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Abstract

Neuro-symbolic reasoning aims to combine the pattern-
recognition power of deep learning with the structure
and guarantees of symbolic logic, but progress is frag-
mented and largely architecture-driven. This paper takes
a question-first perspective. We first review subsymbolic
and symbolic approaches and propose a unifying taxon-
omy of neuro-symbolic paradigms: logic-guided learn-
ing, differentiable logic, program synthesis and neural pro-
gram induction, and constraint-based training. Build-
ing on this taxonomy, we identify four cross-cutting chal-
lenge axes—optimization and stability under symbolic con-
straints, expressivity and compositional generalization, se-
mantics and explainability, and data and symbol ground-
ing. Along these axes, we formulate eight concrete open
problems that cut across existing models and benchmarks.
We conclude with a roadmap highlighting short-, medium-,
and long-term directions. The result is a structured agenda
for turning neuro-symbolic reasoning from a collection of
techniques into a principled, scalable paradigm.

1. Introduction
Modern machine learning is split between subsymbolic and
symbolic paradigms. Subsymbolic methods (Deep Neural
Networks) achieve state-of-the-art performance in vision,
language, and multimodal tasks via gradient-based opti-
mization on large datasets [9, 25, 27, 28, 32, 36, 47], ex-
celling at pattern recognition and function approximation.
Conversely, classical AI’s Symbolic frameworks (logics,
rule-based systems, theorem proving) [42, 43, 46, 52] pro-
vide explicit semantics, compositional structure, and strong
guarantees. Neuro-symbolic reasoning seeks to integrate
neural representation learning with symbolic structure and
inference [6, 7, 11, 13, 14].

Despite many hybrid architectures, the field lacks
a shared view of the core unresolved questions for a
principled neuro-symbolic paradigm. Existing work is
mainly architecture-first/benchmark-first: introducing dif-
ferentiable logic layers [38, 49, 59], logic-guided train-

ing [21, 29, 41], neural-guided program synthesis [15, 35,
45, 54], and constraint-based inference [2, 55, 60], demon-
strating task-specific empirical gains. Less attention is
given to foundational issues like gradient stability under
symbolic constraints, conditions for provable compositional
generalization, or the trade-offs between explanation faith-
fulness and performance [18, 34, 40, 48]. We argue that
progress requires clarifying this conceptual and theoreti-
cal landscape rather than just bespoke architectures. We
focus on four challenge axes: (i) optimization and stabil-
ity with symbolic constraints, (ii) expressivity and compo-
sitional generalization, (iii) semantics, explainability, and
performance trade-offs, and (iv) data, supervision, and sym-
bol grounding, using them to motivate eight open problems.
Our contributions are: (i) a taxonomy of neuro-symbolic
learning; (ii) an analysis of current practices’ shortcom-
ings; and (iii) a roadmap of open problems for theoretically
grounded neuro-symbolic reasoning.

2. Background and Taxonomy
We review subsymbolic learning and symbolic reasoning,
then categorize existing neuro-symbolic approaches.

Subsymbolic learning: Deep neural networks, the dom-
inant subsymbolic approach, represent knowledge in high-
dimensional vectors, trained end-to-end via stochastic gra-
dient descent (SGD) [25, 36, 51]. Architectures like CNNs,
transformers, and GNNs [8, 27, 31, 32, 58] approximate
functions from data, offering scalability, robustness, and
universality. However, they lack explicit symbolic struc-
ture, show limited compositional generalization [3, 22, 34],
and provide few formal guarantees for constraint satisfac-
tion [40].

Symbolic reasoning: Symbolic AI uses discrete, struc-
tured formalisms (e.g., first-order logic, production rules,
constraint systems) [14, 42, 43, 46]. These support com-
positional representation, transparent inference, and of-
fer guarantees like soundness and decidability. They un-
derpin automated reasoning [4, 52] and logic program-
ming [23, 37]. Limitations include brittleness to noise, dif-
ficulty learning from raw data, and high engineering cost at
scale.



Taxonomy of neuro-symbolic paradigms: Neuro-
symbolic learning seeks to combine these strengths [6, 7,
11, 13]. We define four paradigms:

Logic-guided learning. Symbolic knowledge (rules,
structure) acts as a teacher or regularizer, shaping train-
ing signals or architectures without making logic differen-
tiable [8, 10, 14, 21, 29, 41]. Optimization remains uncon-
strained.

Differentiable logic. Logic connectives and quantifiers
are relaxed into continuous operators, letting gradients flow
through ”soft” logical expressions [20, 38, 49, 57]. Logical
constraints are optimized alongside standard losses using
truth values in [0, 1], risking approximation error or insta-
bility from saturation.

