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Broad collaborative filtering recommendation algorithm
combined with matrix completion

SHI Jiarong, HE Pan
(School of Science, Xi’an University of Architecture & Technology, Xi’an 710055, China)

Abstract: Collaborative filtering is a classic method used in recommendation systems, designed to cater to the need for
personalized recommendations. However, many collaborative filtering algorithms struggle when confronted with sparse
rating data. To address this issue, we propose a broad collaborative filtering recommendation algorithm that integrates
matrix completion. Initially, a matrix completion technique is employed to recover the user—item rating matrix. Sub-
sequently, this completed rating matrix is utilized to identify respective neighbors for a given user—item pair, which in
turn helps create the user—item rating collaboration vector. Finally, a broad learning system is employed to establish the
complex nonlinear relationship between user-items and ratings. The effectiveness of the proposed algorithm has been
validated through tests on MovieLens and Filmtrust data sets. The experimental results show that, compared with state-
of-the-art collaborative filtering methods, the proposed method can effectively alleviate the data sparsity problem. It also

possesses lower computational complexity and enhances recommendation performance to a certain extent.
Keywords: recommendation system; broad learning system; matrix completion; broad collaborative filtering; collaborat-

ive filtering; deep matrix factorization; data sparsity; deep learning
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3 [A] 4 € ( collaborative filtering, CF ) J& Ak 21~
P HERE Tk RS H R 2 R w7k
— U AL G CF A5 T 43 0y 2 2 FE TR
FHETAR8E . 55 128 CF J7 ik DUBH %43 f# ( matrix
factorization, MF ) > 3=, H¥5 FH P 31 H P20 4E 5 40
it R P P s A TR R B AR 0 [ A AP B R o 1 afe
R o 2 SR T P S E 2 ) R AR R
A B HAR BN T AE 18 <R . B %3 H
VI £ 88 B9 1 B8 43 A0 3 B0 0 B 104 i e 4 1)
8L, P P E S CF Ak e B o

Wt 25 5 2 > 1 AE 22 A 45U P B AR R
JE, AT R WF 2 35 T E ML M4 (deep
neural network, DNN) 1] CF i 7758012 K 2 = i 17
PEAEY, He 21N MF 4555 Hh g P B B R
o RO R CIE AR I I L 2N [P
(neural collaborative filtering, NeuCF ) . Xue st
FF TR B b 28 ) 4% FH 2% >0 FH P R B e N AR 4
25 (A R, 46 T R B [ 3 i ( deep matrix
factorization, DMF ) . {H Hi T 83 17 76 5 i 74 7]
U S B AT g DNIN AR B 1 9 77 M B R A

i J& W3 [A] 3 3 (broad collaborative filtering,
BCF )" Jit—Flt5 4 28 [ 444 19 CF 553%, JLR
AEARUPE B S ok A A 48 1 P 5 30 H 3K A RRAE,
I 3L F- 55 i 2 5) Z5: (broad learning system, BLS )™
O gt ST WIS PR, DA 2 I AR HE P I H A R AR
Wi 52 B E AR R R . SIRES
AL G 1) 1 26 M 45 A1 L, BCF HA7 A A i, G
o A BB B B v SR AUIEL, AT B AT A AR 1)
TR A . {H BCF A1 SR FE 7 VY- 43 8008 7 i M
fr g,

R T fERER R A R] R 78 4 A1 P A 5 /Y
AR AE B, A IT 4 —Fh 4 A R R b 4 1Y) T8 B
PRl 3 J€ (broad collaborative filtering combined
with matrix completion, MC+BCF) #i #5515, %5
5 A IR W b A BRGS0k 0 FH P 30 H PE R
FEAb 4, FEXT TIPS T R AE AN 25 B AR M b SR
FH P e 35 H B i 4R35, 210 A8 15 FH P 350 H T4
[] o) f o o S o ST A A 1 DO ) o) A R g A RE
fiE T4 FH P DF- S5 0k A G R A A A 48 i A B B
FE2E ) RZgih, ARECH P B R IR 5 P4 Z 8] 1Y
BRAELME LR S
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5o BB, FEFER = (ri)m I I 42 [R]85 S5 A0 T Bk
N RiiE

mgnrank(D), st. dij=ry;, YI,j)e (1)
A : rank( < )RR H YRR RV IR LG A9 H P H
VO s DR AN 5 W PF 43 HE I s @ R 23T
S35 H 8 3 E X AR s m A n 4300 A
FUECRI I H K

