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E R ARG H R E (S 61671397) A FEEBITHRFRFHE (tHES: JT180779) #idh

BE (HBRERGMETARTS, HATETRY T YA ERMEE 2 — EPETHAERE
Tt E R R SVD RBALA GAT P EA. VR, HE SVD BEMAF R EN, SVD+,
TrustSVD % — % %4 [ 5 S SVD 1% A8 i A AR 1.t ) B0 4 000 M IR B B3 9 o
BB (5 BRI T BB, R BT AN R KT, BB A S % TR R
$EE T4 B EEA KRS SVD REEBNEICRBEE Al AXEEFRT — I SVD
B RAAE R, SRUE DL SVD+ BEME DR T, E TR TR T SRR
# BCDSVD4+ Mk T B BB K HHIERMABE R A L. 2B RH, A HFiLit
By BODSVD++ % v B W 1 55 By 3647 B 2 T 16 o 0B oK MO B SR

ST SVD BEME, AR K, SVD4+, LK TR,

1 51§

BEE TR ISR AR, HERF 2 Gt C RN L1 70 550U P AN AT sk 1 s B2 20 R . i i
FUEAE AT, HERE R GURENG TR A T ROV ARV B A SROF IR HHERE R L B AR PAESERE . TN
PRI L 5 5 A5, HETE RGERE T 35 R HE IV P 75 SR T R~ B Be 4 TH I P IR S5 i, 3K
WO 2% P 28 G T B ARy — R B A HERE SEms, PRI i 1) Jeoed KBS 7 B i e S 080 it
JUFH 508 2% R St VA, SR FEAR S TGO 2 1) P SR BN EA RO HERE IR 55 R EE T LA R Sems, o [F)
REUE T ARG A B F P VP (5 JE R S BN VS ELIEAR 45 R A, 3G T B
(T . DRI SRS V2 R T Amazon [ Netflix B! F1 Spotify [4 ZE5144 k.

VER—REERY RIS IE TV, T RME#E (singular value decomposition, SVD) HJHEF AR
T 51 R FIVEAE LR 5~ A B T VR U 7 08 23 AZ AR AN T B0k S5 472 5 R BF 53 PR 9 A [

S| 2617, FAA, R, % ARG SVD MR S RORME L. RERE: 5 EFRE, 2020, 50: 1544-1558,
doi: 10.1360/SSI-2019-0107
Cai J P, Lei Y Q, Chen M M, et al. Efficient solution of the SVD recommendation model with implicit feedback (in
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T B, AR SRR S R b, R BT FE DR T T AR AT DU R L XU L AR, RO
R RFAE 5 R S R AR A I T8 25 S s TR S R AR DU — P vR AR VA
N, FERE R TC R F s FH PO PR 23, ANkl U B> Rt AN SRS R E B
R OV VN PARFIERERE U DL SRR M AETS V =~ UT M, R AR
B 73 92 F T B it AR ALE [

B DAL R R R, Paterck 9 563 T L E2FBURIFR L T BiasSVD HEFEHUR. %0
T PR RN VR4 AL R R, SN B 20 T S TS R R, S i A A%
4t SVD HEFFRRR 2 — BRI, ik SVD R BRI O KPR 5 B gty Sk, A
LB SCIR R 1~ A IR RS T F50I FH P PP AT 02 A w1, A2 G800 SVD HEFF R M DL S 70 ) X L6455 8
SIS HEI VP2 . 25 08 T AR 2R, Koren 7 R T AT IR AR BFHEHEH T SVD++ #E
FERLRY . o G AR A 58 AR IR TR R AR 35 SVD-++ HEFERLRY e 0% AR 45 38 =F & 1) e = it A 1
JU G I T AT 9 A FE AR R . a0, R T IR SR RV 2 A R R R W2 M R RE
HXOZ PR ER. BT H R R, SVD++ M TSR SVD G865 5 niR A b2 48 204k
RS R, ASCPRIEE SVD HEERR RN A R U B8 SVD HEFERETY. BR T SVD++ HEFEHR
B, TrustSVD 8] g —Ff # B 7 G B U SVD HEFERARL. 2B & SVD++ A 140 &
Hitt— 025 8 T AL M 2% B AR R R IR U 5, ARG 1 S8 v m ) PR TR BE 0, T HLA R ok
THARR R R L A, AV 2 A A R UM SVD HEFFRR. WidhfE T Social MF ) JE5 &K
AR MR 3+ HEFE AT 101 R T XS AN EITrustSVD AR 11 45,

