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Abstract
open-domain conversation systems, because the emotion can

Generating emotional responses is critical to the

increase user engagement and improve user empathy. Exist-
ing studies ignore the emotional trigger expressions embed-
ded in the multi-turn conversation context, and consequently
fail to generate informative and diverse emotional responses.
In this paper, we propose a novel Mode-Enriched Variational
Recurrent Pointer-Generator network, which conducts a pi-
lot study of generating emotionally rich and informative re-
sponses with diverse emotional trigger expressions. Specifi-
cally, first, we incorporate the emotion factor into the Pointer-
Generator network to copy informative emotional trigger en-
tities from context, and retain the ability to generate such
words from the predefined vocabulary. Second, we refine the
pointing calculation of copy process with the sequential la-
tent variables, which is used to reproduce diverse and valid
emotional trigger expressions. Finally, we incorporate an e-
motional mode into the mode controller, so that the generat-
ed responses can be further enriched with explicit emotion-
al words. Experiments conducted on a real-world multi-turn
conversation dataset show that our proposed model outper-
forms the strong baseline algorithms with large margins.

Keywords emotional trigger expressions, informative and
diverse response generation, Pointer-Generator network,

variational recurrent neural network, mode controller

Received month dd, yyyy; accepted month dd, yyyy

E-mail: wangdaling@cse.neu.edu.cn

1 Introduction

Recent development in neural conversation modeling has
generated significant excitement in the dialogue system com-
munity [1, 2], and has many practical applications in a wide
range of fields, such as customer service, chat-bot and e-
commerce. Existing neural network based studies on dia-
logue systems mainly focus on increasing the diversity of re-
sponses [3,4], modeling the personality of the speakers [5,6],
maintaining the semantic coherence [7, 8] and developing
The
previous dialogue systems have achieved promising results,

retrieval-based response selection techniques [9, 10].

which, however, ignore incorporation of the desired emotion
to make responses more natural and emotionally acceptable.

Emotional response generation, in essence, is a natural ex-
tension of typical dialogue systems, which aims to under-
stand the speaker’s feelings and intentions, and then generate
emotionally rich and empathic responses for smooth human-
machine communication [11-14]. Some traditional studies
on this task either controlled the response with emotion cat-
egories, such as incorporating memory module [13], condi-
tional variational autoencoders [14] and discriminative emo-
tion classifier [15], or explored the natural emotion incorpo-
ration, including utilizing affect-based encoding and decod-
ing techniques [16] and affective attention mechanism [17].
Although these methods can enrich the response with desired
emotion, they always ignore the relevant entities triggering
the emotion, resulting in generating safe and dull emotional
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responses.

In this paper, we study the controllable multi-turn emo-
tional response generation task, where a response is gener-
ated according to the conversation context and the given e-
motion category. For the multi-turn conversation, the con-
text refers to the conversation history of the response’s pre-
vious turns between two speakers. Inspired by the psychol-
ogy theory on the emotional trigger expressions [18, 19],
in this task, we conjecture that taking the expressions in-
to consideration can refine conversation generation and en-
hance user satisfaction. Specifically, the emotional trigger
expressions can be defined as: the entity-related words and
phrases which can provoke and cause the desired emotion
of any response [20, 21]. Table 1 depicts a motivating ex-
emplar, which presents the the suitable ground-truth respons-
es with different emotions, and the response generated from
a well-known model, called ECM [13].
that the ground-truth responses are informative and semantic

We can observe

coherent to the contexts, which consist of emotional words
“blame” and “pray”, ordinary words “should” and “for”, and
emotional trigger expression “Boeing 737 Max”, “Ethiopian
Airlines” and “passengers and crew members”. Intuitively,
these emotional trigger expressions can increase the informa-
tiveness of the generated response, and further locate the rea-
son and origin of the desired emotion based on the complex
and noisy context. By contrast, although the ECM model
can generate the explicit emotion word “sad”, the meaning-
less responses without emotional trigger expressions will de-
crease user experience greatly. Furthermore, according to the
ground-truth responses of “anger” emotion, there exists vari-
ous appropriate emotional trigger expressions, which should
be exploited to improve the diversity of generated responses.
Our motivation is to express the valid and various emotional
trigger entities, simultaneously maintaining the informative-
ness and diversity for emotional response generation.
Compared with the single-turn conversation, the contex-
t of multi-turn conversation contains complex content with
helpful emotional trigger expressions!. Although the tradi-
tional methods can generate appropriate responses with giv-
en emotions in single-turn conversation, they underperfor-
m in the multi-turn conversation for the following reason-
s. First, the emotional trigger expressions mainly exist in
conversation context and they can not be easily reproduced
by the traditional vocabulary-sampling-based strategies, and
the performance will worsen for those rare words and out-

D According to our statistics on 500 randomly selected multi-turn conversations
from reddit.com, 98% responses contain emotional trigger expressions, and 60% of
such expressions are contained in conversation context.

Informative and diverse multi-turn emotional conversation generation

Tablel A motivating example of emotional conversation generation.

® emotional trigger expressions ® emotion words ® ordinary words
Context

A: Frequent air disasters have occurred in recent years.

B: I heard the Ethiopian Airlines Flight 302 crashed last year.
A: Really, what’s the specific situation?

B: Boeing 737 Max killed passengers and crew members.

Response (anger)
A Boeing 737 Max should be to blame for this accident. v/
Agrun: Ethiopian Airlines should be to blame. v/

Response (sad)

. Let’s pray for all the passengers and crew members in
" this air crash. v/

(omit emotional trigger expressions.) X

Atruth

Agcy: It’s so sad.

of-vocabulary words (OOVs). Second, the conversational ut-
terances are all casual and non-goal-oriented, and there is no
exact matching between context and response. Therefore, the
diversity should be taken into account when predicting the
emotional trigger entities.

