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Sequential recommendation method for building user's dynamic interest in
gated network

WANG Yan, FAN Lin, ZHAO Ni-ni

College of Computer and Communication, Lanzhou University of Technology, Lanzhou 730050,China

[ Abstract] Sequence recommendation is a very important part in the field of recommender system. The exist-
ing meth-ods regard user behavior as a time ordered sequence for user interest modeling. However, the dynamic
change of user interest makes it difficult for the model to capture accurate user interest information from user
behavior sequence. At the same time, the paired co-occurrence pattern between items should be used as the sup-
plement of interactive information. Based on this, a sequential recommendation model dcgn is pro-posed, in
which the gating network is used to construct the user's dynamic interest. Firstly, the gating linear network is
used to capture the user's interest in the interaction sequence, and the gating recurrent network (G RU) with atten-
tion weight is used to learn the user's dynamic interest; Then, the co-occurrence model of user interaction items
is modeled, which is fused with user interest information and user information and then input to the depth neural
network (DNN), and give the recommended results through DNN. Exper-imental results on three public datasets
demonstrate the effectiveness of the proposed method.

[ Key words] Recommendation algorithm; Attention mechanism; Gating linear network; Project co-occurrence
mode; Dynamic interest

DOI:10.19678/j.issn.1000-3428.0062184

EEWE: SETRBHEN ARER" @B i S9EH, ERARRARESE (61863025 ) TR ANUCHEEARNISE, il
BE A& TR]- TS (18YF1GA060 ) ;

PER AN T (1971-), . BOE, BUEASI, EEUOOUEIES . ARG Wbk GEEEE ), PR
YR YR, LA . E-mail: figfavture@163.com



L2 A N

0 it

HIGR H A JEEARNAS Bl i A (Y R L S A
BRI A AR, (5 EICREME P ok N
SRR PR R IE TR R R, TS EUT P AR
A HEAERGARGF IR 71X — [, I HAEE R
FIEE . BT RIS DRV Z AN A AR
HEAVE, PHERE R G RIOETE AT SR S
(EV =98

H AR 280 R G R 0] 43 R 3 TP R ad i
( Collaborative Filtering, CF ) HIHEFAR I AR S H#EXF
TR, ALSE A HE T U R P HETER R B U T AN
AR, AR IR P M G R R s BR ] TSR ARG
AEJTo MRS RRAEIE 1 MO G PR AR . ERERIAL G
B2 B TT A AT SRS B AT A 14 2 pR BRI,
PR i 22 W 45 ANEREAL PRAZ 22 0 FH P 22 HARER, 1
HoT ARG M HLA T P . FEfE e N 45 5K
HIEHIZ AR T, S50 2 2 TR A HEAA R T R B
HPERE L TAA G AR, N TR 2= T TR
BHEARR R A F BT S .

AP DI A7 A & 5 P DGR (E B
KB AR FH P 6B PR T E R e v B 1 ¢
o A E TR T P DGR i, s
BRI T — AT DU 17 [ 5 R h 28 X 25 A HE SR
FTFXTH P -0 s B AT e MR, DU A
WHP RS Z B OCR, [FREEH P M mer, 3
IR A 5 2 B e, B IBUT P 4R o7 7 2 A 1158
TR . SCER[2 1R T — o 4 e 2 ) 45 A
FHP 28R 7 (LSTPM), K sE sk B 1R
B MRKWFS, ST PR SR A, B
ZITRAER P AR E P AR, BEE AT 1 5 4 B4
I, FEHC R P SR AR AN TR, H AL SR )
IR R EVERI G EE, X BRATFEILZEHE
% HARIE S AP ( Natural Language Processing, NLP )
SIS Transformer FPE R 1ML ( self-attention )
TR K, PEREEAT TR IR N B HE
HRGT, MR T VA P 4R IE VR 4 8
SRR, R4 T — R RY H IS N R R
ORI GS, NS T RECAT X 23 A 200k FE ARRAE
SIATER ILH 2k 2 BB S AE BARRIE LA S X
SRR Z B A SRR R o STHRISER T —Flopr i 35
ERE=waliohzI Gk R ST i B Ly a R VY Ly
FEURE 25 Aok, R 2 ML MR P S 7 st v
2T S AR, HETTHEE A P OG5 S .

SAEBIFEEA TR 2G5 B i 247K
AR, EAA AT ) 2 Ak
LR FH P 13 S0 A 7 AR 4 A ek TR HE Py ) A

Fe8l, R BIHRFAE 2 A B2 26K, MRS
TS AR IE P TP D48 R A R S THIER PR RE 5
2RI 22 18] FR) BT 56 2800 P Y ) i A ]
FEE S, XA ] B AL B EHE R R G AR
UL, A S R P S S A T REE HE I 3K
EETHURTRENE R
3P GEIESAEEARR, AN i Eh A

oA o

Xt BRI, ASCHEH T —FF DCGN ( Dyna-
mic construction of user interest in gated network ) [']
FE 28 K 1T P Sl DGR e SRS . Ay =
LRGN

