multiple metrics.
For example, Classification-based metrics, such as precision, recall, F}-score, and accuracy,
are prevalent in tasks such as ontology learning, ontology alignment, semantic parsing, and
visual reasoning, where discrete predictions (e.g., relation labels, answers) are evaluated
against ground truth. Ranking-based metrics, such as mean reciprocal rank (MRR) and
Hits@N, are standard for knowledge graph completion tasks, where models rank candidate
entities. Execution-based metrics dominate in program synthesis and instruction-following
benchmarks, measuring whether predicted programs (e.g., SQL queries, action plans) produce
the correct output or state transition. Success rate and goal-conditioned success are often used
in embodied reasoning and planning tasks, indicating whether an agent achieves the desired
final state. Some benchmarks (e.g., EntailmentBank [10], ProofWriter [40]) additionally
assess the quality of explanations besides the correctness of the answers, recognizing the
importance of interpretable and logically coherent reasoning chains.

Beyond task-specific accuracy and ranking measures, several language generation metrics
are used in translation, summarization, and structured prediction tasks. Exact match is a
strict criterion, particularly valuable in question answering and program synthesis. Perplexity,
originally introduced in the context of speech recognition [19], is a measure of uncertainty:
the larger the perplexity, the less likely it is that an observer can guess the value which will
be drawn from the distribution — in the context of LLMs it assesses how well a model predicts
the next token, with lower values indicating better fluency. BLEU (Bilingual Evaluation
Understudy [28]) is a measurement of the difference between an automatic translation and
human-created reference translations of the same source sentence, specifically, it measures
n-gram overlap in translation, while ROUGE [26], including ROUGE-N and ROUGE-L,
evaluates summarization by capturing recall and sequence similarity. Together, these metrics
capture complementary aspects of performance — from structural correctness and symbolic
consistency to fluency and semantic alignment — highlighting the multifaceted nature of
system evaluation. This diversity of metrics underscores the need for task-specific evaluation
while also highlighting opportunities for unified evaluation protocols. Nevertheless, as
discussed in the next section, in the specific perspective of evaluating neurosymbolic systems,
there are challenges that need to be addressed, particularly aiming at assessing both neural
performance and symbolic faithfulness.

4.8.2 What are the challenges, and how to address them?

Current benchmarks adopted for evaluating NeSy solutions are mostly grounded on perfor-
mance with respect to defined metrics (e.g., F1, MRR, hits@k) (see Section 4.8.4 for details).
These certainly contribute to providing an objective, measurable, comparable quantification
of system performances on a given task; however, they only provide a partial picture/answer
to the problem. Even more so, particularly for the case of Machine Learning related tasks,
evaluation revolves around inappropriate averaging/aggregation of the results [35].

For example, given two NeSy systems having rather similar F; values, the kind of failures
may be due to different causes (e.g. errors that are due to one system being sensitive to the
data distribution, errors due to the inability of the other system to capture similarities in the
data space). A NeSy benchmark needs to be able to dissect the architectural components of
NeSy systems in order to the assess the influence they have in the final assessment of the
performances.

Similarly, given two NeSy systems having rather similar F; values, the current benchmarks
and metrics fail to capture the influence of the neural/symbolic component respectively,
on the final performance and even more so, how sensitive a system is with respect to the
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(semantic) quality of each component. Indeed, by the use of symbolic (semantic) components
of the NeSy systems, NeSy aims to unbox the black-box systems and inject explainability to
the systems.

Another shortcoming of the current metrics and benchmarks revolve around the solutions
NeSy systems can provide with small datasets. By design, NeSy systems can have the ability
to provide value when datasets are small in amount or there is great internal variation within
the dataset. However, current performance-based metrics may be failing to identify how
a NeSy system may be able to provide better predictions based on the abstraction and
symbolic components working together with numeric machine learning approaches. This kind
of deeper understanding requires more fine-grained properties and metrics to be evaluated.

The analysis reported above suggests that, when talking about properties, not only
benchmark properties need to be considered (see Section 4.8.1.1) but also properties referring
to the (NeSy) system to be evaluated need to be taken into account, and both of them (jointly
with their respective measurable metrics) should be part of the benchmark description, with
a clear distinction.

