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Abstract

In this paper we describe a methodology for modeling context-dependent

fuzzy size categories like small and large. We consider in this work that

the context is fixed by a collection of crisp size values, so that the relativity

in the definition of the categories is related to the distances between sizes

in the context. Modeling visual concepts like those related to size is a key

point, for instance, in the generation of referring expressions (conjunc-

tions of properties) identifying objects in a certain visual scene. Taking

context into account in the fuzzy modeling process is crucial in order to

get human-like results. We illustrate our approach with several exam-
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ples, comparing the results with other usual approaches to size category

modeling.

1 Introduction

Friendly human-machine interaction necessarily involves the use of natural lan-

guage as the backbone of the communication of computer applications with

users. For this reason, research in the field of Natural Language Generation

draws more and more the research community’s attention.

A particular kind of NLG systems are the so-called data-to-text systems [1], a

type of systems that bases its operation on the production of textual information

obtained from data analysis. Among others, there are two important issues that

have to be solved when developing this type of systems:

• The first one is to establish a link between the properties observed in the

data and the different language labels used to express them.

• The second one is to develop algorithms that, using the above link and

based on a given quality criteria, produce the most appropriate text to

transfer the desired information to the user.

Zadeh’s Theory of Fuzzy Sets is a tool of special utility for both issues. With

respect to the first one, given the graduality of most of the concepts expressed

through natural language, the modeling of the semantics of these concepts fits

better within a fuzzy framework than within a precise and rigid mold; in relation

to the second one, since it is basically a KDD process and, as previously said,

it works on gradual concepts, there are many Soft Computing tools useful to

appropriately carry it out [2].

There are numerous data-to-text systems and they are applied in very diverse

areas [2, 3]. Among them, referential games can be found [4]. A referential game
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is a special type of game based on the location, within a scene, of a given object

from small texts that describe and distinguish, what is more important, it from

others in the scene. These texts are called referring expressions [5, 6] and,

usually, are in the form of simple noun phrases (e.g., “The small circle” or “The

big red circle”). These sentences can be obtained through the copulative joint

of a subset of properties that, while fulfilled by the object to be referred, are

not fulfilled by the rest of objects.

In our research group, we are working on the development of a reference

game for teaching the children basic visual concepts such as color, size or po-

sition of simple geometric figures [7]. The fuzzy modeling of these concepts

responds to different levels of complexity, among which there is a component of

context awareness. In this work, we focus on the management of one of those

attributes that is especially sensitive to context: the size. To do this, we analyze

the problem and different ways of dealing with its fuzzy modeling in the partic-

ular framework of referring expression generation. As we will see, our working

hypothesis is that the fuzzy application of a property to the objects of a set,

can be inferred from the similarity relationships that are observed among the

objects in the reference set on which the property is defined.

The paper is organized as follows: after this introductory section, in Sec-

tion 2, the problem is described in detail. Section 3 presents a proposal for the

management of size based on the use of fuzzy clustering techniques. The fourth

section analyzes the use of the performance of the approach on a set of examples.

We discuss about combining context-dependent properties for referring expres-

sion generation in Section 5. Finally, Section 6 highlights some conclusions and

outlines interesting guidelines for future work.
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2 Context and size

The problem of how to give semantics to the different labels of a linguistic

variable is a recurrent problem in the field of Fuzzy Sets Theory. In some

cases, it is sufficient to get a set of membership functions designed by an expert.

In others, these functions are inferred from the data. Even the goal may be

different: in some cases, what matters is to obtain the modeling of the concept

itself; in others, what matters is to optimize the performance of a system, not

being so important the modeling itself of the different concepts. Whatever the

objective, what is observed on numerous occasions is a high dependence on the

context that makes the determination of such semantics a non-easy to solve task

[8].

Only to provide some examples: in [9], fuzzy size concepts are defined by

means of a sigmoidal function whose parameters are given by data from a cat-

alogue of objects which contains information about the target fuzzy concept;

in [10], linguistic labels are assigned to a continuous value space through the

use of the Fuzzy C-Means clustering technique (as we will see, our proposal

shares with this work the idea of using fuzzy clustering as the tool that gen-

erates semantics); in [11], the initial membership functions of a fuzzy system

are adjusted by means of the gradient descent algorithm, resulting in a hybrid

learning process; finally, in [12, 13], interested readers can find how to tune

the membership functions of a fuzzy control system by making use of genetic

algorithms.

