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Collaborative Filtering Recommendation Based on Item Splitting

HE Ming LIU Yi CHANG Meng-meng WU Xiao-fei
(College of Computer Science, Beijing University of Technology, Beijing 100124, China)

Abstract Context-aware recommendation system is an effective way to improve the recommendation accuracy and user
satisfaction by using context information, In this paper, an efficient context-item splitting approach for context-aware
recommendation was proposed. Firstly, the items are divided according to the item split criterion. Secondly, the cluste-
ring is carried out through the context dimension based on the splitting results. Thirdly, the collaborative filtering re-
commendation algorithm is used to predict the unknown ratings. Finally, simulation experiments are conducted on the
LDOS-CoMoDa data set for different splitting criteria. The experimental results demonstrate that this method can effec-
tively improve the accuracy of the recommendation and achieve the goal of improving the quality of recommendation.
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B BB 5 BB SR AT W TE I A TR , AR 0 2 4T B TR ST
YRMEHER. EFXELBRERE LA E LT XA
B ARG _ERESACEANES LT E B EERE
ST PR SRR ARSE X AT R U B RN AR Y
BESRALERE TopNHTHI R, F T XEEASE L
BRI T 3UE B PRI R W, TR BT 30 B
AHEFEMEASE, BT A ENE R ARk 4 L4
B LT OER, DU BN AR P S mET.

AR T —FpE T 01 B #4433 (Ttem Splitting) 1) -
T 3URM TR J7 B (Context-Aware Splitting Approach, CA-
SA) . HREEZHEE T XUEE TIREARF 5 2bR x5 H
BATAR LRGN R RRR E TR RE BE
AR R E T M B, FA7E LDOS-CoMoDa
WS R LR, 5HEAA T URFRRB ARSI
BOAREENZEMRA BN T RHMAEE.

A 2 H RN T ETI BT BN AR
HE BRI, U R RBAS R B RALH,F 3
WET SVOMERESIE:FE 4 TN TERER LT
ARAHFEE LA F SRR ERSCR, Rt 8 T AR
B E T ORI R R RN RS B &SN T

2 ETFXMBRSHGRTE

2.1 aEEE

TG 4 B IR) o U BE 8 AL P X I B PR B AT
HWERLIHERE . HP TSR - TR -4 mXn Bl
AP-TBWHERE R FR. miTTHERn MHP 25K
AEE mATH n IICE rn REAP m W E n 89
5ro MTFHEM—HIEF{?.1,2,3,4,5)  PHAT IBE M E
SEat B A M4 (1,2, 3,4, 5 T sk BIE4R407 .

A0 Rl R B -39 B Z 4T3 BOAERL R Users X
Items—>>Rating ¥ R RAEE& LT UE B OB E T 4R AR
# R :Users X Contexts X Items— >Rating™ , F T X{ELT
UER R — AT B RS S (At E IR B A R
C:{C] ’C29""Ck}’cj = {6'176'29 "'}7Cj eC, ﬁ*icl,
Gy Ce RBLETFXEE c1veo AR ETXEG, ERLE
TXHEFEHHREEME. B, G Weather= {¢, : sunny, ¢z :
cloudy, ¢3 : raining, ¢4 ;: snowing} » C; : Time= {c; : weekday, ¢, :
weekend}, C;;Companion= {c; :friend, c; : girlfriend, ¢; ; fami-
ly}o ¥ FH P E BV ARG —4EiP Al ROV
HEEM LT XUER M SEW B AEE, AP o MW E
D r. 5—HETXER c(us ) =(crs5¢5) (¢ €
CoHMX, —N5 ET3CHKH R BT IER 1 55,

F1 ETCHEZNEE R

User Item C1(Time) Cz(Location) ~ C3(Companion)  Rating
ul i1 Weekend Home Friend 3
w i Weekend Cinerna Girlfriend 5
ul P31 Weekday Home Family ?

