ETH P2 R PP
FEAER, IMEDR, T, 355, RARD

FIHASLC:

AT S IME IR, 2, 3 5B, S, BT P e R B I KPP HEE S ). B RE R S8 74k, 2023, 18(3): 517-524.

LU Xiangzhi,SUN Fuzhen,WANG Shaoqing,DONG Jiawei,WU Xiangshuai. Long sequence recommendation algorithm based on user
memory matrix[J]. CAAI Transactions on Intelligent Systems, 2023, 18(3): 517-524.

FELE L View online: hitps:/dx.doi.org/10.11992/tis.202110003

L] RERGBR A HAN SO
THT ) B 2 AR 2 WL i 24 SR 9T

Research on named entity recognition for scientific and technological conferences

BRER SR 2022, 17(1): 50-58  https://dx.doi.org/10.11992/tis.202107010
ST I ZS PRI R 1T — A 24BSHE R ik

A recurrent neural network model based on spatial and temporal information for the next point of interest recommendation

BHEZR SR, 2021, 16(3): 407-415  hitps://dx.doi.org/10.11992/tis.202004009
FH P SR SRR 5 OC R 1 D6R R R E T 1

A POI recommendation approach based on user—POI coupling relationships

BIHERGFR. 2021, 16(2): 228-236  hitps://dx.doi.org/10.11992/tis.201907034
FEF RS A P A S A R AT i Al SR s MR

Personalized attraction recommendation based on the knowledge graph and users’ long—term and short—term preferences

BB RGE2 . 2020, 15(5): 990-997  https:/dx.doi.org/10.11992/tis.201904064
PRI ] RS T AT AU 5 0 ik 5

Human interaction recognition and prediction algorithm based on deep learning

B BE R G244 2020, 15(3): 484-490  https://dx.doi.org/10.11992/tis.201812029
B CRRTE RGP PP 22 I 45 () Z2 7o 35 AR AR IR 4

A polyphony music generation system based on latent features and a recurrent neural network

FHRER S A . 2019, 14(1): 158-164  https://dx.doi.org/10.11992/tis.201804009


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202110003
https://dx.doi.org/10.11992/tis.202107010
https://dx.doi.org/10.11992/tis.202004009
https://dx.doi.org/10.11992/tis.201907034
https://dx.doi.org/10.11992/tis.201904064
https://dx.doi.org/10.11992/tis.201812029
https://dx.doi.org/10.11992/tis.201804009

5518 B 3 M B OB R & o i Vol.18 No.3
2023 45 H CAAI Transactions on Intelligent Systems May 2023

DOI: 10.11992/ti5.202110003
[ £& H AR B 3E - https:/kns.cnki.net/kems/detail/23.1538.TP.20230411.1511.002.html

ETHRPCIZEENRKFIEERE

AL, IR, T8, E R, 240
(LAEIXRF HEIHFEHKFR, LAER EHF 255000 )

OB LGRS, WK O R 45 TR B R 0, 1S B8 A BR T ELiE A B R I A BUR % R
T, XK P I R E R PR F RN o 1842 M4 BB G RHEAZ B e 8, T B FIe A2 808 i 77 3O
bﬂi‘?ﬁg/}'& A SCIEREF SR RSB P BIA TR M4 . ARSCBTT T — N2 IR B R, SR 5y
F2 B 1 ERNAIEA GRU IR, AR Sk % i 24 50 235 B9 5 SURRAE, TR~ — AN EH . 2 2
A P S E AL W 26 A 35S A FE ke 20 1 FH P 4 48R Y AR Ak . AR SCERE Hh AR AR B A AR b R AR B P Y
S AR A 248, TR TR e . SRR 4 L W SEIRIE I, ZE SR EON 10 X FESiE AN S 1
PR T X e, A SCHr iR A8 FH P S C A B 1 43 2 I 2% 080 72 13 ] S R 7 Y (80 550 HE 42 1 42 7 B L AR G T4
Z T ITHEA 4% 3T .

