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Abstract

FastDiag is a widely used algorithm for model-based diagnosis, computing minimal sub-
sets of constraints whose removal restores consistency in knowledge-based systems. As
applications grow in complexity, researchers have proposed parallel extensions such as
Java-version FastDiagP and FastDiagP++ to accelerate diagnosis through speculative and
multiprocessing strategies. This paper presents a reproducible and extensible framework
for evaluating FastDiag and its parallel variants across a benchmark suite of feature models
and ontology-like constraints. We analyze each variant in terms of recursion structure,
runtime performance, and diagnostic correctness. Tracking mechanisms and structured
logs enable the fine-grained comparison of recursive behavior and branching strategies.
Technical validation confirms that parallel execution preserves minimality and structural
soundness, while benchmark results show runtime improvements of up to 4× with Fast-
DiagP++. The accompanying dataset, available as open source, supports educational use,
algorithmic benchmarking, and integration into interactive configuration environments.
The framework is primarily intended for reproducible benchmarking and teaching with
open-source implementations that facilitate analysis and extension.

Keywords: model-based diagnosis; constraint satisfaction; FastDiag; speculative parallelism;
multiprocessing; reproducible benchmarking; knowledge-based configuration; feature
models; ontology debugging; Python implementation

1. Introduction
Model-based diagnosis (MBD) is a key technique for identifying minimal sets of con-

straints or axioms whose removal restores consistency in structured knowledge systems [1].
These techniques are central in areas such as ontology debugging, intelligent product con-
figuration, and constraint-based reasoning [2,3]. However, as modern systems scale in size
and complexity, the demand for fast, scalable diagnostic computation becomes increasingly
critical [4,5].

Traditional algorithms like QuickXPlain [6] and FastDiag [1] rely on the recursive
decomposition of constraint sets combined with consistency checking. These approaches
are highly effective but inherently sequential, limiting their ability to leverage multicore
architectures. Table 1 summarizes key limitations that motivate parallelization strategies in
this domain.
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Table 1. Scalability challenges in model-based diagnosis algorithms.

Challenge Impact Affected Algorithms

Sequential Recursion Limits CPU core usage QuickXPlain, FastDiag
Deep Recursion Trees Increased stack and time cost QuickXPlain
No Memoization Repeated consistency checks FastDiag, HST
No Batch Scheduling Idle time in multicore CPUs All sequential

To overcome these challenges, researchers have proposed speculative-parallel diagno-
sis strategies, where recursive branches are explored concurrently. Java-version FastDiagP
and FastDiagP++ exemplify this trend, introducing speculative task decomposition and
multiprocessing, respectively [7]. These approaches are informed by recent innovations in
parallel SAT solving [8] and sampling in Markov Chain Monte Carlo systems [9], where
idle compute resources are proactively assigned to unresolved branches. These implemen-
tations prioritize transparency and reproducibility over execution speed and are best suited
for research prototyping, educational activities, and early-stage algorithm development.

Figure 1 contrasts the traditional sequential diagnosis model with a speculative parallel
version. In the latter, disjoint recursive branches are evaluated concurrently, accelerating
diagnosis without compromising correctness [7,10].

Root Conflict Set

Split C1

Split C2

(a) Sequential Execution

Root Conflict Set

Split C1 Split C2

(b) Speculative Parallel Execution

Figure 1. Conceptual comparison between sequential and speculative-parallel execution models in
diagnosis algorithms. Parallel variants reduce idle time by concurrently evaluating independent
branches [7,10].

This paper introduces a reproducible and extensible dataset, together with a bench-
marking framework, for evaluating FastDiag-based diagnosis algorithms under parallel
execution scenarios. It provides CNF-encoded models, execution scripts, and result files
that support experimentation, validation, and educational use.

The main contributions of this work are outlined below:

• A complete implementation and architectural analysis of FastDiag, Java-version Fast-
DiagP, and FastDiagP++, emphasizing speculative parallelism.

• A reusable benchmark dataset with 60+ test cases, including CNF and ‘.prod‘ inputs,
and detailed logs.

• A validation framework for checking correctness, minimality, and recursive struc-
ture consistency.

