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Dialogue Act Prediction Based on Response Generation

WANG Bo-yu, WANG Zhong-qing and ZHOU Guo-dong
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Abstract With the continuous development of the human-machine dialogue system.it is of great significance for the computer to
accurately understand the speaker’s dialogue act and predict the act of response according to the history information of the dia-
logue. Previous research work focus on act prediction of responses based on dialogue text and existing labels. But in many scena-
rios, the reply has not been generated. Therefore, this paper proposes a dialogue act prediction model based on reply generation. In
the generation part,the Seq2Seq structure is used to generate text based on the conversation history information as text informa-
tion for future replies in the conversation;in the classification part,the LSTM model is used to express the generated reply text
and the existing conversation information as clause level representations. Combined with the attention mechanism.it highlights
the connection between the dialogue sentence of the same round and the generated response. The experimental results show that
the proposed model a chieves a 2. 54 % F1-score improvement compared to the simple baseline model,and the joint training meth-
od contributes to the improvement of model performance.
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1 gl = Table 1 Example of dialogue act prediction
T4, BB B 3l IR 0 B PR R R X R Gz 0B kil =H
A':Our dinner is ready. Inform
ﬁﬁ?%iﬂjﬁﬁ*umﬁﬁ“ T'%'?J[EE(J X‘Tiﬁ@']’ﬁ%ﬁﬁgﬁﬁ\ﬂgu3&$ﬂ% B:What do we have for the dinner now ? Question
AH Siri Z KBS BT, dERR BN E = R RS R A:Potatoes, tomatoes and cucumber. Inform
B: (Do you want some juice ?7) Question
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Fig. 1 Dialogue act prediction model based on response generation
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Fig. 2 Proportion of four types of act labels
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(2)LSTMN*, i FHE A0 6 3 SCAS 9 {58 2505 — &g, Bl
A Tl — % L 42 30T TOUI0 3 4] 4k 1 SR B A TR AR

(HLSTMP #  , fifi 3 A B AN X 3% 3CA 2833 7 )2
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Table 2 Comparison with experimental results of each model

A B E AER Fl-score
LSTMN~1  0.4513  0.4312 0.4410
LSTMN=2  0.4076  0.4210 0.4142

LSTMP 0.4733  0.4569 0.4650
Kojil 1] 0.4802  0.4551 0.4673
Ours 0.4858 0.4952 0.4904

RG22 S5, 456 B R 58 A IR T, TR] — %8 v i i
T A R T ) — X 0 b, 5 R O A 22 1R Y R A
TE— B W R, PRl A7 50 A BRI fn LSTMY ' il LST-
MY 2 B BN 45 SRR R X L. R 5 7 S5 8 AR B K
FORTH 6 M55 8 MY B EHK & L A1 i 1, LSTMY ! 48 1
B F1 43401k LSTMY * BB = 7 2. 68040, U W] 1 4l 13X P
o 35 AL SR AT TR T 0 A B L SR T A A A
HR BT B A i B A DG A5 B, F1 A3 40 AH AR SCRE R A
L9LYR 7. 62% M2 BE . JLERAE AL LSTMP #1 Kojit ' 1y J7 14
AR BT AR 00 65 {5 B ARAE LA SCRERL , WA 25 TR )
it 17 /) 22 ] B R o B O AR SO R AR B LSTMP 1 Koji™ T B
T 2.54% R 2. 31 % M MERE4R TH. AR SCHE I ] Seq2Seq
SR HEAT SCA AR B AE AR BN ) AL AT A 28 A L B A
MR 25 AR B T 48 T, UL B T SCAS AR B AR % T 2 B T Y
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A LSTM JZ R P e . 1 il T & I 2R 10 A 2k
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X HE 8 AT, A RIS S A R R 3 TS

3 A N S 5 SR AR

Table 3 Influence of generated part on experimental results

A A oz 7 E xR Fl-score
£ R E B 0.4858  0.4952 0.4904
B E AL 0.4552  0.4467 0.4411
£ R+ 0.4851 0.4797 0.4823

FE 3 H] DUFE Rl A 26 %1% 09 3 g E AT Il 52
BN B0 250 SR o 2, A B [ & L BE AL R &2 A Fl-score 5 i
4.93% X UESE TR A BRI AL I B T EH . (I 2.4,
6 ) AL 01 — b RERE 0 Ak B 5 DR I f 7 R Il A 0 AT
Jei M b R A R T 2 Bk S T R R
5.2.2 W%x Xy FHa

7% SCAE L SO AR A R SO AR S JEA S A A LR 4 1
HAE R 43 2538 4 i A — 36 4 BB 0 = LSTM
JZ o TATTHRE TSR 4 Sk W AR, 2 B DI 2R B S A i T
ORI BT o X LU S B 4 AN 4 A,

RNV NG E i |

Table 4 Influence of different training methods

W% F R LR ES HEx Fl-score
25 % 0.4709  0.4711 0.4710
B4 % 0.4858  0.4952 0.4904

k&G4 A Bl %5 R, £ Fl-score A
194 % MR T X E AT 45 T 81835 1Y 3% BT PEAS B R 45
I B2 IR A T YRR R LSTM J2 02 A8 58 40 0 43 25 355
SIS R GRS T B G SR TUA  BAHRS T A
53 X AE B YR 3R R R — B AT A5 AL R R X )
P RTR A S TR
5.3 AEHEEMNTMG

RE Pl #: e (Bilingual Evaluation Understudy, BLEU)

2 H B A B SCAR 5 52 SO LR BE R 43 40 . BLEU
AR A KT .
N
BLEU=BP X exp( 2 w,logp,) [QRD)
n=1
_G
P =" 12
1, cr
BP=| (13)
e ., <r

Hd, p, & n-gram WG ES 5w, BIERAAE,C, &4
XA S 2% AR T I FE Y n -gram IREL, C 206 8 SCA i L fie
M n-gram AL, SFXTA SO LS 25 SCAR G B0, T 251
ANGESIHLH L B0 BP, (1) H. e HAEBRCANKE,r v S
AR K E, T LIB n-gram 8 o H R 1~4, 315 A R
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#5 ARFESCAM BLEU 1353 guistics. 2016:2012-2021.
Table 5 BLEU score for different texts [10] KUMAR H,AGARWAL A,DASGUPTA R,et al. Dialogue act
XA BLEU-1 BLEU-2 BLEU-3 BLEU-4 sequence labeling using hierarchical encoder with crf[ C]// Thir-
R XA 0.3136 0.2447 0.2195 0.1997 ty-Second AAAI Conference on Artificial Intelligence. 2018
N—1 0.1053 0.0187 0.0056 0.0017
N—2 0.1368  0.0265  0.0076  0.0024 3440-3447.
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