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Abstract

PADOVANI, Rafael Rodrigues, M.Sc., Universidade Federal de Vigosa, April, 2018.
Automatic Background Music Selection for Tabletop Games. Adviser: Levi
Henrique Santana de Lelis.

System accuracy is a crucial factor influencing user experience in intelligent inter-
active systems. Although accuracy is known to be important, little is known about
the role of the system’s error distribution in user experience. In this dissertation
we show, in the context of background music selection for tabletop games, that su-
pervised learning algorithms can make the system “indecisive” by performing errors
that are sparsely distributed in a game session. We then introduce Bardo, a real-
time intelligent system to automatically select the background music for tabletop
role-playing games. Bardo selects and plays as background music a song represent-
ing the classified emotion. With variants of Bardo we also introduce an ensemble
approach with a restrictive voting rule that instead of erring sparsely through time,
it errs consistently for a period of time. We show that our ensemble approach is able
to make the system decisive. We hypothesize that sparsely distributed errors can
harm the users’ experience and it is preferable to use a model that is somewhat inac-
curate but decisive, than a model that is accurate but often indecisive. A user study
in which people evaluated edited versions of the D&D videos suggests that Bardo’s
selections can be better than those used in the original videos of the campaign. A
second user study was performed following the same process and the results suggest
that understanding how different error distributions affect user experience is key to
develop intelligent systems able to successfully interact with humans.
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Resumo

PADOVANI, Rafael Rodrigues, M.Sc., Universidade Federal de Vigosa, abril de 2018.
Selecio Automatica de Musica de Fundo para Jogos de Mesa. Orientador:
Levi Henrique Santana de Lelis.

A precisao de sistemas ¢ um fator crucial que influencia a experiéncia do usuario
em sistemas interativos inteligentes. Embora se saiba que a precisdo ¢ importante,
pouco se sabe sobre o papel da distribuicdo de erros do sistema na experiéncia do
usuario. Nesta dissertagdo ¢ mostrado, no contexto da selecdo de musicas de fundo
para jogos de mesa, que algoritmos de aprendizado supervisionado podem tornar o
sistema “indeciso” ao executar erros que sdo distribuidos de forma esparsa em uma
sessdo de jogo. Em seguida, ¢ apresentado Bardo, um sistema inteligente em tempo
real que seleciona automaticamente musicas de fundo para jogos de RPG de mesa.
Bardo seleciona e toca como musica de fundo uma musica representando a emogao
classificada. Com variacdes do Bardo também foi apresentada uma abordagem de
conjunto com regra de votacdo restritiva que, ao invés de errar esparsamente atraves
do tempo, erra consistentemente por um periodo de tempo. Foi mostrado que a
abordagem conjunta ¢ capaz de tornar o sistema decisivo. Foi gerada a hipotese de
que erros distribuidos esparsamente podem prejudicar a experiéncia dos usudrios e
¢ preferivel usar um modelo que seja um pouco impreciso, mas decisivo, do que um
modelo que seja preciso, mas muitas vezes indeciso. Um estudo com usuérios no
qual as pessoas avaliaram versdes editadas de videos de D&D sugere que as selegdes
feitas por Bardo podem ser melhores do que aquelas usadas nos videos originais
da campanha. Um segundo estudo com usudrios foi realizado seguindo o mesmo
processo e os resultados sugerem que entender como diferentes distribui¢cdes de erro
afetam a experiéncia do usuario ¢ fundamental para desenvolver sistemas inteligentes
capazes de interagir com sucesso com seres humanos.

1X



Chapter 1

Introduction

The development of artificial agents capable of acting in accordance with human
emotions is key in the development of socially acceptable agents. Tabletop games
offer an excellent testbed for the development of such agents as they provide con-
trolled scenarios in which humans display a large variety of emotions. In particular,
tabletop role-playing games (RPGs) offer a rich set of scenarios for research in so-
cially acceptable agents.

