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Abstract

This paper explores the application of inductive
learning for inferring software architecture rules
from real-world systems. Traditional manual rule
specification approaches are time-consuming and
error-prone, motivating the need for automated rule
discovery. Leveraging a dataset of software architecture
instances and a metamodel capturing implementation
facts, we train inductive learning algorithms to
extract meaningful rules. The induced rules are
evaluated against a predefined hypothesis and their
generalizability across different system subsets is
investigated. The research highlights the capabilities
and limitations of inductive rule learning in the area
of software architecture, aiming to inspire further
innovation in data-driven rule discovery for more
intelligent software architecture practices.

Keywords: Software Architecture, Inductive Rule
Learning, Constraint Learning, First Order Logic

1. Introduction

The ability to effectively define and enforce software
architecture rules is crucial for the development
of robust and maintainable software systems.
Traditional approaches to rule definition often rely
on manual specification, which can be time-consuming,
error-prone, and limited in their ability to capture
complex architectural constraints. In recent years,
there has been growing interest in leveraging Machine
Learning (ML) techniques to automatically learn to
detect software architecture patter (Komolov et al.,
2022) from data.

This paper explores the application of Inductive
Rule Learning (IRL), a subfield of ML, to infer simple

software architecture rules from a Knowledge Base
(KB) retrieved from a systems implementation, with a
ground truth annotation of architectural rule instances.

The goal of this paper is to investigate the feasibility
and effectiveness of using inductive learning algorithms
to extract meaningful and actionable architectural rules
from a real-world software system. By leveraging the
abundance of available architectural data, we aim to
empower software developers and architects with an
automated approach to rule discovery that complements
traditional manual rule definition.

Our research methodology involves collecting a
dataset of software architecture instances, introducing
a metamodel building the foundation of collected
facts from the implementation, and the preparation
of facts for the examples and counterexamples based
on the provided software architecture documentation.
We employ state-of-the-art inductive learning tools to
perform rule induction from the dataset. In addition,
we formulate a hypothesis on the architectural rule we
expect to learn. The tool-induced rules are assessed for
alignment with the proposed hypothesis.

In addition, we investigate the ability to infer
architecture rules in different subsets of the system,
to indicate the possibility to apply induced rules in
different parts of the same system.

The contributions of this paper lie in the exploration
of inductive learning techniques specifically tailored for
software architecture rule inference. By demonstrating
the potential of these techniques, we hope to stimulate
further research and innovation in the field of
data-driven rule discovery and pave the way for more
intelligent and adaptive software architecture practices.

This paper aims to address the following
Research Questions (RQs): RQ1: How effective
is the application of inductive learning algorithms in
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Figure 1. Inductive Rule Learning Approach in

Software Architecture

inferring software architecture rules from real-world
systems? RQ2: Can the induced rules be applied in
different subsets of the same system, indicating their
generalizability across architectural contexts?

Summary of results: We tested different IRL tools
to see if they could learn a predefined hypothesis.
Popper, one tool, demonstrated the ability to learn a
similar hypothesis. In a subsequent trial, we exposed
Popper to various subsets of software architecture
examples. This revealed that the chosen examples
influenced the learned rule. In 21 of 26 tasks,
the original hypothesis was learned, highlighting its
generalizability. Deviations from the original hypothesis
stemmed from subsets with simpler explanations for
differentiating positive and negative cases. The
results of this research shed light on the capabilities
and limitations of IRL in the context of software
architecture. We not only present the findings but
also delve into the dimensions that require increased
complexity to make a substantial impact on data-driven
software architecture rule inference.

The structure of this paper is organized as follows.
Section 2 provides motivation and an overview
of an integrated approach combining development
practices with data-driven learning of architectural rules.
Section 3 explores the foundations and related work
in IRL and software architecture. Section 4 describes
the experiments. Section 5 presents experiment results.
Section 6 discusses the implications of the findings
and outlines dimensions for increasing complexity in
realistic scenarios. Finally, in Section 7, conclusions
are drawn, contributions are summarized, and potential
directions for future research are outlined.

2. Motivation

Software architecture is crucial in the development
and maintenance of software systems, guiding their
organization and implementation. However, defining
and enforcing effective architectural rules becomes
challenging as systems grow in size and complexity.

