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ABSTRACT

Today, in the age of advances in information technology, people live in a fast-paced
society which full of stress, which also leads to a continuous increase in the number of patients
with mental illnesses such as depression, and the increase in suicide rates caused by the
prevalence of mental illnesses will also increase the social burden. Although there are more
and more patients with mental illness, this study found that many patients are reluctant to
seek help, and do not even have a sense of illness. They don’t think they are sick. They lack
a channel to express their emotions and feel understood and accompanied.

To solve the above problems, the study and my lab partners (Su, 2022) co-proposed
a chatbot architecture for depression patients. We believe that a complete dialogue system
can solve their immediate emotional needs and give them the understanding and
companionship they need. To design a dialogue system that meets the needs of patients
with depression, this study believes that sentiment, dialogue act, topic, and attitude in
dialogue are helpful for dialogue comprehension, and can achieve dialogue generation
that empathizes with patients' feelings. This study mainly analyzes the dialogue through
these tags, hoping to generate positive responses through accurate label classification of
the dialogue to meet the needs of patients. In addition to responding to the needs of
users, this study also expects to arouse the public's sense of illness. Many people reveal
suicidal thoughts in conversations. We expect to be able to analyze the depression level
in the dialogue. First, we determine the depression level of the patients, and then analyze
and generate the dialogue. If it is analyzed that there are suicidal thoughts in the dialogue,
it will be able to achieve immediate notification and avoid something regrettable
happening again.

The main goal of this study is to achieve accurate classification and generation, so

we use the BERT pre-trained model to analyze the dialogue. This study uses three self-
iv
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labeled datasets to classify the depression level, the RSP, GSN, and MTD datasets; and
uses ChinesePsyQA, which is co-labeled with (Su, 2022), to classify the four labels of
sentiment, intention, topic, and attitude in the dialogue. This study conducted a manual
evaluation of the confidence of the labels, and the results showed that the labels of the
dataset were consistent with the public's understanding. In the evaluation of dialogue
classification, the results show that our chosen model achieves fairly good results on both
classification tasks compared to previous similar tasks. Finally, from the research results
completed in cooperation with (Su, 2022), the accurate classification results in this study
is one of the main factors affecting the quality of the generated results, and it also shows

that these four labels are an integral part of this architecture.

Keywords: depression, dialogue system, chatbot, Natural Language Processing, Deep

Learning, BERT pre-trained model, Text Mining
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Woebot » & #* ;3.4 {7 % /5% (Cognitive Behavioral Therapy, CBT)i& {7 $f35 < 12
e BB NE  BRR O @ g TR NP R o R
#HiE CBT § ° eh— #-379 » ket in ) Bigdt {872 o @ 1345 Darcy % 4
(Fitzpatrick et al., 2017687 3 > & 0 SR & % Woebot 7§ § & & M
AR A ST s BERERP VIR R EAT NE IR G B E 0 0T

B AT LR RS o

BRI T R AT AR SE R 4 A EE Y
FE AT R M RSN FRIRRG L G i % 2EE
F > @ SimCoach (Rizzo et al., 2016) 2 3 Woebot (Fitzpatrick et al., 2017) i& {7

wRBFLLRES S A FAEHER T F AT G PRI N pd
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2.3

vRELT C AHEERY TRF T o SR ORERARK Y o
FE oML Egent gy e fep FHEFE - A 24700 ¥
WHroEYaRZT R -‘*‘mg—r.ﬁ—u L P gl (R U L AR A = I A

AR S g R Y K hEEY B oibs AWE

pod S w R e B EgRpd 0w s RS ‘Flé’*"ﬁm’éﬁhﬂiiﬁf‘%

EER ) e e i ’glé’#’iﬁ e s N ’Tﬁ/”'fj‘?’fi?fé B iz
SRR RS AR = S b E e N SV
$Hi -

# 3 BERT 33 3 ehia 2|7

GEKCFREVAFLEPERE L ) RFT ALk P2y L
?%J’ﬁﬁégﬁéﬁﬁ\ﬁﬁﬁéoi%vma%ﬁ@*éfiﬂ%i’
TSRS P A dske a AERE Y AB Y BERT
(Bidirectional Encoder Representations from Transformers) (Devlin et al., 2018) &_
Fo4iPp B 7 8 Google sBIff— 21 BERT i Uics] » Ak a 11 30

