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Personalized Dialogue Generation Integrating Sentimental Information

XU Hui, WANG Zhong-qing, LI Shou-shan and ZHANG Min

School of Computer Science and Technology,Soochow University, Suzhou,Jiangsu 215006, China
Abstract Nowadays,more and more attention has been paid to the man-machine dialogue system. However, the current main-
stream man-machine dialogue system rarely considers the personalized characteristics of the speaker. An important aspect of the
dialogue system is to improve the response quality of dialogue according to the personality of interactive personnel. Personaliza-
tion is the key to create intelligent dialogue system, which can be well adapted to human life. Emotion is a very important factor in
the generation of personalized dialogue. Therefore,a personalized dialogue generation model integrating attribute level emotion is
proposed in this paper. The BERT-MRC model is used to extract the emotional and attribute information of character personality
and historical dialogue. The improved UNILM neural network model is used to encode character personality and historical dia-
logue. At the same time, the emotional word information and attribute word information are combined in the coding representation
to finally generate a dialogue in line with character personality. Experiments show that the proposed method can effectively im-
prove the quality of personalized dialogue generation and increase the diversity of generated responses.

Keywords Natural language processing, Dialogue generation,Personality, Neural network, Emotion, Attribute
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# 2 Persona-Chat %45 4 75 1]

Table 2 Persona-Chat dataset example

Persona A

Persona B

i like canning and whittling.

to stay in shape.i chase cheetahs at the zoo.

in high school,i came in 6th in the 100 meter dash.

i eat exclusively meat.

i like to remodel homes.
i like to go hunting.
i like to shoot a bow.

my favorite holiday is halloween.

Dialogue:

Aj :hi,how are you doing ? i am getting ready to do some cheetah chasing to stay in shape.

B

:you must be very fast. hunting is one of my favorite hobbies.

Aj:iam ! for my hobby i like to do canning or some whittling.

B
B

~

o

;1 also remodel homes when i am not out bow hunting !

:1 do not. but i do have a favorite meat since that is all i eat exclusively.
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Table 5 Comparison with benchmark model

A 4 AR BLEU-1 BLEU-2 BLEU-3
LSTM 0.128 0.022 0.002
BiLSTM 0.131 0.021 0.003
GPMN 0.133 0.024 0. 006
DialogGPT 0. 145 0. 030 0.017
UNILM 0.159 0.041 0.027
UNIPEA 0.177 0.048 0.037
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Table 6 Comparison of different influencing factors

A 4 AR BLEU-1 BLEU2 BLEU-3
LSTM 0.128 0.022 0. 002
UNILM 0.141 0.033 0.020
UNIP 0.159 0.041 0.027
UNIPE 0.166 0.043 0. 030
UNIPA 0.170 0.043 0.034
UNIPEA 0.177 0.048 0.037
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great,how are you?”,B A% “i like to workout. "X 4~ [f] & &
ZAMELA; A B “1 have a dog named charlie. ”, B [A] 2
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Table 7 Example of LSTM model generation dialog
s HA A A Y

i am great,how are you? i like to workout.
i like the beatles.how about you? me too.
i have a dog named charlie. good.

i am doing well how are you? i am doing great.

[ I N

let us go together next time. that is great.

2 8 3l T UNIPEA #58 AE f 1 %k i 7~ ) . DA 3% v T
VL s Bl T SR IT A= 00 X 7 L TS AH G MEA T AN I 4R
Tkl A [l“do you have children?” ., B [8]%“i have a daugh-
ter. she is lovely. 7, X} i WA A B8 A H &, W2 B A 2
Pk, BRI B R B PORR AR AL A B X I AN H X
WK,

# 8 UNIPEA #5 R AE B 14 X 15 7 i)

Table 8 Example of dialogue generated by UNIPEA model

B

i have a daughter. she is

% BEBA

do you have children?

lovely.
2 this is my cat. it is so cute. 1 like it.
3 hello.do you like music? i do enjoy jazz music.
4 i am jack. how are you doing today? hi jack i doing good today.
5 What is your favorite good? i love italian food.
GERIE  E KRB AN W & R B 4 R FE O I R AL A

WIFSE 32 B T 7z 500 . X (A5 42 5 X 15 [0 & ) ot & A5
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XF i LA K WA T A R AR S B 4 X5 5 0 A 09 s 1 1) R
BRI R AR, L FIEAY DU R ETXUFEENZ
XIS A RN A R B IR N . SR AR R AR
#tit# UNIPEA # 817 BLEU-1,2,3 PEA 36 45 P LS T %F
LU S 0 0 A U 45 R L RS AT RS2 10 2 A XTI L W BN
TE T, BE A% A AL D 2 PR NI A B A M DL RO R N A 8
PR VG IR . AR SO0 5 R B I A T S R P 2
AW 0 1 ) D K S P ) 4 A R A RAE S S B £ He 4, AT
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