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Guided Diffusion Sequence Recommendation Methods

LI Bo and MO Xian

College of Information Engineering, Ningxia University, Yinchuan 750021, China

Abstract With the dynamic change of user behavior preference, traditional sequential recommendation methods face the challenge
of difficult to capture the change of user intention. In order to solve this problem, this study proposes guided diffusion sequence
recommendation method(GDRec) , which aims to achieve accurate capture of the user’s current intention by embedding the target
item representation into the diffusion model. Specifically,the GDRec model includes the following key components:a sequence en-
coder,a cross-attention conditional denoising decoder,and a cross-divergence objective. The sequence encoder gradually generates
the user preference representation to capture the dynamic relationship between the historical sequence and the current target. The
cross-attention conditional denoising decoder removes the noise in the embedded representation and improves the prediction accu-
racy of the next target item. The cross-divergence objective,on the other hand,empowers the model with ranking capabilities,en-
suring high quality representations, and embedding target item representations to guide the diffusion process. Finally, a large
number of experiments on Amazon Office and Tools datasets prove that GDRec is superior to the existing advanced methods in
multiple evaluation indicators,showing its superior performance in sequence recommendation tasks. In addition, ablation experi-
ments and hyperparameter analysis further verify the effectiveness and stability of the model.

Keywords Sequential recommendation,Guided diffusion,Information embedding, User intent

_— e P SR AL AR IS 19 2 2T A AR AR R . IR A TG
BLIIC L T 25 (4 S5 K L A Z8CHE AR P 2 9 AT S e ) T A4
J# 3 #E 77 (Sequential Recommendation, SR) [F 4% 7] 56 1 PEA B R SCE S . Ab P R e, B RS i A T ARG B b e
P 5350 H 2Z 08 38 B i R BE S AR HE P 0 D s a2 BOE ) A2 AR L B A A A AR B R L LASE R A 2 2] T R
SR SO B P ¥ T T TRR S R AR A TR A T BIE S Y A H i 4F o
SRV A T A S AR W R T A A L A A WA T B AL KA RO e 5 2 PR B Rl A RE T
Wi TR BE 2 T i D ke L B T IR BE R 4 4% 1 T 4 BETZ R TIPSR S5 b . CSANMI S AT B EE Bl
FEWF ST 0T R LB O 4 R R R M 0 1 M B R T AR T 4 2 s LA S 25 5 T A P AT S vh (9 TR AE L T 454 8 P D s
JETE . Bi-LSTM S — i X In] < J 19130 12 9 4%, 58 0% [W) i 4 P A R SO o A B AR AR X 3 A A
P79 BRI TS 1R SCIF B 32 TH SCA 73 S5 91 4 1 5 (AR R RE =W R L W CI SNV PSS o X AN TR SR
55 (9 PR, BT 8050 19 7 4 AR AE 4R HURE 1. PL-GPR™ B PTET PG R SR . PACATT BT A B B

il

R4 H EE HRBE R4 (62306157 3 T 5 A AR B% 3 4 (2024 AACO5011)

This work was supported by the National Natural Science Foundation of China (62306157) and Natural Science Foundation of Ningxia
(2024 AAC05011).

BAFAEH 3 (mxian168@nxu. edu. cn)

241200062-1



Com puter Science TTHHLEIS  Vol. 52,No. 11A,Nov. 2025

HU o LU 7 4 7 2ok 72 vh 2% R P A7 S 09 B [RD 0 45 8, AT
R 1R SCHRAR . AL AR R A B A AL T
AL R T 2 T AT H 2 0 Y SRR AE

VR 2 WF 50K X 2 T SRS MER AR 55, B Rl A
SIHTAS TR K 3 22 18] 04 RE R 1R R 22 SR P Ok 4R T 2R ) R
DuoRec™ 5 A T %t b2 2 BL LIS 76 I 2ok 7 v 3850 0 5
A BB 7R TR 0 R TE OGP AE B T . AbBE T VR L A
I 3 A A TE BRE A )T L 4 2% BR ORI AR AT S
FOR W2 ST B 04 R AF B 6% ST A7 b i P R 32 S U 4
CLASrec™ ™ F FI%F b 2F 2 AL 3 55 43 7 1 P A7 17 40 b iy
AR BL IR 0 22 S MR SRR IR 3R . OO IRTESE M L858 T X
PO 2% BRI, 1 75 1E FE AS R BRE A 22 ) 00 R e A5 DL AL . b
Bk AR o BB SE o A SOR TR T P AT L SR AL A R B
B 3B AT 2 ) 2 B8 BB P i R