H AT, REZHEST SVD HEFBAL T 70 AR T 10 R A SO Vet IR FBA T PR sk A AR
VERG IR TT 25, BAEE N B PSR, |72 R T A 1)/ 021, 9K, FEAS & Z A AE TR B
N BEEAE AR A LA o) RV TH B M B e OR AR 9:. SRHIRR BE T BRI SR SVD HHEF SVEAE AT
TEBCK LRI 23 10). EF0ESE SVD AR AL, Hu 45 181 $& H B8 T A0 B i/ 372 (alternating
least squares, ALS) AR T; 7 BIRYR e RE. AR i 52 5 s op) F e/ — SR E AL & A RFALE
o) B B R SRS, MR — R IR I B AR AR T B2, A8 8 de/h ik AT — e IR IR, A& T3k
fiRfL Gy SVD HEFAEAY, Mt LUSH Tt Ba U imt i) SVD HEF AL, (B H AR Tk — it Fe it
B it SVD R AT ) e ARV AT B S 2 S SRR B v, A e U 5t SVD HE#
BB K F R BE T Bk 4 & Ve RE VT 57 6 SR AR (4161 SR bS53 S bn DA & B IR o B B R
N B It RETH L RE ), R ARIE I SO R I BT ST R R IR T, DR, i@ SRR S T
HI¥cT AR THT A B U i) SVD SRS (1 S0 SR R A BRI BT RS ). A SR AL T
T TR SVD HEFARRIY (R 5 SR AR ARE 22 5 35 T A bR R %9 (block coordinate descent, BCD) [17~19]
it 7 SVD-++ R i ROR ML, BT FC R, A DUAR R PG Bt g 37 S R 25
FERERAR 43 (20~22) | Bl R (28, 24) S5 AH S B SE I BB v R B B N e B 0 4 v b A R Bk
BT HAMMAIL 7 RGPERRE AR, LT R B, ARSCTER T LA AT AR

(1) T SVD A HIRARFLRTIS T AL B RERMHEAE. (ERLIERE L, BERE SVD 4+ i
TRRBURAR T R TARHERERE () 5) RO B 0 &% 66 FE O S AT B 20 #

(2) FET LR pr st ROTIT 1 BRI AR b ok T R R SR 0T LR AR R AL P AN S R
e I I RS o A SR BT e AR BT SR A S

(3) FETHBREE FRERT T SVD++ HEFEBARL @ ROR iR 52 BCDSVD-++, 1K H Movielens
FRINVEHE S N FilmTrust 20305 55805 IR I0IE 1A RIS N BE vV Re.
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2 FEER

2.1 ETF SVD BREFHEEFEE L

FEARZ PRI HERA AR T rp, J T SVD HEFEAR Y A T B A2 HER L7 T A IR 3R B i
BEALRE P Lo W i s RS A 1) B R B s P VR 2 AT D BT T AR 4 s (R AL 17 B (1128
SLAR. ARJE R A BOVE 2 B SR 7 B it B vP 2 ) &, SEELAL R RRCE ) VR 2 T ok
REFFAR R T, R P A i (R AL 1) B4 8 [ B A RS, 2 U e R M1
M e R/ R os R UL FFAERE RS, Forb w A m R P AN AR 0 i O, f RO AL
IFa) B O 4ETZ.

AN SVD HEFERERY B i v 7 R AR YRR AL ) Bl A BTS2, SR IE U, 3
P e R™*™ Fom F R0 TIP3, Y20 REi A2 913k 5K

P=U"M. (1)

ZJ5, Paterek 6 gt T b3k SVD HEFRAYIFIR Y BiasSVD REAL. iZ AL 5] N\ A e 17 B A R0
ST R A — B IR T T IR TN R HER T, 2 H TR I SVD HEFEAR 2 —
BRM a e R, B e R™*Y, ¢ 73l 3o FP AN it ) 4 (35 AR5 A1E 1) B DA S b 857, b ¢ HIE
PR EE A, FFIAJ TR Bl AR T P AP e AR [ 5, 38 5 A T A & E
e R AE AR 5. T PF 73 2

P=U"M+al,," +1,8" +c, (2)

Horb 1 Rona 1 S[A&E. MR, BiasSVD HEFFAE R AE S B 43 e — 28 5 ] B it AR O ) A1k
PHFAE, i an— L fT P ST 45 BRI PP B PR, A B R S A7 1.

SR LSRN 5 R T A P S iR AL, 22 T R aCR sons F P PRAMT N IS . 9,
Koren [ 3£ 1) SVD-++ HEFAE B T R PN A IIRE AR BOESIN THRHIEAERE Y e RFm 2
ANV AT A B SO B P R G RFAE. 3T AR, SVD-++ AR {BA TR FR) PR R R il 2

P = (U+YJ diag (w)) M +al,” +1,8" +c, (3)

Hr w e R g8 H s, KA nm it 507 08 wi = (), Ji) " AREE AR S
—3 7. TR (2), AR R RE U R SN PR B S BURIE, S 40 Ec
Z\E 1 FURHE.

BE—PHh, Guo % B & T P EAEMBE R BIHHEH T TrustSVD HEFAERL. 2B DURHE
FPE Z € RP FoR &P BEAERHE, 456 P EERRFEME T e Rvv @57 SVD R
wr:

P=(U + Y J"diag (w) + ZT"diag (w))" M + a1,," + 1,87 + ¢, (4)
i w e R, BIGASF P 5 HABR P EAEREZ AR —1 o7 Frdd s &, Bl (3) A (4) w4,
SVD++ Al TrustSVD HEFFAE A EARE 8 T AN B R N 2, E P& A HC i E i — 3, 3
I B TURFIE R AR R 45 SR A P R AR I — 30y R A B U 5t SVD HEFERE Y v,
SVD++ HEF AR f HE Al e B, IR0 TR L 1 B 2 SR SR ] M) FH 2 A o ) — Bk e

1546



HERBYEEREE B 50E 108

FHAh AT BB SVD R (R, SVD -+ HEFFRREAY [ B8 K% 2% Sk A F 7 2 24 i iR A
SE R A,

PEAL SVD HEFERE AL FHEFE RS, AT 8 R /% % (mean square error, MSE) /E P41l
WEE I e br. 3977 R AR R BB BT 00 (1) V7 23 20l T B S VP oy, BB TN 68 70 5, e 2
VLA BT B ) 2. SR AR R AR, — it SVD BN (138 iR = R IA A R

mse = %trace ((J «(V—P) (T (V- P))) ) (5)