AR PR AR — AR Y NP XA, SO
DISK A o PR, AR B AZ I HOR S8 (1) o F il

mgn||D||*, st. diy=r;, VYGje 2)
FErp o IR AR A A

e FH AR RS B 09 38 ) i 4% B H 3R 7 (inexact
augmented lagrange multiplier, IALM ) %3 %% 5k it
(AR (2)o ML, iz Il B E B R

minlDlL. st D+E=R rB)=0 ()
X e R™ — R™E—NIELHRFE R A, HER
FEQ I % BAE, I Q2SN A T R i &
0. FaE R (3) Y ER A3 ) Ak B H kAR
L(D,E,Y,u)=||D||,+<Y,R—-D-E)+
X 1R~ D~ EI; @

EV RS G ER Ui MR I e N TR =S (i R
B0 N < Il %6 FE Y Frobenius 84 (+, )RR M
FEFER A (] TALM SR [a] 81 (3) A9 51k 0k
BUTF

BN TFOMERER e R™, 1y = 0(Y(, ) € Q),

D#GA: Yo =0,E) = 0,10 > 0,0 > 1,k = 0;

2)while KL do:

3)(U,S,V)=SVD(R-E, +15,'Y,);

4)Dk+l = USH;‘ [S]VT;

5)E;.; =n5(R— Dy, +1'Y);

6) Y =Y, + (R~ Dy — Er)s

7) i = Min(op, 1)

8)k:=k+1;

9)end while
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Fig. 1 Network structure of broad learning system
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Fig.2 Construction of user-item rating collaborative vector
X T 1 E W u, AR 4R D, D, AR %
PRV w S5 G ARUE, Hodh D, s
DS ufT. WEHH T u ) kNIRRT, HER
S B [ IE R et = (nf, mg, L n) o BRI
u XFIWUH i PEA3 I, I w B kAR ] B PF 43 1]
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x; yi,

X, yzz

e RTxtk+h Y = € RIT1xdy
b

(15)

| U |

I |
o TR YNGR A B R, BIx 02 A P 108 H o
(uy,11), (U, i), - 7(u|T,|7i\T||)o
P Xy §m A BLS 2% b, 57 98 52 tp [l ad
TR

Zi=¢,XW;+B.), j=12,---.N
ZV=1Z\1Z,---|1Zy]
H;=&(Z W+ B, j=12,---.M  (16)

H" = [H,|H, - |H)]

W =[Z"|H"T'Y
U N Mo S BRI 2R 5 Rk 4 A
Bl ;&0 A MR WO PR R, A S5 50 R Y
ReLU; W.; € R“D W, € RN ifi ML AT T 5
sz € RITixd: R th c R j‘j 1}% E %E M; ; W € RWd:+Mdy)xd,
Jy AT YN AACE R 5 d.v d)J3 5 3275 WS AR 2H
SRRV 548

B s max(dy, k+1) < Nd.+Md, . $7(16)#) E
BT AR R AR O 8 (ZMEM), A R R
O((Nd.+Md,) X (Nd.+Md, +IT])) . JIT 42 i i) MC+
BCF #4784 i 5K A AL BRANE

1) A FHHE B #b 4 (MC) H R, 15 24k 42 J5 1
WD,

2) % T E R B PER TR, T8 AR
NS o BT R B D VA DS E DB = R 7 7))
[Fi) o) 5 %of it T 2R PRAT A AR G A

3)45 JH P 550 H P bR 16 2 A 2 R P[]
o U R b, SR P I RS AR S e A
Z RIS 28 ARG 2R
2.3 LT

Xt FYIZR4E, MC+BCF 5.7k v] LUB 2 i i =
>J 1 2% 1) i A ASL R R A B Y R o AR T
w RS H i P53 BEAT T, Sl A 1 E X
(u, 1) B DT 73 b [] 6] 2 Xy € RO 5 FEoRE Ho g A 2]
BLS KL, e 243 5§y = (2| AW e R™, Hify
ZVFIEM ) R Xy N A AT R AL 0] o 3 1] R
B RAE TR T AR R T 0 b 25 FET 43 HUE m)
BEL=(1,2, -, d)i, VS B A7, = Lib], Hor
L[b}R R [l £ LI B b4 o3 6

3 HERE

Jebe T L B9 MCHBCF 78 3 4~ 36 0 B 4
b E A 5 I LRI Y HEEPE RESEAT LR, X
S A I 43 1 g S P 23 i ( MF ) ™0 ABE 3 5 [ ) fit
( probabilistic matrix factorization, PMF ) 241 b 22 b
[7) 31 358 (NeuCF ) "' V4 B 4 I 43+ (DMF) ' L) K
T PR 3 8 (BCF)'™ . SRR 81+ T MC+BCF
HBE Y 2 RO HEFE PR BRI 52
3.0 HEEENEEREUSHIELE

