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Abstract: Sequence recommendation aims at item recommendation using users’ long and short-term preferences, but most
sequence recommendation systems face problems such as insufficient learning power and inadequate fusion of long and short-
term preferences. Aiming at the above problems, this paper proposes a fine-grained long and short-term preference sequence
recommendation method based on contrastive learning. 1) To address the problem of insufficient long and short-term prefer-
ence fusion, this paper proposes a long and short-term preference learning layer and a long and short-term preference fusion
layer. Firstly, it splits the user behaviour sequence into multi-period sessions and extracts the user’s short-term preference in
cach session by using gated recurrent units, and then fuses the short-term preference sequences to capture the user’s long-term
preference through the multi-head attention mechanism. Finally, the long-term and short-term preferences are fused adap-
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tively based on the time span to obtain a more representative and comprehensive preference representation. 2) Aiming at the
problem of insufficient learning power due to data sparsity, a preference representation comparison learning task is designed
to introduce agent user preferences for comparison learning to achieve more accurate preference recommendation. The experi-
mental results show that: compared to the sub-optimal methods, the model improves the Hi#@20 metric by 9.84%, 6.40%, and
1.52%, and the MAP@20 metric by 22.64%, 2.42%, and 6.42% on three public datasets, respectively, demonstrating the effec-
tiveness of the proposed method.

Key words: recommender system; sequential recommendation; contrastive learning; self-attention mechanism; gated recur-

rent unit

0 5| §

B 2 LR I T 05 R B ) LT R R e IR o R T s
e R JGA T FEL P 1 7 Sk 3 1 LMW LR AT SRS A 2 s B (AT (0T . T 3, P (i e
LIS, DR P LA R e A 0 A A5 ST IUMRAT  BSCHE A P IK 43 P 9 K00 RO 90 G
ESi S

VRRE ST 0G0 BLFTESD T 6T FEoRA Mk 0 I , ELBCSEFak ELZEME 2 RO SR . )
A B, R 22 R 25 SRR ER WS 2 7 B TP A R | L2 >3 P (R DR , i 2y
SN AT IREAL R, IO A 18 AR P AT SRR E . TR — S 100 F B AR S
TR T RSSO0 FLEN . RO —PRER, DRSNS 1) TR BUR), SE K K
BRI A R RBOE R e FTL P R, B 7 S 2 Pk R T 2 FOR ) ORI 43 591 57
FEL P B0 s I RERE SR Sl =) B0 D i A 0 P B G o

% TR, HOATUA P IR Rt S v B AP MERE B0 E LD R B« 1) s Iy ik
P 07 S 3 TP 57 1 053 2 i, B T RS 00 R A PR . st L O
A LA — RS TTA 2 , T LSS B P 176 A 2 o ) BV R 7 26 (i 7 A 5 Al 30
PP IRIRIN 2) (Rel (PR A A T2 B 8 R AT ST R RO A , Ttk S5 TR
BT 2 AR RS 0T 2 R PR BRI, M X 43R e 4 ek [ P B o T
{0 S T e B, B 7 AR B/, S T REIAUR Al 2 (R kst TG 5341,
Tl 25 75 B TP AT 9 5 YT A 2 TR 5 B, SR o4, 0 P B K0 70— i
BRI A5 22, P ORI RE S K. 3) 26 R AT o 3 SRR ST | A IX K 00 R 91
B 7 B 7 B (LT ) T 55 S SRR S T 2 W M 1 M 5 S bt
R, SO P PRI 5T R R T R R T

e 3 B, A S — R T H 2 5T AR KA ) R R SRR 7, DI T
DKEH P 38 7 905 2 I 25 P29 I 10 9 L7 (Gated Recurrent Unit, GRU)HEIRE 2
T T IRAF , B3 2 Sk R P A S R T 2 A K DR 2) b — R AR (O L 75
LT 25 FE A 26 11l K00 i P00 R, A T35 3 LR e B A A AL A TR . 3) 31T
—AMREF AT L T R 95 W TR TS B0 R R 7 5 250 2 e 0 R A 68 H T, e )
B KSR IR, A BB SRR 0 TRt 35 8 2K

1 tHxIE

1.1 KERHARIFF5HEE

TEP AN R G R BT X o P R I R I i 4 280G B 28 . DAAE e A HE A A 3 5 TG 1k v
X3 FH P B SO RNJ 0  &- , LR I GE— R F- 267, ok 5 i ge P e 09 284k X 3K — Rl 58
SR T X PRI RN O 4 Y 152 Zhao 551753 530 R HIAE RE 53 A R LA 03 47, K1) FEAIE B o 22 X 2%
KPR . YuSE R T —RHREIHC T2 4% (Long Short-Term Memory, LSTM ) ZZ4A& , F - AR J 1]
Pt , AR X R AT A A R A K R 47 . Tang 2648 H—FP 2L F GRU A9 #h 28 X 25 45 | 3 o A5
DT 24T AT SR R 7, B 76 0 TR AT 55 PR AR v A PR . Niu SR A=



