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Abstract: Aiming at the problem that the existing sequence recommendation model ignored the users’
long-term preference and short-term preference, resulting in the recommendation model not being
able to fully play its role and the recommendation effect being poor, we proposed a personalized
recommendation model based on the users’ long- and short-term preferences. Firstly, for the
characteristics of long and discontinuous long-term preference sequences, BERT (bidirectional encoder
representations from transformers) was used to model the long-term preference, for the short-term
preference sequences and the short interval time between interaction with the user, which was
volatile, vertical and horizontal convolutional networks were used to model the short-term preference,
after obtaining the users’ long-term preference and short-term preference, activation functions were
used to model dynamically, and then a gated recurrent network was used to balance the long- and

short-term preferences. Secondly, for the users’ mis-touching behavior in daily interaction, sparse
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attention network was used for modeling, and sparse attention network was used to process the users’
behavioral sequences before modeling the long- and short-term preferences. User feature preferences
also had an impact on the recommendation results, and user features were extracted by using a multi-
head attention mechanism with bias coding. Finally, the results obtained from each part were input
into the fully connected layer to obtain the final output result. In order to verify the feasibility of the
proposed model, experiments were conducted on Yelp and MovielLens-1M datasets, and the results
show that the proposed model outperforms other baseline models.

Keywords: sequential recommendation; long-term preference; short-term preference; sparse attention

network; vertical and horizontal convolutional network
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BT S, WARE . Y G TN L RRVESE. TE Yelp WONE, FIPTBR AT LSS WA AR AN, 38T LI R
AT — D RARVEA, DU IAS ] A A — 2%, LR R 5 B9 T3 1

x1 HEKER

Table 1 Information of dataset

RS FH P A Wy b A & H g SRR K Wsi e/ %
Moviel.ens-1M 6 040 3 900 1 000 209 165. 60 95. 16
Yelp 23 695 27 927 284 104 12 99. 95

3.1.2 EBRFEREHR

ARSI R B 4 VE R 48 & Windows11, iR A5 2 RTX 3090(24 GB), 14 vCPU Intel (R)
Xeon(R) Gold 6330 CPU @ 2. 00 GHz, Python M4 K 3.8, WRIE 2% JHELE K PyTorch 1. 10. 0, 7
Pycharm P88 #1750 5. 7E404 5 MovieLens-1M T & 8 4% 2 % 0. 000 01, BHE4E Yelp T E ¥
2 FH0.000 01, LESHOREW T« G B KL BN 500, HEIIZRK/NH 258, ik A W & 4 il
64, TR FHERZECH 16, MLP 28 1, RSB R 2, RIS ESN Adam, 2] FiZH
0.000 01, yALAEHI K Mean, £KFKN 0. 2.
3.1.3 WM IEAR

EMERERG T, HATWIFm I bs 25 T3 F0 . A SCR L LR 8 A5 iE A7 B R PP A, DU 3k
FH P .S58 HroRe Bt 45 30 0 U R4E . B TESE Al e, FLHeBi ol 8 ¢ 1+ 1090 SR A TEAN FR A
HJ A A (Recall@ K) | P51 50HE 4 (MRR@ KO FlH — b 37 451 BB 25 (NDCG@K) #1990 Horp
K 2R R A3 B 8, A SO HHCY 5,10,

D Al (RecalD ™ 3278 IE 5 T H 1E AR AR (5 52 BRAEAS (19 4 5

TP
TP+ FN’

Horh TPLFN RIRVEHE P ROCR. TEiR B M AT R 1 B0 P bl 49 S PR (B, 4 51 3 7R 155 BN
Prah (O HEAE. TP FRm HIEG, $8IEREARGHE N EFIRECH 5 FN R BB, 55 EREA SO E
TR ECH .

Recall = (36)

2) R BCHE 4 (MRR) 2 MR 0F 80 4 22 76 045 K 22 55 50 v i HE 4 S0 K 2% 28 558 1) M i
1N
MRR—Qq:1 rank,’ (37)

3) H—ALHr 5 R 45 (NDCG) S A 43 A 77 45 A0 Sk 19 45 20 (8L R 4 S B4 HiE 72 R 4297
KHIG 3. NDCG TEP-Ar il e o 25 1B 22 ) J2 B 4 7 (9 00 F 2 15 o1 AR D 7 S 2 SR B 0 8 %
VA 16 b S 22 i e R A7 51 3R B I

