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Abstract

Language is the hallmark of humanity. Conversation or dialogue is a fundamental

arena of language and one of the most commonly used forms by humans.

In the field of artificial intelligence (AI) or, more specifically, natural language
processing (NLP), a conversational agent (CA), also known as a dialogue system
(DS), is an intelligent machine that can converse with humans in natural language.
There are primarily three types of CAs: task-oriented CAs, question-answering
(QA) systems, and open-domain CAs. In this thesis, we focus on open-domain
CAs, also known as chatbots, which are designed to chat with users in any top-
ics engagingly with the aim of establishing long-term relationships. Open-domain
CAs are essential in modern conversational user interfaces and have been adopted
in numerous business domains such as personal assistant, customer support, edu-
cation, and healthcare. Building a human-level open-domain CA has been one of

the major milestones in Al research.

However, existing open-domain CAs often fail to model the intrinsic traits of hu-
mans and exhibit the following limitations: 1) they lack emotional intelligence and
cannot generate or recognize emotions in conversations, which often lead to dull or
generic responses; 2) they lack commonsense knowledge and often produce inco-
herent or unrelated responses; 3) they lack persona and often produce inconsistent

responses; and 4) they lack empathy and often produce non-empathetic responses.

Addressing the aforementioned limitations is important for bridging the gap be-
tween existing CAs and human-level CAs. These intrinsic traits of humans have
been empirically shown to improve the performance of CAs on various tasks, e.g.,
user satisfaction in customer support, user trust and engagement in education, and

mental health of participants in healthcare.

Humanization is the process of attributing human traits to an entity. In this thesis,

we propose to address the limitations by humanizing open-domain CAs with the

xiii
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following human traits: emotion, commonsense, persona, and empathy. Our thesis

makes a step towards humanized open-domain CAs.

Specifically, to humanize CAs with emotion and commonsense, we first propose an
emotional open-domain CA that can generate natural and emotional responses. We
then incorporate commonsense into emotional CAs and propose a conversational
emotion recognition model and a commonsense-aware emotional response genera-
tion model. Experimental results show that both emotion and commonsense im-
prove response quality and human ratings. In addition, emotion and commonsense
are shown to have complementary effects in conversational emotion recognition and

generation.

To humanize CAs with persona and empathy, we propose a persona-based empa-
thetic CA and investigate the impact of persona and empathy on response quality.
Experimental results show that both persona and empathy consistently improve
response quality and human ratings. In addition, we investigate the impact of per-
sona on empathetic responding and our results suggest that persona has a larger

impact on empathetic conversations than non-empathetic ones.

Finally, we propose a humanized open-domain CA (HCA) that possesses all the
proposed human traits simultaneously: emotion, commonsense, persona, and em-
pathy. HCA aims to address the aforementioned limitations altogether. Specifi-
cally, we adopt a pretrain-and-finetune paradigm to develop a retrieval-based HCA
in a multi-task learning setting. Experimental results show that the multi-task
performance of HCA is better than its single-task performance, and our HCA out-
performs the state-of-the-art CAs for response retrieval across multiple evaluation
datasets. Our case study shows that our proposed HCA can demonstrate multiple

human traits and produce consistent, informative, and empathetic responses.
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Chapter 1

Introduction

1.1 Overview and Scope

Language is the mark of humanity and sentience, and conversation or dialogue is
one of the most fundamental and specially privileged arenas of language. It is the
first kind of language we learn as children, and for most of us, it is the kind of

language we most commonly indulge in [9].

In the field of artificial intelligence (AI) or, more specifically, natural language
processing (NLP), a conversational agent (CA), also known as a dialogue system
(DS), is an intelligent machine that can converse with humans in natural language.

There are primarily three types of CAs:

e Task-oriented CAs: Task-oriented CAs are used to assist users for spe-
cific tasks in specific domains. For example, a task-oriented CA can assist
a user to book a flight ticket by asking and acknowledging the required in-
formation, e.g., destination and departure date, in a conversational manner.
Task-oriented CAs are usually measured by task success rate and dialogue
efficiency, i.e., number of turns to complete the task, through both automatic

and human evaluations.

e Question-answering (QA) systems: QA systems are expected to provide
accurate and concise answers to users’ questions based on rich knowledge
sources such as databases, knowledge bases, and web documents. For ex-

ample, a QA system may be able to answer a user’s question “what is the

1
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diameter of Earth?” with “12,742 km”. QA systems are usually measured by
answer correctness, e.g., exact match (EM) and F1, through both automatic

and human evaluations.

e Open-domain CAs: Open-domain CAs, also known as chatbots, are de-
signed to chat with users in any topics engagingly with the aim of establishing
long-term relationships. The conversations between open-domain CAs and
humans are generally chit-chat. For example, given a user message “how are
you doing recently?”, the open-domain CA may respond with “great, just fin-
ished my PhD thesis!”. Open-domain CAs are usually measured by fluency,

relevancy, consistency, and informativeness through human evaluation.

A large quantity of human conversations centers on socialization and chit-chat
[10]. Open-domain CAs are essential in modern conversational user interfaces and
have been adopted in numerous business domains such as persona assistant (Apple
Siri, Amazon Alexa, Alibaba TmallGenie, etc.), customer support (Alibaba AliMe,
etc.), education [11, 12], and healthcare [13, 14]. In recent years, various compe-
titions in both research communities and industries have also been organized to
promote the research and development of open-domain CAs, e.g., NeurIPS Con-
vAI competitions! and Amazon Alexa Prize challenges®. In this thesis, we focus
on open-domain CAs. Moreover, we only focus on text-based open-domain CAs

because text is the foundation of other modalities®.

Building a human-level open-domain CA has been one of the fundamental objec-
tives in Al research [15] and is still far from being solved. Alan Turing, an Al
pioneer, proposed Turing Test? to test the general intelligence level of a machine.
Specifically, a machine is said to have passed the Turing Test if a human talk-
ing to it (via text) cannot tell whether the machine is a machine or a human.
Early studies in open-domain CAs can be traced back to ELIZA [16], the first
CA developed in the 60’s, which simulates a Rogerian psychotherapist based on
hand-crafted pattern matching rules. In recent years, due to the growing amount
of data and computation, and the advances of deep learning [17], end-to-end data-

driven neural network based models are emerging and have become the dominant

Thttp://convai.io/

Zhttps://developer.amazon.com /alexaprize

3For example, a voice-based CA usually comprises an automatic speech recognition (ASR)
module, a text-based CA module, and a text-to-speech (TTS) module.

4https://en.wikipedia.org/wiki/Turing_test
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[Agent: Hi.. ]

Human: Hey, do you like watching movies?

Agent: Yes! I like comedy movies.

Human: Hey, do you like watching movies? Lack of persona

[Agent: No, I prefer listening to music.

Human: Cool, T like comedy movies.

Lack of commonsense
knowledge

Agent: Me too, especially the titanic.

Human: Oh, titanic is very romantic!

Lack of emotion

Agent: T don’t know that. and empathy

F1cURE 1.1: An example human-agent conversation illustrating the limitations
of existing open-domain CAs.

approach in open-domain CAs [18-20]. Neural approaches have been shown to be
more effective, scalable, and require less human efforts than traditional rule-based

approaches for open-domain CAs [20].

However, despite having large neural networks and being trained on large-scale
human-human conversation datasets, existing open-domain CAs often fail to model
the traits of humans and exhibit the following limitations [2, 7, 21-25]: 1) they lack
emotional intelligence and cannot generate or recognize emotions in conversations,
which often lead to dull or generic responses; 2) they lack commonsense knowledge
and often produce incoherent or unrelated responses; 3) they lack persona and
often produce inconsistent responses; and 4) they lack empathy and often produce

non-empathetic responses.

Figure 1.1 illustrates the aforementioned limitations in an example human-agent
conversation. First, the agent shows the lack of consistent persona by producing
self-contradictory responses regarding whether it likes watching movies. Second,
the agent shows the lack of commonsense knowledge by categorizing the movie
Titanic into comedy and producing logically incorrect responses. Third, the agent
shows the lack of emotion and empathy by producing a dull and generic response

“I don’t know that.” to an emotional user message “Oh, titanic is very romantic!”.
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Addressing the aforementioned limitations is important for bridging the gap be-
tween existing CAs and human-level CAs [23-25]. Humanization is the process of
attributing human traits to an entity. In this thesis, we propose to address the
aforementioned limitations by humanizing open-domain CAs with the following
human traits: emotion, commonsense, personality, and empathy®. These human
traits have been extensively studied in artificial agents and human-computer in-
teraction (HCI) [26-30]. However, endowing these human traits into open-domain
CAs is largely unexplored [23-25]. Our motivations for focusing on these four

human traits are as follows:

e Emotion: Emotion is a strong feeling deriving from one’s circumstances,
mood, or relationships with others®. Emotions are prevalent in human con-
versations and crucial for building long-term relationships between interlocu-
tors [31]. Endowing CAs with emotions has been shown to improve the
mental health of participants in healthcare [32, 33], and the user satisfaction

in customer support [34].

e Commonsense: Commonsense involves not only the basic beliefs of a partic-
ular society but also the fundamental presuppositions of all human knowledge
[35]. Humans ground on socially shared commonsense knowledge to converse
with each other. Incorporating commonsense knowledge into CAs has been
shown to improve conversation understanding, make responses more reason-

able and informative, and therefore improve user satisfaction [22, 36].

e Persona: Persona refers to the social face an individual presents to the world
[37]. Persona is different from personality” but they have been shown to be
highly correlated [38]. Humans have different personalities, and the differ-
ences in personality reflect on conversations, either implicitly or explicitly
[39]. Augmenting CAs with personas has been shown to make the responses
more consistent [7, 40], and improve user trust and engagement in education

[41] and customer support [42].

5There are many other human traits that we do not consider in this thesis, e.g., curiosity,
persuasion, and humor, which are left to future work.

6The definition is taken from Oxford dictionary.

"Persona is considered more subjective because it is the appearance an individual wants to
present to the world, whereas personality is considered more objective because it is the charac-
teristics of an individual.
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e Empathy: Empathy refers to the capacity to understand or feel another’s
mental states and respond appropriately [43]. Empathy is vital in building
good interpersonal relationships during conversations [44]. Endowing CAs
with empathy can improve user task performance [45, 46] and build long-

term relationships with users [47].

In this thesis, we propose several novels methods to incorporate the aforementioned
human traits into open-domain CAs. We further conduct extensive experiments to
analyze the impacts of these human traits on response quality and human ratings.

All in all, our thesis makes a step towards humanized open-domain CAs.

1.2 Thesis Contributions

The key contributions of this thesis are as follows:

e We study the problem of incorporating emotion into response generation.
To this end, we propose an Affect-Rich Seq2Seq model (AR-S2S), which
is an emotional open-domain CA that can generate natural and emotional
responses. Specifically, we leverage an external word-emotion lexicon, and
propose an emotion-aware attention mechanism and a novel objective func-
tion to encourage the generation of emotional responses. Human evaluation
results show that endowing open-domain CAs with emotion improves both
content and emotion qualities of the generated responses, and our AR-S2S

outperforms competitive baselines. This work is previously published as [48].

e We investigate the problem of emotion recognition from conversations. We
propose a Knowledge-Enriched Transformer (KET) to tackle this problem.
Specifically, based on the Transformer [49], we propose a hierarchical self-
attention to model the hierarchical structure of conversation and further in-
corporate commonsense knowledge into emotion recognition. Experimental
results show that both context and commonsense knowledge are beneficial to
the recognition performance, and our KET outperforms competitive baselines
on most of the benchmark datasets in terms of F1. This work is previously
published as [50].



1.2. Thesis Contributions

e We test the hypothesis that combining commonsense and emotion into open-
domain CAs can improve response quality. To this end, we propose a novel
model for Commonsense-Aware Response generation with specified Emotions
(CARE). Specifically, given a message and the desired emotion, we first con-
struct plausible relational and emotional latent concepts of the response, and
then incorporate them into response generation. Experimental results sup-
port our hypothesis and show that our CARE can achieve better human
ratings than competitive commonsense-aware CAs and emotional CAs. This

work is previously published as [51].

e We study the problem incorporating persona and empathy into open-domain
CAs and investigate the impact of persona on empathetic responding. To fa-
cilitate our study, we propose the first dataset for Persona-based Empathetic
Conversations (PEC). We then propose a BERT-based model with multi-hop
co-attention (CoBERT) for effective and efficient response retrieval. Experi-
mental results show that our COBERT can produce persona-based empathetic
conversations and outperforms competitive baselines on response retrieval.
In addition, human evaluation results show that both persona and empathy
are beneficial to response quality and human ratings. Finally, experimental
analysis reveals an empirical link between persona and empathy in human
conversations, which may suggest that persona has a greater impact on em-
pathetic conversations than non-empathetic ones. This work is previously
published as [52].

e We investigate the problem of addressing all the aforementioned limitations
of existing open-domain CAs, i.e., lacking emotion, commonsense, persona,
and empathy. To this end, we propose a Humanized open-domain CA (HCA)
that possesses all proposed human traits simultaneously through multi-task
learning (MTL). Specifically, HCA is a retrieval-based CA and follows the
pretrain-and-finetune paradigm for MTL. We leverage CoBERT as the base
model and propose an improved training strategy for MTL. Experimental
results show that the multi-task performance of HCA is often better than
its single-task performance, and HCA outperforms competitive baselines on
response retrieval across multiple evaluation datasets. In addition, our case
study shows that HCA can demonstrate multiple human traits and produce

consistent, informative, and empathetic responses.
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FIGURE 1.2: Thesis organization.

1.3 Thesis Organization

The organization of this thesis is depicted in Figure 1.2.
Chapter 1 presents the overview and scope of this thesis.

Chapter 2 introduces the preliminaries of this thesis and a brief review of open-

domain CAs.

Chapter 3 focuses on emotion and introduces AR-S2S for emotional response gen-

eration.

Chapter 4 focuses on emotion and commonsense and introduces KET for emotion

recognition from conversations.

Chapter 5 focuses on emotion and commonsense and introduces CARE for commonsense-

aware emotional response generation.

Chapter 6 focuses on persona and empathy and introduces CoBERT for persona-

based empathetic response retrieval.

Chapter 7 combines emotion, commonsense, persona, and empathy, and proposes

HCA for humanized response retrieval.

Chapter 8 concludes this thesis and discusses future research directions.






Chapter 2

Background

In this chapter, we first introduce commonly used neural architectures for open-
domain conversational agents (CAs). We then introduce different types of open-
domain CAs. Finally, we present a brief literature review on the human traits in

open-domain conversational agents.

2.1 Neural Architectures

Neural architectures are prevalent in recent open-domain CAs due to their advan-
tages of being effective and scalable. In this section, we briefly cover commonly

used neural architectures for open-domain CAs!.

2.1.1 Recurrent Neural Networks

Recurrent neural networks (RNN) is a type of neural networks specifically designed
for learning the representation of sequential data. A conversation is a sequence of
utterances, and each utterance is a sequence of words. Hence, recurrent neural
networks are especially suitable and widely used for modeling utterances and con-

versations.

Formally, given a sequence of word tokens {x1,xs,...,z,,}, where each z;, t =

1,...,m is represented as a k-dimensional dense word vector x; € R¥ [53, 54], the

!Note that the bias terms in all equations of this thesis are dropped for brevity.

9
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hidden state h, € R? for z; is recurrently computed by h,_; and x; as follows:

h; = f(ht—lyxt)a (21)

where f can be any function and hg is usually initialized as a zero vector. In a

standard RNN, f is a non-linear transformation:
f=0o(Wpyhi_1 + Wopxy), (2.2)

where Wy, € R4 W, € R¥* denote model parameters, and ¢ denotes a
non-linear activation function such as Sigmoid, Tanh or ReLU. Refer to [55] for a

detailed discussion of various activation functions.

LSTM: The standard RNN has been shown to be difficult to learn long-range
dependencies between tokens in a sequence [56]. Hochreiter and Schmidhuber [57]
proposed Long Short-Term Memory network (LSTM) to address this problem using
gates. Specifically, the dynamics of LSTM are as follows:

ft = U(Wf[ht—l; Xt]
iy = 0<Wi[ht—1; Xt]
= 0<Wo[ht71; Xt]

)
f (2.3)
c, = tanh(Welhy_q; x4

. /
cc=f*xci1+ixc,

h, = o, * tanh(c,),

where Wy, W;, W, W¢ € R®*(4+F) denote model parameters, o denotes the Sig-

moid function, and [;] denotes vector concatenation.

Intuitively, the cell state c;_; stores the information along the sequence upon time
step t — 1. When given a new input x;, LSTM decides what information to forget
and what new information to store. These two operations are controlled by the
forget gate f, and the input gate i;, respectively. The c, denotes the candidate
cell state, which is squeezed to [—1,1] by Tanh. The new cell state c; is jointly
controlled by the previous cell state c,_; and the candidate cell state c,. Finally,
LSTM outputs h;, which is a filtered version of c;, controlled by Tanh and the
output gate f,.
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GRU: Another commonly used variant of RNN is the Gated Recurrent Units
(GRU) [58]. GRU is also designed to tackle the long-dependency issue of traditional
RNN. Specifically, GRU simplifies the connections of LSTM mainly in two ways:
(1) it merges the cell state ¢ and the hidden state h in LSTM into a single hidden
state h, (2) it merges the forget gate f and the input gate i in LSTM into a single
update gate z. As such, GRU has fewer parameters than LSTM. In practice,
GRU has been shown to deliver comparable performance across various sequence

modeling tasks [59)].

Formally, the dynamics of GRU are as follows:

z; = 0(W,[hy_1;x]

r, = o(W,[h_1;x]

h; = tanh(W[ry * hy_q; %]
hy=(1-2)xh_i+zxh,

where W,, W,, W, € R4*(@+k) denote model parameters.

Intuitively, given h;_; and a new input x;, GRU decides what information to update
and reset, controlled by the update gate z; and the reset gate r;, respectively. The
h; denotes the candidate hidden state controlled by the reset gate r;. Finally, GRU
outputs h;, which is a weighted sum of h;_; and h;, controlled by the update gate

Zy.

Other RNN Variants: There are also many other RNN variants in the literature
[60]. Xingjian et al. [61] proposed convolutional LSTM (ConvLSTM) to better
model spatio-temporal correlations. Tai et al. [62] proposed tree-LSTM to learn
tree-structured network topologies. Bradbury et al. [63] proposed quasi-recurrent

neural networks (QRNNs) for parallel learning across multiple timesteps.

2.1.2 Sequence to Sequence with Attention

Sequence to Sequence neural networks (Seq2Seq) [58, 64] is a type of neural ar-
chitectures for mapping an input sequence to an output sequence. Seq2Seq was
originally proposed for neural machine translation, where a sentence in a source
language needs to be translated into a sentence in a target language. After its inven-

tion, Seq2Seq becomes widely adopted in many other sequence mapping problems
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such as conversation generation and text summarization, etc. Recent open-domain

generative CAs are mainly based on Seq2Seq architecture.

Formally, Seq2Seq has an encoder-decoder architecture where the encoder is used
to encode a variable length input sequence X = (1, xo, ..., z7) into a vector of fixed
dimension ht and the decoder is used to decode ht into a variable length output

sequence Y = (y1, Y9, ..., Y7 ). The objective function of Seq2Seq is to maximize

/

T

p(Y|X) = p(ulbr) [ p(ye bz, vr, o), 25)

t =2

ht = f(ht_l,l't),vt = 1,2, ...,T,

where hy denotes the hidden state of the input sequence X at time step ¢ and
hg is usually initialized as a zero vector. The function f denotes a non-linear
transformation, which usually takes the form of recurrent models such as LSTM in
Equation 2.3 or GRU in Equation 2.42.

After encoding X as hr, the decoder updates its decoder hidden state s, by taking

the previous hidden state sy _; and previous output y,_; as inputs:

/

sy =g(sy 1,y ),V =1,2,..,T, (2.6)

where ¢ is usually another recurrent model such as LSTM or GRU for autoregressive

decoding, sp = hr, and yy denotes the start of sequence (SOS) token.

Finally, the output word probability in Equation 2.5 is computed by

/

p(yy) = softmaz(Wes, ), ¥t =1,2,...T, (2.7)

where W¢ denotes a model parameter and softmax denotes the softmax function.

One problem of Seq2Seq is the limited representation power of the encoder repre-
sentation hr on which the entire decoding process is conditioned. The attention
mechanisms [65, 66] are proposed to solve this problem. Specifically, at each de-
coding time step ¢Vt = 1,2,..., T, the decoder pays attention to different parts

of the input sequence by computing a context vector c, as the weighted average

2Both the encoder and the decoder in Seq2Seq can be non-recurrent models, such as the
Transformer [49] (see Section 2.1.3).
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of all input hidden states hy,Vt = 1,2, ..., T, as follows:

T
Cy = Z oy hy, (2.8)
t=1

where the alignment weight ay, is given by

~expleyy)
Qyy = 7 )
> he1 expleyy)

(2.9)

where ey, = score(hy,s,) is the energy function that computes the energy or score
between the input hidden state h; and the output hidden state s,. This energy

function is usually implemented as a dot product or a Multilayer Perceptron (MLP).

The context vector ¢, is then concatenated with the decoder hidden state s, to

form an attentional hidden state 8, as follows:
Sy = tanh(W¢[c,;s,]). (2.10)

Finally, 8, replaces s, in Equation 2.7 to compute the output word probability.

2.1.3 Transformer

Despite that the recurrent models in Section 2.1.1 use gates to model the informa-
tion flow along a sequence, they still suffer the problem of being difficult in learning
long-range dependencies [49]. Another problem of recurrent models is their large
computational complexity, because the recurrence in these models cannot be com-
puted in parallel. To alleviate the aforementioned problems, Vaswani et al. [49]
proposed the Transformer, a non-recurrent Seq2Seq model, by replacing all recur-
rent connections with attention. Specifically, the Transformer uses self-attention
to learn dependencies between tokens within a sequence and cross-attention to
learn dependencies between tokens in two sequences. The sequential information

in tokens is modeled by positional embeddings.

Formally, given a variable length input sequence X = (x1, 2, ..., z7) and a variable

length output sequence Y = (y1,¥2, ..., Y77 ), the Transformer can be decomposed
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into an encoder and a decoder. The dynamics of the encoder are as follows:

x; = Embed(xy) + Pos(zy)
X' = X + LayerNorm(MultiHead(X, X, X)) (2.11)
X" = X' + LayerNorm(FF(X')),

where X € R”7*? denotes the sequence of x, € R4t = 1,...,T, X" € RT*4 de-
notes the encoder output, Embed denotes a word embedding layer, Pos denotes a
positional embedding layer [49], MultiHead denotes a multi-head attention layer
described in Equation 2.12 below, FF denotes a feedforward layer described in

Equation 2.13 below, and LayerNorm denotes a layer normalization layer [67].

MultiHead(Q, K, V) = [heady; ...; head,|W©°

head; = Attention(QVViQ, KWiKa VWz‘V) (2.12)
T

Attention(Q, K, V) = softmax(?/d—

FF(X) = max(0, XW1)Ws, (2.13)

)%

where W2 WK WY e Rxd W0 e R4 W, € R4 and Wy € RY*? denote
model parameters. The multi-head attention layer models word-word dependencies

in multiple subspaces using multiple heads.

The dynamics of the decoder are as follows:

y: = Embed(y;) + Pos(y;)
Y' =Y + LayerNorm(MultiHead(Y,Y,Y))
Y' =Y + LayerNorm(MultiHead(Y , X", X)) (2.14)

Y" =Y" + LayerNorm(FF(Y"))
O = softmax(Y" W),

where Y € R” *? denotes the sequence of y, € Rét = 1,...,T, Y" € R xd
denotes the decoder output before softmax, W3 € R¥V denotes a model parameter

and O € RT"*V denotes the output token probabilities.

