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Abstract

In big data era, recommendation system is the key means to tackle the issue of “information overload”.
Recommendation system has been widely applied to many domains. The most typical and promising domain is the
e-commence. Recently, with the rapid development of e-commence, recommendation system becomes more and
more important and is promoted as a hot research field. The history and development of recommendation system, its
domain requirements and system architecture, its characteristics and challenges under big data environment, its key
techniques, open source big data recommendation systems were introduced. And at last, the open research problems

and future trends of bid data recommendation system were discussed.

Key words

big data, recommendation system, collaborative filtering

2015026-1



BIG DATA RESEARCH K48

2015026-2

1 EERRSMEXYE

WEE R S5 E B HE RIS & B, 1t
S HENT—AN 4 H s A R AR,
HIRMTCAEATE, 520 T AL EEHTTIT
THITE], FFRECE T AT AR T =0, o H
FERE AWeb 2. 0IFRLIOK, BEE S0 R%%
AR S 50, B T RE A2 I 4515
BHERE, WA WS N4 77, B
AR R R IR . T
HERRE AT B, FETHDR PR H A 2 BB
W5 B AR B Je T =, (157 Bk
W S A S R AR B, PR AET
HM “EE R A,

2R G 7 2R G i 7 A2 O i T

“MERE PR AL T AR EE A EOR
FBeo A THURS IR, H AR R E
e R A5 S, AR R S R A
“HL RO HR AT, RS EEAR A A

N, IERG S B T ERICE, K 5H -
EIMHRNEERREGH T HE, ik
FH P 0 FE B A A AR B R KA o
1A, MR RS E R TCRE N T PR
SIEERIE], HeF RGN B 2 AL T A
5 3K, T 2l 3 43 A FH P | i s AT D ok
X PRGBS, T B 45
HEFE TTREWE B M TSR F5 SR S R
I, RS BN 22 G 0 FH P R 2
ANEAMNY TR, 5 B30, 5 E 2
B,

ITJUAE, WP RS ED R E, EHR
G AE B I R I A b ok s X
FEEBRTT T, B A7 55 A
AmazonfleBay, HiFFAmazon & H =%
FH e BN AR R o i . 72
W, HEBCR B B L 7 55 1 8 W A Y =
W CELRR R R ) « TR, 22

BB %, fEX R FRSTFaH, M
il B Ak AT B AN T LA, R
PR AR B TS 2 Fitt, Kl
B Em A EE ST T4 00007,
AE A0t P R HEL R sl e, PR EE T
LR E A REFEE NS, SRR
ZARMI 5 5L, F P e X e 8 S b o 1R
X5 A, P oM T e 36 18 i o
T, HERGIE NG I8 H 7 24
P HE SR — S PR SR B R i, AT
9 P A G o 1 e 2 v AR AR R 7 3R
AeH IR o H AT AR Rk T i L 55 Il
HR, EEAN IR R A A R A P
PRI, S F P HEE — LR, AT $
e DX ks P A

FH—ITH, HeETFHIHNK RIESNTE
BRI K JE o A8 P8 RS 3 B 5 W
MR, HRTAL B R AL A (R BT LA
AEE A AR, BT, E A
TREMET AL EE BRI, E AN
& 2 A MeetupflFlickr, [H N4
A S R T R AR B A, FE R AR
FOPFIX A EE T A7 B R 55 p Wl o, P AT
IR B E OB S A7 B R S 52
BE | iR s E B SS. [RIE, AT RO Y
AL T 2R BT 00, e
B BRI T 9y, A AR S
JRAZ o 4 P K 208 J o e 1) X o
S5, [FFRa il fFRE 7 A,
ARG DARYE P A EA5 BN P e
METALE TN PSRN A, I PR
HAFEHEERENNE, 2T H P
AR p=Nzea

WAL A 45 2%, PR B
AT AT IRERER, 2RSS
W 2% by HoAth P B AT E Bl . EANE AT
A M2 Facebook, LinkedIn, Twitter
&, BRI ZE M FHR S . AR
Jo A A AR s, B P A A



TOPIC €&

AWK, e SR 2Z A=A
THELRE IR R B o AR AE W 4% T B B
TR P 5 P 2 TR O R S 2R AL
o FEALZZ W2, HIF R 5K 2 AN TR
[, SR ZR AN 2R ] BB A B S T AL
FNL R RS PAKR, AT fe2 MW
ZE P RESINAC, HE ANl A A L F 22
AR 22 28 1k B o AEAEZZ I 2, A
PP Z (B HHE R R T P Z AR A 2R
2, AP R — AR, P AR ZE
D0 28t () 47 O B 2 B/ 2 57 B X 28
FIRFENT . L, #EF RSx4t
2Pt I ST S R, R i% T e A
ZEIRZ IR o

