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ABSTRACT

In this article, we explore the role of emotion in digital the-
ater. Unlike heavily scripted productions, we create a theatri-
cal agency which uses the world wide web to determine what
content to deliver and how to deliver it with emotional com-
petency. We describe the use of the web as a cultural artifact
and how an autonomous agency can externalize these online
connections during a performance. We address the problems
that arise in bringing affect to an automated theatrical expe-
rience, and present our solution.
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INTRODUCTION

Computing machinery is no longer a device of pure computa-
tion. People have readily grasped the Web and use it to share
their personal life experiences through message boards, web
logs (blogs), and other community building web sites. We
have created an installation which exposes and highlights
these shared experiences through improvisational theater; an
on stage production autonomously driven by the zeitgeist of
the online community [10].

Our work in this area focuses on a unique intersection of art
and technology. Not only does the machinery play several
actors, but also the director. Our goal is to create a theatrical
agency that can exist on stage alongside human players, con-
veying both content and emotion. To successfully convey
emotion, we must enable the agents to assess the affective
connotation of words they are speaking. In this paper, we
will discuss a method to automate the affective analysis of

Figure 1: Two actors in a warm up game from the Associa-
tion Engine.

words and how enabling the agents with this ability makes
the theatrical experience more compelling.

THE ASSOCIATION ENGINE

The Association Engine is an example of such a theatrical
experience. It is comprised of five virtual, autonomous ac-
tors. These actors participate in an improvisational warm-up
game which is followed by a performance [7]. The perfor-
mance can take the form of a simple story generation or a
performance driven by what people have published on the
Web, particularly in the form of blogs. In either embodiment
of the Association Engine, portrayal of affect by the actors is
crucial to engaging the audience.

Improvisation is about being in the moment, a team of actors
on time and on the same contextual page. Human actors use
an improvisational warm-up game, calledThe Pattern Game,
to arrive at a mutual context. Actors stand in a circle, per-
forming free association given a seed word. The Association
Engine initiates this Pattern Game with its virtual actors by
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Pattern Game
hate → love → adore → abhor

→ repugnant → loathe → detest
→ despise

Table 1: A sample pattern from the improvisational warm-
up game. ‘Hate’ was the seed, provided by the audience, and
the remaining words were contributed by the actors.

Web Stories
I hate not being smart enough to make A’s in school
with no effort. I hate going to bed early. I hate get-
ting up early. I hate being broke. I hate not having
a perfect body. I hate wearing bras. I hate breaking
a nail after you have had long nails for such a long
time.

I love walking around Boston with my Dad. Actu-
ally, I love walking around Boston with either one
of my parents, but they both have completely differ-
ent perspectives on the city. My dad is 67 years old.
He grew up in a poor Irish family in East Boston,
one of five kids born to my grandparents, who were
immigrants from Newfoundland.

Table 2: Two discovered stories from the Pattern Game con-
text in Table 1. Both stories are direct retrievals from blogs
on livejournal.com.

taking a seed word from the viewers/audience, for example
‘hate.’ The first actor free associates from that word, speak-
ing ‘love’ aloud using an animated face with a text-to-speech
engine. The next actor in line adds his contribution, ‘adore,’
free associating from the first actor’s word, ‘love.’ The game
continues until enough ideas have been supplied to create a
context from which to do a performance. A sample com-
pleted chain can be found in Table 1.

The resulting word chain serves as a representation of con-
text [3], from which the actors proceed with a performance.
In the Association Engine, this performance can take the
form of aOne Word Storywhich the actors present, by con-
tributing one word at a time. However, making these stories
both interesting and coherent is a large problem of knowl-
edge engineering. In response, we explored story discovery,
more specifically, in the context of what people are currently
thinking and saying online. The most recent embodiment
of the Association Engine is a performance in which the ac-
tors read from blogs [5], discovered on the Web, that are on
point with the Pattern Game. Each actor takes the stance of
one particular blog author and performs that blog. Two dis-
covered stories from a Pattern Game context are shown in
Table 2.