Faced with the above severe challenges that are not
addressed well by existing studies of the emotional re-
sponse generation task, in this paper, we propose a nov-
el Mode-Enriched Variational Recurrent Pointer-Generator
model (dubbed as ME-VRPG), which can generate infor-
mative and diverse emotional responses through the follow-
ing three efforts: (1) We refer to the well-known Pointer-
Generator model [22] with emotion factor to copy informa-
tive emotional trigger entities from the multi-turn conversa-
tion context. (2) Then we incorporate the sequential latent
variables to assist with diverse reproduction of valid emo-
tional trigger expressions. (3) We further model the explicit
emotional expression with a mode controller, which can gen-
erate response words by three generative modes (i.e. copy
mode, generic mode and emotional mode). Our main contri-
butions are summarized in three folds:

e We are the first to explore the controllable emotional
conversation generation task with the consideration of
emotional trigger expressions, which are used to gener-
ate more informative responses. The Pointer-Generator
network incorporated with emotional factor is applied to
the multi-turn emotional conversation scenario.

o We further propose to incorporate the sequential latent
variables into the pointing calculation of copy process,
which can capture the high variability of emotional trig-
ger expressions to generate diverse responses. Besides,
an emotion mode is incorporated into the mode con-
troller to enrich generated response with explicit emo-
tional words.
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e We conduct comprehensive experiments on a real-world
multi-turn emotional conversation dataset. The experi-
mental results demonstrate that our models consistently
outperform strong baseline methods with large margins
in promoting informativeness and diversity.

2 Related Work

2.1 Emotional Response Generation

In recent years, the emotional response generation is an e-
merging research trend in dialogue systems. On one hand,
to control the response generation towards given emotion,
the Emotional Chatting Machine (ECM) [13] utilized an in-
ternal memory module to model implicit emotional changes
and an external memory module to help generate explicit e-
motional words. Zhou et al. [14] proposed a conditional
variational autoencoders-based emotional response genera-
tion model, which exploited large scale emoji labels. Song
et al. [15] incorporated emotional words and a discriminative
emotion classifier to improve emotional expression. Peng et
al. [23] combined topic and emotion for conversation gen-
eration. On the other hand, some other works explored the
natural emotional response generation without utilizing ad-
ditional emotion categories. Asghar et al. [16] introduced a
sequence-to-sequence model to generate emotional response
with three extensions, including affective word embedding,
affect-based objective function, and affective beam search.
Zhong et al. [17] introduced additional affective notations to
embed words, and considered the effect of negators and in-
tensifiers via an affective attention mechanism.

Despite the success of these pioneer works in single-turn
conversation, these methods ignored the expressions of e-
motional trigger entities in the complex multi-turn conversa-
tion. In multi-turn emotion conversation generation, Rashkin
et al. [11] proposed the retrieval-based and generative-based
models for empathetic conversation generation, but this study
also failed to maintain the informativeness of generated re-
sponses.

The emotional trigger expressions can intrigue the empa-
thy between the user and the conversational system, because
they can help to understand user’s emotional concerns, and
make the response not only informative but also emotionally
acceptable.

2.2 The Pointer-Generator Network

The Pointer-Generator model [22] is the hybrid of pointer
network [24] and sequence-to-sequence network, which has
been widely applied in natural language generation tasks,
such as text summarization [25-27], image captioning [28,
29] and question generation [30-32]. In these works, the
Pointer-Generator network was used to extract entity word-
s from source input, and generate accurate natural language
sentences.

In conversation response generation task, Tam et al. [33]
applied the Pointer-Generator network to generate response
grounded by external knowledge. Yavuz et al. [34] pro-
posed a fused Pointer-Generator network to copy entity word-
s from fact sentences and conversation context. However,
both methods did not explore the helpful emotional factor and

the diversity of entity words.

2.3 Variational Autoencoder Model

The variational autoencoder model has been widely applied
in image generation [35, 36] and text generation [37, 38],
which can produce highly realistic data. Furthermore, some
more advanced models, the conditional variational autoen-
coder [39], and the variational recurrent neural network [40]
were proposed to deal with more complex tasks. The con-
ditional variational autoencoder introduces a latent variable,
which can capture the latent distribution over response for
conversation generation [41,42]. The variational recurrent
neural network introduces sequential latent variables to mod-
el high variability of structured data, including machine trans-
lation [43] and response generation [44]. In conversation gen-
eration, although incorporating latent variables could help to
generate diverse responses, they failed to well reproduce di-
verse entity words from the context.

To the best of our knowledge, we are the first to incorpo-
rate the sequential latent variables into the Pointer-Generator
network, which combines the advantages of the two model-
s, and exploits emotional trigger expressions for informative
and diverse emotional conversation generation.

3 Proposed Models

In this section, we first formulate the task (Section 3.1) and
then introduce our proposed framework with three innova-
tions. First, the Pointer-Generator network is utilized to gen-
erate informative responses in multi-turn emotional conver-
sation scenario, which is incorporated with emotion factor to
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reproduce emotional trigger expressions (Section 3.2). Fur-
thermore, we incorporate the sequential latent variables into
the pointing of copy process, that is, the posterior distribu-
tions over target words participates in the attention calcula-
tion over source context in each decoding step, which can
facilitate the response generation with diverse emotional trig-
ger expressions (Section 3.3). Finally, based on above im-
provements, we propose a mode controller to estimate the
generative probability of each word, where the distribution
over an emotion vocabulary is further constructed to promote
the generation of explicit emotional words (Section 3.4).

