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Abstract: This paper makes a comprehensive survey of the recommender system research aiming to facilitate
readers to understand this field. First the research background is introduced, including commercial application
demands, academic institutes, conferences and journals. After formally and informally describing the
recommendation problem, a comparison study is conducted based on categorized algorithms. In addition, the
commonly adopted benchmarked datasets and evaluation methods are exhibited and most difficulties and future
directions are concluded.
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E I o RN 7 6 T 0 R K SR T LB 2% (information overload) () ) 8 i B4R L I INE S B 45
JHIEVE N SREON B O TR0 43 A5 S8 280%e S B ARG A (R AR 22 I 8 3 D LG 11 el . 48R 5 30
T EAR R 5 AR AL B 7l 984 A T B AR T Ik 2 T U A S SR B AN R B RE AT AR
VAR I AR A S A 2 110 ) R 75 2R 5 (recommender system)E Sy — {5 e i 1) B T B A Y AT AR VLA
K ) LI A T AR 0 0 R R G S LA R 1 AR R 1945 DAL 2 (information  retrieval) 5 4 5 K (1 [X.
JUAE T 1) 48R E s AL (a0 9 00) 2 [R) 1R D6 ZR ANk HEA7 3 50 F P A5 28 (user profile) AT 1R & 4 56 T4
2: M 2% (social network)HE 47 A PEAL ¥ 1 5. (personalization);2) 182 I HE4T i 7 5 50095 S N 28 3 R ik %
S0 SRR ) P s O TR R e R G S T R S, 515 B R R I A R
JE AL R G2 A P % R G0 A . R HE3E RN Re % o H - SR A AR 1 IR 45 i ELAE R 5 H
JE AR 1 00 R v P SRR 5 T R

HEAE R 58 B BRI Y AE B2C FL 71 45 40k, LA IR PR R T R P 5%, B AR P R B R AT
HEFE 2 ] R IO MR SR B T R (P A L AR ) R ) SRR A B IR ORI (0, T R SR e A
JE TIPSR 5 SR 0 AR 4 T A mT DA IR A T SR A S IS T SR, AN T OA B4R v R B R H
(. EH 1T, LS BT AT 1K B TR 45 245, I Amazon,eBay 2%, 34N [F FR B MLl T & RO R R R 4L
Amazon B FTHLFF 25 HER RGHL 10 SR )L SRR A PEAL IR 25 1) Web 25 53, S i 52 o 3 AR P ol 75 22
HeAE RGN K S HE 38 1 e JOS FH AR 4y 2K 9 2% 7 — Se LR (K 5 P HE AR R 4%

Table 1 Mainstream commercialized recommender systems
F1 EBwmmHEE RS R

Systems
Commercialized recommendation systems
E-Commerce Amazon.com, eBay, Levis, Ski-europe.com
Web page Fab, Foxtrot, ifWeb, MEMOIR, METIOREW, ProfBuilder, QuIC, Quickstep, R2P, Siteseer, SurfLen

Field

Music CDNOW, CoCoA, Ringo, Music.Yahoo.com
Movie Netfilx.com, Moviefinder.com, MovieLens, Reel.com
News GroupLens, PHOAKS, P-Tango