KEIE IO ML JZ AL K D4HR ;45 301 24580 ; K AG T IZ IS TG 500 KPS S
HESEE:TP309.2 XHAREM: A XEHE: 1673-4785(2023)03-0517-08

RS A B, AVER, TER, E. ETHRIRIZEENKFIHEFEZ J)]. B RKFE, 2023, 18(3): 517-524.
#1325 A183: LU Xiangzhi, SUN Fuzhen, WANG Shaoqing, et al. Long sequence recommendation algorithm based on user
memory matrix[J]. CAAI transactions on intelligent systems, 2023, 18(3): 517-524.

Long sequence recommendation algorithm based on user memory matrix

LU Xiangzhi, SUN Fuzhen, WANG Shaoqing, DONG Jiawei, WU Xiangshuai
(College of Computer Science and Technology, Shandong University of Technology, Zibo 255000, China)

Abstract: Traditional recurrent neural networks, such as long-term and short-term memory networks (LSTM) and gated
recurrent unit (GRU), have limited memory capacity and inflexible access to memory data, which have inherent short-
comings in capturing features of longer sequences. The memory network has the characteristics of storing long-term
memory, and the access to memory data is more flexible and changeable. Therefore, this paper introduces the memory
network in the session-based recommendation algorithm. In this paper, we design a hierarchical recommendation model,
which is divided into two layers. The first layer is the session-level GRU model, which is used to characterize the se-
quence of current session and predict the next item. The second layer is the user-level memory network model, which is
used to describe the changes in users’ long-term interests. The model proposed in this paper can effectively capture the
short-term and long-term interests of users and thus improve the performance of recommendations. The experiments on
public data sets demonstrate that the proposed hierarchical network with user memory (HNUM) algorithm has 4% in-
crease in both recall rate and mean inverse ranking improvement relative to hierarchical gated recurrent unit (HGRU) for
a performance improvement comparison of 10 sessions versus 5 sessions.

Keywords: memory network; hierarchy; long-term interest; short-term interest; long short-term memory network; gated

recurrent unit; long sequence recommendation; session recommendations
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B RHLBTT T 5 T2 B8 AE, S xhicie
(12 IR AN 5 3% . 2015 4F Sukhbaatar %1 34
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— AN CAZHFE . 2021 4F Tan %51 48— Fh2E T
AL L B A B T M4 (DMAN), ¥ H
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J¥ 51, I H AT LX) 3% A 5 25 04 10 7 Hb 132
W, b G T A TR B ATHRAET L IR, 2L
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— B EA P C A BRI 2 IRAE 24 (hierarchic-
al networks with user memory matrix, HNUM), fifi
TCALHE BEAE S0 A2 I 25 rhig 4223 1) iy HLAR S 31,
I8 108 A7 2504 4 R0 220 1 P A e 0 R D 8, T
TEN T 805 4E Movie Lens-25M Fil Adressa | i 11
SR a1 B TR RPN SR A

1 EEHR

T SEA G SCHR AT ) R AR ZE R, SRS o)
Sl P 3 HG v B A AR . HNUM BB 23S 15 )22
B R BRI AT 1 i

B 1 HNUM {EZE
Fig.1 HNUM framework
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RIS — 2 R Ul P T THE 08 24 3R 7T ( gated
recurrent unit, GRU ) B 7, [ ABE 7Y F > Z1 18] 24 Aif 2
WA FVRRAE, I EO N — A3 5, AR
JZ 8 P my e i A8 A RS, 1E 12 ) 45 FH >k Z) 1
PG 2. FEH P B —Daihh, &
WA IS, OB S B A P X6 g e A2 8
M )02 ) i, B2 HUR B A ICACAE S P Y
P - 1) &, X GRU B0 19 B 2 #1790 46
b FERAB RIS R )G, 1958 GRU M FRAE,
PGl o B ABAEE RN M . S
) — DTSR T — D SE IR, R RETT R
FERTRR
1.1 HNUM FE X 3 itk

