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Abstract: Recommender system is a highly concerned machine learning application of many Internet com-
panies, for its accuracy has direct contribution to the company’ s revenue. In this paper, we built a movie
We applied many advanced machine learning

SVD. Using RMSE evaluation, the

simulation result shows different accuracy as well as varying performance under different learning parame-

rating prediction system to recommend movies to its users.
related algorithms - KNN, Stochastic Gradient Descent, BaseLine,
ters.

Key words : movie rating prediction; RMSE; stochastic gradient descent; SVD

Citation format; WANG Yue, CHENG Chang-zheng. Application of Collaborative Filtering Algorithms in

Movie Recommendation[ J]. Journal of Sichuan Ordnance,2014(5) .86 —88.

AR 22 40 A 19 3l IR 55 6 1) JH P 2 N A ) — LAY
PR RGUMRLER, W LARS N T 185 55 I sl 109 4 5 005
FH W P A A R O AR SR BRI R A S
RIESGERA N ZS AT P RS . 032 T XA E X B
BRI, TEMEE RGBT, SE T P R T i
DUARTIPE Ty, S8 22 F0I 23 S5O e B0 B9 W 1) P 47 T
UFTIERR N P R T 3E" (collaborative filtering) , ¥ 2 ¥
IR USRI ly 1A R AR R A A R, O LS
P X AAAT 5 o ] MovieLens $fi 5, T — D HLR
TN R G, 255 R W], BO P43 AT LA RO A o i s 4
FEIARYE A B P R e i 8 o

s HH#7:2014 —01 - 12

EEE T EM(1961—) 5t 0%, EENF R Bl AR i ARG A

1 IR ESENIRE

5 18 B H 1 ELSAE A SC IR T i) 2 B

Y IFTR K 4 MovieLens DataSetl /=5 i Il 24 A1 3L
feo BT 100,000 Z5H I IC S, Hoh AL T P
ZDERAE T AR I 20 ASPESr . il SRR T ID, i
D PEo  VEAXIE) T o FPID AT 2943 HiEZ ID AL |
1682,1%1‘7&% 5 oyl o S5 AN G TR 4 Hh A I 5 B
Bl A TR 43 1 uabase Fil vatest 2 #8431l # £ & 90570
ZRICsR T UINZRBERY 5 J5 35 05 AT 1 9430 ALk 1 Tl

P /\ji

e

IT5%



A RR IR YA e 8D 87

RS o P BN 28 2R 4 A fi J 5 ELSEIE Xt L, i i o
BRI EUEIE Al . SE30 - 5 78 Matlab (992 2% A Octave I

bl SRS T R PR AT R BE A, I A 2
PEARAFAE T —> 9431682 1 RBUR 4 U

Tui
w={
0

Horpr SRR w X @ B9, RA IR 0, BAR,
U PN ) S S N USSR T 2 )

| _ 100000
943 x 1 682

WAL LUG , 53 AT 55 X DA b i 2 SR T 20
T, P00 6 5 350 S {788 30 2 /s BB o 4 BRI
1], PEASELAER ] RMSE 23305

1 A 2
RMSE = .
J_%ngmu“ru

FCrt A, A A BRI S 1 vatest HhEITESMEE . B
SRR B SR J7 T RMSE HOHCI I 8 fig 205
TS [ B P 5 5 57— T 24 5 B IR
5 O, R 2 Y VPSR M 5. RMSE (DRI, 2 e
T 2

=0.936 95

2 ESmNEZE

2.1 KNN
o T IRF KNN3, 55 0 3 e % 1 96 2 140 4

TOURIEE . o8 BT o R P B R b AT G B
(R, -R)(R, ,

we UG NUCip)

Similarity (i ,i,) =

J( > (R R Y (Ry-R))
ue U(i]) NUCip) ue U(i]) NUCip)
Hev UG,) NUG,) & R3S i MBS i, 517 734
(T R, RFP w 4 I A TS AR T, AR
(LB P VT EE 25 AL — A 1 682 x 1 682 [y X FRAEE S, Hirfr
S;el -1,1],

