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Abstract

In this work we present AMARETTO (dynAMic generAtoR of novEl conTenT in bOoks), an intelligent
recommender system exploiting a nonmonotonic extension of Description Logics with typical properties
and probabilities to dynamically generate novel contents in Goodreads, the largest website for readers
and book recommendations (https://www.goodreads.com). The tool AMARETTO can be used to both
the generation/suggestion of novel genres of books and the reclassification of the available items within
such new genres. AMARETTO first extracts a prototypical description of the available genres by means
of a standard information extraction pipeline, then it generates novel classes of genres as the result of an
ontology-based combination of such extracted representations, by exploiting the reasoning capabilities of
a probabilistic extension of a Description Logic of typicality. We have tested AMARETTO by reclassifying
the available books in Goodreads with respect to the new generated genres, as well as with an evaluation,
in the form of a controlled user study experiment, of the feasibility of using the obtained reclassifications
as recommended contents. The obtained results are encouraging and pave the way to many possible
further improvements and research directions.

Keywords
Cognitive Systems, Recommender System, Knowledge Invention, Description Logics, nonmonotonic
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1. Introduction

Dynamic generation of novel knowledge via conceptual recombination is a relevant phe-
nomenon. It highlights some crucial aspects of the knowledge processing capabilities in human
cognition. Indeed, such ability concerns high-level capacities associated to creative thinking
and problem solving. The recent literature suggests the relevance of this topic [1, 2, 3], however,
it still represents an open challenge in the field of artificial intelligence [4]. Indeed, dealing
with this problem requires, from an Al perspective, the harmonization of two conflicting re-
quirements: the need of a syntactic and semantic compositionality — typical of logical systems
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— and the one concerning the exhibition of typicality effects. Such requirements, however,
can be hardly accommodated in standard symbolic systems, including formal ontologies [5].
According to a well-known argument [6], in fact, prototypes, namely commonsense conceptual
representations based on typical properties, are not compositional. The argument runs as
follows: consider a concept like pet fish. It results from the composition of the concept pet
and of the concept fish. However, the prototype of pet fish cannot result from the composition
of the prototypes of a pet and a fish: e.g. a typical pet is furry, a typical fish is grayish, but a
typical pet fish is neither furry nor grayish, on the contrary, typically, it is red. The pet fish
phenomenon is a paradigmatic example of the difficulty to address when building formalisms
and systems trying to imitate this combinatorial human ability. Examples of such difficulties
concern: handling exceptions to attribute inheritance, handling the possible inconsistencies
arising between conflicting properties of the concepts to be combined etc.

In this work, we exploit an ontology-based framework able to account for this type of human-
like concept combination and we show how it can be used as a tool for the generation and the
suggestion of novel editorial content, following the same idea of DENOTER [7], a Knowledge-
Based System for the dynamic generation and classification of novel contents in multimedia
broadcasting. In particular, we adopt the recently introduced nonmonotonic extension of
Description Logics (from now on DL, see [8]) able to reason about typicality with probabilities
and called T" (typicality-based compositional logic) introduced in [9]. Description Logics are a
class of decidable fragments of first order logics that are at the base of Ontology Web Language
(OWL and OWL 2), used for the realization of computational ontologies. Nowadays, DLs are
the most important and widespread symbolic knowledge-representation formalisms [8]. In
the logic T, “typical” properties can be directly specified by means of a “typicality” operator
T enriching the underlying DL, and a TBox can contain inclusions of the form T(C) C D to
represent that “typical Cs are also Ds”. As a difference with standard DLs, in the logic T" one
can consistently express exceptions and reason about defeasible inheritance as well.

Typicality inclusions are also equipped by a real number p € (0.5, 1] representing the probabil-
ity/degree of belief in such a typical property: this allows us to define a semantics inspired to the
DISPONTE semantics [10] characterizing probabilistic extensions of DLs, which in turn is used
in order to describe different scenarios where only some typicality properties are considered.
Given a KB containing the prototypical description of two concepts Cy and Cy; occurring in it,
we then consider only some scenarios in order to define a revised knowledge base, enriched by
typical properties of the combined concept C C Cy 1 Cy; by also implementing some heuristics
coming from the cognitive semantics.

