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Abstract—In this paper, we present a contribution to solve the
problem of organizing the representation of experience in com-
putational systems which are able to generate relevant linguistic
descriptions of data for specific users and contexts. We claim, that,
typically, the expert knowledge modeled in these systems is limited
to one of the dimensions of the meaning of natural language.
Here, we model the experience base distinguishing among three
types of meaning, namely, Ideational meaning concerning with
the technical, impersonal description of the specific phenomenon;
Interpersonal meaning concerning with the role of the partners
involved in the communication process and Textual meaning
concerning with the contribution to the meaning of the specific
realization with natural language of both previous types of
meaning. In order to organize these types of meaning (also called
components of experience base) in a practical computational
representation, we have built an ontology that will help designers
to model their experience in the application domain. Using this
ontology, the computational system is able of identifying the most
suitable linguistic descriptions for describing the input data. Our
approach is presented with the support of a practical example in
the domain of the maintenance of comfort in a room.

Keywords—Ontology; Computing with Words and Perceptions;
Granular Linguistic Model of Phenomena;

I. INTRODUCTION

Currently, the demand of computational applications based
on expert knowledge is increasing dramatically due to the huge
amount of data that are available and must be interpreted. We
focus on systems that must be capable of providing relevant
linguistic descriptions of data to intermediate and end users.

These systems require to consider an efficient way of
representing the expert knowledge including not only the most
technical information but also the different ways in which this
could be expressed.

In [1], Reiter proposes a Natural Language Generation
(NLG) architecture to computational systems able to generate
linguistic reports about input data. Our approach is based on
merging two currently unrelated disciplines, namely, Compu-
tational Theory of Perceptions (CTP) and Systemic Functional
Linguistics (SFL). CTP [2] allows to model “perceptions”
using fuzzy logic techniques to represent knowledge closer
to human cognition. SFL [3] provides a model of human
experience using language.

According to SFL, messages expressed in natural language
contain three types of meaning, namely, Ideational meaning

concerning with the technical, impersonal description of the
specific phenomenon; Interpersonal meaning concerning with
the role of the partners involved in the communication process
and Textual meaning concerning with the contribution to the
meaning of the specific realization with natural language of
both previous types of meaning.

During the last years, we have developed several NLG
systems, e.g., automatic linguistic description about traffic
evolution in roads [4], assessment of driver behavior [5],
advises to improve the efficiency in the consumption of energy
[6] and reports about financial data [7]. These computational
systems require a new conceptualization of the experience
base where the expert knowledge is represented using an
ontology that includes both the data and process information
in the same framework, a first version of this ontology was
proposed in [8]. Then, having this ontology, system knowledge
is semantically represented and also processed information are
included in a well-formed single structure instead of being
scattered throughout the system.

In this paper, we extend this ontology to include the three
types of meaning, previously described, to help the system to
generate the most suitable answers. Moreover, this ontology
has been built throughout of an example about the maintenance
of the comfort in a room where it is noticeable distinction
among different language meanings.

This paper is organized as follows: we present the system
architecture in Section II and the different types of SFL
meaning and Granular Linguistic Model of a Phenomenon
(GLMP) in Sections III and IV, respectively. The ontology
is presented in Section V and after that, an example and
experimentation results are included in Section VI. Finally,
several conclusions are included in Section VII.

II. SYSTEM ARCHITECTURE

In the research line of CTP, we have defined GLMP as
a useful paradigm for developing computational systems able
to generate linguistic descriptions of data, [9], [4], [8], [5],
[7]. Here, we introduce this paradigm with the definition of
a system architecture that divides the different components of
system in two main processes: i) off-line process is executed
once in the system during the building stage and it is performed
by the designer, ii) on-line process is automatically executed
each time the system acquires data and requires an answer.
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Fig. 1. Basic architecture of a computational system able to generate linguistic
descriptions of phenomena

This architecture is shown in Fig. 1 and its components are
described as follows:

• Phenomena is the object of our perceptions.

• Designer is a person or team of persons that interprets
the available data and produce the linguistic utterance.
The designer is the person who uses his/her own
perceptions to create the so called, Granular Linguistic
Model of a Phenomenon (GLMP).