RE LRV RAE)T I BAL 55 P IRUS T ARO[
BB Z B, 5, DRI R WIT B 4% 2 5L
B HG I AR PEBE ST R B . B0 R TR IE R R FE A
23 (B v 1 — B0, AR B AR G L T E R R AR R AR TR
TERR . R, SCRRL15 TR BT — Fh AR g Hi 44 & s 1 ]
RS A A A0 AR B9 0T H 3R 7R BT s AR e o (B T 30 1 HE 44 43
B2z AR/ MELLIX 43, 440, DouRec 5 5 ( fe (£ 301 H £ 7R
AL A wih 1%, XM G A EIH K T3 B %
AR BV KT P 5 E A B Z AN AR R, Ak, A
FH P By s s B A LU L R P B kA
AR A TP 51 4 7 3 AR 1 25 0938 HLAT R AN AL B ORI
B e 100 H 37 1Y B i A2 A, Sl A8 AL T e S A AT 3 2
BB AL BEAR T MR ROR . Rtk an el kg3t t — AN H SRR
BT BRI E X 43 RE 7 | 3 A B R R A Y Y ) HERE T
B2 EAT I — A TR

R X IX — P A SCHR I T — R TS S Y B A
4 77 ¥ (Guided Diffusion Sequence Recommendation Me-
thods, GDRec) . %8 B & 2 4> JCHE B, (3 46 )7 51 4 i
A SC U R ) AP 5 M i i 2% LA R s LB B bR . TR B
IE AR AL 2 H AR H YRR HEAT HAR L HE T E )Y G v
TERAE 7341 37 K H bR B 0 B iR A 278 5 1w i e 5 A2 A
Bs R BAR RN B Ry B R, TER AR X EE S
ek WA 5 X B AR E AT EM . 7RISR A HAC A E
PRI E RS T T LB D BRI RS HLF A AR
IRRYMERE IR RET A SR BRI RS SRR, B
TSI TR S8 8O B AR B W] UG #E i B i B bR R R
Az B T ASE B A BRI S 18] 2 7 b i 8 2D ORISR T DL B
TE B A 2 P 2l A5 R IR AR A DT R e R R A AR RO . AR
SCHY EE TR R LT

DB VE b A& 26 T 51 S 071800 J7 514 42 J7 15 GDRec,
FISURUIWNCNL S/ € PRy R kD Ik A A A SR
hEMIE BART 5. SIA A L, GDRec R84 5 A
T A 4R P R B 78 1, T 52 (4t S5 A AT A R

2) WS FEPIAS B9 S Bl 4 B AEAT) T B S 5
WET GDRec 767 AU # AT 55 1 5 224 i 56 ik 09 455 40 5% 4 B 1)
P . AT bR LY B3R A A e T HA Rk

2 MHXIE

2.1 FIHE

W Py Py s a2 B0 S A O B R AR ph SR R
(Markov Decision Process, MDP) {# 1§ 5 /R ] 3% £ 78 J7 51 #fE
HHRETEEAERTS, R, TR RERIET A0
H 9 R 7R ORI T8 — T B i RoR , S EOLRIERR I Z IR,
W A TR 3 2 I 245 T L 28 AR R 10 1 B, 3K — Jmy B 4 328 W B
FEWE. BN, Caser™ ™ J& — Fh 3 F 8 BUF 81 i A B9 4 16 i
N TP B 4 7 A A, A A 5 Ao B BR i 28 0 2% 52 WO AT O P
G v R AE R P 3 SR AT R R A R T B RO L O IR S R R
VLR A SO AR 3R 7 o 2R T — DT H 1 HETE . 7E G il
F,BERT4Rec & —F % F Transformer W) JFFIHELERY, B
83 3o L 15) 4 07 s 32 7 B T AR 0 A PE R PEAL . A B
PEH T T A R AL 0 B R T R R ROk AR BN
T H A T R R R O 8 XU 3 = AL R
K A7 B DI ARERY (i 1545 R 58 4% [R] I 4 $2 71 7 45 2 17 91 o
B R SCfE B IS T it Re. s Abh, 18 i 28 1 4%
(Graph Neural Networks, GNN) A8 % A 2 1K = By ¢ & @A
JP A @A R A R A AR AR B T
2.2 R HBERER

