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H #R1E 5 Ak P ( Natural Language Process, NLP) 0] %5 £ $5 #1225 &0
1% ( Machine Translation) . 3L <4 2% ( Text Summarization ) . i) f5 4= Jk,
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K1 RE AT R T
Fig. 1 Different kinds of Al assistant
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User: I want a cup of coffee.

Agent: Same as before? Tall hot macchiato
and deliver to No.1199 Minsheng
Road , Pudong District, Shanghai?

User: I want iced mocha today.

Agent: Sure,please pay.

User; Payment completed.

B2 — A5 AT 55 RN ] 7

Fig.2 An example of multiple-round task-oriented dialogue'”’
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BETETE I 7 AT 55 BN R Y — b 28 B 1Y
PRy 5 H T A AR 3 SR1TE 5 PR (Natural Lan-
guage Understand ) | X} i Ik 25 1B B2 ( Dialogue State
Tracking) XI5 5 B% 2% >J ( Policy Learning) £ H SR 1
H A2 il ( Natural Language Generation)4 Mife, WK
3 .

K3 T ER I kR
Fig. 3 Structure of pipeline-based methods
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LSS AR (slot tagging) | 2L IR 51 ( domain de-
tection ) F1 2 & R (intent determination ) . fF 5t T4
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Fig.5 A semantic controlled LSTM (SC-LSTM) cell™"
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FHER BN, H Al HX — 254 2 S BONE
W% 182572 > v Xk X 4% i B4 B8 0 Al 55 B R I — T AL
SiAL S 2T BT RO T B Mg =2 2] rp AR A
TRGHIEEYE, R P T Seq2Seq #5871 X Il 45
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(27 9 IR X AT 55 BU X R GE 35 1, X AR AT
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A : Where are you going? (1)

B:I'm going to the police station.(2)

ATl come with you.(3)
B:No,no,no,no,you’re not going anywhere.(4)
A:Why? (5)

B:I need you to stay here.(6)

A1 don’t know what you are talking about.(7)

B6  —AZAset p AT 5 RG] 7
Fig. 6 An example of multiple-round

non-task-oriented dialogue'*"
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Fig. 7 Encode context and candidate

responses with RNN cells!*’
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1) Seq2Seq

%41 #| 7 %] ( Sequence-to-Sequence , Seq2Seq )
BEAY SCFRATE G 1% 25 1% 25 ( Encoder-Decoder ) 5
B, 2 58 A KA 3K Bl 1 1o 25 AU AR S — Fh ki B
BEH AT I SCA A BB AY , Seq2Seq A58 7R 43 4% SC
AL AL A B I A A3 AT 7 AR A L B
fg 1

25 ML Seq2Seq 1 A1 41 [# 8 (https: // zhuanlan.
zhihu. com/p/28054589 ) fi /5. #5% A A7, Encoder
Decoder i Fi] — & J 51) 152 U Al 3 A 45 449, 4 RNN
gate-RNN & LSTM "™ 45, & Uk AFF 91 (5 8) X =
{x),25 05,0, 0,3 H—"DEE T AR AT
I ESLY = {y v,y ye s HELE TS 1)
i P (15 ) | AR AU S A BT R R 2, ST g
HiFE T PRAR G HHF S Y

Kl 8
Fig. 8 Structure of typical Seq2Seq model
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FORAS BRI SS C i MR — 2 BRI T
— B ARG A AT DR I A B IR AR A T AR 48 f 3R A T —
G XA T Encoder £ 3 FhIEALL.
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A survey of human-computer dialogue system
based on multiple-round interaction

CHEN Jianpeng' MA Jianhui' WANG Yijun'

1 Anhui Province Key Laboratory of Big Data Analysis and Application, University of Science and Technology,Hefei 230027

Abstract In recent years,as one of the important issues in natural language processing,the human-machine dia-
logue system has received more and more attention.Methods of deep learning based on big data are widely used in
dialogue systems. In this paper, the background of human-machine dialogue system is firstly introduced, then
dialogue system based on multiple-round interaction is taken as an example.This paper emphasizes on task-oriented
and non-task-oriented dialogue systems, elaborates the main types and current research progress. After that, this
paper provides an overview of some main methods of evaluating the dialogue system.Finally ,based on the current re-
search status,the prospect of some future research directions on human-machine dialogue system are discussed.
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