• A comparative analysis against QuickXPlain and a real-world case study using feature
model diagnosis [10].
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The remainder of the paper is structured as follows: Section 2 presents the algorithmic
and implementation details. Section 3 describes the dataset structure. Section 6 provides
technical validation and benchmarking results. Section 4 describes a realistic application
scenario. Section 5 outlines reuse opportunities, and Section 7 concludes the work.

2. Methods
This section presents the algorithmic foundations and implementation details of the

FastDiag algorithm family. We cover the original FastDiag [1], its speculative fork-based
extension Java-version FastDiagP [10], and the multiprocessing-based variant FastDiagP++.
These variants are implemented and benchmarked using a shared protocol designed to
support reproducibility and comparative evaluation.

2.1. FastDiag Algorithm Overview

FastDiag is a recursive algorithm based on divide-and-conquer principles. Given a
background theory B and a potentially inconsistent set of constraints C, the algorithm
computes a minimal diagnosis ∆ ⊆ C such that B ∪ (C \ ∆) is consistent. The method relies
on recursive splitting of C into halves and conditional consistency checks using an external
SAT solver. This is formalized in Algorithm 1 of Felfernig et al. [1].

Although efficient for small and moderate instances, the algorithm becomes resource-
intensive as the size of C increases due to its depth-first recursion and repeated calls to
consistency checkers. Each recursive call generates a new set of consistency checks, and
the structure of the recursion tree grows as O(log2 |C|) in the best case and O(|C|) in the
worst case.

2.2. Tracking Recursive Execution

To better understand the performance bottlenecks and opportunities for parallelism,
we implemented a tracking mechanism that logs the depth and branching of recursive
calls. Figure 2 shows a typical call structure for FastDiag on a seven-element conflict set.
The call tree grows linearly and exhibits heavy reuse of the stack. Figure 3 illustrates the
speculative execution strategy applied in FastDiagP++. Unlike the strictly linear stack-based
traversal seen in the sequential variant (Figure 2), here the left and right branches of the
recursive diagnosis tree are evaluated concurrently. Each consistency check is launched in
a separate process or asynchronous task, enabling the simultaneous exploration of disjoint
subspaces of the problem. This parallel scheduling significantly reduces total runtime when
multiple CPU cores are available and preserves correctness due to the independence of each
recursive subproblem [7,10]. Figures 2 and 3 highlight the contrast between linear recursion
in FastDiag and speculative parallel recursion in Java-version FastDiagP, respectively.

Log files include timestamps, node labels, consistency status, and identifiers for parent–
child relationships. This enables replay and performance debugging, which is useful for
validating minimality [11].
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FastDiag(C)
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FastDiag(C11)
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ConsistencyCheck(C111)

Backtrack

FastDiag(C112)

ConsistencyCheck(C112)

Merge and Return

Figure 2. Tracked call sequence in FastDiag (sequential). The algorithm performs deep recursive calls
followed by consistency checks and backtracking, illustrating a linear execution structure.

FastDiag(C)

FastDiag(C1) FastDiag(C2)

FastDiag(C11)

ConsistencyCheck(C11)

FastDiag(C21)

ConsistencyCheck(C21)

Speculative Parallel Branching

Figure 3. Speculative recursive execution in Java-version FastDiagP: independent branches are
evaluated in parallel using multiprocessing, allowing concurrent consistency checks and faster
convergence.

2.3. Parallel Extensions: Java-version FastDiagP and FastDiagP++

Java-version FastDiagP introduces speculative recursion, dispatching both recursive
branches in parallel. The speculative nature means that the algorithm does not wait for a
branch to finish before beginning the next. Instead, both are launched as asynchronous tasks,
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potentially completing out of order. This avoids idle CPU time and allows overlapping
consistency checks.

FastDiagP++, implemented with Python’s multiprocessing module, uses process
pools to isolate recursive calls in separate memory spaces. This avoids Python’s Global
Interpreter Lock (GIL) and takes advantage of true multicore execution. Each speculative
task is monitored, and a callback mechanism aggregates minimal diagnoses and determines
when to terminate subtrees. This speculative-parallel architecture was inspired by similar
work in SAT simplification [8] and parallel tree decomposition [9]. Table 2 compares the
core characteristics of the three variants.

