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Abstract

This report explores the evolution and current state of neuro-
symbolic artificial intelligence, an approach that integrates
neural network capabilities with symbolic reasoning. We
trace the historical context from early Al aspirations to
modern implementations and successes, highlighting key
paradigms, and other logical and semantical considerations.
We argue against the “scaling is all you need” hypothesis,
and point to persistent challenges in reliable symbolic reason-
ing with deep and large models. We conclude by suggesting
that despite numerous implementation choices and the “broad
church” nature of neuro-symbolic Al, these approaches offer
the most promising path towards Al systems that combine
pattern recognition with robust reasoning, particularly for ap-
plications requiring structured knowledge, explainability, and
trustworthiness.

Introduction

In its original inception, the field of artificial intelligence
(AI) was deeply concerned with how human cognition
could be automated on a computer (Turing 1950). John
McCarthy, for example, argued for the development of so-
called common-sense programs that could reason and prob-
lem solve, using the mathematical apparatus of logic for
formalising the application domain. The idea was arguably
radical at that time (although Leibniz had already wondered
about thinking as an algebraic process (Levesque 2012)).
Despite continuing extensions of logical formalisms to
deal with actions, plans and agents (Levesque 1996; Kelly
and Pearce 2008), three representational aspects severely
challenge this program: (a) the lack of complete knowledge
(that is, an exhaustive formalisation) in almost all applica-
tions, (b) the difficulty in asserting that logical assertions are
categorically true, and (c) the need to leverage sensorimo-
tor data and relevant statistical patterns from that data. Sen-
sorimotor data, including visual and auditory information,
moreover, is sampled from high-dimensional spaces, which
lead to the problem of scalability with purely logical frame-
works. For example, a 16 x 16 black and white image would
require, say, a data structure with 2'6X16 propositions to cap-
ture the pixel values, and for a dataset of 100,000 images
would require as many instances of such data structures.
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To deal with possibly false facts, and uncertainty in gen-
eral, probabilistic logics emerged (Bacchus 1990; Halpern
2003), that allowed for a mixture of probabilistic and logical
assertions. However, because they inherited the expressive
power of (often first-order) logic but then further extended it
for probabilistic knowledge, they too suffered from scalabil-
ity issues. And they largely glossed over the point of where
the probabilities came from. Presumably, these need to be
drawn from data, but integrating the learning of statistical
information and ensuring its consistency with prior logical
knowledge is a non-trivial matter (Valiant 1999).

When limited to graphs, however, Bayesian (and later
causal) networks offered a reasonable compromise between
expert knowledge together with probabilistic and statisti-
cal information (Pearl 1998), and were amenable to certain
types of learning from data (Koller and Friedman 2009).
Building on this success, the field of statistical relational
learning (SRL) aimed to unify logical and probabilistic
frameworks by controlling the expressiveness (Raedt et al.
2016), such as by investigating finite-domain relational ex-
tensions to Bayesian networks (Koller and Pfeffer 1997;
Getoor et al. 2001). Be that as it may, a purely expert-driven
paradigm for dealing with high-dimensional data is unlikely
to succeed — unless they outsource data-heavy computation
to neural networks.

From Neural to Neuro-Symbolic

In the areas of vision and speech, in the last two decades,
neural network-based learning began demonstrated out-
standing performance in pattern recognition across com-
puter vision (Krizhevsky, Sutskever, and Hinton 2012), natu-
ral language processing, and recommendation systems. This
is owing to a cascade of improvements. Classically, neural
networks were built consisting of input, hidden, and output
layers with limited depth, but then “deep” learning archi-
tectures introduced multiple hidden layers, likely enabling
the learning of deeper hierarchical representations (although
these internal constructions are largely opaque to humans).
There were also:

1. Architectural improvements: The development of con-
volutional neural networks (CNNs) for computer vision,
recurrent neural networks (RNNs) (Goodfellow et al.
2016) and transformers (Vaswani et al. 2017) for sequen-
tial data, and graph neural networks for structured data



(Barcel6 et al. 2020) dramatically expanded the repre-
sentational capabilities of neural approaches.

