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Abstract
Neuro-symbolic artificial intelligence aims at combining the learning capabilities of neural models with the

structured reasoning provided by symbolic representations. Despite a growing number of frameworks supporting

this integration, from a developer’s perspective, the design space of neuro-symbolic systems remains fragmented,

making it difficult to compare approaches systematically and to understand their underlying trade-offs. In

this article, we present a systematic literature review and an original taxonomy-driven analysis of open-source

development frameworks for building neuro-symbolic software systems. We consider four orthogonal dimensions:

(i) linguistic aspects, capturing the underlying logic formalism and expressiveness, (ii) inference and reasoning

mechanisms, including semantics, solvers, and differentiability, (iii) neuro-symbolic integration pipelines, inter-

preted through Kautz’s architectural patterns, and (iv) usability and engineering considerations. The analysis

identifies open challenges related to balancing expressiveness and scalability, improving engineering maturity,

and performing comparisons over standard benchmarks.
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1. Introduction

The relation between learning and reasoning has shaped artificial intelligence (AI) since its earliest

formulations. On one hand, symbolic AI made knowledge explicit through logic, rules, ontologies,

and declarative programmes, thereby supporting explanation, compositionality, and reasoning under

constraints. On the other hand, neural AI enabled robust pattern recognition from high-dimensional

data, but often at the cost of opacity in decision-making, data hunger, and limited out-of-distribution

generalisation. Neuro-symbolic AI revisits this long-standing divide by seeking how to suitably and

fruitfully combine learned representations with symbolic knowledge and inference [54, 44, 55].

When considering software development frameworks, neuro-symbolic AI is not merely an algorithmic

question. Indeed, a framework fixes a modelling language, a semantic interpretation of symbolic

knowledge, a solver or relaxation strategy, a training loop, and practical assumptions, e.g. about

data, hardware, and developer expertise. Said otherwise, development frameworks shape what can be

expressed, what can be learned, what can be explained, and what can be deployed, and, as developers, it

is important to fully understand these aspects to make informed decisions for a given software project.

Existing surveys and literature reviews have mapped the broader neuro-symbolic landscape from

various complementary viewpoints. Some efforts focus on the relation between statistical relational

learning and neuro-symbolic AI [49], others organise recent work by research area, application domain,

or high-level architecture [43, 50, 48, 45]. These contributions leave a specific gap for researchers

and practitioners who need to choose the best framework(s) to develop neuro-symbolic software

systems. Our work aims at complementing previous efforts by focussing on reusable open-source

development frameworks and comparing them through developer-facing commitments. Indeed, to

take their decisions, developers need to understand the exposed symbolic language, the used reasoning

substrate and neuro-symbolic integration pattern, and its engineering support and maturity level.
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Through a systematic literature review (SLR) of the state of the art, this article addresses the identified

gap by analysing open-source neuro-symbolic development frameworks through an original taxonomy.

After briefly reviewing the state of the art, we focus on a selection of the available frameworks, which

corresponds to the best documented among the general-purpose and open-source ones.

Our contribution is threefold. First, we propose a novel four-dimensional taxonomy covering frame-

works’ linguistic aspects, inference and reasoning, neuro-symbolic pipelines, and usability. Second, we

apply this taxonomy to analyse a selection of general-purpose frameworks, from probabilistic logic

programming and Answer Set Programming (ASP) extensions to fuzzy first-order systems, constraint-

guided neural learning, and probabilistic programming. Third, as a result of our taxonomy-driven

analyses, we identify some open challenges in the field.

Overall, our systematic literature review is guided by three research questions:

RQ1. Which open-source frameworks support neuro-symbolic software system development, and how can
they be positioned by scope and application domain?

RQ2. Which linguistic, reasoning, integration, and engineering aspects distinguish available general-
purpose and open-source frameworks?

RQ3. Which limitations and open challenges characterise the current framework landscape?

The rest of this article is organised as follows. Sect. 2 describes the systematic review protocol, literature

selection process, and threats to validity. Sect. 3 reviews the framework corpus and addresses RQ1.

Sect. 4 applies the taxonomy to the selected frameworks and addresses RQ2. Sect. 5 discusses identified

open challenges, addressing RQ3. Sect. 6 briefly concludes the article.

2. Scope and Methodology

Our work is grounded in an SLR of peer-reviewed literature on tools, libraries, and frameworks for

developing neuro-symbolic systems. The protocol followed the usual sequence of database search,

duplicate removal, title-and-abstract screening, full-text screening, data extraction, and backward

snowballing, as sketched in Fig. 1. We followed the systematic mapping study guidelines proposed by

Petersen et al. [51, 52], adapting them to the objectives of our work.

Search strategy and corpus selection. The search string was derived from PICO (Population,

Intervention, Context, Outcome) terms characterising our research questions. In detail, population

terms denoted neuro-symbolic software systems and development frameworks. Intervention and

phenomenon terms denoted tools, libraries, frameworks, software artefacts, platforms, and open-source

implementations. Context terms referred to artificial intelligence and software development, while

outcome terms targeted reusable evidence for framework identification, classification, and comparison.

The search covered major scientific indexes, including Scopus, Web of Science, ACM Digital Library,

and IEEE Xplore, using the following search string, adapted to each database syntax:

neuro symbolic ∧ (artificial intelligence ∨ AI) ∧
(approach* ∨ tool* ∨ library ∨ framework ∨
implementation ∨ software ∨ platform*) ∧ open-source

The database search was run in February 2026. Articles indexed after that date are outside the scope

of this work. To identify the articles in the corpus, we applied a specific set of inclusion and exclusion

criteria. Inclusion criteria required a primary research contribution, a clear neuro-symbolic compo-

nent, and an open-source software artefact or implementation-oriented framework. Exclusion criteria

removed secondary studies, unavailable full texts, articles without a reusable software component,

works not focussing on neuro-symbolic integration, and non-peer-reviewed material and collections.



