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Abstract: Personalized recommendation is one of the most effective means to extract specific information. Aiming at
the problem that lacking of users feature in traditional recommendation methods, a hybrid recommendation model of
generalized matrix factorization and deep long short-term memory network based on multi-features fusion (HMF)
was proposed. The model used potential eigenvector factors to characterize the selective impact of age and occupa-
tion on the project, highlighting user personalization. Long short-term memory (LSTM) was used to obtain the tem-

poral characteristics between users and projects, and then the deep temporal nonlinear higher-order interaction rela-
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tionship was mined by multi-layer perceptron. The simple nonlinear low-order interaction obtained by generalized

matrix factorization (GMF) was fused with the complex time-series nonlinear high-order interaction, and the final

prediction score was obtained through the full connection layer. HMF effectively utilized the user’s multi-feature and

user-project interaction information to realize personalized dynamic and accurate recommendation. In order to verify

the validity and feasibility of the model, the test was conducted on the public dataset MovieLens-1M. The simulation

experiment shows that when the potential eigenvector factors of HMF is 50 and the MLP layer is 7, HR@10 and
NDCG@]10 are 0.983 1 and 0.974 9 respectively, which are 27.61% and 54.29% higher than the optimal solution of

the traditional single feature model NCF.

Key words: personalized recommendation, multi-features fusion, deep learning
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BEE R Reth . Mg, P S IARE B
R R JE, HEF RS T INKELE 4L
FUBSER IS B o MNYEAGHETE B2 AR A REAE
Je 1 P 500 3 )i s s as A BT HERE,
N T &M st el FAHEA A LR
We K A P R R M e 5 R
55, R PE o A0 i G O P HE 7
s B0 RAEIREE, LSS > RS 4R
IR A AN AT T R A NP IEARAY, D
P R A] A AR A AR A s
P B, R R A8 B S5 B2 R s i AR 1S
Bk, HEEBEExt, £ofess—
S NHEET W EELSE (collaborative filtering, CF)
HEFEM T A% (content-based, CB) #E¥%.
Afoudi 251H t— ks CB A CF HEE 5% 51K ¥
FOIER G S IR G R T, ARGHHER TTEI
MBS, IR BT, ERAAS
s EOR I SR Ta]

TR 27 ST FH IR S IR AR S A I 2% 435 1) 2
SR Py s A2 B A L2 4 FE P AN H Ja] i AE 5%
. He 25U % J2 1 HL (multilayer perceptron,
MLP) 57 SRR/ % (generalized matrix facto-
rization, GMF) &5i& M # & ¥ [ 38 (neural
collaborative filtering, NCF) #&7, | F iz A\ %L
B s (D) G N ERE R &, 1A K
HEFE I BeAH LU AR T VAR BIR KEETH, (BAER 12

P —I HIR R IR E R R 2 B A IR,
TCVEAH SR BE AT 1) AR F P B (i if . Do 25
3 SCHE SR F) NCF B, H5 NCF 5 7 oAl
B X IH R a5, M KEHHCIZ (long
short-term memory, LSTM ) [ £ A5 71 455 3K [ s (1]
BACHI R P sh Al ZAERVEREIR T R 45 NCF
FIPERE . TREESE I BORRE & AR G075 17T A Rt gk
ORI PRI H 2 (A AR M R 2 e R &R, KD
3 Z 500 FH P RFAE LA K T AR JE Y i 4 RO BT 9
HIREE (knowledge graph, KG) J&H F FlIiH
AN R 2R G R R AT IREY 1456 KG R
A M P AN REAE, s A S 35T (8]
(RIDRIRTE, HEBRHMERE 4 R TTfRRE P L libFM™)
AR EE TR A %, KRR G 551k
NHI PRI HRHE, 48— 4 F P AN H R IE AR
ONRERYEN BTGV i RO A R L 1) 4 A5
Bo KG R TARREOR, KR EET 7T
TSI, TR U A5G 22 B 2K
YRR, ANBESERT BB SOUH IR &R . ASCHE
=T ZAHERE ) SGERE D R S IREER
FLIAICAZ M 48 IR A HEFF IR (hybrid recommen-
dation model of generalized matrix factorization and
deep long short-term memory network based on
multi-features fusion, HMF) , JHi@t& H P12
AR, PReErAERIYE . ASCEE TR
o FIH LSTM £ 2 AMFAE, BIANZ
YEFE (ID. AFEES. WD SRECH P AT H
RIS PP oG &R, RIS FPRF b e, 8T
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MLP 4248 F 7 5 50 H (8] IR 2 I AE S 1
R R, 15 BI40RRE S AR .