2 HERRNFESRRE

HEE RS XS R1995F RS
E A THEREh 2 (AAAD B3y, 4K
CMUKRZERHFZRobert Armstrongdit H
TR, R THEE R SRR
Z——Web Watcher, fERE—"P< 1,
ZE FH A K22 Marko Balabanovic
SENHEH T EERSGLIRAL, [
J HERE R GE T 58 TAE R4 18 18 H: K
19964, Yahoo R ufi #fi: ty T/~ AL A FIMy
Yahoo, A AEVEER—ANE B A 57
gt 21 LK, R GERIM I 5 N
WE A LR o5 P R R T R R R, %
KT 55 W b B0 8 T HEEE R g, Hop
Amazon My HEH RGE LR E 2. A
HFR, Amazon My 35%HENL AR H T
HEIEE RS, 200647, EEAIDV DAL
FATINet (i _EAN TR S T— N HES
ke gE——Netflix Prize, Netflix A FF
T EEL W R —E s, s P
HLEE P40, Netflixos ZEA4T 3 s 17
SE AR GRS i A SR R AT, H ]

R TIRZA M E . LJUE, BEE T
SURG IR R, HEE R G TRz
NI ELEUS T 25 ik 2, HOBEE A 4
RGN A Amazon i = W R
SHEFHF ZRBE . NetflixfiMovieLensHHL S
e ZR S0 Youtube MAMIES: 2R 50 . L
MLast fmP¥H RAEE R GE . GoogleHIHT
[[HEYF R G LA N Facebook Al Twitter f4F
RAERFZR DT

A7 F GOt A T, o R AU HR T
bk ok bk 2 . N19994FFFf, SEE 5
MG FEAFRFRE SIS (ACM
Conference on Electronic Commerce,
ACM EC), HOREZ /) 57 2 G <
FIIE SR FAEACM ECE. ACMIE B
L 2H (ACM Special Interest Group
of Information Retrieval, ACM SIGIR)
FE200 V4ETF AR 477 2R G AF o % 2 LY
— /ST R [FARE TN TR R
4K (The 17th International Joint
Conference on Artificial Intelligence)
W R GAE N — N R R B
UL I TOAFE[A], 22 R SN #7728 5 Bl ok
B, HATNIE, Bl Zdaizie . AT
BHE . Algs = TR R E Pre 1 (A
SIGMOD.,VLDB. ICDE, KDD, AAAI,
SIGIR, ICDM, WW W, ICML%) #8H K&
HHEE RGO TR K % . [N,
F— ML R G AR E R ACM
Recommender Systems Conference
(ACM RecSys) F20074E K20, 1
1T LA B9 B 92 3 2 03 R L s 2 L
(KDD) % JKDD CUPIEEH, #ELE
PR AT A 58 3% 2 RS & HEHF R 58 . FEKDD
CUP 20114FRI5E3EH, P Sa 288 H 437
9 RIS T NSRBI AR T
FIPF47 o FEKDD CUP 20124855387,
PSS H 43 310 B TR R Y 4
Eiicc i B 2 N I Sl el vz <5 1

2015026-3




BIG DATA RESEARCH K48

3 EERGNARTRUNRRRNE

m_EFTid, HEXE R GAEAR 2 G AR 2
TTZIR AT AR | S
AR | IS HERE | PRI | ORI
RTINS o AN [A) G 1 9 2
ARG EAR R IEFRGE, X HEE RS
T J Itk LU 7 45 RO L AT
G N 2 =R B il s RS N
Ko ARG R G R AT L IR,

RAEH KRR, —4 5 SRS

ARGUEE A O R R
FESIVEEFIH P A4 B 43, AN LR
HlRiEHE P i P
- e
y AR
- B . gt
%unﬁ’%*ﬂ%% . ﬁﬂﬁ%}f <:: ©

1)

0

Pk

- IR
R

HAIR AR AR L AR O FULHE £ R o B it
e, KR IR A RT3 AT B s
2, B B 2R P g i, I
AT A2 L R ETNAL . A A
Pt B0 P AT A R AT 4T, AT
RIFH P B RS . AP i EEA
FEAVE L PFar . WS WIS WO 4
RIS [R5 #E5 5 | ERER S B i
SRLY:, SN b i e o A 5 Hh i G R
LI, HEP IS LABZe I m
HETE, HETET R R GO 7, B
e FRE R G AN R] 3 430 FH P 2 1A
Pk 0 J R HEAF a5 5 L AR P R B AR T
MR T N B AR A, B SE
U 50 7 (S B ARELR AL, b A BT
PSR R, FEA RS A4
Webii; (Web—based) f1# 54 (mobile—
based) o 32 R PR, (O F @ BRI
S B TR A

&b
HBo

31 BPEE

PP TR 52 Bl TP B 2% 88 s 2 FH
SR Y K25 AT 4 DR S B AR R B 5t
SR R PR T = A e A
PEare RIPE A2 45 P R 2R GE T 81 )

B1 RGN HO I, anspse ., vEal . BRALEE . PRy
R FAAFHOEFTRRFRRNLL
I EET e HiEmG: YR FASAE ATk gl Z R HrAE
BT skt * stttk stk * * ®
TR stk * * skt skt okt ok
AT A 7 * * ek soskestok ek % %

bE Rt T 0 W S8 SR

2015026-4



TOPIC €&

R LI 53 FA 2 P 53 4N, fEYahoo
NewsHE B4 W (more like
this) FIAZ W (less like this) . 241
43T DL 4T Hb A A 5 R A7 i 1 B R
B, a0 GroupLensH P67 [H] 10 5 47 72
FERIPE N 1~55% News DudesZ #1111
A R JERSLTER | ANIERSGE EE ., BT
fREZ, SR TIA— LA,

