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Abstract 

A relatively new area for robotics research is the design of robots that can engage with 

humans in socially interactive situations. These robots have expressive power (i.e. they 

al1 have an expressive face, voice, etc.) as well as abilities to locate, pay attention to, and 

address people. In humans, these abilities fa11 within the ambit of what has been called 

"social intelligence". For this class of robots, the dominant design approach has been that of 

following models taken from human sciences like developmental psychology, ethology and 

even neurophysiology. 

We show that the reproduction of social intelligence, as opposed to other types of 

human abilities, may lead to fragile performance, in the sense of having very different per- 

formance~ between trainingltesting and future (unseen) conditions. This limitation stems 

from the fact that the abilities of the social spectrum, which appear earlier in life, are mainly 

unconscious to us. This is in contrast with other human tasks that we carry out using con- 

scious effort, and for which we can easily conceive algorithms. Thus, a coherent explanation 

is also given for the truism that says that anything that is easy for us is hard for robots and 

vice versa. 

For some types of robots like manipulators one can extract a set of equations (or al- 

gorithms, representations, ...) that are known to be valid for solving the task. Once that these 

equations are stored in the control computer the manipulator will always move to desired 

points. Sociable robots, however, will require a much more inductive development effort. 

That is, the designer tests implementations in a set of cases and hopes that the performance 

will be equally good for unseen (future) cases. Inductive processes crucially depend on a 

priori knowledge: if there is little available one can have good performance in test cases but 

poor performance in unseen cases (overfitting). 

In Machine Learning, complexity penalization is often used as a principled means to 

avoid overfitting. Thus, we propose to develop sociable robots starting from simple algo- 

rithms and representations. Implementations should evolve mainly through extensive testing 

in the robot niche (the particular environment and restrictions imposed on the robot tasks, 



physical body, etc.). Such approach places more emphasis in the engineering decisions taken 

throughout the robot development process, which depend very much on the niche. 

This work describes the ideas and techniques involved in the design and development 

of CASIMIRO, a robot with a set of basic interaction abilities. The robot has been built 

following the mentioned approach. In particular, the main difficulties lay in parsimoniously 

exploiting the characteristics of the robot niche in order to obtain better performances. 
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Chapter 1 

Introduction 

'Mari is by nature a social animal" 

Aristotle, Politics. 

In recent years there has been a surge of interest in a topic called social robotics. As 

used here, social robotics does not refer to groups of robots that cooperate and interact with 

each other. For a group of robots, communication is relatively simple from a technologi- 

cal point of view, they can use whatever complex binary protocol to "socialize" with their 

partners. Back in the 40's [Holland, 19971 robotic tortoises already interacted in a "social" 

manner using headlamps attached to the robots and by means of phototaxis. This field of 

Artificial Intelligence evolved and produced concepts like "swarm" robots, "ant-like" robots, 

self-organization, etc. 

For us, the adjective social refers to humans. In principle, the implications of this 

are much wider than in the case of groups of robots. Although the distinction may be much 

fuzzier, social robotics aims at building robots that do not seem to have a specific task (like 

playing chess with ahuman) but to simply interact with people. Socializing with humans is 

definitely much harder, not least because robots and humans do not share a common language 

nor perceive the world (and each other) in the same way. 

Many researchers working on this topic use other names like human-robot interaction, 

perceptual interfaces or multimodal interfaces. However, as pointed out in [Fong et al., 20031 

we have to distinguish between conventional human-robot interaction (such as that used in 

teleoperation scenarios or in friendly user interfaces) and socially interactive robots. In the 

latter, the common underlying assumption is that humans prefer to interact with robots in the 

same way that they interact with other people. 
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Traditional robots can carry out tasks that are well beyond human capabilities, with 

greater precision, no risk and a large number of times. Then why so much interest in social 

robots? 

Admittedly robots are built with the aim of imitating or reproducing human intelli- 

gence. "Before" social robotics, most robots excelled at certain tasks, although they were 

incapable of doing other "simple" things, not even in a partial way. Almost in an uncon- 

scious fashion, researchers realized that those robots were extremely practical, but were not 

considered more intelligent (at least by the general public). In a sense, the more practical 

and precise the robot, the less human it was considered. 

The fact is that humans have a wide range of abilities. Comparatively, robots tend 

to have far fewer abilities, although with high proficiency levels, in some cases even higher 

than in humans (see Figure 1.1). Such performance unbalance may be key to building social 

robots. It suggests that two necessary conditions for achieving a more "human" robot may 

be: 

1. to replicate a large number of human abilities, and 

2. that these abilities have similar development levels. 

obilities obilities 

Figure 1.1: Abilities vs. leve1 of development. On the left: human performance. On the 
right: typical robot performance. 

Human intelligence does not seem to be restricted to certain abilities. According to 

Gardner's theory [Gardner, 19831, now widely accepted, human intelligence is not a unitary 

capacity that can be measured by IQ tests. He proposes eight classes of intelligence (see Ta- 

ble l.  l ): linguistic, musical, logical-mathematical, spatial, bodily-kinesthetic, interpersonal, 

intrapersonal and naturalist. Intelligence has two meanings. First, it is a species-specific 
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characteristic (humans can exhibit those eight intelligences). Second, it is also an individual- 

specific characteristic (each individual shows his particular blend of intelligences). Gardner 

claims that the eight intelligences rarely operate independently. Rather, the intelligences are 

used concurrently and typically complement each other as individuals develop skills or solve 

problems. For example, a dancer can excel in his art only if he has 1) strong musical intel- 

ligence to understand the rhythm and variations of the music, 2) interpersonal intelligence 

to understand how he can inspire or emotionally move his audience through his movements, 

as well as 3) bodily-kinesthetic intelligence to provide him with the agility and coordination 

to complete the movements successfully. The theory states that al1 eight intelligences are 

needed to productively function in society. 

1 Intelligence 1 Operations 

1 Lincuistic 1 svntax. ohonolom semantics. oracmatics 1 
Musical 1 pitch, rhythm, timbre 
Lopical-mathematical number. cateporization. relations 

Table 1.1 : The eight human intelligences proposed by Gardner. 

Spatial 
Bodily-kinesthetic 
Interpersonal 

Gardner's proposal of multiple intelligences was prompted by severa1 signs, like iso- 

lation by brain damage, in which certain forms of intelligence are impaired while others 

remain relatively intact. Damage to the prefrontal lobes of the cerebral cortex can impair 

personal and social intelligence, while other abilities remain normal [Damasio, 19941. Gard- 

ner mentions exceptional cases like autistic savants, and he notes that both the Down syn- 

drome and the Alzheimer's disease are cognitive impairments that do not severely hinder 

a person's ability to get along with other people. By contrast, Pick's disease seriously di- 

minishes a person's interaction abilities, though some intellectual capacities are not affected 

[Kihlstrom and Cantor, 20001. 

accurate mental visualization, mental transfomation of images 
control of one's own body, control in handling objects 
awareness of others' feelings, emotions, goals, motivations 

Not only theory favours the fact that there are different types of intelligence. In a 

series of empirical studies, [Sternberg et al., 19811 found that people generally identify intel- 

ligence with three core abilities: problem-solving, verbal and social competence. Hudson's 

theory of convergent and divergent thinking is also related with the idea emphasized above 

[Hudson, 19671. Convergent thoughts are those that lead to the solution of a concrete prob- 

lem, while divergent thought are those that are prompted by stimuli. Convergent thoughts 

are related to mathematics and sciences. Divergent thoughts are related to creativity, arts and 
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humanities. Every individual has a little amount of each component, and some individuals 

show preference for (or are more inclined to) a particular component. Problems appear when 

one of the components is not well developed. 

Al1 these findings suggest that social intelligence aspects must be addressed if we are 

to build robots that imitate human intelligence. What is more, social intelligence could be 

even more important than other capacities. There is evidence that in primates social intel- 

ligence is one important prerrequisite for the evolution of non-social, domain-independent 

intelligence [Dautenhahn, 19951. As an example, the highly elaborated ability of symboliza- 

tion is suggested to be a social act of agreeing [Bullock, 19831. Some authors contend that 

social intelligence is also necessary for the development of generic intelligence in humans, 

see [Lindblom and Ziemke, 20031. This 'Social Situatedness Hypothesis' (also known as 

Machiavellian Intelligence Hypothesis) emphasizes the importance of designing and build- 

ing robots that can interact with other agents. In this respect, the work of Brooks already 

showed the importance and benefits of this approach [Brooks, 19911. 

This document describes the experiences, ideas and techniques involved in building 

CASIMIR0 ', a robot with basic social abilities. CASIMIR0 is a robotic head that includes 

facial features and neck movements. The robot was not designed for performing a certain 

precise task. If any, its task would be to interact with humans (note the vagueness of that). 

At some point in the development process the option of restricting the robot's behaviour to 

a game or entertaining task was considered, although that was always discarded. For some 

members of our group (including me) this produced at times a feeling that the robot would 

end up doing anything. When 1 have that sort of horror vacui feeling, 1 think in babies. They 

do not seem to be doing anything, although they already have some physical and mental 

capabilities that are unattainable for a machine. 

1.1 Previous Work 

In order to provide the reader with a more practica1 viewpoint on social robotics, in this 

section a brief description of the most influential social robots built is given. Not al1 of such 

robots appear here. Being an emergent field, their number seem to increase on a monthly 

basis. This section is intentionally short, as other robots will be referenced and described in 

the rest of the document. 

The following three major application areas can now be distinguished for interaction 

'The name is an Spanish acronym of "expressive face and basic visual processing for an interactive robot" 
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robots: 

+ "Robot as a persuasive machine" [Fong et al., 20031: the robot is used to change the 

behaviour, attitudes or feelings of people. Also, any social robot that is used as a 

(bidirectional) user interface may also fa11 into this category, as would robots that are 

social for entertainment or demonstration purposes. 

+ Robots that are designed and used to test theories of human social development or 

communication. This and the first type overlap and complement each other. Many 

social robots are inspired by theories of social development, and that effort is obviously 

in the direction of making the robot more persuasive, as observed by humans. 

+ Robots that must interact/collaborate with people in order to accomplish the assigned 

tasks. Here the main task is not that of interacting or socializing with people. Collab- 

orationlinteraction is just used to get the main task done. 

An example of the first type of robots can be found in the AURORA project, which 

uses robots in autism therapy [Dautenhahn and Weny, 20011. Potential groups of application 

are children and the elderly. Another such robot is the sea1 robot Paro, which has been tested 

at nursing homes and with autistic and handicapped children, and has been recognized by the 

Guinness Book of Records as the "world's most therapeutic robot" [Shibata and Tanie, 20011. 

Social robots that fa11 into the first category explained above find very fitting working 

scenarios in places like museums and exhibition centres. These guide robots may also fa11 

into the third category (this depends on the importance of the robot itself as an attraction 

as compared to the importance of the museum tour task). Minerva [Schulte et al., 19991 is 

an interactive tour-guide mobile robot that displays four basic expressions, namely happy, 

neutral, sad and angry. A state machine is used to transition between those emotional states, 

in that specific order. The robot is happy when it can move freely and sad when people block 

its way. Perhaps one of the most attractive aspects of Minerva is its capability to learn how 

to attract people. It performs series of actions (facial expression, gaze direction and sound) 

and then evaluates them based on a reinforcement signal. The signal is positive when there is 

an increase in closeness and density of people around the robot. This shows the importance 

of adapting to the user's behaviour and, particularly, to maintain a memory that allows the 

robot to change its own behaviour. 

Kismet [Breazeal, 20021 has undoubtedly been the most influential social robot ap- 

peared. The most important robot that CASIMIR0 relates to is Kismet, and it was taken 

from the beginning as a model and inspiration (CASIMIRO's externa1 appearance is in fact 
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very similar to that of Kismet, albeit this was not achieved intentionally). It is an animal-like 

robotic head with facial expressions. Developed in the context of the Social Machines Project 

at MIT, it can engage people in natural and expressive face-to-face interaction. Kismet 

was conceived as a baby robot, its abilities were designed to produce caregiver-infant ex- 

changes that would eventually make it more dexterous. An overview of Kismet is available 

at [MIT A1 lab, Humanoid Robotics Group, 20031. 

Kismet is equipped with visual, auditory and proprioceptive inputs. The vision sys- 

tem includes four colour CCD cameras. Two of them have a larger field of view, and the 

other two are foveal cameras that allow higher-resolution processing. Kismet's gaze is con- 

trolled by three degrees of freedom in the eyes and another three in the neck. An attentional 

system based on basic visual features like skin tone, colour and motion allows it to direct its 

attention to relevant stimuli and gaze toward them. The auditory system processes signals 

gathered by a wireless microphone worn by the caregiver. The auditory system can recog- 

nize the affective intent of the speaker, i.e. it can recognize praise, prohibition, attention, and 

comfort. 

Kismet's face has 15 DOF that allows it to display facial expressions like fear, ac- 

cepting, tired, unhappy, disgust, surprise, anger, stern and content. The vocalization system 

is based on a DECtalk v4.5 speech synthesizer in which parameters are adjusted to convey 

personality (Kismet babbles like a young child) and emotional state. 

Another MITrobot, Cog [Adams et al., 2000, Brooks et al., 1999, Scassellati, 20001, 

has a trunk, head and arms, for a total of 22 degrees of freedom. The head has 4 DOF in 

the neck and 3 DOF in the eyes. Its capabilities include human-like eye movements, head 

and neck orientation (in the direction of a target), face and eye detection, imitation of head 

nods, basic visual feature detectors (colour, motion and skin tone), an attentional system 

that combines them, sound localization, reflex arm withdrawal, shared attention (see below), 

reaching to visual targets and oscillatory arm movements. Recently, the work of Arsenio 

[Arsenio, 20041 has endowed the robot with significant high-leve1 capabilities such as object, 

face and scene recognition, acoustic segmentation and recognition, activity recognition, etc. 

Both Kismet and Cog were developed with the aim of exploiting scaffolding. Scaf- 

folding is a teaching strategy introduced by Constructivist psychologist Vygotsky's sociocul- 

tural theory. Parents modulate and facilitate learning by creating an appropriate environment 

for the infant. Aspects like the use of simple phrases and achievable goals can facilitate 

learner's development. In the case of a robot, an instructor would p i d e  interactions so as to 

foster novel abilities. The instructor may for example mark the critica1 aspects of the task or 

concept to learn, reduce the degrees of freedom, show the robot the effects of its actions with 
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respect to the task to learn, etc. 

Infanoid [Kozima, 2002, Kozima and Yano, 20011 is a robot that can create and main- 

tain shared attention with humans (it is an upper-torso humanoid, with a total of 24 degrees 

of freedom). Infanoid was inspired by the lack of attention sharing observed in autism. At- 

tention sharing, the activity of paying attention to someone else's attentional target (Figure 

1.2), plays an indispensable role in mindreading (see Chapter 2) and learning, and it has been 

shown to be important for human-robot communication [Yamato et al., 20041. The robot first 

detects ahuman face and saccades to it. Then, the robot detects the eyes and extract gaze 

direction. It then starts looking for a target with a clear boundary in that direction. Recently, 

however, it has been shown that shared attention actually requires more than gaze following 

or simultaneous looking [Kaplan and Hafner, 20041. 

Figure 1.2: Shared attention 

Babybot [Metta et al., 2000a, Metta et al., 2000bl is a baby humanoid built at LIRA- 

Lab. The latest version at the time of writing has 18 degrees of freedom distributed along 

the head, arm, torso, and hand. The head was custom designed at the lab. The Babybot's 

sensory system is composed of a pair of cameras with space-variant resolution, two micro- 

phones each mounted inside an externa1 ear, a set of three gyroscopes mimicking the human 

vestibular system, positional encoders at each joint, a torquelforce sensor at the wrist and 

tactile sensors at the fingertips and the palm. The scientific goal behind Babybot encom- 

passes the developmental approach to building social robots, also called Epigenetics (see 

[Lungarella et al., 20041 for a survey). The developmental approach emphasizes the use of 

minimum representations and algorithms so that the robot can learn and develop by itself its 

own abilities (and adapt to the environment), especially with the help of human teachers. 

Studies on human emotions have also been a major source of inspiration. The abil- 

ity to show emotions is crucial for social interaction. Feelix (FEEL, Interact, eXpress) is a 

LEGO robot that displays different facial emotional expressions in response to tactile stim- 

ulation [Cañamero and Fredslund, 2001, Cañamero and Fredslund, 20001. Using two eye- 

brows and two lips it can display six basic emotions: neutral, anger, sadness, fear, happiness 
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and surprise. Feelix implements two models of emotional interaction and expression inspired 

by psychological theories about emotions in humans. Tactile sensations translate directly into 

emotions. This low perceptual bandwidth does not require attentional mechanisms, which 

would be necessary with more complex sensors such as vision. 

Advanced perception techniques are obviously necessary for successful interaction. 

SIG [Okuno et al., 20021 is a humanoid robot designed as a test bed of integration of per- 

ceptual information to control a large number of degrees of freedom. The visual perceptual 

subsystem is in charge of a stereo vision system, each camera having 3 DOF. The most re- 

markable aspect of SIG is its sound localization ability. It uses a total of four microphones. 

The body is covered with an isolating material. Two of the microphones are placed inside 

and the other two outside. This allows the robot to cancel the noise of its own motors (see 

Section 5.2). 

The ability to talk to multiple users in the same session is addressed in ROBITA 

[Matsusaka et al., 19991. This poses many problems, such as recognition of who is speaking 

and to whom he is speaking. To solve them, the robot implements face recognition, face 

direction recognition, sound localization, speech recognition and gestural output. It has 2 

CCD cameras on his head, 2 DOF for each of them and 2 DOF in the neck. The robot uses a 

total of 9 computers. 

The availability of hardware elements has led to a profusion of social robots. A 

big laboratory and group of researchers is no longer necessary to complete a complex robot. 

There is a clear -and positive- tendency to fa11 into the 1-want-to-build-one-too, do-it-yourself 

fever. Interestingly, 1-want-to-build-one-too systems, despite being simple in hardware and 

techniques, are comparable to more complex systems. That is, excessive or advanced hard- 

ware does not seem to have a crucial effect on the overall "quality" of the robot. Two out- 

standing robots built with low-cost components are ARYAN and SEGURITRON, see Chap- 

ter 4. 

1.2 Analysis 

The study of the available literature about social robots allows to extract anumber fundamen- 

tal ideas. First, there seems to be a clear tendency to use psychology, ethology and infant 

social development studies as the main inspiration source. In fact, the development of al- 

most al1 of the robots built for social interaction revolve around one or more human models. 

This is the case of Kismet, for example, the design of which is inspired by infant-caregiver 

relationships. Other robots have used concepts like scaffolding, autism, imitation, shared 
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attention, mindreading, empathy or emotions. In some cases, only human models have been 

implemented, to the detriment of other aspects like the engineering point of view (called 

"functional design" in [Fong et al., 20031) or the question of the validity of known human 

models. 

Not only high-leve1 psychological and cognitive models are being used. Neurophys- 

iological knowledge is also being frequently used for building social robots or modules for 

them. The work of Arsenio, mentioned above, is particularly significant in this respect. His 

PhD dissertation is in fact organized according to functional structures of the human brain, 

the so-called brainmap. Something similar appears in the recent work of Beltrán-González 

[Beltrán-González, 20051, whose work on prediction in perceptual processes for artificial 

systems revolves around the function of the human cerebellum. 

To what extent are these models, concepts and theories valid for building social 

robots? Are they just useful metaphors? or will, in effect, the reproduction of the mod- 

els achieve similar performances as in humans? These questions are now important, as the 

interdisciplinary character of the problem is becoming evident. In particular, two aspects 

seem specially relevant: 1) the validity of human models, concepts and theories for a robot 

and 2) the leve1 of detail at which those models should be reproduced. 

Another common feature of this type of robots is the extensive integration of different 

techniques and hardware. The robot designers normally choose state-of-the-art techniques 

for solving certain tasks and use them in the robot. 1s that always the appropriate approach? 

Can we expect those advanced techniques, tested in other scenarios, to work well in our 

particular robot? 

On the other hand, a careful analysis of the related work may lead to the question 

of whether these and other robots that try to accomplish social tasks may have a robust be- 

haviour. For industrial robots, robustness can be easily measured. That is, we can be as sure 

as we want that the robot will keep on working as in the test conditions. This warranty stems 

from the fact that the processes and algorithms that the robots implement for solving the 

tasks are known to be valid. As an example, consider a robot manipulator, for which precise 

kinematic equations have been previously obtained. Once these equations are obtained and 

stored in the control computer only a few tests will be necessary for us to have the guarantee 

that the manipulator will move to indicated points. 

The case seems to be different for social robots. In face recognition for example (the 

social ability par excellence) the number of papers describing working implementations is 

significantly low compared with the total. Face recognition techniques are extremely sen- 

sitive to illumination [Adini et al., 1997, Georghiades et al., 1998, Gross et al., 20021, hair 
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[Liao et al., 19971, eyeglasses, expression, pose [Beymer, 1993, Gross et al., 20041, image 

resolution [Wang et al., 20041, aging, etc. Pose experiments, for example, show that per- 

formance is stable when the angle between a frontal image and a probe is less than 25 de- 

grees and that performance dramatically falls off when the angle is greater than 40 degrees 

[Blackburn et al., 20011. As for the other factors, acceptable performances can be achieved 

only under certain circumstances, see Table 1.2. 

Category 

Same day, same illumination 
Same day, different illumination 

Table 1.2: Face verification error (for a fixed false alarm rate of 2%) when test conditions 
differ from training conditions (taken from [Martin et al., 20001). 

False reject rate 

0.4 % 
9 %  

Different days 

Also, speech recognition performance decreases catastrophically during natural spon- 

taneous interaction. Factors like speaking style, hyperarticulation (speaking in a more careful 

and clarified manner) and emotional state of the speaker significantly degrade word recog- 

nition rates [Oviatt, 20001. Above all, environmental noise is considered to be the worst 

obstacle [Wenger, 20031. The mouth-microphone distance is in this respect crucial. The 

typical achievable recognition rate for large-vocabulary speaker-independent speech recog- 

nition is about 80%-90% for clear environment, but can be as low as 50% for scenarios like 

cellular phone with background noise. 

11 % 

Sound localization is very hard to achieve in noisy environments. Sound signals 

tend to interfere with each other and are transformed by collisions with furniture and people 

[Good and Gilkey, 1996, Shinn-Cunningham, 20031. On the other hand, the physical con- 

struction of the robot itself can have a negative effect on sound localization (in humans, it 

has been demonstrated that hearing protection affects our sound localization abilities. 

Different davs over 1.5 vears avart 1 43 % 

In summary, there is the impression (especially among researchers) that performance 

would degrade up to unacceptable levels if conditions were different from those used to test 

the implementations. In test scenarios, performance is acceptable. However, it would seem 

that there is little guarantee that it remains at the same levels for future, unseen conditions 

and samples. How can we explain this negative impression? Note that it does not appear for 

other types of robots, say industrial manipulators, where the robot performance is somehow 

"under control". This leads us to the important question: is building a social robot in any 

sense different than building other kinds of robots? 
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The Case of Social Robotics 

"We see what we know" 

A. Snyder, T. Bossomaier, J. Mitchell, in Conceptformation: 

'Object' attributes dynamically inhibited from conscious awareness, 2004. 

Social robotics is having an enormous influence on the part of disciplines like cogni- 

tive sciences, neurobiology and ethology. Scassellati contends that developmental psychol- 

ogy and robotics can even complement each other (see [Scassellati, 20001). On the one hand, 

robotics will rely on human development for inspiration and practica1 theories. On the other 

hand, human development can profit from the evaluation and experimentation opportunities 

that robotics offers. In this sense, the most well known relationship is perhaps that between 

social robots and autism. 

Autism is a developmental disorder characterized by impaired social and commu- 

nicative development, and restricted interests and activities [Frith, 19891. Many theories try 

to identify the etiology of autism. From a cognitive point of view, the Theory of Mind (TOM) 

hypothesis has dominated research since the mid-1980's. This theory was developed from 

findings of Baron-Cohen, Leslie and others that indicated that autism was related to a lack or 

impairment in the models that we have of the others as people with their own sets of beliefs, 

desires, etc (i.e. mindreading). 'False belief' tests are normally used to identify this deficit. 

The Sally-Anne test is representative [Baron-Cohen, 19951. In a room there is a box, a bas- 

ket and a puppet, Anne (see Figure 2.1). Sally, another puppet, enters the room and puts 

its ball into the basket. Sally leaves the room, and then Anne puts Sally's ball into the box. 

Then Sally comes back. The child under test, who has been watching the process, is then 

asked where is Sally going to look for its ball. Normal children can correctly answer 'in the 
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basket', though autistic children's answer is 'in the box'. However, it is not clear whether 

the lack of mindreading abilities is a cause or an effect of another more basic impairment. 

Some autistic symptoms (like stereotypic behaviour, restriction of interests, oversensitivity 

to physical stimuli and notably the phenomenon of autistic savants (see below) are not well 

accounted for by the TOM hypothesis [Hendriks-Jansen, 19971 

i 8 
Sally Anne 

Figure 2.1: the "Sally-Anne Test" of understanding false belief. 

It is important to note that the relationship between autism and social robotics has 

been twofold. On the one hand, social robots have been used as a therapeutic tool in autism, 

as in the AURORA project. On the other hand, autism has been an inspiration for building 

social robots by attending to the lack of abilities that autistic people have -i.e. by consid- 

ering autism as an analogy of non-social robots (this is the approach taken by Scassellati 

[Scassellati, 20011). 

2.1 The Savant Syndrome 

Interestingly, autism is not the most precise analogy for non-social robots. If we were to 

identify a condition that could be associated to the robots that we build, the most precise 

one should be that of autistic savants. This idea has been already suggested informally by 

some authors [Blumberg, 19971. The autistic savant is an individual with autism who have 
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extraordinary skills not exhibited by most people [Treffert, 19891. The most common forms 

involve mathematical calculations, memory feats, artistic and musical abilities. Autistic sa- 

vants behave very much like computers (this should not be taken as a negative trait). From 

[Treffert, 19891 : 

"The savant develops into a well-trained 'robot' with little ability to change with 

changing conditions; in the face of change or challenge, the savant holds to 

obsessive, stereotyped, concrete responses." 

One of the best known cases of autistic savants is that of the twin calculators, John 

and Michael, who were born with the same physical and neurological deficiencies. Despite 

being autistic, they could perform certain arithmetic calculations at incredible speeds, see 

[Sacks, 19851. 

Autistic savants are very rare, the estimated prevalence of savant abilities in autism is 

10%. Their skills are very concrete, restricted to rather limited domains, as evidenced in the 

most widely known account of an autistic savant: the Ruin Man movie (there are other two, 

Being there with Peter Sellers, and possibly Forrest Gump with Tom Hanks). 

There are many theories that seek to explain the strange phenomenon of autistic sa- 

vants. Many researchers find the case extremely interesting because of the fact that abnormal- 

ities can help discover what is "normal" in human brains ('Everything we know about health 

we have learned from the study of disease': [Treffert, 19891). According to a recent theory 

proposed by Snyder and Mitchell [Snyder and Mitchell, 1999, Snyder and Thomas, 1997~1, 

autistic savants have not developed in their brains the part that gives meaning and interpreta- 

tion to the things that we perceive. Autistic savants perceive "everything", they have an eye 

for detail, they perceive images and sounds with extreme precision. However, they have dif- 

ficulty in attributing high-leve1 meaning to such detail. They struggle to isolate the important 

part of the data, the part that conforms a representation of high-leve1 concepts. That inability 

can render them socially incompetent. 

Healthy people can isolate useful data, and in fact we do that in order to survive, 

for we must make useful decisions quickly. We are concept-driven. Only with very hard 

training can healthy people manage detailed information and use it for example for draw- 

ing (our concept-driven thought can be seen as an advantage but also as a serious obstacle 

[Snyder and Thomas, 1997bl). According to Snyder and Mitchell, healthy people can also 

perceive with extreme detail, though as that ability is unconscious, they become more con- 

scious of the final product, the concept ("we see what we know"), see Figure 2.2. On the 
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makes ahuman more machine-like '. This is not just unbalanced performance (i.e. abilities 

that are present in humans but not in the robot). The point is that autistic savants can easily 

accomplish tasks that require much effort for us (calculus, calendars, etc.) whereas they 

struggle to accomplish tasks that are trivial and almost automatic for us (like social tasks) 3 .  

We try to build robots that look and behave like (healthy) humans. Then why do non- 

autistic people build machines that turn out to be "autistic"? On the other hand, in Artificial 

Intelligence it is a well-known fact that certain tasks that are trivial for humans are hard 

for computers/robots and vice versa. But why is it so? The following sections propose an 

explanation for these two important questions. 

2.2 Unconscious Mental Processes 

From the discussion in the previous section now it seems clear that if we try to somehow 

model human intelligence and behaviour we will do it from an unavoidable concept-driven 

point of view. Some details will remain hidden to our awareness, for it seems that, in healthy 

adults, an enormous amount of processing is done unconsciously. 

Nowadays, the existence of unconscious processes in our brain seems to be be- 

yond doubt [Wilson and Keil, 19991. Freud's work already acknowledged that unconscious 

ideas and processes are critica1 in explaining the behaviour of people in al1 circumstances. 

Helmholtz [H. von Helmholtz, 19241, studying vision, pointed out that even basic aspects of 

perception require deep processing by the nervous system. He argued that the brain con- 

structs perceptions by a process of unconscious inference, reasoning without awareness 

Blindsight [Weiskrantz, 19981 refers to a set of residual visual functions, like the 

ability to locate a source of light, in cortically ("physically") blind patients. The cortical 

blindness is a result of the visual cortex's destruction, caused by tumours or other causes. 

The fact is that patients have those abilities, though they consistently claim not to see the 

stimuli. Moreover, the abilities are present even in unconscious (comatose) patients. 

Face recognition, an ability which obviously falls within the ambit of social intel- 

ligence, is another example of unconscious processing. We do not know what features in 

a face te11 us that the face belongs to individual X. Yet, we carry out that process fast and 

'An interesting aspect to explore is the "Confederate Effect": in the annual Loebner's Contest (a version of 
the Turing test in which human judges try to distinguish chatbots from humans in a text conversation) some 
human interlocutors have been considered machine-like [Shah and Henry, 20051. 

3Note that this confirms the two conditions for building a more "human" robot, already suggested in the 
previous chapter. That is, a) replication of a large number of human abilities and, b) that these abilities have 
similar performance levels. 
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robustly every day. Prosopagnosia is another rare neurological disorder characterized by a 

specific inability to recognize faces [De Renzi, 19971. As is the case in blindsight, patients 

with prosopagnosia show an ability to perceive and process the visual input of which they 

claim not to be aware. They see faces, though they can not recognize them. These patients 

are further evidence for the existence of unconscious processing. 

In linguistics something similar has also been observed. There is evidence that speak- 

ers unconsciously assign a structure in constituents to sequences of words. Besides, the rules 

that constitute knowledge of the language, i.e. the rules that enable us to produce gram- 

matically correct sentences, are unconscious [Chomsky, 19801. On the other hand, studying 

knowledge representation, Bartletí was led to propose the concept of schemata: much of 

human knowledge consists of unconscious mental structures that capture the generic aspects 

of the world [Wilson and Keil, 19991. 

Many other examples of conscious/unconscious dissociation have been encountered. 

Researchers have demonstrated that this dissociation is present in perception, artificial gram- 

mar learning, sequence learning, etc., see [Cleeremans, 20011 for descriptions of experi- 

ments. These findings suggest that the presence of unconscious influences on behaviour is 

pervasive. 

Some authors argue that newborns, unlike adults, perceive the world with every detail, 

and only with their growing do concepts appear [Snyder et al., 20041. Infants have eidetic 

imagery, which tend to disappear as they grow. Experiments show that infants at 6 months 

can discriminate between monkey faces as well as between human faces, but not after 9 

months. They also possess "absolute pitch (the ability to identify or produce any given 

musical tone without the aid of any reference tone). Absolute pitch is very rare in adults, 

although al1 musical savants and many individuals with autism possess it. The same authors 

argue that metaconcepts are also developed. Details (or the concepts that constitute the 

metaconcepts) tend to fade into our unconscious. 

In the context of learning, the "conscious competence model" explains the process 

and stages of learning a new skill (or behaviour, ability, etc.) (see [Kirkpatrick 19711). We 

move through conscious/unconscious levels of learning: 

1. Unconscious incompetence: we are incompetent and ignorant of it. 

2. Conscious incompetence: we are incompetent but we can recognize our incompetence. 

3. Conscious competence: learnings that develop more and more skill and understanding. 

4. Unconscious competence: the skill becomes so practised that it enters the unconscious 
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1 Property Conscious 1 Unconscious 

1 Engaged by Novelty, emergencies, danger Repetition, expected events, safety 1 
1 Used in New circumstances 1 Routine situations 1 

Table 2.1: Properties of the cognitive conscious and the cognitive unconscious (taken from 
[Raskin, 20001). 

Capacity 
Controls 
Persists for 

parts of the brain. Common examples are driving, sports activities, typing, manual 

dexterity tasks, listening and communicating. It becomes posible for certain skills to 

be performed while doing something else, for example, knitting while reading a book. 

The person might now be able to teach others in the skill concerned, although after 

some time of being unconsciously competent the person might actually have difficulty 

in explaining exactly how they do it (the skill has become largely instinctual). 

Why are some mental processes unconscious? Unconscious mental processes are 

fast, allowing us to do things like riding a bicycle without having to think about how to 

control each of our movements (see Tables 2.1 and 2.2). Some authors contend that it is 

practice and habituation what makes details go unconscious [Baars, 1988, Mandler, 19841. 

Only novel, informative inputs trigger conscious processing (or "mental attention", which 

is a scarce resource). When events are easily predictable, they are no longer conscious 

[Berlyne, 1960, Sokolov, 19631. This actually constitutes an attractive theory of learning: 

we learn when we habituate to certain details or stimuli that appear repeatedly. As we ha- 

bituate we have less and less conscious consideration for the stimuli (i.e. we put less mental 

attention to those redundancies). Being consciousness a scarce -1imited- resource, this pro- 

cess would perfectly account for the progress of the individual that learning implies. This 

mechanism is very similar to the "chunking" technique used in the SOAR candidate unified 

theory of cognition, see [Newell, 19901. Chunking allows an agent to identify and store the 

mental processes that consistently lead to a goal. Later, the agent does not engage in mental 

processing for that task but it retrieves the stored pattern automatically. Chunking is meant 

to produce the "power of law of practice" that characterizes the improvements in human 

performance during practice. 

Tiny 
Volition 
Tenths of seconds 

If practice and habituation is what makes details go unconscious, then social abilities 

should be relatively more unconscious, as they appear first in life and are always present 

in the acquisition of other abilities (recall that in Chapter 1 we saw that the Social Situ- 

Huge 
Habits 
Decades ílifelonrl 
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Exvlicit inferences 1 Automatic inferences 

Conscious 

Explicit cognition 
Immediate memoty 
Novel, informative, and significant events 
Atiended information 
Foca1 contents 
Declarative memoty (facts) 
Supraliminal stimulation 
Effortful tasks 
Remembering (recall) 
Available memories 
Strategic control 

Table 2.2: Some widely used euphemisms for conscious and unconscious phenomena (taken 
from [B.J. Baars, 20041). 

Unconscious 

Implicit cognition 
Long-term memoty 
Routine, predictable, uninformative events 
Unatiended information 
Fringe contents (e.g. familiarity) 
Procedural memoty (skills) 
Subliminal stimulation 
Spontaneous/automatic tasks 
Knowing (recognition) 
Unavailable memories 
Automatic control 

atedness Hypothesis even proposes that generic intelligence evolves only after social in- 

telligence has developed). In fact, unconscious processes are behind al1 or part of what 

we cal1 social abilities, like face and language recognition (as opposed to other mental 

processes like for example solving a differential equation, which require conscious effort) 

[Bargh and Williams, 20061. From [Wheatley and Wegner, 20011: 

"Much of our behavior in social life is unconsciously automatic. There is evi- 

dence that people can respond automatically and unthinkingly to facial expres- 

sions, body gestures, hints about a person's sex, ethnicity, or sexual orientation, 

information about someone's hostility or cooperativeness, and a variety of other 

social stimuli. People also have unconscious automatic responses to things they 

like and dislike, from foods or books to ideas and social groups. ... Many of 

the automatic behaviors we do every day are things of which we are perfectly 

aware at the outset. We know we are getting in the car and heading off to work, 

for instante, or we know we are beginning to take a shower. Yet because we 

have done the act so often driving to work every day, showering every darn year, 

whether we need it or not we no longer need to think about the act after we have 

consciously launched it. These behaviors are often acquired skills, actions that 

become automatic only after significant repetition. 
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When we begin to learn an action, such as driving, we think of the action at a 

very detailed level. We think 'engage clutch, move gear shifi down into second, 

lifi left foot off the clutch and right foot onto gas.' Ski11 acquisition starts off 

as labored, conscious learning and afier consistent, frequent practice becomes 

more automatic and unconscious. Once the action is well learned, the behav- 

ior becomes automatic in the sense that it does not require constant conscious 

monitoring. " 

At this point it seems clear that there must be a difference in the process involved in 

building precision manipulators or calculus machines and that involved in building a robot 

that can socialize with humans as we do. Note that many other problems in robotics and 

perception also suffer from our lack of conscious access to the mechanisms involved. How- 

ever, this effect is comparatively more accentuated in social robotics for, as explained before, 

social skills appear earlier in life. 

2.3 The Reason why Social Robots may not be Robust 

When building a social robot, for the most advanced abilities (face detection, face recog- 

nition, speech recognition, ...) researchers normally resort to machine learning techniques 

and, particularly, to supervised learning. Machine learning studies computer algorithms that 

improve automatically through experience [Mitchell, 19971. In supervised learning, given a 

training set (examples), algorithms can be built for providing outputs for novel samples (i.e. 

different from those in the training set). This capacity to learn from experience results in a 

system that can offer increased efficiency and effectiveness. Most importantly, it is the most 

appropriate option for cases in which we can not think of a concise relationship between in- 

p u t ~  and outputs but there are many labelled examples available from which something can 

be learned. 

Learning algorithms use the available training samples to p i d e  a search for a solution 

in a hypothesis space H,. A robust solution has to predict, i.e. produce the correct output 

for future, unseen samples. Training samples alone are not sufficient for this, for there is a 

large number of posible hypotheses that fit the training set. This is the essential idea behind 

Wolpert's No Free Lunch theorem (see [Wolpert, 1996]), which states that, on the criterion 

of prediction performance, there are no reasons to prefer the hypotheses selected by one 

learning algorithm over those of another. 

The perfect fit to a training set does not guarantee low error for future, unseen sam- 
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ples. What about the available knowledge about the solution? A priori knowledge about the 

solution to the task allows to define the hypothesis space. We may know, for example, that 

the solution is a polynomial function. Better still, we may know that the solution is actually 

a quadratic. The more knowledge we have of the form of the solution the smaller the search 

space in which our learner will look for a candidate solution: 

H o >  Hl > H2 > . . .  > H' 

H* being the objective hypothesis (the solution). 

Virtually al1 "practical" learners employ some sort of complexity penalization tech- 

nique [Scheffer, 19991, including the method of sieves and Bayesian, Minimum Description 

Length, Vapnik-Chervonenkis dimension and validation methods [Nowak, 20041. The basic 

idea of complexity penalization is to minimize the sum of the error in the training set and a 

complexity measure of the hypothesis space. The quantity that we are ultimately interested 

in is the risk: 

a  being the parameters of the learner (to be set). The risk is a measure of discrepancy 

between the values f (x, a )  produced by our learner and the objective values y produced by 

H*. 

Theoretical work by Vapnik and others has allowed to obtain upper bounds on this 

risk [Vapnik, 19951. With probability 1 - 7 the following bound holds: 

where e,,, is the empirical risk (the error on the training set), and h a non-negative integer 

called VC dimension. The VC dimension of a set of functions H,, a measure of its complex- 

ity, is the maximum number of training points that can be shattered4 by H,. Note that we 

can in principle obtain an e,,, as low as we want, though we would have to do it by making 

our hypothesis space more complex (i.e. by having a large number of degrees de freedom). 

Alternatively, we can consider only simple hypotheses, but then we would obtain large e,,,. 

4for a 2-class recognition problem and a set of 1 training points, if the set can be labelled in al1 posible 2' 
ways, and for each labelling a member of the set H, can be found which correctly assigns those labels, then we 
say that the set of points is shatteved by that set of functions. 

20 
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From the definition of VC dimension the hypothesis spaces considered above satisfy: 

The second term of the right-hand side of Equation (2.3) is monotonically increasing 

with h (see [Burges, 19981). Thus, if we call: 

In Equation (2.3), e,,, is the error obtained in the training set for an individual hy- 

pothesis. Let eemPM,,(Hi) be the maximum training error that can be obtained in H, (i.e. the 

maximum training error of al1 the individual hypotheses in H,). Then: 

Let us assume that the error in the training set for the objective hypothesis H* is O. 

From (2.1): 

From (2.8) the following holds: 

From (2.7), (2.6) and (2.9) we can conclude that the risk decreases as we increase the 

amount of howledge. With reduced howledge good performances cannot be guaranteed. 

Therefore, in our case in which available howledge is little, we cannot guarantee 

good performance for samples different than those tested. Thus, if we obtain low error in a 

test set we could be actually overfitting to that test test! '. The involved inductive process 

'In the discussion we have not mentioned the effect of the samples used. Obviously, if the test samples are 
"representative" then the error measured is applicable to the future samples that the system will encounter. As 
an example, let us suppose that the domain is made up of a very frequent set of samples (set A) plus a very in- 
frequent set of samples (set B). Thus P(x) is much larger for values of x inside A. Then if we measure low error 
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is valid in predicting future cases only as long as we are capturing howledge about the 

solution, whether intentionally or not. 

The conclusion is: in any attempt to reproduce a social ability in a certain domain 

there is a serious risk of overfitting to the test cases. This means that in practice we will have 

a situation like that depicted in Figure 2.3. 

Original domain 

error 

Figure 2.3: Situation when there is little howledge about the form of the solution. We can 
be in one of three possibilities: 1) have low error in a domain different than the original, 2) 
work in the original domain but with large error, or 3) have low error in the original domain 
but in that case solving a problem different than the original. 

The reasoning path taken in this chapter has been the following. First, instead of 

autism, the condition of autistic savants was seen as more analogous to the social robots that 

we build, based on the unbalanced intelligences and capacities that are observed. Studies on 

the origin of that condition show that there are unconscious mental processes that provide 

healthy adults with the final useful products of reasoning: concepts. Finally, unconscious 

mental processes, useful as they are, are formally demonstrated to hinder our capacity to 

reproduce some of our own social capacities. Based on these ideas, namely the unavoidable 

lack of robustness (specific to tasks that fa11 into the social range of human abilities) and the 

fact that we are concept-driven, a way to approach the design of social robots is outlined in 

the next chapter. 

