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Sommario

conoscenze ottenute con l'utente. A tal fine, una base di conoscenza semanticomultimediale è stata realizzata basandosi un modello ontologico ed implementata tramite un database a grafo NoSQL. Tale base di conoscenza è l'elemento fondante del lavoro di tesi su cui sono stati investigati molteplici approcci, basati su informazioni semantiche, multimediali e visive. Gli approcci sviluppati, combinano tali informazioni mediante tecniche classiche di machine learning, sia supervisionate che non suprevisionate, congiuntamente a tecniche di transfer learning per il riutilizzo di feature semantiche provenienti da modelli di deep neural networks.

Résumé

L'emploi de robots personnels, ou de robots de service, a suscité beaucoup d'intérêt ces dernières années avec une croissance étonnante de la robotique dans différents domaines. Concevoir des robots compagnons capables d'assister, de partager et d'accompagner des personnes à autonomie limitée dans leur vie quotidienne est le défi de la décennie à venir. Cependant, les performances des systèmes robotisés et des prototypes actuels sont très loin de répondre à un tel défi. Bien que des robots humanoïdes sophistiqués aient été développés, de nombreux efforts sont nécessaires pour améliorer leurs capacités cognitives. En effet, les robots (ainsi que les prototypes) disponibles dans le commerce ne sont pas encore capables de s'adapter naturellement à l'environnement complexe dans lequel ils sont censés évoluer avec les humains. De la même façon, les prototypes existants ne sont pas en mesure d'interagir de plusieurs manières avec leurs utilisateurs. En fait, ils sont encore très loin d'interpréter la diversité et la complexité des informations perçues ou encore de construire des connaissances relatives au milieu environnant. Le développement d'approches bio-inspirées basées sur la cognition artificielle pour la perception et l'acquisition autonome de connaissances en robotique est une méthodologie appropriée pour surmonter ces limites. Un certain nombre d'avancées ont déjà permis de réaliser un système basé sur la cognition artificielle permettant à un robot d'apprendre et de créer des connaissances à partir de ses observations (association d'informations sensorielles et de sémantique naturelle) [1,2,3]. Dans ce contexte, le présent travail tire parti du processus évolutif d'interprétation sémantique des informations sensorielles pour faire émerger la conscience de la machine sur son environnement. L'objectif principal de la thèse de doctorat est de poursuivre les efforts déjà accomplis (recherches) afin de permettre à un robot d'extraire, de construire et de conceptualiser les connaissances sur son environnement. En effet, la motivation de cette recherche doctorale est de généraliser les concepts précités afin de permettre une construction autonome, ou semi-autonome, de connaissances à partir de l'information perçue (par exemple par un robot). En d'autres termes, l'objectif v attendu de la recherche doctorale proposée est de permettre à un robot de conceptualiser progressivement l'environnement dans lequel il évolue et de partager les connaissances construites avec son utilisateur. Pour cela, une base de connaissances sémantique-multimédia a été créée sur la base d'un modèle ontologique et implémentée via une base de données de graphes NoSQL. Cette base de connaissances est la pierre angulaire du travail de thèse sur lequel de multiples approches ont été explorées, basées sur des informations sémantiques, multimédias et visuelles. Les approches développées combinent ces informations à travers des techniques classiques d'apprentissage automatique, à la fois supervisées et non supervisées, ainsi que des techniques d'apprentissage par transfert pour la réutilisation de caractéristiques sémantiques à partir de modèles de réseaux de neurones profonds. D'autres techniques basées sur les ontologies et le Web sémantique ont été explorées pour l'acquisition et l'intégration de nouveaux savoirs dans la base de connaissances développée. L'étude de ces différents domaines à conduit à la definition d'un modèle compréhensif de gestion de la connaissance intégrant des caractéristiques relatives à la perception et à la sémantique, qui peut également être utilisée sur des plateforme robotiques. Les expériences menées ont montré une correspondance efficace entre les interprétations basées sur des caractéristiques sémantiques et visuelles, d'où la possibilité pour un agent robotique d'élargir ses compétences de généralisation des connaissances dans des environnements encore inconnus (voire partiellement connus), ce qui a permis d'atteindre les objectifs fixés.

vi Sommario Sommario L'impiego di robot personali o robot di servizio ha suscitato molto interesse negli ultimi anni facendo registrare una straordinaria crescita della robotica in diversi settori. La progettazione di robot di compagnia in grado di assistere, condividere e accompagnare le persone con autonomia limitata nella loro vita quotidiana è la sfida del prossimo decennio. Tuttavia, le prestazioni degli attuali corpi robotici e dei prototipi sono molto lontane dal superare tale sfida. Sebbene siano stati sviluppati sofisticati robot umanoidi, sono necessari molti più sforzi per migliorare le loro capacità cognitive. In realtà, i suddetti robot o prototipi disponibili in commercio non sono ancora in grado di adattarsi naturalmente al complesso ambiente in cui dovrebbero evolversi con gli umani. Allo stesso modo, i prototipi esistenti non sono in grado di interagire in modo versatile con i loro utenti essendo essi ancora molto lontani dall'interpretazione della diversità e della complessità delle informazioni percepite o dalla costruzione di conoscenze relative all'ambiente circostante.

Lo sviluppo di approcci "bio-inspired" basati sulla cognizione artificiale per la percezione e l'acquisizione autonoma delle conoscenze nella robotica è una strategia attuabile per superare questi limiti. Numerosi progressi hanno già portato alla realizzazione di un sistema basato sulla cognizione artificiale che consente a un robot di apprendere e creare conoscenza dall'osservazione (associazione di informazioni sensoriali e semantica naturale). In questo contesto, il presente lavoro sfrutta il processo evolutivo per l'interpretazione semantica delle informazioni sensoriali per far emergere la "consapevolezza" della macchina circa l'ambiente che la circonda. Lo scopo principale della tesi di dottorato è estendere le ricerche già compiute al fine di consentire a un robot di estrarre, costruire e concettualizzare la conoscenza dell'ambiente circostante. In effetti, l'obiettivo della ricerca di dottorato è di generalizzare i concetti di cui sopra per una costruzione autonoma, o semi-autonoma, della conoscenza dalle informazioni percepite (da robot). In altre parole, il risultato atteso della ricerca di dottorato è consentire a un robot di concettualizzare progressivamente l'ambiente in cui si evolve e condividere le 

Introduction

In recent years we have witnessed a rapid change in the society in which we live. These transformations have led to the transition from an "analog" to a "digital" era, directly impacting the habits and customs of human beings. Among the factors that mostly influenced this swift evolution, there is certainly the rapid spread of the Internet all over the world. The Internet of Things (IoT), in particular, has played a fundamental role in the digitization of society. In parallel, astonishing progresses in the field of Artificial Intelligence (AI), which was defined by John McCarthy (who coined the term in 1956) as "the science and engineering of making intelligent machines" [5], are constantly made by research communities. An artificial neural network is a computational model whose key-element is an artificial "neuron". In fact, since their early appearance, artificial neural networks have been designed to emulate the biological processes used in the brains of the most advanced animal species, obtaining valuable results in many fields. Over the years, different approaches have been presented, being more accurate and complex with time passing. This evolutionary path, on the one hand has shown the power of neural networks and artificial intelligence in general, on the other hand it has also allowed us to highlight the relative limitations. Neural networks have several advantages. They have the ability to learn and model non-linear and complex relationships characterizing real life scenery. In the same way, they can generalize and predict on unseen data. Many studies [6,7,[START_REF] Ajay | Financial time series forecasting: comparison of neural networks and arch models[END_REF] have proven that neural networks give optimal results also when input data have high heterogeneity and non-constant variance, i.e. they can better model heteroskedasticity. For these reasons, neural networks are a valuable tool which can be exploited also for improving performances of knowledge acquisition approaches from a learning perspective. The techniques developed, on the contrary, are often valid in restricted areas and needs to be fine-tuned according to the investigated domain. Moreover, they often show gaps such as lack of adaptability and, with increasing complexity of models, lack of interpretability.

Moving a step forward, the branch of AI named Computational Intelligence (CI) combines elements of learning, adaptation, evolution and fuzziness to create approaches that are capable of adapting to changing complex dynamic systems, i.e. they are to some extents intelligent [START_REF] Madani | Computational intelligence[END_REF]. By combining the above-cited elements with Big Data technologies, it is possible to better exploit the huge quantities of data that are produced everyday in order to create consistent bases of knowledge processable by machines to make them "intelligent".

Recently, the application of artificial intelligence to robotics has caught the attention of many, from scientists and researchers, to medium and large companies in the industrial field. This combination has shown enormous potential right from the start. It opened up many prospects for the near future and it marked a noticeable change also in the concept of robots with respect to as they are meant today. Initially confined to an industrial focus, where robots are employed as highly specialized units carrying out immutable tasks of well-established business processes, robotics is rapidly expanding into human environments introducing new figures of personal and collaborative robots, which are intended to assist humans in their daily life. In parallel, the enormous diffusion of the Internet of things has allowed the definition of paradigms and models of the future society, called Society 5.0 [START_REF] Shiroishi | Society 5.0: For human security and well-being[END_REF][START_REF] Iwano | Future services & societal systems in society 5.0[END_REF], where entities like human beings, devices and machines are interconnected and actively interact with each other. As a consequence, autonomous robots are becoming essential entities for the next future decade and will soon be part of our lives.

The design and the development of human-friendly robots has already increased. The purpose is to have machines able to make decisions in complete autonomy to assist and support humans in their daily activities (assistive robotics: namely assistance for older people with reduced autonomy and/or mobility, etc.). Thus, there is the need for developing more skilled and autonomous machines in order to actively include them as common co-workers in our homes. This is happening now, especially in the industrial field, thanks to the presence of collaborative robots, named cobots, which operate safely alongside the man. The term Cobots, deriving from collaborative robots, was coined in 1996 by J. Edward Colgate and Michael Peshkin [START_REF] Edward Colgate | Cobots: Robots for collaboration with human operators[END_REF], in order to define a new class of robotic devices which manipulate objects in collaboration with a human operator and are able to directly and safely interact with him. However, compared to rigid and framed factory environments, a human house requires much more knowledge for a robot to acquire, since it is an unstructured and dynamic environment, where the number of possible interactions is much higher, each presenting its own peculiarity. Interaction with humans also needs human language understanding and the ability to interpret the context of speech. As for today, we are still very far from obtaining machines able to flawlessly cohabit and interact with humans in the real world as autonomously-thinking machines. Such a vision requires a new conception of artificial intelligence and the development of new learning paradigms, which allow machines to develop their own intelligence and to mature their own skills, without being passively trained on specific tasks such as object manipulation, facial recognition, object detection, object recognition and so on. To meet these requirements, there is the need to overcome the current limitations of artificial intelligence, which is known as weak AI and designed to perform a special task. While weak AI may outperform humans at a specific task, such as playing chess or solving equations, general AI would outperform humans at nearly every cognitive task. Looking into this direction, terms like smart robotics, cognitive computing and collective knowledge [START_REF] Gruber | Collective knowledge systems: Where the social web meets the semantic web[END_REF] are being used more frequently.

The importance of "personal robots" is also witnessed by the exponential growth of its market value, as predicted by Bill Gates in 2007 [START_REF] Gates | A robot in every home[END_REF]. In a recent report by P&S Market [START_REF] Psmarket | Global personal robots market to record 37.8% cagr[END_REF], the global personal robots market has been projected to reach $34.1 billion by 2022, witnessing a Compounded Average Growth Rate (CAGR) of 37.8% during the forecast period (2016)(2017)(2018)(2019)(2020)(2021)(2022). Increasing urbanization, aging population and decreasing price of personal robots have been identified as the major factors driving the fast growth of the market.

One of the fundamental differences between the next generation of robots and the previous one lies in the features the new generation should have, that is proactivity, autonomy and capability of interacting with, assisting and serving humans and other machines in various contexts. This opens up many possible application scenarios, such as for example the use of robots as active elements of multi-agent systems designed for knowledge sharing and knowledge creation.

Beyond the charm and suggestions that such a scenario can arouse, achieving such goals within the near future is not trivial and requires massive research efforts across diverse research areas and scientific disciplines, such as biomechanics, neuroscience, psychology, cognitive computing and many others.

With the advent of humanoid personal robots, and in particular companion robots, it is necessary to introduce a further feature, which is that of friendliness, so that interaction with humans would be as true and natural as possible. One of the main aspects to consider in this context is how to provide machines with an effective way of managing knowledge and acquire new one. Humanoid robots have to acquire a new level of understanding those concepts which are naturally owned by humans but are rather hard to manage for machines, such as simple daily activities, common gestures, emotions recognition, etc. In other words, proper self-consciousness of machines is the key to success in this context. The use of human-inspired approaches together with well-known technologies for semantics, like ontologies, the Semantic Web and Linked Open Data (LOD) appear to be an effective ensemble of tools for developing good strategies which looks straight into this direction.

Motivation and aims of the work

The previous section has mildly introduced the reader to challenges in artificial intelligence and robotics for the next future, giving some insights about the subjects treated in this thesis. In this section instead, the issues previously mentioned are addressed from a more detailed perspective. Such an analysis has a twofold objective. First, it allows us to narrow down our field of action by delimiting the research perimeter we are going to move inside; secondly, the discussion about critical points in current achievements is useful to explicitly set out motivations and goals of this work and from where they originated.

The advances shown by processing units in terms of computational speed and the massive production of data easily accessible by means of technologies such as the Internet, have allowed researchers to create very complex models of neural networks giving new life to the branch of machine learning known as deep learning.

Besides, recent efforts made by the scientific community have shown amazing results in the field of research related to artificial intelligence and robotics, and it has been proven that machines may be superior to humans in carrying out certain tasks. Today, artificial systems are able to defeat even the best human chess player, or they can achieve impressive results in recognizing objects or speech abilities matching the skills of average human beings on the same tasks.

Despite these excellent results, computers still fail to achieve high-level skills required to support humans and interact with them in many assignments. Furthermore, the "intelligence" exhibited is hardly ever the result of a real autonomous decision, that is the machine is not conscious of its own knowledge.

The same applies to the field of artificial intelligence applied to robotics, possibly with even more motivations. In fact, the growing interest in the development of humanoid robots had a huge impact on our society and, although sophisticated humanoid robots have been developed, much more effort is needed for improving their cognitive capabilities and the interactions with humans and/or with other agents which are still limited and far from being considered satisfactory.

In recent past, many artificial intelligence projects have tried to hard-code knowledge about the world. This approach is based on the vision known as symbolic artificial intelligence, which makes use of formal languages and inference engines to automatically produce logical inference rules. However, none of these projects has led to a major success due to the limitations of such an approach. One of the major issues is that an immense amount of knowledge about the world is required to emulate a person's everyday life. In addition, much of this knowledge is subjective, intuitive and therefore difficult to articulate in a formal way. Computers need to capture this same knowledge in order to behave in an intelligent way. One of the key challenges in artificial intelligence is how to get this informal knowledge into a computer. The above-cited issues clearly represent walls very hard to climb, to which it is unlikely to find a solution in the short but also in the medium term. For such reasons, the vision proposed in this research is to explore different approaches for moving a step further into the direction of "intelligent machines".

On the relationship between autonomous robotics and knowledge management systems, the use of approaches based on symbolic artificial intelligence, could provide particular advantages to existing solutions in: i) the representation of knowledge by a robot to increase its autonomy in the conceptualization process, ii) providing prior knowledge to a robot contextualized to its operating environment, iii) human-robot and robot-robot interactions actively handled by machines and not guided by a human. In this context, the way we store and represent knowledge in an artificial system becomes fundamental. It requires flexibility and interpretability in order to overcome these limitations and improve both human-machine and machine-machine interactions. Such features may be provided by means of artificial neural networks inspired by the human brain, i.e. by using networks designed to emulate some mental processes which are the biological roots of human behaviors.

The fundamental research question we are trying to answer in this thesis is the following: is it possible to make emerge cognitive capabilities in a machine, for example a humanoid robot, which could allow it to conceive a sort of selfawareness of its own knowledge, by means of approaches based on a combination of symbolic and connectionism movements of artificial intelligence?

Giving an objective answer to this question is not trivial, since it embraces many research fields and presents countless constraints and implications that should be considered in the analysis. This statement is further confirmed if we consider that today there are no standard benchmarks for the evaluation of knowledge acquisition and related aspects, even more so in the field of robotics. For these reasons, we follow a divide-and-conquer approach with the aim of taming the complexity and vastness of the topics dealt with, addressing them by sub-topics and trying to give a qualitative answer to the research question posed by highlighting the similarities between the results obtained from our research and existing studies related to human cognitive processes.

More in detail, the first aim of this work is to study the state of art related to these two different, and to some extents, antithetical worlds (connectionist AI view vs symbolic AI view), regarding the research field of knowledge management, with a special eye to knowledge acquisition, design and conceptualization.

The second objective is to provide a semantic multimedia graph knowledge base using a pure formalism which can be used by personal robots as a foundation for representing and sharing the acquired knowledge.

The third aim is to contribute to the knowledge construction and conceptualization field through the development of semantics and human-inspired approaches, combined together and integrated into a complete framework for knowledge construction and conceptualization, also valid for companion robots. The investigated approaches are then validated on a humanoid robotic platform for different real use cases.

The last objective is to provide the basis for a preliminary architecture for sharing the knowledge between two or more agents following the Knowledge-asa-service (KaaS) paradigm.

Frame of the work

This thesis is the result of a co-supervised work ("cotutelle") between University Paris-Est and University Federico II under the co-direction of Prof. Kurosh Madani (LISSI-Laboratoire Images, Signaux et Systèmes Intelligents) and Prof. Antonio Maria Rinaldi (DIETI-Dipartimento di Ingegneria Elettrica e Tecnologie dell'Informazione).

The work in the scope of this thesis is done in the form of constructive research, based on the definition of the problem via state-of-art study in bio-inspired knowledge construction and conceptualization field and the application of approaches from that field to the autonomous robotics.

The theoretical body of knowledge for such research considers the corpus of previous works on the topic in LISSI team SYNAPSE (SYstèmes cogNitifs Artificiels et Perception bio-inSpiréE) -including [START_REF] Dominik Maximilián Ramík | Autonomous knowledge acquisition based on artificial curiosity: Application to mobile robots in an indoor environment[END_REF][START_REF] Dominik Maximilián Ramík | From visual patterns to semantic description: A cognitive approach using artificial curiosity as the foundation[END_REF]1,2] -thus aiming the thesis to continue the research relying on concepts related to autonomous acquisition of knowledge already outlined in [START_REF] Maximilián | Contribution to complex visual information processing and autonomous knowledge extraction: application to autonomous robotics[END_REF], as well as including other facets like knowledge representation and design, based on the previous works at DIETI [3,[START_REF] Antonio | A matching framework for multimedia data integration using semantics and ontologies[END_REF][START_REF] Antonio | A semantic-based model to represent multimedia big data[END_REF].

The concepts which have been outlined in these works, such as artificial curiosity, visual saliency, visual recognition and knowledge extraction have incepted the frame of this work, which is focused on the definition of human-inspired approaches combining perception and use of semantics in order to improve the level of decision autonomy in assistive humanoid robots.

The theoretical framework of this thesis employs several methodologies and tools, widely used in the field of artificial intelligence, to implement the developed models which are then tested and run on a programmable robotic platform.

Contributions

The work accomplished in this thesis resulted in several contributions relating knowledge construction and conceptualization field:

• First, a study on the state-of-art related to knowledge construction and conceptualization has been realized. The bibliographical study allows for an objective evaluation of the achievements and the issues existing in the research domains analyzed.

• The second contribution is the realization of a multimedia graph database, acting as a general linguistic-semantic knowledge base.

• Third, methods for extending the graph knowledge base through a framework for ontology matching and merging have been defined and implemented.

• Another major contribution is the development of an unsupervised lowlevel approach for constructing and conceptualizing the knowledge based on perception, and the development of a supervised high-level approach for constructing and conceptualizing the knowledge based on semantic.

• Combination of the developed models into a unified approach through the use of merging operators and functions.

• Validation of the models on a real autonomous robotic platform.

• The last contribution is the proposition of a prototype architecture for sharing the knowledge between multiple agents for collaborative knowledge construction.

Thesis organization

The thesis is composed of four chapters, leading the reader from the state-ofart through general concepts of the whole research work, its constituting parts, its implementation and concrete applications realized for validating the investigated approaches.

Chapter 1 investigates the state of art related to the construction and conceptualization of knowledge, framed to the context of this work. The role of ontologies, linked open data and semantics in artificial intelligent systems is also explored highlighting intersection and disjunction points between the present research and other works.

Chapter 2 presents and discusses the theoretical foundation on which the work is based on. First, the top-level ontology model used as a ground for the conceived work is introduced, then the creation of a general knowledge base following such ontology model is proposed. Second, the various approaches conceived to model the process of knowledge construction and conceptualization are described. The end of chapter investigates the requirements of a feasible architecture for sharing the knowledge in a multi-agent environment based on our knowledge management framework. Strengths and weaknesses are also discussed.

Chapter 3 provides an in-depth analysis and a detailed description of how the approaches for knowledge conceptualization and acquisition have been developed, optimized and evaluated, discussing advantages and drawbacks of the technologies involved.

In Chapter 4 the robotic platform used for validating the implemented work is introduced, then the experimental results obtained for several application domains are analyzed and discussed to show the effectiveness and the applicability of developed approaches under various circumstances and different use cases.

General conclusions are drawn out in the end of the dissertation. Resulting contributions from this work are summarized, also considering strengths and weaknesses. Lastly, perspectives about future works directions and possible quality improvements of the work in terms of performances and efficiency are identified and discussed.

Chapter 1

State of the Art 1.1 Introduction

Knowledge construction and conceptualization is a rather recent field of research. Its most important topics lie at the intersection of different disciplines, such as neuroscience, psychology, neurobiology, artificial intelligence. Given the broad range of topics and subjects involved, in this chapter the main concepts are fixed and goals of this research are defined more precisely in order to set its boundaries. A literature review of existing approaches is produced accordingly, where a special eye is put on research works applied to artificial intelligent systems and robotics.

Figure 1.1 shows a tree-shaped diagram which summarizes the investigated fields and provides a global overview which could help the reader to frame the different approaches presented. It is worthy to note in particular the importance that ontology matching and merging processes have with regard to the main purpose of this work, that is providing a well-structured foundation in terms of knowledge for intelligent systems. The main subject of this thesis which is necessary to emphasize is knowledge and its relative management. Over the years many attempts have been made to define and classify knowledge. However, the question is still matter of debate among philosophers, psychologists, sociologists and even theologians. The difficulty in finding an universal definition of knowledge is not to be attributed only to its generality and vagueness as a concept but it is also due to the fact that different fields have focused on different dimensions of it. As a consequence, there are also various classifications proposed for the types of knowledge. T. De Jong and M. Ferguson-Hessler [START_REF] De | Types and qualities of knowledge[END_REF] identified four types of knowledge focusing their research on problem solving. These are Situational Knowledge, Conceptual Knowledge, Procedural Knowledge and Strategic knowledge.

Situational knowledge is about situations as they typical appear in a particular domain. Conceptual knowledge is defined as static knowledge about facts, concepts and principles that apply within a certain domain. Procedural knowledge contains actions or manipulations valid within a domain. Strategic knowledge helps to organize the problem solving process.

Another classification comes from epistemology (the branch of philosophy studying the theory of knowledge), which classify knowledge in a priori and A widely accepted taxonomy of knowledge was given by Nonaka [START_REF] Nonaka | A dynamic theory of organizational knowledge creation[END_REF] in the 90's. The author makes a distinction between tacit knowledge and explicit knowledge. Explicit knowledge refers to codified knowledge, such as that found in documents. It is searchable and easy to find, while tacit knowledge refers to non codified and often personal/experience-based knowledge. Tacit knowledge exists in people's minds, it is not searchable and also not easy to share with others. Some researchers [START_REF] Horvath | Working with tacit knowledge[END_REF][START_REF] Paul | Knowledge management: A state of the art guide[END_REF] make a further distinction and talk of embedded knowledge to differentiate between knowledge embodied in people and that embedded in processes, organizational culture, routines.