K
o orel — ]
NDLG;—%?KQRZ??B. (38)

3.2 EWERKSW
3.2.1 st A
R YGAEAR SCOT R A s L LS DU B s R R SRR B R UEAT AR
1) POP: %A AR 95 5 20 YOECH Wiy i 32 W30 i) 72
2) Caser'™ ; IZA R F /K 7 F1 3 1 9 A 7 20000 26 FHUB 28 I 4% A5, 0647 D07 4 7.
3) BERTARec™™" ; 175 B J& — A~ ity 2] o ) HE AR ALY, B0 P 139 13 5047 kg A8 — A4S 7 4.
4) GRU4Rec) ; iZHAUH 3T rank loss B9 GRU Xt J7 8 51 e 4T (8, S0 3 T2 3 i 9 7
5) SASRec™™!; ZBRLE Transformer BYOE Y 25 51 #E257 LU 2 H 7 B9 0045 4.
6) NextItNet™""* . MR th 2 4> % B2 HE B 1 A, 1T 76 AS 4O 3 Ak 35 1 1 15 00 A R0 Jn Je&
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3.2.2 HERAM
Sk UE B A SO RS () 0 R AR SO i S H A X B YA E MovieLens-1M fil Yelp P42 S 4098
R TIEM 5 bR NDCG@5,NDCG@10,Recall@5,Recall@10 il MRR@5, MRR@ 10 #4714 BE L 4%
SRS A T 2.
2 FAEHANIBER

Table 2 Experimental results of different models

. N . LAY
iR LD POP Caser BERT4Rec GRU4Rec SASRec NextItNet V. Ny'8
MovieLens-1M NDCG@5 0.254 2 0.384 0 0.493 8 0.450 6 0.559 4 0.514 8 0.585 6
NDCG@10 0.2737 0.426 6 0.526 1 0.493 7 0.598 3 0.551 9 0.621 4
Recall@5 0.582 6 0.593 5 0.657 9 0.613 4 0.713 6 0.677 2 0.734 3
Recall@10 0.555 6 0.604 6 0.770 5 0.747 8 0.821 5 0.791 9 0.832 9
MRR@5 0.301 8 0.368 4 0.440 0 0.397 1 0.508 2 0.462 4 0.537 0
MRR@10 0.332 7 0.352 7 0.449 9 0.414 9 0.528 4 0.477 4 0.5551
Yelp NDCG@5 0.2857 0.475 4 0.2537 0.503 7 0.615 9 0.567 7 0.616 8
NDCG@ 10 0.334 8 0.515 5 0.294 3 0.536 2 0.644 3 0.602 5 0.645 5
Recall@5 0.410 6 0.632 7 0.361 2 0.712 8 0.766 0 0.724 2 0.768 2
Recall@10 0.562 6 0.756 0 0.487 3 0.834 6 0.856 2 0.8317 0.858 5
MRR@5 0.244 6 0.423 1 0.218 3 0.483 2 0.565 9 0.515 6 0.566 5
MRR@10 0.264 8 0.439 8 0.2350 0.497 2 0.577 4 0.530 1 0.578 4
H1Z 2 AL

D EPIAEIEE b BT 0 R 4 77 10 77 15 (i GRU4Rec, SASRec F1A SCH D 4 T 3 5 91 4t 75
(i POP) , F Iy B 2 A e b B 2R H

2) T IRE % > 1Y J7 ¥ (Caser, BERT4Rec, GRU4Rec, SASRec, NextItNet FIA SCHEHD) 18 # {4 T
LG 77 (POP). B R B 2% 20 5 1558 K I R AE B2 BURE g T4 3K % 91 vh 2 2 1 56 R o TV KB A 4
Wi, VREE 2% ) BT GPU W25 07 i i 7 U Gk (6], 76 B4R 46 Yelp P38 B ol 30 J7 4%, $udi 4k
MovieLens-1M 32 H & 100 £ 7 4%.