B 5 1 2 TF AT AR By 3 A4 R e B s
4E . MovieLens [ ml-latest (ml-la) £ 4% 4 . ml-100k
F 4 4E (https://grouplens.org/datasets/movielens ) DA
M filmtrust 245 £ (https://www . librec.net/datasets.
html) . 38 15 73X S8R L A SC TR B,
Horbral 2 D EARE IR 1~5 BREL 5B 3 4
B £ W PE o3 4R 5 1050 = 1,2,+++,10) o FE B Kb
4B fd ] MATLAB2017b #647 9w %, HiA 56
RA5 3 f# ] Python, BT A %4 7F Intel Core i7-
4710MQ CPU 2.50 GHz. GeForce GTX 950 M,
RAM 8 GB I 55 4 Lit47 .

F1 3INMNEAEBRBENBEXEITER
Table 1 Statistical information of three benchmark data-
sets

Bt P WHAS WA WEE PR

ml-la 610 9724 100836 0.0170 1~5
ml-100k 943 1682 100000 0.0630 1~5
filmtrust 1508 2071 35497 0.0114 0.5~5

TE MF #l PMF 2 A P R H WA
PR - 3415k 30, H PMF B FH PRI H B 1 )
1S 805 M BEE M 0.01 F110.001, XFF NeuCF £
R, T SUE B 43 fift 5 43 ) 4% 45 J2 )RR 0E 248 55043 5]
64,32, 16, 8, P RII B A AREAE 24E 450351
16, £ DMF 580 v, P AL H i B ) 2
B E N 64, ML )ZBORE N 2. X F NeuCF
1 DMF X 2 Fl PR B 24 2 RS, b KN4 3
Jg 256, %2 RN 0.000 1, HEHE Adam 1L S -
XFF BCF il MC+BCF, 3 48 F P Al 485 H 1
BB N S, WG AR AE 2H RN 3 5 AR AE 2 A B0
Y10 25, LSRRI 24 R 5 AR AiF 4 B A 1A
10 Fi1 15,
3.2 iEfEiEHR

i FH 2 75 M 4% 22 (RMSE ) Fl 34 (i 4 % % 22
(MAE ) R 1T 4 15 AU 1% 14 BB, MAE 5 RMSE jit
N, 3R WA M T R R A . X TR AR T,
RMSE (X H1IEH Egps) F1 MAE(XHIE N Eyia)
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Krp: QFRMRE T ETED I TIRES; #RR
TE43r B TR
33 EFMEEELLER
33.1 R E kK

1E ml-la. ml-100k A1 filmtrust 20 4E F HARF
G 3 AR A HEFE P RE TR 2 M S R (MF
PMF) . %A 22 >J (NeuCF . DMF ) l 5 J& 2% 2
(BCF.MC+BCF) . X TR EHR4E, #&HE7:3 1

F A5 I HL X 40 SR U 25 8 T 4, HL 4% SE 4R AR A
HpB SRR E .

25 H T MC+BCF 5 HiAfth 5 Fb 3k 2 455 1
1E ml-la, ml-100k F1 filmtrust 2045 % [ MAE #1
RMSE %2, HHE 2 LFH, 5 MF, PMF,
NeuCF ., DMF #1 BCF #H It., MC+BCF [} RMSE #f
7 5 3 M AIK ; MC+BCF 78 04 4 m1-100k - /1%
MAE F§i# F BCF, {2 &t F MF, PMF . NeuCF
1 DMF, 5 MF,PMF . NeuCF 1 DMF # It,
BCF Fl MC+BCF HA B b iy 72508, H MC+
BCF &k I ftF BCF. X % 2K A MC+BCF
FERFE AL 385 B B, 4 (0 FH 0 B b 4 o K 52 a2k 2
P, Pl FH A 208 A D A 3 I A AR B B R TE
T A OIS T 852 753 X 4 7 P R Y 5 i

&2 MC+BCF 5ELKERMIRE LR

Table 2 Error comparison of MC+BCF and baseline models

TS PR ZE MF PMF NeuCF DMF BCF MC+BCF
y MAE 0.7663 0.8015 0.7328 0.7704 0.5122 0.4763
ml-
2 RMSE 1.0281 1.0692 0.9559 1.0130 0.8089 0.7615
100Kk MAE 0.8293 0.7547 0.8140 0.7789 0.6920 0.6546
e RMSE 1.0540 0.9623 1.0401 0.9919 1.0354 0.9371
MAE 0.7850 0.8375 0.7325 0.7888 0.5135 0.5156
filmtrust
RMSE 1.0568 1.1402 0.9586 0.9954 0.808 1 0.7363

