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- 1994, Minnesota, GroupLensfff 53 ZH 18 3C[1] [ LN
- e TR EET RS
- JERE Y A

« MR GE(An Open Architecture)

- GroupLens : user-based collaborative filtering - http://www.grouplens.org/

« recommender systems

netnews Recommendation System . .
- online communities

- Item-based
« Matrix Factorization
« Other non-CF algorithms

- Hybrid Methods

+ [1]Grouplens: An Open Architecture for Collaborative Filtering of Netnews, CSCW 1994. 3034 Refs
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» [tem & Item Profile

- HEY: KB Sy, FiE. Bz oo
CHTIE: FREL. ARST. JCHEEl. WFE. e

» User & User Profile
o IR —user . AMET
- I E User Profileffy J7 ={;
- Hltem Profile L, WA Fl EHI. FHN TEERISE]-----
o MELL S Trem g 57 BARATHR &
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o IR E T
- M HItem Profiles## User Profile[2]
* Personalized IR related

-+ 2] Adaptive Web Search based on User Profile Constructed without Any Effort from Users, WWW2004.
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« User & User Profile(cont.)
- F| FHItem Profilefy & User Profile
- AR 1B User Profilef{lltem Profile FYAHUEE 2 WARAE
- Case Study: — i fa] AU 7 5
o MR HEE:

Movie1 Movie2 Movie3 User Profile
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© VIR I AR
o DI A Y 5
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15— L3k LUE WY I Y user profilefF /&
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éﬁ‘ ’ré‘ l{i éfL‘ ﬁ§ % &."' Yongfeng Zhang, {REJEEER
- JEXEH 5L (Recommendation List) ﬂ .
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IR B4R setiela | | feionerel | R evented
o RE N N = '
- 245
- e.g. WK T RS H P A% WAL T |\ T BaEE AT
4

. iZfF@ %ﬁ%g’é%”ﬁj\%ﬂ%% Buy this books reader also bought
. MIEE (F138)

- B . ¥11.00
- JRDRAREAE A S B [

- ZEHORBZ B EA (3] RRFAS ZEER

¥12.20

+ [3] A Survey of Explanations in Recommender Systems, IEEE Data Engineering. 2007.
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- HiFUser-Item Rating Matrix =AY,
- JEH I [1](Grouplens System)

- A SPArSE matrix (uset-item rating matrix)

o LN RIMESIEERII A, B AR E R 1%
1% * 2 million = 20 thousand
- GroupLens LG £E -
o HOEREFT 3 80>=20user ltem
« 100,000 ratings / (934 users * 1682 items) = 6.3% N L

1
. ‘ X X X X
. R #ksparse N X % XX

- Rating X
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C PATHERE, WIORAZ O R
-« WM (Prediction)
o PG —POLKTTREE, RIZ user 1% item T BERTHT 43 GBI R
- PTYE, PR TIE
- JE¥F (Recommendation)
« fHfPrediction AT HY 25 B4 ] AR Zid i item
- ¥%i[>: Ranking
- SREE AL
© B AR M Prediction?s H FY AN AE A/ N2
o PR B I 5 & U35 Profile(User Profile—fAE IR _F 1)
o P il — BN A B M SR oo
- R
© ZHOLAELE H Prediction AYERH 5 RIS 11
© HEE SRR i R G AED]

+ [4] Improving Recommendation List Through Topic Diversification, WWW 2005
- [5] Is Seeing Believing? How Recommender Interfaces Affect Users’ Opinions, CHI 2003
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ARG AR R AT B 57
- KA
© PSR AR R
- RIS A AR SRS R RFQ 425
MM
o R P AR S 0 3 ST AT 5%

ARAEEERIAIA ]

- FET NS HYHESF (Content-based Recommendation Algorithms)

o FET A BE R HETF (Collaborative Filtering-based)

o HET T EBIE Y HESF (Structure-based)
- A MHELF (Hybrid Recommendation Algorithms)
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- I T RIS
- FT T PRI (User-based)