• Data Acquisition Module. Depending on the appli-
cation this module could be either a simple access
to a table of available data or a complex process of
data acquisition, e.g, image processing, data mining,
industrial process monitoring, etc.

• Instantiation Process Module. This process provides
the best linguistic expression to describe the current
input data. We implement this module by using Soft
Computing techniques.

• GLMP Building Process Module. This process
builds the experience base using an ontology. This
module must be executed once at the beginning of
the developing of the computational system.

• Ontology. This ontology contains the designer’s ex-
perience about the monitored phenomenon.

• End User. The personal characteristics of the end
user determine the system requirements, e.g., his/her
personal experience, his/her particular use of NL,
his/her motivations and intentions should be consid-
ered to design and develop effective computational
applications of this type.

III. THREE TYPES OF MEANING

The experience base is represented using an ontology
where concepts are organized according with the SFL three
meta-functions of language, namely, Ideational, Interpersonal
and Textual:

• Ideational. This part of the meaning of a linguistic
expression concerns with the objective description of

Fig. 2. SFL meaning classification in the ontology.

the elements in the application domain, e.g., from
an impersonal, technical or scientific perspective. It
is the type of experience stored in a taxonomy of
objects and procedures belonging to an application
domain. It allows the expression of what is taking
place in a certain context by using the resources of
the culturally recognized repertory of social practices
and concerns in the application domain. For example,
in the field of the maintenance of the temperature of a
room, we could be interested in generating linguistic
expressions describing technical details about how to
measure temperature. We relate the Ideational mean-
ing with the objects, variable attributes and procedures
in Software Engineering. The designer must analyze
the available technical manuals looking for typical
objects and procedures in the field. Hereinafter, we
will refer this part of the meaning of a linguistic
expression as its Ideational meaning.

• Interpersonal. This part of the meaning is concerned
with the use of NL to undertake interpersonal rela-
tions. It accounts for who-whom is participating in
the communication process by using the culturally rec-
ognized repertory of role relationships and interactive
patterns corresponding with typical specific speaker -
listener relationships in the application domain. For
example in the application case of maintenance of a
room domain, the designer must analyze the roles of
the maintenance staff and the client, i.e., the different
meanings of an advise provided by the system to
each different staff member or client in each different
situation type. Here, in the case of the example that is
proposed in this paper, the adviser is the computational
system. We relate the Interpersonal meaning with the
user model in software Engineering. Hereinafter, we
will refer this part of the meaning of a linguistic
expression as its Interpersonal meaning.

• Textual. The two previous meanings must be realized
using specific linguistic expressions that are typically
used in the specific application domain. The different
uses of these resources provide an additional poten-
tial of meaning. That is to say, this third part of
the meaning is concerned with how to organize the
previous two types of meaning to realize a linguistic
description. In each application domain, the designer
of a computational system must analyze the typical
linguistic resources used in each situation type, e.g.,
in the example described above, typically maintenance
staff describes what is happening, combines short ad-
vices and warnings with longer explicative sentences.
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We relate the Textual meaning with de contribution to
meaning of the user interface in Software Engineering.
Hereinafter we will refer this part of the meaning of
a linguistic expression as its Textual meaning.

It is worth remarking that every linguistic description contains
the three types of meaning, simultaneously (Fig. 2). So the
process of selecting the most suitable linguistic expression
consists of applying three different types of constraints into
the searching domain of the available Experience base.

IV. GRANULAR LINGUISTIC MODEL OF PHENOMENA

The concept of Computational Perception (CP) is based on
the concept of linguistic variable [10]. CPs are computational
models of units of information (granules) acquired by the
designer about the phenomenon to be modeled, i.e., CPs
correspond with specific parts of the phenomenon at certain
degree of granularity. A CP is a tuple with three components
(A,W,R) described as follows:

• A = (a1, a2, . . . , an) is a vector of linguistic ex-
pressions (words or sentences in NL) that represents
the whole linguistic domain of CP. In the application
context, each ai describes the value of the CP in
each situation of the phenomenon with specific degree
of granularity. These sentences can be either simple,
e.g., ai =“The temperature is hot” or more complex,
e.g., ai =“Most of the days the temperature is hot”.
During the preliminary off-line stage, these values are
assigned by the designer extracting the most suitable
sentences from the linguistic corpus of the application
domain.