%XU ={uy,uy, - MN}%’FﬁﬁﬁﬁFE/‘J%%, St = {S'f,
st VAPl SR ES, Vo= v, PR P
A Sih s AR B H A, Hrd, vig A
RGERABHPH - PHZEENIH, M=
[m* mt --- m4] e R>K 2 Hj Frlu i 12 56 B, mi e
RPZEM IS kA A2 1 1, FH R A7 P i K
PR, MR AR KN BRI T A2 A B R E AL 0]
EAE KA RIC s K D, Hdr, K
DJE TEIRI SR
1.2 B2y BN AN E

HEAHESL ) A% 0B 43 HE T0AZ ) St 1 2 ORI
BB, T B4 2 R
12.1 Sl RS
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() 2 AR 7R Sy

Wiy = V; -1y (1
= ) @
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Ko plE—A R ESE, 1T LUK ol N R AR
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BTN ECE M BR A5 B o TR o AR R
WY B, BT A B e S FRAE AR S AT i 1Y,
AT DA AR BE T B N R SRR X T 482
B ] FE e

e™ = o(E"h; +b,)
A () sigmoid PREL, EFNbIE 7 B 2% > il 5
FRSE b P ST BRI AS . 4 8 I BAE
FEERR ] 5, KRR AR AR A i 12147 B 8T
my — mpO(1 -z -€™)
Horbz BB ACE, BERE, B b &
a BRI A7 it o, Wt e B -
a = tanh(A"h; +b,)
my — mi + z.al

Hr ARb 2R AR P TR 8 S S8, X Fh
FEE 55 — A 10 5 1 SR S AR 1 35 S R I 5 A ) o A
rhOGE FH P i G A ) Y A 2, R E] DL Sk [
Bl 2] BEBR RGN I 2 B0k P e MR L6 {5 5 55 2208
55, WPLL(E 5 75 BN
1.3 HKEH

28 M DLt~ P A6 HE P ( Bayesian personalized
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li] PF R X A TR GRU

3) fC 2 OB HAR 95 F P 4 235 19 GRU
BeUIR 25 X 10 A2 3 e 7R AT 3 BGIE AL, K 32 I 2
LA A Sy T Al 4 1] 2900 B A GRU 1Y B J2
L7

4) 34 GRU [y —A>I ] 2B 25 I, 12125 AR
ol iz 2 im i i a BB ABNCIC M 28, 355
WCACH R, AT P % BRI 2R . HNUM 73
Frid BRI 1 R

Bk 1 HNUM ®ik

I\ JGfH<Userld,Sessionld,ItemlId>

o NPy = 6y )

1) 4% FH P 2 ih kA7 o 4

2) VI A ICAC A I M

3) For i in epoch:

4) For j in epoch:

5) i 1 reader FEHUICIZH [ M

6) if B 237k

7) ¥ h 4k GRU M BIRZS

8) i 1 reader FRAEEH AL HE M M

9) A4 X (4) TR
10) end for
11) end for

2 LR AT
2.1 KGHEIEE
AT FHBIE S AN G B R 1 iR,

F1 BEEEHAERE
Table 1 Details of the dataset

Hnsk MovieLens-25M Adressa
FHP% 9879 26777
TE % 27810 37405
ZHEEL 105193 292483
TSR 243 225

2.1.1 Movie Lens-25M

Movie Lens-25M(LA T fi FX Movie Lens) & 3%
Minnesota K 2% GroupLens /N FF & B Movie
Lens 3 i fr 82 B 00 850408 28 o A SR T LA 24
A5 T 2019 4F 12 7, 2 — D TER R h iz 0l
AT B R4 . BAREEALTS T Movie Lens P i
ERZ 2500 1AL R, TG A SR
AR, S R TP B TR A B i BRI (]