Both the encoder and the decoder can be stacked multiple times to form a multi-
layer Transformer. The entire Transformer can be trained using cross-entropy loss

between O and Y to maximize the probabilities of ground-truth tokens. Note that
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1) the Y in Equation 2.14 is shifted one position to the right during training to
learn the next token prediction, and 2) at each decoding step, the tokens at the

right side are masked to prevent the attention from attending future tokens.

Compared to RNN-based Seq2Seq models, the Transformer has the advantages of
the shorter path of dependencies between tokens, smaller computational complex-

ity?, and better parallelization.

In recent years, extensive research efforts have been made to improve the Trans-
former [68-74]. Dai et al. [68] proposed Transformer-XL to model longer sequences
with faster speed than the Transformer. Kitaev et al. [70] proposed Reformer for
more memory-efficient and faster learning on long sequences. [71] proposed Long-
former with an attention mechanism that scales linearly with sequence length to

model long sequences.

2.1.4 BERT

Due to the computational advantage of the Transformer and its competitive perfor-
mance in various sequence modeling tasks such as machine translation [49] and lan-
guage modeling [68], researchers have recently investigated pretraining the Trans-
former on a large collection of corpus to achieve better finetuning results [75-77].
One notable example is BERT [76], which is one of the most popular Transformer-

based pretrained language models.

BERT is based on the Transformer encoder (see Equation 2.11) and pretrained
using the masked language model (MLM) and the next sentence prediction (NSP)
objectives on the BooksCorpus (800M words) [78] and English Wikipedia (2,500M
words) datasets. The finetuned BERT has achieved the state-of-the-art results on
multiple language understanding tasks and QA tasks, suggesting that BERT has
successfully learned powerful text representation and is easy to transfer to down-
stream tasks. BERT started a new era of NLP where the paradigm of pretraining
on a large corpus and then finetuning on small downstream tasks becomes standard
practice. Recently, numerous BERT-inspired pretrained language models are pro-
posed for better performance [79, 80], smaller model size [81, 82], faster inference

(83, 84], cross-lingual support [85, 86], and language generation [87], etc.

3This is true for short sequences where the sequence length is smaller than the word embedding
size.
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2.2 Open-Domain Conversational Agents

Open-domain conversational agents (CAs) are generally classified into three types:
rule-based, retrieval-based, and generation-based. In this section, we briefly intro-
duce these three types of open-domain CAs and then summarize their advantages

and disadvantages.

2.2.1 Rule-Based Models

CAs in the early stages are mainly based on rules. For example, the first chatbot
ELIZA [16] in the 60’s maintains a dictionary of ranked keywords and their asso-
ciated patterns. If a keyword is identified in a given user input, the corresponding
transform will be applied to the keyword and subsequently incorporated into the
response. If no keyword matches, ELIZA will output a generic response such as
“PLEASE GO ON”. Later in the 70’s, another rule-based chatbot PARRY [88],
used for studying schizophrenia, included additional rules to maintain a mental
state of the chatbot. For example, certain user inputs may lead PARRY to an
angry mental state, and PARRY may output hostile responses. Both ELIZA and
PARRY achieved great success as they were able to deliver human-like responses
in a few specific scenarios. After the success of ELIZA and PARRY, more sophisti-
cated rules and logic were developed into chatbots, such as Jabberwacky?, ALICE?,

and cleverbot®.

In recent years, rule-based chatbots are less popular due to their following draw-
backs: 1) the number of rules grows dramatically as the conversation scenarios
become more complex; 2) significant human efforts are required to rewrite the
rules for new languages or domains; 3) their performance is often surpassed by

recent retrieval-based and generation-based models.
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FIGURE 2.1: Illustration of a retrieval-based CA.

2.2.2 Retrieval-Based Models

Given a user query, retrieval-based open-domain CAs rely on information retrieval
(IR) techniques to select a response from a candidate pool of {query, response}
pairs. The representation learning and the matching algorithm of queries and re-
sponses are two central research problems of retrieval-based models. Various mod-
els can be applied to represent queries and responses, e.g., the bag of words model
(BoW) or neural networks such as RNN, convolutional neural networks (CNN),
Transformer, and BERT. The matching algorithms between query and response
representations are based on ranking algorithms in IR or neural attention-based
fine-grained matching. The matching output is usually computed by relevancy
measures such as cosine similarity, dot product, or MLP [20]. Given a representa-
tion learning method and a matching algorithm, there are generally two types of
approaches to response retrieval: 1) select the response of the most relevant query
and 2) select the most relevant response. An illustration of retrieval-based models

is shown in Figure 2.1.

In the first approach, the model first selects the most relevant query with respect
to the user query from a list of candidate queries, and then return the response to

the selected query as the model response [89, 90].

In the second approach, the model directly selects the response that is most relevant

to the user query from a list of candidate responses [19, 91].

4https://en.wikipedia.org/wiki/Jabberwacky
Shttps://en.wikipedia.org/wiki/Artificial Linguistic_Internet_Computer_Entity
Shttps://en.wikipedia.org/wiki/Cleverbot
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F1GURE 2.2: ITllustration of a generation-based CA using the Seq2Seq architec-
ture. X = X, X9, X3, Xy denotes a user query, and Y = Y7,Y5,Y; denotes a
model response.

The first approach seems more intuitive; however, in practice, the second approach
often performs better [91], possibly because the two-step selection in the first ap-
proach introduces more noises than the direct selection in the second approach [9].
Modern neural retrieval-based open-domain CAs [19, 92-94] are mainly based on

the second approach.

2.2.3 Generation-Based Models

Generation-based open-domain CAs are largely inspired by neural machine trans-
lation where a sentence in a target language is generated given this sentence in a
source language. Ritter et al. [91] presented the first attempt to address response
generation under the framework of phrase-based machine translation. Later, with
the invention of Seq2Seq [58, 64] (see Section 2.1.2) for neural machine transla-
tion, neural network based response generation models are becoming dominant
[18, 20, 95, 96]. An illustration of a Seq2Seq-based generative CA is shown in Fig-
ure 2.2. In recent years, many attempts have been made to improve the qualities of
generated responses such as more diversity [97, 98], more informativeness [99, 100],

and less repetitions [101].

One major limitation of Seq2Seq-based response generation models is the incapa-
bility of modeling the inherent one-to-many relationships between query and re-
sponses in human conversations. In other words, there are often many appropriate
responses to a query. Researchers have recently proposed conditional variational
autoencoders (CVAE) [102-104] to model such relationships using latent variables
over potential conversational intents. CVAE-based response generation models

have been shown to improve response diversity over Seq2Seq-based models [102].
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2.2.4 Summary

We present a summary of the advantages and disadvantages of rule-based, retrieval-

based, and generation-based models.

Compared to rule-based models, both retrieval-based and generation-based mod-
els have the advantages of being end-to-end trainable, scalable, and language-
independent. However, rule-based models are more robust and interpretable. Hence,

hand-crafted rules are still actively used in commercial CAs.

Compared to retrieval-based models, generation-based models have the advantage
of being able to generate novel responses. In addition, generation-based models
do not require a candidate pool to work. However, in the industry, retrieval-
based models are often preferred because 1) they always produce grammatical
responses because the responses are selected from a candidate pool of human re-
sponses and 2) developers have more control over retrieval-based models because
they can always filter out unwanted responses, e.g., toxic responses, from the candi-
date pool. In human evaluations, generation-based models are usually favored less
than retrieval-based models. However, recent transformer-based generative mod-
els began to achieve better human ratings than retrieval-based models when the
generative models are first pretrained on a large collection of generic conversations

and then finetuned on a small number of domain-specific conversations [105, 106].

2.3 Human Traits in Open-Domain Conversational

Agents

In this section, we present a brief literature review on the human traits in open-
domain conversational agents (CA), such as emotion, commonsense, persona, em-

pathy, etc.

2.3.1 Emotion

Emotion is a strong feeling deriving from one’s circumstances, mood, or relation-

ships with others. The incorporation of emotion into CAs dates back to rule-based
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CAs [107-109]. For example, Ochs et al. [107] designed a CA that can express
emotions based on cognitive appraisal theories [110], which require numerous event-
handling rules to be implemented. In recent years, several studies [3, 21, 111, 112]
proposed to incorporate emotion into generation-based CAs. For example, [21]
proposed ECM, a Seq2Seq conversational model, to generate responses with user-
specified emotions. In these studies, emotion has been observed to improve the

engagingness and user satisfaction of CAs.

Besides emotional response generation, another line of research in emotional CAs
is conversational emotion recognition. Early related studies focus on call center
dialogs using lexicon-based methods and audio features [113-115]. In recent years,
neural networks are becoming the dominant approaches [116-120]. RNNs and
CNNs are often used for modelling the sequential structure and extracting dis-
criminative features of conversations, respectively. For example, Poria et al. [121]
proposed an LSTM-based model to capture contextual information extracted by

CNN for sentiment analysis in conversational videos.

2.3.2 Commonsense

Commonsense involves not only the basic beliefs of a particular society but also the
fundamental presuppositions of all human knowledge [35]. CAs often require com-
monsense to produce logical and relevant responses. In recent years, several studies
investigated the problem of incorporating commonsense into CAs [22, 36, 122-126].
The commonsense knowledge are usually represented by knowledge graphs or un-
structured text documents, and often directly incorporated into model training
as additional input. For example, Zhou et al. [22] proposed CCM to incorporate
commonsense knowledge by applying attention mechanisms on 1-hop knowledge
triplets for response generation. In these studies, commonsense has been observed

to improve the relevancy and informativeness of the responses of CAs.

2.3.3 Persona

Persona refers to the social face an individual presents to the world [37]. CAs often
require persona to produce consistent responses. In recent years, personalized CAs

are emerging [7, 40, 127-129]. The personas of CAs are usually represented by
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descriptive sentences of the speakers, e.g., “I live in Singapore” or “I like dogs”.
Similar to commonsense, a common approach to incorporating persona into CAs
is to leverage persona sentences as additional input during model training. For
example, Li et al. [40] presented an early attempt to learn persona embeddings on
textual personal information and then incorporate them into a response generation
model. In these studies, persona has been observed to improve the consistency of

the responses of CAs.

2.3.4 Empathy

Empathy refers to the capacity to understand or feel another’s mental states and
respond appropriately [43]. Empathetic responses are helpful in building good in-
terpersonal relationships in conversations [44]. Early empathetic CAs are primarily
based on rules [45, 46, 130]. In recent years, more neural network models [2, 131
136] are proposed to produce empathetic responses. For example, Lin et al. [135]
proposed a mixture of empathetic listeners that first captures the user emotion
distribution at each turn and then softly combines the output states of each emo-
tional listener to generate empathetic responses. In these studies, empathy has

been observed to improve the user satisfaction of CAs.

2.3.5 Others

There are many other desirable human traits that are not studied in this thesis but
left to future work, e.g., curiosity, persuasion, humor, etc. Curious CAs have been
studied in online education to help students learn by teaching [137, 138]. Persuasive
CAs are expected to persuade people to change their attitudes or behaviors through
conversation. They have been applied to conversational recommendation scenarios
to improve purchase rate [139] or encourage charity donations for social good [140].
Finally, humorous CAs have been shown to improve user satisfaction and task

enjoyment through humorous responses [141, 142].






Chapter 3

Emotional Conversational Agents

3.1 Overview

Emotion or affect! is a strong feeling deriving from one’s circumstances, mood,
or relationships with others. As a vital part of human intelligence, having the
capability to recognize, understand, and express emotions like humans has been
arguably one of the major milestones in artificial intelligence [143]. In this chapter,

we investigate the problem of incorporating emotion into response generation?.

Open-domain conversational agents (CAs) aim to produce natural, coherent, and
engaging responses when given user messages. In recent years, Seq2Seq based gen-
erative conversational models [58, 64] (see Section 2.1.2) have been widely adopted
due to the simplicity and scalability of Seq2Seq in modeling sequence mappings. To
make neural conversational models more engaging, various techniques have been
proposed, such as using latent variable [98] to promote response diversity and en-

coding topic [144] into conversational models to produce more coherent responses.

However, incorporating emotion into neural conversational models has seldom been
explored, despite that it has many benefits such as improving user satisfaction [145],
fewer breakdowns [146], and more engaged conversations [147]. For real-world

applications, Fitzpatrick et al. [148] developed a rule-based empathetic chatbot to

L Affect encompasses a broad range of feelings, including emotion and mood, etc. In this
chapter, we slightly abuse the definitions and use emotion and affect interchangeably.

2This chapter is published as An Affect-Rich Neural Conversational Model with Biased Atten-
tion and Weighted Cross-Entropy Loss, Proceedings of AAAT 2019 [48].

23
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FiGure 3.1: 2D plot of words with either highest or lowest ratings in valence
(V), arousal (A) or dominance (D) in the corpus.

deliver cognitive behavior therapy to young adults with depression and anxiety,

and obtained significant results on depression reduction.

Despite these benefits, there are a few challenges in the incorporation of emotion
into neural conversational models that existing approaches fail to address: 1) It is
difficult to capture the emotion of a sentence, partly because negators and inten-
sifiers often change its polarity and strength. Handling negators and intensifiers
properly still remains a challenge in sentiment analysis, and 2) It is difficult to

embed emotions naturally in responses with correct grammar and semantics [149].

In this chapter, we propose a single-turn open-domain neural conversational model
to address the aforementioned challenges to produce responses that are both natu-
ral and emotional. Our model extends the Seq2Seq with attention [66] (see Section
2.1.2). Specifically, we first leverage an external corpus [150] to provide affect
knowledge for each word in the Valence, Arousal, and Dominance (VAD) dimen-
sions [151]. We incorporate the affect knowledge into the embedding layer of our
model. VAD notation has been widely used as a dimensional representation of
human emotions in psychology. A 2D plot of selected words with extreme VAD
values are shown in Figure 3.1. To capture the effect of negators and intensifiers, we
then propose a novel biased attention mechanism that explicitly considers negators
and intensifiers in attention computation. Finally, to maintain correct grammar
and semantics, we train our Seq2Seq model with a weighted cross-entropy loss that

encourages the generation of emotional words without degrading language fluency.

In summary, our main contributions in this chapter are as follows:

e For the first time, we propose a novel affective attention mechanism to incor-

porate the effect of negators and intensifiers in conversation modeling. Our
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mechanism introduces only a small number of additional parameters.

e For the first time, we apply weighted cross-entropy loss in conversation mod-
eling. Our affect-incorporated weights achieve a good balance between lan-
guage fluency and emotion quality of model responses. Our empirical study
does not show performance degradation in language fluency while producing

emotional words.

e Overall, we propose Affect-Rich Seq2Seq (AR-S2S), a novel end-to-end affect-
rich open-domain neural conversational model. Human preference tests show
that our model is preferred over the state-of-the-art model in terms of both
content quality and emotion quality by a large margin. In addition, our result
analysis shows that incorporating emotion into open-domain conversational

models have a positive impact on response quality and human ratings.

3.2 Related Work

Prior studies on emotional conversational agents mainly focused on rule-based sys-
tems, which require an extensive hand-crafted rule base. For example, Ochs et al.
[107] designed an empathetic virtual agent that can express emotions based on
cognitive appraisal theories [110], which require numerous event-handling rules to
be implemented. Another example is the Affect Listeners [152], which are con-
versational systems aiming to detect and adapt to the affective states of users.
However, their detection and adaptation mechanisms heavily rely on hand-crafted
features such as letter capitalization, punctuation, and emoticons, and thus difficult

to scale.

In recent years, there is an emerging research trend in end-to-end neural network
based generative conversational models [18; 95]. To improve the content quality
of neural conversational models, many techniques have been proposed, such as
improving response diversity using Conditional Variational Autoencoders (CVAE)

[102] and encoding commonsense knowledge using external facts corpus [153].

However, few studies investigated the problems in improving the emotion qual-
ity of neural conversational models. Emotional Chatting Machine (ECM) [21]

is a Seq2Seq conversational model that generates responses with user-specified
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FIGURE 3.2: Overall architecture of our proposed AR-S2S. This diagram illus-
trates decoding “fine” and affect bias for “bad”.

emotions. It employs an internal memory module to model implicit emotional
changes and an external memory module to help generate more explicit emotional
words. The main objective of ECM is to produce responses according to explicit
user-specified emotions, while our model focuses on enriching affect in generated
responses. Similar to ECM, Mojitalk [112] presents a few generative models, in-
cluding Seq2Seq, CVAE, and Reinforced CVAE, to generate responses according to
explicit user-specified emojis. Both ECM and Mojitalk do not explicitly consider
emotions in input sentences when generating emotional responses. In comparison,
our model pays extra attention to emotional words in input sentences during gen-
eration. The most relevant work to our study is [154], which introduces a Seq2Seq
model with three extensions to incorporate affect into conversations. Similar to
their work, we also adopt the approach of using VAD embedding to encode af-
fects. However, we perform extra preprocessing on VAD embedding to improve
model performance. In addition, we specifically consider the effect of negators and
intensifiers via a novel affective attention mechanism when generating affect-rich

responses.

3.3 Affect-Rich Seq2Seq (AR-S2S)

In this section, we present our proposed AR-S2S model, which extends the Seq2Seq
with attention (see Section 2.1.2), as illustrated in Figure 3.2.
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TABLE 3.1: Interpretations of clipped VAD embeddings.

Dimensions | Values Interpretations
Valence 3-7 pleasant - unpleasant
Arousal 3 -7 | low intensity - high intensity

Dominance 3-7 submissive - dominant

3.3.1 Affective Embedding

Our model adopts Valence, Arousal, and Dominance (VAD) [151] attributes to
encode word affects as vectors of size 3 from an annotated lemma-VAD pairs cor-
pus [150]. This corpus comprises 13,915 lemmas with VAD values annotated in
the [1,9] scale. To leverage this corpus, we assign VAD values to words based on
their lemmas. To increase coverage, we extend the corpus to 23,825 lemmas using
synonym expansion, i.e., assigning the average VAD values of their synonyms to
absent lemmas. Furthermore, we empirically clip VAD values of all words to the
[3,7] interval to prevent words with extreme VAD values from repeatedly show-
ing in the generated responses, as observed in our preliminary experiments. The
interpretations of clipped VAD embedding are presented in Table 3.1. For exam-
ple, the word “nice” is associated with the clipped VAD values: (V: 6.95, A: 3.53,
D: 6.47). For words whose lemmas are not in the extended corpus, comprising
approximately 10% of the entire training vocabulary, we assign them VAD values
of [5,3,5], which are the clipped values of a neutral word. Note that a value of
3 in arousal (A) dimension is regarded as neutral because it has zero emotional

intensity.

Finally, to remove bias, we normalize VAD embedding as VAD(z;) = VAD(z;) —
5,3, 5], where VAD(z;) € R? is the VAD embedding of word z;. We incorporate

VAD embedding by concatenation as follows:
e(ry) = [xg; AVAD(z4)], (3.1)

where x; € R™ denotes the word embedding of z;, e(x;) € R™™ denotes the
final affective embedding of x;, m denotes the dimensionality of word vectors,
and A € R, denotes the affect embedding strength hyper-parameter to tune the
strength of VAD embeddings.
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3.3.2 Affective Attention

To incorporate affect into attention naturally, we make the intuitive assumption
that humans pay extra attention on affect-rich words during conversations. Specif-
ically, our model pays biased attention to affect-rich words in the input sentences,
and considers the effect of negators and intensifiers. Specifically, our model em-
ploys an affect bias n augmenting the affective strength of each word in the input

sentences into the energy function (see Equation 2.9) as follows:
_WT
epy = hy sy + (3.2)

where htht/ denotes the conventional dot product energy function and 7, is defined

as
e =7 lu(ze) (L + B) ® VAD(xy)|l3, (33)
6 = tanh(WbXt_l),

where ® denotes element-wise multiplication, ||.||, denotes [, norm, W’ € R3*™

denotes a model parameter, 3 € R? denotes a scaling factor in V, A and D dimen-
sions in the [—1, 1] interval to scale the normalized VAD values of the current input
word, v € R, denotes the affective attention coefficient controlling the magnitude
of affect bias towards affect-rich words in the input sentence, and pu(x;) € R in
the [0,1] interval denotes a measure of term importance of x; (see the following

paragraph).

Term Importance

The introduction of term importance p(z;) as weights in computing affective atten-
tion is inspired by the sentence embedding work [155], where a simple weighted sum
of word embedding algorithm with weights being smoothed inverse term frequency
can achieve good performance in textual similarity tasks. Term frequency has been
widely adopted in information retrieval (IR) to compute the importance of a word.

In our model, we propose three approaches, namely “uniform importance” (ui),
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“global importance” (gi), and “local importance” (li) to compute p(x;):

1 ui
w(xe) = < a/(a+ p(zy)) gi, (3.4)
log(1/(plz)be)

i=1 log(1/(p(xt)+e))

where p(z;) denotes the term frequency of x; in the training corpus, a denotes a
smoothing constant that is usually set to 1073 as suggested by Arora et al. [155],
and e denotes another small smoothing constant with value 1078, We take the log

function in py;(z;) to prevent rare words from dominating the importance.

Modeling Negators and Intensifiers

The introduction of 5 in Equation 3.3 is to model the affect changes caused by
negators and intensifiers. Generally, negators make positive words negative but
with much lower intensity, and make negative words less negative [156]. Thus, (
is expected to be negative for negators because negators tend to reduce the affect
intensity of the following word (e.g., “not bad”). Intensifiers usually adjust the
intensities of positive words and negative words but do not flip their polarities
[157]. As a result, 8 for extreme intensifiers (e.g., “extremely”) is expected to be
larger than [ for less extreme intensifiers (e.g., “very”). To specifically consider
these phenomena, [ is modeled to be a nonlinear transformation through the word
vector of z;_;. This idea is inspired by the observation that common negators and
intensifiers share some common underlying properties in their word vector repre-
sentations. Figure 3.3 shows that several common negators and intensifiers tend
to cluster together in the 2D plot of their GloVe embeddings [158] after applying
Principle Component Analysis (PCA).

Note that our affective attention only considers unigram negators and intensifiers,
which are empirically found as the majority of all negators and intensifiers. For ex-
ample, the statistics based on our training set indicate that the unigram intensifier
“very” occurs 364,913 times; in comparison, the composite intensifier “not very”

only occurs 2,838 times.
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FIGURE 3.3: 2D plot of the most frequent 30,000 words in our training dataset
in GloVe embedding after PCA. Selected common negators and intensifiers are
annotated in text.

3.3.3 Affective Objective Function

The conventional objective function of seq2seq is to maximize the probability of
target response Y given input sequence X, measured by cross-entropy loss. To
encourage the generation of affect-rich words, we incorporate the VAD embedding

of words into cross-entropy loss as follows:

1+ [l VAD(y, )|l
25, ev(L+0[[VAD(Gy)]l2)

vy =—|V| log(p(yy)); (3.5)
where t = 1,2,...,T, U, denotes the affective loss at decoding time step t Yy
denotes the target token at decoding time step ¢, V denotes the dataset vocabulary,
and ¢ denotes a hyper-parameter named affective loss coefficient, which regulates
the contribution of VAD embedding.

Our proposed affective loss is essentially a weighted cross-entropy loss. The weight
of each word is constant and positively correlated with the VAD strength of the
word in [y norm. The weight normalization is applied to ensure that our introduced
weights do not alter the overall learning rate during optimization. Intuitively,
our affective loss encourages affect-rich words to obtain higher output probability,
which effectively introduces a probability bias into the decoder language model
towards affect-rich words. This bias is controlled by our affective loss coefficient
0. When § = 0, our affective loss falls back to the conventional unweighted cross-

entropy loss.
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It is worth noting that our weighted cross-entropy loss incorporating external word
knowledge, i.e., VAD in our case, is simple but effective in controlling the response
style. Our loss function has many other potential application areas, such as con-

trolled neural text generation.

3.4 Experiments

In this section, we present the datasets, evaluation metrics, baselines, model set-

tings, experimental results and analysis.