In RPGs the players interpret characters, known as player characters (PCs),
in a story told by the dungeon master (DM). The DM tells the story and interprets
all other characters, which are known as the non-player characters (NPC). PCs
have ability scores and skills that determine if actions performed in the game (e.g.,
attacking an opponent) are successful.

Our work is motived by the application domain of automatic background music
selection for tabletop games. For that reason we introduce Bardo, a system that
uses supervised learning to automatically identify through the players’ speech the
emotion in the story being told in sessions of Dungeons and Dragons (D&D),! a
storytelling-based tabletop game. Bardo chooses a background song to be played
according to the identified emotion. The domain of background music selection
for tabletop games is interesting because it allows one to test intelligent systems
interacting with humans in a complex and yet controlled scenario.

Aiming at enhancing their immersion, D&D players often manually select the
game’s background music to match their story (BERGSTROM AND BJORK, 2014).
Unless one of the players constantly selects the background music according to the
story’s context, the music might not match the emotional state of the game (e.g.,

the PCs could be battling a dragon while a calm music is being played). Having one

Thttp://dnd.wizards.com



CHAPTER 1. INTRODUCTION 2

of the players constantly selecting the background music is not ideal, as that might
distract the player from the actual game. The problem of background music selection
for D&D is excellent to evaluate the quality of our emotion identification system as
Bardo has to understand the emotion in the story well enough to select a proper
background music. For example, if the players are going through a suspenseful
moment in the game, then Bardo should play a music to match that moment.

We evaluated Bardo with an online D&D campaign (i.e., a story played
through multiple sessions of the game) available on YouTube.? This online cam-
paign offers a great environment for our research because the videos allowed us to
use YouTube’s speech recognition (SR) system to automatically convert voice to
text (HARRENSTIEN, 2009). Moreover, the songs played as background music in
the original videos offer a baseline in our experiments.

We tested two supervised learning algorithms with Bardo: a lexicon-based
approach that considers the density of emotions in sentences (D) and a Naive Bayes
classifier (NB). We show empirically that despite the text translated by the SR
system being noisy and sometimes even incomprehensible, a NB classifier is able to
obtain the good overall accuracy of 64%.

Although the NB approach presented good accuracy, its emotion classifica-
tions could break the player’s immersion in the game due to NB’s “indecisiveness”,
i.e., frequent erroneous changes of the background music caused by classification un-
certainty. We call these errors short misclassifications. We hypothesize that short
misclassifications can harm user experience and that it is preferable to use classi-
fication models that are somewhat inaccurate but decisive, than models that are
accurate but often indecisive. So, rather than just looking at the system accuracy,
it is important to known about how the distribution of system errors affects user
experience. For example, if system errors are inevitable, would we prefer a system
whose errors are distributed uniformly during the system’s execution or a system
whose errors occur in a period of time and is accurate for the rest of its execution?

In this dissertation we study how the distribution of system errors affects user
experience in the context of background music selection for tabletop games. We show
that supervised learning algorithms can make the selection system “indecisive” by
performing sparsely distributed errors during a game session. We also show empiri-
cally that an ensemble containing variants of NB outperforms all approaches tested
and is able to substantially reduce the number of such changes while maintaining

the system’s overall accuracy.

https://www.youtube.com/playlist?list=PLQOB_ yCwC5J2m11IKNxY QfwyAhp2MRihAb



1.1. Contributions 3

We conducted a first large-scale user study with 61 participants in which we
use Bardo to select the background music of excerpts of the original videos of the
D&D campaign. We compare Bardo’s selections with those made by the video
authors. The background music selection made by the video authors was performed
as a post-processing step, while editing the videos. By contrast, Bardo performs
its selection in real time, as the video is played. Thus, the video authors have the
advantage of being able to select the background music knowing what will happen
next in the story, thus allowing for a better selection. Despite this disadvantage,
the results of our study show a clear preference by the participants for Bardo’s
selections.

