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ABSTRACT: Non classical logics were introduced to allow handling imperfect concepts in intelligent systems. One of the
principal non classical logic is multi-valued logic that has the particularity to support symbolic data. We introduced in a
previouswork an approximate reasoning in the multi-val ued framework based on linguistic modifiersthat checks approximate
reasoning axiomatics. This paper describes the development of software model for the treatment of imperfection with our
approach of approximate reasoning. It is a knowledge-based systems shell for symbolic data called RAMOLI. This shell
provides simpleand interactive Graphical User Interfaceto introduce knowledge and to infer with our approximate reasoning.
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1. Introduction

In recent decades, researchers have emphasized the consideration of imperfect knowledge in intelligent systems. Indeed,
knowledge manipulated by human mind can be vague, imprecise, uncertain, etc. Several non-classical logics were therefore
born. The principal non classical logicisfuzzy logicintroduced by Zadeh [1]. It isbased on fuzzy set theory whichisgenerally
based on anumerical domain. However, according to some authors[2] [3] [4] fuzzy logic does not allow the representation of
abstract terms from natural language whichdo not refer to numerical scales, such as ugly, beautiful, intelligent, etc. Symbolic
multi-valued logic[2] [3] [5] isanother non-classical logic that allows asymbolic representation of terms, it isbased on multi-set
theory.

After the phase of knowledge representation, is the phase of knowledge manipulation by means of intelligent systems. We
focusinthiswork on Knowledge-Based Systems (KBS). A KBSisacomputer softwarethat uses artificial intelligenceto solve
problemsthat often require the additional expertise of ahuman authority [6] [7] [8] [9]. It isableto support explicit representation
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of knowledge in a specific area of expertise, and to exploit them through appropriate reasoning mechanisms. The goal is to
provide ahigh level performancein problemsolving. KBSisone of the few industrial success of Artificial Intelligence.

In the literature, several fuzzy KBS shell have been proposed in fuzzy logic context like FuzzyShell [10], FuzzyClips [11],
FuzzyJess [12], Fuzzy Prolog [13]. In the multi-valued framework of Akdag et al. [5], only one KBS shell was developed by
Khoukhi [14] and called Nuance. However, we proved in [15] that approximate reasoning approach used in Nuance does not
check approximate reasoning axiomatics proposed in the literature [16] [17], and we proposed a new approach of approximate
reasoning that check this axiomatics.

Our goal inthiswork isthe construction of aKBS shell for symbolic data. Therole of thisshell isto provide user interfacesthat
allow constructing a symbolic knowledge base. Moreover, it integrates an inference engine that deduces new facts from this
knowledge base. Symbolic knowledge are represented and treated with multi-valued logic, context of our work. In particular, the
inference engine of the system uses an approximate reasoning that we proposed and presented in previous work [15] [18] [19]
[20]. Wecall our KBS shell RAMOLI (Rai sonnement Approximatif base sur les M Odifi- cateurs L1nguistiques).

This paper isorganized asfollows. In Section |1, we focus on knowl edge representation in symbolic way, and we briefly describe
the basic concepts of multi-valued logic, the context of our work. Section |11 is devoted to the presentation of our approximate
reasoning which is based on linguistic modifiers. In section 1V, we describe the design and implementation of the KBS shell.
Then, section V presents a description of the Graphical User Interfaces (GUIs) of the system, allowing one hand to introduce
knowledge and secondly to deduce new knowledge. Finally, section VI concludes the work.

2. Knowledge Reper sentation

Multi-valued logic introduces symbolic truth degrees which are intermediate between true and false[ 5] . According to thislogic,
every linguistic termismodeled by amulti-set. It generalizes classic set theory: the notion of belonging or not to aset isreplaced

by apartial belonging to amulti-set. The set of possibletruth degreesis £,, = {7,...,; ,...,erl}l with the total order relation:
riSch}i <j,itssmallest element is 7 (false) and the greatestis,, , (true) [5], [21].

A possiblelist of truth-degreesused in [5] for M =7is £, ={not-at-all, very-little, little, moderately, enough, very, completely} .

