Artificial Emotions
Good Bye Mr. Spock!

Rodrigo Ventura, Luis Custodio, and Carlos Pinto-Ferreira

Instituto de Sistemas e Robbtica
Instituto Superior Técnico
Rua Rovisco Pais, 1
1096 Lisboa Codex, Portugal
Tel. +351-1-8418271
{yoda, | mt, cpf }@sr.ist.utl.pt

Abstract. The question of implementing emotions in robots is twofad:the
on hand it should be verified whether such an effort is vakiaid on the other it
should be determined whether the implementation is feasitiie answer to the
first question seems easy: besides and beyond the reasan® dafifellectual cu-
riosity and scientific research, emotions should be stualeimplemented if the
overall behavior of such robots is better than their uneomati counterparts with
respect to behaving efficiently in a real world environménto diverse opin-
ions have emerged in the previous discussion. One, due t@Nty asserts that
emotions will introduce obstacles in the communication agimbots and human
beings [6]. On the other hand, Minsky sustains the opinianithis impossible to
implement intelligence without emotions [7].

In this paper we analyze these perspectives, discuss ajgoesly to approach
the topic, and provide an architecture to implement emstiarhich has shown
some very interesting characteristics. We sustain thaesearch on emotions —
from the Artificial Intelligence point of view — is valuablend worth pursuing.

You [humans] are, after all, essentially irrational.
...Spock, “Metamorphosis,” stardate 3220.3.

1 The need for emotions

It is an uncontroversial assertion that emotions play an impdrtate in the behavior
of human beings. What is not so clear is whether emotions should@enranted in
robots.

Emotions can be analyzed under two differing points of viewexternal behav-
ioral, in which communication among individuals is considered to bedukely cues
provided by emotion-based attitudes, angkrnal, functional, in which, following re-
cent results of research, the mechanisms of emotion are crucial in the undiergtan
of decision making processes. Of course, these different aspects corresploadto
sides of the very same coin. However, from a methodological perspecseanchers



interested in studying and modeling emotions should place themseltresaespect to
these two points of view.

When John McCarthy asserts that “robots should not be equipped witlarkkum
like emotions,” [6] he is concerned with the additional complexityimderstanding
the behavior of a robot (the cues it provides) in a relationship tvitman beings —
the behavioral side of the coin. On the other hand, when Marvin Migtes that it
is not possible to achieve intelligence without emotions [7], teissidering the inner
workings of the human decision making mechanism, that is to say, teédnal side of
the coin. We assert that both perspectives rely on sound arguments drpwesustain
that, notwithstanding the difficulties and costs of the enterprisewbrth pursuing.

It is not an easy task to convince ourselves (and others, of course), thgingtu
emotions is valuable and useful in the framework of Artificial Intelhige. Some very
entrenched prejudices and misconceptions are difficult to overcome.

At first sight, emotional behavior seems to be a regrettable herfiage our animal
ancestors, always to avoid and to be ashamed of, something whgseatireg was to be
the first step on the journey to ‘rational’ thinking. Now we sesithat emotional mech-
anisms are powerful weapons to allow quick decision making in caaguivironments.

The deeper the study of Al, and other cognitive sciences, the more we deribht
the objective of constructing a robot performing competently amomgamubeings,
conducts to a swamp of increasing complexity.

However, dealing with more and more complexity is the saga of Al: atvitry
beginning, the emulation of intelligent behavior was approached bintteeporation
of sophisticated mechanisms of inference. From a certain moment on, it was dotl
that knowledge — and not only reasoning — was a crucial element to includiésin t
melting pot. Then, some years later, we were told that intelligenceeparable from
perceiving and acting, which took us back to the blackboard, to the taskiafisy
agents and building robots. Social behavior, uncertainty, and othiestepre added to
help us in this quest to intelligence.

However, recent research in the field of neuroscience has demonstrated without an
shadow of doubt that emotions underlie the mechanism to achieve quicddandate
decisions when the situation demands urgent action [3]. When there tg pfdime to
decide (that is to say, it seems that nothing very serious is going teehapphe short
run), decisions tend to be based on what is called “rational” processes —vimyol
reasoning and deduction.

Nature did not entrust the responsibility of urgent decision mgiko sophisticated
mechanisms of reasoning. When designing and constructing ratiogsshould we?

Reasoning — and particularly logic — is too heavy in terms of computatidre
useful in the vast majority of daily life decision making. Itis trb@twe achieve episte-
mologic adequacy following a logic-based approach; however, the hieadgquacy is
lost. And, when real-time decision making is the aim, not achievingistiziadequacy



implies losing epistemologic adequacy, in the sense that we risk te thakcorrect
decision at the wrong time.

