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Abstract

Neurosymbolic artificial intelligence combines neural network adaptability with
symbolic reasoning, offering a framework for addressing multi-objective optimization,
constraint satisfaction, and interpretability challenges in advanced product design.
This survey reviews 70 studies spanning generative CAD, topology optimization,
manufacturing and assembly planning, quality assurance, and sustainability-driven
design, and classifies 38 representative systems by integration type, symbolic
substrate, neural function, and evaluation domain. The analysis reveals a fragmented
landscape dominated by loosely coupled architectures, with tighter integrations still
concentrated largely in general benchmarks rather than engineering workflows.
Evaluation practice is similarly fragmented: reported protocols are heterogeneous,
and we did not identify a study that explicitly isolates the contribution of its symbolic
component. We therefore propose an operational evaluation protocol separating
task performance, symbolic contribution, and system credibility, and illustrate its
relevance through a deployed industrial case study. By linking these techniques to the
operational demands of product design, this work provides a roadmap for researchers
and practitioners developing intelligent design automation systems.
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1 Introduction

Product design has evolved from manual drafting and rule-based Computer-Aided
Design (CAD) to data-driven generative methods powered by neural networks. While
deep learning has revolutionized design space exploration through automatic feature
extraction, generative synthesis, and performance prediction, purely neural approaches
lack interpretability and cannot guarantee constraint satisfaction or formal verification of
physical and manufacturing requirements such as structural integrity, thermal limits, or
manufacturability. This gap has catalyzed interest in neurosymbolic (NeSy) systems that
combine neural generalization with verifiable symbolic reasoning, representing the third
wave of intelligent design automation d’ Avila Garcez and Lamb (2023).

Modern product design across aerospace, electronics, automotive, and industrial
domains requires simultaneously optimizing conflicting objectives, minimizing weight
while maximizing strength, reducing cost while improving performance, subject to
hard constraints: safety standards, manufacturing tolerances, material availability, and
regulatory compliance Roijers et al. (2013). Neural networks excel at learning design-
performance mappings but cannot inherently enforce constraints or explain decisions.
Symbolic systems rigorously verify requirements but lack the capacity to discover novel
patterns in high-dimensional data. Neurosymbolic Artificial Intelligence integrates neural
pattern recognition with symbolic constraint reasoning, enabling design systems that are
both data-informed and provably correct.

Neurosymbolic models offer the potential to learn from large-scale design databases
(e.g., CAD repositories, simulation results, and manufacturing records) while enforcing
domain-specific rules through symbolic layers. This approach supports the entire design
lifecycle, from conceptual generation and topology optimization to engineering analysis
and manufacturing planning. It balances multiple objectives on the Pareto front while
satisfying hard constraints. Encoding geometric constraints and process capabilities
symbolically alongside adaptive neural policies allows refinement to continue under
formal guarantees. Yet developing robust architectures for high-dimensional design
spaces, real-time constraint verification, multi-stakeholder preferences, and seamless
CAD-to-manufacturing workflows remain active research challenges.

While neurosymbolic integration and multi-objective reinforcement learning (MORL)
have each been studied extensively in isolation Besold et al. (2021); Hayes et al.

L3S Research Center, Leibniz University of Hannover, Germany
2TIB — Leibniz Information Centre for Science and Technology, Hannover, Germany
SLaboratory for Machine Tools and Production Engineering (WZL), RWTH Aachen University, Germany

Corresponding author:

Siamak Ghodsi, L3S Research Center, Leibniz University of Hannover, Appelstra3e 9a, 30167 Hannover,
Germany.

Email: ghodsi@I3s.de

Prepared using sagej.cls



Ghodsi et al. 3

(2022), their integration for product design remains fragmented. Existing surveys
primarily address general NeSy architectures Yu et al. (2023); d’Avila Garcez and Lamb
(2023); Colelough and Regli (2024), abstract multi-objective reinforcement learning
formulations Roijers et al. (2013), or domain-agnostic NeSy-RL frameworks Acharya
et al. (2024), without systematically examining how symbolic constraints, multi-
objective trade-offs, and verification requirements interact within end-to-end product
design workflows. In particular, prior work concentrates either on single-objective or
safety-constrained control, or on multi-objective methods without explicit symbolic
reasoning and design-rule verification. Both are critical for engineering applications.

This review addresses this gap by synthesizing neurosymbolic integration patterns
specifically in the context of product design, from generative CAD and structural
optimization to manufacturing and assembly, with an emphasis on verifiability,
interpretability, and Pareto-efficient decision-making.

Abbreviations. Table 1 summarizes abbreviations and notation used throughout this
survey. All acronyms are defined at first use in the main text.

2 Survey Methodology

We conducted a structured literature review (SLR) to identify and synthesize NeSy
methods for product design, spanning generative CAD, manufacturing and process
optimization, assembly/disassembly planning, and sustainability-driven design. The
protocol follows a PRISMA-inspired workflow adapted to engineering and Al literature;
the study selection process is summarized in Figure 1.

Living resources (ORKG and repository). To improve transparency and facilitate
community reuse, we maintain a queryable, structured comparison of the reviewed
methods in the Open Research Knowledge Graph (ORKG)*. An accompanying GitHub'
repository provides a living bibliography (Awesome-style list), metadata artifacts, and
supporting material. These resources may extend beyond the static snapshot discussed
in the manuscript, while the SLR corpus analyzed in this paper consists of 70 included
papers.

Research scope and questions. The review targets methods that integrate
symbolic substrates (e.g., logic, rules, constraints, ontologies, knowledge graphs,
planners, solvers) with neural components (e.g., perception, generation, optimization,
surrogate modeling) in product design pipelines. Concretely, we ask: (i) which NeSy
integration patterns are used across design subdomains, (ii) what symbolic substrates and
neural functions are combined, (iii) which objectives and constraints are supported (e.g.,
manufacturability, safety, sustainability, cost/time), and (iv) how systems are evaluated
(datasets, simulators, benchmarks, case studies).

*orkg.org/comparisons/R1569149
T github.com/SiamakGhodsi/NS-Product-Design-Survey
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Table 1. Abbreviations and notation used in this survey.

Abbrev. Meaning Abbrev. Meaning

General terms

Al Artificial Intelligence CAD Computer-Aided Design

NeSy Neurosymbolic KG Knowledge Graph

CSp Constraint Satisfaction Problem PDE Partial Differential Equation
PLM Product Lifecycle Management MDP Markov Decision Process
Machine learning and neural networks

RL Reinforcement Learning MORL Multi-Objective Reinforcement Learning
NeSy-RL  Neurosymbolic Reinforcement Learning RAG Retrieval Augmented Generation
CNN Convolutional Neural Network GNN Graph Neural Network

VAE Variational Autoencoder GAN Generative Adversarial Network
LLM Large Language Model VLM Vision-Language Model

PINN Physics-Informed Neural Network TINN Taxonomy-Informed Neural Network
PEFT Parameter-Efficient Fine-Tuning LoRA Low-Rank Adaptation

Symbolic AI and formal methods

SAT Boolean Satisfiability SMT Satisfiability Modulo Theories
QP Quadratic Programming DSL Domain-Specific Language

DL Description Logic OWL ‘Web Ontology Language

SWRL Semantic Web Rule Language

Evaluation and methodology

SLR Systematic Literature Review RMSE Root Mean Square Error

ORKG Open Research Knowledge Graph MAE Mean Absolute Error

HV Hypervolume indicator CSR Constraint-Satisfaction Rate

PRISMA  Preferred Reporting Items for Systematic Reviews and Meta-Analyses

Table 3 notation — Domains (Dom)

CAD Computer-Aided Design Mfg Manufacturing / production
Asm Assembly planning Mat Materials
Topo Topology optimization Dsgn Design (general)
G General benchmark (none specific product QA Quality Assurance
design)
Table 3 notation — Neural functions (NF)
P Perception / feature extraction Gen Generation
Opt Decision / optimization / control S Surrogate / prediction
Table 3 notation — Symbolic substrates (SS)
O Ontology K Knowledge graph
L Logic / formal specification C Constraints / physics
R Rules
Table 3 notation — Other
(pd) Paper-defined dataset/benchmark NR Not reported as directly comparable scalar

Information sources and search strategy. Records were identified in two stages.
First, a systematic automated harvest was performed over the DBLP and Semantic
Scholar bibliographic indexes, which aggregate metadata from the major Al and
engineering publishers (IEEE, ACM, Springer, Elsevier); this harvest yielded the n =
1,095 records reported in Figure 1. Searches combined keywords covering (a) the NeSy
dimension and (b) the product design dimension. Example queries included: (neuro-
symbolic OR neurosymbolic OR neural-symbolic OR “knowledge graph” OR ontology
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Figure 1. PRISMA-style flow diagram summarizing identification, screening, eligibility
assessment, and inclusion for the SLR. The left stream under screening reports identification
via bibliographic databases; the right stream reports the supplementary engineering-database
search conducted during revision (final SLR corpus: 70 papers).

OR logic OR constraint) AND (product design OR CAD OR “computer-aided design”
OR manufacturing OR “process planning” OR assembly OR disassembly OR topology
optimization). Second, targeted supplementary searches were run in Google Scholar
and arXiv, and backward and forward snowballing was performed on highly relevant
survey and cornerstone papers. Publisher portals (IEEE Xplore, ACM Digital Library,
SpringerLink, Elsevier/ScienceDirect) were additionally used for full-text retrieval and
for reconciling preprint and published versions of the same work.