Note that the ideas developed in this chapter constitute a coherent explanation of the 

well-hown fact that certain tasks that are trivial for us are hard for computers/robots and 

in the set A we can obviously expect low error in the future. However, suchreasoning is essentially equivalent 
to saying that the more (labelled) samples we know of the domain the more reliable the error figure measured 
on those samples. But knowing many samples of the domain is actually equivalent to knowing somethng about 
the solution function, only that it would be knowledge by enumeration, instead of by comprehension. Having 
little knowledge @y comprehension) of the solution is just equivalent to knowing only a very small part of the 
posible samples in the domain. 
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vice versa. We have seen that, in humans, practice and habituation makes processing details 

go unconscious. The lack of conscious knowledge of the form of our most "practised pro- 

cessing algorithms leads to fragile performance in the implementations. On the contrary, for 

tasks that we carry out with conscious effori we can devise more definite algorithms, which 

in turn may lead to implementations that may outperform humans in terms of robustness, 

speed and precision. 
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Chapter 3 

Approach and Architecture 

'Yi scientist discovers that which exists. An  

engineer creates that which never was. " 

Theodore von Kármán. 

In Chapter 2 we showed that our own consciousness may act as a barrier for obtaining 

knowledge about the abilities to implement. Given this fact, what could be the most appro- 

priate way to design and build robots with social capacities? After the theoretical discussion 

in previous chapters here we aim at proposing a number of practica1 guidelines that should 

be present throughout the robot design process. 

3.1 Analysis vs Synthesis 

As in many other scientific and technological environments there are two basic approaches 

that we may follow in our problem: analytic and synthetic. In the analytic approach we 

observe, propose models and experiment with them in order to confirm if the model fits 

the data and predicts new situations. This can be done either from an empirical perspective 

(canying out experiments whereby new knowledge can be extracted) or from a deductive 

perspective. As it was shown in Section 1.1, the analytic approach has been taken by many 

researchers in social robotics. It entails trying to take advantage of insights taken from 

disciplines like psychology, ethology, neurophysiology, etc. in the hope of gaining more 

knowledge and implementing plausible models. The analytic approach is particularly useful 

for of two reasons: 
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We are obtaining howledge of exactly that what we want to reproduce, which in a 

sense provides some guarantee that the effort is worthwhile. That howledge is, to say 

the least, a good starting point. 

The study of human intelligence and capacities has produced and is still producing 

invaluable results. Advances in neuroscience have been particularly significant in the 

last fifteen years, in part thanks to the aid of new exploratory techniques like magnetic 

resonance imaging. 

By contrast, the synthetic approach aims at building artificial systems, see Figure 3.1. 

The goal is not so much to h o w  how the object is, but how it should be to fulfil a series of 

requirements. This can be done to pursue three goals [Pfeifer and Scheier, 19991: 

To model biological systems 

To explore principles of intelligence 

To develop applications 

As Figure 3.1 shows, analysis and synthesis complement one another. Every synthe- 

sis is built upon the results of a preceding analysis, and every analysis requires a subsequent 

synthesis in order to verify and correct its results. 

Other sources of 
knowledge or inspiration 

human robot 

Figure 3.1: Analysis and Synthesis. 

In Chapter 1 it was observed that for social robots there may be less guarantee of good 

performance than in other types of robots. The fact is that, for some types of machines like 

robotic manipulators, one can extract a set of equations (or algorithms, representations, ...) 

that are h o w n  to be valid for solving the task. Such equations would have been obtained 

after analytical effort, mainly related to kinematics. Once that these equations are stored in 

the control computer the manipulator will always move to desired points and therefore there 

is a sort of deductive process involved. 
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mizes the sum of a measure of its complexity and its error in the training set. In other words, 

it is the simplest hypothesis that gives an acceptable error figure in the training set. 

The same idea could be applied in the broader context of the robot engineering design 

process. Given the fact that for our problem we have little knowledge about the solutions 

(this was seen in Chapter 2), a principled way to search for hypotheses would be to start 

from simple implementations and proceed to more complex ones, each implementation being 

thoroughly tested. The best implementation should be the simplest one that achieves an 

acceptable error rate. Although applying such machine learning procedure to the whole 

robot design process may seem strange, more reasons will be given below to show that it is 

certainly appropriate. 

3.2 Niches 

Even though we are trying to emulate the human ability, the robot will always perform in 

a much restricted environment. In ecology there is an appropriate term for that and we 

will borrow it here: niche l .  The niche is the range of environmental conditions (physical 

and biological) under which an organism can exist. For a robot, the niche would include 

aspects like room sizes, illumination, wall (background) colours, batteries, expected human 

presence, etc. That is, it is the range of conditions under which the robot is expected to work 

and perform well. 

Ecology distinguish two types of niche. The fundamental niche is the total range of 

environmental conditions that are suitable for existence. The realized niche is the range of 

conditions in which an organism actually performs at a given moment. The realized niche is 

generally narrower than the fundamental niche, mainly because of the effects of competition 

and predation from other species, see Figure 3.3 [Hutchinson, 19581. 

Humans themselves have their own fundamental and realized niches. For a given 

social task, for example, humans have a fundamental niche (the range of conditions under 

which the task is performed well). Obviously, if a human performs well in its fundamental 

niche then it also performs well in any realized niche inside. What we are trying to achieve 

in our context is to reproduce the task in the same fundamental niche. We would like, for ex- 

ample, to achieve face detection under the same range of conditions that humans experience 

(i.e. variations in illumination, distances to people, etc.). 

'in our discussion we will often resort to terms and notions taken from ecology. Many parallelisms and 
analogies can be established between robotics and this discipline, and so they turn out to be quite useful for 
explaining purposes 
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Moisture l 1 fundamental niche 1 . 
Temperature 

Figure 3.3: Example of fundamental and realized niches. An organism can live under a 
potential range of moisture and temperature conditions (i.e. they are required for survival). 
The realized niche is the range of conditions that the organism actually utilizes in its habitat. 

The robot, however, is always expected to work in a much more restricted environ- 

ment, its realized niche. Some particular cases that we ourselves encounter in our daily 

lives will never appear in the niche the robot is to work in. Obviously, throughout the robot 

development process we must be interested in minimizing error in its realized niche. 

If we try to reproduce the ability as in the fundamental niche, with simple imple- 

mentations we may obtain improvements in the realized niche. However, due to our limited 

knowledge, if we go too far and use too much of the available knowledge or intuitions we 

could be actually worsening performance in the realized niche. That, in fact, is something 

relatively frequent. Consider again the problem of face detection. If we reflect on how we 

detect faces, we would say that by detecting the presence of certain features simultaneously, 

such as skin colour, eyes, mouth, etc. Sophisticated detection systems exist that use these and 

other features. However, it is our experience that only skin colour blobs with certain width- 

height ratios are sufficient to detect faces in many practica1 cases. Using a more elaborated or 

intuitive algorithm without extensive testing and tuning in situ usually leads to many typical 

faces going undetected (i.e. false negatives). 

Note that the search for implementations that work well for the robot's realized niche 

is not an easy one. We still have the same lack of conscious knowledge about the posible 

solution to the task. However, the more narrow the realized niche the more relative descrip- 

tive value have the available cases used for testing and tuning the system. In the limit, if 

the realized niche was just a single case, knowing the output value for that case would be 

obviously sufficient. 
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Note also that, as long as the available knowledge is still too little, the more of it 

we utilize the better the performance in parts of the fundamental niche, but also the more 

"patchy" the performance inside the realized niche. This is due to the fact that in our case 

there rnay be overfitting to the samples used for testing (see Section 2.3). Such patchy 

performance is obviously undesirable. 

Ideally, we would like to measure low test error inside the realized niche and at the 

same time have some guarantee that this measured error applies to the whole niche. The more 

knowledge we use the more likely it is to measure low test error inside the niche, but there 

is still little guarantee that such error applies to the whole of it. Thus, large errors rnay be 

experienced in untested cases. This could actually mean that the global error experienced in 

the niche rnay be very large. Using only basic knowledge that situation will be less frequent. 

This suggests that basic knowledge will generally be applicable to most of niches, whereas 

the use of more of the available knowledge could lead to major improvements only in few 

specific niches. This, in turn, suggests that it would be advisable to make the system as 

simple as possible. 

Note that this is not the same as saying that simpler techniques should perform better 

than more complex ones. The point is that complex implementations should be carefully 

adapted to the realized niche. The best way to achieve this is to start from simple implemen- 

tations. Using an analogy, it would be like a custom suit. The tailor starts by using a standard 

pattern of sizes (which fits everybody relatively well) and then, through successive fittings 

with the client, adjusts different parameters to produce a better final product. In the end the 

suit will fit the client very well, although it will probably not be adequate for other clients. 

It is known that, on an evolutionary scale, organisms tend to adapt to its realized niche 

(see for example [Kassen and Bell, 19981). If we concede that robot designers rnay at times 

take a role similar to evolution, we will have to achieve this too. Therefore, for the kind of 

robots that we pursue, we see that the role of the robot niche is crucial. The robot designer 

has to make a significant effort in discovering the opportunities in the robot environment that 

allow to obtain useful implementations for the desired abilities. This rnay involve resorting to 

assumptions and algorithms that rnay seem even unintuitive. In other words, it rnay involve 

discarding intuitive ideas that seem to be useful. Obviously, if such opportunities are not 

found, then the designer will have to define the minimum set of restrictions to the problem 

that allows to obtain useful implementations. 

For the reasons given above, in this work we have adopted a parsimonious and oppor- 

tunistic synthetic approach. That is, our interest is in developing an application with whatever 

means. The main source of insight will still be the findings of other disciplines like psychol- 
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ogy or ethology. However, we will use that knowledge only as long as it allows to obtain 

practica1 results. As we have seen, using too much knowledge can be counter-productive. 

Therefore, in building the robot, we start by considering simple techniques, simple features, 

simple algorithms, even though they may seem unintuitive. Then, if needed, more elabo- 

rated versions are tested. As soon as the results are satisfactory in the working scenario the 

technique is implemented as final. 

Evolution has allowed some species to have organs perfectly adapted to their envi- 

ronment. Actually, there has been no adaptation; only those individuals who were adapted 

survived. What evolution has made through natural selection, the robot builder has to achieve 

through a teleological, and also iterative, design perspective. In such approach low-leve1 de- 

sign aspects become more important. Issues like the robot niche and how the design is 

adapted to it in order to achieve a desired function are now fundamental, to the point of 

defining the value of the robot. 

3.3 Design and Niche Spaces 

Design and niche spaces are two concepts introduced by Sloman [Sloman, 19951 that also fit 

very well in our discussion, see Figure 3.4. The design space is the space of al1 the posible 

designs for the robot. Obviously, design spaces are huge and generally very complex, for they 

may include aspects like part sizes, types of motors, process communications, architectures, 

etc. The niche space implicitly defines the requirements. 

design space niche space 

Figure 3.4: Design and niche spaces. 

Sloman sees A1 as the study of design and niche spaces and their interrelations. One 

design, for example, may fit a niche in different ways. It could be simply good or bad, or 
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we could say that it is good with respect to battery charge, or with respect to cost. This is 

indicated in Figure 3.4 with different styles of arrows. Thus, a design can be considered good 

for more than one niche. Besides, both spaces can be seen at different abstraction levels (the 

lowest level of the design space, for example, could be the implementation). 

The opportunistic synthetic approach would consist of turning the robot building pro- 

cess into a design space exploration. It would also be an exploration in the niche space, as 

long as some requirements may be discarded along the process for being too difficult to ful- 

fil. In that case, of course, the less stringent the new requirements the better. Note that we 

are not referring here to the exploration being made by many authors, through hundreds of 

papers and built robots. The scale of the exploration we refer to is that of a specific robot, 

from the early design stages to its final implementation details. 

In such exploration we should look for a tight coupling between the robot design and 

implementation and its niche. The search for such coupling must start from simple versions, 

which are not associated to a particular niche (or, in other words, that are relatively valid for a 

large number of niches). Then, the exploration should develop and test new versions that may 

use knowledge accumulated through analysis but that, above all, exploit the characteristics 

of the specific niche in which the robot is to work. 

In order to take into account both analysis and synthesis, we could use in the discus- 

sion both a robot design space and ahuman design space, see Figure 3.5. The latter would 

consist of whatever space one could imagine to represent the knowledge acquired about our- 

selves through analysis (neurophysiological level, cognitive level, etc.). Our human design 

for accomplishing a certain task (whatever it may be) is such that we achieve good perfor- 

mance under a broad range of circumstances. It is so good a design that we of course can 

achieve good performance on a narrower range of circumstances, like that of the specific 

niche of the robot. The design for the robot, however, has to be coupled (in a sense, overfit- 

ted) to its niche. This will give good results in that niche, although the solution may seem at 

times unintuitive or contrary to the knowledge acquired through analysis. 

We want to emphasize that this tight coupling is necessary because, in our context, 

our knowledge about the solution to the desired task remains relatively poor. Should our 

knowledge be richer, we could provide solutions that do not rely so much on specific features 

of the niche. In a sense, we have no option but to overfit the system to its niche, which 

may involve discarding intuitive approaches, algorithms and representations. Much of the 

designer effort will revolve around this overfitting. 
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Figure 3.5: Tight coupling to the specific niche of the robot. 

3.4 Design Principles 

In the previous sections we have argued for a kind of opportunistic synthetic approach. The 

characteristics ofthe social robotics problem, described in the first chapters, led us to propose 

that methodology. It can be summarized as shown in Figure 3.6.  

Such approach obviously involves the use of many heuristic ideas, especially those 

obtained after extensive experience in the hands-on design and testing of social robots. To 

us, that experience, which includes many engineering insights, is one of the most valuable 

aspects of the research literature on the topic. In fact, the writing of this document has been 

heavily influenced by that idea. 

Besides the guidelines of Figure 3.6, we consider particularly appropriate for our con- 

text the set of principles introduced by Pfeifer and Scheier for designing autonomous agents 

[Pfeifer and Scheier, 19991. Those authors, who also advocate for a synthetic approach, have 

extensive experience in building robots that try to reproduce interesting human capacities. 

From that experience that they have accumulated, they extracted a set of useful principles, 
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Make an effort in discovering opportunities for improving performance in the 
niche of the robot. This can lead to unintuitive implementations (or, in other 
words, can cal1 for originality). 

Proceed from simple to complex algorithms and representations. The final 
implementation should be as simple as possible. 

Perform extensive testing of the algorithms and representations in the niche 
of the robot. Adjustments to the (or selection of new) algorithms and represen- 
tations should be guided by the the results of these tests. 

Treat available human knowledge very cautiously, and always following the 
two previous guidelines. Basic knowledge will almost always be applicable r. 
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Figure 3.6: Summary of the opportunistic synthetic approach. a - 
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which we summarize in Table 3.1. These principles, in turn, overlap in many aspects with 

the design principles established by other authors like Brooks [Brooks and Stein, 19941 and 

Maes [Maes, 19891. 

Principle 2 indicates that the robot should be: 

autonomous: it does not require human intervention while it is working (independence 

of control). 

self-sufficient: it can perform multiple tasks, can exhibit multiple behaviours in the 

real world over extended periods of time; that is, they do not incur an irrecoverable 

deficit in any of their resources. 

embodied: it has a physical body embedded in a real environment. 

situated: it has sensors that allow it to acquire information about the environment 

CASIMIR0 fulfils to different degrees these four requirements. In particular, its 

physical body is one of the most important values, for it has a clearly visible impact on 

visitors. This implies that the whole process should be a hardware-software codesign. 

The fourth requirement is in turn related to the principle of sensory-motor coordina- 

tion (4), which argues that interesting behaviour requires coupling actions to sensory input. 

This, in turn, involves extensive sensory processing (that, following principle 6, comes from 
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Name 

The three-constituents principle 

The complete-agent principle 

The principle of parallel, 
loosely couple processes 

The principle of sensoty-motor 
coordination 

The principle of cheap designs 

The redundancy principle 

The principle of ecological balance 

The value principle 

Summay 

Designing autonomous agents always 
involves three constituents: 1) definition 
of ecological niche, 2) definition of 
desired behaviours and tasks, and 
3) design of the agent. 
The agents of interest are the complete 
agents, i.e., agents that are autonomous, 
self-sufficient, embodied, and situated. 
Intelligence is emergent from an 
agent-environment interaction based 
on a large number of parallel, 
loosely coupled processes that nin 
asynchronously and are connected to 
the agent's sensoty-motor apparatus. 
Al1 intelligent behaviour is to be conceived 
as a sensoty-motor coordination that semes 
to stnicture the sensoty input. 
Designs must be parsimonious and exploit 
the physics and constraints of the 
ecological niche. 
Sensoty systems must be designed based on 
different sensoty channels with potential 
information overlap. 
The complexity of the agent has to match 
the complexity of the task environment. 
The agent has to be equipped with a value 
system and with mechanisms for 
self-supemised learning employing 
principles of self-organization. 

Table 3.1: Design principles of autonomous agents proposed by Pfeifer and Scheier. 

many channels, both visual and auditive, some of them redundant). The paradigm of ac- 

tive vision [Aloimonos et al., 1987, Ballard, 19911, where movement is considered to be an 

integral aspect of the perceptual process, is thus very useful here. 

In the previous section reasons were given for the importance of carefully adapting 

the design to the robot niche. The principle of cheap design (5) embodies this aspiration. 

Although the main justification for the principle seems to be the application of the Occam's 

razor paradigm, we have already shown that in our context such approach is more than 

justified and it has been, in fact, one of the most important guidelines in the building of 

our robot CASIMIRO. The principle of ecological balance (7) is closely related with the 

principle of cheap design. 
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The modules that constitute the robot's software are a manifestation of the principle 

of parallel, loosely coupled processes (3). In this case, it is the simultaneous, asynchronous 

performance of a number of processes (perception of people, face detection, sound percep- 

tion, ...) that give the robot its current externa1 appearance and behaviour. There is still a 

"central" module that decides which actions the robot executes, though many of these pro- 

cesses accomplish high-leve1 tasks on their own. As an example, the audio-visual attention 

system, itself implemented in anumber of modules, is able to modulate the robot's behaviour 

in a way directly observable by the individuals interacting with the robot. 

While it is not used for learning, the value principle (8) is also present in the robot. In 

fact, it is very important that this robot, whose main function is to interact with individuals, 

has a way to evaluate the current status of the interaction session. In CASIMIR0 the value 

system is represented mainly in the emotional module, the effect of which is directly visible 

to the observer. This system allows the robot to have a means of judging what it is good 

and what it is not in the interaction. Thus it can be considered the basic capacity to develop 

further abilities. 

3.5 Architecture 

In robotics, an architecture is the high-leve1 description of the main robot components and 

their interactions. The choice of an architecture already defines some of the most significant 

properties of the system. After introducing the design approach and basic principles, in this 

section we start to take design decisions in earnest. This part of the document will also 

serve the reader to get an overall impression of the robot software suite, with details left for 

subsequent chapters. 

Social robot architectures generally make use of anthropomorphical models taken 

from human sciences. Independent of the validity or explanatory power of those models, 

they are always a good starting point to divide the (often complex) design process into man- 

ageable parts. In CASIMIR0 we have taken advantage of that aspect and thus we have made 

extensive use of abstractions like emotions, memory (as an analogy of human memory), 

habituation, etc. 

In this respect, it is important to consider the ideas developed in the previous chapter 

which showed that healthy people mainly work with high-leve1 concepts. "Robotic" traits 

are present in individuals who, for one reason or another, are unable to form and work with 

such high-leve1 concepts or abstractions. Thus, an additional objective would be to endow 

the robot with enough expertise to recognize and use high-leve1 concepts, generalizations, 
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interpretations. Note that by high-leve1 concepts we mean those concepts normally used by 

humans. The abstraction is relative to the concepts that humans have. 

Figure 3.7 shows the high-leve1 block diagram of CASIMIRO's architecture. 

Figure 3.7: Robot architecture. 

Note that, muchas a "standard suit", the different elements ofthe architecture are very 

common in robotic architectures, especially the triad (perception, action , behaviour control). 

The following paragraphs describe and justify the presence of these and other elements. 

Perception 

As mentioned in Section 3.4, one of the principles that should guide the robot design is that 

of sensory-motor coordination. The principle emphasises the use of advanced perceptual 

and motor capabilities. If we think in terms of high-leve1 concepts, it is straightfonvard to 

see that useful high-leve1 concepts can only be identified if the appropriate sensors are used. 

Poor sensory data can not lead to rich high-leve1 concepts. Therefore, the robot has been 

given the capacity to process data from two rich perception channels: visual and auditive. 

Figure 3.8 shows a block diagram of the perception abilities in CASIMIRO. An im- 

portant module is devoted to the detection of individuals in the interaction area. This is 
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obviously a fundamental capacity for the robot, which is expected to engage in interactions 

with people around it. Individuals may move around the room, and so they are also tracked 

during the interaction session. Both capacities will be described in Sections 5.1 and 5.4. 

To Memory, Behaviow 
Contml, Emotim and Actim 

Fmm Behaviour Control Attention 6 - FmmEmotion 

n 

Auditive Pmeptim 

Figure 3.8: Perception. 

Face processing is itself divided into two functional modules. One of them simply 

detects faces in the images taken by the robot "eyes". The other module is devoted to pro- 

cessing the face zone of the input images to detect head nods and shakes. Head nods and 

shakes are interpreted as yeslno responses to questions made by the robot. Although min- 

imal, this is a valuable capacity, for it allows the robot to have a direct way to know if the 

interaction is going well. Moreover, it is a capacity that can be fulfilled in practice with good 

performance. This design decision was actually taken after weighing different niches for the 

robot. The ideal niche would be that of a normal conversation. Speech recognition, how- 

ever, did not fulfil our performance requirements in practice and so, following the approach 

introduced in Chapter 3, we opted for detecting affirmativelnegative face gestures. Head 

nodlshake detection will be covered in detail in Section 5.5. 

Note that person and face detection are in a sense redundant perceptions. However, 

given the fact that people are the most important environment object for the robot, this is 



CHAPTER 3. APPROACH AND ARCHITECTURE 

actually desirable. In fact, we are following the principle of redundancy, already mentioned 

in Section 3.4. The principle emphasizes the introduction of sensory overlap to obtain more 

robustness in the perception processes. Sound localization and person detection are also 

redundant in terms of attention catching (see below). 

The person recognition module allows the robot to have a memory of some interaction 

values associated to each individual. The assumption is that the recognition ability has a 

significant impact on the individual, who perceives that the robot is aware of himlher as a 

particular individual. Section 5.6 covers the recognition of sporadic visitors, while Section 

5.7 describes a robot owner detection method. 

With respect to the auditive channel, sound localization should probably be a first 

ability that should be present. Its importance must not be underestimated. In the animal 

kingdom it is vital for survival. In the robot, sound localization allows it to respond to people 

that tries to catch its attention. This, in a sense, is a matter of survival in the robot niche. The 

sound localization module can trigger off reflex actions and also alter the current emotional 

status (because of loud sounds, for example). Sound localization can also serve for detecting 

if the individual in front of the robot (the one the robot is attending to) is talking to it. 

When the robot is talking, sound localization events must be discarded. The sound 

localization module must receive that perception from the robot speech module (see below). 

Thus, some robot actions are treated as perceptions. In humans this is calledproprioception, 

and is used as a feedback for motor control and posture. The sound localization module is 

described in detail in Section 5.2. 

The use of auditive and visual perceptions is very problematic in the sense that a 

wealth of information is received. Reality imposes a bounded rationality constraint to any 

intelligent agent. That is, the agent can not process al1 the information that it possibly re- 

ceives, if it is to produce a useful response in due time. Therefore, the robot also includes 

an attention module that acts as a filter. Besides, the fact that the robot can focus its atten- 

tion to an individual is perceived by that individual (and others in the scene) as a minimum 

intelligence trait. 

Attention is very much dependant on externa1 stimuli (i.e. a loud sound) but it can 

also be "guided by behaviour control, as can be seen in Figures 3.7 and 3.8. The current 

emotional status may also influence attention span. Section 5.3 covers the audio-visual at- 

tention module in detail. 

We shall mention habituation effects here. When we experience a repetitive stimulus 

we end up ignoring it. Habituation is another type of filter that serves to discard uninteresting 
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stimuli. Living beings possess habituation mechanisms that allow them to ignore repetitive 

stimuli. If such stimuli were not gradually ignored, the continuous response would lead the 

living being to complete exhaustion. A large amount of information is continually received 

from the environment, and it has to be somehow filtered so that the agent can focus on the 

interesting data. Marsland [Marsland et al., 19991 defines habituation as "a way of defocus- 

ing attention from features that are seen often". Many animals, and humans too, have some 

kind of mechanism to filter uninteresting stimuli. Habituation is described in Section 5.8. 

Advanced sensory-motor activity not only requires extensive perception abilities. Thanks to 

a wide repertoire of efferent abilities humans can use high-leve1 concepts such as "run" or 

"drive a car". Deaf people can not have the same concept "listen" as healthy people. Thus, 

actuators may also play a role in what we are calling high-leve1 concepts. CASIMIR0 has 

two main action channels: facial gestures and sound (voice), see Figure 3.9. 

Fmm Behanour Control 

Figure 3.9: Action 

The use of a face for a social robot is not gratuitous. Faces are the centre of human- 

human communication [Lisetti and Schiano, 20001. They convey a wealth of social signals, 

and humans are expert at reading them. They not only te11 us identities but also help us to 

guess aspects that are interesting for social interaction such as gender, age, expression and 

more. That ability allows humans to react differently with a person based on the information 
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extracted visually from hislher face [Castrillón, 20031. There is even a discipline called 

physiognomy that states that some personality traits can be deduced from the form of the 

face [Hassin and Trope, 20001. These ideas suggest that the construction of a social robot 

must include a face. 

In the literature of software agents anthropomorphic representations have been sug- 

gested too [Maes, 1994, Laurel, 1990, Oren et al., 1990, Nass et al., 19941. The assumption 

is that the anthropomorphic representation allows for a rich set of easily identifiable be- 

haviours and for social interaction [King and Ohya, 19961. Besides, the work described in 

[Takeuchi and Naito, 1995, Koda and Maes, 1996, Keisler and Sproull, 19971 suggests that 

people tend to find agents with human faces more appealing and cooperative than those 

without it. 

The facial expression module developed for CASIMIRO, which is essentially an ex- 

pression to motor values decoder, is introduced in Section 6.1. The facial expression dis- 

played by the robot is directly related to its current emotional status (according to Picard, in 

humans facial expression is not the emotion itself, though it is the main medium of manifes- 

tation [Picard, 19971). 

The robot also uses speech for expressing itself. Speech characteristics are "tuned" 

by the current emotional state. This way the message is conveyed with more fidelity. The 

robot speech module is described in Section 6.3. Within the limits of the available hardware, 

speech and mouth are synchronized. As indicated above, the robot will also need to know 

when it is talking so that sound perception can be adapted. 

The robot neck is also controlled by an independent module, see Section 6.2. The 

main function of the neck is turning the robot head toward detected individuals. It can 

also track them smoothly. Again, its functioning is very much defined by the particular 

characteristics of the hardware. 

Apart from the behaviour control module (see below), these action channels can be 

controlled directly by perceptions (reflexes) and "tuned by the emotional state, see Figure 

3.7. As an example, some aspects of the robot speech, like pitch, volume and speed, shall be 

controlled by the current emotional state. 

Memory 

Without memory no meaning or interpretation can be attributed to things and events that we 

perceive. Memory is needed to make use of concepts. For this robot, the most important 

concepts, which must reside in memory, are those related to the interaction evolution. These 
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data can be associated to each individual that the robot has interacted with (as indicated 

above, an identification module is able to identify individuals). Examples of this kind of 

concepts, which we also use in our everyday human-human interactions, may be "INDIVID- 

UAL - IS - UNCOOPERATIVE" or "1 - HAVE - FELT - HAPPY - WITH - THIS - INDIVIDUAL" 

This allows the robot to have a means of adapting its actions to the evolution of the interac- 

tion session or the individual 

Although the use of an emotions in a robot is still under debate, in the last years many au- 

thors have argued that the traditional "Dr Spock" paradigm for solving problems (eminently 

rational) may not be appropriate for modelling social behaviours. Rational decisions allow 

us to cope with the complex world that we live in. Thus, the rational selection among dif- 

ferent options is crucial for survival and goal accomplishment. However, any agent whose 

actions are guided only by purely rational decisions would be in serious trouble. Weigh- 

ing al1 the posible options would prevent the agent from taking any decision at all. There 

is evidence that people who have suffered damage to the prefrontal lobes so that they can 

no longer show emotions are very intelligent and sensible, but they cannot make decisions 

[Picard, 1997, Damasio, 19941. A so-called "Commander Kirk" paradigm assumes that some 

aspects of human intelligence, particularly the ability to take decisions in dynamic and un- 

predictable environments, depend on emotions. 

There is another interpretation, however, which makes clear the importance that emo- 

tion modelling may have in a robot. Social intelligence seems to obviously require emotions. 

People have emotions, recognize them in others and also express them. A wealth of infor- 

mation is conveyed through facial expressions, voice tone, etc. If robots can recognize, 

express and probably have emotions, the interaction with the user will be improved because 

the robot will be able to analyse the affective state of the user and choose a different action 

course depending on it [Hernández et al., 20041. Thus, it seems clear that any attempt to im- 

itate human social abilities should consider modelling emotions or affective states. In fact, 

a field called Affective Cornputing is developing which aims at developing engineering tools 

for measuring, modelling, reasoning about, and responding to affect. 

In CASIMIRO, the emotional module basically maintains an emotional state. The 

robot is at every moment in one of a predefined set of emotional states, like anger, happiness, 

surprise, etc. The emotions module has three important functions: 

It is a useful and conceptually simple way of modelling facial gestures and their tran- 
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sitions 

The emotional state can influence (and can be influenced by) the actions taken by robot 

The emotional state should affect perception, in restricting the attentional span, for 

example. 

Behaviour Control 

Having many sensors and actuators is a necessary condition for the robot to be perceived 

more intelligent or human. Nevertheless, an appropriate behaviour control mechanism must 

be present to link them at the highest abstraction leve1 possible. The robot could have useful 

high-leve1 concepts and still use only low-leve1 concepts in its action selection module, which 

will make it useless from our point of view. Alternatively, it could have only conscious access 

to the high-leve1 concepts, despite having the low-leve1 concepts somehow represented in 

some part of it, which seems to be the case in humans. 

Behaviour modelling is a central topic in robotics. A robot's observed actions will 

normally depend on many factors: the complexity and nature of the environment, its percep- 

tion and action capacities, its goals and its interna1 processing abilities. When designing the 

robot, most of these factors are defined a priori: the robot is to work in a particular room or 

zone, its sensors and actuators are known, as well as its goals or preferences. These factors, 

which represent the robot niche, are therefore fundamental in defining a behaviour control 

strategy. 

The way the robot processes available information internally defines the final ob- 

served behaviour. In this respect, two general distinctions can be made from the study of the 

related literature. First, designers may have to choose between: 

Representing explicitly al1 the possible cases that the robot may encounter and their 

associated actions, or 

Implementing complex learning and deduction algorithms so that the robot itself can 

adapt and improve its behaviour. 

The first option is only feasible for the simplest systems, where the number of pos- 

sible cases is low enough. A slight variation is possible: representing not al1 the possible 

perception-action cases, but only a number of important (albeit simple) cases. The complex- 

ity of the relationships and interactions between such cases or "mini-behaviours" may lead 
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to emergent behaviour. That is, the robot may show abilities not explicitly represented or 

considered by its designer. 

The second option is particularly attractive because the designer does not need to 

specify a priori al1 the circumstances in which the robot may be. If properly programmed, 

the robot could adapt itself to changes in the environment and show more and more efficient 

behaviour. This option is thus particularly useful for dynamic and unpredictable environ- 

ments. Here we should include for example the paradigm of developmental robotics, already 

mentioned in Chapter 1, which is based on children learning and development. However, in 

some cases useful behaviour may be obtained only after severa1 trial and error or learning 

sessions. Also, it may not be clear what are the minimum requirements or algorithms needed 

to allow the robot achieve certain abilities. 

On the other hand, observed behaviour may be considered reactive or deliberative. 

Reactivity is needed when the robot has to perform actions in a short time, such as those that 

are required for navigation. In social interaction, response times are also crucial to maintain 

engagement and believability. Aside from response time, Brooks' subsumption architecture 

[Brooks, 19861 showed that the interaction of simple reactive perception-action couplings 

can even lead to relatively intelligent behaviour. 

Higher-leve1 actions require deliberative processing. In this case, traditional artifi- 

cial intelligence techniques are often used in the form of deduction and planning systems, 

where a search is carried out in an (often huge) space of possibilities. In a sense, the 

reactiveldeliberate distinction is very similar to the representing-alllrepresenting-only-the- 

minimum-necessary distinction explained above. 

After outlining the overall robot architecture, it is important to note that the robot 

building process is actually hardware-software codesign. In order to understand aspects 

like facial expression generation and neck control it is essential to understand the robot's 

hardware, which is described in the next chapter. 



Chapter 4 

Hardware Overview 

"Your face is a book, where men muy read strange matters" 

William Shakespeare. 

Paraphrasing words of Kofi Annan: intelligence is the only thing that is equally dis- 

tributed al1 over the world. Robotics is nowadays a topic more or less known by the gen- 

eral public. People al1 over the world get captivated by its appeal. They want to build 

their own robots, fascinated by Kismet or Cog. DYI books are also beginning to appear 

[Williams, 20041. The ingenuity is in most of the cases in the way they manage to fulfil the 

hardware or software requirements: 

"The main objective of this project is to put al1 of the mentioned components 

together and show the possibility of developing such a complex platform from 

scratch with very elementary and low-cost components with aid of basic tools", 

H. Mobahi (builder of the robot Aryan [Mobahi, 20031). 

In some cases it is quite an achievement: 

"Well, after seeing al1 of this, this (my) robot is not so bad, if we bear in mind 

that it has not been sponsored by any firm, government or university. It is the 

result of work performed by a Spanish technician keen on robotics and with lim- 

ited economical resources.", J.L. Martinez (builder of the robot SEGURITRON 

[Martinez, 20031) 
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CASIMIR0 also shares that spirit. The implementation details are the most difficult 

part of any robotic project. In the abstract everyone can devise fancy architectures or capa- 

bilities, though the implementation is always the ultimate effort. This in fact is one of the 

ideas of the approach outlined in the previous chapter: fitting the implementation to the robot 

niche. 

It is in the implementation where one has to choose between options and make a de- 

cision. For someone involved in developing a project, implementation details are the most 

rewarding information of the available bibliography or web resources. Often, that informa- 

tion is what keeps them excited: 

"Years ago when 1 was a wee laddie fresh out of college 1 would read academic 

papers on robotics projects procured at some expense and often taking weeks or 

months to arrive as crude photocopies from the British Library. Papers such as 

Brooks' Elephants don'tplay chess, together with others by Luc Steels, Inman 

Harvey, Cynthia Ferrel and many more were al1 fascinating to read, but there 

was always an absence of detailed hardware and software information which 

meant that getting started presented a big obstacle to overcome. It wasn't possi- 

ble to reproduce the experiments and find out how other people's robots worked, 

because the details of particular implementations were usually kept secret, or 

were simply not described out of laziness. To me this lack of detailed descrip- 

tion seemed very unscientific, opening up the possibility of researchers making 

exaggerated or misleading claims about the results of their experiments. So for 

my own robotics projects I'm determined to make the whole process as transpar- 

ent as possible, making both source code and details of electronics and physical 

construction available wherever possible." - Bob Mottram (builder of the robot 

Rodney [Mottram, 20031). 

Again, CASIMIR0 and particularly this document, were designed with those ideas 

in mind. The hope is that some day they can be useful to other people who want to go a little 

farther. The following sections describe the hardware of the robot. Details will be in general 

left out as the information is mainly technical data available elsewhere. It is important to 

introduce the hardware at this point of the document (instead of considering it an appendix). 

That helps to define in part the robot niche, to which the rest of the work will have to adhere. 
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4.1 Hardware 

If we are to build an anthropomorphic face, would not it be easier to use a graphical face? 

The Vikia robot [Bruce et al., 20011, for example, has a flat screen monitor in which an 

animated face is displayed. Kidd and Breazeal [Kidd and Breazeal, 20031 compared people's 

reactions to a robot and to an animated (flat) character. The results showed that the robot 

consistently scored higher on measures of social presence and engagement than the animated 

character. Subjects also rated the robot as more convincing, compelling and entertaining. 

On the other hand, Bartneck [Bartneck, 20031 found that embodiment had no significant 

influence on enjoyability. However, in the robotic character (as compared with a screen 

character) a social facilitation effect and a high forgiveness for speech recognition errors was 

observed. 

In any case, a physical robot can be viewed from different angles, it can be touched 

and it is part of the space occupied by people. People expect that moving 3D objects require 

intelligent control, while flat images likely result from the playback of a stored sequence as 

in film or television [Mobahi, 2003, King and Ohya, 19961. 

CASIMIR0 is a physical face: a set of motors move a number of facial features 

placed on a metal skeleton. It also has a neck that moves the head. The current aspect of the 

robot is shown in Figure 4.1. 

The study in [DiSalvo et al., 20021 tries to look for certain externa1 features of robot 

heads that contribute to people's perception of humanness. Humanness is desirable, though a 

certain degree of "robot-ness" is also needed to avoid false expectations. The study analysed 

48 robot heads and conducted surveys to measure people's perception of each robot's hu- 

manness. The authors of the study give the following 6 suggestions for a humanoid robotic 

head: 

+ To retain a certain amount of "robot-ness" the head should be slightly wider than it is 

tall. 

+ The set of facial features (nose, mouth ...) should dominate the face. Less space should 

be given to forehead, hair, jaw or chin. 

+ To project humanness the eyes should have a certain complexity: surface detail, shape, 

eyeball, iris and pupil. 

+ Four or more facial features should be present. The most important features are nose, 

mouth and eyelids. 
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Figure 4.6: Wireframe design of the head. 

Figure 4.7: Tilting carousel used as a neck. Courtesy of Rhino Robotics Ltd. 

Stereo Cameras 

Most of the visual tasks accomplished by the robot depend on a pair of cameras placed just 

above the nose. It is a STH-MDl-C FireWire stereo head fiom Videre Design. The device 

was selected because of its high image quality and speed. Also, it includes a library for 

efficiently obtaining depth maps. 

Microphones, Amplifiers and Sound Card 

CASIMIR0 has two omnidirectional microphones, placed on both sides of the head. Sound 

signals feed two amplifiers. An EWS88 MT audio system from Terratec is used to capture 
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Each module can communicate with other modules through TCPIIP sockets. A con- 

figuration file stores the association between module, IP address of the machine in which 

it runs, and listening socket. A special module called Launcher performs al1 the necessary 

initialization steps and then runs al1 the modules in both computers. It can also stop al1 the 

modules. 
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Chapter 5 

Perception 

'Y've seen things ... seen things you little people wouldn 't believe ... 

Attack ships onjire offthe shoulder of Orion bright as magnesium ... I rode 

on the back decks of a blinker and watched c-beams glitter in the dark 

near the Tanhauser Gate ... Al1 those moments ... they'll be gone. " 

- Blade Runner; Screenplay, by Hampton Fancher and David Peoples, 1981. 

This chapter is devoted to the perceptual capabilities of CASIMIRO. Perception is 

one of the most important aspects of any robot. What we want is to endow the robot with 

perceptual intelligence: 

"perceptual intelligence is paying attention to people and the surrounding situa- 

tion in the same way another person would 

Alex Pentland, in [Pentland, 20001. 

CASIMIR0 has a number of modules that help it discern some aspects of the envi- 

ronment, especially those related to people. Section 5.1 describes the omnidirectional vision 

module. Sound localization is explained in Section 5.2. The products of these two modules 

are combined in an audio-visual attention system, which is described in Section 5.3. Peo- 

ple's faces are detected by a facial detection module, Section 5.4. In Section 5.6 memory 

and forgetting mechanisms are described. An owner identification module is introduced in 

Section 5.7. The chapter is concluded with an study on habituation mechanisms. 
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5.1 Omnidirectional Vision 

Typical interaction robots use two types of cameras: a wide field of view camera (around 

70°), andlor a foveal camera. Recently, interest in ornnidirectional vision has increased 

in robotics. Omnidirectional vision allows to capture images that span 360". Four main 

techniques are being used to achieve this [Fraunhofer Institut AIS, 2004, Nayar, 19981: 

Cameras with fish-eye lenses, which have a very short foca1 length (called dioptric 

systems. 

Cameras with curved (convex) mirrors mounted in front of a standard lens (called 

catadioptric systems). This is the most common variant, see Figure 5.1. 

Sets of cameras mounted in a ring or sphere configuration. The information flow is 

time consuming. 

An ordinary camera that rotates around an axis and takes a sequence of images that 

span 360". Mechanical looseness can appear. 

In ordinary cameras resolution is uniform, while in catadioptric systems image res- 

olution is higher at the centre and lower in the externa1 zones. Although the distortions 

introduced in the image are a factor that has to be considered, the advantages of a wider 

field of view are obvious, especially for certain applications like navigation [Gaspar, 2002, 

Winters, 20011, surveillance [Boult et al., 1999, Haritaolu et al., 20001 or meeting sessions 

[Stiefelhagen et al., 2003, Stiefelhagen, 2002, Trivedi et al., 20001. Some major applications 

of ornnidirectional vision are also described in [Nayar and Boult, 19971. 

CASIMIR0 is able to localize people entering the room using ornnidirectional vision. 

The ornnidirectional camera (a catadioptric setup) shown in Figure 4.8 provides CASIMIR0 

with a 180" field of view, which is similar to that of humans. 

The most similar work to CASIMIRO's person detection and localization system is 

[Cielniak et al., 20031. That system is based on a single ornnidirectional camera mounted 

on top of a mobile robot. Using background subtraction people surrounding the robot are 

detected. The images taken by the ornnidirectional camera are warped to produce panoramic 

images. The angle of the person to the robot is extracted from the horizontal position in 

the panoramic image. A distance measure is also obtained by extracting three features 

from the panoramic image and using a trained neural network to produce a numeric value. 

The features are the person width (extracted from a horizontal histogram of the thresholded 
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Figure 5.1: Typical omnidirectional vision setup. 

panoramic image), the distance between the lower limit of the vertical histogram of the 

thresholded panoramic image and the bottom edge of the picture, and the total number of 

pixels in the detected blob. Additionally, a Kalman filter is used to track positions and an- 

gles. We believe, however, that this system is excessively complex, which does not fit well 

with the approach outlined in Chapter 3. We decided to look for a simpler system. 

The implemented software is based on adaptive background subtraction. The first 

step is to discard part of the image, as we want to watch only the frontal zone, covering 180 

degrees from side to side. Thus, the input image is masked in order to use only the upper 

half of an ellipse, which is the shape of the mirror as seen from the position of the camera. 

A background model is obtained as the mean value of a number of frames taken when 

no person is present in the room. After that, the subtracted input images are thresholded and 

the close operator is applied. From the obtained image, connected components are localized 

and their area is estimated. Also, for each connected component, the Euclidean distance 

from the nearest point of the component to the centre of the ellipse is estimated, as well as 

the angle of the centre of mass of the component with respect to the centre of the ellipse and 

its largest axis. Note that, as we are using an ellipse instead of a circle, the nearness measure 

obtained (the Euclidean distance) is not constant for a fixed real range to the camera, though 

it works well as an approximation, see Figure 5.2. The peak of the 14th sample is dueto the 

fact that distance is calculated from the nearest point of the component, which can produce 

abrupt variations. 
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The background model M  is updated with each input frame: 

M ( k  + 1) = M ( k )  + U ( k )  . [ I ( k )  - M ( k ) ]  

, where I  is the input frame and U  is the updating function: 

o - 
(5.3) D ( k )  = a  . D(k - 1) + (1 - a )  . I ( k )  - I ( k  - 1) ; a  t [ O ,  1] 

a a 
0 n - 

where a  and /3 control the adaptation rate. Note that M ,  U  and D  are images, the z and y 
a 
O 
O 

variables have been omitted for simplicity. /3 directly controls the adaptation rate, whereas 

a  controls the effect of motion in the image. For large values of /3 the model adaptation is 

slow. In that case, new background objects take longer to enter the model. For small values 

of /3, adaptation is faster, which can make animated objects enter the model. Large values of 

a  give less strength (to enter the model) to zones that are changing in the image. Figure 5.3 

shows an example of object assimilation (these images were taken without the mirror of the 

omnidirectional camera). 