3.1 Problem Formalization

Our key notations used in this paper is described in Ta-
ble 2. Suppose that there are N training conversations, and for
each conversation, let U = (wy,...w;, ..., wy;) denotes multi-
turn conversation context, where w; is i-th word in U. Let
Y = (31, ..., yr) denotes the emotional response sentence with
specific emotion type [. Note that we assume the emotion
type [ of the response to be generated is given, as there exist-
s multiple appropriate emotion categories for the same con-
versation context. The task paradigm of incorporating emo-
tion is same as [13, 14]. During training, we aim to estimate
the generation probability p(Y|U, ) from the training dataset.
During inference, we aim to find Y* = argmax p(Y|U, ) for
Y

generating informative and diverse responses consistent with
the specified emotion.

Table2 Description of the key notations in our model.

Notation Description

U multi-turn conversation context

e(w;) word embedding of i-th word in the context
M number of words in the context
Y emotional response

e(yr) word embedding of 7-th word in the response
T number of words in response

e(l) emotion representation of emotion category /
hlU encoding representation of word w;

n! decoder state in -th step

a;, attention value of context word w; in #-th decoding step
¢ context representation in #-th decoding step
2 sampled latent variable in #-th step
p; soft switch probability

m; generative mode in 7-th step
Q set of out-of-vocabulary words
¢ parameters of recognition networks
[4 parameters of prior networks
5 all parameters of our ME-VRPG network

VE emotion vocabulary

Vo generic vocabulary

L6, ULY) objective function

Informative and diverse multi-turn emotional conversation generation

3.2 Emotion-based Pointer-Generator Network

The emotional trigger expressions (including rare words and
OOVs) widely exist in context of multi-turn conversations,
which are difficult to be reproduced by traditional methods
that are highly dependent on the quality of word embeddings.
To tackle this challenge, we naturally resort to the copy ca-
pability of the Pointer-Generator network [22]. The purpose
is to reproduce emotional trigger words and phrases compat-
ible with given emotion, and maintain the informativeness of
generated emotional responses.

The framework of our Emotion-based Pointer-Generator
network (dubbed as E-Pointer-Generator) is shown in
Fig. 1, where the emotion representation is incorporated into
the decoding input part and the pointing calculation of copy
process. Specifically, during the encoding process, the Bi-
LSTM [45] is formulated as a context encoder, which con-
tains a forward m and a backward m . Given the
word embedding matrix Ey = [e(w)),...e(w;), ...,e(wy)] of
the context U, the output 7{1‘/ of word w; encoded by the for-
ward W/I can be computed as:

Y = (WY ew): B, ). M
7Y = o WWletn) BY ). @
BV = s (W lew); BY, ). )
TV = tanh(WY [e(w): BV )). “
V=TTl + 0T )
7Y =3V 0 tanh(2V). ©)

WU WU WU WU
where Wf W f,WD and W7 are learnable parameters, o(-)

is the sigmoid activation function, ?, ? and @ are the in-
put gate, forget gate and output gate, respectively. Similarly,
we can obtain the output E‘ of word w; encoded by back-
ward LSTM. Finally, the semantic representation of word w;
encoded by Bi-LSTM is the concatenation of representation
obtained by LSTM and LS T M, which is defined as:

hY =RV W?). %)

where i € [1, M].

During decoding process, the decoder is formulated as a
unidirectional LSTM. The initial state hg of the decoder L-
STM is defined as:

hY = [RY:; 1Y), (8)

In order to capture the characters of different emotion cate-
gory, we take as input the emotion category [ of a response to
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be generated, which is represented by a low dimensional em-
bedding e(/) and randomly initialized before training. In the
t-th decoding step, we feed the concatenation of emotion cat-
egory embedding e([), word embedding of the previous word
e(y;-1) and the context vector ¢,_; (details are described later)
into the decoder to calculate the decoder state Y, which is
defined as:

h) = LSTM(h) . [e(y-1); e(]); ¢,-1]). )

and the specific decoding process of the unidirectional LSTM
is defined as:

& = oWl lei1):hl s ez eD)). (10)
[ = ocW]lei ) h) ;e eD)). (11)
o/ = oW le(yi1); k)i cor; e(D)). (12)
&) = tanh(W) [e(y—1); h)_; ci-1; €(D)]). (13)
¢ =floc  +& o0c). (14)
h! = of @ tanh(c)). (15)

where st ,W}/,Wf and W} are learnable parameters.

Different from the traditional Pointer-Generator network-
based methods [22, 34] which only formulate the decoder s-
tate h! as the attention query, we further incorporate e(/) into
the attentive calculation process. The purpose is to estab-
lish the compatibility between emotion category and emo-
tional trigger expressions. Therefore, the concatenation of
hY and e(l) is used to attend over encoding representations
{hly|i € [1, M]} of each word in the context. Specifically, we
calculate the attention distribution a;, and the context vector

zZ Zr

context (U) emotion (1)

Fig. 2 Given the context and desired emotion, there exists diverse valid
response words in each decoding step. z; follows multivariate Gaussian dis-
tribution.

¢; as:
d,, = v tanh(Wyplh} s e(D); Y1+ bayn). (16)
a;, = softmax(d,). 17)
M
¢ = Za,ihff. (18)
i=1

where v, W, and b, are learnable parameters. The context
vector is concatenated with the decoder state ! and emotion
representation e(/), and then fed into a linear layer for pro-
ducing the vocabulary distribution by softmax function. The
output of the linear layer is defined as:

£V = Wylh!;cise(D)] + by. (19)

where Wy and by are learnable model parameters. For the
target word y, in the predefined vocabulary V, the vocabulary
distribution is defined as:

e

vt
Z_/:] e

poly <, U D) = (20)
where f, denotes the value of y, in f¥, and f]V denotes the
value corresponding to j-th word in fV.