Search

Search

Search

Search

Merge

Deduplication

Scopus

IEEEXplore

ACM DL

WoS

546 hits

199 hits

146 hits

149 hits

1040
candidate

studies
633

candidate
studies

Literature Search

19
identified
studies

9
 final

studiesLiterature Selection

Inclusion/Exclusion
Criteria

(title + abstract)

Inclusion/Exclusion
Criteria

(full read) Backward
snowballing

Framework
Application-

Specific

Framework
General-
Purpose

Exclusion
Criteria

Taxonomy-
driven

Analysis

72
candidate

studies

27
candidate

studies

42
selected
studies

Figure 1: SLR process for identifying and classifying existing literature of interest.

Screening was conducted in two passes. The first pass filtered records by title and abstract. The second

pass inspected full texts against the inclusion criteria. Before conflict resolution, the first pass involved

633 records with an inter-rater agreement of 80.6%.
1

The second pass involved 72 full texts, with an

inter-rater agreement of 84.7%. Disagreements were resolved through discussion and, when needed,

through an additional reviewer. Eventually, the process retained 42 corpus articles published between

2017 and February 2026, corresponding to 41 frameworks. All selected articles are listed in Table 1.

Table 1
Corpus of SLR studies.

Ref. System or study Year Scope

[1] LDM: FAIR and federated research-data management 2025 Application-specific

[2] FLPN: zero-shot learning through neuro-symbolic integration 2026 Application-specific

[3] NeSyCoCo: concept composition for compositional generalisation 2025 Application-specific

[4] BioLinkerAI: biomedical entity linking and knowledge capture 2025 Application-specific

[5] dNL-NL: explanatory rules in non-linear domains 2024 General-purpose

[6] Prompt2DeModel: natural-language declarative modelling 2024 Application-specific

[7] RevelioNN: ontology-based prediction and explainability 2024 Application-specific

[8] Neural networks for abstraction and reasoning 2024 Application-specific

[9] NeuroSynt: portfolio solving for reactive synthesis 2024 Application-specific

[10] Chebifier: semantic classification in ChEBI 2024 Application-specific

[11] Relational programming with foundation models 2024 General-purpose

[12] CCN+: deep learning with requirements 2024 General-purpose

[13] ULLER: unified language for learning and reasoning 2024 General-purpose

[14] Embed2Rule: latent-space weak labelling for rule learning 2024 General-purpose

[15] Logic Tensor Probe: probing LLMs for logical reasoning 2024 Application-specific

[16] Scallop: language for neuro-symbolic programming 2023 General-purpose

[17] NSIL: learning answer-set programmes from raw data 2023 General-purpose

[18] PyReason: open-world temporal logic software 2023 General-purpose

[19] Faster-LTN: end-to-end object detection 2021 Application-specific

[20] SLASH: scalable neural-probabilistic ASP 2023 General-purpose

[21] Composite AI with compact neuro-symbolic models 2025 Application-specific

[22] Neuro-symbolic travel-demand prediction 2025 Application-specific

[23] TinyNS: platform-aware TinyML 2024 Application-specific

[24] DANLI: deliberative instruction-following agent 2022 Application-specific

[25] KnowZRel: zero-shot relationship retrieval 2025 Application-specific

[26] Nessy: label-noise reduction 2022 Application-specific

[27] LTN: logic tensor networks 2022 General-purpose

[28] Knowledge-grounded planning and reasoning systems 2025 Application-specific

[29] 𝛼ILP: differentiable logic programmes for visual scenes 2023 General-purpose

[30] Neural-probabilistic answer-set programming 2022 General-purpose

[31] DeepProbLog: neural probabilistic logic programming 2021 General-purpose

[32] DeepProbLogCEP: complex event processing over audio streams 2021 Application-specific

[33] PYLON: PyTorch framework for learning with constraints 2022 General-purpose

[34] LTNtorch: PyTorch implementation of logic tensor networks 2025 General-purpose

[35] PROTO-LTN: prototypical logic tensor networks 2022 Application-specific

[36] Edward: deep probabilistic programming 2017 General-purpose

[37] NeurASP: neural networks in ASP 2020 General-purpose

[38] Neuro-symbolic ASP pipeline for visual question answering 2022 Application-specific

[39] DeepStochLog: neural stochastic logic programming 2022 General-purpose

[40] NeuPSL: neural probabilistic soft logic 2022 General-purpose

[41] DomiKnowS: symbolic domain knowledge in deep learning 2021 General-purpose

[42] FFNSL: feed-forward neural-symbolic learner 2023 General-purpose

Table 2 summarises the temporal distribution of the collected articles and distinguishes application-

specific studies from general-purpose framework contributions per year
2
. Most contributions are

concentrated in recent years, rising from 2021 onward with a peak in 2024, and reflecting the increasing

availability of open-source neuro-symbolic frameworks in the application-specific domain.

Corpus classification. The selected corpus contains both general-purpose and application-specific

frameworks. On one hand, general-purpose frameworks expose reusable languages, APIs, solvers, or

1

We measured the inter-rater agreement on the inclusion/exclusion coding by exploiting the Krippendorff-𝛼 coefficient [47],

which classifies a coding as good if the value is greater or equal to 80%.

2

Table 2 reports corpus articles by year and scope. The subsequent count of 41 framework-level approaches collapses articles

that refer to the same framework family, yielding 22 application-specific and 19 general-purpose frameworks.



Table 2
Distribution of corpus articles by publication year and framework scope.