3) TR0 4 5 i B R (BER T4 Rec , A SCEEAD £ F B35 2 5 19 #5780 (GR U4 Rec, Caser) » 75U
4 MovielLens-1M F BERT4Rec 15 F Caser fl GRU4Rec, (ETEEHERE Yelp FARHNANH B EHZEG
T Caser fll GRU4Rec, iX 7] GBS BG4 Yelp A L F 4085 2 MovieLens-1M A3 £ 4 7 5 0] 81, 1
BERT4Rec P X 1] 22440 14 45 45006 K7 08 3 T AR SORSE 70 A 1 A B3040 4 138 o th AR 9, B
FEF 0L 1w) i AL 14 A 7R A BT 44 i ) S 8

) FRAEAR B SR IUAT Bl T 48 15 M BB 0 B2 T, AR SO B X Ll AR Y v 38 0 X AR AE R BRI,
AR SO AH L 5 J5 RS B AE PP 8 br AR AR — R 2500, UE I T AR SCHEAT REAE B U AT A5

5) AR S Caser, GRU4Rec, SASRec # b PEBE B 4, 763X 3 MAEAL op % F AR 6] 59 5 28 5 4 3]
i B A L S0 O e AR R A — S P A (EO R AR I A O G R AR A O BEAR, TR L AR SR
K0T 3 e SRR AR L SR 8 A B T A SO R Y T AT

6) A 3C#IM 5 BERT4Rec, NextItNet #H H , BERT4Rec 3% H B 4 i 05 20, A 6 1 2K 90 89 I
4, NextItNet A H] 5 Fe 13 5 ) B &2 T SR BURFIE . W E8 4540 th 24 B B2 HEZ M0 80, 7T AE AR
Tt AL FRAE 1 DL T A 8O Rz B, LA AE I S A i R AT RS BRI 1 AR AR . (R 20 T
i (RS, RS TR R M BB AR, AR SCR AR M L J 00 40 S AR, SO 45 SRR B T AR SO TR I T AT .

SRR, A S ANE B S MovieLens- 1M Al Yelp FHEREA R KA T, BAF 7 A SCBERL (A
RO S Ao E B 0 i e A 1
3.2.3 HE LR

TH il S50 1 B A 0 AR SO VR A RO RN M L A SCHE R[] B i 4 Rl 2 R A R R R, X
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Table 3 Results of ablation experiments after removing various modules

i Movielens-1M Yelp
NDCG@10 Recall@10 MRR@10 NDCG@10 Recall@10 MRR@10
JCH B Y 2% 0.603 6 0.822 3 0.539 7 0.630 4 0.842 8 0.567 3
JC a-entmax B %X 0.610 4 0.8257 0.542 4 0.635 6 0.848 0 0.569 7
Jo I 1 K45 TR 0.602 3 0.814 6 0.537 5 0.623 9 0.837 6 0.553 5
T G R P AR i B 0.620 4 0.827 5 0.552 0 0.643 1 0.853 2 0.574 3
AL 0.621 4 0.832 9 0.555 1 0.645 5 0.858 5 0.578 4
He 3 i,

D) 7EEEEE Yelp LA S2 56 25 AR L EUE 4 MovieLens-1M L A 85CR 4.

2) 5 BRH G W 45 A, 7E B 55 MovieLens-1M _EiF #EF8 NDCG@10, Recall@10, MRR@ 10
SPBIFRET 1.78,1.06,1.54 D E 4 EHIESE Yelp EIEMFEFR NDCG@10, Recall@10, MRR@10
PR RET 151,157, 1. 11 A AL TEPD B EPF 8 b 24 5 T B 3, ] LR B ) 25 i
A

3) £ F a-entmax P EBF, fE 3 £ MovieLens-1M | 3 #3843 NDCG @ 10, Recall @ 10,
MRR@I1043 I FFET 1.1,0.72,1. 27 DA EHIEE Yelp EiFMN 845 NDCG@10, Recall@10,
MRR@10 435 FBET 0.99,1.05.0. 87 A~ H 43 4. Al UL a-entmax bR 0TE B B 9 2% o f9 2, ki
IE 5 80 A e X AR SRR TR (1 A A

4) EG I H K OF ¥ R, 75 8UHE £ MovieLens 1M E3E M 48 b5 NDCG @ 10, Recall@ 10,
MRR@10 435 FFET 1.91,1.83,1. 76 N E 40 i s FEHIELE Yelp B 848 NDCG@10, Recall@10,
MRR@10 435 FBET 2.16,2.09,2. 49 2 E 43 5. SIS ECE T WL, 3 75 7K - 46 FRUB B E 3 A 45 70 v
mi A B, TGS SR TE R 4 MovieLens-1M iR BAEEUE 5 Yelp . e hiiz i 5 5% i bb At 45
B, DT 5631 1 70 < 6 30 i - S A ISP 300 Ot 20 55 6 300 2 0 o) S A ) B M, LRI T IR
ORSE