In #-th step of decoding, the word y, can be generated either
by vocabulary-sampling according to the probability p;”“(y;),
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Fig.3 The Emotion-based Variational Recurrent Pointer-Generator network (E-VRPG). The encoder part is similar to that described in Fig. 1.

or by sampling from the attention distribution. Therefore, a
soft switch probability p; € [0, 1] is utilized to combine the
two generation methods, which is defined as:

P} = o (Wiles bl ey, 1);ed)] +by). @b

where W, and b, are learnable model parameters. For each
conversation, the response is generated based on the union of
the predefined vocabulary and the words of conversation con-
text. Finally, the pointing probability distribution is defined
as:

POy <tUD= ) a,

W=y

(22)

and the final generation probability distribution for predicting
¥, is defined as:

Py <t, U, = pip” ily < t, U, ) + (1 = pHp"" ily < 1, U, D).

(23)
where y; € {V{JQ}, and Q is the set of out-of-vocabulary
words contained in the context U.

Recurrent  Pointer-

3.3 Emotion-based  Variational

Generator Network

In the E-Pointer-Generator network, the decoder state is u-
tilized to predict the time of copy via Eq. 21, and address
the location of copy via Eq. 17, which is used to accurate-
ly reproduce information from context. However, in the ca-
sual and non-goal-oriented conversation utterances, multiple
valid emotional trigger entities exist for emotional response
generation, and only focusing on the accuracy of information
reproduction could ignore the diversity character of conversa-
tion utterances. To simultaneously maintain the informative-
ness and diversity for emotional conversation generation task,
we intend to capture the high variability of emotional trigger
entities in response to refine the copy mechanism. As shown
in Fig. 2, various appropriate words can be sampled from the

latent distribution in each decoding step. Therefore we con-
jecture that incorporating the sequential latent variables into
the pointing calculation of copy process can reproduce di-
verse emotional trigger expressions in the response.

The framework of incorporating latent variables is shown
in Fig. 3. We extend the E-Pointer-Generator network in-
to Emotion-based Variational Recurrent Pointer-Generator
(dubbed as E-VRPG) by adapting the variational recurrent
neural network (VRNN) [40], where the latent distribution-
s over target words participate in the copy process. We as-
sume that a latent variable sequence Z = z1, 23, ..., Zr €Xists
in the latent space, where each latent variable is iteratively
constructed to assist with expressing diverse emotional trig-
ger entities. The generation probability of our E-VRPG mod-
el can be defined as:

T
P ZUD=] | poidy < 2 <6,UD - plaly < .z <1, U,D. (24)

t=1
In #-th step decoding process, by assuming that the z, fol-

lows the multivariate Gaussian distribution, the recognition
networks parameterized by ¢ are introduced to approximate:

qe(zly < t,z <t,U,[) ~N(z;us(y < 1,z < 1, U, D),

25
oy <tz <t,U,DH). @)

and the prior networks parameterized by 6 are introduced to
approximate:

po(zyly < t,Z <t,U, D) ~N(z;pu;(y < 1,2 < 1, U, 1),

26
o< t,7 <t, U D). 26)

In the recognition networks, we project e(y,—1), h,Y , e()
and target word representation e(y,) into the latent space to
obtain y, and o:

h; = Wile(yi-1); b/ e(yr); e(D] + b 27
= Wihi + b, (28)
logo; = Wy i + b5, (29)
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Fig. 4 The Mode-Enriched Variational Recurrent Pointer-Generator network (ME-VRPG), where the soft switch mechanism of the E-VRPG model is
replaced with a novel mode controller. The attention distribution and latent variables are described in Fig. 3.

where W3, b, Wg , bg, W and b] are trainable parameters.

During inference, the target word e(y,) is unavailable, and
the prior networks are used to obtain u; and o7, which are
defined as:

B = W le(y-1): b e(D] + b (30)
Ho=WER b 31)
logo’? = WS b + b5 . (32)

where W2, b5, Wh ; b’;/, W and by are trainable parameter-
s. All the latent variables are sampled by reparameterization
trick [46]. The posterior distribution parameterized by u, and
0, is driven to be close to the prior distribution parameterized
by y; and o7 using the Kullback-Leibler Divergence [47].
In the decoding process, the calculation of the #-th step
decoder state in E-VRPG is defined as:
h! = LSTM(h!

t=1°

le(vi-1);e(D); €15 2—1])- (33)

In the attention calculation, different from the attention
distribution of the E-Pointer-Generator network defined in E-
q. 16, we further incorporate the sampled latent variable z,
into the attention query part, which is defined as:

d,, = v tanh(Wylh!;e(D); hY; 2] + ban).-

1

(34)

and the pointing calculation of copy process is same as Eq. 17
and Eq. 22.

Similarly, different from the soft switch of the E-Pointer-
Generator network defined in Eq. 21, the latent variable
Z; 1s incorporated to refine the switch process between
vocabulary-sampling and attention-sampling, which is de-
fined as:

p; = c(Wilesel); zs b s e(y,)] + by). (35)

3.4 Mode-Enriched
Generator

Variational Recurrent  Pointer-

In the emotional conversation, an appropriate emotional re-
sponse is usually composed of three parts, i.e. emotional
trigger expressions, ordinary words and emotion words. In
the E-VRPG model, the emotion representation e(/) is incor-
porated for emotional expression in an implicit way, which is
not sufficient to generate explicit emotion words.

