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ABSTRACT

Due to its expressivity, natural language is paramount for explicit and implicit
affective state communication among humans. The same linguistic inquiry (e.g. How
are you?) might induce responses with different affects depending on the affective
state of the conversational partner(s) and the context of the conversation. Yet, despite
few studies which perceive affect as constitutive aspect of response generation, most
of the existing dialog systems produce identical responses to a given inquiry, irrespec-
tive of affective information. In this thesis, we introduce AffectON, an approach for
integrating affect into dialog generation. For generating language in a targeted affect,
our approach leverages a probabilistic language model, an affective space and word
embeddings. AffectON is language model agnostic since the probabilistic distribution
can originate from any probabilistic language model (i.e. sequence-to-sequence mod-
els, neural language models, n-grams). Hence, it can be employed for both affective
dialog and affective language generation. We experiment with affective dialog genera-
tion and conduct subjective and objective evaluations. For the subjective part of the
evaluation, we design a designated user interface for rating and provide recommen-
dations for the design of such interfaces. The results, both subjective and objective
show that our approach is successful in pulling the generated language toward the

targeted affect, with little sacrifice in syntactic coherence.
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OZETCE

Ifade ediciliginden otiirii dogal dil, insanlar arasinda acik ve ortili duygusal duru-
mun aktarimi i¢in ¢cok onemlidir. Konugmacilarin duygusal durumuna ve konugmanin
icerigine bagl olarak, aym sorunun (6rnegin: Nasilsimiz?), farkh duygu icerikli ce-
vaplar1 olabilir. Duygunun cevap olusumunda yapilandirici bir ozellik olarak kul-
lanildig1 bir takim caligmalar mevcut olsa da, diyalog sistemlerinin ¢ogu, duygusal
durumdan bagimsiz bir gekilde verilen bir soruya ayni cevabi iiretmektedir. Bu
tezde, duyguyu diyalog olusturmada entegre eden bir yaklagim olan, AffectON-u,
tanitiyoruz. Hedeflenen bir duyguda dil tiretmek i¢in yaklagimimiz, olasiliksal bir
dil modelini, bir duygu uzaymni ve kelime yerlegtirmelerini kullanmaktadir. Affec-
tON"un kullandig1 olasiliksal dagilim herhangi bir olasiliksal dil modelinden kay-
naklanabileceginden (6rnegin, diziden diziye modeller, sinir dili modelleri, n-gramlar)
yaklagimimiz dil modeli agnostigidir. Bu nedenle, hem duygusal diyalog hem de
duygusal dil tiretimi i¢in uygundur. Bu g¢aligmada, duygusal diyalog olusturma ile
deneyler yapip, 6znel ve nesnel degerlendirmeler gerceklestirdik. Degerlendirmenin
oznel kisminda, derecelendirme yapilabilmesi i¢in bir kullanici araytizi tasarlayip, bu
tir araytizlerin tasarimi i¢in oneriler sunduk. Hem 6znel hem de nesnel degerlendirme
sonuclari, yaklagimimizin olugturulan dili hedeflenen duyguya dogru ¢ekmede basgarili
oldugunu ve sozdizimsel tutarlilik konusunda ¢ok az fedakarlikta bulundugunu goster-

mektedir.
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Chapter 1

INTRODUCTION

Considered as the foundation of civilization, language, is the most sophisticated
and intuitive means of communication amongst humans. With their utterances, along
with exchanging information and expressing ideas, people explicitly or implicitly in-
dicate even their affective states. Yet, we are surrounded by computers that until two
decades ago could interpret commands and convey outputs solely in an "unnatural”
language - code. This gulf between verbal human-computer communication has been
vastly bridged by advances in natural language processing, resulting in emerging in-
terfaces such as conversational agents and dialog systems. Nevertheless, as Picard
[1] states, for genuinely natural and intelligent human-computer interaction, comput-
ers should have and express emotions. In this context, while the existing systems
are increasingly aspiring for more naturalistic interfaces, they still lag behind on the
incumbent ability of affect generation.

Affect is defined as a set of observable manifestations of a subjectively experienced
emotion [2]. Being an intrinsic aspect of humans, it is exhibited through visual,
vocal and verbal cues. To illustrate, people reveal their joy by their happy facial
and vocal expressions, but also through their rich-in-positive-words utterances. A
plethora of studies have delved into synthesizing affect in computers (i.e. agents or
robots) visually by facial expressions and body language [3], [4], [5], or vocally by
speech features [6], [7], [8]. On the other hand, not as much effort has been spent on
the equally vital task of affective language generation.

Following Munezero et al.’s definition [9], in this study, affective language genera-

tion is deemed different from sentimental or emotional language generation. Although
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in the literature, there persists a lack of lucid distinction among affect, emotion, feel-
ing and sentiment terms, as they are frequently used interchangeably, affect is unan-
imously considered as the term that subsumes emotion, feeling and sentiment [10].
The three principal dimensions of affect are considered valence (pleasant - unpleasant),
arousal (active - passive), and dominance (dominant - submissive) [11]. Evidently,
comprised of three dimensions, affect is a continuous multifaceted phenomenon, in
contrast to sentiment which is gauged solely by polarity (positive negative), or emo-

tion which has discrete categories (e.g. happy, sad, angry, afraid, disqust).

