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Abstract

The attention mechanism is widely used in various fields. The introduction of the attention
mechanism can make different parts of the model occupy different weights to make different
contributions to the final prediction. This article is based on the neural collaborative filtering
model proposed by Doctor He. On the basis of this model, the long and short-term memory
network and generalized matrix decomposition are combined to capture the long-term and
short-term preferences of users. At the same time, the attention mechanism is introduced to focus
on user’s attributes, such as gender, age, occupation, etc. on the recommendation effect, different

SCES| R HIeE, W, BhEE R B SO e 2 R TSR SR, 2021, 11(11): 2762-2769.
DOI: 10.12677/csa.2021.1111280


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.1111280
https://doi.org/10.12677/csa.2021.1111280
http://www.hanspub.org

FRAE, R

weights are assigned to user attributes, and the performance of the recommendation model is
improved by learning from the user’s historical viewing sequence and user personal information.
This article is based on the proposed model. We use the MovieLens-1M dataset to verify the new
model and compare this model, we propose with other recommendation models. Experiments
prove that the attention-integrated long and short-term memory network matrix factorization
model (ALSMF) proposed in this paper has better recommendation effects.
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FEWA AR AR, HEFR S T0 58 2 20 4 BRI ) — RS e R FE Fi R, 7 ) & &4
B, fERXLeHUE R RS B OCEERER . Tk, WEYIEARRE KR, 1R 2R FIEA A H AT
IREE S I B AR S W A I IR B AR 45

03 [ 37K 5 R e] 1) R 1R e T A& P R B A5 R (Neural Collaborative Filtering, NCF) [1].
SRl AR AR SE R RS T U R 4 iR (GMF) 2 2 B AU RS (MLP), RT3 38k ) 28 1 P A% R i
B P SO H B ERHE R EZ R ERR, & MR IR N I B, St — PR
FETY, AR T Y iy 42 At 2 S0 4 AR 1Y (Neural Matrix Factorization, NMF). %1% NMF JGiZ [R] i) 4 3%
JR AU i 2 R 6 30 i e ) [ R, 9 SC[2]$R R AE AR P R I DA AL O MEZL T, I AZ M 2 R ) AR
BES g AT Rl G, RIS P (00 0 A O 4 AN A o 1) P K IR T 12 D0 28 55 I 50408 Ry s UL S BT
AP REIR RS S, AR ARRAOBOC R, @i SRR R ST P KRS S, XX
HEFEMERER Tt — R4

AR, VER IV 2 B BIGRFE 22 IR, Bk B AR I E A [T 58 S0 M
2017 4, WL RZESEH TR I T EILAFM) [3], 7ERE 7o @NLRIERE b, ST REANRRIE RS X gk 3 n
NEB NS5, HRHER MG FER 185 HEXMER MR Zid R R 2. 2019 4
R S S A TR FE DGR N 45 (DIN) [4], FEAE SRR FE 22 S AL LAt Bl NvER PR, R AT
D3 AT E BRI E B ST R R IS 5 .

CRETR L5 SRR R I FEHER SR A B R R, AN SCAE LSMF R4S F AT 3k — 20 () ik
HT LSMF &4 7 5 R B 17T RF 5 LLARARAE, 6T F P AN NS SRR A a2 i, IR 9% T
B2 CmpRs(EE, FEIEEREAY ., KHI/E LSMF B FERE F, ARSCHRH T RkEER LR
LSMF #8I(ALSMF). J8id 5 ANVERAIHLH], &SI H AURHIE 73 BoE & 70 SR 34T () A HE#  57¢
R P A B, B e A O B AR I R AR A

2. tHXHH
2.1. HEthETEER
b2 7] e AR R P e R R, DR SR BARIR Ay, NG H P BT H R EHE L AT N, F

DOI: 10.12677/csa.2021.1111280 2763 T LR 58


https://doi.org/10.12677/csa.2021.1111280
http://creativecommons.org/licenses/by/4.0/

PR, R

PR JBEAP 22 9 28 G5 R R "7 SR S LR B VR A — MR, HAEZRES M A 1 Bz . NCF
K AL QAR R A R I A RRURAE B 40 “ 2 EME ML + Hath 27 5k, X REn] DUE R P AI5TH )
BZABATER KA, WTSRAGHE 2 BRI G152, TR A AR 2 PERHE AN R AR (28

CEVAEINGE i RIE
TR 5> iJﬁ@ B¥xr

LayerX

f
t

Layer2

f

Layer1

R REMERE
MFFF AR

Figure 1. NCF framework
1. NCF 232

L)

