1 Introduction and Overview

1.1 Introduction

There is plenty of evidence that social behaviour plays & s&gnificant role when people interact with their com-
puters. There are studies showing that people impose thigirpiersonal behaviour patterns on their computers
[Reeves and Nass, 1996], and that pe@Xpecttheir computers to interact in a human-like way [Nass etl&i94,
Nass and Sundar, 1994]. Humans even perceive computengg@aesonalities [Moon and Nass, 1996, Dryer, 1999].
And that'sbeforeany attempt has been made to make computers behave moreatiank.

It is taken as read in the field of human-computer interactiai there are interactions between humans and
their computers which are subjectively and objectively iayed when computers are equipped with programs that
make them interact in a more human-like fashion, and thaaliléy to interact with‘emotional intelligenceis par-
ticularly important in this context. After all, emotionsfaft how people remember, how they learn, and how they
make decisions [Picard, 1997]. Many examples of specificavgments have been given in the literature: compa-
nies will lose fewer customers if the computer program timgract with can tell when the customer becomes upset
or frustrated and take appropriate action [Batliner e28100, Ang et al., 2002, Devillers et al., 2002]; in a situatio
where users receive bad news through a computer programviidoe a lot happier if the program can do this with
apparent empathy and sympathy [de Rosis and Grasso, 2008jnét chatting becomes more personal and enjoy-
able if appropriate emotion tags are displayed along wightéxt [Holzman and Pottenger, 2003]; troubleshooters are
more efficient if they can adapt to users’ emotional state @erdonality [Breese and Ball, 1998]; the effectiveness
of an English tutor in a simulated conversation set-up isroved if the tutor is socially and emotionally ‘aware’
[Prendinger and Ishizuka, 2001]; and if that's not enouficdrd, 1995] has another 50+ examples. Inevitably, there
is a potential intelligence and/or military use, and reskan this area has e.g. been carried out as part of a “chat-
mining research project” for the U.S. government/milith#plzman and Pottenger, 2003], and military training sim-
ulators [Gratch, 2000, Fleischman and Hovy, 2002].

The most obvious way in which computers can be made to appeatianal is by communicating in emotional
ways. There are two sides to emotional communication — thiyate express emotions and the ability to recognize
emotions in others. Emotion can be expressed in ways thabeanaen(facial expression, gestures, moving about
etc.), and in ways that can beard(prosody and other vocal characteristics). However, teearch surveyed in this
paper is concerned with how emotion is expressedbally, that is to say in the word string, or, more precisely, the
part of language that can be orthographically transcribed.

The main focus of this survey is emotion-dependent vanaticautomatically generated languageFonotional
NLG for short. Although no longer young, this is still an emegyfiteld of research that concerns itself with vary-
ing language output (in NLG systems) to reflect different 8oms. However, the survey also includes a literature
review of the closely related (and similarly small) field\édrbal Emotion Identification which develops methods
for spotting emotional signifiers in language. The reasonte inclusion is that there is substantial overlap between
the two fields: (i) both seek to identify lexical, syntactitdssemantic properties that are correlated with specific-emo
tions; (ii) both have employed psychologically inspireddats of emotion. Furthermore, as will be argued, emotion
identification methodology can provide quantitative, emeal grounding for emotional NLG.

1.2 Concepts and Terminology

Realism and believability: When researchers on computer-based characters talk abauitvis they're trying to

do, they often use words likealistic, human-like life-like andnatural. E.g. the ITRI NECA homepage says the
aim of the project is to create “on-line beings which are ablspeak and act like humans.” But that’s not really the
point at all, not least because it implies that artificialrettders are better the closer they are to real humans. Aatific
characters have their own terms of plausibility. Peoplesh@en creating characters for as long as there has been any
form of fiction, and audiences don't have difficulty decidimgether a character works for them, i.e. whether they find

it plausible. So in this respect the task of the computeethabaracter designer is just the same as that of any creator
of written or visual fiction. This view is shared by many war§ion computer-based characters, and is reflected in the
frequent use of the tertmelievableto describe what computer-based characters should be like.

Computer-based characters: The many terms that have been used for entities of this kiclddeartificial agents
avatars andtalking headsbut | think the most sober, clearest and most genegoiisputer-based characters

Emotional entity: Where the reference is to human emotion only | have tried tekenttzat clear, but there are many
cases where | say something about emotion that isn't spégifiomputer-based characters or humans, in which case
I've opted for the non-commital teremotional entity



Signifiers of emotion: This term is intended to cover what has been cadligghals sighs cuesand correlates of
emotion(doubtless among many other terms), that is to say, smakusterunits with emotional content (e.g. frown,
head-shake, swear word, an interjection, a particularesyictdisfluency, etc.).

Verbal expression of emotion: The non-auditory, non-visual part of emotion expressigough language, that is,
emotion expressed in the word string.

Emotion-dependent variation in NLG: Emotion-dependent variation in language means variatewden utter-
ances that can be accounted for exclusively by a specificienabtstate. To use the linguistic concept of minimal
pairs: An NLG system implemengsnotion-dependent language variatibit is capable of generating minimal emo-
tional pairs ‘at the flick of a switch’ (where the switch is macessarily controllable from the outside). A minimal
emotional pair is a pair of utterances such that the diffeedvetween them can be explained entirely in terms of
emotion.

Emotion: Interms of developing a framework for computationally mitidg and expressing emotion, | don'’t think
it matters what exactly different people would include unithe heading oEmotion as long as the framework can
accommodate a broad range of definitions and implemengation

1.3 Overview

The report starts with a survey of literature on emotion inG\{Section 2) and on what can be seen as the inverse —
automatic emotion identification (Section 3). In these sysythe focus is on generation and recognition of emotional
variation in the word string, as opposed to speech, gesturgsysiological signs. The same focus underlies the
annotated bibliographies that follow (Section 4). The dieci to include only those publications that report some
work involving properties of word strings has meant the thenher of papers included is rather small. The report
continues with annotated lists of research groups and n&s@aojects with a focus on emotional NLG, and of data
collections that are in some way annotated for emotion {&&d&). It closes with a small set of conclusions in
Section 6.

2 Emotional Variation in NLG

The are very few reported pieces of research that have dmela way of varying language depending on emo-
tions in the sense defined above: an early example is Kleih'etark on the Automatic Novel Writer (ANW)
[Klein et al., 1973], then there is Hovy's thesis researchyiy 1986, Hovy, 1988, Hovy, 1990], and Fleischman and
Hovy’s (2002) work for the MRE system, where ANW and MRE areaanuch smaller scale.

In the Automatic Novel Writer, some relations could be meadifby events in the simulation, e.g. the relaton
“AFFECTION" had a numeric variable parameter (5=love, 4=like, 3=kn@wglislike, 1=hate) that determined lexi-
cal expression. These values were used to describe reddietween characters, and they could be incremented or
decremented by various simulated events.

PAULINE's fine-grained and sophisticated approach to getireg text that varies in accordance with the interlocu-
tors’ goals and attitudes covers content selection andatiain, and models both the hearer’s and the speaker’s goal
and attitudes. However, it is in large parts based on a hugiatof very complex rules that decide when to activate
goals and strategies. All of this is implemented as an ieéed planning and realisation regime. This would make it
very difficult to maintain and extend the system, and it'Siclifit to see how interaction between rules and therefore
undesirable side effects can be predicted.