% T2% 2, F A MC+BCF #1 BCF %) T i 35
2%, % F ml-1a #1 m1-100k %45 %, MC+BCF i)
MAE It BCF 435 FF& T 7.01%. 5.40%, RMSE
T 5.86%.9.49%. I 7E filmtrust P54 I,
MC+BCF F{#E##1% 22 RMSE W [% K T 8.89%, {H
H. MAE It BCF ¥4 T 0.0021, 7£ 3 3L uELIE
£ I, MC+BCF By 77 % BE B K 48 T BCF, iX
S T AR BCHE P o B AT B kb 4 e v T %k
R W I B E i OR DSt~ Sl N [ Bu WL (A S
B E T MC+BCF BB W% A7 3% Hb 2% fift 55 U 4 i 1k
) f
3.3.2 EATHF A AR

F3FIH T A BIERE TR A, Hd MC+
BCF 114 MC F1 BCF Wi/ [a] 2 Fl, f# 3 Al
PIE i, 5 BCF A Lt, MC B3z 17 i | 45 4, |

MC+BCF 713 2 42 B L Fifh T BCF. 7F ml-la Fl
filmtrust 54 4E |, MC+BCF B3z 17 i) 6] B 2 40
T MF; 7E filmtrust 45 4 I, MC+BCF #yiz 17}
(6] 5 MF AH2Y4 ., 7£ ml-1a #1 filmtrust 203545 |, PMF
W3z 17 I 8] 48 3F MC+BCF 89 1.6 %, {H7E ml-
100k 4 % I PMF By #} (A 3E He—2E . 5 DMF FlI
NeuCF IR B 24 2] W2 0L M B, #F filmtrust
B HE4E I MC+BCF AYiz 170 8] 5 NeuCF #H 4,
MC+BCF iz 47 B [a] Sk A 3 .

B2, 53 TR R oy i R IR 2 4 4%
B YA b, MC+BCF 11 1E B A 3R AY T 58 B 42
B, 33X /2 B T BCF Skt F 28 1704 [n] 05 i) Phyasf >
SRAB TN ZEAUE, M EEFF T B6 B T B ol AR
HHr . HIt, MC+BCF Wis 1780t MF ., PMF,
DMF Fl NeuCF 4515 BUAE7E i 2 L

%3 BITHRIELLR

Table 3 Comparison of running time s
Y MF PMF NeuCF BCF MC+BCF
ml-la 91.4234 123.9498 2295.0268 97.5944 45.0166 60.544 1
ml-100k 67.4944 43.3328 412.8960 75.3897 32.5498 50.604 1
filmtrust 32.0436 54.2636 359.2771 32.5269 22.5786 33.1259

34 BEHSW
MC+BCF #7412 5 = B 6 F P i 4R 4L
Tk, TH ST ABECE 1 RS RRAE B N SRR AE

2H AE B d. | B9 R AE 4 B MO G 5 R AIF 2H 4E %%
dyo 7E ml-la, ml-100k F1 filmtrust 0484 #R515%
6 I8 S B BUHE SHEAE P RE RS2
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FII5LH VE 4y Pp I 1) 2 0 SCEE . Bk € {3,4,5,6) 1
l€{3,4,5,6}, % & MC+BCF 7F k F1 114 16 Fh 4 &
T%Mﬁm§053ﬂ4%ﬂ%mT3Aﬁﬁ$
) MAE I RMSE #J1[& . X 2 MEIFTLLE

kB LRSI /N R 3G K, 3X AT BB S BT AR X
BOREH P A 5 A 25| AE 2 Ry
fE ml-100k b, Mke(3,4 Hi=30, RMSE #l
MAE {H5 K, X 7 B8 A2 FH I 508 42 19 7 i 52 AH X
BRI 2Ry, BPAREE B 5 A 2 7T g2 5%
T ARG B o R BE, 78 5 T A B TRk kRN 1A

XT3 4\9@2?@@%7% RMSE #1 MAE {& — ﬂ&/ﬂfﬁ WHE NS,
0.670 6 0.520
0.478 0.665 5
4 4 0.660 =, 0.516
0.476
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Fig.3 MAE heatmap for different number of users and item neighbors

0.764

6
5
0.762
4
3

(a) ml la

0.760

& 4

6
5
~2
4
3
3 4 5 6

(b) ml-100k

0.96 0.740

0.95
0.735

0.94

6
5
4
3

(c) ﬁlmtrust

0.730

RE R AFEE L4 E T RMSE % /1 E
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4 % j{ ‘Lj;l discovery as a service: recent trends and challenges[J].
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