Inanimate objects should be considered background as soon as possible. However, as 

we are working at a pixel level, if we set the a  and /3 parameters too low we run the risk of 

considering static parts of animate objects as background too. This problem can be alleviated 

by processing the image D. For each foreground blob, its values in D  are examined. The 
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we could distinguish different sounds with one ear alone, pinpointing where the sounds are 

coming from requires at least two ears. Reliably localizing a sound source in 3-D space re- 

quires even more hearing sensors. Sound differences between the signals gathered in our two 

ears account for much of our sound localization abilities. In particular, the most important 

cues used are Interaural Leve1 Difference (ILD) and Interaural Time Difference (ITD). ILD 

cues are based on the intensity difference between the two signals. This intensity difference, 

which can be of up to 20dB, is caused mostly by the shading effect of the head. ITD cues are 

based on the fact that sound coming from a source will be picked up earlier by the ear near- 

est to the sound source. This difference will be maximum when the sound source is directly 

from one side, and minimum when it is in front of the head. Both ILD and ITD cues are de- 

pendent on the sound frequency. ITD cues are reliable for relatively low frequencies (up to 

1 Khz, approximately), while ILD cues are better for higher frequencies (see [GCAT, 19991 

for an explanation of this). 

Humans use additional cues for sound localization. The shape of our head and 

outer ears affect received sounds in a manner dependent on arrival angle and frequency. 

A model of this process referred to in the literature is the Head Related Transfer Function 

(HRTF). HRTF-based cues allows us to obtain an estimate of the sound source elevation 

and also to distinguish between sound originating in front of and behind the listener. A 

more detailed description of sound localization mechanisms can be found in [Blauert, 1983, 

Yost and Gourevitch, 1987, Hartmann, 1999, GCAT, 19991. 

These and other physiological findings have been emulated in computer-microphone 

systems with relative success. Sound localization can play an important role in human- 

machine interaction and robot interaction with its environment. 

5.2.1 Previous Work 

The first important work on a computer sound localization system is [Irie, 19951. With a 

combination of hardware and software the system aims to learn to localize sounds in complex 

environments. The output of the system can be one three values: frontal, right and left. Both 

ILD and ITD cues are extracted from signals gathered from two microphones and a pre- 

amplifier circuit. Signals were previously high-pass filtered to remove background noise and 

then they were divided into segments. For each segment, the cues extracted are: difference of 

the two maximum positive values, difference in the positions of these maxima, delay between 

signals (computed by performing a cross-correlation of both signals), difference in the sum 

of magnitudes of the signals and filterbank-based cues. Filterbank-based cues are computed 
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by dividing the spectrum of the signals in a number of equally spaced banks, computing the 

sum of magnitudes in each bank. The cue itself is the difference between the sums of the two 

signals. 4 banks were used, so the complete feature set used had 8 cues. These cues were fed 

into a feedfonvard multi-layer perceptron with three outputs. This network was trained and 

tested using three sounds (hand clap, spoken "ahh and door slam). This system is currently 

working on the Cog humanoid robot at MIT l .  

In [Alexander, 19951 a similar system is introduced. The input signals were divided 

into segments. The extracted cues were: difference between maximum values, difference in 

the positions of the maxima, correlation and difference in the sum of magnitudes. A classifier 

was not used, the output of the system was programmed (basically by means of comparing 

values). This can be a disadvantage in certain settings, because many thresholds have to 

be manually found (think for example that the difference in intensities could not be exactly 

zero for a perfectly frontal source, because the two microphones andlor pre-amplifier circuits 

could have different gains). 

A workthat used only one ITD cue is described in [Reid and Milios, 19991. Afterper- 

forming high-pass and low-pass filtering, a signal leve1 test was performed to discriminate 

between sound and silence. After that, correlation was performed to obtain the ITD estimate 

and another threshold test was performed on its result (based on the ratio peakíaverage cor- 

relation values). Finally, in order to discard outliers, many estimates were gathered before 

giving their median value as a response. Correlation was only computed for the possible 

range of temporal displacement values (as the sound speed is finite, there is a maximum de- 

lay possible in the ITD cue, and it depends on the distance between microphones), and this in 

turn allowed for a faster response. The output of the system was an angle, and it was tested 

with two types of sound (impulsive sound and speech). 

For examples of simulated auditory models or systems that use more than two micro- 

phones or special-purpose hardware see [Rabinkin et al., 1996, Harma and Palomaki, 19991. 

For the use of sound localization for robot positioning see [J.Huang et al., 1999, Ryu, 20011. 

5.2.2 A Study on Feature Extraction for Sound Localization 

In this section the system described in [Irie, 19951 has been used as a base line for com- 

parison, as it uses both ITD and ILD cues and has found practica1 use. We describe here a 

new cue extraction procedure that can eliminate some minor errors. The extracted cues for a 

computer sound localization system are always subject to error because of background noise, 

'Prof. Rodney Brooks, personal communication 
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Figure 5.5: a) M1 does not fa11 in the initial or final "dangerous" zones, b) M1 falls in the 
"dangerous" zone, c) both M1 and Mr fa11 in "dangerous" zones. In the last case the sample 
is discarded. 

electrical equipment noise, and specially echoes and reverberation. Echoes originate when 

sound signals reflect off planar surfaces. Often the effect of multiple reflective sound paths 

can be as loud or even louder than the sound travelling a direct path from the source. 

An important fact to consider is the effect of using segments of the input signals. Al1 

systems described in Section 5.2.1 divide the input signal in segments, and extract features 

from these. However, none of the systems described consider problems that could arise 

at boundaries. If we consider for example the first extracted cue, difference of maximum 

positive values, the maximum of signal L (left) could be just at the beginning of the segment. 

If the source is on the right side, signal L will be delayed with respect to signal R (right). 

Thus the maximum of signal R is not associated with the maximum in signal L. This in turn 

affects the second extracted cue, the difference in maximum positions. We propose to extract 

the first cue as follows. The maximum of signal L is found, be it Ml. Then we search in 

signal R for the maximum in a zone around the position of Ml. The zone has a length of 

2W, where W is the maximum possible interaural delay. The value of W depends on the 

distance between microphones and the sound speed. Any (correct) ITD estimate must be 

equal or lower than W (in absolute value). If M1 falls in the initial zone of the segment, 

of length W, or in the final zone of the segment, also of length W, it is discarded and we 

repeat the procedure beginning with signal R. If the maximum of signal R, Mr,  also falls in 

one of these "dangerous" zones, and the zone in which it falls is different from that of Ml, 

the segment is discarded (no cues are extracted from it). Figure 5.5 shows the three possible 

cases. This way, some segments are not used for localization, though the first (and second) 

cues extracted for other segments should be more reliable. 
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explained in Section 5.2.1, an additional test was used in [Reid and Milios, 19991 in order 

to reduce such (and other) errors in the ITD estimate. If the ratio between peak and average 

values of the correlation result was lower than a threshold, the sample was rejected. In our 

system that test is used too, though the sample is never rejected. If the obtained ratio is 

lower than the threshold, the value of the ITD cue for the sample is substituted by the last 

higher-than-the-ratio value obtained. As the sample is not discarded, this allow us to take 

advantage of the useful ILD information in the sample. The same mechanism was used for 

the second cue (difference in the positions of the maxima): if the correlation ratio is lower 

than the threshold, the value of the second cue is substituted by the last second cue value 

obtained in which the correlation ratio was higher than the threshold. 

In order to test the method, sounds were recorded using two Philips Lavalier omni- 

directional microphones, pre-amplifier circuits and a professional sound card (see Section 

4.1). A DirectX application was developed to integrate al1 the processing stages: low-pass 

filtering, sound source detection, feature extraction, data recording and playing (for off-line 

analysis), and classifying (see Figure 5.8). 

In the experiments, the two microphones were placed 28 cm apart on both sides of a 

custom-made plastic head (see Figure 5.9). 

Four different sounds were used in the experiments: hand claps, a cal1 tone from a 

mobile phone, a maraca and a whistle, see Figure 5.10. The objective was to detect if the 

sound was coming from the left, right or frontal side. Sounds were recorded in front of the 

head and at between 35 and 45 degrees on the left and right sides, at a distance of at least 

one meter to the head. As indicated before, we have compared our feature extraction method 

with that used in [Irie, 19951, which will be referred to as 'Cog'. 

In order to study the reliability of the extracted cues, the ratio between inter-class to 

intra-class variances will be used as a measure of overlap between samples: 

This is actually the Fisher criterion for feature evaluation. A classifier was not used 

because our interest is only in the error present in the individual extracted features. The 

larger the ratio the better the separation of the samples for a given feature. On the other 

hand, a number F of consecutive cue vectors was extracted and the mean of them was given 

as features. The results obtained for F=250 are shown in Table 5.1. 

The results obtained with the proposed method achieve in general a higher separation 
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Figure 5.8: Steps performed by the developed sound localization module. The work de- 
scribed in this section focuses on the cue extraction stage. 

ratio for the four features used. Note that this results are achieved with a high value for F. 

In Table 5.2 the same values are shown, for F=O (cue values are not averaged). In this case, 

the ratio values for the normalized cues (1 and 4) are worse in the first and second sounds. 

As F is low, the error is higher and it could be amplified. This reflects negatively in the two 

first sounds because these sounds contain no significant changes in volume. The other two 

sounds still give a better ratio because they contain significant changes in volume, as can be 

seen in Figure 5.10. 

The results using the four sounds together appear in Table 5.3, for both F=O and 

F=250. Again, there is a significant improvement with the proposed method. 

To summarize, this section describes a new method for feature extraction in the con- 

text of sound localization. Using the proposed procedure, extracted cues are more reliable, 

though a reject possibility is introduced. In typical environments changes in the volume of 

the sound signals are commonplace. Such changes are due to variations in the volume of 

the signal itself and changes in the distance to the sound source. In the proposed procedure 
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Sound 1 Cuel Cue2 Cue3 Cue4 1 

clavs 1 0.002 0.004 0.001 2e-4 
1 

maraca 0.119 0.015 0.014 0.239 
whistling 0.251 0.007 0.030 0.247 

Table 5.2: Results obtained for F=O, 

1 Sound Cuel Cue2 Cue3 Cue4 1 

Table 5.3: Results obtained considering the four sounds together. 

ton. 

+ It gives an angle that can be used for an attentional mechanism (see Section 5.3) 

A serious problem for sound localization is the fact that servomotors make noise. 

Actually, servomotors make noise even when not moving, and noise is also generated by 

computer fans nearby. In the SIG Humanoid this is solved by using four microphones, two 

inside the head cover and two outside, and cancelling components of the interna1 signals 

in the externa1 signals [Nakadai et al., 20001. This ingenuous solution depends on the head 

cover attenuating the sounds. In earlier versions of CASIMIR0 the microphones were lo- 

cated in the head, right below the eyes, and the sound localization module only produced 

results when no servomotor was moving. This is obviously the simplest option. Currently, 

the two microphones are located a ta  distance of approximately 80 cm from the servomotors. 

There is a wooden box (the head is on this box) between the head and the microphones. 

In their present position the microphones do not capture the noise of the motors, and still 

capture voice and other sounds coming from the interaction space. 
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5.3 Audio-Visual Attention 

The most important goal for social robots lies in their interaction capabilities. An attention 

system is crucial, both as a filter to centre the robot's perceptual resources and as a mean 

of letting the observer know that the robot has intentionality. In this section a simple but 

flexible and functional attentional model is described. The model, which has been imple- 

mented in CASIMIRO, fuses both visual and auditive information extracted from the robot's 

environment, and can incorporate knowledge-based influences on attention. 

In [Kopp and Gardenfors, 20011 the authors argue that a robot with attention would 

have a minimal level of intentionality, since the attentional capacity involves a first level 

of goal representations. Attention is a selection process whereby only a small part of the 

huge amount of sensory information reaches higher processing centres. Attention allows 

to divide the visual understanding problem into a rapid succession of local, computation- 

ally less expensive, analysis problems. Human attention is divided in the literature into 

two functionally independent stages: a preattentive stage, which operates in parallel over 

the whole visual field, and an attentive stage, of limited capacity, which only processes an 

item at a time. The preattentive stage detects intrinsically salient stimuli, while the atten- 

tive stage carries out a more detailed and costly process with each detected stimulus. The 

saliency values of the attentive stage depend on the current task, acquired knowledge, etc 

[Heinke and Humphreys, 2001, Itti and Koch, 20011. 

Kismet included an attention system based on Wolfe's "Guided Search 2.0 JGS2)" 

model [Wolfe, 19941. GS2 is based on extracting basic features (color, motion, etc.) that 

are linearly combined in a saliency map. In a winner-take-it-al1 approach, the region of 

maximum activity is extracted from the saliency map. The focus of attention (FOA) will 

then be directed to that region. 

It is a well accepted fact that attention is controlled both by sensory salient and cogni- 

tive factors (knowledge, current task) [Corbetta and Shulman, 20021. The effect of the lower 

level subsystem (bottom-up influence) has been comprehensively studied and modelled. In 

contrast, the effect of higher level subsystems (top-down influence) in attention is not yet 

clear [Itti, 20031. Hewett [Hewett, 20011 also suggests that volitive processes should control 

the whole attention process, even though some of the controlled mechanisms are automatic 

in the human brain. Therefore, high-leve1 modules should have total access to the saliency 

map. This would allow the attention focus to be directed by the point that a person is look- 

ing at, deictic gestures, etc. Fixations to the point that a person is looking at are useful for 

joint attention. In [Scassellati, 20011 an additional feature map is used for the purpose of 
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assigning more saliency to zones of joint attention between the robot and a person 

In the third version of Wolfe's Guided Search [Wolfe and Gancarz, 19961 high-leve1 

modules act in two ways. On the one hand they can modify the combination weights. On the 

other hand, they can also act after each fixation, processing (recognizing, for example) the 

area of the FOA, after which an "inhibition of return" (IR) signal is generated. IR is a signal 

that inhibits the current FOA, so that it will not win in the saliency map for some time. 

Top-down influences on attention are also accounted for in the FeatureGate model 

[Driscoll et al., 19981. In this model, a function is used to produce a distance between the 

low-leve1 observed features and those of the interest objects. In [Milanese et al., 19941 the 

top-down influence is embedded in the changing parameters that control a relaxation and 

energy minimization process that produces the saliency map. Also, in [de Laar et al., 19971 

a neural network controlled by high-leve1 processes, is used to regulate the flow of infor- 

mation of the feature maps toward the saliency map. A model of attention similar to that 

of Kismet is introduced in [Metta, 20011 for controlling a stereo head. Besides the feature 

maps combination (colour, skin tone, motion and disparity), space variant vision is used to 

simulate the human fovea. However, the system does not account for top-down influences. 

Moreover, it uses 9 Pentium processors, which is rather costly if the attention system is to be 

part of a complete robot. 

In [Grove and Fisher, 19961 an attention system is presented where high-leve1 mod- 

ules do influence (can act on) the whole saliency map. When, after a fixation, part of an 

object is detected, saliency is increased in other locations of the visual field where other 

parts of the object should be, considering also scaling and rotation. This would not be very 

useful in poorly structured and dynamic environments. In the same system, a suppression 

model equivalent to IR is used: after a fixation the saliency of the activated zone is decreased 

in a fixed amount, automatically. 

Following the methodology exposed in Chapter 3, the objective for our robot was not 

to achieve a biologically faithful model, but to implement a functional model of attention for 

a social robot. The next section describes the proposed attention system. 

5.3.1 Attention Model 

In al1 the citations made above, the effect of high-leve1 modules is limited to a selection or 

guiding of the bottom-up influence (i.e. combination weights) and the modification of the 

relevance of the object in the FOA. We propose that the influence of high-leve1 modules 

on attention should be more direct and flexible. Inhibition should be controlled by these 
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modules, instead of being an automatic mechanism. The following situation is an example 

of such case: if 1 look at a particular person and 1 like her, inhibition should be low, in order to 

revisit her soon. There could even be no inhibition, which would mean that 1 would keep on 

looking at her. Note that by letting other processes control the saliency map joint attention 

and inhibition of return can be implemented. Also, the mechanism explained before that 

increases saliency in the zones where other parts of objects should be can be implemented. 

In fact, any knowledge-directed influence on attention can be included. 

As stated before, the objective of this work was to conceive a functional attention 

mechanism that includes sound and vision cues. Therefore, the model proposed here is 

simple to implement, being the most complex calculations done in the feature extraction 

algorithms. The activation (i.e. saliency) values are controlled by the following equation: 

where F and G are functions that are applied to the vision-based (f,) and sound-based (gj) 

feature maps in order to group activity zones andlor to account for the error in the position 

of the detected activity zones. Spatial and temporal positions in the maps are represented by 

the p and t variables. vi, s j  and K are constants. C is a function that gives more saliency to 

zones near the current FOA: C(p, t) = e - ~ p - ~ O ~ ( ~ - ' ) .  T(p, t) represents the effect of high- 

leve1 modules, which can act over the whole attention field. The maximum of the activation 

map defines the FOA, as long as it is larger than a threshold U: 

maxpA(p,t) i f m a x p A ( p , t ) > U  
FOA(t) = 

FOA(t  - 1) otherwise 

The model is depicted in Figure 5.11, using sound and vision for extracting feature 

maps. Note that a joint attention mechanism would use the component T of Equation 5.13, 

which for al1 practica1 purposes is equivalent to the approach taken in [Scassellati, 20011 that 

used a feature map for that end. 

The implementation in CASIMIR0 uses an auditive feature map: the localization of 

a single sound source. Notwithstanding, this scheme can be used with multiple sources, as 

long as they are separated by another technique. 

The visual feature map is extracted from images taken with the omnidirectional cam- 



CHAPTER 5. PERCEPTION 

Figure 5.11: Model of attention. The feature maps must represent the same physical space 
than the activation map. If sensors do not provide such values, a mapping would have to be 
done. 

Activation map 

era, see Section 5.1. As for the sound-based feature map, the aim was to detect the direction 

of sound sources (i.e. people talking or making noise), see Section 5.2. 

f u 

5.3.2 Implementation and Experiments 

The attention model shown above was implemented in CASIMIRO. The feature and acti- 

vation maps represent a half-plane in front of the robot. The FOA is used to command the 

pan and tilt motors of the robot's neck. For our particular implementation it was decided 

that sound events should not change the FOA on their own, but they should make the nearest 

visual event win. Also, as a design decision it was imposed that the effect of sound events 

should have precedence over the effect of C. 

In our particular case the variable p takes values in the range [O, 1801 degrees and 

F will not be used. v1 = 1, f l  = {O, 1) represents the effect of a visual feature map that 

detects foreground blobs. The visual feature maps are not actually 1-D, but 1 112-D, as for 
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each angle we store the height of the blob, measured by the omnidirectional vision system. 

This height can be used to move the tilt motor of the robot's neck. g1 = {O, 1) represents 

the output of the sound localization routine. The vision and sound localization modules 

communicate with the attention module through TCPIIP sockets, see Section 4.2. In order 

to account for errors in sound localization, G is a convolution with a function exp(-DCl), D 

being a constant. In order to meet these conditions the following should be verified: 

+ sl < 1 (the FOA will not be directly set by the sound event). 

+ Suppose that 2 blobs are anywhere in the activation map. Then a sound event is heard. 

One of the blobs will be closer to the sound source than the other. In order to enforce 

the preferences mentioned above, the maximum activation that the farthest blob could 

have should be less than the minimum activation that the nearest blob could have. This 

can be put as 1 + K + sl . e(-Da) < 1 + K . e(-l8'*7) + sl . e(-Db), b and a being 

the distances from the blobs to the sound source, the largest and the shortest one, 

respectively. That equation does not hold for b < a but it can be verified for b < a - t, 

with a very small t. 

Operating with these two equations the following valid set of values was obtained: 

D = 0.01, K = 0.001, sl = 0.9, y = 0.15. For those values t = 0.67 degrees, which we 

considered acceptable. The effect of high-leve1 processes (S) will be described in Chapter 7, 

Section 7.3. 

Additionally, a third feature map was implemented. It accounts for visual events that 

should change the robot's focus of attention, like a person who gets closer to the robot or is 

walking around. This third feature map has the same effect over attention than sound events. 

These events are detected by the omnidirectional camera system: the blob distance to the 

centre of the image (i.e. the rough measure of distance) is continually checked. When it 

changes significantly it produces an event of this type. This way, the cases of getting closer 

and raising the arm catch the robot's attention. 

The simplicity of the model and of the implementation make the attention system 

efficient. With maps of 181 values, the average update time for the activation map was 

0.27ms (P-IV 1.4Ghz). In order to show how the model performs, two foreground objects 

(two people) were brought near the robot. Initially, the FOA was at the first person. Then the 

second person makes a noise and the FOA shifts, and remains fixating the second person. In 

order to see what happens at every moment this situation can be divided into three stages: 

before the sound event, during the sound event and after the sound event. 
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Figure 5.12 shows the state of the feature maps and the activation map at each stage. 

Note that the vertical axis is shown in logarithmic coordinates, so that the effect of the C 

component, which is very small, can be seen. Exponential contributions thus appear in the 

figures as lines. 

Before the sound event the FOA was at the blob on the left, approximately at 75 

degrees, because it is the closest blob to the previous FOA (the robot starts working looking 

at his front, 90 degrees). This is shown in the first two figures. The two next figures show 

the effect of the sound event. The noise produces a peak near the blob on the right (the 

person). That makes activation rise near that blob, which in turn makes the blob win the 

FOA. The last two figures show how the FOA has been fixated to the person. In absence 

of other contributions the effect of the C component implements a tracking of the fixated 

objectlperson. 

To summarize, an attentional system is a necessary module in a complex human-like 

robot. With it, the robot will be able to direct its attention to people in the environment, 

which is crucial for interaction. In this section a simple yet functional model of attention 

has been described, drawing upon previous attentional systems for robots. The model was 

implemented using both auditive and visual features extracted from a zone surrounding the 

robot. Visual features were extracted from video taken with an omnidirectional camera, 

which gives the robot a 180 degrees attentional span. 
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5.4 Face Detection 

Omnidirectional vision allows the robot to detect people in the scene, just to make the neck 

turn toward them. When the neck turns, there is no guarantee that omnidirectional vision has 

detected a person, it can be a coat stand, a wheelchair, etc. A face detection module that tries 

to detect people is described in this section. It uses colour images taken by the stereo camera 

described in Section 4.1. The module was originally developed for face detection and nor- 

malization integrated in a platform designed for general purpose artificial vision applications 

known as DESEO [Hernández Tejera et al., 19991. 

5.4.1 The ENCARA Face Detector 

Face detection systems described in the literature can be classified by attending different cri- 

teria. One of them is based on the use of knowledge employed by these systems: implicit or 

explicit. The first group focuses on learning a classifier from a set of training samples, pro- 

viding robust detection for restricted scales and orientations at low rates. These techniques 

perform with brute force, without attending to some evidences or stimuli that could launch 

the face processing modules, similar to the way some authors consider that the human system 

works [Young, 19981. On the other hand, the second group exploits the explicit knowledge 

of structural and appearance face characteristics that could be provided from human experi- 

ence, offering fast processing for restricted scenarios. 

ENCARA [Castrillón, 20031, the face detection module integrated in CASIMIRO, 

merges both orientations in order to make use opportunistically of their advantages and 

conditioned by the need of getting a real-time system with standard general purpose hard- 

ware. ENCARA selects candidates using explicit knowledge for later applying a fast implicit 

knowledge based approach. 

Classification is the crucial process in face detection. There are multiple posible 

solutions that, roughly speaking, can be divided into two groups: Individual and Multiple 

classifiers. The complex nature of the face detection problem is easily addressed by means 

of an approach based on multiple classifiers. The architecture for combination of classifiers 

used in ENCARA follows [Viola and Jones, 20011 and is sketched in Figure 5.13. However, 

there is a main difference in relation to that work where the classifiers are based only on 

rectangle features [Viola and Jones, 20011, in this model the different nature of the classifiers 

used is assumed and promoted. 

Initially, evidence about the presence of a face in the image is obtained and the face 
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with fluid filtering in a filtering cascade. In this case, each filtering stage rejects a fraction of 

impurity. The more stages with a rejection rate, the more pure fluid is obtained at the output. 

How to select the individual classifier modules? Different options are possible. In 

ENCARA, an opportunistic criterion is employed to extract cues and to use, in a convenient 

fashion, explicit and implicit knowledge to restrict the solutions to a solution space fraction 

which can comply with real-time restrictions and have a flexible framework to test different 

solutions, adding modules or deleting others, allowing each module in the cascade to be also 

a combined classifier. 

ENCARA is briefly described in terms of the following main modules, organized as 

a cascade of hypothesis confirmations/rejections: 

M0.- Tracking: If there is a recent detection, the next frame is analysed first searching for 

facial elements detected in the previous frame: eyes and mouth corners. If the tracked 

positions are similar to the one in the previous frame and the appearance test is passed, 

ENCARA considers that a face has been detected. 

MI.- Face Candidate Selection: The current implementation makes use of a skin colour 

approach to select rectangular areas in the image which could contain a face. Once 

the normalized red and green image has been calculated, a simple method based on 

defining a rectangular discrimination area on that colour space is employed for skin 

colour classification. Dilation is applied to the resulting blob image using a 3 x 3 

structuring element. 

M2.- Facial Features Detection: Frontal faces would verify some restrictions for severa1 

salient facial features. In the candidates areas selected by the MI module, the system 

removes heuristically elements that are not part of the face, i.e. neck and fits an ellipse 

to obtain the vertical position of the blob. Later, this module searches for a first frontal 

detection based on facial features and its restrictions: geometric interrelations and ap- 

pearance. This approach would first search potential eyes in selected areas taking into 

consideration that for Caucasian faces, the eyes are dark areas on the face. After the 

first detection of an individual, the detection process will be adapted to the individual's 

dimensions and appearance as a consequence of temporal coherence enforcement. 

M3.- Normalization: In any case, the development of a general system capable of detecting 

faces at different scales must include a size normalization process in order to allow for 

a posterior face analysis and recognition reducing the problem dimensionality. 
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M4.- Pattern Matching Confirmation: A final confirmation step of the resulting normal- 

ized image is necessary to reduce the number of false positives. This step is based 

on an implicit howledge technique. For eye appearance, a certain area (11 x 11) 

around both eyes is projected to a Principal Component Analysis (PCA) eigenspace 

and reconstructed. The reconstruction error provides a measure of its eye appearance 

[Hjelmas and Farup, 20011, and could be used to identify incorrect eye detections. If 

this test is passed, a final appearance test applied to the whole normalized image in or- 

der to reduce false positives makes use of a PCA representation that is classified using 

Support Vector Machines [Burges, 19981. If the tests are passed, the mouth and nose 

are located in relation to eye pair position and their dark appearance in a face. In any 

other case, when no frontal face is detected, the system computes if there was a recent 

face detection in which at least one facial feature was not lost according to tracking 

process, and the posible face location is estimated with high likelihood. 

5.4.2 Performance and Implementation 

The main features of ENCARA are: 

+ The resulting system integrates and coordinates different techniques, heuristics and 

common sense ideas adapted from the literature, or conceived during its development. 

+ The system is based on a hypothesis verificationlrejection scheme applied opportunis- 

tically in cascade, making use of spatial and temporal coherence. 

+ The system uses implicit and explicit howledge 

+ The system was designed in a modular fashion to be updated, modified and improved 

according to ideas andlor techniques that could be integrated. 

ENCARA detects an average of 84% of the faces detected using the well-hown 

Rowley-Kanade's detector [Rowley et al., 19981, but 22 times faster using standard acquisi- 

tion and processing hardware. ENCARA provides also the added value of detecting facial 

features for each detected face. More details of experiments carried out with ENCARA can 

be found in [Castrillón, 20031. 

The ENCARA system was fully integrated in earlier versions of CASIMIRO. Cur- 

rently, only the first filter of skin blob detection and a simple blob ratio filter are being used 

from ENCARA. The rest of the filters were too restrictive for our environment, with a sig- 

nificant amount of frontal faces being discarded by the system. Note that this is in line with 
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Figure 5.17: Face rectangles obtained without (left) and with (right) shirt elimination, 

+ Symbolic selection: identifying one of severa1 alternatives by non-spatial means. 

Head nods and shakes fa11 into the fourth category. They are very simple in the 

sense that they only provide yeslno, understandingldisbelief, approval/disapproval meanings. 

However, their importance must not be underestimated: 

+ The meaning of head nods and shakes is almost universal '. 

+ They can be detected in a relatively simple and robust way. 

+ They can be used as the minimum feedback for learning new capabilities. 

+ YES and NO have been shown to be by far the two most common human inputs in 

conversations between humans and chatbots [Wallace, 20051. 

The head nodlshake detection system described in [Tang and Nakatsu, 20001 achieved 

a recognition rate of around 90%. It used a Kanade, Luca and Tomasi tracker to follow facial 

features. Then, a vector is formed with the evolution of those features. The vector feeds a 

(previously trained) neural network that produces a decision. 

The system for nodlshake detection described in [Kapoor and Picard, 20011 achieves 

a recognition accuracy of 78.46%, in real-time. However, the system uses complex hardware 

and software. An infrared sensitive camera synchronized with infrared LEDs is used to track 

pupils, and a HMM based pattern analyzer is used to the detect nods and shakes. The system 

had problems with people wearing glasses, and could have problems with earrings too. The 

same pupil-detection technique was used in [Davis and Vaks, 20011. That work emphasized 

the importance of the timing and periodicity of head nods and shakes. However, in our view 

that information is not robust enough to be used. Innatural human-human interaction, head 

'In Bulgaria, a head nod signals a NO, while a head shake signals a YES. 
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effect of this, linear camera displacements were simulated in the tests. In our particular case, 

only linear displacements are possible, for neck pan and tilt can not work simultaneously. In 

each frame, an error is added to the position of al1 the tracking points. If (D,, D,) is the av- 

erage displacement of the points inside the skin-colour rectangle, then the new displacement 

is D, + e, and D, +e,. The error, which is random and different for each frame, is bounded 

by e,,, < ez  < e,,, and e,,, < e, < e,,,. Note that it is no longer possible to use a 

fixed threshold, like in Figure 5.19, because the error is unknown. 

Figure 5.20: Head nodlshake detector. 

The error also affects to the tracking points that fa11 outside the rectangle. Assuming 

that the objects that fa11 outside the rectangle are static we can eliminate the error and keep 

on using a fixed threshold: 

(oz + e,) - ( F ,  + e,) D, 

For the system to work well it is needed that the face occupies a large part of the 

image. A zoom lens should be used. When a simulated error of e,,, = 10 pixels was 

introduced, the recognition rate was 95.9% (70 out of 73). In this case there is a slight error 

due to the fact that the components F, and F, are not exactly zero even if the scene outside 

the rectangle is static. 
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A confidence measure for the system output can be obtained from the difference 

between Dx and Dy: 

Another type of error that can appear when the camera is mounted on a mobile device 

is the horizontal axis inclination. Inclinations can be a problem for deciding between a YES 

and a NO. In order to test this effect, an inclination error was simulated in the tests (with the 

correction of (5.16) active). The error is a rotation of the displacement vectors D a certain 

angle a clockwise (the origin of the image plane is the top lefi comer): 

Recognition rates were measured for different values of a, producing useful rates for 

small inclinations, see Table 5.4 

Table 5.4: Recognition results for different values of a. 

The implemented module is continuously waiting for a signal indicating that a ques- 

tion has just been made. When the signal arrives, it starts the algorithm and, when the first 

output is obtained it is returned to the signalling module (the Talk module). If a certain time 

passes and no output is obtained an informative code of the situation is returned. Then the 

Talk module increases the robot's arousal and repeats the question. 

Histogram equalization was applied to the face rectangle zone in order to alleviate 

the effect of illumination variations. After a question is answered CASIMIR0 pronounces 

one or more "accepting" words like "ok" or "1 see". We found that these words constitute 

a very positive feedback for the observer, who immediately recognizes that the robot has 

understood himlher. 

5.6 Memory and Forgetting 

Memory is a crucial component of intelligent beings. The best way to know the importance 

of memory is to look at cases where it is not present. Sacks describes in moving accounts the 
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effects of amnesia (also called the Korsakov Syndrome) in some of his patients [Sacks, 1995, 

Sacks, 19851. When amnesia is severe, the patient is almost dead for daily life. 

In [Schulte et al., 19991 three characteristics are suggested as critica1 to the success 

of robots that must exhibit spontaneous interaction in public settings. One of them is the fact 

that the robot should have the capability to adapt its human interaction parameters based on 

the outcome of past interactions so that it can continue to demonstrate open-ended behaviour. 

CASIMIR0 is intended to interact with people. Humans will be the most important "object" 

in its environment. Data associated to humans (gathered throughout the interaction) should 

be stored in memory, so that the robot could take advantage of previous experiences when 

interacting with them. Breazeal [Breazeal, 20021 argues that to establish and maintain rela- 

tionships with people, a sociable robot must be able to identify the people it already knows 

as well as add new people to its growing set of known acquaintances. In turn, this capacity 

will be part of the robot's autobiographical memory. 

In this work we consider memory important because it is a means of achieving an 

unpredictable and complex observed behaviour. Therefore memory will be used here merely 

from a functional point of view. Notwithstanding, person recognition (which needs memory) 

is in fact an ability that Gardner calls naturalist intelligence (see Chapter 1). On the other 

hand, most of us often wonder: given the same sensorial inputs, will 1 act always in the same 

manner? Obviously not, if we have memory. And without memory? In humans amnesia 

directly leads to repetitive behaviour. 

In order to make this person memory posible, gathered data should be unambigu- 

ously associated to the correct person. Facial recognition would be the perfect approach. 

However, the experience of the author with face recognition (see the List of Publications) 

is somewhat negative: face recognition still does not work well in unrestricted scenarios. 

Recognition rates fa11 as more time passes since the training samples were taken (actually, 

performance decreases approximately linearly with elapsed time, [Phillips, 20021). Illumi- 

nation, pose and expression variations normally reduce recognition rates dramatically, see 

Section 1.2. 

Colour histograms of (part of) the person's body could also be used as a recognition 

technique, see Figure 5.21. Colour histograms are simple to calculate and manage and they 

are relatively robust. The price to pay is the limitation that data in memory will make sense 

for only one day (at the most). Colour histograms of a person's body were used for short- 

term identification people in [Maxwell, 2003, Kahn, 1996, Maxwell et al., 19991 and also 

for people tracking [Krumm et al., 2000, Collins and Dennis, 20001. 

CASIMIR0 achieves person identity maintenance by using colour histograms in con- 
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image decreases by one at the same time that one of the blobs increases its area signif- 

icantly. 

A blob separation is detected when the number of blobs in the image increases by one 

at the same time that a fusioned blob decreases its area significantly. 

The only way to know if a there is a crossing is by maintaining some sort of descrip- 

tion of the blobs before and afier the fusion. Histograms of U and V colour components are 

maintained for each blob. The Y component accounts for luminance and therefore it was not 

used. Whenever a separation is detected, the histograms of the lefi and right separated blobs 

are compared with those of the lefi and right blobs that were fusioned previously. Intersec- 

tion [Swain and Ballard, 19911 was used to compare histograms (which must be normalized 

for blob size). This procedure allows to detect if there is a crossing, see Figure 5.23. The 

histogram similarities calculated are shown in Figure 5.24. A crossing is detected if and only 

if (b + e)  > ( a  + d). Note that in the comparison no threshold is needed, making crossing 

detection relatively robust. 

fusion) t-1 ol 

(separation) t ol 

Figure 5.23: Crossings can be detected by comparing blob histograms at fusion and separa- 
tion events. 

(blobs vight befove fusion) 

(blobs vight aftev sepavation) 

Figure 5.24: Blob similarities calculated. 

In order to achieve person identification, a set of Y-U histograms are stored for each 

person detected. The zone from which these histograms are calculated is a rectangle in the 





CHAPTER 5. PERCEPTION 

with an incredible number of terabytes in which to store facts and events indefinitely. Be- 

havioural changes occur when we memorize but also when we forget. Thus, a forgetting 

mechanism can also be helpful in our effort, especially if we take into account the fact that 

actions chosen by the action-selection module do not always produce the same visible out- 

come (i.e. the Talk actions). 

Suppose that a behaviour is triggered by a certain state. As long as that state is 

present, the behaviour will execute the associated action over and over again, with a fre- 

quency imposed by the cycle of the action-selection implementation. With memory, the 

forgetting mechanism would have the control of the repetitions. Basically, actions should 

repeat only when: 

+ The robot forgets that it has executed them 

+ The robot do not forgets but a certain time has passed (in which it is reasonable to try 

again) 

The first controlled studies of forgetting mechanisms were carried out by Ebbinghaus 

[Ebbinghaus, 19131. Those experiments, replicated many times, concluded that the forget- 

ting process is more accelerated (we tend to forget more information) in the first minutes 

and hours after memorization. This can be characterized by a power function (of the form 

y = at - b, where a and b are positive real numbers), as demonstrated by Wixted and col- 

leagues [Wixted and Ebbesen, 1991, Wixted and Ebbesen, 1997, Kahana and Adler, 20021. 

In [Rubin and Wenzel, 19961 over a hundred forgetting functions were compared and it was 

found that the power function was one of only four that provided a good fit to a wide range 

of forgetting data. 

In CASIMIRO, forgetting is modelled in the following way. Let f ( t )  be a forget 

function, which we use as a measure of the probability of forgetting something: 

where k and 1 are constants. We apply the f function to the set of Boolean predicates that 

the robot retains in memory (both global and associated to individuals). There is evidence 

that some facts are forgotten earlier than others. Some facts are never forgotten. Interference 

effects are thought to be one of the factors that account for those differences. For simplicity, 

we do not model those aspects and consider them represented in the stochastic nature of the 
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However, we are more interested in the role of the person who cares the robot and uses it 

more frequently (this person is generally the owner too). This person is the one who switches 

the robot on, which is usually done from a certain part of the robot or from a certain computer. 

That cue may be exploited to recognize the robot owner or caregiver. 

Amazing Amanda [Playmates Toys Inc., 20051, a do11 released in autumn of 2005, is 

able to recognize the girl that takes the mother role. Once the do11 is activated, it starts asking 

questions. That way, the do11 can "learn" the girl's voice patterns. From that moment on, the 

do11 is able to recognize the utterances of its "mommy". Other voices can lead Amanda to 

say "You don't sound like Mommy". 

Such technique may seem rather ad hoc. However, the approach finds striking ex- 

amples in nature. Lorenz, one of the founders of ethology, found that, upon coming out of 

their eggs, geese follow and become attached to the first moving object that they encounter. 

He showed this by rearing the geese from hatching. From that moment on the geese would 

follow him. Such phenomenon, which also appears in mammals, is known as imprinting 

[Lorenz, 19811. 

In the case of CASIMIRO, the main computer (from which the robot is switched on) 

is situated behind the robot, on the same table, see Figure 5.27. A camera was placed on top 

of that computer. The owner detection module uses that camera to search for a skin coloured 

blob in the image. When the robot is switched on this module will detect a skin coloured 

blob. The camera has a wide-angle lens, and a relatively low resolution of 160x120 is used. 

When no blob is encountered in the image the module notifies the Attention mod- 

ule of that event. At that moment the owner detection module exits in order to free CPU 

resources. Once it has been notified by the owner detection module, the Attention module 

considers the owner as the first blob that "enters" the omnidirectional camera image from the 

left. The "owner" property is stored along with the individual in the tracking process. 

This simple procedure is a form of imprinting. In a sense, the robot finds its owner- 

caregiver in the first human it sees. It does not stores any biometric features to recognize the 

owner after being switched on, only its position. 

Face recognition researchers tend to measure performance in terms of the number of 

individuals that the system can recognize and measured error rate. A measured error rate 

of 5-10% can be considered very good under restricted conditions. The approach presented 

here recognizes a single individual with guaranteed zero error. No face recognition method 

would recognize the owner with such low error. Note that this is the result of following the 

approach introduced in Chapter 3: we have been able to devise the simplest algorithm (or 
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Figure 5.27: The computer from where CASIMIR0 is started. The interaction space is on 
the left. 

one of the simplest) that allows to recognize the owner. For that purpose we have fitted the 

solution to the robot niche. 

Habituation 

Habituation is a filtering mechanism that has received a lot of attention in physiology and 

psychology. In particular, some researchers have investigated the mechanisms of habituation 

in animals, being one of the most known works the study of the Aplysia's gill-withdrawal 

reflex [Castellucci et al., 19701. When the animal's siphon is touched, its gil1 contracts for a 

few seconds. If the siphon is stimulated repeatedly, the gill-withdrawal effect tends to dis- 

appear. Crook and Hayes [Crook and Hayes, 20011 comment on a study carried out on two 

monkeys by Xiang and Brown who identified neurons that exhibit a habituation mechanism 

since their activity decreases as the stimulus is shown repeatedly. 

Stanley's model [Stanley, 19761 of habituation, proposed to simulate habituation data 

obtained from the cat spinal cord, has been widely used in the literature. This model de- 

scribes the decrease efficacy y of a synapsis by the first-order differential equation: 



CHAPTER 5. PERCEPTION 

where yo is the normal, initial value of y ,  S( t )  represents the external stimulation, T is a time 

constant that governs the rate of habituation and a regulates the rate of recovery. Equation 

(5.20) ensures that the synaptic efficacy decreases when the input signal S( t )  increases and 

returns to its maximum yo in the absence of an input signal. 

The model given by (5.20) can only explain short-term habituation, so Wang intro- 

duced a model to incorporate both short-term and long-term habituation using an inverse 

S-shaped curve [Wang, 19951, 

where a ,  yo an have the same meaning than in (5.20), 0 regulates the habituation and z ( t )  

decreases monotonically with each activation of the external stimulation S( t ) ,  and models 

the long-term habituation. Due to this effect of z ( t )  after a large number of activations, the 

recovery rate is slower. 

Note that novelty detection is a concept related to habituation. Novelty detection 

is the discovery of stimuli not perceived before and so habituation serves as a novelty 

filter [Stiles and Ghosh, 19951. From a engineering viewpoint, perceptual user interfaces, 

like human-like robots, should be endowed with a habituation mechanism. The interest is 

twofold. First, it would be a filtering mechanism, discarding (or minimizing the importance 

of) repetitive information while paying attention to new experiences. This is in part moti- 

vated by the desire to distinguish between artificial and human signals. Artificial signals are 

often static or repeat with a fixed frequency. We do not want our robot to pay much atten- 

tion to the hands of a wall-mounted clock. Instead, it would be more interesting to detect 

non-repetitive stimuli, such as a conversation or a sudden loud noise. Note that we generally 

consider monotonous signals as those having a fixed frequency or frequencies (which can be 

zero, that is, the signal does not change) but signals whose frequency changes in a periodic 

pattern could also be considered monotonous. Higher scales are also posible but we do not 

consider them in this work because they are very hard to visualize and real examples of them 

are not so common. 