Eligibility criteria. We included peer-reviewed conference/journal papers and
well-established preprints that: (1) address a product-design-related task (e.g.,
CAD synthesis, manufacturing planning/optimization, assembly planning, topology
optimization, materials selection), and (2) contain an explicit integration of symbolic
structure with neural learning/inference (or a clearly defined hybrid architecture). We
excluded papers that: (i) are purely symbolic expert systems without learning, (ii)
are purely neural models without a symbolic component, (iii) focus on generic NeSy
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reasoning without a meaningful connection to product design, or (iv) provide insufficient
technical detail to assess the integration mechanism. Only English-language publications
were considered.

Screening and selection process. Records were first de-duplicated, then screened
by title and abstract for topical fit. Remaining papers underwent full-text assessment
against the inclusion criteria. When multiple versions existed (e.g., arXiv and later
published), we retained the most complete peer-reviewed version. The resulting selection
flow is reported in Figure 1.

Supplementary engineering-database search. Because identification relied
primarily on computer-science-oriented aggregators, coverage of engineering-specific
indexes was potentially incomplete. We therefore conducted a supplementary search of
Engineering Village/Compendex, the ASME Digital Collection and Scopus, applying
the same eligibility criteria and restricted to journal and conference articles. Knovel
was not searched: it indexes handbooks, materials-property data and reference works
rather than primary research literature, and is therefore not an appropriate source
for methodological studies. The search retrieved 33 studies addressing product-design
tasks. Fifteen satisfied the eligibility criteria and were incorporated into the review
corpus and the unified classification in Table 3. The remaining 18 were excluded under
criterion (ii): they comprise purely neural design-automation methods. For example,
design-automation methods such as machining-feature recognition, B-rep representation
learning, programmatic CAD reconstruction, and conditional generative design, together
with ontology-, rule- and case-based systems that carry no learned component, and
machine-learning approaches to life cycle assessment in which the inventory model
remains external to the learner. These adjacent studies are not counted in the corpus,
but selected examples are cited in the discussion where they establish context, and all 33
records are retained in the ORKG comparison, labelled as core or adjacent, so that the
boundary applied here is inspectable. Both streams appear in Figure 1.

Data extraction and coding. For each included paper we extracted: design
domain, symbolic substrate(s), neural function(s), integration pattern (following
Kautz’s taxonomy), objectives/constraints, required inputs (data modalities, CAD
representations, simulators), evaluation setting (benchmarks, case studies), and reported
limitations. Extraction was performed using a standardized template and coding schema.
The corresponding extraction template, coding fields, and structured records (including
ORKG-aligned metadata) are provided in the companion repository.

Synthesis and consistency checks. We synthesized findings along three axes: (1)
integration pattern (Types 1-VI), (2) symbolic substrates and neural functions, and (3)
product design subdomains. Ambiguous cases were resolved by re-reading the method
and evaluation sections and cross-checking terminology across related work.

3 Preliminaries

This section establishes foundational paradigms underpinning NeSy systems in
product design. We examine symbolic reasoning approaches that provide constraint
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verification but lack learning capabilities; neural learning methods that enable data-
driven optimization but cannot guarantee formal correctness; and then NeSy integration
paradigms that combine both to address their complementary limitations.

3.1 Symbolic Reasoning for Product Design

Symbolic AI, dominant in engineering automation from the 1970s through the
1990s, provides explicit knowledge representation, logical inference, and formal
verification, all of which are essential for constraint-driven design. These methods
enable transparent reasoning and correctness guarantees but require extensive manual
knowledge engineering and cannot adapt from experience Nardi and Brachman (2003).

Ontologies and Knowledge Representation. Description logics provide formal
foundations for ontology-based knowledge bases and taxonomies in product
design, enabling precise specification of material properties, geometric relations,
manufacturing capabilities, and compatibility constraints Nardi and Brachman
(2003). Ontology-based systems encode hierarchical classifications in which metallic
alloys, for example, inherit properties from parent metal classes while defining
specific characteristics, thereby facilitating automated material selection and process
compatibility checking Golpayegani et al. (2024); Kim et al. (2006). However,
constructing comprehensive ontologies requires substantial domain expertise, and
maintaining them as materials and standards evolve demands continuous manual
curation.

Knowledge Graphs (KG) extend ontological frameworks by capturing historical
context and design rationale Hao et al. (2021), linking design parameters to
performance outcomes, component relationships, and engineering justifications. This
enables traceability for regulatory compliance and design reuse through the identification
of similar solutions. However, their rigid structure challenges the incorporation of
uncertain or probabilistic relationships.

Constraint Satisfaction and Formal Verification. Constraint satisfaction prob-
lems (CSPs) ensure designs meet hard requirements before manufacturing. CSP solvers
verify that geometric tolerances, material stress limits, and assembly sequences are
satisfied simultaneously Rosell (2004). These formal methods provide mathematical
correctness guarantees crucial for safety-critical applications, but suffer from scalability
limitations as design spaces grow to thousands of parameters and cannot handle
perceptual tasks such as CAD model parsing or defect detection.

Limitations. Purely symbolic approaches (including rule-based expert systems and
planning-based configurators) rely on sufficiently complete and up-to-date domain
knowledge specified upfront. This assumption is often unrealistic in product design,
where requirements evolve, suppliers change, and new materials/processes emerge.
Moreover, symbolic systems do not naturally leverage large-scale historical data or
simulation logs for generalization; instead, new scenarios typically require manual
knowledge engineering and rule maintenance. Finally, under partial observability or
noisy sensing, purely symbolic pipelines can be brittle, often failing to produce feasible
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Table 2. Comparative capabilities of symbolic, neural, and neurosymbolic paradigms for
product design. Ratings are qualitative: Strong indicates the capability is typically native or
enforceable by design; Medium indicates partial support or strong dependence on task setup;
Weak indicates the capability is not reliably achieved without substantial additional machinery;
None indicates the paradigm does not provide the capability in its standard form. OOD stands
for out-of-distribution

Capability Symbolic Neural Neurosymbolic
Hard constraint satisfaction Strong Weak Strong
Learning from data None Strong Strong
Perception from unstructured inputs Weak Strong Strong
Interpretability / rationale Strong Weak Strong
Robustness to noise / uncertainty Weak Medium Strong
OOD generalization / novelty Medium | Weak/Medium | Medium/Strong
Verification / certification readiness Strong Weak Medium/Strong
Data efficiency Medium | Weak/Medium | Medium/Strong
Computational scalability Medium Strong Medium
Knowledge maintenance cost High Low Medium

solutions rather than degrading gracefully. To position these limitations in the broader
landscape, Table 2 contrasts symbolic, purely neural, and neurosymbolic paradigms
across recurring design capabilities and trade-offs.

3.2 Neural Reasoning for Product Design

Neural networks have transformed product design by learning complex patterns directly
from data. They automatically extract features from design repositories, simulation
databases, and sensor streams, enabling advances in generative design, performance
prediction, and multi-objective optimization Kusiak (2020). Yet, as black-box function
approximators, they provide neither formal guarantees nor the traceable rationale that
engineering decisions typically require.

Perception and Feature Learning. Convolutional neural networks (CNNs) learn
aesthetic quality and functional form relationships from design databases without hand-
crafted feature engineering Heidari and losifidis (2025). Modern CNNs process 3D
CAD models, point clouds, and mesh representations for design similarity retrieval,
manufacturability assessment, and defect detection. Transformer-based architectures
such as vision-language models extend these capabilities by mapping rendered CAD
views to structured design programs. OpenECAD, for example, generates executable
sketch and 3D CAD operation sequences from images, producing fully editable CAD
models Yuan et al. (2024).

Generative Design. Generative models (LLMs, VLMs, VAEs, GANs, diffusion
models) enable automatic synthesis of novel geometries satisfying learned patterns Alam
and Ahmed (2025); Li et al. (2025c). These models learn compressed latent
representations, allowing interpolation between known designs and exploration of
unconsidered solutions. Graph neural networks extend generation to topological
structures such as assemblies or lattices. However, these models typically optimize
reconstruction or perceptual similarity losses and do not enforce manufacturing
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constraints or certification rules; generated CAD is therefore plausible rather than
guaranteed feasible, and must be post-filtered by symbolic checkers or human experts.

Physics-Informed Neural Networks (PINNs) integrate conservation laws and
boundary conditions into their loss functions, providing fast surrogates for stress analysis,
thermal simulation, and other PDE-governed use-cases Cuomo et al. (2022). However,
neural surrogates are prone to overfitting and provide approximations without formal
error bounds. Thus, they may fail on out-of-distribution designs.

Multi-Objective Reinforcement Learning (MORL): learns policies that trade off
cost, performance, weight, and manufacturability by approximating Pareto fronts Hayes
et al. (2022). In product design, this supports automated exploration of design variants
under competing objectives. However, purely neural MORL policies treat constraints
as soft penalties or hidden rewards and cannot guarantee that all safety, tolerance, or
regulatory constraints are satisfied without additional mechanisms. Moreover, they lack
interpretability.

Limitations. Black-box neural models share three critical weaknesses: 1) They lack
explicit design-rule representations and cannot provide structured explanations required
for auditability and certification. 2) Generative models may produce geometries that
violate manufacturing constraints since these constraints are not embedded in the
training objectives. 3) Most critically, neural systems optimize expected performance
over training distributions but offer no formal correctness guarantees, especially under
distribution shift.

