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In many declarative frameworks, unfolding is a very well-known semantics-preserving transforma-
tion technique based on the application of computational steps on the bodies of program rules for
improving efficiency. In this paper we describe an online tool which allows us to unfold a symbolic
extension of a modern fuzzy logic language where program rules can embed concrete and/or sym-
bolic fuzzy connectives and truth degrees on their bodies. The system offers a comfortable interaction
with users for unfolding symbolic programs and it also provides useful options to navigate along the
sequence of unfolded programs. Finally, the symbolic unfolding transformation is connected with
some fuzzy tuning techniques that we previously implemented on the same tool.

1 Introduction

During the last decades, several fuzzy logic programming systems have been developed, where the clas-
sical SLD resolution principle of logic programming has been replaced by a fuzzy variant with the aim
of dealing with partial truth and reasoning with uncertainty in a natural way. Most of these systems
implement (extended versions of) the resolution principle introduced by Lee [11], such as Elf-Prolog [3],
F-Prolog [12], Fril [1], MALP [13], R-fuzzy [2], and FASILL [8].

In this paper we focus on the so-called multi-adjoint logic programming approach MALP [13], a
powerful and promising approach in the area of fuzzy logic programming. Intuitively speaking, logic
programming is extended with a multi-adjoint lattice L of truth values (typically, a real number between 0
and 1), equipped with a collection of adjoint pairs 〈&i,←i〉 and connectives: implications, conjunctions,
disjunctions, and other operators called aggregators, which are interpreted on this lattice. Consider,
for instance, the following MALP rule: “good(X)←P @aver(nice(X),cheap(X)) with 0.8”, where the
adjoint pair 〈&P,←P〉 is defined as shown in the first line of Figure 1, and the aggregator @aver is
typically defined as @aver(x1,x2) , (x1 + x2)/2. Therefore, the rule specifies that X is good—with a
truth degree of 0.8— whenever X be nice and cheap enough. Assuming that X is nice and cheap with,
e.g., truth degrees n and c, respectively, then X is good with a truth degree of 0.8∗ ((n+ c)/2).

When specifying aMALP program, it might sometimes be difficult to assign weights—truth degrees—
to program rules, as well as to determine the right connectives.1 This is a common problem with fuzzy
control system design, where some trial-and-error is often necessary. In our context, a programmer can

∗This work has been partially supported by the EU (FEDER), the State Research Agency (AEI) and the Spanish Ministerio
de Economía y Competitividad under grant TIN2016-76843-C4-2-R (AEI/FEDER, UE).

1For instance, we have typically several adjoint pairs as shown in Figure 1: Łukasiewicz logic 〈&L,←L〉, Gödel logic
〈&G,←G〉 and product logic 〈&P,←P〉, which might be used for modeling pessimist, optimist and realistic scenarios, respec-
tively.
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&P(x,y), x∗ y ←P (x,y),
{

1 if y≤ x
x/y if 0 < x < y

Product logic

&G(x,y), min(x,y) ←G (x,y),
{

1 if y≤ x
x otherwise

Gödel logic

&L(x,y), max(0,x+ y−1) ←L (x,y), min(x− y+1,1) Łukasiewicz logic

Figure 1: Adjoint pairs of three different fuzzy logics over 〈[0,1],≤〉.

develop a prototype and repeatedly execute it until the set of answers is the intended one. Unfortunately,
this is a tedious and time consuming operation.

In order to overcome this drawback, in [16] we have recently introduced a symbolic extension of
MALP programs called symbolic multi-adjoint logic programming (sMALP). Here, we can write rules
containing symbolic truth degrees and symbolic connectives, i.e., connectives which are not defined on its
associated multi-adjoint lattice. In order to evaluate these programs, we introduce a symbolic operational
semantics that delays the evaluation of symbolic expressions. Therefore, a symbolic answer could now
include symbolic (unknown) truth values and connectives. The approach is correct in the sense that
using the symbolic semantics and then replacing the unknown values and connectives by concrete ones
gives the same result as replacing these values and connectives in the original sMALP program and, then,
applying the concrete semantics on the resulting MALP program. Furthermore, in [16, 17]2 it is showed
how sMALP programs can be used to tune a program w.r.t. a given set of test cases, thus easing what is
considered the most difficult part of the process: the specification of the right weights and connectives
for each rule.