Second, habituation would lead to a more human-like behaviour, as perceived by 

users of the interface. As an example of this, consider Kismet. Someone can catch the eye 

of the system while waving a hand in its visual field of view, but if the stimulus is repetitive 

for a long time the system can show a lack of interest in it. Many aspects of Kismet's mental 
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architecture are directly or indirectly influenced by the detection of monotonous sensory 

signals: stimulation and fatigue drives and the arousal dimension of its affect space (and in 

turn some emotional states, like surprise, boredom or interest). 

Although we focus our work on the abilities described above, many other applica- 

tions are also imaginable. In the robotics field, habituation mechanisms have been used to 

reduce oscillations caused by collision-avoidance behaviours when navigating through anar- 

row corridor [Chang, 20001. Marsland [Marsland et al., 20001 uses a SOM neural network as 

a memory for novelty detection. To add short-term habituation to the original network, each 

neuron of the SOM is connected to an output neuron with habituable synapses based on the 

model (5.20). Habituation is also used in [Stoytchev and Arkin, 20031 for controlling reac- 

tivity strength, visual attention [Peters and Sowmya, 1998, Breazeal and Scassellati, 19991, 

and general learning [Damper et al., 19991. On the other hand, there is considerable interest 

in the field of musicology in Beat Tracking Systems (BTS) [Goto and Muraoka, 19971. BTS 

systems aim to find the tempo of an audio signal, which is basically the rate of repetitions. 

The main applications of BTS systems are audiolvideo editing, synchronization of computer 

graphics with music, stage lighting control and audio content searching. 

If we use the model of Equation (5.20) we can obtain undesired effects with certain 

stimuli. A periodic input signal (with frequency greater than zero) can produce a response 

that does not exhibit habituation. This is due to the fact that the model does not account 

for changing stimuli, but for continuous ones. In order to include this fact in the model, we 

propose to use an auxiliary signal which will be zero when the stimulus is stationary or with 

a fixed frequency, and one otherwise, and use this signal as an input to the habituation model 

(5.20). 

The auxiliary signal, which basically detects monotonous stimuli, is obtained from 

the spectrogram of the stimulus itself. The spectrogram is a time-frequency distribution of a 

signal, and it is based on the Fourier Transform with a sliding window [Holland et al., 20001. 

The equation 

gives the definition of a spectrogram with a Gaussian window function of half-width T, 

and it is the power spectrum of a signal which corresponds to the squared magnitude of the 

Fourier transform of the windowed signal. The window can have other forms apart from the 

Gaussian one. In Figure 5.28 we show an audio signal and its corresponding spectrogram, 

where brighter areas correspond to higher power. Two well defined frequency spectra can 
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be distinguished, for there is a change in the input signal at time 0.5 s. Temporal patterns 

of the stimulus signal have a specific pattern in the spectrogram. A fixed frequency signal 

corresponds to a straight line parallel to the time axis in the spectrogram, and the length of 

this line indicates how long has been the stimulus present. 

- 0 8 1 1 1 1 1 1 1 1 1 1 1  
O  O1 O2 O3 O4 O5 O6 O7 O8 O9 1  

Time (sec) 

o  
O  O1 O2 O3 O4 O5 O6 O7 O8 O9 

Time 

Figure 5.28: Audio signal (left) and its corresponding spectrogram (right). 

Spectrograms are computed from windows of the input signal. These windows, of 

length 1, overlap by 1 - 1 samples. Let each spectrogram be represented as a matrix M ,  in 

which rows represent frequencies and columns represent time. We calculate the variance of 

each row of M ,  which produces a column vector v. The norm of this vector v is a measure of 

how monotonous the input signal is. The norm will be high when the signal is changing, and 

low otherwise. Thus, the auxiliary signal needed is simply the thresholded norm of v. The 

amplitude of the input signal affects the power content of the spectrograms, and in turn the 

norm of v. Thus, prior to calculating the FFT the input signal must be normalized dividing 

each input window by the sum of its absolute values. A value of 1 for the auxiliary signal 

will mean that there are changes in the input signal, while a value of O indicates that the input 

signal is monotonous. Once the auxiliary signal is available, the model (5.20) is used to get 

the desired habituation behaviour, as controlled by parameters r and a. 

Formally, let N and 1 be the number of rows and columns of M ,  respectively, and let 

mi,j represent the element in row i and column j of M .  Vector v is calculated as: 

where: 
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The auxiliary signal is then, for a given threshold T: 

With this method both static an fixed frequency stimuli can be detected. However, 

there are stimuli that change their frequency according to a periodic pattern. These stimuli 

should also be considered as monotonous. The hissing sound of a siren, for example, is 

a signal whose frequency changes in a repeated pattern. After few repetitions the signal 

will be considered monotonous. One way to detect these kind of stimuli is to use the same 

method with the auxiliary signal. If the input signal changes its frequency content in a 

repeated pattern, the auxiliary signal will be periodic with a fixed frequency, and that can be 

detected as explained in the previous paragraph. Thus, two thresholds will be needed, one 

for the "first level" and one for the "second level". Higher levels could conceivably be used, 

but we have not considered them because they are very difficult to visualize and encounter 

in the physical world. Note that the second-leve1 auxiliary signal will be 1 when there are 

changes in the first-leve1 auxiliary signal, and thus when there are changes in the input signal, 

and O otherwise. Thus, the final input to the habituation model (5.20) will be the second- 

level auxiliary signal. Note that this second level introduces additional computation, and in 

some cases we could consider it unnecessary, if we decide to detect only simple monotonous 

signals. 

There is only one detail left. If the first-leve1 auxiliary signal is 1 (meaning that the 

input signal is changing), and this remains for a while, the second-leve1 auxiliary signal will 

be O (because the second-leve1 norm of the variance vector will be O) which is not the correct 

value. In order to correct this, the second level must detect when the norm is O and, if so, 

use the value of the first-leve1 auxiliary signal, instead of the second-leve1 auxiliary signal. 

Note that if the first-leve1 auxiliary signal is periodic the second-leve1 variances obtained 

should theoretically be O, which would prevent the use of this correction. However, in al1 the 

experiments carried out this never happened, because there is always an unavoidable amount 

of fluctuations in the input signal, which makes the variances larger than O. 

A previous version of the method proposed here has been already published else- 

where [Lorenzo and Hernández, 2002b, Lorenzo and Hernández, 2002~1. That version used 

only the frequency associated to the maximum power. Habituation should be present when 

the plot of that frequency versus time is a straight line. Changes are detected by fitting a 

line to the last k values of the frequency and computing the difference between the current 

value and the predicted value with the fitted line. That approach, however is too simplistic 
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in the sense that it assumes that the input signal is entirely represented by the frequency of 

maximum power. 

The algorithm described above was implemented to test it with different input sig- 

nals. The first experiments that we present use only the first level mentioned above. In order 

to gather signals from the visual domain, we recorded video containing a yellow bright stim- 

ulus (a yellow card) that was moved in a repetitive fashion, see Figure 5.29-a). Using simple 

segmentation techniques we extracted the centroid of the card on each frame (384x288) and 

summed the x and .y pixel coordinates to form the one-dimensional signal of Figure 5.29- 

b). The sequence of card movements throughout the recording was: horizontal movement, 

random (aperiodic) movement, vertical movement and vertical movement at a different fre- 

quency than the previous one. 

l 
1 O 20 30 40 50 60 

Time (sec) 

Figure 5.29: a) Video recording used for the visual habituation experiment, b) one- 
dimensional signal extracted from it. 

The results appear in Figure 5.30. Windows of 128 samples were used, and the 

variance threshold was set at 1000. 

As for the audio domain, we recorded signals with a standard PC microphone, at a 

22050 Hz sample rate, 8 bits. Figure 5.31 shows the results obtained for an audio signal that 

contains three sequential parts: silence (0-O.%), people speaking (0.5-1s) and a tone played 

from an electric piano (1-1.4s). Note that there is an initial delay due to the need to fill the 

input window, here of length 1 = 5120. The habituation level, obtained using the model of 

(5.20), shows a satisfactory response. 

Figure 5.32 shows the results obtained for an audio signal that contains another three 

sequential parts: a tone played from an electric piano (0-O.%), silence (0.5-1s) and another 

tone (1-1.4s). The same window length 1 = 5120 was used, and again the habituation level 
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Figure 5.30: a) Evolution of the (12) norm of the variance vector v, b) habituation level, using 
r = 5 , a  = 1. 

shows a satisfactory behaviour. 

In order to test both the first and second levels of the method, we built an audio 

signal containing three sequential parts: a beep repetitive sound from a mobile phone, people 

speaking and a tone played from an electric piano. This signal was accelerated to reduce 

computation time, which does not alter the qualitative results of the experiments. Results 

are shown in Figure 5.33. The window length was 1 = 5120 for the first level and 1 = 2148 

for the second. In this case the repetitive beeps (clearly observed as a repetitive pattern in 

the first part of the spectrogram) are correctly considered as monotonous. This would not 

have occurred if we had used the first-leve1 auxiliary signal alone, for numerous changes are 

detected (see Figure 5.33-d). 

Next, we discuss a few aspects of practica1 interest. Particularly, we will comment on 

the effect of the values of the different parameters to use: 

+ Length of the input window, 1: It should be the largest possible, in order to detect 

stimuli with large period. However it cannot be too large because that would introduce 

an unacceptable delay in the response to stimuli with smaller period. Thus, it depends 

on the type of stimuli. A flexible solution would be to implement multiple instances of 

the problem, each one with a different size for this parameter, in a multiscale fashion. 

+ Tau, r: It controls the rate of habituation. 

+ Alpha, a:  It controls the rate or recovery. 

+ Number of discrete frequency levels, N: Dependent on the type of input stimulus, it 

should normally be the largest possible. For the case of auditive signals, the minimum 
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Figure 5.3 1: a) Spectrogram of the audio signal, b) evolution of the ( 1 2 )  norm of the variance 
vector v, c) auxiliary signal, obtained using a threshold of 600, d) habituation level, using 
7 = 1, a = 0.002. 

noticeable difference that people can distinguish is as low as 1.3Hz. Other input stimuli 

could be sonar data, blob positions, pressure readings, etc. 

+ Variance thresholds: They refer to the minimum change in the frequency spectrum to 

detect a change in the signal. If set too high, we run the risk of ignoring signal changes. 

If set too low, "hypersensitive" responses could be obtained. The appropriate values 

depend both on the type of input signal and the number of discrete frequency levels. 

These thresholds could be changed depending on the amount of available resources. If 

available resources are high, a lower threshold could be appropriate (producing more 

sensitivity or attention). Otherwise, a higher threshold would produce a more believ- 

able response. 

The computational cost of the proposed method is basically dependent on the calculus 
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Figure 5.32: a) Spectrogram of the audio signal, b) evolution of the (1,) norm of the variance 
vector v, c) auxiliary signal, obtained using a threshold of 600, d) habituation level, using 
7 = 1, a = 0.002. 

of the spectrogram. This, in turn, basically depends on the FFT. Thus, the total cost, for a 

window of length 1 is 1 log, 1 (for the first-leve1 alone). This is therefore the cost of producing 

a new value of the auxiliary signal for each input sample. If a multiscale (multiple values 

for 1) approach is used, the multiple instances of the problem can use parallel computation. 

Also, the second-leve1 part of the problem can be solved in parallel with the first-level. 

The habituation mechanism described here was implemented in CASIMIRO, for sig- 

nals in the visual domain only, i.e. images taken by the stereo camera (see Section 4.1). The 

difference between the current and previous frame is calculated. Then it is thresholded and 

filtered with Open and Close operators. Also, blobs smaller than a threshold are removed. 

Then the centre of mass of the resultant image is calculated. The signal that feeds the habit- 

uation algorithm is the sum of the z and y components of the centre of mass. This way when 

the image does not show significant changes or repetitive movements are present for a while 
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the habituation signal grows. When it grows larger than a threshold, an inhibition signal is 

sent to the Attention module, which then changes its focus of attention. Neck movements 

produce changes in the images, though it was observed that they are not periodic, and so 

habituation does not grow. 

For signals in the audio domain the algorithm performs too slow to work with the raw 

signal. It can be applied to the audio domain if higher leve1 signals are formed from the raw 

input. Segments of the raw signal could be categorized first, in a fast way, producing a signal 

of longer period. 

Summarizing, in this section a simple spectrogram-based algorithm has been de- 

scribed for detecting monotonous input signals, independent of their sensory origin (audi- 

tive, visual, ...). Signals that repeat with constant frequency or frequencies are considered 

monotonous. Signals that present a periodic changing pattern in their frequency content can 

also be considered monotonous. The usefulness of the algorithm was evaluated in experi- 

ments with signals gathered both from the visual and the auditive domains. 
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Figure 5.33: a) Spectrogram of the audio signal, b) evolution of the first-leve1 (12) norm of 
the variance vector, c) evolution of the second-leve1 (12) norm of the variance vector, d) first- 
level auxiliary signal, obtained using a threshold of 600, e) second-leve1 auxiliary signal, 
obtained using a threshold of 1000, f) habituation level, using r = 1, a = 0.002. 
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Chapter 6 

Action 

"CHRISTOF: We 've becorne bored with watching actors 

give us phony ernotions. We 're tired of 

pyrotechnics and special effects. While 

the world he inhabits is in sorne 

respects counterfeit, there 'S nothing 

fake about Trurnan hirnself: No 

scripts, no cue cards ... It isn't always 

Shakespeare but it's genuine. It's a l fe .  " 

The Trurnan Show, Screenplay, by Andrew Niccol. 

This chapter describes the actions that CASIMIR0 can perform. Section 6.1 explains 

how facial expressions have been implemented in CASIMIRO. Voice generation is described 

in Section 6.3, along with brief descriptions of expressive talk and aspects of humour in the 

language. 

6.1 Facial Expression 

We begin this section by describing previous work on robots that are able to display facial 

expressions. A very simple robot face is that of Minerva [Thrun et al., 20001, already men- 

tioned in Chapter 1. It has four degrees of freedom, one for each eyebrow and two for the 

mouth. Eyebrows rotate over their centres. The mouth has a red elastic band. Each side of 

the band is hooked to a leg of the servomotor, being motion limited by three pins. Despite its 

simplicity, Minerva's face can produce a significant effect on ahuman observer. It can adopt 
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four basic expressions: neutral, smile, sadness and anger, 

Another robotic face than can display four basic expressions (neutral, surprise, anger 

and fear) is Aryan (see Chapter 1). The face has 6 degrees of freedom: jaw, lefilright eye 

pan, eyes tilt, eyebrows elevation and eyebrows arcing. Despite (or perhaps because of) 

its simplicity, experiments showed that expression recognizability is clearly better than in 

other two robotic faces. Aryan's face has not the blinking function. Apart from keeping the 

eye-balls clean and moist, blinking is associated to mental capacities such as concentration 

and nervousness. There is also a relationship between blink frequency and emotional state. 

Someone who is tired will blink more frequently and for a longer duration than someone 

who is well rested [Stern, 20041. 

Kismet's face has eyebrows (each one with two degrees of freedom), eyelids (one 

degree of freedom) and mouth (one degree of freedom). The mouth has gained additional 

degrees of freedom in the latest versions. Kismet can adopt expressions of anger, fatigue, 

fear, disgust, excitation, happiness, interest, sadness and surprise, al1 of them easily recog- 

nizable by ahuman observer. Kismet's facial motion system was divided into three levels. In 

a first level there are processes that control each motor. In the next level there are processes 

that coordinate the motion of facial features, like for example an eyebrow. In the third level, 

there are processes that coordinate the facial features to form the basic expressions. This 

three-leve1 framework allows to decompose the modelling work in a natural and scalable 

way. Kismet also uses an intensity for each expression, which is a degree with respect to a 

pose considered neutral. 

The WE-3RIVrobot [Miwa et al., 2001, Takanishi Laboratory, 20031 is very different 

than Minerva and Kismet in the sense that it has a total of 21 degrees of freedom for the face 

alone: 4 for the eye balls, 4 for the eyelids, 8 for the eyebrows, 4 for the lips and 1 for the jaw. 

The basic expressions that it can adopt are: neutral, happiness, anger, surprise, sadness, fear, 

disgust, "drunk" and shame. As in Kismet, it uses an intensity measure for the expressions. 

6.1.1 Functional Model 

A level hierarchy like that described in the previous paragraphs was used to model facial 

expressions in CASIMIRO. Groups of motors that control a concrete facial feature are de- 

fined. For example, two motors are grouped to control an eyebrow. For each of the defined 

motor groups, the poses that the facial feature can adopt are also defined, like 'right eyebrow 

raised', 'right eyebrow neutral', etc. The default transitions between the different poses uses 

the straight line in the space of motor control values. 
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Expression: "Surprise" 
Group: Mouth 
Group: Right eyebrow 
Group: Lefi eyebrow 
Group: Right ear 
Group: Lefi ear 
Group: Right eyelid 
Group: Lefi evelid 

Pose: Open 
Pose: Raised 
Pose: Raised 
Pose: Raised 
Pose: Raised 
Pose: Raised 
Pose: Raised 

Degree: 90 
Degree: 90 
Degree: 90 
Degree: 100 
Degree: 100 
Degree: 80 
Degree: 80 

Table 6.1: Typical definition of an expression. 

The modeller is given the opportunity to modify these transitions, as some of them 

could appear unnatural. A number of intermediate points can be put in al1 along the transition 

trajectory. Additionally, velocity can be set between any two consecutive points in the tra- 

jectory. The possibility of using non-linear interpolation (splines) was considered, although 

eventually it was not necessary to obtain an acceptable behaviour. 

The first pose that the modeller must define is the neutral pose. Al1 the defined poses 

refer to a maximum degree for that pose, 100. Each pose can appear in a certain degree 

between O and 100. The degree is specified when the system is running, along with the pose 

itself. It is used to linearly interpolate the points in the trajectory with respect to the neutral 

pose. 

In another level, facial expressions refer to poses of the different groups, each with a 

certain degree. "Surprise", for example, could be represented by Table 6.1. 

The facial expression is specified while the system is running along with a degree that 

allows, by multiplication, to obtain the degree to apply to the poses of the different groups. 

For more control, the modeller can also specify a time of start for each group. This way, 

"surprise" could be achieved by raising first the eyebrows and then opening the mouth. Now 

it is easy to see that the level hierarchy allows to move individual features, like for example 

winking, blinking or opening the mouth for talking. With respect to this particular case, 

the motion of the mouth can be combined with poses of other facial features, producing 

combinations like for example "talking with expression of surprise". 

6.1.2 Transitions Between Expressions 

Earlier it was mentioned that the degree of a pose can be specified at run time, while the 

defined poses referred to the maximum degree. How to obtain the trajectory from a pose A 

with a degree G j  to a pose B with a degree Gf? In other words, at a given time a group 
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is at pose A with degree Gi and we want the system to adopt pose B with degree Gf. For 

a two-motor group, the procedure is depicted in Figure 6.1, where N represents the neutral 

pose, X the point corresponding to the initial degree and Y the point corresponding to the 

final degree. To obtain the expression that gives the transition trajectory the following limit 

conditions are imposed: 

The trajectory that fits these restrictions is: 

Symbols ? and : correspond to the IF-THEN-ELSE instruction (as in the C language). 

The trajectory equation is continuous in the values of Gi and Gf. The same relationship is 

used to obtain velocities along the trajectory. 

m2 

Figure 6.1 Transitions between expressions in motor space. 



CHAPTER 6. ACTION 

6.1.3 Implementation 

The modelling framework described was implemented in the form of a pose editor. The 

editor gives the modeller a simple and interactive way to define and test poses, transitions, 

etc. This editor uses a low-leve1 library for control of the servomotors. The specifications of 

poses and transitions can be saved to afile. Later. this file will be the only thing necessary to 

reproduce (and generate) the different movements and trajectories. The pose editor can thus 

work both at design and run time, and it can also be controlled by other modules. 

The modeller has to follow a few simple steps: connect the ASC 16 board (see Section 

4.1), establish the physical motion limits and speciSl the poses and transitions. The physical 

limits represent the minimum and maximum values that can be given to a motor, and they 

are also saved in the file. 

The central part of the editor allows to define groups of motors, poses and transitions, 

see the following figure. On the top left side there are scrollbars to move motors. On the 

central left side motor groups are defined. On the central right side poses and transitions can 

be defined for a selected group. The big STOP button stops al1 motors immediately. 
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Figure 6.2: Main window of the pose editor. 
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Two parameters control motion continuity. Each part of the trajectory can have a 

different velocity (recall that intermediate points can be defined) and, moreover, al1 the ve- 

locities are adjusted so that the motors stop at the same instant. The motor control board 

sends a signal when the motor has reached the final destination (or an intermediate point). 

However, there is a slight delay between the sending of this signal, its processing in the PC, 

and the next motion command, which causes the motion to be discontinuous. There is a 

"softness" parameter that makes the control board send the final of motion signal ahead of 

time. There is also a distance threshold to eliminate from trajectories too close consecutive 

points. 

The pose editor uses a buffer of requests that momentarily stores "Go to pose X with 

degree Y" petitions coming from other modules. The buffer is necessary, as requests take a 

certain time to complete. The buffer check al1 the time the pending requests. Those com- 

patible with the request currently being served (i.e. they do not have any motor in common) 

are also served, always in the order in which the requests were made. 

Blinking has great importance for the robot. Blinking human forms have been ap- 

praised to have significantly higher accuracy and to be more intelligent than other human- 

like forms [King and Ohya, 19961. In our implementation, blinking is treated as a special 

case. In principle, with the framework described it would have to be implemented using to 

consecutive commands sent to the pose editor, one for each eyelid. However, the eyelids 

must return to the original position, no matter what, and the velocity should always be set 

at maximum. Therefore, the system automatically converts two motion commands into four, 

and maximum velocity is imposed. In the case of winking, one motion command produces 

two commands internally. Also, to obtain maximum velocity and continuity in the blinking 

motion, the robot only blink when no other motor on the face is working. 

In conclusion, the pose editor is the module that allows a modeller to define how 

the facial features will move to adopt the different expressions. The pose repertoire can be 

upgraded (if motors are added) easily. More flexibility could have been given to the program. 

That was discarded because the main objective is to get the face to move well, as observed 

by humans, and because in practice the number of motors is relatively reduced. Figure 6.3 

shows the facial expressions modelled in CASIMIR0 using the pose editor. 

6.2 Neck 

As commented in Section 4.1 there is a 2-DOF neckunder the robot's face. The neck module 

of CASIMIRO's software is very simple. A velocity PID controller is used for small move- 
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Figure 6.4: Position of the camera and the pan axis of the neck. 

, and 

Once an angle a has been measured by the omnidirectional vision module, there must 

be a correction of that angle to get a value for the neck angle 0, so that the robot can look 

toward the detected person. The exact value for 0 depends on the distance c to the person, 

which is unknown. 

As an approximation, we may use the typical interaction distance value of 100cm in 

Equation 6.2 and obtain an expression for 0 that does not depend on c. Besides, we approx- 

imated the trigonometric function by a (much faster) quadratic. The quadratic fitting to the 

trigonometric function was obtained using the least-squares method. These approximations 

are good enough, as can be seen from Table 6.2. 

6.3 Voice Generation 

Innatural language generation four basic schemes are used: canned te&, templates, cascaded 

items and features [School of Computing, University of Leeds, 2003, FLUIDS Project, 20031 

In the canned text approach, specific fixed phrases are used, without modifications whatso- 

ever. This is very easy to implement, although it is rather inflexible. To avoid repeatability a 

large number of phrases would have to be introduced beforehand. Templates are phrases that 
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Table 6.2: Theoretical angle errors using the implemented approximation. 

include empty slots that are filled with data, like a mail merge. Cascaded items and features 

are even more complex models. 

CASIMIR0 uses canned text for language generation, not least because of its sim- 

plicity. A text file contains a list of labels. Under each label, a list of phrases appear. Those 

are the phrases that will be pronounced by the robot. They can include annotations for the 

text-to-speech module (a commercially available TTS system was used. Annotations allow 

to change parameters like word intonation, speed, volume, etc.). Labels are what the robot 

wants to say, for example "greet", "something humorous", "something sad", etc. Examples 

of phrases for the label "greet" could be: "hi!': "good morning!': "greetings earthling". 

The Talk module, which manages the TTS system, reads the text file when it starts 

(Appendix A shows the phrase file. The text is in Spanish). It keeps a register of the phrases 

that haven been pronounced for each label, so that they will not be repeated. Given a label, it 

selects a phrase not pronounced before, randomly. If al1 the phrases for that label have been 

pronounced, there is the option of not saying anything or start again. The text file include 

annotations that had to be added to each particular phrase to enhance the naturalness of the 

utterance. 

In [Koku et al., 20001 the humanoid ISAC is used to investigate an interesting inter- 

action technique. When the robot detects a person, it tries to initiate a conversation with 

himlher by using a simple phrase based on daily facts. Typical phrases are "Did you know 

that Tutu calls for abolition of death penalty" or 'Sisten to this, Fed in focus on Wall Street". 

This system was based on the idea that when people share the same environment for a while, 

they do not start a conversation by greeting each other, but instead they generally initiate 
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the conversation based on some daily facts that the other side might be interested in. In 

CASIMIRO, a somewhat similar technique has been used. It was considered that it would 

be very useful that the robot could say things that are very popular at present, like for exam- 

ple something about Prince Felipe's fiancée (which was one of the main pieces of gossip in 

Spain at the time of writing). That would be interpreted positively by the observer. As an 

example, consider the phrase 'Prince Felipe 'sjancée is dejnitely beyond my expectations! ". 

The phrase is fixed, though it will only pronounced if the thing, event or person is popular 

at present. Otherwise, it would not make sense to pronounce the phrase. These cases are 

implemented by preprocessing the text file mentioned above. The file contains those X's 

inserted in the phrases. The substitutions are made when the system starts, producing afile 

ready to be used by the Talk module. 

Another example: if "Beckham" is popular at present, then the phrase "í'm more 

famous than Beckham!" can be pronounced. As another example, in our region of Spain, it 

is humorous and relatively common to greet somebody with the name of a person who is 

extremely popular at the time. How to determine if something or someone is popular? The 

solution implemented looks in electronic newspapers of the last K days for mentions of a 

term (or phrase). If the term has a frequency of apparition that exceeds a threshold then it is 

considered popular. In the text file, "Popular" is a special label that gives the list of terms to 

look for. In the rest of the file those terms appear as labels, with their phrases to pronounce. 

If many terms are popular they al1 will be used, in a random order. Once a popular 

term is used it will not be used again. If the threshold is carefully chosen and the phrases are 

not too specific then it would seem to be in context. For each newspaper, terms are counted 

only once (i.e. whether they appear in it or not). 

Note that the robot should know when it is appropriate to speak. Turn-taking is a basic 

form of organization for any conversation. Before speaking, the Talk module interrogates the 

sound localization module (Section 5.2) in order to know if any sound has been detected in 

the last K milliseconds (currently K=2000). If so, the robot assumes that someone is speaking 

and postpones its action. 

6.3.1 Expressive Talk 

The Talk module pronounces phrases with an intonation that depends on the current facial 

expression. Before pronouncing a phrase, the Talk module interrogates the pose editor to 

obtain the current facial expression of the robot. The mapping from expression to voice 

parameters is based on Table 6.3. 
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Table 6.3: Effect of emotions on human speech [Breazeal, 20021 

1 1 1 1 1 

Happiness 5 0  70 70 6 0  O 
Sleep 1 35 NDb 30 45 50 

Facial expression 

Surprise 
Sadness 
Aneer 

Table 6.4: Values for N M  used. s=speed, b=pitch baseline, f=pitch fluctuation, v=volume, 
h=breathiness. 

With the TTS system used four voice parameters can be controlled: speech rate, pitch 

average, pitch range and intensity. Besides, the rising contour for the surprise expression can 

be achieved. Are these four parameters sufficient to convey the emotion represented in the 

facial expression? In [Schroder, 20011 it is stated that some emotions can be recognized 

reasonably well through average pitch and speed. 

s 

50 
35 
50 

Each of the four voice parameters have a value N  associated that indicates how strong 

is the effect or characteristic. As the facial expression has a degree (between O and 100, 

O=neutral), the following value for N  was used: 

where g is the degree of the facial expression, N D  is the default value for N  (supposedly 

corresponding to a neutral intonation) and N M  is the maximum (or minimum) value that 

N  can have. Values for N M  for each expression and parameter were established manually, 

starting from the values of Table 6.3 and the indications in [Montero et al., 19981, see Figure 

6.4. An additional parameter set was included for the expression "Sleep". In this case, the 

intonation is monotonous and slow, and breathiness is high. 

b 

70 
50 
75 

f 
N D f  

40 
70 

60 
45 
60 

v h  

O 
O 
O 
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6.3.2 Local Accent 

CASIMIR0 has been built in the Canary Islands, a region of Spain where people has a 

softer accent that in the mainland. For local people, that accent sounds more familiar and 

promotes empathy. The most significant variation in the Canarian accent is that the "c" (as in 

"hacer") is pronounced as a "S" (see [Hernández, 19991 for more details). Mexican Spanish, 

also available in our TTS system, is very similar, although phrase intonation profiles are 

different. 

The voice generated by the TTS system has a standard Spanish accent. Simple substi- 

tutions were made in order to get a local accent, see Table 6.5. Not al1 the cases are covered, 

though the effect was easily noticed. 

Mad0"i "áo" 
Medo"* "éo" 
"idO"* M "io" 

"úa" 

Table 6.5: Substitutions for getting the local accent (i=only when it appears at the end of a 
word). 

This section has described the simple -yet functional- language generation system 

implemented in CASIMIRO. Sophisticated language generation entails a number of require- 

ments. First, the robot has to have something meaningful to say. It could certainly say many 

things, though they should make sense. Second, there should be variety in the vocabulary 

and phrases. Othenvise the robot will appear repetitive and dumb. Third, we believe that this 

effort should be accompanied by speech recognition capabilities, so that conversation can be 

rich and lasting. Some techniques have been proposed for compensating speech recognition 

deficiencies in dialog systems, such as reducing the vocabulary. 

In principle, it would be desirable that voice synthesis produced a more human voice. 
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However, we believe that, given the externa1 aspect of the robot, it is more appropriate to use 

a somewhat artificial, metallic voice. Othenvise the robot would provoke false expectations 

and would seem strangely balanced in its capabilities. 

Additional improvements to the pose editor could make mixture of expressions pos- 

sible. That is, the possibility of making the face adopt two or more expressions at the same 

time. Of course, the practica1 implementation of this option would require a higher number 

of degrees of freedom on the face. On the other hand, variability in expressions was con- 

sidered (i.e. using randomness as in [Quijada et al., 20041 or Perlin noise [Perlin, 19951). 

However, it was discarded because it would complicate excessively the implementation and 

above al1 it would increase the time in which motor noise is present (which may aEect sound 

localization). 

Principles of animation could also be applied to the pose editor. Many simple tech- 

niques for enhancing the perceived motion are considered in [van Breemen, 20041. Some of 

them caught the attention of the author: 

+ Squash and strecht: things made of living flesh change their shape while moving 

+ Secondary actions: they make scenes richer and more natural. For example blinking 

while turning the head 

+ Timing: a fast eye blink makes the character alert and awake, whereas a slow eye blink 

makes the character tired 
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Chapter 7 

Behaviour 

'Yi good name, like good will, is got 

by many actions and lost by one" 

Lord Jeffery. 

This chapter describes the modelling of behaviour in CASIMIRO, which includes 

both reactive and deliberative aspects. A reflex system (Section 7.1) implements direct 

perception-action associations, while the higher-leve1 aspects of the robot behaviour are 

modelled with an action selection module (Section 7.2). An emotional module was also 

implemented to account mainly for the externa1 observable aspects of emotions, like facial 

expressions (Section 7.3). 

7.1 Reflexes 

Reflexes are inborn, automatic -involuntary- responses to particular stimuli. Examples are: 

the patellar reflex, the knee-jerk reflex commonly tested during routine physical examina- 

tions, and the eyeblink reflex, where the eyes closes in response to a puff of air striking the 

cornea. Most reflexes are simple, but even fairly complicated activities can be reflexive in 

nature. 

In humans, a repertoire of reflexes appear soon after birth. Some of these are reflexes 

of approach (to increase contact with the stimulus), while others are reflexes of avoidance (to 

avoid intense or noxious stimuli). The behaviours of young infants are very much confined 

to reflexes, and are gradually replaced with voluntary actions. Adult behaviour is dominated 
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by voluntary actions, though reflexes are still present, 

With respect to robotics, the most influential work related to reflexes is that of Brooks' 

Subsumption Architecture [Brooks, 19861, already mentioned above. Brooks argues that 

instead of building complex systems and use them in simple worlds, we should build simple 

systems and use them in the real, unpredictable world. Reflexive responses are necessary 

in a complex, dynamic environment. Response to stimuli is reflexive, the perception-action 

sequence is not modulated by cognitive deliberation. 

Implementing fixed reflexes in a robot is relatively straightforward. The following 3 

simple reflexes were implemented in CASIMIRO: 

+ If the robot hears a loud sound, it increases its arousal and valence, especially arousal. 

This in an example of primary emotion (see Section 7.3). 

+ If the robot sees very intense light, it closes the eyes and then frowns. Intense light is 

present when the number of pixels with value greater than a threshold exceeds another 

threshold. This is carried out by the face detection module (Section 6.1). 

+ If the robot sees an object that is too close, it closes the eyes, frowns a little and pans 

for a while so as to look in other direction. The module Omnivision can detect close 

objects by detecting when the estimated distance of any object in the image is lower 

than a threshold (see Section 5.1). 

These actions are directly triggered by the corresponding stimuli, except for the first 

one that exercises its effect through the Emotions module (see below). The first two are 

reflexes of avoidance. 

Reflexes were implemented as fixed perception-action couplings. If a particular per- 

cept is present that triggers the reflex, the robot will always perform the same action. That 

mechanism can make the robot appear too predictable. The next section describes an action 

selection module that allows the robot to show a more elaborate behaviour. 

7.2 Action Selection 

Action selection is the process whereby an action or output is produced, given the current 

inputs and state of the system. It is thus sort of a brain for the robot, that is continuously 

deciding what to do next. Action selection systems usually specify sets of possible actions, 

possible inputs and goals that should guide the selection. The way in which those sets are 
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used defines the action selection method. Goals, at times conflicting, may be pursued in 

parallel. 

The action selection problem has inherent difficulties. Robots generally assume cer- 

tain states of the environment that may not be true, not least because it can be dynamical 

and unpredictable. Sensors are imperfect in terms of quantization and updating frequencies. 

Also, the robot's actuators may not work as they are supposed to do. The selected action 

may not be optimal because the response must be given in a limited time. Finally, some 

circumstances require high reactivity while others need deliberative actions (planning). Al1 

these possibilities have given rise to many models, see [Tyrrell, 1993, 581 for a survey. 

Humphrys [Humphrys, 19971 divides action selection methods into three categories: 

hierarchical, serial and parallel. Hierarchical models are multi-leve1 systems where the mod- 

ules are built into some kind of structure. Some modules have precedence over others, and 

control flows down to their submodules. Kismet's behaviour system has a hierarchical ar- 

chitecture, with three main branches, each specialized to fulfil a drive: the social drive, the 

fatigue drive and the stimulation drive. In serial models some modules must terminate be- 

fore others can start. Finally, in parallel models modules can interact with and interrupt each 

other. 

Pirjanian [Pirjanian, 19971 proposes a different taxonomy: reactive, deliberative and 

hybrid. Deliberative systems consist of a series of processing blocks. Information flows from 

sensors to actuators through these blocks, generally following a sequential order of execu- 

tion. This approach is inappropriate for dynamical environments in which timely responses 

are needed. Reactive systems combine a set of behaviours, each connecting perception to 

action. The combination of these behaviours produces the emergent global behaviour of the 

system. Hybrid systems try to combine the advantages of the two approaches. 

7.2.1 Behaviour Networks 

Maes' Behaviour Networks [Maes, 1990, Maes, 19891 constitute an action selection model 

which can be categorized as serial and hybrid. Behaviour networks have interesting features 

such as reactivity, robustness (the failure of a single module or behaviour does not neces- 

sarily have catastrophic effects), management of multiple goals and its cheap and distributed 

calculations. Moreover, it is not necessary to have explicit representations of plans to achieve 

goal-orientedness. For these and other reasons this action selection model was initially cho- 

sen for CASIMIRO. 

In this type of network, nodes, which have an associated action, are described with 
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Drink: 
Preconditions: At-location-A 
Add list: Not-thirsty 
Delete list: 

Eat: 
Preconditions: At-location-B 
Add list: Not-hungry 

Approach food: 
Preconditions: 
Add list: At-location-B 
Delete list: At-location-A 

Approach water: 
Preconditions: 
Add list: At-location-A 
Delete list: At-location-B 

Table 7.1 : Example behaviours. Not-hungry and Not-thirsty are goals 

predicate lists: 

+ A list of preconditions that should be true in order to execute the action 

+ A list of predicates that will be true after executing the action (Add list) 

+ A list of predicates that will be false after executing the action (Delete list) 

These lists conceptually link nodes with each other. Each network node is called 

behaviour module and it represents one of the available actions. For illustrative purposes, we 

provide in Table 7.1 an example of a simple behaviour network taken from [Goetz, 19971. 

The node activation mechanism depends on the concept of "energy" flow through 

the network. Goals to be fulfilled and Add lists introduce positive energy into the network. 

Delete lists introduce negative energy. After energy has flowed through the network the 

node with the maximum energy is selected to be executed, provided that it exceeds a certain 

threshold. Othenvise the threshold is reduced by 10% and the cycle is repeated until some 

behaviour is selected. Two parameters are important: 4 is the amount of energy injected into 

the network for a valid predicate of the current state of the environment and y is the amount 

of energy injected into the network by a goal. 

Behaviours compete and cooperate to select the action that is most appropriate given 

the environment state and system goals. Actions are selected in a sequence that favours 

goal fulfilment. The system is thus deliberative, although not entirely so because at each 
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step environment inputs can make the system select any behaviour. Therefore, both cases of 

planning and reactivity are dealt with. The weight given to one or other capacity depends on 

the ratio of 4 to y. 

7.2.2 ZagaZ 

CASIMIRO'S action selection module is based on Z a g a  [Hernández-Cerpa, 200 11. Z a g a  

is an implementation of PHISH-Nets [Rhodes, 19961, an enhanced version of Maes' Be- 

haviour Networks. It has a graphical interface that allows to execute and debug specifica- 

tions of PHISH-Nets. Specifications have to be compiled before they can be executed. There 

are two compilation modes: Release and Debug. Figure 7.1 shows the main windows of the 

application. 

Name - 
Argurnent Type -1 
Action Irnplernenter I 
Nearness Esuatim Irnplernenter -1 

Preconditions Ordered? 

Figure 7.1 : Main windows of the Z a g a  application. (Courtesy of D. Hernández) 

Z a g a  capabilities are not fully exploited in CASIMIRO, although it is thought they 

will be used in the future as more complex behaviours are added. Currently, the system 

works as a priority-guided rule system. The behaviour that is finally selected for execution 

is chosen among those executable according to preset priorities (see below). Also, the Add 

and Delete lists are not used, for they are actually implemented through the memory system. 

This way a better control can be exercised over the memorized and forgotten items. Only 



CHAPTER 7. BEHAVIOUR 

one goal was used, and it is present in the Add list of each behaviour. The implementation 

guarantees that the goal is never achieved. 

7.2.3 Implemented Behaviours 

CASIMIRO's behaviour was made intentionally simple. It engages in interaction with the 

subjects that enter its interaction space (roughly a 180" zone in front of it). It tries to te11 

the subjects poems, jokes and data about itself, in that order. Basic interaction stability is 

maintained: each person is greeted, and at times the robot also makes "continuity", "funny" 

comments. It can also detect when the person is distracted, which makes it change topic 

(between poems, jokes and data about itself). It can also ask the subject whether helshe 

wants to hear more phrases of the current topic. When the subject does not collaborate (i.e. 

when the robot can not accomplish its task as stated above) the robot gets angry. 

Table 7.2 shows a list of the perceptions involved in the specification of CASIMIRO's 

behaviours. Al1 of the perceptions are Boolean predicates. Some predicates are just percep- 

tions of the world at a given moment. Others take their values from facts stored in memory 

(either in the individual's or in global memory), see Section 5.6. That is, they are true or 

false depending on the predicate being present in memory or not. For example, the percep- 

tion Greeted is true only when the Greeted fact is present in memory (the Greet action inserts 

it). Memory is initially empty, the execution of behaviours adds predicates to it. From time 

to time a predicate is forgotten (i.e. removed from memory). The forgetting parameters as- 

sociated to these predicates are shown in Table 7.3. These forgetting parameters are very 

important for the correct sequence of behaviours. 

Since some predicates take their values from facts stores in memory, perceptions like 

"LikesMe" and "NotLikesMe" are not quite the opposite of each other. "LikesMe" is true 

when the robot has asked a "Do you like me" question and the answer was Yes, and false 

otherwise. "NotLikesMe" is true when the robot has asked a "Do you like me" question and 

the answer was No, and false otherwise. 

Table 7.4 shows a list of the available actions. Note that, as commented in Section 

3.5, actions are high-level. The TalkAbout[X] actions can turn into different phrases to say 

(see Section 6.3). Other actions like Greet can also produce different final actions. 

Instead of using the energy value to select a behaviour, a priority scheme was used. 

Each behaviour action has an assigned priority (Table 7.5) that allows to pick only one be- 

haviour when more than one is executable. 