3.4.1 Datasets and Evaluation Metrics

We use the OpenSubtitles dataset [159], a collection of movie subtitles, as our
training dataset due to its large size. We use the relatively less noisy Cornell Movie
Dialog Corpus dataset [160] as our validation dataset for more reliable tuning. We
use the DailyDialog dataset [1], a collection of clean human written conversations,
as our testing dataset to examine model generalizations in different corpus domains.

All these datasets are in English.

The sentences in OpenSubtitles are not segmented. Hence, to extract {message,
response} pairs, we follow a simple rule that the input sentence ends with a ques-
tion mark and the time interval between the pair of input and output sentences is
less than 20 seconds. In addition, sound sequences such as “BANG” are removed.
These pairs are then expanded (e.g., isn’t — is not) and tokenized. Special sym-
bols and numbers were removed. Finally, the pairs with either input or output
sentences longer than 20 words are removed. The validation and testing datasets
are preprocessed by word expansion, tokenization, and removal of special symbols
and numbers. Since we are modeling single-turn conversations, only the first two
utterances from each dialogue session in the testing dataset are extracted because

using utterances in the middle would require context to respond.

After data preprocessing, we randomly select 5 million pairs from OpenSubtitles as
the training dataset with a vocabulary comprising the most 30,000 frequent words,
covering 98.89% of all words. We randomly sample 100K pairs from Cornell Movie
Dialog Corpus for validation and 10K pairs from DailyDialog for testing.
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We adopt perplexity as the metric to measure the language fluency of a conver-
sational model, as it is the only well-established automatic evaluation method in
conversation modeling. Other metrics such as BLEU [161] do not correlate well
with human judgments [162]. A model with lower perplexity indicates that it is
more confident about the generated responses. Note that a model with low per-
plexity is not guaranteed to be a good conversational model because it may achieve

so by always generating generic responses.

To qualitatively examine model performance, we conduct widely adopted human
evaluations. We randomly sample 100 input sentences from the testing dataset,
and each comparison model produces 100 responses. The responses are randomly
ordered during evaluation. For each response, five human annotators are asked to

evaluate the following two aspects:

e +2: (content) The response has correct grammar and is relevant and natural

/ (emotion) The response has adequate and appropriate emotions conveyed.

e +1: (content) The response has correct grammar but is too universal /

(emotion) The response has inadequate but appropriate emotions conveyed.

e 0: (content) The response has either grammar errors or is completely ir-
relevant / (emotion) The response has either no or inappropriate emotions

conveyed.

3.4.2 Baselines and Model Settings

We first compare our approach with the following baselines to examine the per-
formance of our proposed affective attention and affective objective function on
model perplexity and human evaluations. We then compare our model with a

state-of-the-art model in a preference test in Section 3.4.4.
S28S: The standard Seq2Seq model with attention.

S2S-UI, S2S-GI, S2S-LI: The standard Seq2Seq model with our proposed affec-

tive attention using pu,;, pg and gy, (see Equation 3.4), respectively.

S2S-AO0: The standard Seq2Seq model with attention and our proposed affective

objective function (see Equation 3.5).
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AR-S2S: our best model, which incorporates both p; and affective objective func-

tion.

All models have a word embedding of size 1027 (1024 + 3) and a hidden size of 1024.
Both encoder and decoder have two layers of LSTM. All models implement affective
embedding. Parameters A\, § and a are set to 0.1, 0.15 and 1073, respectively.
Parameter v for S2S-UI, S2S-GI, and S2S-LI are set to 0.5, 1, and 5, respectively.
We use beam search for decoding, where the beam size is set to 20. Note that
all models implement the maximum mutual information (MMI) objective function
[97] during inference to alleviate the problem of generic responses (e.g., “I don’t
know”). For all models, a simple re-rank operation is applied during inference

to rank the generated responses Y based on their affective strength computed as
1

V| £eyeY
in the [—0.08, 0.08] interval, using the same seed. We train all models using Adam

[163] for 5 epochs with a batch size of 64 and a learning rate of 0.0001 throughout

|| VAD(y)||2. All model weights are initialized with a uniform distribution

the training process.

3.4.3 Comparison with Baselines

Table 3.2 presents the results on model test perplexity. To analyze model general-
ization in different domains, we additionally report test perplexity on the in-domain
test dataset, which is created using 10K test pairs from the OpenSubtitles dataset.
All models have comparable perplexity on both in-domain and out-domain test
datasets, empirically showing that our proposed methods do not cause performance
degradation in language fluency. One note is that the out-domain test perplexity
for all models is much worse than in-domain perplexity. One possible reason is that
our testing dataset is different from the training dataset in terms of both vocabu-
lary and linguistic distributions (the former was created from daily conversations,
whereas the latter was created from movie subtitles). As a result, the models may

not generalize well.

Tables 3.3 and 3.4 present the evaluation results by five human annotators on
the content quality and emotion quality, respectively. The values in brackets de-
note relative performance improvement in percentage. The Fleiss’ kappa [4] for
measuring inter-rater agreement is included as well. All models have “moderate

agreement” or “substantial agreement”. For content quality, all models except
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TABLE 3.2: Model test perplexity. Symbol { indicates in-domain perplexity
obtained on 10K test pairs from the OpenSubtitles dataset. Symbol I indicates
out-domain perplexity obtained on 10K test pairs from the DailyDialog dataset.

Model | #Params | PPLt{ | PPL}

S2S 99M 42.5 124.3
S2S-Ul 99M 40.4 116.4
S2S-GI 99M 40.7 120.3
S2S-LI 99M 40.4 117.0
S2S-A0 99M 40.2 115.7
AR-S2S 99M 39.8 | 113.7

TABLE 3.3: Human evaluations on content quality.

Model (%) | +2 | +1 | © Score Kappa
S2S 224 1470 | 30.6 0.918 0.544
S525-Ul 30.0 | 48.6 | 21.4 | 1.086 (+18.3%) 0.458
S25-GI 28.6 | 46.6 | 24.8 | 1.038 (+13.1%) 0.413
S2S-LI 294 | 47.2 | 234 | 1.060 (+15.5%) 0.525
S25-A0 25.0 | 46.0 | 29.0 0.960 (+4.3%) 0.482
AR-S2S | 29.6 | 44.8 | 25.6 | 1.040 (+13.3%) | 0.487

TABLE 3.4: Human evaluations on emotion quality.

Model (%) | +2 | +1 | © Score Kappa
S2S 19.0 | 33.2 | 47.8 0.712 0.613
S525-Ul 23.6 | 36.0 | 40.4 | 0.832 (+16.9%) 0.483
S25-GI 26.0 | 34.2 | 39.8 | 0.862 (+21.1%) 0.652
S2S-L1 24.6 | 36.4 | 39.0 | 0.856 (+20.2%) 0.706
S25-A0 22.6 | 37.6 | 39.8 | 0.828 (+16.3%) 0.602
AR-S2S | 26.8 | 37.2 | 36.0 | 0.908 (+27.5%) | 0.625

S25-A0 have noticeably more +2 ratings than S2S. For emotion quality, it is clear

that all of our proposed affective models have substantial improvement over S2S.

Among the three affective attention mechanisms, S2S-LI achieves the best overall

performance. Note that the improvement gained by affective attention and affec-

tive objective function are partially orthogonal. One explanation is that by actively

paying attention to affect-rich words in the input sentence, our model is able to

produce more accurate affect-rich words during decoding. Therefore, combining

both techniques (AR-S2S) results in maximum improvement in emotion quality.

Table 3.5 presents some sample test responses.
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TABLE 3.5: Sample responses. Text in bold denote affect-rich words.

Message Model Response
Mommy, can i stay up until eleven S2S Of course you can stay up late.
of the clock? AR-S2S | Of course you can, sweetheart.
You are home late today, david. S25 It was fine.
How was school? AR-S2S Great fun today.
Before Training After Training
0.15 quit 021 exceptionall
0101 rather 1
never remarkably
— . —_ 0.2
< oosno extraore IE?W*Yemely <
3 B 04
§ 0.00 4 remarkably § extraordinarily
<< << 06
not
0.05 4
—081 rather -
0101 very W

0.3 0.2 0.1 0.0 0.1 0.2 0.3 1.0 0.8 0.6 0.4 0.2 0.0

Valence (V) Valence (V)

FIGURE 3.4: Learned parameter [ (see Equation 3.3) in Valence (V) and Arousal
(A) dimensions for several common negators and intensifiers. Left sub-figure:
before AR-S2S is trained. Right sub-figure: after AR-S2S is trained.

Analysis of Affective Attention

To examine our hypothesis that our affective attention mechanism can correctly
capture the effect of negators and intensifiers, we plot the learned parameter J (see
Equation 3.3) in the Valence and Arousal dimensions in Figure 3.4. It is obvious
that our model successfully learned to make 8 negative for negators. In addition,
several extreme intensifiers such as “exceptionally” and “remarkably” have higher
[ than less extreme intensifiers such as “very” and “quite”, which is consistent
with our hypothesis. One note is that our model does not learn well for some
intensifiers such as “extremely”, whose [ is comparable to less extreme intensifiers
such as “very”. This result is not surprising because the impact of intensifiers are

difficult to be completely captured as they tend to vary depending on the words
that follow them [156].

Figure 3.5 shows the attention strength over a sample input sentence in the testing
dataset. As expected, our proposed affective attention models place extra atten-
tion on affect-rich words, i.e., “good” in this case. In addition, S2S-UI and S2S-LI
have larger strengths than S2S-GI. This result is aligned with our model’s assump-

tion because different “term importance” have different impact on the attention
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i went to jessie s birthday partyyesterday . it was very good
i went to jessie s birthday partyyesterday . it was very -
i went to jessie s birthday partyyesterday . it was very good
i went to jessie s birthday partyyesterday . it was very -

FIGURE 3.5: Learned attention on a sample input sentence from the testing
dataset. From top to bottom, the models are S2S, S2S5-UI, S25-GI and S2S-LI,
respectively. Darker colors indicate larger strength.

TABLE 3.6: Number of distinct affect-rich words.

Threshold for /3 Norm of VAD
Model 3 2 1
S2S 25 104 190
S2S-A0 (6 =0.5) 36 138 219
S2S-A0 (6 =1) 50 154 234
S2S-A0 (§ = 2) 69 177 256

strengths and the word “good” here is quite common (p(“good”) = 0.00143), which
leads to the lower strength in S2S-GI.

Analysis of Affective Objective Function

We analyze the capability of our proposed affective objective function in producing
affect-rich words. Table 3.6 presents the number of distinct affect-rich words in ran-
domly selected 1K test responses produced by different models. Affect-rich words
are defined as words with VAD strength in /5 norm exceeding the given threshold.
It is clear that all S25-AO models can produce more affect-rich words than S2S. In
addition, the number of affect-rich words for every threshold increases steadily as
the affective objective coefficient ¢ increases, showing a good controllability of our

model via 4.

3.4.4 Preference Test

We conduct human preference test to compare our AR-S2S with the state-of-
the-art baseline S2S-Asghar, the best model proposed in [154]. To the best of
our knowledge, S2S-Asghar is the only model in the neural conversational model
literature that aims to produce affect-rich responses in an end-to-end manner (i.e.,

without explicit user-specified emotions). We also include S2S for comparison.
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TABLE 3.7: Model test perplexity. Symbol { indicates in-domain perplexity
obtained on 10K test pairs from the OpenSubtitles dataset. Symbol I indicates
out-domain perplexity obtained on 10K test pairs from the DailyDialog dataset.

Model #Params | PPL{ | PPL}
S2S 66M 41.2 130.6
S2S-Asghar 66M 46.4 137.2
AR-S2S 66M 40.3 | 121.0

TABLE 3.8: Number of distinct affect-rich words.

Threshold for /5 Norm of VAD
Model 3 2 1
S2S8 21 83 157
S2S-Asghar 31 120 217
AR-S2S 52 173 319

To make comparisons fair, we follow the specifications of S25-Asghar and keep the
number of parameters in all models comparable by reducing the size of our model.
We use a smaller training dataset with 3 million random pairs and a vocabulary of
size 20,000 due to the reduced model size. Note that our training dataset is still
significantly larger than the original dataset used in [154], which comprises only
300K pairs and a vocabulary size of 12,000. All models have a word embedding
of size 1027, a single-layer LSTM encoder, and a single-layer LSTM decoder. All
training settings remain the same as in Section 3.4.2 except that S2S-Asghar is
trained for 4 epochs with conventional cross-entropy loss and 1 more epoch with
their proposed objective function, which includes a term to maximize affective

content.

For human evaluation, we follow the same procedures as adopted in Section 3.4.1
except that five human annotators were asked to choose their preferred responses
based on content quality and emotion quality, respectively, instead of annotating

+2, +1, and 0. Ties are allowed.

Table 3.7 presents the results on model test perplexity. Our model achieves slightly
better perplexity than S2S-Asghar in both in-domain and out-domain tests, sug-
gesting that our model is more fluent than S2S-Asghar.

Table 3.8 shows the number distinct of affect-rich words in randomly selected 1K
responses produced by S2S, S2S-Asghar, and our model. It is clear that our model
produces significantly more affect-rich words than both S2S-Asghar and S2S.
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TABLE 3.9: Human preference test.

Model (%) Content Emotion Kappa
S2S 64 26 0.522,/0.749
S2S-Asghar | 66 (+3.1%) | 32 (+23.1%) | 0.554/0.612
AR-S2S | 80 (4+25.0%) | 49 (+88.5%) | 0.619/0.704

TABLE 3.10: Sample responses. Text in bold are affect-rich words.

Message Model Response
S2S Yes, i do.
Do you like singing? S2S-Asghar I do not know.
AR-S2S I love music.
I'm pretty sure that jim S2S He will turn out to be a good lawyer.
will turn out to be a | S2S-Asghar I’'m sure he will.
good lawyer. AR-S28 The best lawyer in the world.

Table 3.9 shows the result of human evaluation. The Fleiss’ kappa scores for con-
tent/emotion qualities are included in the last column. All models have “moderate
agreement” or “substantial agreement”. For content preference, our model scores
relatively 21% higher than S2S-Asghar. For emotion preference, our model scores
relatively 50% higher than S2S-Asghar. These findings show that our model is ca-
pable of producing better responses that are not only more appropriate in syntax

and content, but also significantly more affect-rich than the state-of-the-art model.

3.4.5 Sensitivity Analysis

We examine the impact of affect embedding strength A, affective attention hyper-
parameter v, and affective loss hyper-parameter o on model perplexity and the

number of affect-rich words produced.

Due to the large number of experiments required for this analysis, we conduct
the sensitivity analysis using 1 million pairs and a vocabulary of size 20,000. All
training settings remain the same as in Section 3.4.2 except that the number of
LSTM layers is 1, the hidden layer size is 512, and the embedding layer size is 303.

Figure 3.6 shows the plots of model test perplexity versus A, v, and . Our model
is fairly robust to a wide range of A, v and ¢, regardless of the type of term
importance. It is worth noting that the generated responses tend to become shorter
with v € [20, oo], which may be caused by excessive attention placed on affect-rich

words during decoding. Another interesting finding is that our affective objective
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FIGURE 3.6: Sensitivity analysis for affect embedding strength A, affective at-
tention coefficient v, and affective objective coefficient § on model perplexity.
The blue, red and green curves (best viewed in color) in the middle sub-figure
denote fiyi, f1gi and py; (see Equation 3.4), respectively.

function slightly improves test perplexity. One possible explanation is that affect-
rich words are less common than generic words in our training corpus. As a result,
our weighted cross-entropy loss placing extra weights on them improves the overall

prediction performance.

Figure 3.7 shows the plots of the number of distinct affect-rich words in randomly
selected 1K test responses versus A, v and . The number of distinct words increases
slightly when A increases from 0 to 0.3, and then gradually decreases and stabilizes
as A increases from 0.3 to 1. For v in all three term importance, there is an initial
boost in the number of distinct words when + is small, i.e., v € [0,5]. However, as y
further increases, the number of distinct words gradually decreases, which may be
caused by the limited word choices during decoding due to excessive attention on
affect-rich words. Among the three proposed term importance, local importance
(1) is slightly more robust against v than the other two methods. Finally, the
number of distinct words consistently increases with 0, which is similar to our
findings from Table 3.6. Note that the numbers in this sensitivity analysis are
much smaller than Table 3.6, which can be attributed to smaller models and fewer

training examples.

3.5 Summary

In this chapter, we propose AR-S2S, an end-to-end open-domain neural conversa-
tional agent that can produce affect-rich/emotional responses without performance
degradation in language fluency. AR-S2S leverages external word-VAD knowl-

edge to encode affect information. In addition, AR-S2S captures user emotions
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FIGURE 3.7: Sensitivity analysis for affect embedding strength A, affective atten-
tion coefficient v, and affective objective coefficient § on the number of distinct
affect-rich words in randomly selected 1K test responses. The solid, dashed and
dotted curves correspond to lo norm threshold of 1, 2 and 3, respectively. The
blue, red and green curves (best viewed in color) in the middle sub-figure denote
Huis fgi and pu; (see Equation 3.4), respectively.

by paying extra attention to affect-rich words in input sentences and consider-
ing the effect caused by negators and intensifiers. Lastly, AR-S2S is trained with
an affect-incorporated weighted cross-entropy loss to encourage the generation of
affect-rich words. Empirical studies on both model perplexity and human eval-
uations show that AR-S2S outperforms the state-of-the-art model in producing
natural and affect-rich responses. Our study suggests that incorporating emotion

into open-domain CAs improves response quality and human ratings.

It is worth noting that many other languages such as Spanish, Dutch, Finish, etc.,
also have lemma-VAD pairs corpus, although in smaller sizes. Hence, our proposed

AR-S2S has great potential to be directly applied to other languages.



Chapter 4

Commonsense-Aware
Conversational Emotion

Recognition

4.1 Overview

In the last chapter, we studied the problem of endowing conversational agents
(CA) with emotions for response generation. However, a humanized CA should
be able to not only produce appropriate emotional responses but also recognize
human emotions at each turn during conversations. In this chapter, we investigate
the problem of recognizing human emotions in natural conversations!. Specifically,
we address the task of recognizing emotions (e.g., happy, sad, and angry, etc.)
in multi-turn textual conversations, where the emotion of an utterance is to be
detected in the conversational context. Being able to automatically and effectively
detect emotions in conversations enables a wide range of applications ranging from

opinion mining in social media platforms [119] to building emotion-aware CAs [21].

However, building machines that can analyze emotions in human conversations is
challenging, partly because humans often express emotions by relying on the con-

text and commonsense knowledge, which are difficult to be captured by machines.

I This chapter is published as Knowledge-Enriched Transformer for Emotion Detection in Tex-
tual Conversations, Proceedings of EMNLP-IJCNLP 2019 [50].

41
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What do you plan to do for your

No emotion birthday?
No emotion | want to have a picnic with my friends, Context
Mum.

Happiness How about a party at home? That way

PP we can get together and celebrate it.
Happiness OK, Mum. I'll invite my friends home. Response

AL
r N\
socialize party movie

FIGURE 4.1: An example conversation with annotated labels from the Daily-
Dialog dataset [1]. By referring to the context, “it” in the third utterance is
linked to “birthday” in the first utterance. By leveraging an external knowledge
base, the meaning of “friends” in the fourth utterance is enriched by associated
knowledge entities, namely “socialize”, “party”, and “movie”. Thus, the implicit
“happiness” emotion in the fourth utterance can be inferred more easily via its
enriched meaning.

Figure 4.1 shows an example conversation demonstrating the importance of con-
text and commonsense knowledge in understanding conversations and detecting

implicit emotions.

There are several recent studies that model contextual information to detect emo-
tions in conversations. Poria et al. [121] and Majumder et al. [164] leveraged RNNs
(see Section 2.1.1) to model the contextual utterances in sequence, where each ut-
terance is represented by a feature vector extracted by a pretrained CNN. Similarly,
Hazarika et al. [116, 117] proposed to use extracted CNN features in memory net-
works to model contextual utterances. However, these methods require separate
feature extraction and tuning, which may not be ideal for real-time applications.
In addition, to the best of our knowledge, no attempts have been made in the lit-
erature to incorporate commonsense knowledge from external knowledge bases to
detect emotions in textual conversations. Commonsense knowledge is fundamental

to understanding conversations and generating appropriate responses [22].

To this end, we propose a Knowledge-Enriched Transformer (KET) to effectively
incorporate contextual information and external knowledge bases to address the
aforementioned challenges. The Transformer [49] (see Section 2.1.3) has been shown
to be a powerful representation learning model in many NLP tasks such as ma-

chine translation [49] and language understanding [165]. The self-attention [166]
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and cross-attention [65] modules in the Transformer capture the intra-sentence and
inter-sentence correlations, respectively. The shorter path of information flow in
these two modules compared to gated RNNs and CNNs allows KET to model
contextual information more efficiently. In addition, we propose a hierarchical
self-attention mechanism allowing KET to model the hierarchical structure of con-
versations. Our model separates context and response into encoder and decoder,
respectively, which is different from other Transformer-based models, e.g., BERT
[165], which directly concatenate context and response and train language models

using only the encoder part.

Moreover, to exploit commonsense knowledge, we leverage external knowledge
bases to facilitate the understanding of each word in the utterances by referring to
related knowledge entities. The referring process is dynamic and balances between
relatedness and affectiveness of the retrieved knowledge entities using a context-

aware affective graph attention mechanism.

In summary, our main contributions in this chapter are as follows:

e For the first time, we apply the Transformer to analyze conversations and
detect emotions. Our hierarchical self-attention and cross-attention mod-

ules allow our model to exploit contextual information more efficiently than
existing gated RNNs and CNNs.

e We derive dynamic, context-aware, and emotion-related commonsense knowl-
edge from external knowledge bases and emotion lexicons to facilitate emotion

detection in conversations.

e We conduct extensive experiments and demonstrate that both contextual
information and commonsense knowledge are beneficial to emotion detection
performance. In addition, our proposed KET model outperforms the state-

of-the-art models on most of the tested datasets across different domains.

4.2 Related Work

Emotion Detection in Conversations: Early studies on emotion detection in
conversations focus on call center dialogs using lexicon-based methods and au-
dio features [113, 114]. Devillers et al. [115] annotated and detected emotions in
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call center dialogs using unigram topic modeling. Devillers and Vidrascu [114] in-
vestigated emotion detection with lexical and paralinguistic cues on dialogs in a
medical emergency call center. In recent years, there is an emerging research trend
on emotion detection in conversational videos and multi-turn Tweets using deep
learning methods [116-120, 167]. Poria et al. [121] proposed an LSTM [57] based
model to capture contextual information for sentiment analysis in user-generated
videos. Hazarika et al. [116] proposed a memory network to capture context and
inter-speaker dependencies in conversational videos. Later on, Hazarika et al. [117]
extended further to model self- and inter-speaker emotional influence. Majumder
et al. [164] proposed the DialogueRNN model that uses three GRU [58] to model
the speaker, the context from the preceding utterances, and the emotions of the
preceding utterances, respectively. DialogueRNN achieved state-of-the-art perfor-

mance on several conversational video datasets.

Knowledge Base in Conversations: Recently, there is a growing number of
studies on incorporating knowledge base in generative conversation systems, such
as open-domain dialogue systems [36, 48, 111, 122, 168-172|, task-oriented dia-
logue systems [173-175] and question answering systems [176-179]. Zhou et al.
[22] adopted structured knowledge graphs to enrich the interpretation of input
sentences and help generate knowledge-aware responses using graph attentions.
The graph attention in the knowledge interpreter [22] is static and only related to
the recognized entity of interest. In contrast, our graph attention mechanism is
dynamic and selects context-aware knowledge entities that balance between relat-

edness and affectiveness.

Emotion Detection in Text: There is a trend moving from traditional machine
learning methods [180-182] to deep learning methods [183, 184] for emotion de-
tection in text. Khanpour and Caragea [185] investigated the emotion detection
from health-related posts in online health communities using both deep learning

features and lexicon-based features.

