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ANALYZING NATURAL-LANGUAGE KNOWLEDGE
IN UNCERTAINTY ON THE BASIS OF DESCRIPTION LOGICS

Abstract. The article overviews the means for describing and formally analyzing natural-
language text knowledge under uncertainty. We consider a family of classic attribute languages
and logics based on them, their properties, problems, and solution tools. We also give an
overview of propositional n-valued logics and fuzzy logics, their syntax, and semantics. Based
on the considered logical constructions, we propose syntax and set-theoretic interpretation of
n-valued description logic ALCQ, that provides means for describing concept intersection,
union, complement, value restrictions, and qualitative and quantitative constraints. We consider
the means for solving key problems of reasoning over such logics: executability, augmentation,
equivalence, and disjunctivity. As an algorithm for calculating executability degree, we
consider an extension of the tableau algorithm often used for first-order logic with solving
simple numerical constraints. We prove that the algorithm is terminal, complete, and non-
contradictory. We also provide several applications for the provided formal representation in
natural language processing, including extending results of machine learning models,
combining knowledge from multiple sources, and formally describing uncertain facts.

Keywords: knowledge bases, description logics, fuzzy logics, n-valued logics, natural language
processing, knowledge extraction.

1. OVERVIEW OF DESCRIPTION LOGICS

1.1. Knowledge representation. Before proceeding to the description of the
knowledge representation system, let us indicate some works related to the subject
of this article. Note that there is a large number of works where logic is applied to
the analysis of knowledge obtained from natural language texts. Thus, paper [1]
presents the application of classical logics, and paper [2] presents fuzzy logics
applications. Papers [3] and [4] use the methods of machine learning and computer
linguistics. Unfortunately, the authors do not know of works in which multi-valued
logics are applied to the analysis of knowledge obtained from natural language
texts, and therefore the authors do not claim the primacy of such an application.

We introduce some key basics of the theory of knowledge bases and description
logics that will be used below in this article, which is continued [5]. Concepts are
a tool for recording knowledge about the subject area to which they apply. This
knowledge is divided into general knowledge of concepts and their interconnections
and knowledge of individual objects, their properties, belonging to concepts, and
relations with other objects. According to this division, knowledge written using the
language of description logic is divided into a set of terminal axioms named TBox
and a set of facts about individuals named ABox.

Let CN ={4y,A4,,..., A,} and RN ={R,,..., R,,} — finite non-empty sets of
atomic concepts (concept names) and atomic roles (role names), respectively. Then the
syntax of AL-language (attribute language) can be defined in the following way [6].

Definition 1. A set of concepts of an attribute language AL is defined by
induction:

— symbols T (top, universal concept) and L (bottom, empty concept) are
concepts;
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— each concept name 4; e CN is a concept;

— if A4 is a concept, then =4 (complement of A4) is a concept;

— if C and D are concepts, then C LI D (intersection of concepts) is a concept;

— if C is a concept and R is an atomic role, then IR T (limited existence
quantifier) and VR.C (value limitation) are concepts;

— no other expressions are concepts.

Definition 2. A terminological axiom is an expression CC D (inclusion of
a concept C into a concept D) or C = D (equivalence of concepts C and D), where C
and D are arbitrary concepts. Terminology (TBox) is an arbitrary finite set of
terminological axioms.

Let IN ={ay ..., a; } be a finite non-empty set of atomic individuals (individual
names). Then we can also define knowledge about certain individuals and their
relationships with facts of two types:

— a:C states that individual a belongs to the concept C;

— aRb states that individuals a and b are related with a role R.

Definition 3. Assertion box (ABox) is an arbitrary finite set of facts.

Semantics of 4L-based logic (or simply 4L-logic) can be defined with set theory
interpretation as follows [7].

Definition 4. Interpretation is a pair / = (A,I ) that consists of a non-empty set A

named domain and interpretation function I that maps:
— to each atomic concept 4 eCN an arbitrary subset Al CA;

— to each atomic role R e RN an arbitrary subset R ! C AXA.

Interpretation function is being spread on the whole set of AL-based logic
concepts unambiguously:

TI= A;

11 = J,;

A =a\ 4,

cnp)y =c'np’;

ART) ={aeA|FbeAr:aRb};

(VR.C)l ={aeA|VbeA:aRb—>beC!).

In more powerful description logic types, terminology may also include axioms
over roles that are defined respectively.

Definition 5. An axiom CC D (C =D) is true in interpretation / if C I'cp!

(C I'=pl ). In this case [ is called a model of this axiom and write / = CLCD.

An interpretation / is called a model of terminology 7 (/ =T) if it is a model for all
axioms of the corresponding TBox. An interpretation / is called a model of assertion
box A (I =A) if for each fact a: C and aRb expressions a' €A’ anda’ R1b" are true
respectively.

TBox (ABox) is called compatible or executable if it has a non-empty model.
The concept C is satisfiable with respect to terminology 7 if there is a model / of
terminology 7 such that cl+2.

The terminology gives the opportunity to record general knowledge of concepts
and roles. But it often insinuates the need to record knowledge about specific
individuals: what class the individual belongs to, what relationships (roles) they relate
to each other.

Below we will return to the concept of executability of terminology and concept
and provide the tableau algorithm for this problem [8].
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AL-logic described above can be extended by adding new concept constructors
to its syntax definition.

ALCQ-logic can be built on AL-logic with addition of rules as follows:

— if C and D are concepts, then C'LUD (union of concepts) is a concept;

— if C is a concept, then IR.C (full existence quantifier) is a concept;

— if R is an atomic role and n is a natural number then < nR (quantitate
restriction) is a concept;

— if C is a concept, then —C (complement of an arbitrary concept) is a concept;

— if C is a concept, R is an atomic role and 7 is a natural number then > nR.C
(qualitative restriction) is a concept.