SCHR 21 148 T 2% M B R A5 (Denoising Diffusion
Probabilistic Model, DDPM) , Jf: 75 % £ 5 [ 4 55 1 BU 43 1 4
F Yy, B n A R N . g T, BB AT Y 2 R
DDPM 4" Ji 2| 2§ 8L 55 U, 1) a0 SCAS A i AT 1) e 2 . 7R
SCA A B T S DiffSeq™* J& —Fl 5 T 9 HUSTAL 49 17 41 5 7 51
SCAS A SR B A R v SO AR B T A 2 R FE T )
TE AR B i Y B SR TP i ] A A R B R 7 S e 1 AR
a3 T A8 58 WUAE R B35 e ) 8 43, B 38 3E A [10H 19 B ) 1%
WA AR I T U R SO A R, A A HERE AR 55 L, S
ik [ 23 158 4o 4 S 4 Ot AR ok R 7R FH P AT R )7 3 DT AR R
P B AR IE SRR o Ak B GE RE op BB T B s s AT S A
S VS5t ) T PTG FR 0 268 64T R IR 2% 20 B0 T 08 JH P i 4
B B A AT S R HE R4 55 .

5 ER I AR, GDRec 16 H AR 3 B 78 F 38 Jn & 5 g
FE TG IR B B AR H KRR R A HAD SR KBS
B . i Ah, GDRec 2R ] B 1A 56 W 52 9 2% 1 A 0 8 68
TR (20 B b A s DR R A 0T B SRR AT 4 T AL T
JP VAL 55 PRI

3 EBEENX

P B 75— R R AL 7 v, B 6 B I 40 HE R P 0
I3 8 £ 4 485 e U O 40 75 1 T AR M T — AN
L2 B L R GE 2 1T 550 2 i 6 7 s 5 T A
LA SHE R B P P 662 B 5
TEIF SRR R S P TR SRS X S, = ()
g L AEV L B, R EBRRTE ., o RTH o
i A F R el e o B2 W AT sk A R R .
90 R o R 7 R BB M Sy = (s oo
FRIUH o V0T ¢ 45 MR BT E R, T R R
WE e TR T R O LR Sy = (b e

A A

. e e SRy — A, A
xbtexl REEE P ZEMFE N H XA 20 RHEETA

2
X

ECSRE =

241200062-2



ML AR TSRO P A T

MR A X0 H 2 BB g H AR H .
4 KXFE

AT PEAN 1R GDRec B, WA 1 fF 8 . GDRec 5!
M4 MO ER. DWW SR R Ay Bud B P A

Lk €k i

e m—

S < 2 >0 7 s R A A S T E AR A A RO IR 2 8 A T
FUi 20N L 51 L AR AT R B AR A . 3) 22 3
M MR R A5 2D R R AT A o e TR L A
I P BB AR G 2O L AT B e A R X — H bR I E A
DK 2 . O 22 SCHUE B b - WP BERLHE B8 ) L (R 35 R i Y

[« ! 5t

B8 B B ok T A A %
i

«f{ =1 j«1L
s

e

Pl 1 GDRec B HESL
Fig.1 Framework of GDRec model

4.1 W3 BHTEEE

PG R R B AR 1A S WS IR — 4 A
AP BIRN AR RR, e UF LA g 2 RS
Y B B IR E R R R RUBE B, FIUME B B B R
G qCal |2 ~ Nl s /T—b xi-1 b, D H 5 — AP HOE
R HAE N SRt Y TP 86 K 4 A ol LR AR N

q(a |2t =Nl 5/ 2f o (1—a)D

L

a=1—8,a,=1a
Hrb ap=e" BV W BRVHAMIE XxR., RHibidd o a7
DASHT B0 B ¢ MBI B bs o ST R EE

ot =a, 24+ V/1—a,e.e~NQ,D (2)