On other hand, in [6, 7, 14] we successfully adapted the unfolding transformation to MALP and
FASILL programs, and in [15] we introduced its symbolic extension for sMALP programs, which moti-
vates the present work. The main goal of this paper is to describe the online implementation of symbolic
unfolding technique in FLOPER (Fuzzy LOgic Programming Environment for Research), which is freely
available from http://dectau.uclm.es/unfold/smalp.

The structure of this paper is as follows. Sections 2 and 3 focus on the syntax and operational
semantics of the framework of symbolic multi-adjoint logic programming by showing how such kind of
programs can be loaded and executed into the online tool. Then, in Section 4, we describe the capability
of the tool for unfold symbolic programs. In Section 5, after reviewing the capabilities of the tool for
tuning symbolic programs that we introduced in [16, 17], we establish some feedback between such
techniques and the symbolic unfolding transformation just implemented and described in this paper.
Finally, Section 6 concludes and points out some directions for further research.

2 Symbolic Multi-adjoint Logic Programs

We assume the existence of a multi-adjoint lattice 〈L,�,&1,←1, . . . ,&n,←n〉, equipped with a collection
of adjoint pairs 〈&i,←i〉—where each &i is a conjunctor which is intended to be used for the evaluation
of modus ponens [13]—. In addition, on each program rule, we can have a different adjoint implication
(←i), conjunctions (denoted by ∧1,∧2, . . .), adjoint conjunctions (&1,&2, . . . ), disjunctions (|1, |2, . . .),
and other operators called aggregators (usually denoted by @1,@2, . . .); see [18] for more details. More
exactly, a multi-adjoint lattice fulfills the following properties:

2The online tuning tool is available through http://dectau.uclm.es/tuning/.

http://dectau.uclm.es/unfold/smalp
http://dectau.uclm.es/tuning/
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Figure 2: Screenshot of the online tool showing a loaded program and lattice.

• 〈L,�〉 is a (bounded) complete lattice.3

• For each truth function of &i, an increase in any of the arguments results in an increase of the
result (they are increasing).

• For each truth function of←i, the result increases as the first argument increases, but it decreases
as the second argument increases (they are increasing in the consequent and decreasing in the
antecedent).

• 〈&i,←i〉 is an adjoint pair in 〈L,�〉, namely, for any x,y,z ∈ L, we have that: x � (y←i z) if and
only if (x &i z)� y.

Example 1. At the bottom of Figure 2, we specify the lattice ([0,1],≤) loaded by default in our tool. In
general, lattices are described by means of a set of Prolog clauses where the definition of the following
predicates is mandatory: member/1 and members/1, that identify the elements of the lattice; bot/1 and
top/1 stand for the infimum and supremum elements of the lattice; and finally leq/2, that implements
the ordering relation. Connectives are defined as predicates whose meaning is given by a number of
clauses. The name of a predicate has the form and_label, or_label or agr_label depending on whether
it implements a conjunction, a disjunction or an aggregator, where label is an identifier of that particular

3A complete lattice is a (partially) ordered set 〈L,�〉 such that every subset S of L has infimum and supremum elements. It
is bounded if it has bottom and top elements, denoted by ⊥ and >, respectively. L is said to be the carrier set of the lattice, and
� its ordering relation.
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Figure 3: Screenshot of the online tool showing the run input area.

connective. The arity of the predicate is n+1, where n is the arity of the connective that it implements,
so its last parameter is a variable to be unified with the truth value resulting of its evaluation.

In this work, given a multi-adjoint lattice L, we consider a first order language LL built upon a
signature ΣL, that contains the elements of a countably infinite set of variables V , function and predicate
symbols (denoted by F and Π, respectively) with an associated arity—usually expressed as pairs f/n
or p/n, respectively, where n represents its arity—, and the truth degree literals ΣT

L and connectives ΣC
L

from L. Therefore, a well-formed formula in LL can be either:

• A value v ∈ ΣT
L , which will be interpreted as itself, i.e., as the truth degree v ∈ L.

• p(t1, . . . , tn), if t1, . . . , tn are terms over V ∪F and p/n is an n-ary predicate. This formula is called
atomic (or just an atom).

• ς(e1, . . . ,en), if e1, . . . ,en are well-formed formulas and ς is an n-ary connective with truth function
[[ς ]] : Ln 7→ L.