Semantics of these kinds of concepts and roles are the following:

(cup) =c’up’;

) =a\c!;

@AR.C)! ={aeA|Fb(aR bAbeC!);

(<nRY ={aeA||{b|aR"b}| < n};

(<nR.C) ={eeA||{d|eRTdndecC!}|<n}.

Naturally, we can define the following notions:

>nR.C=(=(E(n-DHR.C);

=nR.C=(nR.C)M(=znR.C);

<nr.C=(LnR.C)M—=(=nR.C);

>nR.C=(=nR.C)M—=(=nR.C).

Also, we can define 3R.C=(>1R.C) and < nR =<nR.T.

1.2. Key knowledge inference problems. Usage of knowledge bases is tightly
connected with checking if its structure satisfies some specific conditions and
properties. For example, it is useful to have an efficient way to check if the newly
added concept has some meaning within existing knowledge, is equivalent to some
already existing concept or is disjunct with it.

Let us define some key problems that are related to inference from knowledge
systems:

— executability of a concept: concept C is executable in a terminology 7 if there
exists model / of terminology 7 such that c! is not empty;

— absorption of a concept: concept C is absorbed by concept D in a terminology
T (CC; D) if for each model / of terminology T c’ QDI;

— equivalency of concepts: concepts C and D are equivalent in a terminology
T (Cr =D) if for each model / of terminology T c! :D[;

— disjunctivity (mutual exclusion) of concepts: concepts C and D are
disjunctive in a terminology 7' if for each model / of terminology 7 C 'np'=.

Problems of absorption, equivalency and disjunctivity can be reduced to the
problem of concept executability. With that said, we will mainly consider the latter
problem within this article, without limiting the generality of considered approaches.

Various kinds of description logics provide methods for solving the executability

problem by applying so-called tableau algorithm. Tableau algorithm for 4LCQ-logic
with examples and proof is considered in [6] and [7].

2. PROPOSITIONAL n-VALUED LOGIC

Syntax and semantics of n-valued propositional logic L, differs from classic
propositional logic in the amount of different logical values, that any expression can
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hold. So, L, instead of two logical values 0 (false) and 1 (true) for L, utilizes n
values of kind i/ (n—1), where i €{0,1,2,..., n—1}. Interpretation of values 0 and 1
remains as false and true respectively, but new possible values describe the degree
of truth between 0 and 1 [9, 10].

For the sake of conciseness, let us define LV, to be the set of possible logical
values for an n-valued logic:

i
LV, =¢—
! {n—l

Instead of the single way of interpretation for L,-logic simple operations,
L,-logic in general case may have various kinds depending on semantics of basic
logical operations. Let us consider general rules of constructing such logics and
several examples of L,-logics as well.

Let #(A) be the logical value of expression A. Then:

h(—A4)=1-h(A4);

(A A B)=t(h(A4),h(B)).

Here ¢ is usually called a #-norm and satisfies the following properties:

1(x, y)=t(3,x);

1(x, 1(y, 2)) = t(t(x, ), 2));

xZuny<v-otx,y) < Huv);

t(x,1)=x.

Most L, -logics use min—max algebra to form a #-norm function. For example,
Kleene, Priest and Lukasiewicz logics use the following interpretation of conjunction:

h(A A B)=min (h(A), i(B)).
Disjunction can be defined by applying the De Morgan’s law as follows:
hAAB)=h(—(—wA4 A=B))=min (1 - h(A4),1 - h(B))=max (h(A), i(B)).
Implication in Kleene and Priest logics is defined similarly to the classic
propositional logic:
h(A — B)=h(—A4 A B)=max (1 - h(A4), h(B)).
However, Lukasiewicz logic [10] treats this operation a bit differently:

h(A —> B)=min (11— h(A4) + h(B)).

ie&LZ“qn—H}

3. DESCRIPTION OF n-GRADED SETS

Note, that n-graded and fuzzy logics usually are being used in a strong connection
with somewhat related concept, namely n-graded and fuzzy set.
Definition 6. n-graded set is a pair 4=U 4,u ), where U, is a set and

uy U,y — LV, is a membership function.

Like n-valued logics, n-graded sets have middle states between true and false —
here it relates to the item being the element of the set. When u 4 (x) =1 element x is
fully included into the set 4, when u 4 (x) =0 it is not included, and in other cases it
is partially included into the set 4.

n-graded sets, like their classic equivalents, are empowered with a wide range of
operations over them. Let us consider membership functions for the basic ones:

— complement: u_ 4 (x)=1—u (x);

— intersection: u  np (x)=t(u 4 (x), up (x));

— union: g4 5 (%) = 5(t 4 (), 1 ().

Above ¢ is t-norm as defined in the previous section. Function s is called
t-conorm and is defined in the following way: s(x, y)=1—-t(1—-x,1-y).
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Usually, #(x, y) = min (x, ), s(x, y) = max (x, y).
Definition 7. Two n-graded sets are disjoint iff A N B =& . Here, n-graded set 4
is included in an n-graded set B AC B iff VxeU  UUpg:u, (x)< upg(x).

Value p ycp = UU, (1 4 (x) = up(x))is called a degree of inclusion of an

xeU 4

n-graded set A in n-graded set B.

4. DESCRIPTION OF n-VALUED ALCQ-LOGIC

We will consider a combination of two types of logics that were presented above:
ALCQ-logic and n-valued Lukasiewicz logic — to construct an apparatus for
reasoning about knowledge in uncertainty. Let us refer to this as to ALCQ,,-logic.

Let the set of concepts and roles be defined as for the classic 4LCQ-logic
considered above.