The MRE system is by comparison exceedingly simple. Onlysiteaker’s attitudes are taken into account and
only realisation is covered (while the system can choosesaed out information about an event’s agent and/or patient
presentinthe semantic representation, it can’'t add/leatiarger chunks of information, and it doesn’t have théitsbi
to add any information at all on the basis of affective coagtions). This limits the degree to which utterances vary.
A large number of realisations are considered, but it's stily a small proportion of all realisations consistenttwit
the semantic input, as variation is based exclusively atmanb frames.

There are a few other, closely related pieces of researchkeWaCahn & Whittaker (1996, 1997) created a
framework for social interaction where speech act exenugtoategies are selected on the basis of social factors, but
emotions only figure directly in that an agent’s emotionapdisition is set and all its utterances are then synthesized
with the acoustic signifiers for that emotion.

Loyall & Bates (1997) while describing a system which is impiple suitable for making language generation
dependent on emotion, did not actually implement such athiothing was done in this direction in the rest of the
Oz Project either.



In the MagiCster Project, emotion was also not directly dedpvith variation in the verbal output. From De
Carolis et al. (2002) it seems that the emotive wording intalepatient dialogues results from choice of dialogue
(sub)plan rather than emotion as determined by the Affeciyent Modelling component.

A lot of project descriptions and abstracts of papers magetind as if a particular system/piece of research bases
choice in NLG on emotion but more often than not it turns oltté@ theoretical possibility rather than an implemented
reality. E.g. despite publications apparently claiming ¢ipposite, selection of content, syntactic structure aexidal
items is not connecteat all to an agent’s emotional state anywhere in the long-runnin§@ject.

A lot of research gets close to connecting emotion and NLGobils down to preparing the ground for the con-
nection. Many look at directly related issues: mood, peatibn other variables such as the social distances between
speakers, the power of the hearer over the speaker, andasie tesires’ of speaker and hearer [Walker et al., 1997].
Other indirectly related work includes:

e modelling social structure and how it influences selectibipasic speech act execution strategies (but syntactic
and lexical choice is not covered) [Walker et al., 1997]

e emotional speech synthesis [Cahn, 1990]; see also theieweirv[Schroder, 2001]

e reconciling emotions with other aspects of human behavimtegrating emotion with actions or behaviours
[Loyall and Bates, 1997]; integrating reasoning about éomstand plans [Gratch, 2000]

e along list of publications about believable agents, maagiseeing about why they're a good idea, and that they
need to have personality and emotion e.g. [André et al.0R00

o affective reasoning [Ortony et al., 1988, Elliot, 1992, Rtieger and Ishizuka, 2001];

Among the papers that directly discuss emotion-dependeiattion in NLP there is a focus on realisation, but very
little on content planning. Exceptions are Hovy’s thesig] §Kolln, 1995] who incorporate subjective preferences
towards domain concepts during content selection.

In some cases, approaches to emotion modelling and emotioergtion are based on researchers’ intuitions,
in others on existing psychological and cognitive theogé¢human) emotion. There are no reported approaches
based on more quantitative, empirical analyses (even givanch more loosely defined notion of emotional NLG),
presumably because corpora on emotion are hard to come thyéad to develop in the first place).

A number of specific (and unconnected) generation stratduee become popular, e.g. concerning sentence
structure: don’t aggregate under certain circumstancegs,when user is emotional [Walker, 1992, Walker, 1996,
de Rosis and Grasso, 2000]. A related intuition concerntettelection: e.g. [Walker, 1996] mention that there are
many reasons why sometimes the normally useful rule “deti'tiearer what he/she already knows, tell them what
they don’t know” shouldn’t be applied. Similarly, [de Rosisd Grasso, 2000] point out that if the hearer is likely to
be upset (their example is doctor giving patient diagnakish there is a need to over-explain because hearer isn't
likely to be listening too carefully.

Emotion modelling for NLG has been kept very simple: in thed¥oatic Novel Writer, the affection relation had
values ranging from 1 to 5 that could be incremented or deended by the occurence of certain events. In Hovy’s
PAULINE emotions are basically modelled as affect value®(of good, bad or neutral) that influence goal selection
strategies, content selection and word choice. Fleisch&nBovy have values from -5 to 5 attached to each event,
agent, patient, etc. “representing how positively or nieghtthe speaker feels toward the element” (p. 59).

In contrast to emotion identification (see following senji@motional NLG is extremely hard to evaluate, and
there is nothing but the most informal, small-scale tests.

3 Emotion Identification

This research area is also knownadfect sensingsentiment classificatioandemotion recognitionlt is concerned
with the task of deciding whether emotion is being expressel given piece of language, and usually also what
kind of emotion it is. This is invariably construed as a cifisation task, where utterances are mapped to emotion
categories.

As with Emotion Generation, much of the research on emotientification has focussed on auditory (prosodic)
cues, but linguistic features (particularly lexical onleaye also played a role.

The overall trend has been to keep the task definition singwd,the number of classes small (often only two
emotions, or an emotional category vs. a neutral categdtgpresentative numbers are e.g. 8 emotions (Vyzas and
Picard, 1999) when using physiological cues, 3 emotionsif#ile, 1998, Li and Zhao, 1998] for speech cues, and 2
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[Pang et al., 2002, Ang et al., 2002] when using only text. &bwer, results tend to be reported for artificial scenarios,
experienced speakers and elicited controlled speechiiBatt al., 2000].

Of course, automatic identification rates depend on how ¢exrthe task definition is, and what kind of cues are
used. The most reliable aphysiological cueswhere automatic identification rates above 80% and evenea®@
can be achieved [Vyzas and Picard, 1999, Healey, 2000Jecsply.

Humans do well identifying emotion froriacial expressiorachieving around 70% (University of Pennsylvania
face rating task), compared to accuracies as high as 90%tiomatic methods [Bartlett et al., 1999].

In emotion identification fronspeechhumans perform similarly, e.g. [Polzin and Waibel, 20Gjart 70% cor-
rect recognition for three classes. Automatic methodsesehresults as high as 90% for binary distinction tasks
[Zhou et al., 1998], decreasing to 60—-80% for slightly lesgde task definitions (e.g. happiness, sadness/neuttlal an
anger [Whiteside, 1998, Li and Zhao, 1998]), and furtherelesing for larger sets of emotion categories. Among the
possible cues from speech, spectral information (pitdienisity, voice quality) is a more reliable basis for emotion
identification than prosody (fundamental frequency, g®gizin and Waibel, 2000].

Information extractable from the word stringenerally has been found to be a less successful basis fog-rec
nising emotions. Humans do consistently worse identifygngptions from text only as compared to speech, e.g.
[Polzin and Waibel, 2000] report 70% correct from speecH, 8% from text for sad/angry/neutral. Automatic meth-
ods typically achieve results in the mid-60s for text.

[Ang et al., 2002] create two language models (class-baggdm models), one each for their two classes (frus-
tration/annoyance and everything else), then computadheo$ the difference between the log likelihoods of a given
utterance according to the models (intuitively, one signtmainterpreted as a decision in favour of one class, the othe
as a decision for the other class). This decision mechanisits @wn achieved an accuracy in the mid-60s.

[Devillers et al., 2002] build five emotion models (unigranodels), one for each of their emotion classes. The
model for ‘neutral’ is trained on the entire training datéh{gh includes emotional utterances) and is interpreted as
the ‘general task-specific model'. The approach selectetiation category for whickog P(utterance| Emotion)
is highest. The basic approach achieves an overall precidi61.6%. Stemming improved this to 64.8%, additional
compounding (26 expressions) to 67.2%.