Generating affective language adds further complexity to the already challenging
task of natural language generation. Besides meeting the natural language require-
ments in terms of semantics, syntax and morphology [12], the text should also belong
to the targeted affect. If in addition to these requirements, the generated language is
also conditioned on another sentence, the task transforms into affective dialog gener-
ation. As a result, affective language generation can be regarded as a subproblem of

affective dialog generation.

In this thesis, we present AffectON, an approach for affective dialog generation,
which can also be applied to the affective language generation setting. AffectON is
a language model agnostic algorithm which generates natural language in a targeted
affect by leveraging a probabilistic language model, an affective space and a word
embeddings. Since affective dialog generation subsumes affective language generation,
the focus of the paper is affective dialog generation. Though AffectON is compatible
with any probabilistic language model, in this study we experiment with a sequence-
to-sequence neural language model for affective dialog generation. We evaluate the
generated responses objectively, in terms of valence and log likelihood. For subjective
evaluation, we design a designated user interface for rating the generated text in terms
of valence, arousal, dominance, syntax, and appropriateness. The results indicate that
our approach is successful in generating responses close to the targeted affect, while

preserving the syntactic and semantic requirements.

Our contributions can be summarized as follows:
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e We present an approach for affective dialog and language generation by lever-
aging a language model, an affective and a word embedding space. To the
best of our knowledge, we introduce the first language model agnostic affec-
tive language generation approach, which can be employed by any probabilistic

language model.

e We design a user interface for subjective evaluation of affective text generation

systems and provide design recommendations for such interfaces.



Chapter 2

RELATED WORK

The main lines of research that tackle affective language generation fall under the
categories of textual style transfer and affective dialog systems. The relevant related

work on these areas is discussed below.

2.1 Textual Style Transfer

Style transfer is regarded as the task of generating semantic content in a targeted
style. Recent advances in deep learning have led to a surge of research on style
transfer via deep neural nets. While the task has enticed chiefly computer vision
community, with multiple works achieving remarkable results in style transfer on
images [13, 14, 15|, far fewer studies exist in language style transfer. Akin to image
style transfer, language style transfer rephrases a style-free content with the desired
stylistic attributes. For instance, Jhamtani et. al [16] transfer phrases from standard
English to Shakespearean English. They utilize parallel corpora and an encoder-
decoder network for training.

Though Tikhonov and Yamshchikov argue that sentiment is not a stylistic at-
tribute of language [17], a lot of studies consider sentiment to be so, hence manip-
ulate with it accordingly. For instance, Hu et. al [18] aim to generate controllable
sentences by learning disentangled latent representations. They leverage variational
auto-encoders, while constraining generation based on specified attributes, such as
sentiment or tense. Shen et al. [19], also generate sentences in a targeted sentiment
by separating semantic and stylistic information of the text. They train an encoder
that extracts style from the source text, yielding a style-free latent representation,

which is then fed to a decoder together with a targeted style. Wang et. al [20] mix
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multiple generators for sentimental text generation. Each generator is responsible for
learning to generate sentences with a single sentiment, but they all go through one
discriminator.

By modifying sequence-to-sequence architectures, Fu et al. [21] propose two mod-
els for style transfer. In the first one, they encode the source sentence into a la-
tent representation, by removing the stylistic information. Afterwards, they feed the
content to two separate decoders which endow the content with predefined styles
(sentiments). The other model utilizes a single decoder, which on top of content is
conditioned on style also. Our work is similar to the studies discussed here as it also
transfers the affect of the sentences. Nonetheless, we are interested on the whole affect
of the sentence, not only the sentiment, which is considered as positive or negative.
In contrast to these studies, we do not regard affect as a stylistic attribute of the
text. In addition, our approach is post-hoc, as we do not update model weights when

transferring the affect of the sentence.

2.2 Affective Dialog Systems

Research on affective dialog system can be broadly classified into: rule-based and data-
driven approaches. Rule-based approaches have been present for nearly a decade. In
these works, hand-crafted rules are embedded into the dialog systems to make them
more affective. These approaches are specific to the domain and cannot be employed
in open domain settings. For instance, Mahamood et al. [22] generate affective text
for systems providing information to parents of neonatal infants.

However, the advances in deep learning gave impetus to data-driven dialog mod-
eling. Vinyals et al. [23] showed that relative success in data-driven conversation
modeling could be achieved with end-to-end training of sequence-to-sequence frame-
works. Nonetheless, these approaches entail shortcomings such as producing short,
dull and emotionless answers. To obtain affectively richer responses, a couple of stud-
ies have incorporated emotion into dialog generation. Zhou et. al [24] introduce

a modified sequence-to-sequence architecture that produces answers, conditioned on
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one of eight emotion categories (angry, disgust, fear, like, happy, sad, surprise, other).
Their architecture is comprised of an external and internal memory. The external
memory is responsible for deciding whether to choose an emotional or non-emotional
word during decoding. Whereas, the internal memory unit controls the amount of
the emotion expressed during the decoding. Another study [25] that conditions re-
sponses on emotion categories, experiments with the ways of concatenating emotion
token with the latent representation of the source utterance. Although, the results did
not show a huge difference among the ways of concatenation, they observed that for
some emotion categories (i.e. fear) concatenating emotion token prior to the context
vector yielded marginally better results. The aforementioned studies are relatively
successful in generating emotionally charged responses. However, the treatment of
emotions as discrete categories makes these approaches impractical for conversation
modelling, since the conversation would have abrupt, and unnatural changes in terms
of emotion. Meanwhile, following the work of [26], we regard affect as a continu-
ous, multidimensional phenomenon while generating responses, which in turn enables

smooth transitions among affective states.