HrA « N Hadamard FUSHFF 22, V' e R ™ HH P R4S, H0 R A AN 6 2 o P 5 AH S 40
V5, BARIEAIUIES 0 T € {0, 1™ HARRARE, H7R P 75 8 ERHHIBADVE A, CFAME
N, RN 0. BT sEbRE R RE DR P A, V, T IEE NS BB R RE. R,
Al S A R A B R A2 SVD AR R A 5 ik i r i A< At e i B B ) i 2 —

2.2 HRAFRTEE

A —FhZ SR IT L, ks R (BCD) B 2R T SO0 ML i . Hen f A8 R
HE AL IR @ 55 p B 12H @ = (21,20, 2] REHRT @ (EAFEE f (x) AR RIS
A f (1,0, wy) FARUCRIRLLSE § B AL I BAAS R T AL, 4 NESSRAR F AR b
%5

Héllnf (:Bl(tJrl)7 . ,w¢—1(t+1),fi7$z‘+1(t)7 o 7ajp(lﬁ)) ,

Hrp g R o ORI E, iyl & LR RE sk 1 fos.

Algorithm 1 Block coordinate descent method

: Initialize (9 « [x1(©@ 22 . 2, (9], t «0;
: while stopping criteria have not been satisfied do
for each i € {1,2,..., p} do
x; (D) arggmiﬂ fle D RGN I SIRLO N xp,M);

t—t+1;

1
2
3
4
5: end for
6
7: end while
8

: return z(®);

AT HAb RS, 25T BCD MBI TSy B A b, e P o . SIS e gl o
2 H AR R B e i R BB PE R, BCD BRAENS Sl O(1/k) HIBGE IS 17t H R Y
I ] R B AT g LR SR AR I, I T AR AT SOR AR B AR, 2 A A
BMEADAFAEIR R Z. BT SVD HEFAREAYSRAR in] A b & — A A [ SR e 1) 78 HLSCRR [18,19] %
T BCD AR LSS 1) ) B A 1 BEAR B IE, B0 BCD J75%0 T SVD HEFERIA I KR i B A 5
(R T AT 1.

3 SVD HEFRBIRIEEEKAFESR

TEJ9 S H AR B BURFAE SR AR B3R, B TV 2 e DUAL DK SR A 2 0 2L, SVD HEFF AL
B, FRIETTEFE I RIS — FSRMRAEH L (AR PR e SCher 36 522 B e/ 85 Xt H b e
BRI, FEHE R 1T FIBUEAR L 51— KRB B M7 RIS EL RO AT 5, 28R AN 4
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AR A SRAG BB B L. IX SR VAR SR T A il e A4 O35 7 T RE RS SEBIE B H Fn ek £k
RO B SR i HLBE S 1 AR OB A AR SR, %75V T0VEAS AR B R AT =X, 2 — A Al ) B
SRAETT I8, AFAETE RIFERAAR, A AR EIBE L A A FE AL B T 5T 70 B S .

— 5T, SEBLRE RN SVD B R A S R ZOG R BB L A AT Ul ZE B o . 53— T i,
A R UK SVD HEF R 5= 2 P v TR G0H SVD HEFERERY, B RESK M R 3, ELREE A A0 72
FIERN, ORI 2 1 A B U SRR AR A SVD BRI B . DA, Sk T A e a0 5t SVD 77
R E SR R0 5 R H 2l T . 8 T P AR A R AR, AT 5 S R o o) 20~221 (R R PR 2
T XAER SVD HEFE R A — AL PR BESRARAEZE,, Juh RESR AR SR AL B SRy

B PR HERE P HGR TR THIES AL € (BIIERIR) IERE P = f(€). SVD HEFEA
RAERMBITRZERIEX (5) mMEREL B (¢), HRIEAWT:

E(&) = %trace (T (v =P) (T (V= P))) +reg(€),

Horh reg (&) NRTHHESHL € MIENGREL, F TG I ZR2s R 04 1) . NG R BT R
reg (&) = %éTdiag (k) €, k RARHBEMHESEURRA R R &, B8, HEREN diag (k) & XTFHAR
(f) SVD HEFRLAY, R k. RN & RHERFE A IE LS 5L
9 9 (e;T Pe; d
gé@ = (eiT (J e (P—V)e, x 2L 5 = )> + r%gg(g). (6)
E (&) mpRik = (6) Fros. 2 (6) e, FnEE  NITERN 1, HRITREIN 0 HIHEAT
miE. 1Z30H B () RIBERESRAGF AL N ST TRIVE ) OBE R SR AR, B AT K280 SVD HEFER AL (1)
FHEFEFEE A BRI T P MM RIAR, #Hxf s HER A R IA S, MRE 0 (6) Ik — P45
PUR 48,
EIRL W TRERBAEERAFERERE X, & P 2R T X MAERMAEMRLNX, Bl P=AXB+ -,
YA R of JiE s U
OE (X)
X
iEBl BT P=AXB 4., Hik 2 Pe) fy by Ael AXBey) 3 g

0 (ei"Pe;)  Otrace (e;" AX Be;)

i,J

Oreg (X))

=AT(Jx(P-V))BT + X (7)

