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Co-Regularized Matrix Factorization Recommendation Algorithm

WU Bin, LOU Zheng-Zheng, YE Yang-Dong

(School of Information Engineering, Zhengzhou University, Zhengzhou 450052, China)

Abstract: Recommender systems have been successfully adopted as an effective tool to alleviate information overload and assist users
to make decisions. Recently, it has been demonstrated that incorporating social relationships into recommender models can enhance
recommendation performance. Despite its remarkable progress, a majority of social recommendation models have overlooked the item
relations—a key factor that can also significantly influence recommendation performance. In this paper, a approach is first proposed to
acquire item relations by measuring correlations among items. Then, a co-regularized recommendation model is put forward to integrate
the item relations with social relationships by introducing co-regularization term in the matrix factorization model. Meanwhile, that the
co-regularization term is a case of weighted atomic norm is illustrated. Finally, based on the proposed model a recommendation algorithm
named CRMF is constructed. CRMF is compared with existing state-of-the-art recommendation algorithms based on the evaluations over
four real-world data sets. The experimental results demonstrate that CRMF is able to not only effectively alleviate the user cold-start
problem, but also help obtain more accurate rating predictions of various users.

Key words: matrix factorization; co-regularization; recommender system; collaborative filtering; social network
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Ciao(http://www.cse.msu.edu/~tangjili/trust.ntml),FilmTrust(http://www.librec.net/datasets.html).Flixster 7% Tt
AT P 45 (¥ PR VP8 9l FH 7 R x HL R ABLL [0.5,5. 5198 [ N IR 1 43, 28 1 2 0.5.Clao 24 i P8 W0 il Y 7 il g 49)
st 3 EH [1,5198 LA B P43 FilmTrust 2 56 145 A1 5C 2R 10 HL S A 190 0, P el R 191 LA 3 Fit 52 80 [0.5,
ATV PY ¥ VP53, HOB KO 0.5.Epinions &4 i VP8 800 45,40 40 163 /T 139 738 ) (1) 664 824
ANPEI3 12 Bt A AR T S o T 0 B i, DAL T T SRR F) S R P RE . SR T T AR T A 4 AR 4R
I THR PR LR 2.

Table 2 Statistics of the four datasets
F 2 AANEARE MG R

[EBE Epinions  Flixster Ciao FilmTrust
JH/HcE 40 163 53213 17615 1508
Y %cE 139738 18197 16121 2071
VEritsk 664824 409803 72665 35 497
Fh4k % 487183 655054 40133 1853

ARSNGB 4R 4y O SR AR FN IR 42, VI B FH T 2% ST 432 5000 0 B9 S 40 DU 48 1 VP A 2 S0 ) v A
PEFESEIR P 3% I 41 B R BPRE 4 A B AR BE AL 23 B ) 2R A AN IR A A S IR SE B 2 7E Windows 7 $E R 4,
64G PI1F,Intel(R) Xeon(R) CPU E5-2620 0@2.00GHz ¥l #% kAT, sL 46 % 7 35T Java ifi 5 MR RIT & TR
Eclipse4.5 Sz,

3.2 IEMIERR

T VAR HEAE ST P B, A SCAE ST 34 46 R 25 (mean absolute error, fii Ak MAE)F134 7 #ii% 2 (root mean
squared error, f&iFk RMSE)E 4 5256 45 B VPN 5 bk, B B PEAN $8 05 10 155 5 20 24 2 (16) F A =0 (17) Ji il - 45
TRIE 53 55 BCSEPE 3 1) 22 S0 R Ay B T 45 TR (O M e, R/ 40 3 o Ay e e
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1

MAE :W Z | Ruj - Ruj | (16)
(u,])eR®
1 5 42
RMSE = \/| 7 | Z (Ruj - Ruj) (17
(u, )R

