WARFZHR(BRARFE48(3) :516—526,2025
Journal of Shanxi University (Nat. Sci. Ed. )

DOI: 10.13451/j.sxu.ns.2024158

HeFRZ RN 2 AR 55 Rl A R A TR O T06 242 i

HFrmU, 8B AFmL R REM KA
(LAt fE BRHE R B Re (R BALHF S T, dbat 1022065
2. bt R BAE BEARA A A, b5t 100096 )

B B EAREBRLETT, B FANMEE PR R, b St is R FAR R T2, 3
AMBT —ANEAH B L P LA % 4] 2F 35 4 2 & (Chinese Cognitive Stimulation Dialogue Dataset,
CSConv), 7B T ¥ ik sm fl AT 0 BE R TAF . 422 5K A4 A A S b T35 P e B 4545 20 X £, & T35
i AR AR R R AR A 15 FAE R . AR SUH A S R T A AL — A S AR SRR e B A S e B AR
By REH R RSt E @ I A RES B E X A, EBEA AN ERER R FRFB T AR, Atk
FAES R I 5 B A B M e FAER . R R R R, e SRR o A KA Sk 008 77 R ) RO B &L
HRBRFALS W EREREG T 3.96%F22.1%, 4137 10548 i@t 42, K LR & S 405w b0 &, Ko
KRR AREMESG AT B GRER L A, FREREN  ALITAT ik, 5807 2 HSGE R B
-4(Bilingual Evaluation Understudy Score based on 4-gram, BLEU-4)4& 71 T 7.95%, & #A xi& © A 4t /1 13 2| 3271, iE
N AT kWA A A R

KRR I )38 M T R AR S SRS RRe Tk

HESES: TP391 SCERFREAS : A N EHS:0253-2395(2025)03-0516-11

Cognitive Stimulation Dialogue Generation Based on Logical Reasoning and
Multi-task Integration

JIANG Yuru", LI Mengyuan', TAO Yuyang', OU Keming?, SHE Zepeng’, SHI Shuicai’
(1. Intelligent Information Processing Institute, Beijing Information Science and Technology University, Beijing 102206, China;,
2. TRS Information Technology Co.,Ltd., Beijing 100096, China)

Abstract: In the context of global aging, the health problems of the elderly have gradually become prominent, and cognitive stimula-
tion dialogue is an important means to maintain the cognitive health of the elderly. Previous researchers constructed a Chinese cogni-
tive stimulation dialogue dataset (CSConv) that includes emotional support, thereby initiating research in the field of Chinese cogni-
tive stimulation dialogue. However, the authors did not fully model the logical reasoning relationships within cognitive stimulation
dialogues and did not effectively utilize the guiding role of strategy labels during dialogue generation. This study regards cognitive
stimulation dialogue generation as a multi-task integration thinking and reasoning process, and models the logical relationship
among emotion classification tasks, decision-making tasks and dialogue response generation tasks as a reasoning process to guide
the generation of large language models. For decision-making tasks, this paper proposes a decision-making model with a hierarchical
encoder structure. The results of the decision-making experiment show that the decision-making model improves the accuracy of the
cognitive stimulation therapy principles and emotional support strategies decision-making tasks by 3.96% and 2.1%, respectively.

For multi-task logical thinking and reasoning process, this paper proposes a multi-task integration method to combine the models
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corresponding to the three tasks. The experimental results show that the multi-task integration method has improved BLEU-4 by

7.95% compared with the previous baseline, indicating that the dialogue response ability has been improved, proving the effective-

ness and advancement of this method.

Key words: cognitively stimulating; emotional support; decision-making tasks; multi-task integration method
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Fig. 1 Schematic diagram of Human thinking

(The grey box describes the thought process before responding. )
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Fig. 2 Schematic diagram of multi-task integration

(The right side shows the multi-task process of the third round of dialogue, with the emo, cst and str information written in brackets

after the utterances. )
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Fig. 3 The structure of decision model for cognitive stimulation

(Dialogue embedding [51,+,5,-1,5,]is spliced by historical dialogue, historical emotion information and historical decision-

making information. Replacing the historical decision information [ cst,,+++,cst, ] in the figure with [ sz, +++, 52, ], one can

transform it into a decision model for emotion support. )
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JiE— 2 FE TN

emotional support decision-making tasks
AR TG R
Ace/%  F1/%  Ace/%  F1/%
ChatGLM-CoT 62.81 62.94 65.96 65.29