In regard to the field of computer science, one of the first appearances of the term knowledge dates to 1989, when R. Ackoff introduced the DIKW hierarchy, also known as the knowledge pyramid [START_REF] Russell L Ackoff | From data to wisdom[END_REF]. Such a structure, depicted in Figure 1.2, refers loosely to a class of models for representing structural and/or functional relationships between data, information, knowledge, and wisdom. In subsequent years, the original structure has been criticized, extended and revisited [START_REF] Rowley | The wisdom hierarchy: representations of the dikw hierarchy[END_REF][START_REF] Frické | The knowledge pyramid: a critique of the dikw hierarchy[END_REF][START_REF] Murray | A revised knowledge pyramid[END_REF]. Generally speaking, data is about raw facts, observations or perceptions, information is a subset of data that has been processed as to have context, relevance and purpose, while knowledge is the interpretation of information and represents justified beliefs about relationships among concepts. 

Knowledge Management

The knowledge pyramid model is also widely used within companies to assist decision making, testifying to the importance that knowledge management has assumed over the years.

Knowledge management (KM) is defined in [START_REF] Girard | Defining knowledge management: Toward an applied compendium[END_REF] as the process of representing, creating, sharing, using and managing the knowledge and information of an organization. It refers to a multidisciplinary approach to achieving organizational objectives by making the best use of knowledge. Figure 1.3 shows the knowledge management process in term of its inputs and outputs. Information and/or knowledge can be manipulated in order to transform knowledge, create new knowledge or use it for decision-making. Each of the above-mentioned operations can be seen as a sub-process of knowledge management, having its critical issues to take into account when working with knowledge. Many questions arise concerning each of them. For example, how the knowledge should be represented? Where and how it should be stored in order to be effectively processed by an operating system? How is it possible to integrate new knowledge to extend the already acquired one?

Exhaustive answers to these questions would require an in-depth analysis of many factors which play a role in this context. As for now, the most important aspects will be taken into account, while more detailed inquiries will be carried out later in the dissertation. The first aspects to consider are related to the issues of knowledge management. In-depth and broader studies, from a business perspective, are provided in [START_REF] Nunes | Knowledge management issues in knowledge-intensive smes[END_REF][START_REF] William R King | The most important issues in knowledge management[END_REF][START_REF] Cong | Issues of knowledge management in the public sector[END_REF]. Referring to artificial intelligent sys-tems, the primary issues are the size and heterogeneity of knowledge [START_REF] Lieto | The role of cognitive architectures in general artificial intelligence[END_REF] that, in conjunction with lack of common standards, make it very difficult to integrate different sources of information. Further confirmation of these claims comes from the definition of the well-known 5Vs paradigm [START_REF] Giacinto | Big data: A survey[END_REF] for big data, which tackle these problems from a data perspective in the two Vs, named Volume and Variety. Recalling what has just been said about the pyramid of knowledge and the relation between quality and quantity of data [START_REF] Rainer | Evaluating the quality and quantity of data on open source software projects[END_REF][START_REF] Garman | Cool data: quantity and quality[END_REF][START_REF] Lucey | quality vs quantity: Improved shot prediction in soccer using strategic features from spatiotemporal data[END_REF][START_REF] Sadiq | Open data: Quality over quantity[END_REF], the circle is closed. In other words, the knowledge management process is essential to avoid inefficiency in the treatment of the huge amount of data with which we are dealing today.

Other two major requirements a knowledge management framework should meet are the flexibility and the interpretability of the information. Without these two features we wouldn't have knowledge but just information. As it will be clearer in next chapter, these properties are essential for development of novel cognitive approaches for artificial intelligent systems.

Knowledge representation and reasoning

To give an answer to the first question asked in the previous section, that is how knowledge should be represented, in this section an overview about the field of knowledge representation and reasoning will be provided. A definition of Knowledge representation and reasoning (KR 2 , KR&R) is given in [START_REF] Michael K Bergman | Knowledge Representation Practionary[END_REF], based on Charles S. Pierce, as "the field of artificial intelligence dedicated to representing information about the world in a form that a computer system can utilize to solve complex tasks such as diagnosing a medical condition or having a dialog in a natural language". Knowledge representation incorporates findings from psychology [START_REF] Roger | Scripts, plans, goals, and understanding: An inquiry into human knowledge structures[END_REF] about how humans solve problems and represent knowledge. The justification for its use in expert systems is that it makes it easier the development of complex software and lessening the semantic gap between users and developers. Knowledge reasoning is based on logic to automate various kinds of reasoning.

Examples of knowledge representation formalisms include semantic nets, system architectures, frames, rules, and ontologies. Examples of automated reasoning engines include inference engines, theorem provers, and classifiers.

The present research tackles the knowledge representation issue by using semantic networks implemented as a graph database and derived from an ontology model, while the reasoning about knowledge is not a key purpose of the research. The use of inference engines is discarded since over years many re-searches [START_REF] Stephen | Fair use and machine learning[END_REF][START_REF] Bengio | Deep learning[END_REF][START_REF] Domingos | The master algorithm: How the quest for the ultimate learning machine will remake our world[END_REF] have proven their inadequacy in understanding. Rather, the present thesis explores the use of different classifiers in the proposed approaches, both supervised and unsupervised in order to make a sort of inference about the acquired knowledge. The concept of "Semantic Network Model" was formed in the early 1960s by the cognitive scientists Allan M. Collins, M. Ross Quillian and the psychologist Elizabeth F. Loftus [START_REF] Allan M Collins | Retrieval time from semantic memory[END_REF][START_REF] Allan | Does category size affect categorization time?[END_REF][START_REF] Allan | A spreading-activation theory of semantic processing[END_REF][START_REF] Ross | Word concepts: A theory and simulation of some basic semantic capabilities[END_REF][START_REF] Quilan | Semantic memory, semantic information processing[END_REF] as a form to represent semantically structured knowledge. When applied in the context of modern Internet, it extends the network of hyperlinked human-readable web pages by inserting machine-readable metadata about pages and how they are related to each other [START_REF]Semantic Web[END_REF].

Knowledge representation and reasoning is a key enabling technology for the Semantic Web. The term was coined by Tim Berners-Lee [START_REF] Berners-Lee | The semantic web[END_REF] to introduce a web of data that can be processed by machines. According to the W3C, "The Semantic Web provides a common framework that allows data to be shared and reused across application, enterprise, and community boundaries". Hence, the ultimate goal of the Web of data is to enable computers to do more useful work and to develop systems that can support trusted interactions over the network. Semantic Web technologies enable people to create data stores on the Web, build vocabularies, and write rules for handling data [START_REF]Semantic Web-W3C[END_REF]. While its critics have questioned its feasibility, proponents argue that applications in industry, biology and human sciences research have already proven the validity of the original concept [START_REF]Semantic Web[END_REF]. After a slow start, in 2013, more than four million Web domains contained Semantic Web markup following the Linked Open Data principles, which are based on HTTP dereferenced URIs for things and the use of open standards such as RDF or SPARQL. Figure 1.4 shows how the Semantic Web stack is organized. One of the most effective ways of representing knowledge in computer science is through the use of ontologies. The term ontology is a compound word deriving its etymology from Greek words on(gen. ontos) and logia, indicating a metaphysical science or the study of being. Over the years many definitions have been given and one of the most complete is that of Studer in [START_REF] Studer | Knowledge engineering: principles and methods[END_REF]: "An ontology is a formal, explicit specification of a shared conceptualization. A conceptualization refers to an abstract model of some phenomenon in the world by having identified the relevant concepts of that phenomenon. Explicit means that the type of concepts used, and the constraints on their use are explicitly defined. Formal refers to the fact that the ontology should be machine readable, which excludes natural language. Shared reflects the notion that an ontology captures consensual knowledge, that is, it is not private to some individual, but accepted by a group". A more detailed discussion about the conceptualization is provided in Section 1.5. Definitely, it can be said that, for the intended meaning of this work, an ontology is a formal definition of concepts and relationships between them, belonging to a certain domain. Hence, ontologies can be considered as the most powerful means of realization for the original vision of the Semantic Web provided by Tim Berners-Lee in which computers become capable of analyzing all the data on the Web, content, links, and transactions between people and computers [START_REF]Semantic Web[END_REF].

Knowledge Conceptualization

At this point of the discussion it is necessary to clarify how to distinguish ontologies from the conceptualization of knowledge and what are the interconnections between them.

Gruber [START_REF] Thomas R Gruber | A translation approach to portable ontology specifications[END_REF] and Smith [START_REF] Smith | Blackwell guide to the philosophy of computing and information[END_REF] define a conceptualization as an abstract simplified view of some selected part of the world, containing the objects, concepts, and other entities that are presumed of interest for some particular purpose and the relationships between them. An explicit specification of a conceptualization is an ontology, and it may occur that a conceptualization can be realized by several distinct ontologies [START_REF] Thomas R Gruber | A translation approach to portable ontology specifications[END_REF]. An ontological commitment in describing ontological comparisons is taken to refer to that subset of elements of an ontology shared with all the others [START_REF] Ceccaroni | Modeling utility ontologies in agentcities with a collaborative approach[END_REF].

Guarino [START_REF] Guarino | Formal ontology in information systems[END_REF] adds the following distinction between an ontology and a conceptualization saying that an ontology is language-dependent, its objects and interrelations are described within the language it uses, while a conceptualization is always the same, more general, its concepts exist independently of the language used to describe it.

Some researchers in the knowledge engineering prefer not to use the term "conceptualization", but instead refer to the conceptualization itself as an overarching ontology [START_REF] Ceccaroni | Modeling utility ontologies in agentcities with a collaborative approach[END_REF]. Such an approach requires a way to make it possible the "communication" among multiple ontologies referring to the same conceptualization. A general resolution is not at hand and different approaches exist [4].

In this dissertation the approach used is to consider an overarching top-level ontology model as a conceptualization. The reasons that led to this choice are manifold. In fact, considering conceptualization itself as an ontology brings numerous advantages in terms of independent sharing of knowledge between intelligent artificial systems, greatly facilitating the definition of inter-agent communication standards. An approach to knowledge sharing is presented in Section 2.5.

At a higher level of abstraction, a conceptualization facilitates the discussion and comparison of its various ontologies, facilitating knowledge sharing and reuse [START_REF] Ceccaroni | Modeling utility ontologies in agentcities with a collaborative approach[END_REF]. Each ontology based upon the same overarching conceptualization maps the conceptualization into specific elements and their relationships.

Moreover the use of well-known processes, like ontology matching and merging allows to incorporate new knowledge and conceptualize it in a way that is compliant with the already acquired knowledge.

Knowledge acquisition

The other process of primary interest for the purposes of this thesis is that relating to the acquisition of knowledge. The topic will be addressed in this section, first from a purely general point of view, and then move on to the discussion of this process more specifically, from a computer engineering point of view, analyzing its use within artificial intelligent systems.

Knowledge acquisition has been seen in the past more as an objective that different research domains are trying to attain rather than as a research field.

With the advent of complex expert systems, which are considered to be one of the first successful applications of artificial intelligence technology to real world business problems [START_REF] Stuart | Artificial intelligence: a modern approach[END_REF], it was soon realized that the acquisition of domain expert knowledge was one of the most critical tasks in the knowledge engineering process. More and more researchers investigated this process, which became an intense area of research on its own. In the frame of this work the acquisition of new knowledge is intended as the process of acquiring new knowledge through experience, education or, following the definition given in [START_REF]Knowledge acquisition[END_REF], as the process used to define the rules and ontologies required for a knowledge-based system. One of the earlier works [START_REF] James | Knowledge acquisition[END_REF] on the topic used Batesonian theories [START_REF] Bateson | Steps to an ecology of mind: Collected essays in anthropology[END_REF] of learning to guide the process. Natural Language Processing (NLP), which is today a wellknown research branch of artificial intelligence, has been used as an approach to facilitate the acquisition of knowledge [START_REF] Potter | A survey of knowledge acquisition from natural language[END_REF].

Many words have been spent about the relationship between the acquisition and creation of knowledge: Wellman [START_REF] Wellman | Organizational learning: How companies and institutions manage and apply knowledge[END_REF] limits the role of knowledge management to the organization of what is already known, while the creation of new knowledge is seen as a separate subject; in the theory of knowledge creation [START_REF] Nonaka | A dynamic theory of organizational knowledge creation[END_REF], I. Nonaka affirms that the interaction between individuals plays a critical role in the development of new knowledge starting from the ideas already formed in people's minds. In other words knowledge creation is the formation of new notions and concepts through interactions between explicit and tacit knowledge.

In this thesis, the investigation of the field regarding knowledge acquisition has been conducted through a double-sided analysis. The goal is to cover the needed aspects of both symbolism and connectionism movements of artificial intelligence which have been used as baseline theories of this work regarding the development of cognitive human-inspired approaches in artificial intelligent systems. The first one, detailed in Section 1.6.1, is a brief literature review of ontology matching and merging approaches used to construct and integrate knowledge; the second part, described in Section 1.6.2, analyzes approaches and methodologies for knowledge acquisition specifically designed and implemented for artificial intelligent systems. Therefore, the problem of knowledge acquisition is tackled at different dimensions. The approach based on ontology matching and merging is more abstract and strictly bounded to symbolic approaches and use of ontologies, hence it deals only with high-level knowledge, while the second analysis incorporates different approaches including abstract high-level knowledge, perceived low-level knowledge, or both kinds applied to artificial intelligent systems.

Ontology matching and merging

As stated in Section 1.5, ontologies are powerful and widely used as a tool for representing and conceptualizing specific domains of knowledge. More in detail, knowledge can be developed in ontologies that conform to standards such as the Web Ontology Language (OWL) [START_REF] Schreiber | Knowledge acquisition and the web[END_REF]. This is a common way to standardize knowledge and facilitate the knowledge sharing across a broad community of knowledge workers. One example domain where this approach has been successful is bioinformatics [START_REF] Goble | State of the nation in data integration for bioinformatics[END_REF][START_REF] Zhang | Data integration in bioinformatics: current efforts and challenges[END_REF]. The process of matching and merging ontologies is a way to integrate together different sources of knowledge in order to enrich or extend the current knowledge. This kind of approach to knowledge acquisition is a reuse based approach [START_REF] Enrico G Caldarola | An approach to ontology integration for ontology reuse in knowledge based digital ecosystems[END_REF][START_REF] Enrico | An approach to ontology integration for ontology reuse[END_REF]. One of the goals of matching ontologies is to reduce or, ideally eliminate, heterogeneity between them. An exhaustive classification of types of heterogeneity is given in [4]:

• syntactic heterogeneity: in the case of ontologies expressed in different languages.

• terminological heterogeneity: occurs when there are variations in names referring to the same entities, e.g. Paper vs. Article.

• conceptual heterogeneity: it is also called semantic heterogeneity, stands for the differences in modeling the same domain of interest. For example, two ontologies can differ in coverage, in granularity or in perspective.

• semiotic heterogeneity: it is concerned with how entities are interpreted by people. This type of heterogeneity is very difficult to detect for computers.

In [4], Euzenat and Shvaiko observe that, also in this field of study, different authors adopt different terms to refer to similar concepts, so it is aprropriate to point out some definitions. According to their view, ontology matching is defined as "the process of finding relationships or correspondences between entities of different ontologies. The output of this process is a set of correspondences, named alignment". Ontology merging is the creation of a new ontology from two, at least partially overlapping, ontologies, while the inclusion of an ontology in one another is referred to as ontology integration. In [4] the authors define six main application areas for ontology matching:

• ontology engineering

• information integration

• peer-to-peer information sharing

• web service composition

• autonomous communication systems

• navigation and query answering on the web

The challenges in this domain grow with every progress in information technologies. Ontology matching results can manifest the same difficulties as the source ontologies: they can be large, complex, and heterogeneous. Yet, so long as the information, new different ontologies turn up everyday for the same information, adding heterogeneity [START_REF] Kotis | Ontology matching: Status and challenges[END_REF].

A detailed two-sides classification for elementary matching techniques, is shown in figure 1.5: Element-level techniques consider entities as single and isolated objects, ignoring how they are related with other entities. Conversely, structure-based techniques treat entities as part of a structure, from which correspondences are estimated. Matching techniques can be further classified in: syntactic, external, which use external sources, or semantics which can be based on model-theoretic semantics or top-level ontologies as common knowledge background from which reasoning can be performed.

Most systems focus on the exploit of schema or structure information, but sometimes, ontologies also provide instances, which express the semantics of a concept independent of its meta information. Furthermore, other systems try to combine both schema-based and instance-based approaches.

Further comparisons of matching systems can be found in [START_REF] Parent | Database integration: the key to data interoperability[END_REF], [START_REF] Shvaiko | A survey of schema-based matching approaches[END_REF] and [START_REF]Ontology matching[END_REF].

Schema-based systems

The first kind of matching systems rely on schema-level input information. This strategy is, without any doubt, the most investigated in the ontology matching field of study, this trend can be easily explained by the fact that many ontologies are not very well equipped with a satisfiable number of instances, however other motivations, not further investigated here, are also valid.

DELTA is one of the first matching systems documented in literature [START_REF] Clifton | Experience with a combined approach to attribute-matching across heterogeneous databases[END_REF]. It takes as input database schemas trying to semi-automatically find attribute correspondences among them. It employs string-based techniques, i.e. textual similarities, such as natural language heuristics, in order to find matching candidates. The output is a ranked list of similar documents, where a document is intended as the available information about an attribute. Hovy [START_REF] Hovy | Combining and standardizing large-scale, practical ontologies for machine translation and other uses[END_REF], uses string-based and language-based techniques to match large-scale ontologies, in order to combine them in a single reference ontology. Three matchers contribute to the ranking, computing similarities between concept names, concept definitions and taxonomy structure respectively. SKAT and his successor ONION [START_REF] Mitra | A graph-oriented model for articulation of ontology interdependencies[END_REF] are rule-based systems developed at the Stanford University that semi-automatically discover mapping between multiple ontologies, internally represented as labeled graph, enabling a unified query answering over them. The alignment is viewed as a set of articulation rules [4]. H-match is a fully automated system that handles ontology specified in OWL. The matching process of H-Match can be dynamically configured according to the complexity of the matching task for each concept examined. The result of matching process is a set of correspondences between concepts of input ontologies. The similarities are computed through various weighted affinity metrics, called linguistic, contextual and semantic. COMA++ is an evolution of its predecessor, COMA (COmbination of MAtching algorithms) [START_REF] Do | Coma-a system for flexible combination of schema matching approaches[END_REF]. It uses many matching algorithms, organized in a parallel composition. The results are then combined and evaluated. The techniques used are mainly string-based. GOMMA [START_REF] Kirsten | Gomma: a component-based infrastructure for managing and analyzing life science ontologies and their evolution[END_REF] provides a scalable infrastructure to manage large life science ontologies and analyze their evolution. In fact, some of the key functions include a generic storage of ontology versions and mappings, support for ontology matching and determining ontology changes; CtxMatch [START_REF] Bouquet | A sat-based algorithm for context matching[END_REF] is a sequential system which adopts a semantic matching approach. WordNet [START_REF] Miller | Wordnet: a lexical database for english[END_REF] is used to find initial matches for classes, then description logic reasoners are employed to compute the final alignment. S-Match is a semantic matching initially based on CtxMatch. Over the years, S-Match has enriched its functionalities becoming a modular platform for semantic matching [START_REF] Giunchiglia | S-match: an algorithm and an implementation of semantic matching[END_REF]. Figure 1.6 shows the architecture of the system. It reads Figure 1.6: S-Match architecture, taken from [4] several graph-like structures, performs some preprocessing operations with the help of oracles like WordNet [START_REF] Miller | Wordnet: a lexical database for english[END_REF]. A match manager coordinates the matching process, which relies on string-based matchers and SAT solvers. The output is given under the form of logic relations. AgreementMaker [START_REF] Isabel F Cruz | Agreementmaker: efficient matching for large real-world schemas and ontologies[END_REF] supports a wide variety of methods or matchers, and provides a GUI (Graphical User Interface) for showing the alignment between the source and the target ontology, and a control panel that allows users to run and manage matching methods and their results; HCONE, developed at University of Aegean and detailed in [START_REF] Kotis | Towards automatic merging of domain ontologies: The hcone-merge approach[END_REF], is an approach voted to domain ontology matching and merging by exploiting different levels of interaction with users [4]. The basic matching algorithm computes a first alignment with the help of WordNet [START_REF] Miller | Wordnet: a lexical database for english[END_REF], retrieving all the senses for a concept ontology, their hyponyms and hypernyms. The sense which achieve the highest grade is associated with the input concept. Worthy of mention are some matching systems which scored high results in the OAEI campaign1 where matching systems are evaluated under different track, these are CroMatcher and Lily. The first is an ontology matching system based on automated weighted aggregation and iterative final alignment [START_REF] Gulić | Cromatcher: An ontology matching system based on automated weighted aggregation and iterative final alignment[END_REF], while the second combines several and efficient matching techniques to facilitate alignments for different tasks [START_REF] Wang | Lily results for oaei 2016[END_REF]. LogMap [START_REF] Jiménez | Logmap: Logic-based and scalable ontology matching[END_REF] is a scalable ontology matching system with built-in reasoning and diagnosis capabilities able to deal with ontologies containing tens (and even hundreds) of thousands of classes; Yam++ [START_REF] Ngo | Yam++: A multi-strategy based approach for ontology matching task[END_REF] is a system able to discover mappings between entities of two given ontologies by using machine learning approach based on combination methods such as Decision Tree, SVM, Naive-Bayes.

Alin [START_REF] Da | Alin: improving interactive ontology matching by interactively revising mapping suggestions[END_REF] is a matching approach whose peculiarity is that of being interactive, i.e. it uses expert feedback to approve, reject and improve selected mappings. In [START_REF] Chu | Optimizing ontology alignment in vector space[END_REF] the ontology matching problem is dealt from a different perspective. The authors propose to model an ontology in a vector space, and use the vector space based similarity measure to compute two entities' similarity, while linguistic information is used to reduce the number of dimensions. GBKOM [START_REF] Annane | Gbkom: A generic framework for bk-based ontology matching[END_REF] is a configurable framework, which can be used as a knowledge-based extension for other direct matchers. SANOM-HOBBIT [START_REF] Mohammadi | Sanom-hobbit: simulated annealing-based ontology matching on hobbit platform[END_REF] is based on an evolutionary algorithm to align different ontologies. It uses the simulated annealing (a probabilistic technique for approximating the global optimum of a given function.) as the principal technique to discover the alignment of two given ontologies, hence it requires a fitness function for the evolutionary process. ONTMAT1 [START_REF] Gherbi | Ontmat1: ontology matching using a reasoner and property restriction[END_REF] is an ontology matching approach which makes use of a reasoner and property restriction to find the alignment between heterogeneous ontologies.

Instance-based systems

As already stated, instance-based systems are those using individuals, also called instances, provided within ontologies, i.e. data expressed with regard to the ontology. This research field is very fervent and gives much room for improvements. One of the first instance-based matching system is T-tree [START_REF] Euzenat | Brief overview of t-tree: the tropes taxonomy building tool[END_REF] and dates back to 1994. It is able to generate taxonomies and classes from instances, inferring dependencies between classes, called bridges, of different ontologies with the same set of instances. The user has to validate the inferred bridges. CAIMAN takes as input light-weight ontologies, like web classifications, and adopt machine learning techniques for text classification, e.g. the Rocchio Classifier, to calculate a probability measure between the concept of the ontologies. GLUE [START_REF] Doan | Ontology matching: A machine learning approach[END_REF], employs many machine learning techniques to discover semantic mappings between two taxonomies. The particularity of this system is that similarities are computed as function of the joint distributions of the classes. Three matchers are used: the first two are basic matchers, named content learner, and name learner, which are based on the Naive-Bayes technique, the third matcher is a meta-matcher and consists of a linear combination of the first two with manually assigned weights.