Forp, 2 FRom AR AR, | 2% 3 s MR 4 v P14 1) B0
3.3 MHEERBSEIRE
TESZIG b FRATTE BT Librec(http://www.librec.net)F & Sk SB35 3E CRMF B3k 4 T 86 iE 41 2 96 & Al
RIKK RAEHEFF T A b ke AR L AR SCIE T 6 A BRI HEE 50k 5 CRMF BE47 T VRIS L IF7E3R 3 han
T 7 R HERE S S A 4 DR S B R R UL B A, SR 2~5K 06 6 B RV AR AL ) 4B d=10.
(1) PMF:H Salakhutdinov 2 A POV H ity — i i - Mk 2 16 0 R 0 R 07 A9 A VA HR 17 P b
A2 PSS
(2) SoReg:Hi Ma % APOHR i (i —Fh 56 2 R IR S35, %SV Ak 23 90 R LAAL 25 TE Ak 11 7 28
L9 KA G RELRE O3 A ) 1 P VAR AR A 1) 8 ) 2 o0 A A3 A7 AL 25 5 R B PN T FLvBs AR R AIE 1) B v
REM AR
(3) SoRec:tH Ma %5 NP (g — bl S 4 £ O FR MM 30 W R0V B [ I 430 ff D 430 R PR ™ (1)
Fhoe S0 FHIE I HL LA S P i R AR R R 1) 77 2K, 27 23t R0l ) AR A R
(4) SociaMF: 1 Jamali 45 A7 H ) —Floi #1489 4 b 0 15 AT 16 45 K 55 PMF ALS5 A IO #7501 %00
VAR5 B8 T R ) A AT B o H b T PP 3 5
(5)  TrustMF: i Yang %5 AP H 1) — B 3665 T 56 FR M7 S0, A S0 £ B SO 1 A5 4 P 2 ) 1y
AH L OC BN T 1 R vh 1 4 F0000 1) 56 v
(6) SVD++:th Koren % AP2HE i (g — i [l I 2% 55 A i & L 0t O 8 LA SRR P e R A SR R 7 6
1 VS R o iR v AR R T (R B0 O HL 2 4F Netflix K FRIR A Al HT IR G B 5005,
Table 3 Hyper-Parameter settings of compared algorithms
F 3 MILEIANESE R E

Algorithms Epinions Flixster Ciao FilmTrust
PMF Au=Ay=0.01 Au=Ay=0.1 Au=Ay=0.1 Au=Av=0.1
SoRec Ay=Ay=0.001,2c=1 Au=Ay=0.001,4¢=0.001 Au=4y=0.001,4¢=0.01 Au=A4v=0.001,1c=0.1
SoReg Au=4y=0.001,5=0.1 Au=Ay=0.001,5=0.01 Au=1y=0.001,5=0.01 Au=Avy=0.001,5=0.1
SociaMF Au=Av=0.001,4r=5 Au=Ay=0.001,4r=1 Au=Ay=0.001,4r=1 Au=Ay=0.001,47=1
TrustMF Au=Av=0.001,4r=1 Au=Ay=0.001,4r=1 Au=Ay=0.001,4r=1 Au=A4y=0.001,47=1
SVD++ Ap=Au=Ay=0.35 Ap=Au=4y=0.03 Ap=Au=Av=0.1 Ap=Au=Av=0.1

CRMF  1=0.4,p=80,2=0.1,4=0.1  }=0.8,p=50,0=0.1,5=0.01  4=0.4,p=100,0=0.01,3=0.01 =12 p=20,a=0.01,4=0.1

3.4 KWLHERE N

SROG LoAS [FURRAE ) o 4 T 1A SE G &5 SR 6F L
HRE SCHR[27], BATHE VI 22 T VP 4 B it 2D 1 5 AN BTk B JE A B 4 3 ) P 45280 1 LRI T 4%
Pl S e A P SR T8 B P S AN R AIE [ 0 4 FE T 1R 45 S, S0 HR 43 39 5 A 8 AR AR AT 1) o 1 4
S d=5,10.3¢ 4 45 1 T R4 AR A AT 7 4E L MAE F1 RMSE [/ EL &5 5,36 5 45t T &t S0 4E A )R 3
F P4 = MAE F1 RMSE (1) LA &5 B AN 36 1 512 86 45 IR vl 5
(1) TEAMH P B SVD++5 PMF AHLE FEHEIERE S5 T 8O ER T X i B F P 0 0 B R 36 . 0 11
i B ER 22 DAL BT P I 8 X A PO v Y R VT 4 N RS
(2) AE4ARR P 4RI R 30 )0 4 SoReg,SoRec,Social MF, TrustMF 5 PMF A bb, Ho 845 FE 1 T 8¢
KP4 R X U A AL 2 00 R AT B T4 va Ak SR R 2 AR RS AR (K TROIORS 5, JE AT Bh T 28 L 7 I
JA By 1] 48
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(3) fEA BN AL CRMF MILE T 6 Mot Lo S5 L HERE R B2 A W] R i A T X2 B R 24 ) 7 A v
B, FAk 22 9% 2R I BOR AT AT 40D e I (SR A 2 5% 20 00 HE A7 S92 R P2 (R B T2 A7 BRI E 4 H
Bt ARV IR I 25 B8 A i 2 1) B SR B 5 2R AT g T S0 ) VP 2 PO B2