In this work we exploit the logic T in order to dynamically generate novel knowledge about
literary genres and their properties by means of a mechanism for commonsense combination.
This generative and creative capacity has been tested in the context of the online platform
Goodreads (https://www.Goodreads.com), one of the largest site for readers and book recom-
mendations providing information about literary genres as well as about hundreds of books.
We introduce the system AMARETTO (dynAMic generAtoR of novEl conTenT in bOoks) which,
first, automatically builds prototypes of existing basic genres in Goodreads (Children’s, Fantasy,
Horror, and so on). In Goodreads, each book is explicitly marked as belonging to one or more
basic genres. By means of a web crawler, AMARETTO extracts information about concepts
or properties occurring with the highest frequencies in the textual descriptions of the book
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available in the online platform. Such prototypes are formalized by means of a T knowledge
base, whose TBox contains both rigid inclusions of the form

BasicGenre C Concept,

in order to express essential desiderata but also constraints, for instance Childrens T Good
(contents for children must have goods) and Childrens C —Sex (due to law restrictions, sexual
contents for kids must be forbidden), as well as prototypical properties of the form

p :: T(BasicGenre) C TypicalConcept,

representing typical concepts of a given genre, where p is a real number in the range (0.5, 1],
expressing the frequency of such a concept in items belonging to that genre: for instance,
0.825 :: T(Horror) C House is used to express that the typical horror book contains/refers to
the concept House with a frequency/probability/degree of belief of the 82.5%, and such a degree
is automatically extracted by AMARETTO from the description of the books currently available
on Goodreads and classified as belonging to such a genre.

Given the knowledge base with the prototypical descriptions of basic genres, AMARETTO
exploits the reasoning capabilities of the logic T*" in order to generate new derived genres as the
result of the creative combination of two basic ones. It is possible to use AMARETTO also for
combining derived genres with either basic or derived ones. With the prototypical descriptions
of the derived genres at hand, the tool AMARETTO reclassifies the books of Goodreads taking
such new, derived genres into account. The basic idea is as follows: a book can be considered as
belonging to/is recommended for a given new generated genre if its metadata (name, description,
title) contain all the rigid properties as well as at least the 30% of the typical properties of the
prototype of such a derived genre.

We have also tested AMARETTO by performing two different kinds of evaluation: on the
one hand, an automatic evaluation, on the other hand an evaluation of the satisfaction of
users. In both cases, the results that we have obtained seem promising, witnessing that the
tool AMARETTO could represent a first step in the direction of designing a novel, data-driven,
logic-based, “white box” smart recommender system.

2. Logical Reasoning for Concept Combination: the Description
Logic T

The tool AMARETTO exploits the Description Logic T [9] for the generation of new literary
genres as the combination of two existing ones.
The language of T extends the basic DL &/ £ € by typicality inclusions of the form

p:: T(CO)CD

where p € (0.5, 1] is a real number representing its degree of belief, whose meaning is that “we
believe with degree/probability p that, normally, Cs are also Ds”. We avoid probabilities p < 0.5
since it would be misleading for typicality inclusions, since typical knowledge is known to come
with a low degree of uncertainty.



We define a knowledge base # = (%, T, o) where X is a finite set of rigid properties of
the form C C D, J is a finite set of typicality properties of the form p :: T(C) C D where
p €(0.5,1] C Ris the degree of belief of the typicality inclusion, and & is the ABox, i.e. a finite
set of formulas of the form either C(a) or R(a,b), where a,b € 0 and R € R.

The Description Logic T relies on the DL of typicality & % + Tg introduced in [11],
which allows to describe the protoype of a concept, in this case a literary genre. As a difference
with standard DLs, in the logic &/ £ + Tgr one can consistently express exceptions and reason
about defeasible inheritance as well. The semantics of the T operator is characterized by the
properties of rational logic [12], recognized as the core properties of nonmonotonic reasoning.
The Description Logic &/ &€ +Tg is characterized by a minimal model semantics corresponding
to an extension to DLs of a notion of rational closure as defined in [12] for propositional logic:
the idea is to adopt a preference relation among o % + Tr models, where intuitively a
model is preferred to another one if it contains less exceptional elements, as well as a notion
of minimal entailment restricted to models that are minimal with respect to such preference
relation. As a consequence, the operator T inherits well-established properties like specificity
and irrelevance; in the example, the Description Logic o/ £ + Tgr allows one to infer that
T(Student M Tall) C Young (being tall is irrelevant with respect to being young) and, if one
knows that Annekee is a typical senior student, to infer that she is not young, giving preference
to the most specific information.