0X 9X — A"e;e;"B".
g 2 re) — ATeie,"BT AR (6) 74
ag;X) _ Z (e (J+(P—V))e; x Ae;e;"BT) + 31‘6(;g)§X)
3
=Y (ATeiet (Jx (P~ V))eje;"BY) + 8r<;i§X)

2]

B Oreg (X)
= A" <§Z: eieiT> (Jx(P-=V)) (Ej: ejejT) BT + X

Oreg (X)
0X

=AT(Jx(P-V))BT +

1548



HERBYEEREE B 50E 108

FHEEE 1 AT, SRR SVD HEFEAR I B I AN 75 AR AR FERIA AN A FT B RITAT. 41 BiasSVD
AR HEERIERAN P =UT™ + a1l +1,,87 +¢, TR RS U 178 UTM, |
X (7) A5 A=1,B =M. RFRAX (7) 715

OF (U) JE (U)
oUT ouU

TR, EREEREERBE TXT UT WEE. T U MEERERIEF M —KEE
AEFR A RESR1S.

=J*x(P-V)M' + kU = =MJ«(P-V)" +k,U.

4 ETHRUFTREESSISHEE SVD+-+ #HEEX

AL TAESE R SVD HEFERAY, H e 7 Fa X 5t SVD M B 15 2. eI Fa =X 15t
SVD R (I SRAEVERE, AR A A Bl BUR e HeAA AR T BRVEAIE T2 s RO SRR S8 5 1. AL
R RSO R T R AR B | 2 R PSR I A ORI R AR R T R R IR () B AR
SVD++ BA —E MR, SR B BT i v BB AR AR T B B2 me i I i At s A B =0 5t ) SVD
AR IR SR AN T IR W 40 170 0. DRI b, AR SCUBCR A SVD -+ HEFAASE L B T s R BV A 90, MR ORA 7 A
T OS24 R R AT 0 J 2 HoAh A R s SVD #EFERAL, U0 TrustSVD, EITrustSVD 2%,

4.1 SVD++ HEFEBENEERTRE AR

M (3) AT SVD++ BRI FRIERA P=(U + Y J diag (w)) M +al,,"+1,8" +c.
I P AR T e (1) AR, AR SOREHE 45 5 B0 B8 SR ARAE 2L SR AR 25 o3 B i RB ) e AR . 2 7 R, & B8
b AT 10 R 43 B AT A )RR T, A A R ) PO SRR Sk ) H R SR Y
it ik SIFAEE— 20 BB T

B, FIFEE 1 SR SVD++ AT 56T S ANRFIE R B bR FE, HRIA U T

OEWU) T
T =M =(P-V) + kU,
5Eal(\1/—>4) = (U +YJ diag (w)) (Jx(P—-V))+kn,M,
ag;Y) = M(J % (P - V) diag (w) J + k,Y,
) (g u (P V)1t e,
OE(B) _ T
5~ (P=V) Lt lp.

NRGEA T MR AR, 7R ER AN o, A E B RBUS KRB &N
o A, KT o & B WIRIF U T sk
OF (o)

—o=a= (J « (v — (U + Y J diag (w)) M — 1,87 - c)) 1 O (Tl +ka),  (8)

T T
—0=B=(J+ (V- (U+YJITdiag(w) M -a1,” ~c)) 1,0 (1. T +k), (9)

Hrb o FoRFIR AR GERE) 18] BRI RLERVE, A %18 57T BE 8 i Aot SEPL_E IR RaA sk, SR
KPR U, M, Y BRI %, MBS IR O IR M. BIA %S
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e ARSI 73 N 2T, SRAFUF R TAHE R R, ARRTE, & W =V —al,'-1,87 -,
U' =U + Y J"diag (w).

mfh(buk) = (Mdiag (ex™J) M + k) uy, — M (J * (W — diag (w) JYTM)) " ey,
k
OF (ms) = (U'diag (Jer)U'" + kpX) my, — U’ (J V') ey,
omy,
ag;jyk) — M(J % (P — V)" diag (w) Jey, + kyys.
k

B, ASGEXS wpe Joomy, BCTE SR TAEH, KRB XN y = Az + b KEA. RS
HBBESET o I RFRAMMREAX T

wy, = (Mdiag (ex™J) M™ + k)" M(J « (W — diag (w) JY"M)) ey, (10)

my, = (U'diag (Je,) U™ + ka)_lU’ (J * V') ey. (11)

18 T PR BUR O, SVD4++ BUR ARG RIS S RERERE Y 3 2% T 3B UR 5%
RIS . R AR PRS00 S SR A6 T WIAT 0 O E R . B SR ST
Yo IR AL A, TR BER IS0 U, M AT RoR Y B R gy (OB IRARZIAR,
ARG 2EW gy, SRR T R

OF (yr) _ M(J * (P — V) diag (w) Jey, + kyys
oYy
=M (JT * (MTYJTdiag (w))) diag (w) Jey, + kyys ©) 12)
+ M(J « (P - V)" diag (w) Je, — M (J' % (MY J"diag (w))) diag (w) Jey ®

= (Mdiag (Qey) M™ + k,I) yy. + (M(J « (P — V) diag (w) J — M (Q + (MTy))) er. G

A S AR AT 4, 20 (12) T M(J « (P — V) diag (w) Jey, B8 Hh 5 Y MK HTE#4
FF PR O, REFHREZTARE TR Q. FiF 7 @ WHTEh Y 350 A BHGE, Bsbr
FFR @25 Y BRIEEHIL P37 © R ATRIUCT vy, MR, AR R
1 @ Fr. X Q = JTdiag (w * w) J AERT J I IRASERE. FIFZ45 %, @ Bun 56
Ty MR fgRIL