Affect in the Association Engine

One metric of an human actor’s success is their ability to
communicate emotion during a performance. The Associa-
tion Engine’s actors are no exception; we require a notion of
affective states to carry the audience through a compelling
performance. For the pattern game, this becomes a prob-
lem of being able to identify what sort of emotion the ac-
tors should portray given each word or phrase spoken. This
not only more effectively communicates the warm up game
to the audience but also strengthens the association within
the resulting context, allowing another metric of association
to be traversed. The positive and negative affect could be
selected by the agents for the warm up game or the story
telling; the latter allowing a larger gamut of stories along the
same topic but different emotional stances to be performed.

RELATED WORK

Most work in the field of affect determination is concerned
with large corpora of text. It employs context, statistical
NLP, hidden Markov models, Bayesian networks, and real
world knowledge in an attempt to understand what is being
said and what it means affectively. The massive characteriza-
tion of ‘common sense’ knowledge exhibited by the Open-
Mind project [11] is one such corpus of real world knowl-
edge that has been used with relative success for affective
document characterization [4].

Yet the ability to diagnose the related space of an individual
word effectively is still beyond the power of such a contex-
tual database, which is rarely concerned with colloquial word
use. Understanding an individual word’s affect is almost a
moot point on document classification: keyword spotting is
thankfully no longer considered a viable method.

But what about the cases where there is only an individual
word, such as the Association Engine’s performance of the
pattern game? In these cases keyword spotting is the only
method available. Furthermore, an extensive list of such key-
words is required. This list can also be valuable as part of a
more advanced system for affect characterization of docu-
ments. Our work with affect aims to provide this list in a
way that no human could.

AN AFFECTIVE CLASSIFICATION OF WORDS

A large corpus of affective words with comprehensive scores
is difficult to come by. Traditionally, word valence was deter-
mined by focus groups, human studies, surveys, etc. Since
our actors deal with a large subset of the English language
and are purely autonomous, existing corpora will not scale
to our needs. Although several people have worked on an af-
fective lexicon [6] to classify words, we need a substantially
larger corpus with precise, verifiable scores.

To create this corpus, we chose to extend an existing set
of affectively scored terms, the Affective Norms of English
Words (ANEW) [1]. This list contains 1,034 unique words
with affective valence (a scale from unpleasant to pleas-
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ant/negative to positive), arousal (a scale from calm to ex-
cited), and dominance (a scale from submissive to domi-
nated) scores on a scale of 1–9.

Starting with the ANEW list as a seed, our classification
expands outward into surrounding synonym sets from The-
saurus.com [12], an online thesaurus, to characterize new
words’ affect scores. Given a word’s score and synonym
set we determine its colloquial affiliation with other words
and use this information to assign new values based on ones
already known.

Concept Level Encoding

We realize that the ANEW list’s simple characterization of
words is not entirely appropriate for our purposes. For ex-
ample, the ANEW list represents ‘dog’ as valence= 7.57,
arousal= 5.76, and dominance= 6.25. This encoding of
‘dog’ might seem accurate, but is problematic for further
synonym expansion. The singular word ‘dog’ has two dis-
tinct meanings: a noun (mammal) and a verb (to pursue).
While the fluffy pet should score a high valence, pursuing
someone (dogging them) definitely should not. In this case,
the ANEW list’s näıve encoding is not sufficient.

Since one affective score per word cannot capture the dis-
connect between different senses of the word, we chose to
encode multiple scores per word (one per concept). Since
the ANEW list was compiled based on a person’s initial re-
action to a word, we assume that the ANEW list score for
a word should be used for the most common concept of the
word, as determined from Thesaurus.com. Thus, expanding
from one word on the ANEW list, say ‘charitable,’ means
mapping the ANEW score for ‘charitable’ to the synonyms
of its most common concept, ‘generous.’

Affective Synonyms

In our representation, a word’s synonyms define its contex-
tual space. But a synonym set alone offers only a small in-
sight into a word’s affective connotations. It lacks informa-
tion about colloquial usage, and when representing the en-
tirety of a word’s lexical space it can be confusing and even
contradictory.