R 2 W P ASBE A8 A Hh A AN
TrlF el E AN R A AR F, TR
AN R FTEL, Btk st
7 RE 0% TEAfR b AR B P 1 i 2 R Al S 1)
A P R RS B A A
(RIS IE] | AT A A b A RS
WO L PEIE A CRTHEIH P R0 )
PSRN A 2e % AT s sk
JI 7 4 o FE I R I R A T R, R R
FH P B B RS R P R 7 b R 43
#i4n, Google NewsHH 321 AT ETIC
REM, PR A1 A B0 4324 0,
Daily LearnerZ e H P s 78 AR
T8 0.845, 358 4 SC MY 43 B 73
1475 AP BRI T RGEHEEERTE, WA
RGP 43 TP 25 0. 23 VE N Fe 0F 47

FH P H SR T 3R 3 2 R A 6 1 >
TR o < HA 2GR S B F P ) LS G AT

TR U R B ST D 2 S B8 A e Y 4 R AR TR
AT S R P SRR AR o B A AR TR
A TA AL I | 5 SRR HLT432
aR IS . T S B 2 P dn AR
JASE R SRR, AR
PEARA FTLA, T B H B P S

3.2 #HEsIE
75 5 82 ) HE A HE TR T T 4 R T
PRI 4 2 AR R I il S S PR
BT AR 72 77 1 A B A S

AR A P A S i W i, 39 136 LA 2R 0L
I VE N HEZESE 52, i, IAEA—HE
s SH P RE TR A s A I
T8 A B A SR AL, U P AT R A e X
FRHT HLRE o (S R P AR g ] R AR AR
AR B 280 22 4, [RIREX TR~
AT RRAE SR, S W AR 2R () P 25 A
A o SR 5 TS ABE IR 4[] st R AR A 1% 1
o A L P [ R P 2 [R] P U
DGTC J5 %5 v VR i e 20 ot s T D 4 7 45
XA EARH

PrE pE LA HiDavid GoldbergfE
19924F 4 i, /& BT i E R 50k
N BN Z R . EANE AR
k55 Amazon, BN 4 R 2
D IROR DR S R s, SR P T P DI R R O
o HARFUR BT KRB s AT i3 K, B
FH R P T A B (R A 2 [ e o () P B AT
77 BRI VERI A TR s T8 (R
W ISR ) R B SE R, X PR
B P B AR AR P
S =S T P SR o PRI SR
A T B AR PR AR AT
N ER B B B 2GR SR
& HP e RERE %) 5 EXAMES
HRH P B R BB BRI S
LS B R P

FESEBRAL A, B A I 98 AT i
KA 2y — S EAER R A, 2 a5
(AR o 1 ] 98 3 2R R P A A P Bl
Vil S 2 (R S M BEA T HE A o it
T EET AR B Rl BB T B B T 40
KR TT e T EESER M S AP
TR DI SEAH T 193Z P 4R &, f e X £e
LRJE AT 9 S T 45 2R B e T 5 2 )
AL i o IX AR BT R RIS A, AN
WA P AE— Y i EA FELR T,
HB AT A ) 4 it . K A AR DL
s BOE AR A — LA P B A

2015026-5




BIG DATA RESEARCH K48

2015026-6

FIPEOT, AR 2 AT oAb i P ks &
AT

PR IR AR SR B S ()
i) BRI SRR o ARG BRI, P S
TR M &, PREIHERE I ROR BEA
Ufo MUtk —o2, BT B RS,
()22 40 = A A7 D AT JORS 24 i P A O 5
FT NGB o 575 A0 — LG g TR A i ] L )
T3 BT AR I —2e A (B, A K45
ARG — 2, B SR A AR a0 T
W, Seahsenl o BUE, 8 A Al bt —
PHFEHABEE . b, A FIHIEE S
PR T3 95 SR AN E I i ) [R) (LI 287
PR RS RI R R 40 Mt R 5 e A 7 11
[, FEANRESE @ vd i AEESLEN T,
TR AR, Z a7 O 1) 7L B AN 5
H o 0t s S P T L R T ok A b
2B ZT o B -5 G G R AR DE L
HO5E, DM@ REAR Ha B A FI I DL i 1E
Wi EE, SEARR AU EATT ISR

WP R IR A PSS BTN
PRI TT IR TR AL O o 1A 22
WAk, B S 2 BRI RS
HEIR; o3 S E R — D EERSE
AT, SR Tl X MR R H AR

TP PrE R S
FURAHI I, SRR R 2 P X P dii oo
FEHEVEN 2 PP 2R Al THE . 5
SR, ETMh A iR H 5 &
P RALAI i, SRS R 289 B 3T
G BV i T S5 R il L S
TR 00T B T RN EME TS 5
ANFRTTANE o IR SEOIBCFAE 5%
AR IR R HL R BARTZ, MSD,

T 7 o o 1 A I R AR Y
SHACETRR SR . e i T2
IO R NIARY o - SS A NE « N CIVE G
TR0 BT BRIETT R AR S AR 2 A
LRI P (B0 ) RS, IX R AR AT