A second user study with 37 participants was conducted following the same
process of the first user study. In this study people watched videos of D&D sessions
with the background music selected by an ensemble of classifiers and by Bardo’s
original model. We used videos in which the original model was more accurate but
performed more short misclassifications than the ensemble approach. The results of
this user study support our hypothesis and suggest that understanding how different
error distributions affect user experience is key to develop intelligent systems able

to successfully interact with humans.

1.1 Contributions

The contributions of this work are listed as follows:

e Bardo is the first system able to select background music for a real-life social

event through emotion classification of people’s speech.

e Our work is the first to use tabletop games as a testbed to study the interaction

of an artificial agent with humans.

e A labeled dataset of sentences of the D&D sessions used in our experiments.
The dataset contains the sentences of almost 5 hours of gameplay. This dataset
will be made available for other researchers interested in music selection and

emotion identification in speech.

e A systematic empirical study of the system’s emotion classification accuracy

as well as an evaluation of Bardo through a large-scale user study.

e A second user study testing our hypothesis that short misclassifications can

harm user experience.
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e The main contribution of this work is to show how the distribution of system
errors affects user experience in the context of background music selection for

tabletop games.

1.2 Dissertation Structure

This work is organized as follows. In Chapter 2 we describe Bardo, our supervised
learning system. In Chapter 3 we evaluate the system with accuracy tests. In
Chapter 4 we describe the empirical methodology used in a first user study and
discussions about the results. In Chapter 5 we investigate, based on user study
results, that the accuracy is not the only evaluation metric that can influence user
perception. In Chapter 6 we introduce our ensemble approach in order to reduce the
short misclassifications. In Chapter 7 we perform a second user study evaluating the
improvements made by the ensemble approach in user experience. In Chapter 8 we
review some relevant related work and finally, in Chapter 9 we state the conclusions

of this work.



Figure 2.1: Overview of Bardo.

Chapter 2

Bardo

An overview of Bardo is shown in Figure 2.1. An SR system translates into text the
players’ speech signal captured from the game session. The text is then classified
into one of the four emotions used in our model. Bardo selects a song from its
library for the current classified emotion, which is then played as background music
for the players in the game session.

Since we assume the emotional state of the game to always be classified into one
of the four emotions of our model, we can treat the problem of emotion classification
in tabletop games as the problem of deciding when to change states in a finite state
machine (FSM). In our FSM each emotion is represented by a state and a transition
from a state to any other state is possible. We assume the Calm state to be the
starting state for D&D sessions. The state changes whenever the supervised learning
model classifies a sentence to be of a state different than the current. Bardo requires
as input a set of songs expressing each of the four emotions. Bardo plays a song
provided as input for a given emotional state, and it changes the music being played

whenever an emotional state change occurs.



2.1. Speech Recognition System 6

In the next sections we describe Bardo’s speech recognition step, the process
used to label the dataset employed to train supervised learning models, the emotion
model we introduce for D&D, and finally the supervised learning models used in

our experiments.

2.1 Speech Recognition System

Since we perform our evaluation with D&D sessions from YouTube videos, the SR
system we use is YouTube’s system that automatically generates subtitles from
speech signals from the videos. Thus, what we refer as a sentence is in fact a subti-
tle generated by YouTube’s SR system. YouTube generates captions automatically
by combining Google’s automatic SR technology with its caption system (HARREN-
STIEN, 2009).