* FIH GMF ¥ H 2 RiRE 5 100 H 55 R s ofe, O/
B ECRIGE B, SREH P S5 5E R 9EZR
PEAICRI 28 H.9C F A1 LEARFAIE .

o FFH N4 (concatenate) =G4 E 554
TE S JF IR RHERL S, R2H P 3hEs 5 H
FUREE; e Bt S RO Sigmoid
() — AN A e = S 2 O P4y, 10
ER KSR 7 R ALOAS E .

1 HEXIIE

CF #EFRIEN 7 NE T H P (Users-CF).
BT OH (Items-CF) FI%ETHI% (Models-CF).

* Users-CF 5k ] H] FHAS [ AH AL BE S48 b
THE R P AR ARABLRE , G0 R 7R b AH 56 ZR 3
SOLMIIE S, HEATHER o Singh 251 fe
I I H RHE R OCAH AL P e, 5
HAAL S CF HEARLG, ST H 172K 8
P A AL E B A 17 4 255 1 i P 4 K
R ABFEVER I A TR AR T R
R iR AU

e Items-CF S5 5 51 H (8] ) AH ALE
Wang 5! —Fh ] Hellinger FE 2515
TH T T00 5 R 25 AL B B, DA
I AR JE H PV s A A BT E AE H bR
T BT 5%, R T AR R PR T
H e, (BANEE “A 307 .

* Models-CF %72 % F 4 B 4> f# ( matrix
factorization, MF) VEHHENE S5 S, DA
AL Ie) . 207V P VR R R AR
Gy B R A BRI R, SRAEA
HIH BT AERAE m) &, R o Y AR
WEHP—IH K ERFR, Hid s
R ™ B . Duan S0 U TR AR

Srfii (review-based matrix factorization,

RMF) J732, id I H -3 F o FE R TH
T H A] AL RE S AR PRI H Y
oy, AR MF P LA i, e
HEFEAERIE, (R VP07 . CF
HeF BEE T HMAF o EE b2 H P 2
4, AEABR 7 S P AT ID Y ZPERE
FERHIE, SRZXTI0E M B & R RHET
Fo, AAAE VRSN ARG R
CB EFEIER M P A E A AE S,
PR Xelts . BUH K#RE 245, NH
PHEF RO INE, "M “AREsh7 .
Sejwal ZEPERSE “ WA B R PR P92 ) 4R
— B E T B R SCR I H PE g T R S
CRecSys, il B RRAE L D0 I H _E R SCRFAE
AL, FIH Ttems-CF S5 1HE I H [A] (9 AHLEE
HEFEVERE BT IR TT . Nguyen 2155440 [ 73 il A
CB #EFHVE, fEt—FH TRIER G RE MY &
SEVE, FLABE RV ST [R) R HE 2 1 i M R AT S e
s, WU HRHIE IR A R Gt A K 9k Je
(177 1] CB HEF S Shidad [ & 2 (R AR L 4%
PO SRRl 55 D7 vERT P AT H R e 4T
AL, (HZ IR T RHES B4R EEE 7T, ARAEHT
JCVREN” T
TR #h 48 0 2% e A1 AR BURFAE, 7R &R
g vh S R B SR BRI . Kim 28U 35 B I
g3 (ConvMF) HEFFRIAY, 25 R 4 ) 2%
(convolutional neural network, CNN) £ER{ E|#f 3
4E B4y fi# (probabilistic matrix factorization, PMF)
o RO BN SUE R, RS PR T 1
R, (ER AR R A R . AR O
H—FPRl & GMF 1 MLP (IR BERERE 53 il (deep
matrix factorization, DMF) #&%, £ GMF f&% -
ININZ JZME M, ¥ GMF 1% i 7503 2 ii i
MLP i # FH P A1 H 2 8] Bt SRR, B 9E
MmN ) e A E R BT . TRl
St MLP 5 DUk e S ml G, BRI 75 HF
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F PRI E T ERRE i, SRECK 7 41 504 1)
HAMIE S, K FH R A 2 AT H KRR ) &
0 P AR E R T 23, 38 AR I 2 PR A 2%
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SHEERL, RN Z /R PRI E RRE,
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TETERHE M, HEFEPERE RISt .

