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Abstract. This work integrates two diploma theses: Logic Programming on 

Ranked RDF Data and Fuzzy ILP on RDF Data. Both work with fuzzy logic and 
RDF data, the first one from inductive and the second from deductive point of 
view. We analyze the possibilities of using RDF for the purpose of logic 
programming. This includes defining rules for user ranking, transforming them to 
database select queries, taking the results as positive examples for ILP and finally 
learning the rules from data.  

1   Introduction 

At the present time many applications use RDF data and query languages to create 
Semantic Web applications. The Semantic Web is an extension of the current web. It 
gives well-defined meaning to the information and facilitates machine processing of 
information. It is designed to work with the semantic content of data, not only with the 
syntactic form. Simply, the future search engines or agents should "understand" the 
content of the web documents.  

In this paper, we focus on the main Semantic Web data format – RDF. Semantic Web 
applications, mainly the search programs, often encounter inexact or approximate user 
requirements. An interesting approach to this problem is provided by fuzzy logic. It 
allows partial truth values and works with approximate information (see section 3). 
Therefore we study the possibility of combining fuzzy logic principles with RDF data 
structure. We use RDF as a framework for inductive and deductive fuzzy logic 
programming.  

We study particular RDF syntaxes, their advantages and disadvantages. Then we will 
try to design a new method for representing fuzzy predicates in RDF. We need a suitable 
RDF query language to manage assigning ranking to RDF data. Therefore we compare 
RDF query languages and focus on the support of features like ordering, aggregation 
functions and math operations.  

We also study RDF as a new structure for ILP learning. We study how ILP is able to 
work with RDF data. Important question is transformation of RDF data to a form 
suitable for some existing ILP system. RDF query languages can select some subset of 
the original data. We can take this subset as a set of positive examples for ILP system 
and try to find the corresponding rule. We are also interested in grading of RDF data by 
their truth values. We will test these graded data on an ILP system Aleph.  

2   RDF 

RDF (Resource Description Framework) is a framework for representing metadata on 
the web. It allows applications to exchange machine-understandable information. RDF 
can be used in search engines, information retrieval, web agents, etc. Most importantly, 



it is a base for building semantic web. The design of RDF is intended to meet the 
following goals: 

• simple graph data model, independent of any specific serialization syntax 
• formal semantics and provable inference 
• extensible URI-based vocabulary 
• XML-based syntax supporting use of XML schema data types 
• allow making statements about any resource 

Data are represented as a set of triples (statements) consisting of (Subject, Predicate, 
Object). This set is called RDF graph. Subjects and objects are nodes of the graph 
(possibly blank), predicates form the oriented edges. Subjects and predicates have their 
unique identifier called URI (Uniform Resource Identifier). URI includes also well-
known URLs. Objects can act as Subjects in other statements or as literals. Literals are 
constants written together with their data types. Literals are lists in the graph 
representation of RDF. Here is shown an example of RDF graph: 

 
 

Fig. 1. Example of an RDF graph. 

In the Figure 1, subjects are denoted by ellipses and objects (literals) by rectangles. 
This figure shows a subject hotel with its attributes name and address. Address itself is 
represented by a blank node, which is another subject with street, number and city 
attributes. The statement (subject, predicate, object) means that some relationship, 
indicated by the predicate, holds between subject and object of the triple. 

2.1 RDF syntax 

RDF syntax, semantics and concepts are specified on the World Wide Web Consortium 
pages [2]. They define various types of encoding: 

• XML-encoded syntax called RDF/XML [2]. In order to encode the graph in XML, 
the nodes and predicates have to be represented in XML terms — element names, 
attribute names, element contents and attribute values. RDF graph is a collection of 
paths of the form (node, predicate arc, node, predicate arc, …, node) from root to 
leaves, which cover the entire graph. In RDF/XML these paths turn into sequences of 
elements inside elements. The first node is the outermost element, the next predicate 
arc turns into a child element, and so on.  

