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THE ROLE OF INDUCTIVE LOGIC PROGRAMMING  

IN SOME MACHINE LEARNING APPLICATIONS 
 

The purpose of this paper is to show that inductive logic programming (ILP) is still 
relevant in contemporary machine learning applications. We mainly emphasize three 
modern applications where the use of ILP approach is particularly effective comparing to 
other machine learning methods. These applications are precisely related to search 
techniques, game strategies, and user behaviours on mobile areas. 

Keywords: Machine Learning, ILP, Prolog, Logic Programs, Spreadsheet, Educational 
applications, Mobile applications, Game Strategies, Search Query Engines. 

 
1. Introduction. Learning can be in general understood as a search 

mechanism for a certain hypothesis (usually denoted by H) respecting some 
criteria. The Inductive Logic programming (ILP) is a machine learning 
approach used to improve or augment a knowledge-base by the mean of 
rules. It is a form of relational supervised machine learning based on formal 
logic and can learn from a single training example. In general, it uses logic 
programming to represent background knowledge, examples, and 
hypotheses in a uniform manner. In this sense, the inputs and outputs of an 
ILP system are logic programs. 

The rules used in a logic program consider different a positive example 
and negative example. The ILP technique deals with the search of some 
hypotheses H that combined with background knowledge (B) can explain or 
formally entails a set of examples. The goal of an ILP system, in other words, 
is to induce a hypothesis H that can explain all of the positive examples and 
none of the negative examples. 

Using the definition of Lavrac and Dzerski, a machine learning program 
(the learner) can be described "in terms of the structure of its space, its 
search strategy and search heuristics" [1]. Note that, the logic programs in 
the ILP determine the search space in this approach.  

This paper starts with a formal background of a logic program that is 
essential in any ILP learning system, and continues with a historical overview 
of the machine learning developments, followed by the aim of the paper itself 
which corresponds to investigate several applications of ILP in machine 
learning by focussing on three main modern examples: the combinatorial 
game strategies, the search query engines techniques, and the user behaviour 
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of mobile applications. The last section of the paper concludes with few 
remarks on the ILP approach with relating examples on machine learning.  

2. Background. Typically, and in order to express facts and rules, a 
logic program of first order logic is written in Horn clauses as a conjunction 
of terms entailing a basic term, the program. More formally, the interpretation 
of the sentence (𝐴 ∧ 𝐴 ∧ … ∧ 𝐴 ) → 𝐵 as procedure declaration, where 𝐵 represents the procedure name, and 𝐴 𝑡𝑜 𝐴  are the procedure calls 
representing the body of the procedure. 

In this interpretation, a problem to be solved is seen as a theorem to be 
proved, and a proof is a set of computations generated by a Theorem-
Proving mechanism which executes the program put in the axioms.  

Importantly, a logic program, using Kowalski's interpretation, is based on 
the notion of clausal form. An expression or sentence in clausal form is a set 
of clauses, and a single clause is a pair of sets of atomic formulas, called 
also literals, having the following form: 𝐴 , 𝐴 , … , 𝐴 → 𝐵 , 𝐵 , … , 𝐵                              (1) 

In this context, an atomic formula is a k-place predicate symbol of  𝑘 terms 
of the form  𝑃(𝑡 , 𝑡 , … , 𝑡 ). Every term 𝑡  can be a variable or an h-place 
function symbol where the function's arguments are terms. The predicate 
symbols, the function symbols, and the variables are mutually disjoint. 

It is also important to interpret the semantic of the set of clauses as a 
conjunction 𝐶 ∧ 𝐶 ∧ … ∧ 𝐶  and each clause of the form (1) with 𝑘 
variables 𝑥 , 𝑥 , … , 𝑥  is interpreted as an implication using a universal 
quantifier. This clause can be described as ∀𝑥 , 𝑖 = 1 … 𝑘: 𝐴 ∧ 𝐴 ∧ … ∧ 𝐴 → 𝐵 ∨ 𝐵 ∨ … ,∨ 𝐵 . 

A Horn clause is a clause with at most one positive literal in the 
conclusion (or equivalently at most one positive literal when the clause is 
written as a disjunction of terms. This definition, describing a sub-language 
of predicate logic, usually used in the ILP systems. 

In PROLOG, for example, a definite clause works as a goal-reduction 
procedure, and its syntax is shown in reverse form. For example, the definite 
clause 𝐵 ← (𝐴 ∧ 𝐴 ∧ … ∧ 𝐴 ) is interpreted as "to prove 𝐵, prove (𝐴 ∧𝐴 ∧ … ∧ 𝐴 )" to highlight the fact that to prove the goal 𝐵, the literals (𝐴 ∧𝐴 ∧ … ∧ 𝐴 ) have to be proved before. This Horn clause is represented in 
PROLOG as follows:  

B: – A1, A2,...,An 
Note that the Horn clauses are very extensible. Thus, it is easy to add 

new clauses to the program by augmenting the existing terms. Moreover, the 
Horn clauses description form is multi-purpose, and can be used in different 
number of areas. It simplifies the problem solving as well as the machine 
learning process.  
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More details about the formal representation of a logic program and other 
Prolog programming techniques and processing for generating or proving 
rules are precisely discussed in [2, 3, 4]. 