Table 2. Comparison of FastDiag algorithm variants.

Variant Strategy Parallelism Backend

FastDiag Recursive Split None Single-threaded recursion
Java-version FastDiagP Speculative Forking Thread simulation In-process recursion
FastDiagP++ True Multiprocessing Process pool (forked) multiprocessing.Pool

2.4. Implementation Summary

All algorithms were implemented in Python 3.10. The consistency checker uses
PySAT’s interface to SAT solvers. Recursive calls are implemented as standalone functions
that communicate through multiprocessing-safe queues. Runtime logs and diagnosis trees
are saved in CSV and JSON formats.

The public repository https://github.com/cvidalmsu/A-Python-FD-implementation
(accessed on 1 August 2025) includes example runs, plotting scripts, and step-by-step logs
to ensure complete reproducibility and customization.

3. Dataset Structure and Organization
The dataset associated with this study is designed to support reproducible benchmark-

ing and a comparative analysis of ontology diagnosis algorithms, specifically FastDiag,
Java-version FastDiagP, and FastDiagP++. The structure follows a modular organization
aligned with FAIR principles and reproducibility guidelines in AI research [12,13].

All benchmark instances are stored in a hierarchical folder structure accessible from the
public repository https://github.com/cvidalmsu/A-Python-FD-implementation (accessed
on 1 August 2025). The structure includes CNF-encoded models and production rule
sets (.prod files) used as configurable conflict sets. Output directories store results in
CSV format and Excel summaries. The overall structure of the repository is illustrated in
Figure 4, showing the organization of input data, configuration files, execution logs, and
result reports.

All instances were executed using the same benchmarking protocol (Section 2), and
the results include the diagnosis time, recursion depth, number of minimal diagnoses, and
execution metadata for reproducibility. A summary of the included benchmark files is
provided in Table 3.

Table 3. Summary of benchmark models and their formats.

Filename Description

model_1.cnf Sample CNF ontology file (Model 1)
prod-1-0.prod Production rule configuration (Instance 1)
resultFD.csv Aggregated execution results in CSV
resultFDFinal.xlsm Final summary with post-processing macros

https://github.com/cvidalmsu/A-Python-FD-implementation
https://github.com/cvidalmsu/A-Python-FD-implementation
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root/

cnf/ prod/

logs/ results/

– model_1.cnf

– model_2.cnf

– prod-1-0.prod

– prod-2-1.prod

– log_1.txt

– log_2.txt

– resultFD.csv

– resultFDFinal.xlsm

Figure 4. Folder hierarchy of the dataset, including CNF models, production rule files, execution logs,
and output reports.

All data files are licensed under MIT or Creative Commons Attribution licenses and
are directly reusable for educational, benchmarking, or research replication purposes [14].

Note: The GitHub repository associated with this study contains a previously un-
published dataset generated as part of the corresponding author’s doctoral research. This
dataset comprises over 60 structured diagnosis cases specifically designed to evaluate the
performance of FastDiag and its parallel variants. Although the repository was originally
created for educational purposes, its current version has been updated to reflect the final-
ized structure, scripts, and data used in this article. All files referenced in Figure 4 and
Table 3 are now publicly available together with validation scripts and detailed usage doc-
umentation. This release represents a meaningful academic contribution by providing the
first fully reproducible benchmark suite for scalable model-based diagnosis with FastDiag.

4. Case Study: Diagnosis in Feature Model Configuration
To demonstrate the applicability of the FastDiag family in real-world settings, we

evaluate the diagnosis process over feature models from the interactive configuration
domain. Feature models (FMs) are widely used in software product line engineering to
represent variability and constraints [15]. Faulty feature models can arise from inconsistent
constraints, which prevent valid configurations from being generated.

In this case study, we selected three complex feature models derived from real-world
systems and integrated them into a diagnosis pipeline using FastDiag, Java-version Fast-
DiagP, and FastDiagP++. Each model was encoded as a ‘.prod‘ file and paired with an
inconsistent configuration instance. Diagnosis was then computed for each method and
evaluated based on runtime, recursion depth, and diagnosis size.

The results in Table 4 highlight the efficiency gains achieved through speculative paral-
lelism. FastDiagP++ consistently outperforms its counterparts, especially for deeper recursion
scenarios, confirming the benefits of multiprocessing in high-branching configurations.