2.2. FEDNH

vE & WL #] (Attention Mechanism) [6] [7]TEMZE M8 A FHIEFH M FHRIRI, 78 A WU 7T 48
e EE B AR, EE MRS T NS PR IR IR RE ), U R TR BRI B A
A B AME S E S, X AN SR R, v DABORWE ST 56 7 401, 8045 W52 50 ks
o BN NAER T FIERFEM M S, SIS, LB XIS R E IS, ZJaXiX
—ER o AR ST R SR, KRB A2 WS HE R NAEUE S, fEE RIS B3 28 B T

2

oo

FERIVER B ASCH AN 41 A R 1) 8 B 4] W] R B — A B A Bl . VER UL
T FOVFAS R Al A 2R AR TN AR R F8 20 SR iR A 55 A BCR TRE IR A AR SR M S ek el e PG
MBIz, RIS RVE I ENE R, AT P P A b R B P R R, 380 LT 2k 55
B EADS M 0t EE TR, RS AT — B NS B — B, JEARE
R, MVE R IHUE] T AE — e FEBE MR 2 IR 4, 5 e L 225 =T (R0 W VAN SR AR A S8 ]

S PR ML R 2R R N IVE 0 0T, 25 IR S R LA 0y, AR BN
HLHERS, FAREHEA S ME RN, FIAAREIL,  FOINERoh GBI 2 S R
MEERE, 5 IR e DR AR 9]

TERE IHURIR 2 AR TR 5 2 ST A 1) — AN LGRS 7 S0 ST SR O AR TR PE AN B 224, kAT
AL 5 A5 2 BAT AR MEAZ A B A

TEE WU BCE v 5 A 2 K0 R [10]
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=a(H,.H,) (1)
.- ewle,) o
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G =" a H, 3)
Hrb, H, FZRMAFERRE | NMAE, o BREBISMERE, CRREIFZEIVHEE G i

AHR
3. MAEENIHIR A thE R R R
3.1. SKIHERSE

AILEFE MovieLens-1M 1E ARSI 4, H % users.dat, movies.dat F ratings.dat =M4#E 3¢
fFo HH ratings.dat #1H>K H 6040 A77E 2000 “EHIIA MovieLens 19 X% 3706 #HLEZT 100 2 755 1
BE 5 BIPRUEE, HriA A RGO i RS EIE I R T 200 SCPF users.dat A 6040 AN ) JE
AFHEEIE, QAFEH i, Mol FEE, HRSER, FrER X ERgR 1S S .

3.2. YiETALLE

XA E AT AL, RIS BT i, R, MR, BRME, sl HIREE PSR
RS id, NI BE id, DARTINPESy . BASR R E s, BIErE S5 P A28 B R H Frill
PEHERREAN 1. AIEFF B —i%(leave-one-out) #H7 SLIGIGIE . AN P BCHHIPE S BAE NI
AR, EHAMMA TS BAERINGE. R A —IRIEZ BN 4 MarEA, B4 NMEES5HPAEER
AT R HES, XETHIFEREN 0o 7 G Bra I H H G s R g K, prbAsEss 2 W
I35 H FEA TR BEHLIEEE 99 N AVF RS, 2851 ISR i i 2 5 X S8 i i — i N\ B AL AT HE
J¥o ZHAFBHIEAHEHREFIHER id, A2 10 KR 0.

3.3. ERER

R T T LA PRS00 12 D0 58 e 70 A L (TRT PR ALSMIF) 52 7E A 28 Bl [ 1 A TR ) it L,
TR SIWUEL, ] SCHERE S AN A AL 8 ARG &, B T (R0 FH P P K 3 v e A0 6 8 s 4 LA A
AR LB P P A AR P A NS BT 5 SRR THE R AL Ve Re . W& 2 s, Ao AR
FI R B I HLH R AN [ P @ e T e 45 R e, I8 AT R Rk ™ 2 Y P I R &R
Fr AR AL KA A2 R e A g s i s R R A o NI R AL A AR R TE SRR 1
I SR B A A B (R R At b b P AN MRS B ) i DU B P REAE 1) SRR AT BB A4 - ALSMIF A5 AU AE 28 41
K2 iR

1) IAJZ

AR SR P BB TRV RRHE 3 5 P R id VRS RN, TS AR 40 Sz B ] DA AN ] (R N
BRI P id AIUH id HET one-hot 4, SR 5 WX Pk i v 52 B SRS BB % [ AR Sy P AT H ()
REAEI & . R 7 D7 S0 A8 B SR EAT one-hot Zmfd, 1F NP EAHERI &R E] LSTM 2. ¥H 1)
PERERS, BV AVE N P RHEJE R, [FIREIEAT one-hot 4ifid )5, 4 A\ %] Attention JZ

2) LSTM ik

BRLE I LSTM SRdi ik F 7 AT H BB IR, X i A5 SBT3 LAF2 4 1R SOR R, il i)
18 PRSI RSIRAS AT B BUATHE, XHEE KRG (0 AT e 51347 2 i
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Figure 2. ALSMF model
[& 2. ALSMF #&#!