Inspired by [48, 49] on handling the compatibility for
generating different types of words, we propose a Mode-
Enriched Variational Recurrent Pointer-Generator model
(ME-VRPG), which further extends the E-VRPG mod-
el with a mode controller to construct different generative
modes during each decoding step. Specifically, as shown in
the Fig. 4, the mode controller is used to estimate a distribu-
tion over three generative modes, which is defined as:
p(myly < t,z2 < t,U,1) = softmax(W,,[e(y,._1); B ; ¢;; zi;e(D] + by,).

(36)
where W,, and b, are trainable parameters, m, = 1,2,3 de-
notes the word y, is generated from copy mode, generic mod-
e and emotional mode, respectively. The overall generation
distribution is defined as:

3
POy <t,z<t,UI) = Z pim, = sly < t,z<t,U, 1)

= (37
piely < t,z <1, U, I, m; = ).
Copy mode: The emotional trigger expressions can be re-
produced from the context by the copy mode, and the proba-
bility of generating y, in the copy mode is defined as:

ply <t,z<t,Ul,m =1) = pfopy()’t)- (38)

where p;”” (y,) is defined in Eq. 22, and the attention proba-
bility distribution is over the predefined vocabulary V and the
set of out-of-vocabulary words .
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Generic mode: The generic mode is used to generate ordi-
nary words, and it also retains the ability to express emotional
trigger entities from the generic vocabulary. The probability
of generating y, in the generic mode can be estimated as:

POy < t,z < t, U Lm, = 2) = softmax(Wg[h); ¢;; 2,)+bs). (39)

where W and bg are trainable parameters, and the probabili-
ty distribution (p,(Vf), pt(Vg), e PZ(VfG;P) is over the generic
vocabulary V¢, The size of V¢ is denoted as |G|, and V¢ € V.

Emotional mode: The emotional expressions are highly
related to the emotion words which carry stronger emotions
than entity words and ordinary words. Therefore, we incor-
porate an emotional mode into the mode controller to gener-
ate explicit emotion words. In the emotional mode, we pre-
define an emotion vocabulary set VZ, and the probability of
generating y, in this mode is defined as:

Py < t,z <t,U, I, m, = 3) = softmax(Wg[h; c,;e(l); z,] + bp).
(40)

where Wg and bg are trainable parameters, and the probabil-
ity distribution (p,(VE), p.(VE), ..., p,(Vlgl)) is over the emo-
tion vocabulary VE. The size of V¥ is denoted as |E|. Note
that V = VEJ V.

After incorporating the emotional mode with the mode
controller, our ME-VRPG model can not only promote the
informativeness and diversity, but also express explicit emo-
tional words in the generated responses.

3.5 Objective Function

Our ME-VRPG model is trained by maximizing the sum of
variational lower bound losses at each decoding step. Each
variational lower bound loss contains a log-likelihood loss
and a KL divergence loss, which is defined as:

T
L6, U,LY) = Y {-KL(gy(zly < £,z < 1, U, )

=1 41)
lpe(zily < t.z < t,U,D)

+Eq¢(zr|}'§t,z<1,u,l)[lngﬁ(%ly <t,z<t,UD]}.

where ¢ denotes parameters of our ME-VRPG network, and
6,¢ € 6. We use the KL annealing strategy [50] to avoid the
vanishing latent variable problem.

3.6 Algorithm Procedure

The details of training process of our ME-VRPG model is
described in Algorithm 1, which contains five main steps.

Step 1 contains Line 1-2. Initialize the model parameters
¢ and word embeddings.

Informative and diverse multi-turn emotional conversation generation

Algorithm 1 Training process of the ME-VRPG model
Input:

Training dataset: A = {(Uy, k, Yk)}szl; Model parameters: d;
Batch size: €; Number of training iterations: @

Output:

Learned model parameters ¢ of the ME-VRPG model

1: Initialize parameters 6 with the truncated normal distri-
bution

2: Initialize the word representation with pretrained Glove
word embedding

3: repeat
4:  Randomly select € conversation instances A’ from A
5. forall (U,[,Y)e A’ do
6: For the context, compute each encoding step repre-
sentation hlU according to Egs. 1-7
7: Compute the overall context representation as the
initial state of decoder hg according to Eq. 8
8: for all decoding step t € [1,2,...,T] do
9: Input emotion representation e(/) and word repre-
sentation e(y;,_1)
10: Obtain the decoder state k) according to Eq. 33
11: Input the target word representation e(y;), and
compute the latent variable z, according to E-
gs. 27-29
12: Input the sampled latent variable z;, and obtain

the attention (pointing) distribution ¢, according
to Eq. 34 and Eq. 17

13: Compute the context vector ¢; based on the atten-
tion distribution e, and encoder states hY, ..., hY,
which is shown in Equation 18

14: Compute the mode distribution according to E-
quation 36
15: Compute the generation probability of y, over

three modes according to Equation 37-40
16: end for
17: Compute the loss £L(8, U, 1, Y) by Equation 41
18:  end for
19:  Obtain the loss over A’: % 2winen L6, U, LY)
20:  Update the model parameters ¢ by using the Adam op-
timizer
21: until Reach the training iterations: @
22: return 0

Step 2 contains Line 6-7. For each conversation instance,
encode the context utterances, and obtain the word-level rep-
resentation and the context-level representation. The word
representations are attentively read during decoding, and the
context representation is utilized as decoding initial state.

Step 3 contains Line 8-17, which corresponds to the de-
coding part of our model. Specifically, first, the emotion
factor is utilized to reproduce emotional trigger expression-

s for maintaining the informativeness of generated respons-
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es. Then, the sequential latent variables are incorporated into
the decoding process to reproduce diverse entity words. Fi-
nally, a model controller is proposed to enrich the generated
response with explicit emotional words.

