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Abstract As an important field of artificial intelligence, human-machine dialogue is regarded as
the main form of the new generation of human-machine interaction. Due to its convenience,
human-machine dialogue is widely used in many business scenes, such as task-based dialogue
systems and chat robots. In real-life scenes, conversations are often accompanied by emotional
exchanges. However, without emotion perception and expression capabilities, human-machine
dialogue technology fails to complete emotional communication in such scenes. In order to make
up for the lack of emotional intelligence in human-machine dialogue technology, the deep learning
based emotional dialogue response task has been proposed and developed into an important

research direction in the field of dialogue.
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In this paper, we first review the development of deep learning based emotional dialogue
response task. According to different goals, we then divide the task into five subtasks:
controllable emotional dialogue generation, empathetic dialogue response, emotion support,
multimodal emotion dialogue generation, and new tasks. Controllable emotional dialogue
generation focuses on how to generate responses with specified emotions. According to different
components for handling emotions, we divide these models into emotion perception models,
emotion representation models, and emotion perception representation models. Empathetic
dialogue response aims to automatically perceive emotions and express empathetic responses.
According to different factors influencing empathetic perception and expression, we divide this
category of models into emotion factor-based models, compound factor-based models, and
structural factor-based models. Emotion support is to regulate the speaker’ s emotion to comfort
the user’ s feelings. Due to the different types of emotions involved, we divide this type of
models into three subtypes: stimulating positive emotions, stimulating specified emotions, and
reducing negative emotions. Multimodal emotion dialogue generation models focus on multiple
modalities, such as images, audio, and text. Since the number of models in this category is
relatively small, we do not further classify them. Subsequently, we also group the new tasks
proposed in recent years into one category, including three sub-tasks: multi-person empathic
dialogue, value task, and language toxicity mitigation. Based on the above categories, we further
compare the models’” advantages and disadvantages and thus look forward to the development
trends of each subtask.

In order to further explore the deep learning based emotional dialogue response, we also
organize and analyze the models according to commonly used structures. Since most models are
built based on sequence-to-sequence structures, we list and analyze the improvement methods of
sequence-to-sequence structures. Given the rapid development of pre-training models in recent
years, some models have adopted pre-training models to enhance the effectiveness of the models.
We also summarize the pre-training based models on deep learning-based emotional dialogue
response task. At the same time, we also summarize more structures involved in this task,
including generative adversarial networks, reinforcement learning, dual learning, and template
filling. To further explore the advantages and disadvantages of the above structures, we conduct
comparisons and analysis of these models.

Then. we introduce the commonly used data and evaluation metrics. Finally, we summarize

the models and further discuss the future development directions of the task.

Keywords affective computing; affective analysis; dialogue system; text generation; natural

language processing; deep learning
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DL AR 18 T BRIE 25 ISP — R 3R D)
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2.2.3 FETHEMR R RHA

DX 1T P19 DA I 58 7 90 21 7 51 28 1) A
BT, AR A48 55 A 9 I 48 k) T T e A A
DA TR IR A 4 1) 5 2%, A A AR TR 1 B0 AR
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HEAT T A7 B8 R A I TR T e LA A e ) S B
)7 A AR 4% .