Traditional rule definition approaches rely on
manual specification, which is time-consuming,
error-prone, and limited in capturing complex
constraints. To address this, automated techniques
are needed to discover and enforce architectural rules.

Inductive learning techniques, in particular, show
promise. They generalize from observed examples to
detect recurring patterns, dependencies, and constraints.

This research aims to explore the feasibility and
effectiveness of applying inductive learning algorithms
to infer software architecture rules. Our goal is to
advance data-driven software architecture practices and
enable more intelligent and adaptive approaches to
software system design and evolution.

Figure 1 illustrates the integration of an architectural
IRL mechanism to enhance architectural consistency
checking within development teams. On the right-hand
side, we have a developer who is responsible
for building and maintaining the system. In
addition to writing code, the developer annotates
the implemented architectural concepts, providing a
foundation for performing consistency checks between
the implementation and the designated software
architecture for the corresponding part of the system
(Deiters et al., 2009, Pruijt et al., 2016). This
combination of manual annotation and automated
rule learning ensures that architectural guidelines are
adhered to, promoting a more robust and maintainable
software architecture.

The process involves annotating architectural
examples, which are then fed into a KB. Leveraging
these examples, a data-driven learning approach
(Schindler et al., 2023) utilizing IRL can be employed
to generate rules. Architects are able to interact with the
KB, configure learning tasks and tools, and validate the
learned rules. The generated rules can be seamlessly
integrated back into the development cycle, allowing
for their practical application and enforcement within
the software development process. By incorporating
the learned rules, architects can ensure adherence to
architectural guidelines and promote consistency and
quality throughout the software system.

3. Fundamentals and Related Work

IRL is a process that aims to learn logical rules
to generalize training examples, with the objective
of maximizing positive examples and minimizing
counterexamples (Cropper and Dumančić, 2022). IRL
systems employ different strategies such as bottom-up,
top-down, or a combination thereof to explore the
hypothesis space and derive generalized rules from the
training data. Learned solutions bias towards learning
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simple (short) rules (Quinlan and Cameron-Jones,
1993). A more recent approach in IRL is meta-level
IRL, where the learning problem is formulated as a
meta-level logic problem that involves reasoning about
programs (Cropper and Dumančić, 2022; Cropper and
Morel, 2021; Law et al., 2020) or incorporate neural
networks into inductive learning (Cunnington et al.,
2022; Dai and Muggleton, 2021), allowing learning
tasks directly from raw data without the need for a
pre-existing KBs.

Another recent direction involves scaling inductive
learning on large KBs (Meilicke et al., 2019) to
predict missing links within them. This area has
seen significant contributions in terms of scalability
of learning algorithms, which aim to learn hypotheses
that don’t necessarily apply to the entire provided
KB. Instead, they focus on predicting missing links to
enhance the information present in the database.

Software architecture documentation plays a
foundational role by explicitly documenting and
effectively communicating the architecture. It serves as
a vital aid for decision-making throughout the software
system’s development and maintenance. Both informal
and formal (Bowen, 2001; Feiler and Gluch, 2012;
Feiler et al., 2005; Gamble et al., 1999; Heyman et al.,
2010; Jackson, 2002; Kherbouche and Molnár, 2021)
approaches, contribute to this documentation process.

In reverse engineering software architecture
(Stringfellow et al., 2006, Singh, 2013), the objective is
to glean insights into design choices, employed patterns,
and inherent constraints. This endeavor not only
facilitates a deeper understanding of the software system
at hand but also supports its ongoing maintenance. The
insights garnered from reverse engineering empower
informed architectural decisions.

Given that architectural design should
predominantly be guided by established and proven
design patterns and best practices (Cervantes and
Kazman, 2016) and other factors like requirements,
stakeholder concerns (Van Vliet and Tang, 2016). Often
trade-offs need to be involved leveraging conflicting
goals. A well-considered design is pivotal during the
creation and evolution of a system, especially when
navigating changes and adaptations.