FEZE AT 20 fH£E 90 AEAR Wt BLAE — L3¢ T b L 9 (0 Se 5 S0k e R AL TS . M4
U2 RN S84 4 2% A5 U — T DR AR AR 1 RVATE 0 R BE T80 W 1 Ry — I [ 2 A5 i o 757 B0V 0o = B 55 O\ A1
Bl MRS (5 A RUL R i A A A 0 O 2 I S UL A JL AR SR, [ B 2 A
FLEF XV SN 4545 B A I HEE A DS K m HI:1) ACM & 37 #E % RS 4F 2 (ACM recommender
systems);2) HHEHLUR I ANLIAZ B . BHn 2 MBI a5 27 > T 22 W (SIGCHI,KDD, SIGIR,WWW %) i 4 47 55
YRR SCEE AR IN;3) [ bR B0 4 BT A ) s 91 (4 1EEE Trans. on Knowledge and Data Engineering, ACM
Trans. on Information System 45) T 440w 77 28 4007 1 (1 30 % A5 D AU ABHE S 3 40 S0 IR 9 SR A (22 38 )
i 20K % (Alexander Tuzhilin). B Jg 753 M 37K %2 [%) GroupLens % 5%/ 41 (Joseph A. Konstan,John Riedl §¢).
5 [H %5 JiHE K 2 (Paul Resnick). - P KM [ K 2% (Jaime Callan). S4BT 97 B (Ryen W. White) 2 H b 56 [F %5 Hi
R 24 4E 2006 4= JF4% T th Paul Resnick 3= YF FIHELRE 22 S8 IR FE HEE R 58, 45 & A 4 I 4 FIVE SCIR 288 B ATE 53, T
T E IGO0 S e R B D Tl BRI R R 55 Sk BA )32 IR 9CORT R .

AHFFCRTH T HEFE R G AT EHL I & FE DA ) R SN R AR 1 WA HIEEREN
TEAAE S 2 TR HERE S I 200 20 28 Rk S0 ) 2 AR Jie 28 3 1 i i A HH 1 50 s A A B S 36 P

RN R A TR0 T
1 HEFERFEMSI AU EX

HRi#: ) 2 5 H R 240 3ETE AL HE & )2 Resnick FI Varian 7£ 1997 4EBIZA i iy R FH H T 15 4%
D ik ) % R AL R o A R AR I, A B P s N S AT A i AR A N B B P S O SR AR HE
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AT 3 AN F AR R B R HERE VA B A RSB RR AR W& 1 TR AT DL ) 4R R
G LN N 445 B BAHERE TR SR, B8 T AR L, 0 A 4R AR 40 B R AR A AR G ] DA AN [R] (1 #E 27
SR HEATHERE, QUKE R AR B I A PEALAR BN G Bt AT v 549 B AR 45 R B B T O B & iR it
PEREATHERE HEAE R GUIGHERE 4 LR Rl P A

database
Provide prefere

edge database

User

Item database

Fig.1 Recommendation system general model

Bl 1 R R G0 A A

BEAN SCHRITI40 T HEEE R AL e S0 C T A A (user) 4R 5,S 2 BTl vl LULHERE S L P Il %
(object) HIAEA . SLBrh,C AN S 4 A AR IE % 18 K, W 7 )7 A% LA K A2 il 25 8 5T e B u() el Lt
BN s R P ¢ (R (B3R At 7 (0 T 52 4 (vendor reliability) #1755 (¥ 7] 753 1% (product availability)2%), Bl u:
CxS—>R,R & — & [l A 194275 1 AE S S, 4 BEAE 50 1) 1) F A 2 3R BUHERE JF R R B Lt % 8™, sl (1),

VCeC,s*zargmanu(c,s) 1)

FH P 05t G 1) B8 55 SRR BT DAASE FH AN [R] 10 8 P ARV AT, 33K R 8 SIZ [ T 56 1140 1l 850 AS [0 17 AN 5] 48 72 v 0
) R ) A0 A2 0 BE U T A, I I T 2 CxS [ 48N 2 [ T A2 9 A ) — AN I FE - 45 (] (manifold) b % F 5
ANER RN S, 5N u BEAT S HE (extrapolation), 1 5 A2 U, 5 B 06 20 H 45 H 7 LR AE FPE 4> (rating), R 1P 52
(unrated) (1155 5 IR VT 43 D5 200 56 AR B CUFR T (R0 G AT A i AME IS A 0T DA & S HERE S0 A AME R UT 43 Tl
(rating propagation) >R H T A [R) 1 SR, e vF T AR K9 350H B8 45, 1R B 70~ — 15 FR 0 A4,

2 MEBENEEFEREZX

AR L BN RGP B A% O R OB 30 2 FEAR KRR Lvke THERE R BRI RE IR 55 H AT,
XHERE R G810 53 291 B G5 — Kb AR 2 2 3 RS )40 B 0 4 07 9630647 7 A R R R 20 B0 3 i e 4
TrEIEARGFE LN UM L T e . R DEHERE . T RORMEE R A HELE AT AT 0 2B HE
ST R R, N — W RATE IS X LM 55 A . Bl S HELE REEWTITI0 I A ol o m] F3LL
21 ETFABHHERE