pRE p@mng‘ s ’FKB’"Q" &J{,ﬂim‘*% °

BERT & - BAFRE Y 9585 3 0 g i BHEpGL -
TEY ARG B A { FEERE R 95 o A iEdms I
BERT % + > 28 v + 7 2 @B #4)7 F > 4o word2vec & GloVe ¢ 7 3@
2P A BEHPA S - BEeRRFTAT 0 T FENRE P RN
BERT ¢ 4 g3 HE @I MpFent T2 Fpt ¢ R EF AT a3+ ¢ %5 7
foigee & o blder 2 Hipdate ¥ AP I o 2 F AK€ > word2vec 8 T
AR E A A - oo £0@ BERTRI§RBHFLE S boanae £ 4

P BV UL RE DL T E - H@RaER -

ML G T f#A7 e NLP E4% > 3V i ¢ S 3% 08— Bdeig & oop
HBRERFHIFHo AL ¥ g RAETHEF 20 ¢ gBEF P EFTRE

FoFA G AL E NLP Earad * 24 BIF L& 4 £A4F00ig = o0 F
10
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s > @ BERT ,7,};,{1‘4 BE PR E e 7 BERT 5 A enifit i
4, it 1 < g2 & REFPHO 2 A RFT AL G S iE 34
BB FHEFd Google # 41 (B -] A & 9 BERT 772" S #-73] BERT-
BASE » § 12 ke de > ¢ 5 i 1.1 @ %dk o J *° BERT 3% eif it i

45 AR R R IEEIEVRECA S AA ﬁf‘ué‘é M3 (fine-tuning) % B & 2% iz

i’zs’ é’/z\;!:_gj_; ‘QA‘Q"%‘#}%‘% \Qj\é}iﬁ’j\‘%}ié?%ﬁzfﬁo

* ASNE- 2 E NLP 4787 o P A 73R40 A1 ¢ R 1 ~ &9
GREE S PSR AR TR R 8 A0 Il H i
%% o BERT $£7 % A%t T 2 325 4 > 345 Sun, Qiu ¥ + (Sunetal, 2019)
B oo 8 BARR LR F ane KA TR B ¥ BERT 4] ahe 2
73 » & 7 IMDb~ Yelp ¥ » %% % 57 /2 BERT 2 fine-tune er$-3] 2973
B S ANt ] W AR T Bl A RS ERL R

oo

231 p MIP

BERARCUPINBHERLE LT 67 p BB - REF Y 15%
FRBDEE 2 MARENRERBH AR E G R RD IS § B3
oA 15 3 24 pep B A 2018 £ 193 4 0 = K 3 2020 & (0257 A
HES RIS SIS R RURE Sl A RIS s R Rl SRR VA
B il g FAL-F 5P ¥ /% SRR A TRRE KRS 20 4
P 7SI pARE D RJLKE T A 787§ o C. M. Dharmapur & 4
(Dharmapuri etal., 2022) ** 4 &3 31— Frx 5 8B L (¥ 3 FE}%WM ISP ENEL R 4
FELFTHBEREFPF A TR RPFAT UG T b 00 wILF R
LG (TS B PR T A R SRR R RIER D g oA B 5

;}FI Al ¥3& 5 SL i p AR [ —4\)3 3L o

O LER T BB LY s e Ll d o g kit
Tt e pBETT ORI T FRAFFEADRRYL AR F L ppp AP
LT p B2 4P B 2 F o Pestian, J. ¥ A (Pestian et al., 2010) ¢ * 33

11
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FPEFTET B RERAFREY FEEFFAY 0 B R RRE T M
#12 % #8 Decision Trees ¢ Classification Rules %% B 5 ¥ /7 & /2 &7 L f& o
BhAA O WEEV RIS RAAEN e a ¥ L & Jain,
P. % 4 (Jain et al, 2022) # * 7 Reddit } = B 5% r/depression fr
r/SuicideWatch & &7+ F i& {7 4 %8 E 7% > r/SuicideWatch P& ¥ 4% p #1872
AR BT R A AR TR LR REEA o R R T A
Naive Bayes ~ SVM & ML jF & 2 » #88 %~ 37 9 77% s > &