Table 7.6 shows a summary of the behaviours defined in ZagaZ. 
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Predicate 1 Descripfion 1 Fmm momory? 1 
FrontalFace 1 truewhen arouehlvfrontal face of m individual has been detected 1 1 

1 .l1111I. ~.llll. 11, 1. . 111111.1.111.11. 11.1 -1111 . 111.11 1 l. I1.L I 
l . .  1 %  1, I l  ll ll., ll..ll\l.lllll I . I .  . l .L 1. II., I I8.I 

\ . , l . .  '1 ... 1, I l  ll ll., ll..ll\l.lll,I , . I r  l . .  .l. .L I II., I I . I 
\l \ , l .? 1, I l  ll ll., ll..ll\l.lllll 1.11.. \11.1 I1.111.I 

\ .~\ I . \ , I .? 1, I l  ll ll., ll..ll\l.lllll , . I r  1 1 . . \ 1 1 . 1  11. 1,. I 
I 1 1 1 1 1 1 I I  1, I l  ll ll., ll..ll\l.lllll l.,. IILCI. .II.LI\L.~ 111.111111111. 11111 .1  

li) ,l., I . ,  
1 iI.c.\l. 1, I l  ll ll., lI8.I . . l . . l i l c l . I I .~ l  ll., ll..ll\l IIIII 111.c. 11 ).. 1,. Ii\i.lii,l 
\ . r  ,I.c.\lc 1, I l  ll ll., lI8.I . . l . . l i l c l . I I .~ l  ll., ll..ll\l IIIII ).. 1,. Ii\i.lii,l 

1 does not like it l 
Owner l triie i f  the individiial is the rohot's m n e r  

TooMmyPeople 1 true if more thm 2 individuals are being detected xound 1 1 

FrontalSound 
WavingHmd 

WavingHmdl 

(the sensor is described in Section 4.1) 
1 true if local temperature exceeds a threshold 

the robot 
true if the robot has heard a sound coming from in front 
true if the Omnidirectional vision module has detected awaving 
hmd (see Section 5.1) 
true if the face detection module has detected awaving 

EmotionHighArousal 

EmotionLmArousal 

EmotionHighValence 

EmotionLmValence 

hmd 
true if average arousal experiencedwith the individual 
exceeds a threshold (see Section 7.3) 
true if average arousal experiencedwith the individual is 
below a threshold (see Section 7.3) 
true if average valence experienced with the individual 
exceeds a threshold (see Section 7.3) 
true if averaee valence exoerienced with the individual 

Table 7.2: List of available high-leve1 perceptions 

WmtRoboWata 
NotWmtRoboWata 
MoreRoboWataAvailable 
NotMoreRoboWataAvailable 
NotTalkedAboutw] 
Queslionedw] 
NotQuestionedw] 
IAmAlone 

, 
true if the individual wmts to hear data about the robot 
true if the individual does not wmt to hex  (more) data about the robot 
true if there are more robot datafor the robot to say 
true if there are not more robot datafor the robot to say 
true if the robot has not talked about [X] 
true if the robot has asked the individual about w ]  
true if the robot has not asked the individual about w ]  
true if there is no m e  is the interaction xea  

, ,  , 
yes, individual 
yes, individual 

yes, individual 
yes, individual 
yes, individual 
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1 OuestionedDoYouWantRobotData 1 O 1 O 

Table 7.3: k and 1 forgetting parameters for predicates stored in memory. 
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Actiori 

Greet 
TalkAboutILikeYou 

TalkAboutHotDay 
TalkAboutIDontLikeYou 

TalkAboutSthingToAttractPeople 

U 

IncreaseValence 
DecreaseValence 
LookAtOther 

IncreaseArousal 
DecreaseArousal 
TalkAboutPoem 

TalkAboutRobotData 
TalkAboutOwner 
TalkAboutIAm Alone 
QuestionDoYouLikeMe 

QuestionDoYouWantPoem 

QuestionDoYouWantJoke 

QuestionDoYouWantRobotData 

QuestionDoYouStillWantPoem 
QuestionDoYouStillWantJoke 
OuestionDoYouStillWantRobotData 

Descnption 

The robot greets the individual 
The robot savs the individual that it 
likes himher 
The robot says sthing when the room - 
is too cold 
The robot savs sthim. when the dav is hot 

U 

The robot says the individual that it 
does not like himher 
The robot says sthing. when - 
there are too many people around 
The robot says sthing to 
attract people 
The robot says sthing funny ("continuity" comment) 
The robot reurimands the individual for being too close 

The robot increases its valence level 

other individual 
The robot increases its arousal level 
The robot decreases its arousal level 
The robot tells a poem 
The robot tells a joke 
The robot te11 sth'ig. about itself 
The robot tells sthng. to its owner 
The robot complains of its loneliness 
The robot asks if the user likes it. This action 
activates either the LkesMe or NotLikesMe perceptions 
The robot asks the subiect if helshe wants to hear poems. 
T h s  action activates either the WantPoem 
or NotWantPoem perceptions 
The robot asks the subject if helshe wants to hear jokes. This action 

about itself. This action activates either the WantRobotData 
or NotWantRobotData uerceutions 

Table 7.4: List of available high-leve1 actions. 
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Action 

Greet 
WantPoem 
WantJoke 
WantRobotData 
TalkAboutIDontLikeYou 
TalkAboutILikeYou 
LookAtOther 
TalkAboutOwner 
QuestionDoYouStillWantPoem 
QuestionDoYouStillWantJoke 
QuestionDoYouStillWantRobotData 
QuestionDoYouWantJoke 
QuestionDoYouWantRobotData 
TalkAboutWavingHand 
TalkAboutPoem 
TalkAboutJoke 
TalkAboutRobotData 
TalkAboutSpeaking 
TalkAboutMoving 
TalkAboutTooClose 
TTalkAboutIAmAlone 

Priority 

1 
1 
1 
1 
1 
1 
2 
3 
3 
3 
3 
4 
4 
5 
5 
5 
5 
6 
7 
7 
8 

Table 7 . 5 :  Priorities assigned to actions. Actions that do not appear in the table have al1 an 
equal priority value of O. 
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7.3 Emotions 

Many emotional models have been proposed both within the A1 community and in psychol- 

ogy (see the Emotion Home Page [E. Hudlicka and J.M. Fellous, 20041). The most well- 

known model is perhaps that of Russell [Russell, 19801, which considers that emotions fa11 

in a bidimensional space, with orthogonal valence and arousal components, see Figure 7.2. 

ANGRY 

SAD 

JOYFUL - 
Valence 

RELAXED 

Figure 7.2: Arousal and valence emotional space. 

This bidimensional space (also called circumplex structure) has received wide sup- 

port in the related literature [Carney and Colvin, 20051. Many forms of human emotional 

experience Cjudgement of the similarity between pairs of affect terms, self-reports of current 

emotion and from perceptions of similarity between static photographs of expressed emo- 

tion) point to an ordering of basic emotions around the perimeter of a circle with arousal and 

valence axes. 

The central zone of that space would correspond to "no emotion". It is a sort of 

neutral state, where there is no feeling of being well or bad, excited or calmed. In this 

unemotional state, it is like emotions are nonexistent. They do not influence behaviour, 

attention or perception. This state is much like that of being "a machine", in which behaviour 

tends to detailed calculi and deliberation, without time restrictions. On the other hand, zones 

that are far from the centre of the emotional space correspond to normal emotional states in 

humans, though they are rarely contemplated in machines. 

For Sloman there are only three types of emotions: basic, secondary and tertiary 

[Sloman, 20011. Picard [Picard, 19971 and Damasio see only two types. Basic emotions 

come directly from certain stimuli. Other emotions arise after a cognitive appraisal. These 

two types of emotions are present in CASIMIRO: 
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+ Basic emotions: Direct influence from sensors: If the robot hears a loud sound, it 

increases its arousal and valence, especially arousal. 

+ Secondary emotions: Influence in the Emotions module from ZagaZ (see Section 7.2). 

The Emotions module maintains a position in a 2D valence and arousal space. The 

module receives messages to shifi the current position in one or the two dimensions. The 2D 

space is divided into zones that correspond to a facial expressions. In order to simplify the 

module, it is assumed that the expression is given by the angle in the 2D space (with respect 

to the valence axis), and the degree is given by the distance to the origin. The circular central 

zone corresponds to the neutral facial expression. When the current position enters a different 

zone a message is sent to the pose editor so that it can move the face, and to the Talk module 

so that intonation can be adjusted. The facial expressions are assigned to the 2D space as 

shown in Figure 7.3. Values of arousal and valence are not always inside the exterior circle, 

though the expression degree is maximum for values that lie outside the circle. 

Figure 7.3: Assignment of facial expression according to the emotional state 

0 

Anger . 
f 

1 ' 
I 1 
1 \ 
1 .- 
\ 

\ Sad , 
.--,p- 

Relative displacements in the arousal and valence axes need a correction. Consider 

the case depicted in Figure 7.4 in which the current position in emotional space is P. If we 

want to lead the robot to Anger, we increase arousal and decrease valence with a displace- 
+ 

ment d. However, the resulting position will be Q, which is associated to Surprise. Obvi- 

ously, the effect of changes in arousal and valence depends on the current position, which is 

undesirable. 

Surprise . . ' Happiness 
'\ 

- \  
5 
1 

I 1 b 

1 
v 

I 
/ 

/ . 0 

Sleep 

The correction, which we have not seen previously in the literature, is as follows. 
+ + 

Given a displacement d = (v, a) ,  the components of the new displacement vector d' are 
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Figure 7.4: Effect of an increase in arousal and decrease in valence. 

given by: 

, where 1 = sqrt((v - vp)' + (a  - ap)') and m = sqrt(v2 + a'). 

Figure 7.5 illustrates the effect of the correction. 

Figure 7.5: Effect of the correction in emotional space when three (arousal-increase,valence- 
decrease) displacements are submitted to the system. Note that the position in the emotional 
space tends to the desired expression. When the current position is at the angle of the desired 
expression only the distance to the centre increases, which in turn increases the degree of the 
expression. 

A very simple decay is implemented: every once in a while arousal and valence are 

divided by a factor. This does not change the angle in the 2D space, and thus the facial 

expression does not change, only the degree. This procedure is in accordance with the fact 

that emotions seem to decay more slowly when the intensity is lower [Bui et al., 20021. In 
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[Reilly, 19961 a scheme is used in which each emotion can have its decay rate, being for 

example slower in anger than in startle. In our implementation each emotion can have a 

decay factor associated, by default set at 2. The use of decay factors (and other parameters 

like the magnitude of the displacements in the emotion space) allow the designer to define 

personalities [Hernández et al., 20041. 

The emotions that the robot has experienced while interacting with an individual 

are stored in the memory associated to that individual (see Section 5.6). Actually, memory 

is updated periodically with the mean values of arousal and valence experienced with that 

individual (a running average is used). 

As for sleep, when the position in the 2D space has been for a certain time in the 

neutral state arousal is lowered by a given amount (valence will be zero). Besides, sleep has 

associated a decay factor below 1, so that it tends to get farther the centre instead of closer. 

This way, the emotional state will eventually tend to neutral and, intime, to sleep. When the 

robot is asleep the neck (see Section 4.1) stops working and the robot mores. 

The Euclidean distance from the current position to the centre of the emotional space 

is used to send the Attention module a message to reduce the fixation in the current focus of 

attention. The Attention module periodically interrogates the Emotions module to obtain the 

current Euclidean distance, which affects the T component in Equation (5.13) (see Section 

5.3). The larger the distance the larger the probability P that this influence makes the current 

FOA change. In particular, P = maz(0, min(d, R ) / R  - K),  being K 5 1 a constant to 

specify. The larger K, the less effect of the emotional state over attention. 
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Chapter 8 

Evaluation and Discussion 

"The irnportant thing is not to stop questioning. " 

Alberi Einstein. 

The modules that make up CASIMIR0 have been evaluated independently in previ- 

ous chapters. The evaluation of those subsystems is relatively straightforward. Basically, 

each technique or subsystem is compared with other reference techniques or subsystems. 

The performance of the subsystems can be evaluated through numerical results, statistical 

techniques can be applied and relatively sound conclusions may be extracted. 

How to evaluate the performance of a social robot as a whole? In an ideal situation 

we would have two different robots available and would evaluate them on the same tasks 

and under the same conditions. That would allow to obtain objective comparative measures. 

However, that approach cannot be taken due to the complexity and cost of the robots and 

their accompanying physical and human support. As we will see throughout this chapter, 

more subjective techniques may be required in the evaluation. 

This chapter is devoted to observing and analysing how CASIMIR0 works as a 

whole. Being a written account, an effori shall be made to illustrate with figures and ta- 

bles how the robot behaves in typical interaction sessions. Section 8. l shows a review of the 

available literature on the topic. Then, examples of shori interaction sessions are described. 

These examples will allow the reader to know how a typical interaction session develops. 

Then, in Sections 8.4 to 8.6 we show the results of a series of interviews in which people 

showed their impressions about the robot. 
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8.1 Evaluating Social Robots, a Review 

For industrial or navigation robots performance evaluation must include aspects like preci- 

sion, repeatability, speed, autonomy, degrees of freedom or battery consumption. It is no 

wonder that these measures turn out to be inappropriate in our context of social robots. In 

fact, it would seem that they are rather contrary to what should be measured. Above all, 

social/interactive robots (still) do not have a well defined task as is the case for industrial 

robots. Scholtz and Bahrami [Scholtz and Bahrami, 20031 note that this fact makes typical 

human-computer interaction evaluation measures such as efficiency, effectiveness and user 

satisfaction inappropriate. 

One of the most comprehensive evaluations of a social robot was made by Shibata and 

colleagues [Shibata and Tanie, 20011. Their robot Paro was already mentioned in Chapter 1. 

Paro is a baby harp sea1 that was evaluated in terms of its positive mental effect on humans, 

such as joy and relaxation through physical interaction. Shibata already notes that contrary 

to the case of industrial robots, in which evaluation is objective, for Paro and other "mental 

commit" robots evaluation is mainly subjective [Wada et al., 2003, Shibata et al., 20031. In 

their studies people's moods were rated using face drawings and Profiles of Mood States 

(POMS) [McNair et al., 19711. Comments of nursing staff were collected as extra informa- 

tion. When questioned, people had to select the face that best showed their emotional state. 

POMS is a popular questionnaire which measures people's mood, and it is mainly used in 

medical therapy and psychotherapy. It can measure 6 moods simultaneously: depression- 

defection, tension-anxiety, anger-hostility, vigour, confusion and fatigue. There are 65 items 

related to moods, and each item is punctuated on a 0-4 scale: O=not at all, l=a little, 2=mod- 

erately, 3=quite a bit and 4=extremely. 

Shibata and colleagues were able to confirm that physical interaction with the robot 

improved the subjective evaluation, and that a priori knowledge has much influence in the 

results of the subjective evaluation. Principal Component Analysis was used to evaluate the 

answers of the subjective evaluation, and that allowed the researchers to extract the most 

meaningful factors. 

In [Kanda et al., 20011 a psychological experiment is described on people's impres- 

sions of a mobile robot designed for interaction. People answered a questionnaire to rate 

the robot in 28 adjective pairs (kind-cruel, distinct-vague, interesting-boring, etc.) with a 

1-7 scale. Factor analysis was used to evaluate the results, confirming the ideas that gaze 

control promotes human-robot interaction and the computer skills of the subjects affect their 

impressions of the robot. 
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The study of Dautenhahn and Weny [Dautenhahn and Weny, 20021 is focused on the 

reactions of autistic children to robots. They propose a technique for quantitatively describ- 

ing and analysing robot-human interactions. The technique is based on observing low-leve1 

behaviours in children, like eye contact, touching, handling, moving away, speech, etc. The 

procedure consists of recording videotapes of the sessions and then manually marking the 

behaviours. The posterior analysis is based on frequencies of apparition and span of the 

behaviours. 

The task of observing sessions, as in the previous study, can be tedious even if record- 

ing equipment is used. An interesting approach is to automate the extraction of session out- 

comes. The system of [Littlewori et al., 20031 describes a robot that uses computer vision to 

classify facial expressions with respect to 7 dimensions in real time: neutral, anger, disgust, 

fear, joy, sadness and surprise. When compared with human judgements of joy, the system 

achieved a correlation coefficient of 0.87. Obviously, this approach is useful not only for 

robot evaluation purposes, but also for improving the robot's observed behaviour. 

8.2 QuantitativeIQualitative Measures 

Desirable characteristics for performance evaluation of any robot are systematicity and, es- 

pecially, "numerical results" that can be analysed with existing statistical techniques. Those 

objectivity characteristics would allow to extract solid conclusions about the robot and to 

compare it with others. However, as mentioned in the previous section, the evaluation of 

social/interactive robots implies a strong and unavoidable subjective component. 

The natural approach is to try to systematize the inherently subjective evaluation of 

the robot. As seen above, questionnaires seem to be the preferred method. However, many 

aspects remain critical, such as the exact questions to be made and the scales for the answers. 

There is always the risk that the question does not exactly cover the aspect to be analysed. 

Also, the scales can lefi out some cases. This introduces errors that add to the inherent errors 

of the statistical techniques (especially for low number of cases. Factor analysis for example, 

generally requires more than 100 data points [Kanda et al., 2001]), which makes extracting 

solid conclusions feasible only for certain precise aspects of the robot. 

Another difficult point is the control of the biases in the experiments. At least two 

effects are present: the social desirability response bias (where people respond to studies in 

a way that presents them in a positive light), and the interviewer bias (where the interviewer 

influences the responses) [Dautenhahn and Werry, 20021. 



CHAPTER 8. EVALUATION AND DISCUSSION 

Duffy and colleagues [Duffy et al., 20021 argue that the field of social robotics in- 

herits a methodology problem of sociology, i.e. whether quantitative methods capture the 

complexities in the social domain. They stand for a qualitative approach, for two main rea- 

sons: 

+ Information is lost and discarded when situations and scenarios are reduced to num- 

bers. 

+ Quantitative methods and data often have qualitative bases: 

"A survey that collects people's opinions of Da Vinci's Mona Lisa painting 

(love, like, dislike, hate) is qualitative. However, when the survey requests 

the opinions to be on a scale from O to 10 is considered quantitative -is this 

quantised data better or more valid?", [Duffy et al., 20021. 

Despite the inherent limitations, the use of questionnaires and numerical scales seems 

to be the preferred method. The observation and analysis of interaction sessions has been 

also widely used, especially in the work of Dautenhahn. Both techniques have been used 

here. The following sections show examples of interaction sessions with CASIMIRO, as 

well as the results of a series of questionnaires completed by the individuals who interacted 

with the robot. 

8.3 Interaction Examples 

Table 8.1 shows an example interaction session with the robot. In this case one person enters 

the interaction area and takes an uncooperative attitude. Only the most significant interaction 

data are shown in the table (in particular, memory and predicate values have been omitted). 

Figure 8.1 shows the moments in which the subject was moving around and when he got too 

close to the robot. 

Table 8.2 shows another example interaction with a more cooperative subject. In this 

case the interaction develops with less disruptions and the robot tells poems and jokes to 

the individual. The robot's emotional state is in this case more positive than in the previous 

interaction example (see Figure 8.2). 

Table 8.3 shows another interaction example. In this case, only the executed be- 

haviours are shown, along with the predicates that enter memory and those that are forgot- 

ten. First the robot fixates on a person. Then, at around time 56, the robot's owner enters 
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- 

Time 

0 
o 
18 
23 

29 
3 1 
35 

39 
40 
47 
50 
5 1 
57 
59 
67 
70 
74 

75 
80 
86 

93 
97 
98 
1 O6 
108 
114 
115 

120 
- 

Observations 

robot start 
robot greets the subject 
the subject is speakmg, the 
robot reprimands him 

the subject is too close, the 
robot reprimands him 

the subject answers Yes 

the subject is speakmg 

the subject is moving 
the subject is waving 
his hand 

the robot tries to change 
topic. Answer=Yes 

the subject answers No 

Executable 
behaviours 

QuestionDoYouWantPoem 

TalkAboutSpeaking,TalkAboutPoem 

TalkAboutPoem 

TalkAboutStbingFunny,QuestionDoYouLikeMe 

TalkAboutPoem,QuestionDoYouLikeMe 

QuestionDoYouLikeMe 

TalkAboutStbingFunny,DecreaseValence, 
DecreaseArousal 
TalkAboutPoem,DecreaseValence,DecreaseArousal 

Emotional 
state 

Neutral 100% 

Anger 70% 

Anger 35% 

Anger 17% 

Neutral 100% 

Anger 70% 

Anger 35% 
Anger 17% 
Anger 88% 

Anger 100% 

Anger 57% 

Anger 28% 

Anger 14% 

Table 8.1: Example interaction: one person interacting with the robot. Behaviours in bold 
were the ones executed by the robot. 

the interaction area and calls out the robot. The robot fixates on the owner and tells him 

something. Then, at time 68, the robot fixates again on the first person and continues the 

previous interaction. Note that, in memory, owner data are treated as global. This can be 

done because there is only one owner. 

In order to show the effect of person recognition, the robot was led to have shori in- 

teractions with two individuals. Initially, individual A enters the interaction area, see Figure 

8.3. The valence values show that he adopts an uncooperative attitude. The robot tries to ask 

him if he wants to hear poems, but the individual keeps moving around and the robot has to 

abori the questions. At time 55 individual A begins to leave the interaction area. The robot 

is then alone. At time 67 another individual enters the interaction area. This individual B is 
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Figure 8.1: Person moving around and getting closer to CASIMIRO. 
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Figure 8.2: Valence values in the first (left) and second (right) example interactions. 

more cooperative and answers affirmatively to the two questions made by the robot. Individ- 

ual B leaves the area at around time 126. Then, individual A comes back at time 145 and is 

recognized by the robot, which avoids greeting him again. Note that upon seeing individual 

A the robot emotional state turns very negative, for its previous interaction with him ended 

unsatisfactorily. Table 8.4 shows what the robot says in each case. 

The interaction examples shown in this section allow the reader to get a taste of how 

a typical interaction develops. Still, it would be very valuable to get an impression of the 

opinions of those who interacted with the robot. The following sections are devoted to it. 
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- 

Time 

(S) 
o 
19 
25 
31 
36 
45 
56 
63 

73 

74 
76 
82 
86 

90 
96 

100 

1 O4 
105 

112 

119 
121 
126 

127 
132 
133 
134 
140 
147 

154 
155 

163 
- 

Obsenrations 

robot s tx t  
robot greets the person 

the person gets too close 
the person answers Yes 

the person answers Yes 

the person answers Yes 

the person is moving, the 
robot reprimands him 
robot tries to change topic 

the person answers Yes 

the person answers Yes 

The person answers Yes 

Executable 

behaviours 

Greet, TalkAboutSthingToAttractpeople 
TalMboutSthingFunny,QuestionDoYouWantPoem 
TalMboutTooClose, QuestionDoYouWantPoem 
OuestionDoYouWaniPoern 

. . 
~ l ~ b o u i P o e r n , ~ n c r e a s e ~ ~ o u s a l , ~ n c ~ e a s e ~ a l e n c e ,  
TalkAboutSthingFunny 
InaeaseArousal, IncreaseValence, TalkAboutSthingFunny 
TalkAboutSthingFunny 

T a l M b o u t M o ~ n g , Q u e s l i ~ n D ~ Y ~ ~ S t i l l W a n t p ~ e m , I n ~ ~ e a ~ e A ~ ~ ~ ~ a l ,  
IncreaseValence,TalkAboutSthingFunny 
QuestionDoYouStillWaniPoern,InueaseVaIence, 
TalkAboutSthingFunny 

QuestionDoYouWantJoke, IncreaseArousal, IncreaseValence, 
TalkAboutSthingFunny 
TalMbouWoke,IncreaseA~ousal, InueaseValence, 
TalkAboutSthingFunny 

TalMboutSthingFunny,QuestionDoYouLikeM, IncreaseArousal 
TalMboutJoke, IncreaseArousal, IncreaseValence, 
QueslionDoYouLikeMe 

Emotional 

State 
Neutral 100% 

Surprise 50% 

Surprise 25% 

Surprise 12% 

Anger 70% 

Anger 35% 

Anger 17% 
Happiness 50% 

Happiness 25% 
Happiness 75% 
Happiness 100% 

Happiness 81% 

Happiness 90% 

8.4 Interviews. What to Evaluate? 

Many researchers tend to think that the best evaluation for a social robot is the effect that it 

has on people. A typical measure they resort to is interaction time: the larger the interaction 

sessions the better the robot. Also, people are interviewed about aspects like engagement or 

entertainment in their interactions with the robot. Most of robot evaluations emphasize the 

effect of the robot social abilities on humans. This suggests that the main goal of the robot 

was solely to produce a good effect on people (or at least that is what it was being measured). 

Interaction distances are also commonly viewed as a central measure. Generally, it is 

assumed that the shorter the interaction distances the better the appeal of the robot. 
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- 

Time 

(S) 
o 
15 
21 
28 

31 
47 
59 
60 
64 
68 
71 
72 
73 
74 
- 

Executed behaviour 

robot s lx t  
G m t  
TalkAboutSthingFunny 
QuestionDoYouWantPoem 

TalkAboutPoem 
TalkAboutSthingToAttractPeople 

TalkAboutPoem 

Global mem. Individual's mem. 

'inserted into memoiy 
forgotten 

Table 8.3: Example interaction: one person interacting with the robot plus the owner 

While being important, it is our view that such engagement aspects should not be the 

central part of the evaluation. That approach would be the equivalent of establishing if a film 

has been well shot exclusively on the basis of a group of spectator's opinions. 

It is extremely difficult, if not impossible, to isolate aspects like engagement or in- 

teraction time from population values like age, profession, observer's mood, leve1 of howl-  

edge, etc. Quoting Brooks: Intelligence is in the eye of the observer ([Brooks et al., 19981). 

Experiments described in [Schulte et al., 19991 showed that children under 10 attributed in- 

telligence to a museum robot (Minerva, see Section 6 .  l), whereas children aged 11+ at- 

tributed the robot the intelligence of a dog or a monkey. This result is in accordance with 

the effect of the Paro robot (see above): the group of interviewed subjects aged under 20 

and over 50 rated the robot higher than the rest of subjects. More recent studies have also 

confirmed that the appearance of the robot is interpreted differently by adults and children 

[Woods et al., 20051. 

The study of [Siino and Hinds, 20051 analyses the effect of an autonomous mobile 

robot on a Hospital staff. Engineers and male administrators generally saw it as a machine 

that they could control. Female administrators and low-leve1 female staff workers anthropo- 

morphized it as ahuman male that acted with agency. Also, in a recent experimental work 

([Lee and Kiesler, 20051) it is shown how people estimate the robot's howledge by extrap- 

olating from their own howledge. The authors suggest that designers of humanoid robots 

must attend not only to the social cues that the robots emit but also to the information people 

use to infer aspects of the robot's behaviour. 

The fact is that even a simple chess program could lead to very large interaction times 
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1 Executed behaviour 1 Robot says ... 1 Individual says ... 1 
1 TalkAboutMovin~ 1 Keeü still! 1 1 

1 1 heav some üoems? 1 1 

TalkAboutMoving 
QuestionDoYouWantPoem 
TalkAboutMoving 
QuestionDoYouWantPoem 

stop moving avound! 
Answev with youv head do you want to heavpoems? 
Please stop moving avound! 
Please answev with youv head do you want to 

lanothev üoeml & 

TalkAboutMoving 
TalkAboutWavingHand 
Greet 
TalkAboutSthingFunny 
QuestionDoYouWantPoem 

TalkAboutPoem 
QuestionDoYouLikeMe 

~ a l k A b o u t 1 ~ m ~ G n e  1 I know some poems, do you want to heav them? 
TalkAboutMoving 1 I will ignove you until you stop moving! 

Table 8.4: Sentences spoken by the robot in the session of Figure 8.3, in chronological order. 

Keep still! 
What? 
Gveetings eavthling! 
lfunny comment] 
Answev with youv head: do you wanna heavpoems? 

Fine! 
[shovt poem] 
Answev with youv head do you like me? 

of this document is expected to be knowledgeable on the topics of robotics and artificial 

intelligence. If we want to provide the reader with a faithful view of the robot then a good 

option would be to reproduce the impressions of other knowledgeable people. 

[Head nod] 

[Head nod] 

For al1 these reasons, al1 the subjects of our interviews have a background in computer 

science. 37.5% of the interviewees had a PhD degree in computer science or engineering. 

Of these, 84% currently have robotics andlor computer vision as their main field of research. 

The rest have a MSc degree in computer science and are currently active. They al1 had some 

previous familiarity with the robot, and some of them even contributed with some software 

created for other projects. For those who still knew little about the robot, a behaviour was 

implemented so that the robot could describe its technical design (see Section 7.2). 
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8.5 Questionnaire 

The interaction structure for al1 the subjects was the following. When the subject is in the 

robot's surroundings, the robot is switched on. Then the interaction develops. At some point 

the controller (the person who switched the robot on) enters the interaction space. From that 

moment on, two individuals are in the robot's interaction space. The interaction session ends 

when the controller sees that the robot is becoming bored (which tends to occur when the 

robot has nothing more to say to the person). During interaction, the controller tries to get 

the robot's attention at least once. 

After the interaction session the subjects completed a questionnaire. The question- 

naire is divided into three sections plus an additional question. The three sections are: 

1. "1 understand the robot" 

2. "the robot understands me" 

3. "overall impression" 

The first two sections would allow to infer to what extent the robot has minimum 

two-way social abilities. The questionnaire is shown in Table 8.5. 

The assignation of questions to sections is somewhat fuzzy. In principle, almost al1 

the questions of the first section could also belong to the second section and vice versa. The 

question "The robot pays attention to you", for example, may be interpreted as communica- 

tion from the subject to the robot (i.e. the robot perceives the subject) or from the robot to 

the subject (i.e. the subject perceives that the robot perceives himlher). The final assignation 

was based on the agent (human or robot) that initiates communication and has a clear intent 

to communicate. In "The robot pays attention to you", it is the robot that makes people see 

that it is paying attention to them (by speaking at them, for example). That is, the crucial 

aspect in that case is the fact that 1 see that the robot is paying attention to me. 

Note that we do not ask the subjects for issues like engagement or fun. Again, we are 

mainly interested in endowing the robot with basic interaction abilities, and so words like 

convey and understand are frequent in the questions. Future work may orient these abilities 

toward a more specific application. 
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Section 1: 
1. 1 have understood everything the robot has told me - 
2. The robot has conveyed its emotions through facial expressions 
3. The robot has conveyed its emotions through voice tone - 
4. The robot pays attention to you 
5. The robot is conscious of my presence 
6. The robot is conscious of my movements 
7. The robot recognizes people 
8. This robot is a good starting point for keeping you informed 

Section 2: 
9. The robot understands what people say 
10. The robot understands facial expressions 
11. The robot knows where 1 direct my attention 
12. This robot may be used to make it learn new things from people 

Section 3: 
13. 1 have not had to make an effort to adapt myself to the robot 
14. The robot has not had failures (things that it obviously had to do but it didn't) 
15. What do vou think the robot should have to be used more freauentlv? 

Table 8.5: Translation of the questionnaire used to evaluate the robot. The interviewees had 
to give between 1 and 5 points for each question (1 means no or totally disagree, 5 means 
yes or totally agree. The last question allowed a free answer). 

8.6 Results and Discussion 

A total of 19 individuals completed the questionnaire. This was considered sufficient, for, 

as can be seen in Figure 8.4, the variation of the scores as a function of the number of 

individuals is approaching zero. 

Next, we make a detailed analysis of the results obtained for the questions in each 

section of the questionnaire: 

Section 1 

The first question obtained relative high values (see Figure 8.5), confirming that the robot's 

speech was easily understood. Note that this positive outcome was obtained after extensive 

use of annotations ' in the text to synthesize (See Appendix A). The use of textual informa- 

tion without further adaptation (information gathered on the Internet, for example), would 

'special characters that allow to change intonation, speed, volume and other speech parameters 
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Chapter 9 

Conclusions and Future Work 

"We must dure to think "unthinkable" thoughts. We must 

learn to explore al1 the options andpossibilities 

that confront us in a complex and rapidly changing world. 

We must learn to welcome and not to fear the 

voices of dissent. We must dure to think about 

"unthinkable things" because when things become 

unthinkable, thinking s t o p  and action becomes mindless. " 

James W. Fulbright 

The emergent field of social robotics aims at building robots that have abilities to 

interact with people. These robots have expressive power (i.e. they al1 have an expressive 

face, voice, etc.) as well as abilities to locate, pay attention to, and address people. In 

humans, these abilities fa11 into the domain of what has been called "social intelligence". It 

is now agreed that such abilities are a fundamental part of human intelligence, traditionally 

associated to more "numerical" and logical abilities. Some authors even argue that social 

intelligence is a prerequisite for developing other types of intelligence. 

For that class of robots, the dominant design approach has been that of following 

models taken from human sciences like developmental psychology, ethology and even neu- 

rophysiology. This is a perfectly valid approach, since the human being is the perfect model 

of social intelligence (at least the social intelligence that we would like to emulate). 

This final chapter begins by summarizing in Section 9.1 the main conceptual contri- 

butions of this thesis. Then, the technological achievements are enumerated. Finally, Section 

9.3 is devoted to ideas for future work and improvement. 
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9.1 Conceptual Contributions 

The conceptual contributions of this work can be summarized as following: 

It has been formally shown that the reproduction of social intelligence, as opposed to 

other types of human abilities, may lead to fragile performance, in the sense of hav- 

ing very different performances between tested and unseen cases (overfitting). This 

limitation stems from the fact that the abilities of the social spectrum are mainly un- 

conscious to us. Conscious mental processes fade into the unconscious with practice 

and habituation, which allows them to be fast and automatic. Also, these processes do 

not interfere (can be carried out in parallel) with other processes. Our social abilities, 

which appear earlier in life, are mostly unconscious. This is in contrast with other 

human tasks that we can carry out with conscious effort, and for which we can easily 

conceive algorithms. 

Such ideas may constitute a consistent explanation of the well-hown fact that certain 

tasks that are trivial for us are hard for computers/robots and vice versa. As far as 

the author hows ,  the origin of this truism has not yet been explained clearly. Here 

we have seen that, in humans, practice and habituation makes processing details go 

unconscious. The lack of conscious howledge of the form of our most "practised" 

processing algorithms (precisely those which we use with little cognitive effori and in 

parallel with other tasks) leads to fragile performance in the implementations. On the 

contrary, for tasks that we carry out with conscious effori we can devise more definite 

algorithms, which leads to implementations that may outperform humans in terms of 

robustness, speed and precision. 

It was noted that the robot design and development process is essentially inductive. 

This allowed us to propose an approach suitable for the specificity of the domain men- 

tioned in the first point above: the complexity penalization idea often found in induc- 

tive Machine Learning techniques. Complexity penalization is a principled means to 

control overfitting. The following guidelines are proposed: 

- Make an effori in discovering opportunities for improving performance in the 

niche of the robot (realized niche). This can lead to unintuitive implementations 

(or, in other words, can cal1 for originality). 

- Proceed from simple to complex algorithms and representations. The final im- 

plementation should be as simple as possible. 
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- Perform extensive testing of the algorithms and representations in the niche of 

the robot. Adjustments to the (or selection of new) algorithms and representations 

should be guided by the the results of these tests. 

- Treat available human knowledge very cautiously, and always following the 

two previous guidelines. Basic howledge will almost always be applicable 

to most niches. Detailed howledge may be appropriate only for few specific 

niches. 

This approach basically advocates for a simple-to-complex development process, with 

emphasis on extensive tests in, and fit to, the robot niche. Note that this can be achieved 

either from a design (as in CASIMIRO) or developmental perspective. Using genetics 

terminology, such adaptation to the robot niche can be achieved through ontogeneti- 

cal or phylogenetical approaches. In the former, the robot itself would acquire novel 

abilities through strong interaction with its environment andlor caregivers, which is 

essentially what humans do. 

Also, the guidelines of the proposed approach suggest that the integration of state- 

of-the-ari "out-of-the-box" techniques to which these robots lend themselves to is not 

always the best option. A number of examples of this have appeared throughout this 

document. 

From the point of view of the author, the novel conceptual approach developed in 

the first chapters of this document (and summarized above) is a novel and valuable contribu- 

tion to the field. Currently, most social robots are designed with an eminently biologically- 

inspired approach, in which researchers make use of concepts and models taken from devel- 

opmental psychology, ethology, neuroscience, etc. Starting from such analytical viewpoint 

and resorting to theories about autism and human consciousness we have come to the con- 

clusion that engineering aspects such as the robot niche and in situ tests may be crucial for 

developing sociable robots. 

9.2 Technical Contributions 

A robot named CASIMIR0 has been developed as an experimental testbed for exploring 

the methodological guidelines outlined above. A set of basic abilities, al1 of them directly 

or indirectly related with what we h o w  as social intelligence, were separately studied and 

implemented: 
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Sound localization: Sound localization systems normally extract localization cues 

from the sound signals. From these cues the system can infer, for example, if the 

sound comes from any of three basic directions: in front, from the left or from the 

right l .  We proposed a method for extracting cues that achieves a higher discriminant 

ratio (using these three directions) than a previous method (Cog's sound localization 

system, see Section 1.1). For our robot, we concluded that a simple interaural time 

difference detector would be the best option, as it extracts a sound angle directly from 

a formula, avoiding the need to use thresholds or classifiers to infer directions from the 

extracted cues. 

Omnidirectional vision: Many sociable robots use conventional cameras for detecting 

people. These cameras have a rather narrow field of view (typically less than 70"). 

For CASIMIRO, an omnidirectional vision system, based on background subtraction, 

was built with low cost components. Despite (or because of) its simplicity, the system 

gives the robot a 180" field of view in which it can detect and track people robustly. 

The system uses a convex mirror, which allows to provide a rough measure of distance 

to the detected people. With such measure we have made the robot able to detect 

individuals that are too close, or othenvise act to maintain the appropriate interaction 

distance. 

Audio-visual attention: an audio and video based attention system was implemented, 

allowing the robot to put its attention to the most important element of the environ- 

ment: people. Inaccuracies in the perception channels -particularly in sound localiza- 

tion- are alleviated by the bimodal fusion. Previous attentional systems concentrated 

on the effect of salient low-leve1 perceptions on attention. Our attentional system al- 

lows for saliency contributions from any deliberative processes, which in turn provides 

a flexible way to implement joint attention and to model the effect that emotions may 

exert on attention. 

Face detection: Our first implementations used state-of-the-art face detection algo- 

rithms. However, after extensive experimental evaluation we discovered that, in the 

current robot niche, only skin-colour blobs with certain heightlwidth ratios would suf- 

fice to detect faces robustly. This served as a confirmation of the the postulates of the 

approach outlined above. On the other hand, most face detection systems use colour 

as the main discriminant feature. But often, furniture have colours that appear similar 

to skin colour. To alleviate this, depth was used as a filter, producing better detection 

rates as well as better framed faces. 

'these directiom could be used to move the robot head and make the localization more and more precise. 



CHAPTER 9. CONCLUSIONS AND FUTURE WORK 

Head yeslno gesture detection: Yeslno gestures are detected with a simple facial points 

tracking-based technique. Only distinctive points inside the face rectangle are tracked. 

These yeslno, approval/disapproval gestures are recognized as answers to questions 

made by the robot. This provides a robust input that can be used as a basic feedback 

mechanism for learning new abilities or improving the social behaviour. 

Habituation: Some perceptual inputs should not waste robot resources, especially its 

attention. An histogram-based technique was implemented to detect repetitive per- 

ceptual patterns. The technique was applied in the visual domain, allowing the robot 

to stop looking at repetitive ("boring") visual patterns. This goes in the direction of 

making the robot appear more natural, as observed by humans. 

Emotion: An emotional system was implemented so that the robot is every time in 

an arousal-valence state. Such state, which can be varied by other robot modules, is 

mapped onto facial expressions like happiness, anger, neutral, etc. Emotional states 

decay, so that the robot will tend to have a neutral state and expression unless properly 

stimulated. 

Facial motion: A conceptually simple and scalable method for facial features motion 

modelling was implemented in the robot. The proposed method and software allow the 

designer to easily conform facial expressions by moving interactively one or a group 

of motors. Transitions between expressions can also be tested and modified easily. 

Owner detection: A method for recognizing the robot's owner was implemented. Face 

recognition researchers tend to measure performance in terms of the number of in- 

dividual~ that the system can recognize and measured error rate. In this respect, a 

measured error rate of 5-10% can be considered very good. The approach presented 

in this document does not use face recognition techniques, although it recognizes a 

single individual with guaranteed zero error. No face recognition method would rec- 

ognize the owner with such low error. Note that this result is an example of what can 

be obtained by following the general approach mentioned above: although it is only 

appropriate for the current robot niche, we have been able to devise the simplest al- 

gorithm (or one of the simplest) that allows to recognize the owner. In experiments, 

people received such ability with amazement. 

Memory and person recognition: Person recognition was achieved through colour 

histogram-based torso recognition. For reduced groups of people, such technique may 

be more robust than face recognition. If we consider owner detection, the robot is in 

fact able to recognize a small group of individuals (say 1 to 3) very robustly. Person 
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recognition allows the robot to have memory associated to each individual, particularly 

data about the outcome of previous interactions. 

9.3 Future work 

Conceptual aspects 

Future work will include the further development of the implications of the fact that social 

abilities are mostly unconscious. We believe that this specificity of the problem deserves 

additional analysis. In particular, it would be very important to establish the extent to which 

introspection and indirect observation can make visible the inner workings of unconscious 

processes. We saw in Chapter 2 that the unconscious nature of certain processes is acquired 

through practice and habituation. Their being unconscious makes them fast and automatic, 

allowing them to be carried out in parallel with other tasks. Thus we have a being that learns, 

and the better he learns an algorithm (i.e. the better he performs), the less conscious access 

he has to that algorithm. What we see is that the higher mental processes that precisely allow 

us to tackle the reproduction of our social abilities crucially depend on those unconscious 

processes being unconscious. This catch-22 situation seems a theoretical obstacle that should 

be explored. 

In any case, such reflections are useful mainly on a theoretical level and in fact they 

would fa11 into what would be Cognitive Science. As it has been shown in the first chapters 

of this work, they may serve to define the specificities of the problem of developing sociable 

robots. They are also thought-provoking ideas that could lead to new interesting approaches 

to the problem. 

On a more practica1 level, the utility of the specific guidelines proposed in this work 

for developing sociable robots shall have to be explored in future projects. Of course, it is 

not intended to be a definitive approach for developing sociable robots. It proposes just a few 

non-stringent d e s ,  and hence it may be useful as a basic development perspective, possibly 

in conjunction with other paradigms and approaches. We hope that it will be present in our 

future robots and in those built by other researchers. Only a large scale use of the approach 

will allow to extract meaningful conclusions. 
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Technical aspects 

Many aspects of the robot could be considered for further improvement. In fact, some parts 

are currently being extensively researched separately: sound localization, emotion mod- 

elling, developmental approaches, etc. From our point of view, however, there are two key 

abilities that shall be seriously taken into account in our future work. 

First, an aspect that should be further explored in the future is person recognition. 

This is no doubt crucial for a sociable robot. The ideal technique would be facial recognition, 

not least because it is unobtrusive. Generally, it is thought that the best way to test face 

recognition algorithms is by showing their performance for large numbers of individuals. In 

our view, it would be better if we could guarantee a good performance at least for a low 

number of individuals. Thus, for person recognition other techniques may be useful in the 

case of having to recognize between a low number of individuals, say a family. Height, for 

example, may be used to recognize. 

Note that the use of such simple feature for recognition (and the technique mentioned 

for owner recognition) is in accordance with the general approach outlined above. Complex- 

ity penalization techniques are mostly applied in the classification part of the system. Feature 

spaces should also be as simple as possible. For that purpose, constructive induction (also 

known as "feature engineering") may be used. 

Recognizing people and maintaining some sort of memory of the individuals is so 

important for interaction that more original techniques should be explored. Some authors 

have used wireless tags (RFID tags, see below) for identification. These tags, in the form 

of badges, emit a radio signal that a receiver on the robot can detect. The system can pro- 

vide both position and identification of each badge in the vicinity. This approach is very 

attractive, although individuals that enter the room have to put on the badges or they will 

not be detected. Obviously, the utility of this is subjective. In the design of CASIMIR0 it 

has always been our desire to use techniques that are not unpleasant for people. Therefore, 

the use of badges would not be an option for us (unless the robot worked in an environment 

where badges were compulsory) 

Notwithstanding, RFID (Radio Frequency Identification) tags are becoming increas- 

ingly small. The so-called passive tags do not have interna1 power supply. The minute 

electrical current induced in the antenna by the incoming radio frequency signal provides 

just enough power for the CMOS integrated circuit in the tag to power up and transmit a 

response. The lack of an onboard power supply means that the device can be quite small. 

As of 2005, the smallest such devices commercially available measured 0.16mm2, and are 
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thinner than a sheet of paper. Still, current passive tags have practica1 read distances ranging 

from about lOmm up to about 1 metre. 

In future experiments we will consider the following scenario. People to be recog- 

nized would carry passive tags, in the form of small stickers. They could be adhered to wrist 

watches or mobiles phones. In the main entrance to the interaction space (the robot room) 

receiver panels would be placed that would detect each individual tag. A person tracking 

system (either using omnidirectional vision as in CASIMIRO, laser ranges finders or other 

techniques) would then track the recognized person. That way, each person would be identi- 

fied and its identity maintained throughout the whole interaction session. 

