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ABSTRACT

This project studies the problem of deciding chase termination for rule-based knowledge rep-
resentation systems using tuple-generating dependencies (TGDs). The implemented system fo-
cuses on the simple linear setting and applies dependency-graph analysis together with weak
acyclicity as the main termination criterion. The software parses rule datasets, filters and clas-
sifies rules, constructs dependency graphs, detects special-edge cycles, and reports whether a
dataset satisfies the weak-acyclicity condition. The project also produces graph visualizations
in DOT and PNG formats and generates dataset-level and rule-level execution reports. Experi-
mental outputs show that the implementation successfully analyzed multiple datasets, including
large inputs such as dataset 00002 with 1,569 rules, 1,239 graph nodes, and 1,042 edges, while
also handling medium-size datasets such as 00025, 00151, and 00167. The project demonstrates
how a theoretical acyclicity criterion can be transformed into a practical analysis tool and pro-
vides a strong basis for future extensions in chase termination research. Keywords: Knowledge
representation, tuple-generating dependencies, simple linear rules, weak acyclicity, dependency
graph.

Keywords: Knowledge Representation, Tuple-Generating Dependencies, Chase Procedure, Weak

Acyclicity, Dependency Graphs
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1 Introduction

Knowledge Representation and Reasoning constitutes one of the central research areas of Ar-
tificial Intelligence and Database Theory. Modern intelligent systems rely on logical rules and
constraints in order to infer new knowledge from existing information. Tuple-generating depen-
dencies (TGDs) provide a formal framework for expressing existential rules and are extensively
used in ontology-based data access, data integration, semantic web systems, and rule-based rea-
soning applications.

Rule-based systems operate by repeatedly applying logical implications in order to derive new
facts from existing datasets. In database theory, this reasoning process is commonly imple-
mented through the chase procedure, which is considered one of the most fundamental algorith-

mic tools for query answering, constraint enforcement, and ontology reasoning.

A tuple-generating dependency (TGD) is a logical rule of the form:

VXYY (¢(X,Y) — 3Z (Y, Z))

where the body ¢(X,Y") specifies conditions that must hold in the database, while the head
Y(Y, Z) specifies new facts that must also hold whenever the body is satisfied. Existential vari-

ables introduce unknown values, usually represented as labelled nulls during chase execution.

The chase algorithm repeatedly applies TGDs to a database instance until all constraints are sat-
isfied. During this process, new tuples and existentially generated null values may continuously
be added to the database. The chase is particularly important because it constructs universal
models that can be used for query answering and logical implication checking.

However, one of the major theoretical challenges is that chase execution may not terminate.
Even very simple rule sets can generate infinitely many new tuples. For example, consider the

rule:

person(X) — 3Y hasFather(X,Y), person(Y)

If the database initially contains person(Bob), the chase generates a new existential individual
representing Bob’s father, then another representing the grandfather, and so on indefinitely. Be-
cause of this behavior, the chase termination problem has become one of the central problems
in database theory and ontology reasoning.

The study of chase termination is therefore extremely important for practical reasoning systems.
Infinite chase executions make query answering impossible, prevent materialization of univer-

sal models, and significantly increase computational cost. Termination analysis is particularly



important in ontology-based data access, semantic web reasoning, data integration, knowledge

graph systems, and database exchange frameworks.

Because the general chase termination problem is undecidable, researchers focus on syntactic
restrictions and structural properties that guarantee termination for specific classes of existential
rules. Such restrictions include weak acyclicity, guardedness, linearity, and additional acyclicity

notions based on dependency analysis.

1.1 Background Theory

Different versions of the chase algorithm determine when a rule should be applied during the

reasoning process.

1.1.1 Oblivious Chase

The oblivious chase applies a tuple-generating dependency whenever its body matches the cur-
rent database instance, regardless of whether the same rule application has already been per-
formed previously. This version of the chase is conceptually simple and closely follows the
direct logical interpretation of existential rules.

In the oblivious chase, every valid homomorphism triggers a new rule application. Conse-
quently, the same logical structure may repeatedly expand, generating additional labelled nulls
even when equivalent derivations already exist. Although simple to define, the oblivious chase

may therefore introduce unnecessary redundancy and may easily lead to infinite executions.

1.1.2 Semi-Oblivious Chase

The semi-oblivious chase is a refinement of the oblivious chase that avoids certain redundant rule
applications. Instead of treating all homomorphisms independently, the semi-oblivious chase
groups together homomorphisms that agree on the frontier variables of a rule.

As aresult, multiple equivalent applications are avoided, reducing unnecessary derivations dur-
ing execution. The semi-oblivious chase is therefore more efficient in practice and often guar-
antees termination under weaker acyclicity conditions compared to the oblivious chase.

The distinction between oblivious and semi-oblivious chase procedures is particularly important

when studying termination guarantees and dependency-graph properties.



1.1.3 Linear, Simple Linear, and Guarded TGDs
Several important subclasses of tuple-generating dependencies have been introduced in order to
improve decidability, complexity, and termination properties.

A TGD is called linear if its body contains exactly one atom. Linear TGDs simplify dependency

propagation and are widely used in ontology-based reasoning systems.

Example:

p(X,Y) = 3Z s(Y, Z)

A simple linear TGD is a linear TGD in which variables do not repeat inside the body atom. This

additional restriction simplifies dependency analysis and enables stronger decidability results.

Example:

parent(X,Y) — ancestor(X,Y)

A guarded TGD contains a guard atom in its body that includes all universally quantified vari-
ables appearing in the rule. Guardedness imposes structural restrictions that preserve decidabil-

ity for several reasoning tasks.