The system [START_REF] Zaiß | Instance-based ontology matching and the evaluation of matching systems[END_REF] developed at the University of Düsseldorf presents two novel instance-based matching methods. The first method makes use of regular expressions or sample values to characterize the concepts of an ontology by its instance sets. The second approach uses the instance sets to calculate many different features like average length or the set of frequent values. Both approaches finally compare the characterizations, i.e. regular expressions or features, in order to obtain similarities between the entity sets of two (or more) ontologies. An alignment between the ontologies is then obtained by examining the similarity set. Automatch [START_REF] Berlin | Database schema matching using machine learning with feature selection[END_REF] automatically discovers mappings between the attributes of database schemas. It requires a preliminar match by domain expertise and uses Bayesian Learning; another system is that proposed by Kang and Naughton in [START_REF] Kang | On schema matching with opaque column names and data values[END_REF], it is a sturctural instance-based approach whose target is to find correspondences among attributes of relational schemas with hard to interpret column names. AgreementMakerLight (AML) [START_REF] Faria | Aml results for oaei 2015[END_REF] is an automated ontology matching system based primarily on lexical matching techniques, with an emphasis on the use of external resources as background knowledge and on alignment coherence. While originally focused on the biomedical domain, AML's scope has been expanded, and it can be considered a general-purpose ontology matching system. The last system taken in consideration for this category is LogmapIM, it belongs to the LogMap family and achieved good F-measure results in many sub-tasks at the last OAEI campaign.

A more recent approach [START_REF] Belhadi | Data mining-based approach for ontology matching problem[END_REF], named DMOM, is based on data mining. It is a framework which allows to select the most appropriate features to match ontologies.

Mixed and meta-matching systems

Mixed systems are those that combines the main features of both approaches widely described in sections 1.6.1.1 and 1.6.1.2, i.e. they exploit the potential of both schema-level and instance-level information in the case they are both present. Meta-matching systems have the peculiarity of combining other matching systems in an efficient way. Falcon-AO [START_REF] Jian | Falcon-ao: Aligning ontologies with falcon[END_REF] uses a divide-and-conquer approach to create small clusters of entities. It takes in input OWL ontologies and performs linguistic and structure matching by the use of two components, named LMO and GMO respectively. The components are used in sequence, with the second one activated only if the linguistic matcher doesn't find satisfactory results. SEMINT (SEMantic INTegrator) [START_REF] Li | Semint: A tool for identifying attribute correspondences in heterogeneous databases using neural networks[END_REF] is based on neural networks; its goal is to find attribute correspondences in heterogeneous databases. IF-Map (Information-flow based map) [START_REF] Kalfoglou | If-map: An ontology-mapping method based on information-flow theory[END_REF] tries to match two local ontologies comparing them with a common reference ontology, that represents an agreed understanding. The local ontologies have to comply with the reference ontology and populated with instances. If the system finds the mapping between the local ontologies and the reference ontology, then it uses formal concept analysis to extract an alignment, otherwise it generates candidate pairs using string-based and structure-based methods. The system can handle ontologies expresses in KIF or RDF, and transform them in Prolog clauses. oMAP [START_REF] Straccia | omap: Combining classifiers for aligning automatically owl ontologies[END_REF] is an ontology matching system developed at University of Pisa. It uses several matchers, called classifiers, to find correspondences between the ontologies. In particular it includes a classifier based on string similarity for normalized entity names, a naive-Bayes classifier for instances and a semantic matcher which, starting from an input alignment, propagates weights to ontology constructors and then generate a new alignment; matchers can also work in two ways, in parallel or in sequence mode.

eTuner [START_REF] Sayyadian | Tuning schema matching software using synthetic scenarios[END_REF] is a meta-matching system which produces schemas that are to be matched with an original one. It tunes a schema matching system by using the most effective matchers and the best parameters. Another system is RiMOM [START_REF] Zhang | Rimom results for oaei 2016[END_REF]. The vision behind this RiMOM is to conceive the ontology matching task as a decision making problem. In its recent version it was extended to support multi-language based instance matching in a supervised or unsupervised way. Three major techniques are used: blocking, which indexes instances in a knowledge base, multi-strategy for the matching task, machine-learning to determine the validity of an instance pair using the existing alignments.

A recent approach, proposed in [START_REF] Hertling | Supervised ontology and instance matching with melt[END_REF], is based on the use of machine learning in a toolkit to facilitate the application of supervised learning both for ontology and instance matching. The same authors have also proposed a tool [START_REF] Portisch | Visual analysis of ontology matching results with the melt dashboard[END_REF]. It is a web user interface which can be used as a dashboard for the visual evaluation of ontology alignments. A modular framework for evaluating ontology metamatching approaches is proposed in [START_REF] Ferranti | A framework for evaluating ontology meta-matching approaches[END_REF]. the aim is to facilitate researchers in the analysis of meta-matching algorithms.

Merging systems

Several tools are often packaged for both matching, alignment and merging of ontologies. Most of tools developed for merging purposes are semi-automatic. This means that human experts intervention is always required during the integration of two or more ontologies. One of these is SMART [START_REF] Noy | Smart: Automated support for ontology merging and alignment[END_REF]. It makes use of class-name similarities to create a list of suggestions to the user. Then, based on user action it performs a set of tasks to guide the user and to check for inconsistencies. FCA-Merge [START_REF] Stumme | Fca-merge: Bottom-up merging of ontologies[END_REF] is a method and not a system. It follows Ganter and Wille's concepts analysis, lattice exploration, and merging of the instance of the ontologies. The process is composed by three steps: i)Instance extraction and generation of the formal context for each ontology, ii) computation of the pruned concept lattice by TITANIC algorithm, iii) non-automatic generation of the merged ontology with human interaction based on the concept lattice. PROMPT [START_REF] Natalya | The prompt suite: interactive tools for ontology merging and mapping[END_REF] is another a semi-automatic tool too. It starts with the linguisticsimilarity matching for an initial comparison, but it generates for the user a list of suggestions based on the linguistic and structural knowledge and then shows to the user the potential effects of these changes. OntoMorph [START_REF] Chalupsky | Ontomorph: A translation system for symbolic knowledge[END_REF] is a translation system based on symbolic knowledge. It has a modular architecture consisting of feature generation and selection, multi-strategy similarity aggregator and similarity evaluator. It allows to consult external linguistic resources. Knowledge-base transformations are performed by combining both syntactic and semantic rewriting. Syntactic rewriting makes use of pattern-driven rewrite rules, while semantic rewriting instead is accomplished through semantic models and logical inference. CMS [START_REF] Kalfoglou | Cms: Crosi mapping system-results of the 2005 ontology alignment contest[END_REF] stands for CROSI Mapping system. It is an alignment and a structure matching system on the rich semantics of the OWL constructs. CHIMAERA [START_REF] Mcguinness | The chimaera ontology environment[END_REF] is an interactive ontology merging system based on an ontology editor. Users can act directly on the merging process. The analyzes on source ontologies is done through linguistic matches. It uses sub-class and super-class relationship [START_REF] Choi | A survey on ontology mapping[END_REF]. The idea behind HICAL [START_REF] Ichise | Rule induction for concept hierarchy alignment[END_REF] is to provide concept hierarchy management for ontology merging/alignment, by using a machine-learning technique for aligning multiple concept hierarchies. To find mappings it exploits the data instances in the overlap between the two taxonomies. Instead of using the similarity between words it uses hierarchies for categorization and syntactical information. In this way, it is capable of grouping several words under a single concept. Anchor-PROMPT [START_REF] Natalya | Anchor-prompt: Using non-local context for semantic matching[END_REF] takes a set of anchors (couple of related terms) from the source ontologies and follows the paths between the anchors in the source ontologies. It makes a comparison between the terms along these paths to identify similar terms and generates a list of new pairs of semantically similar terms.

Differences and similarities between this work and the related works

In regard to the process of ontology matching, we have explored and analyzed several systems and grouped them according three categories, that is, schemabased systems, instance-based systems and mixed systems. The second and third groups are not directly involved into this analysis since our approach for ontology matching, discussed in Section 2.2.2, is devoted to the use of schema-matching techniques. Moreover, some of the presented algorithms were initially intended as schema-matching systems and have been then extended including instancebased techniques, therefore they have been reported for sake of completion. Our work presents some similarities and differences with other schema-matching systems and it covers more than one of the previously described categories in Figure 1.5. In particular, the proposed approach for ontology matching makes use of structure-based and linguistic-semantic techniques, while WordNet [START_REF] Miller | Wordnet: a lexical database for english[END_REF] is the semantic-bridge for the ontologies we want to match. In our vision, the use of a top-level ontology as a common background knowledge could be an important improvement in the whole matching process. Moreover, as it will be discussed in Chapter 2, such an approach is the one that best suits our purposes. Due to our interest in schema matching of domain ontologies, it is reasonable to expect that the involved entities have some terminological differences and that there are strong relationships among the entities directly connected to them in the ontological hierarchy. For these reasons we decided to choose the linguistic-semantic dictionary WordNet as a common background knowledge, because it can provide a clear distinction between entities and identify their exact meaning. This choice naturally implies both advantages and disadvantages. In fact, while the use of WordNet allows for a very broad covering of general concepts, hence justifying its use as a bridge, on the other side, it is still a dictionary, although it contains semantic relationships, which affects its usability for some action-oriented applications.

In regard to the ontology merging process, our algorithm is based on the merging algorithm PROMPT, discussed in Section 1.6.1.4. Our proposed approach generalizes the merging of n ontologies, it combines linguistic and semantic techniques and it is especially focused on the domain related to cultural heritage, as it is discussed in Section 2.2.2.2. For a definition of what is intended for such a domain, we refer to the following definition given by Hyvönen [START_REF] Hyvönen | Publishing and using cultural heritage linked data on the semantic web[END_REF] : "Cultural Heritage refers to the legacy of physical objects, environment, traditions, and knowledge of a society that are inherited from the past, maintained and devel-oped further in the present, and preserved for the benefit of future generations". It can be divided into three subareas:

1. Tangible cultural heritage consists of concrete cultural objects, such as artifacts, works of art, buildings, and books.

2. Intangible cultural heritage includes phenomena such as traditions, language, handicraft skills, folklore, and knowledge.

3. Natural cultural heritage consists of culturally significant landscapes, biodiversity, and geodiversity.

The proposed approach is the first attempt to directly integrate DBpedia classes for this domain with state-of-art cultural heritage ontological models. The main advantage for a system using such integrated ontological model is the possibility of having enhanced capabilities in the population with instances deriving not only from the data indexed in classical cultural heritage ontologies, but also from a huge knowledge base, like DBpedia. In addition the use of linked open data gives the possibility to greatly extend the model and ameliorate systems based on it with other functionalities, or improve the existing one, providing a more robust retrieval. This part of the work and the resulting framework is to be intended as an additional feature provided for extending the general knowledge base, which has been used as reference. Moreover, the implementation of both matching and merging algorithms has been addressed to the cultural heritage domain, despite they are potentially generally applicable to different domains. Hence, for these and other reasons (like for example lack of reference alignment for this domain or lack of standard implementation of aligning tool for our system), neither was possible to conduct a rigorous and formal comparison with respect to other systems, nor it was a goal of this work. Nonetheless, the system has been evaluated with well-known measures precision and recall with respect to a manually defined reference alignment of the investigated domain.

Knowledge acquisition in intelligent systems

The term robotics was coined by the scientist and writer Isaac Asimov in the early 1940s [START_REF] Asimov | Yours, Isaac Asimov: A Lifetime of Letters[END_REF] ; a long time before any real robots existed. The term robot instead has a former Czech origin (robota) with the meaning of "regular forced labor of serfs", which highlights from the very beginning, the two fundamental aspects related to machine intelligence: inexpensive and flexible workforce, but also potential abuse and ethical problems. Some introductory references to this field are [START_REF] Al | Intelligent Systems[END_REF][START_REF] Grosan | Intelligent systems[END_REF][START_REF] Bruyninckx | Introduction to intelligent robotics[END_REF]. Topics related to robotics, and more generally to artificial intelligent systems have gained more and more attention over years, given the potential breaking impact they could have on future society.

Since the 80s and 90s, the attention of researchers was caught by understanding the underlying mechanisms that guide the human mind from self consciousness, perception, and reason to emotion, intuition and intelligence. A theory of intelligence was outlined by J. Albus in [START_REF] James S Albus | Outline for a theory of intelligence[END_REF] whose purpose is to unify the various areas of knowledge belonging to the aforementioned research fields. In the given definitions of intelligence, it emerges that it is needed to encompass knowledge both from a biological and machine perspective, while it is hard to propose a universal definition of intelligence, since it can manifest itself in different ways depending on the context. However it is interesting to recall some of the minimum requirements intelligence should have according to Albus theory: "intelligence requires the ability to sense the environment, to make decisions, and to control action. Higher levels of intelligence may include the ability to recognize objects and events, to represent knowledge in a world model, and to reason about and plan for the future. In advanced forms, intelligence provides the capacity to perceive and understand, to choose wisely, and to act successfully under a large variety of circumstances so as to survive, prosper, and reproduce in a complex and often hostile environment". The world model is an intelligent system's internal representation of the external world. From the viewpoint of artificial systems, which is the one we are interested in, the author points out that learning is not required in order to be intelligent, only to become more intelligent as a result of experience. Learning is defined as consolidating short-term memory into longterm memory, and exhibiting altered behavior because of what was remembered. It can be seen as a mechanism for storing knowledge about the external world, and for acquiring skills and knowledge of how to act. In the same period Brooks [START_REF] Brooks | A robust layered control system for a mobile robot[END_REF][START_REF] Rodney | Elephants don't play chess[END_REF][START_REF] Rodney | Intelligence without representation[END_REF] proposed a subsumption architecture for controlling mobile robots. Such architecture presents a hierarchy of layers where higher-level layers have increased competences and subsume the role of lower-level layers. The work is based on the principle of simplicity and is opposed to traditional symbolic AI. While the goal pursued could appear similar to our work from a broader perspective, there are indeed omnifarious differences between our proposed approach and the aforementioned works by Albus and Brooks. In fact, these works falls into the category of full cognitive architectures for controlling mobile robots, while our work is an approach which may be used as a knowledge management module of a cognitive architecture. Secondly, such works are more focused on "intelligence", while our approach is about knowledge acquisition and design. We could say that the issue is addressed at different levels and dimensions, since "intelligence" may be seen in this case as the result of the application of acquired knowledge to making decisions.

Following the considerations provided by Nonaka [START_REF] Nonaka | A dynamic theory of organizational knowledge creation[END_REF] on the role of interaction in knowledge creation, an approach to knowledge acquisition in artificial intelligent systems is the one investigated by the research field known as Humancomputer interaction (HCI), and with more specificity to the field of robotics, the Human-robot interaction (HRI).

Human-robot interaction is a research field in constant growth, with multiple issues which needs to be addressed, from multi-modal sensing and perception to design and human factors, from developmental and epigenetic robotics, to social, service and assistive robotics, and robotics for education. An overview of the major research challenges within HRI is presented in [START_REF] Feil-Seifer | Human-Robot Interaction[END_REF].

A number of research works have dealt with knowledge construction and cognitive capabilities development applied to service robots, which are intended to have friendly interactions with humans: in [START_REF] Hm Ravindu | Cognitive spatial representative map for interactive conversational model of service robot[END_REF][START_REF] Hm Ravindu | Grounding object attributes through interactive discussion for building cognitive maps in service robots[END_REF] a cognitive map is created in order to build friendly interactions between the user and the robot. The authors propose a method to identify the spatial relation between the objects in a given environment and describe such environments using uncertain terms related to spatial information based on a cognitive map created by the proposed system while having interactive conversations with the user. Samarakoon et al. [START_REF] Sm Bhagya | Identifying approaching behavior of a person during a conversation: A human study for improving human-robot interaction[END_REF] conducted a human study for identifying the approaching behavior of a third person toward two persons who are having a conversation. The analysis has been conducted as three sub studies to identify the parameters that alter the approaching behavior. The key aspects of the approaching behavior of humans have been identified by analyzing the experimental scenarios. The capabilities required for a service robot for implementing a human-like approaching mechanism are discussed based on the outcomes of the human study. Based on this study, the same authors replicate the human behavior in a new investigation [START_REF] Sm Bhagya | Replicating natural approaching behavior of humans for improving robot's approach toward two persons during a conversation[END_REF] proposing a method for human-friendly approaching of a service robot toward a user who is having a conversation with another person. The algorithm behind the proposed approaching method has been designed in such a way that the robot can replicate the natural human tendencies to a greater extent. The proposed approaching method has been implemented on MIRob platform and a user study has been conducted to validate the capabilities of the proposed concept. Other works address specific aspects and features that a human-robot interaction should have. Alami et al. [START_REF] Alami | Safe and dependable physical humanrobot interaction in anthropic domains: State of the art and challenges[END_REF] focus on the peculiar aspects of "physical" interaction with robots. In particular, safety and dependability are evaluated for mechani-cal design, actuation, and control architectures. Reinforcement learning is used in [START_REF] Ficuciello | Learning in robotic manipulation: The role of dimensionality reduction in policy search methods. comment on" hand synergies: Integration of robotics and neuroscience for understanding the control of biological and artificial hands" by marco santello et al[END_REF] for the development of a synergy-based framework for autonomous and intelligent robots. The use of robots as assistive technologies is one of the most investigated application domain in robotics. The neuro-robotics paradigm [START_REF] Vitiello | Neuro-robotics paradigm for intelligent assistive technologies[END_REF] aims to fuse competences and methods from neuroscience and robotics. Examples of intelligent assistive robots are [START_REF] Chibani | Using cognitive ubiquitous robots for assisting dependent people in smart spaces[END_REF][START_REF] Hortal | Brainmachine interfaces for assistive robotics[END_REF], while the employment of robots for people rehabilitation is witnessed in [START_REF] Neto | Smart walkers: Advanced robotic human walking-aid systems[END_REF][START_REF] Huat | Recent development and trends of clinical-based gait rehabilitation robots[END_REF][START_REF] Raya | Assistive robots for physical and cognitive rehabilitation in cerebral palsy[END_REF]]. An extensive assessment of human-robot interaction in healthcare, their applications and challenges is proposed in [START_REF] Olaronke | State of the art: a study of human-robot interaction in healthcare[END_REF]. Design, ethical and usability issues such as privacy, trust, safety, users' attitude, culture, robot morphology as well as emotions and deception arising from the interaction between humans and robots in healthcare are also reviewed. Recently, much research efforts have been made with particular interest in the field of human-robot collaboration (HRC). It is an interdisciplinary research area comprising classical robotics, cognitive sciences, and psychology. A survey of the state of the art of human-robot collaboration is given in [START_REF] Bauer | Human-robot collaboration: a survey[END_REF]. Established methods for intention estimation, action planning, joint action, and machine learning are presented together with existing guidelines to hardware design. A more recent survey on HRC can be found in [START_REF] Chandrasekaran | Human-robot collaboration: A survey[END_REF]. The main purpose of [START_REF] Ajoudani | Progress and prospects of the human-robot collaboration[END_REF] is to review the state-of-the art on intermediate human-robot interfaces (bi-directional), robot control modalities, system stability, benchmarking and relevant use cases, and to extend views on the required future developments in the realm of human-robot collaboration. Zao et al. [START_REF] Zhao | Considering human behavior in motion planning for smooth human-robot collaboration in close proximity[END_REF] present a method to accomplish smooth human-robot collaboration in close proximity by taking into account the human's behavior while planning the robot's trajectory. They use an occupancy map to summarize human's movement preference over time, and such prior information is then considered in an optimization-based motion planner via two cost items: the avoidance of the workspace previously occupied by human, to eliminate the interruption and to increase the task success rate; the tendency to keep a safe distance between the human and the robot to improve the safety. In [START_REF] Podpora | Making eye contact with a robotexploring user experience in interacting with pepper[END_REF] the authors describe a new approach to analysis of user experience in interacting with the humanoid robot Pepper. They describe an experiment involving the robot and human volunteers in a form of a short verbal interaction. to evaluate the correlation between the time of eye contact and the overall opinion of volunteers. The authors of [START_REF] Hp Chapa Sirithunge | A wizard of oz study of human interest towards robot initiated human-robot interaction[END_REF] conducted a study by means of a wizard-ofoz 2 (WoZ) experiment to identify the behavioral features in humans that can be utilized by an assistive robot in a domestic environment to assess the situation prior to an interaction. Both verbal and non-verbal responses of participants towards an interaction initiated by a robot were recorded and analyzed to identify human behavioral changes that portray an interest towards interaction. An Autobiographical Memory(AM)-based intelligent system is presented in [START_REF] Mmsn Edirisinghe | Use of autobiographical memory for enhancing adaptive hri in multi-user domestic environment[END_REF]. It can learn user preferences through natural interactions and provide user adaptive services for each user in the multi-user domestic environment. The system is capable of learning user's preferences from his/her own statements and from another person's statements. Furthermore, the system is capable of adapting to user's hidden preference and changes of preferences easily. The robot's memory has been structured in such a way that it can remember the user groups and the relationship between users. Chivarov et al. [START_REF] Chivarov | Exploring human-robot interfaces for service mobile robots[END_REF] developed human-robot interfaces, designed to provide user-friendly interaction between the elderly or disabled and the robot ROBCO 17. They present four possible methods for controlling the robot, joystick control, gesture recognition control, speech command control, and tele-control via Web user interface. Menne et al. [START_REF] Isabelle | Faces of emotion: investigating emotional facial expressions towards a robot[END_REF] investigated the multilevel phenomenon of emotions by using a multi-method approach. By using the Facial Action Coding System they analyzed the facial expressions of 62 participants who watched the entertainment robot dinosaur Pleo either in a friendly interaction or being tortured. The goal is to provide information on spontaneous facial expressions towards a robot that could also serve as guidance for automatic approaches. The design of friendly robots to help individuals is a fervent field. Buddy [START_REF] Milliez | Buddy: A companion robot for the whole family[END_REF] is a highly engaging social robot. Buddy deploys many assets for social interaction such as its appealing design, its anthropomorphic face able to display emotional reactions and its ability to be proactive to look for a user and propose activities. Buddy aims to be the friendly companion for the whole family. With its intuitive SDK based on the famous unity game engine. In [START_REF] Shidujaman | roboquin": A mannequin robot with natural humanoid movements[END_REF] the authors present the design, control and expressive capabilities of RoboQuin a novel humanoid social robot. They aims to explore the impact of robot body design and dynamic robot postures on human perception towards robots by creating a realistic and natural humanoid robot, with accurate body proportions and smooth motion coordination, and the ability to perform non-verbal communication. Nam et al. [START_REF] Huu | Conceptual design of massage robot using in healthcare therapy[END_REF] describes the conceptual design of a massage robot for healthcare therapy, working and acting on the body back with pressure by automation. The study analyzes the role of effective massage head of robot in the interaction between human and robot. Coronado et al. [START_REF] Coronado | Development of intelligent behaviors for social robots via user-friendly and modular programming tools[END_REF] propose a software framework to develop intelligent behaviors in social robots. It is a component-based methodology, with a block and web-based interface, and a behavior tree approach to the development of robot behaviors that can be used together to enable the adoption of the end-user development (EUD) paradigm. The software framework is evaluated providing an example of a human-robot interaction application using a NAO robot.

Another common approach to knowledge acquisition in intelligent systems relies on semantics-based techniques, such as production rules, ontologies, etc. The use of ontologies for handling knowledge in robots applications has been very successful. Robot task planning is investigated in [START_REF] Galindo | Robot task planning using semantic maps[END_REF]. The authors make use of semantic maps, which integrate hierarchical spatial information and semantic knowledge. The OpenRobots Ontology (ORO) [START_REF] Lemaignan | Oro, a knowledge management platform for cognitive architectures in robotics[END_REF][START_REF] Lemaignan | Explicit knowledge and the deliberative layer: Lessons learned[END_REF][START_REF] Lemaignan | Artificial cognition for social human-robot interaction: An implementation[END_REF] is a knowledge management module for cognitive architectures in robotics. It is an ontology based system designed to enable natural human-robots interaction in semanticrich human environments; it allows to turn previously acquired symbols into concepts linked to each other. KnowRob [START_REF] Tenorth | Knowrob-knowledge processing for autonomous personal robots[END_REF][START_REF] Tenorth | Knowledge processing for autonomous robots[END_REF] is a knowledge processing system designed for autonomous personal robots providing tools for action-centered representation and automated acquisition of grounded concepts. It is used to provide the basic techniques to realize representations for all pieces of knowledge the robot needs. In [START_REF] Milliez | A framework for endowing an interactive robot with reasoning capabilities about perspective-taking and belief management[END_REF] the authors propose a reasoner that generates relevant symbolic information from the geometry of the environment with respect to relations between objects and human capabilities. Another approach is presented in [START_REF] Hasanuzzaman | Gesture-based human-robot interaction using a knowledge-based software platform[END_REF]. The system is capable of recognizing static gestures comprised of the face and hand poses, and dynamic gestures of face in motion. The system combines computer vision and knowledge-based approaches in order to improve the adaptability to different people.