BT e B G i A B e (]
DU A B A SRR A 25 8 A P A LA P 3
Gy FHAD PR3 150, BT RE
T E (P isg I TR g 1~543) 14514
B, RJF I — A I KRB T 37
S FINMAEL o BT [E] U9 7y 9 g B A AR AR 5
FIH Btk [l A A L 22 S 1 et 2 TRL R 43 B 5%
&, ARJE R X 2 5 Z2 0 PO P
53 Slop—one B EEIFERE U RE 4 _E A
TR, 2 GRS P v B A A
IR S A A

Tt — 28 Rl o i B TR 1 T v
B TR SE M o3 1 J7 45 Biln, SV DY
FHSV D+ 5B B 43 i 3R R )
FE R, 1% 3/ HE B4 1 Sfe B BB 6T i s S [
P RERRE FE AR, AT AT DAY Ay HY i 26
fl o 75—y P IRt 4 g 1o, HOR
[ Z AL FET, FE R4 iR i 45 SR ANS HU B 1A
{8 o FETRRE ARG 43 il 0 77 48 AT 43 LI
Al B — AR (Bt il R, JfiE et
T PR ] B AR P A o AR LSS AT
e, X EeEH B IR B R AT RE A B — F
SO H AR, Poan XURs Bl 2 20 (R J7
FECE SIER) , AT RE & Toi R .

RE 53 R BB A X PR 28 A8 B AT AR G
ZITN o Tensor sy #1554 U 58 48 KX Fif
AN TR 5 A8 B 19 28 BT A B B ) 4
JE o SR, SR R 7 o A A R 31—
A HTHESS, BRI A TR AR A
IRl 43 fi B Al b+ 5 3010, SEIMHT R A2
2> 505:, lnSVD++, STE, FPMC,
timeSVD++, BPTF S, # £ 0 k§
TE (AR S AT PR o9 A R B Aty B Al
HE o DRI, S5 T8 B PR o il AR R B e 2
AR ST o FERILA A ST AR T TR, B
RN FEAGE M oy e i B ) - S A I 2
L, a0 (BERL) B T B /N3
e, AZ 4 DU FIMCMC (Markov chain
Monto Carlo) , {H& X T H 21y E 55 fif



TOPIC &&

T F, 2 B A7 g T
Pk,

K143 fi#HL (factorization machine)
#=Steffen Rendle F2010#E gy —1>
A A Z S, Rendle fE
KDD Cup 201294 B A Track 12E 244
M Track 2837 WIS, SHEA K F 5
TR B, 2B AR AR AR AR ) — i
5o A e RS ERB S I 4y
AE T SR AR 48 K 22 B0 1 R 4 AR
LibF Mg 70 AL TR SE B, 17 50 5
H, ARERZ T AR, Hpa4g3250
A Bk BN RE T e 28 B e /N
FePFIMCMC,

X BLHE B Tensor 4y il A BRI R+
a3 AL JE T BT SO G A 7 S T
Wo b SO H8E 77 LR 4 r Rl
B Z4ErE . NERHNIER A, BT
JRAEE R G W — P R G, 2
— BTN SO &2 S8 Adomavicius
M Tuzhilin AR HE, 8 _ETIUER
Tl N A 7 2R G KA R T R e RS
BE, AR A Tz 5 A BT SO
%% (context—aware recommender
systems, CARS) 7 M & I 161% 58
AP —IH” 400 AU By e
FAL S Z R BTN SR B 2 AR T 4 s A
A, Sun®EAESEHOSV DY I7 2 T
TR, #E T CubeSVD R LM, B
ARPRALEEEERN BTN XUEE, ATH#
R ERA Ry, BUS T AT a5
RenlefF A IR TFERLEE, SHOSVDA
[, RTFE AR A A 27k,
AT DRSO i A B

FET A B HERE 7 AR T [F] o U8
HOHERE 7 iR HA s A B MR G K
H A —FR G RS, B4 oA R B
R AL, SOIREMTR B A, IFSE] T
AU AR

4 XYEFRTHEERS

4.1 a5k

BIRERE R G C A Shis i TR Z
R ZGE N ok, (EIRAE 25 i Ao Y
AT ST, HEE RGN 7 st £
FE, 1 R GO ANIGEE AT 1R 5)
SR e LS5 A2 G MEA, 38 T T FH R EL 8 5|
KW Z | S IR SEpRmE . Fian, A
B H OO 2, WL RN U5 (A4 R
GEPTE BRTE RE I, AL e ST
LVS ZRMHIIERE R G HIE M . [F
Web IR 55 s A0 BE 28 SUi >RAE K HU AR T
AR 22, Web IR 55 25 Ml b 5 FE 2% 1%
12077 4 B HE 77 FR GO R E R SR A (AL o
o FHN, BT LI B AT HERE A R A e
& T A IR P 5, P E AR T
TO 9 BHE 7 G IR MR [R] o (2 SeHfERE R 58
(R B — I R AT AR B AR AR R BRI T 25
AHEM, 8F—MSME A G — 8T
Xt P SR 22 MR A A A i 1 A7 2R A
AL R I S T A MR SO A7
FEH., RO R S e Sk LR BN
e AL TSRS 3, SRR R R A s
C SINNES = 9D R aa SN D P18 S e b 2 A
RO RE IR HAWE IR A
PEAR B th 2017 R SEi ki 28 Bk
i, G HEE RGN AR | 2SR
AR 77 A A B ™ B A