Incorporating Knowledge in Sentiment Analysis: Traditional lexicon-based
methods detect emotions or sentiments from a piece of text based on the emotions
or sentiments of words or phrases that compose it [186-188]. Some commonly used
lexicons include WordNet-Affect [189], SentiWordNet [190], and NRC-VAD [191].

Few studies investigated the usage of knowledge bases in deep learning methods.



Chapter 4. Commonsense-Aware Conversational Emotion Recognition 45

Softmax

Context-Response Cross-Attention 4
X N [ Max Pooling & Linear ]
[ Multi-Head Self-Attention & FF ]7
— . A 4
Hierarchical Self-Attention K\Concatenation —>[ Multi-Head Cross-Attention & FF ]
[ Multi-Head Self-Attention & FF ] [ Multi-Head Self -Attention & FF ] [ Multi-Head Self-Attention ]
Concept-Enriched Embedding r}@ﬂ @
Word Concept Word Concept ‘Word Concept
Embedding Representation Embeddmg Representatlon Embedding Representation
Dynamic Context-Aware Affective [ " X A ]
Graph Attention :l Dynamic Context-Aware Affective Graph Attention J=
Embedding Layer Word Concept Word Concept ‘Word Concept
8 Lay Embedding Embedding Embedding Embedding Embedding Embedding
A A A
i i i
[ K o ] [ 5 ]
Context Response

FIGURE 4.2: Overall architecture of our proposed KET model. The positional
encoding, residual connection, and layer normalization are omitted in the illus-
tration for brevity.

Kumar et al. [192] proposed to use knowledge from WordNet [193] to enrich the

text representations produced by LSTM and obtained improved performance.

Transformer: The Transformer (see Section 2.1.3) has been applied to many NLP
tasks due to its rich representation and fast computation, e.g., document machine
translation [194], response matching in dialogue system [93], language modeling [68]
and understanding [76]. The current state-of-the-art models on natural language
understanding tasks, e.g., GLUE [195], are dominated by pretrained Transformer
models. Recently, incorporating knowledge into pretrained Transformer models
has become an active research topic [196-198]. Different from their approaches,
our KET is not a pretrained Transformer model and is specifically designed for

modeling conversations.

4.3 Knowledge-Enriched Transformer (KET)

In this section, we present the task definition and our proposed KET model.
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4.3.1 Task Definition

Let {X},Y/},i = 1,..N,j = 1,...N; be a collection of {utterance, label} pairs in
a given dialogue dataset, where N denotes the number of conversations and NV;
denotes the number of utterances in the ith conversation. The objective of the

task is to maximize the following function:

N N;

o =[[][p(v;1X5X] ... X150, (4.1)

i=1j=1

where X;_l, ..., X} denote contextual utterances and 6 denotes the model parame-

ters we want to optimize.

We limit the number of contextual utterances to M. Discarding early contextual
utterances may cause information loss, but this loss is negligible because they only
contribute the least amount of information [199]. This phenomenon can be further
observed in our model analysis regarding context length (see Section 4.4.4). Similar
to [121], we clip and pad each utterance X; to a fixed m number of tokens. The

overall architecture of our KET model is illustrated in Figure 4.2.

4.3.2 Knowledge Retrieval

We use a commonsense knowledge base ConceptNet [200] and an emotion lexicon
NRC_VAD [191] as knowledge sources in our model.

ConceptNet is a large-scale multilingual semantic graph that describes general
human knowledge in natural language. The nodes in ConceptNet are concepts and
the edges are relations. Each (conceptl, relation, concept2) triplet is an assertion.
Each assertion is associated with a confidence score. An example assertion is
(friends, CausesDesire, socialize) with confidence score of 3.46. Usually assertion
confidence scores are in the [1,10] interval. Currently, for English, ConceptNet

comprises 5.9M assertions, 3.1M concepts and 38 relations.

NRC_VAD is a list of English words and their VAD scores, i.e., valence (negative-
positive), arousal (calm-excited), and dominance (submissive-dominant) scores in

the [0, 1] interval. The VAD measure of emotion is culture-independent and widely
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adopted in Psychology [151]. Currently, NRC_VAD comprises around 20K words,

which is a newer and larger lexicon than the one used in Chapter 3.

In general, for each non-stopword token ¢ in X;, we retrieve a connected knowledge
graph ¢(t) comprising its immediate neighbors from ConceptNet. For each g(t),
we remove concepts that are stopwords or not in our vocabulary. We further
remove concepts with confidence scores less than 1 to reduce annotation noises.
For each concept, we retrieve its VAD values from NRC_VAD. The final knowledge
representation for each token ¢ is a list of tuples: (c¢q, s1, VAD(¢y)), (c2, S2, VAD(co)),
coey (Clg))s 81901 VAD(cig())), Where ¢, € g(t) denotes the kth connected concept,
sy denotes the associated confidence score, and VAD(ci) denotes the VAD values
of ¢;. The treatment for tokens that are not associated with any concept and
concepts that are not included in NRC_VAD are discussed in Section 4.3.4. We

leave the treatment on relations as future work.

4.3.3 Embedding Layer

We use a word embedding layer to convert each token ¢ in X* into a vector represen-
tation t € R?, where d denotes the size of word embedding. To encode positional

information, the position encoding [49] is added as follows:

t = Embed(t) + Pos(t). (4.2)

Similarly, we use a concept embedding layer to convert each concept ¢ into a vector

representation ¢ € R? but without position encoding.

4.3.4 Dynamic Context-Aware Affective Graph Attention

To enrich word embedding with concept representations, we propose a dynamic
context-aware affective graph attention mechanism to compute the concept rep-
resentation for each token. Specifically, the concept representation c(t) € R? for

token t is computed as

c(t) = Z Q. * Ck, (4.3)
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where ¢ € R? denotes the concept embedding of ¢, and a; denotes its attention
weight. If |g(t)| = 0, we set c(t) to the average of all concept embeddings. The

attention a4 in Equation 4.3 is computed as
ay = softmaz(wy), (4.4)

where w;, denotes the weight of c.

The derivation of wy, is crucial because it regulates the contribution of c; towards
enriching t. A standard graph attention mechanism [201] computes wy, by feeding
t and c; into a single-layer feedforward neural network. However, not all related
concepts are equal in detecting emotions given the conversational context. In our
model, we make the assumption that important concepts are those that relate to
the conversational context and have strong emotional intensity. To this end, we
propose a context-aware affective graph attention mechanism by incorporating two

factors when computing wy, namely relatedness and affectiveness.

Relatedness:

Relatedness measures the strength of the relation between ¢, and the conversational

context. The relatedness factor in wy, is computed as
rely, = min-max(sy,) * abs(cos(CR(X"), cy)), (4.5)

where s, is the confidence score introduced in Section 4.3.2, min-max denotes min-
max scaling for each token t, abs denotes the absolute function, cos denotes the
cosine similarity function, and CR(X?) € R? denotes the context representation of
the ith conversation X?. Here we compute CR(X?) as the average of all sentence

representations in X' as follows:
CR(X') = avg(SR(X]_y), ..., SR(X})), (4.6)

where SR(X?) € R? denotes the sentence representation of X!. We compute
SR(Xj) via hierarchical pooling [202] where n-gram (n < 3) representations in
X; are first computed by max-pooling and then all n-gram representations are

averaged. The hierarchical pooling mechanism preserves word order information
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to certain degree and has demonstrated superior performance than average pooling

or max-pooling on sentiment analysis tasks [202].

Affectiveness:

Affectiveness measures the emotional intensity of ¢;. The affectiveness factor in wy,

is computed as
affi, = min-maz(||[V(iex) — 1/2, A(ck)/2]||2), (4.7)

where ||.||r denotes Iy norm, V(c;) € [0,1] and A(ck) € [0, 1] denote the valence and
arousal values of VAD(cy), respectively. Intuitively, affi considers the deviations
of valence from neutral and the level of arousal from calm. There is no established
method in the literature to compute the emotional intensity based on VAD val-
ues, but empirically we found that our method correlates better with an emotion
intensity lexicon comprising 6K English words [203] than other methods such as
taking dominance (D) into consideration or taking /; norm. For concept ¢; not in
NRC_VAD, we set affi to the mid value of 0.5.

Combining both rel, and affy, we define the weight w;, as follows:
wg = Mg x rely + (1 — ) * affy, (4.8)

where A\ is a model parameter balancing the impacts of relatedness and affective-
ness on computing concept representations. Parameter A\, can be fixed as a prior

or learned during training. The analysis of A\; is discussed in Section 4.4.4.

Finally, the concept-enriched word representation t can be obtained via a linear
transformation:

t = W[t: c(t)], (4.9)

where [;] denotes concatenation and W € R%?¢ denotes a model parameter. All m

tokens in each X} then form a concept-enriched utterance embedding Xg € Rmxd,
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4.3.5 Hierarchical Self-Attention

We propose a hierarchical self-attention mechanism to exploit the structural rep-
resentation of conversations and learn a vector representation for the contextual
utterances X; ,..., X ). Specifically, the hierarchical self-attention follows two
steps: 1) each utterance representation is computed using an utterance-level self-
attention layer, and 2) a context representation is computed from the M learned

utterance representations using a context-level self-attention layer.

At step 1, for each utterance X¢, n=j—1, ..., j — M, its representation X;f € Rmxd

is learned as follows:
X! = FF(MultiHead(X? , X! X)), (4.10)

where F'F' denotes the feed-forward layer defined in Section 2.13 and MultiHead
denotes the multi-head attention layer defined in Section 2.12. The MultiHead
layer enables our model to jointly attend to information from different represen-
tation subspaces [49]. Similar to Equation 2.11, both MultiHead and FF layers
are followed by residual connection and layer normalization, which are omitted in

Equation 4.10 for brevity.

At step 2, to effectively combine all utterance representations in the context, the
context-level self-attention layer is proposed to hierarchically learn the context-level

c RMxmxd

representation C? as follows:

C' = FF(MultiHead( X', X!, X?)), (4.11)
where X' denotes [X;Z_ A X;-i_l], which is the concatenation of all learned utter-

ance representations in the context.

4.3.6 Context-Response Cross-Attention

Finally, a context-aware concept-enriched response representation R € R™*¢ for
conversation X' is learned by cross-attention [65], which selectively attends to the

concept-enriched context representation as follows:

R’ = FF(MultiHead(X],C', C")), (4.12)
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TABLE 4.1: Dataset descriptions.

Dataset Domain #Conv. #Utter. #Classes
EC Tweet 30160/2755/5509  90480/8265/16527 4
DailyDialog Daily Chat 11118/1000/1000  87170/8069/7740 7
MELD TV Show Scripts 1038,/114/280 9989/1109/2610 7
EmoryNLP TV Show Scripts 659/89/79 7551/954 /984 7
IEMOCAP  Emotional Chat 100/20/31 4810/1000/1523 6

where the response utterance representation X;l € R™*4 is obtained via the Mul-
tiHead layer:
X3 = MultiHead(X, X, X0, (4.13)

mXxd

The resulted representation R? € R is then fed into a max-pooling layer to

learn discriminative features among the positions in the response and derive the

final representation O € R%:
O = maz_pool(R"). (4.14)
The output probability p is then computed as
p = softmax(OW3 + b3), (4.15)

where W3 € R?*? and b3 € R denote model parameters, and ¢ denotes the number
of classes. The entire KET model is optimized in an end-to-end manner as defined

in Equation 4.1.

4.4 Experiments

In this section, we present our datasets, evaluation metrics, baselines, model set-

tings, experimental results and analysis.

4.4.1 Datasets and Evaluation Metrics

Following prior studies, we evaluate our model on an extensive set of five English
emotion detection datasets of various sizes and domains. The statistics are reported
in Table 4.1.
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EC [119]: Three-turn Tweets. The emotion labels include happiness, sadness,

anger, and other.

DailyDialog [1]: Human written daily chats. The emotion labels include neutral
and Ekman’s six basic emotions [204], namely happiness, surprise, sadness, anger,

disgust, and fear.

MELD [205]: TV show scripts collected from Friends. The emotion labels are the

same as the ones used in DailyDialog.

EmoryNLP [118]: TV show scripts collected from Friends as well. However, its
size and annotations are different from MELD. The emotion labels include neutral,

sad, mad, scared, powerful, peaceful, and joyful.

IEMOCAP [206): Emotional chats. The emotion labels include neutral, happi-

ness, sadness, anger, frustrated, and excited.

All datasets follow the default train/val/test splits. For IEMOCAP, whose vali-
dation split is not given, we randomly selected 20 conversations from the training

data as the validation data.

In terms of the evaluation metric, for EC and DailyDialog, we follow [119] to use the
micro-averaged F1 excluding the majority class (neutral), due to their extremely
unbalanced labels (the percentage of the majority class in the test set is over 80%).
For the rest relatively balanced datasets, we follow [164] to use the weighted macro-
F1.

4.4.2 Baselines and Model Settings

For a comprehensive performance evaluation, we compare our model with the fol-

lowing baselines:

cLSTM: A contextual LSTM model. An utterance-level bidirectional LSTM is
used to encode each utterance. A context-level unidirectional LSTM is used to

encode the context.

CNN [207]: A single-layer CNN with strong empirical performance. This model

is trained on the utterance-level without context.
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TABLE 4.2: Hyper-parameter settings for KET. M: context length. m: number
of tokens per utterance. d: word embedding size. p: hidden size in FF layer. h:
number of heads.

Dataset M m d p h
EC 2 30 200 100 4
DailyDialog 6 30 300 400 4
MELD 6 30 200 100 4
EmoryNLP 6 30 100 200 4
IEMOCAP 6 30 300 400 4

CNN+cLSTM [121]: An CNN is used to extract utterance features. An cLSTM

is then applied to learn context representations.

BERT BASE [165]: Base version of the state-of-the-art model for sentiment clas-
sification. We treat each utterance with its context as a single document. We limit
the document length to the last 100 tokens to allow larger batch sizes. We do not

experiment with the large version of BERT due to the memory constraint of our
GPU.

DialogueRNN [164]: The state-of-the-art model for emotion detection in textual
conversations. It models both context and speaker information. The CNN fea-
tures used in DialogueRNN are extracted from the carefully tuned CNN model.
For datasets without speaker information, i.e., EC and DailyDialog, we use two
speakers only. For MELD and EmoryNLP, which have 260 and 255 speakers, re-
spectively, we additionally experimented with clipping the number of speakers to
the most frequent ones (6 main speakers + a universal speaker representing all

other speakers) and reported the best results.

KET SingleSelfAttn: We replace the hierarchical self-attention by a single self-
attention layer to learn context representations. Contextual utterances are con-

catenated together prior to the single self-attention layer.

KET_StdAttn: We replace the dynamic context-aware affective graph attention
by the standard graph attention [201].

We preprocessed all datasets by lower-casing and tokenization using Spacy?. We
keep all tokens in the vocabulary®. We use the released code for BERT_BASE and

2https://spacy.io/
3We keep tokens with a minimum frequency of 2 for DailyDialog due to its large vocabulary
size
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TABLE 4.3: Performance comparisons on the five test sets. The bottom three
rows are from our models. Best values are highlighted in bold.

Model EC DailyDialog MELD EmoryNLP IEMOCAP
cLSTM 0.6913 0.4990 0.4972 0.2601 0.3484
CNN [207] 0.7056 0.4934 0.5586 0.3259 0.5218
CNN+cLSTM [121]  0.7262 0.5024 0.5687 0.3289 0.5587
BERT_BASE [165]  0.6946 0.5312 0.5621 0.3315 0.6119
DialogueRNN [164]  0.7405 0.5065 0.5627 0.3170 0.6121
KET SingleSelfAttn  0.7285 0.5192 0.5624 0.3251 0.5810
KET _StdAttn 0.7413 0.5254 0.5682 0.3353 0.5861
KET 0.7348 0.5337 0.5818 0.3439 0.5956

DialogueRNN. For each dataset, all models are fine-tuned based on their perfor-

mance on the validation set.

For our model in all datasets, we use Adam optimization [163] with a batch size
of 64 and a learning rate of 0.0001 throughout the training process. We use GloVe
embedding [158] for initialization in the word and concept embedding layers*. For
the class weights in cross-entropy loss for each dataset, we set them as the ratio of
the class distribution in the validation set to the class distribution in the training
set. Thus, we can alleviate the problem of unbalanced dataset. The detailed

hyper-parameter settings for KET are presented in Table 4.2.

4.4.3 Comparison with Baselines

We compare the performance of KET against that of the baseline models on the
five afore-introduced datasets. The results are reported in Table 4.3. Note that our
results for CNN, CNN+cLSTM, and DialogueRNN on EC, MELD, and IEMOCAP
are slightly different from the reported results in [120, 164].

cLSTM performs reasonably well on short conversations (i.e., EC and DailyDialog),
but the worst on long conversations (i.e., MELD, EmoryNLP, and IEMOCAP).
One major reason is that learning long dependencies using gated RNNs may not
be effective enough because the gradients are expected to propagate back through
inevitably a huge number of utterances and tokens in sequence, which can easily
lead to the vanishing gradient problem [56]. In contrast, when the utterance-level
LSTM in cLSTM is replaced by features extracted by CNN; i.e., the CNN+4cLSTM,

4We use GloVe embeddings from https://github.com /plasticityai/magnitude



Chapter 4. Commonsense-Aware Conversational Emotion Recognition 55

the model performs significantly better than cLSTM on long conversations, which
further validates that modeling long conversations using only RNN models may

not be sufficient.

BERT _BASE achieves very competitive performance on all datasets except EC due
to its strong representational power via bi-directional context modeling using the
Transformer. Note that BERT_BASE has considerably more parameters than other
baselines and our model (110M parameters for BERT_BASE versus 4M parameters
for our model), which can be a disadvantage when deployed to devices with limited
computing power and memory. The state-of-the-art DialogueRNN model performs
the best overall among all baselines. In particular, DialogueRNN performs better
than our model on IEMOCAP, which may be attributed to its detailed speaker
information for modeling the emotion dynamics in each speaker as the conversation

flows.

It is encouraging to see that our KET model outperforms the baselines on most
of the datasets tested. This finding indicates that our model is robust across
datasets with varying training sizes, context lengths and domains. Our KET vari-
ants KET _SingleSelfAttn and KET_StdAttn perform comparably with the best
baselines on all datasets except IEMOCAP. However, both variants perform no-
ticeably worse than KET on all datasets except EC, validating the importance of
our proposed hierarchical self-attention and dynamic context-aware affective graph
attention mechanism. One observation worth mentioning is that these two vari-
ants perform on a par with the KET model on EC. Possible explanations are that
1) the hierarchical self-attention may not be critical for modeling short conversa-
tions in EC, and 2) the informal linguistic styles of Tweets in EC, e.g., misspelled
words and slangs, hinder the context representation learning in our graph attention

mechanism.

4.4.4 Model Analysis

We analyze the impact of different settings on the validation performance of KET.

All results in this section are averaged over 5 random seeds.
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FIGURE 4.3: Validation performance by KET. Top: different context length
(M). Bottom: different sizes of random fractions of ConceptNet.

Analysis of context length:

We vary the context length M and plot model performance in Figure 4.3 (top
portion). Note that EC has only a maximum number of 2 contextual utterances. It
is clear that incorporating context into KET improves performance on all datasets.
However, adding more context is contributing to diminishing performance gain
or even making a negative impact on some datasets. This phenomenon has been
observed in a prior study [199]. One possible explanation is that incorporating long
contextual information may introduce additional noises, e.g., polysemes expressing
different meanings in different utterances of the same context. A more thorough
investigation of this diminishing return phenomenon is a worthwhile direction in

the future.

Analysis of the size of ConceptNet:

We vary the size of ConceptNet by randomly keeping only a fraction of the concepts
in ConceptNet when training and evaluating our model. The results are illustrated
in Figure 4.3 (bottom portion). Adding more concepts consistently improves model
performance before reaching a plateau, validating the importance of commonsense
knowledge in detecting emotions. We may expect the performance of our KET

model to improve with the growing size of ConceptNet in the future.



Chapter 4. Commonsense-Aware Conversational Emotion Recognition 57

TABLE 4.4: Analysis of the relatedness-affectiveness tradeoff on the validation
sets. Each column corresponds to a fixed Ay for all concepts (see Equation 4.8).

Dataset 0 0.3 0.7 1
EC 0.7345 0.7397 0.7426 0.7363
DailyDialog 0.5365 0.5432 0.5451 0.5383
MELD 0.5321 0.5395 0.5366 0.5306
EmoryNLP 0.3528 0.3624 0.3571 0.3488
IEMOCAP 0.5344 0.5367 0.5314 0.5251

TABLE 4.5: Ablation study for KET on the validation sets.

Dataset KET  -context -knowledge
EC 0.7451 0.7343 0.7359
DailyDialog 0.5544  0.5282 0.5402
MELD 0.5401 0.5177 0.5248
EmoryNLP 0.3712  0.3564 0.3553
IEMOCAP 0.5389 0.4976 0.5217

Analysis of the relatedness-affectiveness tradeoft:

We experiment with different values of A\, € [0, 1] (see Equation 4.8) for all £ and
report the results in Table 4.4. It is clear that A\; makes a noticeable impact on the
model performance. Discarding relatedness or affectiveness completely will cause
significant performance drop on all datasets, with one exception of IEMOCAP.
One possible reason is that conversations in IEMOCAP are emotional dialogues,
therefore, the affectiveness factor in our proposed graph attention mechanism can

provide more discriminative power.

Ablation Study:

We conduct ablation study to investigate the contribution of context and knowledge
as reported in Table 4.5. It is clear that both context and knowledge are essential
to the strong performance of KET on all datasets. Note that removing context has
a greater impact on long conversations than short conversations, which is expected

because more contextual information is lost in long conversations.
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4.4.5 Error Analysis

Despite the strong performance of our model, it still fails to detect certain emo-
tions on certain datasets. We rank the F1 score of each emotion per dataset and
investigate the emotions with the worst scores. We found that disgust and fear
are generally difficult to detect and differentiate. For example, the F1 score of
fear emotion in MELD is as low as 0.0667. One possible cause is that these two
emotions are intrinsically similar. The VAD representation of both emotions has
low valence, high arousal, and low dominance [151]. Another cause is the small
amount of data available for these two emotions. How to differentiate intrinsically
similar emotions and how to effectively detect emotions using limited data are two

challenging directions in this field.

4.5 Summary

In this chapter, we present a knowledge-enriched transformer (KET) to detect emo-
tions in textual conversations. Unlike the dominant approach of using pre-trained
language models or RNNs and CNNs for text classification, we extend the Trans-
former and analyze conversations under the framework of machine translation. Our
model learns structured conversation representations via hierarchical self-attention
and dynamically refers to external, context-aware, and emotion-related knowledge
entities from knowledge bases. Our experimental analysis demonstrates that both
contextual information and commonsense knowledge are beneficial to model per-
formance. The tradeoff between relatedness and affectiveness plays an important
role as well. In addition, our model outperforms the state-of-the-art models on

most of the tested datasets of varying sizes and domains.

Given that there are similar emotion lexicons to NRC_VAD in other languages and
ConceptNet is a multilingual knowledge base, our model can be easily adapted
to other languages. In addition, given that NRC_VAD is the only emotion-specific

component, our model can be adapted as a generic model for conversation analysis.



Chapter 5

Commonsense-Aware Emotional

Conversational Agents

5.1 Overview

In Chapter 3, we studied the problem of endowing response generation with emo-
tion. In Chapter 4, we investigated the impact of commonsense knowledge on
conversational emotion recognition and found that commonsense is beneficial to
conversational emotion recognition. In this chapter, we take a step further and
investigate the impact of combining commonsense and emotion on response gen-
eration'. Commonsense and emotion are two fundamental elements of humans
and indispensable to our social interactions [208, 209]. In recent years, there is
an emerging research trend in endowing response generation with commonsense
22, 123, 126] or emotion [3, 21]. Commonsense-aware conversational models are
able to leverage commonsense knowledge to reason and have been shown to pro-
duce more appropriate and informative responses [22]. Emotional conversational
models are able to generate appropriate emotional responses, leading to improved
user satisfaction [21, 210] (see Chapter 3) and long-term relationships with users
47].