158 HTER 2 (H AR A AR S0 2026 4F

MUK HEH P D s 47 58 B rp Wi 2Z [ A OC 2R, DN BE 422 2 FH P B R B A - 320 |, [l sk 44t BiGRU 45 7
TR SR P B RRAIE . T S IR P A D S0 A B A A ol sk PR T R
Fa AR Gr U Zh A Re . FERLA T AR R -y T, —SE AT T3 0 A AR P 1 2 T X 4 A A i S A
s BRI R He SR RIEBA R A Z2 L ML X 384N 7 51 04 T 4y , 145 il 412 Jo B O -6 T A [T
PR AR R G A BE T, B n 8 FH 2 )2 L (Multilayer Perceptron, MLP) K fll & X Sefl 4.  Yan 552 F1]
& BRI R 780 A B AR 4, R TR PR B T2 8 AT R 8 90 v 4 S &, R R B 0L
il B 285 5 h ) 2 Ffm il & 280

8 3R Iy VA s e 5 D AR ) O BT B 5 B A () — Ml 2 ) ot A AR LA I S . ik
AR SCHR S —Fh AL BE A 1 FE IR A2 s A AR 2 L, HE AN ) 48 13 1) o R a5 SO R 100l -

1.2 XfEEF3)

X L2z T BTN HERE , 38 2k RS [R50 18] (A AR R R 25 S P e 2 ST R 2, DT S MR e 42 FH
FSBR R AT, XA 2] T Dk BRAAT RIOR H K8 e S (Can FH P i S D s IS e SR A ) |, B R B AL iz
AL RE T RO R . 50 An , Xie 52 R 3 FhAS [A] Y B8 15 5 7 1 A A R AR 9 P 3 I B ATL 26 1L
2 Pkt F R A HE Ho 2 2T R I 25 5 T Transformer FBLRL . Yin 55 276465 7781 5 | A B HIAC B I SEHUE L
B DL AE LA TEREAS S 177 ) g 22 X6 XoF b A 2 R T o A SR A A X6 1 9 0 D 48 1 i R ) AS R S
Ma 552458 —F 7 90 215 51 B U 2R 2t WS AR B 4 5 1 R AZ AR S 1 ) W B 5, o e {4
i ARS8 PN 2RI SRS FELR R SET P A R A IE T AR K F 7512 7R . Zhou 55> FI|
L HAG BRI P FoR5 8t T 44048 A B> HFR. Hao S8R H A 1 201 M 2% 23 il AE 5 H 9%
FEHNVRRES T 5 I, e H RSB CRURAE A X SR 5 M X LU AT 55 AR i W B 5 A i

R S X 3 P AR IR R B i 2, AR SO DA A6 28 B 471 rh R BRSO 45 368 2o~ Yt A RS A 2 O
S EPONiA=_ ST

2 (EAEZR

FLSR-CL (Fine-grained Long and Short-term preference sequential Recommendation with Contrastive Learn-
ing ) BE7Y = 2 p AR KA 4~ )2 R A Bl R P L AR ST 4R AU DA 52) KA
2~ J2 SR T AR BT 1 TR R HILA , 235 S 32 i v ) P RS0l e, il 5 e 300 v A PSR
J O 5 3) I S i 2 AR FH P 04T O 5 P 8 P i — AT o 2 B AR T, S 7 M 7 A 4
JE B PP BRI S Al e A T AR BE R 5 4) X LU 27 ST AT 55« B AGRAE X b 27 > SR fr R A A 3 45 J 30 O
bpZal i 2ese. BRI ANIAT 1 B .

—~ R L K
a3 T Si= @ | T T - .
e i pa— E{ — (s l 2 %ﬁ ] |-J|
f . Fi Ll
2 = ik oy I . -
p = A 51 )1 KRl s) ot
2 | | =4

1 FLSR-CL{Z#I%e4y
Figure 1 FLSR-CL model architecture
21 #BAE
WU ={uy, uy, - uy S FORHPEG N PR H . BV ={v, vy, -, v, ) FRIHES , MOBHEH
B HLP W22 B S AR I AL HE S Sl TS 2300 S = (1, 84, o, 85), HeH RN 206 sy = { vl vl oo, v VR VR
THE.