3. Historical developments of ILP. Historically, Plotkin (1969), 
Shapiro (1983), Sammut, Banerji (1986) and Muggleton (1991) are most 
cited as founders of the ILP approach and as the earliest convinced 
specialist of the use of first-order logic (and later other form of logic) in 
Machine learning. During this period, many foundational concepts related to 
ILP emerged and continue to shape the machine learning domain. 

One can mention, among other concepts, the Inverse Resolution 
(Muggleton and Buntine 1988), the concepts of Saturation (Rouveirol and 
Puget 1989), and Predicate Invention (Muggleton and Buntine 1988 and 
1994). Note that the PAC (probably approximately correct) learnability has 
already been introduced by Valiant in 1984, and studied by Cohen regarding 
the k-local programs in 1993, and Džeroski concerning th ij-determinate logic 
programs in 1993 as well. 

More recently, other fundamental principles related to the probabilistic logic 
representations have been developed; these include Bayesian logic programs 
(2001), Markov logic networks (2006) and other probabilistic ILP (PILP).  

On the other hand, many successful ILP systems have been widely used 
in machine learning and often continue to improve their learning capacities. 
Some of the most known systems include FOIL (1990), Golem (1990), 
LINUS (1991), Progol (1995, 2000), TILDE (1997), PRISM (2005), and 
ProbLog (2007). 

These programs, and others, have been applied on a wide variety of real 
world domains. For example, one can cite problems related to protein structure 
prediction, satellite diagnosis, biochemical domain, robotics, chess databases, 
learning drug structure activities (drugs for Alzheimer disease, E-Coli, etc.),  

The founders of these systems recurrently emphasise the importance of 
a learning system to have the ability to grow. We have already seen this 
property satisfied in a Model-driven system based on rules construction and 
able to grow by predicate invention and other concepts inherent to logic 
programming. This property has been already satisfied in the application 
CONFICIUS created by Cohen in the 70s which had the capacity to be 
applied in different areas. It used in the same time the new learned concepts 
as input to learn again new concepts. The same remark applied on the 
extension of CONFICIUS, called Marvin, and developed by Sammut in the 
early 80s who largely benefited from the advantages that a Horn-clause 
can offer in logic program. As we have already seen, a Horn clause can 
easily be performed and generalize a description which are very useful in 
learning applications. In Prolog, for example, a general description of a 
concept can be used to test the truth or the falsity of examples of that 
concept (instances). This point is usually used during the learning phase 
by providing positive and negative examples to the system. The 
subsumption's concept created by Buntime that deals with the induction of 
Horn clauses was also used in many learning systems. 
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4. Applications of ILP. The applications based on the inductive logic 
programming are multiple and continue to shape several developments in 
computer science. Some of them include scripting, spreadsheet functions, 
and smart tutor software. Concerning the spreadsheet applications, the 
learning from examples constitutes an important feature and target. The first 
reason is to avoid repetitive and exhaustive tasks the user has to perform, 
and the second is the fact that the user and the system share exactly the 
same background knowledge. Note that, the user generally has no 
competency to use the script language integrated in these kinds of software, 
and consequently the benefit from the use of computer processing capacities 
is almost inexistent. For example, Microsoft Excel 2013 has integrated a 
Flash Fill feature that allows the user to derive string processing programs 
automatically using examples introduced by the user. This tool was able to 
learn different types of complex programs from a small number of examples. 
This was possible due to the use of inductive logic programming approach.  

The given Excel example, among others, represents a fascinating 
development of inductive logic that makes possible to generate programs from 
few examples (and not only completing or formatting a list of examples). These 
applications seem to be more successful and promising especially due to their 
ability to be more flexible and more general. Many other applications are being 
developed for specific robots, smartphones, and desktop applications such as 
PowerShell scripting.  

Another example about learning in a typical educational system can be 
given as recent application of ILP. 

In fact, the example-based reasoning has an important place in 
education in general, and in the learning process in particular. Students use 
examples to understand, and teachers to explain. This type of reasoning 
technique has been basically developed using an inductive logic approach 
to automatically perform repetitive or organized tasks in education. These 
tasks can include the feedback, exercise, and solution generation. The 
automation of these tasks can be very relevant in a variety of domains, 
especially in Math, Science, and Engineering. We can list Programming, 
number theory, language theory, Algebra, etc. as topics examples where an 
automatic process of exercise/solution generation is relevant and effective. 