N T Y BT A F A I H FROR AR SO A e
SR I NER TSI NEE N M W

=z +to®(x+d) (3)
Hop,o BE AP EFER 0 BB SEEY
Bt o BRI ER A EANS SBRE A SQEZRTER
s o R AR B STRR T 24 B0 (0 A0 180 B B3 20 B8 A0 % A 5 0 3R R
FIH A
4.2 F3%HEEE

TEFE I AR AE 55 7P A0 L0 T DAAE SR TR @ (8009 AR i i 77
5 I ML 4 Ak 14 78 00 e 7 o 25 B, GDREC R H 2% 14 1 1l
IH 975 AT T — 0 B &R 84 B, I SASRec 1E 4 1§
1) i i o DA AR Dy 5k 28 B 5 1) A B R R
4.3 RTNEBHEGHRDBE

WA 4.1 WRGEY BEE R g [ 28) gty | 28D
M qCay L) s I TA] 25 W A3 vf DA FH L o 30 325 D 3 5 ) 56
R TR TR W VT E T A S DI N DR &9 A PN 27

A A
TSR N 4 A0 po (ot | 20D ~ Ny (), B D o B, =
A A
(A=, )/(A—a)Ip B ZMHMIGN, 75 LE —1 L)
b R F R WA T WK . hTREET

D

PG 0 48 T A0 5% 1 1810 4 B0 S G000 AR SO 2 e 28 4 R
St BORE 4 T TES I % 1 2 R AT 2% [ B0 I 1) o DR A B
55T B AT 4 AL R, A 0 (2 e s ) ~ N (g

Cern) D) S e, e 3 51 50 38 7 6 D ok
HopmCest) Rom KBJFWEME . Z BB #2551
T gt o A R g 25 MR A R e R T A TR B AR AER ]
e OR B8 E 2 5 B[R] i, 38 BT LUK 8 A 15 31 2 7R RS R 1Y
BRAET A . BAARUL X T 4 @ 7 A el FIXT
NI 25 W8 20 R v, Z% 4 25 MR i A T LA TR0 4 R R Bk
PR B AR H B9 25 B B, AR P IR ¢ i A e b
B 2E TR A e, s FEYTR B RV YRR RAIE B A RO
B A AR T LA B — By E M PR, KX EEN
(Cross-Attention, CA) B & L 0T -

my" (el 1) =CA (el ye,)
(e, W) (el"WHK)T

Nd

25 E TG 00 I 4 Ty 2 RN TIUI 1) 25 M XA L AT AT 25 0R ¢

19 FH P Al 4 £ 47 SR

A
}i':,zxé’JrB,ue,eN]\](O,D (3

4.4 R

TG O A R AR R 2 o) % 0 2B B b A 2K M R AR
o1 |2 I /M KL 8E Dy Lg (i laszo) || o
(v L) T Dhde K AR B 0 500 B i A 58 40038 00 i A 23
Z AN AP o SRS . B 4k A AT 55 AL E SR T H #EAT A
BOHENY R ESR B AR H AR 4y = TAEXSEB I, kgt
BT HN JO R XS BER , HAh L B O R A AT S T
T H ik AR A2 BE LR 46 Ak T 72 PAT i B P s A A i L i LA
LRI A] B8 <5 2 > BB 09 30 B R, S B0 H #A S R A
HAR5r 2200 . S T PR e ) BT, AR SCEE SR HO I H
A5 HARBUH i A Z 8] 6 KL 8 /NF 50 50 5 ik A FiBE L
FORFET H itk A Z BB KL 8O H ARG RS 5]

:Softmax( )(e_\"”WV) (4)