Below we will continue referring to /(A) as to the logical value of expression 4
in the sense of n-valued Lukasiewicz logic. It is worth mentioning, that in terms of
ALCQ-logic we have 4 types of logical expression: concept inclusion (CLC D),
concept equivalence (C = D), belonging of the individual to the concept (a :C), and
relation between two individuals within a role (aRb).

Definition 8. Terminology (TBox) of an n-valued knowledge base is a function 4,
that maps each terminological axiom to its logical value.

Example 1. Let CN = {animal, cat, dog, mouse, cute}, RN = {eat}.

We can define the following terminology in ALCQ;-logic:

TBox = h; = {(cat C animal, 1), (dog C animal, 1), (mouseC animal, 1),
(cat C cute, 2/ 3), (mouseC cute, 1/ 3),
(dogM3eat.catT cute,1/3), (dog M—Teat.cat T cute,2/3)}.

This terminology holds the information about several types of animals: dogs,
cats, and mice, and their likeability. By the above-mentioned knowledge, cats are
rather cute, mice are not so cute, and likeability of dogs depends on whether they eat
cats or not: if yes, then they are not so cute, otherwise they are rather cute. In the
n-valued description logic an interpretation of a concept is different from the classic
one. Instead of classic set, it is interpreted as an n-graded set.

Definition 9. Interpretation is a pair / = (A, ! ) that consists of a non-empty set A
named domain and interpretation function I that maps:

— to each atomic concept 4 eCN an arbitrary n-graded set with membership

; I. .
function h,:4 — L,;

— to each atomic role R e RN an arbitrary n-graded set of pairs with
membership function hlle tAxA—>L,.

In simple words:

— in ALCQ,, for each concept we provide a measure of each domain item
belonging to the set of items of that kind; for each role we provide a measure of each
pair of domain items to relate within that role.

Given that, we can provide the following interpretation for the ALCQ,, concept
operations:

W (@)= i(@)=1;
Wy (a)=p 1 (a)=0;
W (@) =p_ci(a)=1-hi (a);
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b p (@)= i pi (@) = min (B (a), 1], () ;
(CHD)(@ peiypi (@) =max (b (a), b}, (a));

Mg (@)=t yp oy (@)=min (L minpep (1= (a,b) + A, (b):;

hhp.c (@)=t zp oy (@) =h@b(aR b AbeCh))=maxyey (min (hk (a.b), h-(b));

Wopp o @l gy @=1-maxg, p e amingge, o Uiy (a.b;). 5 (5);

I . I I
h >nR. C(a) h —~(£(n-DR.C) (@) = max by, b AN <<y (hR (a, bi ), hC (bl ).
Definition 10. An axiom CC D (C = D) has logical value v in interpretation / if

Meicpr =0 (min (U - prs e ) =v). In this case / is called a model of this

axiom and write / = CLC D. An interpretation / is called a model of terminology
T (I =T)if it is a model for all axioms of the corresponding TBox. An interpretation
1 is called a model of assertion box 4 (/ =A) if for each factual expression a :C and
aRb hy(a:C)=hl.(a), and hy (aRb)=hj (a,b).

5. REASONING OVER ALCQ,-LOGIC

We considered above the key reasoning problems for classic ALCQ-logic
terminologies, namely executability, absorption, equivalency and disjunctivity.

Their definition remains the same except for classic set is being replaced by
n-graded set. However, sometimes problems that are aimed at acquiring the degree of
the corresponding properties are more informative:

— degree of executability: 4,(C)=1-h(CCL);

— degree of absorption: /,;,,(C,D)=h(CCD);

— degree of equivalency: heqm-v (C,D)=h(C =D);

— degree of disjunctivity: hdisj (C,D)=h(CNIDLC 1),

Theorem 1. The following statements are true:

he (C)=1—=hys(C, 1)

hequiv (C, D) =min (hyps(C, D), hyps (D, C));

hdisj (C.,D)=hyg(CUD, 1);

haps(C, D) =1 = hgyoe (CTID);

hequiv (C,D) =1-max (e (CMI—D), h

hdisj (C, D) =1=hgyee (CTID);

CCr D& hy(C,D)=1;

C=rDe hequiv(CaD) =1

C-executable < h,,,.(C)=1;

C, D-disjunctive < Ay, (C, D) =1.

Proof is an obvious conclusion of set theory properties and definitions given above.

Theorem 1 shows that all the main problems of reasoning over terminology can
be reduced to the problem of evaluating the executability degree. Below we will
concentrate on the means of solving this problem.

We will refer below to v-executability as to the case when 4,(C) 2 v.

5.1. Tableau algorithm. Let us consider ALCQ,,-based knowledge base consisting

(ON=C));

exec

of terminology 7 and facts 4. This produces a set of constraints of the following form:
S={x:C2v|(x:C,v)eA}U {xRy=>v|(xRy,v) € A}U
U{TCE-CUD2v|(CCD,v)eT} U
U{TCHECUD)N(E=DbUC)2v) | (C=D,v)eT}.
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Let us formulate an algorithm to solve such a set of constraints. Based on the
above-described semantics of the ALCQ,, description logic formulas, we can provide
a set of rules that constructs derived constraints and simplifies the overall structure of
defined knowledge.

These rules have the similar nature as the rules of derivation for the classic first
order logic, so this algorithm is often being referred to as a tableau algorithm.

These rules transform the initial set of constraints S to a system of independent
irreducible constraint sets {S;}.

Constraint set S; contains a contradiction if and only if it contains:

— two constraints of the following kind: x:C > v, x:C < u, where v > u;

— two constraints of the following kind: xRy> v, xRy < u, where v>u;

— constraint x: L > v, where v>0;

— constraint x: T <v, where v<1.