Among the features that have been used in emotion ideniificitom the word string are the following:

e position of utterance in dialogue [Ang et al., 2002]
e whether utterance is a repeat/rephrase/correction figatét al., 2000, Ang et al., 2002]

e likelihood of utterance according to different languagedels (modelling the likelihoods of sequences of
words): e.g. class-based trigram model [Ang et al., 2002)rdwbased unigram model (with stemming and
compounding) [Devillers et al., 2002]

e keywords: (i) straightforward keyword spotting — e.g. [&i] 1992] based on OCC model and Affective
Lexicon [Ortony et al., 1988]; (ii) spotting emotionallylEat words [Lee et al., 2002]

o type of dialogue act/ sequences of dialogue acts [Batlinak 2000] (intersects with repeat/rephrase/corresion

e also: Latent Semantic Analysis [Landauer and Dumais, 1983jular for affect classification of text e.g. Baby
Webmind [Goertzel et al., 2000]; drawback: works betterargér chunks of text

If used without other types of information (such as prospdierbal features (which usually means lexical ones)
often achieve poor results for emotion identification. gttforward keyword spotting is often criticised for its
apparently obvious flaws such as the fact that it can’t accfmumegation, and that it doesn’t have access to the true
meaning of utterances [Liu et al., 2003, p. 127]. Howevetyiits out that lexical items, if used in the right way,
are a powerful predictor of emotionality. [Pang et al., 208¢hieve a best result of 82.9% accuracy for the task of
classifying film reviews into positive and negative, wheaetereview is represented as a binary vector with 16,165
bits where each bit encodes presence or absence of a wohb@vitemming or stoplists!). Classification was done
with support vector machines. Because they don't doayiori selection of keywords, their result implies that
poorer results may be due to bad selection methods.

Some of the publications mentioned in this section are dmesdrin more detail in the following section. The
following table summarises results for verbal emotion tdfeation:



| publication | best result] emotion categories | method | data |
[Ang et al., 2002] 65.6% 2: annoyed/frustrated vs | language model natural human/machine
neutral/tired/amused/othgr
69.8% = repeat/correction =
80.2% = language model, repeat | =
& speech features
[Lee et al., 2002] 70% 2: neg/non-neg acoustic features real human/machine
& linear discr analysis dialog (female only)
75.65% = linguistic features =
80.75% = combination of above =
[Pang et al., 2002] 82.9% 2: pos/neg word presence film reviews
[Polzin & Waibel, 2000] || 46.7% 3: sad/angry/neutral prosodic model movie speech
60.4% = spectral model =
63.9% = bigram language model =
[Devillers et al., 2002] 67.2% 5: anger, fear, satisf., unigram models, stemming real dialogues
excuse, neutral & compounding

4 Annotated Bibliographies

4.1 NLG with emotions

[Carolis et al., 2002] From Discourse Plans to Believable Behavior Generation

This is a report on how (in MagiCster and using the Festivaksh synthesizer) “a typical NLG architecture has
been changed to generate context-adapted behaviour irvarsational embodied agent” (p. 65).

The strategy for planning the agent’s behaviour is for trenpér to decide on the discourse steps required to
achieve a given communicative goal. Two possibilities anmestdered in the discussion: (i) the planner decides what
verbal/nonverbal ‘signals’ to employ; (ii) the planner @les communicative function(s) only, and the surface zeali
decides the signals. Arguing in favour of strict mind/bodparation, the authors opt for (ii): the agent’s mind degide
what to say, the body interprets and renders this at theautéael along the different available channels (different
agents have different body capabilities). In the first phas#plan library” is used — a collection of recipes for
(i) plans that represent the steps required to achieve a giwmmunicative goal, and (ii) the discourse plans that
correspond to each of the steps in (i). A ‘Plan Enricher’ isdias the interface between the two phases. Within Plan
Enricher, a transformation algorithm called Midas transfeinput DPML trees into output APML (markup language
for behaviour specification) trees. Midas recurses thrdhgliree top-down until it reaches a leaf-node at which point
the ‘generatgperformative’ function is called: “This function is respible for the surface realisation, in which the
<performative- element is generated. If the Affective Agent Modelling cament establishes that an emotion is
felt by the Agent [...] and that this emotion has to be dispthythe affect attribute of the performative tag is set to
that emotion’s name. [paragraph] The genegseormative function [also] produces the verbal part efshbeech act
[...]" (p. 71) (which implies that there can only be one erantiand that all the text generation is done within the plan
enricher).

What is not explained is how the ‘verbal part of the speechiactelected and whether the selection process
is conditioned on the emotion tag. This is not very likelycgirthe same function attaches the tag and selects the
realisation. It appears that the apparently emotive phgasbmes directly from the earlier selection of a discourse
plan, e.g. the plan for ‘doctor talking to patient’.

Additional information from the MagiCster Deliverable 3&1/10/1002): “The generation component in Proto-
type 1 uses a relatively straightforward template-basetkay devlioped by DFKI. [...] The disadvantage [of such
approaches]is that it is difficult to introduce flexibilityto the actual language which is generated.” (p. 14)

[de Rosis and Grasso, 2000]Affective Natural Language Generatian

This is afirst-principles piece about where and how to irgtaffect in NLG. The paper looks at how NLG should
vary according to the hearer’s personality, current enmatigtate etc. (e.g. when doctor has to deliver bad news to
patient). The paper is not about modelling how an artificcahmunicating entity expresses its own emotions. There
isn’t much of an empirical basis, decisions on what to do stdirse planning, sentence planning, and especially
realisation have a somewhat ad hoc feel to them: “Affecta tnay be obtained by employing rule-based heuristics
that define when and how empathy elements have to be intrddndbke text.” (p. 213) The paper doesn’t describe
any implementation.

[Fleischman and Hovy, 2002] Towards Emotional Variation in Speech-based Natural Lanage Generation



This paper describes the MRE generator which is implemeintéde SOAR programming language (Newell,
1990), and has three modules: sentence planning, reatisatid ranking. This paper deals with the conversation
mode of the system only.

The sentence planner gets as input minimal information ebstate/event to be described with references to the
actors and objects involved in it. A set of SOAR productiolesiconverts this into an enriched case frame structure.
This conversion relies heavily on the emotional decisiogimea

The realizer is highly lexicalised. Tree construction Imsgivith verb selection. Each verb has slots for its con-
stituents (e.g. agent/patient). All possible realisatiare produced.

The ranker determines each tree’s score based on the mé@sation content and emotional quality, where the
score for the tree is derived from the sum of the scores fontiues.

Emotional language generation is viewed as an optimizgtioblem, minimizing the distance between the emo-
tion of the speaker and the emotion of the sentence.

The emotion model is based on appraisal theories of emo®@C, Lazarus) and construal frames from Clark
Elliot which represent relations between events and abdisigositions (plans and goals in MRE). “[...] an agent’s
emotional state is predicated entirely on that agent'saiparof an event in terms of how that event relates to its own
set of goals, and plans toward those goals.” (p. 59)

The emotional state of the speaker towards each elemerg wbitld model is an integer value =5 < v < 5
calculated by emotion model. During planning, all objeetsassigned a frame by selecting the semantic frame with
the minimal distance between the frame’s default emotigakle and the emotional attitude of the speaker towards
the hearer.