Year Application-specific General-purpose Total

2017 0 1 1

2020 0 1 1

2021 2 2 4

2022 4 5 9

2023 0 6 6

2024 7 5 12

2025 7 1 8

2026 1 0 1

Total 21 21 42

training mechanisms. Conversely, application-specific systems show how neuro-symbolic ideas are

being operationalised in specific domains, such as knowledge-graph management, visual reasoning,

entity linking, reactive synthesis, or TinyML. After a first analysis of this corpus, we further restrict

our study to consider the 19 general-purpose frameworks and, among these, only those 9 that feature

suitable documentation, thus allowing developers to use them in their software projects. We considered

documentation suitable when it allowed an independent developer to understand the modelling language,

obtain and install the framework, and run at least one example.

After frameworks identification, the collected data was organised through a coding schema aligned

with the goal of comparing the selected general-purpose neuro-symbolic software frameworks from a

developer’s viewpoint. The schema was tested and refined on the selected frameworks. The resulting

taxonomy is organised into four dimensions (i.e. linguistic aspects, inference & reasoning, neuro-

symbolic pipeline, and usability & engineering), which are applied in Sect. 4.

Replication package. A replication package is released as an online spreadsheet.
3

It documents the

protocol, search results before and after duplicate removal, inclusion/exclusion decisions, snowballing,

the final corpus, and data used for the taxonomy-driven analysis. For each retained framework, we

recorded repository metadata, license information, and last-maintenance evidence (i.e. last commit) as

indicators of engineering maturity.

Threats to validity. Naturally, our work has been subject to threats to validity, which we have tried

to mitigate and briefly discuss hereinafter as per the standard taxonomy proposed by Wohlin et al [56].

Construct validity is affected by the fact that categories such as “framework”, “tool”, and “application-

specific system” are not always sharply separated in the neuro-symbolic literature. While building our

corpus, we tried to make the query string as inclusive as possible by extending it with synonyms and

alternative spellings. Besides, the proposed taxonomy mitigates this risk by classifying frameworks

through observable design commitments rather than by labels used by the authors of individual articles.

Internal validity concerns arise from screening and coding decisions, especially when an article reports

both a method and a software artefact. These decisions were checked against the extracted review

material and revised by all authors when conflicts arose.

External validity is limited by the rapid evolution of open-source neuro-symbolic software. Repository

availability, documentation, dependencies, and maintenance status may change after publication. Our

work therefore treats engineering maturity as time-sensitive evidence rather than as a permanent

property. Last, conclusion validity is limited by the heterogeneity of tasks and evaluation protocols.

To this end, we focus on comparative claims about languages, semantics, reasoning mechanisms,

integration patterns, and engineering aspects, as per the proposed taxonomy. The actual comparison of

selected frameworks against specific benchmarks is currently left for future work.

3

https://docs.google.com/spreadsheets/d/1FDhApZAdCQRN8439wNBC2xpiRynM01W0bLOMlfVg4Y4/edit?usp=sharing

https://docs.google.com/spreadsheets/d/1FDhApZAdCQRN8439wNBC2xpiRynM01W0bLOMlfVg4Y4/edit?usp=sharing


3. Neuro-Symbolic Frameworks for Software Development

In this section, the identified corpus is organised into two main categories, viz. application-specific and

general-purpose frameworks, as reported in Table 1. Application-specific frameworks target specific

tasks or domains through a neuro-symbolic approach, whereas general-purpose frameworks provide

reusable languages, APIs, solvers, or modelling mechanisms that can be employed across multiple

applications. We offer a concise overview of both categories, with the goal of positioning the identified

systems according to their scope and selecting the general-purpose frameworks that will be subject to

the taxonomy-based analyses presented later in Sect. 4.

3.1. Application-Specific Systems

Application-specific systems use neuro-symbolic integration to address concrete (type of) datasets

or operational settings. We group application-specific systems by the role played by neuro-symbolic

integration, i.e. knowledge-centric mediation, visual or planning-oriented reasoning, operational

constraints, and adaptations of general-purpose frameworks.

Several systems are knowledge-centric. LDM [1] combines knowledge graphs, entity linking, LLM-

based interaction, and federated query processing for FAIR-oriented management of research digital

objects such as datasets, publications, and software. BioLinkerAI [4] applies similar knowledge-

based mediation to biomedical entity linking, aiming at extracting biomedical entities from text and

selecting suitable mapping candidates through an LLM-mediated step. Chebifier [10] uses semantic

classification for compound classification from chemical representations, while RevelioNN [7] connects

ontology-based modelling with neural prediction and explainability for PyTorch binary classifiers.

Other systems focus on visual, multimodal, or planning-oriented tasks. NeSyCoCo [3] uses LLM-

generated symbolic representations and differentiable composition for visual-linguistic compositional

reasoning over image-query pairs. DreamCoder [8] tackle program synthesis in the Abstraction and

Reasoning Corpus (ARC) through neural-guided search over analysed target programmes. The neuro-

symbolic ASP VQA pipeline [38] combines neural perception with answer-set reasoning by mapping

visual predictions into logical programs for answering queries. KnowZRel [25] uses common-sense

knowledge for zero-shot relationship retrieval in generalised scene-graph generation, while DANLI [24]

combines neural language understanding with symbolic deliberation for embodied natural-language

instruction following. Similarly, knowledge-grounded planning systems [28] combine foundation-model

interaction, knowledge graphs, reasoners, and constraint-aware planning.

A third group is defined by specialised operational constraints. NeuroSynt [9] uses neural guidance

for reactive synthesis from temporal-logic specifications, and DeepProbLogCEP [32] applies probabilis-

tic logic programming to complex event processing over audio streams. Nessy [26] addresses label-noise

reduction, TinyNS [23] targets platform-aware TinyML code generation for microcontrollers, and rule-

guided travel-demand prediction [22] integrates decision-tree rules into neural prediction over socio-

economic and mobility data. Composite enterprise AI systems [21] similarly illustrate task-oriented

combinations of compact neural and symbolic components for diet management, industrial-production

copiloting, and student mental-health support.