ST i 22 2 2 R P R0 R e A M o 7 1 A
AIRREE, JREE A IIPERE . K2 25T Trans
RN EIBERNTTVE, RIS I3 89k SRR
RIS FRIEAHEFE RS TIE . P R,
Tang %R ] TransR 753 F /(G BE SR RAL,
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SRAFFH FURFE o Trans R 71050 @& G Ab AT 55 5k
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028 [ PR RN T 40, DR 285 Pl Pty R P 1 a5 A
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algorithm, SRRA) FEHi fH F &, fEH M=%
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discounted cumulative gain, NDCG) @10 _ 4%
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SRS FIERMY SR I 5 30T () 4772 I 3] f0 6 4k
SO R, HER B — R R R 2
25 G55 SR PV PR T 7 VR AR TR B o S RN
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FUERRBURE G N A. AP BES N J FTH 1D
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b« b b b FREEMENE.
222 % BERAM
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(D

L35 LSTM, 2:23]
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¥m, m,. m,.
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D B
0 <18

1 18~24
2 25~34
3 35~44
4 45~49
5 50~55
6 >56

=3 HilLIDER

ID R

0 other or not specified (FABBLATE &)
1 academic/educator (FA/HE TAEH)
2 artist (ZARZO

3 clerical/admin (3ZF3/47 D

4 college/grad student K22/ FA42)

5 customer service (& fIR%%)

6 doctor/health care (P&A4z/<d7 PR
7 executive/managerial ($47/8 H)

8 farmer CRED

9 homemaker (EEFFZR%E)

10 K-12 student (K-12 %)

11 lawyer C(fFfi)

12 programmer (F&/% 51)

13 retired (LB )

14 sales/marketing (ZHE/E45)

15 scientist (F}2=5)

16 self-employed (MMAZE#)

17 technician/engineer (AR R/ TFEIT)
18 tradesman/craftsman (7§ A/ T.[5)

19 unemployed (ZMEA 51

20 writer ({EZK)

o SEEGR R P T AL ZRTE, K
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FA— A s o) o I R B R B, it ok
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SRS (1 4% O B AR S IR P B — 1K
FIPE 7> S BAC A AR IERE AT, BEAL I
BT 1 H HEA 99 AN RAH AL AE AT
WAFEA, BIS 2R A 1 100 4
WEH B, R AR EAR BRI SR

o LIRS H T 100 AT H #EAT
FUENASREF RN, A4 B8R T E 0 TR AR
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* HMF A EUREAL R T TensorFlow2.5.0 Sk
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B E T B SR AT B AR A I S 1) BE B 2
B, HEALERRN N 21, WG 1% 0.001,
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I e R Sy — 3 2R ) AT SR A
3.2 iFMERR
B RS HE 27 PR Be A — Ak i B R TE I A
(normalized discounted cumulative gain, NDCG)
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p MIE, RIHEBIM ARG A, sRE R H
NG 12 & ZNUMELR Tt 5T H LE 51 36 rh i) Ao
MR, HEHmR QD AR
1& 1
NDCG =E;m QD
Hor, KERH PSS, p, Zom P H i 72 Top-k
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