The Description Logic of typicality with rational closure is finally extended in order to deal
with concept combination: the logic T considers a distributed semantics similar to DISPONTE
[13] for probabilistic DLs. This logic allows one to label inclusions T(C) E D with a real number
between 0.5 and 1, representing its degree of belief, assuming that each axiom is independent
from each others. Degrees in typicality inclusions allow to define a probability distribution
over scenarios: intuitively, a scenario is obtained by choosing, for each typicality inclusion,
whether it is considered as true or false. In an extension of the above example, we could have
the following KB:

(1) SeniorStudent C Student

(2) 0.7 :: T(Student) C Young

(3) 0.95 :: T(SeniorStudent) C —Young
(4) 0.85 :: T(SeniorStudent) T Married

We consider eight different scenarios, representing all possible combinations of typicality
inclusion, for instance {((2), 1), ((3), 1), ((4), 0)} represents the scenario in which (2) and (3) hold,
whereas (4) is not considered. The standard inclusion (1) holds in every scenario, representing a
rigid property not admitting exceptions. We equip each scenario with a probability depending on
those of the involved inclusions: the scenario of the example has probability 0.7x0.95x(1—0.85),
since 2 and 3 are involved, whereas 4 is not. Such probabilities are then taken into account in
order to select the most adequate scenario describing the prototype of the combined concept.
In order to capture the ability of combining concepts, the logic T" exploits a method inspired
by cognitive semantics [14] for the identification of a dominance effect between the concepts to
be combined: for every combination, we distinguish a HEAD, representing the stronger element
of the combination, and a MODIFIER. The basic idea is: given a KB and two concepts Cy (HEAD)



and Cy; (MODIFIER) occurring in it, we consider only some scenarios in order to define a revised
knowledge base, enriched by typical properties of the combined concept C E Cy M Cyy.
Formally, given a KB # = (%,J, o) and given two concepts Cy and Cy; occurring in %,
the logic T allows defining a prototype of the concept obtained by the combination of the
HEAD Cpy and the MODIFIER Cy,. Such a prototype contains typical properties of the form

p i T(CHHCM)ED

and are obtained by considering blocks of scenarios with the same probability, in decreasing
order from the highest to the lowest. We first discard all the inconsistent scenarios, then:

« we discard trivial scenarios, that is to say scenario consistently inheriting all the properties
from the HEAD from the starting concepts to be combined. This choice is motivated
by the challenges provided by task of commonsense conceptual combination itself: in
order to generate plausible and creative compounds it is necessary to maintain a level of
surprise in the combination. Thus all scenarios inheriting all the properties of the HEAD,
including the one where all the properties of both concepts HEAD and MODIFIER, are
inherited, are discarded since they prevent this surprise;

« among the remaining ones, we discard those inheriting properties from the MODIFIER
in conflict with properties that could be consistently inherited from the HEAD; as an
example, in the combination of the literary genres Mystery — as the HEAD — and Christian
— MODIFIER — the logic could have to deal with the conflicting properties:

0.85 :: T(Horror) C Killer
0.60 :: T(Christian) C —Killer

In this case, all scenarios where the latter inclusion is considered are discarded, even if
the former one is discarded too, since they reject the HEAD/MODIFIER heuristics;

if the set of scenarios of the current block is empty, i.e. all the scenarios have been
discarded either because trivial or because preferring the MODIFIER, we repeat the
procedure by considering the block of scenarios, having the immediately lower probability.

Remaining scenarios are those selected by the logic T". The ultimate output of our mechanism
is a knowledge base whose set of typicality properties is obtained by adding to those of the
initial knowledge, the inclusions considered in the selected scenario(s), namely those describing
the prototype of the combined concept Cy M Cy,. If more than one scenario is selected by the
logic T, then several alternative final knowledge bases are provided.

Formally, given a scenario w satisfying the above properties, we define the properties of
Cy M Cyy as the set of inclusions p :: T(CymCy) E D, for all T(CymCyy) C D that are entailed
from win the logic T. The probability p is such that:

« if T(Cy) € Dis entailed from w, that is to say D is a property inherited either from the
HEAD (or from both the HEAD and the MODIFIER), then p corresponds to the degree of
belief of such inclusion of the HEAD in the initial knowledge base,i.e. p : T(Cy)E D € T,

« otherwise, i.e. T(Cyy) C D is entailed from w, then p corresponds to the degree of belief of
such inclusion of a MODIFIER in the initial knowledge base,ie. p : T(Cy) C D€ J.