2. Training regimes: Although not always well under-
stood, techniques such as dropout and batch normalisa-
tion (Goodfellow et al. 2016) targeted issues in comput-
ing gradients.

3. Computational advances: The development of GPU
computing provided the necessary computational power
to train complex models with thousands of hidden layers
on massive datasets.

4. Data availability: Partly driven by the ability to now
harness such datasets, continued efforts in data collec-
tion, including from the internet, provided the training
resources needed for such models to learn.

Despite these strides, purely neural models still have im-
portant, and perhaps fundamentally irreparable, limitations.
On the one hand, these models require large amounts of data
to achieve robust predictions, making them unsuitable for
many applications where extensive datasets are simply not
available. But on the other, does scaling these models to train
over larger and larger datasets lead to general-purpose intel-
ligence (Chollet 2019)? That is, would it “hit a wall” in terms
of its abilities (Marcus 2018, 2022; Chollet 2017)?

From a technical viewpoint, purely neural models have
been noted to exhibit several critical limitations (Marcus
2018; Besold et al. 2021):

1. Structured reasoning: Neural networks are powerful at
pattern recognition but struggle with hierarchical or com-
posite reasoning (Lake and Baroni 2018) and cannot ef-
fectively differentiate between causality and correlation.
The community has often addressed that by explicit pro-
grammatic bias, which is essentially a neuro-symbolic
endeavor (Ellis et al. 2022; Lake, Salakhutdinov, and
Tenenbaum 2015), as we discuss below.

2. Data requirements: As mentioned above, neural net-
works demand large amounts of data to achieve robust
predictions, making them unsuitable for many applica-
tions where extensive datasets are simply not available
(Marcus 2018), and where there is existing expert knowl-
edge that is not easily reflected in the collected data.

3. Knowledge integration: On the latter point, neural net-
works do not easily support the integration of expert or
common sense knowledge (Maldonado et al. 2018).

4. Explainability: Neural networks function as black-box
systems, making it difficult to understand how they reach
specific predictions for given inputs (Rudin 2019).

5. Guarantees: Neural networks compute probability dis-
tributions over possible outcomes, potentially predict-
ing outcomes that violate constraints, a serious concern
in safety-critical applications (Gajowniczek et al. 2020;
Innes and Ramamoorthy 2020).

6. Distribution drift: Neural networks, and almost all other
statistical models that predict by learning a distribution
for the training data, struggle in environments that differ
from their training data (Marcus 1998). This is because
they do not include any inherent mechanisms to deal with

worlds distinct from the controlled settings where the
data was collected in the first place. All of this leads to
degraded performance or complete failure, some catas-
trophic. One may resort to (often expensive) continuous
retraining or adaptation mechanisms, but a general solu-
tion is lacking (Lu et al. 2018; Mallick et al. 2022).

The development of neuro-symbolic Al can be under-
stood as a response to the limitations of purely neural ap-
proaches (Sun 2002; Garcez and Lamb 2023; Marcus 2001).
Interestingly, to a large extent, it can remain agnostic about
how deep learning may mature in the future. One of the mo-
tivations of neuro-symbolic Al is to also better understand
how symbols emerge (Garcez and Lamb 2023), which, yet
again, fits nicely with the deep learning paradigm where the
hypothesis is entirely implicit, informed by the hyperparam-
eters. Such symbols would then empower the reasoning pro-
cesses of the system, and possibly aid in transparency, guar-
antees, correctness and beyond.