In our case, the modeling of the concepts is used to assign properties to

the objects, so that these properties can then be used to build valid referring

expressions. Thus, we are not as interested in the modeling itself as in the

allocation of properties that it produces on the objects. Concretely, as we have

commented in the introduction, in this work we focus in the management of the
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size property.

Size is a property particularly relevant in many applications of data-to-text

systems because, among other things, humans tend to use size to identify objects

when there are other objects of the same type in the scene [14], even when crisp

measurements are not available [15]. When dealing with size, approaches vary:

some approaches are based on a set of if-then rules to choose an appropriate

size label for an object depending on object properties [16]. We can distinguish

between overall size modifiers and individuating size modifiers, according to

whether the label refers to the overall size of the object or to a particular

dimension of the object [17]. These rules and properties can be derived either

from expert knowledge or by means of a training process for binary trees that

try to predict a suitable size modifier according to object properties [18].

In any case, the management of size is context-dependent and is an open

problem in this type of systems. Following, some examples to illustrate this

idea are presented.

Consider the scene depicted in Figure 1. In this scene, to refer to object

B, it is enough to say the large object. However, the same object B cannot be

referred to in such a way in the scene depicted in Figure 2. In this case, a

more appropriate referring expression would be the medium-sized object. The

appearance of a third object C changes the way we can refer to object B. Thus,

it is clear that working with a fixed restriction on, e.g., the diameter’s length,

does not allow to correclty interact with the user. The sensitivity to the context

is clear. The problem becomes more complicated as the variety of sizes present

in the scene increases.

Considers now the scenes depicted in Figures 3 and 4. In these scenes, the

appearance of a new object changes the size labeling again. While in the scene

of Figure 4, object B can be referred to by the medium-sized object, in the scene
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A

B

Figure 1: Scene with objects A and B

of Figure 3, however, the closeness in size of the larger object complicates the

labeling of the object. Object B can be considered medium-sized, but it can

also be considered to be large. C also has this problem, although compatibility

with medium-sized is lower and compatibility with large grows. In both cases,

if the size is used to refer to these objects, the success of the referring expression

is questioned.

3 Our approach

We have seen that assigning a size label to an object in a scene is dependent

on the size of the rest of the objects that appear in the scene. In this section,

we introduce a method that allows us to derive the degree of compatibility of

an object with each of the size labels based on the context determined by the
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Figure 2: Scene with objects A, B, and C

given scene. Concretely, we work with a linguistic variable of size with three

labels (namely, large, medium-sized, and small) and on the hypothesis that the

similarity between the sizes of the objects in a precise referential set allows to

infer the fuzzy semantics of the linguistic labels.

3.1 Formal framework

Let us consider a set of sizes S = {s1, . . . , sn} with n ≥ 2, si ∈ R, and

0 < s1 < s2 < · · · < sn. For instance, S may have been obtained from an image

I containing m ≥ n objects by measuring the size of each object (we consider

the possibility that more than one object share the same size). Our approach

relies on the following ideas:

• Our objective is to define the fuzzy categories small, medium, and large
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Figure 3: Scene with objects A, B, C, and D

as fuzzy subsets on S.

• We impose small(s1) = 1, small(sn) = 0, large(s1) = 0, large(sn) = 1.

That is, s1 and sn are fully representative of small and large, respectively.

• We also designate sizes as representatives of medium when n > 2. When

n is odd we designate a single representative s(n+1)/2. When n is even we

designate two representatives: sn/2 and s(n/2)+1.

• Membership of si to the fuzzy category small (resp. large) is expected to

be proportional to the Euclidean distance between si and s1 (resp. sn).

Similarly, when n > 2, membership to medium is proportional to the closer

representative of this category.

• Models for the three fuzzy categories are obtained by fuzzy clustering. The
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Figure 4: Scene with objects A, B, C, and E

fuzzy category small is modeled by the fuzzy cluster containing s1 with

degree 1. Similarly, the fuzzy category large is modeled by the fuzzy cluster

containing sn with degree 1. The fuzzy category medium is modeled by

the union of fuzzy clusters containing representatives of medium. When

n = 2, medium is modeled by the empty set.