Y, = (Mdiag (Qex) M™ + k,I) ™" (M (Q* (M™Y)) — M(J « (P — V))"diag (w) J) e (13)
FHEET wg, 1 my,, yi, FISIEMEFRIAXEINE & Bt R K, Fdt— P A 2 5ok, 1E

N B HERERAIE, YPRHEERE Y BRI BAT — @ AR, FRMR T im0 i = Hoth iy A
ARG IR, vt SR SR Z A, SCAKE B Sa 50k DR LA B il A

4.2 FEBMSRERE DRI

MREZIL (10), (11), (13) HadiE R I8 S0 43 SEBR R 2 B AR B (240 SReadt [ . el 10 725 2 R
SR IE S LR E ARG TR RRER (M + XXT) 7
SIEEL ([23]) 2 A >0, FEFE M+ X XT IR
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RSB 1 ANl AT + XX AT R SR R SRR T Je AT iR SR TR
ﬁjﬁﬁﬁ, ZEIER T R I Z AT BT RE. yﬂﬂit, AT Sherman-Morrison AT 23] 24 T EHH 2
T LER H T B kAR SR I B

EIE2 M N> 0, ST N+ XXT, 35 X BBECH ¢, 2 M1 X, 013K R X 8 k5l &E
DL HT X [IRT & FIALR IR B Ry = (AL + X0, X, ") " U LR 3436 2 plor:

T
Ryxp1Trpr Ry
1+ 1 TRy

JUERR  #R¥E Sherman-Morrison AZNATHL: 2 A 1 A 4+ woT AR, H 2% (A+U'UT)_1 =
AT A et A sy S w, v B

WRIEE LI HR AT A+ XXT =M+ 30 za, ™. B Ry = M+ Y5z, T)

Hi Ry, K13 Ry = (R + $k+1$k+1T)71

12 Sherman-Morrison A3, 74 R, ARARAH A, ¥ zp0 RN w, v 718 Ry = Ry —

T
Ryxpixpy1 Ry
14@p 1 TRy @Rt

BAR, R AV (AT + X XT)~t PR AR SR AR % 2 P,

Algorithm 2 Fast inversion algorithm for capacitance matrix

Ry 1 = Ry —

, 0<k<e (14)

-1

Require: A\ () > 0), X;
Ensure: R, : (/\I—i-XXT)_l;
1: Initialize Ry = AT and divide X into column vector group [x1,®2,. .., T.];
2: for each 7 € {1,2,..., c} do

3 /?\ t= Ri_lsc,-;

4: R;=R;_1— H%;FTQ //According to (14).
5: end for

6

: return Rg;

BTG5, FE 2 RSB R i S N M 2R BN O (f2c). MHETH, — TR
TR RIREN O (fPe+ f2). PIZFEERAE mIRERCE, JUHZ SRR E SCRRHE SRR 2
PAGAPS R SRS N VS

FERFIEAERE f —ERIEOL T, S0E 2 Pl FErImt e Bk 7514 e, MAIT30 (10), (11), (13), &
%2 IR U, M OKRRT EA P85S T J hAERe M. BT I 8O m R AR, Sk
B 2SR e B — IR T 5 AL B B B R AN 2, RERS AR PRI S8 BORMAE S5, [RIBE, S8R Y HOSK A
AL HE ST Q FARE T KL AR, ARy J M RBERE, Q FEAERER, T2 K/NA mox m KR
R, AR S MovieLens 10M N, H13& 1 lRIFESCT T EE = O 1.34%, 11 Q 1)
ol % B A= Ik 85.6%. KF Y RARESLPREGE T O (f2m?), BIMIZES /)18 RGN R oA SRR
PRI, AT 75 3t — 0 T R AU SR

ERE Q Ebr LA PFAT At SRR R, Wit 18] AOAE AU B T B AT TR L
FR P PR EE. W3 (13) 1 M diag (Qer) M™T + kI #7r, S5¥0 k AR B, AR i
FRIRFALE [ B0 45 SRR, e 2, MLLBEARI ) fsz i bl s, LA T DL AN T, B e, SePrdk
Py AR A2 AE EORZE e HR e 3 R 5 /0 B il B B35 OARAULE. 3R 1 SRATRDG bR 4 fi
7 (relative standard deviation, RSD) FE# | Movielens £#E £ 40 FL 52 AH X T~ Ho At fEL 52 (R AR BU
ZE 5%, AR EARAEN RSD $3mT 100% £ 2 Movielens 10M 5 Movielens Last =ik 205% (RIAHALL
JE FRIRRAE R T I ABLRE () 2.05 %) B 217%. R B b o5 s HoAh s AOARALLBE A7 A2 7™ F AN
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*® 1 HEERRREESR

Table 1 Sparsity analysis table of data sets

. . Data covered up to 60% Data covered up to 80%
Data sets Data density Data density RSD
of J (%) of Q (%) topK Proportion of topK (%) topK Proportion of topK (%)
Movielens 100K 6.30 69.6 116 240 14.3 447 26.6
Movielens 1M 4.47 82.4 132 555 15.0 1064 28.7
Movielens 10M 1.34 85.6 205 981 9.19 2130 19.9
Movielens 20M 0.54 40.1 178 1147 4.29 2511 9.39
Movielens Last 0.18 31.6 217 1342 2.50 3233 6.00

i, 58 MR kYR R SO E M diag (Qer) M TS R ER, HAb A
AL tox T TH SR SR KM A BRAEL 0 75 225 AR DL it [ 55 1) T SR B