The knowledge base obtained as the result of combining concepts Cyy and Cy, i is defined as:
‘%CHHCM = <3—€, T u {p : T(CHH CM) C D},.SZf),

for all D such that either T(Cy) C D is entailed in w or T(Cy) C D is entailed in w, and p is
defined as above.

It can be shown that reasoning in the logic T is ExpTtme-complete. Since reasoning
in standard o Z€ is ExpTime-complete too, this means that, even if we add probabilities,
typicalities, and scenarios for combining prototypes, we remain in the same complexity class of
the initial, monotonic Description Logic.

3. The tool AMARETTO: Automatic Generation of Novel
Literary Genres

We describe the tool AMARETTO, the system exploiting the logic T in order to generate
and suggest novel literary genres for Goodreads (https://www.Goodreads.it). AMARETTO is
implemented in Python and it makes use of the library owlready2 (https://pythonhosted.org/
Owlready2/) for relying on the services of efficient DL reasoners (like HermiT).

As already sketched, the tool AMARETTO first builds a prototypical description of basic
literary genres available in Goodreads. At present, in order to provide a first evaluation of the
system, we consider the following literary genres: Children’s, Fantasy, Fiction, History, Horror,
Mystery, Romance, and Thriller. To this aim, a web crawler extracts metadata from books and
texts available on the platform. More in detail, for each item the crawler extracts (i) the genre
to which it belongs and (ii) the set of “significant” words (i.e., excluding prepositions, proper
names, articles, etc.) occurring in the description of each item, as well as their frequency. These
information are used in order to provide a description of each basic genre in terms of its typical
properties in the logic T, where the frequency of a concept/word for a genre is obtained from
the number of occurrences of such a concept/word in the items belonging to that genre. The
five properties with the highest frequency over 0.5 are included in the prototypical description
of each basic genre. Formally, similarly to what done in [7, 15, 16], we have:

Definition 1. Given a book b, let &}, be the set of significant concepts extracted for b by the web
crawler, and let Concept € S}. Let np concepr be the number of occurrences of Concept in the
description of b. We define the frequency fj, concepr 0f concept Concept for the item b as

Mp,Concept
fb,Concept -
ZDe&b p,D

Definition 2. Given a basic literary genre Genre, let 98 be the set of books belonging to Genre,
and let SGenre be the set of concepts occurring in such items, i.e. Sgenre = Upeg Sp» Where S},

Given a concept Concept € SGenre and a book b € 3B, let ny, copcepr be the number of occur-
rences of Concept in the description of b. We define ngepye,concepr the number of occurrences of
Concept in the description of items of Genre, i.e.

NGenre,Concept = Z My, Concept -
beA
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We also define the frequency of Concept for a genre Genre, written fGenre,Concept:

NGenre,Concept

fGenre,Concept = .
ZCe&Gem NGenre,C

The prototypical description of a basic literary Genre inT" is defined as the set of inclusions

p1 :: T(Genre) C TypicalConcept,
p2 :: T(Genre) C TypicalConcept,

ps :: T(Genre) C TypicalConcepts,

where TypicalConcept,, TypicalConcept,, ..., TypicalConcepts are the five concepts in Sgepre
with the highest frequencies higher than 50%; frequencies are then also used as degrees of belief
of the respective inclusions. If needed, in some cases we have also manually added some rigid
properties, thus integrating the bottom-up, data-driven, process of prototype formation with
top down expert knowledge. Recalling the example in the Introduction, we have exploited this
opportunity given by the logic T for imposing some constraints, for instance to avoid that
books for children contain/refer to sex and violence. Therefore, the knowledge base generated
by the crawler will contain, among typical properties, also rigid inclusions like Childrens C —Sex
and Childrens E —Violence. The tool AMARETTO generates novel hybrid literary genres by
combining existing ones by exploiting the reasoning mechanism provided by the logic T and
described in the previous section. As an example, consider the following prototypes of basic
genres Childrens and Mystery:

Childrens C ~Murder ~ 0.90 :: T(Childrens) C Story Mystery C Search
Childrens C —Blood 0.85 :: T(Childrens) C Children 0.90 :: T(Mpystery) C Murder

Childrens C —Sex 0.80 :: T(Childrens) C Book 0.88 :: T(Mpystery) C Case
Childrens C —Ewvil 0.80 :: T(Childrens) C Readers 0.85 :: T(Mpystery) C Killer
Childrens C —Violence 0.78 :: T(Childrens) C Life 0.81 :: T(Mystery) C Years
Childrens € Good 0.78 :: T(Mystery) C Time