Table 4 Performance comparison on all users

x4 WL LT

All Metrics  PMF  SoRec SoReg SociaMF  TrustMF SVD++ CRMF Improve (%)
d=5 MAE 0.979 0.882  0.946 0.825 0.818 0.818 0.799 2.32
Epinions RMSE  1.290 1.114 1.245 1.070 1.069 1.057 1.043 1.32
d=10 MAE 0.909 0.884  0.896 0.826 0.819 0.818 0.797 2.56
RMSE 1197 1.142 1.167 1.082 1.095 1.057 1.038 1.79
d=5 MAE 0.814 0.750 0.774 0.770 0.790 0.794 0.728 5.45
Flixster RMSE 1.076 0.974 1.017 0.994 1.046 1.062 0.951 2.36
d=10 MAE 0.806 0.785  0.785 0.784 0.794 0.791 0.718 8.42
RMSE  1.063 1.018 1.034 1.009 1.061 1.048 0.947 6.14
d=5 MAE 1.105 0.786  0.920 0.762 0.764 0.735 0.718 2.31
Ciao RMSE 1.448 0.997 1.239 0.977 0.987 0.974 0.952 2.25
d=10 MAE 0.903 0.776  0.854 0.749 0.767 0.733 0.717 2.18
RMSE 1.179 1.026 1.167 0.997 1.024 0.967 0.952 1.55
d=5 MAE 0.714 0.628 0.674 0.638 0.631 0.613 0.608 0.82
FilmTrust RMSE 0.949 0.810 0.878 0.837 0.810 0.804 0.788 2.00
d=10 MAE 0.735 0.638  0.668 0.643 0.631 0.611 0.607 0.65
RMSE  0.968 0.831  0.875 0.844 0.819 0.802 0.787 1.87

Table 5 Performance comparison on cold start users

RS AN & ERTEREXTLE

Cold Start Metrics PMF  SoRec SoReg SociaMF  TrustMF SVD++ CRMF Improve (%)
d=5 MAE 1.451  0.892 1.398 0.864 0.891 0.889 0.848 1.85
Enigion3 RMSE 1.770 1.138 1.735 1.133 1.125 1.162 1.078 4.18
d=10 MAE 1.153 0.846  0.986 0.857 0.853 0.891 0.847 0.70
RMSE 1432 1.180 1.217 1.152 1.176 1.166 1.073 6.85
d=5 MAE 1.097 0.872 1.058 0.881 0.871 0.868 0.843 2.88
Flixster RMSE  1.390 1.096 1.358 1.103 1.093 1.122 1.053 3.65
d=10 MAE 0.951 0.892  0.946 0.884 0.876 0.869 0.843 3.00
RMSE  1.206 1.144 1.201 1.112 1.102 1.112 1.052 4.54
d=5 MAE 1.406 0.775  0.905 0.757 0.750 0.719 0.696 3.20
Ciao RMSE  1.763  0.983 1.106 0.964 0.955 0.958 0.923 3.35
d=10 MAE 1.047 0.720  0.757 0.732 0.722 0.717 0.695 3.07
RMSE  1.340 1.072 1.079 0.961 0.958 0.956 0.922 3.56
d=5 MAE 0.814 0.670 0.783 0.697 0.674 0.677 0.649 3.13
FilmTrust RMSE  1.079 0.857  0.980 0.916 0.867 0.897 0.838 2.27
d=10 MAE 0.767 0.668  0.761 0.680 0.687 0.680 0.645 3.44
RMSE  1.009 0.853  0.958 0.907 0.900 0.905 0.841 1.41

RI8 A FVE A B R S &5 B L
TR EEAS [P A SO R S R B O AR SR B G v T B VE Sy B ¥ T &I 43 SR [0:10],[12:30],
[31:50],[51:100],100 BA kix 5 40,18 2 Won T 4 A EdEAE P A H P A b i Le g, B Rl Hed Ao S,
VRO BT 10 ASE ) o5 G 43 AR P VT 2 B s G4 o 10 1 P AT R 4 2 A N R4 2% 3D Al
N HRERE S ARG AR 5 AT P B4 B E 5 RMSE, 45 SR B 3 Fis N 4 D3 SR 1 se e 45 Al &
(1) LEHCHE AR R B s (VP43 2028 /N T 10),CRMF S35 08 S8 A0 AR 772 5010 0 IR Dk T 43 B H A it i,
J A4 20 B A AR B AR 68, ) I % B8 0 (1) G BB DG 3R T 448 oy BV (R ARG
(2) BEE RV B G N, CRMF JOu) L B0 15 1K) RMSE B 3 A7 3R 478 /N 3 B5 O P 1R V1 4
Ht i/ B R LU AR B A AR A ) 2 ) BT P B AR AE ) = T T R BRI 2 T P )
D B2y R IX I RV MER 2 2 3Rk T P S BV AR R AE ) = CRMF 15 F L Aduoxet LAk,
I BR] kg 1562 1 D)0 1 36 B R ABE TR0 5 B8 T 1O BV 1 A, B RE B AR I T 7 9 0 T 5 F 1 T
P2 HEAT (38 N 3 R 45, [N 4845 CRMIF S20925 ] B A 28t 2% ST HUBE Y (1 2 %0
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Fig.3 Comparison on users with different ratings
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Fig.5 Comparison on users with different social relationships
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KRS SVD++454 15 30t 2 5005 FIFR SVD-IS.AH R Hly, 35 T A% SCRYEE (0 96 EFE B (A (7)) il A A
W IR 10 AN S AR G B4 R AE D 1) (R DG 16 G AR R RE |, FRATTHE SR I 00 A 1) SR IR R 5 SVD++45 4 13 B e it
IHERE S, TR FR SVD-IR.SVD-1S,SVD-IR TEAH R 240~ 9286 25 R in 4k 6 Jrom. Wb i 520 45 R mT &
(1) FHEL TR 4 0 SVD++5HIE 1 T W5 [RAHIME DG R 1) SVD-IS 75 4 AN dE b ik e
AN FURE JE BRI 33 2 PR A 25 Fe ) TR0 40 50 R, B % B8 4 e 4 W 1R AT 88, 1K 5 SR [36,37] 1 45 18
2,
(2) AHLLT SVD-IS,SVD-IR 7& 4 AN 45 b FEHERERE B2 AT T 8% v IR 4R T 3 02 BR D4 AH B 106 1m0 A AR ARLPE
KFR AT PSR B A 1) DG 1 06 2R LA IR St A rh i HE A7 R 37 5.