Examples of benchmark properties are: dynamic benchmarking (evolving over time with
respect to the dataset, keeping different dataset versions, metrics for measuring the variation
within the dataset) vs. static benchmarking (stable over the time or updated from time to
time) vs. real time benchmarking (benchmarks that might not exist, but need to be built in
real time); data consistency vs. data inconsistency (assessed logically); benchmarks evaluating
different steps along solving the targeted task (e.g. in abstract visual puzzle it is possible to
distinguish the steps: perception, abstraction (what matters?), strategy; or in hypothetical
reasoning different steps could be: counterfactuality, anticipatory thinking, causality) vs.
benchmarks evaluating holistic solutions for the targeted task (e.g. classification).

Examples of system properties to be evaluated are: the ability to cope with/learn from
small data collections vs. large data collections; the ability of explaining the learning process
to the solution vs. the ability to explain/justify the solution itself disregarding the learning
process vs. lack of ability of providing explanations/justifications; (lack of) robustness against
data drift; verifiability, that is to be coherent with respect to existing domain knowledge;
scalability and possibly also actionability, that is what can be done to change the system
decision.

Last but not the least, a deeper understanding and identification of concrete prob-
lems/tasks for which the adoption of NeSy solutions in the first place is particularly beneficial
is also needed.

4.8.3 What is the NeSy ambition?

Moving from the main need of having a systematic way for evaluating system /agent perfor-
mances on (established) datasets by computing metrics that are relevant for assessing the
system/agent ability to solve a targeted task, the main desiderata from the NeSy perspective
are the ability to dissect benchmarks and evaluation under the multiple dimensions ana-
lyzed in Sect. 2, and most of all, assessing the impact and sensitivity of the characterizing
(semantic) symbolic component of NeSy solutions.

Particularly, the ambition is on the definition of a generalized methodology for building
benchmarks that can be operationalized and automatically customized providing the task
on interest and the desired benchmark/system properties as input. While we recognize
the non trivial challenge of our ambition, we evaluate it very promising both in terms of
impact and feasibility. Indeed, preliminary results considering specific tasks already exist
[5]. Additionally, we intend to build on existing alternative and complementary assessment
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methods [31] used in different systems. These may include (but are not limited to) systematic
development of test suites, audits, and adversarial testing, analyzing failure modes: system
output analysis, behavioral testing, error analysis, disaggregated analysis, and counterfactual
analysis, ablation testing, and analyzing model properties that are orthogonal to system
outputs, such as profiling energy consumption, memory requirements, and stability in the
face of perturbations to training data.

A complementary goal is the definition of a framework for checking the match/compliance
of existing benchmarks with respect to (selected) properties which may enable study-
ing/assessing the impact of these (missing) properties in solving the selected task. Ad-
ditionally, assessing the fitting properties for an existing benchmark may be exploited for
determining the complexity of the benchmark.

4.8.4 Where are we now?

In this section we analyze state of the art benchmarks across multiple task categories.
Specifically, an overview of representative benchmarks across these task categories, including
their symbolic components, domains, and evaluation metrics, is provided in Table 1. These
benchmarks span a diverse set of tasks central to neurosymbolic Al, including ontology
matching, knowledge graph completion, program synthesis, visual and relational reasoning,
and embodied planning. Many integrate symbolic structures — such as ontologies, logical
forms, scene graphs, or formal programs — with tasks that test reasoning, generalization, or
action planning. Metrics range from precision/recall in classification tasks to exact match,
logical form accuracy, Hits@N, and task success rate, reflecting the multifaceted nature of
evaluation in this space (see also Section 4.3).

Despite this breadth, notable gaps remain. First, many benchmarks rely on static
symbolic formalisms (e.g., predefined ontologies or logic rules) without testing models’ ability
to construct, revise, or explain symbolic representations. Second, existing datasets tend
to isolate symbolic reasoning from learning under uncertainty or naturalistic conditions.
Few benchmarks systematically evaluate alignment between neural and symbolic outputs,
or explicitly measure interpretability, trustworthiness, or symbolic faithfulness. Moreover,
coverage across scientific domains and real-world applications remains uneven — domains like
biology, law, or social science are underrepresented. Addressing these limitations calls for
the design of next-generation benchmarks that jointly test symbolic competence, robustness,
and alignment with real-world reasoning, including multi-modal grounding.
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Table 4 Benchmarks Overview.