Asghar et al. [27] also utilize a continuous affective space and sequence-to-sequence
framework for affective response generation. To boost the performance, they utilize
affective embeddings during encoding, augment the loss function with an affective ob-
jective and conduct affectively diverse beam search. Their approach does not require
a target affect, instead the affective direction is guided by the loss function. They
experimented with three distinct strategies for the loss function. The first strategy
generates responses in the same affective direction with the source sentence. The
second one generates responses in the opposite affective direction with the source sen-
tence, and the final strategy tries to generate non-neutral responses irrespective of the
direction. While these strategies might be useful in certain scenarios, we find them
unnatural since humans do not have a pre-decided affective direction strategy when
conversating. Instead, our responses and their affective direction develop naturally

depended on multiple factors such as: the context of the conversation, our current
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affective state and the relationship with the conversating partner. Thus, we argue
that for naturalistic conversations the responses should be conditioned on affective

information, predicted from the aforementioned factors (see future work).



Chapter 3

BACKGROUND

Prior to elaborating on the proposed approach, we will briefly describe the three

principal units our method employs.

3.1 LSTM Language Models

Language modeling is a core natural language processing task, applications of which
span across multiple areas. A language model captures the distribution of a sequence
of words in natural language. Given a sequence of words, it assigns a probability to
the sequence. Essentially, we expect a language model to assign higher probabilities
to sequences of words it has encountered in its training set. By exploiting the chain
rule of probability, the problem of calculating the joint probability of a sequence N

words wi, ws, ..., wy is formulated as:

P(wy,ws, ...,wy) = H P(wi|wy, wa, ..., wi—1)
t=1
Surpassing n-gram models and achieving state-of-the-art results, the eminent Long
Short-Term Memory (LSTM) architectures, are the current models of choice for lan-
guage modeling. LSTM is a special type of Recurrent Neural Networks (RNNs),
unfettered by the vanishing gradient problem typical RNNs suffer from [28]. Just
like RNNs, LSTMs can handle variable size sequences and preserve information from

predecessor words, offering an optimal structure for language modeling.
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3.1.1 Sequence-to-sequence Models

Sequence-to-sequence models are encoder-decoder neural networks with genesis from
machine translation. Specifically, these architectures are utilized to encode a sentence
into one language and decode it into another. Nonetheless, apart from translation
sequence-to-sequence architectures have found applications in many multimodal and
unimodal learning tasks [29]. Here, we are particularly interested in their usage in
conversation modeling. The idea is to encode one (or more) sentences to a vector and
then to decode this vector to the response for the encoded utterance. For conversa-
tion modeling, sequence-to-sequence architectures employ LSTMs or their variants for
both the encoder and decoder. In this manner, they provide a medium for response
generation of a given utterance. Sequence-to-sequence models build upon language
models, as they are conditioned on the meaning of the encoded utterance, in addition
to the predecessor words of the response currently being generated. Consequently, the
problem sequence-to-sequence models tackle is finding the probability of a response

Y =y, 99, ...,yn, given the utterance X :

N
PY|X) =[] Py, v2, ooy i1, X)

t=1

Although many issues still persist, such as dull responses, lack of personality,
and lack of consistency [30], when trained with dialog corpora (e.g. movie subtitles)
these models generate conversations plausible to some extent. In this study we utilize

sequence-to-sequence models for affective dialog generation.

3.2 Word Embeddings - word2vec

Constructing a semantic and syntactic vector space of language, where each word
is represented by a vector, is another crucial task with myriad of applications in
language analysis, classification and generation. The naive approach is assembling

one-hot vectors of vocabulary size. In these vectors, only one of the elements, namely
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the index of the word we want to represent, will be 1 and the other elements will be
0. Hence, a representation of a single word yields a sparse vector of size 1V, where
V' is commonly very large. In addition to space complexity, this representation does
not provide any information in terms of the semantic meanings of words. Words that
appear in similar context can have indices far from one-another in the vocabulary,
and vice-versa. Therefore, efforts on learning better word representations date back
to 1980s [31].

Studies in this area generally utilize learning approaches for representing words
as dense vectors. Especially, the success of work of Mikolov et al.’s [32] is widely
considered as a milestone in the word embedding task. Mikolov et al. train a shal-
low neural network by learning to predict the target context from a word (skip-gram
model) and the target word from the context (CBOW model). Therefore, words ap-
pearing in similar context have similar representations. As a consequence, they are
close to each-other in word embedding (word2vec) space. These powerful vector rep-
resentations learn semantic information that can be easily accessed through simple
linear operations. For example, the algebraic operation vec(”Paris”) - vec(” France”)
+ vec("Italy”) is closest to vec(”Rome”). In addition to semantics, these represen-
tations hold also syntactic information. For instance, by using the analogies just as
in the country-capital case, we can extract the plural of words. The algebraic opera-
tion of vec(”women”) - vec(”woman”) + vec(”child”) is closest to vec(”children”) in
word2vec space.

A common example of the relation between countries and their capitals projected

in two dimensional space of word2vec embeddings is depicted in Figure 3.1.