To our knowledge, no approach has been
proposed specifically for learning architectural
rules through examples. Existing approaches focus on
architectural reconstruction, classification, and abstract
representation learning from code, as well as mining
software architectural knowledge from sources like
Stack Overflow. For example, there are approaches
utilizing data mining and ML techniques (Maffort et al.,
2013, Komolov et al., 2022) and others that extract

knowledge from alternative sources (Ali et al., 2021).
However, there is a gap in the literature regarding
learning architectural rules directly from examples.

4. Experiment

In this section, we present our hypothesis and
experiments leveraging various tools to learn from
real-world data in TEAMMATE. We assess the
effectiveness (RQ1) and transferability (RQ2) of the
learned rules across different architectural contexts.

4.1. Experimental Setup

We aim to demonstrate the learning of software
architecture rules using an inductive approach with a
community-sourced dataset. The software system
TEAMMATE provides relevant documentation
(Herold, 2017) on a software architecture rule
called isAllowedToUse (Schröder and Buchgeher,
2019). It specifies that a particular module can use
another module within the system. The documentation
also includes explicit counterexamples of the rule,
identifying modules that are not permitted to use
certain others. The architecture documentation provides
mappings of modules to packages.

To conduct our experiment, we extracted examples
from the documentation and transformed them into logic
fact in the format of isAllowedToUse(usingPackage,
usedPackage) and not(isAllowedToUse(usingPackage,
usedPackage)).

The meta-model shown in Figure 2 is the
foundation for the facts we collect from given
implementation. It describes the known domain
concepts (Class and Package) among the relations
between the concepts. The meta-model is intentionally
small, focusing on the concepts and relations we need
to define a hypothesis that covers the architecture rule
isAllowedToUse(A, B). In Section 6.2 we will address
different dimensions of how the complexity of the given
approach can be increased so that the approach can
scale to learning rules for more complex architectural
concepts.

Class Package
containsClass

10..*

0..*

0..*

importsClass
containsPackage

isAllowedToUse

0..*

0..*
0..*

0..1

Figure 2. Domain Model of the Types and their

relationships

Page 7304



Listing 1. Code Snippet of the Java Class

GateKeeper

package t eammates . l o g i c . a p i ;
import t eammates . common . u t i l . Cons t ;

p u b l i c c l a s s GateKeeper {
/ / o u t o f scope

}

Listing 2. Resulting Facts in the Knowledge Base

1 . package ( t e a m m a t e s l o g i c a p i ) .
2 . i m p o r t s C l a s s ( t e a m m a t e s l o g i c a p i G a t e K e e p e r ,

t e a m m a t e s c o m m o n u t i l C o n s t ) .
3 . c l a s s ( t e a m m a t e s l o g i c a p i G a t e K e e p e r ) .
4 . c o n t a i n s C l a s s ( t e a m m a t e l o g i c a p i ,

t e a m m a t e s l o g i c a p i G a t e K e e p e r ) .

To illustrate the relationship between the metamodel
and the KB, we provide a small example using a code
snippet (Listing 1) and the resulting facts (Listing 2).
This example showcases how the metamodel establishes
the foundation for the predicates used in the KB, as well
as how concrete facts from a Java implementation are
represented.

Listing 1 presents a Java code snippet,
focusing on the class Gatekeeper located within
the teammates.logic.api package. Notably, the
implementation details of the class are excluded
from the fact base as they are not relevant in this
context. Additionally, the snippet highlights the import
statement for the teammates.common.util.Const class,
providing further insight into the class dependencies
and relationships

Listing 2 displays the resulting facts obtained
from the code snippet. In total, four facts are
extracted from the code. Firstly, we observe a
fact representing the package teammates.logic.api.
Secondly, there is a fact indicating that
teammates logic api GateKeeper is a class. Thirdly,
the fact importsClass(teammates logic api GateKeeper,
teammates common utils Const) signifies that the
GateKeeper class imports the Const class from
the teammates common utils package. Lastly, the
fact states that GateKeeper is located within the
teammates logic api package.

The KB comprises 8340 facts, including 41 package
facts, 40 containsPackage facts, 767 class facts, 767
containsClass facts, and 6725 importsClass facts.

Our working hypothesis is that the permitted usage
of packages can be inferred by examining the import
mechanism, as Java classes need to import other classes
in order to utilize them. Equation 1 presents the
hypothesis based on the meta-model (refer to Figure 2).
In IRL, a hypothesis consists of two parts: the rule head

and the rule body.
The rule head, in our case isAllowedToUse(a,b), is

a single predicate, contrasting with the rule body that
often consists of multiple predicates connected through
logical operators.