Program synthesis and neural program induction. Sym-
bolic programs or logical forms are the learning targets.
Neural models induce programs from input/supervision,
which symbolic executors run [15–17, 19, 35, 45, 54].
The symbolic part provides semantics/compositionality; the
neural part provides priors/heuristics. Challenges include
search complexity and sparse feedback.

Constraint-based training and inference. Logical
or structural constraints are embedded into optimiza-
tion/inference. Examples include differentiable optimiza-
tion layers [1, 2], differentiable SAT solvers [21, 60], struc-
tured prediction with constraints [5, 55, 56], or projecting
neural outputs onto constraint sets. These import tools from
constrained optimization.

Limitations of current practice: Work is highly empir-
ical and model-specific. Despite many techniques for cou-
pling logic and networks, there are few general principles
on when integration helps, how to ensure stable optimiza-
tion with discrete structure, or how to quantify the semantic
faithfulness of symbolic explanations/constraints [18, 34,
40, 48]. This taxonomy will identify cross-cutting challenge
axes and core open questions.

3. Core Challenge Axes in Neuro-Symbolic
Reasoning

The taxonomy in Section 2 highlights the diverse ways
symbolic structure integrates with gradient-based learn-
ing. Across all paradigms, four challenge axes emerge—
optimization and stability, compositional expressivity, se-
mantics and explainability, data and symbol grounding—
which motivate the open-problem list in Section 4.

3.1. Optimization and Stability with Symbolic Con-
straints

Gradient-based learning assumes smooth, unconstrained
objectives. Neuro-symbolic methods introduce non-
smooth, non-convex, or discrete logical/structural con-
straints. This occurs through logic-guided loss terms [29,
41], differentiable logic using fuzzy operators for

losses [21, 38, 49, 57], or constraint-based layers/projection
methods [1, 2, 60]. The resulting loss landscape structure
can cause training instability, poor convergence, or degen-
erate solutions.

Soft relaxations, used in differentiable logics, map truth
values in [0, 1] via t-norms, s-norms, and aggregation op-
erators [20, 49, 57]. While enabling end-to-end opti-
mization, the losses can be non-linear and suffer satu-
ration: gradients vanish once a formula is nearly satis-
fied [57]. Different fuzzy logic choices exhibit varied opti-
mization/approximation properties, with naive choices po-
tentially biasing learning [57]. Moreover, conflicting con-
straints can cause standard SGD to oscillate or converge to
solutions with persistent violations [21, 24].

Fundamental questions arise: When do symbolic con-
straints improve generalization, and when do they destabi-
lize training? How can relaxations and penalty schemes
be designed for both Boolean faithfulness and optimiza-
tion amenability? What principled alternatives exist beyond
heuristic combinations of task and constraint loss (e.g., pro-
jected gradient methods)? Answering these requires a joint
view of learning theory, optimization, and logical seman-
tics, currently lacking in practice.

3.2. Expressivity and Compositional Generalization
A main goal of neuro-symbolic reasoning is to unlock com-
positional generalization, difficult for purely subsymbolic
models [3, 16, 17, 30, 33, 34, 50]. Classical symbols are
inherently compositional, aligning with human systematic
generalization. Standard neural architectures often fail on
systematicity benchmarks like SCAN [30, 34, 50] without
engineered inductive biases [3, 33, 44].

Hybrid models (with symbolic layers, program-like rep-
resentations, or logical constraints) are claimed to improve
compositional generalization [19, 39, 61]. However, the
specific causal aspect is unclear: is it discrete variables, pro-
gram schemas, or explicit variable binding/quantification?
Conversely, overly rigid symbolic vocabularies can underfit
or force brittle generalization if misaligned with concepts.

Theoretically, we lack an expressivity characterization
for neuro-symbolic models that captures both components.
Existing theorems for neural networks and logical systems
apply in isolation, not to their combination’s effect on hy-
pothesis class, sample complexity, or inductive biases. We
also lack agreed-upon compositionality tests tailored to hy-
brid architectures. Developing these characterizations and
benchmarks is essential for principled design of “just ex-
pressive enough” symbolic interfaces.

3.3. Semantics, Explainability, and Performance
Trade-offs

Symbolic structure is also invoked for transparent, con-
trollable models. Logical rules, programs, and proofs



have explicit semantics, serving as human-readable expla-
nations [13, 18]. Neuro-symbolic architectures generate
symbolic traces (e.g., proof trees) accompanying neural out-
puts [16, 17, 19, 20, 35, 38] and enforce consistency with in-
terpretable background knowledge [21, 24, 29]. This raises
questions in semantics, faithfulness, and performance.