Following the research of Damasio [3], we hypothesize that the moentiemd
serious the situation is, the less we reason and the more emotionthaskztision is.
And this is not to regret or to be sorrow: it is our way to deal with pterity.

When explaining what underlay a certain course of action it is alwaysagrassing
and uncomfortable to state that it was an emotional reactionéattcumstances: even
if it was perfectly adequate to the situation, it always seems amyituntaught, and
irrational.

However, rationality cannot and should not be confused with optiynaltwe have
painfully learned in the past few decades, the goal of achieving optimatisus is
not compatible with finding answers to real-world problems. On therdtand, under-
standing rationality as solution adequacy — considering what the agewslkabout the
situation — suggests a different approach to cope with difficult, reddlprnos. Based
on the Damasio’s work [3], it seems that intuition — possibly a riesiuthe machinery
of emotions exhibits these characteristics of adequacy we are searching for.

Not surprisingly, when trying to convince someone about an argufimetite technical
sense of the word, a set of premises and a conclusion), somebodyjsayihéeel that
such and such fact imply the conclusion, is not being very persuasive

In fact, one of the drawbacks of implementing emotions is that thetiegule-
haviors are not explainable. And explanations are crucial in teaching anthcomg
others about our own decisions. On the other hand, it is essential eyatadd how
emotions work in human beings and animals to develop a framework yirdgfliture
implementations.

Understanding emotions is difficult because, as they are not demwedMerbal think-

ing, they are very difficult to translate verbally. Following the&térn Civilization tra-

ditional approach, what cannot be stated verbally, as cannot benoamtated, does
not deserve consideration. However, the fact of being unable to uaddrattopic, an

idea or a concept does not necessarily means that it is not relevant...

The question is how to teach (and learn!) adequate emotional behaviois Aaged
on experience, it is not possible to transmit this kind of knowle&ge.how to teach
such kind of behavior to robots? Of course, the only way is to exjiesa to situations
demanding urgent and proper action, provided that they include a mechenisal
with emotions.

2 The proposed approach

There have been several approaches to incorporate emotions in agents. phesetes
can be divided in two groups: the first one is based on a non-emotien kyd adds
emotion-like capabilities on top of that —mehavioralapproach. For instance, in the
context of the OZ project at CMU [10], thEm module, adds emotional behavior to



agents architectures. At the lower levels of the architecture, reactive andrganod-

ules [1] bridges the gap between the perceive-think-react loop and thess keégél
components. These kind of architectures, instead of being supported ipemare
rather enhanced by a higher level module implementing emotions. Thecenmatidel

of theEmmodule was based on a cognitive approach to human emotions due to Ortony
et al[8].

We shall call the secondfanctionalapproach, and is constructed in an emotion-
oriented paradigm from its foundations. One such system can be folihd]jrwhich
pursuits emotional behavior by building a society of agents (in émses of [7]). Each
agent (called “emotion proto-specialist”) contributes to the outcomingtienal be-
havior in a particular way. These agents can be identified with basic era¢ipThis
particular system is strongly oriented towards the simulation ofdruemotions, all the
way down to the level of hormone chemistry.

Albeit the ideas presented in this paper are based on human emotions, we detach
from taking into account excessive detail (with respect to fisiologica&sg preferring
a more abstract level. We are rather interested in understanding how thanissch
underlying human emotions can contribute to a more general contexddiine intel-
ligence[15].

Each one of the above approaches is motivated by different ways of undémgtand
the role of emotions in human behavior. The first one derives fr@winig them as
an extra mechanism humans make use of. They are not viewed essantialpart
of the workings of the human mind. On the opposite, we believe éhaitions are
the foundations of a rational mind. Recent trends in neuroscience [Hflate and
support this belief. In fact emotions are much more than just “emotionsthat is
currently described as emotional behavior. They result from a mechanigopaof
which, more complex and elaborative functioning is built.

The agent architecture we hypothesize is based on a double perspectiverficim
external stimuli are processed:cagnitive elaborative — which allows the agent to
understand what is happening and what it knows about the world, aedcaptual
immediate — which permits them to react quickly, and therefore has a simplenaire
basic representation than the former. For instance, the image of a zebra\iewée
as an animal with four legs, with a striped coloring, etc. A myriad of @merations can
be drawn by a careful observer from this image. But to a lion, thesednagions have
little importance, since the zebra'’s image triggers on it a predator lhav

The architecture we propose in this paper is then based on this doubpeptéve.
External stimuli are simultaneously processed by two systernegaitive processor
which extracts the cognitive features of the stimulus, apdraeptual processoxhich
provides a more basic assessment of the same stimulus.