Example:

R(X,Y,Z),S5(X,Y) = 3aW T, W)
where R(X,Y, Z) acts as the guard because it contains all universally quantified variables.

1.1.4 Acyclicity and Dependency Graphs
To analyze whether chase execution terminates, researchers introduced several acyclicity no-
tions based on dependency graphs.
A dependency graph represents how variables propagate between predicate positions during rule
applications. Nodes correspond to predicate positions, while edges represent variable propaga-
tion relationships generated by TGDs.
Two types of edges exist in dependency graphs:

» Normal edges, representing ordinary variable propagation

* Special edges, representing propagation that introduces existentially generated null values
Cycles containing special edges are particularly dangerous because they may allow existential

variables to recursively generate infinitely many new nulls during chase execution.



1.1.5 Weak Acyclicity

Weak acyclicity (WA) is one of the most important sufficient conditions for chase termination.
A set of TGDs is weakly acyclic if its dependency graph contains no cycle passing through a
special edge.

Weak acyclicity guarantees termination for the semi-oblivious chase and is therefore widely

used in practical dependency analysis systems.

1.1.6 Rich Acyclicity
Rich acyclicity extends weak acyclicity by using an extended dependency graph capable of cap-

turing additional propagation behaviors. Rich acyclicity guarantees termination for the oblivious

chase and provides stronger termination guarantees for more expressive rule sets.

1.1.7 Bad Cycles
A bad cycle is a cycle in the dependency graph that contains at least one special edge. Such
cycles indicate the possibility of infinite existential null generation during chase execution.

For example:

p[1] = s[1] —= p[1]

If one of these edges is special, the chase may repeatedly generate new existential values indef-

initely. Detecting such cycles is therefore central to chase termination analysis.

1.2 Motivation

The termination of the chase procedure is essential for practical reasoning systems and auto-
mated knowledge inference. Infinite chase executions make query answering impossible, pre-

vent the construction of finite universal models, and significantly increase computational cost.

Termination analysis is particularly important in ontology-based data access, semantic web rea-
soning, data integration systems, knowledge graphs, database exchange frameworks, and rule-
based artificial intelligence systems.

The motivation of this thesis is to transform theoretical concepts from chase termination re-
search into a practical software framework capable of automatically analyzing tuple-generating

dependencies through dependency-graph construction and acyclicity checking.



1.3 Aims and Objectives

The main objectives of this thesis are:
* To study chase termination for tuple-generating dependencies
* To analyze weak acyclicity and dependency-graph theory
* To implement a parser for TGD rule datasets
* To construct dependency graphs automatically
* To distinguish normal and special edges
* To detect problematic cycles related to infinite chase execution
* To classify rule sets according to weak acyclicity
 To generate graph visualizations and execution reports

* To evaluate the implementation on datasets of varying size and complexity

1.4 Research Questions

This thesis is guided by the following research questions:
» Can weak acyclicity provide an efficient approximation for chase termination?
* How can dependency-graph analysis be implemented in practice?
* What is the relationship between existential variables and infinite chase derivations?
* How do oblivious and semi-oblivious chase procedures differ in terms of termination
behavior?
* How scalable is dependency-graph analysis for large TGD datasets?
 Can a practical implementation support automated analysis of real-world existential rule

systems?

1.5 Contribution

This thesis contributes a practical implementation for automated weak-acyclicity analysis of
rule-based systems using tuple-generating dependencies. The developed framework combines
theoretical concepts from chase termination research with dependency-graph construction, cycle
detection, graph visualization, and dataset-level reporting.

The implementation demonstrates how theoretical acyclicity notions can be transformed into a
functional software system capable of analyzing real-world TGD datasets and identifying prob-
lematic existential rule interactions.

Furthermore, the proposed system supports automated graph construction, special-edge detec-
tion, cycle analysis, and export functionality through DOT and PNG formats, providing both

analytical and visual representations of dependency relationships.



1.6 Structure of the Thesis

This thesis is organized as follows.

Chapter 2 presents the theoretical foundations of tuple-generating dependencies, chase proce-
dures, guardedness, and acyclicity notions. The chapter additionally introduces dependency
graphs, special edges, weak acyclicity, and chase termination theory.

Chapter 3 presents the architecture and implementation of the proposed framework. The pars-
ing pipeline, dependency graph generation process, cycle detection algorithms, graph export
functionality, and reporting mechanisms are discussed in detail.

Chapter 4 presents the experimental evaluation and execution results obtained from multiple
datasets. Runtime statistics, graph metrics, dependency structures, and weak-acyclicity classi-
fications are analyzed and interpreted.

Chapter 5 discusses the theoretical and practical implications of the implementation, including
limitations, scalability considerations, and possible future extensions.

Finally, Chapter 6 summarizes the main findings of the thesis and proposes directions for future

work involving richer classes of existential rules and more advanced acyclicity notions.

1.7 Summary

This chapter introduced the theoretical background and motivation of the thesis. The concepts of
tuple-generating dependencies, chase procedures, weak acyclicity, dependency graphs, guard-
edness, and existential reasoning were discussed together with the main objectives and research
questions of the project.

The following chapters present the theoretical analysis, implementation details, experimental

evaluation, and practical implications of the proposed weak-acyclicity analysis framework.



2 Research Methodology

This chapter presents the methodology followed during the development of the project, from the
theoretical formulation of the chase termination problem to the implementation and experimen-
tal evaluation of the proposed framework. Since the project is software-oriented and strongly
connected to database theory and existential rule reasoning, the methodology combines the-
oretical analysis, dependency-graph modeling, system design, software implementation, and
experimental dataset evaluation.