On the scale of truth degrees £, , operators can be defined to aggregate degrees as implications, T-norms and T-conorms. In
multi-valued logic, the aggregation functions of Aukasiewicz are often preferred [5], [22]. In this context and with M truth-
degrees, they are defined by:

T T T8) = T (s p-m+1,0) @
S T T8) = Trinas pom-1) @
I (Ta’T[})szin(M—l—a+ﬂ,M—l) ©)

These qualitative degrees can be considered as membership degrees of multi-sets. Indeed, “X is v A" meansthat v is the
degree to which X satisfies the multi-set A2 In other words, the predicate A is satisfiable to a certain degree expressed through
the scalar adverb v  associated to the truth-degree 7 of £, .

Multi-valued logic is based on the following interpretation:

XiSUaA<:>“XiSUaA” istrue
& “Xis A 7, -true

For example, the statement “John israther tall ” means that John satisfies the predicate tall with the degree rather.

Lwith M a positive integer not null, which represents the number of truthdegrees in the scale Ly, -
2 Denoted mathematically by “X e . A" the object X belongs with a degree o to the multi-set A.
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3.Approximate Reasoning Based on Linguistic M odifiers

In order to manage imperfect knowledge in intelligent systems, Zadeh has introduced the concept of Approximate Reasoning
[23]. It is based on a generalization of Modus Ponens (MP) known as Generalized Modus Ponens (GMP). This rule can be
expressed in standard form asfollows:

If “XisA” then"YisB”

“XisA” @

“Y IS B/ ”
where X and Y arelinguistic variablesand A, A, Band B’ arefuzzy sets. GMP servesto infer not only with an observation exactly

equal totherule premise (“ XisA"), but also with an observation whichisdifferent but approximately equal to it (“ XisA™). This
allowsto handle imprecise knowledge in the inference process.

To determine the inference conclusion (“Yis B™), aset of axiomsistaken into account in order to have alogical and coherent
result in concordance with humain reasoning [16], [17]. In[15], we have proposed the generalization (5) of criteriaappearedin
[17]:

A’ > A meansthat A’ isareinforcement of A,

A’< A meansthat A" isaweakening of A.

Cl A=A=B=B

Cll-1 A = A=themoreA’ -~ A, themoreB’ - B

Cll-2 A ~-A=DB=B ©)
Clll A~ A=themoreA’ < AthemoreB’ < B

CIlV-1 A=A=PF isindefinite

Clv-2 A=A=DB=B

Existing works in multi-valued framework of Akdag et al. [5] does not respect these axioms (see [15]). We introduced in a
previouswork [15] [18] an approximate reasoning that checksthisaxiomaticsand it isbased on linguistic modifiers. A linguistic
modifier isafonction that allows expressing the modification that a predicate must undergo to become another predicate. Inthe
multi-valued framework, modification of predicates is performed by dilation or erosion of the scales, and/or increasing or
decreasing of the truth degrees. Akdag and al. [24] introduced linguistic modifiersin the multi-valued context and called them
Generalized Symbolic Modifiers (seetable 1).

The GMP of our approximate reasoning based on linguistic modifiersisthe following:
If“Xisv_ A" then“Yisv, B’
o B
“Xism(v, A" ©)
“Yism(vﬁB)”

where X and Y linguistic variables, Aand B multi-setsand v, and v 5 linguistic degrees associated to the truth degrees 7, and T
inL,,. For the GMP (6), the observation is modeled by amodification of therule premisem(v  A), where mrepresentsalinguistic
modifier among those of table 1[24]. misdetermined by the following algorithm:

Algorithm1: det_mod (multi-set v A, multi-set va,A’ ): modifier m
M, and M, arethe basis of A and A’ respectively.
*IfM, =M, and o = o’ thenm=CC.

A A
*1fM,=M, and & # &', misequal to the operator m defined below, which allowsto modify the degree 7.
«IfM, =M, and o = ’, misequal to the operator m defined below, which allowsto modify the base [,MA.

*IfM,#M, and & # a’, misequal to the composition of thetwo operators: m,om., with m1the operator allowing to modify
the degree and m, the one allowing to modify the base.
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* Determination of the operator my acting on the degree: the radius of the operator isp, = o — ”;

—If o < a’ then the operator is CRpl.
—If a > o’ then the operator isCWpl.