FF N 2 I HE T (content-based  recommendation) e $5 AR 31 ] 7 3k £ 10k & HE 7 SLAth SR AUB PR S A N
#:7%,J8 T Schafer %1143 ¥ Item-to-1tem Correlation 77 5 X 5005 T — M 1S DA ROkl R gk 4E
FH P 068 55 G (0 DA 35 UL G A P el e i SR TR 7 A5 B I 6 S N A R 3RO, R G 3 F L P BT P X 4L 11
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REAE, 2 ) P (R 4R, AT 25 52 P 005 5 T X0 I A DG G 1) R

o % N 2 HEAIE (Content(s)) 1B BCAE H 1T 5T A LAY 5 00 S0 7 0 o 3, L s B R P dm 48 L ) SO AR
SR IE 2 17 991 15 HE SCRY 4% (term frequency—inverse document frequency, & #% TF-1DF)®L Y —J5 i, H = (1 %8 )4k
T ContentBasedProfile(c) it uk T- FT I ML 827 31 Jr vk, 5 HI IR AT oo . DU S 29 2K B2 800 ik 2 . LT
I 2 (14 R 7 5 10 58 BOHR A2 B AT ) Ak 22 VR A T DA I 45 o) G2 PN R I R T P e 28, e 1D 2K o
AT LLsE SR

u(c,s) = score(ContentBasedProfile(c), Content(s)) 2)
Score I H A AN R A7, bG48 11 o fi] 57 PR 10 8 1 A AR 5 X KR 29 o 5507 vk
u(c,s) = COS(Wchs) = Z:;V\/i,cvvi,s/(\/ziilwzi,c \/ZiK:lwzi,s ) (3)

S BI0 u BUE T THEP 5 5 8 B 5 W 1 TN A g HERE

S P A (0 S AR BIF 5 3 (9 1 305 sk D POV o 8% s TR iy A S v e 3 o A T K A 0 %
B & ContentBasedProfile(c), il 5 58 itk 5 5 A 50 F P 5 10 S0 R0 GUREAE IR VG IC J v, AN T B8 A% 1
ik 5 Content(c).

2.2 WhELZIEHER

) [ 1 9E H#E 47 (collaborative filtering recommendation)$i A & 4 R G P BN IS IR Z —, & T 20 4
90 FATF T ST HARE T A HERE R GO T 10 50 K =18 SRR FE #8813 AN 5.

B R 98 1) HE A AR FR BN 5 1T FH P cogr MHALCEG 20 DSBRFT T WRARBL) (K SEA L P 5, v B 5 s X1
PR A u(cy, ), R 28 ARG BT AT s 14T kP 0 AR 256 48 1 4R B B0IE 2 Cour (X 52 87 JLSE A AR AR )
T RRA Y H R AR o BTV S R A 00 A AR SR AT — ek B T (R I 80 R X — JUARIE T B R
S ok, BT LA P %o e — P9 2 B VA 1) B A P AT HERE

BE T 0 R BRI HERE R G0 mT LU A P 10 A B EAT 4 10, 5 L B 30 0, gt 2 10, P B R A5 R HE #7
B RGN S s AT O BRI, AR 7 3 LGS B OB HEE S D i s — i
TR A A 5 I 55 A — A0 RUR R HE 75 5 G0 AT R R R SR (0 B T P9 A I HE A 75 R HE A5 X B AT R AIE 43
AT), BB A B AR 45 R A0 10 B2 0 G G 55 5« Pl SS9 06 AR 7R B K 0 P i 1m0 A R 1 g B2
B, 5 A2 ST 90T A8 S, IOBIE S SR R PO A6 R 9 B LS Grundy system®],
J5 K I 9T 1% AL 45 Tapestry system!®® GroupLens® Ringot™,PHOAKS system® Jester system[?212% 51t 35,
W2 HEFE SR T DL 4y Sk Wik 3 (heuristic-based or memory-based) 7 v2: #1345 21 (model-based) 11 7 V2.