Commonsense and emotion are not independent for humans [211]. In fact, emo-

tions are often rational and commonsense-aware in social interactions [212]. For

!This chapter is published as CARE: Commonsense-Aware Emotional Response Generation
with Latent Concepts, Proceedings of AAAT 2021 [51].

29
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TABLE 5.1: Sample responses from EmoDS [3] and our model. EmoDS generates
generic or unrelated emotional responses. Our model extracts the message con-
cept “starbucks”, and generates more commonsense-aware emotional responses
by referring to our constructed relational (in bold) and emotional (in italic)
latent concepts, e.g., company, coffee and bitter.

Message Why do you avoid starbucks?

Model =& 51a T don’t like their coffee,

Neutral | I’'m not a gamer so it’s just that I’'m a bit more tired of them.
EmoDS Joy Yeah, that’s pretty cool. I like that.

Sadness That sucks.

Neutral It’s just a general dislike of the company.
Ours Joy Tea is my favorite.

Sadness I’'m not a big fan of coffee. It ’s too bitter for me.

example, our findings in Chapter 4 suggest that humans often rely on commonsense
knowledge to express emotions in conversations. However, most existing conver-
sational models only specialize in either commonsense or emotion but not both?,
which may lead to dull or unrelated responses. For example, as shown in Table
5.1, the state-of-the-art emotional dialogue system (EmoDS) [3] produces generic
or unrelated emotional responses due to the lack of specific modeling of common-
sense. Moreover, existing commonsense-aware conversational models, e.g., CCM
[22], are not able to generate emotional responses, rendering them difficult to build

long-term relationships with users [47].

A recent work [106] proposed to blend several human skills such as knowledge,
personality, and empathy into a conversational agent and obtained the state-of-the-
art performance in human evaluations. Their experimental analysis suggests that
blending these skills is critical for achieving good human ratings. Motivated by the
facts that 1) commonsense and emotion are two fundamental qualities of humans,
and that 2) empirical performance improvement has been achieved via combining
several human qualities [106], we hypothesize that combining commonsense and
emotion into conversational agents can improve response quality and their human

ratings.

To test our hypothesis, we propose a novel model for Commonsense- A ware Response
generation with specified Emotions (CARE) and assess its empirical performance.
Two major challenges to this task are 1) the lack of relevant datasets or re-

sources that can provide such supervision and 2) how to generate appropriate

20ne exception is Xiaolce [47], however, it has no public API and only supports Mandarin.
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commonsense-aware emotional words. We tackle the first challenge by building an
emotion-aware commonsense knowledge graph (EA-CKG) to integrate common-
sense and emotion knowledge. We tackle the second challenge by incorporating
both relational and emotional latent concepts constructed from EA-CKG into re-
sponse generation. Specifically, we first build EA-CKG by augmenting an external
CKG with emotional triplets extracted from emotional conversations (see Section
5.3.2). We then construct latent concepts using learned EA-CKG embeddings,
endowing the response with commonsense and emotion by reasoning over the EA-
CKG (see Section 5.3.2). Finally, we propose three methods to sequentially and
collaboratively incorporate the latent concepts during attention, optimization, and
sampling (see Section 5.3.3). CARE is illustrated in Figure 5.1.

In summary, our main contributions in this chapter are as follows:

e We identify the problem of lacking either commonsense or emotion in existing
conversational models, which often leads to dull or unrelated responses. We
hypothesize that combining commonsense and emotion into conversational

agents can improve response quality.

e We propose CARE, the first commonsense-aware emotional response gener-

ation model, to address the aforementioned problem.

e We conduct extensive automatic and human evaluations, and show that
CARE can produce better commonsense-aware emotional responses than
state-of-the-art models that only specialize in one aspect. The experimental

results support our hypothesis.

5.2 Related Work

Commonsense-Aware Response Generation: Existing commonsense-aware
response generation models usually rely on knowledge bases. Extensive studies in
this direction are emerging, such as open-domain response generation [36, 122—
125, 168, 170, 171], task-oriented response generation [173, 213, 214] and question
answering [177, 178, 215]. Zhou et al. [22] proposed CCM to incorporate common-

sense knowledge by applying attention mechanisms on 1-hop knowledge triplets



62 5.2. Related Work

1. Build the EA-CKG and learn 2. Construct latent concepts
its embeddings (preprocessing) (training/inference)

alcoho tasty
RelatedTo
» eer

Sadness

tasty, cheers, ...

Latent Concepts

soda, sucks, ...

soda

AtLocation

EA-CKG

IsA
bar pepsi

i

Message ( Do you wanna have beer tonight?

( It must be very tasty!

Response
Generation

( I only have soda here.

3. Incorporate latent concepts
(training/inference)

F1GURE 5.1: Tlustration of CARE. Given the message “Do you wanna have beer
tonight?” (beer is a message concept) and the learned EA-CKG embeddings,
CARE first constructs latent concepts depending on the specified emotions of the
response. For example, tasty is constructed for “joy” and soda is constructed
for “sadness”, because tasty is linked to beer via the “joy” relation, and soda
is linked to beer via a composite of “sadness” and “IsA” relations. Then CARE
leverages the proposed three methods to incorporate the latent concepts, e.g.,
tasty, into response generation.

for open-domain response generation. Zhang et al. [126] proposed ConceptFlow to
extend CCM to multi-hop knowledge triplets. Different from CCM and Concept-
Flow, our model is not restricted by the coverage of the CKG and can learn novel

knowledge triplets for response generation.

Emotional Response Generation: Early approaches to emotional response gen-
eration primarily focus on rule-based methods [107]. Polzin and Waibel [108] em-
ployed different discourse strategies depending on the expressed emotions of the
user, which require extensive hand-crafted rules to implement. Ochs et al. [107]
designed an empathetic conversational agent that can express emotions based on
the cognitive appraisal theories [109], which require extensive hand-crafted rules
to implement. In recent years, neural emotional conversational models [2, 48, 111,
112, 135, 216] are also emerging. Zhou et al. [21] extended the Seq2Seq model by
proposing an internal memory module to capture emotional state changes and an
external memory module to generate emotional words. Song et al. [3] addressed
the problem of dataset bias, i.e., the tendency to express the emotion category hav-

ing the most number of training samples, by using an emotion classifier to guide
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the response generation. In contrast, our model generates emotional responses by

leveraging emotional latent concepts constructed from KG embeddings.

Controlled Text Generation: Recent controlled text generation methods are
primarily based on generative adversarial networks (GAN) [217-219], language
models [149] and Seq2Seq models [144, 220]. Keskar et al. [221] trained a Transformer-
based conditional language model on a large collection of corpora with control codes
that govern style, content, and task-specific behavior. Li and Sun [222] and Peng
et al. [223] proposed topic-aware emotional response generation models. In con-
trast, we focus on commonsense, i.e., the semantic network of words, instead of

topics, i.e., word clusters.

Commonsense Knowledge Base Completion: Different from knowledge en-
tities in knowledge base completion [224] or relation extraction [225], common-
sense entities can be arbitrary words or phrases and may not fit into a schema
precisely. Several studies investigated how to construct new commonsense triplets
using knowledge graph embeddings [226], Seq2Seq models [227] and language mod-
els [228]. Bosselut et al. [228] transferred a large pretrained language model on a
seed set of triplets to generate novel triplets of high quality. However, the afore-
mentioned methods cannot be trivially adapted to extract emotional CCP or build
an emotion-aware CKG. Instead, we extract emotional triplets from emotional

message-response pairs based on co-occurrence statistics.

5.3 Commonsense-Aware Response (Generation

with Specified Emotions (CARE)

In this section, we introduce the task definition and our CARE model, which
includes a framework for constructing latent concepts and three methods to incor-

porate the latent concepts.

5.3.1 Task Definition

We denote {X;,Y;,e;},i =1,..., N, as a collection of {message, response, emotion}

tuples, where ¢; is chosen from a predefined set of emotions and denotes the emotion
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category of Y;, and N denotes the number of conversations in the training dataset.
Our task can be formulated as follows: given a new message X, ., and an emotion
category e, generate a natural and commonsense-aware response Y., that has

emotion e.

5.3.2 Latent Concepts Construction Framework

In this framework, we first build an emotion-aware commonsense knowledge graph
(EA-CKG) and then construct latent concepts from EA-CKG.

EA-CKG

We extract emotional triplets from emotional conversations and augment them
into an external CKG to obtain EA-CKG. We use ConceptNet [200] as our CKG?.
Each triplet in ConceptNet follows the {head, relation, tail} format, e.g., {beer,
AtLocation, bar}. Note that we use n-gram matching with ConceptNet to ex-
tract concepts from utterances, and ignore stopwords and n-grams that are formed
entirely by stopwords. We define an emotional triplet as in the {msg_concept, emo-
tion, res_concept} format, representing an emotional link from a message concept
to a response concept. For example, given a message “I heard there is a bar nearby
with nice beer.” and its response “I love tasty beer.” with joy emotion, the triplet
{beer, joy, tasty} is a valid emotional triplet because there is a commonly expressed

emotional link, i.e., joy, from beer in the message to tasty in the response.

We propose a two-step approach based on the pointwise mutual information (PMI)
[229] to extract such emotional triplets from emotional conversations. PMI can

measure the association between two words in a corpus. We extend the smoothed
positive PMI, i.e., PPMI, [230], as follows:

P
PPMI,, (wq, ws) = max (10g2%, O) , (5.1)

where (w;,ws) denotes the word pair, Pa(w) = <22W°_ denotes the smoothed

T >, count(z)™

probability of w, and « denotes a smoothing factor set to 0.75 [230] to alleviate

the bias towards rare words.

3We remove non-English and rare concepts.
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TABLE 5.2: EA-CKG statistics. Reddit and Twitter are two conversation
datasets used in our experiments.

CKG #entity F#relation Ftriplet
ConceptNet 182K 36 1.48M
EA-CKG (Reddit) 182K 42 1.58M
EA-CKG (Twitter) 182K 42 1.80M

In our two-step approach, we first construct a PPMI matrix between concepts in
messages and in the corresponding responses to extract strongly associated concept
pairs in conversations?, denoted as conversational concept pairs (CCP). Note that
in this case, w; refers to a message concept and wy refers to a response concept in
Equation 5.1. We then construct a second PPMI matrix between CCP and their
expressed emotions and extract CCP that statistically express certain emotions
more often than other emotions®. Note that in this case, w; refers to a CCP and
wy refers to its expressed emotion in Equation 5.1. We do not smooth P(ws).
By using this two-step approach, we can effectively extract conversational triplets
that are commonly expressed with certain emotions. The statistics of EA-CKG
are presented in Table 5.2. Our approach shares similarities with commonsense
knowledge base completion methods [226-228]; however, they cannot be trivially
adapted to extract emotional CCP.

Latent Concepts Construction

During training and inference, given a message X; and a desired emotion e;, we con-
struct the latent concepts of the response based on EA-CKG embeddings. Specif-
ically, we first train a well-established knowledge embedding model, i.e., TransE
[231]°, on the entire EA-CKG to learn global concept and relation embeddings.
The embeddings in TransE are learned such that the score -||h + r — t||y for a
correct triplet (h,r,t) is much higher than a corrupted one, where h,r,t denote
the TransE embeddings of h,r,t, respectively, and ||h||s = 1 and |[t||s = 1 [231].

Hence, given a message concept h, a relation r and a response concept ¢, we can

4We consider concept pairs whose frequency > 5 and PPMI > 1 as strongly associated pairs
(CCP).

We associate a CCP {wj,ws} with emotion e if PPMI({w,wa},e) —
maxe, £ PPMI({wy, wa}, ;) > 1.

6We adopt TransE because it achieves only marginally worse performance than RotatE [224],
a state-of-the-art knowledge graph embedding model, for triplet classification on ConceptNet,
but much faster in inference.
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estimate the relatedness between h and t via r as follows:
score(h,r,t) = (h+r)"t. (5.2)

We then obtain the top m related latent concepts of the response from EA-CKG,
i.e., {t}]", as follows:
{t;}1* = top(score(h,r,t)), (5.3)
t

where h € Cx,, r € RU{e;}, Cx, denotes all concepts in X; and R denotes all
36 relations in ConceptNet, and ¢ is searched over the concept vocabulary of EA-
CKG. For messages without any concepts’, we use a null message concept whose

embedding is the average of all concept embeddings.

Framework Analysis

Our framework constructs plausible relational (r € R) and emotional (r = ¢;)
concepts for the response. By leveraging the EA-CKG embeddings, our framework
inherits the ideas from knowledge base completion and has two major advantages
over the graph search methods used in existing models [22, 126] to find related
concepts: 1) our framework can find concepts that are both commonsense-aware
and emotional due to the incorporation of emotional triplets in EA-CKG, e.g., tasty
is found given beer and joy whereas bland is found given beer and sadness; and 2)
our framework can not only traverse through the EA-CKG to find related concepts
in a multi-hop neighborhood but also discover an arbitrary number of novel related

concepts using Equation 5.3, without being limited by the CKG coverage.

5.3.3 Incorporating Latent Concepts

After obtaining the latent concepts, we propose three methods to collaboratively
incorporate them into our Transformer-based conversational model [49], as illus-
trated in Figure 5.2. Note that similar to the idea of persona embedding [40], we

additionally employ an emotion embedding layer in our decoder.

"Around 3% messages do not have any concepts.
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FIGURE 5.2: Architecture of our Transformer-based conversational model. The
positional encoding, residual connection, and layer normalization are omitted in
the illustration for brevity.

Emotion-Aware Graph Attention

We incorporate latent concepts into the decoder using an emotion-aware graph at-
tention (EAGA) prior to the cross-attention layer, similar to our proposed graph
attention in Chapter 4. Specifically, we assume that important latent concepts are
those related to the message concepts and have strong emotional intensity. The
relatedness is obtained from Equation 5.2. The emotional intensity is computed
based on an emotion lexicon NRC_VAD [191] and an emotional intensity compu-
tation method (see Equation 4.7). We expand the size of NRC_VAD from 20K to

34K using synonym expansion for better coverage®.

Formally, let {t1,ts,...,t,,} be the constructed latent concepts of response Y; ob-
tained from Equation 5.3, {s1, sa, ..., S} be their relatedness scores obtained from
Equation 5.2, and {¢, g2, ..., ¢} be their emotion intensities based on NRC_VAD,

we compute the latent concept embedding of Y;, i.e., Cy;, as follows:

Cy, = Z Giti, (5.4)
i=1

8The expanded NRC_VAD covers more than 97% tokens in the datasets used in our experi-
ments.
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where t; denotes the word embedding of ¢; and ; is computed as follows:

exp(d2iq;)
>, exp(02;q;)’

eXP(éliSi)

A e
= A (b))

+(1—=N) (5.5)
where \; denotes the trade-off coefficient between relatedness and emotional in-
tensity, and dy;,do; denote softmax temperatures. Note that \;, d1; and d9; are
concept-specific and can be fixed a prior or learned during training. The obtained
latent concept embedding Cy, is then averaged with the response representation
prior to being fed to the cross-attention layer?. Compared with the graph attention
in [22], our EAGA measures concept relatedness using translation-based distance
in TransE instead of MLP and additionally considers the emotion property of con-

cepts.

Dynamic Label Smoothing

Label smoothing is conventionally adopted in the Transformer [49] to improve
translation quality. We propose a dynamic label smoothing (DLS) method to
explicitly enforce the supervision of latent concepts in producing concept-related
responses, as well as to stabilize the learning process. Specifically, starting from
the conventional label smoothing, we linearly increase the smoothing values for
latent concepts according to the training step and decrease the smoothing values
for other words in the vocabulary. Note that the smoothing value of the target
word remains unchanged. The maximum of the total smoothing value for latent
concepts is a hyper-parameter to be tuned in experiments. We optimize model
parameters to minimize the Kullback-Leibler (KL) loss [232].

Concept-Aware Top-K Decoding

During inference, we propose a concept-aware top-K decoding (CATD) method
to encourage the generation of words that are more related to the associated latent
concepts. Formally, given the conventional top- K unnormalized token probabilities

P(wy), ..., P(w), our concept-aware token probability P’ for ws,i = 1,...,k, is

9We experimented with feeding the concept embedding into other layers using linear transfor-
mation or averaging but observed inferior performance.



Chapter 5. Commonsense-Aware Emotional Conversational Agents 69

computed as follows:

’

P (w;) = P(w;) * P)(w;), (5.6)

where + denotes a trade-off hyper-parameter between fluency and relatedness to

latent concepts, and P.(w;) is computed as follows:

exp(Cwy)

Pc(wz) = & T s
> ie1 exp(Cyw;y)

(5.7)

where Cy denotes the latent concept embedding obtained from Equation 5.4 dur-
ing inference. One merit of the CATD is that it only reorders top-K tokens by
additionally considering their relatedness to latent concepts and thus does not in-

troduce unlikely tokens into the sampling process.

5.4 Experiments

In this section, we present our datasets, evaluation metrics, baselines, model set-

tings, experimental results and analysis.

5.4.1 Datasets and Evaluation Metrics

Following prior studies on social media datasets [21, 22], we conduct experiments on
two large-scale English datasets, namely Reddit and Twitter. The Reddit dataset
is obtained from comments on the CasualConversation subreddit'® discussing a
variety of casual topics!!. The Twitter dataset is obtained from question-answer

pairs on twitter.com!?.

For Reddit, we follow [233] to extract {message, response} pairs. For each extracted
sentence, we apply lower-casing and remove URLs, newlines, “[]” and “()”. The
latter two often appear around URLs and image captions. Finally, we tokenize

each sentence using the Spacy'® tokenizer.

Whttps:/ /www.reddit.com/r/CasualConversation/
Uhttps://files.pushshift.io/reddit /comments/
2https://github.com/Marsan-Ma/chat corpus/
L3https:/ /spacy.io/
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TABLE 5.3: Dataset statistics.

Reddit | Twitter
Neutral 268K 649K
Joy 232K 308K
Sadness 236K 302K
Training | Surprise | 551K 543K
Fear 156K 325K
Anger 132K 373K
Total 1.58M 2.50M
Validation Total 49K 50K
Testing Total 49K 50K

For Twitter, we apply lower-casing and use the tweet preprocessor'* to remove
mentions, hashtags, URLs, reserved words, and numbers for each tweet. Each

tweet is then tokenized using the Spacy tokenizer.

For both datasets, we truncate each sentence to a maximum of 30 tokens. We use

the most frequent 30K words as the vocabulary for each dataset.

To obtain the ground-truth emotion labels for each response, similar to [3, 21],
we train an emotion classifier on emotional conversations. Specifically, we use the
emotional tweets released by Mohammad [234] and Mohammad et al. [235] to train
the emotion classifier. We consider neutral and Ekman’s six basic emotions [204]:
joy, sadness, surprise, fear, and anger, but exclude disgust due to its small amount
of training samples in the emotional tweets. We propose an emotion classifier
based on DeepMoji embeddings [236] followed by a linear layer and a softmax layer
(included in the supplementary material). Our classifier achieves an accuracy of
0.562 on a balanced test dataset, outperforming several competitive baselines such
as BiLSTM (0.446), CNN (0.547), BERT [76] (0.530) and XLNet [79] (0.522). We
then use our trained emotion classifier to annotate the responses in the datasets.

The statistics of the datasets are presented in Table 5.3.

We conduct both automatic and human evaluations. Automatic evaluations in-
clude 1) Fluency: perplexity (PPL), which measures the confidence of the gener-
ated responses; 2) Diversity: distinct-1 (dist-1) and distinct-2 (dist-2) [97], which
measure the percentage of unique unigrams and bigrams in the generated responses,
respectively; 3) Emotion Accuracy (EA): the emotion accuracy of the gener-

ated responses measured by our trained emotion classifier; and 4) Commonsense

“https://github.com/s/preprocessor
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Awareness (CA): the average number of commonsense triplets in one pair of

message and generated response, measured by ConceptNet.

Following [21], we conduct human evaluations to measure both the content qual-
ity (rating scale in {0, 1, 2}) and emotion quality (rating scale in {0, 1}) of the
generated responses. Content quality measures whether the response is natural
and related to the message, as well as how commonsense-aware the response is.
Emotion quality measures whether the response expresses the desired emotion ap-
propriately and accurately. We randomly sample 200 test messages and emotions
to generate 200 responses for each model. Each response is then annotated by

three annotators.

5.4.2 Baselines and Model Settings

We compare CARE with the following baselines:
Vanilla Models: Seq2Seq [18] and Transformer [49].

Commonsense-Aware Models: CCM [22] and ConceptFlow [126]. Concept-
Flow leverages multi-hop knowledge triplets and is a state-of-the-art model for

comimonsense-aware respomnse generation.

Emotional Models: ECM [21] and EmoDS [3]. EmoDS is a state-of-the-art

model for emotional response generation.

Pre-trained Model: CTRL [221]. CTRL is a large pre-trained conditional lan-
guage model with 1.6 billion parameters trained on 140GB of text. We fine-tune
CTRL on our training conversations such that it is able to produce emotional re-

sponses. CTRL has also been shown to contain commonsense knowledge [228, 237].

All baselines except CTRL have a vocabulary size of 30K and are initialized with
GloVe [158] embeddings of size 300. We use top-10 decoding [238, 239] for all
baselines'® except CTRL, which has a specially designed decoding algorithm. All
baselines except CTRL are implemented using OpenNMT-py [240] in PyTorch on
NVIDIA V100 GPUs.

15Top-10 decoding performs much better than beam search with beam sizes ranging from 5 to
40 in our manual inspection. In particular, beam search suffers from producing generic responses.




72 5.4. Experiments

TABLE 5.4: Automatic evaluation results on Reddit. Size denotes model size.
IT denotes inference time relative to Seq2Seq.

Models PPL Dist-1  Dist-2 EA CA Size IT
Seq2Seq 57.2 0.0035 0.0347 - 0.1349 38M 1.0x
Transformer | 63.8 0.0032 0.0371 - 0.1224 20M 1.5x
CCM 62.3 0.0046  0.0469 - 0.1222 74M 5.9x
ConceptFlow | 60.1  0.0047  0.0458 - 0.1375 33M 21.8x
ECM 65.6 0.0044 0.0506 0.5893 0.1105 40M 2.0x
EmoDS 76.6  0.0030 0.0455 0.6186 0.1107 46M 1.5x
CTRL - 0.0068 0.0447 0.3425 0.1502 1.6B 1876.7x
Ours 70.4  0.0049 0.0460 0.6840 0.1538 20M 1.9x

TABLE 5.5: Automatic evaluation results on Twitter.

Models PPL Dist-1  Dist-2 EA CA
Seq2Seq 79.7 0.0047 0.0522 - 0.1653
Transformer | 90.1  0.0053  0.0563 - 0.1728
CCM 82.5 0.0060 0.0663 - 0.1835
ConceptFlow | 89.1  0.0051  0.0556 - 0.1893
ECM 91.3 0.0056 0.0630 0.5619  0.1650
EmoDS 113.5 0.0030  0.0450 0.5950 0.1599
CTRL - 0.0108 0.0851 0.3995 0.1958
Ours 100.1  0.0064 0.0775 0.6693 0.2304

We use the same hyper-parameters on both datasets. Our TransE embeddings have
a dimension of 100 and achieve an accuracy of 0.89 for triplet classification on EA-
CKG. Our Transformer model has 1 layer and 4 attention heads. We initialize the
word embedding layer with pre-trained GloVe embeddings [158] of size 300. The
emotion embedding and feedforward layers have sizes of 50 and 512, respectively.
We train our model using Adam [163] with a learning rate of 1, a batch size of 64
and dropout of 0.1 for 80K steps, including 6K steps for warmup. We empirically
construct 30 relational latent concepts and 10 emotional latent concepts for each
response using Equation 5.3. We use label smoothing of 0.1, total smoothing value
of 0.08 for latent concepts in DLS, and top-10 decoding with v =1 in CATD.