Dataset Task Symbolic compo- | Domain Scale Metrics
nent

Ontology Ontology Anatomy, Confer- P, R, F1,

Alignment Align- ence, Multifarm, Semantic

Evaluation ment Food, Bio-ML, P., Seman-

Initiative Biodiversity  and tic R. [14],

(OAEI) [29] Ecology, Digi- Runtime,
tal Humanities, consistency
Archaeology, Cir- and con-
cular Economy, servativ-
Knowledge Graphs, ity [20, 37]
Pharmacogenomics

Targe Tan- | Ontology Biomedicine, Mate- P, R, F1

guage Models Learning rial Science, Earth

for Ontology and Environmental

Learning Science, Medicine,

(LLMs4OL) Food, Plant, Chem-

[4, 15] istry, Web

FB15k-237 Knowledge [ The data is Link  pre-

(from Free- | Graph essentially an diction

base) [6] Entity ontology/graph; hits@N and

Comple- models often use mean recip-
tion embedding tech- rocal rank
niques but can (MRR)

incorporate onto-
logical constraints
or logical rules (e.g.
transitivity).

YAGO3-10 Knowledge As a curated 123,182 en- link predic-
Graph ontology-derived tities, 37 tion  met-
Entity KG, it includes relations, and rics (MRR,
Comple- type hierarchies ~1,179,040 Hits@1/3/10)
tion and relational triples, focus-
schema that meth- ing heavily
ods can exploit on persons
(e.g. hasCitizen- (with relations
ship  implies a like  bornIn,
type constraint on hasProfession,
object = Country). etc.)
VQA v2.0 Visual Questions often im- 265K images, Acc.
dataset [16, 2] QA and ply structural rea- ~1.1M ques-
Visual soning (counting tions
Reason- objects, identifying
ing attributes, etc.),

though no explicit
knowledge base is

given.
Compositional Visual Each question 100K images, Acc.
Language and QA and comes with a ~865K ques-
Elementary Visual functional program tions
Visual Reason- Reason- that specifies the
ing (CLEVR) ing reasoning steps,
[21] and ground-truth

scene graphs are

provided. The

task is to answer
complex composi-

tional questions
about the scene
(counting, com-

paring attributes,
logical operations)
designed to require
multi-step reason-
ing with minimal
dataset bias.

Collision Video Queries are de- 20,000 videos, Acc., per
Events for QA  and signed  to  test annotations, option acc.,
Video Rep- Video understanding of and questions per ques
resentation Reason- physical causality; acc.
and Reasoning ing a symbolic program
(CLEVRER) (event logic) can
[43] be used to derive
answers
Cornell Natu- Visual 92,244  pairs Acc.
ral Language Reason- of  examples
Visual Reason- | ing of natural
ing (NLVR) statements
[38] grounded

in  synthetic
images with
3,962 unique

sentences
NLVR 2 [39] Visual 107,292 ex- Acc.
Reason- amples of
ing English  sen-
tences paired
with web
photographs
Question Graph Images are labeled 113K images,
Answering on QA with objects, at- 22M com-
Image Scene tributes, relations positional
Graphs (GQA (scene graph); questions
Dataset) [18] questions are
represented as
functional pro-
grams, enabling

symbolic reasoning
over the scene

Continued on next page
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provers (ATPs) or
neuro-symbolic rea-
soners attempt to
prove a conjecture
from given axioms.