Despite the innumerable benefits that the use of ontologies brings in the acquisition and sharing of knowledge, there are also serious disadvantages that have limited their spread over the years and therefore it is necessary to take them into account.

One of the major concerns regarding ontologies is that they reflect a fundamentally monolithic view of knowledge [START_REF] Brewster | Knowledge representation with ontologies: Present challenges-future possibilities[END_REF], i.e. they are too rigid and can't easily manage exceptions and shades of knowledge. In other words the use of ontologies might be in contrast with the two major requirements of flexibility and interpretability used in the approaches of knowledge construction. The same author affirms that ontologies are also considered to be inadequate as a tool for knowledge representation, since the human language is used to manipulate concepts and to represent the world. Although such a claim can be considered reasonably true and acceptable, no alternative solution is proposed in this study.

Other strategies presented in the literature used hierarchies of semantic concepts for classification purposes. In [1] an intelligent machine vision system able to autonomously learn individual objects based on salient object detection is presented. This system extracts salient objects which can be efficiently used for training the machine learning based object detection and recognition units. The same authors present in [START_REF] Dominik Maximilián Ramík | From visual patterns to semantic description: A cognitive approach using artificial curiosity as the foundation[END_REF][START_REF] Dominik Maximilián Ramík | Autonomous knowledge acquisition based on artificial curiosity: Application to mobile robots in an indoor environment[END_REF] a cognitive system based on "artificial curiosity" for high-level knowledge acquisition from visual patterns. The curiosity, defined as perceptual curiosity and epistemic curiosity, is realized by combining perceptual saliency detection and machine learning based approaches. The learning is accomplished by autonomous observation of visual patterns and by interaction with an expert (a human tutor) detaining semantic knowledge about the detected visual patterns.

Another approach for saliency detection is presented in [START_REF] Bodiroza | Robot ego-sphere: An approach for saliency detection and attention manipulation in humanoid robots for intuitive interaction[END_REF]. The authors create a saliency based attentional model and combine it with what is called "robot ego-sphere". The goal is to achieve an intuitive interaction between humanoid robots and humans. A similar work is presented in [START_REF] Ruesch | Multimodal saliency-based bottom-up attention a framework for the humanoid robot icub[END_REF] where a saliency based framework for eyes movement prediction is used on the humanoid robot iCub [START_REF] Metta | The icub humanoid robot: an open platform for research in embodied cognition[END_REF]. These two works fall into the category of bio-inspired approaches based on perception features. The approach here investigated instead, is based on the combination of semantics features and perception of features. Moreover, the aim is different: this PhD study is focused on acquiring knowledge from the surrounding environment in an autonomous way, thus a saliency based joint attentional model can be used or not since it is not a prerequisite to test our extended semanticbased approach, while it may be actively used for the perception-based approach. Also, the presence of a human is not necessary for our purposes, while still exploitable for a stronger and more reliable conceptualization of knowledge. The use of perception and biologically inspired neural architectures as primary sources for building smart robotics applications is also witnessed and widely discussed in [START_REF] Heinrich H Bülthoff | Perceptual robotics[END_REF]. In [START_REF] Chella | Knowledge acquisition through introspection in human-robot cooperation[END_REF] an approach for knowledge acquisition about the environment is proposed using introspective mental processes to infer if a domain concept is well-known or not. The purpose is to endow a robot with the ability to model its knowledge about the environment and to acquire new knowledge when it occurs in a kind of self-consciousness process. In [START_REF] Taniguchi | Spatial concept acquisition for a mobile robot that integrates self-localization and unsupervised word discovery from spoken sentences[END_REF] a method for spatial Concept Acquisition is presented. The authors use an unsupervised learning method for the lexical acquisition of words related to places visited by robots, from human continuous speech signals. Another work which aims to give robots the ability to adaptively understand their operational world is [START_REF] Vanzo | Incrementally learning semantic attributes through dialogue interaction[END_REF]. The problem of learning dialogue policies to support semantic attribute acquisition is discussed, so that the effort required by humans in providing knowledge to the robot through dialogue is minimized. The use of ontologies as an effective tool for knowledge integration and construction is witnessed in [START_REF] Enrico | An approach to ontology integration for ontology reuse[END_REF][START_REF] Antonio | A matching framework for multimedia data integration using semantics and ontologies[END_REF]. A multimedia semantic knowledge base is also presented in [START_REF] Antonio | A semantic-based model to represent multimedia big data[END_REF][START_REF] Antonio | User-centered information retrieval using semantic multimedia big data[END_REF]. Multimedia ontologies could be effectively used also for the purpose of associating semantic labels to images [3,[START_REF] Antonio | A complete framework to manage multimedia ontologies in digital ecosystems[END_REF]. The methodology is based on multimedia ontologies organised following a formal model. Multimedia data and linguistic properties are used to bridge the gap between the target semantic classes and the available low-level multimedia descriptors. By integrating concept hierarchy for semantic image concept organization, a hierarchical mixture model is proposed in [START_REF] Fan | Learning the semantics of images by using unlabeled samples[END_REF]. The goal is to enable multi-level image concept modeling and hierarchical classifier training. A Multi-level Semantic Classification Trees is proposed in [START_REF] Nöth | An integrated model of acoustics and language using semantic classification trees[END_REF]. It combines different information sources for predicting speech events (e.g. word chains, phrases, etc.).

Differences and similarities between this work and the related works

Similarly to what has been done for Section 2.2.2, this section is intended for a comparative analysis of research studies and methodologies examined above with respect to this work, despite some preliminary differences have been highlighted in Section 1.6.2. Given the lack of a strong specificity of the objectives set, as well as the mixture of numerous research fields, Section 1.6.2 has been intentionally organized by grouping the analyzed works following the same organizational criterion which was pursued throughout the thesis writing, that is, the investigated concepts have been first studied from a broader and more general point of view to be then narrowed for the operating context we are interested into.

Below, some useful key-concepts will be set more clearly in order to give to the reader a preliminary comprehension of the methodologies utilized for this work. By fixing these concept, it will be possible to have an effortless and more meaningful comparison with the two groups of works cited in Section 1.6.2.

As the acquisition of new concepts in an artificial agent may take place through different modalities, in this work it will be considered as a consequence of one of the following events: a visual observation, a spoken interaction with another agent, the perception of an environmental sound, or a combination of the previous ones. A visual observation (through one or more camera sensors) allows an agent to identify other entities (persons, objects, etc.) within the scene it is visualizing. In the case one or more entities are not recognized with a minimum level of reliability, defined through a threshold, the agent tries to conceptualize the entity by querying a general knowledge base (recognition is assumed to have provided a concept that exists but unknown to the agent). During a spoken interaction with another agent, for example a human, some interlocutor's utterances could result as non interpretable since they are unknown to the agent. Depending on the environment in which the agent operates, it could be important for the acquisition of new knowledge to identify environmental sounds, as they are often characteristic for a specific environment. For example, in a classic "home&office" environment, based on a human-inspired cognitive process, the recognition of a typical sound like a door opening causes the agent visual attention to be focused towards the door itself. The perceived sound could also cause the agent to expect another agent entering the operating environment or, still more, the intensity of the perceived sound could lead the agent to think that the one entering the room is angry or there are opened windows in the same environment. The three scenarios just described can be actively combined together to generate more complex and reliable conceptualizations based on multi-modal approaches. However it is worthy to remark that in the following of this dissertation we will focus mostly on the first type of acquisition.

About the acquisition of new knowledge, some notes are also required on how the knowledge should be effectively stored and represented by an intelligent system in continuation with what has been said in Section 1.4. Since the human brain and thoughts are made of interconnections between neurons, the most natural and immediate way to represent and manage knowledge is through graph-based structures. Where a relationship, in order for it to make sense, involves more than two concepts, the most suitable structure is a hyper-graph. Graph structures allow for fast-computing, naturally reflect human brain neural connections and naturally adapt to store rich semantic information in a limited space. We often speak, not by chance, of "graph of knowledge", which is organized according to concepts (nodes of the graph) and relationships (arcs of the graph) between them, expressing any link between the concepts. This is the approach pursued in this work for storing the knowledge as it will be explained in Section 3.1. With reference to the effective development of approaches aimed at designing and acquiring knowledge, both semantic management support tools and supervised and unsupervised learning support tools were used in this work, to then unify everything in a single framework for the acquisition and conceptualization of knowledge. In order to avoid confusion to the reader, at this point a clarification is required about the previous sentences to unfold the expressed concept more precisely. The process involving the development of approaches for knowledge construction and conceptualization relies on our general knowledge base and are confined to it. Nonetheless, extensions of knowledge acquisition were made possible through the use of further well-known techniques. More accurate and technical details about the general knowledge base, the development of the approaches and the mentioned techniques will be further elucidated in Chapter 2 and in Chapter 3. Given this premises, the first group of works analyzed in Section 1.6.2 presents more differences than similarities with respect to the present research. In fact, these studies are mostly focused on behavioral and psychological aspects, i.e. study of human behavior, improvement of humanrobot collaboration, or physical interaction. In this case, the similarities with this works are limited to the intent that is the development of approaches for artificial intelligent systems, however, the goals set for most of the considered approaches are various and different from our research since they are more focused on the interaction itself. Another important difference which needs to be underlined is that for these works, the consciousness ability often follows a human-driven interaction, while our intent is to provide also a sort of autonomy to the artificial intelligent system during the learning process. In fact, in the present work, one of the developed approaches propose novel methods and technologies to provide a robot or, more in general, an artificial system, with the ability of actively and autonomously developing its cognitive skills prior to interaction, through an unsupervised approach, which is helpful for the definition of a more friendly and intelligent interaction with humans. Moreover, the proposed framework allows a dimensional features reduction which speeds up the computation of the implemented algorithms and it is also based on semantics, which is the keystone in our cognitive development approach.

The second group of works analyzed in Section 1.6.2 requires a more in-depth comparison since they share more similarities with this research work than the previous ones. As stated in the Introduction of the dissertation, this thesis is inspired by recent works on autonomous knowledge construction [START_REF] Maximilián | Contribution to complex visual information processing and autonomous knowledge extraction: application to autonomous robotics[END_REF][START_REF] Dominik Maximilián Ramík | Autonomous knowledge acquisition based on artificial curiosity: Application to mobile robots in an indoor environment[END_REF]2] and conceptualization [3,[START_REF] Enrico | An approach to ontology integration for ontology reuse[END_REF][START_REF] Antonio | An ontology-driven approach for semantic information retrieval on the web[END_REF], whose peculiarities have been introduced in Section 1.6.2. The first ones are focused on salient object detection techniques used for perception of the surrounding environment, but they lack semantics and selfconsciousness of the artificial system deriving from the learning process. In fact, despite a machine learning method is established for object recognition, the acquisition of knowledge is entirely managed by the human supervisor. Conversely, the second clump makes use of semantics techniques for knowledge representation, integration and construction, but lacks the ability to perceive the surrounding environment owned by the previous group. The main goal of this thesis has been that of filling the gaps between them by developing an ensemble of approaches combining characteristics of both in order to achieve a higher grade of smoothness in the knowledge conceptualization and acquisition in autonomous artificial intelligent systems. The present work, while developing human-inspired approaches for improving cognitive skills of artificial intelligent systems has not to be confused or compared with cognitive architectures like for example [START_REF] Sun | The clarion cognitive architecture: Extending cognitive modeling to social simulation[END_REF][START_REF] Oltramari | Pursuing artificial general intelligence by leveraging the knowledge capabilities of act-r[END_REF], rather it has to be considered as a framework for managing and processing the knowledge in artificial intelligent systems and, in particular, robotics platforms. The research vision is based on an evolutionary process, combining established methodologies, such as ontologies and machine learning techniques that guide the process of acquisition and construction of knowledge. The intent is similar to that of [START_REF] Lemaignan | Oro, a knowledge management platform for cognitive architectures in robotics[END_REF][START_REF] Tenorth | Knowrob-knowledge processing for autonomous personal robots[END_REF]. However important differences have to be noted: such systems have been developed only for personal robots hence focusing in particular on action-oriented tasks. The ontology created in [START_REF] Tenorth | Knowrob-knowledge processing for autonomous personal robots[END_REF] is based on OpenCyc, whose project has been abandoned over years due to its limitations. Moreover, the object recognition task is limited to the application of RFID sensors to objects. Another aspect to consider is the closed-world assumption (CWA), which states that everything unknown is false. Such an assumption is in contrast with the requirements of flexibility and adaptability previously discussed; it also strongly affects and limits the system in the learning process of new knowledge, often leading to erroneous conclusions.

All the approaches investigated in this PhD research have been based on a multimedia semantic knowledge base, combining semantics-based features and perception-based features. With the term semantics features we refer to high-level features deriving from different technologies, such as ontologies and linked open data which provides semantics and/or linguistic relationships between concepts, while with the term perceptive features we refer to low-level features deriving from the perception of the surrounding environment to be used in the process of knowledge construction. Such features are fed as input to machine learning algorithms which provides learning and adaptability. More specifically, the focus is on the development of bio-inspired approaches based on Artificial Cognition for robots autonomous acquisition and design of knowledge. Existing approaches are either based on low-level knowledge acquisition or they are based on high-level knowledge acquisition techniques. Approaches based on sensing the environment often lack of proper methods for grounding the acquired the knowledge, i.e. they don't deal with semantics to close the semantic-gap and to eventually have more reliable and friendly interactions with humans. Moreover, when semantics techniques, such as ontologies, are used in this context, they are mostly employed for action-oriented tasks, which is not the usage intended in this work.

The core of the work is also valid with different application domains. The main aim is to allow a machine to extract, to construct and to conceptualize the knowledge with a dual process, combining together perceptual knowledge and semantic knowledge. The perceptual knowledge comes from the surrounding environment. The semantic knowledge comes from the knowledge base. Moreover, such a design, could be naturally extended, by combining the knowledge learned through one's own experience with the knowledge shared by others, enabling a collaborative knowledge acquisition environment.

Chapter 2

Modular framework for knowledge management

The previous chapter has provided a broad analysis of initiatives embracing various research fields and with a common purpose, that is, contributing to the conception of artificial systems with the capacity of turning low-level sensory data into high-level semantic information or knowledge, or managing and integrating existing knowledge to create new knowledge. Regardless of their specific intents, a neat separation between the two explored "worlds" has emerged and their contrasts have been discussed. As already stated in the Motivation, one of the objectives of this research is to find a stronger link between these two worlds to better exploit the advantages of both in the tasks of knowledge acquisition and conceptualization.

This chapter discusses step-by-step the theoretical scheme of the developed framework for cognitive systems by exploring different approaches for the autonomous acquisition and conceptualization of knowledge, while respecting the objectives drawn in the General Introduction.

The strategies advanced in this work are general enough to be considered valid for any machine or artificial intelligent system being it a device, like computers, smartphones, or a robotic platform. However, for the sake of validation and feasibility in the course of three-years-long PhD studies, the focus was mainly on its robotic application since the conception of a human-like machine cognitive system represents an important step towards the autonomy of systems such as mobile robots.

Logical view of the research framework

This section is intended to provide an overview of the topics covered in this research by organizing them in a unified framework, or logical architecture, as shown in Figure 2 The term framework is used not by chance and the intended meaning is that of outlining the general structure. Indeed, as multiple independent lines of research are the subject of this study, they are presented here as logical modules of a framework, in order to have a unified and more comprehensive view of areas that are explored and investigated as well as they interconnect each other. The picture aims to support the reader understanding the general workflow and to fix conceptual links among the different parts that cover the investigated research areas, which are depicted in the figure as squares with dashed borders. Before introducing all the framework components it could be useful to discuss a concrete example which is helpful to understand how the different methodologies are integrated to make a machine (robot) able to acquire and conceptualize knowledge from the surrounding environment. First, we need to define the context within which to operate. One of the most interesting usages of humanoid robots for years to come is that of personal robot, i.e. a service robot whose main task is to assist elderly or sick people who are not able to move in autonomy or they need specific assistance in their homes. This conception of robot as an assistant to human beings is also definitely in line with what was discussed in Section 1.6.2 about the origin of the term robot. Therefore, a possible example would be to assist an individual in his own home to carry out ordinary, everyday tasks, such as searching for objects, providing answers to general questions and so on. A common example, as it will be shown in Chapter 4, is the robot searching for food. The first step is focused on knowledge design and representation in the framework. It consists in preparing the General Knowledge Base, described more in detail in Section 2.2, with general concepts and multimedia representations (in our case WordNet [START_REF] Miller | Wordnet: a lexical database for english[END_REF] and ImageNet [START_REF] Deng | Imagenet: A large-scale hierarchical image database[END_REF]). According to the user specific needs, ontology matching and merging can be optionally performed to add more specific concepts related to the domain of interest. With regard to our example, this process would consist in looking for ontologies about food and anchoring them to the General Knowledge Base. The robot is initially provided with a basic amount of knowledge (few concepts) in its own Local Knowledge Base, since the goal is to test its own ability to acquire new knowledge. The subsequent phase is related to knowledge acquisition. Both semantics-based and perception-based techniques are used for this purpose. This phase can also involve the interaction with humans, who can trigger new requests and/or validate inferences made by the robot. Back to our example, the robot could be asked by the human to search for some food, let us say chocolate. First, the robot tries to pair the utterance with a concept. Then he looks for it in his Local Knowledge Base. In case the concept is absent, the robot retrieves it from the General Knowledge Base, he updates his own Local Knowledge Base and then searches for the item or most similar ones by using one of the above-mentioned techniques.

Each element will be extensively described in the following sections.

General Knowledge base

One of the key-elements of the framework is the General Knowledge Base, alternatively named GKB, whose realization is the second major contribution of this PhD research. It plays a central role since the other contributions are built upon it, or they make use of it.

A knowledge base provides a means for information to be collected, organized, shared, searched and utilized. In the context of this work, the knowledge base is called general since it has been implemented starting from a high-level ontological model, described in detail in Section 2.2.1, in turn defined following the structure of WordNet [START_REF] Miller | Wordnet: a lexical database for english[END_REF]. WordNet is a lexical-semantic dictionary containing abstract concepts. All information in WordNet is arranged using linguistic properties. The basic unit is the synset, a logic set of words related through the synonymy property. Each synset is a concept in WordNet. All the synsets are related to the others by pointers that represent linguistic properties. Two kinds of relations are represented: lexical and semantic; lexical relations hold between word forms while semantic relations hold between word meanings. Besides, visual features extracted from images contained in ImageNet have been imported in the General Knowledge Base. In the final notes of the previous chapter, the implications, and the consequent limitations, deriving from the link between the knowledge acquisition process and the general knowledge base were highlighted. In fact, such a solution has advantages as well as drawbacks since its usage may not be ideal in certain situations and invalidate the development of applications requiring the acquisition of specific skills and not of general concepts. To address this issue and mitigate its effects, several countermeasures have been taken. First, the ontological model has been provided with the ability of being extensible through ontology matching and merging activities. This way, it is possible to integrate new knowledge coming from other ontologies. Second, each artificial system is provided with its own local knowledge base (LKB), which keeps the reference with the general knowledge base, but it is free to evolve on its own by adding new unknown concepts. Other techniques used in this PhD study for the extension of knowledge acquisition process are based on the Semantic Web and Linked Open Data (LOD) principles.

At this point one might wonder why such a differentiation between the GKB and the LKBs. Why not use the GKB as a single knowledge base for all agents involved? The reasons for such a choice are manifold and are linked by a common thread. In fact, the use of LKBs brings countless benefits. First of all, it allows to keep intact the structure of the general knowledge base, avoiding the inclusion of possible errors deriving from the observation of a real environment during the process of acquisition of new knowledge. Secondly, having a single centralized knowledge base would adversely affect its performance, when querying and retrieving information if the size of knowledge increases significantly. Third, with a view to sharing of knowledge, assuming that each entity provided with LKB acquires new skills, it will be possible to equip all the actors involved in the process with knowledge acquired individually. Moreover, since the LKBs always start their evolving process by keeping a reference with the GKB, the consistency of the whole system is guaranteed. It is very important to remark that the scope of knowledge acquisition is somehow limited to the knowledge contained in the GKB, i.e. when we talk about new knowledge we mostly refer to the acquisition from reality of physical entities as instances of concepts already included in the GKB. However, exceptions to violate such a constraint have been experimented for including knowledge from outside the GKB, i.e. knowledge acquired from linked open data.

Ontological model

A solid representation formalism is required for acquiring and storing knowledge in an efficient system. The methodology used here for knowledge conceptualization is based on a top-level ontology model acting as overarching ontology. The top-level ontological model is based on the work proposed in [3] and it has been used here as a guiding "schema" for the development of the general multimedia knowledge base.

Other well-known ontologies could have been used as a background ontology as well. These upper ontologies, such as for example SUMO [START_REF] Niles | Towards a standard upper ontology[END_REF], Cyc [START_REF] Douglas B Lenat | Cyc: A large-scale investment in knowledge infrastructure[END_REF], DOLCE [START_REF] Bottazzi | Preliminaries to a dolce ontology of organisations[END_REF] contain general knowledge and are not limited to a particular domain.

The fundamental difference between upper ontologies and the chosen ontological model is in the abstraction level of the conceptualization. The reason behind the choice of this model has to be found behind the way it has been conceptualized. As a matter of fact, this model is based on a very abstract idea, since its goal is to smooth the dependency of knowledge representation from a given language, which is one of ontologies limitations.

We could say that the ontological model considered is at un higher level of abstraction with respect to the upper ontologies, and does not exclude their use, but rather it allows, potentially, to exploit their peculiarities in a combined way, for example through alignments. In fact, as it will be shown in the remainder of the dissertation, in our implementation the upper ontology used as a backbone is WordNet [START_REF] Miller | Wordnet: a lexical database for english[END_REF], however this does not prevent the integration of other high level ontologies given the existence in literature of mappings between these ontologies and Wordnet itself.

Another practical reason that has determined this choice, lies in the fact that, in the context of this work, we are interested in the study of visual features in combination with semantic features, so the use of WordNet has allowed us to take advantage of the huge knowledge base of images, known as Imagenet [START_REF] Deng | Imagenet: A large-scale hierarchical image database[END_REF], that presents a direct mapping with the concepts contained in WordNet.

The model follows the theory of Ferdinand de Saussure [START_REF] De | Corso di linguistica generale[END_REF], one of the founders of 20th-century linguistics, semiotics and semiology. In details, this formal representation uses signs which represent concepts, defined in [START_REF] Danesi | Analyzing cultures: An introduction and handbook[END_REF] as "something that stands for something, to someone in some capacity". Generally speaking, a sign can be any multimedia form, such as text, images, gestures, sounds or any other form through which knowledge can be conceptualized. Each type of representation has some properties that distinguish it. As a consequence, the ontology attempts to represent a sign, according to its intrinsic dual representation made of signifier (part of the sign that is physically perceivable) and signified (an abstract mental concept). Why has it been said that ontology attempts to represent and not only represents? It goes without saying that having an abstract entity to represent, a process of reification is necessary for this to happen, that is, the abstract mental concept must be somehow instantiated to be interpreted and understood by an artificial system.

The author also proposes a set theory point of view of the model. In fact, it can be seen as a triple S, P, C where:

• S : the set of signs;

• P : the set of properties used to relate signs with concepts;

• C : the set of constraints on P. It is important to recall that the ontology model is used for the conceptualization purpose at a very abstract level, under which an upper ontology is attached.

As a consequence there are no limitations in the use of the ontology model from an application point of view in representing portions of real world for the field of automation, being the model a very abstract conceptualization, independent from a particular application. In our case, the role of upper ontology is played by WordNet [START_REF] Miller | Wordnet: a lexical database for english[END_REF], hence the implementation of the model follows its structure for the definition of concepts, but the goal is to add multimedia capabilities to it. An illustrative excerpt of the model in OWL language is provided in the following listing. The properties between concepts are linguistic and semantic relations and the constraints contain validity rules applied to properties with respect to the considered multimedia representation.