241200062-3



Com puter Science TTHHLEIS  Vol. 52,No. 11A,Nov. 2025

G KL 5 55 k=l AR R ) 28 S0 438 2% PRIK -

Lﬁ.d:%xlog(o(—DKL[q(x}’ [ariy s |l pg(}}’ le.,0) D)+

log(1—o(— Dy, LqCay” [ 202y vai) || poCat le x0T
(6)
oA, 20 B P A8 A R B B AL 7R BRI E AR
Pt 2 2 T2 (4 AR SO B v 30T M PR B IR A EH AR IR H A 2
A B 19 P AR F bR HEAT T AR
ST B AR AR BRI FROR 3 AR SO B CDDRec SR H T
—Fl 3T InfoNCE #8277 5 9 SN XoF EL A2 PR K. PN 1R £
) InfoNCE 7 fie/IMb R P i 4 A H AR 300 H i A 22 [8] BE 55 (1) [
B YR TORE P a3l B 2 6] RS .
. _ exp(;{T«r}‘/r) _—
;exp(zi'f{/r) + Dexp(ait x4 /7)

FOoP L RO AL E A ORI ¢ P 4 P 2 R A T 28 10
Bt

32 SUBLA 1) TnfoNCE B {5 T 15 91 2% 19 55 2 14 B8 10 )5 91
R o /N BT T O 7 4 6 AT I AT B 22 D 1Y
%, InfoNCE 25 H T 28 XL 1) PREUE R

Li,=—>lo

1 N
N> )

A
exp(xi" xi/7)
Ao Ao
Dexp(xit 7/ + Zexp(2t 2l /o)
]

: LS
Lows =5 2 llog

8

STNCE N 2R 0E SR & R Y Y AT
g

Bl 9 BGOSR W AT A Y EOE R Z R R AT
Z o N T RG22 S AR B R S 3 5 S A T G B A 45
KRB B R BORSE R & . AW B AR R

5 SCif
5.1 HiEE

S T B Amazon $ 527 Office F1 Tools » 1E A HF
FERBE IR . X T4 r P S92 30 442 R A2 T Ik ) %o 5908 147 HE
J 3 BB B85 R R S — RS AT 53 43 A Ay ik 4 A 3K
R HAR MBI T UIZRE T , Boi e iy Bk (5 B ank 1
FA .

* 1 B LEERT

Table 1 Data and information statistics
, . EX- X T F 37
BEE £ BoO#HEH EXELK . , .
B o=RP - * FHREAY K
Office 4905 2420 53258 22.00 10. 8
Tools 16638 10217 134476 13.16 8.1

5.2 EIXttk

S8 GDRec 5 i #7 By 2k 5 5 afF 47 X b, DL iR
GDRec BYfLHYE . 3 2 JBIR T R IR] 5 ik 7e Ko 4 iR 8L

SVAER B YK AE 5y H S i 8% 51 A SBUF 71T 55 .

ContrastVAE: 5| A % & ContrastELBO B H . Ul & K1k
WA 2 B AR

CLARec: 5| ABCHE 1Y 58 5E Wg , £ 95 48 A% . 4T &L A1 57 8%, JF
i@ if InfoNCE i & {l AL il

DouRec: i i % & 5 1E 9 LR A AH ] B A7 5009 )7 51 i X
KRk SR R RE

GRU4Rec™ 7 1 ¥ 2% 10K 18 25 i 48 ) 4% J1 F 75 90 4t ¢
5% .

SASRec: B K% T TransFormer F 2% 8% 51 A 2 7 5
HEFEAE ST

CDDRec: 1 WAE A E B IR1E Az BEE 2 ol 2 4 L e b 8

L1
L=2 g L FALL F L)) O iz 1 B RAE 5 o
#2 BIRSRILEK
Table 2 Comparison of overall results