* Determination of the operator m, acting on the base: the radius of the operator isp, = |M,— M, [;

—1f M, <M, then the operator is Dsz.
—-1f M, >M, then the operator iSER _..
p2

End of algorithm

Example 1: Given the list of truth-degrees £, = { not-at-all, very-little, little, moderately, enough, very, completely}, and the

following knowledge (rule and observation), one obtains:

MODE . . .
NATURE Weakening Reinforcing Central
TS ERp |
— L =L . 7.| _TmaxLI*J,l
Erosion Ti'_Tn"lax(O,i—p) EWp M max (i +1, M- p) ooy (PM ) ECp*
L= L@ M- p) Ti= Tovax (1, min (i + p) M= p—1) ER; M Tmax(( 1+ 1.2)
Ly=La@m—p)
T =Ty oW
Dilation  |M = Smep tll B TR br || " Tie DC
7'~ Trax(0,i- p) DW’ Ly=Ly., 2 Ew = Lwppea s
‘CM'=‘CM+p P
=7 _ T =T _ T,=T
Conservation| 'i’~ 'max(0,i-p) CcwW 1 min(i+p,M-1) CR i cC
M'ZEM p EM'ZEM p EM':EM -

| |isthe floor function.

Table 1. Definitions of Weakening, Reinforcing and Central Modifiers

If atomato is moderately red then it is enough ripe
(T,=73 TS 7,)
Thistomatoislittlered

(T, =7,)

Thistomato is moderately ripe
(r=75)

Indeed, the modifier mtransforms “moderately” to “little”, so we go from the truth-degree 7, to 7. Thus, m= CW, since the

operator CW decreases truth-degrees. We apply this modifier to the rule conclusion.
CW, (enough ripe) = moderately ripe.
For the following fact one obtains:
If atomato is moderately red then it is enough ripe
(Ta =Ty Tp= 74)
Thistomatoislittlered

(T, =7,)

ThistomatoisVery ripe
(Tﬁ, =7
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The modifier which transform “moderately” to “enough” is CR,. We apply this modifier to the rule conclusion:
CR,(enough ripe) = very ripe.

We extended this approximate reasoning in [19] to handle with heterogeneous knowledge. We mean by this heterogeneity that
the multi-set in the observation is not necessarily the same as that of the rule premise, and/or the multi-set in the inferred
conclusion is not necessarily the same as that of the rule conclusion. This offers more flexibility in the inference process. The
corresponding GMPisthefollowing:

Rule |inSUaAthenYiSUﬁA
Observation Xiswa, A

— ™
Yisv 5 B

Linguistictermsof A" and A (respectively B and B") are synonymous. However, A" and B’ don’t necessarily havethe samebasis

than A and B.

Inference with data whose bases are different leads to the consideration of the proportion of mutli-sets in order to achieve a
coherent inference. We propose to normalize all the multi-sets A, A’, B and B, i.e. transform them to obtain homogeneous
propositions. Now, approximate reasoning of the previous section can be applied. Finally, theinference conclusion, whichisin
thenormalized form, isconverted itself to have thedesired conclusion form v 5 B’. Theconversion are made by central modifiers
that are DC and EC. The following proposition gives this procedure:

Proposition 1: The symbolic degree s inthebase £, B,of theinference conclusion of schema(7) is determined asfollows:

M,, Mg, M, and M, arethe basis sizes of respectively themulti-setsA, B, A’and B". GivenM =LCM (M, — 1, M- 1, M, — 1,

A

Mg~ 1) + 1, and the modifier m=det_mod (DC m-1 (v A), (DC m-1 (v, A), wehave: vﬁ,B’ = ECM—l(m(DM—lc(’Uﬁ B)))
MA—l M 1

My -1 Mg -1 Mg -1
Example2: Giventhelistsof truth-degrees:

L, ={not-at-all, very-little, little, somewhat, moderately, more or less, enough, very, completely},

L, ={not-at-all, very-little, little, moderately, enough, very, completely},

L_={not-at-all, little, moderately, enough, completely},

L,={not-at-all, moderately, completely},

and therule:

“If a tomato ismore or lessred then it is enough ripe’.
with red and ripe being multi-setsin the basis £, and £, respectively (so 7, = 7, and 5= 7,)- Theuser givesthe fact:
“This tomato is moderately scarlet ”.

with scarlet amulti-set considered in the system equivalent tored, but onthebasis £_(so 7, = 7,). The user wantstheinference

conclusion to be represented with the multi-set cultivatable, which is considered equivalent to ripe but on the base £,. The
resultis:

If atomato ismore or lessred then it is enough ripe
. . (T,=Tg Tﬁ:T4)
Thistomato is moderately scarlet

(7 =)

Thistomato ismoderately cultivatable
(Tﬁ, =7)
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Indeed, if we consider the multi-set A which will be used in the normalization of the multi-sets of this problem, the base size of A
is

M=LCM (2,4,6,8)+1=25
The modifier which transformsthe rule premise to the observationiis:

m=det_mod (DC 24 (7 red), (DC 22 (7, scarlet))=det_mod (A, 7,,A)=CW,
8 4
So, theinference conclusion is determined as follows:
Vg cultivatable= EC% (M(DC 2 (7,ripe), (EC,(CW, (7, ripe)) = 7, cultivatable= moderately cultivatable
6

Sometimes expert knowledge must be modeled by complex rules, i.e. rules whose premises are conjunction or disjunction of
propositions. For thisreason, weimproved our approximate reasoning in [20] to deal with complex rules. Weintroduced for that
anew operator that aggregates linguistic modifiers. This aggregator verifieslogical connectives properties.

4. Development of RAMOL |

A Knowledge-Based Systems shell is a generic tool that allows the construction of Knowledge-Based Systems. It provides a
software platform for building a knowledge base, and provides a generic inference engine that allows the deduction of new
knowledge. The knowledge base contains knowledge provided by the expert. It contains operational knowledge or expertise
(rules), and factual knowledge which are information on the current state (facts).

Inthiswork we build aKnowledge-Based Systems shell for symbolic multi-valued knowledge, wecall it RAMOLI. Thisshell is
ageneric tool that can be used in any field. Obviously, in our context the introduced knowledge in the knowledge base must be
multi-valued. Domain expertise is represented by multi-valued production rules, and facts by multi-valued predicates. The
inference engineimplements exact reasoning and approximate reasoning. We have integrated our approximate reasoning based
on linguistic modifiersthat we had proposed in [15] [18] (cf. section 111). Figure 1 show the architecture of RAMOLI.

I nter activeuser interface

F Sy

| |

Knowledgebase ,
Interfaceengine
Scales bases | i

Approximate

- Rules reasoning

Varigbles | ’ "
Facts Exact
reasoning

Figure 1. Architecture of RAMOLI

RAMOLI wasdevel oped in Java programming language. Thusit provides platform portability, extensibility and easy integration
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= variables = Predicats = Regles

i= Bases = Menu =l Faits
eLalis «Call, Import »

£ connaissances =1 moteur

E MultiEnsemble E GestionProjet =] MoteurExact

«Call, Import »
:= Regle \= Base '= Proposition
#
= Predicat = Projet T Fait 1= MoteurInference

! MoteurApproximatif

«Call, Instantiate, Import »

«Call »

5 «Call, Import »
«Call, Instantiate, Import »

[ modificateurs

3 util
=Hcr
= cw Q RamoliFileFilter
Call »
£ MSG ‘
] Connecteurs
e HEC
Cec = Operation

Figure 2. Packages diagram of RAMOLI

with other Java code or applications. The packages diagram of the system is presented in figure 2. The constructed packagesin
the system are:

* Package ui: containsthe GUIs of the application.
» Package K nowledge: meetsthe necessary classesfor constructing knowledge of the KBS and their management.

» Package modifiers: includeslinguistic modifiers and their transformation functions.
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» Package engine: allowsto infer with aregistered knowledge base.

» Package util: includes additional features required for application execution.

In knowledge-based systems, the purpose of the inference engine isto simulate a human inference from a set of facts and a set
of rules. Its principleis execute cycleswith following phases:

* Filtering determines the set of ruleswhich can be triggered.

* Selection select aruleto infer among the triggerable rules. For this strategy of conflicts resolution, heuristics and meta-rules
are used.