Knowledge is represented by an ontology implemented using a semantic network (SN ). It can be seen as a graph where the nodes are concepts and the arcs are relationships between them. A concept is a set of multimedia data representing an abstract idea. One of the aspects to consider when dealing with an ontology is the choice of its expressive power. In fact, the first order logic (FOL) is very powerful but it is undecidable. A common approach is to choose a logic that is decidable but less expressive than FOL. This is the case of this model, which makes use of the description logics (DL) profile of the Web Ontology Language (OWL), a markup language that offers maximum expressiveness possible while retaining computational completeness and decidability. OWL DL uses the description logic SHOIN with support of data values, data types and datatype properties, i.e., SHOIN(D). A concept from DL is referred to as a class in OWL and a role from DL is referred to as a property in OWL.

It allows the declaration of disjointed classes as the property of a word to belong to a syntactic category. It is also possible to declare the union classes used to specify domains, ranges and properties to relate concepts and multimedia nodes. For the purpose of this PhD study, two types of representations have been used, one textual, following the WordNet structure, and one visual (i.e. images referring to specific concepts). Figure 2.2 shows the class hierarchies related to concepts, multimedia, lexical and semantic properties. In the original ontological model the MM class with the respective sub-classes represents all the possible signs of the ontology. The two main classes, Concept and MM have no elements in common and therefore are defined as disjointed. Classes are also provided with attributes. The Concept classes has the attributes: Name which represents the name of the concept and the field Glossary which contains a short description of it. The attributes of the MM class are: Name and ID. Each subclass has its own set of features depending on the nature of the media. The relations in the semantic network are represented as ObjectProperties. They depend on the syntactic category of the considered concept. The Table 2.1 shows some of the considered properties. For example, the hypernymy property can only be used between nouns and nouns or between verbs and verbs. Each multimedia is linked to the represented concept by the ObjectProperty hasConcept, vice versa with hasMM. They are the only properties that can be used to link concepts with multimedia, the remaining properties are used to link multimedia to multimedia or concepts to concepts. The use of union classes gives a precise meaning of properties range of application by means of domain and codomain but at the same time does not exhibit perfect behavior in some cases. For example, the model doesn't know that a hyponymy property defined on sets of nouns and verbs would have a range of nouns when applied to a set of nouns and a range of verbs when applied to a set of verbs. To solve this problem, the model provides some constraints and some of them are shown in Table 2 

Extensibility through matching and merging

As previously discussed, a desirable feature for a knowledge acquisition system is the flexibility. The intended meaning in the context of this research is the capability of a system to adapt to different working conditions. In order to meet such a requirement, a technique has been developed whose purpose is to make the ontological model expandable, i.e. new concepts may be incorporated from other ontologies through a process known as ontology matching and merging. The ultimate goal of this task is to add new concepts from source ontologies by finding links with the background ontology.

The proposed matching algorithm has been specifically designed in origin for the matching of ontologies related to the cultural domain. For this reason, we didn't use an already existing matching tool, but we have implemented an ad-hoc matching algorithm based on entities names, structure and glossary (or description) given the fact that the existing ontology models for this domain present these remarkable features. However, given the nature of the knowledge management framework, the use of other existing matching algorithms is not prevented.

It should be noted that the linguistic part of the top-level ontological model, i.e. WordNet-based, here plays the role of background ontology. This means that other ontologies will be eventually matched and linked to the top-level model as extensions, i.e. the original concepts are not removed after the merging process.

A high-level architecture for such a system is shown in Figure 2.3. The framework is modular, i.e. it is composed by various entities. The input ontologies that should be matched are retrieved and given in input to the framework in order to be locally stored. Accepted ontologies must have a high level of pureness, i.e. they have to be expressed in a language like OWL/RDF or RDF schemas. In the next step, ontologies are treated in order to transform them into understandable ontological models for the platform. Going into detail, they are Figure 2.3: Architecture of the ontology matching and merging system pre-processed by a normalization module included in the Model Builder component as shown in Figure 2.3. The goal of these preliminary operations is to remove heterogeneities derived from the individual models conventions for names of entities and so on. Once ontology models are correctly loaded, an ontology matching algorithm is performed by the Matcher module. In details, ontology models are matched against Wordnet synsets, previously stored in a NoSQL graph database, using linguistic and semantic matching strategies. The algorithm is based on natural language processing techniques and heuristic hypothesis (based on direct sub-classes and super-classes) used for words hierarchies analysis to exploit the ontologies structure. Such an approach is known as a background-based matching approach where the input models entities are anchored to Wordnet synsets. The goal is to use a background ontology as a bridge to provide the right semantic disambiguation of the several entities coming from the input models. It is worthy to note that in our case, WordNet performs a dual function. In fact, it is not only used as a thesaurus in the matching phase, but maintains its function as a backbone on which the others domain ontologies rest. The last step of the ontology matching process is performed by the Aligner module. Given in input the matched pairs resulting from the matching operation, its output consists in a series of alignments 1 , written in the RDF language, between each input ontology and WordNet. The alignments produced may be evaluated by comparing them with a reference alignment, if it exists. A reference alignment is also known as ground-truth alignment and it corresponds to the desirable alignment that a matching algorithm should produce. Such an alignment is often handcrafted by ontology designers or, more generally by human experts of a particular knowledge domain. The ontology merging operation has the goal of producing a new merged ontology or integrated ontology. In Section 1.6.1 the difference between the ontology merging process and the ontology integration process has been outlined. In order to avoid confusion and unnecessary complexities, it is worthy to point out that throughout this work, the terms "merged" and "integrated" are used interchangeably when referred to ontologies. Figure 2.4 shows a more detailed view of the workflow related to matching and merging processes. The steps of the whole ontology matching and merging process are also illustrated in Figure 2.5, the matching formula of the algorithm and the structure of a cell alignment are reported as well. More technical details of the matching and merging algorithms used are provided in Section 3.1.2.2 and Section 3.1.2.5. Subsequent Section 2.2.2.1 and Section 2.2.2.2 are intended to provide more insights about the matching and merging phases respectively.

Matching phase

As it is possible to see in the architecture of the system in Figure 2.3 the Ontology matcher block uses an instance of WordNet in a graph database (Neo4J) to match the different ontologies. Considering the size of WordNet and the strategy Figure 2.5: Matching and merging process adopted, it has been imported in a NoSQL database together with all its entities and structure. While not strictly necessary for the merging process, the choice of importing the WordNet synsets in a graph-DB like Neo4J is justified by the nature of the data and the fact that entities and relations can be represented as nodes and edges respectively of a huge graph. Besides, it opens the doors to many possible evolving scenarios for future expansion in knowledge discovery and information retrieval as well as the definition of new semantic similarity metrics.

Returning to the description of the architecture, the matcher tries to disambiguate the entities meanings by finding correspondences with a right synset in WordNet. First, it searches for a perfect matching between the ontology entity name and a lemma of a WordNet synset, then it analyzes its glossary and, if it exists, compare it with the WordNet synset. On the other hand if the entity is not found in WordNet the matcher exploits a structure-based technique. In other words it tries to find a matching with the relative sub-classes or super-classes in WordNet. After that, entities of the input source has a direct connection with a specific WordNet synset and eventually different entities of two input sources can be associated to the same WordNet ID. This result will be exploited in the merging phase to have the final result, i.e. the integrated ontology [START_REF] Antonio M Rinaldi | A semantic matching strategy for very large knowledge bases integration[END_REF].

Merging phase

The magnifying glass is put here on the following tasks, which are the creation of an integrated domain ontology and the population of a graphDB with data related to the specific domain to produce a knowledge base. The aim of the Ontology merger block and the adopted strategy is to obtain a final integrated (or merged) ontology for a specific domain of knowledge to be used for a specific task at hand. The output of the merging process is a new ontology, more consistent with respect to the input source ontologies. It is appropriate to make an important distinction about the result obtainable from the ontology merging process. In fact, from a point of view of the global architecture of the system used for the investigation of the methodologies analyzed during this PhD, they are based on the original general knowledge base, i.e. the knowledge base containing the implementation of the ontological model described in the Section 2.2.1. Any additions of other ontologies are performed keeping the starting skeleton based on the synset hierarchy in WordNet. Instead, a domain ontology resulting from the merging operation might be used as a supporting knowledge base for solving specific tasks related to that particular domain.

The Ontology merger module is in charge of merging the alignments resulting from the matching phase in order to create the integrated ontology. The algorithm provides a semi-automatic approach that assists the ontology developer by performing certain tasks automatically and by guiding the developer to other tasks for which his intervention is required. The algorithm is inspired by the PROMPT algorithm proposed in [START_REF] Noy | Algorithm and tool for automated ontology merging and alignment[END_REF] and included in the PROMPT suite [START_REF] Natalya | The prompt suite: interactive tools for ontology merging and mapping[END_REF]. As the authors say in [START_REF] Natalya | The prompt suite: interactive tools for ontology merging and mapping[END_REF] the main goal of this algorithm is to take two (or in our case more) ontologies O 1 and O 2 and create a new ontology O m called merged ontology. O m will include some, but not necessary all, entities from O 1 and O 2 with the entities that represent similar concepts merged into a unique entity. This is an informal description of the task since many decisions in the merging process rest with the ontology designer and depend on the task for which the designer plans to use the merged ontology. For instance, there may be some parts of the original ontologies that will not be included in the final merged ontology because they cover parts of the domain that are not important for the task at hand [START_REF] Natalya | The prompt suite: interactive tools for ontology merging and mapping[END_REF]. It is important to remark that this approach has been designed to merge different ontologies in which there are some concepts that are more generic than others. With this premise, therefore, we can say that the system generates a merged ontology that enriches more generalized ontologies with more specific concepts. In case there were only specific ontologies to be joined then the approach would still have performed good as it is expected to have many equivalences between the classes already found.

Approaches to knowledge construction

The process of acquiring new knowledge in an autonomous or semiautonomous way is challenging and may be achieved through different techniques and approaches. In our vision, efficient techniques to learn cognitive processes are the ones based on bio-inspired approaches, as demonstrated in [START_REF] Renk | Bio-inspired algorithms for dynamic resource allocation in cognitive wireless networks[END_REF][START_REF] Dominik Maximilián Ramík | From visual patterns to semantic description: A cognitive approach using artificial curiosity as the foundation[END_REF]1,[START_REF] Erlhagen | Goal-directed imitation for robots: A bio-inspired approach to action understanding and skill learning[END_REF]. Indeed, they are required to have satisfactory and friendly interactions as well as knowledge acquisition skills, either with humans or artificial systems.

While previous sections were devoted to the analysis of methodologies and techniques for representing the knowledge and its conceptualization, this section focuses on the approaches defined for constructing and acquiring the knowledge based on how it has been conceptualized. By introducing different machine learning and human-computer interaction techniques, the goal is to enable an artificial intelligent system to autonomously or semi-autonomously learn and properly manage the knowledge contained in the general knowledge base.

The rest of the section is arranged according to a classification of the approaches based on the nature of the techniques used who inspired them. More specifically, our focus is on the development of bio-inspired approaches based on Artificial Cognition for robots autonomous acquisition of knowledge. Nonetheless, the core of our approach is still valid with application domains different than robotics.

The main aim is to allow a robot to extract, construct and conceptualize the knowledge with a dual process, combining together perceptual and semantic knowledge. The perceptual knowledge comes from the surrounding environment. It generally embraces all the information retrieved from sensors, e.g. vision for extracting images, microphones for capturing audio signals such as human conversations, movements, temperatures and so on. In this work visual sensors are used, because they deal with information extracted from images. The data acquisition process can be extended, in order to acquire knowledge from other sensors, such us microphone for audio, infrared for distances, etc. The semantic knowledge is the one represented and implemented in our knowledge base. The validation of investigated concepts will be carried out on a humanoid robotic platform by means of real use cases (see Chapter 4). The dual process above-cited looks into two different directions. The goal is to grasp the advantages of two categories. The first one is more abstract and we name it top-down (TD), it provides semantics and it is closer to human-understanding. The Semantic Web technologies, ontologies, linked open data, production rules systems, etc. fall into this category. The second one, named bottom-up (BU) is closer to machine-understanding and 

Top-down approach

In this section the description of what is called the top-down approach is provided. Generally speaking, the methodologies that fall into this class are the one "guided by semantics", i.e. all the techniques where knowledge acquisition is managed at a higher level of abstraction (closer to human-understanding) in their proceedings.

To clarify the considered context, we could imagine the following scenario, also depicted in Figure 2.6. We have a set of observations, i.e. unlabeled images, made by an agent. At this stage we suppose by hypothesis that it is possible (and indeed it is) to associate semantic labels related to what is actually represented in these observations. Once we have obtained the set of labels, we suppose we are able to organize and link these labels defining a network of interconnections between them, i.e. a graph representing the acquired knowledge. The generated structure is then exploited for the development of a multilevel semantic classifier to independently recognize the concepts represented by future observations made by the agent. As new observations and possibly new labels are discovered, it is possible to reorganize the knowledge graph automatically adding new knowledge, according to the previously defined strategy. This approach allows an agent to evolve its local knowledge and to make its own inferences and make its own decisions autonomously. For example, a domestic robot may be able to recognize new classes, which at first it is not able to recognize. This is in contrast to the classical learning approach used by the vast majority of the instruments available today, which, although very complex and evolved, are to be considered as black boxes.

Various methodologies can be adopted to guide the two phases of the process just described, that is the mapping between the set of observations made and the set of semantic labels and the transformation of the latter according to a well-defined semantic structure. These choices significantly influence the quality of the final result. Regarding the first step, we decided to automate it, using a convolutional neural network, already trained on ImageNet, given its popularity and high performances. Nothing forbids using different tools, or combinations of them, in order to extend the number of classes to be added to the local knowledge base that we want to evolve. The use of a network, initially trained on ImageNet is also justified by the fact that a direct mapping exist between ImageNet and the lexical-semantic dictionary WordNet [START_REF] Miller | Wordnet: a lexical database for english[END_REF], whose relationships can be exploited for the second step of this first phase, that is the construction of the graph containing the concepts acquired locally. Also in this case, the mechanism that drives the creation of the graph can be different. In our case study, for demonstration purposes, we used an ontology-driven approach, using the semantic relations of hyponymy and hypernymy contained in WordNet to have a meaningful hierarchy. In general, the ultimate goal is to have a comprehensive knowledge base, possibly integrating multiple sources of knowledge related to various application domains. Heterogeneity plays a primary role in this context. It can arise at different levels of abstraction from the linguistic one to the conceptual one, therefore, in our vision, the use of ontology matching and merging mechanisms, and in general the use of linked open data could be very helpful at this stage, giving the whole process a higher extensibility level and a more robust setting, avoiding ambiguities and breakdowns. The only requirement to be met in this first phase is that the output of the first step for obtaining the semantic labels is correctly processed in the second step, so an intermediate step of preprocessing of labels may be necessary at hand.

The second phase of our approach consists in exploiting the graph of acquired knowledge, training a multilevel semantic classifier. The purpose is to allow an agent to autonomously recognize the observations it makes based on its own knowledge, and automatically extend its capabilities when new knowledge is added, in a continuous learning process. It is worth noting that for this particular case, the graph can be seen as a taxonomy, given the use of the only relations of hyponymy and hypernymy of WordNet, which generate a hierarchical structure. We decided to use a double approach based on the hierarchy obtained in order to have a more robust prediction. The idea is to make a first pass, vertically along our structure. For each level, we define a number of classifiers equal to the number of classes of the previous level. Based on the classification resulting at the n-th level, the observation is further processed by the corresponding classifier of the n + 1-th level. In this way, the final result will be a chain of semantic predictions, from the more general and abstract to the more specific. Since the errors made at a certain level are inevitably propagated to the successive levels, we make a second passage, this time in a horizontal sense, defining a single classifier for each level of the hierarchy. Figure 2.8, shows how classifiers were defined at each level. The red dashed lines identify the classes on which classifiers are trained in the "vertical way", the green lines group all the classes of a level, since we have one classifier per level in the horizontal way. Finally, the results are combined and compared. This approach does not guarantee that all errors occurring in the first phase are corrected. In fact, both classification chains may provide same prediction chains, but incorrect. However, it has some advantages. For example, the comparison of the two classification chains improves the robustness of the system, since it can be used to have a confidence measure of the prediction obtained or to appropriately define corrective weights, giving more importance to one or the other depending on the case. Furthermore in a context of interaction between a human and a robot, the disparity of the two classification could lead the robot to ask the human for solving such cases, actively involving him/her in its knowledge acquisition process.

Having a semantic structure of the classes available has many advantages. In the first place, a more abstract level of knowledge, of concepts not yet known, is already possible at an early stage of the evolutionary process. In other words, the layered hierarchical structure allows us to still have a correct, more abstract classification, even for never seen before objects. Figure 2.9 exemplifies such a scenario. On the left side there is an example of a local knowledge base with only few concepts already acquired. Imagine that the agent observes for the first time a new type of object, not present in the knowledge base, we say an orange. Even if a mistake is made in the last level, given the absence of this concept, the agent will still be able to recognize at the previous level that it is a type of fruit (assuming that the classification at this level is correct). When the knowledge related to the misclassified concept is added, the local knowledge is reorganized as previously described, and the levels which changes are retrained accordingly.

Bottom-up approach

The top-down approach above described is semantics-driven. On the contrary, the bottom-up approach has the goal of extracting knowledge from what is perceived. This class is said to be "guided by perception" since its aim is to acquire knowledge by acting on raw perceived features, hence a low-level of abstraction Starting from a collection of images representing a subset of WordNet synsets, our goal is to use unsupervised learning methods to check how resulting visual clusters are dislocated, if they follow the line of semantic knowledge and if they could be exploited for discovering new concepts and/or establishing new relations between existing concepts. The choice of using these kind of methods naturally come from the assumption for the bottom-up approach to not have any a-priori knowledge for the visual information. Indeed, unsupervised learning also helps to find unknown patterns in datasets without pre-existing labels.

Self-Organizing Maps

Unsupervised machine learning techniques are particularly interesting and they are widely used in a broad range of applications. There is a class of unsupervised neural networks based on competitive learning, in which the output neurons compete amongst themselves to be activated, with the result that only one is activated at any one time. This activated neuron is called a winner-takesall neuron or the winning neuron. The result is that the neurons are forced to organize themselves. Such a network is called a Self-Organizing-Map (SOM) [START_REF] Kohonen | The self-organizing map[END_REF]. Self-Organizing-Maps are also called Kohonen maps, from the scientist who described their architectures in [START_REF] Kohonen | The self-organizing map[END_REF]. The basic idea follows the results of many neurobiological studies [START_REF] Richard F Thompson | Organization of auditory, somatic sensory, and visual projection to association fields of cerebral cortex in the cat[END_REF][START_REF] James W Lewis | A comparison of visual and auditory motion processing in human cerebral cortex[END_REF] which indicate that different sensory inputs (motor, visual, auditory, etc.) are mapped onto corresponding areas of the cerebral cortex of the more complex animal brains in an orderly fashion. Such a map is known as a topographic map. At each stage of processing, each piece of incoming information is kept in its proper neighborhood. Neurons dealing with closely related pieces of information are kept close together so that they can interact via short synaptic connections, following a sort of principle of locality of information, known as the principle of topographic map formation [START_REF] Dong | A novel hybrid approach based on self-organizing maps, support vector regression and particle swarm optimization to forecast solar irradiance[END_REF]: "The spatial location of an output neuron in a topographic map corresponds to a particular domain or feature drawn from the input space".

SOMs are mainly used for dimensional reduction tasks, i.e. to transform an incoming signal pattern of arbitrary dimension into a one or two dimensional discrete map, and to perform this transformation adaptively in a topologically ordered fashion. During the training process, the neurons become selectively tuned to various input patterns (stimuli) or classes of input patterns during the course of the competitive learning. The update formula for a neuron v with weight vector W v (i) is

W v (i + 1) = W v (i) + θ(u, v, i) • α(i) • (D(t) -W v (i)) (2.1)
where i is the iteration index, t an index into the training sample, u is the index of the best matching unit (BMU) for the input vector D(t), α(i) is a monotonically decreasing learning coefficient; θ(u, v, i) is the neighborhood function which gives the distance between the neuron u and the neuron v in step i. The neighborhood function depends on the grid-distance between the BMU (neuron u) and neuron v.

Regardless of the functional form, the neighborhood function shrinks with time.

In the context of this research, Self-Organizing Maps have been employed for detecting semantic clusters starting from visual observation. A transfer-learning mechanism has been used for features employed for such an approach. An indepth analysis of the whole method and how it has been implemented is provided in Section 3.3.

Growing Hierarchical Self-Organizing Maps

Classical self-organizing maps are a good strategy to pursue and they show good experimental results as it will be explained in Section 3.3. However they have some drawbacks that limit their applicability. In fact, among the desirable features for an intelligent system, one of the most important, if not the most important, is the capability of evolving and enrich its own knowledge during time. Given their unsupervised nature, self-organizing maps provide in some ways such characteristic, but with strong limitations due to the intrinsic constraints related to the fixed size of the map and the flatness of the structure. As an example, the size parameter is often determined by experiments and it is based on the available data. Therefore, having a fixed size of the map forces the definition of clusters which could become at least not appropriate, or even meaningless, when new knowledge is added. Similarly, the flatness of the map does not allow to organize data hierarchically. This represents a strong limitation from a knowledge acquisition point of view, given that semantic hierarchies are a keystone of some cognitive processes as widely documented in Brooks' studies on subsumption architectures [START_REF] Brooks | A robust layered control system for a mobile robot[END_REF][START_REF] Rodney | Elephants don't play chess[END_REF][START_REF] Rodney | Intelligence without representation[END_REF] (see also Chapter 1).

In order to overcome such limitations, a second unsupervised approach has been investigated. It makes use of Growing Hierarchical Self-Organizing Maps (GHSOM) which have been first presented in [START_REF] Dittenbach | The growing hierarchical self-organizing map[END_REF][START_REF] Rauber | The growing hierarchical self-organizing map: exploratory analysis of high-dimensional data[END_REF]. The GHSOM artificial neural-network model tackle the aforementioned issues with a hierarchical architecture of growing self-organizing maps. Moreover, contrary to similar solutions, such as Growing grid [START_REF] Fritzke | Growing grid-a self-organizing network with constant neighborhood range and adaptation strength[END_REF], the GHSOM is able to provide a global orientation to the independent maps facilitating the navigation across them.

An example of architecture for the GHSOM is shown in Figure 2.10. The first parameter, τ 1 , is used in the stopping criterion for the growth of a single map in the architecture. The formula for such criterion, assuming to use the absolute quantization error metric, is given in Equation 2.2; q ej is the quantization error of the father unit, that is the neuron of the map in the upper layer from where the map i has been generated.

M QE map i < τ 1 * q ej (2.2)
As an example, if τ 1 = 0.1 it means that the mean quantization error of the map must be less than one tenth of the quantization error of father neuron in the upper layer.

The second parameter, τ 2 , is used to specify the minimum quality of data representation of each unit as a fraction of the quantization error of the zero unit, that is the initial layer of the map where all the data are mapped into a single neuron. It directly influences the vertical growth of the GHSOM. The formula for such criterion, assuming to use the absolute quantization metric, is given in Equation 2.3;

qe i < τ 2 * q e0 (2.3)
Same considerations made about Self-Organizing Maps applies here, since the approach is basically the same but enhanced with more capabilities. Details are provided in Section 3.3.

Combined approach

All the methods explored until now present different facets, but they eventually belong to one of the two sides of the same coin. Given this premise, the further, most natural step is to attempt to unify the results obtained from the aforementioned approaches in order to evaluate if a novel combined approach gives optimal results exploiting the advantages of both. The idea is to have a more robust final classification by a voting-based decision which takes into account both supervised and unsupervised approaches results. This is a well-known practice in machine learning and artificial intelligence field, which proved to be successful over the years. A logical scheme for such a combination is given in Figure 2.11.

To fuse the approaches together it is necessary to define which operator to use, i.e. a mathematical function taking in input the output of individual algorithms and returning a novel output given from their combination. Both TD and BU approaches are already designed to output a list of concepts along with a proba-Figure 2.11: Logical architecture of combined approach bility, hence there is no need for a normalization step. The probabilities also take into account the hierarchies of classifications. For the combination function to take place, Ordered-Weighted averaging (OWA) operators have been used [START_REF] Ronald | The ordered weighted averaging operators: theory and applications[END_REF].