1) B R TE

Ji 9% 27 VRPN S SEARR A A5 8 7 ¢ MBI I e/ — ANt % s VR SR TR s k8 ¢ R
S0 R TR S HERE s 45 ¢ AR B R O IR T E AR Q) R P 2 WAL () METE S
P c MU P et a5 s VF o BEAT 3 A V1550, LA 21 s 018 ' ¢ (30l B e o1 3l 7 3.

75 P ARBLEE sim(c,c”)IX AN 9T i b, 32 300 1 S AR P o) ) — o G PR 91 2 1 2 S >R ) B T P D R 11
AEABLE VP43 I 1 P B30 S 5 S AT 2, T LU 4T 43 B B {5 B N ) 45 B SR AR B W Rk B sim(c,c) I 7 vk
J2 LTI B ) (correlation-based) A1 4 T~ 4% 5% ' B 1) (cosine-based) J7 2. 3 T S I (I O vEWT ST 7 ¢ A o' JL Rl pF
3 3oL PR A X 5 MRV 4 AL SR 4 4 B0 31,70 5 4 52 B 188 1) 7 ¥ EL B0 0P 4 A 1) oK o 5 4% 5 88
A3 20 1 P A sl R 3290,

ST 75 95 A 2 ST DUE R AR R T

r., =aggrr, (c'eC) 4)
Z AT e T AR 2 U5 aggr 1) KRR B, LA B S [ 41 7
rc,s = 1 z rc’s (5)

Neec
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Iy =k Y sim(c,c’)xr, (6)
c'eC

rc,s = Fc +k z Sim(C,Cl) X (rc’s _Fc) (7)
c'eC’

1X 3 2% aggr A CHE S A CATT P BV AR P 2 T AR ARLRE DA S kR A A A 3 R, 3R (B) A2 i T
FA R 2K 3K (6) 1T A i 5 N T P AR, EE AL 2 I T e | 19 7 255 2% BB BN RN P AEAS TR 1 A (R VT 43 v
AN RBE, 30(7) 38 AT 138 V3 — 1 i e 1 LA Bk b JRBE S

B T XA AT R A0 AR SR — 0 2% 2 R 0 Rk i T S0 At 3 R 0 v, LAAR B R S HE P e an ey
2 (default voting). JH /- 5IHEVE S (inverse user frequency). SZfil# & (case amplification) 30 3= 3t A S0
(weighted-majority prediction)244.

2) TR T

XRTTERH I ¢ 0 A2 4 G HITESN S 2 31— ¢ (IR (model) 25300 SR 5 A M2 05 o6 T R 6 %2 s
{00 7 30 SR AT TN SR (7% 3 o 5 vk 9 T AR A 3 2X(8)

les= E(rc,s) = ZI X Pr(rc,s =i I rc.s”s' € Sc) (8)
i=0

TXRE B TR A0 — A P IR 3 — AR B — AN 820 op LA 1) S8 A S R L 2S 2% 50 Uy
PRPRI G A RO Ui A B R R SGAR AT 2 [ A AR PSR g AR R ), Shani £ SCHR[33]
rhOR B HE A 2 B VR 4 e 5 ) 8 (sequential decision problem), {8 I /R AT Kk ke 55 5 72 05 ¥ (Markov decision
processes) i LA o B 28 7 2 0, 35 M 2 [ 5 X437 (probabilistic latent semantic analysis)2&A1 LDA(latent
dirichlet allocation)®*], th1 ¥ Fi] T Py [ i p 3k 2 503 1O W 5.