In contrast with most works that deal with text classification, the sentences
Bardo produces and later classifies are often grammatically incorrect, lack structure,
and are often incomprehensible. This is due to two reasons. The first is the SR
system not being able to properly translate what is being said by the players. The
second reason relates to our application domain, which is the fact that the SR
system can add to the same sentence words said by multiple players. For example,
one player could say “I unsheathe my longsword and move toward the dragon.”, while
another player says “I run away looking for shelter.”. The SR system could capture
parts of the two sentences, providing to Bardo a mixture of the two, e.g., “I run
away looking move toward the dragon.”. Due to the lack of structure in the sentences
provided by the SR system, Bardo classifies the emotion of the game based on a
bag of words, it does not use the structure of the sentences. Whenever referring to
a sentence, we are referring to a bag of words returned by the SR system. Also, it
is important to say that we use text provided by the SR system instead the audio
signal itself, which contrasts with other works. This is due the fact that D&D
is a funny game and the point is to entertain the players. It is very common to
find moments when they are laughing even if they are in a suspenseful or agitated

moment. In theses cases our classification task could be biased.

2.2 Emotion Model for D&D

Bardo’s SR system generates text from what is being said by the players and the

text is grouped into sentences. Each sentence is mapped by a supervised learn-
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ing algorithm to an emotion in our categorical emotion model, which considers the
emotions: Happy, Calm, Agitated, and Suspenseful. We note that some of the emo-
tions in our model does not necessarily reflect a human emotion (e.g., Suspenseful),
but rather the emotions that appear in stories. An example of a categorical emo-
tion model that contains only human emotions in that introduced by Ekman 1999,
which considers the following emotions: Anger, Disgust, Fear, Happiness, Sadness,
and Surprise. We believe our model of “story emotions” to encompass most of the

emotions that appear in D&D narratives.

2.3 The Dataset Annotation Process

In order to train the supervised learning algorithms used with Bardo, we create a
labeled dataset from a D&D campaign named Call of the Wild (CotW) available
on YouTube. We translated into text with YouTube’s SR system what the PCs
and DM spoke in the first 9 of the 12 episodes of CotW. We did not use the last 3
episodes because they did not have the automatically generated subtitles available.
The first 9 episodes have 5,892 sentences and 45,247 words (4,614 distinct words),
which result in 4 hours, 39 minutes, and 24 seconds of D&D gameplay—each episode
is approximately 30 minutes long. CotW is played with D&D’s 5th edition, and in
addition to the DM, the campaign is played by 3 PCs, all male. One of the players
was playing D&D for the first time, all the other players had played the game before.
In our annotation process we label each sentence generated by YouTube’s caption
system according to our four-class emotion model.

The process of emotion annotation is hard in general due to its subjectivity.
For example, the k metric for inter-annotator agreement ranges from 0.24 to 0.51
and the percentage annotation overlap ranges from 45 to 64% for children’s fairy
tales (ALM ET AL., 2005). We hypothesize that emotion annotation for tabletop
games is easier as the games’ mechanics might offer signs of the story’s emotion.
Moreover, our emotion model is simpler than the model used by Alm, Roth, and
Sproat Alm et al. (2005) for fairy tales—while they use 7 emotions, we use 4. We
enlisted three annotators to label the CotW campaign according to our emotion
model. In addition to testing our hypothesis, we expect to produce a more accurate
dataset by having three instead of one annotator.

Each annotator watched all 9 episodes and labeled all sentences produced by
the SR system. The annotation process was done by assuming the PCs’ perspective

in the story, as there could be moments that PCs and NPCs were experiencing
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Figure 2.2: Inter-annotator agreement of episode 1 of CotW. The x-axis shows the
sentences in the episode, ordered by appearance and the y-axis the four emotions:
Agitated (A), Suspenseful (S), Happy (H), Calm (C).

different emotions. For example, in one of the episodes the PCs are trying to break
into their enemy’s house, which results in a set of suspenseful scenes. By contrast,
until the NPCs guarding the house discover that the PCs trying to break in, it is
just another day at work for them.

Should two annotators agree on the label of a sentence s, then s is labeled
according to the two annotators. One of the annotators watched the videos again
to break the ties (sentences for which each annotator attributed a distinct label).