Rules of tableau algorithm for ALCQ, can be defined as follows:

x:=C2zv x:=C=<v
TxiC<l-v TxiCcx1-v’
x:CMDzv x:CMD<v
|_|>: 9|_|<: ]
" x:Cz2v,x:D>2v T x:CLv|x:D<v
. x:CUDz=v . x:CuD<vw
Z'x:C2v|x:D2U’ S‘XICSU\XIDS’U’
x:VR.C>2v,xRy>u,u>1-v v_- x:VR.C<v

2.x:VR.CZU,nyZ u, y:CZv+u—l, S.y:C:u,nyZI—ku—v’
x:2nR.C2v

>n ’
nyi Zv,yi:CZU,yi ;’-‘y]

>

x:2nR.C<v,{y,...,y,} CIN, y; # y; €4, xRy; 2 u;, minu; >v

= x:2nR.C<v,xRy; 2u;, y;:C<v '

x:<nR.C=2v x:<nR.C=Zv
< nc: , < ns: 5
T x:2(n+DR.CL1-v T x:2(n+DHR.C>21-v
yeIN, TCE>v
Ts: .
- x:Ezv

We should note that all rules but V. and > n. remove the constraint that match
the premise from the constraint set. Also, none of the rules are applied twice to the
same set of constraints considered as a premise.

Here and below, we will refer to a set of constraints that has a solution as
executable. We will also refer to a set of constraints, for which none rules are
applicable, as final.

As for the classic ALCQ-logic, T<-rule in combination with > n.-rule may
produce infinite cycles of producing individuals of the same types. To resolve that we
need to improve an idea of blocking between individuals for using in ALCQ,,-logic.
For classic logic, the child individual was considered blocked if a set of concepts that
he belongs to is a subset of the corresponding set for the parent at a certain point of
time in the processing of the algorithm.

Definition 11. Individual x is blocking the individual y iff x or its child has
produced y in result of >nc-rule and Vx, p,C(x:C2veS > y:C2ueS)A
Ax:C<ueS — y:C<vef), where u>v. We will show later that this condition
applied to the tableau algorithm described above makes it finite.

>n
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Let us consider an example of solving the constraint set with the help of this
algorithm.

Example 2. Let us consider the following terminology over ALCQs-logic:

TBox = h, = {(catC eat.mouse,2 / 3), (cat NJ eat.cat T L 1)} .
We can construct the following set of constraints from this terminology:
S ={T E—=catlU>1eat.mouse>2/3, T C—(catl >1eat.cat) > 1}.

Let us check whether our current terminology allows an individual to be both cat
and mouse simultaneously. For this, let us add new condition to the constraint set:

S'=8SU {x:catTl mouse>v}.

Let us construct a derivation tree following the rules of the tableau algorithm:
. (8" x:catml mouse>v .

. (Ts)x:—=catl)>1eat.mouse>2/3.

. (Ts)x:=(catt>1eat.cat) 2 1.

. (Ms,Dx:cat 2v,x: mouse=2v .

. (=, 3)x:catMx:21eat.cat 2 0.

- (M4, 5)811 83,

AN DN B W =

Sy ={x:=catl=1eat.mouse>2/3,x: cat 2 v, x: mouse= v, x: cat <0},

S| has solution iff v =0, which means that the initial fact is impossible in this
branch,

Sy ={x:=catUl eat.mouse=2/3,x: cat > v, x: mouse>v,x:=1eat.cat <0}.

7. (Sy)x:=z1leat.cat £0.
8 Ux,2)S51]87,

Sy ={x:1—=cat 22/3,x:cat 2 v, x: mouse>v,x:21eat.cat <0} .

9. (S21)x:—|cat22/3.
10. (=5, 9)x:cat<1/3.
No rules can be applied anymore. S,; has solution iff v <1/3,

Soy ={x:21eat.mouse>2/3,x:cat > v, x: mouse>v,x:21eat.cat <0}.

8. (Sy1)x:=1eat.mouse>2/3.

9. (= ns,9xeat y>2/3, y: mouse>2/3.

10" (T5)y:—catl) 21 eat.mouse>2/3.

11. (I5)y:=(catr1 > 1eat.cat) 2 1.

12. (= ne, 7,10)y: cat <0.

13. (—=35,12)y:catMx:21eat.cat <0 (is absorbed by 13).
14. (U5, 1DS221] 8222,

Sy ={xeat y>2/3, y:mouse>2/3,x:cat>v,x: mouse> v,
x:>leat.cat <0, y:—cat >2/3, y:cat <0}.
15. (S221 )y:—|cat >2/3.
16. (—5,16)y:cat <1/3.
8557 has solution for any v, which means that the initial fact is possible with any
degree and we can stop the process of the algorithm.

As a result of the algorithm, we also got the set of constraints under which the
initial premise is possible:

S={xeat y>2/3, y:mouse>2/3,x:mouse>v,x:21eat.cat <0, y: cat <0}.
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In human language this means that our selected individual cat x be cat and mouse
if it eats something likely to be a mouse but not a cat and eats no cats. So, for more
derivation power we need to explicitly mention in the terminology that no individuals
can be cat and mouse at the same time by adding an axiom (cat 1 mouse C L,1).

Lemma 1. There does not exist an infinite sequence S, S, ... in which each next set
of constraints S; ; is derived from S; by some rule of the above-mentioned algorithm.

Proof. Let us consider a tree with sets of constraints as leaves, S as a root and
with edges defining that one set was derived from another by rules of an algorithm.
Then the power of each vertice is limited by > n.-rule.

All rules but V. and >_ remove the constraint that match the premise from the
constraint set. Both these rules can be applied no more than twice on the individuals
that are ancestors of the same individual before it reaches blocked state that will
prevent it to get new such concept constraints. Thus, the length of each sequence in
such tree from the root to the leave will be limited. B

Lemma 2. The following statements are true.