As usual, a substitution σ is a mapping from variables in V to terms over V ∪F such that Dom(σ) =
{x ∈ V | x 6= σ(x)} is its domain. Substitutions are usually denoted by sets of mappings like, e.g.,
{x1/t1, . . . ,xn/tn}. Substitutions are extended to morphisms from terms to terms in the natural way. The
identity substitution is denoted by id. The composition of substitutions is denoted by juxtaposition, i.e.,
σθ denotes a substitution δ such that δ (x) = θ(σ(x)) for all x ∈ V .

A MALP rule over a multi-adjoint lattice L is a formula H ←i B, where H is an atomic formula
(usually called the head of the rule), ←i is an implication symbol belonging to some adjoint pair of L,
and B (which is called the body of the rule) is a well-formed formula over L without implications. A
goal is a body submitted as a query to the system. A MALP program is a set of expressions R with v,
where R is a rule and v is a truth degree (a value of L) expressing the confidence of a programmer in
the truth of rule R. By abuse of the language, we often refer to R with v as a rule. (see, e.g., [13] for a
complete formulation of the MALP framework).

We are now ready for summarizing the symbolic extension of multi-adjoint logic programming ini-
tially presented in [16] where, in essence, we allow some undefined values (truth degrees) and connec-
tives in the program rules, so that these elements can be systematically computed afterwards according to
a given set of test cases thanks to the use of our tuning techniques implemented in [17]. In the following,
we will use the abbreviation sMALP to refer to programs belonging to this setting. Here, given a multi-
adjoint lattice L, we consider an augmented language L s

L ⊇ LL which may also include a number of
symbolic values, symbolic adjoint pairs and symbolic connectives which do not belong to L. Symbolic
objects are usually denoted as os with a superscript s and, in our online tool, their identifiers always start
with #.
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Definition 1 (sMALP program). Let L be a multi-adjoint lattice. An sMALP program over L is a set of
symbolic rules, where each symbolic rule is a formula (H ←i B with v), where the following conditions
hold:

• H is an atomic formula of LL (the head of the rule);

• ←i is a (possibly symbolic) implication from either a symbolic adjoint pair 〈&s,←s〉 or from an
adjoint pair of L;

• B (the body of the rule) is a symbolic goal, i.e., a well-formed formula of L s
L ;

• v is either a truth degree (a value of L) or a symbolic value.

Example 2. At the top of Figure 2, we can see a sMALP program loaded into our online tool. Here, we
consider a travel guide that offers information about three restaurants, named attica, celler and gaggan,
where each one of them is featured by three factors: the restaurant services (cleanliness, parking, etc),
the quality of its food, and the price, denoted by predicates service, food and price, respectively. Here,
we assume that all weights can be easily obtained except for the weight of the fact service(attica), which
is unknown, so we introduce a symbolic weight #s3. Also, the programmer has some doubts on the
connectives used in the first rule, so she introduces two symbolic connectives, i.e., the disjunction and
aggregator symbols #|s1 and #@s2.

3 Running Symbolic Programs

The procedural semantics of sMALP is defined in a stepwise manner as follows. First, an operational
stage is introduced which proceeds similarly to SLD resolution in pure logic programming. In con-
trast to standard logic programming, though, our operational stage returns an expression still containing
a number of (possibly symbolic) values and connectives. Then, an interpretive stage evaluates these
connectives and produces a final answer (possibly containing symbolic values and connectives). The
procedural semantics of both MALP and sMALP programs is based on a similar scheme. The main
difference is that, for MALP programs, the interpretive stage always returns a value, while for sMALP

programs we might get an expression containing symbolic values and connectives that should be first
instantiated in order to compute a value.

In the following, C [A] denotes a formula where A is a sub-expression which occurs in the—possibly
empty—context C []. Moreover, C [A/A′] means the replacement of A by A′ in context C [], whereas
V ar(s) refers to the set of distinct variables occurring in the syntactic object s, and θ [V ar(s)] denotes
the substitution obtained from θ by restricting its domain to V ar(s). An sMALP state has the form
〈Q;σ〉 where Q is a symbolic goal and σ is a substitution. We let E s denote the set of all possible
sMALP states.