3.3 Valence, Arousal, Dominance (VAD) Word Representation

Word2vec embeddings carry semantics and syntactic information about the relation
among the words in language. As discussed in section 3.2, words that appear in similar
contexts are close to one-another in word2vec space. Nonetheless, this representation

does not distinguish words according to the affect they induce. For example, words
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Country and Capital Vectors Projected by PCA

I China
Beijing
15 Russia: 1
Japarx
1k ‘Moscow i
Turkey Ankara ~*T0kyo
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France AWarsaw
» Berlin
05 F Italy< Paris E
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-1 b Spain Rome 4
I | 4 Madrid i
1.5 |- Portugal i
72 1 L 1 L 1 1 1
-2 -1.5 -1 0.5 0 0.5 1 1.5 2

Figure 3.1: Countries and their corresponding capitals’ vectors projected by PCA

with contrast affective meanings, such as good and bad, or terrible and wonderful
appear nearby in word2vec space since they occur in similar context (e.g. ”the weather
was terrible” and ”the weather was wonderful”). Akin to word2vec space, an affective
space, where words similar in affect are proximate, would be valuable for analyzing
and comparing words based on their underlying affect.

ANEW [26] is one of the earliest lexicons to consider affective meaning of words
in three dimensions. In this study, humans rated 1034 words on a scale from 1 to
9 in terms of valence, arousal and dominance. This affective view accounts wvalence
to range from unpleasant to pleasant, arousal to range from calm to excited and
dominance from submissive to dominant. Following the same approach, Warriner et
al. [33] provide an extended version of ANEW lexicon with 13,915 lemmas rated in
valence, arousal and dominance (VAD) dimensions. We leverage this extended lexicon
to construct our desired three-dimensional affective space. Figure 3.2 depicts sample

words in VAD space.
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Figure 3.2: Sample words and their relationship in VAD space.
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METHOD: AFFECTON

In this section, we describe the proposed approach for text generation in a target
affect, also shown in Algorithm 1. Specifically, we elaborate on affective response gen-
eration with a sequence-to-sequence model. However, our approach can be employed

by any probabilistic language model.

The main idea lies behind the inductive step assumption that given a sequence of
words wy, ws, ..., w; that is semantically meaningful, syntactically correct and corre-
sponds to the targeted affect a;, if we choose the next word, w;.; such that it also
belongs to the targeted affect a; (or neutral affect a,,) and preserves the semantic and
syntactic validness of the sequence, we will have a longer sequence wy, wa, ..., Wy, Wyy1
that also holds the required premises (i.e. is a syntactically and semantically valid se-
quence in the targeted affect). The response generation scenario introduces a further
constraint, since the generated reply, in addition to being semantically meaningful,
syntactically correct and in the targeted affect, should also be a plausible response
for the given source utterance. Now, the problem becomes as follows: given a source

utterance X, the aim is to generate a response Y for it, in the targeted affect a;.

Initially, we train a sequence-to-sequence model comprising an encoder and a
decoder on a dialog corpus (see section 4.1 for training details). The sequence-to-
sequence model encodes the source utterance X into a latent representation, and
then decodes it to obtain the response Y. Thus, the model has learned not only the

underlying language distribution, but also appropriate response generation.

To generate these responses in the targeted affect a;, we traditionally encode
the source utterance X into a latent representation h, however we intervene with the

decoding part. At any given step t of the decoding, the LSTM’s output passes through
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Algorithm 1 AffectON algorithm

1:

2:

3:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

23:

Input: X, a, > X is input utterance, a; is target affect
Y +{} > set response to empty set
t<+0

sy — SOS

: h <+ Y (X) > encode first utterance

. while y, # EOS do

h < 1q(h,y;) > decode latent representation by feeding current picked word
as input
t«—t+1
7 < softmax(f(h)) > probability distribution over the vocabulary at step ¢
Yy < argmax(m)
Iy < lemma(yy) > get the lemma form of the word
if I, not in affective lexicon then
Y+~ YUy > add word to response if not affective
else
cway < EN Nyov (y:) > candidate words from word embeddings
T < Te[cwav] > probabilities of candidate words
lwoy < lemma(cway)
d + euclidean(lyoy, a;) > distances of candidate words from target affect
Tq < softmaz(—d) > probability distribution over the distances
wr— (1= Nm + Ay > aggregated scores of candidate words
Yy <— argmaz(my) > candidate with highest score
Y+—~YUy > add word to response
return Y > return response

a softmax function to yield the probability distribution of words 7, € IRV, where V

is the size of the vocabulary. The argmax of 7, is essentially the index of the word

y;, which sequence-to-sequence model assigns highest probability to become the next
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word in the response Y. To continue, we can either use this predicted word y; or we
can use the word y; from the ground truth response coming from the movie corpus.
Here, we continue with the predicted word, however the ground truth responses can
be used in an offline setting. We proceed by extracting the lemma form of the ground
truth word I, = lemma(y;) (e.g. loved becomes love). This is done since the affective
lexicon is constructed solely from lemmas. We check whether the lemma at step ¢,
l; exists in the affective lexicon. If the lemma is not in the affective lexicon, we do
not possess any information on its affect, hence the original form of the lemma, vy, is

appended to the response Y without any further modification.