HERE, L Movie Lens B0 8 3% A %1 43 2515 1Y
PRt PR A S R R R A TR oo b T
KBE/NF S B 2ih, FE L4 T SN EBU/NF 6
A o ST RAH P, H 80% M2 iE/E R
SRR, 20% 1 IR AE
2.1.2 Adressa

Adressa”™ & RecTech i H 1 & 7 ) — > 7 il
B4, SRS T B T S B AT
MR, AR TEANE B o AR SCI L0075 23RS
FH PRI 5047 015 L, TR 2 fe sk R A 4
o O MR R PR R s . B AR R T
T A 2R A R P A B AR B BUR AR
WA 205 I TF IR A LR AR5, AT DL Bt B &
. ZBIEER 2 DR A, —4~ 7 Adresseavisen
B s 10 S8 a2 000 7 B AT
HERBERSE, 55— A RN
200 J7 B BEAT M BNV R AR o AR SCfd R
2000 J7 e AT oA 0 R R B s 4, o ik b e rh
SENMBALFSAASHEREASD T 6 H
F, 6 Ho 80% VR NI 4, 20% 1F AR 4
22 FFMIEER

Recall@K: 2 155 — A 1FAL 875 2 Recall@
K, 278 A Dl A 461 eh i KA E R A
WH W B, B IR BT H SR HES . X AR
U AL T LS PR A R, fE X SR S R
AW, Xt P AN EE A [ % Recall 78
g X ERIFE AN

RRecall — NTP
NTP + NFN
Ao N IR IE RE 091l 0 S TF RE ] f) K R
N™ 27 TE B (9195 T Ay 67 BE 49] £ %0 5 Recall JiE
WA Z M IEGI IER . EERE RGN
HEPAE S5, A R TR e SN
DUIRGNT ()

uelU

DT W)
uelU

P R)$8 192 R P udfE 42 NS 5 1 51 2%
T wig 2 A P ufe 4 E 3Ry i EA .
AR SR SR [6] B FH IR TT58 Recall 19 51, 1%
73K ST HEARAT 55 00 — AN B THE A2 W 4E 55,
B2 TE M AT B B B AR H A —A4 7E20(5)
W, FORT RN 1, G377 51 36 19 K 5 B
20 B, HARTUH #1553 a0 R HEFE T 20, A o] 5
FIMEREIC R 1, A 0. o A FER B 4550 2
HHFEHE

MRR@K: 5255 v fift F A9 265 2 4~ B i 2 1 8

RRecall —

)
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1% HE4 (mean reciprocal rank, MRR) iX J& T 5 il
H i B 5 CHE 2 m9 248 . R HE2 KTk, WE
BHEA BN 0. MRR % &0 H iy HEy, X 7E
HEHEFET GO T 2R EER ., THHEALH

10|

1 1
RMR:§;;

P QIS P IS BB 1 3 H A, R
ST H ARSI R HES o Y EIE
HE & K T 58 AT (E I, HE 4% 00 Bk B ol
0. MRR B RE S5 e 7E HE 3 ) 80 Hp 4 722 11 o i
S NATTAE 2 B S T 4 72 51 3 P A T L0, 24 5K
(B HE 24 20 5 S5 0 B i, RV 0 S A A 4 7251
Frh, W RER 5 R A AR s 1Y
23 KEgIt

TS GG T R RN R - 5 o AR S
5 Tensor flow HEZR K 58 AL B (45 2 . IR 7
i f4F- 45 TESLA P100 L ibA7T525: . Ylgkid Az, ff
H RMSProp i fb#s AL BL R ¥ batch_size 1% E
128, SEE ORI, XA SO R R, Y batch
size Ay 128 B B BRI RE T 250% . BRI S 4K
W IE A AR AT R IR AL, IEAS S A M E(E R 0,
FRUEZE A 0.01; BTG %21 %K 0.000 15, 2% > R IE
Tk R ECH 0.96;5 R By ik 14 [A] #, Dropout [
keep_prob Z%N 0.8; GRU FAICHR Jy 100 4>, 5E
rh R, BT M 5k B B 4, A 4f ] Tanh
Y R 850G PRI I, 288 25 H BTG PR R 1
MG, FHLWEE R E R, FIL, 7€ GRU $0
(6 i 4 2 2 J5 f ] LeakyRe LU 7B g 38035 o8 %o
LeakyReLU pREL 12 XA