T m B AT E R ETFXER, AR H A5
%%jﬁﬁﬁ)ﬁ%U:{ ULy Uz s> um}aIﬁiE% I:{ Ty I25°°%

LSBT C={C,,C, s, G} o STFEMNHP w, EAF
W ETXRE GG eOTHMMBENTE WS HE r, =
{rasres = srmts
2.2 HHSRRHE

FEEADRFENERBREN LT XEE G GE
(LD RAHTFLEME « B LT XHRMG c€C. EitsH
51 BOVEAHATRR 1= i oors o ) VAR BT 18R 7, 6~
OFtr, . ST ATFEE, 05 LS 5% PS, kS
% PSr. B

PSr, ={r, lrvi =rysclusd) =c,u€U,i€ I}

PSr, = {r, [ui, =1 seQu, D F#c,u€ U, i€ I}

TR c MiEEE, B FXFEHMWE. X PSn, M
PSr, ZIRIHZERMER B A, W » 2 c BEWMBK, X ¢
AP P R 5 LR, ISR B ¢ Ry BOREIBE/IN, i X ¢ 94K
BT, B IR T (£ceC hNaRHE, EHHERL
T RS HEEZHHEFTERTHH. m MHP A MTH
B m X n By B P-T BiF LS R EB R m X (n+ DBy
B RABOTEE. FEREESET RGBT
SRR GHFERE, ZRTHEAN LATE, MAERT 2
AFE .

o
| splitting of
a single
item i

n items n+) iiems

M1 TE  aRER
2.3 TMEAHRAEMERRE

2.31 LTFTXEEA%

EZTEE L FTXEENBE T MAKEE R: Users X
Context X Items — >>Rating, EX F T XEB & N CIS=
(U,R,V, /. K U BXRMESL;R=CUD ERHEEA,
C={C,C -, GIRETXRERE.C={ac,},C EC;
D BB 7 LLE B4 Rating ¥ X35 4128, Bi B
IS V=U.er,V, BBEENES. V. ERBEE-ER
KB YA, BURHE r B9 f:UXR—>V B— M5 B K
BoEReUPHE TR WREMRE BIX YeeU,
VrER, f(z,NEV,,

2.3.2 HHFAE

HF 2. 2Fhm G B FERAGE ¥, BLHE
TH i 78 L T3 c T PSri, 1 PSr, Z a2 R BCh
WH i BARBREKE. 23CRAT ¢ RIRRGR R,
BRI TR,

buean (5O : SUBERS ¢ 056, TTRIH i E ETFXRM T
SREHRATIME i f PP FEFHENZE, HB
KERHMES FEENLEREBR . e B XH:

- i, T Ha l

o e T e T

Horb s FRTUE § WA OT (5 FORIUE § WA
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2, FARTE i B

Loy (1500 UL z . THETE i FEETFXHM T
SBET BEPANT Bi M W4 T4 P R RS B
E B o 2oy (1 OEILN

pi. — P,
Gir)— : @
e O =) (U £ 1)
i i, T+ i L. N
s, p= P TP L o ORI GO RB P

SH U, (DRI . Giod B

tic (i50) s THE BT 3CHRMA ¢ WM A 7 B4E B3 45 (Infor-
mation Gain,IG), 216 (Z,)EXL N :