• W = (w1, w2, . . . , wn) is a vector of validity degrees
wi ∈ [0, 1] assigned to each ai in the specific context.
The value of validity depends on the application, i.e.,
it is a function of the precision of each sentence
to describe specific input data. During the on-line
stage, this validity values are assigned (and updated)
in function of the phenomenon current state. Typically,
the elements of A form a strong fuzzy partition of the
domain of existence of CP and therefore

∑
wi = 1

• R = (r1, r2, . . . , rn) is a vector of relevancy degrees
ri ∈ [0, 1] assigned to each ai in the specific context.
The value of relevancy depends on the application.
During the off-line stage, these values are assigned
by the designer of the computational system based
on the specific application requirements. The designer
assigns values to R indicating the relative importance
of the described situation types. During the execution
stage the values of R will be used as complementary
data to select the most suitable sentences to describe
the current state of the phenomenon.

For example, provided CP1 = (A1,W1, R1) that models the
perception of a room temperature, it could be instantiated as
follows :
a1=“The temperature is hot’’, w1 = π, r1 = 0.9
a2=“The temperature is warm”, w2 = π/4, r2 = 0
a3=“The temperature is cold”, w3 = 0, r3 = 0.9
Note that the designer does not consider that the perception of
warm is relevant. In the context of this example, the sentence

“The temperature is cold”, despite having a high degree of
relevance has a null validity degree, while the sentence “The
temperature is hot”, has both a high validity and relevance
degrees, so it should be taken into account for the process of
NL report generation, as we shall see later.

Fig. 3. GLMP network about the maintenance of a room.

We use Perception Mappings PMs to create and aggregate
CPs. A PM is a tuple (U, y, g, T ) where:

U is a vector of input CPs, U = (u1, u2, . . . , un),
with ui = (Aui ,Wui , Rui). Specifically, we call
first order perception mappings (1PMs) when U
are values zi ∈ R being provided either by sensors
or obtained from a database.

y is the output CP, y = (Ay,Wy, Ry).
g() is an aggregation function employed to calcu-

late the vector of degrees of validity assigned
to each element in y, Wy = (w1, w2, ..., wny

).
It is a fuzzy aggregation of the input vectors
Wy = g(Wu1 ,Wu2 , ...,Wun), where Wui are the
degrees of validity of the input perceptions. In
Fuzzy Logic many different types of aggregation
functions have been developed. For example g
could be implemented using a set of fuzzy rules.
In the case of 1PMs, g is built using a set of
membership functions as follows:

Wy = (µa1
(z), µa2

(z), . . . , µany
(z)) =

(w1, w2, . . . , wny )
(1)

where Wy is the vector of degrees of validity
assigned to each ay , and z is the input data.

T is a text generation algorithm that allows generat-
ing the sentences in Ay . In simple cases, T is a
linguistic template, e.g., “The temperature is {hot
| warm | high}”.

It is worth noting that, at the current stage of development of
our technology for linguistic descriptions of data, Ay and Ry

are assigned by the designer during the off-line stage but this
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could be not the case in the future. We foresee to provide the
designer with some capabilities for automatically processing
this type of information.

The Granular Linguistic Model of a Phenomenon
(GLMP) consists of a network of PMs. Each PM receives
a set of input CPs and transmits upwards a CP. We say that
each output CP is explained by the PM using a set of input
CPs. In the network, each CP covers specific aspects of the
phenomenon with certain degree of granularity. We can see in
Fig. 3 an example about the management of the comfort in a
room where a set of PMs describes the behaviour of the system
and a set of CPs returns perceptions after being processed.

We call first order perception mappings (1PM) to those
which are inputs to the GLMP. We call first order computa-
tional perceptions (1CP) to the output of 1PMs. PMs which
input are CPs are called 2PM and their outputs are 2CP.