From a practical viewpoint, neuro-symbolic Al seeks to
combine the pattern recognition capabilities of neural net-
works with the explicit reasoning mechanisms of symbolic
systems. In this sense, neuro-symbolic Al is not but a single
approach, but a family of frameworks that consider the cou-
pling of symbols and reasoning, on the one hand, and con-
nectionism, probabilities and learning, on the other (Hitzler
and Sarker 2022; Sarker et al. 2021). From a logical point of
view, there is further debate on whether a fuzzy semantics
for the representations is better suited (van Krieken, Acar,
and van Harmelen 2022) or a probabilistic (De Smet and
De Raedt 2025) one, the latter closely borrowing and extend-
ing earlier work on statistical relational learning (De Raedt
et al. 2020).

As noted in (Garcez and Lamb 2023), precisely because
of this broad remit, it relates to debates and discussions on
how to integrate algebraic processing with neural networks
(Marcus and Davis 2019; Marcus 2001), as well as Kahne-
man’s System 1 vs System 2 thinking (Kahneman 2011).

This sub-field has gained increasing prominence, with
dedicated workshops (e.g., hosted by Samsung and IBM),
interest groups at major research institutions (e.g., at the
Alan Turing Institute), and the recent establishment of
a specialized journal. Google DeepMind’s Olympiad-level
Al solvers are neuro-symbolic (Google DeepMind 2024b).
Likewise, the increasing use of symbolic systems such
as code interpreters within LLM-based systems represents
another neuro-symbolic approach; however, as argued by
(Marcus 2025b), this training regime is not always acknowl-
edged, leading the wider community to believe LLM sys-
tems have powerful reasoning capabilities despite not hav-
ing any inbuilt symbolic manipulation engines.'

Indeed, as studied by efforts such as (Valmeekam et al.
2022), LLMs’ ability to reason about mathematical and sym-
bolic truths is brittle and unreliable. Outside of this, the in-

'A nuanced point of debate here is whether integrating, say, a
python interpreter counts as neuro-symbolic in just the same way
as integrating a SAT solver does. We gloss over the point here,
and only note that symbol manipulation, emergence, reasoning and
related facets are all major considerations in neuro-symbolic Al



ability of stochastic learners to understand causal relation-
ships as well as the tendency of large models to hallucinate
(or more accurately, confabulate) certainly suggests back-
ground expert-led knowledge is crucial for trustworthiness.

Directions

Taking a pragmatic view on neuro-symbolic Al as for-
malisms and frameworks that combine, enhance or other-
wise support neural networks with reasoning mechanisms
leads, not surprisingly, to distinct and numerous strategies
(Feldstein et al. 2024). For example, an important branch
of neuro-symbolic Al builds on SRL by combining proba-
bilistic logical models with neural training (De Raedt et al.
2020), and this leads a well-defined and scoped view of
neuro-symbolic Al as the neural extension to weighted
model counting (Belle 2017; Chavira and Darwiche 2008;
Sang, Beame, and Kautz 2005; Van den Broeck, Meert, and
Darwiche 2014). There are, however, other design patterns:
integrating symbols into the learning regime is not the only
player in town. One could, for example, let the high-level
control layer be based on logic that works largely indepen-
dently of the neural/probabilistic layers (Silver et al. 2023),
commonly seen in robotics applications. In fact, if we are
to leverage large language models (Vaswani et al. 2017), we
would undoubtedly have more instances of such decoupling
of neural and symbolic functions (Athalye et al. 2024). In
(Wang et al. 2024), for example, it is shown that augmenting
LLMs with external working memory via a neuro-symbolic
pipeline helps with multi-step deductive reasoning.

As suggested in (Lenat and Marcus 2023), there are sev-
eral interesting ideas from earlier attempts of building large-
scale expert-driven logical knowledge sources, such as CYC
(Lenat and Guha 1989), that could play a pivotal role in en-
suring that generative models become trustworthy in the fu-
ture.

Keeping this breadth in mind, we outline some key repre-
sentative areas of inquiry in the field. (We cannot of course
cover or do justice to all, given scope and length limits.)