23 EFMIRMHEE

FE T AR R HE 27 (knowledge-based  recommendation)P47e BE R L F |- 7T LU B — Fl kB (inference) B R
AN T AE FH T SR O 4 R Tl L A T 2 R P T St s AT A S KU (rule) SR A 36 R ) AN S 45 )
#i: 3 (case-based reasoning). 51 w1, 3C#k [34] 7 A HH 4R 1 32 27 I R0H S0 HEFE RS 45 & R A
(functional knowledge) & —F 5 —ANf G A 6 2 58— i FH P 000 e, DL 88 P ke 7 SR RN A2 00 0 R
THERE RGN AR HETE R G0 b 20 DAL #% v] 132 18 J7 A7 4E (ontology AR &I ZE) 490 4 quickstep and
foxtrot systems!® Ui F ¢ T-2% AR 18 3 1 ¥ ontology A 74 11T [ 5 & VR 475
24 HEHT

44 HEAF (hybrid recommendation) (1) — /™ 5z 85 2 Ji I 3k A2 0 3 20 &5 J5 0 fi e e BR FD % 1 HEAF R 1K 59
PSS 3.4 45) BRI 5t 22 () 2 Py 2509 25 A0 Dy ) 3o D 3 7 1) 241 45 03081 U B8 B IR 2 Rt 4l &
5 AH R ] I A& TR 3 AN A A B 3 55 R TS IF T N B 3 HE A & B K 800y ot R 3 2%

1) JE A il P PR R LA b (O HE SR 7 VA P AR O 4 R A P S P VR R B R g vk

O3 51 BUHEAE B2 Rl-& 512 1) 25 SR YU B fE HERE T 5
2) HPRE DA A AE A R D — R vk DA T P 2 Tk A A R i D 1
5, 503 LA LI P8 I i O HE A Rt 56 T K vk

3) WML B e A SR VR O I T N AR R SR 5 RS B — AN PHE LA
241 JEREHAHE

S5 A A A R S T B 1R A gl s 40 ) 3 PR 28 10 O VR R IR I A O 0 2 A — AN T
D25 AR J5 TSP 5 1R A S0 5 B SCHR ST T V140 45 SR A 2R 414 i SCHR[38148 7 B HL ok 4 &
I e 2E 4 L BRI 2 A R LA ) 2 5 P A 2 2 3R ) WA G AR R R S HE 7 45 L L o Daily Learner
systemUoN St ST HE 7 45 B (0 T {7 13, AR e 8 — AN B3R K 45 5L 330 4 L 2 Uk b 1A R 2 FRATTR o i R L
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242 G HEHEL

A, P A R AL MR 22 B PR, DA T A O O ME AR ik B b [R) 3o 388 0 D 2 A0 LA P ) 9 1 O v
SO HEHE Al A TN B0 7 0 A A R B e BRI T P 2 A 6 S R A 3 AT RS (55 4448 2, STk [401E T T
LSI(latent semantic indexing)%yZ:, 75 2k T~ P 28 MOHE 22 b Al AR A0 B FH P R AE ) = 5 28 o8 T e I 3 [ o i 1
B ) (PR LA 3.3 719), JE T 7 A X G A T 6 T PN 5 R A SR R R T P S B IR R R (A A7 6% . AR 15 1 5%
N B4t 22451 (demographic features)) it F B AU P45 A, 0 A AN AR 38T 7 1) A T3 47 9 .Good 25 A 7E 3¢
BR[41] 51N Z RS IR B P Rl 3R A SR VA28 F P 3240 B P 16 P9 AR 06 3R, DT 49 280 B8 e () 3 280 L Sk [42] 48
FH ST (9 25T 9 2% AR AE SR M2 P S AR ¥ 177 5 19 rating, 1B T 207 7.
243 HiRhE A HELE

T A SR 3K S A5 7 VE e % 2 3 I DR T AR SCHR[36] 71 AT 97 3 1 T 7 O AF 8 R0 v S 1R 28 R B — AN 48— 11
SRR N GR o 3T 5 b —Fh 5 UM T T DL ST A SR e VAR AR A e T R TR SRR v VA S B A
PRI (19 23 500 SCHR[431K5 FH - AN G2 R AE 0O — A Se VAR B kT S8 e B W e A - B ok 2,
St w SZHAZ HIC R (WE RO R)X RIS r x5 j ot TR i ROTE i T LR R A

L =X+ 2y + WA +¢;, Wheree; ~ N(0,6°), 4 ~N(0,A), 7; ~ N(0,7) 9)

TXILH 1 3 P 16 A% 43 A1 (1978 2 43 5ol P 0 2500 1) g s TR P Ja v 1) S T RS e v e T R (9) R AL
FIAH A B3 LA R 32 L R e 8 193X 3 A ar AT K 3 AN S 80 B IR T R S R i 7 il 13 2.