S B2 SO AR AT 45 N T T
SLHBA R T 2SN TR X E 2R
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5 WAL IO T A JAT 55 30 3155 X4t o J52 A1 15
RS U] T X A R IR X —
RP G B2 RN R DI SR . M55 1R R
HIHER L IR T X — i — i R BEE BRI
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B Shin 45 A (2022)-Forward - - 2 0.123 6.292 - 0.961 0.947 0.901
Shin 45 A (2022)"-Improvement - - 2.6 0.17 6.317 - 0.966 0.952 0.919
Shin % A (2022)%-Simulation - - 1.1 0.08 6.192 - 0.966 0.949 0.919
. Lin % A (MoEL, 2019/ 33.58 32 1.38/0.56  4.66/2.70 2.9 1.61  0.945 0.793 0.537
Majumder 45 A (MIME , 2020)%”) 37.53 - 0.51 2.68 2.98 1.578 0.946 0.794 0.536
Li% A (EmpDG ,2020) 34.18 34.31 1.81/0.47  6.94/2.10 - 1.506 0.935 0.788 0.532
WIES  GaoZ A (202D -hard - 423 1.8 9 - L7340 - - -
GaoZE N (2021 soft - 424 17 8.4 - LT - - -
A Shen % A (Dual-Emp, 2021)1 31.01 37.53 1.08 3.23 2.91 - 0.957 0.796 0.545
Kim %5 A (Emp-RF T, 2022)" 14.71 42.08 3.21 4.48 - - - - -
o Li% AN(KEMP, 2022)!! 36.89 39.31 0.55 2.29 - - - - -
Sabour %5 A (CEM, 2022)F 36.11 39.11 0.66 2.99 - - - - -
A Chen % A (EmpHi. 2022)® - - 1.1188 5. 3332 - - - - -
Mtz 5 #EIZE CARE data #1 ESConv ##E & LHIIER
CARE data (Reddit) CARE data( Twitter) ESConv
VR JAEA] PPL  D-1 D-2 Acc  PPL  D-1 D-2 Acc  PPL  B-2 D-1 D-2
Zhou % A (ECM, 2018)™ 65.6 0.0044 0.0506 0.5893 91.3 0.0056 0.063 0.5619 - - - -
Song % A (EmoDS,2019)" 76.6 0.003  0.0455 0.6186 113.5 0.003  0.045  0.595 - - - -
Zhong % A\ (CARE, 2020)™] 70.4 0.0049 0.046  0.684 100.1 0.0064 0.0775 0.6693 - - - -
Lin % A (MoEL, 20191 - - - - - - - 62.93 5.02 2.71 14.92
Majumder % A (MIME, 20200 - - - - - - - 43.27 4.82 2.56 12.33
Peng %5 A (GLHG ,2022)1% - - - - - - - 15.67 7.57 3.5 21.61
Tu% A(MISC,2022)1% - - - - - - - 16.16 7.31 4.41 19.71
M6 #EEIFE ESTC.NLPCC2017+OpenSubtitles, MC-HRED data +#¥5#x
- | SIL+ MC-HRED
OpenSubtitles data
Bz VEH BARA D-1 D-2 B-1 B-2 PPL Acc PPL
Wei % A (EACM, 2021)) 0.0819  0.284  0.2305 0.1518 - - -
28 STk 4
Wei % A (TG-EACM, 2020) 0.0839  0.407  0.2708  0.1832 - - -
Zhou % A (ECM, 2018)] 0.0603  0.207  0.2316 0.1525 - - -
Li% A (E-SCBA, 2018)% - - - - 65.6 0.771 -
X% 3 )
PN (2019 - - - - 61.533  0.87 -
WORBWLELE Lubis % A(Emo-HRED, 2018)7 - - - - - - 42.6
Lubis % A (MC-HRED), 20191
unigram-Action i i ] ] i ] 9.
e LAubis%}\(AMC—HRED,ZOIQ)“OZJ i i ) 7 i ) 19 62
bigram-Action
Lubis £ A (MC-HRED. 2019)"%!
- - - - - - 49.78

trigram-Action
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Background

Human-machine dialogue technology is widely applied in
various business fields, such as chatbots, question-answering
systems, and product recommendation systems. Human-
machine dialogue technology has provided significant economic
returns in many scenarios. However, due to the involvement of
emotional communication in dialogues, the lack of emotional
intelligence in dialogue technology hinders the provision of better
emotional communication and care. This limitation restricts the
further development of human-machine dialogue technology.
Meanwhile, in recent years, deep learning technology and its
application in the field of dialogue have experienced rapid

development. In order to compensate for the lack of emotion in
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focus on natural language processing.

LIAO Xiang-Wen, Ph. D, professor. His research
interests include natural language processing, information

retrieval, social computing and network content security.

dialogue technology using deep learning techniques, the task of
deep learning based emotional dialogue response has been
proposed and rapidly developed. We summarize the deep learning
based emotional dialogue response and divide it into five
subtasks: controllable emotion dialogue generation, empathetic
dialogue response, emotion support, multimodal dialogue
generation, and new tasks. Subsequently, we also review and
analyze the models based on commonly used model structures.
Furthermore, we introduce commonly used datasets and
evaluation metrics. Based on the above summary and analysis,
we further propose the development trends of this task.
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