Formally, an OWA operator of order n is a function F : R n → R having a collection of weights W = [w 1 , ..., w n ], whose elements fall into the unit range such that: n i=1 w i = 1. The function is defined as in Equation 2.4.

F (a 1 , ..., a n ) = n j=1 w j b j (2.4)
where b j is the j -th largest of the a i .

In the context of this research, their use is motivated by the fact that, since they provide a parameterized family of aggregation operators, it is possible to have more reliable computations when dealing with decision analysis under uncertainty.

Sharing the knowledge

As discussed in the introduction section, one of the desirable skills of an intelligent system of the next future is to be able to interface and communicate autonomously with other agents present in the environment in which the system is immersed, be it another machine or a human being. Before digging into this paragraph, it must be noted that the following concepts and architecture are presented in their prototype shape, i.e. neither a rigorous theoretical study has been conducted leading to a formal definition nor extended experiments have been carried on. The reasons are straightforward. Such a study would require a new whole investigation involving the research field related to multi-agent systems, robot-robot interaction, communication protocols, etc., which is out of scope of this PhD research. Again, concepts such as timing, testing of performances with different loads and number of entities involved neither are considered nor they are subject of this study. Nonetheless, considering how the presented framework for knowledge management has been conceived, i.e. distributed global-local knowledge-bases, it is natural to provide some insights about methods for sharing the knowledge across multiple entities. Also, the core principles of such an architecture share many aspects with those of common and well-known computer network architectures. Moreover, in Chapter 4, the use cases implemented for the robotic unit at our disposal represent a practical application involving a part of the architecture, that is the communication between an artificial agent and the general knowledge base and the interaction between a human and a robot.

Given this premise, the idea for sharing the knowledge is inspired by the Knowledge-as-a-service(KaaS) paradigm defined in [START_REF] Xu | Knowledge as a service and knowledge breaching[END_REF] in which a knowledge service provider, via its knowledge server, answers queries presented by some knowledge consumers. In our model, the agents can be seen as peers of a peer-topeer architecture. Hence they can both deliver their knowledge to other agents and request new knowledge to be acquired. Since all the acquired knowledge keeps a reference with the backbone, with our framework it would be possible to exchange the knowledge through RDF alignments mapping external ontologies to the WordNet ontology. Figure 2.12 illustrates a knowledge exchange scenario in which an agent, i.e. a robot, interacts with humans or other agents, i.e. devices like smartphones, other robotic platforms, or more generally, intelligent systems, with the purpose of sharing the acquired knowledge, fulfill requests made by others, etc. The consistency of the whole process is guaranteed by the fact that we have a commonly accepted and shared representation of knowledge, hence, each agent has the ability to update its own knowledge base with other concepts acquired through experience, through interaction with a human or requesting them to other agents or fetching them from the general knowledge base. In a typical interaction between a human and a robot, the human asks to the robot for some information he wants to know. Once the human utterance is properly translated into content understandable by the robot through the appropriate speech-to-text module, the request is interpreted and handled by the agent. The agent first queries its own knowledge base and, in case it has the requested information, as shown in Figure 2.13, the answer is given to the human. Otherwise, the agent can query the general knowledge base, or it could ask to the other agents using the knowledge-as-a-service architecture. Figure 2.13: Interaction between the human and the robot use. First, it is ACID-compliant and its graph structure is extremely efficient with tree-like structures. It has also a very powerful and easy query language known as Cypher and it offers an API REST which allows to interact with any programming language [START_REF] Miller | Graph database applications and concepts with neo4j[END_REF].

Our implementation of the knowledge base exploits the semantic-linguistic database WordNet and the corresponding database of images, ImageNet, which is directly mapped with WordNet synsets. There are some differences between the theoretical ontology model and the implementation of the general knowledge base. They are mainly due to practical reasons and to avoid an unnecessary waste of computational resources as it will be explained in next paragraphs. The first important difference lies in the design of the Concept node. As it has been discussed in previous chapters, in the ontological model the entity Concept is designed as a very abstract entity, something that is formed in the human mind, which has its own physical counterpart in the Multimedia nodes (MM). Such nodes are expressions of Concepts in the form of text, images, sounds, videos, etc. In the design of the knowledge base, we chose to use a structure similar to that of a synset in WordNet for the Concept node, with the addition of an attribute containing the list of terms associated with that synset. In other words, the textual representation of a concept has been incorporated into its abstraction as a concept. The reasons for this decision are due in particular to two main reasons: the first concerns a purely practical aspect, given that implementing this type of node in a knowledge base in its purest definition would have been much less useful for application purposes; secondly, incorporating the lemmas related to a concept as attributes of the concept itself and not as nodes in their own right, has the considerable advantage of limiting the number of total nodes within the graph database, and therefore containing the total size of the knowledge, which as mentioned is one of the issues which needs to be addressed in knowledge management. Another difference compared to the ontological model concerns the implementation of the classes related to multimedia nodes. Originally, the model envisages a hierarchy of classes containing the various forms of knowledge representation. For the implementation of the knowledge base, the multimedia part of the ontological model, shown in Figure 2.2 (b), has been simplified. In fact, since our focus is on visual and textual representation of concepts, we have considered a single typology of multimedia node having as attributes the various forms of representation. This means we don't have a specific node for each multimedia type, but a generic node labeled as "Multimedia". This design choice (inclusion of children entities as attributes of father entity) is not unusual and well-known in the field of database design, since the birth of relational SQL databases. Furthermore, given that the interest of this study was mainly aimed at textual and visual analysis, the classes related to audio-type features were not considered. Like the above, the reasons are once again linked to practical and performance aspects in order to stem computational costs and to have a more efficient information retrieval.

With reference to the initial population of the knowledge base, the design choice fell on the use of CSV files for the import of the nodes and the relationships between them. In fact, while Neo4J provides APIs in various languages for programmatic access to the database, using this method for one-shot import of a very large number of entities into a database can prove to be a not really wise decision. Neo4J in fact provides an import tool via CSV file that proves to be far more efficient and performing. Just to give an idea of this important difference, using the execution time of the import process as a comparison metric, we have that with the first method, the import would last several hours, while the import via CSV files would be completed in a few seconds. The programmatic access to database is much more suitable for small queries involving a limited number of entities of the graph and when an interaction is required.

The first step was to create the CSV files necessary for the import of Concept nodes and the respective semantic relationships between them. The process has been tested both under Java and Python languages by using the JWI WordNet APIs and the Python NLTK interface respectively. Such libraries have been used to access the WordNet linguistic database and retrieve information about synsets and lemmas to be stored. Standard libraries for CSV files manipulation have been used for the creation of CSV files needed lo load nodes and relationships into the graph database.

In particular, two CSV files have been created and filled with the information retrieved through the JWI methods or NLTK methods. The first, for the synsets, called "synsets.csv" containing the following fields:

⊲ Id : the unique identifier for the synset; ⊲ SID: the Synset ID as reported in the WordNet database;

⊲ POS : the synset part of speech, in this case only nouns; ⊲ Glossary: the synset gloss which express its meaning;

⊲ lemmas: the list of lemmas referring to the concept.

The second file, named "synsets-properties.csv" contains the semantic relations between the synsets, such as the hyponymy relation, the hypernymy relation, the holonym relation, etc.

In the second step the Multimedia nodes and their relationships with the corresponding Concept nodes have been created and imported into the graph database through CSV files following the same methodology above-cited. First a Java-based application has been developed for retrieving the images from the very large knowledge base ImageNet [START_REF] Deng | Imagenet: A large-scale hierarchical image database[END_REF]. Then, global features have been extracted through the Java library LIRE [START_REF] Lux | Lire: lucene image retrieval: an extensible java cbir library[END_REF][START_REF] Lux | Content based image retrieval with lire[END_REF][START_REF] Lux | Visual information retrieval using java and lire[END_REF], while deep features have been extracted through a script written in Python. In detail, deep features have been taken from the last layer of deep learning models VGG16 and googlenet.

The "Multimedia.csv" file contains the following fields stored as attributes of multimedia nodes in Neo4J.

⊲ Id : a unique numeric identifier for the multimedia node; ⊲ JCD: the global feature vector named Joint Composite Descriptor;

⊲ PHOG: the global feature vector named Pyramid of Histograms of Oriented Gradients;

⊲ SC : the global feature vector named Scalable Color;

⊲ VGG16 : activations from VGG16 deep neural network;

⊲ googlenet: activations from googlenet deep neural network;

⊲ SC : the global feature vector named Scalable Color;

⊲ format: the type of image format, e.g. JPG, PNG;

⊲ idMultimedia: an id for the specific image;

⊲ imageURL: the absolute URL path of the image file location.

The CSV file named concept-multimedia-rels.csv contains all the "hasConcept" and "hasMultimedia" relationships between Concepts and Multimedia nodes.

Neo4J population through Cypher queries

Once that CSV files are created, data stored in them have been be loaded in a running Neo4J instance (the community edition version was used) through LOAD Cypher queries, executed through the web browser interface of Neo4J reachable at the address http://localhost:7474. Another possibility is to use the 

Graph visualization

The visualization of very large knowledge bases has become a very relevant task in the analysis of complex information since the beginning of the Big Data explosion. Visualization is the last phase of the data management's life cycle and it is the most strategic one since it is closer to the human perspective. There is no doubt that an effective, efficient and impressive representation of the analyzed data may result as important as the analytic process itself since it could be a valuable and helpful tool for data scientists and decision-makers.

For the visualization of the implemented knowledge base as a Neo4J graph database, APOC procedures and the Gephi software along with its "Graph Streaming" plugin have been used.

The APOC library consists of many (about 450) procedures and functions to help with many different tasks in areas like data integration, graph algorithms or data conversion. APOC procedures consists of custom implementations of certain functionality, that can't be easily expressed in the Cypher language itself. They can be installed as a plugin of Neo4J and called from Cypher directly. Among these functionalities, APOC provides methods for interacting directly with the graph streaming plugin of Gephi, which is an open-source visualization and exploration software for all kinds of graphs and networks.

Figure 3.1 shows the query executed in Cypher language related to the retrieval of hyponym relationships and the streaming of the results to the Gephi server through APOC procedures. The statistics related to the resulting number of nodes and edges, as well as the execution time of the query are reported in Figure 3.2. Note that a limit of 40000 was deliberately imposed in the query on the number of entities to be retrieved. Figure 3.4 shows a second query executed in Cypher language related to the retrieval of random paths and the streaming of the results to the Gephi server through APOC procedures. In this way it is possible to get and visualize also Multimedia nodes. The statistics related to the resulting number of nodes and edges, as well as the execution time of the query are reported in Figure 3.5. Note that a limit of 80000 was deliberately imposed in the query on the number of entities to be retrieved. 

Extending the general knowledge base

The implemented knowledge base contains, in its original shape, knowledge retrieved from WordNet and ImageNet for concepts and visual information. Hence the adjective "general", used to identify the knowledge base. As discussed in Section 2.2.2, it is possible the extend our general knowledge base with more specific concepts (domain knowledge) through an ontology matching and merging process. The whole methodology relies on the matching of such specific knowledge with WordNet synsets, already stored as concepts of the general knowledge base. The extension capability is achieved through an ensemble of sequential tasks, as shown in Figure 2.3. In the following subsections we will describe the implementation of framework blocks.

Models creation and reconciliation

After the retrieval of OWL and RDFS models, they were stored in a local folder and a Java class, namely OWLRepository containing all the links to the files stored in the previously created folder. Afterwards, a Java class has been created for each source retrieved, in order to build an ontology model with the Apache Jena APIs.

The creation of the model returns a list of beans, which are Java classes adapted for each source. It contains basic data which will be used in the matching phase such as the URI for the class, the name of the class (i.e. its label), the glossary, a list of direct superclasses and subclasses. The source OWL files imported in Jena OntModels are analayzed in the text pre-processing phase. In this step the intrinsic structure of each model is taken into account, thus, the Stanford NLP Core API for the English language is heavily used. In particular the text is singularized and lemmatized, the punctuation and the stopwords are removed.

Matching

In the matching step all the entities converted in Java beans have been matched with a WordNet synset. The Matcher tries to reach this goal at different levels of depth. First of all, it is worth to notice that in this work some heuristic hypothesis have been used. In particular for what concerns the distinction between single words, digrams and trigrams. For example, in the case of digrams and trigrams only the last word is taken into account and the relation hypothesized, if found, is the hypomymy. This assumption is justified by the high probability of digrams and trigrams being derived from concepts obtained considering only the last word and from some results obtained during the matching. We provide here an example. Consider the concept identified with the trigram "man-made-object", which describes the class of artifacts made by humans. The last word of the trigram, i.e. "object", describes a more abstract class, described in WordNet as "a tangible and visible entity or an entity that can cast a shadow". Hence, including also objects made by humans.

After checking the words contained in the class label, the Matcher runs a query on the Neo4J instance, containing all the WordNet sysnet nouns and it considers the label as it is given in the source, without any type of pre-processing. If a match is found a score is assigned, in the [0, 1] interval, otherwise the Matcher queries the database considering the pre-processed version of the entity.

The pseudo-code of the algorithm for the matching phase is listed below: The variable maxScore contains the final highest score found for the matching, the cell indicate the cell element of alignments.

According to the query result, the matcher can have different behaviours. For example, if the result is empty (i.e., there is no correspondence with WordNet) the user can specify in advance if the algorithm should stop or continue the execution, searching for a match using the direct superclasses or subclasses of the entity. In most cases the query will return many synset Ids corresponding to the senses related to the lemma of the searched word. At this point the matcher considers some measures, properly weighted, resulting in the novel similarity score equation given in Equation 3.2.

The similarity score is calculated using an adaptive strategy according to the conditions met during the matching phase.

If only one suitable synset is found from the WordNet database for the entity, a weight, in the interval [0, 1], determined by experiments, is manually assigned. If there is no glossary for the entity to be matched the measure is calculated on the senses order as returned from WordNet. As a matter of fact the senses for a lemma are ordered from the most common to the less common; in the most frequent case, the query returns more than one sense and the entity has a glossary. The final similarity score is a combination of the above presented measure and the Gloss overlap measure, whose definition is given in [4] as follows: Definition 1. "Given a partially ordered synonym resource Σ = R, ≤, λ, , the gloss overlap between two strings s and t is defined by the Jaccard similarity between their glosses":

σ(s, t) = |λ(s) ∩ λ(t)| |λ(s) ∪ λ(t)| (3.1) 
This measure could introduce new relations, but it is entirely related to the quality of glosses inside WordNet and the input ontologies to be matched. For this work, the measure used for the glossaries similarity is the Adapted Lesk Gloss Overlaps.

sim(e i , syn j ) =          w 1 ,
if there is only one sense

w 2 senseN um(e i ) ,
if there is no glossary

w 2
senseN um(e i ) + w 3 * sig(GlossOverlap(e i , syn j )), otherwise

2) The measure is calculated according to the following steps: The measure provided is not normalized in the [0, 1] interval, so we have overcome this limitation by adopting a sigmoid function, a mathematical function having an "S" shaped curve, whose peculiarity is to transform an input given in the set of real numbers to the [0, 1] interval.

f : ℜ → [0, 1] (3.3) 
The matching result is an array of four objects indicating the name of the entity, the synset Id, the type of relation between them and the confidence for this relation given by the similarity score given in 3.2, respectively. Each correspondence found is also saved in a CSV file.

Aligning

The Aligner module is based on the Alignment API [START_REF] David | The alignment api 4.0[END_REF]. It is responsible of the generation of various alignments as RDF files following the Alignment Format as defined in the API. Its goal is to be able to express an alignment in a consensual format. It can be manipulated by other tools as input for further alignment methods, transform it into axioms or transformations or compare different alignments. In addition, the Alignment API offers the Expressive and Declarative Ontology Alignment Language (EDOAL) for more elaborate uses.

The format includes the Alignment element, Ontology element, Cell element, Relation element.

In this work, every association found between entities and WordNet synsets in the matching phase is wrapped into a Cell element, and then added to the Alignment.

Creation of a reference alignment

User validation in the ontology alignment process is essential in an automated system due to the its complexity, the detection and the removal of erroneous mappings, or for the addition of alternative mappings [START_REF] Dragisic | User validation in ontology alignment[END_REF]. Moreover, if user validation is done during the alignment process, it enables the adjustment of system settings, the selection of the most suitable alignment algorithms, and the incorporation of user knowledge in them [START_REF] Caldarola | A multi-strategy approach for ontology reuse through matching and integration techniques[END_REF].

The alignments resulting from the ontology matching task have to be evaluated using a reliable reference alignment, which can be considered as the alignment ground truth. In most cases, a reference alignment for the particular domain of interest doesn't exist. The manual or automated creation of a reference alignment is therefore a non trivial issue.

In order to hit the target manually created by the ground truth alignment, we adopted two useful tools: Sublime Text 3 [202] and WordNet Browser for Windows. With Sublime Text the ontology entities were handled. The check for the match with the correct WordNet Synset has been performed by the WordNet browser.

Merging

Generated alignments already have an established connection with entities, i.e. WordNet synsets, stored in the general knowledge base. Hence they are attachable to it without further processing them. Nonetheless, in case of more ontologies, they can be merged into an integrated domain ontology, which could be also used as an independent, autonomous piece of knowledge to be used for specific tasks or shared with other agents. The algorithm will be described simulating a merging between two alignments but it is extensible in a very intuitive way for N alignments. The algorithm has two main steps. For each entity of the ontology O 1 it searches for a candidate entity in the ontology O 2 and set them as equivalents in a new ontology. If a matching is found in the first step, then the algorithm takes all the hierarchy (including all the sub-classes) of the candidate entity and put it under the entity of ontology O 1 . Each entity of each input alignment has a corresponding WordNet synset ID and in the first step of the algorithm this feature will be exploited to find equivalent entities among the different alignments. To better understand, the basic idea is the following: if the entity e 1 of the first alignment has been annotated with a WordNet ID "1234" and an other entity e 2 of the second alignment has the same WordNet synset ID then this will mean that e 1 and e 2 have to be merged together as equivalent entities in a new integrated ontology because they are synonyms or, possibly, they are two different words sharing the same meaning and representing the same concept. The first step is completely automatic. It returns a first level of merging for the subsequent phases. Once the best candidate is found, the complete hierarchy of e 2 will be placed under the entity e 1 . After that, the algorithm will pass to the next iteration in which it will take a new target entity from the first alignment to merge. Finally it's necessary to check if there are other entities of the sources that were not merged and find a possible candidate for them. In this phase the user will have many suggestion of merging and will be executed only the one that s/he chooses. The suggestions will be extracted from the lemma associated to the WordNet synset ID which each entity has. The algorithm starts iterating on every not matched entity and try to find a best candidate but if this candidate is already in the merged ontology then only the relation of equivalence will be recorded.

Evaluation

The Evaluator block is in charge of the evaluation of the proposed framework and it is broadly based on the use of the Alignment API.

The alignment API defines an Evaluator interface which can be used for developing different tools. This interface has an eval method which takes two alignments as input and evaluates the second one with respect to the first one considered as a reference alignment.

In order to test the ontology matching and merging approach, the cultural heritage domain has been investigated as an extension to the general knowledge base. Three models were identified and selected as input ontologies for such a domain:

• Conceptual Reference Model (CIDOC CRM) [START_REF] Doerr | The cidoc conceptual reference model: a new standard for knowledge sharing[END_REF] • Europeana Data Model (EDM) [START_REF] Isaac | Europeana data model primer[END_REF][START_REF] Haslhofer | data. europeana. eu: The europeana linked open data pilot[END_REF] • DBpedia (filtered for CH classes) [START_REF] Mendes | Dbpedia: A multilingual cross-domain knowledge base[END_REF] The CRM model has been evaluated using the reference alignment where the CRM entities were manually coupled with the appropriate WordNet synsets. In other words, the reference alignment is composed of cell elements with a confidence value of 1.0 and we consider those cells as our ground truth. Our evaluation was focused on alignments resulting from experimental weights combination in the similarity formula given in 3.2. Each column in following tables refers to a combination of weights. Best results were obtained for w 1 = 0.8, w 2 = 0.6 and w 3 = 0.4. Table 3.1 shows the results of the evaluation for the CRM ontology taking into account precision and recall measures. The results pointed out in the tables above, underline the importance of the weighted version of precision and recall. While the classical version is not able to highlight the "distance" between the resulting alignments, the weighted version shows this property using the measure of similarity provided in all alignment cells.

The output alignments from the Matcher have been also evaluated with different levels of threshold using the cut method from the alignment API. In table 3.3 the F-measure computed at different thresholds is reported. Some considerations arise from results in tables 3.3, 3.4 and 3.5: the best results are at a lowest threshold, while the second is that the Precision holds an high value for different threshold, while the Recall decreases at the threshold rising. This is explainable if we consider that the reference alignment is manually built and mainly consist of classes that are present in the model. For example, a relation that has a similarity score of 0.7, which can be considered a high value, is cut off if the threshold level is 0.8.

In a similar way the EDM model has been evaluated using its reference alignment. The sliced version of DBpedia has been evaluated in the same way seen for the other models.

Figure 3.7 shows a different representation of precision and recall generated by GroupEval class under the form of triangle graphics for the evaluation of EDM, CRM and model respectively. This simpler representation, as a matter of fact, allows to place each system in a plane so that their position corresponds to their distance from 0 precision and 0 recall.

Top-down approach implementation

Since we start from the point where an artificial intelligent system, named agent, has already acquired certain knowledge, which will contain the experiences and observations already made by itself, we first retrieve a number of ob- Given the not excessive number of observations used for testing, a manual check of the labels associated with the sample observations was also preformed in order to detect and correct eventual occurred errors. Then, we defined the semantic hierarchy along the lines of that provided by hyponymy and hypernymy in WordNet. An automatic approach could in this case be to follow the exact structure of concepts as defined in WordNet, however, given the excessive depth of the latter, and the lack of utility with respect to our purpose, which is to show the new knowledge construction approach, in the initialization phase, we have specifically defined our most abstract concepts to be used in the highest levels of the hierarchy. In other words, some specializations have been grouped into a single class as shown in Figure 3.8. For each dashed line we go down a level in the hierarchy. For this set of experiments the number of levels in the hierarchy was 3. While not strictly necessary, since the approach can be generalized to an n-level hierarchy, there are some important reason which make the choice of three levels of abstraction interesting.In fact, apart from the implementation convenience, the choice for a three-levels hierarchy has also a link with the work in the field of cognitive psychology by Eléanor Rosch and her successors [START_REF] Mervis | Categorization of natural objects[END_REF]. This work con- Rosch states that the nature of the task appears to make a great difference and even children as young as 2 years old appear to possess some working knowledge of superordinate categories and there can be no doubt that some aspects of the logic of categorization develop with age and therefore that development of basic object categories occurs early. In Rosch's vision basic level sorting occur at the earliest ages and would be independent of superordinate sorting or of a child's ability to explain the categories. Following this finding, it would be interesting to analyze the results of our approach (see Section 3.2.1) by establishing a parallel and to check if we can make emerge a sort of human-inspired cognitive capability in a machine by establishing an analogy with such pioneer work in cognitive psychology.

For example, the chain of hyponymies from the animal concept to the dog concept in WordNet has a length equal to 8 (animal -chordate -vertebratemammal -placental mammal -carnivore -canid -dog), so we eliminate these intermediate concepts, considering as "direct" the relationships between the concept animal and the concept dog. Again, we remark that different strategies could be adopted at this stage, according to how the knowledge acquisition process is guided. Hence, one could use his/her self-defined ontology, or other well-known ontologies if using an ontology-driven approach, or other strategies according to the needs, the kind of knowledge to be acquired and the individual purposes. Then, the multilevel semantic classifier has been developed based on the gener-ated structure.