Using different aggregation functions and different linguis-
tic expressions, the GLMP paradigm allows the designer to
model computationally her/his perceptions. Note that, after
being instantiated with a set of input data, the GLMP provides
a structure of valid sentences that in medium size applications
could include hundreds of sentences.

V. THE ONTOLOGY TO REPRESENT THE SYSTEM
KNOWLEDGE

There are several criteria to classify ontologies that can be
found in the literature, such as [11] and [12]. One of these
criteria addresses the semantics of the represented information
and establishes three kinds of ontologies as follows:

• Meta-ontologies are those which establish the concep-
tual vocabulary for representing ontologies. The most
common meta-ontology is therefore the one which
defines the concept of classes, properties, axioms, etc.

• High Level Ontologies describe the more generic
concepts or processes. They are not usually oriented
to be directly instantiated, due to the fact that they
represent relatively general concepts.

• Representation Ontologies are the remaining applica-
ble ontologies: Domain ontologies, process ontologies,
task ontologies, content ontologies, method ontolo-
gies, etc. For our purposes here, application ontologies
are specially important, this category having several
subclassifications in the literature.

The high level ontology that describes the GLMP on the SFL
basis is illustrated in Fig. 4 in grey ovals. In this ontology, the
ideational metafunction is defined as the set of classes, proper-
ties and constraints previously defined in the GLMP Ontology
in [8]. The interpersonal metafunction is represented with an
special class called User and textual metafuntion, that is the
resulting sentence structure, is represented in the ontology as a
class called ListOfSentences. In order to customize the answer
to the user, the concept of relevance has been also included
in the ontology which addresses the output according with the
end user preferences.

• Input class: is the superclass of all input classes, each
one corresponding to one input to the GLMP. Each

input class has two data type functional properties,
val, where the input is stored using a float value, and
time. These properties allow us to incorporate in the
ontology the time series of values of the different input
variables, as a collection of instances in each class,
when using the ontology for generating a linguistic
report.

• Computational Perception Item (CPI) class: is the
superclass that represents each CPIs classes, one per
CP of the system. Each CPI of the form (ai, wi) is
represented in the ontology with a property called
validity representing the validity of the CPI (the wi),
that is inherited by the subclasses and the meaning
property with the appropiate sentence (ai) related with
the concept.

• Computational Perception class, is the superclass for
all Computational Perceptions classes. Every CP class
is related via its corresponding CPI class to a set of
CPIs.

• Perception Mapping class: this is the superclass of
all PM classes and has two subclasses, 1PM and
2PM, corresponding to first-order and second-order
perception superclasses. The output, which is common
for both 1PM and 2PM, is defined by the functional
object property produces, and correspond to a CP.
Regarding the input, which is different in both classes,
the 1PM class defines the class of its input value, by
means of the get input functional property, from the
Input class, while the 2PM class has as input a set of
CPs from specific CP classes, as indicated by means
of the get cpinput property. Finally, PM is annotated
with g and T functions, referring to a predefined
collection of functions performing aggregation and
text generation.

• ListOfSentences. This class represents the sentences
proposed by the experts. Properties of this class are:
Text where the sentence is stored, Sentence which
relates a sentence with a specific Computational Per-
ception and correspondingWith that identifies the final
User to whom this sentence is directed. Finally, the
Relevance is a value between [0,1] that express the
degree of importance that this sentence has to be
answered to the system. E.g. “The comfort is medium”
has a relevance of 0, because this information adds
nothing to the end user. There is a relevance degree per
sentence and end user. All class properties are func-
tional. Moreover, ListOfSentences is a superclass of a
group of disjoint classes that divides them according
with the perception mapping represented. An example
of this behaviour is presented in the following section.

• User, this class represents each user of the system.
Currently is composed by a datatype property with
the name of the user role.

This High Level Ontology is used as the framework where
an application ontology is defined to generate the experience
base of the computational system that produces user suitable
answers.
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Fig. 4. Ontology about the maintenance of a room.