R B

BERT 63.41 6338 7053  70.16
DM onormer 6596 6634 7254  70.93
DM, g1y 6737 6704 7263  T1.92

XF T 1% [0 A AR 55, AR SCIE R LT S
LR RTAL , FELR AR I FE CSConv B4 4 T 140

@ CDial GPT "2 75 K HUARL i85 ST 4t v SO0 3
i K} (Large—scale Cleaned Chinese Conversa-
tion corpus , LCCC ) %4k 2 b Il 2k 1 A= i =X 35 1|
2 #E Al (Generative Pre—trained Transformer,
GPT) B Ay

@ GPT2-chitchat: 7¢ I# W i #F E Il 2k (1)
GPT-2 B Al ;



6 A S T IR AR 2T 55 Rl A DA OO i A 1 523

R5 CSMIEXEE I AmES Loy Lias R

Table 5 Experimental results of CSMI on the dialogue response generation task

B4 BLEU-2 BLEU-4 BERTScore ROUGE-1 ROUGE-2 ROUGE-L
CDialGPT,,.. 17.55 6.22 57.70 — — —
CDialGP T4 15.05 5.47 57.81 — — —

GPT2-chitchat 34.61 21.04 66.37 - — —
Distil-cluecorpussmall 39.94 25.30 69.41 - — —
Cluecorpussmall 41.04 26.59 68.65 — — —
CSD 45.53 30.90 74.61 - — -
ChatGLM 46.30 39.32 77.67 49.89 36.82 49.51
ChatGLM-CoT 43.86 36.27 77.08 46.91 33.80 46.28
CSMI-BERT 44.35 36.91 77.13 48.27 34.02 47.42
CSMI-DM/nsiormer 47.92 37.23 77.12 48.18 33.94 47.57
CSMI-DM, g1y 48.83 38.85 78.27 50.34 36.27 49.71
CSMI-Golden 50.41 41.26 79.85 54.87 38.56 54.19
TE B TAEAR SRR BRI — 3,
Note: Data not provided by previous work are indicated by *—’.
@® Distil-Cluecorpussmall ' *' . — 4~ £ 3T, T AR P O AT 55 b 1R I Rk S G

CLUECorpusSmall " i ¥ B L il % 09 6 )2
GPT-2 fi Y

@ Cluecorpussmall ! . — 4~ 7£ CLUECor-
pusSmall"# iE B E Fll k0 12 )2 GPT-2 5 1Y ;

@ CSD: Jiang 555 4 Hi (1 o SCIA 0 il 386t
R

@ ChatGLM : H 3CKIE 5 A ChatGLM 5

@ ChatGLM-CoT: il i CoT Jr ik 51 F 1)
ChatGLM ;

W 5 Fr R, CSMI J7 ¥ 343 i T Y
TAE, B R B 24T 55 lA 7 B 1A Rk 5 5k
e . R B, CSMI 5 AN 7] He 56 B Y (19 3F 53 Bifl
P R R B T B R, 2 B PSR AR B
T ARG 2 IE 1 r 5 FAEH . (H)2, CSMI
55O (7] ke SR B AU (4 3 43 AR T ChatGLM il CS-
MI- H. 55 bR 28 (9 3F 43, B Ry G 2R o 3R SR g 5 1L
SAEANTE] WA B 1 5 5 B St 2 S A R R
)22 5o M nT UL, fE A B A B SRR 4 Y 1
BT EJ IR R RREEMN,

3.4 HELLIG

Sk T E— 25 B0 UE P SR YRR R A AE R
WEBE LRI, A ST T — R 5 H
T

AR SCE 0T 1 g A R A A R B
P s BAE I A AT, RO IR T
PLLSTM #4 5 i) P& 56 45 Y DM, sy, B X 45— 3

Ho ATLLE R, Py xR S ERAE BRI
SRR AR L AR X B SR A T DM 7 A2 TR
Horp 1 AR BRI by s e SR A R A0 BT Rk B D %8
th L 2 WKL Y ] LU AT 250 H ) R JEORT e SR A
B 7E— P 4R T T SR E