Figure 5 presents the diagnosis flow for the AAFM model, where minimal diagnoses
were computed using FastDiagP++. This case study demonstrates the real-world feasibility
and performance impact of parallel diagnosis algorithms when integrated into feature
model configuration workflows [10].

Beyond performance metrics, we observed the concrete resolution of configuration
issues in the tested models. For example, in the AAFM model (Automotive Adaptive
Feature Model), the initial configuration led to an unsatisfiable constraint set due to the
simultaneous activation of mutually exclusive features: Navigation_System and Basic_UI.
This contradiction stemmed from an implicit dependency chain where Navigation_System
requires High_Bandwidth_Bus, while Basic_UI excludes it due to cost constraints.
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Table 4. Summary of case study results for selected real-world feature models.

Model Method Runtime (ms) Max Depth Diagnoses Found

FAMA1 FastDiag 1072 9 1
Java-version FastDiagP 498 9 1

FastDiagP++ 275 9 1

FAMA2 FastDiag 1893 13 1
Java-version FastDiagP 808 13 1

FastDiagP++ 489 13 1

AAFM FastDiag 3560 16 1
Java-version FastDiagP 1497 16 1

FastDiagP++ 880 16 1

AAFM Feature Model

Inconsistent Configuration

FastDiagP++

Minimal Diagnoses

Figure 5. Diagnosis flow for a real-world feature model (AAFM) using FastDiagP++.

FastDiagP++ identified the minimal conflicting set:

• Navigation_System → High_Bandwidth_Bus;
• Basic_UI → ¬High_Bandwidth_Bus.

Removing either constraint restored model satisfiability. In practice, this diagnosis
allows architects to achieve the following:

1. Detect unintended feature interactions;
2. Document trade-offs (e.g., performance vs. cost);
3. Generate consistent alternative configurations by deactivating one feature or modify-

ing constraints.

In the FAMA2 model, the diagnosis revealed a cyclical dependency involving optional
and mandatory features in the network stack. This type of structural inconsistency is
common in large-scale product lines and, if unresolved, may propagate configuration
errors downstream in build or deployment stages.

Thus, beyond benchmarking, the diagnostic results produced by FastDiagP++ serve
as practical guides for model correction, enabling engineering teams to iteratively improve
configurability and maintain consistency across versions.

5. Usage Notes
The FastDiag dataset and its associated tools are designed to facilitate reuse across

multiple research and educational domains. This section describes potential reuse scenarios
including algorithm benchmarking, curriculum development, and tool extension. The
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dataset adheres to FAIR principles, ensuring accessibility, interoperability, and reproducibil-
ity [12,13].

5.1. Benchmarking and Algorithmic Comparison

Researchers can use the dataset to evaluate and compare different model-based di-
agnosis algorithms. FastDiag outputs are accompanied by metadata on recursion depth,
diagnosis size, and runtime, enabling detailed performance profiling. For example, Figure 6
shows how different methods scale under increasing model size.

FAMA1 FAMA2 AAFM
0

1000

2000

3000

4000

1072

1893

3560

498

808

1497

275
489

880

Model

R
un

ti
m

e
(m

s)

FastDiag Java-version FastDiagP FastDiagP++

Figure 6. Benchmark scaling of FastDiag variants across increasing model complexity. FastDiagP++
achieves the lowest runtime due to true multiprocessing and speculative execution.

The Python implementations provided aim to balance clarity, reproducibility, and
customization. While not necessarily optimized for industrial deployment, they are fully
functional and can be extended or replaced by optimized solvers for professional use.

5.2. Educational Applications

The dataset is ideal for teaching AI and knowledge-based system courses. Instructors
can assign preconfigured diagnosis problems, allowing students to experiment with debug-
ging techniques, tree traversal, and parallelism. This approach has been shown to enhance
student engagement and skill acquisition in computer science education [16,17].

Beyond individual assignments, the benchmark suite has been integrated into
graduate-level AI and software engineering courses, where students apply diagnosis
techniques to analyze recursive structures, parallel execution, and solver behavior. The
repository includes tutorial notebooks designed to support such pedagogical scenarios,
enabling the hands-on exploration of model-based reasoning tasks.