The primary objective of the methodology is to transform theoretical acyclicity notions into a
practical automated analysis framework capable of detecting problematic rule interactions and

evaluating chase termination properties for tuple-generating dependencies.

2.1 Problem Definition

The central problem addressed in this project is the detection of possible non-termination in
rule-based systems defined by tuple-generating dependencies (TGDs). Chase termination is
one of the most important problems in database theory because existential rules may recursively
generate infinitely many labelled null values during chase execution.

The project focuses on the simple linear fragment of TGDs and studies weak acyclicity as the
primary sufficient condition for guaranteeing chase termination. Instead of directly simulating
potentially infinite chase executions, the proposed approach reduces the problem to dependency-
graph analysis over predicate positions.

The dependency graph captures how variables propagate through rule applications and how
existential variables may generate new labelled null values. The presence of cycles involving
special edges indicates the possibility of infinite existential propagation and therefore potential
non-termination of the chase procedure.

This graph-based approach provides an efficient approximation for chase termination analysis

and avoids the computational complexity associated with explicit chase execution.



2.2 Methodological Approach

The methodology followed in this project combines concepts from theoretical database research
with practical software engineering techniques. The overall workflow consists of several stages:

» Formal analysis of tuple-generating dependencies

* Study of chase termination conditions

* Dependency-graph construction

» Weak-acyclicity analysis

* Software implementation

* Experimental dataset evaluation

» Graph and report generation
The theoretical component focuses on existential rule reasoning, dependency propagation, acyclic-
ity notions, and chase termination guarantees. The practical component focuses on implement-
ing these theoretical concepts as a modular Java-based software system.
The methodology additionally emphasizes automation, scalability, maintainability, and repro-
ducibility. Automated dataset processing and graph construction allow large rule collections to

be analyzed efficiently without manual intervention.



2.3 System Design

The system was designed as a modular Java-based framework consisting of multiple independent
components responsible for different stages of the analysis pipeline. The modular architecture

improves maintainability, extensibility, and code organization.
The source tree includes dedicated components for:

* Atoms

* Terms

* Variables

* Constants

* Predicate positions

* Dependencies

* Dependency-graph construction

 Dataset loading

* Rule parsing

* Rule simplification

* Weak-acyclicity analysis

* Cycle detection

» Graph export

* Report generation
Each module is responsible for a specific functionality within the system. The parser transforms
textual rule datasets into internal representations, while the graph builder constructs dependency
graphs based on variable propagation among predicate positions.
The cycle-detection module performs graph traversal and identifies problematic cycles involving
special edges. Export modules generate DOT and PNG visualizations together with execution

reports containing runtime statistics and graph metrics.



2.4 Implementation Components

The implementation follows a pipeline-oriented workflow in which each stage processes the out-
put produced by the previous component. This separation improves maintainability and allows
future extensions without modifying the entire framework.

The main implementation stages are:

1. Dataset loading

Rule parsing

Rule simplification and classification
Dependency-graph construction
Special-edge identification

Cycle detection

Weak-acyclicity checking

e S A

Graph export

9. Report generation
During dataset loading, the system imports rule files and prepares them for parsing. The parser
identifies predicates, variables, constants, existential variables, and dependency structures.
After parsing, rules are simplified and classified according to their structural properties. The
dependency-graph construction phase then generates graph nodes representing predicate posi-
tions and edges representing variable propagation.
Special edges are generated whenever existential variables introduce new labelled null values
into the dependency graph. The cycle-detection algorithm traverses the graph and searches for
cycles containing special edges, since such cycles indicate possible infinite chase derivations.
Finally, the implementation exports graph visualizations and execution reports containing graph

metrics, runtime information, and weak-acyclicity classifications.
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2.5 Weak Acyclicity Decision Algorithm

The proposed framework implements a graph-based decision procedure for weak acyclicity in

the simple linear setting. Instead of explicitly executing the chase procedure, the system analyzes

structural dependencies between predicate positions.

The procedure begins by constructing the dependency graph from the input set of tuple-generating
dependencies. Afterwards, the system searches for cycles involving special edges, since such

cycles indicate possible infinite existential propagation.

Algorithm 1 Weak Acyclicity Decision Procedure
Require: Set of TGDs X

Ensure: Weak-acyclicity classification

: Construct dependency graph G := DG(X)

: for all rule r € ¥ do

—_—

2
3: Extract body and head predicate positions
4 Create normal dependency edges

5

Create special edges for existential variables

6: Perform DFS traversal on G

7: if a cycle containing a special edge exists then
8: return FALSE

9: else

10: return TRUE

The algorithm first transforms the rule set into a dependency graph representation. Predicate
positions become graph nodes, while variable propagation generates dependency edges.
Special edges are introduced whenever existential variables generate new labelled null values.
The framework then traverses the dependency graph using depth-first search in order to detect
problematic cycles involving special edges.

If such a cycle exists, the rule set is classified as non-weakly acyclic. Otherwise, weak acyclicity

is satisfied and termination of the semi-oblivious chase is guaranteed.

11



2.6 Dependency-Graph Construction

Dependency-graph construction is one of the most important stages of the implementation. The
graph models variable propagation among predicate positions generated by tuple-generating
dependencies.
Each node corresponds to a predicate position, while directed edges describe how variables
propagate from body positions to head positions during rule applications.
Two categories of edges are generated:

* Normal edges

* Special edges
Normal edges represent ordinary variable propagation, while special edges represent existential
propagation responsible for generating labelled null values.

The implementation automatically identifies existential variables and generates special edges
whenever existential propagation occurs. These special edges are essential for weak-acyclicity

analysis because cycles involving special edges indicate possible non-termination.