tie=H()—H() P, +HG) P, ¢))
EP HOHG)HORTE i Ao ERE, P, (PR
i (D TET B @ T S I LB

tai (0) s RTKE, HEWHE £ L FX&KMc THR
JETE BB B M i R I AR PR B LB 2
2.3.3 BB L FIGESEREGNS

R ETXHEE C={(C,GC,, GG ={crycz0 0}y
GCeEO, MUK ER RSN ANTFERE K KoK
K BEAMRBALE FFXC LHTHRHEBF-3
B FHEM. #,C,  Time= {c, : weekday, c; : weekend},
C, : Location= { ¢, : home, ¢; ; cinema}, C; ; Companion= {c1 :
friend, c; ; girlfriend, ¢s ; family} , /T LIS £ 2 FRFl & G,
C; M1 G =24 b F X5 B WP SRR IE T H 434t o9
T BRI G BL 3 A4 B & B4 BT R BB R R
Ci-Metric, C;-Metric 1 C;-Metric, i3 3— % 5 i, X,
B S 24 E T OUE B B HEIT S BT R 6y B L
T SO R AL B P u X E @ TS 7o UK T
B FPTFIER. ASCETHRY4E FTFCRS, TIER 4
2 8] o] RE R4 DI o 1) — 48 -2 B 28 6], BTG AR
FUEM G RIEFTR S B EAR

#2 LETFOHRIE GBS

User Item Ci(Time) Cz(Location) C3(Companion) Rating
ul i weekend home friend 3
us i weekday cinema girlfriend 5
u3 i3 weekday home family 1
u4 i weekend cinema girlfriend 4
us i5 weekend home friend 5
us i6 weekday cinema family 2

# 3  Ci-Metric P48 F 4 Cp-Metric TEATEE
i i i iy
uy 3 u;
Uy 5 Uy 4
#5 Ci3-Metric PE4H4ERE

iy g
Us

ug 2
2.4 MBHEMERYSHE
HE1 TESREE

Input: CIS=(U,REDCUD, V,{) , threshold 8
Output:PSr;c and Psr of all splitting items with respect to contextual

condition ¢
1. set initialized PSr;, =PSr;? =Q
2. for eachitem i in U do

2. 1. for Y G € (REDC) do

2.1. 1, for Ye€Cdo

2. 1. 2. generated after split r;, (¢;=c)and T (gF#e).

2. 1. 3. calculate significant difference between r;, and fig VD(ric ,

Tig ).
2.1. 4. end for
2. 2. end for
3. set Cppyxtarg Crnax(VD(nC PTi N.
4, if VD(r;%“mx g ) then
4,1.  add split item i to PSr;, and PSri respectively go to 5.
4. 2. else
4, 3. item i left unchanged,go to 2.
4,4, end if
5. output PSr;, and PSri? .
6. end for
7. end

XNFHRAME, B 1 BERRE— LT XRM o
YER T H AR, BTF2% LT XREEEE RIS
Aot — 2 FECE NI AR NG , R, SRR R
BN 2 FBOT LA, B A SCR B T S48 BT SCRM
BBHITE ., FRE LT SURMA cou fERTUH 53 BB,
ERKFHIFE R RN, W UE—ERE L 8RiV54
gtk e, ERNEERERE,SE 2 THE . TPk
A ETFSCHERE, 8 EFXEER d MRRER LT SOR B
% 1 HEE R RER O(umkd)

k2 BREH
Input: PSri; and PSri— of all splitting items with respect to contextual

condition ¢
Output: all splitting items classification with respect to contextual con-
dition C
1. get contextual condition ¢ from PSr;,
2. for each item i in PSr;, do
2. 1. for VCe( do
2. 2. generated matric with the condition C.
2. 3. end for
2. 4. end for
3. output matric with single condition C.
4. end

AICK 2. 3. 3 AT R4 b T SOPSH R RIE R
REABERAHE, W THELLIHOTE B 2#—25
HEANTA RS NN SR LT XREEHTRE. T
BE EANETXEEM 2 MBS, B 2 B %
BER Onk)

L% ETCEE P Bk 1 RIS ST A, K
FERGTESHERFBEEB N LT XEETHF uXWE 1
HIPESr RER Y, L i oM R K LR SCHE . ik 2 IIRE
% 1 S ETN  BY_E T SCYE BN P -T E X AT R, A
¥ L TR R BB 2 R R A B n e i) 4 A -
I H =z 18], PME i — 2 R RS S e R R B R
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3.1 HREHESVD

#F RAHM# (Singular Value Decomposition, SVD) {E % —
s RIS RE MR, EE RR R B AIA SVD M s
Bt iE LAY BT (Latent Semantic Analysis, LSAY B A EiE X
5] (Latent Semantic Indexing, LSD , ¥ 2K T B LB H
SVD Mg h g g — 4~ EREs ], SRS e % 28 18] F i+ SR ol
B, HEARAEE ZREFE MAREERERMRA. 8
2.3.3 WEALE | T GV ERERI AT E A S RE R
FRMTUAREEE, B A SVD B33, WIS 7 B0 i BUR % 5
1E, AT A B ZBREF TR EENAR.