Datasets Metric SVAE ConstrastVAE CL4Rec DouRec GRU4Rec SASRec CDDRec GDRec

R@1 0.0088 0.0194 0.0094 0.0120 0.0051 0.0198 0.02710 0.0296

R@5 0.0316 0.0642 0.0294 0.0330 0.0241 0.0656 0.07651 0.0805

Office R@10 0.0597 0.1052 0.0430 0.0559 0.0510 0.0989 0.10911 0.1164

N@5 0.0202 0.0411 0.0194 0.0223 0.0149 0.0428 0.05211 0.0557

N@10 0.0292 0.0544 0.0237 0.0296 0.0234 0.0534 0.06271 0.0672

MRR 0.0249 0.0463 0.0207 0.0264 0.0204 0.0457 0.05481 0.0585

R@1 0.0055 0.0090 0.0060 0.0058 0.0047 0.0103 0.01271 0.0141

R@5 0.0118 0.0242 0.0189 0.0182 0.0154 0.0284 0.03591 0.0378

R@10 0.0204 0.0364 0.0293 0.0361 0.0242 0.0427 0.05221 0.0545

Tools N@s 0.0086 0.0166 0.0123 0.0120 0.0102 0.0194  0.02441  0.0261

N@10 0.0114 0.0206 0.0156 0.0148 0.0129 0.0240 0.02971 0.0311

MRR 0.0098 0.0178 0.0132 0.0128 0.0113 0.0207 0.02531 0.0267

TE IR R B 45 0, N R R RN KA.
5.3 SRS T 9.2% M 11.0% . BL4h. 7 MRR $545 L . GDRec # Lb 58 —

1E 5 #4855 1, Recall, NDCG #l MRR 2 3 2%% H
BRI PR RE PR A H5 FR . Recall 35 % Sz I A5 %0 % 78 35 f 7 L (8
s R R BALRE S R R T 2 AR T H . NDCG W T 3744
W REME BB RES T HTF Biat . MRR T4
RS A LTS5 A i HE P RS B

GDRec #EIFE Office #1 Tools PIEH 5 T ) 2 B
THMBR, 755 R T HL 8., 1€ Recal@1 J7 1,
GDRec # Lt 55 — 44 (458 T 78 90 A B0 40 42 1 9 2808 43 0l 2 7

2B A EOR AR M RCR SR T T 6.3 % F1 5.5% .
TS 4 IR DY TR R A B O A R A A RS S L AT
FIRT TR
5.4 HELSCIG

N T Y8 GDRec BERITE T B 2 h i A B AR5 H %R
XL A 51 AR L AR SCBETE TR SR B B B AR
F R HY GDRec 5 2Bk A 330 A 278 i A #Y 22 1K DRec BT
PEREVFAL 78 Office 1 Tools ¥4 b AySEER 45 R UNIE 2 FTR .

241200062-4



ML AR TSRO P A T

012 01170 % GDRec
DR
01019 <
010 é 2
] ~
008 - c 3 5 3% o«
- 8 b4 o N
g8 =S8 B 3
S B 3 8
006 - e S 8
© 5
004 1 8 8§
S 8
002 -
0 | 1 |
Rl RS R10 N5 N10 MRR

w0
A [
0% £ s —TGbRe:
S 3 =1 DRec
005 | —
@
8w
0.04 S 8 =,
S - 88 Sw
§g —<S 23
003 g 8 S g
S g 3
o
024 3 &
ooz & 8
=]
001
0 ' f ; ' t
R1 R5 R10 N5 N10 MRR

P2 I RS g L

Fig. 2
FEHE A7 51 22 10 1 I00 4 77 Pk RE 5 45 (B R@ 1) |, GDRec
A4 F DRec, 7€ Office $di 85 L #EZ2 T H B FH 7 2% 88 1Y) He
BIEETH T 11.69% .7 Tools ¥u¥4E F#TF T 4.8%, X —4%
SRR, BRI E F R 0 A IR O R B 0 e B
AR .
HE— 25 4 BT B A HE R RE L TEE ST R AT 10 S I
B 2= & — A P OB E 0 L #) (B R@10) I,
GDRec #1%: F DRec. 78 Office 50 3% 5 1l Tools $r ¥ &£ 1Y
BT MBERT 14.8% M 5.4% ., X—45REW. i AH
PRIGE FoR 0O R 95 B B AR A R R