3.2 Clustering

We shall employ an approach to clustering based on representations by levels

[19, 20]. The starting point is a reflexive and symmetric binary fuzzy relation

defined on S. This relation, which measures the similarity between object sizes,

will be calculated from distances between sizes in S by considering a parameter

dm defining the distance beyond which the resemblance between sizes is 0, in
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other words, the distance beyond which we consider two object sizes completely

different. Let si, sj ∈ S and let d(si, sj) = |si − sj | be the Euclidean distance

between them. Then, the resemblance Rdm(si, sj) is calculated as:

Rdm(si, sj) = max

{
1− d(si, sj)

dm
, 0

}
(1)

It is easy to show that Rdm so defined is reflexive and symmetric. When

dm is known, we shall note Rdm as simply R for the sake of brevity. In the

case n = 2, dm ≤ sn − s1 is required. When n > 2, let s′, s′′ with s′ ≤ s′′ be

the designated representatives for medium (if n is odd then s′ = s′′); we shall

always consider parameter dm so that 0 < dm ≤ min(d(s1, s
′), d(s′′, sn)). With

these conditions, we guarantee that for any s ∈ {s′, s′′} it is

R(s1, s) = R(s, sn) = R(s1, sn) = 0

as we want s1, sn, and the pair s′, s′′ to be fully representative of the concepts

small, large and medium, respectively. That means that an object being in one

of the categories with degree 1 is expected to be in the rest of categories with

degree 0.

Clustering based on representation by levels performs crisp clustering in the

different levels Λ(R) = {R(si, sj) | (si, sj) ∈ support(R)}. Note that this is a

finite set Λ(R) = {α1, . . . , αk} with k ≥ 1 and 1 = α1 > · · · > αk+1 = 0. For

each αk ∈ Λ(R), a crisp clustering based on coverings is obtained as follows:

1. Compute the αk-cut of R, Rαk , which is always a reflexive and symmetric

crisp binary relation.

2. Compute the clustering of S at level αk as the (unique) set of maximal

cliques in Rαk . Let the set of clusters obtained be Cαk ⊂ {0, 1}S . Note

that clusters so obtained may overlap, yielding a collection of crisp clusters
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that form a covering of S. However, it is ∅ 6∈ Cαk and Ciαk 6⊂ C
j
αk

for every

Ciαk , C
j
αk
∈ Cαk , among other properties, since all clusters are maximal

cliques.

Note that, by the restriction imposed on dm, it is R(s1, sn) = 0 and hence

|Cαk | ≥ 2 since s1 and sn are in different clusters. Also, it is easy to show that

there is a single cluster Csmallαk
∈ Cαk such that s1 ∈ Csmallαk

and a single cluster

Clargeαk
∈ Cαk such that sn ∈ Clargeαk

with Csmallαk
6= Clargeαk

. Finally, following the

ideas we explained above, in the case n > 2 we define

Cmediumαk
=
⋃{

Ciαk | C
i
αk
∩ {s′, s′′} 6= ∅

}
(2)

That is, Cmediumαk
is the union of all clusters containing at least one of the

representatives of the category medium. Note that Cmediumαk
may be empty.

From the clustering in every level, the fuzzy clusters modeling the three

properties small, medium, and large are obtained following the ideas in [19, 20]

as follows: ∀si ∈ S,

small(si) =
∑

αk | si∈Csmallαk

(αk − αk+1) (3)

medium(si) =
∑

αk | si∈Cmediumαk

(αk − αk+1) (4)

large(si) =
∑

αk | si∈Clargeαk

(αk − αk+1) (5)

3.3 Example

Let us consider S = {10, 20, 25, 30, 40} (n = 5). Then, s1 = 10 is the repre-

sentative for small, s5 = 40 is the representative for large, and s3 = 25 is the

single representative for medium since n is odd. Let dm = 15, which is the
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αk Csmallαk
Cmediumαk

Clargeαk

1 {10} {25} {40}
2/3 {10} {20, 25, 30} {40}
1/3 {10, 20} {20, 25, 30} {30, 40}

Table 1: Crisp clusters by levels with dm = 15.

maximum possible value in this example. Since the set of distances between

sizes is {0, 5, 10, 15, 20, 30} then it is Λ15(R) = {1, 2/3, 1/3}. Table 1 shows the

crisp clusters in each level. On the basis of this information, and using Eqs.

(3)-(5), we have the following clusters:

small = 1/10 + (1/3)/20

medium = (2/3)/20 + 1/25 + (2/3)/30

large = (1/3)/30 + 1/40

In order to illustrate the effect of changing dm, let us consider the same

example with dm = 10. We have Λ10(R) = {1, 1/2}. Table 2 shows the crisp

clusters in each level, from which the following clusters are obtained using Eqs.