3.3 Neurosymbolic Integration Paradigms: Product Design
Perspective

Neurosymbolic Al integrates neural learning with symbolic reasoning to overcome
complementary limitations. Where symbolic systems provide verifiable constraint
enforcement but lack learning capabilities, and neural networks enable data-driven
optimization but cannot guarantee correctness, NeSy approaches yield systems that learn
from experience while maintaining formal guarantees.

Integration Taxonomies. Kautz’s taxonomy Kautz (2022) categorizes NeSy
systems into six types (Figure 2): Type I embeds symbolic knowledge as neural features;
Type II uses neural oracles within symbolic control; Type III maintains parallel modules
with structured exchange; Type IV compiles symbolic rules into networks; Type V
incorporates constraints as differentiable losses; Type VI interleaves symbolic layers in
neural forward passes. Yu et al. propose an orthogonal classification based on information
flow Yu et al. (2023): learning for reasoning, reasoning for learning, and fully integrated
learning-reasoning systems.

Capabilities and Trade-offs. These integration paradigms enable design systems
that learn from data while maintaining verifiable constraint satisfaction and interpretable
rationale. Building on the cross-paradigm comparison in Table 2, we next relate
each integration type to common design settings. Type II architectures are suitable
for scenarios where symbolic planning predominates; Type V methods apply when
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Neurosymbolic Integration Types for Product Design

Type I: Symbolic - Neural Type II: Symbolic[Neural] Type lll: Neuro||Symbolic
Knowledge as Features Neural Oracles Parallel Modules
Material selection via Assembly planning with Process control: RL optimizer
knowledge graph embeddings neural manufacturability oracle + safety verifier
Type IV: Neuro:Symbolic - Neuro Type V: Neuro(Symbolic) Type VI: Neuro[Symbolic]
Compiled Integration Constraints as Loss Differentiable Layers
Manufacturing rules compiled Topology optimization with Assembly planning with
into network architecture physics-informed constraints differentiable SAT solver

Integration Tightness -

L

>
Loose Coupling Runtime Tight Coupling
(Preprocessing) Interaction (Deep Embedding)

Figure 2. Neurosymbolic integration types (after Kautz), from loose to tight coupling: | neural
features, Il neural oracles, Ill parallel neural and symbolic modules, IV compiled rules, V
constraints-as-loss, VI differentiable symbolic layers.

constraints can be approximated differentiably; Type VI designs enable real-time
constraint checking within neural control loops.

Formal Characterization. Neurosymbolic product design can be formally
characterized as constrained optimization over a hybrid space:

x* = argmin fy(x) subjectto P(x)ET (1)
xeX

where fp : X — R denotes a neural objective (e.g., a learned performance surrogate or
policy value), X' is the design space (continuous parameters, discrete configurations,
or both), and ®(x) = T asserts that the symbolic specification $—a conjunction of
constraints ¢1 A ¢2 A - - - A ¢ encoding geometric validity, manufacturing rules, safety
specifications, or ontological consistency—is satisfied by design x. The six integration
types in Kautz’s taxonomy differ in sow and when the symbolic specification ® interacts
with the neural objective fy:

e Types I-II: ® shapes inputs or outputs (preprocessing/postprocessing)

* Type III: ® verified in parallel, filtering or shielding neural proposals

* Type IV: ® compiled into network structure

 Type V: ® encoded as differentiable loss: £ = fy(x) + A - Lo (x) where Lo — 0
iffo(x) =T

* Type VI: ® solved within forward pass via differentiable SAT/SMT/QP layers

For multi-objective settings common in product design, fy generalizes to a vector-valued
function fy : X — R™, and the goal becomes approximating the constrained Pareto
front:

Pt = {X eEX | (I)(X> ): T A ﬂX/ :x/ > Pareto X} 2)
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The following section applies this taxonomy to classify existing methods across
product design domains, revealing systematic patterns in how different integration types
align with specific engineering tasks. In Section 7, ® and P* are revisited as the quantities
that an evaluation protocol has to measure.

4 Classification of Neurosymbolic Methods for Product Design

An overview of the classified methods is provided in Table 3, which brings the
representative systems identified through the main and supplementary engineering-
database searches under a common coding scheme. The table classifies 38 systems by
integration type (I-VI), symbolic substrate, neural function, and evaluation domain. The
broader SLR corpus comprises 70 papers; structured records for the classified systems
and contextual studies are maintained in the companion ORKG comparison. This section
examines the patterns that emerge from this classification.

Distribution of integration types. Types I-III constitute the majority of product-
design-evaluated systems in our corpus, whereas Types IV-VI appear more often in
general benchmarks (denoted “G”) than in end-to-end engineering workflows. This
asymmetry reflects practical constraints: loose couplings preserve modularity, enable
independent validation of symbolic components, and integrate naturally with existing
CAD, simulation, and PLM toolchains. By contrast, tighter integrations (Types V—
VI) often require domain-specific differentiable formulations; available for geometric
primitives (e.g., NURBS-Diff) and physics losses (e.g., PINNs) but less mature for
discrete manufacturing rules or assembly precedence constraints.

Integration type
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Figure 3. Distribution of integration types across the classified systems.

Among systems evaluated in engineering domains, Types I-III dominate, particularly
combinations of learned components with ontologies and knowledge graphs. Type V
appears mainly in physics- and constraint-informed topology optimization, whereas
Types IV and VI remain rare in end-to-end engineering workflows. Quantitatively,
Types I-III account for 26 of the 38 classified systems (Figure 3), indicating that
tighter neural-symbolic coupling remains comparatively uncommon in product-design
applications.
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Neurosymbolic Integration Across Product Design Lifecycle

Generative CAD: Type Il, IV, VI
Data: text | sketch | CAD ops
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[ Assembly Planning: Type | -- Il ]
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Neural: seq/policy Symbolic: SAT/CSP

[ SAT(Bpec A et A ) |

ASAP, SATNet, OptNet, KG-LLM-QA, APKG-
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[ Quality Assurance: Type I, lll ]

Legend Input Types / Data / Roles
Data: images | signals | reports

Neural: detect/IE Symbolic: ontology/KG Symbolic layer

Constraint form

[ O U obs(z) ¢ defect(z) ]

Onto-KR, Onto-Speech, Onto-SAGCN,
KGE-Defect, HCP-KG

Ontologies & KGs

Figure 4. Neurosymbolic integration across the product-design lifecycle (survey lens).
Representative stages, integration types, methods, and symbolic substrates are shown.
Bidirectional arrows denote neural-symbolic interaction, the dashed arrow denotes iterative
refinement, and boxed expressions represent constraint formulations. Examples are illustrative
rather than exhaustive.

Lifecycle view. To contextualize the taxonomy within an engineering workflow,
Figure 4 maps the dominant integration patterns onto canonical product design stages.
Stages here correspond to the evaluation domains coded in Table 3, but a stage may draw
on systems from several domains. The figure is not a normative pipeline but a survey
lens: it illustrates where neural and symbolic components interact through constraint
checking, shielding, verification, or structured knowledge exchange, and why feedback
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loops arise when candidate designs fail validation. Across stages, these interactions
instantiate the constrained optimization formulation of Equation 1; in multi-objective
settings, the learned objective becomes a vector of competing criteria, e.g.,

J(X) - [Jcost(x)v Jtime(x)a JC02 (X)a 7Jquality(x)}a (3)

and the goal is to approximate the constraint-feasible Pareto set P* (Equation 2).

Symbolic substrates and neural functions. The unified classification in Table 3
reveals recurring pairings between engineering tasks and symbolic—neural components.
Constraint- and physics-based substrates (C) are prominent in topology optimization
and CAD reconstruction, where governing equations and geometric requirements can
be incorporated into learning or optimization. Ontologies and knowledge graphs (O,K)
occur frequently in manufacturing, assembly, and quality-related applications, where
heterogeneous engineering knowledge must be represented explicitly and connected to
learned models. Logic and rule substrates (L,R) are more common in safety-critical
shielding and rule-guided generation, where explicit specifications can restrict or verify
model outputs.

Constraints are the most frequent symbolic substrate, followed by knowledge graphs,
logic, ontologies, and rules (Figure 5).

Symbolic substrate
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Figure 5. Symbolic substrates used across the classified systems.

Neural configurations. Optimization is the most frequent neural function, followed
by surrogate modelling, generation, and perception. Their pairing with symbolic
substrates is task-dependent, and graph networks are the most common architecture
family (Figure 6).

Ontologies and knowledge graphs in engineering practice. Explicit knowledge
representations are particularly prominent in manufacturing, assembly, and quality-
related systems. Examples include assembly-process knowledge graphs Li et al. (2025a);
Shi et al. (2024), machining knowledge bases Guo et al. (2022), and ontology-
or KG-based approaches to defect diagnosis and quality control Wang and Cheung
(2023); Wang et al. (2024); Zhang et al. (2024). More recent systems combine such
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Figure 6. Neural components in the reviewed systems: (a) primary function, (b) function—
substrate pairings, and (c) architecture families. Two studies were excluded from (c) due to
combined neural architecture; systems with two neural functions contribute to both rows in (b).

representations with language models for process planning and assembly question
answering Hoang et al. (2026); Shao et al. (2026); Section 5.6 examines how these
systems adapt the language model and couple it to the symbolic layer. In contrast, tightly
coupled differentiable symbolic solvers and logic layers remain scarcely represented in
engineering applications.