Step 4 contains Line 19-20. The objective function is
calculated, and the Adam optimizer is utilized to update the
model parameters.

Step S repeats step 2, step 3 and step 4 until reaching the
number of training iterations @, and obtain the learned model
parameters 6.

4 Experiment

4.1 Dataset and Experiment Settings

A public available conversation dataset named MED [51] is
used for our conversation generation experiment, which is
the first corpus constructed for the multi-turn emotional re-
sponse generation task. This MED dataset is extracted from
the Reddit® comments, and annotated by the well trained e-
motion classifier with five different emotion categories, in-
cluding Disgust, Happy, Like, Anger and Other. The conver-
sations are kept with appropriate length, say 4-7 turns, and
each utterance has 5-30 words. The average number of word-
s is 96.59 in context, and 24.40 in response, respectively.

The details of MED dataset statistics are displayed in Ta-
ble 3, where the training set contains 803,178 conversation-
s, validation set contains 15,000 conversations, and test set
contains 15,000 conversations, respectively. We learn the re-
sponse generation model from the training set, and the model
performing best on validation set is used for inference. For
the test data, the contexts are used for response generation,
and their original responses are used as ground truth to eval-
uate the quality of different generative models.

We initialize the word representation with the 300d Glove
embeddings [52], and all weights are initialized by the trun-
cated normal distribution with standard deviation of 0.0001.
‘We set the size of Bi-LSTM encoder state to 600, and set the
size of unidirectional LSTM decoder state to 300. The size of
latent variable is 100, and the size of mini-batch is 30. The di-
mension of hidden layer in the recognition network and prior
networks is 300. We use KL-annealing strategy [50] varying
from O to 1 after 100k iterations of batch training. We se-
lect 40,000 most common words as the vocabulary, including
4,289 emotion words retrieved from emotion lexicon [53].
We adopt beam search strategy [54] and the size is set to 5.

2 http://www.reddit.com

Table3 The statistics of the MED dataset.

Contexts 803,178
Disgust 93,458
.. Ha 166,719
Training set Emotional responses LiIl)(l;y 78,947
Anger 198,203
Other 265,851
Validation set Contexts 15,000
Test set Contexts 15,000

All datasets are tokenized with the NLTK tokenizer [55]. We
optimize our model end-to-end using Adam [56] with learn-
ing rate of 0.0002.

Pretraining is vital to the success of our ME-VRPG mod-
el, which can drive the log-likelihood losses to keep pace
with KL divergences during training process, and alleviate
the vanishing latent variable problems. Therefore, in this pa-
per, we first pretrain the E-Pointer-Generator network with
the mode controller, which is then used to initialize the pa-
rameters of ME-VRPG model.

4.2 Baseline methods

We compare our proposed model with several popular base-
line models.

Seq2Seq: A vanilla sequence-to-sequence model with at-
tention mechanism [57] is used to generate responses.

E-Seq2Seq: The emotion category is incorporated into the
decoder part of sequence-to-sequence model, where the emo-
tion is represented as low dimensional embedding.

Pointer-Generator: The Pointer-Generator network [22]
is used to accurately copy entity words and rare words for
response generation.

TA-Seq2seq: The topic-aware dialogue generation mod-
el [58] can generate informative responses with utilizing top-
ic information.

VRNN: We use a variant of variational recurrent neural
network for dialogue generation, which is similar to VRN-
MT [43].

ECM: The emotional chatting machine model utilizes an
internal emotion memory and an external memory to generate
emotional responses [13].

EmoDS: Both the explicit emotional words and implic-

it neutral words are exploited for dialogue generation condi-
tioned on the specific emotion [15].

Mojitalk: The emotion category embedding is incorporat-
ed into a conditional variational autoencoders model [14].
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4.3 Automatic Evaluation

The automatic evaluation metrics used in this paper are de-
fined as:

Perplexity: The perplexity measures the quality of the
trained language model, and the lower perplexity (PPL) value
reflects better fluency [59]. The calculation method is defined
as:

1 N
PPL = expl=— 3" log(p(YilUs. ). (“2)
k=1

where N is the number of training conversations.
Embedding Average: The embedding average method
calculates the sentence level semantic similarity between
generated responses and ground-truth responses [60], which
is denoted as Eavg. For the target response Y, the sentence
representation is defined as the mean of the word embeddings

of tokens:
ZrT=l e(y;)
[DIRTICA]

Similarly, we can obtain the generated response represen-

ey) = (43)

tation &(¥). The Emb-avg is the cosine similarity between
é(Y) and &(¥), and the higher value reflects better semantic
consistence.

Distinctl/Distinct2: The numbers of distinct unigram-
s/bigrams in the generated responses are denoted as Dis-
t1/Dist2 [3]. The higher values reflect better diversity.

Entropy: We use the entropy [61] (denoted as Entro) to
measure the informativeness of generated responses, which
is based on the information theory that low-frequent words
carry more information. The higher values reflect better in-
formativeness.

Entity: We use the name entity recognition method of spa-
Cy? to count the number of generated responses which con-
tain entity words. The ratio (denoted as Enti) can be used to
evaluate the informativeness of the response.

OOVs:
vocabulary words in generated responses.

We count the number of different out-of-
The larger the
number is, the stronger the ability to reproduce rare entity
words and phrases is.

Accuracy: The emotion accuracy (Acc) is the agreemen-
t between the inputted emotion category and the predicted
emotion category of a generated response. A BERT-based e-
motion classifier [62] is trained on 72,165 Reddit comments
naturally tagged with emojis, which are divided into five e-
motion categories. Finally, the classifier for evaluating Acc
obtains the accuracy of 0.674.