RS b 0 2B P A DR S TN i (0 P R B ARAS [117], SR 5 P Ry P AT H AT

L H AT RENE .
Uy = g(uut ’{ni\t }) (4)
m .= h(mit’{rui\z }) Q)
BT H P PR AT R TINPE 4y A @R R
ﬁ;i\t = f(uut’mit) (6)
S, gy B 7 A BIFERAP u R ¢ 6 £ SRRV RIS
3) GMF
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b Lo L e 55— 5 WS 6 12158 U

¢(p.-9.)=p, 04, (7)
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4) ERIHR
K ad, MR, A, BULAE EHET one-hot ZRiTJ5, HiI A Attention W,  H B
FORBEIENE, JFH A BRI EABCE . R B R PEE BREE P B R RN, R
285 AT«
a ( Pusbanr, ) = softmax (Relu (w( Pu O, ) + b)) ©)

Sk, w A b A BN AR B, softmax AMFBERHIER IR, a(p,.q,, ) R 4
RN Ja 1 1) = R AL

5) Hth )z

EEER Mt ES GMF f%H ML FEARH P K REES, AEKERES LSTM
EHH AT PR . R sigmoid 1E9B0E R AL, A3 X B0 K i B (log loss) % 2 b EATARAL

)A’m' = O-(hT [¢ATT-GMF=¢LSTM]) (10)

4. KWHERR 7R
4.1. TFEERAE

A6 PR B (leave-one-out) BEAT SLIRIOAE . BUEUH 128 B o s BAE IR S, Hopth s =2
HAS BAERINGSE. N1 RGBT T HE7 iE s FE R I K, B DASEER 2 TR 13 E A A B LIE
99 NMEA VR, RERNRAE T B 5iX L 5 — i N\ B AT R .

A SCKs A A #R (Hits Ratio, HR)FNH—4L 3742 B A 25 (Normalized Discounted Cumulative Gain, NDCG)
(3R A PERE Pl ARt o

HR@K = NumberOfHits @ K a1
i
K X
NDCG@K =2 2 -1 (12)

i log(1+1)
XA DF, GT R RKZEITA R P IREA TR E B8, o FRrEEs R R TR ES
M H B Ra2)d, ZZ2P—WET, FoREEHEESIROT IR BT x &5 i NOH AR
Ktk W K RoRHEL AL ACEL K =10,
4.2. SLIGEER K34
A PUFRAS R AT AT X B, 20 A AR I 8RB R A AR ST U (NMIF), 1R P 4R 28 (DIN) K A5 3012
IR 28R B AR (L SMIF) ANt 5 735 7 K S I CAZ N 28 AR B AR BU(ALSMIF) . BRI 25 50 %8 )5, B
ANERERY RS, B S R anZe 1 Fos. 83, B4 B8 7 NMF, DIN, LSMF, ALSMF HIVEREXT L.

Table 1. Comparison of HR and NDCG for different models
# 1. FEIHEEHY HR A1 NDCG %ftt

HR@10 NDCG@10
NMF 0.70347 0.42392
DIN 0.74586 0.49664
LSMF 0.77996 0.52267
ALSMF 0.80976 0.57021
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Figure 3. Hit ratio performance
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Figure 4. Normalized loss cumulative gain performance

B 4. 13— IR RRE TR

i PA_E SISO, AR LIS 2518, ALSMF AU AE fiy i A AT — A 3457 A 28 1 PR FiE A
AN A AR AR B R 4 R . NMF, DIN il LSMF KA TELE IS5t f5 ik B i MEREASE Y,
1M ALSMF 7EIIZR 5 5 $0 I BIGE B e RV RERR A o K] ik ALSMIF FOHBEF PR REAR BT 53 /b = M B I 75 .
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A St TR SR H AT BT S A T T I, I B X A 2 W R i AR R R E 7 ML)
T LEEEA RN 2o ERTR ST H A S A2 MR o RS B A 7 40 R - @ VeSS B ), AR
SCHEH T AEMAS AR S NTE R IMLE], 4 R Rl R R KA R A AR L (ALSMF) . R =
JINLE] E ZAd R P JE XA R A e, T AN R A FIRIALE . e 247E MovieLens-1M 454k b
HEATSLIRIGUE, Xk NMF, DIN F1 LSMF #8281, JEASCHE 1) ALSMF 7EHEE MRS LA BRI Tt

TEFE T RBTAES, AT DUIANEE N @ VR, Blanmi B EtE, msgmiay, TN 555,
MNIT4248 58 2 1045 B — D P m B AL M R
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