Table 6 Impact of item relations on RMSE
R6 WIS RN RMSE [ 50

s Epinions Flixster Ciao FilmTrust
SVD-IS 1.051 0.995 0.964 0.799
SVD-IR 1.045 0.974 0.960 0.795

SRI8 50 [ IE B IE A B A R S0

ARSI 2 N T VPAN I8 YL I DU TR R SR I B AT T A S G R R IR ORI R )
5 SVD++ELVE 454 T 49 Bk e #7002, Tk SVD-DR.SVD-DR 5 CRMF 5L 78 4 ANl 45 1 (19 23 1t
FEREWER 7 AR s as 45 Rl B B R T HE N E WL M HERE 5095 CRMF W A TAUE AL & 0 R R C
6 G & AR 51 SVD-DR.IX & BRI 24 25 i [ 38 Y. 11 D)0 10 6 B4 3 g8 A 780 AN AN T 75 91 23 6 B vP 91 23 1A 43 A R
59 3 A T BT RS AR 2500 4R 5 5 8 R B A I8 W IR WA S 5

Table 7 Impact of adaptive regularization on RMSE
F 7 BIENENAXT RMSE 5207

e Epinions Flixster Ciao FilmTrust
SVD-DR 1.041 0.968 0.957 0.793
CRMF 1.038 0.947 0.952 0.787

SRI8 6 S HUH IR .
i T U CRMF S35 (1768 2 B0 HE#7 45 SR 19 5% i, AR SC LR 8 Clao Dol PEAE iR T %8 S 40 F I sE 56
S W RSB E o A EAE 2 0.00001,0.0001,0.001,0.01,0.1,0.3.48 2 3 C AYHE{H 4 0,10,20,50,100,150,200.#8 %
¥ K fEUE 4 0,10,20,30,40,50,60,70,80,90,100. )\ |4 6 AT i,
(1)  pEEilE R P A A LRI A R E 6()ER TS AN RMSE 5 m, H A5 A
0.00001 FFaRst B, BA KA B E B X UL 7 1044 00 & A CRMF Sk Bt v (1 L s
M HERE 25 SRR IR
(2) oA HIED R MR RAEMER R PT & 00 LL =L B 6(0) Bon T S8 ol 7B % RMSE {H 11 5%
mi, JLAE AN 0.00001 FFanse B, BA FEABIME 5 LIt X FREAY) & 2 [0 1 DG OC R E CRMF Sk i
PR EL B S R A 4 45 B IR IR AR SR 4 Ciao b, i 0=/8=0.01 S BUAR- 45 ks 15, Ui WA 40 i 22 1)
19 DI 5% FR A T P YRS B 2 2 AN w2 (1
(3) =0 FRIRYy & IR ) DG IDCRE BE 5 SC I ) Hp ) B A5 T2 NI 6(c) ml & HH Bl of L 1A 398 o, B2 1 4
FERE PSSR 38 0 5 B A 3X U8 B ) R 2 I DR DG AR AR BE TR 3R AN M 255 2% S8 SRR 5 8 A P I A (i 15 5
R B
(4) R I CIEC R B E B 6(d) AT i 0=0 I, 7" CRMF S35 1) i 2 18] 1) G Ik
KA WE A ol V19 n, S50k (R R A A 4 v, 31K 130 A AR SR 2 ) DR I O R (9 7 VR (R A A s A
0=40 LLJG SRS BETF RN B iX 2 B BN offid K2 S BOM H R i 51N — L8 G IER BERR AR 1)
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Fig.6  Impact of hyperparameters
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