Let S’ be derived from S by applying one of the rules

>, T, I_Iz, LIS’ VZ’ VS’ 2"2, Snz, Sng, TZ

Then S is executable with regards to 7" iff ' is also executable with regards to 7.
Let S', " be derived from S by applying one of the rules M., U . Then S is
executable with regards to 7' iff either S' or S'' is also executable with respect to 7.

Let {Si} be derived from S by applying > n.-rule. Then S is executable with
regards to 7 iff either of S is also executable with regards to 7.

Proof. Let us consider each individual rule.
— Let S’ be derived from S by applying —~-rule. If S is executable, then exists its

model /. By the premise of the rule: hﬁc(xl ) > v. Thus, hé (xl )=1-h¢ (xl )<1-w.
Thus, / is a model of S'. The opposite is obvious.
— Let §' be derived from S by applying —_-rule. If § is executable, then exists

its model /. By the premise of the rule: hﬁc(xl ) <wv. Thus, hé (xI )=1-h¢ (xl ) >
>1—v. Thus, / is a model of S’. The opposite is obvious.

— Let S’ be derived from S by applying M s -rule. If S is executable, then exists
its model /. By the premise of the rule: A-p (x[ )>wv. By interpretation,
herp (") =min (he (x"), hp (x")). Thus, AL (x")=v and h) (x")>v. Thus 7 is
amodel of S'. The opposite is obvious.

— Let §', S'' be derived from S by applying M c-rule. If S is executable, then
exists its model /. By the premise of the rule: h-n D(xl ) <wv. By interpretation,
herp (h)=min (he (x"), hp (x7). Thus, A’ (x")<v or Al (x')<v. Thus [ is
amodel of S’ or S’ respectively. The opposite is obvious.

— Let §', S’ be derived from S by applying LI -rule. If § is executable, then
exists its model /. By the premise of the rule: Aq D(xl ) > v. By interpretation,
heyp (7)) =max (he (x7), hp (x7)). Thus, h.(x")>v or &) (x")>v. Thus, [ is
amodel of S’ or S’ respectively. The opposite is obvious.

— Let S’ be derived from S by applying LI .-rule. If S is executable, then exists
its model /. By the premise of the rule: A p (x[ )<wv. By interpretation,
heyp (1) =max (he (x7), hp (x7)). Thus, A} (x")<v and A (x")<v. Thus, I is

amodel of S'. The opposite is obvious.

40 ISSN 1019-5262. KiGepHeruka ta cucremHuit anaiis, 2024, rom 60, No 1



— Let S’ be derived from § by applying V-rule. If S is executable, then exists

its model /. By the premise of the rule: héR_C(xI)Z v and hzle (xl,yl)z u. By

interpretation, hyg ¢ (x[ ) =min (I, min Jea 1- h}e (xI , yI )+ hé (y[). Thus,
: 1,1 I 1,1 I, 1 I 1, 1
mlnyzeAl—hR(x V) +h (Y )zv o l-hy (xT, Yy )+ h (V) 20,
hé(yl)ZU—1+h1[e(x1,y1)2v+u—1.

Thus, 7 is a model of S'. The opposite is obvious because the rule does not
remove any constraints.
— Let S’ be derived from S by applying V .-rule. If S is executable, then exists

its model /. By the premise of the rule: h!

VR.C (xl )<v. By interpretation,

hyg ¢ 'y =min (1, mmy,eAl—hj; (!, y")+hl(¥"). Thus, exists y' such that

1=k eh yPy+ hL (') <v. Let Al (y")=u. Then il (x", y') 21+ u—v. Thus, 1

is a model of S’. The opposite is obvious.
— Let S’ be derived from S by applying > n--rule. If S is executable, then exists its
model /. By the premise of the rule: hén RC (xl ) 2 v. By interpretation, As,p ¢ (xl )=

. I I I~ 1 0 - 7 7
= max yhea Milisicy (he (", ¥ ), e (). Thus, exists {y,..., y,} S A

s
© i I, 1 I 1, 1 : .1 I
such that: min;., (hR &,y ), hC (¥;)) = v. This means that hR (x",y; )2v and

hé (y{)Zv. Thus, 7 is a model of S'. The opposite is obvious.

— Let S’ be derived from S by applying > n.-rule. If S is executable, then exists
its model /. By the premise of the rule: h;nR.C (x1 )<v,xRy; 2 u;, min; u; >v. By
interpretation, As,p ¢ (x!) = max o y’i}gAminlSl-Sn (h]]e !, y,-l ), hé (in )). Thus,
for each {y!,..,yi}CA minjge, (hh (', y )AL (¥ <v. As xRy > u; >,
then min |;<, (hé (yl-[ )) < v. This means that exists i such that hé (yl-[ )<wvand [ is
amodel of corresponding S'. The opposite is obvious because the rule does not

remove any constraints.
— Let S be derived from § by applying < n-rule. If § is executable, then exists

its model /. By the premise of the rule: hénRC(xl)Zv. Thus, hénR C(xl)z

=1- hi I) <1-w. Thus, / is a model of §'. The opposite is obvious.

>(n+1yR.c X
— Let " be derived from § by applying < n_-rule. If § is executable, then exists

its model /. By the premise of the rule: hi I)Sv. Thus, hénR C(x1)=

k. c*

=1—hi I)Zl—v. Thus, 7 is a model of S'. The opposite is obvious.

>(n+)R.C (x

— Let S’ be derived from S by applying 75 -rule. If S is executable, then exists its
model /. By the premise of the rule: hg (xI ) > v. Thus, / is a model of S'. The opposite
is obvious because the rule does not remove any constraints. B

Lemma 3. Non-contradictory final set of constraints is executable.