Engineering methods nevertheless incorporate substantial structural knowledge in
other forms. For example, B-rep topology guides message passing Lee et al. (2023),
governing equations enter differentiable objectives Jeong et al. (2023a), CAD structure
is embedded in the decoder Zhang et al. (2025), and physical fields condition generative
models Nie et al. (2021). These approaches provide useful domain priors but do
not always expose engineering knowledge as an independently represented symbolic
component that can be inspected, modified, or reused. Making such knowledge explicit,
while retaining the flexibility of learned models, therefore represents an important
opportunity for neurosymbolic product-design systems.

Domain-specific patterns. Across application domains, generative CAD empha-
sizes programmatic representations and editability, topology optimization consistently
incorporates physical priors, and manufacturing and assembly planning prioritize
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Evaluation domain

General benchmark |9
General design |2
Materials | 2
Topology optimization 4
Quality assurance |5
Assembly planning |7
Manufacturing |5
CAD L4

Studies

Figure 7. Evaluation domains represented across the classified systems.

symbolic feasibility and safety constraints. Together, these patterns highlight both
the diversity of neurosymbolic design strategies and the lack of standardized, cross-
domain evaluation protocols. Yet, coverage across these domains remains uneven.
Quality assurance and assembly planning are among the better represented engineering
domains Zhang et al. (2024); Wang and Cheung (2023); Wang et al. (2024); Xu et al.
(2024); Li et al. (2025a); Shi et al. (2024); Shao et al. (2026), whereas materials remain
comparatively sparse (Figure 7), with relatively few studies explicitly coupling learned
components with symbolic knowledge or constraints. This imbalance indicates that the
adoption of neurosymbolic methods is progressing at different rates across product-
design domains and points to materials and sustainability as areas with substantial room
for further development.

Evaluation gaps. A key limitation across the classified systems in Table 3 is the
heterogeneity of evaluation protocols. Reported metrics range from geometric fidelity
and prediction error to task success, constraint satisfaction, reasoning quality, and
domain-specific process measures, making direct cross-method comparison difficult.
Evaluation settings are similarly diverse, spanning synthetic benchmarks, simulated
environments, public engineering datasets, enterprise records, and deployed industrial
systems (Section 5.4). This diversity points to a recurring trade-off between realistic
industrial evaluation and reproducibility, since stronger industrial evidence typically
relies on proprietary data and systems. In Section 7, we therefore synthesize the reviewed
studies along common evaluation dimensions: task performance, constraint compliance,
reasoning quality, robustness, efficiency, reproducibility, and industrial relevance.

5 Applications of Neurosymbolic Al in Product Design

Building on the unified classification in Table 3, this section examines how the identified
integration patterns are instantiated across major product-design applications. Across the
design-to-manufacturing pipeline, these methods support geometry generation, structural
optimization, manufacturing and assembly planning, and quality assurance by combining
learned models with explicit engineering knowledge and constraints.
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5.1 Generative CAD and Structural Optimization

In generative CAD, neural models such as VAEs, GANSs, diffusion models, and
LLM/VLM-based generators enable rapid exploration of geometric design spaces
but frequently produce outputs that violate geometric, manufacturing, or assembly
constraints. A common response is to embed symbolic structure directly into the
generation process, for example, through programmatic CAD representations, constraint-
aware decoding, or rule-guided generation pipelines. Recent LLM-symbolic hybrid
systems translate images or natural language into executable CAD programs rather
than static meshes, enabling editability and downstream verification (e.g., OpenECAD,
LLMA4CAD) Yuan et al. (2024); Li et al. (2025b).

A similar integration is critical in topology and structural optimization, where neural
surrogates accelerate simulation-heavy design cycles but struggle to generalize under
novel loads or boundary conditions. NeSy approaches augments these surrogates with
physics-informed formulations that incorporate governing PDEs, and with differentiable
logical or SAT/QP layers that enforce safety, connectivity, and manufacturability
constraints. Examples include geometry- and physics-informed neural networks and
differentiable CAD layers that embed curvature, equilibrium, or geometric validity
constraints directly into optimization loops Jeong et al. (2023b); Dong et al. (2024);
Berzins et al. (2025).

Related formulations dispense with the finite-element solve altogether, parameterising
the density field with a network trained under explicit design and manufacturing
constraints Chandrasekhar and Suresh (2021), or retain a conventional optimizer as a
second stage that enforces functional requirements on generated candidates Wang et al.
(2023). The two strategies trade differently: embedding the constraint in the loss keeps
the pipeline end-to-end differentiable, whereas a separate optimization stage preserves an
established constraint-handling procedure whose behaviour is more directly interpretable
to practitioners.

5.2 Manufacturing Optimization and Material Compatibility

In manufacturing, hybrid approaches address settings where safety and feasibility are
central. In process optimization tasks such as additive manufacturing, machining, and
thermal control, pure RL agents may explore unsafe operating regions. NeSy-RL
addresses this by combining neural policies with symbolic monitors, temporal logic
specifications, or ontology-guided abstractions that restrict exploration to feasible regions
and provide interpretable failure explanations Carr et al. (2023); Odriozola-Olalde et al.
(2025); Golpayegani et al. (2024).

Knowledge graphs play a complementary role on the process-planning side, where the
relevant knowledge is textual rather than dynamic. Machining expertise dispersed across
technical documents can be extracted by neural sequence labelling and compiled into a
queryable process knowledge base Guo et al. (2022), and grounding a language model
in such a graph yields process recommendations that remain traceable to the evidence
supporting them Hoang et al. (2026). The symbolic layer here serves interoperability
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and auditability rather than constraint enforcement; a distinction that recurs throughout
manufacturing applications.

Material selection poses similarly complex challenges due to coupled mechanical,
thermal, chemical, and cost considerations Kusiak (2020). For material selection,
knowledge-graph and logic—neural approaches combine learned compatibility scores
with explicit engineering knowledge over assembly and environmental constraints Huang
et al. (2024). For example, element-attribute material knowledge graphs combined with
graph or transformer architectures improve property prediction and generalize to sparse
or emerging materials, while periodic graph transformers encode crystal symmetries to
enhance prediction accuracy on standard materials benchmarks Yan et al. (2022).

5.3 Assembly, Design Exploration, and Quality Assurance

Assembly planning and downstream design exploration require both scalability and
formal correctness. These methods combine learned sequence or policy models with
symbolic constraint checking, such as differentiable SAT or physics-based feasibility
checks, to support assembly sequences that are collision-free and respect precedence and
tool access. Robotic assembly systems exemplify this paradigm by combining learned
action proposals with symbolic verification of physical feasibility Tian et al. (2024);
Wang et al. (2019). Sequence generation is only part of the problem, since planning
depends on assembly knowledge that is itself dispersed across drawings, process sheets
and enterprise records. Knowledge graphs are increasingly used to consolidate it: process
graphs populated by neural extraction from enterprise documents Li et al. (2025a);
Shi et al. (2024), graphs encoding error-propagation relations that support performance
prediction on production data Xu et al. (2024), and multi-hop reasoning over such graphs
to answer process questions posed in natural language Shao et al. (2026).

In design-space exploration, symbolic modules can govern discrete architectural
choices while neural models optimize parametric configurations or approximate Pareto
fronts. Multi-objective NeSy-RL supports transparent trade-off analysis across cost,
performance, manufacturability, and sustainability. In these frameworks, symbolic
representations provide interpretable explanations for constraint-driven decisions Hayes
et al. (2022); Reymond et al. (2022); Luo et al. (2024).

Quality assurance draws on both capabilities at once. Neural vision and signal models
detect surface or structural anomalies, while ontologies and knowledge graphs give
explicit form to process, product and defect knowledge, supporting traceable root-
cause analysis and compliance checking Yang et al. (2023). Several systems couple
the two directly. An assembly ontology projected into a directed graph supplies the
structure over which attention-based prediction of aircraft assembly quality operates
Zhang et al. (2024); embeddings learned over a defect knowledge graph support
diagnosis in additive manufacturing where labelled failures are scarce Wang and Cheung
(2023); and a human—cyber—physical ontology with associated inference rules drives
case retrieval and diagnosis alongside a graph convolutional reasoner, reported in
operation on an automotive production line and a gear manufacturing process Wang et al.
(2024). Ontology-based workflow models and NeSy design frameworks additionally
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structure inspection criteria and non-conformance handling, enabling more explainable
and auditable diagnoses in regulated manufacturing workflows Arachchige et al. (2025).

5.4 Industrial Case Study: HCP-KG Quality Control

The HCP-KG system of Wang et al. (2024) is the clearest deployed case in our
corpus and is worth examining against the taxonomy of Section 4 and the evaluation
dimensions of Section 7. It organises heterogeneous human, cyber and physical
production knowledge through a modular ontology and knowledge graph. The symbolic
layer holds the OWL ontology, SWRL rules and a case base used for retrieval and
reasoning; the learned layer performs information extraction from maintenance reports
and troubleshooting manuals, and graph-convolutional prediction over the resulting
graph. The two remain separately inspectable and exchange structured representations,
which places the system in Type III. Figure 8 shows the operational interface: the three
knowledge partitions are colour-coded in the central graph, the panels below give the
entities extracted from each, and the left-hand list gives the quality-control tasks served
from the shared representation.