In realization, all verbs in the lexicon that are valid regmetations of the input frame are used to create distinct
trees. Lexicon entries have three emotion shades for eabh geent, agent, patient. The tree is then selected “in
which thetotal emotional distance from the speaker’s attitude is minighizeross the event itself, as well as across
all the constituents of that event” (because these carrfiffe

This approach is strictly verb based, permitted realisatinclude those that elide agent or patient. The total score
takes into account both the degree to which the semanti@obig expressednd the emotional distance between
realisation and speaker.

[Haimowitz, 1991] Modeling all Dialogue System Participants to generate Entipatic Responses

According to De Rosis and Grasso (2000), this paper “focarseke idea of “producing utterances empathetic to
both the Speaker and the Hearer”, by offsetting “unpleds$afrmation and stressing “favourable” info, through de-
tensifier and intensifier adverbs: the Hearer’'s mental misdeiriched, to this purpose, with domain-related personal
preferences, concerns, worries and related features.”

[Hovy, 1990] Pragmatics and Natural Language Generation, Section 6 “Ratity” :

This section provides a summary of the approach to affeAAWLINE. It distinguishes biassing content and form
— there are rules for biassed topic selection, and thereudae for word choice. The paper looks generally at “why
and how [it is] that we say the same thing differently to difiet people, or even to the same person in different
circumstances”.

Two main findings: “any generation system sophisticatedighdo operate in service of communicative goals
will have to maintain an intermediate level of goals andtety&s, called here rhetorical goals.” and: “any genemnatio
program flexible enough to operate under a number of comrativéogoals [...] will have to monitor the effects of its
individual utterance components under an interleavednit@arealization regime.”

Hovy admits that PAULINE solves each of the questions it edses “by a set of simplified, somewhat ad hoc
methods”.

Models are based on available time, tone of interactiorgleg®s opinion about the subject, depth of acquaintance
between interlocutors, whether there is a goal to influereadr’s opinion, affect for the topic, desired effect on
hearer's emotion toward speaker, desired effect on integpal distance, speaker-hearer relative social statiséed
to involve hearer, knowledge level, desire to involve speak

Affect in PAULINE is modelled asif fect = v,v € good, bad, neutral. Values come from two sources: (i)
provided by user (specifies one or more representation alsras sympathies or antipathies), (ii) defined as intritasic
certain representation elements (e.g. in neutral cortertept ‘arrest’ is bad). PAULINE can combine and propagate
different affects.

Inputs are one or more initial sentence topics. PAULINE thees one of three topic collection plans (convince,
describe, relate) to collect additional topics from theazpt representation network.

The rhetorical goal is defined agrtiality = v,v € partial_explicit, partial implicit, impartial. There is a
set of rules that decide between partial/impartial andieifanplicit, conditional on such things as affects towar
the topic and towards the other speaker.

PAULINE uses style strategies to decide at choice pointg. i&.the case of explicit partiality, the strategy is to
include explicit expressions of opinion. In the case of baplicit and implicit partiality, affective adjectives dn



adverbs as well as stress words are included (in the sentenséituent inclusion component), and nouns and verbs
that carry affect are selected in word choice component.

[Loyall and Bates, 1997] Personality-Rich Believable Agents That Use Language

Loyall and Bates describe the details of an NLG extensiondp,Fthe behavior-based architecture used by the
Oz group to construct non-linguistic believable agentsiisiextension is based on Kantrowitz's GLINDA.

The paper outlines some of the things that become possilsie language generation and behaviour generation
are integrated in Hap, but none of this appears to have beaeiimented.

There’s a description of how language generation can bgriatied with emotion in principle, but the paper doesn’t
reveal what has been implemented, and there’s nothing thatiats to a theoretical approach to the integration (just
an outline of how Hap permitsomeapproach to be implemented). The paper refers to Kantrewitsearch being
about exploring pragmatic variation for natural referrgxgpressions, but there don’t seem to be any publications on
this.

See also entry for Oz Project in Section 5.

[Walker et al., 1997] Improvising Linguistic Style: Social and Affective Base$ Agent Personality

This paper is about LSI (linguistic style improvisation) iafn is based on Speech Acts theory (James Allen,
Philip Cohen, 1970s), and social anthropology and linggssesearch on social interaction, in particular Brown and
Levinson’s theory of linguistic social interaction.

LSl is a (partial) implementation of Brown and Levinson'®8F) theory of social interaction (L&B), which
comprises concepts (agents have ‘face’ consisting of elésirautonomy and desire for approval), capabilities for
rational reasoning, and social variables (social distd®teseen speaker and hearer, power of hearer over speaker,
imposition ranking).

The approach uses a set of initiating speech acts: inforfer, squest-info, request-act; and a set of response
speech acts: accept-inform, accept-offer, accept-regegsct-inform, reject-offer, reject-request. Speechdefini-
tions include (a) the conditions under which speaker a@siéns communicative intention, and (b) the effects on the
hearer if the speaker succeeds.

The approach follows earlier work in that speech acts ardemented in a standard Al planning system (e.qg.
Litman and Allen, 1990); each speech act definition has prditions and effects, as well as several ‘decompositions’
which specify the different ways in which the speech act carelalised.

The speaker calculates threat theta to the hearer resfittimga speech act as the sum of the social distance, power
and imposition ranking. Theta is then the basis for choosiggeech act execution strategy, where choices range from
direct execution to hinting and/or making utterance ambigu(interestingly, they leave out B&L's 5th possibility of
not executing a speech act at all). Each strategy is therute@by a range of substrategies whose semantic content
is selected from the plan-based representation for thechpmst, and whose syntactic form is selected from a library
(but the selection mechanism not clear). There is no gramasauch, just a “library of syntactic forms” (p. 99).

The emotional disposition of each agent is set (one of amgnypyed, disgusted, distraught, gruff, pleasant, sad)
and all of the agent’s utterances are synthesized with thestic correlates of that emotion (based on Cahn’s (1990)
theory of expressing affect in synthesized speech and bsingffect Editor program).

Social structure, and (apparently) emotion remain fixedhduatialogue.

As far as | can seenly acoustic variation depends on emotions, not word strings.

This work seems to have petered out - there seem to be no ffymthécations, and the 96 paper isn’'t mentioned
or cited anywhere.

4.2 Emotion identification

[Ang et al., 2002] Prosody-based Automatic Detection of Annoyance and Frasion in Human-Computer Dia-
log:

Ang et al. report research carried out as part of the DARPA f@anicator Project. Detection of annoyance and
frustration is construed as a classification task on uttasn The classifier used is a decision tree, with features
reduced to a minimum by a brute force selection algorithmarm\from numerous fine-grained prosodic features,
three non-prosodic ones were used:

¢ afeature representing the position of the utterance initdegle

¢ a feature encoding whether the utterance is a repeatedstegiueorrection, with the following values: ‘not a
repeat/correction’, ‘repeat or rephrase only’, ‘repeateghrase with explicit correction’, ‘explicit correction
only’

e a language model feature: the value is obtained by comptiindog likelihoods of the utterance with two
different language models (class-based trigram modéls), taking the sign of the difference.



There were two binary classification tasks. In the first tasle class was ‘annoyed or frustrated’, while the other
class was ‘neutral, tired, amused and any other’. The seashkdvas the same as the first except that annoyance was
removed from the first class. For task 1, human accuracy (medss agreement with the consensus) was 83.9%,
compared to 80.2% achieved by the automatic classifier wlrfgatures. For task 2, human accuracy was 77.3%
compared with 93.2% classifier accuracy (all features).t&sk 1, The language-model feature on its own achieved
an accuracy of 65.6% on the complete data, compared to 6Bbévad by the repeat/correction feature on its own.
No results are presented for position only.