Proof. Let S be final non-contradictory set of constraints derived from S,. Let

h(x:C) and h(xRy) be the minimum degree of x:C and xRy, respectively, that
complies with all constraints of §. Let / be as follows:
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Al ={x:x — active},

nl (xl )= {h(x:C), x — active,
¢ h(z:C), zblocksx A z — active,

h(xRy), x, y — active,
h(zRy), z blocksx A z, y — active
I, 1 I > > )
I !
h(xRw), wblocks y A w,x — active,

h(zRw), z blocks x A w blocks y A z, w — active.
T-rule cannot be applied, so hé_ (xl ) > v or exists active z that blocks x. In the
second case hé_ (z[ ) > v and by construction hé (x] )= hé (z[ )>wv. [ isamodel of T.
Let xRy> v €S. Then by construction hll.(, (xI , yl )=>v. We need to prove that
vxleal:x:C2ves—> hé (xl) > v by induction of construction of C. As S is
final, it can only consist of the following constraints:
X:A<>2v; xRy<2v; x:<nR.C<Lv; x:VR.C>2v; TCE>v.

All other constraints in other case can be reduced by applying corresponding
rules of the algorithm.
Base of induction is obvious from construction of /.
Induction step:
— Let x:VR.C>veS. As far as V-rule is inapplicable:
Vy (@RyzueS Arul-v)v

VaRyzueSAru>l-vAay:Cz2v+u-1€9)).

Let x be active. Let us take y[ eA! such that h][2 (xl,y])>1—v.

Let y also be active. By construction, 2(xR y)>1—v. Thus, there exists u>1-v
such that xRy>ueS. Thus, y:C>2v+u—-1€S and hé(y1)2v+u—1.

it h), (' yy>1-vthenl-nl "y + Bl () 2 —hk L YTy +v +uz v,

If it (xf, y")<1-v then 1—hk &7, ¥+ 1. (Y2 v+ Rl () 2.

Thus,

1 . . 1,1 I 1, 1
hVR.C(x )=1’1’111’1(1,1’1’111’1y1€A1—/’lR(X >y )+hc(y ))S}’l

Let ybe blocked by active w. By construction, A(xRw)>1—wv . Thus, there exists
u>1-v such that xRw>ueS. Thus, w:C 2 v +u—-1eS and h’. (y')=h} (W)=
>v+4+u—1. And the rest of proof is by analogy.

Let x be blocked by active z. Let us take y[ e A! such that h][e (x],y])>1—v.

Let y be active. By construction, A(zR y)>1—v. Thus, there exists u>1—v such
that zRy>ueS. By definition of blocking x:VR.C>v — z:VR.C 2v. Thus,

y:C>2v+u—-1eS and hé(yl)zhé(w1)2v+u—1. And the rest of proof is by
analogy.

Let y be blocked by active w. By construction, #(zRw)>1—v. Thus, there exists
u>l—v such that zRw>ueS. By definition of blockingx:VR.C>v —>

—>z:VR.C>2v. Thus, w:C>v+u—1€S and hé(yl)zhé(w1)2v+u—1. And

the rest of proof is by analogy.
Let x:2nR.C<v eS.

42 ISSN 1019-5262. KiGepHeruka ta cucremHuit anaiis, 2024, rom 60, No 1



Let exist n such yil:hé (yl-1)>v such that h][e (xl,y,!)>v.

Let x, y; be active. By construction, A(xRy;)>v and A(y;:C)>v, which means
that either premise of > n.-rule is true or § has contradiction. Contradiction.

Let x be blocked by active z and y; be active. By construction, #(zRy;)>v and
h(y;:C)>v. By definition of blocking x : 2 nR.C <v — z:> nR.C <v. This means
that either premise of > n.-rule is true or § has contradiction. Contradiction.

Let x be blocked by active z and y; be blocked by active w;. By construction,
h(zRw;)>v and h(w;:C)>v. By definition of blockingx:2nR.C<v —>
— z:>2nR.C <v. This means that either premise of > n.-rule is true or § has
contradiction. Contradiction.

This means that either hé ( in )<wvor hlle (xl , yl-l ) < v for each such yl-l . Hense,

hep.c (') =max min <<, (hy (7, 3], B () <o m

{yl"“ 5 yri}EA
Theorem 2. Tableau algorithm solves the v-executability problem for 4LCQ,,.

Proof. From lemma 1 we can conclude that search tree has no infinite sequences
and because degree of its branching is limited the search tree is finite. Thus, for any
input data tableau-algorithm returns an answer in a finite time.

If S is executable, then by lemma 2 at least one of final S is executable. By
design of algorithm response in this case will be 1 (“yes”).

Let the response of the algorithm be 1 (“yes”). Then among its final sets of
constraints exists S such that it is non-contradictive and final. By lemma 3 S is
executable. Then by lemma 2 S, is executable. W

6. NATURAL LANGUAGE PROCESSING APPLICATIONS

There are multiple approaches to the natural language knowledge analysis, that
include usage of machine learning approaches, hand-written rules, or both. We
will concentrate on the possible applications of the above-described formal system
in the general process of knowledge extraction utilizing machine learning models
or other probabilistic techniques.

We will consider the application of the n-valued and fuzzy description logics in
cases of extending results of machine learning models, combining results from
multiple sources, and formally describing uncertain facts.

6.1. Knowledge extraction in natural language processing. The task of
Relation Extraction is to identify the relations between two entities in a sentence
(often referred to as subject and object). Successful solution of this problem serves as
a basis for many problems of natural language texts processing: questions answering,
population of knowledge bases with natural language knowledge, etc. An example of
the results of solving this problem is given in Fig. 1.

Due to the complexity of forming metrics to compare the results of relationship
detection in the general case, the problem of detecting canonical relationships (mostly
referred in the literature as a relation extraction) with the metric F1 is singled out, and
the rest is related to the problem of open information extraction — constructing large
knowledge bases based on information from the natural language texts.