The evidence is stronger than in most of the corpus because the system was run
in automotive body-shop and gear-manufacturing environments rather than only on
offline benchmarks. Reported results include a welding nugget-diameter prediction
accuracy of 95.3% and knowledge-graph retrieval at Hits@1/3/10 of 51.8/97.8/99.7,
together with deployment across multiple quality-control applications, including weld
inspection, nugget-diameter prediction, stamping-defect identification, and equipment
troubleshooting. Applied to Table 4, the case provides particularly strong evidence
for task performance and deployment validity, while reproducibility and the causal
contribution of the symbolic layer remain harder to assess. Neither the ontology, the
rule set, nor the production data is released. More importantly, the symbolic contribution
is never isolated: no ablation removes the rules or the case base, and no experiment
revises the specification to test whether the system responds consistently. The reported
results therefore do not establish how much of the observed performance derives
specifically from the symbolic knowledge rather than from the learned components or
their interaction. The case shows what deployed neurosymbolic quality control looks
like, and equally why task performance, reasoning fidelity and deployment validity have
to be reported separately (Section 7.3).

5.5 Sustainable and Human—-Al Design

Neurosymbolic methods also support sustainability-oriented design and human—Al
collaboration by integrating reasoning, learning, and explainability. Ontologies and
causal KGs structure lifecycle and sustainability assessment, enabling early-stage what-
if analysis and transparent evaluation of environmental trade-offs. Multi-objective NeSy
frameworks balance environmental impact, cost, and performance while generating
explanations suitable for certification and stakeholder communication Golpayegani et al.
(2024); Bougzime et al. (2025). Quantitative support for such assessments increasingly
comes from learned surrogates over life cycle inventories. Neural models have been
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Physical knowledge

Figure 8. Deployed HCP-KG interface for manufacturing quality control. Human,
physical, and cyber production knowledge are unified in a single graph serving multiple quality-
control applications on the production line. Reproduced from Wang et al. (2024).

used to fill inventory data gaps where measurements are unavailable Khadem et al.
(2022), to couple property prediction with LCA-driven multi-objective optimization in
materials selection Dabbaghi et al. (2021), and to automate life cycle assessment for
additive manufacturing through a co-designed product—process framework validated on
a fused-filament case study Naser et al. (2023). These approaches are data-driven rather
than neurosymbolic, since the inventory model remains external to the learner. They
nevertheless establish the quantitative substrate on which ontology- and causal-KG-based
sustainability reasoning must ultimately operate. Ontology-based process knowledge
has meanwhile been applied directly to circular-economy planning, for instance in
remanufacturing process selection He et al. (2020), indicating where a declarative layer
adds the traceability that a surrogate alone cannot provide.

Human-AI collaboration is enhanced through LLM-symbolic interfaces that
translate natural-language requirements into verifiable design constraints. Parallel NeSy
architectures provide real-time feedback during design exploration, while meta-cognitive
components detect high-uncertainty scenarios, solicit human guidance, and maintain
audit trails linking decisions, constraints, and rationale. This integration supports
traceable and accountable design, bridging the gap between automated exploration and
human judgment Luo et al. (2024); Kautz (2022).

5.6 Practical Integration of LLM Components

LLM-based systems in the reviewed corpus already occupy different roles. LLM4CAD*
and OpenECAD generate executable CAD representations, ARKNESS grounds

¥Model name acronyms are specified in Table 3
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manufacturing responses in a machining knowledge graph, and KG-LLM-QA combines
language models with multi-hop reasoning over an assembly-process graph Li et al.
(2025b); Yuan et al. (2024); Hoang et al. (2026); Shao et al. (2026). Their adaptation
strategies are equally diverse. LLM4CAD evaluates GPT-4/GPT-4V largely in a zero-
shot setting and adds an iterative debugger; OpenECAD fine-tunes pretrained visual-
language models on CAD operation data; KG-LLM-QA includes an LLM-tuning stage
for question-answering-chain generation; and ARKNESS leaves the language model
unchanged while supplying external, provenance-linked knowledge at inference time.

These adaptation choices concern the neural component of the architecture. Parameter-
efficient fine-tuning (PEFT) is particularly relevant when engineering data are limited
or models are too large to retrain in full, because only a small subset of additional
parameters is optimized while the base model remains largely fixed. In a neurosymbolic
system, however, PEFT determines only how the neural component is adapted; the
neurosymbolic character comes from its interaction with explicit knowledge, constraints,
rules, or verification mechanisms.

Choosing how to adapt the model. The appropriate strategy depends on whether
the engineering problem concerns knowledge or behaviour. When domain knowledge
changes frequently, for example through new machine capabilities, revised standards,
or updated product families, retrieval-augmented generation (RAG) or knowledge-graph
grounding can keep that information outside the model weights. This makes updates
possible without retraining and, when provenance is preserved, allows a recommendation
to be traced back to the engineering records that support it. This is the role played by the
machining knowledge graph in ARKNESS, where retrieved evidence is supplied to the
language model before process recommendations are generated Hoang et al. (2026).

Fine-tuning becomes more relevant when the required change is behavioural rather
than factual, such as consistently producing a domain-specific vocabulary, command
syntax, or structured output format. Full fine-tuning is one option, as demonstrated by
OpenECAD, while PEFT methods reduce the amount of trainable model state. Low-
rank adaptation (LoRA), for example, keeps the pretrained model weights fixed and
learns low-rank updates to selected layers Hu et al. (2022). Quantized LoRA (QLoRA)
combines such adapters with a quantized frozen base model, reducing the memory
required for adaptation while retaining the same basic separation between the base model
and the learned adapters Dettmers et al. (2023). Retrieval and fine-tuning are therefore
complementary rather than interchangeable: retrieval changes the knowledge available at
inference time, whereas fine-tuning changes how the model responds to that knowledge
and to the task.

Coupling the LLM to the symbolic layer. The reviewed systems suggest several
ways of placing symbolic computation around a language model. One pattern treats
the LLM as a generator of a structured engineering artefact and uses an external
component to determine whether that artefact can be executed or accepted. This is
visible in CAD generation: OpenECAD produces editable CAD-operation sequences,
while LLM4CAD executes the generated program and can return execution errors to an
iterative debugger Yuan et al. (2024); Li et al. (2025b).
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A second pattern places explicit engineering knowledge before generation. Here the
symbolic representation restricts or enriches the context from which the LLM forms its
answer. ARKNESS follows this arrangement by retrieving provenance-linked machining
knowledge before generating process-planning responses Hoang et al. (2026). A third
pattern uses the symbolic representation as an intermediate reasoning structure rather
than only as input context. KG-LLM-QA first represents the question as a reasoning
chain, resolves that chain through multi-hop reasoning over the assembly-process graph,
and then uses the LLM to express the resulting answer Shao et al. (2026).

Taken together, these patterns place the symbolic component at different points in the
inference process: before generation to ground the context, during inference to structure
reasoning, or after generation to execute and verify a produced artefact.

From checking to actionable feedback. What remains comparatively sparse is
feedback about the engineering meaning of a failed candidate. LLM4CAD demonstrates
that an execution error can be returned to the generator and used for repair, but the
feedback primarily concerns whether the CAD program executes rather than whether
the resulting design satisfies a manufacturing, physical, or assembly specification. A
tighter neurosymbolic loop would return structured diagnostics; for example, the violated
precedence relation, colliding components, failed tolerance, or exceeded physical limit,
and use that information to revise the candidate. The non-LLM literature already supplies
many of the required checking mechanisms, including physical-feasibility tests for
assembly planning and explicit constraints in topology optimization Tian et al. (2024);
Wang et al. (2023). Connecting such diagnostics back to an LLM generator is therefore
a concrete direction for moving from generation followed by checking toward iterative,
constraint-guided engineering design.

6 Cross-Domain Transfer Potential

The synthesis in Section 4 shows that product-design applications remain concentrated in
Types I-1I1, while tightly coupled Types IV-VI are comparatively scarce in engineering
workflows despite established examples in general Al benchmarks. This motivates
looking beyond product design for integration mechanisms that provide tighter coupling
between learning, structured reasoning, and explicit constraint handling. Relevant
architectures have been explored in robotics, game playing, energy systems, and
combinatorial optimization, where symbolic specifications and controlled evaluation
environments make such integration easier to study.

These systems appear in Table 3 primarily under the domain label “G” (general
benchmark). We treat them as architectural transfer candidates rather than demonstrated
product-design solutions. Their differentiable solvers, shielding mechanisms, and
structured-prior injections address recurring problem structures, such as satisfiability,
safe exploration, and structured knowledge, that also arise in geometric validity, assembly
precedence, and manufacturing feasibility. Their effectiveness in end-to-end engineering
workflows, however, remains largely unvalidated. This section therefore highlights four
transfer patterns and the conditions that would need to be met for their adoption in
product design.
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Differentiable Symbolic Layers (Type VI) place constraint verification inside the
network’s forward pass. OptNet Amos and Kolter (2017) and CVXpyLayers Agrawal
et al. (2019) demonstrate differentiable quadratic and convex program layers that could
optimize CAD parameters under geometric constraints. SATNet Wang et al. (2019)
shows that differentiable satisfiability solving can enforce complex logical constraints,
suggesting applications to assembly precedence, collision rules, or configuration
compatibility.

Explainable NeSy-RL (Type lll) addresses interpretability requirements in regulated
industries. INSIGHT Luo et al. (2024) learns symbolic policy representations with
textual explanations, while logic tensor networks Graf and Emami (2024) provide
interpretable control policies specified in logical form. Adapting these patterns to design
and manufacturing would support audit trails for safety-critical decisions, e.g., explaining
why a particular process plan or design variant satisfies given constraints.