In a neuroscience context, this double layering has been discussed il bévleg-
ical models of human emotions: namely the Cannon-Bard theory ([5],23¢89 and
the Papez circuit theory ([5], pg. 87—90).

The objects that result from the cognitive processor are complex, dicisjble
(in parts, maybe hierarchically), structured, therefore presentingutféis in handling
them. Examples of such objects are visual images, auditory time-frequem®sen-



tations, etc. There is strong evidence that humans reason directly av¢hefleisual
images ([3], pg 106). We thus shall call such imagegerseralized image§sIM).

On the other hand, objects resulting from the perceptual processor gie sia-
sic, indivisible, therefore easily handled, although they lack richresspresent more
complex objects. We shall call such an objeateztor of desirability— an ordered
set of basic built-in characteristics, which provides a direct assessmgr stfimulus
under a perceptual point of view (is it positive/negative?, desiraldalable?, etc.).

After these two kinds of objects are obtained, there are two complemenéaty-m
anisms that act upon them. First, cognitive objects are marked by percepésalFor
instance, the cognitively processed image of a zebra must be associatedvweith a
basic predatorial instinct in the lion’s mind. This mechanism isiieshin the “somatic
marker” concept that Damasio [3] hypothesizes. This marking can be said ¢m assi
meaningto the corresponding cognitive object. The second mechanism indexes cog-
nitive objects by the means of perceptual ones. This allows the agent ¢ogidak
access to a cognitive context (for reasoning purposes, for instance),ahbasic, prim-
itive stimulus. For instance, picture a big fast object moving towdneé reader: your
first impulse is basic, instinctive, thus based on perceptual informéiach as color
changes, optical flow, etc.). Only after some time (which is probably spihtdi-
verting from the object’s path), the higher, slower parts of the braimreason about
identifying the object. Nevertheless the first basic perceptual imagesedfr useful
cue about the nature of the moving object.

Cognitive Processor | ——=
Marking < > Indexing
Perceptual Processor ————=

Fig. 1. Proposed architecture: the cognitive processor and tleeperal processor generate gen-
eralized images (GIM) and vectors of desirability (VD). Themer is marked by the later, while
the later indexes the former.

The architecture shown in figure 1 illustrates the discussed ideas.thiitehe
wordsobjectsandimagesare used interchangeably here, although they mean the same
concept in this context.

3 A path to implementation

A simpler version of the above architecture was implemented. A more caangmhet
is underway. The goal was to prove that a plain implementation of sortteeafleas
discussed here is capable of exhibiting an interesting behavior. A sékthk imple-
mented architecture can be found on figure 2.
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Fig. 2. Synopsis of the implemented architecture. See text foildeta

This architecture differs from the one discussed in the previousoseati the fol-
lowing points: it is assumed that the agent perceives external stinautiva different
sensors, namelyision (that performs the role of pure cognitive images) andehe-
ronment(which corresponds to the perceptual input); and only the marking meschani
is implemented (there is no indexin)

The system works as follows: first, a external stimulus producé®iagent a visual
image (cognitive) as well as environment input (perceptual). The visuajéris used to
recall from the main memory all images, through some similarity critefi@ch one of
these images stored in the main memory, contains a nfaxkeich has the same nature
as the environment input. All similar images are recalled, along withrthetiimage
(unmarked, as it is seen from a cognitive sensor), and put in the vgpnkémory area.
Eachrecalled image is also associated wittl@vance valugwhich reflects the amount
of similarity found. For each image in this area, its mark (if any, othseviti is null)
is composed with the environment input producing what we calktmatic response
(the “body” box is just a placeholder for this response). This somasiponse is used
not only to update the marker at the working memory, but also formsdbponse of
the system to the recalled image. The original mark has as much weight iméthe fi
marker value as the relevance value. The updated image is afterwards trarstaeed t
main memory, which allows the agent’s behavior (and may we say, knowl¢alge)
updated as time goes hiye. learning. On the other hand, the system output has two
parts: first it forms what the agent is “feeling” about the recalled image, ecahsl it
gives a positive or negative (or neutral) response to the same imageuf3e the use
of such strong terms such as “agent’s feelings” is not free from contyp\Wfesare not
claiming that humans “feel” in the same way, only that we call this outputitigétiue
to the way this architecture was inspired in human feeling mechanisms.