Definition 2 (Admissible step). Let L be a multi-adjoint lattice and P an sMALP program over L. An
admissible step is formalized as a state transition system, whose transition relation→AS ⊆ (E s×E s) is
the smallest relation satisfying the following transition rules:4

1. 〈Q[A];σ〉 →AS 〈(Q[A/v&iB])θ ;σθ〉,
if θ = mgu({H = A}) 6= f ail, (H ←i B with v)<<P and B is not empty.5

4Here, we assume that A in Q[A] is the selected atom. Furthermore, as it is common practice, mgu(E) denotes the most
general unifier of the set of equations E [10].

5For simplicity, we consider that facts (H with v) are seen as rules of the form (H←i> with v) for some implication←i.
Furthermore, in this case, we directly derive the state 〈(Q[A/v])θ ;σθ〉 since v &i>= v for all &i.
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2. 〈Q[A];σ〉 →AS 〈(Q[A/⊥]);σ〉,
if there is no rule (H ←i B with v)<<P such that mgu({H = A}) 6= f ail.

Here, (H ←i B with v)<<P denotes that (H ←i B with v) is a renamed apart variant of a rule in P
(i.e., all its variables are fresh). Note that symbolic values and connectives are not renamed.

Observe that the second rule is needed to cope with expressions like
@aver(p(a),0.8), which can be evaluated successfully even when there is no rule matching p(a) since
@aver(0,0.8) = 0.4. We sometimes call failure steps to this kind of admissible steps.

In the following, given a relation→, we let→∗ denote its reflexive and transitive closure. Also, an
Ls-expression is now a well-formed formula of L s

L which is composed by values and connectives from
L as well as by symbolic values and connectives.

Definition 3 (Admissible derivation). Let L be a multi-adjoint lattice and P be an sMALP program
over L. Given a goal Q, an admissible derivation is a sequence 〈Q; id〉 →∗AS 〈Q′;θ〉. When Q′ is an
Ls-expression, the derivation is called final and the pair 〈Q′;σ〉, where σ = θ [V ar(Q)], is called a
symbolic admissible computed answer (saca, for short) for goal Q in P .

Given a goal Q and a final admissible derivation 〈Q; id〉 →∗AS 〈Q′;σ〉, we have that Q′ does not contain
atomic formulas. Now, Q′ can be solved by using the following interpretive stage:

Definition 4 (Interpretive step). Let L be a multi-adjoint lattice and P be an sMALP program over L.
Given a saca 〈Q;σ〉, the interpretive stage is formalized by means of the following transition relation
→IS⊆ (E s×E s), which is defined as the least transition relation satisfying:

〈Q[ς(r1, . . . ,rn)];σ〉 →IS 〈Q[ς(r1, . . . ,rn)/rn+1];σ〉

where ς denotes a connective defined on L and [[ς ]](r1, . . . ,rn) = rn+1.
An interpretive derivation of the form 〈Q;σ〉 →∗IS 〈Q′;θ〉 such that 〈Q′;θ〉 cannot be further re-

duced, is called a final interpretive derivation. In this case, 〈Q′;θ〉 is called a symbolic fuzzy computed
answer (sfca, for short). Also, if Q′ is a value of L, we say that 〈Q′;θ〉 is a fuzzy computed answer (fca,
for short).

Figure 4: Screenshot of the symbolic derivation tree generated by the online tool.
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In Figure 3, we can see the run area of our online tool. After introducing a goal and clicking on the
Answers & Tree button, the system executes the goal and generates both the whole set of its sfca’s as
well as its associated derivation tree (in plain text and also graphically), as seen in Figures 4 and 7.
Each sfca appears on a different leaf of the tree, where each state contains its corresponding goal and
substitution components and they are drawn inside yellow ovals. Computational steps, colored in blue,
are labeled with the program rule they exploit in the case of admissible steps or with the word “is”,
corresponding to interpretive steps.
Example 3. Consider again the multi-adjoint lattice L and the sMALP program P of Example 2. Figure
4 shows the admissible and interpretive derivations for the goal good_restaurant(X) in P , where we
can see that the first associated saca is 〈#|s1(@very(0.8),#@s2(0.9,#s3));{X/attica}〉, and its sfca is
〈#|s1(0.64,#@s2(0.9,#s3));{X/attica}〉, since it cannot be further reduced.