Safety-Critical Shielding (Type Ill) ensures formal correctness during learning and
execution. Shield-based methods Carr et al. (2023); Odriozola-Olalde et al. (2025)
restrict RL exploration to safe regions via temporal-logic specifications and adaptive
constraint sets. The same construction suggests a route toward machining, thermal
processing, and robotic assembly, where symbolic envelopes could define safe operating
regimes and filter unsafe actions before execution. An open question is whether
engineering safety requirements can be represented with sufficiently compact and
tractable specifications for such shielding mechanisms.

Structured Priors and Rule-Guided Generation (Types Il and 1V) show how
symbolic structure can be injected into perception and generation without full RL.
Taxonomy-informed neural networks (TINN) embed an Industry 4.0 ontology into the
network architecture to improve robustness and data efficiency in smart-manufacturing
settings Terziyan and Vitko (2023). Similarly, SPRING integrates a symbolic spatial
constraint solver into an interior-design generator, demonstrating how rule-guided
sampling can enforce layout constraints by construction Jacobson and Xue (2025).
These patterns map naturally onto parametric CAD design, assembly layout, and facility
planning, where taxonomies and spatial rules are often already available. They may
therefore provide a comparatively direct path for introducing symbolic structure into
existing learning pipelines.

Comparability Caveat: Direct performance comparison across these cross-domain
methods remains challenging. Game scores (e.g., INSIGHT on Atari) Luo et al. (2024),
control costs (e.g., logic-based HVAC control in Three Pathways) Graf and Emami
(2024), and simulated manufacturing throughput (e.g., Onto-RL for sustainable job-
shop scheduling) Golpayegani et al. (2024) rely on incommensurable, domain-specific
metrics. Section 7 therefore treats these results as evidence that a given integration
mechanism is viable, rather than as measurements directly comparable with those
reported for product-design systems, and identifies the evaluation dimensions along
which such comparisons could eventually be made.
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7 Evaluation Frameworks

Evaluation of neurosymbolic engineering systems must account for more than the quality
of their final predictions or designs. A system may achieve strong task performance while
violating explicit engineering requirements, or may appear to use symbolic knowledge
while relying primarily on statistical correlations Renkhoff et al. (2024); Bortolotti
et al. (2024). The evaluation problem therefore has three related levels: the quality of
the engineering result, the correctness and contribution of the symbolic component, and
the robustness and practical evidence of the complete system. We first organize these
levels into an operational protocol and then examine how they can be instantiated for the
engineering tasks represented in the reviewed literature.

7.1 Operational Evaluation Protocol

In Figure 9 we present a straightforward framework to summarize the evaluation
procedure we propose in this review. Let D denote the evaluation set, s the neurosymbolic
system under evaluation, ® the applicable symbolic specification, and Q(s; D) a task-
specific performance score oriented such that larger values indicate better performance.
Evaluation begins by defining the engineering task, its objectives, and the rules,
constraints, or other symbolic requirements that determine whether a result is acceptable.
The complete system is then evaluated under its intended operating conditions to
establish an unperturbed baseline for task performance, constraint compliance, and,
where several objectives compete, multi-objective quality.

The baseline is subsequently subjected to targeted diagnostic interventions. Input
perturbations and unseen cases test whether performance and feasibility persist outside
the nominal evaluation distribution. Ablating or perturbing symbolic information tests
whether that information actually contributes to the result, while modifying rules or
constraints tests whether the system responds consistently to a revised specification.
The resulting changes are compared with the baseline and reported together with
computational, reproducibility, and deployment evidence. This separates three questions
that are otherwise easily conflated: whether the engineering output is good, whether
the symbolic requirements are satisfied and used, and whether the observed behaviour
remains credible beyond the nominal benchmark.

7.2 Task-Specific Engineering Performance

The task score @@ in Figure 9 cannot be instantiated by a single metric across
CAD generation, topology optimization, assembly planning, manufacturing, and quality
control. Even within one task, a single score can capture only part of engineering quality.
The measures in Table 4 should therefore be interpreted as complementary rather than
interchangeable.

CAD generation and reconstruction. In CAD generation downstream tasks,
geometric fidelity is commonly measured after sampling point sets P and G from
the generated and reference geometries. Representative geometric measures include the
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Figure 9. Operational evaluation protocol for neurosymbolic product-design systems.
An unperturbed baseline is established before targeted input and symbolic interventions are
applied. Their effects are compared with the baseline and reported together with system-level
evidence.

Chamfer and Hausdorff distances Regenwetter et al. (2023). Chamfer distance can be
formulated using the following:

1
dep (P, G) m n min ||g — p||?, 4
geG
and the Hausdorff distance:

(P, G) = max {rglax EI}:_I(I;I d(p, g), max gleilrjl d(g,p)} . 5)

These measures quantify geometric agreement, but not whether a generated model
is usable as an engineering artefact. A geometrically similar result may still contain
an invalid boundary representation (B-Rep), broken topology, self-intersections, or
an operation history that cannot be regenerated or edited. CAD evaluation should
therefore combine geometric similarity with validity and downstream editability or
operation-success tests Willis et al. (2021). This distinction is important because
geometric proximity alone is not a reliable proxy for manufacturability or functional
performance Regenwetter et al. (2023).

Structural and topology optimization. For structural and topology-design tasks,
the engineering objective is often physical rather than geometric. Structural compliance
(C), for example, is calculated as follows:

C(x) = fu(z), (6)
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where f is the applied load and u(z) the displacement resulting from design x. Material
use is commonly reported through the volume fraction v¢(z) = ), peve/ > ., Ve, Where
pe denotes the material-density variable of element e. Reporting compliance without
volume, stress, connectivity, or manufacturing feasibility can favour structurally effective
but unusable solutions. Conversely, similarity to a reference topology is not necessarily
meaningful when several mechanically equivalent designs exist.

Manufacturing and assembly planning. Performance is naturally expressed in
terms of whether a feasible process or sequence is produced and how costly it is to
execute in assembly-related downstream tasks. For a plan m with operation completion
times C}, its makespan is Tinax(7m) = max; C;.

A planning system should therefore not be assessed through makespan alone:
precedence relations, collision avoidance, tool accessibility, resource availability, and
process rules determine whether the nominally short sequence is executable. Depending
on the task, complementary measures include valid-plan rate, number or severity of
violated prerequisites, assembly/disassembly cost, and the number of replanning or
solver steps required.

Prediction and quality control. Prediction-oriented applications require a different
interpretation of (). For surrogate and material-property prediction, numerical accuracy
is commonly reported through ‘mean absolute error’ and ‘root mean square error’:
MAE = N~ 37, |y; — ;] and RMSE = /N =137, (y; — 4:)*.

These metrics measure numerical accuracy but should be accompanied by checks of
physical consistency when the predicted quantity is constrained by known engineering
relations. For quality inspection and defect detection, precision (P), recall (R), and their
harmonic mean, which is /; = 2PR/(P + R), should be used. These measures capture
recognition quality, whereas decision latency and the quality of the downstream diagnosis
or corrective action become important in deployed manufacturing settings.

When knowledge-graph completion or retrieval is itself part of the task, ranking
quality can be reported through Hits@k = N~ Y~ 1[rank; < k|. The measure HitsQk
quantifies retrieval accuracy, but does not establish that the retrieved knowledge was
subsequently used correctly in the engineering decision.

7.3 Symbolic Correctness and Reasoning Fidelity

Task performance alone does not establish the defining property of a neurosymbolic
system: that explicit knowledge constrains or contributes to the result. Two
complementary questions should therefore be evaluated separately: whether the produced
output satisfies the symbolic specification, and whether the symbolic component was
actually consequential in producing that output.

Constraint compliance. The first question is whether the produced output
satisfies the applicable symbolic specification. A standard approach to quantifying
this compliance is via the Constraint Satisfaction Rate (CSR). Following recent
engineering-design benchmarking practice Regenwetter et al. (2025), we define CSR
as the proportion of evaluated outputs that simultaneously satisfy the applicable
specification:
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Table 4. Operational evaluation rubric for neurosymbolic engineering systems.
Measures are representative examples; the third column states the required evidence needed
to accompany the reported score.

Evaluation target

Representative measures

Report alongside

Engineering result (Section 7.2; Section 7.4)

CAD geometry
Structural / design
quality
Manufacturing /

assembly planning
Prediction / quality
control
Multi-objective qual-
ity

Chamfer, Hausdorff

Compliance, volume fraction,
stress
Success rate, makespan, cost

MAE,
recall, F;
Hypervolume, Pareto coverage

RMSE, precision,

B-Rep validity, topology, regeneration and
editability
Physical feasibility; manufacturing constraints

Precedence, collision, accessibility, rule satis-
faction

Physical consistency; downstream decision
quality

Objectives, reference point, constraints, stake-
holder preference

Symbolic contribution (Section 7.3)

Constraint
compliance
Reasoning fidelity

Explanation traceabil-
ity

CSR, violation rate and sever-
ity
Agym, symbolic perturbation

Trace agreement or coverage;
expert judgement

Whether enforcement is hard, soft, or post-hoc

Which artefact was ablated; consistency of the
response with the revised ®

Reference trace where available; evaluator,
task, assessed property

System credibility (Section 7.5; Section 7.6)

Robustness
Computational
efficiency
Deployment validity

Reproducibility

Ag, Acsr

Latency, memory, throughput,
solver and tool calls
Task-completion time, deci-
sion latency, override rate
Repeated-run variance; arte-
fact completeness

Perturbation type, severity, OOD construction
Hardware, model configuration, solver toler-
ance, workload and ontology size
Deployment setting, data provenance, expert
role, online vs. offline

Code, data, model version, symbolic artefacts,
seeds, hardware, solver settings

CSR(s) = % S 1o

z€D

(s(z)) = true]. @)

where ® acts as a symbolic verification oracle mapping the substrate evaluations to a
Boolean valuation based on engineering rules.

