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Abstract: This paper an innovative conversational recommender model to address the issue of

overlooking user negativ: and dialogue history information in conversational recommender systems. Firstly,
this model captures des the attributes and item information that users refuse by constructing a negative
feedback graph, and comb#es dynamic reward function to make the system understand the user' real-time preferences
more accurately. Secondly, the sequence model is integrated into the intelligent agent to realize encoding of each
dialogue state, so that more accurate recommendation decisions can be made based on the global dialogue state.To

verify the effectiveness of the model, experiments are conducted on the LastFM and LastFM=* datasets. Compared to
the optimal baseline model, the recommendation success rate of the proposed method has increased by 21% and
13.7%, respectively, and the average number of recommendation rounds has decreased by 1.56 and 2.35 rounds,
respectively. The experimental results indicate that the deep integration of user negative feedback and dialogue history
brings higher accuracy to conversational recommendation systems.

Key words: recommender system; conversational recommender; reinforcement learning; graph representation learning

0 E|= (Introduction) SOV BRI, 7% R G HY th B RO R T X — 1
B T A B s A TS B S A A ORI AR v 2 AL BRI P ¥4 I 300 76 40 PR
AT (5 00 B PR A O e B LSy P B 0 O Bk L AR T X R R R 4

WiH H 391 2023-05-11
LW H . [H R EH S LTI H (2022YFB3105401)



F2TEF 1

W W T DR BB E 3 s B E HEE B AR

59

(Conversational Recommender System, CRS)i# i 5 ' B %
M AR AR NS BSOS B A 47 . 4 T X il o
1ERGUAE B A AS I A B B R R R TV 7, 2 ol
TR PO R EE A ARSI —FF 5, T LA ) 1%
A ) HERRIR S AR = OR W ) ) A, TS T
FH P B A5t B LA A RS 27, IR JH B 25 il ek HCSE A 250
RG], A B AE R BRI T AT S X TR A B Y
SRR G, — 2 R TR R HEFEPERE
1 83 I {£(Related works)
1.1 REEFRSE

LG IR ZR g8 5 MO P 5300 H B3 BAE R ORI PG
2] AR R B DGR o G0, BB ] I Ao B e
FEAHI P 50 H 22 8] 38 S S IR 25 ) g IR (3
SIS P 432 P 8 40 50 5 . SALAKHUTDINOV
S B NTRBE A ) B (R 2 S T A R G AR B2
B, HIDASI 200 1148 B #h 28 B 2609 (Recurrent Neural
Network, RNNDXJFIF (458 5 75 HEAT A, T —A> ik
R0, HLE 2600 AP A %t 40 19 45, 4 1 A R ) 53
TR BEAT RO AR T ., WANG 25 Bl 7 v ) o g A gl
TR IPR T — Atz E Wb Ia] i gEHEZR , 38 20 1% 55 0w
U I H RAIE S THE RS R AR 1k

SR LA E R — o 19 )R IR, 0 LR BAE e H
Fe SR sl R FE oy R P AR RS R )y ], AR W&

BOPIHE A 2 IR T C A2 BB H 1) 12 S

1.2 EFEREMHEAEE RS \
UEAE K ,M%ﬂ]ﬁ%?ﬁ‘f@:E@Xﬁﬁfﬁﬁﬁﬁﬁﬁﬁ%

¥, 54, CRM (Conversational Recommender Modeh ™! #i

HEAE AR Gt 5 P ELR I 180 ] [ LA T%’iﬁﬁ)ﬂﬁ%ﬁ?jm

15 LT BRI R

LEL 2 38 T — > 22 48 b 3 77 HE 22, 40 & 37 4
(Estimation) | 3I1E ( Action) Fl &2 v (Reflection) = /M H, T
AR H R I R 43 g LA DL S AP A HE 7 B0 SRR g
TR > B B SR S5 AR S AR 4 FH P S A BB 4 2
P . CPR(Conversational Path Reasoning)]s] i ) R A 5
T RABE B PRI 8] B 0GR, i 2 500 5 AT P 5 S, A
F 16 B A 3 7 ot L 4 5 AT R 955 A R R . DENG 26 45
BT SRR R ) B SR AT 55 48— A — A~ s Ak 2 2 HE
s, HE FEB R AT R de R o #2 (Markov Decision
Processs MDP) F1 |8 # 0 22 B 26°) (Graph Convolution
Network, GCN) . Transformer'™ 2 3 % & R 25, 7 AR B Q
2417 (Deep Q-Network, DQN)HATHME: .

2 #EEIHIE (Model building)
2.1 FiEARGHIEREER

ARSI P R T 05 L S AL T ) MDP 36
B PO AT AT HERE, 76 P 5 Rk RS
e A T 0 PR o ) 24 5 25 A 15 )
FH P IE SRR A5 B AR T 2 Ll 28 0 42— i
ST 50 JEL BB A5 4 A 2R TR0 6 17 A 9 78 B 3 S
PEUST R A% SCRURITE 45— 2 58 TS5 TR o 0 I 2 U 28
F 245 43 9060 P 4 T8 215 PR 215 R 0 7 A5, B o
SRR A B S R AR T i 3 2 T A WL
et BT GRS A0 B 1] R TR O DL I
(0 B T 5 0 . 33— 4 P P 203
B T8 5 T S R 1 X AR 5 7 1) . 4 67U B
{1 B B2 5T I 1 s

!

Embedding
Layer

!

GCN Layers
.| 60

Qép

|

—

L 4

EEEEEE|

WUON % PPY
o4
[ soov

ULION 8 PPY

o ]
WIION 8 PRY

Y
PeaH-IN

Cs

B1 @bl Bessdsd
Fig. 1 Graph representation learning incorporating negative feedback
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Tab.2 The amount of data in the experimental dataset
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