• N-Triples [3] is a line-based, plain text format in 7-bit US-ASCII. It is a fixed subset 
of Notation 3 and hence N3 tools can be used to read and process it. Data in N-Triples 
format are stored in files with an '.nt' extension. Example of RDF data in the N-
Triples encoding: 

<http://ubytovanie.atg-slovakia.sk/017> 

  <http://s.ics.upjs.sk/~vanekova/predicates/name> 

    "Nezabudka" . 

<http://ubytovanie.atg-slovakia.sk/017> 

vv:address 

vv:street vv:city vv:number 

<http://ubytovanie.atg-slovakia.sk/017> 

 "Nezabudka" 

"Rekreacna" "Poprad" "83"^^xsd:integer 

vv:name 



  <http://s.ics.upjs.sk/~vanekova/predicates/price> 

    "770"^^<http://www.w3.org/2001/XMLSchema#integer> . 

All predicates (in each line) are written in a full URI format, which is usually a very long 
string. Even if the subject is equal for several statements, it has to be written each time. 

• Notation 3 or N3 [4] is compact text-encoded RDF syntax, extended to allow greater 
expressiveness. It allows variables and quantification, integrating rules with RDF and 
making statements about statements. Notation 3 uses abbreviated URIs with prefixes 
which are bound to a namespace (using @prefix). Useful tools are repetition of 
another object for the same subject and predicate using a comma "," and repetition of 
another predicate for the same subject using a semicolon ";". Data files have 
extension ".n3". This example encodes the same data as the previous example, but it 
is better understandable. 

@prefix vv: <http://s.ics.upjs.sk/~vanekova/predicates/> . 

@prefix xsd: <http://www.w3.org/2001/XMLSchema#> . 

 

<http://ubytovanie.atg-slovakia.sk/017> 

  vv:name "Nezabudka" ; 

  vv:price "770"^^xsd:integer . 

• Turtle (Terse RDF Triple Language) [5] is the simplest human readable text format 
for RDF. It is an extension of N-Triples, taking the most useful attributes from 
Notation 3. Turtle also allows using namespace abbreviations for URIs, therefore this 
format is terse and comprehensible. Data files have UTF-8 encoding and they are 
stored with ".ttl" extension. Turtle is very similar to Notation 3, although there are 
some minor differences. Simple data structure, such as in the examples above, would 
be syntactically identical with N3. These two formats would be different in case of 
more complicated RDF trees (with more than one layer). 

For the purpose of this work, we use the Turtle syntax. Text format is more suitable 
for manual creating and correcting of data files. Moreover it allows simple data 
transformation to Prolog. 

3. Fuzzy logic and RDF 

We want to process RDF data with respect to inaccuracy of the user requirements. It 
means using the methods of fuzzy logic. The main problem is that no implementation of 
fuzzy RDF exists at the present time. The resources and specifications concerning RDF 
suggest no idea how to integrate this feature. Therefore we propose a new approach to 
RDF data and tools. It is based on formal principles of fuzzy logic, mainly fuzzy sets and 
predicates and their transformation to database queries. 

Fuzzy logic is a superset of Boolean logic. It operates with partial truth values, not 
only "true" (1) and "false" (0), but considers all values from the unit interval [0,1]. In 
fuzzy logic programming, we use many-valued connectives, inference rules and 
aggregation operators. Every connective c has a corresponding truth value function c. 
according to its arity. Conjunctor &. : [0,1]2 → [0,1] and disjunctor ∨. : [0,1] 2 → [0,1] 
are truth functions, extensions of two-valued conjunction and disjunction. They have to 
fulfill monotonicity in both coordinates. Implicator →. : [0,1]2 → [0,1] is also extension 
of two-valued implication, it is nonincreasing in the first and nondecreasing in the 
second coordinate.  

According to these rules, there are many possible connectives. They can be learned 
from data with help of ILP systems (see section 5). Here is an example of Gödel's 
connectives: 

&.(x,y) = min(x,y) 

∨
.(x,y) = max(x,y) 

→
.(x,y) = y if x>y else 1 

A rule is a formula in form A←B where A is an atom (simple predicate) and B is built 
from atoms, conjunctions, disjunctions and aggregations. Logic program is a set of rules 



together with facts. The facts are stored in an extensional database in the form of fuzzy 
predicates. Logic program starts from the facts and applies the rules to infer new facts. 