- BT PRI R JE (Ttem-based)
- FAL AT M 455 AR (Social-based)
- BT BIATHIHERE (Model-based)
- FTHEFE AT (SVD/NME, etc)
- FTHLgRE T A DI 2ear . N AR R 4E)

o FE SR IO B HETF (Association Rule Mining for Recommendation)
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- Content-based HEFEHE £
- Content? Profile!
- HiFUser-Profile & EH:FTtem-Profile

« ELFUser-Profile
« M. #4Demographic-based G T A G 1122 11)[6]
- HARMRIE: — AP R REE RS H A AP FrE R
o FLAR AR
- F| FH User Profile 15 H] 7 2[RI AEACUE
- WS ZH P SRR RIS H
o JEIXKAS G P R Y Teem /B AR B 56
o Plltem 17550 Ak S xS oI e -1 T HE

« [6] A framework for Collaborative, Content-Based and Demographic Filtering, Al Review, 1999
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- LT User Profile
YW=
- AR
o User Profile fHXf[EE , RAISCIRZE Fif, SCHfIa Ly
- AT
- AIEEAR
o PERS AEREEProfile FHBLHY 52 42 W REAG A R HY A 17 (HE )
- A MERG N HProfile 5t 4G 1] REARASE] (4 [1])
o LSRRI AN
"SR EAMECRER AP IEE T XX AT 0 MERLLEAER
o LA RERIProfile? NO! [EFA R
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- 2T Ttem Profile
« FEOARMER: H P ATRE SR SR R A S B 2R PU ALY 0 i
- FARIEIR(Simplified Version):
- K FHItem Profile#J%EUser Profile
o« % &% User Fra+TId 501 Ttem FY A

......

- TMEEY Item H] Item Profile 5% User Profile HYAHALLJE
o FE RV R/ NG HERE 2156
R
o ZERITTE User Profile [YEATT, BH£2{d H Item Profile
o DA Ttem AEADUEAE AR, X% User BT 0BT IOACE-2, iFEF0NET 49
o A N AR n]E
« LL(Item Profile, Like or not)V/E AN, K 2as
o PA(Item, Rating) {E A ZRE0HE , WL i

-+ 2] Adaptive Web Search based on User Profile Constructed without Any Effort from Users, WWW2004.
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- ELF Ttem Profile
- L
« XTHIMA B Item? A J5 3/ (Cold Start) {1 ]
¢ What is Cold-Start? ->
o HELH Ttem Profile g 7] LATHE AL
- HEESS R B AR A R
o ZY SR Z BTSSR R AL, ] AH R
- AT
o TEAE UL B T T AN Ttem Profile
. ;ﬁf%sﬁﬂﬁf%ﬂ’\] B - 5P Tags fH K BB TZ 3 (7] # (Social Tags, Annotation [1]
o KiEIATEA, BRI ERNSS
* Pandora: B AR A T - £F H FRiE 10000 F &, £ 5 7520min, T4 11047
o JCIEMEREE H P A BGEE AT LI E Y
o« HTRUE
- AR 2
o« ANEBISHE Profile JLT-5E AN
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- ¥[E]T3E (Collaborative Filtering)
- FHRPIREE! (Wisdom of the Crowd)
- Good or Bad?
« Perhaps

o BB FE 3R (T LA AR
+ Volinsky : & BEHHIT TR BORE] ok 4 H A7 4 1
SEALME, (ENKCETE Y, RN AN

+ Or Perhaps Not
 BHREER AT SR G

“As entertaining and thought-provoking as The Tipgping Point by
Malcolen Gladwell, . . . The Wisdows of Crosds ranges far and wide.”
e The Bansow Globe

THE WISDOM
OF CROWDS

JAMES
SUROWIECKI

© 2006%F, TR/RESHIHERE S| B/ CABERERY M «<HT - B - 5> 205 igh

HetE, LTS L

» Volinsky : ZHATIM A AT N A AT Gt 2 H I — 22451
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» User-based Recommendation
- bR EALZGroupLens[1]Hh3& H Y 7%
- R
- PRI REE S H B ML i HO A Pl s A HT 0 i
« Content-based by User Profile (Demographic based)
- Whatis “fH{LZ I
« MM AT 53 Py sl st B ORI D)
o HEMOURGI T, HAEtem ERYFT 5 U0 T B AEAN
- FEARLIR:
o AR —Puser B THER
- BUETInAL F

* Normalization, etc.