SVD & RB 54— E 22 158 B 5 AL LA /N E R
MR, B/ MNEGERREESEN — L E RN, Xt
F—A mXn BPAEEEE Data , SVD FH AR 3 MR
U,V HERWNT -

Datamsn =Unxn ZmxaVaxn (€Y
B, EZARMBRU B—4mXm WER;S Z2o@PlEn
—A mXn WM, ZEMERAEXAITCE, HRITUERBR 0,3
R IT B RN T 518 (Singular Value) , B 1N R TR
WBABEESERE Data W3 518 (JERF Data * Data™ WIRFIEAE
WE IR , AR AR BI/NEES 9 , ELRGET B 5 4 57 1)
BV B—AaXnfifE, S Daa iy SVD 2R BE W

A 2 B,

Datamyn Umxn Smxn Vr?‘xn
H 2 S Data i SVD A ERE

B 2 PERIR G IORR R R, B A X R R M
BT BB . ‘

WHERNMFREMHEE RS ZE, LK T FER
B 0, X RN HATBESEH A RR E—EDMF MA N
KEO N EERE, HANBETRRERERSFLE. £R
WHE YT, BARER KRR EHE EREHTRE
ROBH , Hh—F Oy R R R B AR 907 WEERE R,
THABERERER S REITA T REN VI, KRG Rbna =
EZMEBEMER 90% Rk B —F B RRARKRE LT
SERBE BB — & S BER % (07 90 i, 7T LLAR B BT Y
2000 B 3000 A, XFIRMETEMEME LH —EMRE, B A
AT E AT 3000 A RERELE T 90% KRB
B BRI LPR R R A 5 LM .
3.2 ETHhREITRMEESIRE

SRR N RS RE RARH P RARN T
BZ—,ART REBALE AEEER, MER TS LT
BARMHEE . 2SCENT B IPA 2R EE SR =6 M
LTI ER AP -T BB GRS RS TR — 5
{ BT XER)  BE A GRS LR b Rl s
YRS .

3.2.1 A pitE ik

RPN T AR RER, X BENFAEA
JE (cosine similarity) FI4H 3648 L BF (correlation similarity)t®,

KREME : P EER n W HS R LM E,
R E AR BB ) Bl A5z de fy O B, iR Je My h
90°, WAL BE &y O AN SR BT A™ 1) B 9 Jr [ A48 1 , W) A {00 BB 4
Lo AP AMAP B 7En 410 H 25 8] L PF554r B FR R
FagEAfEE B, UAR ARFF B 2 B BUE sim(A,
B)X.

AXB

Al 1B

HESCARDLE 383 Pearson HCREUE R, S AFAP
B Z[AIFRIARRLE sim (A, B) Ay :

sim(A,B) =cosf= 5

‘G; (RA,i —RA)(RB,i—éB)
sim(A,By=——"2 — (6
«/,2 (RA,,-—RAV«/,Z (Rs,:—Rw)?
i€ IA ic IB

Hep, Le M A AP B AFRIFHTBEAG R %

RS A MITE i S, R (ReOBRAF AMBXNHH K
WA I5ME
3.2.2 fmmF

AL R H—MREA R A AR E M a ik
W RS B AR EN T .. HEAFNEREM,
H standEst #1 svdEst BRI R H B HHEM RN, XEHH
standEst fEABATHE :