5.4.3 Comparison with Baselines

We present the results of automatic evaluations in Table 5.4 and 5.5. Seq2Seq
achieves the lowest perplexity while Transformer achieves slightly better diversity
than Seq2Seq. Commonsense-aware models, i.e., CCM and ConceptFlow, obtain

slightly better diversity and CA; however, they are unable to generate responses
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TABLE 5.6: Human evaluation results for content quality. The inter-annotator
agreement, measured by Fleiss’ Kappa [4], are 0.441 and 0.479 for Reddit and
Twitter, respectively. Both datasets obtain “moderate agreement” and “sub-
stantial agreement”.

Models Neutral Joy Sadness Surprise Fear Anger Total

- Seq2Seq 0.62 0.79 0.69 0.78 0.72 0.74 0.73
g ConceptFlow 0.82 0.96 0.81 0.89 0.70 0.76  0.83
o EmoDS 0.76 0.89 0.86 0.71 0.63 068 0.75
~ CTRL 0.92 1.08 1.03 0.79 0.66 0.93 0.90
Ours 0.78 0.98 0.88 0.92 0.63 081 0.84

. Seq2Seq 0.92 0.76 0.79 0.85 0.81 099  0.86
jqj) ConceptFlow 0.97 0.91 0.98 1.03 0.87 085 0.93
b EmoDS 0.82 0.78 0.91 0.93 0.79 084 084
= CTRL 1.08 1.05 1.16 1.21 092 1.12 1.09
Ours 0.87 0.83 1.13 1.15 0.93 094 0.96

TABLE 5.7: Human evaluation results for emotion quality. The inter-annotator
agreement, measured by Fleiss’ Kappa [4], are 0.626 and 0.673 for Reddit and
Twitter, respectively. Both datasets obtain “moderate agreement” and “sub-
stantial agreement”.

Models Neutral Joy Sadness Surprise Fear Anger Total

- Seq2Seq 0.34 0.32 0.15 0.35 0.19 0.08 0.24
'_"g ConceptFlow | 0.45 0.35 0.17 0.31 0.16 0.15 0.26
9 EmoDS 0.66 0.72 0.67 0.52 041 0.38  0.56
~ CTRL 0.50 0.63 0.42 0.34 024 038 0.42
Ours 0.68 0.75 0.63 0.76 0.44 042 0.62

. Seq2Seq 0.33 0.23 0.21 0.17 025 029 0.25
jqj) ConceptFlow 0.42 0.28 0.22 0.19 0.21 0.26 0.27
2 EmoDS 0.46 0.48 0.56 0.63 0.65 0.65 0.57
H CTRL 054 0.62  0.50 068 071 061 0.6l
Ours 0.57  0.58 0.62 0.71 0.74 0.63 0.64

with specified emotions. Emotional models, i.e., ECM and EmoDS, achieve the
highest EA among all baselines but the worst in perplexity and CA, suggesting
that they only specialize in emotion and neglect commonsense. It is not surprising
that CTRL achieves the highest diversity among all models, partially due to its
large vocabulary size of 250K. However, it achieves inferior EA. Our model achieves
better EA and CA than all baselines, especially CTRL, which is also capable of
producing commonsense-aware emotional responses, suggesting that our model can

generate more commonsense-aware responses while achieving higher EA.

16We initially suspected that this is due to underfitting; however, low EA persists even we
gradually increased the number of fine-tuning steps until observing noticeable overfitting.
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We present the results of human evaluations in Table 5.6 and 5.7. The responses
of all non-emotional models are generated via top-10 decoding six times. Concept-
Flow obtains similar emotion quality but noticeably better content quality than
Seq2Seq due to its incorporation of multi-hop triplets. EmoDS achieves compara-
ble content quality but much better emotion quality than Seq2Seq. CTRL obtains
the best content quality among all models but only mediocre emotion quality, es-
pecially on Reddit. Our model performs best in emotion quality (¢-test, p < 0.01).
In addition, our model achieves significantly better content quality than EmoDS
(t-test, p < 0.01), showing that our model can produce better commonsense-aware
emotional responses than EmoDS. Finally, our model outperforms ConceptFlow in
content quality. One possible reason is that the graph search method in Concept-
Flow heavily relies on the coverage of ConceptNet to extract knowledge triplets,
but ConceptNet only has an average coverage of 27% on Reddit and Twitter. In
contrast, our model has less such restriction and can construct an arbitrary number

of latent concepts given any input message.

We further analyze the space and time complexity of all models in the rightmost
columns of Table 5.4. Notably, our model has comparable space and time complex-
ity with respect to vanilla baselines. In contrast, despite the competitive perfor-
mance of CTRL, it is around 80x larger in model size and 1,000x slower in inference

than our model, rendering it intractable for real-time applications.

5.4.4 Model Analysis

We conduct ablation study and present the results in Table 5.8 and 5.9. It is
clear that the removal of any component except EAGA leads to much worse per-
formance in both EA and CA, validating the importance of these components in
our model. In particular, we observe that 1) our approach of constructing latent
concepts performs better than alternatives (-ET+EL and -TransE); and 2) the
removal of EAGA leads to significantly higher perplexity, diversity, and CA. The
higher perplexity may be attributed to the additional supervisions of DLS on latent
concepts, which are not explicitly incorporated into the model due to the lack of
EAGA. The higher diversity and CA may be attributed to the untrained A, 4;, and

2 (see Equation 5.5), which sometimes leads to ungrammatical but diverse latent
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TABLE 5.8: Ablation study on Reddit. -ET+EL: replace the tails of the ex-
tracted emotional triplets (ET) by randomly sampled corresponding emotional
words from an emotion lexicon (EL) [5]. -TransE: instead of using TransE,
search neighbors with a growing neighborhood size (up to 3) on EA-CKG to
find latent concepts based on the message and emotion. -EAGA: remove the
emotion-aware graph attention. -DLS: remove the dynamic label smoothing.
-DLS+LS: replace the dynamic label smoothing by conventional label smooth-
ing (LS) of 0.1. -CATD: replace the concept-aware top-K decoding by the
conventional top-K decoding.

Models PPL Dist-1  Dist-2 EA CA
Ours (CARE) | 70.4 0.0049 0.0460 0.6840 0.1538
-ET+EL 72.2 0.0040 0.0428 0.6518 0.1332
-TransE 72.8 0.0039 0.0430 0.6595 0.1261
-EAGA 79.6 0.0045 0.0484 0.6258 0.1635
-DLS 72.6  0.0038 0.0441 0.6497 0.1277
-DLS + LS 72.5 0.0040 0.0443 0.6421 0.1318
-CATD 70.4 0.0036 0.0373 0.6094 0.1394

TABLE 5.9: Ablation study on Twitter. Refer to Table 5.8 for details of ablated
models.

Models PPL Dist-1 Dist-2 EA CA
Ours (CARE) | 100.1 0.0064 0.0775 0.6693 0.2304
-ET+EL 100.8  0.0057 0.0669 0.6266  0.2077
-TransE 101.8 0.0057 0.0660 0.6391  0.1960
-EAGA 116.3 0.0080 0.1303 0.4775 0.3512
-DLS 100.7  0.0056  0.0682  0.6162  0.2050
-DLS + LS 101.2  0.0055 0.0675 0.6194 0.2013
-CATD 100.1 0.0059 0.0630 0.5848  0.1903
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FIGURE 5.3: Hyper-parameter analysis on EA and CA. (a) Different number
of latent concepts for each response (see m in Equation 5.3), where 1/4 latent
concepts are emotional. (b) Different total smoothing values for latent concepts
in DLS. (c) Different v (see Equation 5.6) in CATD.

concepts during decoding. Our observation validates the importance of EAGA in

attending more related latent concepts.
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TABLE 5.10: Case studies. Words in bold and ¢talic denote relational and
emotional latent concepts, respectively.

Message Why do you avoid starbucks?
Seq2Seq It’s not bad.
Neutral It ’s just a general dislike of the company.
Joy Tea is my favorite.
Ours Sadness I’'m not a big fan of coffee. It ’s too bitter for me.
(CARE) | Surprise | I'm not sure. Maybe because of the coffee shop thing?
Fear I’'m not sure. It’s just a weird feeling.
Anger I hate the taste of coffee. It’s just so bitter and gross.
Message I’d like to confess that I'm a cat person way more
then a dog person.
Seq2Seq I hope you get the chance.
Neutral I’'m curious to hear the story behind this!
Joy Yes! I love their eyes, I love them.
Ours Sadness I don’t understand the difference though :(
(CARE) | Surprise What kind of cat you like 7
Fear That’s the worst!
Anger That’s a little annoying!

We analyze the impact of different model hyper-parameters on EA and CA, as
shown in Figure 5.3. Using 40 latent concepts achieves the sweet spot for model
complexity. Regarding DLS, increasing the total smoothing values for latent con-
cepts in the [0,0.08] range improves model performance. However, we do observe
degraded fluency when using larger smoothing values, which is expected because
the true learning signal is weakened. Increasing v in CATD consistently improves
EA and CA for our model. However, models using larger v, e.g., 1.5, sometimes

produce unfluent long responses due to its overemphasizes on latent concepts.

5.4.5 Case Study and Error Analysis

We present two sample cases in Table 5.10. Given a message and desired emo-
tions, our model produces commonsense-aware responses with the desired emotions,
guided by both relational and emotional latent concepts. For example, given the
message concept “starbucks” and the anger emotion, the relational latent concept
“coffee” and the emotional latent concept “gross” are constructed and incorporated
into response generation. However, we do observe bad cases where the latent con-

cepts overemphasize on emotional intensity, and the response becomes unnatural.
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5.4.6 Limitation

One major limitation of our work is the mediocre accuracy of our trained emotion
classifier, which can be attributed to the unavailability of large-scale datasets for
emotional conversations and sentences. Nevertheless, our proposed lightweight
classifier obtains better performance than the best models reported in [3, 21] and
BERT. A potential solution to this limitation is to leverage few-shot learning on
BERT-like models.

5.5 Summary

In this chapter, we propose CARE as the first attempt to test the hypothesis that
combing commonsense and emotion into conversational agents can improve re-
sponse quality and human ratings. Specifically, we build an EA-CKG and leverage
its TransE embeddings to allow CARE to reason over the EA-CKG and construct
both relational and emotional latent concepts. We further propose three methods to
collaboratively incorporate the latent concepts into response generation. Extensive
ablation studies show that our methods of constructing and incorporating latent
concepts outperform alternative methods. In addition, both automatic and human
evaluations show that CARE can produce more accurate and commonsense-aware
emotional responses than state-of-the-art commonsense-aware models and emo-

tional models. Finally, our work provides empirical evidence for our hypothesis.






Chapter 6

Persona-Based Empathetic

Conversational Agents

6.1 Overview

In the previous chapters, we have proposed several methods of endowing open-
domain conversational agents (CAs) with emotion and commonsense. In this chap-
ter, we focus on incorporating other two human traits, i.e., persona and empathy,
into open-domain CAs'. In addition, we study the impact of persona and empathy
on CAs. In particular, we investigate the link between persona and empathy in

human conversations.

Empathy refers to the capacity to understand or feel another’s mental states and re-
spond appropriately [43]. Empathy is vital in building good interpersonal relation-
ships [44]. In NLP, empathetic conversational models have been shown to improve
user satisfaction and task outcomes in numerous domains [45-47, 130, 148]. For
example, empathetic agents received more positive user ratings, including greater

likeability and trustworthiness than controls [241].

Early studies in empathetic conversational models are primarily based on rules.
Klein [45] designed scripted dialogues to handle user frustration and found that
empathetic dialogues significantly helped people handle the frustration than two

IThis chapter is published as Towards Persona-Based Empathetic Conversational Models, Pro-
ceedings of EMNLP 2020 [52].

79
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FIGURE 6.1: TF-IDF similarity between two sets of empathetic responses [2]
for each emotion (best viewed in color). For most emotions (28 out of 32), the
similarity between responses from two different speakers (blue) is substantially
smaller than the similarity between two random disjoint sets of responses (or-
ange, averaged over five runs).

controls. In recent years, neural network based conversational models [18, 19] are
becoming dominant. Zhou et al. [47] designed Xiaolce, a popular Al companion
with an emotional connection to satisfy the human need for communication, affec-
tion, and social belonging. Recently, Rashkin et al. [2] presented a new dataset and
benchmark towards empathetic conversations and found that both Transformer-
based generative models [49] and BERT-based retrieval models [76] relying on this
dataset exhibit stronger empathy.

However, most existing studies, e.g., [2], do not consider persona when producing
empathetic responses®. In Psychology, persona refers to the social face an individ-
ual presents to the world [37]. Persona is different from personality® but they have
been shown to be highly correlated [38]. Personality has also been shown to influ-
ence empathy [242-244]. For example, the Big Five personality traits have been
shown to be able to predict the empathy skills accurately across different cultures

[244]. In addition, our empirical analysis of empathetic conversations in Figure

20One exception is Xiaolce [47]; however, her persona is not configurable and thus difficult to
satisfy various human needs.

3Persona is considered more subjective because it is the appearance an individual wants to
present to the world, whereas personality is considered more objective because it is the charac-
teristics of an individual.
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6.1 also shows that for most emotions, the empathetic responses from two differ-
ent persons® have more differences than that between two disjoint sets of random
responses, suggesting that different speakers have different “styles” for empathetic
responding. Both the theories in Psychology and the evidence from our empirical
analysis suggest that persona plays an important role in empathetic conversations,

which, to the best of our knowledge, has not been investigated before®.

To this end, we propose a new task towards persona-based empathetic conversations
and present the first empirical study on the impact of persona on empathetic
responding. However, one major challenge of this task is the lack of relevant

datasets, i.e., existing datasets only focus on either persona or empathy but not
both (see Table 6.4 for details).

In this chapter, we propose a novel large-scale multi-turn Persona-based Empathetic
Conversation (PEC) dataset in two domains with contrasting sentiments, obtained

from the social media Reddit, to facilitate our study.

We then propose CoBERT, an efficient BERT-based response selection model us-
ing multi-hop co-attention to learn higher-level interactive matching. CoBERT
outperforms several competitive baselines on PEC, including Poly-encoder [245],
the state-of-the-art BERT-based response selection model, by large margins. We
conduct additional comparisons with several BERT-adapted models and extensive

ablation studies to evaluate CoOBERT more comprehensively.

Finally, based on PEC and CoBERT, we investigate the impact of persona and
empathy on response quality and human ratings. In particular, we study the
impact of persona on empathetic responding. In addition, we analyze how limited
persona data improves model performance and how our model generalizes to new

personas.

In summary, our main contributions in this chapter are as follows:

e We propose a new task and a novel large-scale multi-domain dataset, PEC,

towards persona-based empathetic conversations.

4Each response in [2] has a speaker id but no persona.
A very recent work [106] incorporates persona and empathy by fine-tuning on corresponding
datasets; however, it does not investigate the impact of persona on empathetic responding.
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e We propose CoBERT, a BERT-based response selection model that obtains
the state-of-the-art performance on PEC. Extensive experimental evaluations
show that CoBERT is both effective and efficient.

e We conduct experiments and show that both persona and empathy are ben-
eficial to response quality and human ratings. In addition, we present the
first empirical study on the impact of persona on empathetic responding.
The results show that persona improves empathetic responding more when
CoBERT is trained on empathetic conversations than non-empathetic ones,
establishing an empirical link between persona and empathy in human con-
versations. This link may suggest that persona has a larger impact on em-

pathetic responding than casual responding.

6.2 Related Work

Empathetic Conversational Models: Despite the growing number of studies
in neural conversational models, less attention has been paid to make conversa-
tions empathetic until recently [2, 131-136, 246, 247], possibly due to the lack
of empathetic conversation datasets. Rashkin et al. [2] proposed EMPATHET-
ICDIALOGUES (ED), the first empathetic conversation dataset comprising 25K
conversations in 32 emotions. Conversational models trained on the role of the
listener in the dataset exhibited stronger empathy than models trained on non-
empathetic datasets. The comparison between ED and PEC is presented in the
last paragraph of Section 6.3. Recently, Lin et al. [135] proposed a mixture of
empathetic listeners that first captures the user emotion distribution at each turn
and then softly combines the output states of each emotional listener to generate

empathetic responses.

Persona-Based Conversational Models: In recent years, personalized conver-
sational models are emerging [7, 40, 127-129, 248]. Li et al. [40] proposed persona
embeddings in a response generation model and achieved improved generation qual-
ity and persona consistency. Zhang et al. [7] proposed PERSONA-CHAT (PC),
a crowd-sourced conversation dataset with persona information, to improve model
engagingness and consistency. Mazare et al. [8] further presented a much larger

persona-based conversation dataset collected from Reddit (PCR) and showed that
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TABLE 6.1: Statistics of PEC. #Avg.PS and #Std.PS denote average and stan-
dard deviation of the number of persona sentences per speaker, respectively.
#Avg.U denotes the average utterance length. #Avg.P denotes the average
persona sentence length.

happy offmychest

train valid test train wvalid test

#Conv. 157K 20K 23K 124K 16K 15K
#Utter. 367K 46K 54K 293K 38K 35K
#Speaker 93K 17K 19K 89K 16K 16K
#Avg.PS 66.0 70.8 70.0 59.6 66.8 67.1
#Std.PS  38.1 36.7 36.9 40.2 39.0 38.8
#Aveg U 215 219 213 304 31.5 30.0
#AvgP 109 108 108 109 109 10.9

persona consistently improves model performance even when a large number of con-
versations is available. The comparison among PC, PCR, and PEC is presented
in the last paragraph of Section 6.3. Recently, Gu et al. [249] proposed DIM, a
personalized response selection model with interactive matching and hierarchical

aggregation, and achieved state-of-the-art performance on PC.

Retrieval-Based Conversational Models: Recent neural retrieval-based con-
versational models generally have three modules: encoding, matching and aggre-
gation [19, 92-94, 250-253] (see Section 2.2.2). The encoding module encodes text
into vector representations using encoders such as LSTM, Transformer, or BERT.
The matching module measures context-response associations using various atten-
tion mechanisms at different granularities. The aggregation module summarizes
the matching information along each sequence to obtain the final representation.
A recent work Humeau et al. [245] proposed Poly-encoder, an efficient BERT-based
response selection model that obtained the state-of-the-art performance on multiple

conversation datasets.

6.3 The PEC Dataset

In this section, we introduce the collection procedure and statistics of our proposed

persona-based empathetic conversation (PEC) dataset.
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TABLE 6.2: Sentiment and empathy of PEC and the control group based on
human ratings. Sentiment ranges from -1 (negative) to 1 (positive). Empathy
ranges from 0 (non-empathetic) to 1 (empathetic). Ratings are aggregated by
majority voting (averaging shows similar results). The inter-annotator agree-
ment, measured by Fleiss’ kappa [6], for sentiment and empathy are 0.725 and
0.617, respectively. Both agreement statistics indicate “substantial agreement”.

happy offmychest control group
Sentiment  0.85 -0.39 0.03
Empathy 0.73 0.61 0.25

Data Source We collect empathetic conversations from two subreddits happy®
and offmychest” on Reddit, a discussion forum where users can discuss any topics
on their corresponding sub-forums/subreddits. The happy subreddit is where users
share and support warm and happy stories and thoughts. The offmychest subreddit
is where users share and support deeply emotional things that users cannot tell
people they know. We choose these two subreddits as our data source because
their posts have contrasting sentiments and their comments are significantly more
empathetic than casual conversations, i.e., the control group, as shown in Table
6.2.

Conversation Collection Discussions on Reddit are organized in threads where
each thread has one post and many direct and indirect comments. Each thread
forms a tree where the post is the root node, and all comment nodes reply to their
parent comment nodes or directly to the root node. Therefore, given a thread with
n nodes, we can extract n—1 conversations where each conversation starts from the
root node and ends at the n — 1 non-root nodes. We randomly split conversations
by threads according to the ratio of 8:1:1 for training, validation, and test sets,

respectively.

Persona Collection Following [8], for each user in the conversations, we collect
persona sentences from all posts and comments the user wrote on Reddit. The
posts and comments are split into sentences, and each sentence must satisfy the
following rules to be selected as a persona sentence: 1) between 4 and 20 words; 2)
the first word is “i”; 3) at least one verb; 4) at least one noun or adjective; and 5)
at least one content word. Our rules are stricter than that from [8], allowing us to
extract less noisy persona sentences. For each user, we extract up to 100 persona

sentences.

Shttps://www.reddit.com/r/happy/
Thttps://www.reddit.com/r /offmychest /
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TABLE 6.3: Two example conversations with personas from PEC. The persona
sentences correspond to the last speakers in the conversations.

happy

offmychest

Celebrating 43 years of marriage
with the love of my life.

Worried. Am I becoming depressed again?
Please don’t leave me. Is everything okay?
You don’t seem yourself.

g She looks very young for someone | I’'m living these exact words.

‘€ | who has been married 43 years.

% That must surely put her in the

% 63-73yr age range?!

O | I just turned 61, thanks! I hope everything works out for you. I'm

trying not to fall apart.

I hope I look that young when | Me too. If you ever want someone to talk
I’'m 61! You guys are too cute, | to my messages are open to you.
congratulations :)

< | I took an 800 mg Ibuprofen and | T think I remember the last time I ever

§ | it hasn’t done anything to ease | played barbies with my litter sister.

% the pain.

oW

I like actively healthy.

I have become so attached to my plants and
I really don’t want it to die.

I want a fruit punch!

I'm just obsessed with animals.

TABLE 6.4: Comparisons between PEC and related datasets. ED denotes EM-
PATHETICDIALOGUES [2]. PC denotes PERSONA-CHAT [7]. PCR denotes
the persona-based conversations from Reddit [8].
The size denotes the number of expanded conversations.

CS denotes crowd-sourced.

Dataset Source Persona FEmpathy Size Public
ED CS v 78K v
PC CS X 151K v
PCR Reddit X 700M X
PEC (ours) Reddit v 355K v

Note that we choose our approach to persona collection because 1) the well-

established work [8] successfully trained personalized agents using this approach; 2)

this approach is significantly more scalable and cost-effective than crowd-sourcing;

and 3) we are concerned that using crowd-sourcing, i.e., assigning artificial personas

to crowd-workers and asking them to chat empathetically based on the assigned

personas, would introduce worker-related noises such that models may merely learn

superficial empathetic responding patterns that crowd-workers deem suitable given

the assigned personas.

Data Processing We keep a maximum of 6 most recent turns for each conver-

sation. We filter conversations to ensure that 1) each post is between 2 and 90
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words; 2) each comment is between 2 and 30 words®; 3) all speakers have at least
one persona sentence; and 4) the last speaker is different from the first speaker
in each conversation. The last requirement is to maximally ensure that the last
utterance is the empathetic response instead of a reply of the poster. In addition,
persona sentences appearing in the conversation responses are removed to avoid
data leakage. Finally, we lower-case all data and remove special symbols, URLs,
and image captions from each sentence. The statistics of PEC are presented in
Table 6.1. Two examples of PEC are shown in Table 6.3.

Note that it may not be easy to see explicit links in Table 3, but that is exactly what
we are studying for, i.e., to uncover the implicit (and possibly unexpected) links
between persona and empathy using real user data. For example, the utterance “I
hope I look that young” may implicitly link to the persona “I like actively healthy”
in Table 6.3.