- TTEERTop K relevance Users({7[A] i)
o [AREEES . SRARLMHLIE. Pearson R REL. etc.
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- User- based Recommendation

FLR B (cont.)

Top—N%ET
o GITIXHT KA P, B G H AR ARSI Y Trem
o T EHEE SIS
o HEFEAL XTI T A i

- REKHER
4% AT K TP G SER P i KBRS
© 25 S'Z%f“%ﬂ%ﬁfh, AT ORI 472 8 B (2|138)
S EIPS SN .

« If A, B, C then D ¥11.00
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Buy this books reader also bought
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¥12.20
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» User-based Recommendation

- MR
- WEIT T X Profile [42 4

- AT
P> R
« Top-K relevance user [ 11 &R FERT
o HOELAZ N iHE
o« H user B ASWTE N
- Cold Start )@
« HTH IR, JUFBCAFT 5, MELL RS
+ Content based HYfLHUAIR H K
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- Item-based Recommendation|[7]
- LR ETE
o 7 Lh b 28 R A E R A B B D ETE
- 5 User-based J7iEAFEM “XFRIE"
o HIXEGroupLensHy /7 32:FR N User-based J5 1%
- AR
- KR user-based JTIEHH FELE K, i Hitop-k relevance FEI Y [A]#1
- BB :
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The e E=—
LOI‘l Tall I.—._!:Il- BUILT TO THE
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= g DILEMMA W
lw the § muu.m s l-‘.ﬂ"'“-Ta _‘_5::9:-:::" 1::::‘:::: ]h’ﬂ‘&l ‘l’P man
GHREANDERSON Freakonomics Built to Last The Innovator's Good to Great The World Is

Dilemma

« [7] Sarwar, Katypis, etc. [tem-based Collaborative Filtering Recommendation Algorithms, WWW 2001
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« Item-based Recommendation(cont.)

- BB

- 1. ] FHuser-item rating matrix, | &item 2 [ FHALLE I [A] )
© RARZHE PearsontHRAMEREL etc

ltem-item similarity is computed by
looking into co-rated items only. In
case of items Jand j the similarity S;j is

\
]

computed by looking into them. Note:
each of these co-rated pairs are
obtained from different users, in this
example they come from users 1,u

o A BT 4 l, :1
1 2
1
2 - R \
u R R)s
m ®_Rf |
m R -

and m-1.

Figure 2: Isolation of the co-rated items and similarity computation
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« Item-based Recommendation(cont.)

- BEARDIR
o 2347 RN
o JIIACFITEN (Weighted Sum)
o DVRRUE AAE, X H P T 2 A
o ZPEENHATHN (Regression Model)
- FEEEMBERNE, SRy = aR:+ 8 + ¢ BERIEELEM, FEAOUE, FEIEY

i 2 3 -1 0 i+ n-1 n
S _—_ - i —
2
i 2 3 i-1-' m-1 m
| u|R R R - R
/// T ts‘“
S % S
u R R R - R I I, I m |
i.
m-1 | ]
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m
T - :
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« Item-based Recommendation(cont.)
- R
- TR BE#E User-based J7 1% M 15
« MAE: Item 0.735 v.s. User 0.741
SCIE= T30
o TtemZZAL R ZURE e AIG T User, #fleem MR ATZ T 5800, R8T
o AT S M
< HPEhse e, ISz RIZE Hsr B
- AR AT
- AP EGE THEE SR s
o 25 REHEAE i Y Trem Profile Y5047 BRARY ]

- BRA
« X New Item 45 Cold-Start[] [A] 1 [8]
o M PRESHIF T, B New User Y Cold-Start [AJ I EEif— L