Comparison of ablation experiments

U 25 R R B, GDRec @ i HART H 2R WA TEY
AT A v B 6 AT KA o A A R Y P R D LR A B — f
T R A o 0 M T O T Y B R
5.5 Z¥HH

TEAR MBS HORME T, A THE TR KY 8 Rk
WA KO T HARIH i A RBCT BRI RERY R, AN 3
/R FE Office Fl Tools B85 I Fe i 19 e K™ HUE K 4 51 2
25 1 20 , 5 A Fe KR 5 7K 43 1) 92 0. 04 F1 0. 06, S A0 H b
T H A 2B 2 0,09 F1 0. 07, ¥ X Al B BOR A 19 S
WA R ER KM FIASHA T W RN LR FEED

27 VA =3
R AR IR 7S
0059 - 00586
00585 ] 00584
0058 00580 00582
00580
0057 00575 00578
00570 00576
0056 ’ 00574
00565 - 00572
0055 | 00570
00560 - 00568
0054 - 00566
§ § . . 00555 - - - . . )
10 15 20 2 30 002 004 006 008 010 0 0002 0004 0006 0008 0010
(a)Office T (b) Office B (o) Office w
00270 4 06270 1 00268
00265 1 00265 4 00266
00260 00260 4 00264
00255 4 00255 | 00262
00250
00250 1 00260
00245
00258
00240 00245 A
00235 00240 00256
00230 oms 00254
00225 - - - : : ) . . . . - 00252
10 15 20 2 30 002 004 006 008 010 0 0002 0004 0006 0008 0010
(d)Tools T (e)Tools B (D) Tools w
Fig.3 Results of hyperparameter analysis
BRIE AN T —MET ISV B E MR T transformer [ C] // Proceedings of the 44th International ACM

GDRec, H A% O AR B HART H 7R e A S04 BB 8 A, A
T 2E 9™ 0 B oA A5 5 P 2 R T SEELAE T A 4 A
T E BRI . SCI 45 R W, GDRec 75 7 81 #E 72 4T 55 vh
T F A PO A, I B A A T g R . R ORI ST
A 2k S HE R B WO B AR TF A 42 R S L O 2 R A H
23] 7 1L DAHE— 2B 4R TR R AT S i 2 A4 4 2 BE g A
JP A2 3] I RCR

£ % X M

[1] LIUZ,FAN Z,WANG Y,et al. Augmenting sequential recom-

mendation with pseudo-prior items via reversely pre-training

SIGIR Conference on Research and Development in Information
Retrieval. 2021,

[2] WANG Y,LIU Z,ZHANG J.et al. DRDT:Dynamic reflection
with divergent thinking for llm-based sequential recommenda-
tion [J]. arXiv:2312. 1136,2023.

[3] WANG Y,ZHANG H.LIU Z, et al. Contrastvae; Contrastive
variational autoencoder for sequential recommendation[ C] //
Proceedings of the 31st ACM International Conference on Infor-
mation & Knowledge Management. 2022.

[4] XIE Z,LIU C,ZHANG Y.et al. Adversarial and contrastive
variational autoencoder for sequential recommendation [ C] //

Proceedings of the Web Conference 2021. 2021.

241200062-5



Com puter Science

HHAHLE Y Vol

52,No. 11A,Nov. 2025

[5]

L6]

(7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

KANG W C,MCAULEY J. Self-attentive sequential recommen-
dation[C]// Proceedings of the 2018 IEEE International Confe-
rence on Data Mining(ICDM). IEEE,2018.

SUN F,LIU J,WU J,et al. BERT4Rec: Sequential recommenda-
tion with bidirectional encoder representations from transformer
[C]// Proceedings of the 28th ACM International Conference on
Information and Knowledge Management. 2019.

JOZEFOWICZ R,ZAREMBA W,SUTSKEVER 1. An empirical
exploration of recurrent network architectures [ C] // Procee-
dings of the International Conference on Machine Learning. PM-
LR,2015.

ZHOU Y, HUANG C, HU Q,et al. Personalized learning full-
path recommendation model based on LSTM neural networks
[JJ. Information Sciences,2018,444:135-152.

HUANG X, QIAN S,FANG Q,et al. Csan: Contextual self-at-
tention network for user sequential recommendation[ C] // Pro-
ceedings of the 26th ACM International Conference on Multime-
dia. 2018.

CAO Y,ZHANG W.SONG B, et al. Position-aware context at-
tention for session-based recommendation [J]. Neurocmputing,
2020,376:65-72.