Algorithm 2 Dependency Graph Construction
Require: Set of TGDs X
Ensure: Dependency graph G

1: Initialize empty graph G
2: for allrule r € X do

3 Extract body positions

4: Extract head positions

5 for all universally quantified variables do

6 Add normal edges between matching positions

7: for all existential variables do

8: Add special edges from body positions to existential positions
9: return G

The dependency graph captures the structural behavior of existential propagation. Normal edges
represent ordinary variable flow, while special edges model existential null generation during

chase execution.

12



2.7 Cycle Detection and Weak Acyclicity

After constructing the dependency graph, the system performs cycle detection using graph traver-
sal algorithms. The implementation focuses particularly on cycles containing special edges,
since such cycles represent dangerous recursive existential propagation patterns.

The framework evaluates whether a dependency graph satisfies the weak-acyclicity condition.
A rule set is classified as weakly acyclic if no cycle in the dependency graph contains a special
edge.

If problematic cycles are detected, the dataset is classified as potentially non-terminating under
the semi-oblivious chase. Otherwise, the dataset satisfies weak acyclicity and termination is
guaranteed.

This graph-based analysis allows efficient approximation of chase termination without explicitly

simulating infinite chase executions.

Algorithm 3 DFS-Based Cycle Detection
Require: Dependency graph G

Ensure: Detection of bad cycles
1: for all node v € GG do
2: if v 1s not visited then
DFS(v)
: function DFS(v)

(O8]

Mark v as visited

4
5

6: for all neighbor v of v do

7 if u 1s currently in recursion stack then
8

Detect cycle

if u is not visited then
10: DFS(u)

N

The traversal searches for cycles involving special edges. Such cycles are considered dangerous
because they may allow existential variables to recursively generate infinitely many labelled null

values during chase execution.

13



2.8 Dataset Processing Pipeline

The overall framework operates as a processing pipeline in which each stage transforms the

output produced by the previous stage.

Algorithm 4 Dataset Processing Pipeline

Require: Dataset file

Ensure: Weak-acyclicity analysis report
1: Load dataset

Parse TGDs

Simplify rules

Classify simple-linear TGDs

Construct dependency graph

Detect special-edge cycles

Perform weak-acyclicity checking

Export graphs and reports

The modular pipeline architecture improves maintainability and separates parsing, dependency
analysis, graph generation, and reporting into independent stages.

2.9 Dataset Processing

The proposed framework was evaluated on multiple datasets of varying size and complexity. The
datasets contain collections of tuple-generating dependencies representing different existential
rule structures and propagation behaviors.

Representative experimental outputs demonstrate the scalability and effectiveness of the imple-
mentation. Large datasets generated dependency graphs containing hundreds or thousands of
nodes and edges, while smaller datasets were processed efficiently with very low runtime costs.

Representative outputs include:

» Dataset 00002: 1740 rules, 991 nodes, 2712 edges, runtime 6 ms
 Dataset 00025: 1117 rules, 672 nodes, 1622 edges, runtime 2 ms
» Dataset 00151: 323 rules, runtime 0 ms

» Dataset 00167: 448 rules, 406 nodes, 505 edges, runtime 1 ms

The produced results confirm that the implementation can successfully process both medium-
scale and large-scale rule datasets while efficiently constructing dependency graphs and per-

forming weak-acyclicity analysis.

14



2.10 Experimental Evaluation

The experimental evaluation focuses on runtime performance, graph complexity, cycle detection
accuracy, and scalability. The generated reports contain dataset-level statistics, graph metrics,

dependency structures, and weak-acyclicity classifications.

The evaluation demonstrates that dependency-graph analysis provides an effective approxima-
tion technique for automated chase termination checking. Furthermore, the modular design of
the implementation enables future extensions involving richer acyclicity notions and more ex-

pressive classes of tuple-generating dependencies.

The experimental results additionally confirm the correctness of the dependency-graph construc-
tion process and the effectiveness of special-edge cycle detection for identifying problematic

existential propagation patterns.

2.11 Complexity Analysis

The complexity of the proposed framework mainly depends on dependency-graph construction
and cycle detection.

If n denotes the number of rules and e the number of generated dependency edges, graph con-

struction complexity is approximately:

O(n+e)
Cycle detection using depth-first search requires traversal of graph nodes and edges:

OV +E)

where V' denotes the number of graph nodes and £ denotes the number of graph edges.

Because the framework avoids explicit chase simulation, the implementation remains computa-

tionally efficient even for relatively large existential rule datasets.

15



2.12 Summary

This chapter presented the research methodology followed during the development of the project.
The methodology combines theoretical analysis, dependency-graph modeling, software engi-
neering, and experimental evaluation in order to study chase termination for tuple-generating
dependencies.

The proposed workflow transforms formal acyclicity notions into a practical software frame-
work capable of automatically analyzing rule datasets, constructing dependency graphs, detect-
ing problematic cycles, and evaluating weak acyclicity. The following chapters present the

implementation details and experimental results of the proposed system in greater detail.

16



3 Results/Findings

This chapter presents the experimental findings and outputs produced by the implemented weak-
acyclicity analysis framework. The evaluation focuses on dependency-graph construction, cycle
detection, dataset classification, and runtime performance for multiple TGD datasets of varying

size and complexity.

The generated outputs include dependency graphs, execution reports, dataset-level statistics,
and weak-acyclicity classifications. The experimental results demonstrate the effectiveness of
the implementation in automatically analyzing rule datasets and identifying problematic cycles

related to chase termination.