Instantiation Process

Input data come into the instantiation process module, and
there, they are processed in two different set of classes, those
concerning with the ideational and interpersonal meaning.
Results are processed in the textual meaning class to select
the final linguistic description. Thus, we can summarize this
proccess in two basic operations:

1) Population of the application ontology on the basis
of the dataset. Data are incorporated to the ontology
as instances of the input classes. Instances of 1PMs,
their output CPs and corresponding CPI subclasses
are also generated for each instance of the input
classes. This process is repeated recursively for the
2PMs along the network following the input-output
direction. Finally, the ontology is populated not only
with data, but also with a collection of CPIs cor-
responding to specific time-stamps or time intervals
(see [8] for implementation details).

2) Construction of the final report by a suitable selec-
tion and combination of the statements in the CPIs
obtained. Note that, in general, taking advantage of
the ontology representation, we can see the report
template as a query to the ontology.

It is important to notice that a GLMP network (previously
defined in Section IV and as an example in 3) consists of a
conceptualization of the GLMP model and here, we propose
to represent the same knowledge using an ontology in a formal
and semantically enriched way.

VI. EXPERIMENTATION

In this section, we explain how to build GLMP Ontologies
to provide linguistic reports by using an example about the
maintenance of a the comfort in a room according with the
temperature and luminosity.

A. Experience Base Building Process

In this process, an analysis of the application domain is
performed and the system experience base is built according
with the different meanings of the user answers. In this system,
four CPs have been found: i) Temperature, ii) Luminosity,
iii) Comfort and iv) Summary (“Most of the time”) as it is
illustrated in the GLMP network that is shown in Fig. 3. In
this figure, user roles, sentences and relevance degrees are also
shown. Resulting application ontology that models this GLMP
design is shown in the Fig. 4. Here, we have defined one class
per CP and PM, an instance per role and we grouped sentences
by meaning (see [8] for more details about how to generate
CPs and PMs in the high level ontology). Only classes List
of Sentences and Users are populated in the ontology. We can
see the User instances in Fig. 4 in rectangular shapes.

B. Instantiation Process

We have collected an input data set from sensors of tem-
perature and light intensity on a window connecting them to a
data acquisition system plugged to a personal computer. With
this simple platform, we obtained temperature and luminosity
measures each minute during 10 days, that were stored in a
plain file. These data are represented graphically in Fig. 5.
Using this data we have populated the ontology. Obviously, it
is not possible to show here the whole populated ontology for
all classes related with temperature, light and comfort, during
such a period of time. For the implementations we have used
a plug-in developed in Protégé 4.1 software tool (see [8] for
further details).

After processing the computational system with the dataset,
we observe that with the distinction of the different meanings
of the language in the experience base, the system is able to
return answers more adjusted to the role of the person who is
receiving the advise or report. Also, sentences can be changed
on line or generated automatically because they are related
with an specific role.
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Fig. 5. Temperatures and light intensity got with the sensors, one each hour
from September 23rd at 15:57:43 during 10 days.

According with the example shown in Fig. 3 and the
instances generated with the input dataset, the system returns
the sentences with higher relevance and validity, e.g.: “Most of
the time the room is perfect although today the temperature is
hot’’. This information would be returned to the Maintenance
Staff role.

VII. CONCLUSIONS

We have introduced the distinction of meaning established
in the SFL in the Experience base. The generated texts are
adjusted to the end user thanks to the use of the concept of
relevance and the customization of the linguistic expression
according with the role of the user that is returned to.

We have used an example to show the importance of
the ontology building process, called off-line process. In this
stage, linguistic expressions are identified and related with
their corresponding meanings. After that, the exploitation of
the ontology, called the on-line process, uses the procedures
implemented in the system to populate the ontology and choose
the correct linguistic expression.
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[12] A. Gómez-Pérez, M. Férnandez-López, and O. Corcho-Garcı́a, Onto-
logical Engineering. Springer-Verlag New York, Inc., 2003.

Authorized licensed use limited to: Universidad de Jaen. Downloaded on May 19,2025 at 09:58:20 UTC from IEEE Xplore.  Restrictions apply. 