Name Task Symbolic compo- | Domain Scale Metrics
nent
Outside- Visual Often leverages ~14K ques- Acc.
Knowledge QA and a knowledge tions
VQA [27] Visual base or ontology
Reason- (e.g. WordNet,
ing Wikipedia) for
reasoning
Spider (Text- Program The target output 10,181 natural Acc
to-SQL) [44] synthe- is a SQL program, questions and
sis and and the task tests 5,693 unique
semantic the model’s ability SQL  queries
parsing to incorporate across 200
schema knowledge databases
(table/column
names) and logic.
WikiSQL Program The task is es- 80,654 ques- Execution
synthe- sentially mapping tions and acc.
sis  and natural language SQL  queries (whether
semantic to a SQL logical over 24,241 the pre-
parsing form, requiring Wikipedia dicted SQL
understanding of tables yields the
conditions and correct
mappings to table answer on
schema. the table)
and logical
form acc.
Compositional semantic Uses a fixed on- 240k natural Acc. and
Freebase Ques- | parsing tology (Freebase questions gen- | compound
tions (CFQ) schema) and logical erated  from divergence
[23] queries (SPARQL) Freebase (with metric.
answers), each
paired with
a SPARQL
query against
a knowledge
graph
SCAN (Sim- semantic The action se- Exact
plified ver- parsing quence can be match  of
sions of the seen as a program the output
CommAI Nav- the agent must action
igation tasks) generate, and sequence;
[24] generalization various
requires following splits  test
combinatorial rules zero-shot
(e.g. learning compo-
the meaning of sitional
“twice”). generaliza-
tion
ARC (Ab- semantic The underlying so- contains 1,000 Number
straction and parsing lution for each puz- grid-based of tasks
Reasoning zle is effectively a puzzles where solved
Corpus) [9] small program or a small set of perfectly
rule (e.g. “re- input-output (tradi-
flect the pattern”, examples  is tionally,
“count and place ob- given and the execution
jects”) that the Al model  must on hidden
must infer. No output the test cases)
training examples result for a
are provided per new input
task, emphasizing
few-shot abstract
reasoning
The “Com- Logical Under the hood, Relation
positional and Re- each story corre- prediction
Language lational sponds to a small acc.
Understand- Reason- knowledge graph
ing and ing of family relations
Text-based and a logical proof
Relational chain; the dataset
Reasoning” systematically
benchmark varies the number
(CLUTRR) of hops and adds
[36] distracting facts to
test inductive rea-
soning robustness
Higher-order Togical Each example is 2 million logi- | Usually
Logic Theo- and Re- a formal logic for- cal statements reported
rem Proving lational mula or theorem; and 10,000 as preci-
(HolStep) [22] Reason- solving tasks in- theorems from sion/recall
ing volves logical infer- higher-order for premise
ence in a strict sym- logic proofs selection or
bolic sense (neu- in the HOL accuracy of
ral models must in- Light system proof step
terface with formal prediction.
rules).
TPTP library Togical All problems are number of
(“Thousands and Re- | given in formal problems
of Problems lational logic syntax (CNF solved and
for Theorem Reason- or TPTP format); proof qual-
Provers”) ing automated theorem ity

Continued on next page
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analogous to a sub-

Name Task Symbolic compo- | Domain Scale Metrics
nent
EntailmentBank| Logical The provided expla- twofold
[11] & and Re- nations are struc- accuracy of
ProofWriter lational tured as logical en- the final
[40] Reason- tailment proofs (of- answer
ing ten in natural lan- and some
guage form, but measure of
representing a sym- explana-
bolic proof struc- tion quality
ture) which models
are encouraged to
reproduce. These
benchmarks push
models to perform
symbolic reasoning
(like chaining facts)
in addition to an-
swering correctly.
BabyAI Robotics The environment There are Success
(instruction- and Plan- is modeled as a 19 BabyAl rate on
following in a ning grid with objects; levels with complet-
gridworld) [8] an instruction increasing ing the
corresponds to a complexity, instruction
structured plan testing se- correctly,
(sequence of ac- quence of as well
tions) that could skills and as sample
be represented in compositional efficiency
a formal language. learning. (learning
The BabyAI plat- from few
form even includes demonstra-
a built-in verifier tions).
that symbolically
checks if an agent’s
actions satisfy the
command
ALFRED (Ac- Robotics Tasks have an 1,000+ house- Success
tion Learning and Plan- underlying plan hold tasks rate
From Realistic ning structure (open described and goal-
Environments fridge -> grab ap- by natural condition
and Direc- ple -> heat apple language success
tives) [34] -> etc.); they can instructions (did the
be represented and visual final world
as sequences of observations state meet
high-level actions. the objec-
ALFRED anno- tive). This
tations include tests inte-
step-by-step action gration of
sequences as the vision (for
ground-truth plan. perception)
with  sym-
bolic plan-
ning/executiol
Neuro- Robotics The model uses an Measures
Symbolic and Plan- explicit program include
VQA/NS-CL ning (in a logical DSL) question-
[43] parsed from lan- answering
guage, which is accuracy
then executed on a and gener-
neural representa- alization to
tion of the scene new combi-
nations of
attributes
or novel
tasks.
Neuro- Robotics Tasks are described Success
Symbolic and Plan- as sequences of sub- rate on
Action Plan- | ning goals that can be 10  bench-
ning (NS-AP) represented by a marking
symbolic program, scenar-