3% NLP 3 7 10§ »edd i (73 Bauen®e & > 7 5] f BRI L

-~

A v P~ H @ * Reddit } ¢Ha B subreddits r/depression fr
r/SuicideWatch e~ F k& (74 %5 » 2 22 (Jain et al., 2022) %25 % F > A0
A& F 2 BERT 2" RHCA 0 2 fsfiscnd 2 TRk EGFFTH - Ahv s
BERT 3 ~ eiZ R B fEa 4 v UFBAP ALK EH Y ETRESNF o F 2k
d 3% Jain, P2 A AR FHE > T AR R OFRL T AR R

Benos 2@ P ki oI gt fi o
232 R A%

FHREIAPL EP 2T HEAD- Baw  @HhA A PREPE ,«Frsg F p
A ehili g I A g B EEP Ty R A TR 0 2 AL
AFg A A FRARE R T Rk o M F BRI 0 B

<)

B AR A S P ETPA L BB DB Z 5 o

Rajalakshmi % % (Rajalakshmi et al., 2017) &vh ~ #-F R 4 %> 1 &

/ﬂ\j‘éﬁi —k;‘»ﬁﬁ,_. mé"‘fiu‘ﬁ?i = ﬂkxﬂ‘.f—r/,,\&\ﬁu y ¥ o— ﬁﬁ?']{f%” %%??ﬁ”

A
-

% Ri& {7 & 4 > 4 Decision Tree ~ Neural Network & % o @ AT gL on
AEEF - B g R TIPFEL Y anP R

BEY e FRT 2 SR B RUEAE R AR g e g
By R A AL JHATT R F R

FRE a SRR NMBL

12
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W2 FEFIALTRPEEY SR R A 1748 & o Pang, B.fx Lee,
L.% 4 (Pangetal.,2002) i P55 H s> AM4ET > { Frmend|wlf4go
WIEHF K R PY R A BB EFY 224 w5 Naive Bayes 2 2 SVM>
BERETIPEEY AL RSB A4 A o @ A& Reyes, A. fo P.
Rosso (Reyes & Rosso, 2012) 97 3 ¥ > 8 * & Amazon ;%% » #0F £ 5 & {1
& L eBE £3%% 0 @ * 7 Naive Bayes ~ SVM 14 2 Decision Tree = #& 4 #f =

Fd AR s AR ANREY BT AREFV RO BB ETY 220 5

# Decision Tree s % v H &6 5 F o

ITE R ",!rt’l P B R fRETHTAY ARSI Y BB Fi%
o AR e AASEREY BT WA gk ¢ EEA AR B AT

i o RS RER AR L Y T WA B 2 R R
BRerdi > BP0 BERT # 5 R4 o 22 Fg T4 & SST-5 (Stanford
Sentiment Treebank — 5 classes) 8 B 2 F 3¢ 7€ _45. 7% 4v F] 59.1% » A %] £_#
* RNTN model 2 2 RoBERTalarge+Self-Explaining #t5 2 & 4 3 $i- 3] - Sousa
% % (Sousaetal.,2019) RI4|* BERT %t & mATH 454 17 0 3 2 7355

DEZSTRIN

-~

T AR RIR R 0 T B % AP BERT afha BB A SRR

Y

(CNN)jrz# w £ (Word Embedding) > i » < 5+ = 7 %) 8.6% MrrF o d 3t
BERT % fi g 4 #f m%ﬂ £ APt #* BERT #7] kie 7 HE iR
L7 A g £ i 0> @ & BERT #2338 > » 137 3% 5 1 BERT 2 A #
FPRBCA F AL P AP g RS BIEYIRCA T A & o
3l T A AT DR o

bR WREFSE S F 0 AP Ekman, P. (Ekman, 1971) # ) 52 &
ARG E AT EAPHTRATT B REEY F3F 52 F 5 a3
oL AR NIERTE RS F AP RS 6 MR RER
Fgsdr > Au i 2 - Bole s ToER ELY EORE 4
FAER o

13
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2.3.3 ,3,1%]/»7\&‘?