At the time of writing, this problem does not have clearly defined and generally
accepted standards of outcome, i.e., what relationships should be obtained and how
they should be designed. In view of this, there is also no standard for evaluating
models and bodies of acceptable size for quality training of ML-models, as is the case
for many of the tasks described above in the field of natural language text processing.
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Entity <—subject Relation  object—> Entity

I was visiting Central Park

Fig. 1. Sample result of relation extraction

Open Information Extraction (OpenlE) is a problem for extraction of knowledge,
represented by the natural language text, in the form of verbal phrases and their
arguments. In contrast to Relation Extraction, OpenlE considers n-ary relations and
some machine learning models also consider temporal and other features of the
knowledge items.

In general, the proposed models for solving these problems are divided into two
subtypes:

— machine learning systems (e.g., Neural Open Information Extraction and
OpenlE-5.0);

— rule-based systems (e.g., Graphene).

6.2. Knowledge extraction result extension. Knowledge extraction systems that
are based on machine learning approaches mostly produce as the result deterministic
knowledge. This is dictated by their usage in several natural language processing
tasks and their aiming at limited capacity of the evaluation metrics, that are based on
the deterministic information.

By nature of neural networks, they still often operate with vague results within
the system: machine learning model produces several potential results with
confidence scores for each of them, or even is aimed at building the mapping of each
result candidate to its confidence score. These preliminary results are then converted
to deterministic ones by simple picking of the most confident option, thresholding or
by applying more complex selection algorithms.

Being based on the corpus the model was trained and evaluated on makes the model
highly dependent on the knowledge and techniques used in corpus and is quite biased
towards it. This causes machine learning based system to give a higher score for the
incorrect options and results not only in placing the incorrect information into result,
but also ignoring the potential possibility of less confident results to be the correct ones.

For example, machine learning based system for Open Information Extraction
OpenlE4 is known to often provide non-accurate confidence scores, especially for the
sentences with pronouns, which is caused by drawbacks of initial corpus it was trained
on. Thus, current state-of-the-art model SpanBERT uses all OpenlE4 extractions for its
model training with an adapted loss function to gain better recall for such cases [11, 12].

Based on the above-described problems, more vague and versatile result of the
machine learning model processing before applying determination algorithms can be
used to apply further analysis of the result, its validity and compliance with some
well-known knowledge items, already constructed knowledge etc. Analysis of such
constructed knowledge can be performed utilizing the above-described mechanisms
of n-ary and fuzzy description logics that provide an ability to check constructed
terminology and facts for executability, i.e., validity, non-contradiction, and
compliance with other knowledge.

Example 3. Let us consider the following natural language sentence:

A cafeteria is located on the sixth floor, a chapel on the 14th floor,
and a study hall on the 15th floor.

Let the result of an OpenlE processing of the mentioned sentence provide the
following n-ary relations: (a study hall; located; on the sixth floor), (a study hall;
located; on the 14th floor), (a study hall; located; on the 15th floor)
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We can conclude that the system parsed the grammatical relations within a sentence
incorrectly, which produced the incorrect knowledge pieces to be produced. We can
convert this to the ALCQ-logic as follows:

IN ={a, b, c,d},
CN = {(Study Hall, 6th Floor, 14th Floor,15th Floor, hall, floor)},
RN = {locate} ,
TBox = {(Study HallC hall), (6th Floor C floor), (14th Floor C
C floor), (15th FloorC floor)},
Abox = {(a locate b, a locate c, a locate d, a:StudyHall,
b:6thFloor, c:14thFloor, d:15thFloor)}.

Let us populate the terminology with a well-known fact, that we could have
derived from some aside knowledge source, that there is exactly one floor some hall
can be located on:

TBox' = TBox U {hallC =1 locate. floor} .

Assuming b, ¢, and d are pairwise different individuals, the tableau-algorithm for
ALCQ will result in such ABox to be non-executable. However, this does not mean
that the initial sentence contains a contradiction.

Let us consider the result that model provided before its determinization:

(a study hall; located; on the sixth floor; score=0.51), (a study hall; located;
on the 14th floor, score =0.6), (a study hall; located; on the 15th floor, score =10.8),
(a chapel; located; on the 14th floor; score = 0.36), (a cafeteria; located; on the 14th
floor, score=10.34), (a cafeteria; located; on the sixth floor, score=10.2).

We can convert this to the 4ALCQ,,-logic as follows:

IN ={a,b,c,d,e, [},
CN = {Study Hall, chapel, cafeteria, 6thFloor, 14th Floor,15th Floor, hall, floor},
RN = {locate},
TBox = {(Study HallC hall), (chapel C hall), (cafeteria C hall),
(6th Floor C floor), (14th Floor C floor), (15th Floor C floor),
(hallC =1 locate. floor,v)} .
We can write slightly modified set of constraints as follows:
S ={(a locate b>v ), (a locate c>v,), (a locate d > v y),
(elocate c2vy), (f locate b>vs), (f locate c>vy),
(a :StudyHall > 1), (b:6th Floor > 1), (c:14th Floor > 1),
(d :15th Floor 2 1), (e: chapel 2 1), (f : cafeteria > 1)} .

If we run the tableau-algorithm over such constraint set, we get such constraints
over used degree variables:

(W1 =0AVy=0)A (W =0AV3=0)A @V =0AV, =0))A(V5=0AvVg=0).

Aiming at getting the largest overall confidence holding these constraints, we can
maximize the following expression:

0.511)1 +0.6U2 +0.81)3 +0.36U4 +O.31U5 +0.2U6,
Vq ZO, V) ZO, V3 :1, Vg :1, Vs 21, Vg =0.
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This allows us to exclude facts « locate b, a locatec, f locate c from
consideration and resolve the contradiction they produce.