jos, which

routine in a classi- require
cal planner correctly
executing
all sub-
goals.
LogiCity — Robotics The environment’s It defines an urban In nav-
A simulated and Plan- dynamics are de- world  with cars, igation,
urban en- ning fined by FOL rules pedestrians, etc., success
vironment (e.g. logic clauses and customizable rate of
benchmark for when an entity first-order logic reaching
for neuro- must stop or yield) rules governing the goal
symbolic their behavior safely; in
reasoning (e.g. traffic rules, action
in  dynamic right-of-way) prediction,
scenes [25] accuracy of
predicting
correct
agent ac-
tions per
the logic.
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4.9.1 What is it?

Over the past decade, Al development has largely focused on data-driven, output-oriented
models. More recently, however, there has been a notable shift toward approaches that
prioritize trust, transparency, and control. In response to this shift, neurosymbolic Al has
gained increasing attention, as it integrates symbolic reasoning with data-driven methods
to support more interpretable and reliable systems. As a result, a growing number of
neurosymbolic approaches are now being explored and adopted in practice.

4.9.1.1 Key Domains of Application

NeSy Al is gaining traction across a wide range of real-world application domains, particularly
in areas where interpretability, explainability, and trust are critical.

In scientific discovery, for instance, drug development benefits from systems like
IBM’s RXN®, which pair neural networks for reaction prediction with symbolic logic to
ensure chemical validity. Similarly, physics research leverages NeSy AI models to derive

symbolic equations from experimental data, aiding in interpretable and data-driven discovery.

Recently, also startups, e.g., extensity” started developing neurosymbolic platforms to

accelerate scientific research work by integrating LLMs and knowledge graph technologies.
In healthcare and medical diagnostics, radiology applications combine image-based

neural diagnosis with symbolic clinical guidelines to support interpretable decision-making,

e.g., in [9] this approach has been applied to the problem of Alzheimer’s disease diagnostics.

Another application is concerned with infection tracking and patient flow, where data about
patients and staff movement (collected via tracking devices) is combined with hospital
constraints and domain knowledge represented as clinical rules (capturing infection policies)
and knowledge graphs (hospital roles, wards, rooms, points of interest, etc.) [14]. In [13]
Logical Neural Networks (LNNs) are employed to embed domain-specific rules as weighted
logical formulas for explainable diagnosis. Additionally, [7] demonstrates how symbolic
reasoning enhances automated radiology report generation by grounding neural outputs in
structured clinical logic.

In industrial automation, quality control benefits from neural image inspection systems
supported by symbolic rule enforcement to ensure product standards. For example, in [1]
a neuro symbolic Al approach for automating the compliance verification of the electrical
control panels has been proposed. This method combines Deep Learning techniques for
recognizing the electrical components from the images of the electrical control panels with
an Answer Set Programming-based system for comparing the scheme reconstructed from
the picture with its original version to discover possible errors. The work [5] focuses on

8 https://rxn.app.accelerate.science/
9 https://www.extensity.ai/
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the problem of predictive maintenance, where a neurosymbolic architecture is designed to
both detect anomalies and explain their causes. It combines a state-of-the-art unsupervised
autoencoder for anomaly detection with an online rule-learning algorithm that provides
symbolic explanations for anomalies.

Neurosymbolic AT methods are also applied for system configuration problems, e.g.,
for configuration of E-Drives, where answer set programming (ASP) based approaches are
used for finding conceptual designs of E-Drives that satisfy user requirements, and LLMs are
invoked to facilitate the interaction with the ASP solver by translating formal explanations
to natural language [6]. In a similar way, there is a tendency of combining more classical
approaches for scheduling and optimization, e.g., [3, 4] with LLMs to facilitate the interaction
with the system. Other NeSy AI applications include, e.g., welding quality monitoring [19]
or root cause analysis [17].