[Batliner et al., 2000] Desperately Seeking Emotions: Actors, Wizards, and Humaeirg)s

This paper reports work from the SmartKom Project. The pohtonsidered is a two-class classification problem
with the emotion classes neutral and anger. Three diffesgrerimental settings are investigated: (1) speakerifapec
with data from one experienced speaker acting; (2) spaaklependent with data from several inexperienced speakers
reading; and (3) speaker-independent with data from skwaige speakers obtained in a Wizard-of-Oz scenario. All
data was annotated emotional or nonemotional.

In setting (3), 20 dialogues (2,395 turns) were recordedadfenusers interacting with a ‘malfunctioning’ Verb-
mobil system. The idea was that exactly the same situatiogpisated many times with the user becoming increas-
ingly angry, so that the change in linguistic propertieshmitan unchanging setting can then be observed over time.
Annotation included three types of ‘peculiarities’: corsegional (cooperative, insulting etc.), prosodic (vdeac ar-
ticulation, pauses between words), and lexical (swear svetcl). All turns annotated with more than one peculiarity
were annotated emotional (otherwise nonemotional).

Classification was done with three different classifierssuRs for multi-layered neural networks using r-prop
as a training algorithm are presented but not discussed.tWdn@emaining classifiers are cart and regression tree
classifiers and linear discriminant analysis, for both ofowHeave-1-out cross-validation was carried out. Prasodi
feature vectors formed the inputs, with additional segalénformation in some tests. The authors report results tha
decrease from setting 1 to 3, as expected because elicitetioens more clearly expressed than naturally observed
emotion. Best results were achieved for linear discrimirmanalysis using both acoustic and segmental information:
97%, 82% and 71% correctly classified turns for settings an#,3 respectively.

The main result appears to be that prosody isn’'t good enaugbktect emotion in real-life communication. The
conclusion is that other information needs to be added, l@gaper finishes with a preliminary report on work in
progress. The system MoUSE has 6 classifiers to spot “marieaMiour”, of which three have been implemented:
prosody, repetitions, reformulations). The preliminaayd obvious) result is that when combining information @bou
repetition, language peculiarities (as abowayl prosody into account, then spotting “trouble in communas#t
becomes easier.

[Devillers et al., 2002] Annotation and Detection of Emotion in a Task-oriented HumaHuman Dialog Corpus

This paper reports work carried out within the IST Amitie®ject. The data that was used is a corpus of 100
human (agent-client) dialogues recorded in a stock exahaagyice center which are annotated with labels of three
types: dialogue, dialogue progression and emotion. Thieoasitmake much of using naturally occurring speech,
but the dialogues aren’t ‘real’ because clients aren’t ciahts (emotions would probably run higher if people were
talking about their own investments).

The first study looks at correlations between emotions anelsamarking dialogue quality, progression and suc-
cess. Correlation tables show mostly weak correlationsdet dialogue and emotion features. Linear regression
was used to find combinations of features with high predicéiecuracy for some individual emotions. For the two
emotions for which results are reported (anger and fea)pthdictive accuracy was low (48.6% for anger, 30.6% for
fear).

In a second study, a model for emotion detection was buikdhas the hypothesis that there are types of lexical
information particularly salient for different emotiorS8orpus sentences were reannotated for emotions by new anno-
tators who looked only at the randomly ordered orthographigscriptions. In the text-based annotation, anger and
fear labels decreased a lot, sadness, excuse and neutesldad (as compared to the annotation from recordings of
speech).

Five emotion models (unigram models) were built. The modeltieutral’ was trained on entire training data
(including utterances tagged for emotion) and was intéeoras the “general task-specific model”. The classification
approach selects the emotion for whielg P (utterance| Emotion) is highest.

This basic approach achieved an overall precision of 61 884nming improved this to 64.8%, additional com-
pounding (26 expressions) to 67.2%. Using lists of wordstduele from the models didn’timprove results. Normally
then most frequent are used, but in this work it's an ad hoc saeaif words likely not to matter. There are signif-
icant differences between detection rates for differendtéan categories: from 38% for fear to 88% for neutral and
satisfied.

Individual words that were found to be particularly relialidentifiers for categories:



anger: swear words, ‘abnormal’, ‘irritating’, ‘embarrass, ‘bothering’

fear: ‘worry’, ‘fear’, ‘panic’, ‘afraid’, ‘disastrous’
satisfaction: ‘agree’, ‘thanks’, ‘perfect’, ‘excellent’
excuse: ‘mistake’, ‘error’, ‘sorry’, ‘excuse’, ‘pardon’

A third study was carried out to look at the difference in hamadgments when listening to audio as opposed to
reading the transcriptions. Only 55% of the utterances \edrelled the same under both conditions. Surprisingly, in
the labelling from transcriptions, the proportion of ugeces labelled emotional is mublgherthan in the labelling
from audio.

Subjects were asked to identify the prosodic (forced chaod lexical cues that helped them make their judge-
ments. Results indicate that subjects used fast speeatifation and satisfaction; a flat FO for neutral and excase;
variable FO for emotional; and gained no help from intendftgywords subjects tended to use were words that give
away the emotion (nervous, i'm afraid...), swear words)axations, and negations. There were no definite results
on whether subjects used any syntactic characteristics.

Interestingly, although this information can only be gledfrom Figure 1, anger was not identified at all from the
audio version, but relatively well from the text-only vensi

Another interesting observation is that there is evidehegthere can be a contradiction between prosodic infor-
mation about emotion and the words of the utterance (Sebt)n

A peculiarity of the paper is not presenting separate resattagents (who are much more likely to control/hide
emotions) and clients.

[Lee et al., 2002] Combining Acoustic and Language Information for Emotion Regnition:

This paper reports research incremental on the authord p@fer [Lee et al., 2001], the main difference being
the addition of language information in the approach to ésnatcognition.

The data used is (real-life) spoken human-computer digsgwer the telephone, of which 924 are non-negative
and 255 are negative). The approach is based on the ‘infammtteoretic notion’ of emotional salience. The task
is to recognise negative and non-negative emotions fromcspeéata. The classifiers used are linear discriminant and
k-nearest neighbour classifiers.

Emotional keywords are obtained by calculating the ematfisalience of the words in the data corpus, where
emotional salience is defined as mutual information betweemls and emotion categories. A set of salient words
is selected, and classification is done by maximising thégldity of the emotion category given the salient word
(multiplying if there are several).

The main results are that adding language information tost@mimproves classification of negative emotion by
up to 45.7%, whereas adding acoustic to language informatiproves classification of negative emotion merely by
up to 32.9%.

[Liu et al., 2003] A Model of Textual Affect Sensing using Real-World Knowleelg

The data used is the OMCS (Open Mind Common Sense) Corpusidlmwwhch fact is represented as one of 20
English sentence patterns. Facts with affective relevareextracted from the corpus (10% of the total) by keyword
spotting (using Ortony et al.'s affective lexicon).

On this basis, a ‘common sense affect model’ is constructéa. model consists of a set of component models
which compete with and complement each other. Each mode¢itaies of the forn{frame|[z1 happy,x2 sad,
x3 anger,xy fear, x5 disqust,xe surprise],0 < x; < 1, where ther; values represent the salience of the entry to
the emotions.