7. COMBINING KNOWLEDGE FROM VARIOUS SOURCES

The same approach can be used for combining knowledge acquired from various
knowledge extraction algorithms or systems. Let (7}, 4;) be classic deterministic
knowledge bases. Then, they can be combined into an ALCQ, -based knowledge

base (7, A) as follows:
UT} {( LhO) | UA}

e,

If the knowledge bases (7;, 4;) do not contain a contradiction, but (7', 4) does, we
can eliminate it by solving an optimization problem defined in the previous section.

This technique provides an ability to combine ready knowledge bases. However,
rule-based knowledge extraction systems can also get a significant gain from this approach.

Many rule-based tools utilize the output of several natural language processing
tasks, including verbal event extraction, role labeling, boxing, modality detection,
tense representation, named entities detection, dependency parsing, coreference
resolution and machine translation. However, all these problems, often being solved
by the means of machine learning, have their own issues, weak sides, and errors. This
makes such a pipeline to combine all the errors from all its components and limits
overall abilities. Such systems can get a significant gain from getting several models
solving each task to come into play.

Instead of building several isolated knowledge extraction systems that are hard to
operate with, we can construct vague preliminary structures that can be further used
to extract the knowledge.

7.1. Operating with vague concepts. In contrast to the above-considered
applications of vague description logics, there are also more direct use cases. There are
various kinds of natural language expressions that have no certain meaning and are fuzzy.

Example 4. Let us consider the following text fragment:

“Paul is a young boy from Australia. He smokes and wears expensive dress.”

Concepts “young” and “expensive” are uncertain and cannot be defined by
a specific range of years that Paul might have lived for or a specific price for that
dress. However, we can make some partial conclusions from Paul being an individual
of that concept. For example, if person is young, then probably he or she is not likely
to be 18:
(young 1 personC 18" years,1/3).

Also, in Australia it is prohibited to smoke when you are not an adult. So, if we
will consider a law-oriented knowledge base, then we can write

(personT 3 smoke. T C 187 years, 1).

This allows us to say that with degree of 1/ 3 there is a contradiction, or a lawless
action described in the fragment.
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C.JI. Kpuswmii, I'.I. T'orepuak

AHAJII3 TPUPOJHOMOBHUX 3HAHb B YMOBAX HEBU3HAYEHOCTI HA OCHOBI
JECKPUIITUBHUX JIOT'IK

Awnoranisi. [IpesacraBneHo orisia 3acobiB omucy Ta (OPMaIBHOTO aHaNli3y 3HaHb, JOOYTHX 3
HPUPOTHOMOBHOIO TEKCTY 3 MOMKJIMBHMH HEBH3HAYCHOCTSIMH. PO3IIISIHYTO CIM’I0 KIIACHYHHX art-
pUOYTHBHHMX MOB i JIOTIK, SIKi Ha HHX IPYHTYIOTbCS, BJIACTHBOCTI IIMX JIOTIK, IIPOOJIEeMH 1 CIHO-
cobu iXHBOro po3s’s3aHHA. [IpeacTaBieHO OIS MPOMO3MUIMHKUX 7-3HAYHHX JIOTIK 1 HEYITKHX JIOTIK,
TXHBOTO CHHTAaKCHCY 1 ceMaHTHKH. Ha OCHOBI pO3IIIHYTMX KOHCTPYKIIH IMX JIOTIK 3arpOIIOHOBAHO
CHHTaKCUC 1 TEOPETMKOMHOKHHHY IHTEpIIpeTallilo JICCKpUNITHBHOI n-3Ha4HOl Jioriku ALCQ,,, ska
OITICY€E BJIACTHBOCTI KOHIIEMITIB 3a JOMOMOTOI0 OIepalliii TepeTrHy, 00’ €JHaHHS, JOMOBHEHHS Ta 00-
MEXEHHX KBAaHTOPiB. PO3MIIHYTO 3aco0M PO3B’SI3aHHS KIIFOYOBHX IPOOJIEM Ul TAaKWX JIOTIK: BHU-
KOHAHHICTh, PO3LINPEHHSI, SKBIBAJICHTHICTb Ta JU3 FOHKTHBHICTb. SIK auroput™ Juis OOYHCICHHS CTY-
MeHS BHKOHYBAHOCTI 3allpONOHOBAHO 3aCTOCYBATH DO3LIMPEHUH aJrOpUTM CEMaHTUYHOro Tablio,
SIKUH BHKOPHCTOBYIOTh y JIOTIII HPEIMKATIB MEpIIOro MOPSIKY VIl PO3B’SI3aHHS MPOCTHX YHCIOBHX
oOMexeHb. JIoBeJIeHO, 110 MPOIOHOBAHKK AITOPUTM € TePMIHAJIBHUM, MOBHHUM 1 Hecynepednum. Ha-
BEJICHO TIPUKJIAAN 3aCTOCYBaHHS JUTS (hOPMAJBHOTO TPEICTABICHHS i OOpOOICHHS MPUPOJHOMOBHOTO
TEKCTY, SIKI MICTSTh JEsKi pe3y/bTaTd MOZENeH MAIIMHHOTO HaBYaHHS, KOMOIHYBaHHs 3HaHb 3 0Oa-
raTbOX JpKepen i (OpMaibHHI OMKC CyMHIBHHX (DaKTiB.

KawuoBi cioBa: 0a3a 3HaHb, JNECKPUITHUBHI JIOTIKH, HEUITKI JIOTIKH, 7-3HA4HI JIOTiKH, 00Op0O0-
JICHHsI TIPUPOTHOMOBHHUX TEKCTIB, JOOYBaHHS 3HaHb.
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