In the case when the lemma exists in the affective lexicon, our aim is to find
a word that is contextually similar to y,, but is closer to the target affect a; than
l;. To accomplish that, we find the k-Nearest Neighbors of the word g; in the word
embedding space by utilizing cosine similarity where £ = 20. The k-Nearest Neighbor
words, we call the candidate words cyoy, are words that are utilized in similar contexts
with the word y;, however might have different affects. We pick only the probabilities
of these k candidate words from the probability distribution over all words in the
vocabulary m; € RV yielded from the LSTM’s output, and form a reduced vector

T € Bk.

To extract affective information for the candidate words, initially we obtain their
lemma form lyo1. For each candidate lemma [, we compute the distance of its V; A; D,
from the target affect’s a; = V; A;D;, as Euclidean distance:

d = /(Vi—Vi)?2+ (4 — A)?+ (D, — D;)?, to obtain a vector of distances d =

[dy,ds,...,d;] . To find a probability distribution over the distances, the vector of
distances goes through a softmaz function to yield m; € IRX. Note that since a
smaller distance from the target affect is more desirable, we take the negative values

of the distances prior the softmax step.

Finally, we calculate the fused probability 7, € IR* for each candidate word, by
taking into account the probability of the language model and the distance from the

target affect as a probability:
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= (1= \)m+ Iy (4.1)

The parameter A in the equation, is tuned according to the priority we give the
affect as opposed to the language model. In other words, it can be regarded as
the affect strength we aim for. If A = 1, then the generated utterances will be
closer to the target affect, but will lose in syntactic correctness and/or semantic
meaningfulness. On the other hand, if A = 0 the generated utterances will aim for
preservation of the latter requirements, without any concern about being in the target
affect. In other words, it will be the case of plain sequence-to-sequence decoding. In
our experimentation, we give priority to the language model, but we also allow the
affect to have impact on the next lemma choice decision (A = 0.4). Finally, the
candidate word with the highest probability 7 is picked as the next word of the
response. We feed this word to the decoder, to continue the same described process
for step t + 1. Note, that if the original word was not an affective one to begin with,

it is not modified, instead it is immediately fed to the decoder.

4.1 Implementation Details

Dataset. To train the sequence-to-sequence model, we leveraged Cornell Movie Sub-
title Corpus [34]. This corpus is a large collection of fictional conversation extracted
from movie scripts, of a total 304, 713 utterances exchanged among characters.

Sequence-to-sequence. The sequence-to-sequence with attention [35] model was
implemented in Pytorch. We utilized stochastic gradient descent with gradient clip-
ping to prevent exploding parameters [36]. Our vocabulary is comprised of 20,000
most frequent words in the movie corpus. Words out of the vocabulary are marked
with a designated unknown token. Our hidden layer is set 512 for both the encoder
and the decoder. The encoder consists of two layers of bidirectional LSTM cells,
whereas the decoder is composed of 4 layers of LSTM cells.

Word2Vec. Word embedding models are generally trained in billions of words,
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which require days of training even in modern-day GPUs. However, there exist pub-
licly available pre-trained models. We have used Mikolov et al.’s model [37], also
referred as Google’s model, which has been trained on 100 billion words from Google

News dataset. The feature vector is 300 dimensional.
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EVALUATION

We perform subjective and objective evaluation on our proposed approach.

5.1 Subjective

5.1.1 FExperimental Setup

For the subjective part of the evaluation, we conducted experiments with three dif-
ferent affective targets. Marking significant points on the affective space, affective
targets with 151, 999 and 515 VAD values were selected for experimentation. The
affective target 151 represents sentences that are negative, elicit moderate arousal and
are low in dominance, such as sentences including words akin to stress, death, torture.
Whereas, 515 affective target is considered the neutral affect, as neutral sentences
belong to the middle of the scale in terms of valence and dominance, but induce no
arousal (e.g. words close to 515: routine, curtain, textbook). The 999 affective target
is the other extremum, as it signifies sentences that are exceptionally positive, prompt
high arousal, and are also dominant, such as those that involve words happiness, fun,
excitement.

The whole movie corpus was mapped into the aforementioned three affective tar-
gets by utilizing the approach proposed in section 4. Since not all of the utterances
change affect during the mapping, we picked the utterances that were modified for
human evaluation. Other than this criteria, the utterances shown were randomly se-
lected from the three mapped corpora. To avoid any kind of rater bias, we also shuffled
the utterances originating from the different corpora when they were presented to the
raters.

Human raters evaluated a total of 225 pairs of utterances for the three targets,
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75 pairs per target. A pair refers to an utterance from the original corpus and its
mapped version in one of the affective targets. Utterances were evaluated on a scale
from 1 to 9 regarding each affective dimension (i.e. wvalence, arousal, dominance).
In addition, they were scored on a scale from 0 to 2 for syntactic coherence (Is the
utterance grammatically correct?) and appropriateness (Is this utterance a plausible
reply for the preceding utterance?). In the appropriateness part of the evaluation,
participants were shown also the preceding dialog utterance, and were asked whether

the modified utterance was an appropriate response to the preceding one.

5.1.2 Raters

We conduct the study with 12 participants. All of the participants were carefully
selected based on their English-speaking capabilities (having a TOEFL iBT score
higher than 110, 96th percentile). The female to male ratio of the raters is 7:5, they
come from diverse cultural backgrounds (5 nationalities), and fall into 22-31 age group
(mean 26.5). Initially, the participants went through a training to prepare them for
the task, including rating a number of golden sentences to get accustomed. Hence,

we regard the ratings provided by them of high quality.