R Bk, AR T — R AR T (13) Wk TR R MR TR AR 1 U7 5. JLIEAE R
TR A B AR R GRS Y0 & AHAURE B Y topK R4 it (R RS AUE ) B AT B0 7 4 LA A i £
FAC A RN, HR 1 R, AL B R TEE 60% & 80% MK, HAr, Movielens
10M R HCAT 9% HIARLIA dh it e i 60% % ELisi a5 80% MO (75 ZEHTHT 20% AR A,
BERE TR BIRZTT RAE—EREEE LSO T gy SRABREE, AL 2N RE R ST R RGE.
b, RAZ 7 RIS IR T A B i) & B

4.3 BHRBIEAMULLIE

VRN — KB m FERM R M B, SVD HEFRIAUKR R EE M EoE A L fe ) B OCE 2 fRHEE 1
A1, Movielens R AIEHRENCN 0.18% ~ 6.3% HIEHE 2 B2, Hif Wi 1 2 B 1) B BURRE. SR A
I A Ak B A T A P D A AE T 1 2 Sk (25200 B B 30 B A7 A FT T SR R B S 4, JF AL
CHVFZMIEE S (0 Python, Matlab 55) #SAMBLF PSR UL 7 H IV 3CRF. SR I LEA% B R B A A 72
BR8] 1 —FRCPE AR R S 1) R, 0 T AR SO0 R iy B ) AT 5 45 5 O R #0476 B AL
A it S TR I B 11 v AL B

s ifERIE (8)~(11), (13) ¥ & TIEW J x (UTM) ) Hadamard Fiz & ¥ . (EEF
B, ZAEEUTER UTM 22— v xm BIRBREERME, AE/KRHES J 17 Hadamard 1
B, bR ERPAT T RETTHENEZHRAE, BATEERKEADERIZE. e A0 e HE,
3 (15) 1 ARBOT R LAyt T HRIE . DA g ot i Ab 21, =0 T RIZe i [ 2 7k H
T BT RAEERN SRS, Wk B A B 4576 (compressed column storage, CCS) & A7 fifi ¥ it
R

!
Jx (UTM) = diag (e,"U) Jdiag (e," M). (15)

i=1

2787, 3 (15) AP RIZ 2B 58 O (umf) A1 O ((uw+m+n) f), Hd o R J H4E
FIREM BT T MBS, 58 < wn, FIEATHE R T A

SRIMOGT Y MsRARE R RIS 4. BT Q R KA RE, X (13) FeFF
Q* (MTY) (4 B 20 (15) Firidk i ARE8 75 VA7) THI G O 2 0 2 5000 P00 B Dyl 6 O T R LR 2
MERIE S, ACkgh & 0h 52 A FMsER: M SR s i, B2 (16) for, b
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R RIZAR VAR A7 fik RO R

M(Qx(M'Y)) = zf: Mdiag (e M) J " diag (w * w)Jdiag (e]Y). (16)
=1

TR, B M(Q + (MTY)) PFrils (I R 5N O (m2f) MO (m? + mf), H%
a7 ORI, % Tz SR T I ECRRBkAL. 35X (16) K Q SRk T 0 MIERIE IR
RS, R R IRERT O (f2(n+m+u) MO (mf +uf). T AR, A XAERERHETT
T BE AT RO AL BB 2 Wi, 38 & T R AR R A . AL I (] R 4R B 2 ARG, R A (
PRFEE A BB B . B RICR T, AR E O (mf +uf) FIESNER], LT 25, AEhEK
RIS 48 22 8] 75 T (VAR 4 BTl A s At 7 — s I bR R e A B T 5
4.4 BRBETREZEIRTSEI

ZERTSCOP T, ASORME T 273 P 1 il R A A IR T 1 e rp 50 T 7 BB R0 S i 4
P AAL R A S B 17 . B R R, A/INIOR BB T BB B T B SVD-+ HEF AR SR g 532k
BCDSVD-++ (block coordinate descent for SVD++), HAWRRG IR 3 fos. &5, Fikilgrid 18
PP I R 22 AR BE A I R AR B G I s ), b AQ R — e RE L Jm iR 22 S 3 o, 2 i e
ZEEC I LA WL A R B LA L, SRS SRR G EMRIEE. IL Vv 5 T
ARSI SR KPP R R S HE R AR R, R UGEAUE, FEEIA ISk R M TR R R 2, ELE
TSGR AR ZE LB TH I SRR AL

SPGB A 7P IR SEBLN 7%, iRt Rk, JF BAE RS RE A e B A
P RER A T B R ST . AAAE R, D9 AR G AE TR 5 D BRI SEILN 2, PR
P8 A SEBILAR A 58 A AR FL R A A B0 70 AT RE SR T B i R T 5505 6. i, — SE R EReAL O b B 4
FERABLT Sikrh . AR E RS BT SE B R AT AT IR B4 T GitHub R, 5235 0 HAT R 3

5 HEIXITh

AR EIER S, A OB Sk 30 50E 3 TERE. SEIGRR T PG BRI HEmATE . AR e 5%
BRI R T Bkl 3R e A FriB FE A (). SETE RE m Ik v e & B A B B0 IO 0%, @R
S R A P B /D A U B B U L B 0 A T B KA P S04

