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Abstract Matrix factorization is a popular technique for matrix completion, but most of the existing methods are based
on linear or shallow models,when the data matrix becomes large and the observation data is very small, it is prone to
overfitting and the performance decreases significantly. To address this problem, this paper presented a Deep Matrix
Factorization Network (DMFN) method, which can not only overcome the shortcoming of traditional matrix factoriza-
tion, but also deal with complex non-linear data. First, by using rows and columns vectors corresponding to the observed
values of the input matrices as input, the latent vector of its row (column) is projected.then the multi-layer perceptron
network is constructed on the latent vector of row (column) ,at last the output vectors of rows and columns are fused by
the bilinear pool layer. The proposed algorithm was tested on the standard recommender system dataset (Moviel.ens
and Netflix). Experimental results show that the mean square error (RMSE) and mean absolute error (MAE) of the
proposed method are significantly improved compared with the current popular methods under the same parameter set-
ting. The RMSE is 0. 830 and MAE is 0. 652 on the MovielLens 1M dataset, which increases by about 2% and 6% ,re-
spectively. On the Netflix dataset, RMSE is 0. 840 and MAE is 0. 661, which increases by approximately 1% and 4% ,
respectively,and achieves optimal results.

Keywords Matrix completion, Matrix factorization, Deep learning, Bilinear pooling, Multilayer perception
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Netflix 480189 17770 100480507 0.0118

4.2 EfERE

g T ARG B B P RE L 4% MovieLens B3 48 B AL 2E 47 43
#1,90 % B F U2k IR vh 1L 2 Y6 4R S S iiE 008 45 L /I T
B 10 % Tk, %t F Netflix B 4 , BAL7E I 25 45 v %
Y Qualify 42 50t A8 A 09 2008 4 1 ik 4E . SR A%
FH G VARG M D0 o e 36 550 0k 9 PR Be L BD 3 iR 22 (RMSE)
P17 g %A R 2 (MAE) ,

A
2 (X, —X,)?

_(GpEn +
RMSE=( al )

MAE = @€

Horb, 0 2T 00D A P RS T Q| R S 0L E i
ANEL,
4.3 SHEE

55 TOA VR B 2 3T BTk — B TR BE 43 A I 45 5 I K i I
i1 S8 1 G w EOR ) 4R Ak A SC AR o IE A 43 i ok
PRI IS8, ENSHRE N v =0.5, 3R H
Adam Ak 25 45 B AL AR B T B I 25, H Ak 5 R/ (bateh size)
B 25000,2 2] R E K 0.0001. Hfth B H R Tensor-
flow (R ERIN(E . S5 Fh i I Sigmoid 78 S 38015 o8 %%, JF B {f
AR O BT M Al . 5250 b AT RS i A G 25 R0 v 7
AIF 16) 455 5 BUAA [ 48 %4, %5 MovieLens 100k, 1m,10m % Net-
flix B4 48 23 0l AT (1)) 48 %0 300,500,1000,1000, Fr A
SRR BOIRAERL, H I GPU #E47 145
4.4 RGHER

SR 1 RS AT

B 7E ml-100 k Al ml-1 m b 553 96 09 i 852k 2k 47 0
i, XFF ml-100k, KA 1 J2 M R0 B 45 5 % F i ml-1m, ok
2 J2 B A% 4, PR ECHE 4R BB A% ek By AR A4 B0 4
B3 A 4 FiR . XA BOIE4E 1 8 0k R BBE & I 2R R
] Cepoch) 14N 1 # 3 F B, mI-100 k #E e poch<<50 AF H b5
PR 18 BT B 5 AEL B 2 DI 25 J 300 0 1 m L I  pR BT e i
BEARS )R B bR PRBCEE AR B B SR B, T 7E ml-
1m B HE4E 1,2 epoch<500 B, F AR 565008 35 085 24 e poch >
500 B}, HAR RESEARBEAL . i T 2% 3 28 & 5/, A
VG eI Uy N S5 AN v 1 O s 3 ol 2 (A 1)
0.0001, IFRIE AR A AR B e, IR R F A
0.01, 0] ml-100k ££ epoch=100 B, T ml-1m 1E e poch=
70 HFISCSL  AH H 55 SRR A A — 2 1 BL 3
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Fig.3 Loss function changes over Epoch on ml-100 k dataset
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Fig.4 Loss function changes over Epoch on ml-1 m dataset