DAFISHRE F 1T B &, 33 Fir B A E
AR TR,

)% PP A 8 S AT R DT, IR0 A0 Al I
BT, SWEMNZRAMESGTE., HFaED 0P,
YT H A TESD » W Bkt X AN ; R E &AL &
BHITTE, MAHELCE R O, Bkl W B, H4LEIFHRT — I
H R AEESHINE, R TXEHEAT B HAHAME,

DAL E LA B, BUGTERHE & B % B LUE
METHPES R,

DX PEA BT BEATIT — 1k . BAEERLTA 4
HLEA, 48 8B MVESEE 0~5 Z[8], £ ER SN BRF
FH X EPE A (HBEFTHET TS 1 T .

svdEst 5 standEst 33 BAH{L , HZE M ELE TR 2) f svd-
Est $f¥iB 847 7 SVD 4, Mz e RFIFAEE T 0% 8
EHARERE—XAER, FIH U 5Pk B 2K
HezslE]. ASCHSRRERR AR .

3.2.3 ATFHAMMARREINE

EFIWE P BB TR 2 AL gt &
WA H AP ZRIMER., £THH RPN RERE
SBEET B RO E M Inms i, MR g AR LR H
F BB A M, T B I I BB SRR I T R P I Y
B, WA O SR T I E A CERREED &,

FIFE 3. 2.1 WAHRBIRAR B T E &M 3. 2. 2 TR
WHFERMBETIEHMUENHEESIZE. X TRHP o(F




53 e

B, 45 BT R S0 B P4 o R P Rl uE 1R 251

B HEED B AR PO A RIS B, NS SR8 3
Ti{E , AT EE TOP-N MRS R, G RIHE 2 AT N
A B (BA AR EEA AP B, X BER TOP-1 1 B
fERAP u T H ., 8% NEFERITRE, WRAE
E N KRN NFEFERAE. HagdEy.

D BEBUAE FIAEBURE 1138 5 Bk A PP Ah SR et

D XHAE WA P B — RIS E S

DA RS EH EHTETE, T8RP
Sy RT3 DA SRR SR 7 A ) S 0 B PR 45

O PR BT 2 AT B B 4RSS S ERFE

5) 4% HR MG 1148 43 XHZ B Rt AT HE T CA KRB/, R ES
—AMERR B K
3.3 #EEIR

AXFAETHRE PN RTENCESE LT XE
BRSIRES T HIE A 3, T S 5 0 4858 5, SR J5 FIL H
SVD #AT#HEH . X TR u, BHEEESEWNIAE i, Bk
BUA P u SRS B B4 Bk i B m i B8R

DX & B4R ETUE B WEHESE, IRE 5 R
FRERFHEHOSH.

DEBEEEREFE LT XC EANEWHATHE
XK EREANHAF-TBITSFERE. S, BP w 3 E
AP w WIE 4 AP us WIE i #AELTXC bt
T3, AR A A XA B EMB R LT SGET T3,
WHAR ETXC BXAP-TEHEWERMEE. Bk, ¥
FIAEZETXE G E4r3MI B RA R -0 B ¥ESF
i [& C;-Metric,

XTI BT X4k EETE B FAEBF C;-Metric H, FIIFIAH
LU E M T E I E R P o X8I H M IF
5%

ORBEESIBITERP u X Y[ B C;-Metric T A
B B AR AME, X7 AR R E B R 1) N MR R AT
HF , AR PG E B R A B B RS R

4 KBHHT

4.1 LBHIEE

LDOS-CoMoDa 4 41") J& — i 4] B B HE 2 S A |
TSRS HERE ) ELSE BB B RIS A NER, BTE IS
Y8 o P R e KT SR 2 B SRR SRR AR B, T A
RN BRI B SE P R B — B (R R KSR [
TZAEM, E—E R L E R T X EWELITEMICR.
WEAE T H - R —HBENARES, ZEF ETX
HEMAR, WRFE—HAPZR0NE T R—HEE, FENE
Ja4 T RRERITS THRIA A B IR B IP B R A 3 .