LM P 88 D S04 S i v S S At B2
DGR, FIRUZ T LA I 285 DRFAE 14 J22 T 47l 2 20
JERGERE R, PR P A L rp i A RFAE LA S S
SIS

2] GRU X7 2] B P 265 BT R A
TR EXT GRU 1Y BRGECRAS A T h A 58T,
AR P B 2SR A B R i 4

3 FH— OB ML X Tk, MIE X Z
[V R PEA TR, PR DIAH G R I H vl R 1 H]
FEEHIUH A g

440 22 2 A T FE W 2% 7 2] 45 B B 2 1) i H 45
HAE A BB B TS, SRMIASCRY 5 IEE
TEA R

1 HXIE

1.1 FAIHEFRE

T GL R Al AT ARG T A IIRCR, I
Bz, e REsa 2 E P S 5HE Z [0
s AR, ELHARTBE A P 4 0 T P Sk i 2 —
M SRR, BRZ AL FRAE RN T A%
GRS DR HERE AR, PP A BB R AR AL T 1
i) Dl NE B 27 I Ve = B 2 7 P
ARSI, HACH P ARG A FH R A S
B 5 P S Z s B R, PP
Al s, JEAHT P S B4 rh 2w B B F SCf5 Ea
R A S

TEGERY I T Th /R A] Sk 1 PR A HER AL, R
P 50 8 58 IR Tl LA S BT, (R
2T PR B A L IUN M i A HLIRU RS . BT
DR ALY Py SR e P P S5 000 H 852 L i A
SR AN H AR -, Gl SO R RIE Z 8]
A B S FL A T A, (EAETEL ) 52 i i P 4 52
FEARHERA G R ANE B . IR T HOR I GR, REF



L2 A N

Mo TGP IR AN, R TN
U AIRCR o

1.2 BT REFINFIHEFRE

FFITRIE 7 > SR M Py SR AR (4 5 I 7 ik
I, TR A EL B H P A o IR 2 e
AEETRK, AR — R IEAR R
MR RXITIE— RTINS AR K E

B 75 ¥ R E P B B s A2 AR AR B P ) SRR S

(ERERLES TP A P A I N Rl S 2, 46
Rerp L T A G, HIGEERA]
LRI AR

—SERIF S N B S R FH B 5 2% (A AR TR 2 ) A A
AP G, IR ERE. 2T GRU P41
A 2 AR 4 S 9 22 B A R RO TN — AT R
BB, (HE R T ETEE, IR EFH
5 EXTEE A2 . SCER[O1EE H AR - i B 3
o MR H s W5 | T TERAE, SR A AR SR
FAYFFIEXT P 4R TR . SCHR[10]9E T RNN
WP RS, R T PR RIEE
SRIG M EEIMLGITEEAE HEWAEE, S21H
FUR DGR ) RN o SCHR[ 11T RNN g s 1
FEA R oA T A, AR RNN Xt 50 AR (S
S, PO . B EZ 2R E]Y
], T RNN A E P 8 AR R A AR Ok A 3K
BT RIF I 2T R ROCHR A Rl R, A iR tn)
B, WFR I NLP 40 ) Transformer 553 )i FH 3] 4
FERGH, SCTRO2PKEF P AT e skl h 242
T, WS E R PR S ATE DX A] N P 0 DR A A S [
FEW), SRIGHT Transformer FAYHAE AR 275 4
FUAT RS, FEEET RNN BG4 1h I 1 24
T AT RAHEE R P S, SCER13 2R A
TEDR 2% (3% I 22 I FH A UG S0l g — b i 22 X 4%
gERY, IS IREUR R EE LSRR R ) @B AT
WP, ARIGZA 268k 5, SRS —An]

P 22 2088 IR G AR HLP P D4R SR S HER T,

X RIR , OPIEA R A BI E AR T 4
T

BEXT AT PP S HERAR R B0 T8 70 R 2 1 25 18
P IR Z AR, AR P 4Bl 52 (AR
WSS B IS B T, AN SCHR HH — T2 M 454
TR P BRI P S HEAERE T, RT3 I 45 4 B
TP G, Hild EE R ES SRR EERE
PRCHE AR AT B Bl %R, [R5 58 1 35T H i) J
XTEHRRAER, $ETh TR ARG

2 DCGN $=&!

R RE AN 01 145 P8R R P A 4
IR, BIRIA] DA e 5P 41 s ) P sh ARk
2SERF N, IR H AR 2 DRAE Y2 R HOH - )
DL, R A A A PR H X 2 ] A R PR TR R R
BERIZER N 1 PR, B9, B e defsei g 22 |
JEH . I ERRIE K PR IR AR K,
T 1 i AR A B RRIE L B — MR G 2S [a] H
HBENRGER B i AT 5 SRS, B PSS E PR
A EEA B B2 TR, R R
M2% GLU (Gate Linear Unit, GLU) "M H P32 HAY
FRAE 2 186 P QS8R T, 2 SEEL T AT S
FR I H R A 8 K AR B T AR X P ORI E A RS
HIWH, BIHP2GE,; 955, NGRS X7
e, 2F BARIEH X Z BB, SRR E Z ]
LR )5, XTI 14 I 28 SRR 1) FH P Rk
TTRA, XA T GRUMEH 1#EML, 454 H
BRI ] 1 5 e R 0 8 ) 1 1 FH A 2 T LIS A
N 2EBRIT A A, IR FIZAE T GRU RYBR
REHATH N, BBELAH P IS EFRR; &5,
R 2 IR B A N S R . T
K, BEAAN BRI

000 )

TUAAERHIEAE X

i) i)

@ (

HH j i LT
B 1 R4 P shA XA E

Fig.1 Construction of user dynamic interest structure diagram
in gated network
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Fig.8 Comparison of model ablation results on three data sets
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