Relational databases like SQL provide a suitable framework for one possible 
representation of fuzzy logic programming. The database itself contains only facts with 
their fuzzy truth values. Rules are transformed into database query or definition of 
database view. This query selects new data set from the original data in the same way as 
the corresponding logic program would find new facts. We will deal with transformation 
of rules into database queries in the next section. 

 Fuzzy logic programming is very similar to common human inexact reasoning. 
According to [1] "The most frequent source of fuzziness is our interpretation and/or 
representation of information and the user query. User query is typically vague and such 
attributes are interpreted fuzzy and we speak about user's ranking, rating, scoring, 
evaluating, preference, …" 

Particular implementation of fuzzy RDF depends on the intended purpose. In the next 
section we suggest one of the possible implementations. The original data is exact, not 
fuzzy. Our goal is to assign some ranking to various subjects using fuzzy sets 
transformed to database queries. This ranking will serve for the purpose of ILP as a 
background knowledge to learn the rules. 

If we want to work with fuzzy data in RDF, we need to define the data structure and 
approach. RDF triples naturally represent binary predicates. This structure is enough to 
store only unary fuzzy predicates – one value is necessary to store the truth value. The 
next example shows two RDF triples with the same subject. The first triple contains the 
original predicate and the second triple created fuzzy predicate. Note that the original 
value "200" is not available in the fuzzy predicate.  

<http://ubytovanie.atg-slovakia.sk/002> vv:price 

"200"^^xsd:integer . 

<http://ubytovanie.atg-slovakia.sk/002> vv:cheap 

"0.6"^^xsd:double . 

4. Deductive Methods 

Creating new predicate from existing predicates is very similar to creating database view 
from existing table. In general we can transform logic programs to DB queries and back. 
Therefore we consider SELECT queries as a deduction method to retrieve data. We need 
a suitable RDF database system to implement fuzzy RDF logic. The system has to be 
able to handle RDF data and truth values properly. 

The purpose of deduction is retrieving answers relevant to user requirements. In two-
valued logic this means the answers that meets some specific condition. However, the 
answers in fuzzy logic are not simply relevant or irrelevant, but their relevance depends 
on the truth values. Biggest truth value (nearest to 1) means the best result. We order the 
answers by truth values and choose the best one. Another possibility is to select first k 
answers (top-k) or answers better than some threshold. Assigning truth values to the 
answers can depend on many criteria. We obtain the user global ranking by fuzzy 
aggregation operators. More information about retrieving top-k answers can be found in 
[14]. 

The next example shows user ranking of RDF data. A hotel that costs 200 crowns a 
night is cheap for this user for 0,6 (or 60%). Greater ranking means greater relevance. If 
some other hotel got the ranking 0,5, it would be "less cheap" than the first hotel. Other 
users can define different rules about what it means to be cheap. Defining fuzzy rules for 
each user enables us to model the user notion of cheap (or any other fuzzy predicate). 

We will use a sample RDF dataset describing accomodation in Slovakia.1 Suppose 
that the user defines a rule for fuzzy set my_cheap: 

my_cheap(y)= max(0, 1-(y/500)) 

                                                           
1 The sample dataset is available on http://s.ics.upjs.sk/~vanekova/terse.ttl. The values were taken 

from http://ubytovanie.atg-slovakia.sk/ - a website providing information about accomodation. 



This approach will work for Prolog-like systems based on rules. If we have our data 
stored in relational database, we need to transform this logic program into a query: 

SELECT hotel, max(0, 1-(price/500)) 

FROM hotel_price 

And finally, if our data are stored in RDF database, we modify the query to fit the 
particular query language syntax. In the following query, we use SeRQL syntax, 
although it is not correct (the max function will not work), just to illustrate what we want 
to accomplish: 

SELECT hotel, max(0, 1-(price/500)) 

FROM {hotel} vv:price {price} 

USING NAMESPACE vv = 

  <http://s.ics.upjs.sk/~vanekova/predicates> 

Nowadays there is a wide variety of RDF query languages. We will try to choose a 
language in which such query can be written. It is evident from the example above that 
this language needs to support max and min functions and basic math operations. 
Ordering, aggregation functions and support of data types are also necessary. 