QIU R,HUANG Z,YIN H,et al. Contrastive learning for rep-
resentation degeneration problem in sequential recommendation
[C] // Proceedings of the Fifteenth ACM International Confe-
rence on Web Search and Data Mining. 2022.

XIE X,SUN F,LIU Z,et al. Contrastive learning for sequential
recommendation[ C] // Proceedings of the 2022 IEEE 38th Inter-
national Conference on Data Engineering(ICDE). IEEE, 2022,
GUO X,WANG Y,DU T,et al. Contranorm:A contrastive
learning perspective on oversmoothing and beyond [J]. arXiv:
2302.06562,2023.

ZHOU K,WANG H,ZHAO W X, et al. S3-rec: Self-supervised
learning for sequential recommendation with mutual information
maximization[ C] // Proceedings of the 29th ACM International
Conference on Information & Knowledge Management. 2020.
WANG Y, LIU Z,YANG L, et al. Conditional denoising diffu-
sion for sequential recommendation[ C]// Proceedings of the Pa-
cific-Asia Conference on Knowledge Discovery and Data Mi-
ning. Springer, 2024,

RENDLE S, FREUDENTHALER C,SCHMIDT-THIEME L.
Factorizing personalized markov chains for next-basket recom-
mendation[ C] // Proceedings of the 19th International Confe-
rence on World Wide Web. 2010.

SHANI G, HECKERMAN D,BRAFMAN R I, et al. An MDP-
based recommender system [J]. The Journal of Machine Lear-
ning Research,2005,6(9) :1265-1295.

ZIMDARS A, CHICKERING D M, MEEK C J A P A. Using
temporal data for making recommendations [ C] // Proceedings

of the 17th Conference on Uncertainty in Artificial Intelligence.

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

L27]

[28]

241200062-6

2013:580-588.

TANG J,WANG K. Personalized top-n sequential recommenda-
tion via convolutional sequence embedding[ C]// Proceedings of
the Eleventh ACM International Conference on Web Search and
Data Mining. 2018.

DING Y.MA Y,WONG W K,et al. Leveraging two types of
global graph for sequential fashion recommendation[ C] // Pro-
ceedings of the 2021 International Conference on Multimedia
Retrieval. 2021.

HO J,JAIN A, ABBEEL P J A 1IN I P S. Denoising diffusion
probabilistic models [J]. arXiv:2006. 11239,2020.

GONG S, LI M,FENG J.et al. Diffuseq: Sequence to sequence
text generation with diffusion models []J]. arXiv: 2210. 08933,
2022.

DU H,YUAN H,HUANG Z,et al. Sequential recommendation
with diffusion models [J]. arXiv:2304. 04541,2023.

VASWANI A,SHAZEER N,PARMAR N,et al. Attention is
all you need[ C// /Proceedings of the 31st International Confe-
rence on Neural Information Processing Systems. 2017: 6000-
6010.

OORD A V D,LI Y, VINYALS O J] A P A. Representation
learning with contrastive predictive coding [ J]. arXiv: 1807.
03748,2018.

MCAULEY J.TARGETT C,SHI Q,et al. Image-based recom-
mendations on styles and substitutes[ C] // Proceedings of the
38th International ACM SIGIR Conference on Research and De-
velopment in Information Retrieval. 2015.

SACHDEVA N,MANCO G,RITACCO E,et al. Sequential va-
riational autoencoders for collaborative filtering [ C] // Procee-
dings of the Twelfth ACM International Conference on Web
Search and Data Mining. 2019.

HIDASI B,KARATZOGLOU A. Recurrent neural networks
with top-k gains for session-based recommendations[ C] // Pro-
ceedings of the 27th ACM International Conference on Informa-

tion and Knowledge Management. 2018.

LI Bo.born in 2003, undergraduate,is a
member of CCF (No. T9206G). His
main research interests is recommender

system.

MO Xian, born in 1990, Ph.D, associate
professor,master supervisor,is a mem-
ber of CCF(No. R6178M). His main re-
search interests include data mining,
graph neural network, and recommen-

der system.



