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Abstract

With heightened user privacy awareness, anonymous user interaction data is prevalent on plat-
forms. Personalizing recommendations for anonymous users has become a focal point in recom-
mender systems, leading to the rise of session-based recommendation. Session-based recommen-
dation focuses on leveraging interaction history within the current session, rather than long-term
user history or profile attributes. Addressing the challenge of existing session-based models in cap-
turing dynamic user interests, this paper proposes a Dual-channel Prompt-based Interest Extrac-
tion (DPIE) model. DPIE employs graph neural networks in the training phase and introduces inter-
est prompts. By designing a sliding attention window mechanism, it enables fine-grained represen-
tation learning of items within a session, adaptively capturing shifts in user interests, and enhances
item semantic representations with prompts to derive dynamic interest representations. Further-
more, position encoding is incorporated, combined with long-term interest prompts to learn long-
term user interest representations. This design allows the model to better model the dynamic evo-
lution of user interests, decoupling dynamic and long-term interests for more precise recommen-
dations. Experimental results on multiple real-world datasets validate the effectiveness of the pro-
posed approach.
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A EERRTR T I 7RI N UG HER SIS, PR 28 AL M TR 0 BN 2 5 R R Ak R0 77
HARM S, ASCRH T — M4 GRS G RS AL, it P e 208 10 07 S 800 R 5 N mT iRk s
T, Ay AV PSS DG KN, 5RO P R SRR 7y, TR AR ROR . A
FETTHRAN T

1. 42 7 DPIE, —FhZE 42752 2] K 3h A DB 52 I 22 15 HEF# 15 44 (Dual-channel Prompt-based Interest
Extraction for SBR, DPIE), @it 51 N &) P FE i K AR s i, SEHL 1 % F P i S A 30 4
MIRRRRREE, A AT T HEE e

2. WE T — P B ER IV, BERS AN VP 2 U oA [F) I TR HOE A, AT SE A
FHPEH P D4R 1 S A2 4k

3. TEZANESERAR FIHT T 2 I SEIR I, SLihss FR W] DPIE 1A &tk

2. FFSENX
SRR A SO — B0, AT S VA R TS 7, LR S L 1.

Table 1. Symbol notation table
=1 SRR

e 5 X
L{1|/n ST BT H 8, BTE T 55
X 5 i Mps T H

$=[X, % X | — AL m AT H
s i
S U BB T T 2RSS

i TUH i R &

3. ET NI BE NS R IEF RGN

PP AWt b ) s AT D S 1 SR Zh 25284k, AR AT 9 T AL I A 251k, AELL
FEUER ST P MR SEI ), AT RS MR AR R o 9 TR X — 8, ASCER Y 7 —Ff “ 2R TR
HIZH A DGR U TR HERA AL 7 o IZ AR I 5] NSO 22 ST, TS B SRR TR A % B R
W, RS EARR M A BRI, SAS VAL 2 A [F RS A L, TR T BBl
PR KPR, ST SEIRE A A
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Figure 1. Dual-channel prompt-based interest extraction for SBR framework
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Figure 2. Generate local graph
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Figure 3. Generate global graph
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Figure 4. Session length distribution histograms for different datasets
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Figure 5. Sliding window attention mechanism
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Hrb, W R b AT ZEL,  hy NS EE T RE BRITE B .

FERok, BEALKG R ST H P KB L, i A B g i A A e X s 2 iE A EALE ETH
M EME, 455 KRR 1] 5 B A 4 H P AR G o R 51N — AN W) 2 ST I AL B N R
P=[p. Py P HPEANIERE b RS | MLIERRWY, mESiiSiEFyRKE. E
TH%@%ALhFﬂHﬁﬁEmAe,E%éﬁﬁﬁéﬁ¢%ﬁﬁﬁﬁﬁﬁ#%ﬁﬁﬁ,%ﬁ%%%
KB LR BRI, KPDGBE R R

h' = tanh (W, [ | Py, ]+b; )

Hrr, o RITH x IR R, p, 200 HE S P AL BN &, W, A b, 2 1 27 T AR E A
B W JEZMEBOE R AL tanh AT, RS FIKIIMNEBER R h .