A network of multi-layer perceptrons has been implemented using the Python language and tested under several different settings for hyper-parameters estimation at each level. In particular the GridsearchCV algorithm provided by the sklearn library has been used to determine the best suited value for the number of neurons in the hidden layer. The activation function used in the hidden layer is the rectified linear unit (relu). For weights optimization the Limited-memory Broyden-Fletcher-Goldfarb-Shanno algorithm has been employed; it belongs to the family of quasi-Newton methods and approximates the Broyden-Fletcher-Goldfarb-Shanno algorithm. The motivation for choosing such an optimization algorithm instead of the classical stochastic solvers such as SGD or Adam is the better performance shown by Limited-memory Broyden-Fletcher-Goldfarb-Shanno for not very big datasets as in our test case. The maximum number of iterations was set to 100000 in lower levels and 10000 in higher levels in accordance with number of classes at each level. Besides, the early stopping option has been set. This means that 10% of the training set is automatically used as validation set, while 20% has been reserved for the test set.

Top-down approach evaluation

The aim of the first experiment has been to test independently all the classifiers at different levels of the hierarchy. We restricted our analysis using the multi-layer perceptron and global descriptors as features. A first test was conducted for the analysis using 8 different global descriptors (Joint composite Descriptor(JCD), Pyramid of Histograms of oriented gradients(PHOG), Edge Histogram(EH), Scalable color(SC), Fuzzy color and texture histogram (FCTH), Color and Edge directivity descriptor(CEDD), Color Layout(CL), Auto color correlation(ACC)).

The dataset used for the experiments is named 34 synsets dataset. It has been assembled by collecting a set of images from the web and labelled with WordNet synsets names related to 34 classes. The dataset is described with more detail in Section 3.3.1.

The result of test accuracy for each descriptor and each level(vertical) is reported in Figure 3.9. It is worth noting two specific results from the chart. First, a trend emerges related to the behavior of all the features, which are very similar, and secondly, the noticeable decline of performance in the lower levels. This effect was predictable, considering both the small number of samples and the greater number of classes at the lower levels. After the classifiers are trained on the local knowledge at our disposal, it is possible, at this point, to proceed to test the approach described in the section 2.3.1, chaining the levels and testing from both the vertical and horizontal perspective. We report in Figure 3.10 the result for 43 test observations related to the classes of the domain food. Each pair in the figure represent the number of correct classification (over the total of 43) and the percentage. The first 3 columns are related to the final classification result for combination(both vertical and horizontal are correct), vertical and horizontal respectively. The second 3 columns are related to the classification result until the second level, which is the second last level in our case study.

As we expected the results obtained shows a higher performance in the second level, i.e. most of the observations are correctly classified as food. Such a result also confirms what has been discussed in Section 3.2. Our results suggests that for an n-levels hierarchy of concepts, the n -1th level shows the best behavior. We could therefore affirm that a human-inspired cognitive capability emerged since these results can be interpreted in a broad sense in an analogous way to what has been observed by Eléanor Rosch [START_REF] Mervis | Categorization of natural objects[END_REF] for the early development of categorization skills in humans.

It is interesting to note also that the combined use of the two methods of classification does not penalize in particular the vertical classification (from the most abstract to the most specific). However, this point requires a more in-depth analysis in order to verify the behavior in more complex structures, with a greater number of classes or, again, with different features. Hence, this justifies its use for further learning by the agent in case of doubt to improve the performance.

All the features exhibited very similar results. The two best descriptors were Joint Composite Descriptor and Pyramid of Histograms of Oriented Gradients. The test accuracy for both descriptors is shown in Table 3.13. The results suggest a better behavior of the Joint Composite Descriptor (denoted in the table as JCD) over the Pyramid of Histograms of Oriented Gradients for the images (denoted in the table as PHOG), in our knowledge base. In particular for lower levels where the number of classes increases and the number of samples is considerably lower.

Given the resounding success recently obtained from deep learning frameworks, in this work we also considered the feature vectors taken from the last activation layer (pool-5) of a prominent deep convolutional neural network, the VGG-16 [START_REF] Simonyan | Very deep convolutional networks for large-scale image recognition[END_REF] to be used in our network through the well-known transfer learning method. The process of feature extraction has been carried out using the python framework Keras, which provides an abstraction layer for the most common backends used for deep learning, such as for example Theano and Tensorflow. The instance of the VGG-16 model used was pre-trained on the ImageNet dataset. The feature extracted from the deep neural network are then fed into our hierarchical network of multi-layer perceptrons. The motivations for using such a model are manifold. The first one is that the use of activation features for generic tasks in visual recognition is justified in [START_REF] Donahue | Decaf: A deep convolutional activation feature for generic visual recognition[END_REF]. This means that this kind of features are more suitable for the task at hand. Secondly, the choice of using the VGG-16 model instead of others deep model is due to the fact that it is one of the models showing the best performances for the task of object recognition. In any case, other models should present similar or even better performances according to the affinities between the internal architectures. However, our interest is not in finding the best deep neural network model for recognizing objects, but rather we aim to show the ability in evolving knowledge skills. The results obtained for the new tests are shown in Table 3.14. As we expected, the use of deep features shows optimal results, significantly improving the performances at each level of the semantic classifier. A notable improvement in particular is registered in the lower levels.

Similarly to what has been done for global features, the whole approach has been tested by chaining the levels and using the deep features. The chart with the results is provided in figure 3.11.

In line with our expectations, the deep features present a clear improvement in performance compared to the global ones. In fact, almost all the observations have been correctly recognized.

This strategy can be useful for different tasks, since it provides fast intermediate results with a trade-off on abstraction of concepts retrieved. Moreover, its peculiarity is that of being easily extensible, which is ultimately what we want to achieve. Further experiments (see Section 4.2.1) have been conducted with a robotic platform to validate the process of knowledge acquisition from the surrounding environment in a real use case.

Bottom-up approach implementation

As discussed in Section 2.3.2, bottom-up approaches are based on unsupervised learning techniques largely used in machine learning and artificial intelligence research field. In particular, the approaches tested for this research make use of classical SOMs and the more advanced GHSOMs. The implementation used for both algorithms is based on two libraries, written in Python language. The first one is already packaged with the Python installation, while the second one is a third-party1 implementation, which has been adapted to our needs. In this section we show a set of experiments we carried out in an ad-hoc test environment to give an evaluation of the bottom-up approach. Given the nature of our context, we will use in our analysis both qualitative and quantitative measures. In fact, our purpose is to focus on some specific skills that the system should have for a knowledge construction task. In particular, the autonomy level for the acquisition of knowledge and the evolving ability.

Data preparation

In the first step of our experiments, we used a dataset with 34 synsets, manually selected from our knowledge base to have a wide coverage of a general knowledge. More specifically, the selected concepts may be grouped into 5 semantic domains. Table 3.15 lists all the synsets used in our experiments grouped by semantic domain. We defined 5 groups of classes. The first four are well-defined from a conceptual point of view, i.e. they share a strong semantic correlation, while the last one has been intentionally filled with two different classes, including plants and persons which don't belong to the same semantic domain. As we pointed out in Section 3.1, in order to limit de size of our knowledge base, we retrieved a limited number of images for each synset. For this reason we tried to overcome this limit for our experiment extending the number of images retrieved for the chosen synsets. To accomplish this task we used an automatic script, written in Python language, for image retrieval from the service google images. Given the confined number of classes, we were also able to perform a manual check on the retrieved images, discarding any possible inconsistency. The final number of collected samples is 1477. Detailed statistics about each concept for the dataset used in our experiments are provided in Table 3.16 and 3.17. activation features (last pool layer of CNNs), used for the Top-down approach and described in Section 3.2.1, were extracted and used as input in our experiments.

Bottom-up approach evaluation

For the set of experiments, we have a number of parameters for the input and for the SOM which need to be tuned. In particular, we have 10 different choices for the input features (8 global features + 2 activation features). The other parameters refer to the SOM configuration. The tuning can be performed by changing the number of iterations for training, the grid size, the neighborhood function which affect the number of neurons that entail a weights update at each iteration. In [START_REF] Vesanto | Som-based data visualization methods[END_REF], the author suggested that the maximal grid size for the SOM should be 5
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where N is the size of the dataset. In our first experiments we tested the global features for different parameter configurations of the SOM. In all figures related to SOM results each color is mapped with a semantic domain. The use of different colors is very effective for the visual inspection of the map. We used the same color for the synsets belonging to the same semantic domain and different markers symbols for classes. Red color is for animals, blue color for vehicles, yellow color for food, green color for dishes, cyan color for other. Background color depicts the distance of a neuron from its neighborhood.

Figure 3.13: Results for an SOM with grid size 30x30 using JCD features.

Global descriptors are in general compact vectors, which take into account colors, textures, and/or shapes of the image. As a consequence, the advantage is that they require much less storage space with respect to features extracted from deep models. On the other hand, for their "global" nature, these vectors take into account all the image content. Peddling information from background or secondary elements in the image are equally processed and put into the final descriptor. This behavior is not desirable for tasks like ours, where the vectors are associated with semantic labels, i.e. the concepts represented in the image. In fact, global descriptors lack the ability of being expressively significant to show a semantic relatedness between the concepts. Our expectations have been confirmed by an experiment shown in Figure 3.13 for an SOM with grid size 30x30 using JCD features as input. In fact, the global features don't show significant results. Clusters are not very clear, however we can see that different samples of the same concept are closer with respect to other concepts in some cases. The obtained performances are not to be considered competitive in comparison with more complex image descriptors, like for example the ones extracted from inner activation layers of famous models for convolutional neural networks as discussed below. Figure 3.14 shows the results obtained for an experiment using the feature vector from last activation layer (pool-5) of the VGG-16 convolutional neural network. The value of parameters chosen for the SOM are: 30x30 grid size; 100.000 iterations; gaussian neighborhood function of type e
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The results obtained for deep features descriptors as input to our SOM show a significant improvement. In fact, we can see the results show the formation of meaningful semantic clusters. Also for the cyan-colored cluster in which we have grouped people and plants, we can notice that the classes are correctly separated and distant as expected. The semantic proximity of concepts holds in the two-dimensional representation space of the map. The original features vector has 25088 dimensions. While a qualitative measure like visual inspection is a valuable technique giving a fast feedback about the spatial distributions in the SOM, it must be noted that the number of occurrences for winning neurons is not displayed, i.e. markers overlap on same position. Based on these results, it is possible to provide quantitative measures for clusters and to compute centers of gravity for each concept. The center of gravity is the average position of all points; furthermore it may not correspond to any of those used for its calculation.

In our case it can be seen as a representative vector of a specific class. It has Given N feature vectors referring to the concept c, the center of gravity of c is the arithmetic average of the winning neurons. Weight vectors of winning neurons are used to compute the center of gravity in the original feature space, cartesian coordinates of winning neurons (position of the neuron in the grid) for the output 2-D space.

The positions of centers of gravity are displayed on the grid in Figure 3.15. Numeric results are also provided in Table 3.18, where we report the centers of gravity coordinates for each class and the winning neuron coordinates for the computed centers of gravity.

The precision of the used features is also evidenced by the fact that similar elements in their appearance, such as for example motorcycles and bicycles, cows and horses, zebras and giraffes are very close in the map. Having the centers of gravity positions enable us to use a common distance, like the euclidean distance, for computing a new semantic distance between the concepts represented in a 2-D space, which is much faster than computing it in a very complex feature space. From the point of view of constructing the knowledge, it is possible for a machine, like a robot, having at its disposal only the information extracted from its visual field, trying to understand itself (autonomously, without external help), or at least give insights about the latter's belonging to a specific semantic domain, even if the machine has never been trained on that concept before. Moreover, the semantic distance resulting from the unsupervised approach could be actively used in combination with a top-down semantic-guided approach to improve the overall precision of the system. To increase the reliability and significance of our experiments, we have tried different parameter configurations for the features and the SOM. In the experiment shown in Figure 3.16, we tested the second considered "deep" feature. It is extracted from the DNN googleNet. We used the same configuration for the SOM parameters in the previous "deep" feature to have a comparative measure between the two descriptors. We can notice that the clusters are well-defined at a class-level, i.e. samples of the same class are grouped together in the map. However, there is more sparsity considering semantically-related classes. For example, there is a slight overlap for classes of semantic clusters representing the food domain (yellow color) and the vehicles domain (blue color). To have a more reliable and general testing of our approach, hence avoiding a dependency of the results to our dataset, we also tested it on the well-known standard dataset caltech-101. In order to have a line of comparison with the previous experiments we inspected the classes of the caltech-101 dataset and we manually mapped them to corresponding semantic domain following the structure defined in Table 3.15 (for example we added the ant class to animals, we enlarged the Dishes cluster to contain common objects, and so on). Figure 3.17 shows the result of an experiment with the same configuration that was used for the previous experi-Figure 3.16: Results for an SOM with grid size 30x30 using googlenet features. ments, both for features (from googleNet) and for parameters of the SOM. The visual inspection suggests that the semantic spatial relationships are somehow still present, despite less clear. Thereby, in the subsequent experiment we used the same setting for type of features and the dataset, but this time using a different parameter configuration. According to Equation 3.4 (N for caltech is 9145), we have that the recommended size for the grid should be around 478 neuron, which means around 22x22 neurons. However the number of overlaps suggests to change the size of the grid (due to the greater size of caltech-101 dataset). For this experiment the grid size is set to 60x60. As we can see from Figure 3.18 the clusters are more sharp, but some semantic relation at domain-level seems to be lost. From this experiment we can argue that the size of the grid is a point confirming our expectations.

Similarly to what has been done for the classical SOMs, experiments have been carried out also for the approach based on GHSOMs. The same sets of data and deep features have been used. Moreover a genetic algorithm has been developed for the fine tuning of parameters τ 1 and τ 2 in the GHSOM architecture. Details about such an algorithm are provided in Section 3.3.3. cluster, named Others, which is used as a noise element. Hence, the meaning for colors is now as follow: red color is for animals, blue color for vehicles, yellow color for food, cyan color for others. Numbers on the right represents the labels for classes in the dataset. More in detail, Figure 3.19 shows the parent map, that is the map located at the first level of the hierarchy. As we can see there is a strong coherence between semantic domains and neurons in the map. In other words, different classes with a strong semantic correlation are placed in the same neuron or in adjacent neurons, allowing for a first discrimination power of the system at domain-level. Such an ability is still more remarked if we look at the lower levels of the hierarchy. For example, Figure 3.20 refers to the map at the second level of the hierarchy having its parent neuron in positions (0, 0). Most of the classes are depicted in yellow, which means they belong to the food domain. Similarly, Figure 3.21 refers to the map at the second level of the hierarchy having its parent neuron in positions (1, 0). Most of the classes are depicted in blue, which means they belong to the vehicle domain.

It is worthy to note the presence of some instances belonging to the "disturbing" semantic domain, colored in cyan, for the illustrated maps in the second level. As it has been discussed, such a cluster has been intentionally included as a noise element in the analysis to have a more robust evaluation. Also, this behavior was expected, since classes belonging to this group do not really have a semantic correlation, since they are taken in a scattered manner. Moreover, with respect to the other semantic domains investigated, this one has a much lower instances number, hence it is much smaller and less representative.

Similarly to what has been done for the SOM, an experiment for computing centers of gravity for classes has been carried out for the GHSOM case. There are however some differences that need to be highlighted and further clarified. Given that GHSOM has a hierarchical and dynamically growing structure, its final architecture is composed of many maps with different sizes at different levels of granularity, instead of just one with fixed size, as in SOM case. In particular, the whole GHSOM structure has a high number of maps (for the settings used in our experiments more than fifty), each exploring different portions of the dataset going down the hierarchy.

The implication for this fact is that all the maps in the GHSOM, whose growth is controlled by parameters τ 1 and τ 2 , have very different and smaller sizes compared to the SOM, where the size of the map is one of the parameters manually set for each experiment. To make an example, the GHSOM map in the first level (after the zero unit), which is the one receiving in input the whole dataset has a size after training of 3x2 neurons, while for the SOM map analyzed with centers of gravity test the size is 30x30 neurons (because they are all condensed in that unique map). The positions of centers of gravity for the map placed at the first level of the hierarchy, which is a map with 3x2 neurons are displayed on the grid in Figure 3.22.

In Table 3.19 we report the detailed results obtained for centers of gravity, winning neurons and relative euclidean distances related to the same map.

Optimizing parameters for controlling maps growth

An optimization algorithm has been implemented for a correct definition of proper values of the two parameters τ 1 and τ 2 , responsible for the growth of the GHSOM architecture. The goal of this process is to shove the formation of visual clusters towards a semantics-based interpretation. The task has been accomplished by realizing a genetic algorithm used to fine-tune the parameters. Other optimization algorithms could be used as well, however evolutionary properties of genetic algorithms are the most suitable in this context. The sets of experiments on the dataset 34 synsets have proven that a relation exists among visual features and semantics knowledge. Therefore, the idea is to exploit such information to minimize semantics diversity in visual clusters. To accomplish this, the details of The parameters we want to optimize are the genes, while each combination of them is defined as a chromosome, that is a potential solution for the optimization problem. A population instead, is a set of solutions or chromosomes. The optimization problem has been set as a minimization problem, since our goal is to reduce semantics heterogeneity in clusters. Hence, a simple fitness function is used for the evolutionary process of the genetic algorithm. The fitness is defined as the ratio between the sum of numbers of different semantic labels encountered in each neuron and the total number of neurons. Such a function is given in Equation 3.7 where K is the total number of neurons resulting from the growth process.

f itness = K i=1 labels i K (3.7)
Figure 3.23 shows the evolution of the fitness function. At each iteration, represented on the x axis of the chart, the algorithm evaluates the current population and chooses the best solution, which is kept, while other solutions are discarded and replaced by new chromosomes. The evolutionary process terminates according to the stopping criterion, which is triggered when the fitness doesn't improve for three consecutive iterations.

The best solution resulting after the algorithm execution has values 0.01 and 0.1 for parameters τ 1 and τ 2 respectively.

The fitness function provided in Equation 3.7 just considers how many different classes are detected inside each neurons.

Combined approach implementation and evaluation

As explained in Section 2.4, the goal of combination is to use a function or operator for merging the results of individual approaches together (see Figure 2.11). The weights used in the experiments are reported in Table 3.20. Each combination scheme is identified by a letter. For example, the scheme named A gives equal importance to top-down and bottom-up approaches. Other schemes evaluate the performance for several different configurations of weights. Schemes The algorithm has been implemented in Python language and tested over a test-set extracted from the data-set, 34-synsets. It receives in input two lists of predicted synsets with corresponding probabilities. One list is the output of Top Down approach, i.e. the combined chain of predictions from the "Semantic Multilevel classifier"; the second list is the result of Bottom Up approach, i.e. the chain of predictions from the "GHSOM" architecture. In particular, the algorithm considers the list of synsets from last level of predictions for both. The combination merges the two lists together and computes the final score for all the considered synsets, taking into account the weights given in Table 3.20. The final list is ranked according to the final scores, both top-one accuracy and top-five accuracy are computed.

Schemes F and G, show that individual algorithms have already good performances for top-1 accuracy. Scheme G, which corresponds to the usage of top-down approach only, doesn't show improvement in top-5 accuracy. In fact, the optimal results for top-5 accuracy are due to the usage of the bottom-up approach. This means that, also in cases of misclassifications, the real class is always present in the same cluster of predicted one. The results of other combination schemes show the effectiveness of this technique: schemes B and C, which use the two approaches in an 80-20 ratio, already show an improvement compared to the use of the approaches used individually. Still better performances are achieved when the weights of two approaches are more balanced, this is the case of schemes E, D and A. In particular, schemes D and A were able to reach a 97.2% top-1 accuracy, i.e. a delta improvement of 11-14% with respect to individual algorithms. This gives still more significance to the usage of combination since it is a sign that one approach is capable of correcting the other one when it fails. In conclusion, the experiments suggest that the best option is scheme D, which assigns weights of 0.6 and 0.4 to bottom-up approach and top-down approach respectively. In fact, giving slightly more importance to bottom-up approach allow us to exploit goodness of both approaches and it could be helpful considering the advantage in top-5 accuracy of bottom-up approach, resulting into better final overall performance, which was our initial goal for the combination task. Same results, shaped as a chart, are reported in Figure 3.25. 

Validation and applications

Chapter 4 familiarizes the reader with the robotic platform and the applications developed for the validation of the proposed research under real-world conditions. The first part of the chapter is used to introduce the humanoid robot for which applications have been created. Then, two different case studies are proposed for testing both the top-down and the bottom-approach. The first scenario is set into a home-office environment, while a second one deals with the cultural heritage domain. All the applications have been implemented in Python language. The built-in python framework of the robot only supports 2.x versions of the language. Commands are sent to the robot by exploiting the capabilities provided by the NAOqi framework, which is a Linux-based operational system, which provides also NAOqi API to all the firmware modules.

Description of the robotic platform

For a more comprehensive evaluation of implemented approaches in this research, it is necessary to validate them on real humanoid robots. To accomplish this task, we run such validation on the Pepper robot, created by SoftBank Robotics1 .

The Pepper robot is a more recent development of the NAO robot, Pepper is designed to be fully interactive, as it can hold full conversations, and it is endowed with a number of sensors, allowing it to speak, to detect obstacles, to take photos/videos, to move and so on. It is much more "humanoid" and is equipped with better hardware than its predecessor: Intel Atom E3845 Quadcore 1.91 GHz, 2 cameras OV5640 which can supply V GA@30f ps or up to 4V GA@1f ps, 68.2 • DF OV (57.2 • HF OV, 44.3 • V F OV ). Also, the robot is equipped with ASUS Xtion 3D sensor, able to provide data in focus range 40cm-8m with 320 * 240@20f ps, 70.0 • DF OV (58.0 • HF OV, 45.0 • V F OV ). Another advantage of the Pepper robot is its dimensions: it has 1.21 meters height, which gives us more correct and human-like scales for the experimental setups.

Case study: home & office domain

The first case study presented in this section aims to show the usage of both the top-down and the bottom-up approaches, described and evaluated in previous chapters, in a real home&office scenario, namely our laboratory was used as an office environment.

Top-down

The first demonstration is presented as an interactive game between the robot Pepper and a human operator which proposes objects to observe to the robot. In this case, we say the application is run under a quasi-real world scenario since objects presented to the robot are actually images on a screen. The goal is to verify the behavior of the robot in specific conditions. In particular, the aim is not to test the robot capabilities in the task of object detection and recognition but rather we want to assess its ability in acquiring new knowledge from unknown environments, that is concepts never seen before, and the ability to generalize its recognition as shown in previous experiments. The robot is equipped with a speech recognition engine which provides the capabilities of translating to text what a human says. The acquisition of new knowledge is bounded to the knowledge contained in the multimedia semantic knowledge base. In order to test all the semantic domains (presented for the unsupervised approach in Section 3.3.1), we proposed to the robot three images displayed on screen as shown in Figure 4.1, each representative of a semantic domain (an image of a car for domain of vehicles, an image of a dog for domain of animals and an apple for domain of food). The robot has been provided with a-priori knowledge related to the aforementioned domains, but without any knowledge about the classes to be tested. For all the three cases, the robot was able to correctly recognize the semantic domain of the object never seen before. In the next step of training, the new knowledge is added and the robot is able to correctly recognize not only the semantic domain but also the exact object in front of it.

The second demonstration has the same settings as the first one, but this The robot has no awareness of the apple concept, hence it misclassifies it with the pear concept in the vertical way and with the banana concept in the horizontal way, see top of figure 4.3, but it is able to correctly recognize that the object in front of it belongs to the food domain.

When the robot is undergoing a new training phase containing knowledge related to the apple concept, the class is added to the graph, and the robot is able to correctly recognize the observation as shown in the lower part of figure 4.3.