Crucially, the structural interpretation of the CSR depends heavily on how ® enters
the system. Constraints enforced structurally by construction behave differently from
soft behavioral penalties applied during optimization, and both differ from validation
criteria applied solely during post-generation filtering. The specific enforcement
mechanism should therefore be explicitly reported alongside the absolute satisfaction
rate. Furthermore, when physical or manufacturing boundaries vary across design
examples, reporting the per-constraint violation frequency and violation severity offers
deeper diagnostic utility. For formally specified sequential requirements or dynamic
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processes, temporal-logic satisfaction and per-episode violation measures provide the
corresponding system-level view Carr et al. (2023); Renkhoff et al. (2024).

Symbolic contribution and reasoning fidelity. Constraint satisfaction, however,
does not prove that symbolic knowledge is load-bearing. A model may produce valid
outputs because the same regularity is recoverable statistically from its training data.
Where the architecture allows controlled intervention, the symbolic contribution can be
estimated as:

Asym = Q(S@§ D) - Q(Sﬁtb; D)a (8)
where s_¢ denotes the corresponding system after removing, masking, or perturbing
the intended symbolic contribution. The intervention itself must be reported: removing
a knowledge-graph edge, disabling a rule module, masking a constraint, or replacing a
verified solver with an unconstrained component are not equivalent ablations. Across the
evaluation fields coded in Table 3, we did not identify an evaluation that isolates the
symbolic contribution through a controlled symbolic-side ablation, nor one that tests
sensitivity to a deliberately revised specification. Reported ablations instead concern
model or architectural choices rather than the symbolic substrate itself.

A stronger diagnostic changes the symbolic specification rather than simply removing
it. If an assembly precedence relation, geometric constraint, material rule, or process
requirement is modified, the predicted design or decision should change in a
direction consistent with the revised ®. Failure to respond suggests that the symbolic
representation may be present in the architecture without materially controlling its
behaviour. Concept accuracy and completeness provide related representation-level
checks and have been used to expose reasoning shortcuts in NeSy benchmarks Bortolotti
et al. (2024). Thus, constraint satisfaction asks whether the result is valid, whereas
reasoning fidelity asks whether the symbolic knowledge was actually relevant to
obtaining it.

Explanation traceability. Interpretability should not be inferred simply from the
presence of an ontology, knowledge graph, rule set, or textual rationale. An explanation
may be plausible without faithfully reflecting the information used to reach the
decision. Where systems expose rules, KG paths, constraints, or intermediate symbolic
states, evaluation should therefore assess whether the explanation can be traced to the
symbolic elements actually involved in inference and whether it covers the decisive
requirements. Where a reference reasoning trace is available, trace agreement or
coverage can be reported; otherwise, expert assessment should state who evaluated the
explanation, against which task or reference, and for which property, such as correctness,
completeness, or usefulness. In engineering applications, this amounts to tracing a
recommended design or process decision back to the constraints, rules, or evidence that
support it Luo et al. (2024); Hoang et al. (2026).

7.4 Conflicting Objectives and Engineering Trade-offs

Multi-objective formulation. Product-design decisions rarely optimize one quantity
in isolation. A design variable vector x may simultaneously determine mass, stiffness,
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manufacturing cost, assembly effort, energy use, or lifecycle impact. A constrained multi-
objective problem can be written as

Enelsgl F(x) =[fi(z),..., fm(x)] s.t. ®(z) = true, )
where improvement in one f; may degrade another. Reducing the mass of a component
may increase compliance; shortening an assembly sequence may require more expensive
components or tooling; and reducing lifecycle impact may conflict with material or
manufacturing requirements. Evaluation should therefore distinguish how trade-offs are
generated from how the resulting trade-off set is judged.

A common strategy is scalar aggregation. After suitable normalization of objectives, a
weighted sum takes the form

m
gws(@lw) =Y wifi(x),  w; >0, > wi=1 (10)
i=1 i
This is easy to interpret but fixes one preference vector and can miss parts of a non-convex
Pareto front. Engineering requirements that are better expressed as limits can instead be
handled through an e-constraint formulation,

min f (z) st fi(x) <e€, i=2,...,m, O(xz) = true. (11)

For instance, mass may be minimized while manufacturing cost, maximum stress, and
assembly time are kept below prescribed thresholds. Decomposition-based methods
such as MOEA/D Zhang and Li (2007); Qi et al. (2014) generate multiple trade-
offs by associating subproblems with different preference directions. A representative
Tchebycheff scalarization is

fila) = =]} (12)

where z* is an ideal objective vector. Adaptive decomposition or preference-conditioned
approaches can further move or reweight these directions when the Pareto geometry
is irregular or stakeholder priorities change. Such adaptation is particularly relevant
to interactive design, where a designer may initially explore the solution space and
later prioritize, for example, cost over weight or manufacturability over geometric
novelty Reymond et al. (2022).

gron(z|w,z") = max {wl

Generating and evaluating engineering trade-offs. Once the objectives and
constraints are defined and a set A of non-dominated alternatives has been generated,
their quality must be evaluated independently of the procedure that produced it.
Hypervolume Zitzler et al. (2007) measures the objective-space region dominated by
A with respect to a reference point r,

HV(4;r) = A, (U [a1,71] X -+ X [am,rm]> : (13)

acA
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where ), denotes m-dimensional volume. Hypervolume rewards both convergence
and spread, while Pareto coverage can compare whether one returned set dominates
alternatives from another method. These measures should be reported together with
feasibility: a visually diverse Pareto front is not useful if large portions violate
manufacturing, physical, or symbolic requirements. Hypervolume is among the most
established indicators for evaluating Pareto-front approximations Zitzler et al. (2007);
Audet et al. (2021); it has also been adopted for evaluating multi-objective generative-
design quality Regenwetter et al. (2023).

7.5 Robustness, Generalization, and Computational Cost

Robustness and generalization. Engineering robustness should consider both task
quality and feasibility. A design generator may retain geometric accuracy on an unseen
product family while producing more constraint violations; conversely, conservative
symbolic checking may preserve feasibility while task performance deteriorates. For
an in-distribution (ID) evaluation and a corresponding out-of-distribution (OOD) or
perturbed evaluation, the two changes can be reported as

Ag = Qip — Qoob; Acsr = CSRip — CSRoop.- (14)

The construction of the OOD condition is therefore part of the evaluation rather than
an implementation detail. Depending on the application, useful shifts include unseen part
geometries, changed loads or boundary conditions, new materials, altered manufacturing
parameters, missing or noisy sensor measurements, and combinations not represented
during training. Where possible, several perturbation severities should be evaluated rather
than reporting a single OOD point. Changes to rules or constraints can also be applied,
although their primary purpose is different: in Section 7.3 they test reasoning fidelity,
whereas here the interest is whether overall task quality and feasibility remain stable
under changing operating conditions.

Computational cost. Computational efficiency should similarly be measured at the
level of the complete hybrid pipeline. Symbolic scalability must also be characterized
when ontologies or formal reasoners participate in that pipeline. Singh et al. (2025) argue
that neurosymbolic reasoner benchmarks should vary ontology size and complexity,
knowledge-base structure, ontology profile, and reasoning task. For engineering systems,
this suggests reporting reasoning time and memory as the ontology or knowledge
graph grows. Wall-clock time, peak memory, throughput, and the number of simulation,
optimization, solver, retrieval, or verification calls are often more informative than
neural inference time alone Colelough and Regli (2024). For CAD and topology
optimization, mesh resolution, solver tolerance, and the number of finite-element or
physical simulations can dominate runtime. For LLM-based systems, evaluation should
additionally report the model and version, context size, decoding configuration, number
of generated candidates or agent/tool calls, token use, and end-to-end latency. Without
these settings, comparisons between a local model, an LLM-solver pipeline, and an
agentic system can attribute cost to the wrong component.
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Figure 10. Code and data availability by evaluation setting. Categories are mutually
exclusive; industrial evaluations in this corpus release neither.

7.6 Reproducibility and Deployment Validity

Reproducibility. Reproducing a neurosymbolic system requires more than releasing
the learned model. Where possible, studies should provide the code, evaluation data,
model configuration and checkpoints, together with the symbolic artefacts on which the
claimed behaviour depends: ontologies, knowledge graphs, rule sets, constraints, formal
specifications, and solver configurations. Random seeds, hardware, preprocessing,
library versions, and optimization tolerances should also be reported when they
materially affect the result. For proprietary industrial data, releasing the underlying
records may be impossible, but the schema, task construction, evaluation protocol, and
non-sensitive symbolic specification can often still be documented.

Artifact availability in the reviewed literature varies with the evaluation setting.
Synthetic and benchmark-oriented studies more often release code and data, whereas
industrial evaluations frequently rely on partially or fully closed artefacts (Figure 10).
This distinction is important when interpreting apparently stronger real-world evidence:
deployment may increase ecological validity while simultaneously reducing independent
reproducibility.