4.2 KERA

4.21 FASHRA NGRS ESTEHE
& G5 ) HETE 22 55 57 R F AL B /NS
TR D BRI B, KEZ2 A RSS ok

2015026-7




BIG DATA RESEARCH K48

2015026-8

HIZEAE, HRO R 55 i 75 B USCEE F P i
sk, IR0, A il ER BN E
fFRRN A E SIS T . 5L
Pt R, # s Tk 4 FE IR 55 25 N
AT, BB M B e N 2 2R 4L
A, IR B O_ L RE S, BT
S PATRCRIAR, 77 A 77 45 R n i [a] it
<o T T R A R A e )
ARG, BT RPN OIRS SRR
GEAEIN (R FAZS (B2 et b Ta i & K& s
T N HETE R G P AR B SR 1

KB R GCRHEE T R HOR
A RO R G B . & S — R I
K AR . BB AL PR B U I K s 4
7R GRM AR R B, B REN K& s
LR E S AL A 1R, Hadoop 1
AR SO %S (Hadoop distributed file
system, HDFS) ZEf & Hp g iy | 5%
L SCIE R G AN, B SR I AR AR A
AR B 5B, T T O NS A R 2
B b IFHE AL B R T B —
HH—EELEH O R ATE, & b
MAR B G E I i, 6 o RO R
RSO AL B, R R SRR S8
15, 25 5 vty 8 o 00 6% DT R 152 RO 4 31 AR
Hb B AT AL B AT R AR IR R
i HDFS SR HEEIR A7 . RO
143 HR AT 253815 |« Bls IR IS 48,
Z P HDFS $2Atny e 1 dE 7 HAp
AT, AR T,

4.2.2 RRAETEREANSHITHEES
SERE BB T R HE SRR £,
HadoopH'fMapReduce {ERHEFEH LI
IR FET 6, B —Fh oA it 5
MEBE, 2 —Fgr 8 i A AT 5 4w
FEREAY, W FH T R EL 0 A AT AL 2
F— R WA IR FEAESE . MapReduce
L2 AZ D AR TR 2, Xk

BB ER R IRTE, ARG —ANETRE
BRI o e AR R s Ak, SRR T I
EANTRM R R, BRI AL R,
MapReduce HEZL A TT Ak BRIHAT 4 fE Hh 43
A TAER S I 651
flir . ZXEAL B DL 4% 50 15 S A =10
AL 3R R P e A A BRI AL : map
reduce. mapf BS54 Rk 2 M E
55, reduce BT fitfm 20 AT 55 A BRI 45
SIS, i, 2010 4F, Zhao%EA
APSNUINEIBUR) = RPRha ¥ =S EV NG Y
HEFF RS T HIERREE, 7E Hadoop 5 E5E
BT BT RS e R, 201148,
EF R HE7E R G TCHAE R N5 K & P it
fAHEZERIIREE, Jiang %8 AR 5T W0 i A T
[ 3o 8 I 77 vk A 3N L B Y 4
4/i~MapReducelirBt, Y1435 75 B BT
PAIFATIBFTAE SR B 25 A1 b IR
{142 1 7T—F Hadoop & R HE 45
DX, I 7 o AR EAS T8, $2
Wt R G RR

4.2.3 WEEXFTIL

TR KT 4l T 75 B e 77 Sk b B
M ECR AR PE R, T B A 2 PB 2L
FEEE, FlE R Peacock 37 5 5 454
ARG BT RIA SRS L TR
EWES - GES- b [ e = DR
ICFRUAE J7 M A e, HEURF G R
ik3 TB, WARFHFEAZ SO RE T E
S HE R, LR N Rk 3 PBITY, TH A
Qi e R, R A SRR AT e
e, BT R R . HE RN, i
()2 2 B v ) R A T SRV BB A SIS R, (AL
P AR E RN, X 2 AT R VR T
SPERE IR, JoEE N TELBR R R G
R DAL, TET IR) R G 40 £ 1 3 7 2R g0 i
TE bl N 2 R B S i A IR AT B
P NI L =% e R i 2 Sebas iR AN A (e W



TOPIC &&

FEARIA G TR LAR RS

5 FEASERREERE

5.1 Mahout

Mahout!s& Apache Software
Foundation (ASF) Jf N y—A~ 45 i IT
WIH, EEEEH RS A — e n 451
B2 27 > U 2 B R g S, TR N
ALE Apache ¥FR] MR H, BEAE
FF A N BB N 55 | e b O e AR AR 4
P BRI R BT I 28 | RS
Rz LA, 45 PrEILUE (CF) |
459 (dimensionality reduction) . &=
WA (topic models) 8¢, Mahout £k
THETJavalJIEEFE R G5 % “Taste” , H
TA A ETE “ Taste” L FrdEF A
M BT LU BT slope—one [T
A G, fEMahout (HEE R Ph, A
FEF AT 3 (user—based CF).
FHT W PrFE U8 (item—based CF) |
EF /N3 (ALS) B RS RN
ALS (ALS on implicit feedback) . JIZ
HiFES> i (weighted MF) | SVD++, 347
FIBEALERRE NB% (parallel SGD) 4%,