_ {x,», X; = 0
Yi a;x;, x;<0

Hia, €(0,1), LeakyReLU pREA L= AL 10, L
i S U EZ v o W Ta vy <=1 1A SN Tay VARG s R
K TE [2, 15] Z N, idZml K D i
100, FIT A Y8 2 55000 1 B 2 MR A S e 4
AT LA 2 W B A
24 ZWERSW
24.1 BRI
IR FEAE HNUM A8 [ HEZEPE RE, % HNUM
#7155 HGRU A4 (hierarchical recurrent neural
networks) F1 GRU4REC %I JE 47 % L S8y
GRU4REC #5812 0 L e e 0 L g 4
TRBE 25 ) B 2 m AR AL, AR B GRU i $E H
LRSSV TR R %580, S AR 45 248 A iU 3R
AR SR S T A S Y S AL A
HGRU #5283 J&— o J2 U AL B 23 M A 5

Y [ PR 2 #06 FH GRU BTG HE FH P %, s
RUTE 5 2335 1) RNN g 550 38 Ak L0 W A 19 Rtk
A, FIH GRU [ FRAS TR FP B s X%k, 78
200 18 FH P A R 5 T, A AZ BR T GRU HIT I
ICICRETT -

JEHVE B I ACIZ AL e B A (short term atten-
tion/memory priority, STAMP ) j& — > fi F T v
BB LR A RNN et g, Kk Y
HT 23 o P ) — RS ERAH fm —R 1Y
S I 4R

X LY S5 1 S g 2 A, HNUM B8
ICAZ 1 B A B BN 20, GRU4REC [ 5 AU fifi
A 100 4~ GRU H.Jt, batch_size & 128, HGRU £
B, 2521 GRU A 29 GRU BT H0HR
WHE K100, % 2~5 4 HNUM B AIFE Adressa
F1 MovieLens-25M I+ i Recall@K #1 MRR@K [

45

R 2 Adressa IEE FSIEANHI 5 B Recall@K 25 R
Table 2 Results of Recall@K on the Adressa dataset with
the number of sessions of five

A Recall@5  Recall@l0  Recall@20
GRU4REC 0.1023 0.1854 0.3074
HGRU 0.1607 0.2897 0.4529
STAMP 0.1623 0.2882 0.4388
HNUM 0.1638 0.2935 0.4550

% 3 MovieLens-25M #[#E 5 A Recall@K B4R
Table 3 Results of Recall@K on the MovieLens-25M data-
set

BT Recall@5  Recall@l0  Recall@?20
GRU4REC 0.0213 0.0450 0.0831
HGRU 0.0247 0.0571 0.0958
STAMP 0.0257 0.0523 0.0792
HNUM 0.0286 0.0623 0.1034

R4 Adressa HIFE L SIENEH 5K MRR@K 4R
Table 4 Results of MRR@K on the Adressa dataset with
the number of sessions of five

FEETR MRR@5 MRR@10 MRR@20
GRU4REC 0.0620 0.076 1 0.0846
HGRU 0.0906 0.1104 0.1224
STAMP 0.092 1 0.1088 0.1192
HNUM 0.0931 0.1129 0.1249
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= 5 MovieLens-25M ##E & F 1 MRR@K B4R
Table 5 Results of MRR@K on the MovieLens-25M data-
set with the number of sessions of five

fEEAY MRR@5 MRR@10 MRR@20
GRU4REC 0.0090 0.0146 0.0173
HGRU 0.0112 0.0191 0.0298
STAMP 0.0121 0.0162 0.0186
HNUM 0.0134 0.0227 0.0326