1. subject-verb-object-object model: elgrame] = [<Subject>: ep_person_classx, <Verb>: get_into,
<Object;>: car_accident, <Objecty>:] represents “getting into a car accident can be scary”

2. concept-level unigram model (not a unigram model in theveational sense]< Concept >: “car_accident)
[0 happy, 0 sad, 0 anger, ...]

3. concept-level valence modelkConcept>: “car_accident] x,—1 < x < 1; but no mapping to emotion
categories

4. modifier unigram model: to make up for removing the modfiarthe concept-level unigram model

To construct the models, emotion keywords are propagatdaee passes over the corpus. It seems that emotion
values initially are 1, then with each propagation are redury some factod.

To classify text, it is first segmented into clauses, thengllistically processed’, then evaluated by a 2-stage
process using the models. The description of this procesmigwhat vague and confusing.

The only evaluation carried out so far involved 20 subjestsg out the EmpathyBuddy email browser in which
each sentence is classified according to its predominanti@mand a cartoon-style face representing that emotion



is displayed next to the sentence. Three settings weraltestee with the emotion classifier described above, one
with randomly selected faces, and one with just one, netaca. The overall user evaluation ranked the first at 5,
the second at 4.1, and the third at 3.6 (out of 7), which daesfiect too well on how accurately the emotions were
recognised.

[Pang et al., 2002] Thumbs up? Sentiment Classification using Machine Learnidgchniques

This paper reports results on classification of film reviemts positive or negative. A corpus of 700 negative and
700 positive reviews from 144 different reviewers (avdiadnline) was used. A baseline was created by looking at
word frequency counts, which yielded an accuracy as higl9és &ith 16% of the remainder undecided.

Three classifiers were tried: Naive Bayes classificationximam entropy classification, and support vector ma-
chines, with 3-fold cross-validation. No stemming or sistglwere used, punctuation was treated as words, negation
tags were added to negated words. Each review was reprdsentebinary vector with 16,165 bits where each bit
encodes presence or absence of a word. They don’'t do anyragalection of keywords, instead usiaj words that
occur. Interestingly, the same word when negated and whiewamactually counted as two distinct words.

The best result was 82% accuracy for SVMs and single wordifest Using bigrams or POS tags didn’timprove
results.

[Polzin and Waibel, 2000] Emotion-sensitive Human-computer Interfaces

The data used were 6,000-7,000 speech segments (where anteégra sentence or utterance with a constant
emotion) from movies. Close captions formed the startingptpfor transcription, transcribers then added missing
noises and annotated each segment with three tags: geadkgrbund noise and its predominant emotion. In the
experiments 2,991 neutral, 1,586 angry and 1,076 sad ségmere used (there weren't enough segments in the other
categories). Randomly selected equally sized subsetsuserkfor testing.

The task was to classify into three categories: sad, angdynautral. In the human experiments, classification of
test data from speech was 70% correct, compared to 55% ttwoettext.

Automatic classification from speech and text was by selgdtie emotion whose model maximises the likelihood
of the utterance. Three different kinds of models were usedaghieved the following F1-scores: Emotion-specific
prosodic models (speech): 60.4%; emotion-specific sgdofiamation model (speech): 63.9%; emotion-specific
back-off bigram language models (text): 46.7%.

5 Current Research and Resources

5.1 Research Groups

This section lists some of the more visible project groupth i strong interest in computer-based characters, sim-
ulating emotions and in particular how to reflect emotion inG\ Of course this leaves out many small groups of
researchers at numerous institutions that have workecdhulasisubjects (many of which are mentioned in the follow-
ing section).

Zoesis Studios: A subset of the Oz Project group took the Oz technology widhnttand founded Zoesis. They're
currently working on extending the technology to emotidaabuage, using Hovy's thesis work.

Headed by E. Bosser, J. Bates, B. Loyall, S. Reilly and P. \Weydh.

http://ww. zoesi s. coml

Intelligent User Interfaces at DFKI:  headed by W. Wahlster; projects: Presence, SAFIRA, NECAgilUster,
HUMAINE, MIAU, Verbmobil, SmartkKom.

It's hard to group the output of the ongoing research effaraffective computing aDFKI into projects — they
seem to carry different evolutionary stages of the samevsoft from one project to the next. TrossTalk system
(“Meta-Theater with Animated Presentation Agents”) witheémotion engine (also now apparently inserted into the
NECA system) is particularly relevant. MIAU platform.

http://ww. dfki.de/iui2/start.htnl

Intelligent User Interfaces Group at Bari University: headed by Fiorella de Rosis; projects: GOLEM, XAN-
THIPPE, HUMAINE, MagiCster.
http://aos2.di.uniba.it:8080/Intint.htmn

Affective Communication Group (subgroup of Affective Computing) at MIT:  headed by Rosalind Picard; re-
search area emotions; focus on emotion recognition; praamputer Response to User Frustration
http://affect.nedia.nit.edu/ ACresearch/communi cation. htm

10



ITRI, Brighton University:  ITRI specialises in NLG, and has two relevant projects: NE@&us on emotion in
computer-based characters), COGENT (will look at emotilependent language variation among other dimensions
of variation).

http://wwv.itri.brighton.ac. uk/

5.2 Projects

NECA: 2000-2003; project partners: DFKI GmbH (German Researaftr€dor Al), Freeserve, IPUS (Institute
of Phonetics, University of the Saarland), ITRI (InforneattiTechnology Research Institute, University of Brighton)
OEFAI (Austrain Research Institute for Al, Vienna) (Prdj€oordinators), Sysis Interactive Simulations AG.

From project homepage: “NECA's workplan comprises the tpraent of dedicated components, such as com-
ponents for emotive speech synthesis, generation of cadldpeech and nonverbal expressions, and components
which perform reasoning about a character’s emotionalodision. These components form the building blocks of
the generic NECA application platform. This platform willqwide the basis upon which specific applications can be
built.”

http://ww. ai . uni vi e. ac. at / NECA/

Oz Project at Carnegie Mellon University: active ca. 1988 to 2002; researchers: Mark Kantrowitz, glo8ates,
W. Scott Reilly, A. Bryan Loyall, Michael Mateas, Andrew 8tePeter Weyhrauch, Phoebe Sengers, Sarah Sloane,
Matt Glickman.

From Oz homepage: “Oz is a computer system we are develdmat@liows authors to create and present inter-
active dramas (Bates 92). [...] The architecture includgmalated physical world, several characters, an interaat
theory of presentation, and a drama manager. A model of dantacter’s body and of the interactor’s body are in the
physical world. Outside the physical world, a model of mindirols each character’s actions. The interactor’s astion
are controlled by the interactor. Sensory information issea from the physical world to the interactor through an
interface controlled by a theory of presentation. [...] dn@ma manager influences the characters’ minds, the physica
world, and the presentation theory.

Oz has three primary research foci: characters, presentand drama. As in traditional media, each of these
areas is important for creating a rich dramatic experienlceour research on characters we study how to create
computer controlled agents that appear reactive, goaltéaeemotional, moderately intelligent, and capable ofqis
natural language (Bates et al. 91, Bates et al. 92, Reilly &882).”