(3)-(5):

small = 1/10

medium = 0.5/20 + 1/25 + 0.5/30

large = 1/40

We can see that values are equal or lower. It is easy to show in general that

lower values of dm provide lower membership values, yielding more separate

clusters.
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αk Csmallαk
Cmediumαk

Clargeαk

1 {10} {25} {40}
1/2 {10} {20, 25, 30} {40}

Table 2: Crisp clusters by levels with dm = 10.

With these examples, we have illustrated how considering the largest and

smallest size as representatives of the corresponding labels, and dm as the dis-

tance defining their support, we can easily determine the memberships of sizes

to the three labels.

As a final comment, let us note that sizes in this example are set symmet-

rically with respect to 25, and hence memberships to small and large, and also

to medium, are assigned symmetrically with respect to distance to 25. We shall

see non-symmetric cases in the following section.

4 Experiments

Once we have presented our approach, in this section we show some experiments

over simple illustrative scenes for the sake of clarity, intended to illustrate the

behaviour of our methodology, as well as to compare our results with other

approaches. Specifically, we shall compare our results with those provided by

a predefined fuzzy partition of the size domain (called universal partition), and

also with a scaling of the universal fuzzy partition to the range of sizes defining

the context (called scaled partition). For this comparison, we shall employ the

fuzzy partition shown in Fig. 5 as universal partition. In this case, the scaled

partition is a scaling of the universal partition, from the range [10,90] to the

range [mins, maxs]; where mins is the minimum size of the objects in the context,

and maxs is the maximum size of the objects in the context.

We have considered five scenes, shown in Figs. 6 to 10 (we include the

object sizes on each Figure caption). Objects are labelled with capital letters
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0.00

0.25

0.50

0.75

1.00

10 26 42 58 74 90

Figure 5: Universal partition

in increasing size order; their respective sizes are chosen to be distinguishable.

Results are graphically represented in Table 3, including the model obtained for

each of the size categories large, medium, and small using the two approaches

based on the universal partition, and our method with dm being the largest

possible one according to the restrictions introduced in the previous section.

4.1 Example scene 1

In this example it is S = {10, 50, 90}. We can see that the obtained result is

the same for the three approaches, particularly because the universal and scaled

partitions are the same since the range of sizes in S is that of the universal

partition. It also coincides with our approach since the sizes in this example are

symmetrically defined and fall within the respective cores of the three categories.
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4.2 Example scene 2

In this example it is S = {50, 55, 75}. In this case, the central value 55 is not

situated in the middle of the extreme values. Whilst our method takes 50, 55 and

75 as fully representatives of small, medium and large, the universal partition

considers that none of these values fit small, as it defines a non-contextual

model for the categories. According to the universal partition, both 50 and 55

are medium, and 75 is large.

On its turn, the scaled partition consider that no size in S fits the category

medium in this example, yielding large for 75 and small for both 50 and 55.

This is acceptable in absolute terms, when we want to describe the object, but

not in relative ones, since the size for object B is distinguishable from the size

of A, and hence the referring expression “the middle sized object” can be used

to successfully refer to B so that a human being can identify it. Therefore while

the scaled partition tells us that objects A and B are indistinguishable by its

size, our method states that we can use size to point each object to a human

user successfully, which is our aim.

4.3 Example scene 3

In this example it is S = {50, 55, 75, 90}. The scene has been obtained by

adding a new object D to the scene 2. This example illustrates how perception

of size category, and hence membership of objects into those categories, can

change because of the relative relation between sizes. The universal partition

is again not working, particularly determining that there is no small object in

the scene, something that is counterintuitive for human beings (object A). The

scaled partition yields a good result in absolute terms again. On the other hand,

our method performs better in order to interact with a human user. While the

scaled partition states that we have to refer to the set of “small objects” (which
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can be the set {A,B,C} for a human user), our method tells us that there is

only one small object which can be easily determined and that there is a set

of “medium-sized objects”, which is more identifiable as the user can compare

with the objects A and D, and determine which objects are the “medium-sized”

ones.

4.4 Example scene 4

In this example it is S = {10, 20, 50}. This example is similar to that of scene

2 in that we have three values, with the central one not being halfway between

the extremes. In this case, it is large which is empty following the universal par-

tition, whilst the scaled partition yields an almost empty set as representation

for medium which, again, is counterintuitive for humans, as we have already

shown.