5.2 Spark MLlIib

Spark MLIib?x&fH H AL a7 > ik
AT TSI, WARE R | SR AL
ANZE DUH-87 25 4325 T 549, K—meansZg
O, A BT B O AL S 2k LA K HpI]
i YE P S ML ST 2 T
RE R R I R R T v, LR ol
TR AT SR F AR AL A8 B e /N 3l vk sl A 1
PN B R SR, [ B S 4 B S R AT BS
PR IRE R

5.3 EasyRec

EasyRec?/&SourceForge ) — " Ffi
WiH . BN, AT 5 5
B SRR G B R G TR
mnELFE T ERSR N R L HEE SR
BT SRR, Rl LARIN 45 2 A H
FET R ity 2 (L HE A IR 55 T B 4B I 55 1R I
i P G BC G & Kk — S AT s
F|EasyRec, EasyReclll & BT/ & A HE
T, FERHEE AT R AXMLELISONHY
Fe AR B AT A E s 45
BT WBLER LSBT WRLERE Y O IR LE R
AT T4 4. EasyRec Wik I 7 f2 ik
Tl EasyRec 4 #8 LI sERY 2 1, AlE ik
X e kRSB 7 L 55

5.4 Graphlab

Graphlab*fg T20094F, & HEH
RNEMEREF RN —PIH, B
TC++ikF, R Rt — D ET
F e e RE oA U S AE SR . GraphLab
RE % w5 2L AT 5 ML A 25 ST R 4
I A0 A8 1 5 R R A B BB, Y Boosted
LR RS SUR T F AL T
TR B AL S S AR B, B X 4326
A B TR i 2 2 kAT BB iE e,
SPARK. Hadoop. Apache Avro, OBDC
connectors&EHT TH AL, T REAUET,
GraphLab7E M AR A #2400 £ KA AR
%L PE 4L, SR A GraphLab R 2E1THERLF
7E (random walk ) B¢EET B R4 77 Bk
AH AR BN, GraphLabiBsLEl T &2
/N ZIREALS | BEVUESEE TR EE SGD.
SVD++, Weighted—ALS . Sparse—ALS,
AR 44> i (non—negative matrix

factorization) &5k,

1
http://mahout.

apache.org/

2

http://spark.
apache.org/
docs/0.9.0/api/
mllib/index.
html#org.apache.
spark.mllib.
recommendation.

package

3
http://easyrec.
org/

4
https://github.
com/dato—code/

PowerGraph

2015026-9




BIG DATA RESEARCH K48

2015026-10

5.5 Duine

DuinefEZE—E D Javaik H 951
BRI, AT DA W A o S S A 5 2
Duine# iR & H LAl &, A ETTR IR
HARIEDL, AR EET N HE 7 F U R
Bl A B e o B ANAERS S B (LEan v Jo A
IPEOT I ) 40T, EMIEEET A
oAt HEFEBI S R Ik, WA
FORHRI R B R EUE S TR TONE,
FEAAHFLUTIURM T 3 R pEe: ., BT
SR A HE B (P 25 YRR AELRTE 43 P T )
fGenreLMS (53 26H04EHE ) o Duine H
A — A A PR R AR R, B DA S T
R, R P22 > f1 3K BUH - 9 2k A0
Weoi )iy, SRR AT Ak B A A DLEE 3
PR,

6 XHEEERRMAREIGAE

6.1 YS{EIRENA)RE

e R SR HETE N AP R
Wrie] | MR ORI R, WA B F
RS Z BN RN AT DL SO 1) —
BOSL RO G2 8 AR B4 X S b T
AL R B S AR SR T 5 g 25T
G o X TICARZEXS 4, W LAE B A
FRAIE L 22 A SO AR SR U AR
IURHIE . W T 28N &, i T RES G 2
BN I AT AU AR S A5 AR SR HURFAE,
M2 AR N B AT AR B BT AE2A AR SR T
M FLEA R 5e35, PRI 2 A SR RHIE i
IO 2 58 B B A Y — RO i
BN, HERERT SR A X 43 FEE X HE 77 ZR ST Y
PEREAT ARH EHE A Z M0 . HATE B = 51
A R R RIE X AT R T T o

62 ﬂﬁﬁ JILI‘E]@

AWK 2 H e A e AT H
1 P o3 RE R A B AE A b 4 (]
J T2 T 5 T — W T a3 S B R
e, BEH P S9N 547 R — K
Mt ] BRI AT A28 G FH P A
AT 19 P R 3 B s e B A TN T
Pi) “H P —W PO FE R I 598
WD iy — #4347 R G T B &
ESE MovieLens s Hi f£1V4.5%, Netflix
T KT AL 0 B R AU SR R R R
FE1.2%  iX LET R B A AN B AR AR
SR b B S B AR H R B AR IR T
1%, #5140, Bibsonomy HIHEHiJE & 0.35%,
Delicious i Hi 42 0.046%, ¥ E /LR
F R 7 B AAE 0. 01D A A7 19 s FR A4
Yo, HAREFRH AT ISR R 2, HEE Ak
FRDRE 9 Bk e, R RE A MR A, A 2R S R
WG, HESR BRI RPN ERE, HE
T BRI S KAT T, A S S35
e FE I LG, SRR