PRI 7 KIAPGEANZN SN R R 5, BT E R G IX IR, DA R A2 iE &R . RS,

W, BORLE X 2 0 R AT T E () F R AT IBOR AR IR B B FRR s =) e o W TRATH
X o AR KDL R h RSN 2B n , T HAE 2 TP K LR ) FIBDZS DAL 50

=q <7(W3ei +W,S+ b3)
7t =0 o(Wee! + WS +b,)

Hrb, wWy,W, eR™, q,,b, e R AN SEL, § RSUETHIIAIHBRARKTHRR, o) FrnBis

BRI £} sigmoid.
TR, B MEAHKIADGI IR E BT, 19BN EME y, , HAHX —BEX 2 EH
FrEWH R R AT MBEE G =%(yid + 7i') , B4, FTEWUH BIAGER R s wn F J7 S B2 ih RoR
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S= zmlyiei
i=1

Hep, e 2TH x ML, y fRGE RGBS 8T 55 BB R 8 B XMy,
RIRENSZR G5 I8 RIS MO AIBE, IF45 G W h &I FKINPE R, A 800A S /T 2 1851
RIRo

3.3. FAMFNINNEGR

TR R T AR ) 2218 R s, S A IE I H VIR N A &, REAMEE I RO T A
AT H AR .
=Softmax(s'v; )
Hr, 9 FRIH x NURT 2N A AT E MRS, v 2 00E x IR IR AR IR, Softmax iR

Ko O 7 T I 0 H B BER 2 A8 1.
N T RWAERISHL, SR 28 SO0 2K bR 206 TN 225 R AT M B 2 > o BURBRBIOE LT

£(9) 1[y. log(§;)+(1-y;)log(1- ;)]
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DOI: 10.12677/aam.2025.144171 397 I3RS


https://doi.org/10.12677/aam.2025.144171

o8
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NI v HE 7 HE A

4, LR E
AN EEAA T DPIE R 5200 v E
4.1. BIBENE

N VPR G R, A SCEE A FLSLtE S EAE AR FREAT 188G, a9k 2 fiw, 43 il Cosmetics
Hya AN Diginetica Hdlide . XPANEHESE) 12 FH TP R TR iR RIA I PERE, JEAESU. FIEAN
stk 77 T & AN AH TR . Cosmetics i 4EK5 T Kaggle EL 2%, 03 T HI AL B T & L RAT A,
W TR BRI SEAEAT R, FIRAE TSN SNREE, BARREKKES N, Sk
FHXTEL/IN . Diginetica #dE4E H1 H 2016 4/ CIKM Cup 53R AT EIELE, FEY R TR, B
TZA RIS, BRI, BEREA S THAEME ESiEFs], BASIERER TR E B
N — R 5T, Wk, s, WSS, AR SO FH A 128 2 s b AT A A B I 2R AN FIEi

Table 2. Dataset statistics data

® 2. WK R

EAEIE Diginetica Cosmetics
B It H $a: 24,889 23,194
T HH 855,070 1,058,263
WZRE 339,786 282,453
g 35,294 31,392
FHaE K E 4.56 6.74
42. BHIE

ARSCH T A (R ONGE S Y U E D 100, /NIEEK/NE E S 100, %P DPIE, ] 4 MR Tk,
BT R RS2 W B ARG RUZ{L, 23 FIREAMERE . I SEEHMERN 0, bR 0.1 Mm s
BATRIIEAG . AR AR A Adam AL 3, HI465>1% 4 0.001, % 3 4> epoch JEH4#Eik 0.1. i i
# 2 % epsilon 7£{0.3, 0.5, 0.7, 0.9} 71 LA S &5 1 2 2k #24£{0.02, 0.04, 0.06, 0.08, 0.1} F- i ALt e,
Ubhh, fEA R B, RN SR BRI g, K 4R R R AR AT TR H 1R B 4 I E Y 12 F3,

4.3. BEER

FEARTCH, N 7 USRS HE ) CIUHNN AL A 20k, B 1 2 A sk b (6 LR By AR IR A A
RIBEATXILE, BRI LY U0 T i id -

(1) POP FLIEAR G 425 i b AT FEREAT HERE, WNFE ST, P S T e T m o B S
PR 208 P S I, R FAE iR AT B AR, P P HERE A R B i T I T i B3R

(2) GRUAREC [6]H UCRH B ZE [ 26 82 T 2 1 HERAAE S5, N & 10 AT 0 B I e kit
A DA RNN SR A SEIX i e 41

(3) NARM [7]72& —F i CRHE LI T2 1 A7 A A, R A AL RNIN RT3
JEALIESE: 5= Ip
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(4) SR-GNN [8]Kt 221 7 41| S By B TR 25 4 AL Hts
(5) SHARE [9]H4 8 v s W 2% 5] N B i HEFE B v, R PRI VE 2 ) I S FE A 2 i R 22 3]