5.1.3 User Interface

The interface design is regarded crucial to and highly associated with the quality of
ratings, as an inadequate design might lead to bias in rating tasks [38]. Consequently,
instead of employing crowdsourcing platforms with generic interfaces (e.g. Amazon
Mechanical Turk), we deliberately designed a customized web-based interface for the
rating task. Another reason for not leveraging these platforms with anonymous work-
ers, was that we preferred to train our raters on the study’s concepts (e.g. valence,
arousal, dominance) and the task itself to ensure qualitative ratings.

Having undergone the training, participants were ushered to a website for the
rating task. The participants rated the utterances, in terms of valence, arousal,

dominance, syntactic coherence and appropriateness. Two approaches can be taken
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in this rating scenario, namely utterance based or dimension based. In the first
approach, participants score an utterance in all dimensions (VAD, syntactic coherence,
appropriateness) then proceed to the other utterance to score it. The second approach
is for participants to score initially all of the utterances in a single dimension, then
proceed to the other dimension to score the utterances. A pilot study we conducted
indicated that participants had a harder time with the first approach, since changing
the mode of the evaluation in addition to increasing the time per rating, also led to
confusion among the meaning of dimensions. Hence, we chose the second approach
for the rating task.

Fig 5.1 depicts the user-friendly interface designed for the study. In this example
the rater was asked to score the utterances in terms of valence. Just as shown in
the figure, for the dimension that was being scored (i.e. valence) we provided the
definition and the words associated with the extrema of the scale, as an aide-mmoire
for the raters. On the right part of the screen a pair of utterances is displayed.
Following the work of [26] we use a scale from 1-9 and display it on the left part of
the screen. Raters were asked to drag-and-drop the utterances on the scale on the
left where they thought suitable. The two utterances could be placed on the same
box (have the same score), if necessary. The rater would proceed by clicking the next

button, until they scored all of the utterances.
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happiness, pleasure,
positiveness, satisfaction,
contentedness, hopefulness

A

° ‘ ‘
6 ‘ ‘ Valence
Valence is the degree of positiveness a sentence makes you feel.
5 Please drag and drop the sentences to their appropriate boxes the follewing sentences with respect
to their association with goodness (high valence) or badness (low valence).
4 ‘ ‘ Note: Two sentences can be placed in a single box.
iam happy!
iam sad!
2

' NEXT

low valence}

unhappiness, annoyance,
negativeness, dissatisfaction,
melancholy, despair

(a) User prompted with a pair of utterances (the original one and its modified counterpart)

happiness, pleasure,
positiveness, satisfaction,
contentedness, hopefulness

A

8 iam happy! ‘

6 ‘ ‘ Valence
Valence is the degree of positiveness a sentence makes you feel.

5 Please drag and drop the sentences to their appropriate boxes the following sentences with respect
to their association with goodness (high valence) or badness (low valence)

4q ‘ ‘ Note: Two sentences can be placed in a single box.

, | | |

' NEXT
fow valcnce

unhappiness, annoyance,
negativeness, dissatisfaction,
melancholy, despair

(b) User rates the utterances

Figure 5.1: User interface
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5.2 Objective

Evaluation of affective language generation systems entails two aspects, namely as-
sessment of how good the generated language is and whether the generated language
is in the targeted affect. Below, we discuss the objective metrics used for the two

parts of the evaluation.

5.2.1 Language Generation

Generative models in general suffer from lack of established objective evaluation met-
rics [39]. For natural language generation, the most widely reported score is the log
likelthood score the model assigns to the generated language. Thus, higher log like-
lihood scores indicate better language generation. However, there are a number of
caveats to mind while comparing different models in terms of log likelihood, since vo-
cabulary size and out-of-vocabulary (OOV) rate should be in the same range for fair
assessments. To illustrate, in language modeling, the words in the dataset that fall
outside the vocabulary are replaced with a special unknown token. Now, consider a
dummy language model that has only the unknown token in its vocabulary. In this
scenario, the language model will assign high log likelihood scores to every sentence,
since they are all made of only from the unknown token. However, we know that the
sentences are not meaningful. Still, in our scenario log likelihood provides an objec-
tive gauge for the assessment of our affectively generated sentences, considering the

comparable scores originating from the same model.

Another broadly established metric in evaluation of conversational models with
genesis from machine translation is BLEU (Bilingual Evaluation Understudy) score
[40]. BLEU is a metric that evaluates how good is a generated sentence compared
to a reference sentence. Though this metric can be used in cases where there is a
reference, or ground truth sentence to be compared to, in our setting we do not have

a ground truth affective sentences. Therefore, we do not report BLEU score.
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5.2.2  Sentiment analysis

While there is no tool available for automatic measurement of affect of a text in
terms of VAD, a great deal of effort has been spent on developing automatic tools
for sentiment analysis [41], [42]. Practically, the available tools measure only the
valence or polarity of text and do not consider arousal and dominance dimensions.
To measure the valence of our generated sentences, we use one of these tools Valence
Aware Dictionary for Sentiment Reasoning (VADER)[42]. VADER is a rule-based
system for sentiment analysis. In addition to utilizing a large lexicon of human valence
ratings, VADER, considers exclamation points, degree modifiers (e.g. really good),
negation words (e.g. mnot bad), when computing the valence of a given sentence.
VADER’s compound score classification thresholds are set at 0.05 and +0.05. If a
sentence has a score higher than +0.05 it is considered positive in valence, if it has a
score between -0.05 and +0.05 it is considered neutral and if it has a score lower than

-0.05 it is considered negative.