On the other hand, speech recognition is a necessary task that will also be studied in 

the future. The results of the evaluation questionnaire clearly shows that people still find that 

the robot does not understand them. This would warrant efforts in this aspect. 

It is estimated that speech recognition errors, dubbed by Oviatt as the Achilles' heel 

of speech technology, increase a 20%-50% when speech is delivered during natural spon- 

taneous interaction, by diverse speakers or in a natural field environment [Oviatt, 20001. 

Word-error rates depend on the speaking style, emotional state of the speaker, etc. More- 

over, in the presence of noise, speakers have an automatic normalization response called the 

"Lombard effect", that causes speech modifications in volume, rate, articulation and pitch. In 

CASIMIRO, experiments were carried out using microphones placed on the head. The op- 

tion of making the speaker wear a microphone was discarded from the beginning because it 

is too unnatural. The main obstacle in this case was the distance between the speaker and the 

microphones of the robot. Speech recognition errors increase significantly with the distance 

to the speaker (a 35dB decrease in SNR at 60cm [Wenger, 20031). This is specially true in 

an office environment with noise generated by computer fans, air conditioning, etc. An hy- 

percardioid microphone was also tested though recognition of simple words only performed 

relatively well enough at distances of up to around 50cm. 

Speech recognition at a distance is probably one of the most interesting research 

topics in human-computer interaction. The usefulness is clear, not least because it would 

allow users to be free of body-worn microphones. Two techniques seem especially attrac- 

tive. On the one hand, microphone arrays can be used to selectively filter out signals com- 

ing from certain directions [McCowan, 20011. This is equivalent to say that only signals 

coming from a cone in front of the microphones are considered. A simple microphone 

array was implemented for CASIMIR0 with the two microphones used for sound local- 

ization, by summing the two signals. This emphasizes signals coming from the zone in 

front of the microphones. However, the signal to noise ratio gain was low. For two micro- 
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phones, the maximum theoretical gain in SNR terms is 3dB [Johnson and Dudgeon, 1993, 

Ortega-Garcia and González-Rodriguez, 1996, Seltzer, 20011. This is even lower than the 

hypercardioid microphone mentioned above. 

An interesting technique that we shall take into account is audio-visual speech recog- 

nition [Liu et al., 2002, Liang et al., 2002, Nefian et al., 20021. This technique is based on 

combining audio information with lip tracking to make the system more robust (an example 

of the redundancy principle mentioned in Section 3.4). Results are impressive, achieving er- 

ror reductions of up to 55% (at SNR of OdB) with respect to audio only speech recognition. 

However, it is not clear whether the system can work in real-time without special hardware. 

Besides, the system requires the face to be well framed and stable in the images. 

Even if we cannot implement an acceptable hands-free speech recognition system 

for CASIMIRO, the use of certain microphones will be considered. Currently, there are 

commercially available Bluetooth headsets that are both discreet and easy to carry. The 

robot owner could wear one of those headsets. The robot would easily recognize hislher 

speech (the microphone is very close to the mouth and the recognition could be in speaker- 

dependent mode). When a new person enters the room, the robot would adoptan appropriate 

attitude. That is, it would not speak directly to the newcomer. Displaying shyness, it would 

only talk with the owner. Should the newcomer want to te11 something to the robot, the owner 

would act as a sort of proxy, by saying things like "CASIMIRO, he is telling that ... " or "He 

asks.. . ". 
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Appendix A 

CASIMIRO's Phrase File 

In this appendix we show an extract of CASIMIRO's phrases file. The file is arranged in 

symbols, under which a collection of phrases can follow. The phrases of each symbol can 

have a priority, which is a non-negative number that appears before the phrase (lower num- 

ber=higher priority). See Section 6.3 for more details. 

: Fichero con la base de frases a pronunciar 

Formato 

: cSimbolo> 

: cTAB, [Prioridadiespaciol Frase 

: cTAB, [Prioridadiespaciol Frase 

, . . .  
: cSimbolo> 

: cTAB, [Prioridadiespaciol Frase 

: cTAB, [Prioridadiespaciol Frase 

: La prioridad es opcional, es un numero mayor o igual a cero. Si se usan prioridades, han de 

aparecer consecutivas 

: (no ha de faltar una prioridad) 

: Se dicen primero las frases de valor mas bajo de prioridad. Dentro de el conjunto de frases 

de mismo valor de prioridad 

: se escoge cada ver una al arar. 

. . . . . . . . . . . . . . . . . . . . . . . . .  . . . . . . . . . . . . . . . . . . . . . . . . .  
:Actualidad 

: Rajoy 

: Zapatero 

: Ibarretxe 

: Blair 

Bush 
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: Tengo una Rajoy en el aluminio! 

:Zapatero 

: Zapatero presidente! 

: Ibarretxe 

: Oscar  dice que tengo más peligro que1 plan Ibarreche 

:Blair 

: Soy amigo de Tony Bleeeerg 

:Bisbal 

: A ver si alguien me compra una peluca a lo Bisbal! 

:Bus h 

: sé menos de la gente que trabaja aquí que Bush de geografía 

Greeted [CiclaFrasesl 

Hooola! 

Qué tál? 

'4 Salúdoss 'p3 terrícola 

Hola! 

TalkAboutTooManyPeopleAround [CiclaFrasesl 

Con tanta gente Estoy más perdido que Gually en el Frente Atlético 

Hay mucha gente aquí, estoy más perdido que úna neurona en una película de Rámbo! 

Cuánta gente! 

TalkAboutSthingFunny [CiclaFrasesl 

aáayyy!. estoy mas '4 desgastado que las ruedas del coche fantástico! 

1 e !  'p100 Soy mas vago que los supléntes de un futbolín 

Tengo menos '4 fallos que el examen de conducir de Máikel Nait 

Alguien tiene un chupachups de aluminio? jéje 

a versi consigo hacerte reir 

espero que te estés llevando una buena impresión de mii 

tienes que decir a todo el mundo que soy un robot genial 

has visto por ahí alguna robotita cachonda? 

pórtate '4 bien para que '4 puedas ver '4 todo lo que hago 

se supone que soy tecnología punta 

Tengo '4 nervios de acero 'p5OO jéje 

TalkAboutSthingT~AttiactPeople [CiclaFrasesl 

O Acércate un poquitín, que soy más inofensivo que las balas del equipo AA! 

o Acércate un poquitín 
o Acércate hombre 
o aceércate un pooco 
1 Acércate más coiio! 

TalkAboutILikeYou [CiclaFrasesl 

O creo que me gustas mucho 

O Túy yo podemos ser grandes amigos 

o me pareces interesante 
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1 Me gustas mucho 

1 me gustas! 

TalkAboutIDontLikeYou [CiclaFrasesl 

O no me lo estás poniendo fácil 

O que difícil eres! 

O pero que difícil eres! 

O Eres más aburrido que jugar al solitario de güindous 

1 NO me gustas! 

1 NO me gustas nada! 

1 que muermaro eres! 

1 '4 Borde! 

2 si '4 no fuera solo una cabera te daría una buena patada en el culo! 

2 hijoputa 

TalkAboutColdRoom 

O El maldito aire acondicionado otra ver a toda máquina 

o me '4 voy a congelar con '4 tanto aire acondicionado 
O que alguien desconecte el aire acondicionado! 

TalkAboutHotRoom 

o Esto está más caliente que1 mechero de Colomho 
O Hace más caló aquí que en el tubo de escape del coche fantástico 

O Hace un poco de calór aquí dentro 

1 que alguien conecte el aire acondicionado! 

1 hace mucho calor aquiiiii! 

TalkAboutColdDay 

Un día fresquito! 

Parece que hace fresquito ahí fuera 

TalkAboutHotDay 

Vaya día de playa hace! 

Vaya día de calor! y yo sin poder salir de aquí! 

'O Menos mal que no estoy fuera, que si nó se me derriten los circuitos 

QuestionDoYouLikeMe [CiclaFrasesl 

o contéstame con la cabeza: Te gusto? 
1 Contésta sí 'pl o nó con la cabeza: Te parezco divertido? 

1 Contésta sí 'pl o nó con la cabeza: Te parezco un robot interesante? 

2 Te divierto? 

2 Te estoy divirtiendo? 

TalkAboutTooClose 

O estás muy cerca, aléjate un poco 

O aléjate un poco, que corra el aire 

O no te acerques tanto 

O aléjate un poco 

1 joder! estás '4 muy '4 cerca! 

1 cófio!, harte para atrás! 

1 harte un poco para atrás! 

2 Hasta que no te hagas un poco para atrás pasaré de tí! 

TalkAboutMoving 

o quédate quieto en un sitic 
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O por favor no t e  muevas 

1 por favor Deja de moverte! 

1 oye, deja de moverte! 

2 pero c o k !  quédate quie to  en un s i t i o !  

2 pero c o k !  quédate quie to!  

2 por favor Pára ya de moverte! 

3 hasta que no dejes de moverte voy a pasar de t í !  

TalkAboutSpeaking [CiclaFrasesl 

O no tengo oídos, no puedo entender l o  que me dicen 

o Nó ' p l  me han ' 4  puesto oídos, no entiendo l o  que me dicen 

O s i  me ' 4  dicen algo no l o  entenderé, aún no puedo reconocer l a  voz 

O no puedo entender, todavía no puedo reconocer l a  voz 

1 s i l e n c i o !  

1 a c a l l a r !  

1 que se cál len!  

2 ' 4  c á l l a t e  c o k !  

TalkAboutWavingHand 

O qué haces? 

O qué chorradas haces? 

O pero qué chorradas e s t á s  haciendo; 

O qué boberías haces? 

o e s t á s  espantando moscas? 

1 pero deja de hacer t o n t e r í a s !  

1 deja de hacer t o n t e r í a s !  

1 deja ya de hacer ton te r í a s !  

1 deja ya de hacer chorradas! 

1 oye para ya de hacer chorradas! 

2 voy a pasar de t u s  t o n t e r í a s !  

2 ya paso de t u s  chorradas! 

3 gi l ipoyas 

QuestionDoYouWantPoem [CiclaFrasesl 

o Contésta s í  ' p l  o nó con l a  cabeza: Te digo una poesía? 

O contéstame con l a  cabeza: quieres que t e  diga una poesía? 

o contesta con l a  cabeza: Quieres o í r  alguna poesía? 

1 me sé algunas poesías,  quieres o í r l a s ?  

1 quieres o í r  algunas poesías que me se? 

1 conozco algunas poesías,  quieres o í r  alguna? 

QuestionDoYouStillWantPoem [CiclaFrasesl 

O contesta con l a  cabeza: quieres que t e  diga más poesías? 

O quieres seguir  oyendo poesías? 

O t e  digo más poesías? 

O t e  s igo diciendo poesías? 

TalkAboutPoem 

No quiero pe r l a s  de l  mar. n i  perfumes de o r i en te .  so lo  quiero que m i  amor contigo, perdure eternamente 

S i  'p5 yó ffueradios no t e  habría creado. Pues para t an ta  bel leza  mis ojos no es tán  preparados. 

e l  v iento  bbésael barco. e l  barco besa e l  mar. y yo qu i s i e ra  se r  b r i s a ,  para tus  labios  besar 

Siempre en l a s  noches oscuras.  cuando nadie t e  quiere escuchar. en una e s t r e l l a  de l  c i e lo ,  un refugio 

encontrarás.  Siempre en l o s  d í a s  más t r i s t e s .  donde no t i enes  donde i r .  mira a l o s  más humildes, 

que no t ienen un téchodonde v i v i r .  

me gustas cuando c a l l a s  porque e s t á s  como ausente.  y me oyes de l e j o s ,  y m i  voz no t e  toca .  parece 
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que los  ojos se t e  hubieran volado, y parece que un beso t e  cerrara l a  boca. 

E l  carnaval del  mundo engafia tangto.  que l a s  vidas son breves mascaradas. aquí aprendemos a r e í r  con 

l l a n t o ,  y también a l l o r a r  con carcajadas.  

t e  d ice  l a  paloma: toma! toma!. 'p300 Te dice  l a  corneja:  de ja!  de ja ! .  'p300 Te dice  l a  amapola: 

hola! ho la ! .  Y t ú  c r i a tu ra  de d ios ,  siempre diciendo adiós! 

s i  t u  cuerpo fuera cárcel  y t u s  brazos ' 4  cadenas. qué bonito s i t t i o  para cumplir m i  condena! 

de dónde vienes? de l  c i e l o .  a quién buscas? a l  dolor .  qué t r a e s ?  consuelo. cómo t e  llamas? amor 

Anoche cuando dormía sofié. !bendita i l u s i ó n ! .  'pl5O que un ardiente  s o l  l u c í a ,  déntro de m i  corazón. 

Era ardiente  porque daba, ca lores  de ro jo  hogar. y era s o l  porque alumhrába y porque hacía l l o r a r .  

Anoche sofié que oía a Dios, gritándome: !Aler ta! .  'p200 Luego era Dios quien dormía, y yo g r i t aba :  

!Despierta! 

Ay de l  que l l ega  sediento a ve r  e l  agua corre, y d ice :  l a  sed que s i en to ,  no me l a  calma e l  beber. 

Ayer sofié que veía  a Dios y que a Dios hablaba: y sofié que Dios me oía. 'p100 Después sofié 

que ' O  sofiaba. 

Bueno es saber que los  vásos nos s i rven para beber: l o  malo es que ' 4  no sabemos para qué s i r v e  

l a  sed.  

En preguntarlo que sabes e l  tiempo no has de perder.  Y a ' 4  preguntas s i n  respuesta ¿quién 

t e  podrá responder? 

Es e l  mejor de los  buenos, quien sabe que en e s t a  vida tódo es cuestión de medida: un poco ' 4  más, 

o algo ' 4  menos. 

Moneda que es tá  en l a  mano, quizá se deba guardar: l a  monedita del  alma se pierdes i  no s e  da.  

Nuestras horas son minutos cuando esperamos saber,  y s ig los  cuando sabemos l o  que se puede 

aprender. 

Los o jaros  de m i  r obo t i t a  se parecen a mis males. Grandes como mis tormentos, negros como 

mis pesares.  

Las horas que t i e n e  e l  d í a .  l a s  he repar t ido  así. nueve sofiando contigo, y quince pensando en t í .  

E l  corazón de una robo t i t a ,  me dícenque tengo. yo no se para qué me s i r v e  e l  corarónsinel  cuerpo. 

Procura no despertarme cuando me veas dormir. No sea que e s t é  sofiando y suefie que soy f e l i z .  

Cuando mires l a s  e s t r e l l a s  acuérdate de mí, porque en cada una de e l l a s  hay un beso mío para t i  

E l  beso es una sed loca que no s e  apaga con beber. se apaga con o t r a  boca que tenga l a  misma sed.  

Sofié que e l  fuego helaba. sofié que l a  nieve a rd ía .  y por sofiar l o  imposible sofié que me quer ías .  

Es una cosa sabida.  que Úno más Úno hacendós, 'p200 pero Úna mujer y Ún hombre, o son uno 

o nada son. 

E l  que desgraciado nace, desde chiquito yaempieza. por más cuidadosque tenga, en l o  más 

l l ano  t ropieza .  

QuestionDoYouWantJoke [CiclaFrasesl 

o Te digo unos ch i s t e s?  

O quieres que t e  diga unos ch i s t e s?  

O Quieres o í r  algún ch i s t e?  

1 me sé algunos ch i s t e s ,  quieres o í r l o s ?  

1 quieres o í r  algunos chis tes  que me se? 

1 conozco var ios  ch i s t e s ,  quieres o í r  alguno? 

QuestionDoYouStillWantJoke [CiclaFrasesl 

O quieres que t e  diga más ch i s t e s?  

O quieres seguir  oyendo ch i s t e s?  

O t e  digo más ch i s t e s?  

O t e  s igo diciendo ch i s t e s?  

TalkAboutJoke 

¿Cuál es e l  colmo de un chapis ta?  'p7OO Tener una mujer que l e  de l a  l a t a .  

Era un nifio t an  feo t a n  feo t a n  feo, que cuando l o  iban a baut izar  l o  t i r ó  e l  cura para a r r iba  y 

d i j o :  S i  vuela es un murciélago. 

Era un nifio t an  feo t a n  feo,  que cuando nació e l  médico l e  d ió la  t o r t a  a l a  madre 
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¿Cuál es e l  colmo de un calvo? 'p7OO Tener ideas descabelladas 

¿Cuál es e l  colmo de un calvo? 'p7OO Encontrarun pelo en l a  sopa 

¿Qué l e  d ice  un calvo a o t ro?  'p7OO Cuanto tiemposin v é r t e l  pelo.  

¿Cuál es e l  colmo de un jorobado? 'p7OO Estudiar derecho. 

qué l e  d ice  un fideo a o t ro?  'p7OO oó ye m i  cuérpo ' 4  p i  de ' 4  s á l  sa 

¿Qué se pone Supermán cuando s a l e  de l a  ducha? 'p7OO súper fume 

Mamá mamá en l a  escuelame llaman Güindous 9 5 .  Tranquilo h i j o  mío, no l e s  hagas caso pero haz 

algo Ú t i l  

¿Por ' 4  que l a s  ' 4  pe l ículas  de chaplin eran mudas? 'p7OO porque e l  d i r e c t o r  l e  decía :  

N o  Charles Chaplin. 

Cómo se dice  beso en árabe? 'p7OO Saliva va sa l iva  viene 

¿Qué l e  d ice  una impresora a o t r a ?  'p7OO oiga,  esa hoja e s  ' 4  suya o e s  impresión mía? 

¿Qué l e  d ice  e l  papel higiénico a l a  comida? 'p7OO t e  espero a l a  sa l ida  

¿Cuál es e l  colmo de un ciego? 'p7OO Enamorarse a primera v i s t a  

Esto es un autobús de bizcos por Madrid y e l  conductor l e  d ice  a l o s  pasajeros :  S i  miran a la  

derecha podrán ver  a l a  izquierda e l  Museo del  Prado 

Chico cojo de pierna derecha, busca chica coja de pierna izquierda para da r  un paseo 

V a  un jorobado por l a  c a l l e  y se l e  cae un paquete de Cámel a l  suelo,  un sefior l o  recoge y 

l e  d ice :  sefior! se l e  há caídoel carnét !  

gemelo suic ida  mata a su hermano por e r ro r .  

cómo se dice  d ia r rea  en portugués? 'p7OO ca ta ra t a  ' 2  dutrasheéiro 

cómo se dice  d ia r rea  en japonés? 'p7OO kagasagua 

e l  médico l e  d ice  a l a  v i e j e c i t a ,  sefiora tengo dos no t i c i a s ,  una buena y o t r a  mala. L a  

mala es que su f re  usted Alréimer, y l a  buena e s  que s e  l e  olvidará en un r a t o .  

qué l e  d ice  un jaguár a o t ro?  'p7OO jáguar yú? 

QuestionDoYouwantRobotData [CiclaFrasesl 

Te cuento cosas sobre mí? 

quieres que t e  cuente cosas sobre mí? 

Quieres o í r  algunas cosas sobre mí? 

quieres o í r  algunas cosas sobre mí? 

Que~tionD~Y~uStillWantRobotData [CiclaFrasesl 

O quieres que t e  cuente más cosas sobre mí? 

O quieres que t e  s iga  diciendo cosas sobre mí? 

O t e  digo más cosas sobre mí? 

o t e  s igo contando cosas sobre mí? 

TalkAboutRobotData [CiclaFrasesl 

O M i  esqueleto fue disefiado por ingenieros mecánicos y construido en aluminio 

O Únos ingenieros mecánicos franceses disefiaron m i  esqueleto,  que luego fue construido en aluminio 

1 uso una cámara con espejo redondeado para ve r  a m i  alrededor 

1 l a  cámara con espejo redondeado que hay en m i  pa r t e  i n f e r i o r  me s i r v e  para ver  alrededor 

2 tengo tamhién una cámara es téreo  ce r ca  de l a  na r i z ,  me permite t ene r  sensación de profundidad 

2 también tengo una cámara es téreo  bajo l a  na r i z .  Con e l l a  puedo t ene r  sensación de profundidad 

3 m i  cara l a  mueven un t o t a l  de 11 senomotores 

3 11 servomotores mueven l a s  facciones de m i  cara 

4 l o s  senomotores se mueven para formar una expresión en m i  cara que muestre m i  estado de ánimo 

4 puedo poner cara de f e l i c idad ,  t r i s t e z a ,  enfado, sorpresa y suefio. 

5 tengo dos pequefios micrófonos que me permiten saber de dónde viene e l  sonido 

5 dos pequefios micrófonos me permiten saber de dónde viene e l  sonido 

6 Soy capar de de tec ta r  y seguir  personas. Puedo fi jarme en e l l a s  

6 soy capar de fijarme en l a s  personas que pasan por delante 

7 puedo mover e l  cuel lo  a un ladoy a o t ro ,  pero nó agachar o levantar  l a  cabeza, porque m i  

cuel lo  e s  aún bas tante  débi l  
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8 me hán entrenado para que cuente cosas a l a s  personas y e s t é  a tento  a l o  que hacen 

8 m i  obje t ivo e s  entretenerun poquito a l a s  personas que pasan por aquí 

9 m i  cerebro son dos ordenadorespecé conectados ent re  s í  

9 dos ordenadorespecé son m i  cerebro 

lo Oscar aún sigue trabajando en m í  

lo Aún es tán  trabajando en m í  

TalkAboutOwner 

o m i  creadór!,  'pl0 , e j e !  

O qué Óscar, l o  hago bién?  

1 es tá s  presumiendo de mí? 

1 Óscar, cuándo me t r a e s  una robo t i l l a i  

1 s í  bwana? 

2 a t í  estoy cansado de vé r t e !  

2 a t í  estoy har to  de ve r t e !  

3 t í i o !  apágame y déjame descansár! 

TalkAboutIWantToSleep 

bueno, c reo  que me voy ya a dormir 

me voy a dormir, para conservar energía 

me apetece dormir 

estoy cansadito,  me duermo 

' 4  puescreo que me voy a dormir un r a to  

TalkAboutIAmAlone 

O me dejan s o l i t o  

O todos se van. Nadie me quiere 

o o t r a  ' 4  ver me quedo s o l i t o  

O ó t r a  ver s o l i t o .  acabaré quedándome dormido 

O pero nó se marchen queentonces me quedo dormido! 

1 s i  me dejan solo  me quedaré dormido 

1 estando solo  me abuurro 

2 nó me gusta e s t a r  solo! 

2 odio e s t a r  solo! 

3 no quiero e s t a r  solo! 

3 que alguien s e  me ponga delante!  

4 es que nadie quiere e s t a r  conmigo? 

4 por qué me dejan s o l i t o ?  

TalkAboutIAmFedUpWithYou 

O qué gente más aburrida! 

O estoy cansado de t í !  

O qué aburrimiento! 

O contigo me aburro! 

1 vete!  eres un aburrimiento! 

1 oye date  una vuel ta  por ahí  
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Resumen 

Un campo en boga de la robótica, que podríamos llamar robótica social, persigue construir 

robots que tengan capacidades de interactuar con personas. Dichos robots tienen capacidad 

expresiva (la mayoría tiene una cara expresiva, voz, etc.), así como habilidades para localizar, 

poner atención, y dirigirse a las personas. En los humanos, estas habilidades caen en el 

ámbito de la llamada inteligencia social. Para este tipo de robots, el enfoque de diseño 

predominante ha sido seguir modelos tomados de disciplinas como psicología del desarrollo, 

etología e incluso neurofisiología. 

En este trabajo se muestra que la reproducción de inteligencia social, a diferencia de 

otros tipos de habilidades humanas, lleva a un comportamiento frágil del robot construido, 

en el sentido de tener comportamientos muy diferentes entre las condiciones de prueba y 

las de trabajo real (no vistas). Esta limitación se debe al hecho de que en el ser humano las 

habilidades sociales, que aparecen primero en la vida, son fundamentalmente inconscientes. 

Esto contrasta con otras habilidades que realizamos con esfuerzo consciente, y para las cuales 

podemos con relativa facilidad concebir algoritmos. De esta forma, relacionamos la cantidad 

de conocimiento consciente que tenemos de la forma de la solución de una habilidad con 

la robustez que podemos lograr. Por otro lado, esto constituye también una explicación 

coherente para el conocido hecho en Inteligencia Artificial que dice que las tareas que son 

fáciles para nosotros resultan difíciles para los robots y viceversa. 

Para algunos tipos de robots como los manipuladores uno puede extraer un conjun- 

to de ecuaciones (o algoritmos, representaciones, ...) que se saben son válidas para resolver 

la tarea. Una vez estas ecuaciones han sido almacenadas en el computador de control el 

manipulador siempre se moverá a los puntos deseados. Los robots sociables, sin embargo, 

requieren un esfuerzo de desarrollo más inductivo. Esto es, el diseñador prueba las imple- 

mentaciones en un conjunto concreto de casos, y espera que el rendimiento sea igualmente 

bueno para casos futuros (no vistos). En procesos inductivos es crucial el conocimiento a 

priori que se tenga: si hay poco disponible uno puede obtener buen rendimiento en casos de 

prueba pero pobre rendimiento en casos no vistos (overfitting). 



En Aprendizaje Máquina, la penalización de complejidad se usa a menudo como un 

medio válido para evitar el overfitting. Así, proponemos desarrollar los robots sociables 

partiendo de algoritmos y representaciones simples. Las implementaciones solo deberían 

hacerse más complejas a través de numerosas pruebas en el nicho del robot (el entorno par- 

ticular del robot, y las restricciones impuestas sobre las tareas a realizar, el cuerpo físico 

del robot, etc.). Tal aproximación da mucha importancia a las decisiones ingenieriles que se 

toman durante todo el proceso de desarrollo, las cuales dependen mucho del nicho. 

Este trabajo describe las ideas y técnicas empleadas en el desarrollo de CASIMIRO, 

un robot con un conjunto de habilidades de interacción básicas. El robot ha sido construido 

siguiendo el enfoque mencionado. En particular, el principal esfuerzo ha estado en explotar 

de forma parsimoniosa las características del nicho del robot con el fin de obtener mejores 

rendimientos. 
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Capítulo 1 

Introducción 

'El hombre es por naturaleza un animal social" 

Aristóteles, Politica. 

E N los últimos tiempos ha habido un aumento de interés en una disciplina llamada robóti- 

ca social. Tal como se usa aquí, robótica social no se refiere a grupos de robots que 

cooperan e interactúan unos con otros. Para un grupo de robots, la comunicación es relativa- 

mente simple desde el punto de vista tecnológico; pueden usar cualquier protocolo binario 

para "socia1izar"con sus compañeros. 

Para nosotros, el adjetivo social se refiere a los humanos. En principio, las impli- 

caciones de esto son mucho más amplias que en el caso de grupos de robots. Si bien la 

distinción puede ser mucho más difusa, la robótica social se refiere a los robots que no 

parecen tener una tarea específica, sino simplemente interactuar con personas. Esto incluye 

habilidades que caen en el dominio de la llamada inteligencia social, considerada una de las 

muchas componentes o versiones de la inteligencia humana [Gardner, 19831, ver Tabla 1.1. 

Socializar con humanos es definitivamente mucho más difícil, fundamentalmente porque 

robots y humanos no comparten un lenguaje común ni perciben el mundo (y uno al otro) de 

la misma forma. 

Muchos investigadores que trabajan en este campo usan otros nombres como inter- 

acción hombre-robot, interfaces perceptuales o interfaces multimodales. Sin embargo, tal 

como se apunta en [Fong et al., 20031, hemos de distinguir entre interacción hombre-robot 

convencional (como la usada en aplicaciones de teleoperación) y robots socialmente interac- 

tivos. 



1 Intelligencia 1 Operaciones 

1 Lingüística 1 sintaxis. fonología. semántica. vragmática 1 
Musical 

- .  
1 tono, ritmo, timbre 

1 

Intrapersonal 1 conciencia de los propios sentimientos, emociones, etc. 
Naturalista 1 reconocimiento v clasificación de obietos en el entorno 

Lógico-matemática 
Spacial 
Corporal 
Interoersonal 

Tabla 1.1: Las ocho inteligencias humanas propuestas por Gardner. 

número, categorización, relaciones 
visualización mental precisa, transformaciones mentales de imágenes 
control del propio cuerpo, control en el manejo de objetos 
conciencia de los sentimientos. emociones. metas.etc. de los otrosa 

Los robots tradicionales pueden realizar tareas que van mucho más allá de las capaci- 

dades humanas, con mayor precisión, sin riesgo, y un gran número de veces. ¿Por qué tanto 

interés en la robótica social? Podemos distinguir las siguientes áreas de aplicación: 

+ "Robot como máquina persuasiva"[Fong et al., 20031: el robot se usa para cambiar el 

comportamiento, actitudes o sentimientos de la gente. Un ejemplo sería el proyecto 

AURORA [Dautenhahn and Weny, 20011, que emplea robots para el tratamiento del 

autismo. 

+ Robots diseñados y usados para probar teorías de la comunicación o desarrollo social 

humano. Este tipo y el primero se solapan y complementan el uno al otro. 

+ Robots que deben interactuar/colaborar con personas para realizar las tareas asignadas. 

En este caso la principal función no es interactuar o socializar con personas. 

Por otra parte, hay evidencias de que en los primates la inteligencia social es un 

prerequisito importante para la evolución de la inteligencia no-social (independiente del do- 

minio) [Dautenhahn, 19951. Como ejemplo de ello, se ha sugerido que la elaborada habilidad 

de simbolización es en el fondo un acto social de "ponerse de acuerdo"[Bulloc~ 19831. Al- 

gunos autores apuntan que la inteligencia social es también necesaria para el desarrollo de 

la inteligencia genérica en los humanos, ver [Lindblom and Ziemke, 20031. Esta 'hipóte- 

sis de la situación social' enfatiza la importancia de diseñar y construir robots que puedan 

interactuar con otros agentes. 

Este documento describe las experiencias, ideas y técnicas empleadas en el desarrollo 

de CASIMIR0 (CAra ExpreSIva y ProcesaMIento Visual Básico para un Robot Interactivo), 

un robot con habilidades sociales básicas. CASIMIR0 es una cabeza robótica que incluye 

rasgos faciales y movimientos de cuello. El robot no se diseñó para realizar una tarea deter- 

minada, sino más bien interactuar con personas. 



1.1 Trabajo Previo 

En esta sección se hace una breve descripción de los robots sociales de mayor influencia. 

Solo los más importantes aparecen aquí, siendo un campo emergente su número parece au- 

mentar mes a mes. Esta sección es intencionalmente corta, se referenciarán y describirán 

otros robots en el resto del documento. 

Los robots sociales que caen en la primera categoría de las explicadas arriba en- 

cuentran escenarios muy apropiados en lugares como museos y exposiciones. Minerva 

[Schulte et al., 19991 es un robot móvil interactivo que hace que guía. Puede mostrar cu- 

atro expresiones básicas: feliz, neutral, triste y enfadado. 

Kismet [Breazeal, 20021 ha sido sin lugar a dudas el robot social de mayor influencia 

que ha aparecido. Fue tomado desde el principio como modelo e inspiración en el desarrollo 

de CASIMIR0 (la apariencia externa de CASIMIR0 es de hecho muy similar a la de Kismet, 

aunque esto no se consiguió de forma intencionada). Es una cabeza robótica con forma de 

animal y expresiones faciales. Kismet se concibió como un robot bebé: sus habilidades 

fueron diseñadas para producir intercambios cuidador-infante que lo harían eventualmente 

más capaz. 

El robot Cog [Adams et al., 2000, Brooks et al., 1999, Scassellati, 20001 tiene tron- 

co, cabeza y brazos, con un total de 22 grados de libertad. Sus capacidades incluyen 

movimientos oculares humanos, orientación de la cabeza y cuello (en la dirección de un 

objetivo), detección de caras y ojos, imitación de asentimiento con la cabeza, detectores 

básicos visuales (color, movimiento y tono de piel), un sistema de atención que los combina, 

localización de sonido, retracción refleja del brazo, atención compartida (ver más abajo), 

alcance con el brazo de objetivos visuales y movimientos de brazo oscilatorios. 

Infanoid [Kozima, 2002, Kozima and Yano, 20011 es un robot que puede mantener 

atención compartida con humanos. Infanoid está inspirado en la falta de atención compartida 

en el autismo. La atención compartida se refiere a la actividad de poner atención al punto de 

atención en que se está fijando otra persona (Figura 1.1). Juega un papel indispensable en 

el "mindreadingM(ver Capítulo 2 y el aprendizaje, y se ha demostrado que es importante de 

cara a la comunicación hombre-robot [Yamato et al., 20041. 

Babybot [Metta et al., 2000~7, Metta et al., 2000bl es un bebé humanoide construi- 

do en el LIRA-Lab. La última versión en el momento de escribir este documento tenía 18 

grados de libertad distribuidos en la cabeza, brazo, torso y mano. Babybot es un ejemplo 

de la aproximación de diseño/construcción basada en el desarrollo infantil humano, tam- 

bién llamada Epigenética (véase [Lungarella et al., 20041). Este enfoque aboga por el uso 



Infant or robot Focus of attention Adult 

Figura 1.1: Atención compartida. 

de representaciones y algoritmos mínimos, para que el robot pueda aprender y desarrollar 

por si mismo sus propias habilidades, especialmente con la ayuda de profesoreslcuidadores 

humanos. 

1.2 Análisis 

El estudio de la bibliografía disponible sobre robots sociales permite extraer algunas ideas 

importantes. Por un lado, parece haber una tendencia clara a usar la psicología, etologia y 

estudios del desarrollo infantil como fuentes principales de inspiración. De hecho, el de- 

sarrollo de casi todos los robots construidos para interacción social gira alrededor de uno o 

varios modelos humanos. Es el caso de Kismet, cuyo diseño está basadolinspirado en las 

relaciones infante-cuidador. Otros robots han usado conceptos como "scaffolding", autismo, 

imitación, atención compartida, "mindreading", empatia o emociones. En algunos casos, so- 

lo se ha implementado modelos humanos, en detrimento de otros aspectos como el punto de 

vista ingenieril o la cuestión de la validez de los modelos humanos conocidos. 

Por otra parte, un cuidadoso análisis del trabajo realizado puede llevar a la cuestión de 

si estos robots que intentan realizar tareas sociales tienen un comportamiento robusto. Para 

los robots industriales la robustez puede medirse fácilmente. Esto es, podemos estar tan se- 

guros como queramos de que el robot seguirá trabajando una vez entregado tal como lo hace 

en las pruebas. Esta garantía proviene del hecho de que las soluciones y procedimientos que 

se han implementado en esos robots son a todas luces válidas. Considérese por ejemplo un 

robot o máquina que resuelve operaciones matemáticas básicas: siempre funcionará, pues se 

sabe positivamente que las reglaslprocedimientos implementados resuelven las operaciones. 

El caso parece ser diferente para los robots sociales. Particularmente, el reconocimien- 

to de caras (la habilidad social por excelencia) es extremadamente sensible a la iluminación 

[Adini et al., 1997, Georghiades et al., 1998, Gross et al., 20021, pelo, gafas, expresión, pose 



[Beymer, 1993, Gross et al., 20041, resolución de imagen [Wang et al., 20041, envejecimien- 

to, etc. 

Del mismo modo, el reconocimiento del habla falla catastróficamente durante la in- 

teracción natural espontánea. Factores como estilo de habla, hiperarticulación (hablar de una 

forma más cuidadosa y clara) y estado emocional del hablante degradan significativamente 

las tasas de reconocimiento de palabras [Oviatt, 20001. Aún más, el ruido ambiental está con- 

siderado como el peor escollo [Wenger, 20031. A este respecto, la distancia boca-micrófono 

es crucial. 

Así pues existe la impresión (especialmente entre los propios investigadores) de que 

el funcionamiento se degradaría hasta niveles inaceptables si las condiciones variasen mucho 

de las usadas en las pruebas. Esta impresión no se da en otros tipos de robots, como los 

manipuladores industriales. Esto nos lleva a la pregunta: ¿es la construcción de un robot 

social en algún sentido diferente de la de otros tipos de robots? El siguiente capítulo indagará 

más sobre esta cuestión. 





Capítulo 2 

Los Robots Sociales 

"Vemos lo que conocemos" 

A. Snyder, T. Bossomaier, J. Mitchell, en Conceptformation: 

'Object' attributes dynamically inhibited from conscious awareness, 2004. 

2.1 El Síndrome del Sabio Autista 

Como se mencionó en el anterior capítulo, el autismo ha sido una fuente de inspiración 

para implementar habilidades sociales en robots. La falta de determinadas capacidades en 

el autismo, que lleva a relaciones sociales muy difíciles, ha sido tomada como punto de 

arranque (los robots de hoy en dia interactúan con nosotros bien como otros objetos en 

el entorno, o como mucho de una forma caracteristica de personas socialmente dijkiles 

[Breazeal et al., 20041). 

No obstante, el autismo no es la analogía más precisa que podemos hacer para los 

robots sin capacidades sociales. Si tuviéramos que identificar una condición que podría ase- 

mejarse a los robots que construimos, la más precisa sería la de los "sabios autistas". Esta 

idea ya ha sido sugerida de forma informal por algunos autores [Blumberg, 19971. Los sabios 

autistas se comportan como ordenadores (esto no debe ser tomado como un rasgo negativo o 

despectivo). El sabio autista es un individuo con autismo que tiene capacidades extraordinar- 

ias que no tiene la mayoría de la gente [Treffert, 19891. Generalmente se trata de habilidades 

de cálculo matemático, memorísticas, artísticas y musicales. Eso sí, sus capacidades son 

muy concretas, restringidas a dominios muy limitados, como se pone de manifiesto en la 

historia más conocida de un sabio autista: la película Rain Man. 





de acuerdo a sus esquemas mentales, Nadia dibujaba literalmente lo que veía. 

Las razones que nos llevan a asociar los sabios autistas con los ordenadores/robots 

pueden arrojar luz sobre qué hace a un robot ser visto como tal. Normalmente tendemos 

a pensar en términos de qué podría hacer a una máquina más humana. Aquí el enfoque es 

pensar en términos de qué hace aun humano parecer unamáquina. En este sentido, una de las 

claves parece residir en el hecho de que los sabios autistas pueden realizar fácilmente tareas 

que para nosotros requieren enorme esfuerzo (cálculo, memoria, etc.) mientras que casi no 

consiguen realizar tareas que son triviales y casi automáticas para nosotros (principalmente 

habilidades sociales). 

Tratamos de construir robots que se parezcan y actúen como humanos (sanos). En- 

tonces, ¿Cómo es que personas no-autistas construyen máquinas que resultan ser autistas? 

Las siguientes secciones proponen una explicación. 

2.2 Procesos Mentales Subconscientes 

De las ideas expuestas en la sección previa ahora parece claro que si intentamos modelar 

la inteligencia y comportamiento humanos lo haremos inescapablemente desde un punto de 

vista dirigido por conceptos. Los detalles permanecen ocultos a nuestra consciencia, pues 

parece que, en adultos sanos, una enorme cantidad de "procesamiento"menta1 se lleva a cabo 

de forma subconsciente. 

Hoy en día, la existencia de procesos subconcientes en nuestro cerebro parece estar 

más allá de toda duda [Wilson and Keil, 19991. Freud ya advirtió que las ideas y procesos 

subconscientes son críticos para explicar el comportamiento de las personas bajo todas las 

circunstancias. Helmholtz [H. von Helmholtz, 19241, estudiando la visión, apuntó que inclu- 

so los aspectos más básicos de la percepción requieren un gran cantidad de procesamiento 

por el sistema nervioso. Postuló que el cerebro construye las percepciones por un proceso 

de inferencia subconsciente, razonamiento sin consciencia 

El reconocimiento de caras, una habilidad que obviamente cae dentro del ámbito de 

la inteligencia social, es otro ejemplo de procesamiento subconsciente. No sabemos qué 

rasgos de una cara son los que nos dicen que pertenece al individuo X. Aun así, hacemos eso 

de forma rápida e infalible cada día. 

En lingüística se ha observado algo similar. Hay evidencia de que los hablantes asig- 

nan una estructura a secuencias de palabras, de forma subconsciente. Las reglas que con- 

stituyen el conocimiento de una lengua (las reglas que nos permiten construir sentencias 



Tabla 2.1: Propiedades del consciente cognitivo y del subconsciente cognitivo (tomado de 
[Raskin, 20001). 

Propiedad 

Presente en 
Usado en 
Capacidad 
Controla 
Persiste wor 

gramaticalmente correctas), son subconscientes [Chomsky, 19801, 

Algunos autores afirman que los recién nacidos, perciben el mundo con todo detalle, 

y solo a medida que crecen aparecen los conceptos [Snyder et al., 20041. Los infantes tienen 

memoria eidética, que tiende a desaparecer a medida que crecen. Experimentos muestran 

que infantes de 6 meses son capaces de discriminar entre caras de monos, así como entre 

caras humanas, pero no así después de los 9 meses. Además, poseen lo que se conoce como 

"do perfecto", una habilidad para identificar o producir cualquier tono musical sin la ayuda 

de algún tono de referencia. El oído perfecto es muy raro en los adultos, aunque todos los 

sabios autistas y muchos individuos con autismo lo poseen. 

Consciente 

Novedad, emergencias, peligro 
Nuevas circunstancias 
Muy pequeña 
Volición 
Décimas de semindo 

¿Por qué razón son algunos procesos mentales subconscientes? Los procesos au- 

tomáticos son rápidos, permitiéndonos hacer cosas como montar en bicicleta sin tener que 

pensar como controlar cada uno de nuestros movimientos (ver Tablas 2.1 and 2.2). Al- 

gunos autores sostienen que es la práctica y la habituación lo que hace que los detalles se 

vuelvan subconscientes [Baars, 1988, Mandler, 19841. Solo las entradas nuevas e informa- 

tivas disparan el procesamiento consciente (o qención mental", que es un recurso escaso). 

Cuando la situación es fácilmente predecible, los detalles no son conscientes [Berlyne, 1960, 

Sokolov, 19631. A medida que aprendemos, nos volvemos más y más inconscientes del mod- 

elo interno que formamos. 

Subconsciente 

Repetición, eventos esperados, seguridad 
Situaciones rutinarias 
Enorme 
Hábitos 
Décadas (toda la vida] 

Si la repetición y habituación es lo que hace que los detalles se vuelvan subcon- 

scientes, entonces las habilidades sociales deberían ser (relativamente) más subconscientes, 

pues aparecen primero en la vida y están siempre presentes en la adquisición de las demás 

habilidades. Los procesos subconscientes están detrás de todo o parte de lo que llamamos 

habilidades sociales, como en el caso del reconocimiento de caras y el reconocimiento del 

lenguaje. 

En este punto parece claro que debe haber alguna diferencia en el proceso de con- 

strucción de máquinas de ajedrez o cálculo y el de construcción de un robot que pueda so- 



/ Estimulación suuraliminal 
1 

1 Estimulación subliminal 

Consciente 

Conocimiento explícito 
Memoria inmediata 
Eventos Nuevos, informativos, significativos 
Información atendida 
Contenidos focales 
Memoria declarativa (hechos) 

l Tareas con esfuerzo l Tareas esvontáneas/automáticas 1 

Subconsciente 

Conocimiento implícito 
Memoria de largo plazo 
Eventos predecibles, rutinarios, no informativos 
Información no atendida 
Contenidos "de pasada"(p.ej. familiaridad) 
Memoria urocedural 

Tabla 2.2: Algunos eufemismos ampliamente usados para fenómenos conscientes y subcon- 
scientes (extraído de [B.J. Baars, 20041). 