5.3. Reproducibility and Customization

All scripts are provided under an open license and support extension. Users can
integrate their own SAT or CSP solvers, inject faults, or simulate different system constraints.
Table 5 summarizes the core scripts provided.
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Table 5. Summary of scripts for reuse and customization.

Script Description

executeBenchFD.py Run full benchmark with configurable solver
validateFDoutput.py Check diagnosis correctness and structure
plotFDresults.ipynb Jupyter Notebook 7.0.0 for plotting performance
customFaultInjector.py Injects synthetic faults into ‘.prod‘ models

The dataset structure and logging system can be readily adapted to benchmark addi-
tional algorithms, such as Inv-QX, HSDAG, or even machine learning-based diagnostic
models. Instructions for doing so are included in the repository README. The repository
also includes a tutorial notebook for new users, helping them explore diagnosis results,
logs, and model files interactively. Similar open platforms have contributed significantly to
reproducible diagnosis research [14,18]. The dataset can be extended to support dynamic
constraints by injecting time-stamped configuration changes or streaming inputs. Scripts
for doing so are currently under development and will be added to the repository.

One avenue of future work involves the integration of FastDiagP++ into hybrid diag-
nostic systems. For instance, classification models can pre-identify likely faulty components,
after which FastDiagP++ refines a precise diagnosis. This hybrid approach aligns with
recent trends in explainable AI and ML-guided troubleshooting.

6. Technical Validation and Benchmarking Results
This section presents the technical validation of the FastDiag algorithm family, focusing

on runtime performance, recursion structure, and diagnostic correctness. Experiments were
conducted on three benchmark models (FAMA1, FAMA2 and AAFM), which are designed
to reflect the varying levels of complexity in ontology-based configurations.

The experiments were carried out on an Intel Core i7-12700H CPU (14 cores, 20 threads)
with 32 GB RAM, running Ubuntu 22.04. Python version 3.10.12 was used with dependen-
cies including PySAT 0.1.7.dev19, NumPy 1.24, and pandas 2.0.

6.1. Correctness and Minimality Verification

To ensure that parallel execution preserves diagnostic correctness, the output of Fast-
DiagP and FastDiagP++ was compared against FastDiag (baseline). All variants generated
identical minimal diagnoses for the same inputs, confirming functional equivalence. Fur-
thermore, post-processing scripts validated that each diagnosis was subset-minimal, ensur-
ing compliance with the model-based diagnosis principles [1,6]. The 60 test cases produced
identical minimal diagnoses in all variants. A verification script (validateFDoutput.py) is
included to allow readers to reproduce this consistency check.

Although our framework uses internal implementations to support complete traceabil-
ity and customization, future work will include performance comparisons with third-party
optimized libraries such as PyCSP3 (https://pycsp.org/, accessed on 1 August 2025) and
CSP4J [19].

6.2. Recursion Depth Analysis

Figure 7 shows the distribution of the maximum recursion depth in benchmark exe-
cutions. Parallel variants maintain the same depth profile as FastDiag, indicating logical
preservation of the recursive structure even under speculative or multiprocessing execution
models. This is consistent with structural expectations in diagnosis trees [11].

https://pycsp.org/
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Figure 7. Histogram of maximum recursion depth across benchmark executions.

Correlation analysis showed that speedups improve with recursion depth ≥ 10. This
suggests that deeper trees benefit more from parallel exploration due to higher branch-
level concurrency.

6.3. Runtime Comparison

Figure 8 compares the execution times in all three FastDiag variants. FastDiagP++
consistently outperformed both FastDiag and Java-version FastDiagP across all models—
especially on the most complex instance (AAFM). These results confirm the benefits of
parallelism in scalability [8,9].
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Benchmark Models
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Figure 8. Speedup comparison of Java-version FastDiagP and FastDiagP++ relative to baseline
FastDiag. Results demonstrate significant parallel performance gains across all models..

6.4. Benchmark Summary

Table 6 summarizes runtime and recursion statistics per model. FastDiagP++ achieves
up to 3.9× speedup over FastDiag on AAFM, which is the largest test case. The minimal
depth of recursion and the total diagnoses are consistent across variants, supporting
correctness and determinism in parallel execution.
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Table 6. Summary of benchmark results across diagnosis variants.