Chapter 6

RESULTS & DISCUSSION

In the following section we discuss the subjective and objective results of our
evaluation. Overall, the results suggest that our approach is successful in pulling the
generated language towards the targeted affect. Some sample responses and their

modified versions in different targets are provided in Table 6.

6.1 Subjective

The results of the subjective evaluation of utterances in terms of valence, arousal and
dominance are shown in Fig. 6.1. Whereas, Fig.6.2. depicts the subjective evalua-
tions of utterances in terms of syntax and appropriateness as a response. For each
of the target affects, the mean of the modified sentences and the mean of their orig-
inal /unmodified counterparts is depicted. Additionally, mean of syntactic coherence
and appropriateness are shown. For the statistical significance between the original
and the modified utterances Mann-Whitney U test was used.

The results indicate that our approach was successful in pulling the mean of va-
lence, arousal and dominance of the utterances towards the targeted affects. Partic-
ularly, valence shows statistically significant change (p << 5e — 2) for every targeted
affect. Since the selected original utterances are relatively high in valence prior to
being modified (mean: 6.85), as expected the largest difference (p << 1.5e — 22) is
seen when the target valence is V; = 1 in the target affect a; = [1,5,1].

Dominance also, exhibits statistically significant difference between the target af-
fect a; = [1,5,1] and the original utterances. While the utterances are effectively
pulled toward D; = 1 and show a statistically significant difference from the original

utterances (p << 3.4le — 6), the mean is not in the vicinity of D; = 1. A similar oc-
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Table 6.1: Sample responses from the movie corpus and their affectively modified

counterparts.

original utterance

It’s been a real pleasure, Eve.

target VAD - 515
target VAD - 999
target VAD - 151
target VAD - 111

It’s been a great experience, Eve.
It’s been a wonderful delight, Eve.
It’s been a little disappointment, Eve.

It’s been a little sadness, Eve.

original utterance

It’s Will, the really funny good looking guy you met at the bar.

target VAD - 515
target VAD - 999
target VAD - 151
target VAD - 111

It’s Will, the really comfortable nice looking guy you met at the bar.
It’s Will, the really hilarious strong looking guy you met at the bar.
It’s Will, the really stupid tough looking guy you met at the bar.
It’s Will, the really boring tough looking guy you met at the bar.

original utterance

Dang, you are right, Mr. Rothstein, I am so sorry.

target VAD - 515
target VAD - 999
target VAD - 151
target VAD - 111

Dang, you are good, Mr. Rothstein, I am so stupid.
Dang, you are good, Mr. Rothstein, I am so happy.
Dang, you are wrong, Mr. Rothstein, I am so angry.

Dang, you are wrong, Mr. Rothstein, I am so disappointed.
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currence is also noticed for target dominance D, = 9 (target affect a; = [9,9,9]). This
is due to the fact that there are very few words on the extrema of the scale in terms of
dominance, as depicted in Figure 6.3.c. Consequently, though our approach changes
the dominance of the utterances toward the desired direction, it cannot reach an ex-
treme target as there exist no plausible words there. In the target affect a, = [5, 1, 5],
this is not the case, as a significant portion of the words fall into the proximity of
Dy =5 (see Figure 6.3.c.). Hence, our approach has a wide range of choices, and is

successful in reaching the target dominance subsequently.

In contrast to valence and dominance, in word arousal distribution, a substantial
amount of words is accumulated in lower parts of the scale (Figure 6.3). This lack of
words high in arousal is perceived in the results of extreme target a; = [9,9,9], with
A; = 9. Again, the original utterances are pulled toward A; = 9, but the extremum
is unachievable. For the target affect a; = [1, 5, 1], the utterances are pulled close to
A, = 5, since there are abundant words in the proximity. While we would expect
a lower arousal for the target affect a; = [5,1, 5], results indicate a relatively small

decrease, though statistically significant (p << 7.43e — 3).

As expected, the modified utterances were not as syntactically coherent as their
original counterparts. However, their mean is above 1.5 on a scale from 0 (not gram-
matically correct) to 2 (grammatically correct) compared to 1.8 of original utterances,
which indicates that our model perturbs the grammar of the utterances only slightly.
Especially, when the target affect is close to the original affect of the utterances, as it
is the case with a; = [5, 1, 5], we observe even smaller detriment in terms of syntactic

coherence.

Since the dialog pairs originate from a movie subtitle corpus, they generally lack
the naturalness of daily conversation. This unnaturalness is reflected on the appropri-
ateness score, where even the original dialog pairs have a relatively low mean of 1.47
on a scale from 0 (inappropriate response) to 2 (appropriate response). As it is the
case with syntactic coherence, the utterances are more appropriate when the original

affect and the targeted affect are not very different (i.e. a; = [5,1,5]). We observe
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that the appropriateness score deteriorates when the difference between target and
original affects increases, probably due to the fact that in the experimental setting we
self-define the target affect, which might cause abrupt changes in the conversation.
Nonetheless, the application of this approach is intended for settings, where the tar-
get affect is extracted from environmental factors (i.e. visual or speech cues). In this

scenario, the generated responses would be more appropriate in terms of affect.
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6.2 Objective

As a baseline for the objective evaluation, we utilize our approach without employing
any language model. In other words, in the equation 4.1, A is set to 1. Note that
although no language model is leveraged in this case, implicitly word embeddings
hold information regarding the context of the word, just as a language model does.