1. Knowledge Graphs and Expert Knowledge Integra-
tion. Knowledge graphs represent a fundamental area
in neuro-symbolic Al, with applications ranging from
protein databases and social networks to common sense
knowledge bases in advanced language models (Demir
and Ngomo 2023; Hossain, Saghapour, and Chen 2025;
Lavin 2021). Research in this area focuses on both learn-
ing such graphs from neural techniques and reasoning
about the knowledge they contain.

2. Neuro-Symbolic Programs. Generally, this line of re-
search can be seen as extending knowledge graphs with
non-trivial axioms specified in logic programs. Rep-
resentative examples include DeepProbLog (Manhaeve
et al. 2018), which interfaces neural predicates as exter-
nal artefacts in probabilistic logic programs, and Logic
Tensor Networks (Badreddine et al. 2022), which allows
neural outputs as artefacts in first-order theories. Inter-
estingly, the former is based on a probabilistic interpre-
tation of the output labels, and the latter on a fuzzy (or

real-valued) truth of the labels. In both these formalisms,
the neural training is influenced by the logical structure.

. Differential program induction. Program induction is

a major area in computer science (Gulwani 2010). A no-
table example is work from Google DeepMind (Evans
and Grefenstette 2018) on learning explanatory logic
rules from noisy data, which upgrades inductive logic
programming to model neural predicates learned from
noisy data. A related but somewhat orthogonal paradigm
uses programs to enforce structure in neural predictions,
as seen in the work of concept learning (Lake, Salakhut-
dinov, and Tenenbaum 2015). For work on how program
induction might affect human comprehension, see (Rule
et al. 2024).

. Training Neural Networks with Logic Formulas. The

idea of constraining the loss function of neural networks
with symbolic knowledge is useful in a wide range of
applications from physics (Stewart and Ermon 2017) to
robotics (Innes and Ramamoorthy 2020). There are a
number of developments here, such as the work of se-
mantic loss (Gajowniczek et al. 2020) and MultiplexNet
(Hoernle et al. 2022), the former based on a probabilis-
tic interpretation of the output labels, and the latter on a
fuzzy (or real-valued) truth of the labels. There is a close
relation between loss function constraints versus high-
level knowledge representation, and incidentally the se-
mantic loss and DeepProblog perform essentially similar
functions when computing gradients.

. Semantics. As hinted above, some neuro-symbolic for-

malisms use a probabilistic interpretation, and others a
fuzzy (or real-valued) interpretation for their logical vari-
ables. This can impact the learned hypothesis, and gradi-
ent computation (van Krieken, Acar, and van Harmelen
2022). There is also the issue of what sort of semantics
best describes neuro-symbolic learning; e.g., see discus-
sions in (Tsamoura, Hospedales, and Michael 2021) that
it is a type of abduction.

. Static vs Dynamics. Not surprisingly, adding temporal

or dynamic aspects can change the semantics and lan-
guage, and there are a number of symbolic solutions to
dealing with actions. For example, reward machines fo-
cuses on training (reinforcement learning) agents with
(temporal) logical formulas (Icarte et al. 2022). Differ-
ential program induction can be extended to a dynamic
setting (e.g., reinforcement learning) too (Belle and Bu-
eff 2023; Bueff and Belle 2024).

. Leveraging LLMs. Exploiting and augmenting LLMs

for symbolic reasoning tasks constitutes an entirely new
class of approaches. When used as blackbox helper func-
tions, systems like Logic-LM (Pan et al. 2023) employ
LLMs to translate natural language into logical formu-
las, after which symbolic executors compute solutions di-
rectly. This serves as an effective countermeasure against
LLM confabulations, particularly for mathematical tasks
and puzzles. A pre-ChatGPT solution making a similar
argument can be found in (Dries et al. 2017), where com-
binatorial problems formulated in natural language are
converted to symbolic constructs solved using logic pro-



gramming. Notably, Wolfram Alpha implemented a com-
parable pipeline just as ChatGPT was released (Wolfram
2023). These symbolic executor pipelines demonstrate
considerable power; they can correctly handle modal
reasoning problems such as theory of mind (Tang and
Belle 2024). Similarly, (Athalye et al. 2024) build sym-
bolic world models from language models. Importantly,
such symbolic guardrails may be essential, as LLMs
consistently struggle with reasoning and planning tasks
(Valmeekam et al. 2022).