» Run The inference engine executes selected rule to produce a new fact.
» Update the new fact is added to the factslist and the executed ruleis removed from the set of triggerable rules.

We choose in thiswork to use forward chaining. The principle of forward chaining isto perform, using a state of the fact base,
all logically possible deductions, until the saturation of the fact base or until agoal is reached.

5. Demongtartion of RAMOLI
We describe in this section the user interfaces and the working of the KBS shell.

5.1 Projectsmanagement

RAMOLI isbased on the notion of project. When a user wantsto create aKBS, he creates a project with the ability to save and
reuseit. Our system storesthe datafor each project in abinary file. This givesthe possibility to the user to move the project to
any computer. The projects management menuisgivenin Figure 3. When theitem new is selected, awindow will open allowing
to choose the name and path of the new project (Figure 4).

[ ramou [E=EEEE <)

Project | Knowledge Inference 7?7

New
Open

Quit

Figure 3. Menu of projects management
5.2 Knowledgemanagement
The second menu allows knowledge management, i.e. enables the user to add facts and rules. In symbolic multivalued logic, a
proposition is of the form: “Xis v A".In this expression, X is alinguistic variable. v represents the linguistic expression
associated to a symbolic degree 7 belonging to a degrees scale £, . It expresses the membership degree of the linguistic
variable X to the multi-set A. For examplein the proposition “tomatoisveryred”, theterm “very” refersto thelinguistic degree
to which the symbolic variable “tomato” satisfiesthe multi-set “red”.

Therefore, before adding facts and rules, the user must provide: linguistic variables, predicates and their scal es bases that will
be used in the representation of knowledge. Figure 5 shows menu items of knowledge management.

5.2.1 Scalesbases management
The first step in representing multi-valued knowledge is to specify the symbolic scales bases £,, . It is possible to work with
several basesin asingle project, however each base must have a unique name as an identifier. The user must also specify the
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i Créer un projet Li—hj

Enregistrer dans : ‘lj KBS ‘V‘
D footing.ramoli

D psychiarty.ramoli

Nom de fichier : | ‘

Fichiers du type : |F'rojet RAMOLI ‘ = ‘

Enregistrer H Annuler ‘

Figure 4. Dialog of new project

base size, i.e. the number of symbolic degrees of this base. He can provide a scale of corresponding linguistic terms. If not,
thesystem will automatically name the degrees of the base by v, (i € [0, M — 1]). When creating a new project, the system
automatically inserts some bases: £, £, L., £, and L. The window of scales bases management is given in Figure 6.

F b

g RAMOL - C:\KBS\footing.ramoli = L

Project | Knowledge | Inference 7

Scales bases
Linguistic variables
Predicates

Facts

Rules

Figure 5. Menu of knowledge management

5.2.2 Linguistic variablesmanagement
Thisfunctionality allows managing linguistic variablesthat will be used in the KBS. A linguistic variable is characterized and
identified by its name. Figure 7 shows dedicated window to the management of linguistic variables.

5.2.3 Predicatesmanagement

Predi cates management all ows specifying predicatesthat will be used in knowledge management. For each new predicate, itis
necessary to assign a name and a scale base among the scales bases already stored in the project (by the menu item of scales
bases management). Window of predicates management is shown in Figure 8.

5.2.4 Factsmanagement

After adding scales bases, linguistic variables and predicates, it is possible to add facts and rules in the knowledge base. The
lists of linguistic variables, predicates and their associate degrees are automatically generated in the dropdown lists. Thus, the
user has only to choose the elements needed to build his fact. Figure 9 presents the window of facts management.
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-

q Scales bases =NEN X

Name: L10
Size: 10

Symbolic degrees (seperated by *)') :

not-at-all; 'u'erl

List of scales bases:

Name: L2, size: 2, scale = { not-at-all; completely }

Name: L3, size: 3, scale = { not-at-all; moderately; completely }
Name: L5, size: 5, scale = { not-at-all; little; moderately; enoug...
Name: L7, size: 7, scale = { not-at-all; very-little; little; moderat...
Name: L9, size: 9, scale = { not-at-all; very-little; little; somewh...