+ [8] Functional Matrix Factorizations fotr Cold-Start Recommendation, SIGIR 2011.
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« User-based v.s. Item-based
T

o User £ >> Item 2, H. Item XL A E - Item-based
© MEIEY-T-G

o Ttem % >> User 20, H Item Z5HHHE - User-based
o HTIEN A RS

- MRS =
* 1994 GroupLens 130 W& [BIHESF
¢ 2001 Ttem-based 13 : M Hyifh [0 28 75k

SVAE7 =
o JEREAR N EK ¢ Item-based
o fERE TRIREAHEISGERIG AR ERT s, SRR Z BT =R Y A L
o AACHRIM 2 User-based
« HF User Network f{] Influence Network HY User-based J71£, & H 5K
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« User-based v.s. Item-based(cont.)
- HEEZ I

- HAME
o 0 AFIH User-based F Item-based 152 HE7F 41| 55
« Z50%AHIE, 50% AN, HIEAHAREEE - EAP

- ZHEE
« P ZFEE . BB — P user 2 Y HERF 51 38 Hritem B W5 P AHELEE

+ User-based [T Ttem-based : Ttem-based 15 ] THEZE it 22 A LKA 5

o RGBSRV RGEPHEFEI item [ ZHEE)
o Item-based IFT User-based : User-based Wi o] T HEE T TR 5

o G HERE SR A28 N
« User-based
- HPIENE BT SHALFRSFH A 80, B R
+ Item-based
« HPIENE BT HE S IrsE ey BAEOE, B "3’

« Combination!
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- Model-based Recommendation
o Y T B
- SVDEFE T

S sl [m ERE

L e o o 0 o L ||X||F= ZE)((Z].
. " * o 0 0 . * i=1 j=1

€ = u > VT

1. E—MERC, seanmsg: C=UTV’
2. M Tk, ERY T MBEKHFEMTRNE, hiRee T NBuIrkthe rk smallest) 4 g H 2.

3.3tmce: Ce = UTV!
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- Model-based Recommendation(cont.)

- FEFE I R HYIE S (cont.)

U1
U2
u3
U4
us

- SVDH iR &5 SR AR A !
- NMF(Non-negative Matrix Factorization)[9]

o FIREAE L AEREL T /N T E BIE (48 451]<0.001)
RaPxQT=R

5
4
4

_ =

U1
U2
u3
U4
us

11
4.97

3.97
1.02
1.00
1.36

« [9] Algorithms for Non-negative Matrix Factorization. MIT Press, 2001.

12
2.98

2.40
0.93
0.85
1.07

13
2.18

1.97
5.32
4.59
4.89

14
0.98

0.99
4.93
3.93
4.12
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« Model-based Recommendation
- Mlas 7 > HYE o £
- R P PR BRI 2Rk [10] =
- A
- F4T4) -> dislike(1~3) like(4~5) unknown P—
- FER LAY *
o b SAT s

© IRPIPERY F IR EE

o YT R B Duser PR B

- T
1% AT 0 15 DURE L — 22 2B R 2775 i (user BR45)

© KT R A user,
- H i?user’EéAEF'XT ritem$] o3 FYEEAES TN
— Ve T EASAIRY TN 32 LA Pead 40065 Y R) 7t

'1b

[10]Adapting Boost strapping of Recommender System using Decision Tree, WSDM 2011
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- Model-based Recommendation

- R
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Hybrid Recommendation(Jig & LT 2250)
Kbor rD AR R gl A A
Netflix K FEBellKor Pragmatic ChaosfA & The Ensemble PA
1002 M PrRIIS IR ERR LG
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- Hybrid Recommendation(cont.)
- A @& (Weighted Merge)
- JJ#1(Switch)
- A Mix)
- 2K (Cascade)
- JHIE4H G (Feature Combination)

e etc
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PR
. N
 FELT
- PP

- FIRPFA SR Z AL
- HHuluf 45 H[11] 7]
+ Position Bias [BUAEER RFHIFASE2TE
© P HAZRN A Trem EAEE SR BEHES — w2 /i
- NDCGTHE RS 4218 ]
* HulufYSL5:AE ANDCG N TRFRAYZE PP RBLAF RO BE, 4 b o
o ZEL U RERAE AL TR IR EUEE (??)