Despite publications apparently claiming the oppositescdimn of content, syntactic structure and lexical items i
not connectedt all to an agent’'s emotional state anywhere in the long-runnim@ject.

http://ww 2. cs. cnu. edu/ af s/ cs. cnu. edu/ pr oj ect/ oz/ web/ oz. ht m

SmartKom Project: initial funding 1999-2003; follow-up project to Verbmopproject consortium: DFKI (main
contractor), Daimler Chrysler AG, EML GmbH, University ofl&ngen-Nuernberg, ICSI, IMS (Stuttgart University),
Munich University, Mediallnterface GmbH, Philips GmbHg8iens AG, Sony GmbH.

From IMS website: “The SmartKom project aims at developinguanan-machine interface that is intuitive to
use, self-explaining, and adapting to the user’s needs eefdrpnces. The system will recognize speech, gesture
and mimic input, and it will generate text, graphics and spemutput. The user and the system are intended to use
whichever modality is most appropriate for the particuksk; the type of information, user preferences, and the
application scenario. There are three such scenarios: a/bffine working environment, public access to the internet
and to information services, and a mobile device (basiaafigr-advanced cell phone). The project is funded by the
German Ministry of Education and Research (BMBF) for théqukof September 1999 through August 2003.”

N. Beringer, D. Oppermann, S. Steininger, U. Tuerk, Antjevgeitzer, Norbert Braunschweiler, Edmilson Morais,
A. Batliner, Fischer, Wahlster, D. Buehler, W. Minker, J.ddasler, Sven Krueger, etc.

http://ww. smart kom or g/ eng/ proj ect enfranes. pl ?intro_en. htn

GOLEM and XANTHIPPE Projects at University of Bari:  Fiorella de Rosis, C. Castelfranchi, R. Falcone, S.
Pizzutilo, F. Grasso, I. Poggi.

“The objective of these projects is, on one side, to gengiratifée-like agents, personality-rich behaviours; on the
other side, to recognise similar behaviours in other agsath as the user. The way that the behaviour of personality-
rich agents is programmed is by defining ‘activation rulegther in a logical form (Binsted, 1998) or in conditions
of uncertainty (Ball and Breese, 1998); these rules define dgents react to a context-driven and/or to an internal
emotional or personality state by showing some form of bita/

http://ww. df ki . de/ i nedi a/ wor kshops/i 3-spring99/wa-final/rosis. htni

HUMAINE: 2004-2008; EU IST Network of excellence; huge network, 2itngas from 11 countries include:
DFKI, Imperial College, King’s College, France Telecom,f@xl University, and Trinity College Dublin.
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From Bari page: “The general aim of the network is to equipdpean teams to develop systems that register,
model and/or influence human emotional and emotion-relsizgs. We call these emotion-oriented systems. The
network will underpin sound long-term development of thegetems by clarifying the scientific, cultural and ethical
underpinnings of emotion-oriented computing; developgessible literature and standards based on that under-
standing; and establishing enduring relationships amesgarch groups in the key areas of information technology
and the science of emotion.”

http://enmotion-research. net/

MagiCster: 2000-2003; EC IST Project; project partners: Universitfdinburgh, Division of Informatics, Uni-
versit degli Studi di Roma "La Sapienza”, Dipartimento didmnmatica e Sistemistica, Deutches Forschungszentrum
fur Kunstliche Intelligenz , Intelligent User Interfaceg@artment, Swedish Institute of Computer Science, Unitvers
degli Studi di Bari, Research Group on Intelligent InteefsicAvatarMe.

Objectives (from Bari project page): “(i) to design a betible conversational interface agent which makes use of
gaze, facial expression, gesture and body posture as wallezsxh in a synchronised fashion; (ii) to evaluate the use
of the conversational agent in laboratory conditions t@deine which aspects of the embodied agent are important
for what types of human-computer interaction; (iii) to deyeand document the agent architecture and components
to enable other research and development teams to protaiypevaluate new versions of the agent interface in new
domains and for novel tasks.”

http://ww.ltg. ed. ac. uk/ magi cster/

Presence Project at DFKI: (homepage last updated 2000).

From homepage: “Presence is an in-house initiative timezatoh the wave of recent academic and commercial
interest in life-like characters. The primary goal of thejpct is to advance our understanding of the fundamen-
tal technology needed to drive Life-Like characters by commly the skills and expertise present in the Multiagent
Systems and Intelligent User Interface groups.

The Presence project will use lifelike characters as Vinteieeptionists / infotainers / accompanying guides for
visitors to the German Research Centre for Artificial Ingelhce (DFKI GmbH). Here we will explore the hypothesis
that using an explicit affective model (of both agent and’ugeguide the presentation strategies used in the human-
agent conversational dialogue will (a) create a more nbamchintuitive user interface (by tailoring the conversatio
an individual person); (b) provide the user with an engagimgjenjoyable experience; and (c) enhance the beliewabilit
of virtual characters.”

Steve Allen, Elisabeth Andr, Patrick Gebhard, Wenji Mao.

http://ww. df ki . de/ all en/ Presence. htm

Mission Rehearsal Exercise virtual training environment poject: homepage lists 42 project members, NLG
team mainly Traum, Fleischman and Hovy); see notes on papers.
http://ww. ict.usc. edu/ di sp. php?bd=proj nre

SAFIRA: Supporting Affective Interactions for Real-time Applicats. 2000-2003. EU IST Project. Partners: In-
telligent Agents & Synthetic Characters Group (Lisbon),BIX| (Lisbon), DFKI, Fraunhofer IMK, Imperial College
(London), FAI, Swedish Institute of Computer Science.

From project homepage: “The project objective is to bringhie software community an enabling technology to
support affective interactions, in particular:

* To create a framework to enrich interactions and applacegiwith an affective dimension;

* To implement a toolkit for affective computing combiningat of components addressing affective knowledge
acquisition, representation, reasoning, planning, comoation and expression;

* To verify under which conditions the hypothesis that eraofias well as other affective phenomena, contributes
to improve rationality and general intelligent behaviofitlee synthetic characters, thus leading to more believable
interactions between humans and computers.”

http://gaips.inesc.pt/safira

Emotion in Speech Project: joint research project between the Speech Laboratory at/ttieersity of Reading
and the Department of Psychology at the University of Leads, was funded by the Ministry of Defence (DERA,
Malvern) and ESRC.
P. Roach, R. Stibbard, S. Arnfield, J. Osborne, J. SetterdiRgp P. Greasley, M. Waterman, C. Sherrard (Leeds).
http://ww.rdg. ac. uk/ AcabDept s/ |1/ speechl ab/ enoti on/

JST/CREST-ESP Project: ATR Human Information Science Laboratories in the KeihaBognce City, Kyoto,
Japan. JST ESP Project (Japan Science and Technology AGgpmssive Speech Processing):

“The purpose of this research is to model the way that spealgr different forms of intonation and voice quality
to express levels of meaning, above and beyond that whickpisessed by the words of an utterance alone. The
research will determine optimal features that can be rigliektracted from a speech waveform, and map them onto
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known linguistic structures and identifiable speech-aeratteristics so that the desired intention of the speaker c
be expressed or interpreted. The mapping will be two-way.”
Nick Campbell, Kiyohiro Shikano, Hideki Kashioka.

ERMIS Project: (Emotionally Rich Man-Machine Interaction Systems). Ja62-Dec 2005. EU IST Project. 14
partners including British Telecom, France Telecom, Qisgdniversity Belfast, King’s College London.