4.1. When ILP improves search engine techniques. In [5] the authors 
provided an ILP model for the English language implemented as a set of rules 
written in Prolog. The fact of implementing the rules in Prolog language permits 
the generation of new alteration for a given word instead of only classifying or 
deciding the pair (term, candidate) as acceptable or not acceptable. 

In this research the authors introduced a machine learning approach that 
learns rules in order to calculate good alterations. The main goal is the use 
of these logical rules for the generation of these alterations by avoiding the 
usual high processing cost of these operations. 

This ILP approach based on logical rules turned out to be very suitable 
for the query expansion component perspective exactly due to the capability 
of deriving new candidates from the rules. 
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In addition, the program was able to generate the ILP background 
knowledge file that contains facts for many features using all positive and 
negative examples or alterations.  

Remark that the determinism of this approach, which gives for each input 
(term) only one output (candidate), is highly important in term of the 
efficiency of computation. This is again very convenient for an ILP model 
similar to Aleph and FOIL. In this research Aleph 5 and FOIL 6.4 were used 
with specific settings. 

After the rules execution using these programs, two points have been 
observed: the first that Aleph rules is more general while FOIL is more 
specific; the second is that the rules give a good generalization because the 
precision between the test set and the training set is identical.  

In this experiment, the rules have been tested under this ILP using 
dozens of sample words as terms to these rules in order to generate new 
candidates. The tested words matched lexical and grammatical categories 
(verbs, nouns, adjectives, etc.)  

A new alteration was considered relevant if the generated candidate has 
semantically an approximation with the original term.  

In this study it has been proved how the ILP can be a suitable approach 
to generate new alterations in English language. In particular, this approach 
provided a high predictive accuracy and could be reversed for the generation 
of good alterations. 

The next section considers the example of game strategy when 
implemented by an ILP approach. 

4.2. ILP and combinatorial game strategies. It has been shown that a 
general approach for learning complete winning strategies using an ILP 
model is possible. This approach was applied for the first time to a 
combinatorial games category [6]. An important advantage of this method is 
the use of a classifier for P-positions (previous player) allowing the next 
player to have at least one Minimax (optimization method) winning move 
instead of learning the winning moves that consider different game states. 
This classifier is combined with a move generator in order to produce 
together a winning strategy.  

The most significant result obtained with this ILP approach is the 
predictive accuracy curves of learning the positions for winning strategies 
for a class of combinatorial games. Six combinatorial games have been 
used in this experiment and 100 % accurate prediction was realized after 
using up to 26 randomly selected examples on 10 sample trials. Moreover, 
the predictive accuracy curves of learning the positions for the winning 
strategy of Nim have been reported when using artificial neural network 
(ANN), support vector machine (SVM), and case-based reasoning (CBR). 
None of these three methods has reached 100% predictive accuracy even 
with 200 sample examples.  

Nim is a combinatorial game where two players alternately take turns in 
taking objects from several heaps. The only rule is that each player must take 
at least one object on their turn, but they may take more than one object in a 
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single turn, as long as they all come from the same heap. The player to take 
the last object wins. It is important to mention that any impartial game is 
isomorphic to a Nim game; this means that there is equivalence between all 
impartial games (the Sprague–Grundy theory by Berlekamp). We should 
mention that each state of an impartial game is either P-position or N-position. 
This experiment was to use the ILP approach in order to learn the classifier for 
N-P positions (next player/previous player) of impartial games. This learned 
classifier is used to create the winning move generator. It was shown that this 
technique can also be applied to non-impartial combinatorial games especially 
when their winning strategies are built on N-P positions.  

Concerning the results of the experiment, the application has been running 
under Progol 4.5 and using the Minimax method in order to generate 
examples. The sample size was limited to 50 including 32 positive and 
18 negative examples. The result showed a high predictive accuracy of SVM 
comparing to the ANN approach, and it has been observed that when the data 
is represented in a binary form, these machine learning techniques have, in 
general, a higher predictive accuracy. However, a low predictive accuracy is 
noted when the data is used in a decimal form. 

In sum, as we have mentioned, all these three machine learning methods 
(ANN, SVM and CBR) did not reach 100% of predictive accuracies for a 
winning strategy while the ILP approach was the only observed method 
reaching this percentage regarding the considered experiment. 

4.3 ILP and user behaviours in mobile domains. In [7], it has been 
shown that the non-monotonic ILP is automatically feasible in the extraction 
of user behaviour rules in the mobile phones area. In this work, two 
applications have been provided: the first considered dataset was a part of 
the Reality Mining group, and the other was based on ULearn mobile 
application developed with the objective of reaching a realistic evaluation of 
the accuracy of the output.  