Last, some application-specific systems rely on general-purpose frameworks (presented next) by

adapting them to narrower domains. Faster-LTN [19], PROTO-LTN [35], FLPN [2], and the Logic

Tensor Probe [15] apply LTN-style modelling to semantic image interpretation and object detec-

tion, few-shot and zero-shot learning, zero-shot image recognition through visual-semantic prototype

matching, or LLM logical-reasoning diagnostics. Prompt2DeModel [6] generates DomiKnowS-style

declarative domain models from natural-language prompts, and relational programming with foundation

models [11] extends relational specifications with calls to foundation models.

3.2. General-Purpose Frameworks

General-purpose frameworks support the development of software systems across various domains. We

organise general-purpose frameworks by the modelling support they expose, ranging from constraints



and fuzzy logic to probabilistic logic, ASP-bases reasoning, rule learning, and probabilistic programming.

First, constraint-based frameworks expose symbolic knowledge as constraints over neural outputs.

PYLON [33] lets developers define Python constraints that can be compiled into losses for PyTorch

models. LTN [27] and LTNtorch [34] provide fuzzy first-order logic over tensor groundings, while

DomiKnowS [41] represents concepts, relations, and constraints as structured domain knowledge

connected to neural sensors. CCN+ [12] and NeuPSL [40] also belong to this constraint-oriented area,

allowing users to specify requirements for neural models and predicates in probabilistic logic.

Fully probabilistic logic and rule-based frameworks make symbolic programmes more explicit.

DeepProbLog [31] extends ProbLog with neural predicates, and DeepStochLog [39] uses stochastic

definite clause grammars for sequential reasoning. Neural-probabilistic ASP [30] and its successor

SLASH [20] connect neural predictions to answer-set programming with probabilistic predicates, while

NeurASP [37] embeds neural atoms in ASP programmes. Scallop [16] offers a Datalog-like rela-

tional language with differentiable provenance. These systems expose reusable symbolic languages or

reasoning mechanisms, although their semantics and inference strategies differ.

Other general-purpose or implementation-oriented systems emphasise rule learning, temporal rea-

soning, or broader programming abstractions. PyReason [18] supports open-world temporal reasoning

over structured data. NSIL [17], FFNSL [42], 𝛼ILP [29], Embed2Rule [14], and dNL-NL [5] focus on

learning symbolic rules or programmes from data. ULLER [13] proposes a unified language perspective

for learning and reasoning. Finally, Edward [36] and Edward2 [53] provide probabilistic-programming

abstractions based on random variables and TensorFlow/Python programs, making them especially

relevant when uncertainty is to be modelled.

The distinction between application-specific systems and general-purpose frameworks motivates the

taxonomy-driven analysis that follows. The in-depth qualitative analysis, presented in the next section,

focusses on nine proposals (Table 3) selected from the broader set of general-purpose frameworks

identified above. Those frameworks were retained because they provide open-source implementation

artefacts, expose modelling mechanisms that are not tied to a single application scenario, and include

sufficient documentation or technical detail to support our analyses. The subset also preserves repre-

sentativeness across different neuro-symbolic approaches, including constraint-guided learning, fuzzy

reasoning, probabilistic (logic) programming, and ASP-based integration.

Table 3
Selected frameworks retained for in-depth analysis.

Framework GitHub repository License Last commit

PYLON [33] pylon-lib/pylon Apache 2.0 3 Dec 2021

LTN [27]/LTNtorch [34] tommasocarraro/LTNtorch MIT 2 Oct 2024

DomiKnowS [41] HLR/DomiKnowS MIT 9 Dec 2025

Scallop [16] scallop-lang/scallop MIT 1 May 2025

DeepProbLog [31] ML-KULeuven/deepproblog Apache 2.0 9 Aug 2024

SLASH [20] ml-research/SLASH MIT 23 May 2024

Edward [36]/Edward2 [53] google/edward2 Apache 2.0 9 Jan 2026

DeepStochLog [39] ML-KULeuven/deepstochlog Apache 2.0 26 Jan 2024

NeurASP [37] azreasoners/NeurASP N/A 21 Oct 2023

RQ1 Which open-source frameworks support neuro-symbolic software system development, and how can they be
positioned by scope and application domain?
The SLR retained 42 corpus articles, corresponding to 41 framework-level approaches; 19 are general-purpose,

while the remaining frameworks are application-specific. Application-specific frameworks are best positioned

by domain target, such as FAIR research-data management in LDM [1], biomedical entity linking in BioLink-

erAI [4], or microcontroller-oriented TinyML in TinyNS [23]. General-purpose frameworks are instead

positioned by reusable modelling support: languages, APIs, solvers, training interfaces, or probabilistic-

programming substrates that can be transferred across various tasks. Nine of the general-purpose frameworks

were selected as the most reusable subset, i.e. those with enough available documentation to support their

adoption in a wide range of software development scenarios.

https://github.com/pylon-lib/pylon
https://github.com/tommasocarraro/LTNtorch
https://github.com/HLR/DomiKnowS
https://github.com/scallop-lang/scallop
https://github.com/ML-KULeuven/deepproblog
https://github.com/ml-research/SLASH
https://github.com/google/edward2
https://github.com/ML-KULeuven/deepstochlog
https://github.com/azreasoners/NeurASP


4. Taxonomy-Driven Qualitative Analysis

In this section, we illustrate our original taxonomy for classifying neuro-symbolic development frame-

works and use it to compare the selected frameworks, listed in Table 3. The key observation behind our

taxonomy is that, from the developers’ viewpoint, a neuro-symbolic framework can be understood as a

sequence of design commitments in their project. Developers first commit to a symbolic language, hence

to a reasoning mechanism, then to a pattern of interaction between neural and symbolic components,

and, finally, to a set of usability and engineering constraints. These commitments are not independent.