524 Wi, 45 S50 X Her > B AR KRN i i P 5 4 159

E P w W L2518 St = (st 55, oo, 8%, BT I H 93 7, BB 0 P w BT REAE T
—A sy, hAEEKATE

BIAR 22 E W e RO ik e, = WYIRHUTNH v e VIR , iy I H B e 5 8s . XFH
Fue UMiR AFRIFEE L e, =W ueR"EKR. HPul&Sihs = {v;ﬁl, Vi, e ,vﬁm}ﬁﬁﬁﬁlﬁ/\fﬁﬁiﬂ =
{eﬁfl, €2y e?,m} e R "Fon , Hm =|s¢|, Her, e ROAIH v A .
22 KEHRFFEIE
221 R )2

Fh T D7 s P 32 B R A3 i AR, [V F RNN 1% Transformers S5 5 347 2 A ] 5 S8 2 G K sk JE
W es . TERDRGS2E S R, 2508 s NI H 3 ABCR G LUE D 2335 A st e RYCEIDE,) , H&3ThZ
AR A GRUBEH . 258 A s i P w AR 0 g, 52 R FH P O G SRt B 1] A ) 3. e 0 s 2
Beanb 2 s .

Wi vl,lsl"I >l S
YUCTS i G !
Yo" vz'lsgl H R i 5, 2 ort
itk u
o N
y N "
il TJST' \_/ V\_/ " B

2 GEEARIFIREN

Figure 2 Short-term preference extraction
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Figure 4 Long and short-term preference fusion layer
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% 2 Amazon Book ZIBENTLLER

Table 2 Amazon Book dataset comparative results

— | | PR EE 2
Hit@?20 Hit@30 MAP@?20 MAP@30 MRR
II-RNN 0.068 8 0.090 7 0.002 5 0.003 5 0.007 4
SASRec 0.1209 0.166 3 0.005 5 0.006 2 0.109 7
CL4Rec 0.1655 0.1952 0.004 5 0.005 8 0.1411
TiSASRec 0.184 2 0.2356 0.006 2 0.007 3 0.164 2
LSSRTI 0.2219 0.3103 0.009 1 0.0104 0.174 2
FLSCSR 0.199 1 0.273 6 0.007 5 0.008 4 0.213 4
KPHAN 0.304 1 0.347 2 0.008 9 0.0102 0.207 8
IAFCL 0.3130 0.3571 0.010 6 0.0113 0.209 8
FLSR-CL 0.343 8 0.4161 0.013 0 0.014 4 0.234 1
% 3 MovieLens-1M #iEEXT LR
Table3 MovieLens-1M dataset comparative results
—— | | BREECLAD
Hit@?20 Hit@30 MAP@?20 MAP@30 MRR
II-RNN 0.490 2 0.5854 0.027 1 0.0311 0.208 9
SASRec 0.447 6 0.541 3 0.0352 0.0356 0.3021
CL4Rec 0.487 6 0.565 1 0.0311 0.0327 0.284 9
TiSASRec 0.5052 0.5750 0.036 1 0.0377 0.3112
LSSRTI 0.507 7 0.5810 0.0372 0.0411 0.293 7
FLSCSR 0.5301 0.5922 0.036 7 0.0392 03417
KPHAN 0.5106 0.553 2 0.0354 0.0396 03144
IAFCL 0.526 9 0.579 8 0.036 6 0.040 2 0.336 9
FLSR-CL 0.564 0 0.652 2 0.038 1 0.043 8 0.345 8
# 4 Last.fm HI\EISLLEER
Table 4 Last.fm dataset comparative results
— | | LREECLD
Hit@?20 Hit@30 MAP@?20 MAP@30 MRR
II-RNN 0.6311 0.686 4 0.0899 0.092 8 0.154 2
SASRec 0.756 5 0.816 0 0.089 2 0.096 6 0.187 6
CL4Rec 0.763 2 0.805 6 0.090 3 0.097 8 0.2253
TiSASRec 0.763 0 0.8180 0.090 5 0.098 4 0.2342
LSSRTI 0.7915 0.8195 0.093 2 0.100 6 0.2412
FLSCSR 0.7551 0.8253 0.098 1 0.104 6 0.266 3
KPHAN 0.796 5 0.8343 0.096 4 0.1012 0.2597
IAFCL 0.788 5 0.8155 0.094 4 0.097 3 0.2572
FLSR-CL 0.808 6 0.843 9 0.104 4 0.109 7 0.274 4
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Figure 5 Ablation experiments on Amazon Book
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Figure 6 Ablation experiments on MovieLens-1M
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Figure 7 Ablation experiments on Last.fm
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Table 5 Performance comparison of different variants
Kbk LREEELA FLSR-CL-G+S FLSR FLSR-CL
Hit@?20 0.3412 0.3351 0.343 8
A Book Hit@30 0.4115 0.402 7 0.416 1
fazon Beo MAP@?20 0.012 6 0.0119 0.0130
MAP@30 0.0133 0.0129 0.014 4
Hit@?20 0.807 3 0.806 1 0.808 6
Lastf Hit@30 0.843 5 0.8429 0.843 9
askm MAP@20 0.103 1 0.1025 0.104 4
MAP@30 0.108 9 0.108 3 0.109 7
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