First, symbolic artifacts are not automatically faithful
accounts of computation. A neural module may emit
correlating logical forms without mediating the decision,
resulting in post-hoc or adversarially optimized explana-
tions [18, 48]. Second, enforcing strict symbolic constraints
can reduce empirical performance if constraints are mis-
specified or misaligned with the task loss [21, 24]. This
creates an accuracy–consistency trade-off. Third, differen-
tiable logic semantics are often approximate: soft truth val-
ues break classical equivalences [57], complicating inter-
pretation of “satisfied” constraints.

Addressing these requires formal notions of semantic
faithfulness for explanations, metrics quantifying how sym-
bolic traces track causal mechanisms, and theoretical un-
derstanding of how enforcement strategies (hard vs soft)
affect the accuracy–consistency trade-off. Empirical pro-
tocols must jointly evaluate predictive performance and ex-
planation quality.

3.4. Data, Supervision, and Symbol Grounding

Neuro-symbolic reasoning relies on symbolic knowledge
(theories, rules, schemas). In practice, this knowledge is
often incomplete, noisy, or absent. Symbol grounding—
aligning abstract symbols with data patterns—is a major
challenge [6, 14, 26]. Many methods assume hand-crafted
knowledge or dense symbolic supervision (e.g., gold logical
forms), limiting scalability.

When supervision is scarce, hybrid systems must infer
subsymbolic parameters and symbolic structure from weak
signals: language, approximate patterns, partial constraints,
or human feedback [14, 19, 41]. This raises questions of
identifiability (which theories fit?), robustness (how to re-
vise rules?), and knowledge interaction. Naive integration
of symbolic knowledge bases risks amplifying encoded bi-
ases and errors.

A principled treatment would connect inductive logic
programming, program synthesis, and representation learn-
ing, providing guarantees about coherence and convergence
of the symbolic component as data accumulates. We have
many techniques for injecting/extracting symbols, but few
systematic methods for maintaining and evolving symbolic
knowledge that respects both logic and empirical evidence.
The open problems in Section 4 frame these challenges for
cross-disciplinary progress.

4. A Structured Open-Problem List
Building on Section 3, this section outlines eight open prob-
lems that together form a roadmap spanning all architec-
tures and paradigms discussed in Section 2.

Open Problem 1: When Do Symbolic Constraints Help
or Hurt Optimization? All major paradigms incorpo-
rate symbolic constraints into the loss or inference objec-
tive [1, 21, 29, 38, 49, 60]. Empirically, constraints act as
inductive biases, improving generalization, but can destabi-
lize training when conflicting with data or capacity [21, 24].
The open problem is characterizing the regimes (data size,
noise, constraint structure) where symbolic constraints are
beneficial or harmful. We seek analogues of classical regu-
larization theory: conditions for provably reduced general-
ization error and lower bounds on when constraints cannot
help. Progress would make constraint design a principled
component of model selection.

Open Problem 2: How Can We Design Differentiable
Logic with Provable Approximation and Gradient Prop-
erties? Differentiable logic relies on continuous relax-
ations of Boolean connectives via fuzzy or probabilistic se-
mantics [20, 38, 49, 57]. These operators vary widely in
semantic approximation, compositional behavior, and gra-
dient properties. The key open problem is to design relax-
ation families with provable guarantees: bounded approx-
imation error to Boolean truth tables, controlled gradient
magnitudes or Lipschitz constants, and convergence results
linking relaxed satisfaction to discrete satisfaction. Such re-
sults would enable selecting operators with predictable op-
timization behavior rather than relying on heuristic choices
that bias learning or cause saturation.

Open Problem 3: What Minimal Symbolic Inter-
faces Enable Compositional Generalization? Neuro-
symbolic models aim for systematic, compositional gener-
alization [3, 30, 33, 34, 50]. Hybrid architectures (program-
like representations) show promise [19, 39, 61], but the es-
sential symbolic aspects remain unclear. The open prob-
lem is identifying minimal symbolic scaffolds (types, pred-
icates, grammars) sufficient to guarantee specific forms of
compositional generalization for a task family. Ideally, we
would relate symbolic interface properties (e.g., variable
binding) to formal generalization guarantees, guiding the
design of “just expressive enough” layers.

Open Problem 4: How Do We Measure Semantic
Faithfulness of Neuro-Symbolic Explanations? Neuro-
symbolic systems use symbolic artifacts (rules, proofs) as
model explanations [13, 19, 35, 38]. Existing evaluation re-
lies on human judgment or proxy metrics, not directly test-



ing if the symbolic explanation reflects the model’s inter-
nal computation [18, 48]. The open problem is developing
formal semantic faithfulness notions: metrics quantifying
how much an explanation constrains model behavior under
counterfactuals or distribution shifts. This requires experi-
ments to distinguish plausible explanations from mechanis-
tic ones, characterizing the faithfulness/simplicity trade-off.
Without such measures, claims of “interpretable” models
are hard to substantiate.