In supply chain optimization, traditional predictive models often fail to consider
complex legal, contractual, and sustainability constraints, leading to infeasible or non-
compliant recommendations. Neurosymbolic Al offers a solution by integrating neural
forecasting models with symbolic rule-based systems that enforce supplier agreements, trade
compliance laws, and environmental policies. These systems can generate optimized yet
compliant strategies across global supply chains. For example, knowledge graph embeddings
have been applied for retrieving supplier candidates that are similar to the currently available
suppliers, and ASP has been used for finding the most optimal selection of suppliers which
minimize a certain objective, e.g., CO2 emission [18]. Moreover, product intelligence and
trusted traceability tools have been developed that leverage symbolic logic to ensure regulatory
compliance while optimizing logistics operations [16].

Other growing domains of neurosymbolic Al applications include finance, e-commerce,
and cybersecurity, where hybrid models help to enforce regulations, detect anomalies, and
explain decisions, which are critical capabilities in high-risk and fast-evolving environments.
Traditional fraud detection systems often rely on historical transaction patterns, which can
quickly become outdated as fraud tactics evolve. Neurosymbolic Al addresses this limitation
by combining neural anomaly detection, which can scan millions of transactions for suspicious
behavior, with symbolic reasoning that enforces logical constraints, such as regulatory anti-
money laundering (AML) rules. This hybrid approach flags potentially fraudulent activity
and provides interpretable explanations of which compliance rules were violated, increasing
transparency for investigators and auditors. The work [2] integrates a transformer-based
neural model with a symbolic Belief-Desire-Intention (BDI) reasoning layer, thus significantly
improving the interpretability and decision-making capabilities of fraud detection pipelines.
Recently, several startups have emerged that provide hybrid solutions for banking and
financial applications, e.g., chatbots that comply with audit-based regulations'®.

Robotics and autonomous systems benefit from neurosymbolic planning, where
neural perception handles sensory input, and symbolic reasoning governs task execution
and long-term strategy. In human-robot interaction, language understanding (via neural
networks) is paired with symbolic logic for command execution.

In the legal domain, contract analysis systems use neural NLP models to process text
and symbolic reasoning to validate legal clauses. Legal compliance platforms also combine
machine learning with rule-based systems to ensure business processes align with regulations.
Emerging research even explores how large language models (LLMs) can be evaluated for
legal soundness by linking their outputs with specific legal texts through symbolic frameworks
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and prompting techniques. Some works analyze the legal implication of answers provided
by LLMs and possibly alert the user. Prompting techniques and RAG are mostly adopted
while actual references to the interested law and corresponding articles can be provided by
suitable KGs [8]

In education, intelligent tutoring systems use neural models to understand inputs like
handwriting or speech and symbolic solvers to guide students through structured reasoning
in subjects like mathematics. Adaptive learning platforms track student behavior and apply
logic-based strategies to personalize learning paths [11].

In games and strategy applications, Neurosymbolic Al combines neural network
learning with symbolic reasoning to enable dynamic planning and strategy formulation, as
seen in complex gaming environments (for example, SwarmBrain in StarCraft IT, which uses
LLMs for macro-strategy and symbolic or rule-like control modules for tactical execution) [15].

4.9.2 What is the NeSy ambition?

Neurosymbolic Al aims to address several core limitations of purely neural systems. First and
foremost, it enhances interpretability and explainability (see Section 4.4), particularly
crucial in domains like healthcare, finance, or law, where opaque models are often unsuitable
due to safety, ethical, or regulatory concerns. By incorporating symbolic reasoning, systems
become more transparent and human-compatible, enabling more robust human-in-the-loop
applications.

Another key advantage is better generalization from small datasets (see Section 4.3).
Traditional deep learning often requires large volumes of data, which is not always available in
practice due to rarity, privacy concerns, or high acquisition costs. NeSy AI models can bridge
data gaps by incorporating domain knowledge through symbolic representations, allowing for
meaningful inferences even with limited data.

Regulatory compliance and ethical alignment are also central to the promise of
NeSy Al In domains governed by strict rules and societal expectations, the ability to directly
encode laws, guidelines, or ethical norms into the symbolic component of a model ensures
more predictable and auditable behavior.