5 EBRIMEBERE M ZLEZ ML, 5 YEHE MovieLens-1M | 3 41 48 #r NDCG @ 10,
Recall@10, MRR@10 435 F BT 0.1.0.54.0. 31 I EH 43 45 7ERHESE Yelp HIEMI5FR NDCG@ 10,
Recall@10, MRR@10 435 FF& T 0. 24,0. 53,0, 41 AN 40 5. i SCERBE AT UL 3% 455 He X 3% {46 750 1
SR AR X /N . E AR 3 T AR L A R ) e A A g A AT R R
I ARG A A S AR AN B BROSCR T B UE T AR B AT AL
3.2.4 BZHXMHEAN Y

FEBR R, #HEFE RGEAA] R e — N BRIAEAE AR, HERER G 5 AN ) KA A A W]
WSS . HAh . MEIERGA S WAIE IR 0, AL B TE 3R G 00 B — T AR S e L AR S e, 4]
WHPREZE, JEHKNR, SRR SRR E RS, XR RS SAE TR P m,. E5md,
SATAR 22 TR 2 52 WA B T 5 (R0 (H S B0 A5 TR A 5 ) 2 AR SCIIF 98 10 R B X . AR SCHUF B e KK
BE43 518 5,10,20,30,50,70 VEN FZMFRXT G, LR 45 R G| TR 4. B 6 A CEAIEA [ 52 5 4K i
X H S 4

24 nl i, 7ERUGR4E Yelp I AU AR R AU HE 42 Movielens-1M |+ B SR FE 45 76 B0 4 46
Yelp Iy M58 HJFHIK N 50 B, AR SCHERIPERR S A 72 8000 % MovieLens-1M |, Y38 H K JEH 30
BF, ARSCHIRIPEREf . TEPID BRI EE b, S B )F 5 5 B A4S SCRE R M B fie 25 . AT UL A0 SR A% 18 e )
Tt . D03 RS ME R B M. MRS P8 N 70 I, AR SCRE AU AR 5 A B8 4 E A — IR 35 A i
B HHAPE R bR AN R e . R R R AR i K A 38 R A R S AR M L R IR e AR, W
AR S S TR 2 R T R A DT A e 4
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Table 4 Effect of different length sequences on experimental results

MovieLens-1M Yelp
JP AU @ . .
NDCG@10 Recall@10 MRR@ 10 NDCG@10 Recall@10 MRR@ 10
5 0.620 5 0.824 3 0.556 8 0.622 0 0.843 9 0.552 2
10 0.624 6 0.829 6 0.559 8 0.631 3 0.848 9 0.562 6
20 0.626 5 0.830 1 0.562 1 0.635 5 0.854 8 0.565 8
30 0.628 4 0.834 8 0.563 3 0.643 4 0.858 1 0.575 4
50 0.621 4 0.832 9 0.5551 0.645 5 0.858 5 0.578 4
70 0.625 2 0.835 3 0.559 3 0.645 1 0.860 9 0.576 7
0.645 0.860 380
L 0.575 -
0.640 - 848
0.850 0570 -
© 0.635 S 0.845 A
Q Z_ MovieLens-1M-NDCG@10 3 — MovieLens-IM-Recall@10 % 0.565 — Yelp-MRR@10
% 0630 - | _ Yelp-NDCG@10 ~ 0840 - — Yelp-Recall@10
0.835 0.560 +
0625 |- 0830 - tess |
0620 |~ I I I 1 I I 0.825 7, 1 1 1 I 1 1 . \—M\OVIeL?enS_I\M_NfRR@\IO I
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
g8} 3 igZRN; s A

6 ANBEELARZTEKETHMNEIEER

Fig. 6 Comparative experimental results of proposed model under different interaction lengths

L5 L IR . X BUAT e 8 SR A AR TR 220 P U Al e A A Ml L S BSOHE R B TR AN B FE ) A A
PERT S HEFRROCRAAE B IR, AR SCER I T — o il 5 7 5 I 24 5 i K 2 R0 266 0F T P i 00 i 22
B PP SIERE D7 k. FEASCRBE R RS a-entmax BREOW T X2 91045 SR 0 18 . 25450 1 JC AR BT A7
SRR 5 R T KV BRI 265 00 P B S 0] G e RS DA [ 4 B2 AT i e b B, RE T 4TI ML
JE AR A B 0 DR 2R 5 RS D 20 A IO P R A AR B R R AE D o HE A A R B R R, A
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