2agAde
5.1 LHH

VENST EE S8, A% T TensorFlow HEZL FFET Adam b 5% 16 SZHLH) SVD++ HEFAAR
AT HRE. HJREAE T TensorFlow Y Adam S5 JE T10 B R B (1) AR eoadt i s R il vk 2
R H IR A S TR AT AL L. LI EE KA Intel Core i5-8600K CPU @ 3.60 Hz, 16 GB RAM,
Nvidia GeForce GTX 1060 6 GB. E#E5 X H MovieLens RANEHEE, ZEHEED 2 — A7 LIE A K
25 ML F RV o BE A BB AN 10 3 31 2000 T ¥A B 75, REE A UG UEAS [FEGE SR B PERE.
Hrp, S S Movielens Last T 2018 45 9 H ¥, % 2700 J3 56 VF B0 & 28 A 1E0
AL 5 3RS, X T SVD++ HEF RN &, 8t 2 — BRIk, BLst, ARS0E5IN T
FilmTrust RN T —P500F BRI IR, — 5T, Bz S H T 5% 3, R RREIE R

1) https://github.com/imcjp/BCDSvdppExp.
2) https://grouplens.org/datasets/movielens.
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Algorithm 3 Solving algorithm based on block coordinate descent for SVD++ (BCDSVD++)

Require: score matrix V', V', indication matrix J, J’, maximum number of iterations iter, topK, regularization parameters

ku7 k?nu ka7 k:bv ky?

Ensure: U® M® y® o) gt

1:

: Initialize ¢ =

// The following is the algorithm preprocessing and initialization process, constant data should be completed in the

process as far as possible.

: Initialize the feature matrices U, M) «(® 8(9 randomly and ensure the elements in them satisfy normal distri-

bution A (0, 1), but initialize Y(©) = O;

T
%, t=0,vi =Jlym +ka, vo=JT1, +kp, mse(® = +00;

4: Calculate w to satisfy w; = (3_p_; jz‘k)fé, then letJ,, = diag (w) J and solve Q = J.} Ju;

10:
11:

12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:

: Copy Q to Q*, and set the numbers which are not in maximum topK number of each column Q* to 0, then multiply

the corresponding coefficients for each column of Q* to keep the sum of each column the same as the corresponding

column of Q; // See the discussion on optimization of matrix inversion problem in Subsection 4.2.

: while t < iter do
// The following solves U+ according to (10), and using matrix B to represent temporary matrix in solving
process.
Let B= M®(J+(V = JoYTM® —a®1,,T — 1,807 _ o),
for each k € {1,2,...,u} do
Select the columns from M () that satisfies Jri = 1,1 < i < m to form a new matrix M*;
// The process of solving linear equation here and below can be realized according to Theorem 2 and
Algorithm 2.
Solve the linear equation about u,(CH'l): (M*M*T 4 kuI)u;H'l) = by; //bg is kth column of B.
end for
Combine u,(ctJrl) to make U (t+1) = [u§t+1), u;t+1>, .. 7u1(1,t+1>];
// The following solves M (t+1) according to (11).
Solve U’ D=y (t+1) 1 ¥ (®) JT and then let B = U’ (J % (V — a1, T — 1,807 — o)),
for each k € {1,2,...,m} do
Select the columns from U’*tD) that satisfies jir = 1,1 <4 < u to form a new matrix U*;
Solve the linear equation about m,(:-"_l): (U*U*T + ka)mg+1) = by; / /by is kth column of B.
end for
// The following solves v and 3 according to (8) and (9).
Combining m,(:+1), we have M (t+1) = [171,§7s+1)7 R m$,§“>];
Let B=J *(V — U/ ) c);
alttD) (B =J* (1,80 ") 1,m) 0vr, B « (B = J * (at+D1,,T)) 1,,) @ va;
// According to (13), solve Y (*+1) by using sparse optimization expression (15) and (16).
B« M)(Q + (MEDTYy ™)) £ MO+ (B — J % (@ttD1,,T + 1,8+ )T g,
for each k € {1,2,...,m} do
Let M* = M(¢+1D) diag(gy). In this expression, g; denote the kth column of Q*;
Solve the linear equation about y](:-H): (M*M*T 4 IcyI)g/](:-"1> = by; // bk is kth column of B.
end for
// Substitute V’ and J’ as verification set to find the mean square error.
Using U(“rl), M(“Ll), Y(t+1), a(t+1), ﬂ(“q) to calculate mse<t+1>;
// Check whether there has been overfitting.
If mse®®*t1) > mse(?) | terminate the iteration and exit the loop; Otherwise, let ¢ < ¢t + 1 and go to next;
end while

return U®, M@ Yy o) g,

THERAF N ESELE; 75— J7m, Je T BIRE R RERESR A B 1S, A SCRZ80E BN 40X TrustSVD
B FE ¥t BCDTrustSVD, 7o 70 SnilE 1B 1) — & . BCDTrustSVD AlIEIE A (4) BAK
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Figure 1 (Color online) Results for SVD++. (a) SVD++ for Movielens 100K; (b) SVD++ for Movielens 1M; (¢) SVD++
for Movielens 10M; (d) SVD++ for Movielens 20M; (e) SVD++ for Movielens Last

By 3 HIA S EE BCR BT & 2 40 R SR, TR e A SCOKE AN B L SIZE A 1 flCE 23508 . BRI s
P seus #E BBaT 22 WA 4.4 /NI HR AL A YR AL P44
5.2 SLINEER

LS8R T GPU THEAEZE R ) Adam 232, I HA0 N GPUAdam. S256% ] RMSE
(RMSE = /=€ AEUESRFEARY) & Sk B vr o I HERA I, IR0k N TR OE AR B sk

FoRFFAEAT IR H RMSE {8, 1 SR IR FIERETE R 10 JOEARXS B (FFERT &2 RMSE 4.