Close

Figure 6. Window of scales bases management

-

.,;-; Linguistic variables =0

Linguistic variables:  [footing| |

List of linguistic variables:
sky

wind
weather
day

Figure 7. Window of linguistic variables management
5.2.5 Rulesmanagement

This module allows to manage rules base. Two types of rules are considered in this system: conjunctive rules and disjunctive
rules. A conjunctiveruleis of theform:

If X isv, Ajand..and X isv, A thenYisv,Bandadigunctiveruleisof theform:
o1 n o, n B

If X, is Uy Ajor..orX isv, A thenYis vp Bwith X, (for i from 1 ton) and Y linguistic variables, A and B predicates and
v, and Vg symbolic degrees belonging to the scales bases of A and B.

The representation of aruleincludestwo steps: the construction of its premise and the construction of its conclusion. Whilethe
premise can be multiple, it is necessary to specify the propositions constituting it one by one. Thisisfacilitated by dropdown
lists. Moreover, the user must also choosetheir connector (conjunction AND or disjunction OR). Finally, it remainsto construct
the conclusion of therule, thisis aso done by dropdown lists. Figure 10 shows the rules management window.
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P ™

) Predicates = | B |-
Name: favorahle \
Base: L7 - Add
List of predicates:

Predicate: clear Base:L5
Predicate: weak Base:L7
Predicate: nice Base:L5
Predicate: Sunday Base:L2 Remove
Predicate: Saturday Base:L2
Predicate: rest day Base:L2

Close

Figure 8. Window of predicates management

F A

@ Facts = | B e

day lv‘is Icomplelely ‘v| \5unday ‘VI Add

List of facts :

F1:skyis little clear
F2 : wind is enough weak

Figure 9. Window of facts management

5.3 Inferenceengine

Theinference menu includes the functionality of knowledge processing, namely the implementation of reasoning to infer new
facts. Two types of inference are avail able: exact inference and approximate inference. Figure 11 showsthe different modul es of
the menu.

5.3.1 Classical reasoning
By choosing the classical inference, the system performsaclassical forward chaining, it isbased on exact Modus Ponens. After
the execution, new facts are deducted and added to the knowledge base. Figure 12 shows a result example.

5.3.2 Approximatereasoning

Thisfeature allowsaforward chaining, but herewith Generalized M odus Ponens. Thisinference uses our approximate reasoning
based on linguistic modifiers. After the inference, new facts can be added to the knowledge base. Some others are updated.
Figure 13 shows an exampl e of results obtained by approximate inference.
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i .
@ Rules

day is completely rest day

Premise:
MR | =
Add proposition to premise
I weather is moderately nice {® Conjunction

_ Disjunction

Conclusion:
then ([footing | A | is |venr | - ‘ favorable >
Add rule clear
weak
List of rules: nice
R1 : if sky is moderately clear and wind is very weak then wezil;t"d?
R2 : If day is completely Sunday or day is completely Saturd ok
rest day
able
Remove Close

Figure 10. Window of rules management

[
iz} RAMOLI - C:\KBS\footing.ramoli

S | B e |

Project Knowledge | Inference | ?

Exact reasoning
Approximate reasoning

Figure11. Menu of Inference engine
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i i=# Exact inference l el | = Lﬂﬂ-‘

Forward chaining successfully completed.

Knowledge update:

Mew fact F4: day is completely rest day

Trace of reasoning Close

Figure 12. Window of classical inference result
Frme -
‘e Approximate inference [ === Iél

Forward chaining successfully completed.

Knowledge update:

Mew fact F5: weather is little nice
Mew fact F6: footing is moderately favarable

Trace of reasoning Close

Figure 13. Window of approximate inference result

6. Conclusion

We have presented in this paper a Knowledge Based System shell for symbolic data called RAMOLI. This system provides
GUIs for manipulating multi-valued knowledge base. It also includes a multi-valued inference engine that implements exact
reasoning aswell as approximate reasoning. The used approximate reasoning in RAMOL isthe one that we have proposed in
previousworks[15] [19]. In order to use RAMOLI inapractical application, it isnecessary to have aknowledge base of aspecific
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domain, with is constructed by knowledge acquisition phase. We are in the process of developing a KBS using RAMOLI for
psychiatric diagnosis.
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