B B E > LWA MR i AT S 30§ e T ARF 5 ki
ff;itéi’/,Hfrf%’#ﬁﬁn;‘@%}uilﬁ.i%ﬁﬂ;}%ﬁ% ¢

Sgglapns s RFLARMR Y L WAL @ F (s

* ¥ kAL D n

g § oo AP ehd B4 %8 0 Schuurmans, J.#7 F. Frasincar (Schuurmans &
Frasincar,2020) A7 7 BB EF Y 12 2 KF A2 L BIF R > s g

SEAME S RERAEROLEEOLE LT RAZEERT - BER
PSR ENESR BB R g S A RMER o FT Y R 1 SVM 2
BiLSTM & fa#4]4r + = fa:@ e £ 2 = 2 3% Word2Vec ~ GloVe {- FastText i&
M E RS IR T R R shE ] SVM A S K 2 TG R 48
FREDLIR T EEFALOE AR fire B4 A Ay
BERT % F > @ Zhang, P. and L. Huang (Zhang & Huang, 2020) R|&_i# * BERT
TR BAH Y 2 ATR 2 & - THUCNews £ 7 L Bl A 822 b > e % 4
oo % ETRA o g B (RNN) S % 43 40 5 % % (CNN)Ap+t > BERT #% i § 45 603,
Rerglmya ey FRrAph el gy 2 mr Y ¥ H#EL RS
BT o R ER 2 4 aay o

AR EHELR > % 0 A8 37 %% Mporas, Lyras et al. (Mporas et al.,
2007) ¥ HE A BN 10 AL 8 > d AT AR P DL ISKIBEEH N 0 T
WERINFGEEAFTRAZBELB AH AR LR T BB R ERL
B o

234 A X5

AR R A2 LRSI 02 ;}\;‘L{g/}i{ﬁﬁﬂ;}g&g;ﬂi‘;ﬁ&& 3
254 o ARG B r e R AT U HAR ZE* B
TAREERY FRYFIILFESHLMOT R I HHFINFY
A AR R ORI A L ALY 0 Bl Google #Tik BB FFROR # Ay o

14
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WA REASEAAERY 0 SHFT Y S P RE T ARSI EEER S Y T
I FLAESE - MWL D SR Jrz,gt‘n;é\;m, IEA KRG R 'f’*ﬁ
AR R - R D RS Al R B B e A R
i FA T > ¢ % BERT ~ XLNet ~ LSTM fv CNN E #0A4| k 3 % T35 5 &
o BRMEREY LA g9nE2 3] BERT ~ XLNet ¢ g5 % 2 5 Fl-score P!
@%%ﬁw:i(wahmm%iﬁiguéﬁﬁ%&%ﬁﬂﬁwﬁﬁﬂ%
&kiz > a4 Rg5g W] > T2 BERT ~ RoBERTa (Liu et al., 2019) % g 2" -3 & (7

MR MRS T R TR R e

A WEHE LT B A% 2 1395 Addis, Truax et al. (Addis et al., 1995)
Gy o P enE T EE S RERESALERT] AR PaETE P o B PRI
93 e Vs FREREART] > & RGES PR T A FRT
ANIBEREBEGRI A AFELS GHEPAT R R RYZAF RTINS RE
ERHZ L EHFEAIA A5 5 AR R TR SR BB T 3 BRAT
A4 TR .

2.4 BERT 357" 35

P FRET RILhY AL 4EA ) > BERT X 5 B € .5 - Btk
e BERT %t NLP AR e 58 Boi e oo > B PFAQAR T 3F S 1 H |+ onpd G et
4 (NN model) » @ # 3%t BERT S92 b+ 58 B > 2460107 b 245
TP AR ECAIAR R AR S o AN PV Ul S IR TR 1 0 AR ATt
* RoBERTa %3 4] ehi & 24 » & ¢ 4 * 12 Whole Word Masking 72" i

AR R DR AR VB 0 R E D] A BRI E o

2.4.1 RoBERTa

d Liu, Yinhan % 4 (Liuetal., 2019) # ! s7RoBERTa > #_ BERT -
fasrigse A~ > B3 {7 BERT endg ' 42 > * { + & batch (256-8000)
o % ehlidp R PR R REEA o