Open Problem 5: Can We Learn Symbolic Knowledge
from Data While Preserving Logical Coherence? Most
work assumes symbolic knowledge (theories, rules) is ex-
ternal [6, 14]. In practice, this knowledge is often incom-
plete/noisy; hybrid systems must learn, refine, and debug
symbolic components from data [19, 41]. The open prob-
lem is devising learning dynamics that jointly update sub-
symbolic parameters and symbolic structures while pre-
serving logical properties. This connects inductive logic
programming and representation learning, raising questions
about identifiability and safe rule revision. A solution
would allow symbolic knowledge bases to evolve with data.

Open Problem 6: How Should We Evaluate Neuro-
Symbolic Systems Beyond Task Accuracy? ML bench-
marks emphasize task accuracy/reward. For neuro-
symbolic systems, this is insufficient. Constraint satisfac-
tion, sample efficiency, compositional generalization, ex-
planation quality, and semantic consistency are needed [18,
34, 40]. The open problem is designing evaluation
protocols and benchmark suites that explicitly measure
these dimensions, stress-testing hybrid models beyond raw
performance. This requires multi-objective metrics and
community-agreed “gold standards” for consistency, as cur-
rent benchmarks make comparison difficult.

Open Problem 7: What Are the Right Theoretical
Abstractions for Neuro-Symbolic Models? Hybrid sys-
tems span a heterogeneous landscape (e.g., differentiable
logic circuits, constrained deep networks) [2, 38, 45, 49,
60]. We lack unifying abstractions analogous to graphical
models [12]. The open problem is developing mathematical
frameworks (e.g., differentiable constraint systems) to cap-
ture a broad class of architectures under a common formal-
ism and proving general theorems about expressivity, learn-
ability, and robustness. Such abstractions would facilitate
insight transfer and generalized reasoning.

Open Problem 8: How Do We Scale Neuro-Symbolic
Methods Without Losing Their Benefits? Many neuro-
symbolic prototypes work on small-scale tasks/restricted
logical theories [19, 38, 39, 61]. Scaling to large mod-
els/knowledge bases introduces computational bottlenecks

(e.g., search) and compromises (e.g., relaxation) that risk
eroding key benefits: interpretability and controllability.
The open problem is identifying architectural/algorithmic
patterns that retain symbolic benefits at scale: modular
knowledge bases, amortized inference, and certified reason-
ing. Addressing this is crucial for neuro-symbolic reasoning
to impact mainstream large-scale ML.

5. Roadmap and Outlook

The open problems in Section 4 define a research agenda
complementing architecture-driven progress with question-
driven inquiry. In the short term, systematic studies of
differentiable logic operators and constraint-optimization
schemes are valuable, including comparisons of their ap-
proximation and gradient properties [20, 49, 57]. Develop-
ing small, controlled benchmarks that explicitly test compo-
sitional generalization, semantic faithfulness, and constraint
satisfaction—beyond just task accuracy—would provide a
shared yardstick for evaluation [18, 30, 34, 50].

In the medium term, we expect convergence between
learning theory, optimization, and logic, leading to guar-
antees on when symbolic constraints help/hurt, how scaf-
folds affect generalization, and how to safely learn/revise
symbolic knowledge from data [14, 40]. Progress will
likely depend on unifying theoretical abstractions for neuro-
symbolic models, analogous to graphical models and PAC
theory in earlier AI waves [12, 53].

In the longer term, addressing these questions could
make neuro-symbolic reasoning a mainstream paradigm:
enabling toolchains for specifying knowledge and con-
straints, debuggers spanning neural parameters and sym-
bolic rules, and curricula teaching hybrid modeling. Reach-
ing this point requires shifting from ad hoc experimentation
to a principled, question-first perspective. The eight open
problems provide a scaffold for organizing future work and
building a theoretically grounded, empirically careful, and
reliable neuro-symbolic reasoning community.

6. Conclusion

Neuro-symbolic reasoning intersects powerful subsymbolic
models and symbolic formalisms. This paper adopts a
question-first stance, moving beyond new architectures.
We introduced a taxonomy, identified four challenge axes,
and distilled eight open problems spanning optimization,
compositional generalization, semantics/explainability, and
symbol grounding. This roadmap outlines a research
agenda to transform neuro-symbolic reasoning from iso-
lated techniques into a principled, scalable paradigm. We
hope this encourages work coupling empirical innovation
with theoretical clarity, developing benchmarks for hybrid
capabilities, and creating tools that treat symbolic knowl-
edge as a first-class citizen in mainstream machine learning.
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