Bottom-up

The following application was developed for validating the bottom-up approach in a real home-office scenario. Again, the goal is to look for the ability of the robot in recognizing the semantic domain to which unknown items belong to. Based on the results obtained from the evaluation of the bottom-up approach (see Section 3.3), we used for the experiments with the robot the same setting as shown in Figure 3.14, i.e. features extracted from the VGG-16 deep convolutional neural network, an SOM trained for 100.000 epochs on the 34-synsets dataset, with a grid size 30x30. The robot is asked to recognize what is in front of him, e.g. an apple. The result of the task execution is shown in Figure 4.4. As we can see, the yellow marker show that the winning neuron for the robot observation is in position [START_REF] De | Types and qualities of knowledge[END_REF][START_REF] Ajay | Financial time series forecasting: comparison of neural networks and arch models[END_REF], which is exactly the same as the one of the computed vector for center of gravity of the concept apple that is in position [START_REF] Nonaka | A dynamic theory of organizational knowledge creation[END_REF]6). In a second experiment with the robot, we went to test his ability to perceive the semantic belonging of a concept represented by an object never seen before, but similar to another of which he has already acquired knowledge. To accomplish this task we want the robot to recognize an egyptian cat. The robot, of course, is not able to distinguish the breed of the cat, since it has no information about it. However, the robot knows the concept cat. So we expect that Pepper is able to recognize at least that it is in front of an animal, or better, a cat. Since we don't have an Egyptian cat in our laboratory, we deceive the robot by showing it an image that represents the cat on a screen (https : //en.wikipedia.org/wiki/Egyptian M au), simulating its presence. The picture of the Egyptian cat and the obtained results are in Figure 4.5 and Figure 4.6 respectively. The winning neuron for the observation (red marker in Figure 4.6) is in position (1,[START_REF] Russell L Ackoff | From data to wisdom[END_REF]. The closest center of gravity is that of concept cat (position (2,[START_REF] Rowley | The wisdom hierarchy: representations of the dikw hierarchy[END_REF], euclidean distance √ 2), while the second closest concept is bird, whose center of gravity is in position (1,[START_REF] Nonaka | A dynamic theory of organizational knowledge creation[END_REF] with a distance set to 3. The robot is therefore led to conclude that it is in front of a cat or some very similar concept. In the context of our approach the seman- tic distance defined can be exploited to enable the robot starting an interaction with human or combining the results with a semantic-guided approach to firmly conceptualize the new observation.

Case study: cultural heritage domain

A second case study is proposed into the frame of cultural heritage domain. The demonstrating application has been developed to show a possible of usage of a humanoid robot as a touristic guide in a museum. The goal, in this case, is to show how the robot can interact with a human by retrieving knowledge from its local knowledge base and from the World Wide Web in real-time. As a matter of fact, the Web has become an increasingly important medium for publishing cultural heritage contents of different kinds. For example, libraries and archives are online with their collections, museums show their collections through collection browsers, and documentation of intangible heritage is available as audio and video recordings and as interactive hypertext applications. Such systems provide a single access point to massive heterogeneous collections and an authoritative source of information. Of course, the Web can't substitute the physical experience of visiting a real museum or a live exhibition but provides a complementary alternative for accessing collection data virtually at any time and from any place, or, that is the purpose of this work, constitutes an efficient way to enrich user experience, taking it to an upper level of immersion. This is the purpose of a relatively new research paradigm called Digital Humanities [START_REF] Hyvönen | Publishing and using cultural heritage linked data on the semantic web[END_REF].

With regard to the specific application, we arranged our laboratory as a sort of small museum containing pictures of some famous paintings. Since, we didn't hold physical copies of such artworks, the experiments have been conducted first in a quasi-real world setting, i.e. by showing them on a screen. Then, printed copies from digital versions of paintings have been attached to walls in our lab for a more realistic setting.

The first stage consisted in populating the local knowledge base of Pepper with instances of paintings and artists. Figure 4.7 shows how the knowledge graph is arranged. In particular, it is worthy to note the link between such instances (magenta and red colored nodes) with the corresponding concepts(green nodes) which are also stored in general knowledge base.

Information about instances, such as title of the artwork, description, name of the artist, etc., have been fetched from WikiData and stored as attributes into the nodes of the local knowledge base. In this way, we are enabled to benefit With particular reference to the implementation details and the succession of events designed for this application, the use of three works of art has been envisaged, for which Pepper, once recognized, provides explanations on them, retrieving the information among those stored in its knowledge base. At this point, the robot starts an interaction with its interlocutor asking if it needs more information. According to the human utterance, the robot decides whether to move on to the next work of art or provide a response to the request received. To accomplish this, a knowledge acquisition mechanism has been implemented in the Python application by means of SPARQL queries to the WikiData knowledge base. An example of SPARQL query for retrieving a list of paintings from the artist Annibale Carracci is shown below.

SELECT ? painting ? paintingLabel WHERE { ? painting wdt : P 170 wd : Q 983332 . minus {? painting rdfs : label " Resurrection of Christ " @en } SERVICE wikibase : label { bd : serviceParam wikibase : language " en " } } About the recognition of paintings, given the limited number of items to be recognized we decided to use a weak classifier based on computing the distance between feature vectors extracted with global features, i.e. PHOG. Moreover, the speech recognition engine of the robot has been replaced by a more efficient one which exploits the IBM Watson APIs and based on much more complex models of speech recognition making it able to recognize whole sentences. In fact, the engine embedded in the Pepper robot is just dictionary-based and the length of such dictionary has to be kept within a very limited number of words. Besides, during our experiments it often failed in recognizing human utterances, making such change almost a requirement for the development of applications requiring a reliable human-robot interaction. 

General Conclusions Conclusions

In this thesis, a unified framework for knowledge management, conceptualization and construction in artificial intelligent systems was proposed and accomplished. Several approaches have been investigated by exploring also multiple research domains, but all sharing the common goal of combining semantics-based and perception-based information to be successfully transformed into knowledge. The bibliographical study has notably pointed out problems related to stateof-art solutions -lack of communication between symbolism and connectionism movements in AI, lack of self-consciousness of machines, limited ability in the knowledge acquisition task, etc. -as well as it helped to set some boundaries by remarking differences and similarities with existing solutions.

The overall contribution and conclusive remarks on the suggested approach could be summarized as follows. First, the general knowledge base has been developed and implemented as a NoSQL graph database. It has been used as a pivot element in the knowledge management framework, based on works of both the LISSI laboratory and the DIETI department. Second, ways of extending such knowledge base have been proposed. An ontology matching and merging process has been set for adding new knowledge coming from other ontologies into the general knowledge base or for the creation of enriched and integrated domain ontologies.

Third, several approaches for knowledge construction and conceptualization have been implemented and evaluated as modules of the system. The methodologies explored are both based on supervised learning techniques and unsupervised learning techniques, where the knowledge construction process is semantics-driven for the first class and perception-driven for the second class. Moreover a preliminary step based on a transfer learning technique is employed. The approach, defined as Top-Down, has been implemented as a Multi-level semantic classifier, exploiting the hierarchy of concepts from WordNet, stored in the general knowl-edge base. The Bottom-Up approach instead, while unaware of semantics during the learning phase, has shown the formation of meaningful semantic clustering from visual observations. Fourth, given the same nature and the shared goal of the two kind of approaches, their results have been used to defined a new combined approach by weighting the individual models.

Fifth, the approaches have been also validated via experimental setups using Aldebaran Pepper social humanoid robot. The simulations and real-world experiments on the mobile robotic platform (Aldebaran Pepper), show the ability of generalization as well as the emergence of self-consciousness capabilities.

Perspectives

The research presented in this thesis, has met the objectives given in the Introduction and has proven itself to be applicable in real (or quasi-real) worlds tasks and environment. This being said, a number of perspectives remain still open and some aspects of the work could not be reasonably addressed in the limited time-frame of this thesis. These are subject for future development of the work accomplished here. Multiple directions of perspectives can be outlined, considering the different explored areas. First, with regard to the general knowledge base, possible improvements are related to its expansion, both from the point of view of the ontological model and from the point of view of performances. More in detail, the number of external sources for knowledge acquisition can be increased and directly incorporated into the knowledge base, since the original ontological model is designed to include such eventuality. In this way, a number of sensors, for example microphones embedded in robots, could be actively exploited for acquiring sounds from the surrounding environment. Considering performances, since the storage and retrieval of deep features from the graph database is a slow operation, a good strategy could be that of storing such features in a document-based NoSQL database, such as MongoDB [212], and just keeping a reference to its nodes in the graph knowledge base. Still, the use of a very large knowledge base like WordNet is without any doubt a good choice, but it is limited to the English language, hence it could be replaced with more promising knowledge bases. In literature some extended and multilingual versions of WordNet exist and one of the most adopted is BabelNet [START_REF] Navigli | Babelnet: Building a very large multilingual semantic network[END_REF][START_REF] Navigli | Babelnet: The automatic construction, evaluation and application of a wide-coverage multilingual semantic network[END_REF] that today is the most far-reaching multilingual resource that covers hundreds of languages and, according to need, can be used as either an encyclopedic dictionary, or a semantic network, or a huge knowledge base. The use of a similarity metric like the overlap of glossaries between the sources ontologies and WordNet strongly affects the goodness of results, thus depending on the goodness of glossaries, although the use of weights can partially mitigate this aspect. Second, the extension of the knowledge base could be further improved by adding support for light-weight ontologies, e.g. informal sources such as taxonomies, simple text, XML files or HTML pages. The matching algorithm could also be extended by including different metrics, for example a deeper investigation of entities could be done comparing object properties, datatype properties or considering different approaches, like the comparison of entire sub-graphs. Other possible improvements in term of performances are related to the implementation of the system. Most of the features in this research are implemented in Java and Python languages. In particular, the approaches validated on the robotic platform have been coded in Python, which is an interpreted language. An interesting perspective would be that of translating the implementation for faster compiler-based languages, such as C++, in order to speed up the whole performance in real-word applications which have real-time execution constraints. Another point of technical improvement, more in long-term way, concerns the use of more powerful techniques, such as instance-based segmentation deep neural network as an approach for knowledge construction. Since, both hardware and software are constantly evolving, the used approaches could be easily replaced with better analogues in the future, like the one cited, to be embedded in mobile CPUs of robots for better performances. Given the continuous drop in prices of the robot market and the consequent spread of companion robots, it would likely be easier to pursue the idea of multi-agent distributed knowledge system, where each agent provides its knowledge and share it to other agents.
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Table 2 . 1 :

 21 Properties.

	Property	Domain	Range
	hasMM	Concept	MM
	hasConcept	MM	Concept
	hypernym Nouns and Verbs Nouns and Verbs
	holonym	Noun	Noun
	Entailment	Verb	Verb
	Similar	Adjective	Adjective

Table 2 . 2 :

 22 .2: Properties constraints.

	Constraint	Class	Property Constraint range
	AllValuesFrom	Noun	Hypernym	Noun
	AllValuesFrom Adjective attribute	Noun
	AllValuesFrom	Verb	also see	Verb
	AllValuesFrom	Noun	Hyponym	Noun
	In some cases, the existence of a property between two or more individuals
	entails the existence of other properties. For example, if a concept A is a hy-
	ponym of a concept B, the concept B is hypernym of A. These characteristics are
	represented in OWL by means of property features. Some examples are shown in
	Table 2.3.			

Table 2 . 3 :

 23 Properties features.

	Property	Features
	hasMM	Inverse of hasConcept
	hasConcept	Inverse of hasMM
	hyponym	Inverse of hypernym: transitivity
	hypernym	Inverse of hyponym: transitivity
	verbGroup	Symmetry and transitivity

Table 3 .

 3 

				1: CRM evaluation	
				CRM Evaluation	
		refalign	CRM-WordNet-alignment CRM-WordNet-alignment2 CRM-WordNet-alignment3
	measure Prec. Rec.	Prec. Rec.	Prec. Rec.	Prec. Rec.
	results	1,00 1,00	0,42 0,42	0,89 0,89	0,89 0,89

Table 3 .

 3 2 shows the results of the evaluation for the CRM ontology taking into account the weighted version of precision and recall measures

Table 3 .

 3 

			2: CRM Weighted evaluation	
			CRM Weighted Evaluation	
		refalign	CRM-WordNet-alignment CRM-WordNet-alignment2 CRM-WordNet-alignment3
	measure Prec. Rec.	Prec. Rec.	Prec. Rec.	Prec. Rec.
	results	1,00 1,00	0,53 0,26	0,47 0,41	0,73 0,71

Table 3 .

 3 

	3: Measures computed at various thresholds(CRM1)
		CRM-WordNet-alignment	
	Threshold F-measure Precision Recall
	0,2	0.35	0.54	0.26
	0,4	0.35	0.54	0.26
	0,6	0.29	0.55	0.2
	0,8	0.18	0.83	0.1
	Table 3.4: Measures computed at various thresholds(CRM2)
		CRM-WordNet-alignment2	
	Threshold F-measure Precision Recall
	0,2	0.44	0.48	0.41
	0,4	0.39	0.55	0.3
	0,6	0.2	0.73	0.12
	0,8	0.12	0.9	0.07
	Table 3.5: Measures computed at various thresholds(CRM3)
		CRM-WordNet-alignment3	
	Threshold F-measure Precision Recall
	0,2	0.72	0.73	0.71
	0,4	0.72	0.73	0.71
	0,6	0.71	0.76	0.66
	0,8	0.57	0.79	0.44

Table 3 . 6

 36 

				: EDM evaluation
				EDM Evaluation
		refalign	EDM-WordNet-alignment EDM-WordNet-alignment2
	measure Prec. Rec.		Prec. Rec.	Prec. Rec.
	results	1,00 1,00		0.73 0.73	0.9 0.9
		Table 3.7: EDM Weighted evaluation
				EDM Weighted Evaluation
		refalign	EDM-WordNet-alignment EDM-WordNet-alignment2
	measure Prec. Rec.		Prec. Rec.	Prec. Rec.
	results	1,00 1,00		0.74 0.59	0.86 0.77
		Table 3.8: Measures computed at various thresholds(EDM1)
				EDM-WordNet-alignment
		Threshold F-measure Precision Recall
			0,2	0.65	0.71	0.59
			0,4	0.65	0.71	0.59
			0,6	0.65	0.71	0.59
			0,8	0.49	0.92	0.33
		Table 3.9: Measures computed at various thresholds(EDM2)
				EDM-WordNet-alignment2
		Threshold F-measure Precision Recall
			0,2	0.81	0.85	0.77
			0,4	0.81	0.85	0.77
			0,6	0.81	0.85	0.77
			0,8	0.69	0.89	0.57

Table 3 .

 3 10: DBpedia evaluation

		DBpedia Evaluation
		refalign	DBpedia-WordNet-alignment
	measure Prec. Rec.	Prec. Rec.
	results	1,00 1,00		0.77 0.77
	Table 3.11: DBpedia weighted evaluation
		DBpedia weighted Evaluation
		refalign	DBpedia-WordNet-alignment
	measure Prec. Rec.	Prec. Rec.
	results	1,00 1,00		0.68 0.68
	Table 3.12: Measures computed at various thresholds(DBpedia1)
		DBpedia-WordNet-alignment
	Threshold F-measure Precision Recall
		0,2	0.68	0.68	0.68
		0,4	0.68	0.68	0.68
		0,6	0.66	0.71	0.61
		0,8	0.46	0.84	0.32
	servations representing well-known concepts. Observations are then paired with
	semantic labels by using the deep neural network VGG-16 pre-trained on Ima-
	geNet.			

Table 3 .

 3 13: Multilevel semantic classifier results for global features

	Hierarchy depth (root concept) JCD	PHOG
	Level-1 (entity)	0.7628 0.7767
	Level-2a (organism)	0.81	0.7913
	Level-2b (artifact-solid)	0.7648 0.7404
	Level-3aa (animal)	0.7338 0.6906
	Level-3ba (vehicle)	0.4901 0.3722
	Level-3bb (food)	0.6124 0.3915

Table 3 .

 3 14: Multilevel semantic classifier results for deep features

	Hierarchy depth (root concept) activation Pool-5 VGG-16
	Level-1 (entity)	0.99
	Level-2a (organism)	0.97
	Level-2b (artifact-solid)	0.99
	Level-3aa (animal)	0.98
	Level-3ba (vehicle)	0.77
	Level-3bb (food)	0.79

Table 3 .

 3 [START_REF] Psmarket | Global personal robots market to record 37.8% cagr[END_REF]: Lists of concepts for each semantic domain.

	Semantic Domain	Synsets
	Animals	cat, bird, dog, elephant, giraffe, zebra, sheep, cow, horse, bear
	Food	banana, apple, sandwich, orange, broccoli, hotdog, pizza, watermelon, pear, donut, cake
	Vehicles	car, truck, boat, airplane, bicycle, motorcycle, bus, train
	Dishes	spoon, cup, knife
	Other	person, potted plant

Table 3 .

 3 16: Example of dataset statistics.

	Class	Num. of images
	banana	43
	horse	39
	broccoli	50
	bear	38
	boat	39
	truck	38
	hot dog	47
	spoon	44
	train	50
	bird	45
	cow	49
	apple	19
	cake	49
	person	37
	pear	38
	bicycle	49
	donut	46
	car	40
	cup	47
	sheep	47
	potted plant	45

Table 3 .

 3 18: Center of gravity positions and winning neuron position for center of gravity vector

	Class	Center of gravity position	Winning neuron position	Eucl. distance
	banana	(17,25)	(17,26)	1.0
	horse	(14,8)	(18,8)	4.0
	broccoli	(28,25)	(29,25)	1.0
	bear	(5,7)	(3,4)	3.6
	boat	(15,23)	(15,25)	2.0
	truck	(13,17)	(14,16)	1.4
	hot dog	(25,22)	(25,24)	2.0
	spoon	(10,28)	(13,29)	3.2
	train	(17,12)	(15,13)	2.2
	bird	(1,22)	(2,23)	1.4
	cow	(14,8)	(14,8)	0.0
	apple	(22,6)	(21,8)	2.2
	cake	(24,16)	(27,15)	3.2
	person	(1,15)	(0,16)	1.4
	pear	(21,7)	(20,8)	1.4
	bicycle	(4,15)	(3,17)	2.2
	donut	(27,11)	(27,9)	2.0
	car	(12,19)	(12,19)	0.0
	cup	(15,1)	(15,2)	1.0
	sheep	(8,7)	(4,5)	4.5
	potted plant	(23,1)	(23,1)	0.0
	motorcycle	(7,17)	(5,18)	2.2
	giraffe	(9,2)	(10,1)	1.4
	zebra	(8,3)	(8,3)	0.0
	orange	(25,4)	(26,3)	1.4
	pizza	(25,18)	(26,20)	2.2
	elephant	(6,2)	(2,3)	4.1
	bus	(13,16)	(14,16)	1.0
	cat	(2,26)	(3,25)	1.4
	knife	(7,27)	(8,27)	1.0
	airplane	(11,24)	(11,23)	1.0
	sandwich	(25,22)	(26,24)	2.2
	dog	(11,8)	(13,8)	2.0
	watermelon	(24,10)	(20,13)	5.0

Table 3 .

 3 [START_REF] Antonio | A matching framework for multimedia data integration using semantics and ontologies[END_REF]: Center of gravity positions, winning neuron position for center of gravity vector, euclidean distances for first-level map in GHSOM architecture

	Class	Center of gravity position	Winning neuron position	Eucl. distance
	banana	(0.07,0.95)	(0,1)	0.08
	horse	(1.66,1.0)	(2,1)	0.33
	broccoli	(0.0,0.9)	(0,1)	0.1
	bear	(1.95,1.0)	(2,1)	0.05
	boat	(1.13,0.05)	(1,0)	0.14
	truck	(1.97,0.05)	(2,0)	0.06
	hot dog	(0.0,0.0)	(0,0)	0.0
	spoon	(0.88,0.59)	(1,1)	0.42
	train	(1.86,0.06)	(2,0)	0.15
	bird	(0.93,1.0)	(1,1)	0.07
	cow	(1.71,1.0)	(2,1)	0.29
	apple	(0.0,0.95)	(0,1)	0.05
	cake	(0.0,0.37)	(0,0)	0.37
	person	(1.0,1.0)	(1,1)	0.0
	pear	(0.05,0.97)	(0,1)	0.06
	bicycle	(1.94,0.02)	(2,0)	0.06
	donut	(0.06,0.54)	(0,1)	0.46
	car	(1.89,0.0)	(2,0)	0.1
	cup	(0.77,0.96)	(1,1)	0.24
	sheep	(1.59,1.0)	(2,1)	0.4
	potted plant	(0.15,1.0)	(0,1)	0.15
	motorcycle	(1.96,0.0)	(2,0)	0.04
	giraffe	(1.04,1.0)	(1,1)	0.04
	zebra	(1.0,1.0)	(1,1)	0.0
	orange	(0.0,0.98)	(0,1)	0.02
	pizza	(0.0,0.06)	(0,0)	0.06
	elephant	(1.16,1.0)	(1,1)	0.16
	bus	(1.96,0.0)	(2,0)	0.04
	cat	(1.03,1.0)	(1,1)	0.03
	knife	(0.98,0.53)	(1,1)	0.47
	airplane	(1.03,0.08)	(1,0)	0.09
	sandwich	(0.0,0.17)	(0,0)	0.17
	dog	(1.92,1.0)	(2,1)	0.08
	watermelon	(0.0,0.87)	(0,1)	0.13

Table 3 .

 3 

		20: Combination schemes
		Combination schemes
	Name Weight TD Weight BU
	A	0,5	0,5
	B	0,2	0,8
	C	0,8	0,2
	D	0,4	0,6
	E	0,6	0,4
	F	0,0	1,0
	G	1,0	0,0

Table 3 .

 3 21: Combination accuracy

		Combination accuracy
	Name Accuracy Top-1 Accuracy Top-5
	A	97.2%	99.6%
	B	89.19%	99.6%
	C	86.49%	99.6%
	D	97.2%	99.6%
	E	94.6%	99.6%
	F	83.7%	99.6%
	G	86.49%	86.49%

http://oaei.ontologymatching.org/

it is a research experiment in which subjects interact with a computer system that subjects believe to be autonomous, but which is actually being operated or partially operated by an unseen human being.

an alignment is an RDF/XML file containing a mapping of cells. Each cell is made of four items containing the two matched entities from the two matched ontologies, the type of matching relation found and a measure of strength, normalized in the [0,1] range.

https://github.com/enry12/growing hierarchical som

formerly known as Aldebaran Robotics, but acquired in

by SoftBank. More info can be found at company's website: https://www.ald.softbankrobotics.com/en
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Chapter 3 Implementation and evaluation

Chapter 2 has presented a theoretical basis of this research, showing several aspects of a unified knowledge management model, and approaches, usable as modules in such a system. The algorithms presented, either ours or third-party given, covers different domains, hence they can also be treated individually, as standalone modules. This chapter focuses on the development of the system, providing detailed information about the implementation of the framework, as well as its evaluation, with some in-depth notes about efficiency. The first part of the chapter describes, in Section 3.1, the process of building the NoSQL graph database. Such database plays the role of general knowledge base illustrated in Section 2.2, that has been used for all the presented approaches. The second part of the chapter provides implementation details for the various approaches developed in this research. Section 3.2 refers to the approach, named Top-down, as it has been introduced in Section 2.3.1. Similarly, Section 3.3 looks over the implementation of Bottom-up approaches addressed in Section 2.3.2. The chapter is then concluded with Section 3.4, where the methodology developed for an effective combination of the above-cited approaches is treated as discussed in Section 2.4. The layout of this chapter has been organized along the lines of the previous one to help the reader easily moving across the related sections of the two chapters.

Knowledge base implementation

The ontology model presented in Section 2.2.1 has been used as a guideline and adapted for implementing the general knowledge base as a Neo4J instance to handle the complexity of semantic multimedia big data.

Neo4J is a NoSQL graph database and there are several advantages in its Samples taken from the dataset for some classes of different semantic domains are shown in Figure 3.12 . For each added image, the global features (JCD, CEDD, etc.) and "deep" Figure 3.24: Evolution of the fitness function with semantic similarity measure A more complex fitness function, shown in Equation 3.8, has been realized to take into account the semantic information at our disposal.

Such a function adds to the previous fitness function another term in its numerator corresponding to the sum of all N 2 "semantic distances" between pair of samples (l, m) classified at each neurons. Each "semantic distance" is computed as the inverse of the Wu-Palmer [START_REF] Wu | Verbs semantics and lexical selection[END_REF] similarity (wup l,m ), which is a measure already normalized in the range [0, 1]. Hence, the inverse is calculated as 1 -Wu-Palmer.

The experiment, reported in Figure 3.24, shows an analogous behavior, in terms of best solutions, to the one obtained with the first fitness function (see Figure 3.23). This means that, for the set of data used in the experiments, the first fitness function is as much effective as the second one. The second fitness function proposed is preferable since it is expected to behave better with larger data sets and above all, with more classes, given its grater discriminatory power in term of semantics.