Recuerdo 
Memoria accesible 
Control estratégico 
Inferencias explícitas 
Memoria episódica (autobiográfica) 
Visión normal 

cializar con humanos como nosotros mismos hacemos. Nótese que muchos otros problemas 

en robótica y percepción artificial sufren de esta falta de acceso consciente a los mecanis- 

mos implicados. No obstante, este efecto es comparativamente más acentuado en la robótica 

social pues, como se indicó anteriormente, las habilidades sociales aparecen primero en la 

vida. 

Conocimiento (reconocimiento) 
Memoria no disponible 
Control automático 
Inferencias automáticas 
Memoria semántica 
"visión ciepa"(cepuera cortical) 

2.3 La Razón por la que los Robots Sociales podrían no ser 

Robustos 

¿Cómo podemos reproducir nuestras habilidades sociales en robots si no podemos tener 

acceso consciente a ellas? ¿cómo seria entonces el funcionamiento esperado de los robot 

sociales que construimos? Sabemos de disciplinas como Aprendizaje Máquina que el tener 

solo muestras de entrenamiento no sirve de nada a la hora de predecir (esto es, de dar el 

resultado correcto para muestras futuras, distintas de las de entrenamiento y de las usadas 

para test). Cuanto más conocimiento tengamos del algoritmo que resuelve la tarea más ca- 

pacidad de predicción tendrá la implementación. En el limite, si conocemos completamente 

el algoritmo no necesitamos ninguna muestra de entrenamiento. 

Las implementaciones que solo funcionan bien en casos parecidos a los de entre- 

namiento y test resultan poco robustas, precisamente por esa falta de predicción. 





Capítulo 3 

Enfoque y Arquitectura 

'El cientijko descubre aquello que existe. El 

ingeniero crea lo que nunca fue." 

Theodore von Kármán. 

E N el Capítulo 2 se mostró que nuestra propia consciencia puede actuar como una barrera 

para obtener conocimiento sobre las habilidades a implementar. Por ello, los robots 

sociales podrían ser menos robustos que otros tipos de robots. Siendo esto así, ¿cuál podría 

ser la forma más apropiada de diseñar y construir robots con capacidades sociales?. Tras la 

discusión teórica de los capítulos previos aquí pretendemos proponer algunas ideas diseño 

para el robot. 

3.1 Análisis vs Síntesis 

Como en tantos otros entornos científicos y tecnológicos hay dos aproximaciones básicas 

que podemos seguir en nuestro problema: analitica y sintética. En la aproximación analítica 

observamos, proponemos modelos y experimentamos con ellos para confirmar si el mod- 

elo ajusta bien a los datos y predice nuevas situaciones. Como se mostró en la Sección 

1.1, la aproximación analítica ha sido ampliamente utilizada por muchos investigadores en 

robótica social. Supone intentar sacar partido del conocimiento extraído de disciplinas como 

psicología, etología, neurofisiología, etc. 

En contraste, la aproximación sintética busca construir sistemas artificiales, posible- 

mente usando modelos y principios obtenidos con la aproximación analítica, ver Figura 3.1. 



El objetivo no es tanto conocer cómo es el objeto sino cómo deberia ser para satisfacer una 

serie de requerimientos. La aproximación sintética abarca diseño, y, en este sentido, está 

muy relacionada con aspectos ingenieriles. 

Other sources of 
knowledge or inspiration 

human robot 

Figura 3.1: Análisis y síntesis. 

3.2 Enfoque 

Como muestra la Figura 3.1 análisis y síntesis se complementan. Cada síntesis se basa en 

resultados de un análisis previo, y cada análisis requiere una posterior síntesis para verificar 

y corregir resultados. Habiendo dicho eso, considerar una aproximación como mejor que la 

otra es absurdo. Así y todo, la importancia a dar a cada tipo de aproximación depende del 

problema en cuestión. El análisis, por ejemplo, deberia ser usado siempre que sepamos que 

la observación puede llevar a modelos y principios útiles. 

En nuestro caso particular de habilidades sociales, sin embargo, ese no es siempre 

el caso. En el Capítulo 1 se mencionó que para los robots sociables podria haber menor 

garantia de tener buen rendimiento en casos no vistos. El hecho es que para algunos tipos de 

máquinas, como los manipuladores, podemos extraer un conjunto de ecuaciones o algoritmos 

que se sabe son válidos para resolver la tarea en cuestión. Tales ecuaciones habrían sido 

obtenidas tras cierto esfuerzo analítico, principalmente relacionado con la cinemática. Una 

vez que esas ecuaciones se almacenan en el computador de control el manipulador se moverá 

siempre a los puntos deseados, siendo por tanto hay una especie de proceso deductivo. 

Por el contrario, para tareas sociales, el proceso de desarrollo del robot tiene más de 

inductivo (la inducción es el proceso por el cual, sobre la base del rendimiento observado 

para un conjunto de casos de prueba, uno busca obtener buenos resultados para casos no 

probados). En procesos inductivos uno no puede tener la garantia de buen rendimiento para 

casos no probados. Este problema se acentúa cuanto menos conocimiento haya de larelación 

causal que interviene (la correcta relación entre las entradas y salidas de la tarea). 

Así, el proceso de desarrollo del robot social podria verse como análogo al apren- 



dizaje máquina inductivo, únicamente que sería el diseñador (y no la máquina) el que busca 

una hipótesis apropiada (básicamente una que funcione bien en los casos que prueba). En 

cualquier caso el objetivo de tal proceso inductivo sería tener buen rendimiento en casos no 

vistos. 

En aprendizaje máquina se usa el conjunto de entrenamiento para buscar una hipóte- 

sis. Los casos que se usar para probar la hipótesis de trabajo en el proceso de desarrollo del 

robot serían el equivalente del conjunto de entrenamiento en aprendizaje máquina. 

En aprendizaje máquina, hemos visto que cuando hay poco conocimiento disponible 

sobre la solución, las hipótesis a considerar pueden ser arbitrariamente complejas (en con- 

traste, cuando tenemos mucho conocimiento las hipótesis que es necesario considerar son 

más simples). Las hipótesis complejas podrían dar lugar al overfitting. En tales casos se 

puede obtener buen rendimiento, pero solo para casos específicos del dominio. 

En aprendizaje máquina se conoce una técnica útil para obtener hipótesis sin incurrir 

en overfitting: la penalización de complejidad. Una técnica de penalización de complejidad 

muy conocida es la minimización del riesgo estructural (SRM) [Burges, 19981. SRM es 

un procedimiento que considera hipótesis desde las más simples hasta las más complejas. 

Para cada hipótesis se mide el error en el conjunto de entrenamiento. La mejor hipótesis 

es la que minimiza la suma de una medida de su complejidad y su error en el conjunto de 

entrenamiento. En otras palabras, es la hipótesis más simple que da un error aceptable en el 

conjunto de casos de prueba. 

Esta misma idea podría aplicarse al proceso de desarrollo del robot social. Dado que 

para este problema concreto tenemos poco conocimiento sobre la posible solución, una buena 

forma de buscar hipótesis sería empezar con implementaciones simples e ir haciéndolas más 

complejas, siendo cada implementación amplaiamente probada. La mejor implementación 

debería ser la más simple que logre una tasa de error aceptable. 

Por otra parte, hemos de tener en cuenta que aunque estamos intentando emular la 

habilidad humana, el robot siempre trabajará en un entorno mucho más restringido. En 

ecología hay un término apropiado que podemos usar aquí: nicho. El nicho es el rango de 

condiciones ambientales (físicas y biológicas) en las cuales puede existir un organismo. Para 

un robot, el nicho incluiría aspectos como tamaño de la habitación, iluminación, colores de la 

pared (fondo), baterías, presencia humana esperada, etc. Es decir, es el rango de condiciones 

en las que el robot se espera que trabaje y funcione bien. 

La ecología distingue entre dos tipos de nicho. El nicho fundamental es el rango 

total de condiciones ambientales que son apropiadas para la existencia. El nicho real es 



el rango de condiciones en las cuales un organismo vive en un momento dado. El nicho 

real es generalmente más pequeño que el fundamental, principalmente por los efectos de la 

competición con otras especies, ver Figura 3.2 [Hutchinson, 19581. 

1 fundamnnil niche 1 
realized 
niche 

7 

Temperature 

Figura 3.2: Ejemplo de nichos fundamental y real. Un organismo puede vivir en un rango 
potencial de condiciones de temperatura y humedad (esto es, requeridas para sobrevivir). El 
nicho real es el rango de condiciones que el organismo realmente abarca en su hábitat. 

Los humanos tenemos nuestros propios nichos fundamental y real. Para una tarea 

social dada, por ejemplo, los humanos tienen un nicho fundamental (el rango de condiciones 

en las cuales la tarea se realiza bien). Obviamente, si el humano rinde bien en su nicho fun- 

damental también rinde bien en cualquier niche real. Lo que estamos intentando en nuestro 

contexto es reproducir la tarea en el mismo nicho fundamental. 

Sin embargo, se espera que el robot siempre trabaje en un entorno mucho más re- 

stringido, su nicho real. Algunos casos particulares que nosotros mismo encontramos en 

nuestra vida diaria nunca aparecerán en el nicho en que trabajará el robot. El conocimiento 

que pudiéramos obtener acerca de algoritmos y procesos empleados en nuestras habilidades 

generalmente se aplica a las mismas situaciones y escenarios que encontramos. Eso podría 

no ser apropiado para el robot. 

El riesgo de overfitting al conjunto de muestras de prueba (Sección 2.3) implica que 

el uso de conocimiento referido al nicho fundamental no implica necesariamente que el 

rendimiento mejorará en el nicho real. La única forma de garantizar buen rendimiento es 

realizar amplias pruebas en el nicho real. 

Las implementaciones deberían ser cuidadosamente adaptadas al nicho real del robot. 

La mejor forma de lograr esto es empezar con implementaciones sencillas. Usando una 



analogía, sería como un traje a medida. El sastre comienza usando un patrón de medidas 

estándar (que se ajusta a todo el mundo relativamente bien) y a través de sucesivas pruebas 

con el cliente ajusta este patrón. Al final el traje sentará muy bien al cliente, aunque lo más 

probable es que no sea adecuado para otros clientes. 

En este trabajo hemos adoptado una aproximación sintética oportunista. Esto es, nue- 

stro interés está en desarrollar una aplicación por cualesquiera medios. La principal fuente de 

inspiración aún serán los hallazgos de disciplinas como la psicología, etología, etc. Sin em- 

bargo, usaremos ese conocimiento solo en tanto en cuanto permita obtener resultados prácti- 

cos. Usar demasiado conocimiento puede resultar contraproducente. Por ello, al construir el 

robot comenzamos considerando técnicas simples, características simples, algoritmos sim- 

ples, incluso aunque puedan parecer no intuitivos para resolver la tarea. Si se necesita, se 

probarán versiones más elaboradas. Tan pronto como los resultados sean satisfactorios en el 

escenario de trabajo la técnica se deja como final. 

En una aproximación así los aspectos de diseño de bajo nivel se vuelven más impor- 

tantes. Cuestiones como el nicho del robot y cómo el diseño se adapta a él para lograr una 

función deseada son ahora fundamentales, hasta el punto de decidir el valor del robot. 

3.3 Arquitectura 

En robótica, una arquitectura es la descripción de alto nivel de los principales componentes 

del robot y sus interacciones. La elección de una arquitectura ya define algunas de las 

propiedades más significativas del sistema. Tras introducir la aproximación de diseño, en 

esta sección empezamos a tomar decisiones en serio. Esta parte del documento servirá tam- 

bién al lector para obtener una impresión global del software del robot. 

Las arquitecturas de robots sociales generalmente hacen uso de modelos antropomór- 

ficos tomados de las ciencias humanas. Independientemente de la validez o poder explicato- 

rio de esos modelos, son siempre un buen punto de partida para dividir el a menudo complejo 

proceso de diseño en partes manejables. En CASIMIR0 hemos sacado partido de ese aspecto 

y hemos usado abstracciones y conceptos como emociones, memoria, habituación, etc. 

La Figura 3.3 muestra el diagrama de bloques de alto nivel de la arquitectura de 

CASIMIRO. 



Figura 3.3: Arquitectura del robot. 

Percepción 

Con el fin de dar al robot la posibilidad de trabajar con percepciones elaboradas, se usan 

dos canales perceptivos: visual y auditivo. La Figura 3.4 muestra un diagrama de las habil- 

idades perceptoras de CASIMIRO. Un módulo importante está dedicado a la detección de 

individuos en el área de interacción. Esta es obviamente una capacidad fundamental para el 

robot, que debe entrar en interacción con las personas a su alrededor. Los individuos pueden 

moverse por la habitación, así que deben ser seguidos durante la sesión. Ambas capacidades 

se describirán en las Secciones 5.1 y 5.4. 

El procesamiento facial se divide en dos módulos funcionales. Uno de ellos sim- 

plemente detecta caras en las imágenes tomadas por los 30s"del robot. El otro módulo se 

encarga de procesar la zona de la cara en las imágenes para detectar gestos de silno hechos 

con la cabeza. Estos gestos se interpretan como respuestas silno a preguntas hechas por el 

robot. Aunque mínima, esta es una capacidad valiosa, pues permite al robot tener una forma 

directa de conocer si la interacción va bien. Además, es una capacidad que en la práctica se 

puede implementar con éxito. Esta decisión de diseño se tomo realmente después de sopesar 

diferentes nichos para el robot. El nicho ideal sería el de una conversación normal. Sin em- 

bargo, el reconocimiento del habla no satisfizo nuestras expectativas en la práctica, así que 
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Figura 3.4: Percepción. 

optamos por detectar gestos de silno hechos con la cabeza. La detección de gestos hechos 

con la cabeza se explica en detalle en la Sección 5.5. 

El módulo de reconocimiento de personas permite al robot tener una memoria de al- 

gunos aspectos de la interacción asociados a cada individuo. La habilidad de reconocimiento 

tiene un impacto significativo sobre el individuos, que percibe que el robot es consciente de 

él como un individuo concreto. La Sección 5.6 trata el reconocimiento de visitantes es- 

porádicos, mientras que la Sección 5.7 describe un método de detección del propietario del 

robot. 

Con respecto al canal auditivo, la localización de sonido debería probablemente ser 

la primera habilidad a implementar. Su importancia no debe ser subestimada. En el reino 

animal es vital para la supervivencia. En el robot, la localización de sonido le permite re- 

sponder a la gente que trata de llamar su atención. Esto, en cierto sentido, es una cuestión 

de supervivencia en el nicho del robot. El módulo de localización de sonido puede disparar 

acciones reflejas y también alterar el estado emocional actual (por sonidos muy fuertes, por 

ejemplo). La localización de sonido puede también servir para detectar si el individuo frente 

al robot (aquel al que el robot está poniendo atención) le está hablando. 



Cuando el robot está hablando, los eventos de localización de sonido deben ser 

descartados. El módulo de localización de sonido debe recibir esa percepción del módu- 

lo de habla (ver más abajo). Así, algunas acciones del robot se tratan como percepciones. 

En los humanos a esto se le llama proprioception, y se usa como mecanismo de retroali- 

mentación para el control motórico y de la postura. El módulo de localización de sonido se 

describe en la Sección 5.2. 

El uso de percepciones auditivas y visuales es muy problemático por la abundancia 

de la información recibida. La realidad impone una restricción de racionalidad limitada a 

cualquier agente inteligente. Esto es, el agente no puede procesar toda la información que 

recibe, si es que ha de producir una respuesta útil a tiempo. Por ello, el robot también incluye 

un módulo de atención que actúa como filtro. Además, el hecho de que el robot pueda fijar 

su atención en un individuo se percibe por ese individuo (y por otros en la escena) como un 

mínimo rasgo de inteligencia. La Sección 5.3 cubre el módulo de atención audio-visual con 

detalle. 

Cuando sentimos un estímulo repetitivo acabamos ignorándolo. La habituación es 

otro tipo de filtro que sirve para descartar estímulos no interesantes. Muchos animales, y los 

seres humanos, tiene alguna clase de mecanismo para filtrar estímulos no interesantes. La 

habituación se describe en la Sección 5.8. 

Acción 

El robot social no solo requiere de habilidades perceptoras elaboradas. Los actuadores 

pueden también jugar un papel fundamental. CASIMIR0 tiene dos canales actuadores: 

gestos faciales y sonido (voz), ver Figura 3.5. 

El uso de una cara para un robot social no es gratuito. Las caras son el centro de la 

comunicación humana. Transmiten una enorme cantidad de señales sociales, y los humanos 

somos expertos en leerlas. No solo nos dicen identidades sino que también nos ayudan a 

averiguar aspectos que son interesantes para la interacción como el género, edad, expresión, 

etc. 

El módulo de expresión facial desarrollado para CASIMIRO, que es esencialmente un 

decodificador de expresión a valores de motores, se introduce en la Sección 6.1. La expresión 

mostrada por el robot está directamente relacionada con su estado emocional actual. 

El robot también usa el habla para expresarse. Las características del habla son 

"daptadasq estado emocional actual. De esta forma el mensaje se transmite con mayor fi- 

delidad. El módulo de habla del robot se describe en la Sección 6.3. Dentro de los límites 
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del hardware disponible, boca y habla están sincronizadas. 

El cuello del robot también está controlado por un módulo independiente, ver Sec- 

ción 6.2. La principal función del cuello es girar la cabeza del robot hacia los individuos 

detectados. También permite seguirlos suavemente. Al igual que en el caso anterior su fun- 

cionamiento está muy determinado por las características del hardware. 

Además de por el módulo de control de comportamiento (ver abajo), estos canales 

actuadores pueden ser controlados directamente por las percepción (reflejos) y adaptados 

según el estado emocional, ver la Figura 3.3. 

Memoria 

Sin memoria no se puede atribuir significado e interpretación a las cosas y eventos que 

percibimos. Para este robot hay conceptos fundamentales relacionados con la interacción 

que deben residir en memoria. Estos datos pueden estar asociados a cada individuo que ha 

interactuado con el robot. Ejemplos de esta clase de conceptos, que nosotros mismos us- 

amos en interacciones humano-humano, son " I N D I V I D U O  - E S  - COOPERATIVO" o 

" M E  - H E  - S E N T I D O  - F E L I Z  - CON - E S T E  - INDIVIDUO".  Estopermitealrobot 

tener un medio de adaptar sus acciones a la evolución de la sesión de interacción o al indi- 

viduo. 



Emociones 

Aunque el uso de emociones en un robot es todavía un tema de debate, en los últimos 

años muchos autores han argumentado que el tradicional paradigma del Dr: Spock para 

resolver problemas (eminentemente racional) podría no ser apropiado para modelar com- 

portamientos sociales. Las decisiones racionales nos permiten desenvolvemos en el com- 

plejo mundo en que vivimos. La decisión racional entre diferentes opciones es crucial 

para la supervivencia. Sin embargo, cualquier agente cuyas acciones sean guiadas sola- 

mente por decisiones puramente racionales encontraría serios problemas. Sopesar todas las 

posibles opciones haría que el agente no pudiera tomar ninguna decisión. Hay evidencias 

de que las personas que han sufrido daños en los lóbulos prefrontales de forma que ya no 

pueden mostrar emociones son muy inteligentes y sensatas, pero no pueden tomar decisiones 

[Picard, 1997, Damasio, 19941. El así llamado paradigma del Comandante Kirk asume que 

algunos aspecto de la inteligencia humana, particularmente la habilidad de tomar decisiones 

en entornos dinámicos e impredecibles, depende de las emociones. 

En CASIMIRO, el módulo de emociones básicamente mantiene un estado emocional. 

El robot está en todo momento en uno de entre un conjunto predefinido de estados, como 

enfado, felicidad, sorpresa, etc. El módulo de emociones tiene tres funciones importantes: 1) 

es un útil y conceptualmente simple medio de modelar las expresiones faciales y sus transi- 

ciones, 2) el estado emocional puede influenciar (y puede ser influenciado por) las acciones 

tomadas por el robot, 3) el estado emocional debería afectar a la percepción, restringiendo la 

amplitud de la misma, por ejemplo. 

Control del Comportamiento 

Tener muchos sensores y actuadores parece una condición necesaria para que el robot sea 

percibido como un poco más inteligente o humano. No obstante, un mecanismo apropiado 

de control de comportamiento debe estar también presente para unirlos al más alto nivel de 

abstracción posible. 

El modelado de comportamiento es un tema central en la robótica. Las acciones 

observadas de un robot normalmente dependerán de muchos factores: la complejidad y la 

naturaleza del entorno, sus capacidades de acción y percepción, sus metas y sus habilidades 

de proceso interno. Cuando se diseña el robot, la mayoría de estos factores se definen de 

antemano: el robot ha de funcionar en una determinada habitación o espacio, sus sensores 

y actuadores son conocidos, así como sus metas o preferencias. Así, es la forma en que el 

robot procesa internamente la información disponible lo que define el comportamiento final 



que se observa. 

Después de mostrar la arquitectura global del robot, es importante hacer notar que el 

proceso de construcción del robot es realmente un co-diseño hardware-software. Para poder 

entender aspectos como la generación de expresión facial y el control del cuello es esencial 

conocer el hardware del robot, que será descrito en el siguiente capítulo. 





Capítulo 4 

Hardware 

"Tu cara es un libro, donde los hombres leen sobre extrañas materias" 

William Shakespeare. 

Si hemos de construir una cara antropomórfica, ¿no sería más fácil usar una cara 

gráfica? El robot Vikia [Bruce et al., 20011, por ejemplo, usa un monitor plano para mostrar 

una cara animada. Kidd y Breazeal [Kidd and Breazeal, 20031 compararon las reacciones de 

las personas frente a un robot y a una cara animada (plana). Los resultados muestran que el 

robot obtenía siempre mayores valoraciones en cuanto a presencia social y empatía que el 

personaje animado. Los individuos también consideraron al robot como más convincente y 

entretenido. 

En cualquier caso, un robot físico se puede mirar desde diferentes ángulos, se puede 

tocar y es parte del espacio ocupado por las personas. La gente tiende a suponer que los 

objetos 3D animados requieren control inteligente, mientras que las imágenes planas resultan 

seguramente de la reproducción de una secuencia previamente almacenada [Mobahi, 2003, 

King and Ohya, 19961. 

4.1 Hardware 

Esta sección describe el hardware del que está compuesto CASIMIRO. Los detalles se omi- 

tirán, puesto que aparecen publicados en otros sitios. Es importante introducir el hardware 

aquí (en vez de considerarlo como un apéndice del documento) porque eso ayuda a ubicar el 

trabajo descrito en los capítulos siguientes. 









Figura 4.6: Diseño de la cabeza. 

Figura 4.7: Carrusel giratorio empleado en el cuello. Cortesía de Rhino Robotics Ltd. 

incluye una librería para obtener mapas de profundidad eficientemente. 

Micrófonos, Amplificadores y Tarjeta de Sonido 

CASIMIR0 emplea dos micrófonos omnidireccionales, colocados a ambos lados de la cabeza. 

Las señales de sonido llegan a dos amplificadores, y son posteriormente capturadas por un 

sistema de audio EWS88 MT de la compañía Terratec [Terratec Electronic GmbH, 20031. 





Capítulo 5 

Percepción 

"He visto cosas ... cosas que vosotros pequeñas personas no creeriais. .. 

naves de ataque en llamas frente al brazo de Orión brillantes como el magnesio. Subi 

en las cubiertas posteriores de un carguero; he visto rayos C relucir en la oscuridad 

cerca de la puerta de Tanhauser.. Todos esos momentos ... se irán." 

- Blade Runner; guión de Hampton Fancher y David Peoples, 1981. 

E STE capítulo describe las capacidades perceptoras de CASIMIRO. La percepción es uno 

de los aspectos más importantes de un robot. CASIMIR0 tiene una serie de módulos 

que le permiten captas algunas características de su entorno, especialmente las relacionadas 

con personas. La Sección 5.1 describe el módulo de visión omnidireccional. La localización 

de sonido se explica en la Sección 5.2. Las salidas de estos dos módulos se combinan en 

un sistema de atención audio-visual, que se describe en la Sección 5.3. En la Sección 5.4 

se muestra el módulo de detección facial, en la Sección 5.6 los mecanismos de memoria y 

olvido. El capítulo finaliza con un estudio de mecanismos de habituación. 

5.1 Visión Omnidireccional 

La mayoría de los robots de interacción usan dos tipos de cámara: una cámara de campo de 

visión ancho (alrededor de 70°), y10 una cámara foveal. En los últimos tiempos ha crecido 

el interés en la visión omnidireccional, que permite capturar imágenes que abarcan 360". 

Cuatro técnicas se usan para lograr esto [Fraunhofer Institut AIS, 2004, Nayar, 19981: 

+ Cámaras con lentes de ojo de pez. 



+ Cámaras con espejos curvos (convexos). Esta variante, llamada catadióptrica, es la 

más común, ver Figura 5.1. 

+ Conjuntos de cámaras montadas en configuración de anillo o esfera 

+ Una cámara que rota alrededor de un eje y toma una secuencia de imágenes que abarca 

360". 

En cámaras normales la resolución es uniforme, mientras que en sistemas catadióp- 

tricos la resolución es mayor en el centro y menor en las zonas exteriores. No obstante esto, 

las ventajas de tener un campo de visión ancho son obvias, especialmente para determinadas 

aplicaciones como navegación [Gaspar, 2002, Winters, 20011, vigilancia [Boult et al., 1999, 

Haritaolu et al., 20001 o grabación de reuniones [Stiefelhagen et al., 20031. 

Figura 5.1: Montaje típico de visión omnidireccional. 

CASIMIR0 puede localizar personas que entran en la habitación usando visión om- 

nidireccional. La cámara omnidireccional (un montaje catadióptrico) mostrada en la Figura 

4.8 le da al robot un campo de visión de 180°, similar al de los humanos. 

El software asociado implementado está basado en substracción adaptativa del fon- 

do. El primer paso es descartar parte de la imagen, pues solo nos interesa la zona frontal, 

cubriendo 180" de lado a lado. Así, la imagen de entrada se enmascara para usar solo la 

mitad superior de una elipse, que es la forma del espejo tal como se ve desde la cámara. 

El modelo de fondo se obtiene como el valor medio de un cierto número de frames 

tomados cuando no hay nadie presente en la sala. Ya en funcionamiento, las imágenes de 

entrada substraídas son umbralizadas y se aplica el operador de cierre. De la imagen así 



obtenida se localizan las componentes conectadas y se estima su área. Además, para cada 

componente conectada, se estima la distancia Euclídea que hay desde el punto más cercano 

de la componente al centro de la elipse (Figura 5.2), así como el ángulo del centro de masas 

de la componente con respecto al centro de la elipse y su eje mayor. 

Figura 5.2: Medida de distancia aproximada tomada con la cámara omnidireccional. En este 
caso una persona se estaba acercando al robot, desde una distancia de 260cm a 60cm. 

El módulo de visión omnidireccional también detecta zonas de movimiento, que se 

usan como un mapa de características en el sistema de atención (ver Sección 5.3). La Figura 

5.3 muestra al módulo de visión omnidireccional funcionando. 

En pruebas iniciales se detectó que la gente tendía a mover el brazo frente al robot, 

como intentando llamar su atención. Se decidió detectar esto para hacer al robot responder 

con alguna frase graciosa. 

5.2 Localización de Sonido 

La localización de sonido juegaun papel muy importante en muchos seres vivos, siendo vital 

para la supervivencia de muchas especies. Los búhos, por ejemplo, pueden cazar en la oscuri- 

dad total gracias a sus extraordinarias habilidades de localización de sonido [HHMI, 19971. 

En humanos, la capacidad de detectar de dónde viene un sonido nos avisa de peligro poten- 

cial. La localización de sonido es además un importante mecanismo de fijación de atención, 

especialmente en un escenario de comunicación verbal. 

Nuestras habilidades de localización de sonido provienen del hecho de tener dos ore- 

jas. Si bien podríamos distinguir diferentes sonidos con solo una oreja, localizar de dónde 

provienen requiere al menos dos. Las diferencias de las señales recogidas en una y otra oreja 





+ El método da un ángulo que puede usarse directamente por un mecanismo atencional 

(ver Sección 5.3). 

Un serio problema para la localización de sonido es el hecho de que los servomotores 

de la cabeza hacer ruido cuando están en funcionamiento. Realmente, los servomotores 

hacen ruido incluso cuando no se están moviendo, y también se genera ruido por los orde- 

nadores cercanos. En el humanoide SIG este problema se resolvió usando cuatro micrófonos, 

dos dentro de la cubierta de la cabeza y dos fuera, cancelando en las señales externas compo- 

nentes de ruido captadas por los micrófonos internos [Nakadai et al., 20001. Esta ingeniosa 

solución depende de que la cubierta de la cabeza atenúe el sonido. En las primeras versiones 

de CASIMIR0 los micrófonos estaban ubicados en la misma cabeza, a la altura de los ojos, 

y el módulo de localización de sonido solo producía resultados cuando ningún servomotor se 

estaba moviendo. Esta es obviamente la solución más simple. Actualmente, los dos micró- 

fonos se han ubicado a una distancia de aproximadamente 80cm de los servomotores. Hay 

una caja de madera (la cabeza descansa sobre esta caja) entre la cabeza y los micrófonos. En 

su actual posición los micrófonos no capturan mucho ruido de los motores, y sí captan la voz 

y otros sonidos provenientes del espacio de interacción. 

5.3 Atención Audio-Visual 

El objetivo más importante en los robots sociales es la capacidad de interacción. En este 

sentido un sistema de atención es crucial, tanto como filtro para centrar los recursos percep- 

tuales del robot como medio de hacer saber al observador que el robot tiene intencionalidad. 

En esta sección se describe un simple pero funcional sistema de atención. El sistema, im- 

plementado en CASIMIRO, fusiona información auditiva y visual obtenida del entorno, y 

puede incorporar en la atención influencias de más alto nivel basadas en conocimiento. 

La atención es un proceso de selección por el cual solo una pequeña parte de la 

enorme cantidad de información sensorial llega a centros de proceso superiores. En inter- 

pretación visual, por ejemplo, la atención permite dividir el problema en una rápida sucesión 

de problemas locales, computacionalmente menos costosos. La literatura relacionada divide 

la atención humana en dos etapas funcionalmente independientes: una etapa preatentiva, que 

opera en paralelo sobre todo el campo visual, y una etapa atentiva, de capacidad limitada, 

que solo procesa un ítem a la vez. La etapa preatentiva detecta estímulos intrínsecamente 

destacados, mientras que la etapa atentiva lleva a cabo un proceso más costoso y detallado 

con cada estímulo detectado. Los valores de importancia de la etapa atentiva dependen de la 

tarea actual, conocimiento adquirido, etc. [Heinke and Humphreys, 20011. 



El robot Kismet incluía un sistema de atención basado en el modelo "Guided Search 

2.0 JGS2)" de Wolfe [Wolfe, 19941. GS2 se basa en extraer de la imagen caracteristicas 

básicas (color, movimiento, etc.) que son combinadas linealmente en un mapa de activación. 

Se localiza la región de máxima activación en el mapa y el foco de atención (FOA) se dirige 

a esa región. 

Es un hecho ampliamente aceptado que la atención es controlada tanto por ítems de 

importancia sensorial como por factores cognitivos (conocimiento que se tenga, tarea actual, 

...) [Corbetta and Shulman, 20021. En [Scassellati, 20011 se usa un mapa de caracteristicas 

adicional con el propósito de asignar mayor activación a las zonas de atención compartida 

entre el robot y una persona. 

En el modelo implementado para CASIMIRO, los valores de activación son contro- 

lados por la siguiente ecuación: 

donde F y G son funciones que se aplican a los mapa de caracteristicas visuales (f,) y 

auditivos (gj), con el fin de agrupar zonas de actividad y10 tener en cuenta el error en la 

posición de las zonas de actividad detectadas. Las posiciones espaciales y temporales se 

representan en los mapas con las variables p y t .  vi, s j  y K son constantes. C es una función 

que da más activación a las zonas cercanas al FOA actual: C(p, t )  = e - ~ p - ~ ~ ~ ( ~ - ~ )  . T (  P ,  t )  

representa el efecto de módulos de alto nivel, que pueden actuar sobre todo el campo de 

atención. El máximo del mapa de activación define el nuevo FOA, siempre que sea mayor 

que un umbral U: 

maxpA(p, t )  s imaxpA(p , t )>O 
FOA(t)  = 

FOA(t - 1 )  enotrocaso 

El modelo se muestra en la Figura 5.4, usando sonido y visión para extraer mapas de 

caracteristicas. Nótese que un mecanismo de atención compartida usaría la componente T 

de la ecuación 5.2. 

La implementación en CASIMIR0 usa un mapa auditivo: la localización de una única 

fuente de sonido. El mapa visual se extrae de imágenes tomadas con la cámara omnidirec- 

cional. 







para la interacción. En esta sección, se ha descrito un sencillo aunque funcional modelo 

de atención. El modelo se implementó usando características tanto auditivas como visuales 

extraídas de la zona que rodea al robot. 



5.4 Detección de Caras 

La visión omnidireccional permite al robot detectar personas en su entorno, y girar su cuello 

hacia ellas. Cuando el cuello gira, no hay garantía de que el módulo de visión omnidi- 

reccional haya detectado a una persona, podría ser un perchero, una silla de ruedas, etc. 

En esta sección se describe un módulo de detección de caras, que permite confirmar la 

detección de la persona. Usa imágenes en color obtenidas por la cámara estéreo descri- 

ta en la Sección 4.1. El módulo fue inicialmente desarrollado para detección y normal- 

ización de caras en una plataforma diseñada para aplicaciones de visión de propósito general 

[Hernández Tejera et al., 19991. 

ENCARA, el detector de caras integrado inicialmente en CASIMIRO, funciona me- 

diante una cadena de clasificadores o filtros [Castrillón, 20031. Inicialmente, se obtiene ev- 

idencia acerca de la presencia de una cara en la imagen. Un primer módulo clasificador 

confirma o rechaza esta hipótesis inicial. Si no es confirmada, la hipótesis inicial es inmedi- 

atamente rechazada y la cadena se rompe. Por otra parte, si la hipótesis es confirmada, el 

siguiente módulo en la cadena se lanza y comienza a hacer lo propio. La hipótesis inicial se 

confirma finalmente si el último módulo en la cadena es capaz de confirmarla. 

Este esquema de combinación de clasificadores se puede ver como el filtrado de un 

fluido en una cascada. Cada etapa de filtrado rechaza una fracción de impurezas. Cuantas 

más etapas en la cadena, un fluido más puro se obtiene en la salida. En ENCARA, los 

filtros de la cadena se basan en color de piel, seguimiento (tracking) de caras encontradas en 

instantes anteriores, relaciones ancholalto de blobs, detección de ojos, etc. 

ENCARA se diseñó de forma modular para poder actualizarlo o modificarlo fácil- 

mente. Detecta una media del 84% de las caras detectadas usando el conocido detector de 

Rowley-Kanade [Rowley et al., 19981, aunque es 22 veces más rápido. Se puede obtener 

más detalles de los experimentos realizados con ENCARA en [Castrillón, 20031. 

ENCARA fue integrado en las primeras versiones de CASIMIRO. Actualmente solo 

se usa el primer filtro de la cadena, además de un pequeño filtro de ratio altolancho de blob. 

El resto de los filtros resultaban demasiado restrictivos para nuestros objetivos. Nótese que 

esto está en línea con la metodología propuesta en el Capítulo 3: estamos suponiendo aquí 

que los blobs de color piel con cierto ratio altolancho son siempre caras. Esta suposición 

constituye un pequeño alejamiento o limitación del dominio en el cual nosotros somos ca- 

paces de reconocer caras, pero en compensación nos permite lograr una tasa de detección 

buena. 

ENCARA usa el color como pista principal para la detección. La detección por color 





blob medido a 114 de la altura del blob, ver Figura 5.8. La altura final del rectángulo de cara 

es (altura - rectángulo+ancho - final - rectángulol2). 

Figura 5.8: Rectángulos de cara obtenidos sin (izquierda) y con (derecha) eliminación de 
ropa. 

5.5 Detección de Gesto AfirmativoíNegativo 

Debido a la dificultad de lograr reconocimiento de voz a distancia, se decidió poner más 

atención a técnicas de entradas más simples, como los gestos con la cabeza. Son muy sim- 

ples en el sentido de que solo dan significado de sílno, entiendolno-entiendo, lo-apruebollo- 

desapruebo. Sin embargo, su importancia no se debe subestimar: 

+ El significado de los gestos sílno con la cabeza es prácticamente universal 

+ Pueden ser detectados de forma relativamente simple y robusta. 

+ Pueden ser usados como mínimo feedback para aprender nuevas cosas. 

+ Se ha demostrado que el "sí"y el "no"son con mucho las dos entradas humanas más 

comunes en conversaciones entre humanos y chatbots [Wallace, 20051. 

El detector de sílno debe ser lo más rápido posible. Asumimos que el gesto de sílno 

solo se producirá después de que el robot ha preguntado algo al individuo. Así, podemos 

permitir que el módulo detector produzca detecciones en otros momentos, siempre y cuando 

de las salidas correctas cuando se necesitan. 

La implementación que se usa en CASIMIR0 emplea el algoritmo de seguimiento 

piramidal de Lucas-Kanade, descrito en [Bouguet, 19991. Inicialmente se busca una serie 

puntos destacados (esquinas acentuadas) en la imagen para seguir. De todos estos puntos, 



repeat 
Compute the absolute displaceinent of eacli trackiiig poitit 
Let (Mv.Mh) be tlie tnean absolute displacetiient of the points Uiside the skin-colour 
rectangle 
i f  an output has not been given yet then 

if Mv>thresholdv OR Mh>tlireslioldl~ then 
if if Mv > M11 then 

output=head nod 
else 

outpiit=head shake 
end if 

end i f  
end if 

until an output is available 

Figura 5.9: Detector de SiíNo basado en seguimiento de LK 

nos fijaremos solo en el movimiento que realizan los que caen dentro del rectángulo de cara. 

El algoritmo se muestra en la Figura 5.9. 

La Figura 5.10 muestra la técnica en funcionamiento. En pruebas se obtuvo una tasa 

de reconocimiento del 100% (73 de 73 preguntas reconocidas con respuestas alternativas 

SiíNo, usando la primera respuesta dada por el algoritmo). 

Figura 5.10: Detector de gestos SiíNo. 

El módulo implementado está continuamente a la espera de que se le notifique que 

se acaba de formular una pregunta. En ese momento inicia el proceso descrito y cuando 

se obtiene la primera respuesta se devuelve ésta al módulo llamante. En caso de que pase 

un cierto tiempo sin obtenerse respuesta se devuelve un código informativo de que no hubo 

respuesta. 





sacrificar un poco el dominio de funcionamiento en aras de obtener un error aceptable. Se 

optó finalmente por hacer un seguimiento de las personas que entran en el espacio en frente 

del robot (zona de interacción). El seguimiento se realiza en una dimensión, pues lo que 

interesa es únicamente el ángulo de la persona con respecto al robot. 

Cada persona en la que el robot se ha fijado tiene datos asociados (las cosas que el 

robot le ha dicho, las reacciones de la persona, etc.). El seguimiento permite mantener es- 

ta información. Cuando el robot fija su atención en una persona, los datos asociados están 

disponibles para otros módulos, principalmente para el módulo de control de comportamien- 

to (Chapter 7). El sistema de seguimiento tiene la desventaja de que cuando una persona deja 

la zona de interacción abarcada por el robot y vuelve más tarde, será considerada como una 

nueva persona. 

CASIMIR0 tiene una memoria asociada a cada individuo, pero también una memo- 

ria "global". La memorial global retiene información que no puede considerarse propia de 

ningún individuo particular, como por el ejemplo el hecho de que el robot ha dicho ya que 

es un día caluroso. 

El olvido se modela de la siguiente forma. Sea f ( t )  una función de olvido, que 

usamos como medida de probabilidad de olvidar algo: 

donde k y 1 son constantes. Aplicamos la función f al conjunto de predicados Booleanos 

que el robot retiene en memoria (tanto globales como asociados a cada individuo). Cuando 

un predicado se olvida, toma el valor que tenía al principio, cuando el robot fue conectado. 

En la implementación de este mecanismo, t  es el tiempo transcurrido en segundos. 

Se asignaron diferentes valores de k a todos los símbolos que pueden estar en memoria. A 

algunos predicados se les dió un valor mayor que cero para la constante 1, lo que permite 

evitar el caso de un olvido demasiado temprano. 

5.7 Identificación del Propietario 

La identificación del propietario o creador del robot es una habilidad que puede ser muy in- 

teresante. La habilidad puede que no afecte en absoluto al creador, pero podría impresionar 

a otras personas presentes en la sala. El reconocimiento de personas es difícil de lograr. La 



identificación del propietario del robot podría ser factible, pues el problema de reconocimien- 

to se reduce a dos clases (propietario y no-propietario). Aun así, el uso de reconocimiento 

de caras o de la voz para el reconocimiento del propietario llevaría esencialmente a la misma 

falta de robustez que en el caso de reconocimiento de caras y voz para varios individuos. 

¿Quién es el propietario del robot? La respuesta correcta es: la persona que lo com- 

pra. Sin embargo, estamos más interesados en el rol de la persona que cuida del robot y lo 

usa con más asiduidad (esta persona es normalmente el propietario). Esta persona es la que 

conecta el robot, lo que se hace generalmente desde una parte concreta del robot o desde un 

determinado ordenador. 

En CASIMIRO, una cámara está situada encima del ordenador principal de control 

(desde el cual se enciende el robot). El módulo de detección de propietario usa la cámara 

para buscar un blob de color de piel en la imagen. La cámara tiene una lente de ángulo 

ancho, y una relativamente baja resolución de 160x120. Cuando no se encuentra dicho blob 

en la imagen el módulo notifica al módulo de atención. En ese momento el módulo termina 

para no seguir usando CPU. 

El ordenador principal de control está situado detrás del robot, sobre la misma mesa, 

ver Figura 5.12. Una vez que ha sido notificado por el módulo detector de propietario el 

módulo de atención considera como propietario al primer blob que entra en la imagen de la 

cámara omnidireccional por la izquierda. La propiedad "propietarioMse almacena asociada 

al individuo durante el seguimiento 1D. 

Figura 5.12: Ordenador desde donde se enciende CASIMIRO. El espacio de interacción 
queda a la izquierda. 



Los investigadores en reconocimiento de caras tienden a evaluar los algoritmos en 

función del número de individuos que el sistema puede reconocer y a la tasa de error medida. 

Una tasa de error medida de hasta un 10% puede considerarse como muy buena. El enfoque 

presentado aquí reconoce un único individuo con un error cero garantizado. 

5.8 Habituación 

Los seres vivos poseen mecanismos de habituación que les permiten ignorar estímulos repet- 

itivo~. Si tales estímulos no fueran gradualmente ignorados, la respuesta continuada llevaría 

al ser vivo al completo agotamiento. Una gran cantidad de información se recibe contin- 

uamente del entorno, y debe ser filtrada de alguna forma para que el agente pueda fijarse 

en los datos interesantes. Muchos animales, incluidos los humanos, tienen algún tipo de 

mecanismo para filtrar estímulos no interesantes. 