“The main objective of the ERMIS project is the developmein @rototype system for human computer inter-
action that can interpret its users’ attitude or emotioteties e.g., activation/interest, boredom, and anger,rinde
of their speech and/or their facial gestures and expressibime adopted technologies include linguistic and paralin
guistic speech analysis and robust speech recognitiaa| agression analysis, interpretation of the user’s émnat
state using hybrid, neurofuzzy, techniques, while beingdoordance with the MPEG-4 standard. Specific attention
is given to the evaluation of the system’s ability to imprefiectiveness, user friendliness and user satisfactibiiew
examining and resolving related ethical issues.”

Scope: The development of a prototype system for human ctanipteraction than can interpret its users’ attitude
or emotional state, e.g., activation/interest,boredom anger, in terms of their speech and/or their facial gestand
expressions

Adopted technologies: Linguistic and paralinguistic spreanalysis and robust speech recognition, facial ex-
pression analysis, interpretation of the user’s emotistate using hybrid, neurofuzzy, techniques, while being in
accordance with the MPEG-4 standard.

Stefanos Kollias, Luc van Gool.

http://ww.image. ntua.gr/erms/

ITR Project: University of lllinois; “The goal of this project is to coriute to the development of a human-
computer interaction environment in which the computeedistand tracks the user’s emotional, motivational, cog-
nitive and task states, and initiates communications bageetlis knowledge, rather than simply responding to user
commands.”

http://itr.beckman. uiuc. edu/index. ht m

Meeting Recorder Project: Partners: ICSI speech group at Berkeley, SSLI lab at Uniyes§ Washington, SRI's
STAR Lab. Funding from DARPA, and IBM.

From webpage: “Despite recent advances in speech recmgh#thnology, successful recognition is limited to
co-operative speakers using close-talking microphonégrelare, however, many other situations in which speech
recognition would be useful - for instance to provide traipgs of meetings or other archive audio. Speech reseacher
at ICSI, UW, SRI, and IBM are very interested in new applisatiomains of this kind, and we have begun to work
with recorded meeting data. [...]JA key issue in the projetbispecify the goals and applications. While the basic idea
is to develop recognition that could transcribe converationeetings, this would be useful only in so far as it would
support applications such as searching for particularmétion or producing automatic summaries. “

http://ww. i csi.berkel ey. edu/ Speech/ nr/ ntgrcdr. htn

PHYSTA: 1998-2001. EU TMR Project. King's College London, Nijmedémversity, Milan University, Queen’s
University Belfast, Image, Video and Multimedia System&daatory.
http://ww.image. ece. ntua. gr/ physta/

Others: Virtual Human (Germany); PF-STAR (EU); SIMILAR Network okEellence (EU).

5.3 Corpora and Other Data Collections

Lee et al. at University of Southern California: corpus of (real-)ifgpoken human-computer dialogue over tele-
phone; each utterance is labelled negative/non-negatt/exle/female; there are 924 non-negative and 255 negative
utterances.

Amities Project at Sheffield Universityt{tt p: // ww. dcs. shef . ac. uk/ resear ch/ groups/ nl p/ anmi ti es/):
corpus of 100 human (agent-client) dialogues recordedtnck €£xchange service center; annotated with (i) DAMSL-
like dialogue labels (Allen et al.) three levels of labajiior dialogue labels: information, forward-looking, bagkd-
looking; (ii) dialogue progression axis labels (Devilletsal.); represented on two axes: progression and accjdents
and (iii) emotion labels: anger, fear, satisfaction, excugutral.

Emotion in Speech Corpusproduced in Emotion in Speech Project at Reading and Leedsetdities (not dis-
tributed). Annotation in ToBI [Silverman et al., 1992], wiadditional annotation in the “miscellaneous” tier of the
formalism.

Belfast Naturalistic Emotion Database: database of emotional speech, containing video clips, files/for main
speaker for each clip, and orthographic transcriptionwa¥ files. The transcriptions are made available undericerta
circumstances.
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ISLE Natural Interactivity and Multimodality Working Grou p Deliverable D8.1: Survey of NIMM Data Re-
sources, Current and Future User Profiles, Markets and Ussdd\Nfor NIMM Resources: division into facial expres-
sion resources and gesture resources - there may be sommeritvad speech in some of the resources

SmartKom Project Corpora: there is one small corpus annotated for speech, gesturéssraations collected
Wizard of Oz style; report authors: Beringer, Oppermaneiriger at Munich University

Also Fischer and Batliner et al. mention the aim of recordiignuman-conmputer dialogues each 5 mins in length,
annotated for lexical, conversational and prosodic paditiks; this is a unique and potentially very useful apphpa
because it doesn’t use emotion labels (which are very stivgeand usually forced-choice) but annotate properties of
the language combinations of which are assumed to cormgltteemotions.

ITR Project Corpus: Dan Roth et al. collecting corpus of video/audio/text aated for emotion. In early 2003
had collected data from about 40 children carrying out sami@sks. Were planning to make corpus available.

Columbia Emotional Speech Corpus: NLP group at Columbia, corpus is annotated by volunteerisenl
http://wwl. cs. col unbi a. edu/ nl p/ enoti on/

DARPA Communicator project corpus: natural human-computer dialogue over the telephone, rgatavel
arangements (or rather, pretending to).

TMR PHYSTA Project: the report on existing resources lists only 3 speech dag¢aheith emotion annotation (and
no others), two of which is material read by actors, and thermis the Emotion in Speech Corpus above.

Corpus of film reviews used in Pang et al. (2002) as summarised above.

Other possible sources of emotion data: text and stage directions in drama; football commentariigis vising
levels of excitement (useful for excitement yes/no vs.rnisily of excitement); transcribed football commentaries.
Mirjam Wester et al. in MUMIS project; TV and video subtitjesewsgroups debates (and similar online resources).

6 Conclusions

The interest in what has become known as ‘affective compgutias exploded since 1995, although even Picard’s
exercise in ground preparation [Picard, 1995] was alredqdly @ cite a survey paper on emotional speech synthesis
[Murray and Arnott, 1993], and a survey of Al models of emntjBfeifer, 1988]. Research on emotional variation in
NLG goes back at least as far as Klein et al.'s work on the AattisNovel Writer in the early 70s, but very little has
been achieved in almost two decades since then. In partithdabody of research on how to express emotion in the
automatically generated word string has remained verylg®eattion 2).

Yet there is plenty of evidence that the word string does playmportant role in human and machine detection
of emotion (Section 3). Emotionally varied NLG must therefplay a role in any research that aims to make human-
computer interaction more ‘emotionally intelligent’.

The problem has not been that researchers haven't aimedke emotionally varied NLG possible, as many
project outlines testify (Sections 4 and 5), but that theltsshave tended to be small-scale, specialised and often
fragmented techniques rather than comprehensive methgidsl Perhaps the biggest obstacle is the lack of a strong
basis in the form of a substantial body of research on emaoexpressed in the word string, in either psychological
or linguistics research.

Automatic emotion identification methods provide a handiéow to make up for this lack (Section 3). They can
be used to identify lexical, syntactic and other propetties are correlated with and help to identify emotion. They
can also provide the empirical grounding that is at the mdro@mpletely absent in emotional language generation.

Given the strong interest in Al in ‘believable agents’ anfidative computing’ that has grown exponentially over
at least the last decade, it comes as a surprise to discatengw little has been achieved (or even attempted) in
emotional NLG. Apart from a single notable exception (Ha@iAULINE system) the field is wide open: we're not
anywhere close to creating NLG systems capable of systemmtdtional variation.
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