LDOS-CoMoDa $3B £ R £ T 113 1 S Xt 1186 Zh
R 2094 SRPEABEE, XIS BARFRINEET 12/ LT
XHEFGE 6T TX 12 # EFXERENREMD IETEEM
1GFTRO~5(FEH . N TR BB EN AT o3+, & 3
251 T LDOS-CoMoDa $#E4E & (K F ) KIE4r# 434 Lt
B, HBEBREIR 7 i,

# 6 LDOS-CoMoDa $#E4 I 12 # F FXH BN EABH

k&4 Rg MVR e
time 4 0.017 morning, afternoon, evening, night
daytype 3 0. 015 working day, weekend, holiday
season 4 0. 017 spring, summer, autumn, winter
location 3 0.016 home, public place, friend’s house
weather 5 0. 021 sunny/ clear, rainy, stormy, snowy, cloudy
social 7 0.013 alone, partner, friends, colleagues, parents
endEmo 7 0 sad, happy, scared, surprised, angry
dominantEmo 7 0 sad, happy, scared, surprised, angry
mood 3 0 positive, neutral , negative
physical 2 0. 022 healthy, ill
decision 2 0. 021 user’ s choice, given by other
interaction 2 0. 020 first, n-th

IE:Re R R EEEH , MVR R BRERITIHE.

.

s HHL = KFL

B 3 LDOS-CoMoDa US4
£ 7 LDOS-CoMoDa ¥#E4E

Ar% aB¥% #4048 ETXAE WoRE FRE
113 1186 2094 12 1~5  16%
4.2 FMRERIBRSNEE
4.2.1 £HBH
AR B EZARE LT ILA T :

DEFACRME T OB WS SR, REAR
1953 B4PRE (2. 3. 2 T BT S S AR D) h B R 9 43 PR U 5

AR STNERD, s g LY R RE e 3 ;0B S5 o2t Dalivhoi N CiPUR: 3
(User-based Collaborative Filtering, UBCF) & T3 H i) 3 [6]
113 (Item-based Collaborative Filtering, IBCF) F14E B 43 f
(MBHZE , FEXHHEEROR #AT LA

3) AT T 30 B4 oy Al B SO
HEREEMEEEE, BiFET E T ORISR0 %
REA BURFHEFNEEE 5

4)3% Yong Zheng % AN ()5 & , B —Fh T 0 P44 7 8k
CPrecision(ContextualPrecision) #l CROC(Contextual ROC),
BAFETF TR BIFa a3 R MO ER LT XE
BRI pR AL B B
4.2.2 AL

IR G EERENERAME T ERSITEEER
77 & (Prediction Error) (bl MAE,RMSE) %K 2 #65 B B
B 778 (IR metrics) (ELAN Precision, Recall, ROC) #iHE4 B B
758 (RankingMetrics) (bb il MAP,NDCG) ,

GUitaE B R B 07 vk R 9 395 B4l 22 (Root Mean Squared
Error, RMSE)" g 8 X InF :

€
H, N BRI EHED B8 BRAFXIE WE
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LiFsy, v R PXHE ¢ MBS .

¥ FE (precision) f& X T Ay 390 H P4 305 B RO Bl
AL BB A, &R (recal) 8 X IEH H I 65 B
BSSMAPERIEEWE. S F LT XHRERSE. K
EFS0UE B BX B R ERARAE T TR B RT APRIA A
ETXMEB IR FAnHE, % HFR A CPrecision 1 CRecall,
CPricsion /RTE B4 T 3CE B o IE# BI I B 3F5 5
57480 £ T 30h S0 B EOTA B HeE. FRE, CRecall %
NTEBLEE b T SCIE B Ay R 5 B P B R
T L