El modelo de habituación de Stanley [Stanley, 19761, propuesto para simular los datos 

de habituación obtenidos de la médula espina1 del gato, se ha usado ampliamente en la bibli- 

ografía. El modelo describe la disminución de eficiencia y de una sinapsis por una ecuación 

diferencial de primer orden: 

donde yo es el valor normal, inicial de y ,  S( t )  representa la estimulación externa, T es una 

constante de tiempo que controla la tasa de habituación y a regula la tasa de recuperación. 

La Ecuación (5.5) asegura que la eficacia sináptica decrece cuando la señal de entrada S ( t )  

aumenta, y retorna a su máximo yo en ausencia de señal de entrada. 

El modelo de (5.5) solo puede explicar la habituación a corto plazo. Wang introdujo 

un modelo para incorporar habituación tanto corto como a largo plazo, usando una curva en 

forma de S invertida [Wang, 19951, 

donde a ,  yo y y tienen el mismo significado que en (5.5), 0 regula la habituación y z ( t )  

decrece monótonamente con cada activación del estímulo externo S( t ) ,  y modela la habit- 

uación a largo plazo. Debido a este efecto de z ( t )  tras un gran número de activaciones la tasa 



de recuperación es más lenta. 

Si usamos el modelo de la Ecuación (5.5) podemos obtener efectos no deseados con 

determinados estimulos. Una señal de entrada periódica (con frecuencia mayor que cero) 

puede producir una respuesta que no muestra habituación. Esto se debe al hecho de que el 

modelo no tiene en cuenta estímulos cambiantes. Para incluir este aspecto en el modelo, 

proponemos usar una señal auxiliar que será cero cuando el estimulo sea estacionario o de 

frecuencia fija, y uno en otro caso, y usar esta señal como entrada al modelo de habituación 

(5.5). 

La señal auxiliar, que básicamente detecta estimulos monótonos, se obtiene del espec- 

trograma del propio estimulo. El espectrograma es la distribución tiempo-frecuencia de una 

señal. Está basad en la Transformada de Fourier con una ventana móvil [Holland et al., 20001. 

La ecuación: 

da la definición de espectrograma con una ventana Gaussiana de ancho 2T, y es el espectro de 

potencia de una señal que corresponde a la magnitud cuadrada de la Transformada de Fourier 

de la señal "ventaneada". La ventana puede tener otras formas además de la Gaussiana. En 

la Figura 5.13 se muestra una señal de audio y su espectrograma correspondiente, donde las 

regiones más brillantes corresponden a mayor potencia. Se pueden distinguir dos espectros 

de frecuencia bien definidos, pues hay un cambio en la señal de entrada en 0.5s. Los patrones 

temporales de una señal estimulo tienen un patrón especifico en el espectrograma. Una señal 

de frecuencia fija corresponde a una linea recta paralela al eje temporal en el espectrograma. 

La longitud de esta linea indica cuánto tiempo ha estado presente el estimulo. 

O  O1 O 2  O 3  O 4  O 5  O 6  O 7  O 8  O 9  1  
Time (sec) 

O  O1 O 2  O 3  O 4  O 5  O 6  O 7  O 8  O 9  
Time 

Figura 5.13: Señal de audio (izquierda) y su correspondiente espectrograma (derecha). 



Los espectrogramas se calculan a partir de ventanas de la señal de entrada. Estas 

ventanas, de longitud 1, se solapan en 1 - 1 muestras. Representemos cada espectrograma 

como una matriz M ,  en la cual las filas representan frecuencias y las columnas representan 

tiempo. Calculamos la varianza de cada fila de M ,  lo que produce un vector columna v. 

La norma de este vector es una medida de cuan monótona es la señal de entrada. La norma 

será alta cuando la señal es cambiante, y baja en caso contrario. Así, la señal auxiliar que 

necesitamos es simplemente la norma umbralizada de v. La amplitud de la señal de entrada 

afecta al contenido de potencia de los espectrogramas, y a su vez a la norma de v. Por ello, 

antes de calcular la FFT la señal de entrada debe ser normalizada dividiendo cada ventana de 

entrada por la suma de sus valores absolutos. Un valor de 1 para la señal auxiliar significará 

que hay cambios en la señal de entrada, mientras que un valor de O indica que la señal de 

entrada es monótona. Una vez la señal auxiliar está disponible, se usa el modelo (5.5) para 

obtener el comportamiento de habituación deseado, controlando los parámetros T y a. 

El algoritmo descrito en la sección anterior fue implementado para probarlo con difer- 

entes señales de entrada. Se grabó un vídeo conteniendo un estímulo amarillo brillante (una 

tarjeta amarilla) que se movía de forma repetitiva, ver Figura 5.14-a). Usando técnicas sen- 

cillas de segmentación se obtuvo el centroide de la tarjeta en cada frame, y se sumaron sus 

coordenadas x e 9 para formar la señal unidimensional de la Figura 5.14-b). LA secuencia 

de movimientos de la tarjeta durante la grabación fue: movimiento horizontal, movimiento 

aleatorio, movimiento vertical y movimiento vertical a una frecuencia diferente del anterior. 

l 
1 O 20 30 40 50 60 

Time (sec) 

Figura 5.14: a) Vídeo usado para el experimento de habituación visual, b) señal unidimen- 
sional extraída de él. 

Los resultados aparecen en la Figura 5.15. Se usaron ventanas de 128 muestras, y el 

umbral de varianza se situó en 1000. 
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Figura 5.15: a) Evolucón de la norma l 2  del vector de varianzas v, b) nivel de habituación, 
usando r = 5, a = 1. 

El mecanismo de habituación descrito se implementó en CASIMRO para señales del 

dominio visual. Se calcula la diferencia entre el frame actual y el anterior. Esta diferencia 

es umbralizada y filtrada con operadores Open y Close. Los blobs resultantes de área muy 

pequeña se descartan. A continuación se obtiene el centro de masas de la imagen resultante. 

La señal que entra al algoritmo de habituación es la suma de las componentes z e y del centro 

de masas. De esta forma cuando la imagen no cambia significativamente o hay presentes 

movimientos repetitivos durante un cierto tiempo la señal de habituación crece. Cuando 

crece por encima de un umbral se envía una señal de inhibición al módulo de atención, el 

cual cambia entonces el foco de atención. Los movimientos de cuello producen cambios en la 

imagen, pero se observó que no eran periódicos, y por tanto no hacían crecer la habituación. 

Para señales de audio el algoritmo funciona demasiado lento. Podría aplicarse a 

señales de audio si las señales se comprimieran en tiempo real. 



Capítulo 6 

Acción 

CHRISTOF: Nos hemos aburrido de ver actores que transmiten 

falsas emociones. Nos hemos cansado de la pirotécnia y 

los efectos especiales. Si bien el mundo en que él habita es 

en algunos aspectos falso, no hay nada falso en Truman. 

No hay guiones, no hay cartas marcadas ... No siempre es 

Shakespeare, pero es genuino. Es una vida. 

- El Show de Truman, Guión de Andrew Niccol. 

E STE capitulo describe las acciones que CASIMIR0 puede realizar. La Sección 6.1 expli- 

ca cómo se han conseguido las expresiones faciales. La generación de voz se describe 

en la Sección 6.3, junto con breves descripciones del habla expresiva y aspectos de humor 

en el lenguaje. 

6.1 Expresiones Faciales 

La cara de Kismet tiene cejas (cada una con dos grados de libertad), párpados (un grado 

de libertad) y boca (un grado de libertad). La boca ha ganado más grados de libertad en 

las últimas versiones. Kismet puede adoptar expresiones de enfado, fatiga, temor, disgusto, 

excitación, felicidad, interés, tristeza y sorpresa, todas ellas fácilmente reconocibles por un 

observador humano. El sistema de movimiento facial en Kismet se dividió en tres niveles. En 

un primer nivel hay procesos que controlan cada motor. En el siguiente nivel hay procesos 

que coordinan el movimiento de los rasgos faciales, como por ejemplo una ceja. En el 

tercer nivel hay procesos que coordinan los rasgos faciales para formar las expresiones. Este 



Expresión: "Sorpresa" 
Grupo: Boca Pose: Abierta Grado: 90 
Grupo: Ceja derecha Pose: Levantado Grado: 90 
Grupo: Ceja izquierda Pose: Levantada Grado: 90 
Grupo: Oreja derecha Pose: Levantada Grado: 100 
Grupo: Oreja izquierda Pose: Levantada Grado: 100 
Grupo: Párpado derecho Pose: Levantado Grado: 80 
Grupo: Párpado izquierdo Pose: Levantado Grado: 80 

Tabla 6.1 : Típica definición de una expresión facial. 

esquema de tres niveles permite descomponer el trabajo de modelado de una forma natural 

y escalable. Kismet también usa una intensidad para cada expresión, que es un grado con 

respecto a una pose considerada neutral. 

Las expresiones faciales en CASIMIR0 usan la jerarquía de tres niveles comentada. 

Primero se definieron grupos de motores que controlan un rasgo facial concreto. Por ejemplo, 

dos motores se agrupan para controlar una ceja. Para cada uno de los grupos de motores se 

define también las poses que el rasgo facial puede adoptar, como 'ceja derecha neutral','ceja 

derecha levantada',etc. Las transiciones por defecto entre las diferentes poses usan una línea 

recta en el espacio de valores de control de motor. El modelador tiene la oportunidad de 

modificar estas transiciones por defecto, si es que alguna de ellas parece poco natural. 

La primera pose que el modelador debe definir es la pose neutral. Todas las poses 

que se definan se refieren a un grado máximo, 100. Ya en funcionamiento, cada pose puede 

adoptarse en un cierto grado entre O y 100. El grado se usa para interpolar linealmente los 

puntos en la trayectoria con respecto a la pose neutral. 

En un nivel superior, las expresiones faciales hacen referencia a poses de los difer- 

entes grupos, cada uno con un grado diferente. "Sorpresa", por ejemplo, podría representarse 

como en la Tabla 6.1. 

La expresión facial se especifica cuando el sistema está funcionado, junto con un 

grado que permite, por multiplicación, obtener el grado a aplicar a las poses de los difer- 

entes grupos. Para un mayor control, el modelador puede también especificar un tiempo de 

comienzo para cada grupo. De esta forma, "sorpresa"podría lograrse elevando primero las 

cejas y abriendo después la boca. 

El funcionamiento de la cara nos lleva preguntarnos sobre las transiciones entre las 

expresiones: ¿Cómo obtener la trayectoria desde una pose A con grado Gj a una pose B con 

grado Gf! En un momento dado un grupo está en la pose A con grado Gi y queremos que 



adopte la pose B con grado Gf. Para un grupo de dos motores el procedimiento se muestra en 

la Figura 6.1, donde N representa a pose neutral, X el punto correspondiente al grado inicial 

e Y el punto correspondiente al grado final. Para obtener la expresión que da la trayectoria 

de transición se imponen las siguientes condiciones límite: 

La trayectoria que se ajusta a estas restricciones es: 

Los símbolos ? y : corresponden a la instrucción IF-THEN-ELSE (como en el 

lenguaje C). La ecuación de la trayectoria es continua en los valores de Gi y Gf. La misma 

relación se usa para obtener velocidades a lo largo de la trayectoria. 

m1 

Figura 6.1 : Transiciones entre expresiones en espacio motor. 

El esquema de modelado descrito se implementó como un editor de poses (Figura 

6.2). El editor da al modelador una forma simple e interactiva de definir y probar poses, 

transiciones, etc. Usa una librería de bajo nivel para el control de los servomotores. Las es- 

pecificaciones de poses y transiciones pueden salvarse en un fichero. Más tarde, este fichero 

será lo único necesario para reproducir (y generar) los diferentes movimientos y trayectorias. 
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Figura 6.2: Ventana principal del editor de poses. 

El editor de poses puede por tanto funcionar tanto para tiempo de diseño como para tiempo 

de ejecución, y también puede ser controlado por otros módulos. 

El parpadeo tiene gran importancia en el robot. En ciertos experimentos formas hu- 

manas parpadeantes fueron consideradas como poseedoras de mayor precisión e inteligencia 

que otras formas humanas [King and Ohya, 19961. En nuestra implementación. el parpadeo 

se trata como un caso especial en el que el movimiento de párpados se realiza a la máxima 

velocidad. 

El repertorio de poses puede actualizarse fácilmente (si se añaden motores). La Figu- 

ra 6.3 muestra las expresiones faciales modeladas en CASIMIR0 usando el editor de poses. 

Cuello 

Como se comentó en la Sección 4.1 un cuello de 2 grados de libertad mueve la cabeza del 

robot. Para pequeños movimientos se usa un controlador PID. Para grandes movimientos del 

cuello solo se usan comandos de posicionamiento. De esta forma el cuello es capaz de hacer 





Tabla 6.2: Efecto de las emociones en el habla humana [Breazeal, 20021, 

un sistema TTS comercial. Las anotaciones permiten cambiar parámetros como entonación, 

velocidad, volumen, etc.). Las etiquetas son lo que el robot quiere decir. Por ejemplo, 'salu- 

dar','algo - gracioso', 'algo - triste', etc. Ejemplos de frases para la etiqueta "sa1udar"podrían 

ser: "hola! ': "buenos dias! ". 

El módulo Talk, que maneja el sistema TTS, lee el fichero de texto al arrancar. 

Mantiene un registro de las frases que se han pronunciado de cada etiqueta, de manera que 

no se repitan. Dada una etiqueta, selecciona una frase no dicha antes, aleatoriamente. Si 

todas las frases de esa etiqueta han sido pronunciadas, está la opción de no decir nada o bien 

empezar de nuevo. El fichero de texto incluye anotaciones que hubieron de ser añadidas a 

cada frase particular para mejorar la naturalidad de la pronunciación. 

El módulo Talk pronuncia frases con una entonación que depende de la expresión 

facial actual del robot. Antes de pronunciar una frase, el módulo Talk interroga al editor de 

poses para obtener la expresión facial actual. El mapeo de expresión a parámetros de voz se 

basa en la Tabla 6.2. 

Con el sistema TTS usado se pueden controlar cuatro parámetros de voz: velocidad 

de habla, tono medio, rango de variación de tono e intensidad. Además, se puede lograr el 

perfil ascendente para una frase en el caso de la expresión de sorpresa. 

Cada uno de los cuatro parámetros tiene un valor N asociado que indica lo fuerte que 

es el efecto. Puesto que la expresión facial tiene un grado (entre O y 100, O=neutral), se usó 

el siguiente valor para N :  

siendo g el grado de la expresión facial actual, N D  el valor por defecto para N (que debería 

corresponder a la entonación neutral) y N M  el máximo (o mínimo) valor que N puede 



1 Expresiónfacial s b f v h 1 
Sorpresa 

Enfado 
Felicidad 
Dormido 

Tabla 6.3: Valores usados para N M .  s=velocidad, b=tono medio, f=fluctuación de tono, 
v=volumen, h="breathinessM. 

tomar. Los valores de N M  para cada expresión y parámetro se establecieron manualmente, 

partiendo de los valores de la Tabla 6.3. Se añadió un conjunto de parámetros más para la 

expresión "Dormido". En este caso la entonación es monótona y lenta. 

CASIMIR0 se construyó en las Islas Canarias, una región de España en la que la 

gente usa un acento más suave que en el resto del país. Para la gente local ese acento suena 

más familiar y aumenta la empatía. La característica más significativa del acento Canario 

es que la   como en "hacer") y la "z"se pronuncian como una "S". La voz generada por 

el sistema TTS tiene un acento Español estandar. Para obtener el acento local se hicieron 

simples sustituciones (automáticas) en las frases. 





Capítulo 7 

Comportamiento 

'El buen nombre, como la buena voluntad, se consigue por 

medio de muchas acciones y se pierde por una" 

Lord Jeffery. 

E ste capítulo describe el modelado de comportamiento en CASIMIRO, que incluye tanto 

aspectos reactivos como deliberativos. Un mecanismo de reflejos (Sección 7.1) im- 

plementa las asociaciones directas entre percepción y acción, mientras que los aspectos de 

más alto nivel del comportamiento del robot se implementan con un módulo de selección de 

acción (Sección 7.2). También se implementó un módulo emocional para incluir fundamen- 

talmente los aspectos observacionales de las emociones, como la expresión facial (Sección 

7.3). 

7.1 Reflejos 

Los reflejos son respuestas involuntarias e innatas a determinados estímulos. Algunos ejem- 

plos son el reflejo del parpadeo y el reflejo rotuliano (que se comprueba rutinariamente en 

exámenes médicos). La mayoría de los reflejos son simples, pero a través de reflejos pueden 

realizarse también algunas tareas más complejas. 

En los seres humanos aparece un repertorio de reflejos al poco de nacer. Algunos son 

reflejos de aproximación (para aumentar el contacto con el estímulo) y otros de evitación 

(para evitar estímulos intensos o nocivos). El comportamiento de los recién nacidos está 

prácticamente limitado a los actos reflejos, que gradualmente serán reemplazados por ac- 



ciones voluntarias. El comportamiento adulto estará dominado por acciones voluntarias, 

aunque los reflejos aun están presentes. 

En lo que a robótica se refiere, el trabajo más importante relacionado con reflejos es 

el de la "subsumption architecture"[Brooks, 19861. Brooks afirma que en vez de construir 

sistemas complejos para usarlos en mundos simples, deberíamos construir sistemas comple- 

jos y usarlos en el mundo real. Las respuestas de origen reflejo son necesarias en un entorno 

complejo y dinámico. La respuesta a los estímulos es de naturaleza refleja, la secuencia 

percepción-acción no está modulada por aspectos cognitivos. 

Implementar reflejos en un robot es relativamente sencillo. Los siguientes reflejos 

fueron implementados en CASIMIRO: 

+ Si el robot percibe un ruido fuerte, aumenta su grado de excitación y valencia (ver más 

abajo). Esto es un ejemplo de emoción primaria (ver Sección 7.3). 

+ Si el robot percibe una luz muy intensa, cierra los ojos y frunce el ceño. La luz intensa 

se detecta cuando el número de pixels con valor mayor que un umbral supera otro 

umbral. Esta detección la realiza el módulo de detección de caras (Sección 6.1). 

+ Si el robot ve un objeto que está demasiado cerca, cierra los ojos, frunce el ceño y gira 

la cabeza hacia otro lado. El módulo de visión omnidireccional puede detectar objetos 

muy cercanos comprobando si la distancia estimada del objeto en la imagen está por 

debajo de un umbral (ver Sección 5.1). 

Los reflejos son acoplamientos fijos de percepción y acción. El robot siempre realiza 

la misma acción refleja si la percepción disparadora está presente, lo cual puede volverlo 

muy predecible o repetitivo. La siguiente sección describe un módulo de selección de acción 

que permite al robot mostrar un comportamiento más elaborado. 

7.2 Selección de Acción 

Llamamos selección de acción al proceso por el cual se genera una acción o salida, a partir 

de el estado y entradas actuales del sistema. Es por tanto una especie de "cerebroMdel robot, 

que está continuamente decidiendo qué es lo siguiente a hacer. Los sistemas de selección 

de acción normalmente explicitan conjuntos de acciones posibles, entradas posibles y metas 

que deberían guiar la selección. La forma en que se usa esos conjuntos define el método de 

selección de acción. 



El problema de la selección de acción no es trivial. Los robots asumen generalmente 

determinados estados del entorno que podrian no ser reales. Los sensores son imperfectos en 

términos de cuantización y frecuencias de actualización. Además, los actuadores del robot 

podrian no funcionar como se espera. La acción seleccionada podría no ser óptima puesto 

que la respuesta debe darse en un tiempo limitado. Finalmente, determinadas circunstancias 

requieren alta reactividad mientras que otras necesitan de acciones deliberativas (planifi- 

cación). Todas estas posibilidades han dado lugar a muchos modelos, veáse [Tyrrell, 1993, 

581. 

Las redes de comportamientos [Maes, 1990, Maes, 19891 constituyen un modelo de 

selección de acción con interesantes características como reactividad, robustez (el fallo de un 

módulo o comportamiento no necesariamente tiene efectos catastróficos), manejo de varias 

metas y cálculos simples y distribuidos. Además, no es necesario tener representaciones 

explícitas de planes para lograr la convergencia hacia las metas. Por estas y otras razones se 

eligió este modelo de selección de acción para CASIMIRO. 

En este tipo de redes, los nodos, que tienen una acción asociada, se describen con 

listas de predicados: 

+ Una lista de precondiciones que deberían ser ciertas para que se ejecute la acción 

+ Una lista de predicados que serán ciertos después de ejecutar la acción (Add list) 

+ Una lista de predicados que serán falsos después de ejecutar la acción (Delete list). 

Estas listas unen los nodos conceptualmente. Llamamos módulo de comportamiento 

a cada nodo de la red. Un módulo representa una de las acciones disponibles. Con propósito 

ilustrativo, en la Tabla 7.1 se muestra un ejemplo de una sencilla red de comportamientos 

tomada de [Goetz, 19971. 

El mecanismo de activación de un nodo (su ejecución) depende de una cantidad de 

"energíaMque fluye a través de la red. Las metas y las Add lists introducen energia positiva 

en la red. Las Delete lists introducen energia negativa. Después de la que energia haya fluido 

por la red, el nodo con mayor energia es seleccionado para su ejecución, suponiendo que su 

energia supere un cierto umbral. En otro caso el umbral se reduce un 10% y el ciclo se repite 

hasta que se seleccione algún comportamiento. 

Los comportamientos compiten y cooperan para seleccionar la acción más apropiada 

dado el estado del entorno y las metas del sistema. Las acciones se seleccionan en una 

secuencia que favorece el logro de las metas. El sistema resulta por tanto ser deliberativo, 



Beber: 
Precondiciones: En-sitio-A 
Add list: Sin-sed 
Delete list: 

Comer: 
Precondiciones: En-sitio-B 
Add list: Sin-hambre 

Aproximarse a comida: 
Precondiciones: 
Add list: En-sitio-B 
Delete list: En-sitio-A 

Aproximarse a agua: 
Precondiciones: 
Add list: En-sitio-A 
Delete list: En-sitio-B 

Tabla 7.1: Comportamientos ejemplo. Las metas son Sin-hambre y Sin-sed. 

aunque no del todo, puesto que en cada paso las entradas del entorno pueden hacer que el 

sistema elija cualquier comportamiento. Por tanto, se contemplan los dos casos: reactividad 

y planificación. 

El módulo de selección de acción de CASIMIR0 está basado en la herramienta ZagaZ 

[Hernández-Cerpa, 20011. ZagaZ es una implementación de las redes de comportamien- 

tos. Actualmente, las capacidades de ZagaZ no están totalmente explotadas en CASIMIRO, 

aunque se espera mejorar esto en el futuro. El sistema de selección de acción está fun- 

cionando como un sistema de reglas con prioridad, por lo que no se usan las listas Add y 

Delete. Dichas listas están en realidad implementadas a través del módulo de memoria, lo 

que permite ejercen un mayor control sobre los datos que se memorizan y que se olvidan. 

El comportamiento de CASIMIR0 se hizo intencionalmente simple. El robot entra 

en interacción con los individuos que entran en su espacio de interacción (una zona de 180" 

frente a él). Intenta decir poemas, bromas y datos sobre sí mismo a los individuos, en ese 

orden. La estabilidad básica de la interacción se mantiene: cada persona es saludada, y 

a veces el robot hace también comentarios de "continuidad, comentarios jocosos. Puede 

también detectar cuando la persona está distraída, lo que le hace cambiar de tema (entre 

poemas, bromas y datos sobre sí mismo). También puede preguntar al individuo si quiere oír 

más frases del tema actual o cambiar de tema. Cuando el individuo no colabora el robot se 

enfurece. 



7.3 Emociones 

Se han propuesto muchos modelos emocionales tanto dentro de la comunidad en IA como en 

psicología. El modelo más conocido es el de Russel [Russell, 19801, que considera que las 

emociones caen en un espacio bidimensional, con componentes ortogonales de excitación y 

valencia, ver la Figura 7.1. 

ANGRY JOYFUL 

SAD 

Valence 

RELAXED 

Figura 7.1 : Espacio emocional de excitación y valencia. 

La zona central del espacio correspondería a la "no emoción". Es por tanto un estado 

neutral, donde no habría sensación de estar bien o mal, excitado o calmado. En este estado 

las emociones no influencian el comportamiento, la atención o la percepción. 

Para Sloman hay tres tipos de emociones: básicas, secundarias y terciarias. Las 

emociones básicas se generan directamente a partir de determinados estímulos. Las otras 

emociones sobrevienen tras una valoración afectiva. 

El módulo emocional mantiene una posición en el espacio 2D de excitación y valen- 

cia. El módulo recibe mensajes para desplazar la posición actual en una o las dos dimen- 

siones. El espacio 2D se divide en zonas que corresponden a expresiones faciales. Se asume 

que la expresión está dada por el ángulo en el espacio 2D, y el grado de la expresión está 

dado por la distancia al origen del espacio. 

Las emociones que el robot ha sentido durante la interacción con un individuo se 

almacenan en una memoria asociada a ese individuo particular (véase la Sección 5.6). Por 

otra parte, la distancia desde la posición actual al centro del espacio emocional se usa para 

enviar al módulo de atención un mensaje para reducir la fijación en el foco de atención actual. 





Capítulo 8 

Evaluación y Discusión 

' S o  importante es no parar de hacerse preguntas." 

Albert Einstein. 

L OS módulos que constituyen CASIMIR0 han sido evaluados independientemente en los 

capítulos previos. La evaluación de esos subsistemas es relativamente directa. Básica- 

mente, cada técnica o subsistema se compara con otras técnicas de referencia. El rendimien- 

to de los subsistemas se puede evaluar a través de resultados numéricos, pudiéndose aplicar 

técnicas estadísticas y extraer conclusiones relativamente sólidas. 

Pero ¿cómo evaluar el rendimiento de un robot social completo? En una situación 

ideal tendríamos que tener dos robots diferentes disponibles, y evaluarlos en las mismas 

tareas y bajo las mismas condiciones. Eso permitiría obtener medidas comparativas. Sin 

embargo, esa opción es claramente inviable debido a la complejidad y costo de los robots y 

su soporte físico y humano asociado. Se requieren técnicas más subjetivas. 

Este capítulo se centra en observar y analizar cómo funciona CASIMIR0 global- 

mente. La Sección 8.1 hace una revisión de la literatura sobre la cuestión. Luego se de- 

scriben ejemplos de interacciones breves. Estos ejemplos permiten al lector conocer como 

se desarrolla una sesión de interacción típica. En las Secciones 8.3 a 8.4 se muestran los 

resultados de una serie de entrevistas en las que personas manifiestan sus impresiones sobre 

el robot. 



8.1 Evaluación de Robots Sociables 

Con robots industriales o de navegación la evaluación del rendimiento debe incluir aspectos 

como la precisión, repetibilidad, autonomía, velocidad, consumo de batería, etc. No es ex- 

traño que estas medidas resulten inapropiadas en nuestro contexto de robots sociables. De 

hecho, parecería que son contrarias a lo que se se debería medir. Por encima de todo, los 

robots interactivos no tienen aún una tarea definida como en el caso de los robots industri- 

ales. Scholtz y Bahrami [Scholtz and Bahrami, 20031 argumentan que este hecho hace que 

medidas típicas de evaluación en interacción hombre-máquina como eficiencia, efectividad 

y satisfacción del usuario resulten inapropriadas. 

El enfoque natural es intentar sistematizar la inherentemente subjetiva evaluación 

del robot. En este sentido el método preferido parece ser el de pasar cuestionarios a los 

individuos que han interactuado con el robot. Sin embargo, muchos aspectos son críticos, 

como las preguntas exactas a realizar y las escalas en las respuestas. Siempre existe el riesgo 

de que la pregunta no cubra exactamente el aspecto que se quiere analizar. 

Duffy y colegas [Duffy et al., 20021 argumentan que el campo de la robótica so- 

cial hereda un problema metodológico de la sociología, a saber, la cuestión de si métodos 

cuantitativos capturan fielmente la complejidad del dominio social. Ellos abogan por una 

aproximación cualitativa, por dos razones: 1) se pierde información cuando las situaciones 

y escenarios se reducen a números, y 2) los métodos cuantitativos tienen a menudo bases 

cualitativas. 

A pesar de las limitaciones inherentes, el uso de cuestionarios y escalas numéricas 

para las respuestas parece ser el método preferido. La observación y análisis de sesiones de 

interacción ha sido ampliamente utilizada también, especialmente en los trabajos de Dauten- 

hahn. Ambas técnicas han sido empleadas en nuestro trabajo. 

8.2 Ejemplos de Interacción 

La Tabla 8.1  muestra un ejemplo de sesión de interacción con el robot. En este caso a persona 

entra en el área de interacción y toma una actitud poco cooperativa. La Figura 8.1  muestra la 

evolución del estado emocional del robot en esa sesión y en una sesión con una persona más 

cooperativa. 
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Tiempo 

(S) 
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29 
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59 
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74 

75 
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86 
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108 
114 
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Observaciones 

robot arranca 
robot saluda 
la persona habla, el robot 
le reprende 

la persona se acerca mucho, el 
robot le reprende 

la persona responde Sí 

la persona habla 

la persona se mueve 
la persona agita su 
brazo 

el robot intenta cambiar 
de tema. Respuesta=% 

la persona responde No 

Comportamientos 
considerados 

QuestionDoYouWantPoem 

TalkAboutSpeaking,TalkAboutPoem 

TalkAboutPoem 

TalkAboutSthingFunny,QuestionDoYouLikeMe 

TalkAboutPoem,QuestionDoYouLikeMe 

QuestionDoYouLikeMe 

TalkAboutSthingFunny,DecreaseValence, 
DecreaseArousal 
TalkAboutPoem,DecreaseValence,DecreaseArousal 

Estado 
emocional 

Neutral 100% 

Enfado 70% 

Anger 35% 

Enfado 17% 

Neutral 100% 

Enfado 70% 

Enfado 35% 
Enfado 17% 
Enfado 88% 

Enfado 100% 

Enfado 57% 

Enfado 28% 

Enfado 14% 

Tabla 8.1: Interacción ejemplo una persona interactuando con el robot. Los comportamientos 
en negrita fueron ejecutados por el robot. 

8.3 Entrevistas 

Muchos investigadores tienden a pensar que la mejor evaluación para un robot social es el 

efecto que tiene sobre la gente. Una medida típica es el tiempo de interacción: cuando más 

largas las sesiones de interacción mejor el robot. En las entrevistas se pregunta a la gente 

sobre aspectos como entretenimiento o empatía con el robot. Pero todo esto está asumiendo 

que el cometido fundamental del robot es producir un efecto positivo en la gente (al menos, 

eso es lo que se que pretende medir). 

Desde nuestro punto de vista tales aspectos de empatía no deberían ser centrales en 

la evaluación. Una cosa así sería equivalente a establecer si una película ha sido rodada 



t i m e  ( S )  

Figura S. 1: Valores de valencia en una sesión con una persona cooperativa (izquierda) y con 
una persona poco cooperativa (derecha). 

correctamente solo en base a las opiniones de un grupo de espectadores. 

Además, es extremadamente difícil, si no imposible, aislar aspectos como empatía 

o duración de la interacción de características de las personas que interactúan, como edad, 

profesión, estado de ánimo, nivel de conocimientos, etc. Es un hecho que incluso un sen- 

cillo programa de ajedrez puede dar lugar a tiempos de interacción muy largos dependiendo 

de la persona. Cuando se compara interacciones con adultos y con niños, se ha demostra- 

do que éstos parecen ser más receptivos con el robot, dándole una valoración más positiva 

[Walters et al., 20051. 

En este trabajo nuestro objetivo no es tanto producir un robot que entretenga personas 

como imitar habilidades sociales básicas. Por otro lado, hay un aspecto que a menudo se pasa 

por alto. Se espera que el lector de este documento tenga amplios conocimientos en robótica 

o inteligencia artificial. Si queremos dar al lector una visión fiel del robot una buena opción 

sería reproducir aquí las impresiones de otras personas con parecido nivel de conocimientos. 

Por estas razones, todos los sujetos a los que se entrevistó (19) tienen una base de 

conocimientos en informática. Todos los entrevistados eran al menos estudiantes de infor- 

mática, con algunos ya teniendo el grado de Doctor en informática o alguna ingeniería (el 

37.5%). Todos tenían cierta familiaridad previa con el robot, y algunos incluso contribuyeron 

con software creado para otros proyectos. 

En todos los casos la interacción se estructuraba de la siguiente forma. Cuando el 

sujeto está en las inmediaciones del robot, éste se pone en marcha. Entonces se desarrolla la 

interacción. En algún momento el controlador (la persona que conectó el robot) entra en el 

espacio de interacción. Desde ese momento, dos personas están en el espacio de interacción 



del robot. La sesión de interacción finaliza cuando el controlador ve que el robot se está 

aburriendo (lo cual tiende a ocurrir cuando el robot no tiene nada más que decir a la persona). 

Durante la interacción el controlador trata de atraer la atención del robot al menos una vez. 

Tras la sesión de interacción los sujetos completaron un cuestionario. El cuestionario 

se divide en tres secciones más una pregunta adicional. Las tres secciones son: 1) "Entiendo 

al robot", 2) "El robot me entiendeMy 3) "Impresión global". 

Las primeras dos secciones permitirían inferir hasta qué punto el robot tiene mínimas 

habilidades social bidireccionales. Las preguntas del cuestionario se muestran en la Tabla 

8.2. 

Sección 1 : 
1.He entendido todo lo que el robot me ha dicho 
2.E1 robot ha transmitido sus emociones a través de expresiones faciales 
3.E1 robot ha transmitido sus emociones a través del tono de voz 
4.El robot me presta atención 
5.E1 robot es consciente de mi presencia 
6.E1 robot es consciente de mis movimientos 
7.El robot reconoce personas 
8.Este robot es un buen punto de partida para mantenerme informado 

Sección 2: 
9.E1 robot entiende lo que la gente dice 
10.E1 robot entiende las expresiones faciales de la gente 
11.El robot sabe a donde dirijo mi atención 
12.Tal como está, este robot podría usarse para que aprenda nuevas cosas de las personas 

Sección 3: 
13.No he tenido que hacer mucho esfuerzo para adaptarme al robot 
14.E1 robot ha tenido muchos fallos (cosas que es obvio debía hacer y no hizo) 
15.¿Qué crees que debería tener el robot para que fuera usado con frecuencia? 

Tabla 8.2: Cuestionario usado para evaluar al robot. Los entrevistados tenían que dar entre 
1 y 5 puntos a cada pregunta (1 significa no o totalmente en desacuerdo, 5 significa sí o 
totalmente de acuerdo). La última pregunta permitía respuesta libre. 

Nótese que no preguntamos a los sujetos por cuestiones como empatía o entreten- 

imiento. Estamos fundamentalmente interesados en dotar al robot de habilidades básicas de 

interacción, por lo que la palabra "transmitir"es muy frecuente en las preguntas. 













Capítulo 9 

Conclusiones y Trabajo Futuro 

"Debemos atrevernos apensar cosas "impensables". Debemos 

aprender a explorar todas las opciones y posibilidades 

que nos sobrevienen en un mundo complejo y cambiante. 

Debemos aprender a dar la bienvenida y no a temer a las 

voces de disentimiento. Debemos osar pensar sobre 

'%osas impensables '>porque cuando las cosas se vuelven 

impensables, el pensamiento para y la acción se vuelve gratuita." 

James W. Fulbright 

E L emergente campo de la robótica social busca construir robots que tengan habilidades 

de interacción con personas. Estos robots tienen capacidad expresiva (todos tienen una 

cara expresiva, voz, etc.) así como habilidades para poner atención y dirigirse a las personas. 

Para este tipo de robots, la aproximación de diseño predominante ha sido la de seguir 

modelos tomados de las ciencias humanas como psicología del desarrollo, etologia e inclu- 

so neurofisiologia. Esta es sin duda un enfoque apropiado, puesto que el ser humano es 

el modelo perfecto de inteligencia social (al menos de la inteligencia social que queremos 

emular). 

Este capitulo final comienza resumiendo en la Sección 9.1 las principales contribu- 

ciones conceptuales de esta tesis. A continuación se enumeran los logros tecnológicos. Fi- 

nalmente, la Sección 9.3 está dedicada a exponer ideas para trabajo futuro. 



9.1 Contribuciones Conceptuales 

Las contribuciones conceptuales de este trabajo se pueden resumir en los siguientes puntos: 

Se ha mostrado formalmente que la reproducción de inteligencia social, a diferencia 

de otros tipos de habilidades humanas, lleva a un rendimiento frágil, en el sentido de 

tener muy diferentes respuestas entre las condiciones probadas y las no consideradas 

en los experimentos (overfitting). Esta limitación surge del hecho de que las habil- 

idades del espectro social son fundamentalmente subconscientes para nosotros. Los 

procesos mentales conscientes se desvanecen en el subconsciente con la práctica y la 

habituación, lo cual les permite ser rápidos y automáticos. Además, estos procesos no 

interferirán (pueden funcionar en paralelo) con otros procesos. Nuestras habilidades 

sociales, que aparecen muy temprano en el desarrollo del individuo, son fundamental- 

mente subconscientes. Esto está en contraste con otras tareas humanas que podemos 

realizar con esfuerzo consciente, y para las cuales podemos concebir fácilmente algo- 

ritmos. 

Estas ideas podrían también constituir una explicación consistente del hecho bien 

conocido de que determinadas tareas que son triviales para nosotros son difíciles de 

lograr en robots/ordenadores y viceversa. En lo que el autor conoce, el origen de 

este hecho considerado obvio no ha sido aún suficientemente explicado. Aquí se ha 

visto que en humanos, la práctica y la habituación es lo que hace que los detalles 

del proceso se vuelvan subconscientes. La falta de conocimiento consciente sobre 

la forma de nuestros algoritmos de proceso "mas habituales"(precisamente aquellos 

que realizamos con poco esfuerzo cognitivo y en paralelo con otras tareas) lleva a un 

rendimiento frágil en las implementaciones. Por el contrario, para tareas que real- 

izamos con esfuerzo consciente podemos definir algoritmos más fácilmente, lo cual 

lleva a implementaciones que pueden superar a los humanos en términos de robustez, 

velocidad y precisión. 

Se hizo notar que el proceso de desarrollo del robot social es esencialmente inductivo. 

Esto nos permitió proponer un enfoque apropiado para la especificidad del problema 

mencionada en el primer punto: la idea de penalización de complejidad a menudo 

usada en Aprendizaje Máquina. La penalización de complejidad permite controlar el 

overfitting. Se proponen las siguientes "recetas": 

- Hacer un esfuerzo para descubrir oportunidades para mejorar el rendimiento en 

el nicho del robot. Esto puede dar lugar a implementaciones poco intuitivas. 



- Empezar con algoritmos y representaciones simples. La implementación final 

debería ser lo más simple posible. 

- Realizar numerosas pruebas de los algoritmos y representaciones en el nicho 

del robot. Los ajustes a (o selección de nuevos) algoritmos y representaciones 

deberían estar guiados por los resultados de estas pruebas. 

- Tratar con mucha prudencia el conocimiento disponible obtenido de otras disci- 

plinas, y siempre siguiendo las dos recetas anteriores. 

Este enfoque aboga por un proceso de desarrollo de simple a complejo, con énfasis en 

intensas pruebas en y ajuste al nicho del robot. Nótese que esto se puede lograr tanto 

desde una perspectiva de diseño (CASIMIRO) como de desarrollo autónomo del robot. 

Usando terminología de la genética, tal adaptación al nicho del robot puede lograrse 

por aproximación ontogenética o filogenética. En la primera, es el propio robot el que 

adquiriría habilidades a través de una fuerte interacción con su entorno y10 cuidadores. 

Desde el punto de vista del autor, la nueva aproximación al problema desarrollada en 

los primeros capítulos de este documento (y resumida arriba) es una contribución de valor 

en el campo. Actualmente, la mayoría de los robots sociales se diseñan desde una aproxi- 

mación muy inspirada en las ciencias humanas. Como trabajo futuro se incluye el desarrollo 

de las implicaciones del hecho de que las habilidades sociales son fundamentalmente sub- 

conscientes. Esta especificidad del problema merece un análisis adicional. 

9.2 Contribuciones Técnicas 

Desde el enfoque expuesto se ha desarrollado un robot con un conjunto de habilidades de 

interacción básicas. Los subsistemas que componen CASIMIR0 han sido desarrollados con 

el mínimo uso de recursos y sopesando las ventajas e inconvenientes de diferentes opciones 

de implementación. Los módulos más interesantes del robot son: 

Visión omnidireccional 

Localización de fuentes de sonido 

Atención audio-visual 

Detección de caras 

Detección de gestos afirmativoslnegativos hechos con la cabeza 



Habituación a estímulos repetitivos 

Animación de los rasgos faciales 

Detección del propietario del robot 

9.3 Trabajo Futuro 

A nivel conceptual deberemos indagar más en las implicaciones del hecho de que las habil- 

idades sociales son fundamentalmente subconscientes. Creemos que esta especificidad del 

problema merece un análisis adicional. En particular, sería muy importante establecer hasta 

qué punto pueden la introspección y la observación indirecta hacer visible los entresijos de 

los procesos subconscientes. 

Desde un punto de vista práctico, podemos identificar una cuestión que merece la pe- 

na ser desarrollada en el futuro: el reconocimiento de personas. Generalmente, se piensa que 

la mejor forma de probar algoritmos de reconocimiento de caras es mostrar el rendimiento 

para un gran número de individuos. Desde nuestro punto de vista, sería mejor garantizar 

un buen rendimiento aunque sea para un pequeño número de individuos. Para reconocer 

personas de entre un pequeño grupo (una familia, por ejemplo) podrian ser apropiadas otras 

técnicas, como la altura del individuo. 

Reconocer personas y mantener algún tipo de memoria sobre las mismas es tan im- 

portante para la interacción que debería explorarse también técnicas más novedosas. La 

identificación por radiofrecuencia (RFID, por sus siglas en inglés) es una técnica que se está 

abriendo camino en numerosos campos, especialmente en la identificación de artículos de 

consumo. Estos sistemas se componen de un aparato emisor y una etiqueta receptora. El 

aparato emisor emite una señal de radio que las etiquetas pueden detectar y a las que pueden 

responder. El aparato emisor puede de esta forma identificar la etiqueta (que emite un códi- 

go único). Si las etiquetas llegan a fabricarse en formato pegatina, podrian ser transportadas 

fácilmente por las personas a ser identificadas por el robot (en el móvil, llaves, etc.). Hay ya 

etiquetas disponibles comercialmente de 0.16mm2, más finas que una hoja de papel, si bien 

los alcances de la lectura son todavia pequeños (10mm a 1 metro). 

Por otra parte, el reconocimiento del habla es un tema prometedor que se estudiará 

en el futuro. Los resultados del cuestionario de evaluación muestran claramente que la gente 

todavia siente que el robot no les entiende. En CASIMIR0 no se implementó reconocimiento 

del habla porque en ningún momento se consiguió un rendimiento mínimamente aceptable 

sin llevar el micrófono cerca de la boca del hablante. 



El reconocimiento del habla a distancia es probablemente uno de los temas de inves- 

tigación mas interesantes en interacción hombre-máquina. La utilidad es clara, sobre todo 

porque permitiría a los usuarios liberarse de los micrófonos. Dos técnicas parecen espe- 

cialmente atractivas. Por una parte, los arrays de micrófonos pueden filtrar selectivamente 

señales provenientes de determinadas direcciones. Por otra parte, el reconocimiento de habla 

audio visual usaría no solo las señales de audio, sino las imágenes de los labios moviéndose 

al hablar. 
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