The rule body states that both a (the using Package)
and b (the used Package) must be of type package.
The rules introduce two free variables (c and d)
that need to be of type class. Additionally, the
rule body imposes constraints on the containment of
variables c and d within packages a and b (using the
predicates containsClass(a, c) and containsClass(b, d)),
and requires the importsClass(c,d) relationship between
the free variables to hold.

∀a∀b : isAllowedToUse(a, b) ⇐ package(a)

∧package(b) ∧ ∃c : class(c)
∧∃d : class(d) ∧ containsClass(a, c)

∧containsClass(b, d) ∧ importsClass(c, d)

(1)

We employed several tools from the research
community to learn rules for the isAllowedToUse
architecture rule, including Aleph (Srinivasan, 2001),
AMIE3 (Galárraga et al., 2013, Lajus et al., 2020),
AnyBURL (Meilicke et al., 2019), ILASP (Law et al.,
2020), and Popper (Cropper and Morel, 2021). While
Aleph, ILASP, and Popper were compatible with our
existing KB of facts (refer to Listing 1 and 2),
adjustments were necessary for AnyBURL and AMIE3
as they are designed to learn rules on a knowledge graph.

To adapt the facts, we transformed them into a
knowledge graph format comprising triples that consist
of a subject, predicate, and object. For predicates
with arity two in our KB, we performed the following
transformation: containsClass(package, class). resulted
in the triple package containsClass class). On the
other hand, unary predicates were handled differently
by introducing the predicate isA and using the original
predicate as the object of the triple. For instance,
package(P). became the triple P isA Package.

4.2. Conducted Experiments

Experiment 1: In the first experiment, we
limited the examples used to learn a hypothesis to
come exclusively from the logic package specified
in the architecture. The examples we selected were
constrained to directly specify the isAllowedToUse rule
between packages. However, the ground data also
included examples that specified the rule between
packages that did not directly contain classes, but
rather contained packages with classes inside them (e.g.,
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Tool Learned Rule
Aleph isAllowedToUse(A,B) ⇐ package(B).

AMIE3 isAllowedToUse(A,B) ⇐ containsPackage(G,A) ∧ containsPackage(G,B).
isAllowedToUse(A,B) ⇐ isA(A,H) ∧ isA(B,H).

AnyBURL isAllowedToUse(X,Y ) ⇐ isA(X,A) ∧ isA(B,A) ∧ containsPackage(B, Y )
ILASP (V4) isAllowedToUse(V 1, V 2) ⇐ package(V 2); containsPackage(V 3, V 1).
Popper isAllowedToUse(A,B) ⇐ package(B), package(A).

Aleph isAllowedToUse(teammates logic api, teammates logic core).
isAllowedToUse(teammates logic backdoor, teammates logic api).

AMIE3 No run with explicit counter examples
AnyBURL No run with explicit counter examples
ILASP (V4) UNSATISFIABLE
Popper isAllowedToUse(A,B) ⇐ importsClass(D,C) ∧ containsClass(A,D) ∧ containsClass(B,C).

Table 1. Learned Rules for Each Tool in Experiment 1

Tool with Examples with Examples and Counterexamples
Learning Time Accuracy Learning Time Accuracy

Aleph 0.010 1.0 0.097 -
AMIE3 0.150 1.0 - -
AnyBURL < 1.000 1.0 - -
ILASP 4.922 1.0 1918.680 -
Popper < 1.000 1.0 < 1.000 1.0

Table 2. Learning Time and Rule Accuracy for Each Tool in Experiment 1

isAllowedToUse(teammates ui, teammates common)).
The objective of this experiment is to learn a simple
architectural rule, denoted by Equation 1, utilizing
different IRL tools available and to answer RQ1.