6.3 A RzHEE

& 7 B[R] LS A 77 2R B8 T T I O e
KA 22— ¥ JA Bl )L K5 AT Ly
N3 ARG RS, i (A
P A1 . 28 G4 R Bl AL 9is 1 2 FH T4
Ed TREE, P —ahiE o JEEET
JERAG, SEAERE R GASR AR AR
AR ARARG o 3T 00 o TP B2 P 38T O 0
DR B PE o, 3X S A AR M
I HERE R G 2 LT, R ME LA X
Loy, INIEBCEIEIEER, SE—L8
T IR L TCIEAA AR o BT (R
ANTR SR 22 58 52 R FE AN 8] - T P
AT LU I 2 Fh 07 sE R T, BT



TOPIC €&

i [ A R G, AL R FR 5
S, RO PRI DUA 2 g 2 808 0
BIFVE4T 5 TS T — LU 772 LR
A IER A Y D i, ST [ R X R FR B
145 T ER B o TR AR DX A AR 1R A%
WU ECE A 8 P g —
BEAT VY230 S0 P () R B S HE 77
RGP IR KRBT R B AL =5 — T Y
PP R R R, A3 AT 00t H 1t
R e PPN N N b PR o B e E A 4
755 RIS 5380 P I aeo A dam B AT 2 43
I, T KD, RGMRIRTCHELA R
HIHES, X2 SRUT P RO RS A
T 5 L5 P R 1200 T g i T
R T Sl I A A AT A AT
FURFIE AT %, 248 0P B Gt AR A %
BRAFAE, £E P U D B EE B RA T
o3 IR O RE R HE S

6.4 T¥ REtER)E

37 FE P ] R 4 7 22 8 T i P S —
L, R A AR R B R, P
HEY BRI, BoEERGESEEN
SN TR NTITE &S NN L T N s
B[R] A R B 4 2 45 S M DA 32 1y, R
) e o T — B S P SR A v A L
ARG HETHNENEERS, AP
F Y AT RELE T SRR B B N (] 5
0 R B TR i 2R G0, AL ]
L S I S BRI 2 FB 2R R &I [A],
1K B2 S I ] 2 B P AR SR 4 S S e R] i
o R AR A, T — SR I
TR A & B Sl id sk
AR FSE LT F /0 AR DL Bl A
ZHL, IRIE e b AR B X SO AT ) AL
B HEATHERE 20 (B2 X FE AT AR A F 44
I AR, SarwarZE A 20024F
PEH TR =SV DU A JE R, ST

o3 FE P I TR B N, RS R
BT EE A, T T R
SR IR ABE Y R AT B, PR R RN R T A
TR B T R R RIS, A SRR e
RISH Ty AR R M (P, i i 22 hE
AR R A AR, (B X RS —
SE TR L I AR R G o A SR A BT 42 )
AR |, 2= T R R TR, AEEE
I e SCGE FE, BAn A8 7 AT R BE
PURBIE R Bt e /N3 45

1 BE5RE

Wl B I ) R A, AT T A
MRS B KE @IRW ), XRS5
FAY HEE I AT AR G g ok P (56 ) 86 0
AT 7 55 o I A (5 R KE TAJ R, AR
SC B E I P R AR R ST
FELEFN A R BIAR | SRR SR ANZR G 2044 |
PP FNHERE 5155 | BRI R
LR PR BRI BB A | TR A R s
HERA BT . KRB e 22 e ST R A 7]

AEEAEH T T
KB R GERI AR FETT [0 2
FELUT LA T

o ARG Btk o4y, EIEHETE
IR, BT AT R,
TR P A2 W 2515 S R HG e 4
IR s [N, ATt % ERAS
NZ RS I, LR SR A P8
AT RAEE, M ke W2 AT 1S
SRR AN R R A B 58

o MUK A o9 HD B 255 25 JEORS
P R BUE HIPE A A R

o A H— U IR B A2 SR A H 4 T
B, A F P B8 b A7 0 £ die, ek
St b B9 SR BIHER (AR

® iR 55 e A TAL R A5

2015026-11




BIG DATA RESEARCH K48

o N SF LB SIS BT AR
PR, M58 5 2 i 23k

S

[1] 9G&, MWERE, B MRS ERZA.
2, 2002(10): 1952~1961
Zeng C, Xing C X, Zhou L Z. A survey
of personalization technology. Journal of
Software, 2002(10): 1952~1961

[2] Bell R M, Koren Y. Lessons from the Netflix
prize challenge. ACM SIGKDD Explorations
Newsletter, 2007, 9(2): 75~79

[3] Rendle S. Factorization machines with
1ibFM. ACM Transactions on Intelligent
Systems & Technology, 2012, 3(3):
451~458

[4] Su X, Khoshgoftaar T M. A survey of
collaborative filtering techniques. Advances
in Artificial Intelligence, 2009: 421425

[5] Chee S H S, Han J, Wang K. Rectree: an
efficient collaborative filtering method.
Proceedings of Data Warehousing and
Knowledge Discovery: Third International
Conference, Munich, Germany, 2001