Many RDF query languages are currently available on the web and new are still 
coming. [6] brings the most complex comparison of their features and supported 
functions. The website contains more detailed description of query language features. 
Here is a part of the result table.  

 
 RDQL Triple SeRQL Versa N3 RQL RDFQL 

Union - OK OK OK OK OK OK 

Difference - - OK Res. - OK OK 

Quantification - Res. OK - - OK OK 

Aggregation - - - OK OK OK OK 

Recursion - OK - OK OK - OK 

Reification Res. Res. OK Res. - Res. OK 

Containers Res. Res. Res. Res. Res. Res. Res. 

Namespace Res. - OK - OK OK OK 

Value Space Res. - OK - - OK OK 

Entailment Res. Res. OK - Res. OK OK 

Table 1. A comparison of RDF query languages 

In Table 1, the character "-" means that the feature is not supported, "OK" means full 
support and "Res." restricted support. We consider following language features: 

• Union, difference and quantification are common set operations, aggregation means 
count function (sum or average were not considered).  

• Recursive queries can appear if the underlying relation is transitive. Every RDF query 
language must handle the transitivity of RDF Schema relations, e.g. subClassOf. We 
are interested in transitive relations beyond RDF Schema.  

• Reification is special feature of RDF – it means making statements about other RDF 
statements, integrating a kind of meta-layer. The generalization of original statement 
becomes a new resource to which we can attach other properties.  

• Containers are lists of resources or literals. RDF syntax defines three types of 
containers: Bag (unordered), Sequence (ordered) and Alternative (for different 
representations of the same subject, e.g. the mirrors for download files).  

• Namespace and Value Space mean a possibility to handle URI prefixes and data type 
values, not only strings.  

• Entailment means reasoning about the meaning of an RDF graph. Entailment rules 
define which implicit information can be inferred from explicit information.  

For the purpose of fuzzy logic, we need to work with real numbers that represent truth 
values. This requirement excludes Triple, Versa and N3, rule-oriented languages, 
because they do not support value space. RDQL is not acceptable because it misses 
many important features like aggregation and set operations. 



We have tested Sesame database which contains RQL and SeRQL languages. Sesame 
works with RDF data written in any particular syntax from the list mentioned in section 
2.1 and it can transform these syntaxes one to another. SeRQL query language 
implements all features except aggregation and recursion (see the original comparison 
paper). It works with XML data types including integer, single and double. Consider 
following query: 

SELECT *  

FROM {hotel} vv:price {price} 

WHERE price="250.0"^^xsd:double 

USING NAMESPACE vv = 

  <http://s.ics.upjs.sk/~vanekova/predicates/>, 

  xsd = <http://www.w3.org/2001/XMLSchema#>  

This query returns all hotels with the price equal to 250. But Sesame can only check 
equality or compare the numbers. It cannot perform math functions. According to 
openRDF forum this feature should be integrated to the system in the future, but no 
certain time is specified. Another disadvantage of Sesame is absence of max, min 
functions and ordering of selected data. These functionalities were not tested in the 
above comparison [6], but they are essential to handle truth values and retrieve best or 
top-k results. Sesame also supports RQL, but RQL does not show better performance 
than SeRQL.  

In addition to the query languages in the comparison, we tested SPARQL query 
language and server available on [11]. It supports a wide range of math operations and 
functions, but according to the syntax specification [7] these can only be used in the 
WHERE clause. SELECT clause does not allow more than variable names. This also 
makes SPARQL unacceptable for querying fuzzy RDF. 

The comparison assigns the best rating to RDFQL [8]. It is used by RDF Gateway, a 
platform for applications and software agents. RDF Gateway is both web server and web 
agent with native RDF database engine. Applications and agents can be written in a 
scripting language based on JavaScript and SQL. RDFQL syntax specification does not 
allow function usage in SELECT clause. The situation looks the same as with SPARQL. 