&5 Al 6 45 T Y S A it % 25 (RMSE Al
MAE) Bifi & Y1l 2 8 3] Cepoch) 38 i A9 28 (A5 B . % T ml-100 k,
YNGR WG I 2 150 W5, HiR 22 1R 2 18 /s 24 epoch
WL F) 500 B, RMSE=0. 889, MAE=0. 697, 1fi X} F ml-
1m BHE4E . 2 epoch K5 70 B . 1R 22 4R ZZ 18 08/ s 24 epoch=
500 i} ,RMSE=0. 837, MAE=0. 655, M 6 0] LI &k},
MR Z R AE A — B3 X F 2Rl TR B T R
SR, BT T 80 1L MR BE 2.5 J7 i/t
SRRV SR, e K 45 2R — @ s, Ml 3— K 6
AT LA B 005 2 A R B A I 05 2 1 DR/ IN T 98 /) 53X
TR T B0k 2 AR, L I5R 22 W 1 AR B Y 15 n i Wi Sk 3
FaEE .
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Fig.5 Test error of ml-100k dataset
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Fig. 6 Test error of ml-1m dataset
oy 2 HEUER A MR LR
XJF MovieLens #UE 4R, SE I 45 R 1 W R 1517 5 W

5 WREE RV Y5 5 1T Nedflix i T~ 808 48 P8 K, Hd i 28 X
WIS HUR BUR LA R . SR EREL NS kAT I
BLGRINE 2 A,
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Table 2 Performance comparison with different methods
. ml-100 k ml-1m ml-10m Netflix
¥k RMSE MAE RMSE MAE RMSE MAE RMSE MAE
I-RBM-CF 0.938 0.737 0.872 0.766 0.852 0.732 — —
BiasMF 0.921 0.721 0.856 0.732 0.802 0.682 0.882 0.702
I-AutoRec 0.905 0.712 0.841 0.699 0.791 0.662 0.848 0.672
NNMF 0.923 0.727 0.852 0.712 0.809 0.692 0.852 0.688
DMFN-1 0.885 0.697 0.830 0.652 0.806 0.691 0.863 0.692
DMFN-2  0.895 0.701 0.837 0.655 0.779 0.657 0.840 0.661

NFE 2 ATLLE 5 F 22 M % 5L AutoRec, NNMF
K DMFN 45 b = Ath ¥ 2 07 15 9 2R 495 T DMEFN B %5
YNGR i 3 K, ot RE AR A3 infE % . RBM J¢ AutoRec ¥
SR JFHV AL IR 19 AT T80 50 4 DA i A 5 T A SR v [] B 44547 0 37 i
YRR B R 46 HAT MG M5 B W2 > B 2 0 15
BROR A BT BRI, i8R R 46 1 S0 B 48/ (A m1-100 k)
Bt A ROR B4 . NNMF S0k 3 18 08 70 0 AF ] 12 A S R A
SR 2D IR G R ARV AE R AE ) e 5 W 48 S8, T AR ST
P HH 0 SR R 3R o U B Y AT RN B 1) AR L A5 B0 A
fEm, NEREEREF EHENMEZERSHBLT,
DMFN {F NNMF. i iz $% 5% 15 5| 1 75 F7 1F i 7 b 5 32
>V A R AE 1A 1 AR A i L R S 2 DI GRS 8 38 RE 4R
= PRI R FaE . T 7E ml-10m B Netflix 33 W 4> Bod =
BRMEAGE L, 3T IR E %S LW BT HRZ 05 %
A, NI R kE, M A K (W ml-100k & ml-
ITm) B, 12028 (DMFN-1) fig 38745 o #5 BAR B9 45 31 5 (H Y
B K (N 7E ml-10m & Netflix 30445 ) B, DMFN-2 Bl
2 RN AR REARAT A S5,