4 Unfolding Symbolic Multi-adjoint Logic Programs

Unfolding is a well-known, widely used, semantics-preserving program transformation rule. In essence,
it is usually based on the application of operational steps on the body of program rules [19]. The un-
folding transformation is able to improve programs, generating more efficient code, and is the basis for
developing sophisticated and powerful programming tools, such as fold/unfold transformation systems
or partial evaluators, etc.

Figure 5: Screenshot of the online tool showing the unfolding area.
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(a) Program P1 after first unfolding based on→AS step.

(b) Program P7 after unfoldings based on→AS steps.

(c) Program P8 after first unfolding based on→IS step.

(d) Final unfolded program P10.

Figure 6: Screenshots of the online tool showing the unfolded program.

Definition 5 (Symbolic Unfolding). Let P be an sMALP program and let R : A←B ∈P be a program
rule with no empty body. Then, the symbolic unfolding of rule R in program P is the new sMALP

program P ′ = (P−{R})∪{Aσ ←B′ | 〈B; id〉 → 〈B′;σ〉}.
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(a) Original program P0

(b) Unfolded program P10

Figure 7: Screenshots of the graphical symbolic trees generated by the online tool.

Example 4. We consider again the sMALP program of Example 2. Below the input program of our
online tool (see Figure 2), we have the option to unfold the loaded program. By clicking on the Unfold
program button, all rules of the program will be listed as shown in Figure 5. If we unfold its first rule
(with selected atom f ood(X)) by applying a→AS step with the three facts defining predicate f ood, we
obtain the program shown in Figure 6(a), which removes the unfolded rule and contains three new rules6.

After 6 more unfoldings based on →AS steps, we have exploited all the atoms, as we can see in
Figure 6(b). Then, if we unfold its first rule (with selected expression @very(0.8)) by applying a →IS

step, we obtain the program shown in Figure 6(c). Finally, after 2 unfoldings based on →IS steps, we
reach the final program shown in Figure 6(d), that cannot be further unfolded. It is easy to see that the
new program produces the same set of sfca’s for a given goal but reducing the length of derivations. For
instance, the derivation performed w.r.t. the original program illustrated in Example 3 can be emulated
in the final program with just one→AS step, as we can see in Figure 7, which shows the graphical trees
generated by the online tool for the goal good_restaurant(X) with the initial program (a) and its final
unfolded version (b).

6It is important to note that, at execution time, each implication symbol belonging to a concrete adjoint pair is replaced by
its adjoint conjunction. So, given a rule A←i B with v, it is converted to A← v &i B before unfolding.



10 An Online Tool for Unfolding Symbolic Fuzzt Logic Programs

Figure 8: Screenshot of the online tool for starting the tuning process.

Since the sMALP language was initially conceived for tuning fuzzy logic programs, we finish this sec-
tion by exploring the synergies between this technique and the unfolding transformation described and
implemented in this paper.

Given a multi-adjoint lattice L and a symbolic language L s
L , in the following we consider symbolic

substitutions that are mappings from symbolic values and connectives to expressions over ΣT
L ∪ΣC

L . Sym-
bolic substitutions are denoted by Θ,Γ, . . . Furthermore, for all symbolic substitution Θ, we require the
following condition: ←s/←i ∈Θ iff &s/&i ∈Θ, where 〈&s,←s〉 is a symbolic adjoint pair and 〈&i,←i〉
is an adjoint pair in L. Intuitively, this is required for the substitution to have the same effect both on the
program and on an Ls-expression.

Given an sMALP program P over L, we let sym(P) denote the symbolic values and connectives in
P . Given a symbolic substitution Θ for sym(P), we denote by PΘ the program that results from P
by replacing every symbolic symbol es by esΘ. Trivially, PΘ is now a MALP program.

The following theorem formally proved in [16] is a key result in order to use sMALP programs for
tuning the components of a MALP program:

Theorem 1. Let L be a multi-adjoint lattice and P be an sMALP program over L. Let Q be a goal.
Then, for any symbolic substitution Θ for sym(P), we have that 〈v;θ〉 is a fca for Q in PΘ iff there
exists a sfca 〈Q′;θ ′〉 for Q in P and 〈Q′Θ;θ ′〉 →∗IS 〈v;θ ′〉, where θ ′ is a renaming of θ .