This development has proved the relevance of choosing an Inductive 
Logic Programming learning mechanism in obtaining an accurate solution. 
In this application, the ILP approach was used with heuristics to optimize 
the search scope by minimizing the time complexity. In more detailed word, 
the non-monotonic inductive programming tool, TAL (Top-directed 
Abductive Learning) turned out to be very appropriate to learn new mobile 
user behaviours and adapt existing rules with around 80% of accuracy 
level. TAL was the first program in this domain to make the background 
and hypotheses regular logic programs. 

In addition, it provided a high expressiveness in the learning process 
when dealing with learning logic programs. Some of its features are the 
capacity of handling negation, learning non-monotonic hypotheses, and 
having the property to be complete in the meaning that provides a solution 
if it exists. Moreover, one of its more important strengths is the capacity to 
generate rules among large datasets and performing detailed search in a 
large data space. 
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During the execution of the application, information related to the mobile 
phone about the user mobility and the user behaviour are collected. The user 
is able to use a specific language, can refine the learning outcomes by 
choosing rules having more restrictions on the language. It has been 
remarked that the heuristics chosen in each of these two applications have 
a significant influence on the evaluation of the learning outcomes accuracy. 

In this learning model, the background knowledge and examples are built 
as logic programs. After applying the TAL system, the rules are improved 
using a dataset and follow a validation process for better accuracy. During 
the learning process, the fact that a user answers or rejects a call is used to 
create better rules that are directly related to the user behaviour. 

Note that another system, Ulearn, has been used for the purpose of this 
mobile application. 

Ulearn is a client-server application that displays the rules to (and 
validated by) the user as the output result of the training examples and 
background knowledge. It is obvious to remark the role of the user in the 
learning process especially when it is time to decide about the number of 
constraints concerning the data search scope or choosing some specific 
rules. In this context, the rules take into consideration new examples and 
background knowledge. 

The TAL systems possess an important applicability to real mobile 
domain for learning the user behaviour. It provides very good performance 
especially when considering a variety of domains and a big data space. The 
fact of considering finite domain constraints applied on rules, the non-
monotonic ILP models turned out to be effective by tolerating noise and 
providing scaling regarding the domains types and the data size. 

5. Conclusion. It is important to mention some advantages using ILP 
approach. The fact of using a uniform representation of rules, facts, etc. by 
the logic programming leads to a high level of expressiveness. The fact of 
including background knowledge in the learning process constitutes another 
important strength of ILP. This point is especially suitable for domains of 
expertise where a significant knowledge of the domain is already 
experimented and can be represented by a list of rules. The capacity of 
human readability or interpretability can also be considered as an advantage 
basically when it helps to a better understanding of the problem in the 
considered theory. 

We should also mention, in line with the idea of growing knowledge, that 
when using an ILP system, we often learn new predicates inexistent in the 
examples and the background knowledge. As we have mentioned, this 
technique, called predicates invention, is essential in assuring a continuous 
augmented learning system. 

On the other hand, one could consider the most striking example of the 
originality of ILP is its ability to induce a program only from input and output 
examples. Interestingly, this idea allows ILP systems to use sometimes a 
solution to an easy problem in order to solve another harder problem which 
creates a kind of vertical levels of difficulties regarding the used logic programs.  
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In this paper, we have presented different successful applications of the 
inductive logic programming in machine learning. The list of applications 
where the ILP approach is suitable and effective is long, and every 
application deserves a particular investigation. Some of these successful 
applications can include the customisable multi-processor, Multivalued ILP 
learning, Learning dependent concepts, graph theory applications 
(contraction, Mesh model), and robot strategies. 
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В ДЕЯКИХ ПРИКЛАДАХ МАШИННОГО НАВЧАННЯ 

 
Показано, що індуктивне логічне програмування (ILP), як і раніше, актуально в 

сучасних програмах машинного навчання. Здебільшого ми виокремлюємо три су-
часні додатки, де використання підходу ILP особливо ефективно порівняно з ін-
шими методами машинного навчання. Ці додатки точно пов'язані з методами по-
шуку, ігровими стратегіями й поведінкою користувачів у мобільних областях. 
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РОЛЬ ИНДУКТИВНОЙ ЛОГИКИ ПРОГРАММИРОВАНИЯ  
В НЕКОТОРЫХ ПРИМЕРАХ МАШИННОГО ОБУЧЕНИЯ  

 
Показано, что индуктивное логическое программирование (ILP) по-прежнему 

актуально в современных приложениях машинного обучения. В основном мы выде-
ляем три современных приложения, где использование подхода ILP особенно эф-
фективно по сравнению с другими методами машинного обучения. Эти приложе-
ния точно связаны с методами поиска, игровыми стратегиями и поведением по-
льзователей в мобильных областях. 
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