Having tested all currently available RDF query languages, we reached this 
conclusion: none of these languages provides the functionality that we need for 
representing fuzzy rules with queries. We have to design a workaround for one of 
existing query languages. SeRQL, SPARQL and RDFQL look like good starting points. 

If we choose to work with SeRQL, we need to write a client side program in Java that 
performs a query, retrieves the answer and orders it itself using quicksort ordering 
algorithm, or finds maximum value. This client program also adds math functions.  
Similar approach is valid for SPARQL, but this client program does not need to 
implement sorting algorithms, because SPARQL language contains its own ORDER BY 
clause. RDFQL is not so easy-to-use as two previous languages, but it allows greater 
expressivity. We can write an application that retrieves the values and applies any 
desired math functions. 

5. ILP Systems and RDF Data 

Standard logic programming works with deduction consequence. We can construct  
queries and get the result data selected from one or more tables. Inductive logic 
programming deals with inductive consequences, finding some new rules. The main 
advantage of ILP (Inductive Logic Programming) is in the combination of the efficiency 
inductive concept learning algorithms and expressive power of first-order logic. The 
most common address task in ILP is task of learning logical definition of relation, where 
tuples that belong or do not belong to the target relation are given as examples. ILP then 
induces a logic program corresponding to a view of the target relation in terms of other 
relations that are given as background knowledge. Formally [9]: 

Given is the set of positive and negative examples E+, E- and background knowledge 
B. The task is to find a hypothesis H such that the following holds: 

(∀e∈E+) B∪H |= e (completeness) 



(∀e∈E-)  B∪H |≠ e (consistency) 
This setting is called learning from entailment. In this setting the examples are ground 

facts and the background knowledge consist of ground facts and rules. The hypothesis 
contains rules.  

We show an example set of background knowledge B, a set of positive examples E+ 
and negative examples E-: 

B = { parent(ann, mary), parent(ann, tom),  

parent(tom, eve), parent(ann, jan), female(ann), 

female(mary), female(eve) }  

E+ = { daughter(mary, ann), daughter(eve, tom) }  

E- = { daughter(tom, ann), daughter(eve, ann) }. 

From these we can learn the hypothesis: 

H = {daughter(X, Y) :- female(X), parent(Y,X) } 

Alternative (rarely used) setting is called learning from interpretations, where 
examples are Herbrand interpretations - in this setting the requirements are replaced by 
the requirement that e is a model of B∪H.  

The basic task of every ILP system is finding new rules. We can represent the 
background knowledge as a table or more tables with data (it may be XML file, RDF file 
which all can be represented in Prolog).  

The example data set usually consists of binary or unary atoms. If we want to learn 
from RDF data, we must first translate them to binary form. If we have RDF graph (tree) 
with depth 1 (a root and n literals connected to it), we can represent it like binary 
predicates predicate1(subject,object1).,… predicaten(subject,objectn) or unite them into n–
ary predicate subject(object1, object2, …, objectn).  

Example: 
We have RDF document with given data and structure: 

computer

200MHz pentium 256 80Gb

R
a
m

HddClock

C
P

U

 
Fig. 2. RDF data describing a computer. 

Figure 2 says that we have a computer with 256 Mb ram, 80Gb disk space, 200MHz 
cpu speed and the cpu type is Pentium. This computer is a subject that we want to 
describe. Clock, cpu, ram and hdd are properties of the computer with values like 
Pentium, 80Gb, … We have the following binary Prolog predicates:  

clock(computer,200mhz). 

cpu(computer,pentium). 

ram(computer,256). 

hdd(computer,80gb). 

We create a single n-ary predicate: 

computer(200mhz,Pentium,256,80gb)  

This transformation encounters serious problems. We have no guaranty that RDF data 
contain exactly those n statements that we need to build a single n-ary predicate. This 
has to be checked by actual transformation software. Understanding RDF data as 



conventional database split into binary predicates needs additional constraints on the 
data structure.  