15
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"f 7 b iR e # 0 RoBERTa » 3% 5 "> e oo g ko H
7 # % Dynamic MASK » 3% BERT a2 * 2 5 A ficdp o a2 /F 34
T- =X MASK » ##3]- B Static MASK ; @ RoBERTa P|&_#&* =X r?ibﬁfﬁ']ﬁ%]
» = TBE%JB?T;K;{ = #7en MASK 5 ¥ ¢t 5 RoBERTa » B~ij" 7 & & Bert ¢
Next Sentence Prediction (NSP) 3% o & & chiBert 5 7 # $ie? + 2 fF 0B} % >
i€ % 7 NSP Ei:2 (74575 NSP i3 ¢ H¥ra B o3+ (A ER 5 AR B)
E2 Laien F o & NSP Eiran fuehlicdh @ 50% B £ A chT -
9% > 50%:7 B LS4 P~cho @ RoBERTa #- NSP # % » #5742 2 ¢
=+ :Kﬁi;']%@%‘m"é BeoF  EREAERS IV UERBEYREY A
,T%L%LJ‘J FULL - SENTENCES = ;X3 2% > @ & % ¢ Bert & =t & ﬁ%l » e
+ o rL b aEeig s e R f RoBERTa e f AR AZAXT BERT > 3 ¥ { O
I Eehi o5 {5 & 3P RoBERTa & % % NLP @it 4 % » & GLUE
( General Language Understanding Evaluation ) # 7 NLP izj% }+ > RoBERTa
aw B iE ‘15'3%%5' 7 state-of-the-art = % » & W §_ 5 p RT3 Jam
( Multi-Genre Natural Language Inference, MNLI) ~ Question NLI ~ 3% & * *
Ap i B & #® ( Semantic Textual Similarity Benchmark, STS-B ) 2% < 3 g 2
#ow] i 3% (Recognizing Textual Entailment, RTE ) » jE5gd = % & ¥ B> f&
FA 23> % RoBERTa P~{F 7 2L ¥ £ AXehd > F]P AT 7 305 A¥iEm
f2> % > RoBERTa ~ ¢ # kg4 hL R o

2.4.2 Chinese BERT with Whole Word Masking

B2 #X google #2019 & = ‘54 417 @& * >3 MASK (Whole Word Masking >
@A wwm) & FREEA]D o wwm ¢ ek - B % B a0 03t A 4% mask
Bl R3320 38 cnd 1 308 2 g 4% mask o 7R @ 2 chfeikd o d 3t google
Ja w71 BERT-base-Chinese ¥ i 5 4 jg 3| ¢ 2 h2 F¥re R AE e 7H B F
1 MASK » F]pt > #2021 #d Y. Cui % 4 (Cui et al, 2021)3% 217 — f6¢ *

wwm 1E‘. f’? ,—;E‘))ll éﬁ“:—r]\:1 < v}’g_-m] y 1l g;ﬁb};’]’i Mask - ;\. Rl P‘_:' :

16
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L # o1
Ras2 % < #A) KRR T — B3 0 probability
¥ e & g% F7 A kX FgRl T - B F < probability
& 4> BERT ﬁ] r # * % % [MASK] 3] % g Bl = - B 3 < pro [MASK]## lity
i * % = [MASK] [MASK] % [MASK] [MASK] & - &
237 MASK # > ' / w7 ][ | [ ][ |
@ 1 [MASK] [MASK] [MASK]
% 1 ~ Whole word masking in BERT ,ffw %] (Cui et al., 2021)
s Ed HEyae e Y 2BRHIEER P 22 AL I Y

Chinese-BERT-wwm (ext) 14 IFL‘JSTS %> BERT-ERNIE % #3]- F]* & * wwm
ki 7P R BEA] B A P eng iE

33 GPT-2 eh¥f3s 4 &

T AA A EA L AREZTAEIL NLP) P £ & (e B B PR iz fzz
-0 2 AA SR d > GPT-2 cndk ¥ iR 4 - GPT-2 ¢h 2> ¢ % Generative
Pre-trained Transformer 2 (Radford et al., 2019) » #-7] & & §_f ** Transformer 7
Decoder #fe&m & » Rl S N~ F e - d A7 4 R Rt
RBEF] > A £ 5 40 GB h F FA o H30H B I RAT] kW > GPT-2
FELADRE B AR ASFE LT FES R AR R B ER
R EETHERS ‘FKF fdFend B L7 TR E R 9 < o &R

PRGBS Ao PR AL R 4 R hECA] .

Wei, Z. % 4 (Weietal,,2018) e ¥t353E v 4 = im4:? & 417 - AR %
tEYaEnEe i R 7B FRH L Yang ¥ 4 (Yangetal,
2020) R4 411 - B F 4 ik COVID-19 4p B 731 m% B i B
% B 2" Transformer ~ GPT 4= BERT-GPT e¥tza 4 = #7] » & ATt 4
wﬂ@ﬁﬁﬁ’?%%%%Wﬂiﬁﬁyi$%%ﬁ?§{ﬁ$#nj?uﬁ
EE mf%ﬁ%“ﬂ@ﬁé* o Bt AFTF € 72 GPT-2 FE2 A Kk ik
FHBEFE L S PH R A S G AT LB o
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26 PFTh