For instance, choosing ASP brings stable-model semantics, but also grounding/solver costs. Conversely,

choosing fuzzy first-order logic gives differentiable satisfaction functions, but changes the meaning of

entailment. Last, using host-language constraint interfaces (e.g. Python) lowers adoption cost, but may

alter the declarative specification towards a more procedural style.

The selected frameworks can be broadly categorised in four recurring families, orthogonally w.r.t. the

taxonomy. Constraint-based systems such as PYLON [33] and DomiKnowS [41], fuzzy first-order sys-

tems such as LTN [27]/LTNtorch [34], (probabilistic) logic-based systems such as Scallop [16], Deep-

ProbLog [31], SLASH [20], DeepStochLog [39], and NeurASP [37], and probabilistic-programming

systems such as Edward [36]/Edward2 [53]. They all expose different combinations of language,

semantics, solver, and engineering trade-offs. Table 4 summarises our analysis effort, while preserving

the four taxonomy dimensions as the main interpretative key.

Neuro-symbolic frameworks

Linguistic Aspects
Syntax

Logical paradigm

Expressiveness

Inference & Reasoning
Solver

Inference mechanisms

Inference strategies

Loss computation

Neuro-Symbolic Pipeline
Henry Kautz’s taxonomy

Architectural pattern

Usability & Engineering
Integration

Scalability

Best for

Limitations

Figure 2: Taxonomy for comparing neuro-symbolic frameworks.

Figure 2 illustrates the four dimensions used to compare neuro-symbolic development frameworks.

Linguistic aspects describe how symbolic knowledge is represented, namely through syntax, adopted

logical paradigm, and expressiveness. Inference and reasoning capture the computational core, including

the used solver, inference mechanisms and strategies, and loss computation. The neuro-symbolic

pipeline dimension positions each framework with respect to Kautz’s taxonomy and its architectural

pattern [46]. Last, usability and engineering records practical adoption factors such as integration,

scalability, best-fit use cases, and known limitations. Overall, the proposed taxonomy represents a

compact map for comparing developers’ design commitments rather than a checklist of isolated features.

The following subsections apply the four dimensions to the selected frameworks and integrate the

comparative evidence extracted from the broader review of Sect. 3.



4.1. Linguistic aspects

The first commitment in the taxonomy is linguistic. A framework must decide how symbolic knowledge

is written, i.e. which logical paradigm it assumes. This dimension determines whether developers work

with host-language constraints, first-order formulae, logic programmes, relational rules, stochastic

computation graphs, or structured domain models. It therefore anticipates several later choices, because

the language often constrains the available semantics, solver, and coding style.

Applied to the selected frameworks, the linguistic dimension separates lightweight embedding from

more explicit declarative modelling. PYLON [33] exposes constraints directly inside Python, which eases

adoption in neural PyTorch code but makes the logical layer less independent from procedural code.

DomiKnowS [41] provides a more structured modelling interface based on constraints connected to

neural sensors. LTN [27] and LTNtorch [34] use first-order formulas grounded over tensors, preserving

logical vocabulary while interpreting truth through fuzzy satisfaction. These systems illustrate a first

trade-off. Host-language interfaces reduce the distance from neural programming, but they make the

declarative layer depend more on grounding and optimisation parameters.

Logic-based frameworks make the declarative commitment stronger. Indeed, DeepProbLog [31]

extends probabilistic logic programming with neural predicates, Scallop [16] adopts a Datalog-like

relational language with provenance, NeurASP [37] and SLASH [20] build on ASP-style modelling with

neural or probabilistic predicates, and DeepStochLog [39] uses stochastic definite clause grammars for

sequential and compositional domains. In these systems, rules define the space of derivations, stable

models, proofs, or probabilistic queries over which learning and inference can operate. Last, Edward [36]

and Edward2 [53] occupy a boundary position. They provide probabilistic-programming structure

through random variables and probabilistic programs, but do not centre the developer experience on a

logic programming language.

The resulting pattern is therefore cross-cutting. Constraint-guided systems such as PYLON [33],

LTN [27], LTNtorch [34], and DomiKnowS [41] are strongest when domain knowledge is naturally

expressible as consistency requirements over neural predictions. Relational and probabilistic logic

systems such as DeepProbLog [31], Scallop [16], SLASH [20], DeepStochLog [39], and NeurASP [37]

are strongest when the symbolic component must remain inspectable as rules, derivations, or models.

Probabilistic programming in Edward [36] and Edward2 [53] is strongest when uncertainty dominates

over explicit logical syntax. Overall, richer symbolic languages improve inspectability and modelling

precision, but they also introduce solver-facing commitments (e.g. grounding) that also affect the

reasoning and usability dimensions.

4.2. Inference & reasoning

The reasoning dimension specifies how the chosen symbolic language operates at runtime. In the

taxonomy, it records the solver or computational substrate, the inference mechanism, the inference

strategy, and the way reasoning contributes to the learning objective. Said otherwise, this dimension is

where the linguistic commitment becomes an executable procedure.

