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Abstract: Empathic dialogue aims to provide mental health support for anxious users, thus chatbots with
empathic capabilities is a noteworthy issue. The existing methods can only identify users’ sentiment states, but
can not effectively generate empathetic responses according to users’ different sentiment states and let alone
effectively relieve users’ bad emotions. Therefore, in the research of building sentiment support chatbots, how
to dynamically capture users’ fine-grained sentiment features and provide corresponding psychological support
according to sentiment features needs to be further explored. This paper proposes an empathic dialogue
generation method based on the fusion of emotion and strategy. Firstly, the sentiment classification network is
used to dynamically perceive the user’s sentiment state. Then the support strategy is used to accurately model
the strategy matching network which is introduced according to the context of the conversation to generate the
conversation. Finally, by comparing the experimental results of the proposed method and the current advanced
methods on the corresponding datasets, the effectiveness of the proposed method and the importance of
sentiment support are verified.
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H, SREEVCE R IER, [B1E RS 8 ) s 26 2%
i 7 THIRRAT o [RIE, AR SCBEHY AT DL B 4 B S0 A 17
BARMNTE, FEoRMH A R I
4.6.2 FEGI R
TR F, AHDialoGPTiaH 7 &
BRI SRS, JE B AR LR A B
fIPERESR T, A Fl DialoGPT S ESFM k4T 52
B B A B EL A, RS NSRS T . AR
T AT AL (1) SRmGIE BRI HER . 26T
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% 5 ESFM#NDialoGPT/ =4 M N B %TEE

ER: I'm fearful of where I'll be living in the future.(FFE A K SF 7R HL)

I'm looking for someone new to talk to. I don't really feel like I can express my actual feelings in my current living

arrangement. (FAE—NFIIBIFA S . EFRHBTAETE<HT, REMEE A CEREH I ESLEZ)

&%

I understand. I have had to stay by myself for most of the year due to the pandemic.That has been hard. (FFEfif. T %

T, WAEA DA T —ERRE I TR XARAE) [ BT

DialogGPT:

Have a great night and tare care of yourself.(FEid—/N U RIELFLF IR E ) (I8 5 &2

ESFM: I know there are tough times and we all need to be heard. (FAEILAEIRARAME, FRAT1HL T E W) |5 R FE
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