Considerations

The designing, building and deployment of neuro-symbolic
approaches undoubtedly brings some added complexity, es-
pecially owing to the lack of a unified “framework™ or pro-
gramming regime. But this was perhaps true too during the
early days of deep learning. It is worth factoring in a few
considerations:

1. Diversity of Approaches. The “broad church” nature
of neuro-symbolic Al (Belle et al. 2023) raises ques-
tions about whether a uniform approach is necessary or
whether diversity in paradigms benefits the field. This in-
cludes considering if we need a unified mathematical lan-
guage to bridge various system-building methodologies.
Evidence from robotics applications suggests the latter
(Athalye et al. 2024; Silver et al. 2023) given the com-
plexity of mixing hardware and software interactions.

2. Balancing Reasoning and Learning. A fundamen-
tal question concerns the appropriate balance between
expert-provided knowledge and data-derived knowledge.
This includes considerations about how high-level con-
cepts provided by humans might be mapped onto low-
level features, and whether these high-level concepts
themselves could be partially or fully learned. There may
also be domain-specific considerations about the balance
between neural and symbolic components, with some ap-
plication areas potentially requiring more of one than the
other. Coupled with this point is the question of what
kind of logic is needed in neuro-symbolic systems, e.g.,
we already noted differences between a probabilistic vs
fuzzy interpretation. Also, propositional logic and finite-
domain relational logic have been common in neuro-
symbolic Al, but one may need to further consider tem-
poral and dynamic logic, particularly for agents operat-
ing in physical environments, and perhaps even epistemic
logic (Tang and Belle 2024).

3. Knowledge vs Correctness. High-level knowledge
specified for loss functions may not be obeyed after train-
ing (Gajowniczek et al. 2020). There is even evidence
that networks could learn properties that are different
from what was intended (Marconato et al. 2023). We may
hope that future neuro-symbolic solutions robustly han-
dle such problems, but they are certainly a concern today.

Despite these challenges (of maturity, one might add), un-
less one accepts the “scaling is all you need” argument, it
is difficult to envision approaches that rigorously and cate-
gorically address issues of knowledge integration and cor-
rectness other than neuro-symbolic ones! Interested readers

may also refer to (Marcus 2022) on why one should not be
accepting the scaling argument in the first place. As (Marcus
2025a) puts it, it is problematic scientifically, economically,
and politically.

Still, neurosymbolic Al should not been seen as a magic
bullet for solving general-purpose Al, nor a magic solution
for trustworthiness. For example, formal approaches may
not capture various non-quantifiable harms in the resposi-
ble and trustworthy deployment of technology (Belle 2023).
Neuro-symbolic Al is likely necessary for progress — primar-
ily because reliable answers about objects in the world re-
quire world models, which neuro-symbolic approaches can
provide — but it is not sufficient on its own (Marcus 2020).

Discussion, Developments and Case Studies

AlphaGeometry and AlphaProof We discussed an early
example of neuro-symbolic integration in Wolfram Alpha’s
ChatGPT extension (Wolfram 2023). For example, asking
ChatGPT about the distance between Chicago and Tokyo
could lead to errors, not least owing to its stochasticity. But
the extension parses the natural language question to a sym-
bolic lookup in Wolfram Alpha, plausibly leading to the cor-
rect response. In this way, its not different from the symbolic
executor approach of (Pan et al. 2023) and (Tang and Belle
2024), discussed earlier.