BLEU(Bilingual Evaluation Understudy) (Papineni et al., 2002) 454 # *
REFW BT R RIGEY 285 B LT FanE o o kP
s BAaRTE 3 RAPK F L ‘s BLEU 44+ 7 r2 i * 22 8 i ch
EEERS SR TR AR SRR E R PR
it * BLEU & plsavi— fafsi¥= 2 7 o ih=ioc o

27 itk

LEE I BBY Lehe ASER R R ERP > AT g B
(Accuracy) ~ F1 & (Fl-score) it & i & cr® iz = ;%> & #f /g5 (Precision)
7 ¥ % (Recall) ~ /2 ¥ 4£"L (Confusion Matrix) &= $f R3TR R S5 % » 1T ¢
PP B4 N i B F 2 2k pEA

1 £ (Confusion Matrix) : ¥ 125 ¥ D3] & - BAFSB
WA o T P LR XN TRI2E T

True Positive (TP) : R HmE_ T3 | » #3HE T3 | e
True Negative (TN) : EF = E T |, > AR TG | hip#ce

False Positive (FP) : £ f - mi_ T35 | » #AHE T | B

False Negative (FN) : Z f = a 5 , » #3325 | i
True Condition
Total Population
Positive Negative
(1)
True Positive False Positive
Positive
Predicted (TP) (FP)
outcome o False Negative True Negative
Negative
(FN) (TN)

W 2 ~ /&% 55 (Confusion Matrix)
18
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2.

¥ FEs (Accuracy, F1- micro) @ = & & #R AL kA & G2 4y
£ X 2

B RS TA AR IRETRY ikt bl o d 6 R

B LA T S

A B TP+ TN
ccuracy = TPYTN+FP+FN
#rz g (Precision) © THCAIFERI 2 B (TP+FP) » @ T2 T

gt ood b BRIP4

ETINS
St

Precision = — 2>
TP + FP
(Recall) : "% 54, 5 3 (TP+FN) AR LR

F e (Fl-score) : &_precision e recall 2% =T 3% (harmonic

mean) ¥ | T 3% = dpihenis & dg 1k o Fscore it 57 & 55 % iﬁ » F)
Pt { A 2o dRETHCA] en & I o F-score s1iE A % micro, macro e
weighted = .7 ke sy % » # 2 5 A Precision {- Recall #8+ cp¥

I

2*Recall*Precision
Recall + Precision

F - measure =

19
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28 < REHRY

15~

FAEF s o AP LT T R

FlR ¢ 2 FRau s o AR R F L THAEFTRFHEAY
ﬁﬁiméﬁéaﬂwﬁm&ﬂéﬁéﬁgwwwpma,d%*

LdF e LB P v Rt P E A PG HES B Ea
RGBT SRR FR s P 4 F gL

;
LR LE Nk F 5 ﬂﬁmﬂva&wﬁﬁéipi’Mﬁ

B RSEFE s L HE AR

1B S 2 0 AP I IR A 2 ST SR £ e 7 B R 5

R

e FHHFEHAPRY? R -For e TH0REE - IREL
2R RE A F iR SR e A

e ARG APR*AFIB T RIB ISR ERIBIMA
LB F AL o

o AR o AR A EApa s MR SR ARME R G R

FA i E A CEREBAIEFTAN -

A Mg * BERT ' RWINLFTHZAF  PLAF R n &
4G SRR f AT ARG R 0 LS
BEN T A FEFAAPEEY R 2 REFAY B EH
M FHA AT ] AR G RARE > TP AL LR

BERT #f3" i-d] hie (79 % - © ¥ &3] > BERT $-3] i o
LR AMAF G AFPi R PR AAF L AL
MEBR I E ST B # @ HRMUP 22 AL AH L

ERL RN EIREPLR a2 S G [ AT
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HEAW2 2 2230 FRAFFAPFT A4 ET FHR
W2 SLPRANFABE A PG M 0 HEA NI pB &
L SRS R L A E A N P Sar
ARG B DR EREHE A A A XS AR PRI R
PATE G L SR B HBEREF R RN R
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EE N T

hoke a0 B PLFARRARF E PR T o 2 Pops kT B SR
Rl e 27 o ApBRinT A PFRABGELFY £ FI]2
PreLes 8§ 3 R PE G AR TR AP - BREEITX S B L
W MBERFIGOHEL P A P P AROHES RIS g
FEFRAHFE D BWRERF B E R oy FRA B F o oY AT
HEARABRE i g N AL S §EHBETREFRERR DS &
Hit? A IRRLE a wETp BIEH P 1o