ROC & B ERAE B IR ARG RE S B B4R, Rt Bxt
7] — 155 3 5 7 i 2 B0, B 8 R A 138 B B R 8 2 B 3K
AR . ROC M RBE—RIIANEM _srEr A GRE
B SE B LA B FH 4% 2. (truepositive rate) 4645 R FH
K (false positive rate) B IFRLH B4R, ROC Mh4R¥%
H.BHEERUERFAESE R, & T omBigx,
FIMTAERRE . B PR A8 SEBR A LA A IR EE AR
R, R BE R SEBR R R A BTV B AR . FEA S
el H o gt T iR b B T B 85 P R AF AR DC T E R
B RIGHTHT . B LT XEEIMAZ ROC #i4R Y
B, BB CROC 4%, %54 b 3C#R F CPrecision #I CRecall J5
BERIFHAEE LT X E ARG SRR EBAET .
4.2.3 BB LEEE

AL RAT 4 M BFRHERD Locan s Loi » Lrop 1 216 R VAL
WHEELAER., SIS REENE 8 5. H
F1,R AP SH, € HTE LM B HRE. LTRABH
Python LB, LA HEZEITT PCHL, PCHLWECE N Intel
(R)Core(TM) i5-4590 CPU @ 3. 30GHz,8GB W7, BIER
#i % Windows 7, Python ii4~2% 2. 7. 10,

*8 LMRE
AR BEEE g

trmean €=0.05 trean =€ R B H TR
el W4SR EH A HEFATE
i R=3,€=0.05 R &S B ARFAFE
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4.3 HEEURLE

HTBAEA SR B BEHA RS SIAT 3 MEEN
#e#2 8 ¥ . UBCF, IBCF Ml MF, 3F b8 B AT (9 HE R 3R
Koren # H T JE Xt # SVD ( Asymmetric SVD, AsySVD),
BiasMF(MF with rating bias) fISVD-++3 fh & 45 [ 43 ##
FIE DT T E AT EMR AT T, Z B 3 R
HZRIAHE ., AR TR SVDIEA T,

S AFFIEREER| % MyMediaLitev3. 070 IR 4R B B
(AB3A/MSER 30) R EMGET P B R g E T E
HIH R 3 8 5 3 F 5 M 4 R B0 DR I R A Python EERE PR

NumPy v1. 9. 3 @B MHEES . 2. 3 FE T BAELUER
HES B,

WEZETH B WSS EET LT USSR SR
(Context-Aware Matrix Factorization, CAMF) ) } & F 2% 4
1 #£I02) (Differential Context Modeling, DCM) B & B i #E 72
WERE. SCERL13-14 0 MGG B R T IR AT LT X
PRI, TR b F SCf5 BB AL R SCaR[15-17]
T8 EE ST ML AR T R SR B T SO AR s A SO 4 —F
ETHHIBMFEHAT T XRFAOERR, Lihorh, k&
CAMF_CH, CAMF _CI'¥!, CAMF _CU™!, DCRUs) #
DCWU R L2 1R
4.3.1 2 EAFRAEN G

T AR5 R v B B AL AR M, XL T UBCF, IBCF,
SVD 3 BT LLE Lowan » Lani » Lo T 2164 B 43 BRI T 1Y
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BRI 53300 H B L, T SCRIF 0 R BUR S 7 5
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b 3 Bl > BIRRUERTLL. , 24 53 BAREAE LDOS-CoMoDa $#E £
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55 8RB R I MR AL, B B o AR AR REARER
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splitting

B4 FFLEFXRAMEEY RMSE

Q05 e

;% 004

& 003

+ 002

g

£ oo

b

) :

o 1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97
e jtemn splitting  ~ew—— CAMF_C e CAMF_CI
i CAMF .. CU — DCR e DCW