Reverse transformation, however, is straightforward: we can transform every n-ary 
predicate (n>2) into n binary predicates. The same approach holds for database tables. 
We can transform a table with n columns into n tables with two columns. One unique 
attribute – identifier – is added for each row of the original table. Then the i-th created 
table will contain two columns – identifier and i-th column of the original table. Splitting 
of n-ary predicates or database tables works according to following schema shown on 
Figure 3: 

T ab1

PK id

a1

T ab2

PK id

a2

T ab-n

PK id

a-n

T ab le

a1

a2

...

an

Fig. 3. Splitting of n.ary predicates. 

Suppose that we have a predicate named computer with 4 attributes from previous 
example.  

computer(200mhz,Pentium,256,80gb). 

We add attribute id, and a value of this attribute (for example 1).  

clock(1,200mhz). 

cpu(1,pentium). 

ram(1,256). 

hdd(1,80gb). 

Problems with data transformation can arise if the tree has depth greater that 1, 
because this tree may have various predicates connected to one resource. None of them 
has to agree with another predicate on the same level. 
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Fig. 4. RDF tree with depth>1. 

On the Figure 4 there is a hotel with name or ID Hilton and it consists of ground floor, 
first and second floor. These floors contain rooms, which have some equipment. We 
represent this tree with binary predicates: 

consist(hotel_hilton,groundfloor). 

consist(hotel_hilton,floor1). 

consist(hotel_hilton,floor2). 



has(groundfloor,reception). 

has(floor1,room11). has(floor1,room12). 

has(floor2,room21). has(floor2,room22). 

beds(room11,2). beds(room12,3). 

beds(room21,2). beds(room22,3). 

outlook(room11,sea). outlook(room12,town). 

outlook(room21,sea). outlook(room22,town). 

Let us consider learning on this data. ILP system can learn predicate for good room. If 
we define good room to be on second floor, we get following sets of positive and 
negative examples: 

Positive examples Negative examples 

goodroom(room21) goodroom(room11) 

goodroom(room22) goodroom(room12) 

The result is goodroom(A) :- has(floor2,A). This rule covers all positive and no 
negative examples and it is identical with our supposition.  

One question is if ILP system is able to work with n-ary data in the same way as it 
works with binary data. We have tested ILP system GOLEM [13]. We are interested in 
total presents of ILP system - it means how many examples will be covered if the system 
learns from binary or n-ary data. Learning time is also important. We presume that 
covering positive examples may be better if data is in binary form, because there are 
more predicates, from witch the final hypothesis is constructed.  

Example: Predicate computer has 9 attributes: name or id of computer, speed of 
CPU,  Mb of RAM, type of CPU, disk space, type of monitor, type of disk drive (cd or 
dvd rom), type of vga and price of this computer. Examples in n-ary form: 

computer(a,50,16,486,1600,14,cd,1,500). 

computer(b,100,16,pentium,1800,15,cd,1,1200). 

computer(c,166,32,pentium,2000,15,cd,4,1000). 

computer(d,166,32,pentium,2200,15,cd,4,5000). 

computer(e,700,64,pentiumtri,20000,17,dvd,32,10000). 

computer(f,700,128,duron,80000,17,dvd,64,10000). 

computer(g,700,128,pentiumstiry,20000,17,cd,64,20000). 

computer(h,2000,512,atlon,160000,21,dvd,128,22000). 

Conversion to binary form follows the schema above (Figure 3).  After conversion of 
the first predicate (for computer a) we get these predicates: 

mhz(a,50). ram(a,16). cpu(a,486). hdd(a,1600). 

monitor(a,14). rom(a,cd). vga(a,1). cena(a,500). 

We are going to learn the rule good pc.  

Positive examples  

goodpc(a). goodpc(c). goodpc(e). goodpc(f). goodpc(h).  

Negative examples 
goodpc(b). goodpc(d). goodpc(g). 

The results for n-ary data: 

goodpc(a). 

goodpc(c). 

goodpc(A) :- computer(A,B,C,D,E,F,dvd,G,H). 

The results for binary predicates: 

goodpc(a). 

goodpc(c). 

goodpc(A) :- rom(A,dvd). 