3.1 Experimental Outputs

The implementation produces two main categories of output:

 Dataset-level execution reports

* Dependency graph visualizations
The generated reports contain information regarding:

* Number of rules

* Number of graph nodes

* Number of dependency edges

* Runtime performance

» Weak-acyclicity classification

« Existential-variable detection
The dependency graphs visually represent predicate-position dependencies and illustrate the
propagation of existential variables through ordinary and special edges.
The framework additionally generates graph artifacts in DOT and PNG formats, allowing struc-
tural inspection of variable propagation patterns and recursive existential dependencies.

17



3.2 Dataset-Level Results

The framework was evaluated on multiple datasets containing tuple-generating dependencies of
varying size and structural complexity. The generated reports summarize graph metrics, runtime

performance, and weak-acyclicity classifications.

Table 3.1: Example dataset-level weak-acyclicity results.

Dataset | Runtime (ms) | Rules | Nodes | Edges | WA
00002.txt 6 1740 | 991 2712 | False
00025.txt 2 1117 | 672 1622 | False
00151.txt 0 323 215 448 | True
00167.txt 1 448 406 505 | True

The results show that the implementation successfully handled datasets of different sizes and
complexities. Large datasets generated significantly larger dependency graphs, while smaller
datasets were analyzed efficiently with lower runtime costs.

Datasets classified as non-weakly acyclic contained cycles involving special edges, indicating
the possibility of infinite chase derivations. Weakly acyclic datasets did not contain problematic
cycles and therefore satisfied the selected termination criterion.

The low runtime measurements additionally demonstrate that dependency-graph analysis can
provide an efficient approximation for chase termination checking without explicitly simulating

potentially infinite chase executions.

3.3 Implementation Modules

The proposed framework follows a modular architecture in which each component is responsible

for a specific stage of the analysis pipeline.

Table 3.2: Example implementation modules in the codebase.

Module Description

Parser Parses TGD datasets and rules
GraphBuilder Constructs dependency graphs
CycleDetector Detects special-edge cycles
WeakAcyclicityChecker | Performs weak acyclicity analysis
Exporter Produces DOT and PNG graph outputs
ReportGenerator Generates execution reports

The modular structure of the implementation improves maintainability and simplifies future
extensions. Each component is responsible for a specific stage of the analysis pipeline, including

parsing, graph construction, acyclicity checking, and export functionality.

18



The separation between parsing, dependency analysis, graph generation, and reporting addi-
tionally improves scalability and allows future support for richer acyclicity notions and more

expressive classes of tuple-generating dependencies.

3.4 Core Algorithms

This section presents the main algorithms implemented in the framework for dependency-graph

construction, weak-acyclicity checking, cycle detection, and dataset processing.

Algorithm 5 Weak acyclicity decision procedure
Require: Set of TGDs X

Ensure: Weak-acyclicity classification

: Construct dependency graph G := DG(X)

: for allrule r € X do

—_—

2

3: Extract body and head positions
4 Create normal dependency edges
5

Create special edges

: Perform DFS traversal

return FALSE
. else
10: return TRUE

6
7: if bad cycle exists then
8
9

The algorithm constructs the dependency graph and searches for cycles involving special edges.

If such a cycle exists, the dataset is classified as non-weakly acyclic.

Algorithm 6 Dependency graph construction
Require: Set of TGDs X
Ensure: Dependency graph G

1: Initialize graph G
2: for all rule r € X do

3 Extract body positions

4: Extract head positions

5 for all universally quantified variables do
6 Add normal edges

7: for all existential variables do

8: Add special edges

9: return G
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The graph-construction phase creates graph nodes representing predicate positions and generates

normal and special edges according to variable propagation rules.

Algorithm 7 DFS-based cycle detection
Require: Dependency graph G

Ensure: Detection of bad cycles
1: for all node v € GG do
2: if v 1s not visited then
DFS(v)
: function DFS(v)

(O8]

Mark v as visited

4
5

6: for all neighbor v of v do

7 if u is currently in recursion stack then
8

Detect cycle

if u is not visited then
10: DFS(u)

2

The traversal searches for cycles involving special edges that may lead to infinite existential

propagation during chase execution.

Algorithm 8 Dataset processing pipeline

Require: Dataset file

Ensure: Weak-acyclicity report
1: Load dataset
: Parse TGDs
: Simplify rules

: Detect cycles

2

3

4: Construct dependency graph

5

6: Perform weak-acyclicity analysis
7

: Export reports and graphs

The pipeline integrates dataset loading, parsing, simplification, dependency analysis, graph gen-

eration, and report export into a unified automated workflow.
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3.5 Dependency Graph Visualization

The implementation additionally supports dependency graph visualization through DOT and
PNG export formats. The generated graphs illustrate predicate-position dependencies and help
identify problematic cycles involving special edges and existential variables.

m
speci;al b 4
A
a

Figure 3.1: Dependency graph output.

...sEecial
~

The visualization highlights the propagation of variables between predicate positions. Ordinary
edges represent standard variable propagation, while special edges correspond to existential

propagation responsible for generating labelled null values during chase execution.

Dependency graph visualization provides a clearer understanding of recursive structures and

helps identify problematic cycles that may lead to non-termination.

3.6 Execution Report Output

The implementation also generates textual execution reports summarizing dataset-level statistics

and analysis results.

I file: datasets/ex3.txt

Runtime: © ms

Original rule count: 1

Kept simple-linear rules: 1
Removed non-simple-linear rules: @
|pos(sch(Z))| (positions): 4
|E(DG(Z))| (dependency edges): 4

[Terminates] X € WA (weakly-acyclic): true
I has existential variables (ex(X) # ©): true

Figure 3.2: Execution report output.
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The execution reports contain information regarding dataset filenames, runtime statistics, orig-
inal rule counts, simplified rule counts, graph positions, dependency edges, existential-variable
detection, and weak-acyclicity classifications.