The inter-agreement x metric of our three annotators was 0.60 and the per-
centage overlap of the annotations was 0.79. These numbers are higher than what
is usually observed in the literature (e.g., emotions in children’s fairy tales). This
result support our hypothesis that emotion annotation in tabletop games might be
easier due to the clues offered by the game mechanics and to the simpler emotion
model. Figure 2.2 shows details of the annotated emotions of all sentences in the
first episode of CotW. The x-axis shows the sentences of the episode, ordered by
appearance, and the y-axis the four emotions: Agitated (A), Suspenseful (S), Happy
(H), Calm (C). Each color shows the emotion attributed by one of the annotators
to a sentence. For example, in the beginning of the episode all annotators agreed
that the emotion Calm represents well that moment of the story. A disagreement
among the three annotators is observed around sentence 400, where one annota-
tor believes it to be an Agitated moment of the story, while others believe it to
be either Suspenseful or Calm. After analyzing the video again, the tie-breaker

annotator decided that the moment around sentence 400 is Agitated.
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# Sentence Emotion
s3p  word on the street is that there are Calm

s31  some people who want your blood just Suspense
s3z  like you wanted theirs in the last part Suspense

s131 it again but hold on rorey shot once oh  Agitated

s132  okay I get two shots another 28 to it Agitated
s133  yeah it’s 12 inch the arrow second arrow Agitated
$134 hits him and he falls crumples hits a Agitated
S135 spacing it’s a stone it dies on the spot Agitated

Table 2.1: An excerpt of our D&D dataset.

The dataset contains 2,005 Agitated sentences, 2,444 Suspenseful, 38 Happy,
and 1,337 Calm. Although Happy sentences are rare in CotW, the emotion may
appear more frequently in other D&D campaigns. For example, it is common for
the story to start with the PCs meeting in a tavern, and such scenes might require
Happy songs.

Table 2.1 shows an excerpt of our dataset, from sentence s3y to s3» and from
sentence s131 to s135 of an episode (see column “#7). We use the subscript of a
sentence to denote the index in which the sentence appears in an episode. For
example, s134 occurs immediately after s;33. The second column of the table shows
the sentences and the third the sentences’ emotion according to the annotators. We
highlight the lack of grammatical structure and meaning in some of the sentences,
e.g., S131: it again but hold on rorey shot once oh.

Next, we present the two supervised learning algorithms we used with Bardo.

2.4 Density-Based Classifier (D)

Our Density-based method (D) classifies a sentence s by counting the number of
words associated with an emotion—the emotion with largest count is chosen as the
emotion of s. The associations between words and emotions are provided by the
NRC Emotion Lexicon (MOHAMMAD AND TURNEY, 2013), which has approxi-
mately 14,000 English words annotated with eight emotions: Anticipation, Anger,
Joy, Fear, Disgust, Sadness, Surprise and Trust. Since the NRC lexicon uses a emo-
tion model that is different than ours, we need to find a mapping between NRC’s
emotions and Bardo’s. For example, a mapping would count all words in the Joy,
Surprise, and Trust emotions of NRC as words of Bardo’s Happy class.

We devised a method to choose the emotion mapping to be used. Since we
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need to map 7 NRC emotions into 4 Bardo emotions, there are 47 = 16,384 different
mappings to be tested. We use a brute-force search procedure that tests each one
of the 16,384 possible mappings and returns the mapping that performs best in a
leave-one-episode-out cross-validation procedure in the training set. The training
set contains 8 episodes and the test set the remaining episode. This search procedure

for the best-performing mapping on the training set is D’s supervised learning phase.

2.4.1 Classification Threshold

In addition to the automatic mapping of NRC emotions into Bardo’s emotions,
another enhancement we use is a density threshold d;. Bardo only switches states in
its FSM when D’s emotion with the largest count exceeds d;. This is because emotion
transitions are somewhat rare in D&D sessions (for example, see Figure 2.2). Thus,
ideally Bardo switches states only when there is a clear sign of emotion change. We
expect the density threshold d; to avoid unnecessary and incorrect state changes.
The value of d; is also determined altogether with the emotion mapping in the

leave-one-episode-out cross-validation.