3) https://spacy.io/

Informative and diverse multi-turn emotional conversation generation

The results displayed in the Table 4 are organized in two
groups: 1) the models without utilizing emotion information;
2) the models for emotional dialogue generation task.

In the first group, we remove the emotion embedding from
E-VRPG model for comparison, denoted as VRPG. Com-
pared with the sequence-to-sequence model, the models in-
corporating copy mechanism (i.e. Pointer-Generator network
and our VRPG model) can reproduce emotional trigger ex-
pressions from context to maintain the the informativeness
of generated responses, and therefore obtain higher values in
terms of Entro and Enti. Although the TA-Seq2Seq model in-
corporates the topic information, it fails to reproduce diverse
emotional trigger expressions. The models incorporating la-
tent variables (i.e. VRNN and VRPG) perform better in terms
of PPL, Eavg and Dist2, as the latent variables can capture
the high variability of target words. Furthermore, our VRPG
model performs best in the first group in terms of all met-
rics except Distl, and this is because the latent variables are
incorporated to refine the copy process, and maintain the in-
formativeness and diversity simultaneously. The reason that
our VRPG model does not prevail in terms of Dist] is main-
ly that the VRPG model usually generates longer responses
than the Pointer-Generator network.

In the second group, compared with the Pointer-Generator
network, our E-Pointer-Generator model obtains obvious im-
provement in terms of Acc, indicating that the emotion em-
bedding can guide the emotional response generation. Fur-
thermore, after incorporating the emotion factor and model
controller into VRPG, our ME-VRPG model performs best in
terms of all evaluation matrix. This is because the the mode
controller can project each word into appropriate generative
mode, and the emotion factor can help copy compatible emo-
tional trigger entities, which in turn refine accurate emotion
expression.

In the Table 5, in order to investigate the influence of d-
ifferent factors on ME-VRPG, i.e. emotion embedding, la-
tent variables and mode controller, we conduct ablation tests
where one of the three factors is removed from ME-VRPG
each time. After removing the the emotion embedding, the e-
motion accuracy decreases by 13.5%, indicating the emotion
embedding can guide the emotional response generation, and
leads to a high emotion accuracy. After removing the latent
variables, the Eavg decreases by 3.6%, the Dist2 decreases by
4.8% and the emotion accuracy decreases by 2.1%, because
the latent variables can model the latent distribution of target
words, and the ability to reproduce various emotional trigger
expressions can improve semantic coherence, diversity and
emotion accuracy. After removing the mode controller, the
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Table4 The automatic evaluation results. The best results in each group are highlighted for reading convenience.

Models PPL Eavg Distl Dist2 Entro Acc Enti OOVs
Seq2Seq 75.21 0.672 0.011 0.045 7.86 0.287 0.084 -
Pointer-Generator 63.78 0.689 0.025 0.113 8.21 0.324 0.129 546
TA-Seq2seq 59.24 0.693 0.018 0.119 8.23 0.321 0.131 -
VRNN 45.21 0.710 0.016 0.126 8.29 0.318 0.137 -
VRPG 30.93 0.721 0.021 0.150 8.64 0.337 0.158 689
E-Seq2Seq 73.14 0.685 0.012 0.054 7.88 0.583 0.085 -
E-Pointer-Generator 62.36 0.693 0.026 0.114 8.24 0.654 0.131 571
ECM 73.16 0.692 0.014 0.061 7.94 0.661 0.098 -
EmoDS 68.32 0.698 0.016 0.065 7.96 0.669 0.102 -
Mojitalk 47.61 0.707 0.023 0.110 8.14 0.656 0.126 -
ME-VRPG 28.82 0.731 0.032 0.167 8.82 0.698 0.187 731
Table 5 The ablation evaluation results.
Models PPL Eavg Distl Dist2 Entro Acc Enti OOVs
No emb 29.14 0.728 0.029 0.157 8.79 0.563 0.185 718
No latent variables 60.52 0.695 0.027 0.119 8.26 0.677 0.134 605
No mode controller (E-VRPG) 29.17 0.723 0.028 0.151 8.76 0.664 0.182 706
ME-VRPG 28.82 0.731 0.032 0.167 8.82 0.698 0.187 731
model is equivalent to the E-VRPG, and the emotion accu- Table6 Results of human evaluation.
racy decreases by 3.4%, because incorporating the emotional Models happy digust
odels
mode could help enrich the generated responses with explicit ¢ E T ¢ £ T
ECM 0.378 0.442 0.137 0.418 0.380 0.115
emotion words. EmoDS 0.432 0.465 0.173 0.426 0.432 0.127
Mojitalk 0.488 0.396 0.245 0.423 0.348 0.148
) ME-VRPG 0.671 0.537 0.412 0.680 0.490 0.337
4.4 Human Evaluation v anger Tike
odels C E T C E T
We manually compare our ME-VRPG with three strong base- ECM 0395 0415 0.173 0408 0445 0.265
lines (i.e. ECM, EmoDS and Mojitalk) which can generate e- EmoDS 0.402 0443 0175 0413 0482 0270
. Mojitalk 0.410 0.367 0.177 0.433 0.410 0.273
motional responses. We randomly sample 200 cases from the Ours 0.623 0502 0365 0528 0562 0388
test set, and generate 800 responses corresponding to four e- Models sum
motion categories (i.e. disgust, happy, like, anger) for each EOM 55 o5 069
model. Three graduate students major in sentiment analysis EmoDS 1.673 1.822 0.745
are recruited as human annotators. Given the conversation Mojitalk  1.724 1.521 0.843
Ours 2.502 2.091 1.502

context and an emotion category, responses generated from
the three models are randomized and presented to each anno-
tator. The annotators are required to score a response in terms
of content, emotion and informativeness, respectively. The
rating scale of each criteria is O or 1. Content is defined as
whether the response is coherent to the context and reason-
able in logic and grammar. Emotion is defined as whether
the emotion expression of a response agrees with the given
emotion category. Emotional trigger is defined as whether
the generated response contains appropriate emotional trig-
ger expressions. The results are calculated by averaging the
annotations from the three judges.