4.5 Example scene 5

In this example it is S = {10, 20, 50, 60, 90}. It corresponds again to adding

new sizes to a previous scene, in this case to scene 4. We have again that the

universal and scaled partition are the same. We can see that both in the scaled

partition and our method there is an important influence of the context; for

instance, size 50 is absolutely large in scene 4, whilst it is absolutely medium

in scene 5 due to the introduction of larger objects. In this case, the scaled

partition tell us that exist a set of “large objects” which is not a singleton,

again we can see that a human user will identify the “largest object” of the

scene more easily than the set of “large objects”, so the model obtained by our

method is the most intuitive model.
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Figure 6: Example scene 1. Object sizes: {10,50,90}.

5 Discussion

As we discussed in the introduction, our proposal is developed within the context

of referring expression generation. From a knowledge representation point of

view, a referring expression can be seen as a conjunction of properties.

In the previous sections we have introduced a methodology to model size

categories, for the sake of referring, taking into account the context. In the

examples we have employed in this paper we have considered a collection of

sizes corresponding to the objects in an image. However, this context may vary

during the process of generating a referring expression due to the influence of

other properties.

Consider for instance the image in Fig. 11. If we want to model the category

large for generating the referring expression “The large object”, we must take
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C

Figure 7: Example scene 2. Object sizes: {50,55,75}.

into account all the objects in the image. Hence, the collection of sizes will be

S = {10, 20, 50, 60, 90}. However, if the referring expression we are evaluating

is “The large black object”, the context in which we are defining the category

large is that of the black objects only, that is, S = {10, 20, 50}. That is, one

of the properties appearing in the referring expression (black) restrict the col-

lection of objects on which we want to identify the referent object by means

of size, hence determining the context for defining such property. As we saw

in our experiments (see scenes 4 and 5), the models for the different fuzzy size

categories are very different in these two cases, something that will influence the

ability of the different size categories to be part of a valid referring expression.

The situation is even more complicated when we are dealing with two fuzzy

properties F1 and F2 during a referring expression generation process, because:
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Figure 8: Example scene 3. Object sizes: {50,55,75,90}.

• Once a fuzzy property F1 is employed, we have a fuzzy restriction on

the set of objects. Hence, the context itself on which to determine the

models for F2 is a fuzzy subset of objects. For solving this problem, our

methodology (which is designed for a context defined by a crisp set of

objects) must be adapted. This will be an object of future research.

• The order in which the properties are applied matters. Different results

are expected in general when defining F1 on the context given by the

objects satisfying F2, and when defining F2 on the context given by the

objects satisfying F1. This fact introduces an additional complexity in the

referring expression generation problem since, instead of having a single

fuzzy model for the conjunction F1∧F2 as a potential referring expression,

we have two possible fuzzy models depending on the ranking we consider:
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Figure 9: Example scene 4. Object sizes: {10,20,50}.

one for “the objects satisfying F1 that satisfy F2” and another one for

“the objects satisfying F2 that satisfy F1”. Note that when the semantics

of both F1 and F2 are context-independent, both models are the same and

can simply be described as “the objects satisfying F1 and F2”, which is

the way referring expressions are usually understood.

6 Conclusions and future work

Our approach to context-dependent fuzzy size category modeling is based on

defining the context as a crisp set of sizes, determining certain sizes in the

context as representatives of the different categories to model (in our work,

only small, medium, and large), and computing membership to categories on

the basis of a clustering procedure by levels based on distance between sizes.

20



  

C

B

E

D

A

Figure 10: Example scene 5. Object sizes: {10,20,50,60,90}.

This way, the fuzzy sets modeling the fuzzy categories vary with the set of sizes

involved, so that the categories are relative to the representative prototypes. In

other words, removing a size or adding a new one to the context may change

memberships to the fuzzy categories.

One important consequence of using context-dependent properties is that a

referring expression cannot be seen as a symmetric conjunction of properties

anymore, since the ranking of properties in the expression affects the context

on which every property is defined. In the particular case of fuzzy properties,

once a fuzzy property is considered, the context (set of objects satisfying the

set property) on which to define the other one is a fuzzy set. Extending our

methodology to the problem of fuzzy modeling on a fuzzy context will be dealt

with in future works.
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Figure 11: Objects with different color and size.
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Table 3: Model representations. For each scene and each size category, we
arrange the objects over the interval [0,1] according to the degree that each
model assign to them for each size category.
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