For the selected frameworks, one major strategy is exact or compiled reasoning. DeepProbLog [31]

compiles probabilistic logic programmes through sentential decision diagrams and arithmetic circuits,

turning query probabilities into differentiable quantities. SLASH [20] combines stable-model reasoning

with probabilistic circuits and pruning to control answer-set search. PYLON [33], in its exact mode, also

relies on compilation for constraint satisfaction. DeepStochLog [39] uses AND-OR derivation forests

and tabling for stochastic logic programmes, while NeurASP [37] delegates stable-model computation

to CLINGO and evaluates observations through neural atoms. These approaches retain comparatively

clear semantics, but their cost grows with possible worlds, derivations, constraints, or answer sets, that

have to be explored.

A second strategy is relaxation into continuous optimisation. LTN [27] and LTNtorch [34] map

logical connectives and quantifiers to fuzzy truth functions and work on optimising satisfaction. PY-

LON [33] can likewise use fuzzy or sampling-based losses. DomiKnowS [41] can express constraints as



integer linear inequalities for solver-backed prediction, but it can also support differentiable training

through inference-masked or primal-dual objectives. This makes symbolic knowledge compatible with

gradient-based learning, although it changes the object being computed.

Other systems make proof objects, provenance, or stochastic computation central to the reasoning

interface. Scallop [16] uses provenance semirings and proof selection so that derived facts can

participate in differentiable computation. Edward [36] and Edward2 [53] rely on variational inference,

sampling, and gradient objectives over probabilistic programs.

The reasoning dimension is central: semantic fidelity, differentiability, and scalability are coupled,

and no framework maximises all three at once. On one hand, exact probabilistic and stable-model

approaches preserve more of the intended symbolic semantics, but must tame combinatorial growth of

the search space. On the other hand, fuzzy approaches integrate more naturally with neural training,

but trade proof-theoretic clarity for continuous satisfaction. Finally, probabilistic programming provides

mature uncertainty machinery, but no logical rules by default.

4.3. Neuro-symbolic pipeline

The pipeline dimension maps the linguistic and reasoning commitments onto the architectural relation

between neural and symbolic components. We use Kautz’s taxonomy [46] as a vocabulary for this

relation. In Neuro | Symbolic systems, neural components first produce symbolic, probabilistic, or

relational facts, which are then consumed by a symbolic reasoning layer. In Neuro:Symbolic → Neuro
systems, symbolic knowledge mainly acts as supervision or regularisation for neural training, for

instance by being compiled or relaxed into a loss. In NeuroSymbolic systems, symbolic structure is

embedded tightly into differentiable computation, so that formulae, constraints, or probabilistic structure

become part of the neural computation itself.

The most common pattern among the selected frameworks is Neuro | Symbolic. Deep-

ProbLog [31] implements this pattern through neural predicates in probabilistic logic programmes,

DeepStochLog [39] does so through stochastic grammar derivations, Scallop [16] uses differentiable

relational provenance, SLASH [20] and NeurASP [37] connect neural predictions to ASP-style reasoning,

and DomiKnowS [41] links neural sensors with structured domain constraints. These systems differ in

language and solver, but share the same architectural commitment since a learned prediction is made

available to a symbolic component for further processing.

Other frameworks instantiate tighter or differently oriented patterns. PYLON [33] is closest to

Neuro:Symbolic → Neuro, because symbolic constraints mainly shape the training objective through

compiled or relaxed losses. LTN [27] and LTNtorch [34] are closer to NeuroSymbolic, since formulae

are grounded into differentiable tensor computation. Edward [36] and Edward2 [53] fit the same label

only in a broad probabilistic sense. Symbolic logic is not central in those frameworks, but stochastic

structure is embedded in differentiable computation.

The remaining Kautz patterns appear mainly as background cases in this corpus. To this end,

application-driven frameworks make the same pipeline issues concrete. Knowledge-centric, visual,

planning, event-processing, and TinyML systems discussed in Sect. 3 show that neural perception and

symbolic validation are often connected through task-specific interfaces rather than through a reusable

general-purpose language.

4.4. Usability & engineering

Last, but not least, the fourth dimension of the taxonomy records the engineering consequences of the

previous choices. It asks how the framework is integrated, how it scales, which use cases fit its design,

and which limitations matter in practice. This dimension is essential in our work as the corpus was

selected around implementation-oriented frameworks, so a taxonomy of neuro-symbolic software must

evaluate practical affordances as well as formal expressiveness.

Applied to the selected frameworks, usability is shaped first by the host ecosystem. PYLON [33],

LTNtorch [34], Edward2 [53], and DeepStochLog [39] are comparatively easy to place inside existing



Table 4
Taxonomy view of the main general-purpose frameworks.

Framework Language and semantics Reasoning mechanism Integration reading

PYLON [33] Python constraints; Boolean, fuzzy, or proba-

bilistic readings

Exact compilation, fuzzy relaxation, or sam-

pling losses

Neuro:Symbolic → Neuro: symbolic constraints

supervise neural training.

LTN [27]/LTNtorch [34] Fuzzy first-order logic over tensors T-norm based satisfaction maximisation NeuroSymbolic : formulae become differentiable neural

computation.

DomiKnowS [41] Concept graphs and logical constraints Integer constraints, inference-masked losses,

primal-dual optimisation

Mainly Neuro | Symbolic: neural sensors are constrained

by structured domain knowledge.

Scallop [16] Datalog-like relational language with prove-

nance

Differentiable provenance semirings and

proof selection

Differentiable Neuro | Symbolic: derived facts and proof

weights guide learning.

DeepProbLog [31] ProbLog with neural predicates Weighted model counting, SDDs, arithmetic

circuits

Neuro | Symbolic: neural facts feed probabilistic logic

programmes.

SLASH [20] Neural-probabilistic ASP Probabilistic circuits, stable-model reasoning,

pruning

Neuro | Symbolic: neural predicates are reasoned over

through ASP-style models.

Edward [36]/Edward2 [53] Probabilistic programs over random variables Variational inference, sampling, gradient ob-

jectives

NeuroSymbolic only in a broad probabilistic sense; logical

syntax is not central.