We intentionally confined this first experiment to
examples dealing with packages that directly contain
classes. All the examples used in this experiment
were packages located within the teammates.logic
package. In this setup, we tested multiple tools
for IRL. Depending on the capabilities of each tool,
we learned rules using only positive examples of
the isAllowedToUse rule, and in the cases where the
tools allowed counterexamples, we also learned rules
in a second run by including the same amount of
counterexamples to create a balanced dataset.All tools
learned on the same examples. By conducting this
experiment, we sought to evaluate the capabilities of
different IRL tools and determine whether they could
learn the desired rule accurately using positive examples
only or by incorporating both positive and negative
examples to create a balanced dataset.

Experiment 2: In our second experiment, we
expanded the scope of the learning task by considering
additional modules. In addition to the logic package, we
included the storage package, resulting in a total of six
packages being considered. Consequently, the number
of examples increased from 6 to 30 as we examined

pairwise observations regarding the permissibility of
one package by another.

The objective of this experiment was to investigate
the possibility of learning the same hypothesis from
different subsets of examples. We aimed to determine
whether a rule learned in one part of the system could
also hold true for instances of the architectural rule in a
different part of the system. By exploring this aspect, we
sought to assess the transferability and generalizability
of learned rules across various parts within a software
system to address RQ2.

To conduct the experiment, we randomly generated
subsets of six examples of the architectural rules and
utilized Popper to learn the rules based on the given
examples. To ensure balanced subsets, each randomly
generated subset contained at least two positive and two
negative examples.

In total, we created 26 subsets for learning rules.
Each subset was used to learn a hypothesis, and the
resulting hypotheses, along with the number of subsets
that yielded them, are presented in Table 3.

5. Results

The results of experiment 1 are presented in Table 1.
The upper part displays the rules exclusively from
positive examples, while the lower part includes the
learned rules on both examples and counterexamples.
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Furthermore, it is important to highlight that learning
with counterexamples was only possible with three
of the tools. Among these three, only two tools
successfully generated a rule (lower part of Table1).
Specifically, Popper learned a rule with variables, while
Aleph returned a hypothesis consisting of the two
positive examples provided but did not learn a rule
with variables in the second setting. This variation in
performance suggests that the capabilities of the IRL
tools differed in their ability to handle the inclusion of
counterexamples.

Results of experiment 2 are presented in Table 3,
summarizing learned architecture rules for different
subsets of examples.

5.1. Results of Experiment 1

Aleph includes a feature called induce modes,
which enables the induction of modes for both head
and body predicates. In our study, we utilized this
feature to extract the suggested modes from Aleph for
the given data. Upon applying Aleph to the dataset,
it learned a simple rule for isAllowedToUse(A, B)
where the implication was that B represents a package
(package(B)). This rule aligns with the meta-model’s
restriction (refer to Figure 2), as the isAllowedToUse
relation connects packages. Note that Aleph achieved
accurate results solely based on positive examples.

While Aleph has the capability to learn from both
positive and negative examples, the rules it learned in
this scenario are not usable. The outcome generated
by Aleph for positive and negative examples solely
provides the positive examples, rather than learning a
rule that implies isAllowedToUse(A, B) with variables
A, B, and potential unbound variables. As a result, the
rules learned by Aleph with negative examples did not
meet the desired criteria for applicability.

AMIE3 learns rules based on a knowledge graph
without the explicit provision of negative examples,
resulting in rules learned solely from positive examples.
It is important to note that the format of the examples
provided differs for AMIE3, as well as for AnyBurl,
which we will discuss later.

AMIE3 learned two rules. The first rule implies
isAllowedToUse(A, B) based on the existence of G,
which contains both A and B. Given the restrictions on
the selected examples, where all are packages within
teammates.logic, this rule accurately reflects a valid
assignment for G.

The second rule learned by AMIE3 has a unique
characteristic that arises from translating our metamodel
into triples, as required by AMIE3. This rule states that
isAllowedToUse(A, B) is implied by both isA(A, H) and

isA(B, H). In the knowledge graph, there are triples such
as teammates logic core isA package, which leads to the
conclusion that the only suitable assignment for H is
package. Thus, the learned rule reflects that A and B
are of the same type, namely, packages.

However, these rules do not fully align with the
essence of our stated hypothesis, as they do not consider
the importsClass(X, Y) predicate and its connection to
the head predicate, nor the involvement of the bound
variables A and B.