Example 5. Consider again the multi-adjoint lattice L and the sMALP program P in Figure 2. Let
Θ = {#|s1/|godel,#@s2/@aver,#s3/0.6} be a symbolic substitution. Given the sfca from Example 3, we
have:

〈#|s1(0.64,#@s2(0.9,#s3))Θ;{X/attica}〉 ≡ 〈|godel(0.64,@aver(0.9,0.6));{X/attica}〉

So, we have the following interpretive final derivation for the instantiated sfca:

〈|godel(0.64,@aver(0.9,0.6));{X/attica}〉 →IS

〈|godel(0.64,0.75);{X/attica}〉 →IS

〈0.75;{X/attica}〉

By Theorem 1 we have that, for good_restaurant(X) in PΘ, 〈0.75;{X/attica}〉 is also a fca.

Note that the previous theorem establishes two equivalent ways for obtaining the same sets of fca’s for
a given goal, which in both cases require the same computational effort as illustrated in the previous
example, where the final fca 〈0.8;{X/attica}〉 is reached after applying 4 admissible steps plus 3 inter-
pretive steps. However, in [16, 17] we proved that for tuning purposes, the computational complexity of
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Figure 9: Screenshot of the online tool after the tuning process with P0.

our techniques can be largely improved only by the method based on the application of symbolic com-
putational steps to find saca’s and then instantiating them to reach final fca’s (instead of instantiating the
original sMALP program an then proceed with the classical operational semantics of MALP). It is easy
to see that efficiency of tuning a sMALP program P could be increased once again if the same method
would receive as input an unfolded version of P .

5 Symbolic Unfolding versus Fuzzy Tuning Techniques

We start this section by summarizing the automated technique for tuning multi-adjoint logic programs
using sMALP programs that we initially presented in [16] and next implemented in our online tool in
[17], as we are going to explain.

Typically, a programmer has a model in mind where some parameters have a clear value. For in-
stance, the truth value of a rule might be statistically determined and, thus, its value is easy to obtain. In
other cases, though, the most appropriate values and/or connectives depend on subjective notions and,
thus, programmers do not know how to obtain these values. In a typical scenario, we have an extensive
set of expected computed answers (i.e., test cases), so the programmer can follow a “try and test” strat-
egy. Unfortunately, this is a tedious and time consuming operation. Actually, it might even be impractical
when the program should correctly model a large number of test cases.

The first action for initializing the tuning process in the online tool obviously consists in introducing
a set of test cases as shown in Figure 8. Each test case appears in a different line with syntax: r −>
Q, where r is the desired truth degree for the fca associated to query Q (which obviously does not
contain symbolic constants). Then, users simply need to click on the Generate substitution button for
proceeding with the tuning process. The precision of the technique depends on the set of symbolic
substitutions considered at tuning time. So, for assigning values to the symbolic constant (starting with
#), our tool takes into account all the truth values defined on the members/1 predicate (which in our case
is defined as members([0,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1])) as well as the set of connectives
defined in the lattice of Figure 2, which in our running example coincides with the three conjunction
and disjunction connectives based on the so-called Product, Gödel and Łukasiewicz logics, as shown in
Figure 1. Obviously, the larger the domain of values and connectives is, the more precise the results are.
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Figure 10: Program P0 after applying symbolic substitution Θ.

Definition 6 (Algorithms for tuning of sMALP programs).

Input: an sMALP program P and a number of (expected) test cases (Qi,〈vi;θi〉), where Qi is a goal
and 〈vi;θi〉 is its expected fca for i = 1, . . . ,k.

Output: a symbolic substitution Θ.

Basic method:

1. Consider a finite number of possible symbolic substitutions for sym(P), say Θ1, . . . ,Θn, n > 0.

2. For each j ∈ {1, . . . ,n}, compute 〈Qi,θi〉 →∗ 〈vi, j;θi〉 in PΘ j, for i = 1, . . . ,k.

3. Finally, return the symbolic substitution Θ j that minimizes ∑
k
i=1 distance(vi,vi, j).

Symbolic method:

1. For each test case (Qi,〈vi;θi〉), compute the sfca 〈Q′i,θi〉 of 〈Qi, id〉 in P .

2. Consider a finite number of possible symbolic substitutions for sym(P), say Θ1, . . . ,Θn, n > 0.

3. For each j ∈ {1, . . . ,n}, compute 〈Q′iΘ j,θi〉 →∗IS 〈vi, j;θi〉, for i = 1, . . . ,k.

4. Finally, return the symbolic substitution Θ j that minimizes ∑
k
i=1 distance(vi,vi, j).

Thresholded method:

1. For each test case (Qi,〈vi;θi〉), compute the sfca 〈Q′i,θi〉 of 〈Qi, id〉 in P .

2. Consider a finite number of possible symbolic substitutions for sym(P), say Θ1, . . . ,Θn, n > 0.

3. τ = ∞; For each symbolic substitution j ∈ {1, . . . ,n} and τ 6= 0

z = 0; For each test case i = {1, . . . ,k} and τ > z
compute 〈Q′iΘ j,θi〉 →∗IS 〈vi, j;θi〉
let z = z+distance(vi,vi, j).

if z < τ then { τ = z; Θτ = Θ j }.
4. Finally, return the best symbolic substitution Θτ .

For tuning an sMALP program, we have implemented three methods detailed in Definition 6 (which
exhibit different run-times for obviously producing the same outputs as shown in Figure 9).

• Basic: The basic method is based on applying each symbolic substitution to the original sMALP

program and then fully executing the resulting instantiated MALP programs (both the operational
and the admissible stages).
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• Symbolic: In this version, symbolic substitutions are directly applied to sfca’s (thus only the inter-
pretive stage is repeatedly executed).

• Thresholded: In this case, we consider the symbolic algorithm improved with thresholding tech-
niques7.

The system also reports the processing time required by each method and offers an option for applying
the best symbolic substitution to the original sMALP program in order to show the final, tuned MALP

program. In our case, the best substitution is Θ = {#|s1/|godel,#@s2/@aver,#s3/0.6} with a desviation
of 0.01. By clicking the Apply substitution button, the program becomes in the program of Figure 10,
and the result of executing goal good_restaurant(X) is shown in Figure 11.

7This version is not relevant for the purposes of this paper, in the sense that thresholding techniques are widely used in the
fuzzy logic area for prematurely disregarding computations leading to non significant solutions (since there is evidence that they
might lead to solutions whose associated truth degrees would always be lower than other ones previously reached) and they can
be applied to both the basic and symbolic tuning methods under comparison in this section. In [8, 4, 5, 20] we document some
interesting results achieved in our research group when designing sophisticated tools for manipulating fuzzy logic programs.

(a) Original tuned program P0Θ

(b) Unfolded tuned program P10Θ

Figure 11: Screenshots of the graphical trees generated by the online tool.
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Figure 12: Screenshot of the online tool after the tuning process with P10.

Until now, we have considered unfolding and tuning operations as independent techniques with clearly
different objectives: the first one to improve the efficiency of programs, and the second one to calibrate
their rules. However, the unfolding transformation can be used in order to improve the tuning process,
approaching the run-time of the basic method to the symbolic one.

Figure 12 shows the outputs of the tuning process after unfolding the program of Example 2 (see
Figure 6(d)), where we can see how the best symbolic substitution is the same that in Figure 9, but the run-
time of the basic method has been reduced considerably, while run-time of the symbolic and thresholded
methods have barely changed. This is due to the fact that, after unfolding, the basic method only needs
one→AS step to get the admissible computed answers after applying each symbolic substitution.

Note that the basic method is still slower than the symbolic one, even with the unfolded version of the
program. That is because the basic method have to perform an→AS step for each symbolic substitution,
while the symbolic method calculates the sfca’s (also in one admissible step) only once and stores them.
So, if we consider n symbolic substitutions and k test cases for the tuning process, the basic method (with
the unfolded program) should compute (n−1)∗ k more admissible steps than the symbolic method.

6 Conclusions and Future Work

In this paper, we have collected from [15] our initial formulation of an unfolding transformation for
optimizing sMALP programs, which represents a symbolic extension of fuzzy logic programs belonging
to the so-called multi-adjoint logic programming approach. Here, we have implemented such technique
and described the online tool freely available via URL http://dectau.uclm.es/unfold/smalp.

Since in [8, 9] we have designed a new fuzzy language extending MALP with similarity relations, as
future work we plan to enrich the present implementation of the symbolic unfolding technique to cope
with such similarity relations according to some preliminary guidelines provided in [14]. Moreover,
a pending task related to the tuning techniques that we have combined here with symbolic unfolding,
consists in exploring their synergies with machine learning strategies and fuzzy SMT/SAT solvers.

http://dectau.uclm.es/unfold/smalp
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Appendix

This appendix is devoted to provide more details on experiments and implementation issues about the
tool described so far.