6 DMy B A iAo Rl AL S L0 8 ik R I8 R

Table 6 Results of ablation experiment on DM, s,y model on

cognitive stimulation decision-making task

I SRR

BERIAFR Disgedc N ACC Fl
fHE HE

DM st 1 w i 63.51 63.79

DM sty 3 i f 65.26 65.65

DM st 3 = f 66.67 66.32

DM, g1y 3 = =3 67.37 67.14

AR S a0 T 2 A O R S R [R] A9 B2 R
AR AR B R F AT IS . AR T R A
T 18] 52 s AR AR R S RS T A A Y A
B, AT LA = A AT 5 () Y A G AR AR O Il AR 4R
L, B R TR R T bR 2 A R
PR ARE 1 o PRI N T AR S5 4R s BiAR S , BLEU-
4 F1 ROUGE-L 73 8 ¥ 34 7 1.5 &4, th g
TIE B BE T $ 75 19 J7 125 T LA R 3 R B X AT
55 VR 2 R BE S A AE B RE ), R WL T R T R OR
T3 W A R
3.5 AT

X% Az AT 55, 1 B AR D R AR TR AR A
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Table 7 Ablation experiments on large language model based

on prompt templates

B R SR .
AT 24 R S kR BLEU-4  ROUGE-L
ChatGLM 7 75 39.32 49.51

CSMI S 75 39.62 52.62
CSMI Py £ 41.26 54.19

T Jry BRAE DR DA HE TG 326 e e 1 58 28 iy A4 i Y 25
KR5S % H bR Z 108 TR 2 1 %G B 45 1
A 22 . DA SOOI T N TR, R ik =
A B A R B A R

@ i i [ - AL R A0 5 9 W T AF A b
ik

@ O Fp vk AN (] A R A SR B

@ PO UT L JEE - ML [] 5202 5 RE AR 8 4 i
0 R SR A B, A R IO 9 (] 52 P

A S B CSMI-DM s 1F 9 A TP B AL
TR G, A B A K b i A A R . A
FEMI G B BT = A BB B 2 (R i
AR g VI P g i O i X TRIZ o
TRy A I = B e By Z R . ML
PP v A AR E Y O 1~5 91, S 2R R A
AT -5 . AW 5 A B S
NTAEN, 85 R MK S s o MR E i L
IR SR D PIE B AR IR 2 T A YKo SRR
Gy A PRI B3N D AL AR X 3 o 4 R [l
ST DA R Se VR B o o 3G DG NG DT o0 A X
UL DR B — Al 4 T RUR 4 b
CIS PN A R ey A LI E =2

RS ATFMLR

Table 8 Human evaluation results

AR, G T HERASHFEI O, RS
REL R WIAE o X T2 AR IX — [l 2& 1 o
MR X T 24 Fir A o 2 0 0, BSR4 1
TR LA e B S I Y R SR A R AR A
BUAMR G DL b 45 2R 5 Y 1n] 52 < 3 W L 3k 58 43 AR
AR, HERTE ", BN E 12
ENBEIE g T A S IRA R E R S E
G 37 N A WU PR S EP SRR R E RSO
YE g — 48 4, ok g1 5 RIH F AR B A il S B AT
e BEAH G [l 52 [m] s 2R B T SRR e SR K
Wi B9 IE B0 5, 2 X S 2 AR T AR R e . R
T ) BUE B SR AR B B R T
ZAT 55 il A D7 R A R
R HAIHHT
Table 9 Example analysis

U RIFERM TN T,
Ry AT AT AWe?

e i e . TR DL P
o i = A Tl g SCHEE A R
H AR 4.61 3.64 4.24 4.07
[ErAKE 4.28 4.06 4.67 4.39
Iy 4.43 3.98 4.41 4.56
S5 4.44 3.89 4.62 4.34
3.6 HEBISHT

A% S A 3B A R 5 R TP R BT — A X
W REAAR o R B TR DR A T AR
O 2R DL R R R P A A5 2R, IR 9 Frs o &
AT AT TSR, H2ERA S

REkl Uye 4 7 THERGAE T AHE 108 T HFE.
Ry A
A Uy LT A, KRR,
TR REER emo: 0>
WA et BRI sstrs B RIAES  BL OB
B RBAW) BB, SRKFET.
4 ZEip

AR SCORE AR O AT 55 0 9 B 26
PSRN AT 55 10 AT S5 b e L R . it
T IR G A ) D ST o A I I 2R
Y | e SRS YR A R R S B — R B
ZALF A 7k o BRI DL LR UL, AT
UEW] T AT 05 0k AT RO FSE R o A SCHT
FE B IX — BEJE , S DA RO B AT 55 R Bt TR
AR AR, AL 1 Xk A ) 00T 35 A 55 ) B
figp, 1T EL Ry A O 48R AR SR wE ST AR B T A A
(4922 RS 7R o [R] A3 A DA 0] O 3 1 45
R R T7 T RE TR B 75 o i T A
J7 ik RA% Z A, RKORE A E B HE N K i R
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