2.4.2 Sliding Window

Since the number of words in a sentence is usually small (frequently smaller than 10),
there is not much information within a sentence to accurately identify the story’s
emotion. Thus, to calculate the emotion density of sentence s;, we use a sliding
window of size k that is composed by all sentences from s; 1 to s;. The sliding
window allows D to account for more data while identifying the story’s emotion. As
an example, consider the task of predicting the emotion of sentence s;35, shown at
the bottom of Table 2.1. Instead of performing D’s counting procedure in sentence
s135 alone, if using a sliding window of size 3, we perform the counting procedure in
the union of words of sentences si35, s34, and sj33. Note that sentences from s to
sk_1 are classified with a window of size smaller than .

The size of the window is also found in the cross validation procedure we
perform in the training set. We test 16,384 different emotion mappings, 20 threshold
values, and 5 sliding window sizes, resulting in 1,638,400 parameter values tested

during D’s training.
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2.5 Naive Bayes Classifier (NB)

Another algorithm we consider for classifying sentences for Bardo is Naive Bayes
(NB) (McCaALLuM AND NicaM, 1998). In NB one computes the probability of
a sentence s being of an emotion e, for all possible e. NB returns for s the e with
highest probability. Let E be the set of all four emotions considered by Bardo.
Instead of using the probability of a sentence s being of emotion e € E, denoted

P(e|s), NB uses a value that is proportional to P(els),

P(e|s) oclog P(e) + > log P(wle) .

weSs
Here, P(e) is the probability of encountering a sentence of emotion e in a D&D
session. P(e) can be approximated by %, where N, is the total number of sentences
of emotion e in our training set, and N is the total number of sentences in our

training set. P(wle) is the probability of encountering the word w in a sentence

count(w,e)

couni(e) » Where count(w, e) is the total

of emotion e. P(wle) is approximated by
number of times the word w appears in sentences of emotion e and count(e) is the
total number of words that appears in sentences of emotion e in our training set.
We use the add-one smoothing scheme to avoid over-fitting and the sum of logs to
avoid underflow issues (MAANNING ET AL., 2008).

We also use a threshold parameter with NB. That is, Bardo only switches
states in the FSM if NB’s classification exceeds a threshold. Also, similarly to the
D classifier, NB also uses a sliding window. We find both the threshold and the
sliding window values in a leave-one-episode-out cross validation procedure in the
training set, as described for the D. We test 5 window sizes and 26 threshold values

with NB, resulting in 130 values tested.

2.5.1 Feature Selection

We perform feature selection to remove from our dataset noisy words that might
reduce the classification accuracy. We use only the k& most discriminative words for
each emotion during classification. That is, words whose presence/absence in a sen-
tence provide useful information about the actual emotion of the sentence. We use
mutual information (MI) (MANNING ET AL., 2008) to measure how discriminative
a word is. Similarly to the other parameters, the value of k is also chosen during
the cross-validation procedure. Since NB performed better than D in preliminary
experiments, we use feature selection only with variants of NB. When performing
feature selection, in addition to the 130 values tested with NB, we test other 100
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values of k, resulting in a total of 13,000 values for the Naive Bayes approach that
uses all enhancements: threshold, sliding-window, and feature selection.
Once NB and D finish training, they are able to instantaneously classify the

story’s emotion for a given bag of words provided by Bardo’s SR system.



Chapter 3

Classification Evaluation

In this section we present the accuracy results of the following variants of D and
NB: D with no enhancements (denoted as D), D with sliding window (DS), D with
threshold (DT), D with sliding window and threshold (DST), NB with no enhance-
ments (denoted as NB), NB with sliding window (NS), NB with threshold (NT),
and NB with sliding window and threshold (NST). We also use the NB variants with
feature selection, denoted with a letter “K”, i.e., NBK, NSK, NTK, and NSTK. We
s