HE 1 A, BCDSVD++ 7E 5 4 Movielens £4fi 45 L3 REPLIEILSL, 1T GPUAdam FIISS 2
MBE V2%, 5 2 IERA R st WIS RE, W AW Shgs S AR1E, 5 BCDSVD++ A
HHE SR Yskae ), BAERMEHANE. A, ERERNE, ALK BCDSVD++
KRR AT Ae T BHE 2L AW 7t 2 8] BCDSVD++ fEE AT HHE w47 v, [k, k5wt 5t
BCDSVD++ FHATEIEK Al SVD4+ HIAR AR AR I GEAS 25 K A4 T+

£ 2 Guit IR IR B FRE RAS N I 75 B AU EURA it 75 B[R] S A2 € 5 ) RMSE fH, S N4
R T R SIS AR XS LRI, o it ek BFR e RS T FEARIREOL A FERT, BCDSVD++ 1E%
MR FE R A E LR, WAk FFE BCD BEARE 5 1 RMSE AHX BEAIK. %45 it — D EliE
THE 1R g .

KT FilmTrust HE 5 1) SL50 45 RR Y, 28R AL FIRSLIR IS N T BCDSVD++ & BCD-
TrustSVD 73 AT 1.6 s 1 2.1 s SR B AIK IR ZE, FHEL T GPUAdam 1 12 s WS 18], BABRL
o HIRSUG 7R Z 5 BIREE T 0.796 A1 0.794, 5 4 B A BARAIR Z H TrustSVD F8 [ 5256
BMRA—EMIET, 5 Guo 55 B JR AL sI0 45 FARST. ML R B, ASCHTHE AT SVD HEFEBLAYRR B
SRIFHESL DL S 56T BCD HEFERRR AR 715, BERE A 20E FH T 2 M A BR U i1 SVD A B
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* 2 REWSTH RMSE
Table 2 RMSE under the stable state

GPU-Adam for SVD++ BCD for SVD++
Data sets

Iterations Running time (s) RMSE Iterations Running time (s) RMSE

Movielens 100K 96 21.8 0.903 31 4.63 0.904
Movielens 1M 110 56.2 0.849 35 35.9 0.845
Movielens 10M 133 563 0.792 45 510 0.792
Movielens 20M 134 1166 0.782 40 914 0.781
Movielens Last 115 1588 0.795 27 1355 0.795

B A AN A 5
6 =%

BEXF SVD HEFREAY, ARSCHR T HA MR ) SVD HEFERRL KB FE SR ARAE AL, R F 12bh FEAE
28, AKSCEF X SVD++ HEF A ¥ T BCDSVD++ JF SBR[ S MoK, HazAaeisin e 22 1
flBE Rt SVD HEFFREAY, A — @ I HIR S N B, Sese g R, BIMEA R ARl m it se vt
HHEZE, BCDSVD++ EMERE T HAEN TR T TensorFlow tHHEAEZLSZIIN) Adam HiE, B iR
ffit S RE

7, AHIRSCHER [27) 39, ALS J5iEAlEd JEAT TR TH AR RE . [AIA SO RO SVE —FE,
ALS FiEH R T THBE N B, Hik, BCDSVD4+ EALHHTHHER Rt 454 Lk
SERR, AT B B SR R R A RR NS B SVD HEFE R ) SR AR T SRz L IAT HR s RS
ZIPERETRTE. R, BCDSVD++ HAT R R 7008 15 e iidk 2 1)

SEHk
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Efficient solution of the SVD recommendation model with im-
plicit feedback

Jianping CAI'", Yunqi LEI?, Mingming CHEN?, Ning WANG! & Shuangyue ZHANG!

1. College of Information and Smart Electromechanical Engineering, Xiamen Huaxia University, Xiamen 361021,
China;

2. School of Informatics, Xiamen University, Xiamen 361005, China

* Corresponding author. E-mail: jpingcai@163.com

Abstract Collaborative filtering, an important part of the recommendation system, has become a mainstream
recommendation method. In collaborative filtering methods based on potential factors, SVD recommendation
models are often used to analyze user preferences. With the recent research of SVD recommendation models,
some SVD recommendation models with implicit feedback, such as SVD++ and TrustSVD, have been successively
proposed. These types of models can more effectively mine useful information from limited data sources and
achieve better results than traditional SVD recommendation model, thereby garnering widespread attention.
However, most existing papers focus on model design and the lack of efficient algorithms for SVD recommendation
models with implicit feedback. Therefore, this paper first studies the general gradient solution framework of the
SVD recommendation model. Then, it considers the SVD++ recommendation model as a breakthrough and
designs an efficient solution algorithm, namely, BCDSVD++, based on the block coordinate descent method.
Furthermore, we solve the two key problems of capacity matrix inversion and sparse data optimization processing.
Experiments show that the proposed BCDSVD++ algorithm yields better solution efficiency and convergence
ability than the traditional parallel gradient descent method.

Keywords SVD recommendation model, implicit feedback, SVD++, block coordinate descent method, collab-
orative filtering
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