Each point in Fig. 6.4. depicts the average VADER score and log likelihood
over all movie corpus (304, 713 utterances). Comparing the sequence-to-sequence
model with the baseline, we observe that since the baseline has no language model
constraint, it has a wider range of VADER scores (valences) than the sequence-to-
sequence model. However, the baselines log likelihood scores are inferior to those of
sequence-to-sequence models. Log likelihood scores imply that our approach performs
the affect modification without a huge deterioration in language structure. Among
those, again we observe that targets closer to original affect have better scores.

For the sequence-to-sequence case, as expected the original utterances and the
modified utterances with the neutral target affect a; = [5,1, 5] have the same aver-
age compound score 0.04, which indicates neutral valence. Nonetheless, this score
indicates that the utterances are closer to the positive valence. This positiveness of
the original sentences was also conspicuous in the subjective results. AffectON with
sequence-to-sequence exceeds the valence thresholds of VADER compound scores (-
0.05 and +0.05) for the affective targets a; = [1,5,1] and a; = [9,9, 9], respectively.
For the target affect a; = [1,1,1], although the VADER threshold -0.05 is not ex-

ceeded, the utterances are pulled toward the negative valence.
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Figure 6.1: Human ratings of valence, arousal and dominance for affective targets
151, 515 and 999
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515 and 999
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Figure 6.3: Distribution of 13,915 lemmas in affective lexicon according to their VADs.
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LIMITATIONS AND FUTURE WORK

Despite its promises for affective language generation, this study has some limi-
tations. First, the sequence-to-sequence model was trained on a movie corpus, which
is not a representative dataset for naturalistic daily conversation. Experiments with
much larger and more realistic conversational datasets would lead to a more robust
sequence-to-sequence model. In such scenario, the model would have learned the
underlying conversational distribution better and the word embeddings would not
be necessary. Simply put, in our approach word embeddings augment the language
model regarding the context of the words, which would be unnecessary with an ideal
language model. Hence, one of our future research directions is experimenting with

superior datasets.

Additionally, negation words (e.g. not) induce an issue, since we apply our ap-
proach word per word. In a positive target affect, for a instance, the original sentence
The movie wasn’t bad. might become The movie wasn’t good. Though, the objective
evaluation (VADER score) considers these negation words and the results show that
our approach is successful in pulling the language toward the desired affect, in this
context there is room for improvement on our approach. A simple solution would be

a rule-based consideration of these words during the affect modification.

In terms of application, we plan to incorporate AffectON to our robot’s conversa-
tional model. The target affect for every response, will be extracted from environmen-
tal factors such as the human’s affective state. The affective state will be computed
by a separate audiovisual affect recognition module. In this area, there are many
pathways to explore, such as choosing the optimal strategy for selecting the affective

target. Another alluring task would be learning the affective target strategy from
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multimodal datasets.



Chapter 8

CONCLUSION

In this paper, we presented AffectON, an approach for generating affective lan-
guage. Particularly, we experimented with affective dialog generation. We leveraged
sequence-to-sequence language models, a word2vec space and an affective space to
generate affective responses. Both subjective and objective evaluations were con-
ducted to assess our approach. We observe that AffectON can successfully pull text

to a targeted affect, with a small sacrifice in terms syntax.
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APPENDIX

A.1 Detailed Results

Table A.1: Objective Evaluation Results

mean-VADER std - VADER mean - LM score std - LM score
original 0.04 0.40 -27.67 29.75
affective without LM (baseline)
target VAD - 151 -0.35 0.57 -41.19 44.05
target VAD - 111 -0.17 0.42 -35.61 37.38
target VAD - 515 -0.21 0.47 -35.37 37.10
target VAD - 999 0.27 0.50 -35.05 36.68
affective with sequence-to-sequence
target VAD - 151 -0.06 0.40 -30.63 31.10
target VAD - 111 -0.03 0.38 -28.18 30.46
target VAD - 515 0.04 0.38 -27.92 30.11
target VAD - 999 0.08 0.39 -27.98 30.20
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Table A.2: Subjective Evaluation Results

target VAD - 151

mean-mapped std-mapped mean-original std-original p-value

valence 2.66 1.52 6.64 1.93 1.53E-22
arousal 5.94 1.84 6.08 1.55 4.50E-01

dominance 4.33 2.17 5.85 1.99 3.41E-06
syntactic coherence 1.54 0.64 1.82 0.36 1.09E-03
appropriateness 0.97 0.83 1.62 1.12 3.26E-05

target VAD - 999

valence 7.7 1.50 6.85 1.48 5.54E-02
arousal 6.56 1.67 6.31 1.55 1.21E-01
dominance 6.30 1.71 6.22 1.55 3.83E-01
syntactic coherence 1.51 0.72 1.83 0.46 7.27E-04
appropriateness 0.92 0.84 1.39 0.73 1.90E-04

target VAD - 515

valence 6.39 1.57 7.05 1.65 1.42E-03
arousal 6.01 1.61 6.55 1.65 7.40E-03
dominance 5.76 1.63 6.07 1.74 4.15E-02
syntactic coherence 1.75 0.52 1.85 0.40 8.76E-02

appropriateness 1.22 0.8 1.44 0.7 5.00E-02

A.2 Rater Demographics
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Figure A.1: Rater Demographics
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