[6] Connor M, Herlocker J. Clustering items for
collaborative filtering. Proceedings of ACM
SIGIR Workshop on Recommender Systems,
New Orleans, Louisiana, USA , 2001

[71] Ungar L H, Foster D P. Clustering
methods for collaborative filtering.
Proceedings of AAAI Workshop on
Recommendation Systems, Madison,
Wisconsin, USA, 1998

[8] Miyahara K, Pazzani M J. Collaborative
filtering with the simple bayesian
classifier. Proceedings of the 6th Pacific
Rim International Conference on Artificial
Intelligence, Melbourne, Australia, 2000:
679~689

[9] Miyahara K, Pazzani M J. Improvement
of collaborative filtering with the
simple bayesian classifier. IPSJ Journal,
2002,43(11): 3429~3437

[10] Vucetic S, Obradovic Z. Collaborative
filtering using a regression—based
approach. Knowledge and Information
Systems, 2005, 7(1): 1~22

2015026-12

[11] Paterek A. Improving regularized singular
value decomposition for collaborative
filtering. Statistics, 2007: 2~5

[12] Koren Y. Factorization meets the
neighborhood: a multifaceted collaborative
filtering model. Proceedings of the 14th
ACM SIGKDD Conference on Knowledge
Discovery and Data Mining, Las Vegas,
Nevada, USA, 2008: 426~434

[13] Lee D, Seung H. Algorithms for non—

negative matrix factorization. Proceedings

of Neural Information Processing

Systems, Denver, Colorado, USA, 2000

SunJ T, Zeng HJ, Liu H, et al. CubeSVD:

a novel approach to personalized

Web search. Proceedings of the 14th

[14

International Conference on World Wide

Web, Chiba, Japan, 2005: 382~390
[15] Steffen R, Leandro B M, Alexandros N,
et al. Learning optimal ranking with tensor
factorization for tag recommendation.
Proceedings of the 15th ACM SIGKDD
Conference on Knowledge Discovery and
Data Mining, Paris, France, 2009: 727~736
EGTH. T KA T R G o (L
EAOES0) . RER: JEIIRAE, 2014

Wang Y X. Research on recommender

[16

system for big dataset (master
dissertation). Qinhuangdao: Yanshan
University, 2014

[17] & B, RECIRHLE 255 R G oe g, REL
i, 2015004
Huang Y H. Research progress on big
data machine learning system. Big Data
Research, 2015004

[18] KT HE, 355, JME WS T8 [ A E IR T
WHEE RGN, PR S EF IR, 2013,
41(10): 1563~1566
Feben T, Zhang Y, Xing C X, et al. An
analysis of open source recommender
systems in the big data era. Computer and
Digital Engineering. 2013, 41(10): 1563~1566

[19] PMZEN. FEF R AL IR A7 Bk o8 (ih 5
PGS0 L JE ] JEITRSE, 2014
Sun Y S. Recommendation algorithms in
the big data era (master dissertation).
Xiamen: Xiamen University, 2014

[20] X1 BR. THIA196 75 22 G0 5% S A /AT 5 B2 12
(226 50). SR RERAER RS, 2014



TOPIC €&

Liu S C. Research on the key issues dissertation). Hefei: University of Science

for the recommender systems (doctor and Technology of China, 2014

EE RN

Pres il FRFIELE020H.

EEW, &, HEARKAEEABE T4, CCREda iy, REMFSIHEOV IR 250, SuRizi . AR

AN

FRYE, &, WEARKFAFEEABRE S, @AW, PR EARA SR, PETEPLA SRR
LRBRE BIRELFRERASER . ATTBIFET B G5 Bzl a2 ok B .
LS BEE ARG, “973” 114, “863” tIF10Z M E R FANE H M A, 7EFENINEEHTIAE

4

BAK, B, TEARKSAERA G A, CCPapde i, BEWISAUSCON T 2250 Bz . A0
53T

EBE, 5B, PEARKEAFEAG A, CCRagdia i, FRWITAUEONER R8T Bmizi . Rk
53T

BEE, 5, TEAR KA FEEAG A, CCREda i, FEPFSUHEOVER 250, Szl R

s AHA: 2015-08-11

EE&TIE: BREMPIT &R RIR] (9737 #R1) B & %I H (No.2014CB340402) , EHR EE AR 784 it R ( “863” k) Hbe: ¢
B H (No.2014AA015204) , 5 FAR£E S % ITIH (No.61272137, No. 61033010, No.61202114) , HZHS Rl SR H
(No.12&7D220) , HEZ w2 A 2EREIHTS R (<1117 v EEe B A

Foundation Items: National Basic Research Program of China (973 Program) (No0.2014CB340402), National High Technology
Research and Development Program of China (863 Program) (No.2014AA015204), The National Natural Science Foundation of
China(No.61272137, No0.61033010, No0.61202114), The National Social Science of Foundation of China (No.12&7D220), The Project
of Attracting Talents of Discipline to National Universities (111 Project)

IR T, B, ARG, KE 5 RS K&, 2016026

LiCP, Lan M W, Zou BY, et al. Big data and recommendation system. Big Data Research, 2015026

2015026-13



	02-15028-Nàs