EFXEAARER.
(6) DHCN [10]#2H 1 —Fh4h & B B 22 1 (0 G BRI 45, R T B AR 28 R AT RO 2 i 4K
AR EIRTISR i P

(7) COTREC [111#2H 7 —F [ B S iE A5 AL, 1) e 4o 28 o) 24 AR %of L 2 > SR 22 i 5000 A i 1) 8
(8) SCL [12|#5 AR HH T — g Xt b 22 31y vh——E X EL 25 2], BedRH — R ik H ks, BELRK
FANTH RS P AT EH RRX T, WAL REI H R A8 25 6] N 14515 A

5. SRR HE RS54
5.1. XfEESCEE

N T IGAE DPIE AR A M, A58 H 5 2 AN BIE AN SOG4 DT T Ee szt . seia s R
e 3 fraw, FA AR AR R 2R 43 ) 2R B FE AR AR 45

Table 3. Performance comparison of the model and baseline methods

3. BEGRL SRR

model cosmetics Diginetica

P@10 M@10 P@20 M@20 P@10 M@10 P@20 M@20

POP 32.83 26.63 38.43 27.32 25.11 18.32 2591 19.84

GRU4REC 19.41 30.4 47.63 30.80 45.68 20.24 55.76 21.1
NARM 42.59 35.05 46.09 35.30 40.68 20.87 50.78 21.57
SR-GNN 43.04 35.37 46.50 35.61 45.1 23.75 55.61 24.48
SHARE 45.76 36.37 49.80 36.65 46.55 23.94 58.08 24.74
DHCN 34.24 30.86 34.79 30.79 24.86 18.95 26.63 19.07
COTREC 39.28 34.65 41.30 34.80 44.85 2381 53.68 2457
SCL 46.32 36.5 50.38 36.80 48.57 25 60.61 25.86
DPIE 46.35 36.52 50.57 36.8 48.95 25.13 60.89 25.94

IRAE IR 25, T DU

(1) FETFMEFR LML LG HER AL, 10 NARM.GRUAREC 7EE #7508 b 1t it #gid 4% 45 J5 3% POP,
SR1M GRUAREC R OGN TG R, 2% T HAMBEX R, NARM 5] NVERE JIHLE] G 5 RE RS HEZ 48
FEE.

(2) 2T GNN BIHAY (41 SR-GNN. SHARE) i i T- 1% 4 ) RNN #5241 (NARM), X it B P& 4 28 [ 2%
FEAR BRI H 6] 5 2% ¢ 205 T B BRI . AN RNN AR 2518 RS 8, T4 il B, 208
RN AS S — e AR BRI T B AR - DRI RE FT, Sl R S5 R A ROOR AR T IX — R

(3) WL IR A BARTHEAY ()1 B8, DHCN, COTREC, SCL R4 Xt b2 2], Hirh DHCN,
COTREC 3 AR 0 H A, 7E R AN IEIE h oy il 5 ST I H B3R, 1 SCL ¥ 52 24 Akt LG B b 1
o, SRIHITH RN, HLSEE 45 R T DHCN, COTREC.

(4) DPIE HEAYAE AN Kt 56 1) P A VAL TR AR L3S T il Be, IXIER T 5&7R % SJ 45 & 3 iR
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Table 4. Ablation experiment comparison
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dataset model top10 top20
Prec MRR Prec MRR
only attention 46.14 36.46 50.52 36.77
prompt & pos 46.13 36.53 50.41 36.8
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DPIE 46.35 36.52 50.57 36.8
only attention 48.49 25 60.74 25.83
prompt & pos 48.59 25.09 60.61 25.92
digineticaBuy
promp & attention 46.81 24.56 58.09 25.35
DPIE 48.95 25.13 60.89 25.94
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SOIREY, B BRI A RER R ETH KR,
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F'F, DPIE REWS S 4 Ml #2 FH P ¥ XAk, KRB P RE
5.3. S ST

T ESRZ e 7RI E [ R IR, (BB F R E 0 b n e 5 oA
eIk o AR T H A =B OCEE, 1 EH0S 2 W AT RE 5T N, S80S G SRR P . AT XA
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Figure 6. Performance impact of the number of graph convolutional layers
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Figure 7. Performance impact of dropout rate parameter
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