The found rule states that good PC must have dvd rom. Other attributes are not 
cardinal. It covers all positive examples. 

Splitting n-ary predicates to binary predicates in fuzzy logic is even more complicated 
because every rule has its assigned truth value. If we want to split clause with n 
elements, the truth value may be lost. Moreover, the notation of rule with one n-ary 



predicate in the body is not semantically identical with rule split to binary rules. Comma 
in the body of clause means logical and connective. In fuzzy logic there are Gödel, 
Lukasiewicz and Produkt connectives which compute the resulting truth value in slightly 
different ways. In ILP learning there is no directive about how to choose particular type 
of connective. 

Grading the data is one possible way for using fuzzy logic with ILP. We define a kind 
of ordering for truth or other values [12]. 
We will define grade for the attribute clock from the previous example like “50 < 100 
< 166 < 700 < 2000” what means that the cpu with 50mhz is worse than the cpu with 
100mhz, and so on. We use the same method for the price ”500 > 1000 > 1200 > 
5000 > 10000 > 20000 > 22000” what means that the computer with price 500 is better 
than the computer with price 1000, and so on. 

We test this data in ILP system Aleph. This system differs from Golem because it can 
use rules in the background knowledge. The rules are necessary to define the grade. We 
have this background knowledge: 

mhz(A,C) :- mr_mhz(C,D), mhz(A,D). 

mr_mhz(50,100). 

mr_mhz(100,166). 

mr_mhz(166,700). 

mr_mhz(700,2000). 

We get the following results: 

goodpc(A) :- price(A,1000).  

[covered 2 positive examples goodpc(a). goodpc(c).] 

goodpc(A) :- rom(A, dvd). 

[covered 3 positive examples goodpc(e). goodpc(f). goodpc(h).] 

These rules say that the good computer has DVD rom or costs at most 1000. The result 
covers more positive examples compared with previous example using Golem.  

6. Future Work 

In the deductive part we want to create a system that supports writing fuzzy queries 
on RDF data. This means modifying some existing query language and adding the 
features that are not supported so far. We can work with SeRQL, RDFQL or SPARQL 
database. SPARQL and RDFQL support most features and we only need to add math 
functions to SELECT clauses. SeRQL does not support ordering, but it is easier to use 
and modify.  

After managing simple queries that represent fuzzy sets, we can use more complicated 
queries. There is a possibility to integrate fuzzy aggregation functions and various types 
of fuzzy logic connectives. The implementation should contain a simple user interface to 
define the fuzzy sets.  

The selected results will be used as positive examples for Aleph ILP system. We will 
grade fuzzy truth values from the RDF data. We presume that the set of positive 
examples is allways finite and that predicates of the same type can be ordered by their 
truth values. Then we generate a list of new predicates to specify this ordering relation. 
We translate the original n-ary predicates to binary predicates and use them as a 
background knowledge for the ILP system. The goal is to learn rules from fuzzy RDF 
data.  

7. Conclusion 

In this paper we studied the possibilities of RDF in fuzzy logic programming. Since 
RDF is independent of concrete serialization syntax, there are more possible syntaxes to 
use. We chose Turtle syntax because of its simplicity and expressivity. Then we 



searched the variety of RDF query languages and we tried to choose one of them to 
implement queries that represent fuzzy sets or even more complex fuzzy logic programs. 
We found that none of the compared languages suffices for our purpose. Writing a client 
database program for one of existing languages seems to be the only solution of this 
problem. For the future implementation of this client program, we intend to use SeRQL, 
SPARQL or RDFQL. 

The ILP systems Golem and Aleph are not able to learn from RDF data directly, they 
work only with Prolog predicates. However, we can easily transform RDF data to n-ary 
or binary predicates. Golem and Aleph are different because Golem does not allow rules 
in background knowledge, while Aleph supports them. This feature of Aleph enables us 
to define the grade for fuzzy data and use it as a kind of ordering.  This allows us to 
extend the usual classification of positive and negative examples. Grade data is suitable 
for learning from fuzzy RDF. Binary predicates show better results than n-ary predicates. 
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