A significant large-scale development in neuro-symbolic
Al is arguably Google DeepMind’s work on mathematical
problem-solving. They introduced systems AlphaGeometry
and its successor, AlphaGeometry 2, as well as a newer sys-
tem called AlphaProof, all of which achieved impressive re-
sults in tackling International Mathematical Olympiad prob-
lems (Google DeepMind 2024a). AlphaGeometry (Google
DeepMind 2024b), for example, is explicitly described as “a
neuro-symbolic system made up of a neural language model
and a symbolic deduction engine, which work together to
find proofs for complex geometry theorems”. This system
exemplifies the “thinking, fast and slow” paradigm (as re-
ported by Google DeepMind), where one system provides
fast, intuitive ideas, and the other offers more deliberate, ra-
tional decision-making. Likewise, the newer AlphaGeome-
try 2 system maintains this neuro-symbolic structure but in-
corporates a language model, trained from scratch on signif-
icantly more synthetic data than its predecessor. AlphaProof
too appears to have an analogous structure, with a language
model feeding into a search through formal proofs verified
and formulated in Lean, a symbolic proof assistant system
(Ying et al. 2024). See (Wang et al. 2025; Xin et al. 2024)
for other such efforts. On a related note, Google DeepMind’s
AlphaFold was cited in a recent Nobel Prize award (Google
DeepMind 2024c), which is a differentiable approach but
involves numerous geometry and domain constraints along
with structural priors in its design, which is very much in the
spirit of neuro-symbolic modelling (e.g., loss functions and
background knowledge) discussed earlier.

LLMs and Reasoning Recent work has highlighted sig-
nificant limitations in the reasoning capabilities of LLMs
that further motivate the neuro-symbolic approach. For ex-
ample, studies from both Apple (Shojaee et al. 2025) and



Salesforce (Huang et al. 2025) have demonstrated that
LLMs struggle with algorithmic reasoning and multi-turn
tasks that require precise execution of procedures. These
findings suggest that current LLM technology is likely not
reliable for complex reasoning tasks. And as discussed ear-
lier, efforts such as (Valmeekam et al. 2022) demonstrated
much earlier about the limitations of LLMs for planning.

It is plausible that LLMs might excel at tasks they have
encountered in training but struggle with novel situations or
slight variations of familiar problems. But variable and sym-
bol substitutions, symmetry and transitivity, among other
things, are hallmarks of logical reasoning, which suggests
that a logical oracle or solver that is distinct from the LLM
machinery is unavoidable.

Tools Integration Along with Wolfram Alpha’s integra-
tion with ChatGPT, OpenAl has released plug-ins like
“Code Interpreter” to enable the model to perform mathe-
matical calculations or correctness checking using external
software.

While these integrations improve performance on
straightforward mathematical tasks, they still face chal-
lenges in reliably solving word problems that involve a com-
bination of science and mathematics. As argued in (Marcus
and Davis 2023), the difficulties arise from two main gaps:
LLMs usually lack the commonsense knowledge needed to
translate word problems into mathematical calculations, and
they do not seem to reliably understand how to use the tools.
Testing of these tool-augmented systems seems to show
mixed results; see (Marcus and Davis 2023) for discussions.
This inconsistency suggests the need for more robust inte-
gration between neural and symbolic systems.

Conclusion

Neuro-symbolic Al represents a promising (and perhaps
only) approach to addressing the limitations of purely neu-
ral or purely symbolic systems. By combining the pattern
recognition capabilities of neural networks with the reason-
ing power of symbolic systems, neuro-symbolic approaches
offer potential solutions to challenges in areas such as struc-
tured reasoning, knowledge integration, explainability, and
reliability.

Recent developments, particularly in mathematical
problem-solving systems like AlphaGeometry and Al-
phaProof, demonstrate the viability and effectiveness
of neuro-symbolic approaches. Given the current ex-
citement about LLM technology, we pointed to studies
that underscore the necessity of moving beyond purely
neural approaches, and assuming scaling will lead to
general-purpose Al on its own.

Fundamentally, determining the optimal balance between
neural and symbolic components, and understanding the for-
mal linguistic and semantic requirements, might be a valu-
able place to start towards the development of future Al sys-
tems that are more capable, more reliable, more interpretable
and more alignable.
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