AN K
2 k;e K similar Movies ( S"v"] x R“"‘j

Z kje K similar Movies ! SM’/ l

X HL,KNN J7 3k i HER R B TN R K (8 DA K fe Al
RIS 1 Lo SCHRE3 ] g ihie 1 DB TR4r B0 iy 3t
BARK SEIX uabase Al ubbase BEE A A 1Y K AE #1725
FIT , £33 L) T RMSE 2558 i %, & 1 7%,

PEASERG o KNN Jy LT 255 1 682 HRHL R i 1 = (1]
PIFEARLEE  THR R K, NGRR3R . A S i AR AR BT 4
B/ a5 22 ) VA A R ) — 2R P R 43, X i B
TR AEARLRE Tk a8, AT dm/ ME - 1A AE K AR
N e

Pu,i =

1.14

1.12 f
1.10 F —e— uatest

—%— ubtest
1.08 |

1.06 |
1.04 |
1.02
1.00 |
0.98
0.96
0.94

RMSE

0 200 400 600 800 1000 12001400 1600 1800
kvalue

B 1 KNN # RMSE # £

2.2 BaseLine &%

SCHK[2 ] /24 T BaseLine PEA FUM % o PF43 T 2%
KEP,, =p+b, +b,o p RINGEER ST MEARTH
1830, 1B S B P w FEFT 53 B T 2 (A 398 43 04 O 25 72
33k B AR SR AN IR P SR 4T 43 o 83 AP sk i R
G5 R 2, 25K b, S B R RE LR ST 3 SR U T A2 3R
IMAFREE . TETTHE b R RN R A LATR 1y e/ )

min N (re—p=b, =b)? A (X b+ D bY)

* (u,i) ek
HI TR AR LA T e/ M IRl XA S8 AT iR i Al , 5 A2
ZRIEAR G, T L) BaseLine B — R I AT RS Iy k3158
BRI A SH

b, = z (rui _,U«)

ueR(i)

A, 1 R(D) |
2 (rui Mt -b,)

bo = R;\; +1 R(u) |
R R A LR M S B EAE R 22 (LB B B AL AR,
SEPE L, E A, =25 1 A, =10 X uabase F1 ubbase #£1T
WNZJG 43 BI%F vatest F1 ubtest #7770, 75 3 LA RMSE 4%
AR PR,

% 1 BaseLine F 345 RMSE &%

DataSet uatest ubtest

RMSE 0.966 48 0.977 37

AHLL KNN 553k , BaseLine 5 7 52 B 4R S R
R 2 (B AR e R 80, Y Zrist ) 48, TR FE v o T
AR BARAE , — B N 2k B S H A BEE o
2.3 BENMBEETH

BB T Wk A2 Bt 28

Fu = 4iD,
Horpiq, e R UM T R0 B A5 I RRAE A 0T 2 A P P 19 52 3K
AR 5q, € RY RIM T 3R P % B AT s i B B R . X
TINGESABINRE e, =r, —T,0 FIEMEH LT HEHLE
BRI SR
qi: = q +ale; *p, =B+ q)



88 W &=

I 5 IR

http://scbg. gks. cqut. edu. en/

p.: =p, tale, - q -B-p,)
q; M p, FME VI [0, 1] X [B] 3457 43 A1 1) B AL
AR, A T, T o =0.02 1B =0.05 fEN%
TR kE, 7 LLF RMSE 25504k, g 2 fis .