Similar to AMIE3, AnyBURL also operates on a
knowledge graph composed of triples. Consequently,
the remark regarding the altered input format, where
triples like teammates logic core isA package are used
instead of package(teammates logic core), is applicable
here as well. AnyBURL, unlike the other tested tools,
does not require or provide specific configuration for
the head predicate of interest. Instead, it explores all
possible relations within the learning phase, aiming to
derive as many rules as possible. Out of the 2532
rules learned by AnyBURL, only one rule corresponds
to the target head predicate isAllowedToUse, which
is presented in Table 1. This rule suggests that
isAllowedToUse(X, Y) is implied by X being an A
(as indicated by isA) and Y containing a package
(containsPackage Y). However, similar to the previously
discussed tools, these learned rule does not capture the
essence of our stated hypothesis. It is important to note
that AnyBURL does not support explicit learning with
counterexamples, thereby precluding a second run to
refine the learned rules.

ILASP has the capability to learn rules from
both examples and counterexamples. However, in
our experiments, ILASP was only able to learn rules
based on the two positive examples provided. When
presented with the task of learning from positive
and negative examples, ILASP responded with the
learning task beeing unsatisfiable.Therefore, the rule
learned is solely based on positive examples, as
shown in Table 1. The learned rule from ILASP
suggest that isAllowedToUse(V1, V2) is implied either
by a disjunction V2 being a package (package(V2))
or by V1 being a package contained within V3
(containsPackage(V3, V1)). However, neither the first
nor the second alternative in the rule body captures the
essence of the hypothesis we formulated. Thus, the rules
derived from ILASP do not align with our intended idea.

Popper stands out among the tested tools as the only
one capable of learning rules that incorporate variables
in the learning task, including counterexamples, for the
architecture rule isAllowedToUse(A, B).

The rule learned based on positive examples alone
differs from the rule learned using both examples
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and counterexamples. The rule derived from positive
examples only implies isAllowedToUse(A, B) when both
A and B are packages. Although this rule is conditionally
induced by the metamodel, it does not capture the
essence of our hypothesis and is not considered suitable
for abstracting the provided architectural rule examples.

The rule learned using both positive and negative
examples proves to be the most promising outcome of
the entire experiment. This rule includes the predicate
importsClass(D, C) with free variables D and C in the
rule body. The incorporation of this predicate and the
presence of free variables enhance the rule’s potential to
align with our intended hypothesis.

In addition, the rule learned by Popper connects
the variables C and D to be classes contained in A
and B (containsClass(A, D) and containsClass(B, C),
respectively). This matches the last three predicates of
the hypothesis in Equation 1, except for the interchange
of the free variables C and D to d and c, which does
not alter the way the predicates are connected in our
hypothesis and the rule learned by Popper. Furthermore,
it is important to note that by the interchange of C and
D with d and c, we are referring to the order of the
variables and not the alternating use of upper and lower
case. This change in variable names does not affect the
way the predicates are connected in both our hypothesis
and the rule learned by Popper.

Compared to our hypothesis, the learned rule does
not contain the first part stating that the bound variables
A and B are packages, and it does not explicitly state that
C and D need to exist (using the existantial quantifier ∃).
However, the rule learned by Popper still captures the
essence of our hypothesis by connecting the variables C
and D as classes contained in A and B, respectively, as
well as incorporating the importsClass(D, C) predicate
with free variables D and C in the rule body.

Existence is achieved by finding suitable
assignments for the respective variables, and these
unary predicates, which set the types of the variables
(whether they represent classes or packages), are
predefined by the simple metamodel and the binary
predicates they are used in. Consequently, it is implicit
that these aspects of our hypothesis hold in every
example (and counterexample). Therefore, they do not
contribute to distinguishing the provided examples from
the provided counterexamples.

Table 2 provides the learning times and rule
accuracy. Except for ILASP, all tools had learning
times below one second in experiment 1. Aleph was
the fastest with 0.01 seconds, while ILASP took 4.922
seconds. In the second run, Aleph and Popper had low
learning times, but ILASP took 1918 seconds. This long
learning time can be attributed to the exploration of the

entire hypothesis space. Resulting in being unable to
learn a rule and declaring it as unsatisfiable. All learned
rules achieved 100 percent accuracy, except for Aleph
where no parameterized rules were learned.