As shown in Table 6, the overall performances of ME-
VRPG are consistently in line with the human perspective in
all three criteria. It indicates that our model can express de-
sired emotional trigger entities, which can promote content
reasonability and emotion accuracy.

Besides, the pairwise comparison is applied to evaluate

Note: The criteria include content (C), emotion (E) and emotional trigger

(D).

Table 7 Pairwise human evaluation.

Ours vs. win loss tie
E-Seq2Seq 0.605 0.135 0.260
ECM 0.472 0.230 0.298
EmoDS 0.467 0.236 0.297
Mojitalk 0.492 0.225 0.283

the overall quality of generated responses, which is shown
in Table 7. The evaluated responses are generated based
on randomly sampled 200 cases and the emotion category
of target responses. The ME-VRPG model performs better
than E-Seq2Seq (win-loss), ECM, EmoDS and Mojitalk, and
improves by 47.0%, 24.2%, 23.1% and 26.7%, respectively,
which further demonstrates that our novel ME-VRPG model
could generate the highest quality emotional responses.

We calculate the Fleiss’ Kappa [63] to measure the inter-
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rater consistency. Fleiss’ kappa is 0.464 for results in Table 6,
and 0.492 for results in Table 7, indicating “moderate agree-
ment” for the human evaluations.

4.5 Case Study

Table8 The case study for comparison.

u1: we may not be the best team, but we’re going to look
handsome.

uy: for sure, whats your top 5 handsome teams in the nba?

u3: easy. l.washington 2.cleveland 3.boston 4.76ers

Context 5.portland
uy: i feel that washington is pretty top heavy with wall and
kelly. i put cleveland on top with kyrie, love, osman,
thompson and korver
hap  ilike them very much.
lik i’m sure you’ll enjoy it.
EmoDS disg  they performed badly this year.
ang  1’'m worried about the wall.
hap  ilove nba teams very much.
.. lik the boston is not a good team in the nba.
Mojitalk R .
disg  they performed poorly in this season.
ang  the games are always companied with controversy.
hap™ i believe thompson is one of the best defenders.
lik ilike osman and i’'m sure he’s pretty good.
Ours . .,
disg cleveland has a.rough Flme, and i’ve seen a lot of
problems with kyrie.
ang  damn, i’'m not a fan of the cavs.
hazp2 i think washington is the best team in the nba.
Ours hap®  well, i am also a fan of the korver.

hap4 cleveland is an excellent team with love.

Note: The topic of the conversation is about different teams and players
of the NBA. The emotion categories include happy (hap), like (lik), dis-
gust (disg) and anger (ang). The emotion/emotional trigger expressions
are denoted by red/green colour.

We list one case from test corpus to compare different
methods in Table 8. Note that four responses based on hap-
py emotion are presented for our ME-VRPG model, which
is used to verify the ability to reproduce diverse emotional
trigger expressions. The EmoDS model performs well in e-
motional expressions of four emotion categories, but it tends
to generate dull responses which omit emotional trigger ex-
pressions, e.g. responses in “happy”, “like” and “disgust”.
Although the Mojitalk model can generate semantic coher-
ence responses, it performs poorly in emotional expression
(e.g. response in “like”), and in maintaining informativeness
(e.g. responses in “disgust” and “anger”). Our ME-VRPG
model can reproduce appropriate emotional trigger expres-
sions from context, e.g. responses in “happy”’, “like” and
“disgust”, and retain the ability to express emotional trigger
entities through the predefined vocabulary e.g. response in
“anger”, and therefore generate informative responses. Fur-
thermore, our ME-VRPG model can reproduce various emo-
tional trigger entities based on “happy” emotion (e.g. “wash-
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Fig. 5 Visualization of the attention (pointing) values over each word of
the context in Table 8. (a) Visualization when generating word “thompson”;
(b) Visualization when generating word “washington”.

maintain the diversity of generated responses. Besides, our
model can generate the out-of-vocabulary entity words, e.g.
“osman”.

Furthermore, we visualize the attention distribution dur-
ing decoding in Fig. 5. The Fig. 5(a) corresponds to the pre-
diction of word “thompson” in generated response “i believe
thompson is one of the best defenders.”, and the Fig. 5(b) cor-
responds to the prediction of word “washington” in response
“i think washington is the best team in the nba.”. For the hap-
py emotion, our model can assign higher attention weights to
various emotional trigger entities in the context (i.e. “thomp-
son” and “washington”), and therefore reproduce these words
in the response with copy mechanism to generate informative
and diverse emotional responses.

5 Conclusion

In this paper, we explore the multi-turn emotional conversa-
tion generation with informativeness and diversity, and pro-
pose a novel ME-VRPG model. The emotion embedding is
incorporated into the Pointer-Generator network to copy in-
formative entity words compatible to the given emotion. By
incorporating the latent variables, the modelled latent distri-
butions over target words can refine the pointing process to
copy diverse emotional trigger entities. The mode controller
is utilized to enrich the generated responses with explicit e-
motion words. The experimental results demonstrate the ef-
fectiveness of our methods. In our future work, we will ex-
plore the structured knowledge graph to extract more abun-
dant emotional trigger expressions, which can help to interact
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with users efficiently based on the shared knowledge informa-

tion.
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