MEAE R, 8 5 9 L (0 T AR 23 38 I S 1 4 bl 5 92 15 A £ SR 13 e AL 4 SR % 11 Pl
F T PO 28 ol ) 908 v S A A R 3 P A T VR 2 R A TR iR BRATTRR g A R A S

3 WHERGMES. BAPEMEREA

3.1 HERGHITNIRERIESE

HERE R G AR U B 2 a4

1) MovieLens!*4
MovieLens i £ b 7 5 B QF L # HEEREIT VP4, 20 N 1~5.MovieLens L5 AN [A] K/,
T AN TR BRASE F0 v /N RS F) A2 943 NS P o 1 682 S RS A 1 10 000 YK VF 4 I Hidi; K M
BRI E L 6 040 MBI 75T 3 900 8 SR A K4 100 J7 WKVE 43

2) EachMovie*!
HP/Compaq ] DEC #5970 88 248 W |34 ¥% EachMovie HiSEHEYE RGER AT 2 J5 XA HEH &
G KB T — BN ), FCER AR 9T i A A A1 MovieLens 138 43 SO0 it 2 5K B T 3X AN B 42 113X
ANEIREEAT 72 916 AN 1628 H L EHEAT ) 2 811 983 IR VF43. 31 KR 1 Bk [ 3 96 (KT 9 T A1
TR K 4 19,2004 4 HP 3 JT 7% EachMovie, X /50 42t AN A TF R 2 T

3) BookCrossing!®!
XA B 4 2 9 _E f#7 Book-Crossing [ 4541 [X [#] 278 858 A1 /%) 271 379 A #EAT (340, 3% B
B PR IX S8 P AR RS 25 N D 4L it 22 )8 P (demographic feature) &5 LLIE 44 (1 20 ARAE I E AL 2047
XA B4R 2 H Cai-Nicolas Ziegler {ff 1] l€ 4t F2 /5 7F 2004 4F- M\ Book-Crossing Kl 4541 X R4,

4) Jester Jokel??
Jester Joke J& — AN b HERE N4> AT (1 W sl X AN B SR 73 496 ANk 100 AN SEAEAE ) 410 T7
VPG VP10 B —10~10 13 252 512 4503k R 55040 A2 bl In MK 2% 411 5 R 23 K2 1) Ken Goldberg 23 i (1.

5) Netflix!“")
XA HHE AR H T SR 5T ML Netflix (150 3. Netflix T+ 2005 4 JiC A A S E s 42 9015 3 1 3600
(¥4 4x (netflix prizel®™), fiF 4 AE0S 11 HCHERE RGLVERE 1 TF 109000 3 47 ST AU M X AN SR SR 55 T
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480 189 /N 44 11 1 6f K& 17 770 S HLEZAE IR 20 10 AL IRVESY

6) Usenet Newsgroups!*®!
3B SR AT 20 AN 4L A0 P RO 55 (8 T 2 /E KDD 2007 48 SO e 281 ) A 2 A
WM ARV TR . BEFEAE . BBk, BUA S H AT X S 158 AT V70 R R A5

7) UCH S )