These reports provide a concise summary of the performed analysis and support easier interpre-

tation of graph complexity and existential dependency behavior.

3.7 Interpretation of Results

The experimental outputs demonstrate that the proposed framework successfully performs au-
tomated dependency analysis and weak-acyclicity checking for tuple-generating dependencies.
The implementation efficiently processes datasets of varying scale while generating dependency
graphs, runtime statistics, graph metrics, and classification reports. The generated outputs ad-
ditionally confirm the correctness of the dependency-graph construction process and the effec-
tiveness of special-edge cycle detection.

The results further demonstrate that graph-based dependency analysis provides a practical and
computationally efficient approximation for chase termination analysis without requiring ex-
plicit simulation of potentially infinite chase executions.

The produced dependency graphs additionally improve interpretability by visually exposing ex-

istential propagation structures and recursive dependencies between predicate positions.

3.8 Summary
The experimental evaluation demonstrates that the proposed framework successfully performs
automated dependency analysis and weak-acyclicity checking for rule-based systems using TGDs.

The implementation efficiently processes datasets of varying scale while producing meaningful

graph visualizations and detailed execution reports.

The results additionally confirm the effectiveness of dependency-graph analysis as a practical

approach for existential-rule analysis and chase termination checking.
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4 Discussion / Interpretation

This chapter discusses the significance of the experimental findings and relates them to the the-
oretical and practical objectives of the project. The discussion focuses on the correctness of the
proposed methodology, the effectiveness of dependency-graph analysis for chase termination
prediction, the practical value of the implementation, and the limitations of the current frame-

work.

The results presented in the previous chapter demonstrate that theoretical acyclicity notions can
be successfully transformed into a practical automated analysis framework capable of processing

real-world existential rule datasets.

4.1 Theoretical Correctness

The project is grounded in the idea that chase termination prediction can be carried out struc-
turally through dependency-graph analysis. By representing predicate positions as graph nodes
and variable propagation as directed edges, the implementation transforms a logical reasoning
problem into a graph-analysis problem.
The correctness of the framework is based on weak acyclicity theory. Weak acyclicity guaran-
tees termination of the semi-oblivious chase whenever the dependency graph contains no cycle
passing through a special edge.
The implementation follows this theoretical principle by:

* Constructing dependency graphs automatically

+ Identifying existential-variable propagation

* Generating special edges

* Detecting problematic cycles

* Classifying rule sets according to weak acyclicity
The generated outputs demonstrate that the implementation correctly identifies dependency
structures and existential propagation patterns. Datasets containing cycles through special edges
were classified as potentially non-terminating, while acyclic datasets satistied the weak-acyclicity
condition.
The project therefore confirms that dependency-graph analysis provides a valid approximation
technique for chase termination prediction without requiring explicit simulation of potentially

infinite chase executions.

23



4.2 Interpretation of Experimental Results

The experimental evaluation demonstrates that the proposed framework successfully handles
datasets of varying size and complexity. Large datasets generated dependency graphs contain-
ing hundreds or thousands of nodes and edges, while smaller datasets were processed almost
instantaneously.

The generated runtime statistics indicate that graph-based analysis remains computationally ef-
ficient even when the number of dependencies increases significantly. This is important because
direct chase execution may become computationally infeasible for large existential rule systems.
The results additionally show that existential propagation significantly affects graph complexity.
Datasets containing larger numbers of existential variables generated more special edges and
more complex dependency structures.

The generated dependency graphs also illustrate how recursive existential propagation may lead
to problematic cycles related to chase non-termination. Such cycles are visually observable
through the exported graph structures and are confirmed by the weak-acyclicity classification
process.

The implementation therefore successfully demonstrates the practical applicability of graph-

based acyclicity analysis for automated reasoning systems.
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4.3 Practical Value of the Implementation

From a practical perspective, the project demonstrates that acyclicity analysis can be automated
and applied to real-world rule datasets. The generated graph and report artifacts make the outputs
inspectable and useful for both research and educational purposes.
The framework provides several practical advantages:

» Automated dependency-graph construction

* Efficient weak-acyclicity checking

« Structural visualization of existential propagation

* Automated cycle detection

 Dataset-level execution reporting

» Support for large rule collections
The generated DOT and PNG outputs additionally improve interpretability by allowing users to
visually inspect propagation relationships and recursive structures.
Such visualizations are particularly useful in educational contexts because they help explain ab-
stract theoretical concepts such as existential propagation, dependency positions, special edges,
and weak acyclicity.
The modular architecture of the implementation also improves maintainability and allows fu-
ture extensions involving richer classes of tuple-generating dependencies and more advanced

acyclicity notions.
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4.4 Limitations

Despite its effectiveness, the current implementation has several limitations.

First, the framework focuses primarily on simple linear TGDs rather than the full space of arbi-
trary existential rules. While this restriction simplifies dependency analysis and implementation
complexity, it limits the expressiveness of supported rule systems.

Second, the implementation currently focuses only on weak acyclicity. Although weak acyclic-
ity is an important sufficient condition for chase termination, it is not complete. Some terminat-
ing rule sets may still fail the weak-acyclicity test and therefore be classified conservatively as
potentially non-terminating.

Third, the current evaluation mainly focuses on representative datasets and structural graph met-
rics. Future evaluation should include larger benchmark collections and more extensive scala-
bility experiments involving thousands of existential dependencies.