AMARETTO combines the two basic genres by means of a variant of CoCoS [17], a Python
implementation of reasoning services for the logic T in order to exploit efficient DLs reasoners
for checking both the consistency of each generated scenario and the existence of conflicts
among properties. As an example, the new, derived literary genre obtained by combining
Children’s and Mystery, with the number of the inherited properties fixed to be no higher than
eight, has the following T" description:

0.90 :: T(Childrens 1 Mystery) C Story 0.90 :: T(Childrens 1 Mystery) C Murder
0.85 :: T(Childrens 1 Mystery) C Children 0.88 :: T(Childrens Mystery) C Case
0.80 :: T(Childrens 1 Mystery) C Book 0.85 :: T(Childrens 1 Mystery) C Killer
0.90 :: T(Childrens 1 Mystery) C Readers 0.78 :: T(Childrens 1 Mystery) C Time

Obviously, rigid properties of both basic concepts Childrens and Mystery are inherited by the
derived concept as well.



4. The tool AMARETTO: Reclassifying and Recommending
Books with Respect to Generated Literary Genres

Apart from the process of automatic knowledge generation, AMARETTO is also able to reclassify
books of Goodreads within the novel derived genres (generated as described in the previous
section). As mentioned, indeed, each book is equipped by some information available in
Goodreads, including title and description of the item. AMARETTO extracts such information
and then computes the frequencies of concepts in it as in Definition 2, in order to compare them
with the properties of a derived genre. If the book contains all the rigid properties and at least
the 30% of the typical properties of the genre under consideration, then the book is classified
as belonging to it. Last, AMARETTO suggests the set of classified contents, in a descending
order of compatibility, where a rank of compatibility of a single book with respect to a genre
is intuitively obtained as the sum of the frequencies of “compatible” concepts, i.e. concepts
belonging to both the book and the prototypical description of the literary genre. Formally:

Definition 3. Given a book b, let DerivedGenre be a derived literary genre as defined in Section 3
and let &}, be the set of concepts/words occurring in b as in Definition 2. Given a knowledge
base KB of literary genres built by AMARETTO, we say that b is compatible with DerivedGenre
if the following conditions hold:

1. b contains all rigid properties of DerivedGenre, i.e. {C | DerivedGenre C C € KB} C &,
2. b contains at least the 30% of typical properties of DerivedGenre , i.e.

| S 0 SDerivedGenre |
| CS)DerivealGenre |

> 0.3,
where SperivedGenre 15 the set of typical properties of DerivedGenre as in Definition 4.

As an example, consider the above derived genre Childrens m Mystery, and the book “The
Phantom Tollbooth” (https://www.goodreads.com/book/show/378.The_Phantom_Tollbooth?
from_search=true&from_srp=true&qid=x8ixI8 TNqL&rank=1). It is reclassified in the novel,
generated genre Childrens 11 Mystery. Indeed:

« all rigid properties of both basic genres are satisfied, that is to say the only rigid property
Search belongs to the properties of the book under consideration, whereas neither Murder
nor Blood nor Sex nor Evil nor Violence belong to the properties extracted by the crawler
for the book itself;

« more than the 30% of the typical properties of the derived genre are satisfied by the items,
in particular “The Phantom Tollbooth” has Story with frequency 0.90, Readers (0.90), and
Time (0.90) with a total score of 3.6.

In conclusion, the tool AMARETTO will recommended the song “The Phantom Tollbooth”. As
usual, recommended songs are listed in a non increasing order by their score.
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5. Tests and Evaluations

We have evaluated AMARETTO in order to check whether it could be considered a promising
approach for generating new knowledge about literary genres and recommending books in the
context of the Goodreads platform.

The first evaluation is completely automatic and inheres the capability of the system of
generating novel hybrid literary genres that are able to be populated by the original content of
the Goodreads platform via a re-classification mechanism involving the books of the platform.
In this case, the success criterion concerns the avoidance of the creation of empty boxes
corresponding to the new generated combined genres. With the only exceptions of three
genres, all the derived literary genres contain books that are classified under such a genre. It is
worth noticing that, in some cases, a book is classified in the derived genre of two basic ones,
without being member of the initial genres. For instance, the book “The Cuckoo’s Calling” by
JKRowling (under the name Robert Galbraith) is classified as belonging to the genre Mystery,
however it is re-classified in the genre derived as the combination of Childrens and Fantasy.
Similarly, the above mentioned book “The Phantom Tollbooth” by Norton Juster belongs to the
genre Fantasy but it is also classified in the combination of Childrens and Mystery.