- [11] Do Clicks Measure Recommendation Relevancy? An Empirical User Study. RecSys 2010.
- [#] http://hi.baidu.com/chen_1st/blog/item/2ec003628d788ce2f736541a.html (by chen_1st ?)
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i
- JEFAIE (accuracy)

o TR
« MAE / NMAE
« RMSE / ARMSE
« MAP

o PR SCRFERA S
« fHRJF Correlation

» Pearson / Spearman / Kendall Tau
* Reversal Rate

* Precision/Recall/F-measure
- ROCHiZk

- 1] 4 (usefulness)

« Diversity
« Shannon Entropy / Gini Index

CHE
. Wi
. b
. BB
R
R
. AR
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- MAE(Mean Absolute Error *P-IA 28 %5 R 7

|
MAE = T Z ‘fl.li_rl.li‘
\/9| (u,i)e T

- ELULAARE
- Stepl: £ Data Set, FEHTHFF
 Random(80% ‘7, 20%[ay, FH T #Tim)
o Simulink (WA B [AF 2 A5
- Step2: I FH M SRE TN A R =S FHE
- Step3: FIJ FH20% ¥ Bl 20 E 1) B SR A B E A T REA
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- RMSE(Root Mean Square Error, {3 /34]/J77)

|
RMSE = | — (fz.li — rui)z
7.2

eT

- HArF AR S ik 72
o Netflix KX FRI T T #5558 (10% promotion -> $1 million)
- 5SVD MR E - R R
- SVDAIRFRE T e 23— ROk (<o) H5 JFE PR B ZE (B AR PR R 20/ M Y
T ALL R4 N

R Xl = Y. ). %

\ f=1 je=1
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- ARG RY KSR JT )

+ [12] Recent Advances in Personal Recommender Systems. Inter. Jour. of Inform. And System Sci. 2009.
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» B F G E (Data Sparsity)
- w3

- Cold-Start ¥ 5 3l [a)1Ht
* New-User / New-Item

- Neighbor Transitivity Problem (JT 4B 0582 ? )
o —ETtemZ [B| {FTILFEIFT R, MO LT EAEUE

« Long tail
o WHAR A IR SKIF BT HERE . — L Ttemd T4 AR S AR /D>

AR
R
. SVD / PCA ...
o AHRARTHC RBHESF
- HybridfE7F 1Rl
o W TR B EAAEYE% (e.g. User-based + Item-based)
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- [ 33 [ (Synonymy)
- L
°ﬂﬁm%mﬁxﬂm%%
B0 S8 T BRE MG

o BRI
- BTGt/ 18ERY A SR T2
o LST B AETE LT

- Gray Sheep|i] i
- =
- AN RIS H AT AEAE
« 7¥: Black Sheep — fIF5—M NFE2HH 2 - acceptable failure
o BERE
- Content-based + CF IR G X+
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- Shilling Attack(Anti Spam)

- R
- AANHCEE H CRI AT TR 28X FHI AT
- NXT

- W8 KM Ttem-based 735, 1EBEEFIXE DAL
- B SRS At SpamHy iAo
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B R IR I

- KT User ReviewH HEZ
o ZRTIORIZI S EEO BRI K
- H P PFEEHR IR AL
o 20074 A H IR A AT 3]

- SR TR
- MHEC IR, AR A L

- AP BT
- HEFEAIFE?

- KRR
 TR/NRTEIR, R IR - ok W

+ [13] Informed Recommender: Basing Recommendations on Consumer Product Reviews, RecSys 2007
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« Demo
- BHARSEN A

- demo
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DEMO

- Demo

- BN A
o KARRPE 30w &) T4 + ~200w user comment
LREBEBE(BEEE) swseos- 22
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