Another limitation concerns visualization complexity. Very large dependency graphs may be-
come difficult to inspect visually because of graph density and edge overlap. Additional graph
simplification and layout optimization techniques could improve readability for extremely large
datasets.

Finally, the current framework does not explicitly simulate chase execution. Instead, it ap-
proximates termination behavior structurally through graph analysis. Although this approach is

computationally efficient, it may not capture all semantic aspects of existential reasoning.
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4.5 Future Extensions

Several possible future extensions emerge from this work.
A natural extension would be support for additional acyclicity notions such as:
* Rich acyclicity
* Joint acyclicity
* Model-faithful acyclicity
* Super-weak acyclicity
Another possible extension involves support for more expressive existential rule classes, includ-
ing guarded TGDs, weakly-guarded TGDs, and non-linear rule systems.
Future versions of the framework could additionally include:
* Interactive graph visualization
* Graph filtering mechanisms
* Web-based interfaces

* Direct chase simulation

Parallel graph processing
* Advanced scalability optimizations
Integration with ontology-based reasoning systems and semantic web frameworks would also

significantly increase the practical applicability of the implementation.

4.6 Summary

This chapter discussed the significance of the proposed framework and interpreted the experi-
mental findings in relation to chase termination theory and dependency-graph analysis.

The results demonstrate that weak acyclicity and dependency-graph analysis can be effectively
transformed into a practical automated software framework capable of processing existential rule
datasets, generating graph visualizations, and identifying problematic existential propagation
patterns.

Although the implementation focuses primarily on simple linear TGDs and weak acyclicity, the
framework provides a strong foundation for future research involving richer acyclicity notions,

larger datasets, and more expressive existential rule systems.
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5 Summary of Findings / Recommenda-

tions

This chapter summarizes the main findings of the thesis and discusses the overall contribution
of the proposed framework to chase termination analysis and existential-rule reasoning. The
chapter additionally presents limitations of the current implementation and proposes recom-
mendations and directions for future research.

The project investigated the problem of chase termination for tuple-generating dependencies
using dependency-graph analysis and weak acyclicity as the primary termination criterion. The
implementation transformed theoretical concepts from database theory into a practical software
framework capable of automatically analyzing rule datasets, constructing dependency graphs,

detecting problematic cycles, and generating execution reports and graph visualizations.
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5.1 Summary of Findings

The experimental evaluation demonstrated that the proposed framework successfully performs
automated dependency analysis and weak-acyclicity checking for existential rule systems.
The implementation achieved the following objectives:

* Automatic parsing of tuple-generating dependency datasets

* Dependency-graph construction over predicate positions

* Identification of existential-variable propagation

» Detection of special edges and problematic cycles

» Weak-acyclicity classification

* Generation of DOT and PNG graph visualizations

* Production of dataset-level execution reports

The generated outputs confirmed that dependency-graph analysis provides an efficient approxi-
mation technique for chase termination analysis without explicitly simulating potentially infinite
chase executions.

The framework successfully processed datasets of varying size and complexity, including large
rule collections containing hundreds or thousands of dependencies. Runtime measurements
demonstrated that the implementation remains computationally efficient even when dependency
graphs become structurally complex.

The dependency graph visualizations additionally improved interpretability by allowing exis-
tential propagation patterns and recursive structures to be inspected visually.

The project therefore demonstrates that theoretical acyclicity notions can be effectively trans-

formed into practical automated analysis tools for existential-rule reasoning systems.
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5.2 Theoretical Contribution

The thesis contributes to the study of chase termination by combining theoretical acyclicity
analysis with practical software implementation.
The framework applies weak acyclicity in the simple linear setting and demonstrates how exis-
tential propagation can be modeled through dependency graphs. The implementation addition-
ally illustrates the relationship between:

« Existential variables

* Special dependency edges

* Recursive propagation

* Infinite chase derivations

* Structural acyclicity conditions
The project also highlights the distinction between oblivious and semi-oblivious chase proce-
dures and explains why weak acyclicity guarantees termination for the semi-oblivious chase.
By combining graph theory with existential reasoning, the thesis provides a practical interpre-

tation of theoretical concepts commonly studied in database theory and ontology reasoning.

5.3 Practical Contribution

From a practical perspective, the project contributes a modular software framework capable of
automatically processing existential rule datasets and generating detailed analysis outputs.
The generated execution reports and dependency graph visualizations improve interpretability
and support both research-oriented and educational use cases.
The framework additionally demonstrates the practical value of:

» Automated graph construction

+ Structural dependency analysis

» Graph-based cycle detection

» Weak-acyclicity verification

* Existential-rule visualization
The modular architecture also simplifies future extensions involving richer rule classes, addi-

tional acyclicity notions, and larger datasets.
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5.4 Limitations of the Study

Despite the effectiveness of the implementation, several limitations remain.

First, the framework focuses mainly on simple linear tuple-generating dependencies rather than
arbitrary existential rule systems. Although this restriction simplifies dependency analysis, it
limits the expressiveness of supported rule sets.

Second, the implementation currently focuses only on weak acyclicity. While weak acyclicity is
an important sufficient condition for chase termination, it is not complete. Consequently, some
terminating rule sets may still be classified conservatively as potentially non-terminating.
Third, the current evaluation uses representative datasets and graph metrics but does not yet in-
clude very large benchmark collections or extensive scalability experiments involving extremely
dense dependency graphs.

Another limitation concerns graph visualization. Large dependency graphs may become diffi-
cult to inspect visually because of edge density and overlapping structures.