E5 RELTXRMEZES CPrecision

Contextual Recall
o

0 002 004 006 008 01 012
Fallout
e CAMF..C

wmeene item splitting
e CAMI_CI

6 RRELTXBRARER CROC LA

HRE ATEBLTURREREOREE, B8 T —F
ETH RSN LT XL BA Ry s 2% L
TXERMS LB AR LB U - T SOF580H
B REESERERERERTRERN. TREW
BRE-MERMLEES ETXERBENTE. E5EHN
THeH, RIS H—SPRET A HA LU RETTH M
HPRRRESRT S, U — SR ABERE.

s £ X W

ZENG C,XING C X,ZHOU L Z. A Survey of Personalization
Technology (]]. Journal of Software, 2002,13(10):1952-1961.
ADOMAVICIUS G, SANKARANARAYANAN R, SEN S, et

al. Incorporating contextual information in recommender sys-

1]

2]

3]

[4]

[s5]

f6]

7]

[l

{93

{10]

(11]

[1z]

£13]

[14]

(15]

[16]

(17]

tems using a multidimensional approach [J]. ACM Transactions
on Information Systems,2005,23(1):103-145,
ADOMAVICIUS G. Incorporating contextual information in
recommender systems using a multidimensional approach[ J].
ACM Transactions on Information Systems, 2005, 23 (1):103-
145,

ADOMAVICIUS G, RICCI F. RecSys’ 09 workshop 3: work-
shop on context-aware recommender systems (CARS-2009)[C]//
Proceedings of the 2009 ACM Conference on Recommender Sys-
tems(RecSys 2009). New York,NY,USA,2009:423-424.

DEY A K. Understanding and using context [J]. Personal Ubi-
quitous Computer, 2001,5(1) :4-7.

DENG A L,ZHU Y Y,SHI B L. A Collaborative Filtering Rec-
ommendation Algorithm Based on Item Rating Prediction [J].
Journal of Software,2003,14(9):1621-1628.

KOSIR A,ODI A,KUNAVER M, et al. Database for contextual
personalization] J ], ElektrotehniskiVestnik/electrotechnical Re-
view, 2011,78(5):270-274.

ZHENG R B,MOBASHER B. Splitting approaches for context-
aware recommendation:an empirical study[ C] // Proceedings of
the 29th Annual ACM Symposium on Applied Computing.
2014.:274-279.

SARWAR B, KARYPIS G,KONSTAN J,et al. Item-Based col-
laborative filtering recommendation algorithms [ C] // Procee-
dings of the 10th International World Wide Web Conference.
2001 285-295,

KOREN Y. Factorization meets the neighborhood:a multiface-
ted collaborative filtering model [ C] // Proceedings of ACM
Conference on Knowledge Discovery and Data Mining (KDD).
2008:426-434.

Gantner Z,Rendle S, Freudenthaler C, et al. Mymedialite: A free
recommender system library [C] // Proceedings of ACM Con-
ference on Recommender Systems, 2011:305-308.

ZHENG Y,BURKE R,MOBASHER B, Differential context
modeling in collaborative filtering{ C] // Proceedings of School of
Computing Research Symposium, 2013.

BALTRUNAS L, LUDWIG B, RICCI F. Matrix factorizationte-
chniques for context aware recommendation[ C] / ACM Con-
ference on Recommender Systems, 2011:301-304.

ODIC A, TKALCIC M, TASIC J F, et al. Relevant context in a
movie recommender system; Users” opinion vs, statistical detec-
tion[C]// ACM RecSys. 2012.

ZHENG Y,BURKE R, MOBASHER B. Differential context re-
laxation for context-aware travel recommendation[ C]//13th In-
ternational Conference on Electronic Commerce and Web Tech-
nologies. 2012;88-99.

ZHENG Y, BURKE R, MOBASHER B, Optimal feature selec-
tion for context-aware recommendation using differential relaxa-
tion [C]// ACM RecSys, the 4th Workshop on Context-Aware
Recommender Systems. 2012,
ZHENG Y, BURKE R, MOBASHER B. . Recommendation with
differential context weighting [ C] // The 21st Conference on
User Modeling, Adaptation and Personalization. 2013:152-164