To address this, we divide each word into its senses and con-
cepts, as discussed above. Instead of an affect score asso-
ciated with a raw word token, scores are associated with
words’ concepts. By dividing a word in this fashion, its syn-
onym set is also divided among its concepts. This new idea
of a word’s space clearly represents its multiple meanings,
allowing score expansion with no fear of a contradiction
in terms. This prevents ‘dog’ the noun’s cute puppy score
from being confused with ‘dog’ the verb’s negative pursuing
score.

To capture the colloquial space of a word we utilize web doc-
ument frequency [9]. A simple algorithm, based on the cul-
tural associations discovered on the Web, can determine how
closely related terms are. Based on these relations, the syn-

Word Valence Arousal Dominance
Charity 7.82 4.4 5.85

Unselfish 6.89 4.5 5.7
Pointed 3.95 4.24 4.78

Embrace 7.72 4.4 5.85
Uneducated 2.5 6.31 4.91

Utopia 7.41 5.14 6.13
Demented 2.85 5.83 4.12
Sarcastic 3.85 4.24 4.78

Hospitality 7.82 4.30 5.67
Submissive 3.86 4.11 3.09

Terror 2.76 7.21 4.63
Gruesome 1.93 6.27 3.58

Table 3: Using 100 words from the ANEW list to seed of
our algorithm, we expanded the list to 2,908. Here is a ran-
dom sampling of word scores that were determined using our
algorithm.

onyms are ranked and used to calculate the affect score for
the specified concept of a word.

LetW (s) represent a function that returns the web document
frequency for a given query strings:

W (Synonym+ Word)
W (Word) + W (Synonym)

(1)

determines the weight that the synonym’s affect score will
have on its associated concept’s affect score: synonyms that
are more closely related will have a larger weight on the con-
cept’s score.

From equation (1), we gather that the highest weight possible
is 1

2 in the case of total co-occurrence. We have found this to
be an effective measure of synonym proximity.

As an example of this, consider the word ‘church,’ and two
of its synonyms, ‘cathedral’ and ‘chantry.’ To determine
the weight that ‘cathedral’s’ affect score has on church’s af-
fect score, we use equation (1). As seen in equation (2),
the weight for ‘cathedral’ was 0.0283. Similarly, as seen in
equation (3), the weight for ‘chantry’ was 0.0009. By our
measure, ‘cathedral’ is a much closer synonym of ‘church’
than ‘chantry’is; meaning that ‘cathedral’ will be much more
influential than ‘chantry’ in calculating the affect score for
‘church.’

W (church cathedral)
W (church) + W (cathedral)

= 0.0283 (2)

W (church chantry)
W (church) + W (chantry)

= 0.0009 (3)

Finding The Most Common Concept

Characterizing ‘dog’ based on synonyms retrieved from The-
saurus.com, our encoding of the noun ‘dog’ as the concept
‘mammal’ is valence= 7.57, arousal= 5.76, dominance
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Word Valence Arousal Dominance
Dog ANEW 7.57 5.76 6.25

Burn ANEW 2.73 6.22 4.22
Dog Noun 7.57 5.76 6.25
Dog Verb 3.60 5.75 4.56

Burn Fire 6.16 4.67 5.26
Burn Pain 2.73 6.22 4.22
Burn Yearn 5.57 7.57 6.00

Table 4: Two examples of expanding affect scores from the
ANEW list. The most common concept of the word inherits
the ANEW score. Affect scores for other concepts of the
same term are calculated via the scores of their synonym sets.

= 6.25, carried over from the ANEW list. Our encoding of
the verb ‘dog,’ as the concept ‘to pursue,’ is valence= 3.60,
arousal= 5.75, and dominance= 4.56. These scores are
more meaningful and accurate as the verb ‘dog’ is now rep-
resented with a more negative connotation then the noun.