Data Annotations We manually annotate 100 randomly sampled conversations
from each domain to estimate their sentiment and empathy. To avoid annotation
bias, we add a control group comprising 100 randomly sampled casual conversations
from the CasualConversation® subreddit, where users can casually chat about any
topics. Finally, we mix and shuffle these 300 conversations and present them to
three annotators. The annotation results are presented in Table 6.2. The posts in
the happy and offmychest domains are mostly positive and negative, respectively.
Both domains are significantly more empathetic than the control group (p < 0.001,
one-tailed t-test).

Conversation Analysis We conduct conversation analysis for PEC, similar to
our analysis for ED [2] in Figure 6.1. Specifically, the TF-IDF similarities between
responses from two different persons are 0.25 and 0.17 for happy and offmychest,
respectively, whereas the TF-IDF similarities between two disjoint sets of random
responses are 0.38 (£0.05) and 0.31 (£0.05) for happy and offmychest over 5 runs,
respectively. The results show that empathetic responses between different per-
sons are more different than that between random empathetic responses in PEC,
suggesting that different speakers in PEC have different “styles” for empathetic

responding.

8Posts are usually longer than comments. 87% posts and 82% comments on happy are less
than 90 and 30 words, respectively. 24% posts and 59% comments on offmychest are less than
90 and 30 words, respectively.

9https://www.reddit.com/r/CasualConversation/
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FIGURE 6.2: Our CoBERT architecture.

Comparisons with Related Datasets Table 6.4 presents the comparisons be-
tween PEC and related datasets. PEC has the unique advantage of being both
persona-based and empathetic. In addition, PEC is collected from social media,
resulting in a much more diverse set of speakers and language patterns than ED
2] and PC [7], which are collected from only hundreds of crowd-sourced workers.
Finally, PEC is over 2x larger than the other two public datasets, allowing the

exploration of larger neural models in future research.

6.4 BERT with Multi-Hop Co-Attention (CoBERT)

In this section, we briefly introduce the task of response selection and present our

proposed CoBERT model, as shown in Figure 6.2.

6.4.1 Task Definition

We denote a training conversation dataset D as a list of N conversations in the for-
mat of (X, P,y), where X = {X1, Xy, ..., X, } denotes the ny context utterances,
P ={P,,P,,.., P, } denotes the np persona sentences of the respondent, and y
denotes the response to X. The task of response selection can be formulated as
learning a function f(X, P,y) that assigns the highest score to the true candidate

y and lower scores to negative candidates given X and P. During inference, the
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trained model selects the response candidate with the highest score from a list of

candidates.

6.4.2 BERT Representation

We use BERT [76] as our sentence encoders. Similar to the Bi-encoder [245],
we concatenate context utterances as a single context sentence before passing it
into BERT. Since there is no ordering among persona sentences, we concatenate
randomly ordered persona sentences!’. After passing the context, persona and
response to BERT encoders, we obtain their vector representations X € R™*¢,
P ¢ R”? and Y € R™ from the last layer, respectively, where d denotes the
embedding size of BERT, and m, ¢ and n denote the sequence lengths of context,

persona and response, respectively. Note that different segment ids are used to

differentiate speaker and respondent utterances in the context.

6.4.3 Hop-1 Co-attention

Given X and Y, we learn the first-order matching information using co-attention

[254]. Specifically, we first compute the word-word affinity matrix Axy € R™*™:
Axy = XYT. (6.1)

Then the context-to-response attention Axsy € R™*" and the response-to-context

attention Ayox € R™™ ™ can be computed as follows:
Axay = softmar(Axy), (6.2)

Avyox = softmar(Axy), (6.3)

where softmax denotes the softmax function along the second dimension. Finally,
we obtain the attended context representation X = AxoyY € R™*? and response

representation Y’X = Ava2x X € R"¥4,

10Reusing the same positional information for all persona sentences [127] to model position
invariance produces worse performance in our preliminary experiments.
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To aggregate the first-order matching information and extract discriminative fea-
tures, we apply max-pooling to X and YIX along the sequence dimension and
obtain X/, € RY and Y c R4

’

X,max

6.4.4 Hop-2 Co-attention

We propose the hop-2 co-attention to learn second-order interactive matching.
Different from the attention-over-attention for reading comprehension [255], our
method learns bidirectional matching for response selection. Specifically, we apply

attention over the attention matrices:

’

AX = m@an(szy)Ayzx, (64)

!

AY = m@(ln(Ayzx)szy, (65)

where AX, e RY™™ and AY, € R™" denote the second-order attention over X and
Y, respectively, and mean denotes mean pooling along the first dimension. Then
we obtain the attended context representation X' = Ax X € R? and response

representation Yy = Ay’ Y € R%.

We apply the same procedure to match P and Y, and obtain the first-order match-

!

ing information P € R? and Y’Pmaw € R? and the second-order matching

max

information P” € R? and Yp € R%

Intuitively, our hop-1 co-attention learns attended representations for X and Y,
and our hop-2 co-attention learns “truly” attended representations for X and Y

where the weights are computed from attentions over attentions.

6.4.5 Loss

/

max? mal‘; P”] e ]R4d and
Yy, Y Yp| € R* where [;]

denotes concatenation. Then we use dot product to compute the final matching

We obtain the final context representation X; = [X’ X" P

/

!
P max>

the final response representation Yy = [Yx 405

score:

f(X,Py) = dot(Xs, Yy). (6.6)
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We optimize our model by minimizing the cross-entropy loss for selecting the true

candidate from a list of candidates. Formally, the loss ® is computed as follows:

>

(X»P7y)NID ZgNN(X)

ef(X,Py)

(6.7)

where NV (X) denotes a set of randomly sampled negative candidates for the context
X.

6.5 Experiments

In this section, we present the datasets, evaluation metrics, baselines, model set-

tings, experimental results and analysis.

6.5.1 Datasets and Evaluation Metrics

We evaluate models on PEC and its two sub-domains, i.e., happy and offmychest.
The training, validation, and test splits of PEC are combined from the correspond-

ing splits from happy and offmychest. The dataset statistics are shown in Table 5.3.

Following [93, 245, 249], we evaluate models using Recall@k where each test exam-
ple has C' possible candidates to select from, abbreviated to RQk, as well as mean
reciprocal rank (MRR). In our experiments, we set C' = 100 and k£ = 1,10, 50. The
candidate set for each test example includes the true response and other C' — 1

randomly sampled responses from the test set.

6.5.2 Baselines and Model Settings

We compare CoBERT with several competitive baselines. Note that the BoW,
HLSTM [19], and Bi-encoder [245] baselines share the same Tri-encoder architec-
ture, where the final matching score is the dot product between the average of

context and persona representations and the response representation.

BoW: The context, persona, and response encoders compute the averaged word

embedding.
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HLSTM [19]: The context encoder has an utterance-level BILSTM and a context-
level BiLSTM. All three encoders share the same utterance-level BiLSTM. We
average separately encoded persona sentence representations to obtain the final

persona representation.

DIM [249]: A state-of-the-art non-pretraiend model for persona-based response
selection. DIM adopts finer-grained matching and hierarchical aggregation to learn

rich matching representation.

Bi-encoder [245]: A state-of-the-art BERT-based model for empathetic response

selection [2].

Poly-encoder [245]: A state-of-the-art BERT-based model for response selection.
Poly-encoder learns latent attention codes for finer-grained matching. Note that
we do not consider Cross-encoder [245] as an appropriate baseline because it per-
forms two orders of magnitude slower than Poly-encoder in inference, rendering it

intractable for real-time applications.

We use fastText [256] embeddings of size 300 to initialize BoW and HLSTM. We
follow the released code!! to implement DIM. For all BERT-based models, we use
the base version of BERT and share parameters across all three encoders'?. We use
128 context codes for Poly-encoder'®. We optimize all BERT-based models using
Adam [163] with a batch size of 64 and a learning rate of 0.00002. The positive
to negative candidates ratio during training is set to 1:15. We use a maximum of
nx = 6 contextual utterances and a maximum of np = 10 persona sentences for
each conversation. We conduct all experiments on NVIDIA V100 32GB GPUs in

mixed precision.

6.5.3 Comparison with Baselines

Table 6.5 and Table 6.6 present the test results of COBERT and all baselines on PEC
and its two sub-domains. Among the non-pretrained models, DIM outperforms

BoW and HLSTM by large margins on all datasets, demonstrating the importance

Uhttps://github.com/JasonForJoy /DIM

12A shared BERT encoder obtained better performance than separate encoders in our prelim-
inary experiments.

13More context codes result in memory error in our experiments. According to [245], more
context codes only lead to marginally better results.
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TABLE 6.5: Test performance (in %) of CoBERT and all baselines on happy
and offmychest. Values in bold denote best results.

happy offmychest
Models R@l1 R@10 R@50 MRR | R@1 R@10 R@50 MRR
BoW 10.2  45.6 85.2 21.8 | 139 51.6 87.1 26.2
HLSTM 15.7  53.6 91.6  28.1 | 17.6  55.7 91.8  30.2
DIM 31.3  67.0 95.5  43.0 | 40.6 72.6 96.4  51.2

Bi-encoder 324 713 96.5 45.1 | 424 784 97.6 54.5
Poly-encoder 33.7 721 96.7 46.4 | 434 79.3 97.7 95.3
CoBERT (ours) | 36.2 73.0 96.9 48.4 |47.0 79.7 97.8 58.0

TABLE 6.6: Test performance (in %) of CoBERT and all baselines on PEC.
Values in bold denote best results.

PEC (happy + offmychest)

Models R@1 R@10 R@50 MRR
BoW 154 529 86.7 274
HLSTM 222  63.0 94.8 35.2
DIM 39.3 74.6 97.3 50.5

Bi-encoder 42.3  79.2 98.1 54.4
Poly-encoder 43.0 798 98.2 55.2
CoBERT (ours) | 45.1 80.5 98.3 56.7

TABLE 6.7: Transfer test of COBERT in RQ1 (in %).

Train Test happy offmychest PEC
happy 36.2 41.2 40.5
offmychest 28.8 47.0 38.4
PEC 37.0 47.5 45.1

of finer-grained matching and hierarchical aggregation for response selection. The
simple Bi-encoder performs noticeably better than DIM, suggesting that sentence
representation is another critical factor in response selection and that BERT can
provide much richer representation than the BiLSTM used in DIM. Poly-encoder
performs best among all baselines because it leverages the strengths of both BERT

and attention-based finer-grained matching.

Our CoBERT consistently outperforms all baselines on all datasets with large mar-
gins, including the state-of-the-art Poly-encoder. The performance gain is primarily
attributed to our multi-hop co-attention, which learns higher-order bidirectional
word-word matching between context and response, whereas Poly-encoder only
learns the first-order unidirectional attention from response to context using la-

tent attention codes. Efficiency-wise, CoOBERT has slightly longer inference time
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(1.50x) but requires much less memory usage (0.62x) than Poly-encoder, as shown
in Table 6.8.

We further investigate how well our CoBERT can generalize across different do-
mains, as reported in Table 6.7. In general, in-domain test results are better than
out-of-domain test results. The transfer performance from happy to offmychest
(41.2%) and vice versa (28.8%) are comparable to the in-domain performance of
DIM (40.6% on offmychest and 31.3% on happy), suggesting that our CoBERT

can generalize well across empathetic conversations in contrasting sentiments.

6.5.4 Comparison with BERT-adapted Models

To perform a more comprehensive evaluation of CoBERT, we further compare
CoBERT with several competitive BERT-adapted models where the sentence en-
coders are replaced by BERT. We report the results in the middle section of Table
6.8.

BERT + MemNet [7]: MemNet incorporates persona into context using a Mem-
ory Network [257] with residual connections. The BERT+MemNet model performs
slightly worse than Bi-encoder and much worse than our CoBERT, although it

achieves slightly faster inference than Bi-encoder.

BERT+DAM [93]: DAM aggregates multi-granularity matching using convo-
lutional layers. The BERT+DAM model performs significantly better than Bi-
encoder in R@Q1, demonstrating the usefulness of learning n-gram matching over

the word-word matching matrices. Nevertheless, CoBERT performs noticeably
better and has faster inference (7.13x) than BERT+DAM.

BERT+DIM [249]: The BERT+DIM model combines the benefits from both
the strong sentence representation of BERT and the rich finer-grained matching
of DIM. However, BERT+DIM performs slightly worse than CoBERT, suggesting
that the more complex matching and aggregation methods in DIM do not lead
to performance improvement over our multi-hop co-attention. In addition, our
CoBERT is substantially faster (9.18x) than BERT+DIM in inference, thus more

practical in real-world applications.
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TABLE 6.8: Validation performance (in %), inference time, and memory us-
age (RAM) for baselines, BERT-adapted models and ablation studies on PEC.

Inference time and RAM are relative to the Bi-encoder.

Model R@1 MRR Inference Time RAM
Baselines

DIM 40.3 51.6 10.36x 0.79x

Bi-encoder 42.6  55.2 1.00x 1.00x

Poly-encoder 43.3  55.7 1.33x 1.84x

BERT-adapted Models

BERT+MemNet 42.3 53.8 0.87x 0.89x

BERT+DAM 45.0  56.9 14.26x 1.57x

BERT-+DIM 46.1  57.7 18.36x 1.78x
Ablations

CoBERT (ours) 46.2 57.9 2.00x 1.14x

- hop-1 44.0  56.2 1.65x 1.11x

- hop-2 45.5  57.1 1.76x 1.11x

+ hop-3 46.0 57.6 2.70x 1.13x

- max + mean 44.1 56.3 2.12x 1.13x

+ mean 46.1  57.8 2.71x 1.15x

6.5.5 Ablation Study

We conduct ablation studies for CoBERT, as reported in the bottom section of
Table 6.8. Removing either hop-1 or hop-2 co-attention results in noticeably worse
performance, albeit slightly faster inference. Removing hop-1 leads to larger per-
formance drop than removing hop-2, suggesting that the first-order matching in-
formation seems more important than the second-order matching information for
response selection. An additional hop-3 co-attention results in slightly worse per-
formance, suggesting that our two-hop co-attention is the sweet spot for model

complexity.

Replacing the max pooling in the hop-1 co-attention by mean pooling leads to much
worse performance. In addition, concatenating the results from both max and mean
pooling slightly degrades performance, as well as inference speed, suggesting that

max pooling may be essential for extracting discriminative matching information.

6.5.6 Human Evaluation

We conduct human evaluation to investigate the impact of persona and empathy

on response quality. Various models are trained and tested using different training
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TABLE 6.9: Human evaluation. P.Con. measures the persona consistency of
the response. Empathy measures the empathy level of the response. Overall
measures the overall quality of the response. All three metrics, i.e., P.Con.,
Empathy, and Overall are rated in the scale of [1, 5], higher is better.

Model Train Test Persona P.Con. Empathy Overall
CoBERT CASUAL CASUAL v 3.14 3.26 3.52
CoBERT CASUAL PEC v 3.02 3.54 3.75
CoBERT PEC PEC v 3.18 3.87 4.03
CoBERT PEC PEC X 2.95 3.61 3.81

Poly-encoder PEC PEC v 3.17 3.66 3.87

and testing datasets with or without persona information. Each setting is evaluated

using 100 responses by three annotators. The results are reported in Table 6.9.

We have the following observations (p < 0.01, one-tailed ¢-test): 1) using PEC as
test candidates improves empathy and overall ratings over CASUAL; 2) training on
PEC improves empathy and overall ratings over CASUAL; 3) providing CoBERT
with persona improves persona consistency, empathy, and overall ratings; and 4)
CoBERT outperforms Poly-encoder in empathy and overall ratings. Observations
1) and 2) validate the effectiveness of our proposed PEC dataset and show the pos-
itive impact of empathy on human ratings. Observation 3) suggests that persona
improves human ratings as well. Observation 4) shows that our proposed CoBERT

outperforms Poly-encoder in human evaluations.

6.5.7 Impact of Persona on Empathetic Responding
Empathetic vs. Non-empathetic

We investigate whether persona improves empathetic responding more when CoBERT
is trained on empathetic conversations than non-empathetic ones. First, we in-
troduce a non-empathetic conversation dataset as the control group, denoted as
CASUAL, which is the same as the control group in Section 6.3 but much larger
in size. The CASUAL dataset is collected and processed in the same way as PEC
but has significantly lower empathy than PEC (see Table 6.2). The sizes of train-
ing, validation, and test splits of CASUAL are 150K, 20K, and 20K, respectively.
Then, we replace a random subset of training examples from CASUAL by the same
number of random training examples from PEC. We then compare the persona im-
provement, i.e., RQ1 (np = 10) — RQ1 (np = 0), on the PEC validation set and
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TABLE 6.10: Validation RQ1 (in %), inference time, and memory usage (RAM)
on PEC against different number of persona sentences np.

np 0 1 2 5 10 20
R@1 40.4 42.0 42.8 451 46.2 47.1
Inference Time 1.00x 1.34x 1.38x 1.55x 1.90x 2.96x
RAM 1.00x 1.05x 1.06x 1.19x 1.51x 2.29x

the CASUAL validation set for different replacement ratios, where np denotes the

number of persona sentences used in each conversation.

The results are illustrated in Figure 6.3. It is unsurprising that for both cases, i.e.,
np = 0 and np = 10, the validation RQ1 on PEC increases, and the validation
R@1 on CASUAL decreases as the ratio of PEC in the training dataset increases.
We also observe that persona consistently improves performance on both validation

sets for all ratios.

By investigating the widths of the two shaded regions in Figure 6.3, we find that
the persona improvement on casual responding remains almost constant as more
CASUAL training examples are used (3.31% when trained on all 150K PEC con-
versations vs. 3.44% when trained on all 150K CASUAL conversations). However,
the persona improvement on empathetic responding consistently increases as more
PEC training examples are used (3.77% when trained on all 150K CASUAL con-
versations versus 6.32% when trained on all 150K PEC conversations), showing
that persona improves empathetic responding significantly more when CoBERT is
trained on empathetic conversations than non-empathetic ones (p < 0.001, one-
tailed t-test).

This result reveals an empirical link between persona and empathy in human con-
versations and may suggest that persona has a greater impact on empathetic con-
versations than non-empathetic ones. The result also shows that CoBERT can
learn this link during training and use it to perform better empathetic responding
during testing. One possible psychological root of this link is that persona is highly
correlated to personality [38], which in turn influences empathy and empathetic re-
sponding [243]. A more detailed analysis of this empirical link, e.g., which types

of personas improve more on happy than offmychest, is left for future work.
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FIGURE 6.3: Validation R@1 (in %) against different ratios of PEC in the
CASUAL training set.

TABLE 6.11: Test RQ1 (in %) on PEC against examples with seen or unseen
personas. np denotes the number of persona sentences.

np seen (57.9%) unseen (42.1%) all (100%)
0 40.3 38.5 39.6
10 46.5 43.2 45.1

TABLE 6.12: Case study.

Context: I'm on a diet and lost ten pounds this month!

Persona Model Response
I am a college graduate. Congrats! I'm trying to lose weight as well.
I work in a gym. Good job! Doing some exercises will help you stay fit!
I am a doctor. Congrats! Don’t forget to take adequate nutrition though.

Number of Persona Sentences

We analyze the persona improvement with respect to different numbers of persona
sentences np, as shown in Table 6.10'. It is clear that model performance, inference
time, and memory usage all increase when more persona sentences are incorporated.
Note that memory usage grows quadratically with np due to the self-attention
operations in BERT. We chose np = 10 in our experiments because it achieves

competitive performance at a reasonable cost of efficiency.

Performance on New Personas

We analyze the COBERT performance on examples with new personas. In the PEC

test set, 42.1% examples are from new speakers. The performance of CoBERT

4 Using np = 30 results in memory error.
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on test examples with seen and unseen (new) speakers is shown in Table 6.11.
The results show that 1) CoBERT performs reasonably well on examples with
unseen personas, suggesting that CoBERT can generalize well to unseen personas
and retrieve the right response for new speakers accurately; 2) CoOBERT performs
worse on examples with unseen personas than seen personas; 3) leveraging personas
during model training and testing improves CoBERT on examples with either
seen or unseen personas; and 4) the persona improvement is more noticeable for

examples with seen personas than unseen personas.

Case Study

We conduct a case study on how persona affects empathetic responding, as shown
in Table 6.12. The model responses are selected by CoBERT from 1K candidates.
It is clear that given the same context, different personas lead to different persona-
based empathetic responses. For example, when the persona is “I am a doctor.”,

the model response expresses both praises and caring about the speaker’s health.

6.6 Summary

In this chapter, we present a new task and a large-scale multi-domain dataset, PEC,
towards persona-based empathetic conversations. We then propose CoBERT, an
effective and efficient model that obtains substantially better performance than
competitive baselines on PEC, including the state-of-the-art Poly-encoder and sev-
eral BERT-adapted models. CoBERT is free from hyper-parameter tuning and
universally applicable to the task of response selection in any domain. Finally, we
investigate the impact of persona and empathy on response quality and human
ratings, and present the first empirical study on the impact of persona on empa-
thetic responding. The results show that both persona and empathy are beneficial
to response quality and human ratings. In addition, the results reveal an empirical
link between persona and empathy in human conversations and may suggest that
persona has a greater impact on empathetic conversations than non-empathetic

ones.



Chapter 7

Humanized Conversational

Agents

7.1 Overview

In the previous chapters, we presented studies on endowing open-domain CAs
with one or two human traits. In this chapter, we take a step further and propose
a Humanized open-domain CA (HCA) that possesses all the following proposed
human traits simultaneously: emotion, commonsense, persona, and empathy. Such
a unified CA resembles humans more closely than CAs with only one or two human
traits. In addition, the unified CA is more versatile because it can work in scenarios

where multiple human traits are desired.

7.2 Related Work

Few studies investigated combining several human traits into a single CA until
recently. Smith et al. [258] hypothesize that a good CA should seamlessly blend
all human traits/skills into one cohesive conversation flow. They proposed a new
conversation dataset called blended skill talk (BST), where speakers use various
human skills, e.g., persona, knowledge, and empathy, to converse with each other.
They further concluded that using MTL over several human skills results in better

blended conversation performance than models trained on a single skill. Later,
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Roller et al. [106] extended [258] to a larger scale and discussed recipes and chal-

lenges towards building a truly human-level CA.

Several related studies focus on improve open-domain CA without explicitly incor-
porating human traits. Adiwardana et al. [105] proposed Meena, a large Transformer-
based generative CA trained on 867M Reddit conversations. They also proposed
a new human evaluation metric SSA, which is found to correlate well with per-
plexity. They concluded that perplexity over a large evaluation dataset is a good
automatic metric for generative CAs. Recently, Bao et al. [259] proposed PLATO-
2, an open-domain CA trained on conversations from social media using curriculum
learning. Specifically, in the first stage, a simple one-to-one response generation
model is trained; in the second stage, a diverse response generation model with
latent variables and a coherence estimation model are trained to produce diverse
yet coherent responses. PLATO-2 has been shown to perform better than Meena

and Blender in human evaluations.

7.3 Humanized Conversational Agents (HCA)

Inspired by the recent success of pretrained language models, e.g., BERT [76],
GPT-3 [260], Meena [105], and Blender [106], we follow the same pretrain-and-
finetune paradigm for our HCA. Given that retrieval-based models are arguably
more robust to out-of-distribution and adversarial inputs than generation-based

models, we design HCA as a retrieval-based model (see Section 2.2.2).

7.3.1 Pretraining

We follow the pretraining strategies in [245] to pretrain the Transformer-based en-
coders in HCA on a large collection of conversations. Pretraining on conversation
data has been shown to achieve better downstream performance on response re-
trieval than pretraining on conventional text corpus, e.g., Wikipedia and Toronto
Books [245]. Specifically, the encoders in HCA follow the BERT-base architecture
[76]. The pretraining involves a masked language model (MLM) task [76] and a
next-utterance-prediction (NUP) task [245]. MLM is a fill-in-the-blank task, where

the model uses surrounding context words to predict the masked word. NUP is an



Chapter 7. Humanized Conversational Agents 101

utterance pair prediction task, where the model predicts whether the second ut-
terance follows the first utterance. During pretraining, 50% of the time the second
utterance in the NUP task is the correct next utterance and 50% of the time the
second utterance is randomly sampled from the dataset. We alternate batches of
MLM and NUP during pretraining.