A second evaluation aimed at measuring the satisfaction of the potential users of the platform
when exposed to the contents of the novel categories suggested by AMARETTO. It consisted
in a user study involving 20 persons (10 females, 10 males, aged 20-45) that evaluated recom-
mendations generated by the system for seven combined literary genres. All the participants
were selected from the same population, i.e., voluntary persons using an availability sampling
strategy. Participants were all naive to the experimental procedure and to the aims of the
study. This is one of the most commonly used methodology for the evaluation of recommender
systems based on controlled small groups analysis [18]. This evaluation was carried out as a
classical “one to one” lab controlled experiment, that is to say one person at time with one expert
interviewer, and we adopted a thinking aloud protocol: this technique consists in recording
the verbal explanations provided by the people while executing a given laboratory task. It has
been used in the Al literature since the pioneering work by Newell and Simon, as a source to
individuate the heuristics used by humans to solve a given task [19, 20]. At this stage, this
solution was methodologically preferred with respect to the adoption of large scale online
surveys since it allowed us to have more control on the type of thoughts and considerations
emerging during the evaluation of the results. In this setting, the users had to start the interview
by indicating a couple of preferred genres among those available in Goodreads.

This selection triggered both the activation of a novel hybrid prototypical literary genre
by AMARETTO and the corresponding reclassification of books of Goodreads based on such
selection. The output of the system, pruned to show the top 5 best results, was then evaluated
with a 1-10 voting scale expressing the satisfaction of the received recommendations. The
results of this second evaluation are shown in Table 1 and are promising. For each pair, we have
reported only one combination (and not the symmetric one, obtained by exchanging the roles of
HEAD and MODIFIER), since we have found very few differences between the two alternatives.
We have obtained an average rate of 6.67 in a 1-10 scale: this result seems to be promising,
especially considering that only some literary genres have been involved in this test. We are
currently working on extending our test including all the genres available on GoodReads.



Derived genre Average mark

Childrens-Fantasy 6,25
Childrens-Mystery 717
Fantasy-Horror 6.5

Fantasy-Romance 6,5

History-Romance 717
History-Fiction 6,96
Romance-Mystery 6,17

6,67

Figure 1: Average marks for all the combinations of literary genres.

6. Conclusions and Future Works

In this work we have presented AMARETTO, a knowledge-based system for the dynamic
generation of novel literary genres, exploiting the reasoning mechanism of the logic T" in order
to generate, reclassify and suggest books as belonging to novel literary genres in the context
of Goodreads, one of the world’s largest portal for readers and book recommendations. The
system has been tested in twofold evaluation showing promising results for both the automatic
evaluation and the user acceptability of the recommended books.

AMARETTO exploits the logic T, introduced in order to tackle the task of modelling
prototypical concept composition in a human-like fashion (and with human-level performances).
Several approaches have been proposed in both the Al and computational cognitive science
communities to this aim. Other attempts similar to the one adopted here concerns the modelling
of the conceptual blending phenomenon: a task where the obtained concept is entirely novel
and has no strong association with the two base concepts. In this setting, [3] proposed a
mechanism for conceptual blending based on the DL &% **. They construct the generic space
of two concepts by introducing an upward refinement operator that is used for finding common
generalizations of &Z** concepts. However, differently from us, what they call prototypes are
expressed in the standard monotonic formalism, which does not allow to reason about typicality
and defeasible inheritance. More recently, a different approach is proposed in [1], where the
authors see the problem of concept blending as a nonmonotonic search problem and proposed
to use Answer Set Programming (ASP) to deal with this search problem. There is no evidence,
however, that both the frameworks of [3] and [1] would be able to model.

The core component of the system AMARETTO relies on CoCoS. In future research, we aim
at studying the application of optimization techniques in [21] in order to improve its efficiency
and, a consequence, the one of the proposed knowledge generation system.

Furthermore, we aim at extending the evaluation provided in this paper in two directions.
The first one concerns the inclusion of all literary genres available in GoodReads. The second
one goes in the direction of testing our tool AMARETTO including a suitable extension for
the automated extraction of negated typical properties of the form p :: T(Genre) C —P. This
aspect would require to analyze in more detail heuristic aspects concerning the efficiency about
the concept selection and combination.
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