0

FE L AR P F LR EHE BRTFE U REEHFES LA
B ATRE > TG ] S B AR LR ERE S LT EHE S
L E R ER AT Y G BERT SR B3 & o
3.1 2 fEit
BE BN BRI Ao T A 2 T o
P A%
BWARR A% /p B

)}r)
!
T
w;ﬂ;

BoRE HRERRAH (FHC LRSI BR)

FoZRE O HELRS

2 2~ RHmBBEPF

’

FoMEAPEABHEEFRERADSE LR AL - HP FHE

BE e 3E s p BRI e $3E = #1945 Louise & ¢ %= 3 #P (Louiseetal.,

2018) 0 I F 90%:n A B = AL HA B i AP T g

%&i*ﬁé»ﬁﬂ,&—‘g’ﬁ B ﬁ*&?}fﬁ_é_—‘k’* Flithm 2 B E G e R

ﬁ&*&iﬁ%mpio%‘hﬁ;@%ﬁmﬁ“H TR AR H P AR
% Microsoft -] 7k (Zhouetal.,2020) iz » o] kehZE @ & 2477 * —‘*‘ ¥t

¢ ATk i enf 4 (Sentiment) ~ 3 & (Topic) ~ & Bl(Dialogue Act) ~ j& & (Attitude)

22
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AR KR AR RS SR R RS R AR -8 SR
RIS PR R }“va\ FoAPEEIUIE R s eFrR R
HEEA T 0 T R SR R A R BT 5 4o T & 3 on

a4t ## %] (Class)

Bt P rHHs Rl FH0HE HEAE RORE L FHE
AT A BB R SRR RBM G FARE L E AR

HELW K v inRER

HiZER T~ e~ ? o

2 3 ~HEwAEERNE

TR L AEL RS S A AR J TR B DR
HEEY NG AR - RS SRR @l PR EEY
ﬁﬁ@?¥{%*%%£ﬁ¥’m§@%%:%KH%H%W%¢’ﬁﬁﬂﬁ
R XA B AR R R S g o R 30 B

A¥
3R (S, 2022) f F o
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Dialogues Duatabase
Opening
dinlogues

>
o/}

First Stage

User Need Help User Don't Need Help

\
WAt

* Svicidal Thoughts
* Depression

N
‘O
&

Second Stage
* Sentiment

* Dialogue Act
L =)
* Attitude @

Third Stage

GPT-2 Double Heads Model
Auvtomatic Empathetic

Response Generator

9

Dialogues Database Closing
Dialogues
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32 FHE

AHm2F A BLEAGFER AW RERR AT E HEHEYA
1o Fks e BAROTHRERR L L EFE > & W 5 ChinesePsyQA -
RSP Dataset ~ GSN Dataset £ MTD Dataset » &= % 4 5 FALEp 3 i 4

T r %

P TR EEARE s A RRT L
ChinesePsyQA ~ MEFREE AREFREREYE
‘Qwﬁi**?ﬁ%’&ééwgi;

Reddit Suicide Prevention A N L RS
(RSP) Moo PG pIRETEIER 0 B p Reddit

Genuine Suicide Note
EFELFHRE P p Kaggle

(GSN)
Multi-Turn Dialogue PR S BHETHEE - B f Reddit
(MTD) Suicide Watch subreddit

L4 TRERP

3.2.1 ChinesePsyQA

BRI o R E R A RN R R RLE & e (R
T LS ) AP AT R R RIEPIF R R EF T F R 2 A
ERERF A AhY fABAA PP E o e R P AT
SR e T /AP A ALIT S R s FP A g el e & A P h gt g -
oM LR A BN g R T HETHR R IS A TR R
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3.2.2 RSP ( Reddit Suicide Prevention Dataset )
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Daily Dialogue Dataset

A: Do you like cooking?

B: Yes. I like cooking very much. I got this hobby when I was 12 years old.

A: Why do you like it?

B: I have no idea. I like cooking by myself. I like to taste delicious food.

A: That's wonderful!

B: And I love trying new recipes, which I usually test with my friends. You can come, too.

% 8 - Daily Dialogue Dataset & 43 L # 335 53F
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