Finally, the framework approximates termination behavior structurally through dependency-
graph analysis rather than directly simulating chase execution. Although this approach signif-
icantly improves efficiency, it may not capture all semantic properties of existential reasoning

systems.
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5.5 Recommendations and Future Work

Several recommendations and future extensions emerge from this work.
One important extension would be support for richer acyclicity notions, including:

* Rich acyclicity

* Joint acyclicity

* Model-faithful acyclicity

* Super-weak acyclicity
Future versions of the framework could additionally support more expressive existential rule
classes such as guarded TGDs, weakly-guarded TGDs, and non-linear dependencies.
Additional recommendations include:

* Interactive dependency-graph visualization

» Web-based graphical interfaces

* Advanced graph filtering and layout algorithms

Parallel dependency analysis
* Direct chase simulation support
* Integration with ontology-based reasoning systems
 Scalability optimization for very large datasets
Future evaluation should additionally include larger benchmark collections and more extensive

experimental comparisons between different acyclicity notions and chase variants.

5.6 Final Remarks

The study of chase termination remains one of the most important research areas in database
theory and ontology reasoning. Existential rules provide expressive reasoning capabilities but
simultaneously introduce significant computational and termination challenges.

This thesis demonstrated that dependency-graph analysis and weak acyclicity provide practical
tools for studying existential propagation and predicting chase termination behavior.

The proposed framework successfully combines theoretical database concepts with practical
software implementation, producing a functional automated analysis system capable of process-
ing existential rule datasets, generating dependency graphs, and detecting problematic recursive

structures.

The project therefore provides a strong foundation for future research involving existential rea-

soning, dependency analysis, and advanced chase termination techniques.
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APPENDIX 1
Code Modules

This appendix presents the main implementation modules used in the framework together with

their purpose and role within the system architecture.

Module Purpose Role in the system
Represents rule Stores predicate atoms used in rule bodies and
Atom.java atoms. heads.
Defines the general Serves as the base structure for variables,
Term.java term abstraction. constants, and nulls.
Variable.java Represents variables. Handles variable terms appearing in TGDs.
Represents
Constant.java constants. Stores constant values used in rules or instances.
Represents labelled Supports existentially generated values during
NullTerm.java nulls. chase-related analysis.
Represents predicate Identifies positions used as nodes in the
Position.java positions. dependency graph.
Represents graph Stores dependency relationships between
DepEdge.java edges. positions.
Stores the Maintains the graph structure used for weak-
DependencyGraph.java dependency graph. acyclicity checking.
Builds dependency
GraphBuilder.java graphs from rules. Converts parsed TGDs into graph nodes and edges.
Reads dataset files and transforms rules into
RuleParser.java Parses input rules. internal objects.
Rulesimplifier.java Simplifies rules. Mormalizes or preprocesses rules before analysis.
Organizes rules into categories relevant to
RuleClassification.java Classifies rules. termination analysis.
DatasetLoader.java Loads datasets. Reads the dataset files used for experiments.
Checks weak Determines whether the constructed dependency
AcyclicityChecker_java acyclicity. graph satisfies the criterion.
Performs DFS-based  Traverses graph structures to detect cycles and
RuleDFSAnalyzer.java analysis. related properties.
Coordinates Combines parsing, graph analysis, and final
TerminationAnalyzer.java termination checking. classification logic.
Stores per-rule Keeps the output of termination analysis for
RuleTerminationResult.java results. individual rules.
Stores dataset-level Records summary statistics and decisions for each
MainDatasetResult.java results. dataset.
DependencyGraphExporter.java Exports graph files. Produces DOT and PNG outputs for visualization.
Runs the overall execution pipeline of the
Main.java Program entry point.  application.

Figure I.1: Code modules and implementation architecture.
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APPENDIX II
Exported Dependency Graphs

This appendix presents representative dependency graphs generated during the experimental

evaluation of the system. The graphs illustrate different dependency structures, existential prop-

agations, and weakly acyclic configurations used during chase termination analysis.

Figure I1.1: Dependency graph generated from a large ontology dataset.
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Figure I1.3: Interval-event dependency graph illustrating existential variable propagation
between predicates.

Figure I1.4: Example of a simple weakly acyclic dependency graph.
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APPENDIX III

Experimental Results

This appendix presents representative subsets of the experimental results obtained during the
evaluation of the proposed Weak Acyclicity detection algorithm.

The tables summarize the characteristics of the analyzed dependency graphs, including the num-
ber of nodes, the number of edges, the execution time, the number of generated Simple-Linear
Rules, and the final Weak Acyclicity (WA) classification. The presented datasets cover both
weakly acyclic and non-weakly acyclic cases and illustrate the behavior of the algorithm across
graphs of different sizes and complexities.
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Discussion of Results

The experimental results indicate that the performance of the algorithm is directly influenced
by the structural characteristics of the graph, such as the number of nodes, the number of edges,
and the number of Simple-Linear Rules generated during execution.

First, it can be observed that the execution time increases as the size of the graph grows. This
increase does not depend solely on the number of nodes, but more importantly on the number of
edges, since the edges determine the number of potential relationships that must be examined. As
a result, two graphs with a similar number of nodes may exhibit significantly different execution
times if they differ in terms of graph density.

Furthermore, the relationship between the runtime and the number of Simple-Linear Rules is
particularly noteworthy. The results suggest that as the number of generated or examined rules
increases, the overall execution time also increases. This behavior is expected, as each additional
rule requires extra computations and validation checks. Consequently, the number of Simple-
Linear Rules appears to be one of the most significant factors affecting the computational cost
of the algorithm.

Despite the substantial increase in execution time for very large networks, the algorithm remains
practical and effective even for graphs containing tens of thousands of nodes and edges. This
demonstrates its scalability and suggests that it can be applied to realistic large-scale problems

without compromising its functionality.
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