The Fuzzy LOgic Programming Environment for Research FLOPER, has been developed in Prolog

for analyzing, executing and debugging MALP and FASILL programs. The core of the tool is a parser
and a simulator of the operational semantics of these couple of fuzzy logic languages. The parser has
been developed using DCG’s, and it allows the management of fuzzy programs and goals once loaded
into the FLOPER system. The interpreter returns the set of fuzzy computed answers for a given goal
(that is, pairs that include a truth degree and a substitution). Moreover, the tool is also able to compile
fuzzy logic programs into standard Prolog code.

The online version shown in this paper is running in SWI-Prolog 7.2.3, 64 bits, over a Fedora server.
By means of JavaScript, users can perform asynchronous AJAX requests to our server. In each request,
all the data (program, lattice, goal, test cases, etc) is sent to the server, where a PHP script collects the in-
formation and calls to SWI-Prolog, who loads the FLOPER environment and executes the corresponding
task: running, unfolding, or tuning a program. On the other hand, it is also available a desktop version
of the FLOPER environment, whose graphical interface (see Figure 13) has been built using XPCE, the
SWI-Prolog native GUI library for developing graphical applications in Prolog.

Figure 13: Graphical user interface of the FLOPER desktop version.
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truth degrees symbolic constants

10 100 1000 10000 5 6 7 8 9 10
Basic 22 180 1720 16889 55 150 430 1265 3820 11345
Symbolic 5 40 400 4250 15 50 145 440 1305 3970
Thresholded 3 25 230 2460 10 35 115 340 790 2270
Unfolding + Basic 11 84 780 7670 26 70 200 580 1735 5485
Unfolding + Symbolic 5 50 445 4315 15 40 110 330 980 3145
Unfolding + Thresholded 3 35 345 3415 10 30 80 250 690 1870

Table 1: Tuning runtime (in milliseconds).

Has we have seen in this work, symbolic programs can be seen as partial specifications of fuzzy pro-
grams, where some elements on program rules have not been clearly identified yet. Here, we assume
that test cases are provided a priori by users in order to establish well known information about a
particular domain and, for this reason, they will usually be expressed as ground atoms with associ-
ated (desired) truth degrees. It is easy to think that the three test cases used in our running example
(see Figure 8) refers to user’s preferences that could be collected, for instance, by means of satis-
faction questionnaires or any other alternative kind of statistically-based analysis. However, our sys-
tem admits test cases non necessarily based on ground atoms, so before directly using the test cases
introduced in the input box, the system firstly tries to refine them by automatically instantiating the
variable symbols as much as possible. So, in our particular example, after introducing the test case
0.6−> good_restaurant(X), the tool generates the three sfca’s shown in Figure 4 and then uses their
substitution components for instantiating the original query, thus changing the original test case by the
following three ones: 0.6−> good_restaurant(attica), 0.6−> good_restaurant(celler), and
0.6−> good_restaurant(gaggan). Next, the user can manually update the truth degrees of some re-
fined test cases, as done in the box of Figure 8, where we observe that the three final test cases to be
used at tuning time are: 0.75−> good_restaurant(attica), 0.8−> good_restaurant(celler),
and 0.9−> good_restaurant(gaggan).

Finally, Table 6 summarizes the results of an experimental evaluation8 of the three tuning methods
described above, before and after applying symbolic unfolding and varying the number of truth degrees
(10, 100, 1000 and 10000) used when manipulating our running example. In the last column, we consider
variations of the the number of symbolic constants (both connectives and truth degrees) from 5 to 10, thus
showing that the thresholded method scales up quite well and solves the problem in just a few seconds.
Note that, in the most complex case, 310 different symbolic substitutions are considered at tuning time,
and the thresholded method is about two and three times more efficient than the basic and symbolic
ones, respectively, which witnesses the advantages of our improved tuning mechanism. Note also that
the application of unfolding before tuning a program is not relevant for the symbolic and thresholded
strategies, but the efficiency of the basic method notably increases, as argued in this paper.

8Each cell refers to the average of 100 executions using a desktop computer equipped with 4,00 GB RAM and i3-2310M
CPU @ 2.10 GHz.
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