Regarding RQ1, our findings indicate that Popper,
utilizing examples and counterexamples, learned a
rule closely aligned with the proposed hypothesis.
However, other IRL tools learned rules that did not fully
capture the essence of the architectural rule, yet still
encompassed the presented examples. Notably, these
tools generated rules almost instantly for the small-scale
experiments, achieving perfect accuracy.

5.2. Results of Experiment 2

For the second experiment, we focused solely on
using Popper, as it was the only tool from experiment
1 that learned a rule closely aligned with our hypothesis.
The results of experiment 2, presented in Table 3,
showcase the learned rule and the number of subsets
that led to its discovery. To summarize the learned rules,
we applied the commutative law by reordering the body
predicates and aligned the free variables. Interestingly,
we observed that 21 out of 26 subsets produced the
same rules as Popper learned in the first experiment,
considering both examples and counterexamples.

For the remaining five cases where different rules
were learned, we examined the examples within
each subset to determine the reasons behind the
variation. In two instances, Popper derived the rule
isAllowedToUse(A, B) from a free variable C that
contained both packages A and B. These instances
corresponded to accurate rules, as all the examples
within each subset belonged to the same package
(either teammates.logic or teammates.storage). Notably,
this was not the case for the counterexamples, which
contributed to the differentiation in learned rules.

In the case of the other two rules that
have been learned twice and once respectively,
we noticed a common counterexample
not(isAllowedToBeUsed(teammates logic core,
teammates storage entity) that appeared in all three
subsets. However, we believe that this particular
negative example may be inaccurately labeled or could
represent an inconsistency within the documented
architecture and the implementation.

We identified a class (FeedBackResponseLogic)
within the package teammates.logic.core
that imports and interacts with objects from
(FeedbackResponse), which is located in the package
teammates.storage.entity. This violates the architectural
rule, as the expected behavior suggests no allowance
to use objects from the other package. However, in the
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Learned Rule # of subsets
isAllowedToUse(A,B) ⇐ 21
containsClass(A,C) ∧ containsClass(B,D) ∧ importsClass(C,D).
isAllowedToUse(A,B) ⇐ containsPackage(C,B) ∧ containsPackage(C,A). 2
isAllowedToUse(A,B) ⇐ 1
importsClass(D,C) ∧ package(A) ∧ containsClass(B,C) ∧ importsClass(C,D).
isAllowedToUse(A,B) ⇐

2containsClass(B,C) ∧ importsClass(D,E) ∧ containsClass(A,D)∧
importsClass(D,C) ∧ importsClass(C,E).

Table 3. Experiment 2: Popper’s Learned Rules and their Amount for Different Example Subsets

implementation, we observed the usage of classes from
both packages, which contradicts the rule of not being
allowedToUse. Due to this inconsistency, the expected
rule fails to distinguish between the provided examples
and the counterexamples. This violation raises doubts
about the accuracy of the labeling and highlights
a potential discrepancy between the documented
architecture and its actual implementation.

As a consequence, the rules learned in this particular
case tend to be more complex. This is primarily because
the examples and the inconsistent counterexample
exhibit greater similarity to each other in terms of
the facts that can be represented using the simple
metamodel (Figure 2). Popper needs to learn a more
intricate rule to differentiate between the examples and
counterexamples within the specific subsets.

In response RQ2, our findings demonstrate that
Popper is capable of inducing rules from various subsets
of examples within the same system, suggesting a
degree of generalizability across different architectural
contexts. However, it is important to note that the
specific subset employed can influence the learned rules
and, consequently, their generalizability. For instance,
if the IRL tool can find a simpler explanation, such
as ”all positive examples have packages located in the
same package,” it prioritizes this shorter explanation
over more nuanced rules.

6. Validity Considerations and Future
Directions

While our experiments have indeed produced
promising results, it is essential to recognize and address
potential factors that could impact their validity.

6.1. Threats to Validity

Limited Dataset Scope: The effectiveness
demonstrated by our model on the small, single-source
dataset might not entirely encapsulate its potential when
confronted with larger and more diverse datasets. The
inherent constraints of the dataset’s scale and diversity

could influence the model’s performance on real-world,
multifaceted data distributions.