While the most common concepts are typically representa-
tive of the ANEW list’s affect score for words, this is not
always so. As an example of this, consider the word ‘burn.’
The ANEW list gives ‘burn’ a very negative valence of 2.73.
The most common concept for ‘burn’ (from Thesaurus.com)
is the verb meaning ‘fire,’ and its synonym set contains
words such as ‘bake,’ ‘blaze,’ and ‘light.’ The ANEW list’s
scores for these words are neutral, indicating that the sub-
jects in the ANEW studies probably did not think of the con-
cept of ‘fire’ when they first heard the word ‘burn.’ In this
case, propagating the negative valence onto the synonyms of
‘burn’ under the concept of ‘fire’ would not be ideal. Ta-
ble 4 shows a comparison of the ANEW list scores with our
method.

As a solution to this problem, we consider the next most
common concept and assign the ANEW score to this con-
cept if such a disconnect does not exist between the ANEW
score and the ANEW scores of synonyms within this con-
cept. Moving on to the next most common concept of ‘burn,’
a better match is found. The concept of ‘pain,’ with syn-
onyms ‘sting,’ ‘hurt,’ and ‘bite’ represents a much more neg-
ative valence. As such, the scores for ‘burn’ from the ANEW
list were assigned to the less common concept of ‘pain.’

Since later expansion relies heavily on the integrity of our
concept-based representation, ensuring that the initial encod-
ing of ANEW words correctly maps to concepts is vital. As
can be seen from the final mapping of burn, each concept car-
ries a distinctive score. These scores are only meaningful if
the original ANEW words have been correctly represented.
Table 3 shows a sample of our expanded list.

SCORES TO EMOTIONS TO FACIAL EXPRESSIONS

When integrating emotions into our theatrical agents, we
want the agents to show Ekman’s six emotional states: sad,
happy, surprise, fear, anger, and disgust [2]. In addition, we
add a neutral state for words that do not fit well into any of

these categories. With our expanded list, the resulting clas-
sification is comprised of concepts and an associated VAD
(Valence Arousal Dominance) scores. We follow a simple
mapping of the VAD scores to the seven emotional states.

We chose facial expressions to match these emotions. Using
Ekman’s studies of facial expressions, we chose mouth, lip,
eye, and eyebrow positions for each state. Each emotion has
an associated action set, built on Ken Perlin’s Responsive
Face framework [8] to transform the face from any emotion
to any emotion.

AFFECT IN THE PATTERN GAME

Enabling the actors with an affective response to their partic-
ipation in the Association Engine’s Pattern Game results in
a more compelling performance. The agents are no longer
dry and unresponsive, but show an affective response dur-
ing the game. Based on each one word contribution and the
mood of the previous contributions, an affect score is real-
ized which is then translated into an action set and passed
back to the actor as they speak their contribution. The action
set is a set of commands that tells the actor how to commu-
nicate the desired emotion. Not only is an action set sent to
the speaking actor, but action sets are sent to all of the lis-
tening actors to tell them how to affectively respond to the
word that the speaker contributes. This results in the team of
actors displaying emotions based on each word they speak
and exhibiting an emotional response to the others’ contri-
butions.

FUTURE WORK

Our affective classification opens the doors to new possibili-
ties for bringing affective behaviors to our theatrical agents.
Not only can they emotionally respond to words in an impro-
visational performance, but they can actually retrieve stories
from the Web based on emotional stance, enabling the the-
atrical agents to juxtapose happy and angry stories on the
same topic. Empowered by these new capabilities, we hope
to produce an engaging theatrical experience driven by emo-
tion and cultural understanding.

Bringing the Association Engine to the improvisational stage
involves a crucial relationship between the actors and the au-
dience. We have discussed the necessity of affect to keeping
the audience engaged. In addition, the virtual actor to hu-
man actor interaction becomes crucial. The dynamic of the
teamwork of a good improv troupe is like no other. The in-
tegration of affective states could prove to be very influential
to the interaction of our theatrical agents and human actors.

Finally, we hope to improve our representation of word space
through the incorporation of data from more diverse sources,
such as from free association databases. This will further our
understanding of a word’s colloquial connotations and more
accurately represent its affective meaning. It also opens the
possibility for more advanced manipulation in the future.
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Figure 2: Top: Three actors in a warm up game speaking terms with no attributed valence. Bottom: Actors use the attributed
valence scores to adjust their displayed emotion: happy, scared, angry.
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