Deployment validity. Deployment evidence should be described explicitly rather
than reduced to the label “industrial”’. At minimum, studies should distinguish evaluation
on synthetic or simulated data, retrospective evaluation on real industrial data, expert-in-
the-loop evaluation, and operation in a deployed production workflow. Relevant measures
can include task-completion time, decision latency, expert agreement, intervention or
override rate, and the number of cases requiring manual correction. The role of the
engineer must also be stated: expert verification of an offline output provides different
evidence from continuous use of the system in an operational decision loop. The HCP-
KG deployment discussed in Section 5.4 illustrates the latter setting by integrating
heterogeneous production knowledge and learned components within deployed quality-
control workflows Wang et al. (2024). Reporting these conditions makes it possible to
separate algorithmic performance from evidence that the system is usable, maintainable,
and trusted in the engineering environment for which it was designed.
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8 Risks and Challenges

Moving neurosymbolic systems from controlled benchmarks into product-design and
manufacturing workflows introduces failure modes that predictive performance alone
does not capture. In a hybrid system, problems may originate inside the neural-symbolic
architecture, at its interface with engineering infrastructure, or in the organizational
context that must accept and act on its outputs. We use these three points of failure
to organize the challenges in Figure 11 into technical, industrial/operational, and
governance/ethical dimensions. This complements Section 7: the evaluation framework
asks whether a system behaves as intended, whereas the discussion below considers how
that behaviour can be preserved once the system is updated, integrated, and deployed.

Risk Taxonomy for Neurosymbolic Product-Design Systems

1\ A R
Technical Industrial / Governance &
Operational Ethics
J J J
Knowledge-model CAD/PLM Accountability
- ) H . . — across hybrid
co-maintenance interoperability failure
A J J
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c . Latency in — Certification
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| verification at scale — loops R knowledge
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L symbolic layer (v Validation burden HE constraint violation

Figure 11. Risk taxonomy Challenges span technical, industrial/operational, and
governance/ethical dimensions.

8.1 Technical Challenges

Knowledge—model co-maintenance. Neural models and symbolic artefacts can
change independently even though their behaviour is coupled. Updating a tolerance,
ontology relation, or process rule may change the conditions under which a trained
model is considered correct; retraining the model can in turn alter which cases reach
the symbolic layer. A practical way to manage this dependency is to version the
model checkpoint, ontology or knowledge graph, rule set, and solver configuration
as one system release. A small regression set linking representative inputs to their
expected symbolic verdicts can then be re-run whenever either side changes. Knowledge
maintenance then becomes a testable engineering activity. Where the underlying records
identify individual operators, data-protection obligations extend to the knowledge
representation as well as to the training data.
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Constraint verification at scale. The value of explicit engineering constraints
depends on whether they can still be checked when the design space grows. Verification
that is tractable for a small CAD part or short assembly sequence can become costly
for assemblies with many interacting components, large knowledge bases, or iterative
optimization loops. The problem is particularly visible when symbolic reasoning itself
becomes a computational bottleneck: description-logic benchmarks, for example, show
that reasoning cost depends strongly on ontology size, expressivity, and reasoning
task Singh et al. (2025). Scalability should therefore be evaluated not only for neural
inference but also for constraint checking, solver calls, and symbolic reasoning, as
discussed in Section 7.5.

Security of the symbolic layer. A hybrid architecture introduces attack and
integrity risks that do not appear when only the learned model is considered. For example,
removing a manufacturing rule, changing a tolerance, or altering an ontology relation can
modify downstream decisions while leaving the neural component untouched Jalaian and
Bastian (2023). Symbolic artefacts should therefore be managed with the same discipline
as executable code: changes can be versioned and reviewed, their provenance recorded,
and deployed knowledge bases checked against the validated release.

8.2 Industrial and Operational Challenges

CAD/PLM interoperability. A NeSy system that performs well in isolation still has
to exchange engineering artefacts with the tools used for design, simulation, production
planning, shop-floor operation, and product lifecycle management (PLM). Geometry,
constraints, process knowledge, and model outputs must move between these systems
without losing identifiers, units, tolerances, revision information, or the semantics on
which reasoning depends. The useful abstraction here is an interface contract rather than
another learned component. To ensure this, symbolic entities should be tied to stable
engineering identifiers, exchanged representations should preserve the semantics on
which reasoning depends, and transformations between systems should remain traceable.
On the knowledge side, provenance-linked systems such as ARKNESS illustrate the
same principle by retaining links between generated process recommendations and the
records supporting them Hoang et al. (2026).

Latency in engineering loops. Neurosymbolic workflows can combine neural
inference, retrieval, symbolic reasoning, optimization, simulation, and verification in
a single decision loop. A runtime that is acceptable for offline design exploration
may therefore be unsuitable for interactive CAD assistance, process control, or quality
monitoring. This distinction becomes important in deployed settings: HCP-KG, for
example, reports production monitoring at up to 200 Hz Wang et al. (2024). End-to-end
latency should consequently be reported together with the cost of its constituent neural
and symbolic operations rather than neural inference time alone, following the evaluation
recommendations in Section 7.5.

Human validation burden. Explicit knowledge and reasoning traces can make a
system easier to inspect, but they do not remove the need for engineering judgement.
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Experts may still have to validate extracted knowledge, resolve inconsistent rules, review
constraint violations, and decide whether an automatically generated design or process
recommendation is acceptable. As the number of generated alternatives or symbolic
checks increases, this can shift rather than eliminate engineering effort. Therefore, human
involvement should also be reported as part of deployment validity, including when and
why expert intervention is required, rather than being summarized only by the phrase
“human in the loop” (Section 7.6).

8.3 Governance and Ethical Challenges

Accountability across hybrid failure. When a hybrid recommendation is wrong,
the failure may originate in the training data, the learned model, an outdated rule,
incomplete knowledge, a solver configuration, or the interaction between them.
Responsibility is therefore difficult to reconstruct after the event unless the relevant state
of the system was recorded Novelli et al. (2024). For consequential outputs, a compact
decision record can provide that trace: the model and knowledge-base versions, relevant
input identifier or hash, symbolic rules or knowledge path used, solver configuration,
and final verification outcome. Such records also support the explanation-traceability
tests introduced in Section 7.3. The aim is not to log every internal activation, but to
preserve enough evidence to determine which component supported or failed to block
the engineering decision.

Certification under evolving knowledge. Certification becomes particularly
difficult when a system changes after the evidence supporting its validation has been
produced. Updating a learned model, ontology, constraint set, or engineering standard
can invalidate earlier test results even when the rest of the system remains unchanged. In
industrial settings especially, minor changes can be checked first against the established
regression suite, whereas changes that alter feasible behaviour or the interaction between
neural and symbolic components require broader re-verification. The important point is
to define the change policy before deployment, so that updating engineering knowledge
does not turn certification into an ad hoc decision each time the system evolves.

Liability for constraint violation. The presence of a symbolic constraint does not
by itself guarantee that an engineering constraint will be respected. As discussed in
Section 7.3, constraints may be enforced by construction, represented as soft losses,
or checked only after generation; these mechanisms provide very different levels
of assurance. A plausible CAD model can therefore remain non-manufacturable, an
assembly plan can violate a precedence relation, or a process recommendation can
exceed an operating limit even when the system contains an explicit symbolic layer.
Liability therefore depends not only on what constraints were represented, but on how
they were enforced, verified, and communicated to the responsible engineer. Auditable
decision histories and explicit documentation of these assumptions are therefore central
to accountable deployment Novelli et al. (2024).

In industrial settings, the symbolic layer may itself contain proprietary engineering
knowledge, including geometry, tolerances, process capabilities, supplier knowledge, and
accumulated defect histories. Access control therefore protects not only system integrity
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but also intellectual property. This constraint should also be considered when interpreting
the lower artifact availability observed for industrial evaluations in Figure 10.

9 Conclusions

Neurosymbolic artificial intelligence offers a promising route toward product-design
systems that combine data-driven adaptation with explicit engineering knowledge
and constraint handling. Across a corpus of 70 studies and 38 classified systems,
this survey finds that current practice is dominated by loosely coupled integrations,
particularly Types I-III, where symbolic knowledge acts as a structured prior, interface,
or parallel reasoning and verification component. Tighter couplings (Types IV-VI)
remain comparatively sparse and concentrated in narrowly structured subproblems,
indicating that their transfer to end-to-end engineering workflows is still limited.

Evaluation emerges as the more consequential gap. Reported protocols are sufficiently
heterogeneous to make cross-method comparison difficult, and we did not identify a
system that explicitly isolates the contribution of its symbolic component through a
controlled symbolic-side ablation or deliberately revised specification. We therefore
proposed an operational protocol and reporting rubric that separates engineering task
performance, symbolic contribution, and system credibility, and illustrated its relevance
through a deployed industrial case study. Scalability, real-time constraint verification, and
interoperability with existing CAD and product-lifecycle-management workflows remain
open engineering problems. Progress will require evaluation practices that remain valid
as both learned components and the engineering knowledge they use are updated over
the system lifecycle.

10 Availability of Resources

Living resource vs. static snapshot: Table 3 provides a curated snapshot to support
the narrative structure of this review and to remain stable across versions of
the manuscript. To enable continuous updates, structured querying, and community
extension (e.g., filtering by integration type, domain, substrate, or evaluation evidence),
we maintain a living comparison in the Open Research Knowledge Graph (ORKG).
The version accompanying this manuscript is archived at doi.org/10.48366/R1937457;
The comparison itself continues to be updated. Moreover, an accompanying GitHub
repository serves as the curation and dissemination hub (taxonomy figures, “awesome-
list” browsing, and contribution workflow), while ORKG remains the canonical,
machine-actionable version of the comparison. Thus, the ORKG comparison remains
open to community contribution and extension as the literature evolves.
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