MR 2~5 W LLE ), 76 [FFE 22 T2 i
ik, HGRU ., STAMP #l HNUM #5780 fiy #i 7%
B MR FE T GRU4REC #i% , GRU4REC
BEANGH P 247 0 E R, R TH
FURE 242306 A9 248, 117 HGRU #5554l HNUM 45
RUR T P b S AT ok, Rt A R R T A
15 A RE B E 42 HGRU #E7UF1 STAMP #5574 7
Recall YRI5 T HNUM, K HGRU #1581
FE ZI W FH PR 0 %) A, K FH P %) 8 46
i GRU FAIGHYROIR A, X A 5 2UAS R % g s 4k
BRSNS F ORI PR, STAMP #5550 75 HE 4% #5007
A1 5 BRI T HGRU, [H A STAMP |5 T i #2 FH
FUI R 2S8R A1, 38 25 5 B P i A %R, A
FH P S Ja — U AR 5725 S8 P I > % Bk . i
i FHICAZ M 245 () HNUM AR G T ax F g i, 76
TCAZ 28 T AEAit P A I SR i A i8R . 7

SCEGZE R AT DU Y, 45 B L 7E Movie Lens i
FRILHB LLTE Adressa Z#E4E %25 . Movie Lens
ANJEEE NS TE HEAE I BUE AR, Bl B 0T IR AR W
P43 Bsf (8] 5T 55 S5 00 7 A O, PRIt 36 216 1Y
HEFE VL TE Movie Lens ZUE4E R I A BEAR

AH b 34k 55 GRU4REC., HGRU F1 STAMP
A SC T4 Y 98 5 HNUM 76 Recall 1 MRR | #5
A ELF R FIN, BﬁﬁETﬁf%‘%ﬁ% A R
242 KBLILE NIRRT

R TR SBERG P R il 12 e
BETTSEHGXT b T AR R 7 2 Iﬁ/\;&jtﬁ:lo/\ﬂl/\
R 5 AEHER AR R . PR 7 2
WAECR 5 A PEE S35 B0 10 4> 15
4 SEES L T HGRU #5578 fl HNUM 5 #8 7E
T OXF 2 T 0O i) A vk e 4R T L . L
n, X7 F HGRU B, 35800 10 BB, Re-
call@20 4 0.469 3, =i 140N 5 i), Recall@20
9 0.4529, PEREIR T T 3.6%., HAKRLE 4% 6 F1
TR,

B3 6 fIge 7 53 2 MR 3 Ay s X L,
ATDVE B, YRS N8O 10 19%dE R, HGRU

1 HNUM 7F Recall F1 MRR I 445 427, {H 242
TR, 13 AL 4 XFHG T 4350 2 AR
10 N2 EARETAH ] 5 A2 iE mrEfe R %

3R 6 Adressa BIEESIENEH 10 B Recall@K I &5 R
Table 6 Rsults of Recall@K on the Adressa dataset with
the number of sessions of ten

5% Recall@5 Recall@10 Recall@15 Recall@20
HGRU 0.1682 0.3027 0.3976 0.4693
HNUM  0.1775 0.3146 0.4096 0.4831
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Table 7 Results of MRR@K on the Adressa dataset with
the number of sessions of ten

BA MRR@5 MRR@I0 MRR@15 MRR@20
HGRU  0.0954  0.1159 0.1240 0.1271
HNUM  0.1018 0.1225 0.1307 0.1353
J TR LG X HNUM #5803 T, %3t
TEA[A] Top-K B 5246, HARZE R A& 2~3 iR o
9,
gl ] 71 HGRU
C— HNUM
-l _
K6t B M
e
4t % ,
i nin
17 IRzl ?
W al al e
o dl vl v
5 10 15 20
TOP-K
B2 K2iEXS Recall I£FAAIXTEE

Fig.2 Comparison of long sessions on Recall boost
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