From a development perspective, debugging and maintenance are easier in neurosym-
bolic systems compared to opaque neural models. The symbolic component offers points of
inspection and control, simplifying the identification and resolution of issues.

NeSy AT systems also show promise in handling out-of-distribution inputs. Real-
world environments are unpredictable, and systems must handle novel scenarios. Symbolic
rules—such as safety constraints or physical laws—act as safeguards, enabling the system
to maintain functionality even in unfamiliar situations. Interestingly, symbolic knowledge
doesn’t just constrain outputs but can also expand them, guiding the model toward new,
valid solutions not directly observed in training data.

Additionally, in many real-world applications there is a growing need to enable effective
collaboration between humans and neural models-particularly large language models (LLMs)—
in fields such as systems engineering and production optimization [12]. Addressing this
challenge requires hybrid, agent-based architectures capable of supporting continuous learning,
reasoning, and knowledge exchange. The architectures proposed in Section 4.6, which
incorporate not only neural and human agents but also a knowledge-based agent—aim to fulfill
this need by facilitating meaningful interaction between humans and machines. This enables
effective and transparent knowledge sharing and decision support. Unlike purely neural
approaches (e.g., LLM-based systems) or purely symbolic systems (e.g., classical expert
systems), these hybrid architectures combine learning and reasoning capabilities, thereby
enabling a continuous cycle of adaptation and improvement.
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4.9.3 What are the challenges?

Despite their promise, NeSy AI approaches face several notable challenges. One of the main
ones among them is the lack of a clear methodology for designing and building such
systems (see also Section 4.1). Transforming raw data or implicit expert knowledge into
symbolic representations is often labor-intensive and requires deep domain expertise (see
also Section 4.2).

Many current NeSy AI implementations are still limited to small datasets or artificial
benchmarks, lacking demonstration of scalability and real-world applicability. Real-
world environments change rapidly, raising questions about how to maintain synchronization
between evolving knowledge models and learning systems.

Moreover, while symbolic reasoning enhances explainability, it can sometimes reduce
the raw performance or efficiency of systems, especially when fast inference is critical-as in
robotics, finance, or emergency medicine. Symbolic components can also add computational
overhead, particularly when combined with large-scale neural models (see again Section 4.2).

There are also practical limitations regarding tooling and infrastructure. Unlike the
mature ecosystems for deep learning (e.g., PyTorch, TensorFlow), few production-ready
libraries support neurosymbolic development. This has recently started to change, however,
as new startups focusing on neurosymbolic integrations start developing their own advanced
platforms, e.g., Imandra'!. Still evaluating these systems at large scale in real-world settings
remains difficult, with no standard benchmarks and challenges around integrating human
factors like usability and interface design (see Section 4.8).

4.9.4 Where are we now?

A foundational requirement for neurosymbolic Al is access to structured knowledge—ontologies,
knowledge graphs, argumentation structures—that serve as the backbone of the symbolic
component. Historically, the scarcity of such data has limited NeSy Al systems in real-world
contexts (see Section 4.2).

However, recent advances in large language models have transformed this landscape.
Research efforts, such as those by Hu et al. [10], demonstrate how LLMs can be used
to automatically generate structured data, including knowledge graphs and ontologies.
This unlocks neurosymbolic applications even in niche domains where no prior structured
knowledge existed.

While this marks significant progress, it introduces new concerns around data qual-
ity, provenance, and correctness. Human-in-the-loop mechanisms become essential to
validate and refine LLM-generated knowledge, ensuring the symbolic backbone of NeSy Al
systems remains reliable. Nonetheless, these developments substantially broaden the scope
of neurosymbolic Al, making its core benefits—interpretability, trustworthiness, and data
efficiency—more accessible than ever before.

Neurosymbolic Al represents a promising paradigm shift in the development of intelligent
systems. By integrating neural and symbolic approaches, it offers a path toward Al that
is not only powerful but also transparent, adaptable, and aligned with human values and
regulatory frameworks. While the field still faces methodological and practical hurdles, the
rapid progress in LLM-driven knowledge generation and growing interest across domains
signal a strong trajectory forward. As the ecosystem matures, NeSy Al approaches may
become foundational in building AT we can truly understand and trust.

Hyttps://imandra.ai/
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