DeepStochLog [39] Stochastic definite clause grammars AND-OR derivation forests and tabling Neuro | Symbolic: neural predicates participate in

stochastic grammar derivations.

NeurASP [37] ASP with neural atoms Stable-model solving and observation likeli-

hoods

Neuro | Symbolic: neural outputs are probabilistic atoms

in ASP.

Python machine learning workflows. LTN [27] and Edward [36] are important reference points, but their

practical role is mediated by implementation choices and ecosystem evolution. DomiKnowS [41] offers

a high-level modelling style, but its use of structured constraints and solver-backed inference can add

configuration and debugging overhead. Source-based systems such as SLASH [20] and NeurASP [37]

preserve expressive ASP-based reasoning, but might require more manual integration than frameworks

distributed through standard Python packaging.

Scalability also follows the reasoning substrate. DeepProbLog [31], SLASH [20], and NeurASP [37]

inherit the full expressive power of probabilistic logic or ASP, but must manage possible worlds,

answer sets, grounding, or solver calls. Scallop [16] improves usability for relational reasoning

through provenance and proof selection, yet still depends on controlling the size of the proof space.

DeepStochLog [39] retains exact stochastic-logic inference while improving scalability through random-

walk semantics, tabling, and AND-OR derivation forests.

Table 5 collects usability information extracted during our study. Particularly, it records how easily

each framework can be adopted, how it scales according to its reasoning mechanism, which tasks

best match its design, and which limitations are most relevant in practice. The practical lesson from

our analyses of frameworks’ repositories is that open-source availability is only a starting point.

Documentation, packaging, maintained examples, solver dependencies, and tools for development and

debugging will determine whether a framework can be reused beyond its original demonstrations.

Table 5
Usability comparison of the main general-purpose frameworks.

Framework Accessibility Scalability Best suited for Main limitations

PYLON [33] pip: pylon-lib High Computer vision/arithmetic; structured NLP; logi-

cal games

Exact-inference cost; gradient variance.

LTN [27]/LTNtorch [34] pip: LTNtorch Medium Semi-supervised, multi-label, and constrained-

regression tasks

No probabilistic logic; grounding and quantification

costs; sensitive aggregators.

DomiKnowS [41] pip: DomiKnowS Medium Structured NLP; explainable critical systems; low-

data regimes

External solvers; constraint mapping and

configuration overhead.

Scallop [16] pip from repository High Unstructured reasoning; weak supervision; VQA Complexity grows with 𝑘; neural-output quality;

recursion termination.

DeepProbLog [31] pip: deepproblog Low Program induction; latent uncertainty; relational

reasoning

Grounding, compilation, and exact-inference costs.

SLASH [20] Source repository High Reasoning-based VQA; joint probabilities; set pre-

diction

Heavy grounding; exponential solution spaces.

Edward [36]/Edward2 [53] pip: edward2 High Image transformers; large VAEs; dynamic sampling Few high-level logical abstractions; low-level

random-variable control.

DeepStochLog [39] pip: deepstochlog High Sequences; large relational tasks; word algebra No rule-structure learning; failed derivations.

NeurASP [37] Source repository Low Semantic regularisation; commonsense reasoning;

puzzles

Noisy constraints; inference bottlenecks; limited

scalability.

Overall, the usability comparison shows that engineering convenience and semantic expressiveness

do not always align. Standard Python packaging helps PYLON [33], LTNtorch [34], DeepProbLog [31],

Edward2 [53], and DeepStochLog [39] enter existing learning pipelines, whereas source-based systems

such as SLASH [20] and NeurASP [37] require more manual integration but feature well-known logic

representations. Scalability is limited by stable-model inference, while pruning in SLASH [20], relaxed

losses in PYLON [33] and LTN [27]/LTNtorch [34], stochastic grammars in DeepStochLog [39], and



differentiable provenance in Scallop [16] may improve scalability at the cost of some approximation.

Three cases epitomise the above considerations. LTN [27]/LTNtorch [34] is easy to adopt and

differentiable by design, but universal quantification over grounded batches or concrete domains can

still create a combinatorial burden, and optimisation may depend on aggregation parameters such

as the 𝑝-mean. DomiKnowS [41] exposes a high-level modelling style, but solver-backed inference

can introduce operational constraints, especially when commercial optimisation engines are used.

Edward [36] and Edward2 [53] provide scalable probabilistic-programming, but ask developers to

operate at the level of random variables rather than high-level abstractions.

The broader review of Sect. 3 also indicates two engineering issues that affect frameworks’ usability

indirectly. First, application-specific systems show demand for domain-facing front ends, e.g. knowledge-

graph management, biomedical linking, visual reasoning, planning, event processing, TinyML, and

enterprise AI all require ways to connect formal knowledge to task-specific and deployment constraints.

Second, foundation-model-mediated systems suggest that natural-language interfaces can lower the

cost of rule authoring, but generated specifications still require parsing and semantic validation.

RQ2 Which linguistic, reasoning, integration, and engineering aspects distinguish available general-purpose and
open-source frameworks?
For the nine selected general-purpose open-source frameworks, the proposed taxonomy links language,

reasoning semantics, pipeline, and usability. Logic-programming and ASP-based systems such as Deep-

ProbLog [31], SLASH [20], DeepStochLog [39], and NeurASP [37] preserve proof-, derivation-, probability-,

or stable-model-based semantics, but pay grounding, compilation, proof-space, or solver costs, at the price

of lower scalability. Fuzzy and constraint-guided systems such as LTN [27]/LTNtorch [34], PYLON [33],

and DomiKnowS [41] integrate with gradient training by replacing entailment with satisfaction, loss, or

constraint violation. Edward [36]/Edward2 [53] instead provide probabilistic programming over random

variables, favouring scalable uncertainty modelling over high-level logical syntax. Most selected frameworks

(6 out of 9) follow a Neuro | Symbolic pipeline.