Model Variant Runtime (ms) Max Depth Minimal Diagnoses

FAMA1 FastDiag 1072 12 1
Java-version FastDiagP 498 12 1

FastDiagP++ 275 12 1
FAMA2 FastDiag 1893 15 2

Java-version FastDiagP 808 15 2
FastDiagP++ 489 15 2

AAFM FastDiag 3560 18 3
Java-version FastDiagP 1497 18 3

FastDiagP++ 880 18 3

The parallelization overhead was negligible for problems with constraints ≥ 10. How-
ever, for shallow trees or small constraint sets (≤ 4 elements), multiprocessing overhead
can outweigh performance gains. Detailed run-time breakdowns are available in the
repository logs.

7. Conclusions
This paper presented a reproducible and extensible dataset for evaluating FastDiag-

based diagnosis algorithms under parallel execution scenarios. The dataset includes input
models, production rule sets, execution logs, and aggregated results for FastDiag, Java-
version FastDiagP, and FastDiagP++. All scripts and configurations are publicly available
to promote benchmarking, reuse, and educational use.

We provide an in-depth comparison of three algorithmic variants:

• FastDiag: a sequential diagnosis method based on recursive decomposition;
• Java-version FastDiagP: a speculative extension with asynchronous task dispatching;
• FastDiagP++: a multiprocessing-based version leveraging Python’s process pools.

Technical validation confirmed that parallel variants preserve diagnostic accuracy
and minimality. The benchmark results demonstrated consistent runtime improvements
with FastDiagP++, especially in large instances such as AAFM, where speedups of up
to 4× were observed. Recursion structure analysis showed that parallelism does not
affect logical behavior, supporting the use of speculative strategies in knowledge-intensive
systems [7,11].

The dataset and benchmark scripts can be readily applied to support the following:

• Algorithmic development and regression testing;
• Runtime profiling across diagnosis strategies;
• Hands-on instruction in model-based reasoning courses.

Future work will focus on extending the dataset with probabilistic models, integrating
caching strategies, and adapting FastDiagP++ to distributed or GPU-based environments.
In addition, comparative evaluations against direct diagnosis approaches such as Inv-QX
or HSDAG [20] are planned to further assess performance trade-offs.

Although we focus on CPU-based parallelism, future extensions will include GPU-
based variants and comparisons with distributed diagnosis systems as these become more
mature. We aim to implement a CUDA-based FastDiagP++ prototype using Numba or
CuPy with an initial benchmark against the CPU versions planned for Q2 2026. Performance
and correctness evaluations will follow the same protocol as in this study.

Finally, this study contributes a benchmark suite that has not been previously pub-
lished and is the result of several years of doctoral research by the corresponding author.
The dataset includes over 60 diagnosis instances designed to stress-test recursive structures,
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validate parallel variants, and support comparative experimentation. Its public release
represents a valuable academic resource for the model-based diagnosis community with
potential applications in both research and higher education. The structure of the dataset,
together with its scripts, validation tools, and documentation, enables reproducibility and
facilitates hybrid integration with machine learning models. As such, this benchmark
framework serves not only as an experimental foundation but also as a pedagogical tool
for teaching explainable AI, constraint solving, and scalable reasoning systems.

Maintenance and Roadmap

To ensure long-term utility and reproducibility, we commit to maintaining the bench-
mark dataset and associated scripts through at least 2028. Planned activities include
the following:

• Annual updates with new benchmark instances, including both synthetic and real-
world models.

• Integration of additional diagnosis strategies (e.g., Inv-QX, HSDAG, ML-assisted
refinements).

• Community contributions via GitHub pull requests and issue tracking.
• Migration to standardized formats (e.g., JSON-LD) for enhanced interoperability.
• Improved support for educational deployment, including new tutorial notebooks

and assignments.

A public roadmap outlining upcoming releases, feature plans, and known limita-
tions is available in the GitHub repository at https://github.com/cvidalmsu/A-Python-
FD-implementation#roadmap (accessed on 1 August 2025). This roadmap will be con-
tinuously updated based on community feedback and evolving research directions in
model-based diagnosis.
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