7.3.2 Finetuning

Following [106, 258], we finetune our pretrained HCA using multi-task learning
(MTL). Different from conventional MTL where multiple task objectives are opti-
mized, HCA is optimized for the single task of response retrieval (see Equation 6.7)
but on multiple finetuning datasets that exhibit different human traits. In other
words, HCA is optimized to produce responses that can possess multiple human

traits.

Our HCA is inspired by the BST model [258] and the blender [106]; however,
HCA has two major differences from them: 1) HCA is finetuned using our pro-
posed multi-hop co-attention (see Section 6.4.3 and 6.4.4) for finer-grained response
matching; and 2) we use an improved version of the dynamic sampling strategy
for MTL (DS-MTL) [261] for better sampling of training instances across multiple
datasets in MTL. Empirical analysis shows that these differences lead to substantial

performance improvement over baselines (see Section 7.4).

DS-MTL

We propose an improved version of the dynamic sampling strategy [261] for MTL.
Conventional data sampling in MTL is often uniform or by size. Uniform Sam-
pling (US) allows the model to train on a roughly equal number of training
examples from each dataset per epoch. Sampling by Size (SS) allows the model
to train on more examples from larger datasets per epoch. The former approach,
i.e., US, often underfits large datasets, whereas the latter approach, i.e., SS, often
leads to catastrophic forgetting on small datasets [261]. The DS-MTL proposed in
[261] dynamically samples data from each dataset according to their correspond-

1

ing normalized performance gap with single-task performance'. In other words,

'In our experiments, we use R@1 as the primary performance metric.
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a larger performance gap on a dataset leads to more training examples from the
dataset in future epochs. DS-MTL aims to achieve single-task performance for
each task in a multi-task setting and has been empirically shown to perform better
than conventional data sampling methods, i.e., US and SS, in multi-task reading

comprehension [261].

However, in our preliminary experiments, we observed that DS-MTL leads to worse
performance than SS on our datasets. The major reason is that DS-MTL is not
suitable for tasks where the multi-task performance of a task tends to exceed its
single-task performance, which is exactly our case. Specifically, in our preliminary
experiments, DS-MTL stopped sampling the training data of a task early because
the performance on its validation set exceeded its single-task performance quickly
after the start of training. Consequently, the performance on the task could not
improve further even if it has such potential. In our approach, to push the multi-
task performance of HCA further, we heuristically redefine the performance gap as
the gap with single-task performance or the gap with multi-task performance using
SS, whichever is larger. Intuitively, a larger performance gap on a task indicates
a larger potential for improvement on the task, and our model can sample more
data from the task to realize the potential. We term the improved DS-MTL as
iDS-MTL and investigate its impact in Section 7.4.4.

7.4 Experiments

In this section, we present the datasets, evaluation metrics, baselines, model set-

tings, experimental results and analysis.

7.4.1 Datasets and Evaluation Metrics

We pretrain HCA on 174M English conversations from Reddit [245]. We use Byte
Pair Encoding (BPE) [262] with a vocabulary size of 8K to tokenize all text data.

We finetune HCA on the following four English datasets that exhibit human traits:
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ConvAlI2 [7, 263]: ConvAl2 is a variant of the PERSONA-CHAT dataset [7] used
in the NeurIPS 2018 ConvAI2 competition®. Each speaker in ConvAI2 is associated

3

with a persona®. Speakers are encouraged to getting to know each other during

conversations. ConvAI2 has 140K utterances with over 1K personas.

WoW [123]: Conversations in WoW involve in-depth discussions about given top-
ics. Speakers can rely on the provided topic-related documents to chat with each
other. WoW has 194K examples with over 1,250 topics.

ED [2]: Conversations in ED are empathetic. In each conversation, there is a
speaker expressing certain emotions and a listener responding with empathy. HCA
is trained in the role of the listener with the aim of learning empathetic responding.

ED has 50k utterances.

BST [258]: BST aims to blend persona, knowledge, and empathy exhibited in
the aforementioned three datasets. Each utterance in BST may be persona-based,
knowledge-based, or empathetic, depending on the context. BST has 76k utter-

alrces.

To facilitate MTL, we create a unified input representation for all finetuning
datasets, as illustrated in Figure 7.1. All contexts are provided with a topic and
several persona sentences selected from the training sets of WoW and ConvAlI2,
respectively. Note that ConvAlI2 does not have topic information, WoW does not
have persona information, and ED has neither. Hence, we follow [258] to automat-
ically fill in the missing information*. In our experiments, we found that randomly
dropping topic or persona information during training improves the robustness of
our model, which is similar to the knowledge drop (KD) in [123]. Hence, we adopt
KD in our experiment and use KD=p to denote knowledge drop with probability
p. We investigate the impact of KD in Section 7.4.4.

2http://convai.io/

3Each persona usually comprises several persona sentences. For example, “I like dog.” is a
persona sentence.

4Fach conversation in ConvAI will be paired with a relevant topic. Each conversation in WoW
will be paired with a relevant persona. Fach conversation in ED will be paired with a relevant
topic and a relevant persona
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</S> hunting \n i like to go hunting . \n my favorite holiday is halloween . \n hi , how are you

Context doing ? i am getting ready to do some cheetah chasing to stay in shape . </S> <PAD> ... <PAD>

Response </S> you must be very fast . hunting is one of my favorite hobbies . </S> <PAD> ... <PAD>

FicUre 7.1: Context and response representations for finetuning HCA. Text
in purple denotes special tokens. Text in red denotes a topic from WoW. Text
in green denotes persona sentences from ConvAI2. Text in black denotes utter-
ances. Each context is truncated and padded to 256 tokens. Each response is
truncated and padded to 32 tokens.

For each finetuning dataset, we evaluate HCA on two versions of its validation
dataset®, namely the original version and the complete version with missing in-
formation filled, i.e., missing topic in ConvAi2 or missing persona in WoW or both
in ED. We additionally evaluate HCA on three datasets: mixed, mixed_complete
and mixed_all. The mixed dataset mixes candidates from all four original evalu-
ation sets. The mixed_complete dataset mixes candidates from all four complete
evaluation sets. The mixed_all dataset mixes candidates from all four original and
four complete evaluation sets. We regard the mixed_all as the most important
validation dataset because it tests model performance in scenarios where both par-
tial information and complete information are available. Our evaluation datasets
are comprehensive and cover a wide range of application scenarios with different

availabilities of topic and persona information and different sets of candidates.

Following [106, 258], we evaluate models using Recall@1, where each test example
has C possible candidates to select from, abbreviated to R@Q1. In our experiments,
we set C' = 100 for all datasets®. The candidate set for each test example includes

the true response and other C' — 1 randomly sampled responses from the test set.

7.4.2 Baselines and Model Settings

We compare HCA with two competitive baselines: Bi-encoder and Poly-encoder
[245]. Both baselines use BERT as encoders. Bi-encoder matches context and

response using dot product of their vector representations. Poly-encoder learns

5Since ConvAI2 only has a validation dataset and no public test datasets and we do not perform
any hyper-parameter tuning, we report all results on the validation datasets for consistency.

6Note that in the literature of the ConvAI2 dataset [7, 106, 258, 263], C' is set to 20. However,
here we use C' = 100 for a consistent evaluation with other datasets.
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TABLE 7.1: Validation R@1 (in %) of HCA and all baselines on the original
versions of the validation datasets. Note that the Mixed_all validation dataset
includes both original and complete versions. All models use KD=0.5 and are
trained with iDS-MTL in the Multi-Task setting. Values in bold denote best

results.
Valid . .
Train Model ConvAI2 WoW ED BST Mixed Mixed_all

Bi-encoder 66.2 60.9 47.8 69.9 684 67.6
ConvAI2 Poly-encoder 67.0 58.0 46.4 69.8 68.9 68.2
HCA 73.2 55.7 49.1 74.1 74.6 74.4
Bi-encoder 33.2 56.2  40.7 594  48.1 474
WoW Poly-encoder 32.7 57.4 40.9 57.6 47.5 46.6
HCA 38.5 54.3 39.3 60.7 514 51.3
Bi-encoder 29.5 51.6 57.6 56.4  48.2 48.0
ED Poly-encoder 30.7 50.6  57.4 56.3  49.2 49.0
HCA 30.8 43.3 583 550 498 49.9
Bi-encoder 454 60.5 48.7 69.3  58.0 57.9
BST Poly-encoder 45.6 60.2 48.1 70.0 58.6 58.2
HCA 57.1 53.6 48.6 733 66.4 66.3
Bi-encoder 65.8 609 584 744 T73.6 73.2
Multi-Task | Poly-encoder 66.0 63.1 585 746 738 74.0
HCA 71.7 61.8 61.9 78.1 78.6 79.1

latent attention codes for finer-grained matching and is the state-of-the-art model
for response retrieval. Poly-encoder is the basis of the retrieval models in [106, 258].

Both Bi-encoder and Poly-encoder use the same pretrained weights as HCA.

During finetuning, we treat other in-batch responses as negative responses [245].
We finetune all models on all datasets using a batch size of 32 with gradient ac-
cumulation steps of 47. Gradient accumulation allows the model to update its
parameters using gradients from more examples than the GPU memory allows.
The learning rate is set to 0.00005. All experiments are conducted on NVIDIA
V100 32GB GPUs in mixed precision.

7.4.3 Performance Comparisons

We present the performance of all models on the original and the complete valida-

tion datasets in Table 7.1 and Table 7.2, respectively.

"Note that this is not equivalent to a batch size of 128 because the model is still trained to
select the groundtruth response from 32 candidates.
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TABLE 7.2: Validation RQ1 (in %) of HCA and all baselines on the complete
versions of the validation datasets. All models use KD=0.5 and are trained with
iDS-MTL in the Multi-Task setting. Values in bold denote best results.

~__Valid Model ConvAI2 WoW ED BST Mixed
Train

Bi-encoder 66.3 55.6 42,6 699 670
ConvAI2 Poly-encoder 66.6 54.5 44.2 69.6  67.5

HCA 73.1 56.2 514 735 75.0

Bi-encoder 32.7 56.7 38.3 585  46.6

WoW Poly-encoder 32.6 58.2 38.3 57.7 46.1
HCA 38.1 54.9 412 60.0 50.9

Bi-encoder 29.7 49.6 584 55.8 48.2

ED Poly-encoder 30.6 499 594 56.5 49.3
HCA 30.9 426 674 546 509

Bi-encoder 44.5 59.2 475 69.8 574

BST Poly-encoder 45.0 60.7 47.8 69.8  58.2
HCA 56.7 54.7 51.1 73.1  66.3

Bi-encoder 65.3 61.5 594 743 73.5
Multi-Task | Poly-encoder 65.3 61.8 603 744 738
HCA 71.5 60.2 67.7 779 79.3

Generally, for all models, the performance on the original validation datasets is
similar to that on the complete validation datasets, except for ED. On ED, both
bi-encoder and Poly-encoder often perform worse on the complete version of ED
than the original version of ED, whereas our HCA is the opposite. In addition, the
performance of all models on the three mixed datasets, i.e., mixed, mixed_complete,

and mixed_all, are similar as well.

For single-task performance, all models generally perform better when trained on
in-domain data than out-domain data. Comparing the single-task performance on
the three mixed evaluation datasets across different training datasets, we observe
that finetuning on ConvAlI2 leads to the best performance, followed by BST. Pos-
sible reasons are that 1) ConvAl2 has the largest number of training examples;
and 2) BST is a dataset with mixed traits, which is similar to the mixed validation

datasets.

The multi-task performance of all models is generally better than their single-task
performance, demonstrating the synergy of the four training datasets towards a
unified CA.

Comparing different models in both single-task and multi-task settings, we observe

that Poly-encoder slightly outperforms bi-encoder, and our HCA performs the best
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TABLE 7.3: Multi-task RQ1 (in %) of HCA and its variants on the original
validation datasets. Note that the Mixed_all evaluation set includes both original
and complete versions. KD=p denotes knowledge drop with probability p. SS
denotes sampling by size. Values in bold denote best results.

Model ConvAI2 WoW ED BST Mixed Mixed_all
HCA (KD=0, iDS-MTL) 71.5 60.0 573 778 778 78.5
HCA (KD=0.25, iDS-MTL) 71.9 61.9 60.1 779 785 78.9
HCA (KD=0.5, iDS-MTL) 71.7 61.8 619 78.1 786 79.2
HCA (KD=0.75, iDS-MTL) 71.5 61.5 62.8 778 78.2 78.4
HCA (KD=0.5, SS) 73.7 574 58.8 773 T8.7 78.9
HCA (KD=0.5, DS-MTL) 72.7 616 60.1 765 77.9 78.4

TABLE 7.4: Multi-task RQ1 (in %) of HCA and its variants on the complete
validation datasets. KD=p denotes knowledge drop with probability p. SS
denotes sampling by size. Values in bold denote best results.

Model ConvAI2 WoW ED BST Mixed

HCA (KD=0, iDS-MTL) 71.8 61.2 70.5 774 79.7
HCA (KD=0.25, iDS-MTL) 71.4 60.8 69.3 774 79.5
HCA (KD=0.5, iDS-MTL) 71.5 60.2 67.7 77.9 793
HCA (KD=0.75, iDS-MTL) 71.2 60.5 63.5 77.8 788
HCA (KD=0.5, SS) 73.6 55.3 60.3 77.8 79.1
HCA (KD=0.5, DS-MTL) 72.2 60.0 65.0 759 78.6

on all validation datasets except WoW. In particular, our HCA outperforms the
state-of-the-art Poly-encoder by large margins, e.g., 74.0% of RQ1 for Poly-encoder
versus 79.1% of RQ1 for HCA on mixed_all in the multi-task setting. Our results are
consistent with the results in Table 6.6, validating that our multi-hop co-attention
captures more accurate matching information than the latent attention codes in

Poly-encoder.

7.4.4 Model Analysis

We analyze the impact of knowledge drop (KD) and data sampling strategies on

model performance, as presented in Table 7.3 and Table 7.4.

Comparing different values of KD in the top four rows of both tables, we observe
that KD=0.5 performs best on the original validation datasets, and KD=0 per-
forms best on the complete validation datasets. One important finding is that KD
improves model performance when only a subset of persona/topic information is

available during testing. We choose KD=0.5 as the best hyper-parameter value
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[Agent: Hi.. ]

Human: Hey, do you like watching movies?

Agent: No I don't get much time to watch movies. I'm a teacher.

Human: Hey, do you like watching movies? Consistent persona

Agent: No I am busy with teaching. Where are you from?

Human: 1 live in Singapore.

Use commonsense
knowledge

Agent: T have never been to Asia.

Human: Asia is a good place to live.

Agent: Have you ever been to Korea?

Human: No, I bet it is cold there.

Conveys emotion
and empathy

Agent: Yeah, it must be fun. I always wanted to go there.

FIGURE 7.2: An example conversation between a human and our HCA.

because it performs best on the mixed_all validation dataset, which is regarded as

the most comprehensive and important validation dataset.

Comparing SS and DS-MTL in the bottom two rows of both tables, we observe
that SS performs noticeably worse than DS-MTL on WoW and ED and DS-MTL
achieves more balanced performance across all validation datasets. However, DS-
MTL fails to outperform SS on mixed_all in our experiments, suggesting the limit
of DS-MTL for our tasks. In contrast, our proposed iDS-MTL performs best on
mixed_all, showing that our redefined performance gap in iDS-MTL is more suitable
than that in DS-MTL for our tasks, where the multi-task performance of a task

tends to exceed its single-task performance.

7.4.5 Case Study

Figure 7.2 shows an example conversation between a human and our HCA. First,
HCA shows consistent persona of being a teacher in its second and third responses.
Second, HCA is able to leverage commonsense knowledge to infer that Singapore
is part of Asia in its forth response. Third, HCA can produce emotional responses

and show empathy by acknowledging the user in its last response. Overall, HCA
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demonstrates multiple human traits and produces consistent, informative and em-

pathetic responses.

7.5 Summary

In this chapter, we propose HCA, a humanized conversational agent that possesses
several human traits simultaneously: emotion, commonsense, persona, and empa-
thy. HCA is a retrieval-based model trained by the pretrain-and-finetune paradigm.
Specifically, the encoders in HCA follow the BERT-base architecture and are pre-
trained on a large collection of generic conversations. HCA is further finetuned
on multiple conversation datasets with human traits in an MTL setting. Different
from prior work, our HCA is finetuned using our proposed multi-hop co-attention

mechanism and the improved dynamic sampling strategy for MTL (iDS-MTL).

We evaluate HCA and baselines on various validation datasets with different avail-
abilities of persona and topic information and different sets of candidates. The
experimental results show that the multi-task performance of HCA is often better
than its single-task performance, indicating that these human traits can make com-
plementary positive impact on model performance. In addition, the model analysis
shows that our proposed multi-hop co-attention mechanism and iDS-MTL lead to
substantial performance improvement over baselines. Furthermore, HCA is shown
to outperform the state-of-the-art models for response retrieval on multiple evalu-
ation datasets. Finally, our case study shows that HCA can demonstrate multiple

human traits and produce consistent, informative, and empathetic responses.






Chapter 8

Conclusion

In this thesis, we studied the problem of building humanized open-domain CAs by
endowing them with desirable human traits: emotion, commonsense, persona, and
empathy. Specifically, we first investigated endowing CAs with emotional intel-
ligence to generate emotional responses and recognize emotions in conversations.
After observing the importance of commonsense in conversational emotion recog-
nition, we then proposed to combine emotion and commonsense into a single CA
to generate commonsense-aware emotional responses. To incorporate more desir-
able human traits into CAs, we further proposed to augment persona and empathy
into CAs because we observed implicit links between persona and empathy in our
preliminary analysis of empathetic conversations. Finally, we proposed HCA to

endow the CAs with all aforementioned human traits using multi-task learning.

The models proposed in this thesis advanced the state-of-the-art for several bench-
marks in open-domain conversation generation and conversational emotion recog-
nition in terms of both automatic metrics, e.g., perplexity, diversity and F1, and
human evaluations, e.g., fluency, content quality, emotion quality, persona consis-
tency, and empathy. In addition, extensive experimental results show that emotion,
commonsense, persona, and empathy all have positive impact on the response qual-
ity and human ratings of open-domain CAs, indicating that these human traits are
beneficial to more engaging human-agent interaction and desirable for truly human-
level open-domain CAs. Finally, endowing our proposed HCA with all human traits

has been shown to have complementary positive impact on model performance, and
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case studies show that HCA can demonstrate multiple human traits and produce

consistent, informative, and empathetic responses.

In the following sections, we start by summarizing the contributions of each chapter,

followed by a discussion of future work.

8.1 Contributions

Emotional Response Generation: In Chapter 3, we proposed an emotional
response generation model (AR-S2S) that can generate natural and emotional re-
sponses without language fluency degradation. Specifically, we incorporate psycho-
linguistic knowledge of words and considers negators and intensifiers in emotional
response generation. We further propose a novel affective loss function to encourage
the generation of emotional words. Experimental results show that our proposed
methods are effective in improving response quality, and AR-S2S outperforms the
state-of-the-art models in terms of both content and emotion qualities in human
evaluations. In addition, our study suggests that incorporating emotion into open-

domain CAs has a positive impact on response quality and human ratings.

Conversational Emotion Recognition: In Chapter 4, we proposed a knowledge-
enriched transformer (KET) to recognize emotions in human conversations. Specif-
ically, we model the hierarchical structure of conversation using a hierarchical
self-attention mechanism and incorporate commonsense knowledge to enrich the
learned representation. Experimental results show that our proposed methods
improve emotion recognition substantially, and KET achieves competitive perfor-
mance on multiple benchmark datasets of varying sizes and domains. In addition,
our study shows that both context and commonsense knowledge are helpful for

conversational emotion recognition.

Commonsense-Aware Emotional Response Generation: In Chapter 5, we
combined emotion and commonsense into a single response generation model (CARE).
Specifically, we first proposed a novel knowledge graph based approach to extract
commonsense-aware emotional latent concepts. We then proposed three meth-

ods to collaboratively incorporate the latent concepts during model training and



Chapter 8. Conclusion 113

inference. Experimental results show that our proposed methods outperform al-
ternative approaches, and CARE can produce more accurate and commonsense-
aware emotional responses and achieve better human ratings than state-of-the-art
commonsense-aware models and emotional models. Our results also validate the

positive impact of combining commonsense and emotion on open-domain CAs.

Persona-Based Empathetic Conversational Model: In Chapter 6, we pro-
posed to endow open-domain CAs with persona and empathy. Specifically, we
proposed a new task and a new dataset (PEC) towards persona-based empathetic
conversations. We further proposed a multi-hop co-attention method for effective
and efficient response retrieval (CoBERT). Experimental results show that our pro-
posed PEC dataset leads to better response quality and human ratings than casual
conversations, and CoBERT outperforms state-of-the-art baselines on response re-
trieval. In addition, our study suggests that endowing open-domain CAs with
persona and empathy improves response quality, and persona has a larger impact

on empathetic conversations than non-empathetic ones.

Humanized Conversational Agents: In Chapter 7, we proposed to endow open-
domain conversational agents with multiple human traits simultaneously: emotion,
commonsense, persona, and empathy. We follow a pretrain-and-finetune paradigm
to build a retrieval-based humanized conversational agent (HCA). Specifically, we
pretrain the encoders of HCA on a large collection of diverse conversations and
then finetune HCA on multiple small datasets with human traits using multi-
task learning (MTL). The response matching module during finetuning is based
on the multi-hop co-attention method from CoBERT in Chapter 6. We further
propose an improved dynamic sampling strategy for MTL. Experimental results
show that the multi-task performance of HCA is often better than its single-task
performance, indicating that these human traits can make complementary positive
impact on model performance. In addition, the results show that our proposed
methods improve model performance over baseline methods, and HCA outperforms
the state-of-the-art open-domain CAs on response retrieval. Finally, our case study
shows that HCA can demonstrate multiple human traits and produce consistent,

informative, and empathetic responses.
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8.2 Future Work

While we have made much progress towards humanizing open-domain CAs, much
work remains to be done because we are still far from human-level open-domain
CAs [24, 25]. In the following paragraphs, we discuss potential research directions

towards this goal:

More Human Traits: Our thesis only covers a subset of human traits, i.e.,
emotion, commonsense, persona, and empathy. There are many other human traits
that are not well studied in open-domain CAs, e.g., curiosity, persuasion, and
humor, etc. Endowing more human traits into open-domain CAs is a promising

direction towards human-level performance.

Better Multi-Task Learning: Our HCA relies on multi-task learning (MTL) to
combine multiple human traits. Better MTL methods, e.g., better data sampling
strategies, would help HCA avoid the problems of underfitting and catastrophic

forgetting, and thus balance different human traits better.

More Controllable Response Generation: Current open-domain CAs have
limited capabilities in controlling the syntax and semantics of responses. Develop-
ing more controllable response generation methods would allow the CAs to selec-
tively generate responses of specific human traits that are appropriate in the ap-
plication domains and conversational contexts. For example, empathetic responses

may be preferred to other types of responses in the counseling domain.

Few-Shot Learning for Open-Domain CAs: Existing CAs often require a
large number of conversations to train or finetune; however, conversation datasets
exhibiting human traits are generally small. Developing efficient few-shot learning

methods would allow CAs to learn these human traits with fewer examples.

More Reliable Automatic Evaluation Methods for Open-Domain CAs: A
major and long-lasting challenge for the research in open-domain CAs is the lack of
a reliable automatic evaluation method. Existing open-domain CAs are primarily
evaluated by humans. However, human evaluation is costly, and different human
evaluation results are difficult to compare due to different annotators. A more
reliable automatic evaluation method for open-domain CAs would lead to a faster

research cycle and a more consistent comparison between models.
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