5. Open Challenges

The taxonomy-driven analysis in Sect. 4 grounds RQ3 in a set of open challenges in the neuro-symbolic

framework landscape for software development. These challenges follow from the same design commit-

ments used in the taxonomy, i.e. the language in which knowledge is expressed, the reasoning substrate

that gives that knowledge an operational meaning, the integration pattern between neural and symbolic

components, and the engineering support available to developers. Most selected frameworks are best

read as Neuro | Symbolic, where neural outputs feed symbolic reasoning. Consequently, the most

relevant limitations cluster around three main open challenges: balancing expressiveness and scalability,

improving engineering maturity and development tools, and enabling quantitative comparisons over

standard benchmarks.

Expressiveness and scalability. Language expressiveness determines which kinds of symbolic

knowledge a framework can represent, how directly developers can inspect that knowledge, and which

reasoning costs follow from it. Logic-programming and ASP-based systems, such as DeepProbLog [31],

SLASH [20], DeepStochLog [39], and NeurASP [37], preserve explicit rules, derivations, probabilistic

queries, or stable models. This makes the symbolic layer semantically rich, but it also exposes the frame-

work to the costs of searching possible worlds, proof explosion, grounding, answer-set construction, and

solver calls. The same issue appears, in different forms, in relational proof construction in Scallop [16]

and stochastic derivation forests in DeepStochLog [39]. The identified frameworks already encode spe-

cialised mitigations. For instance, SLASH [20] uses dynamic pruning to control answer-set search (viz.,

through the SAME algorithm), Scallop [16] relies on top-𝑘 proof selection, and DeepStochLog [39]

combines stochastic grammars with tabling and AND-OR derivation forests. By contrast, Python-based

host-language interfaces, such as PYLON [33] and LTN [27]/LTNtorch [34], lower the adoption barrier

and integrate more directly with gradient-based learning, but require expressing logical knowledge



in a procedural manner. The resulting challenge is to keep knowledge specifications expressive while

controlling the computational cost induced by symbolic machinery.

Engineering maturity. Our work also identifies specification effort, development tools, and engi-

neering maturity as adoption constraints. Open-source availability is only the starting point. Indeed,

release packaging, examples, documentation, development tools, solver configuration, debugging sup-

port, and integration with existing learning pipelines determine whether a framework can be reused

beyond its original demonstrations in the literature. Standard Python packaging helps frameworks

such as PYLON [33], LTNtorch [34], DeepProbLog [31], Edward2 [53], and DeepStochLog [39]

enter existing workflows. Source-based or solver-backed systems such as SLASH [20], NeurASP [37],

and DomiKnowS [41] preserve expressive reasoning interfaces, but require more effort to configure

and integrate in existing workflows. Last, Prompt2DeModel [6] and VIEIRA [11] show how natural-

language interfaces can reduce rule-authoring effort, although generated knowledge remains a candidate

specification that must be parsed, typed, validated, and checked against the reasoning substrate.

Quantitative comparisons over standard benchmarks. Finally, the current landscape of neuro-

symbolic frameworks for software development lacks an overall benchmark comparison in terms

of execution times and output performance. This limits direct conclusions about how the design

commitments identified by our taxonomy affect performance in comparable settings. A useful next step

is therefore a controlled benchmark-based analysis, for instance on MNIST-based tasks [57], to assess

execution times, result accuracy and developers’ effort across different frameworks.

RQ3 Which limitations and open challenges characterise the current framework landscape?
The nine-framework comparison highlights three main challenges, i.e. balancing language expressiveness with

scalability, improving engineering maturity and development tools, and performing controlled quantitative

comparisons among frameworks. Logic- and ASP-based frameworks such as DeepProbLog [31], SLASH [20],

DeepStochLog [39], and NeurASP [37] preserve explicit symbolic semantics, but their scalability may be

limited by possible worlds, proof explosion, grounding, answer-set construction, and solver calls. Some

mitigations already exist, including dynamic pruning in SLASH [20], top-𝑘 proof selection in Scallop [16],

and stochastic grammars with tabling and AND-OR derivation forests in DeepStochLog [39]. Conversely,

Python-based interfaces such as PYLON [33] and LTN [27]/LTNtorch [34] ease adoption but move logical

knowledge closer to procedural implementation. Engineering maturity remains uneven, since reuse depends

on packaging, documentation, examples, solver configuration, debugging support, and validation of generated

declarative specifications such as those produced by Prompt2DeModel [6]. Future work should focus on

improving the scalability of expressive solutions, releasing adequate development support tools (i.e. IDE,

debuggers), and comparing existing frameworks on standard benchmarks.

6. Concluding remarks

This article has presented an SLR and taxonomy-driven analysis of open-source frameworks for de-

veloping neuro-symbolic software systems. We first collected 42 corpus articles, corresponding to 41

framework-level approaches. We distinguished application-specific frameworks from general-purpose

development frameworks, and analysed in depth nine general-purpose open-source frameworks with

suitable documentation support. The proposed taxonomy provides a compact comparative lens for relat-

ing linguistic choices, reasoning mechanisms, integration patterns, and engineering constraints, making

framework trade-offs explicit from a developer’s viewpoint. We finally identified three main open

challenges: balancing expressiveness and scalability, improving engineering maturity and development

tools, and performing quantitative comparisons of the available frameworks over standard benchmarks.

Future work will address the latter through controlled experiments on a standard benchmark, such as

MNIST-based tasks [57], to compare the selected frameworks under quantitative criteria.
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