SHG 3 WERAERRAE 1] 2t 2 HIO6 T 25 SR 5

T2 2 0 5 TEVT A T 78 R AF 1) 12t 4 B0 S 50 5% 25 19 S )
T LERRAE 1) B 4 B0 DMEFN B3k S U 2800, A ) 4 30y
MR WE 7 fros, BE 7 0] LA 00R 22 b & V8 1
TREAIE Tk 20 0% 38 o Ul DS 5 (0L SR B0 S 4 A RN AR
FE AN F m1-100 k $46 46 25 BURRAE 4E 55 500, 0 L I3
WZEME 8 Fis , BARH AR A M 3= 2235 3] 0. 877, AL 25
AR L Bt I 2 SR S0 % 485 ST DR O 3, AR DN R AR v o )
TR WA RE . FHIL,7E 555 IR R S g O R AT 4 R
7ol [ B s 2 S SO PRI Al . TR b, 75 A S 8 Hh A2 LR IE, e
TUIE 24 ) 4 5K
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Fig. 7 Test error as dimension of latent vector increases on

ml-100 k dataset
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ml-100k dataset

SEHE 4 AN TR S AN A0 Rk M b Ak 1R BB Y LA
3.4 W T 4 P AN [a] 28 B A WL A 3 1k (pooling) , B
A3 —3(6) .3 3 F i T 33k JL A A bR BOXT 58 45 21 19 52
WA o 2 J2 AR 2R PR X 19 2% v A B AT A 91 ) i R AT
o DT A5 FUASE TR0 9 it R o 360 R 0Lk i e S R I AR R
FE SR R XA AT P 28 T A 5 I Sk s BB HE I . AL
EHERTTLE R 2O M o) HEAT AL 1 RBOR B
2%k 3w R FEMEREA BT T Fe. X T ml-1m, 7T 1 R
g AN C6) Ob AL PAT 1R Z de /D o R L 24 [ UK 1
AT Y R A N R A — E A RE SR T .
%3 mblm [ ALA I 45 5 (RMSE)
Table 3 RMSE with different pooling operators on

ml-1m dataset

A % BRmBEEKR

%A 0 1 2 3
(3) 0. 845 0. 836 0.841 0.841
4 0. 841 0.831 0. 838 0. 841
(5) 0. 842 0.833 0.838 0. 841
(6) 0.841 0.831 0. 839 0. 840
K 0. 846 0. 837 0.841 0. 845

SEHY 5 AN IRV R T R LA

P AR SC T B Bk A AR R M Bk 1T N )2 N Y I
T RS, TR MM 8 % 08 2 0 SO0 eR B B, AR ST
Sigmoid, Relu &% Tanh #E473EAL , 3% 5& 7 I 2% F Relu+ Sig-
moid (i AJZ Fl Relu, Z JZ2 A5 2 A Sigmoid) A1 &L , H 45
K 4y, HFR AT, HET Sigmoid BY RO i ik T
A R B R ROR, . O PR BSGE S AR I Sy AR Rk
A BT 45 B AR M RE ) SRR Gl 1Y TR oK BN HE
AR 5 e s 4 T

# 4 ml-lm FR RO BRBO 45 2R (RMSE) Y 52 1
Table 4 Effect of different activation functions on RMSE on

ml-1m dataset

WE @ I iR 2 K £
Sigmoid 0.811 0.831
Relu 0.872 0.861
Tanh 0. 881 0.878
Relu+ Sigmoid 0.837 0.841

BERIE A SCH T XA GRS R AT YR A A TR
2o BRI TOUR R M A T 4 . 3% I8 4% 1 O SR B A5 Bk b
e 8 R I 0 R A B B O T B v A AR R 45 AT Y s A
BET o B el A W SRS M A R A 1) B SRS 45 5 2 2 I
i o B 3 A AU A SR X AT AN B R e 1 e AT RS L

A5 B A5 R () TS0 A . 552 36 2 B, A SC i 1 5 12 1) i AN A
VA% 8 04 3 i J7 5 A R BRI T ELAR Fo ik T BB B TR
IR TR . AR SC R T AR AR R S g R
FH S oA ke AT K G 4 ) 380 JHG Al 37 T 45T 38, 4 P8 I SE (Tmage
iz 8 45 ¥ 9% 5 (Structure from Motion) %5 ,

Inpainting) .1
& £ x o
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