UCI &R 2 Blake %5 ATE 1998 4 FF K — A FH T HLE8 22 >3 RVE I 1% Hotis e, 3L rh A7 oK F T4y
NZRIIFR T RE A 70 SCHR 4910 Bl T T #E 757 28 52 10 1t B Ul s
3.2 EERFEHIMEREITN A%
HELE Z2 48 10 PERE TR b — IBEA HERE B0 %% BLORS 1 JiE (effectiveness) A HE 75 1 2% 2% (efficiency), ff I H F8 Ax &
mean absolute error(MAE),root mean squared error(RMSE)F correlation. g1 1A [7] I BF 5T T A £F 5 AS [\ 1) o) 252,
A5 FH A [r) ) s B LA R AZR P70 7 923 8 A AR K. B AR5 i (1 D7 I 7 230 B T ML 2 ) S5 408 1) — R O s, b
HH SR 73 30 I 2R 4R (probe set) FIMINAAE (quiz set). 4y SVE AT AL I 24 B UkAT 2 ) RIS H0R 48 AR5 70
DR B L V1 S0 1 55 AN I8 47 8% 56, T IA B0V H 14 SCHR (231458 i o5 Bl 73000 T 925K b A J L ol B 170 3 38 11 5
IEPEREEE 1 R PPN AT B CHERE 05 25 0 T3, 5 2 Al VT T BB S R I HERE R
33 EHERFHES. HLOM
It 5 T 4R A R GUI ST T AR 22 RS rh O T s i o5 ) A BT 90 2 1 ok AR 3 i g
1) FFUEFEI A
BARAEAT DAL R T, SCRSER AR MR B T AR B (R HERE RN GA— 8 B SCARRHIE
B SCAAS JE DA g $i 3k T, w5 0 0 328 %t B0 T 1 0 e L P 4% b 3 A AR I 2 AR B
S MR EHEREE, B G IR IR SR I T VR TR B A G 22 AR N 28 43 BT U AE DG BOR. 5 — A Il R R
AETRI R 43P i 0, R USRI A 0L T A )0 R (R RR A A T 25 5 ) R GE P g
2) BRI ALL G ) (AT R ) )
HEAE F G0 T HEAE BV 010 58 A B4R T P RS 5 T IR X8R0 75 K Rk T P 2 i 8 0] 2 86 22 2880 1) 5
ST S IR R e RS H 7 X % 5 - RIRIE G (0 S S AAH AL, il & R AN AH O A
R0 5 (G 2 20 ) 1) ) RBUAS 5Tk 1T 800 1 AR 56 % e 3 7 S o BV P e I ¥k 5 A i A [V 75 1R B R
BRATIIIX IS W) I2 AAE SR 3 25 VR R SN B A8 SRR W SR 4 S e A B T 4 R AR
Bt L5 V5 A A% S VA PU4E Daily Learner A1 G () SCHR[15, 39141 X 3 A i) 1% 5% T 4l 75 ) 0of 2 ) A
KAk (relevant) #1904 P (redundancy), A I B HEFERIN S e AR S H P B PN R EE(OUR), Hikw
G AH DGR DUAH T B 2R HERE (1) 2 AP A AN AT 5k ).

3) HiH I A
RGO A A7 B AP AR D30 T - 145 5 BLFE 1 5 6 52 00 1D sk SR I Pkt e S (K07 43 5 T A 2
V1R 17 325 0 1 R A N1 0 50 30 v e T R0 U 11%) 07 92 M DA S AT FE 0 30— B AT SO il B R AX A ] R LY T A
YeJ7 1 SCHER[52,53)F 1 6 % il (entropy) 52 WCGHFE B (popularity) . 7 N 1 45 St e gk UR.
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Table 2 Comparison of typical recommendation algorithms

F2 RHERR AN T

Recommendation

- Advantages Disadvantages
algorithms

Recommendation result is intuitive and easy to interpret; Limited by the features extraction methods;

Content based No need.for users’ access history dgta; New user problem; » _
No new item problem and no sparsity problem; [The training of classifier needs massive data;
Supported by the mature technology of classification learning. Poor scalability.
No need for professional knowledge; Sparsity problem;

Collaboration Performqnce improving as the increasing of the user number; Poor scalability; )

filtering Automan_c; ) ) ) New user and new_ltem pro_blem_; )
Easy to find user’s new interesting point; [The recommendation quality limited by the
Complex unstructured item can be processed. eg. Music, Video, etc. jhistory data set.
Can map users’ needs to product; Knowledge is difficult to obtain and model;
Knowledge based Non-Product attribute is considered. Static without flexibility.
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