0954 1
0952 1
0950
0.948

RMSE

0.946 +
0944 L

0942 L

0.940 . . 1 . L . ! 1 1 )
0 50 100 150 200 250 300 350 400 450 500

kvalue(dimension)

B2 RFEkEJL(%E) T RMSE v

BEALER T IR AR SRt e v o7 I A7 480 % F 4
B S AV T P AT S AR A — AN HEE O kA RRAE )
A G RE R TE R 6 o B A TR I 0 i R
IUHA B 0 T SL O 3R % U M A AT L AR AR T 1
KNN 71 BaseLine 5835 5 4714 F0 A 2
2.4 SVD

21 F{E 41 f# ( Singular Value Decomposition,SVD) B LLF&
YE225G T Baseline T VL A BEMLAR BT 55005 I 1T 43 T
WML, SCHERL2 ] H 45 B PR s T =k
Fu=pm+b +b, +qlp,

HA 5,0, .9, 30, o PURE L 2.2 /NTT AT 2. 3 /AT Al IR 1)
— B, FIRRE SRR SRS O7 2R3 B 45 5L, g, Fl p, O]
TEATBERIE 2. 3 /N9 iR (B AL 1) St I o 2R 5 80 i
b,: =b, +a, * (e, =B *b,)
b,y =b, +a, (e, =B, *b,)

G =q +ay - (e p, =B q)

Pu: =Pty (e, q =P p,)
SeEe o BRAE R «,, =0.01, B, =0.04, TEARRK k H
THY RMSE i<k, i 3 fiis o

098 T

097 1

RMSE
S
o
W

~

093 |

0.92 U S T
0 50 100 150 200 250 300 350 400 450 500

k value(dimension)

B3 svd B ARR EML(2EE) T4 RMSE w2

3 HRIE

TEFATH LA R G, XF MovieLens $i 4 % T
4 FHPE TN RE , A4 6 T B K b A 6 2R B 2 T R B2 A
eI KNN 553 Baseline F50I 45 | AL B2 T Bk DL K a7 5 (8
O Ferb BENUAEE T A ar S B i 7 1R B T RAF I
PIDRSBE o XA TREABENLIE B AN I 2 A S HRL 9 535
JEtldRa X R P BCHT R BOE  (HAG HE— P IR AT
U BT S BRI EOUL, 76 = RO PR SR P R 1Y
SCRFT L RBU T AR TERE

SE W
[1] Breese J, Heckerman D, Kadie C. Empirical Analysis of

Predictive Algorithms for Collaborative Filtering[ Z ]. Tech-
nical Report of Microsoft Research,1998.

Ricei F,Rokach L, Shapira B, et al. Recommender Systems
Handbook : A Complete Guide for Scientists and Practioners
[ M]. USA :Springer,2011.

Sarwar B, Karypis G, Konstan J, et al. ltem-Based Collabo-
rative Filtering Recommendation Algorithms[ C]//Proceed-
ings of the 10th international conference on World Wide
Web. [S.1. ]:[s.n. ],2001.285 -295.

Deerwester S,Dumais S, Furnas G W et al. Indexing by la-
tent semantic analysis[ J]. Journal of the American Society
for Information Science,1990,41(6) :391 —407.

Gorrell G. Generalized Hebbian algorithm for incremental
singular value decomposition in natural language processing
[ C]//Proceedings of Conference on EACL. [S. 1. ]; [s.
n. ],2006.

Adomavicius G,Tuzhilin A. Towards the next generation of
recommender systems: A survey of the state-of-art and pos-
sible extensions[ J ]. IEEE Transactions on Knowledge and
Data Engineering,2005,17(6) :734 —749.

Goldberg D, Nichols D,0ki B M, et al. Using collaborative
filtering to weave an information tapestry[ J]. Communica-
tions of the ACM,1992(35) .61 —-70.

X RAR, AR, TRE. — AP IR T o) A A Ao R P A AEAY
WAL IE H R [T]. KL T K $ FIR,2012(5) : 144
- 148.

A A I AT MR P A AT Ay 89 S HEACAE 75 5E
AMJ]. T REIRFZFHR: 8 KFFRR,2013(1):47
-50.

(REHE Hak)