Single Architectural Rule: Our investigation
focused solely on a solitary, straightforward software
architectural rule. As a consequence, the applicability
of our findings to the learnability of considerably more
intricate rules, characterized by greater complexity and
a wider spectrum of concrete implementations, may be
limited based on the scope of the conducted experiment.

By acknowledging and addressing these aspects, we
ensure a comprehensive understanding of the boundaries
and implications of our study’s outcomes. This
discernment is vital for translating our findings into
broader contexts and for guiding future research in
the field. Following, we outline ways to enhance
the complexity of our approach and tackle the stated
threads.

6.2. Dimensions of Complexity Enhancement

To elevate the demonstrated approach of learning
software architecture rules to a realistic level, there are
several dimensions in which complexity needs to be
increased.

One aspect is increasing the size of the metamodel.
The current metamodel introduced in the experiment
has limitations in terms of the types and relations
it represents. It lacks the ability to encompass
fundamental concepts of object-oriented programming,
such as inheritance, attributes, methods, and their
visibility. Consequently, a significant amount of
information from the implementation is currently not
captured in the KB. To address this, a valuable extension
of the metamodel is required to incorporate necessary
information, enabling the expression of more complex
architectural rules. By expanding the metamodel
to include these crucial aspects of object-oriented
programming, we can enhance the richness and depth
of the KB. This, in turn, will allow for the learning of
more sophisticated architectural rules that better align
with the intricacies of real-world software systems.
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Another dimension in increasing the complexity of
learning architectural rules involves the ability to utilize
quantifiers in the learned rules. The inclusion of
quantifiers enables the learning of more precise rules
by allowing the expression of conditions that must hold
for every occurrence and we gain the capability to
capture and enforce more nuanced and specific patterns
within the software architecture. Ultimately, the use of
quantifiers enhances the precision and accuracy of the
learned rules, enabling a deeper understanding of the
architectural properties of the system.

Addressing the need to handle more heterogeneous
examples represents a significant dimension of
increasing complexity. This requirement arises from
various factors. One contributing factor is the expansion
of the metamodel and the growing complexity of the
collected facts derived from the implementation. As
the KB expands in size and intricacy, we can expect
the examples to exhibit greater diversity compared to
the relatively constrained flexibility observed in the
conducted experiments.

Another reason for the necessity of handling
more heterogeneous examples stems from the nature
of complex architectural rules. While we have
demonstrated the ability to learn simple software
architecture rules using only a few examples and
counterexamples, this may not hold true for more
intricate rules. Therefore, addressing the challenge of
handling more heterogeneous examples is crucial for
advancing the learning of software architecture rules.
This task becomes particularly pertinent considering
the expanding metamodel and the inherent complexities
associated with real-world architectural scenarios. By
tackling this challenge, we can enhance the robustness
and applicability of learned architectural rules in diverse
software development contexts.

7. Conclusion and Future Work

In conclusion, this research has shed light on the
potential of inductive learning techniques for inferring
software architecture rules from known examples. Our
findings highlight the capabilities of IRL in capturing
and detecting a simple architectural rule. Through
experiments and analyses, we have shown that these
techniques can learn meaningful rules that align with
the expected architectural hypotheses, albeit with
some limitations and variations in learned rules based
solely on (positive) examples or on specific subsets
of examples. The results are promising, and in
combination with the efforts of IRL approaches to
learning in large KBs, intriguing questions about the
scalability of the proposed approach arise. Moreover,

we have identified dimensions for increasing the
complexity of rule inference, including expanding the
metamodel to encompass more architectural concepts,
handling heterogeneous examples, and incorporating
quantifiers for more precise rule expressions. These
research outcomes provide valuable insights in the
field of data-driven software architecture. By further
exploring and advancing inductive learning approaches,
we can unlock the potential of automated rule discovery,
leading to more robust, maintainable, and adaptive
software systems. Looking ahead, future research
can focus on addressing the identified dimensions,
refining the rule learning process, and exploring novel
techniques to enhance the expressivness, scalability,
and generalizability of learned architectural rules. By
continuing to push the boundaries of data-driven rule
inference, we can empower software developers and
architects with powerful tools for effective software
architecture governance and evolution.
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