To assess the behavior of an agent based on the described architecture, several
image-environmentinput pairs were presented to the system. When an imégets
a previously perceived one is presented without any environment ithygugjmilar im-

! The terminology is still extensively taken from Damasi@$ hook.
2 We call it “somatic marker”, although is used here in a muchpsér sense than in the original
bibliography [3].



age is vividly {.e. high relevance value) recalled, along with its marking. It can be said
that the pure cognitive image was perceived and “interpreted” accordinghgtiops
experience, showing clear learning abilities. However, if the pure degmihage keeps

on being fed to the architecture, the previous mark fades out. The samesaid bhbout
changing environment input to the same image. This means that the arafeitedapts
itself to changes in the environment.

4 Conclusions and future work

The purpose of this paper has two aspects: to support the idea toattt#mechanisms
of emotion play a fundamental role in human rationality, machine igetice should
also incorporate such mechanisms; and second, to propose that suchnalitgtan
be achieved with a double-processing paradigm eegnitiveand aperceptuaflow of
information, and a mechanism that binds these two representationsgongeth

It can be argued that machine intelligence must follow a distinct path\afloje-
ment than the human, since itis based on different grounds (computenssilg serial
processing devices with strong efficiency concerns, while the humanibraisssively
parallel with substantial redundancy). However, it is known that wherhtiman brain
performs search (for the purpose of decision making), and certain cones zmtan-
gled with emotion become damaged (namely the frontal lobes), the subjechégco
unable to decide appropriately (e.g. the case of Elliot described in Damasiok,
chap. 3, [3]). This resembles the behavior of traditional search algwifacing com-
plexity. We wonder if the solutions found by mother nature to cejih this problem
can be applied in a machine intelligence context. We believe they can, aparsapr
belief throughout the current research.

Finally, some experiments with an architecture based on these ideas weratescr
The results indicate that the underlying assumptions originatedisiting behavior.

Albeit the relative sophistication achieved in several Al fields, we alled far
from a human level of competence. A more integrated and efficiency-aware frame-
work is needed. We claim that the path leading to the next qualitativerstigoms of
competence will require emotions aftificial emotions a new born field of Atrtificial
Intelligence [1,10,7,9,11-14, 2].

However, we are afraid that, to reach intelligent behavior, we will endnype-
menting some of the (apparently) most stupid things human beirgbigxncluding
bad temper...



References

1.

10.

11.

12.

13.

14.

15.

Joseph Bates, A. Bryan Loyall, and W. Scott Reilly. An &satiure for action, emotion, and
social behavior. IfProceedings of the Fourth European Workshop on Modeling#arnous
Agents in a Multi-Agent Wor|dDecentralized Al Series. Elsevier/North Holland, Jul®29

. Dolores Cafiamero. Modelling motivations and emotiana basis for intelligent behavior.

In Proceedings of Agents’9ACM, 1997.

. Antonio R. DamasioDescartes’ Error: Emotion, Reason and the Human Brdficador,

1994.

. Paul Ekman. An argument for basic emotiorGognition and Emotion6(3/4):169-200,

1992.

. Joseph LeDouxThe Emotional BrainSimon & Schuster, 1996.
. John McCarthy. Making robots conscious of their mentatest URL: http://www-

formal.stanford.edu/jmc/consciousness-submit/canstiess-submit.html, 1995.

. Marvin Minsky. The Society of MindTouchstone, 1988.
. A. Ortony, G. L. Clore, and A. CollinsThe Cognitive Structure of Emotian€ambridge

University Press, Cambridge, UK, 1988.

. Rosalind W. Picard. Affective computing. Technical Ref®21, M.l.T. Media Laboratory;

Perceptual Computing Section, November 1995.

W. Scott Reilly and Joseph Bates. Building emotionahégyeTechnical Report CMU-CS-
92-143, CMU, School of Computer Science, Carnegie Melloivéisity, May 1992.

Aaron Sloman and Monica Croucher. Why robots will havetaons. InProceedings IJCAI
1981, June 1981.

Aaron Sloman and Riccardo Pointelligent Agentsvolume II, chapter SIMAGENT: A
toolkit for exploring agent designs, pages 392—407. Spriygriag, 1995. (ATAL-95).
Juan D. Velasquez. Modeling emotions and other maivatin synthetic agents. IRro-
ceedings AAAI-9ages 10-15. AAAI, AAAI Press and The MIT Press, 1997.

Rodrigo M. M. Ventura and Carlos A. Pinto-Ferreira. BExpents on emotional systems.
Technical report, Instituto de Sistemas e Robotica, tutstiSuperor Técnico, Lisbon, Portu-
gal, 1997.

Wai Kiang Yeap. “Emperor Al, Where Is Your New Mind?Al magazine18(4):137-144,
Winter 1997.



