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Kivntpo

= ALQTUOTWOELS
— Agv £xouv OAOL OL XPHOTEG TA 6L XOPAKTNPLOTIKA
— Apa bev £xouv oUTe TIG 16LeG TANPODOPLAKES AVAYKES
= JKOMOG: [lpogapuoyn TNG AELTOUPYLKOTNTAG OTA XOPUKTNPLOTIKA KOL TIG QVAYKEG
SLAPOPETIKWVY XPNOTWV

Napadeiypata Kpttnpiwv Atdkplong Xpnotwv

= Efolkelwaon e TNV TIEPLOXN) TNC EMEPWTNONG
— Xpnotng pe AA otnv NAnpodopikr) PAaXVEL yLa LATPLIKEG TTAnpodOopieg
— g="theory of groups”
e sociologist: behaviour of a set of people
e mathematician: a particular type of algebraic structure

= [AWOGLKEC IKaVOTNTEG
— lotooeAideg otn Yok yAwaooa (oK yia ebpeon Spopoloyiwv mhoiwv, 0xt OpwCE yLla
Pphocodika keipeva), oelideg otnv Lamwvikn (tirota)
= JUYKEKPLUEVEG TIPOTLUNOELG
— eyypaodn os MePLOSLKO
— mapakoAouBnon S0UAELAG CUYKEKPLUEVWY ouyypadEwy (.. Salton)
= MopdpwTtlko eminedo
— Xpnotng e Mav/ko6 Ntuxio évavil XpAotn pe NVwoeLg Anpotikol
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MpodiA Xpnotwv

MpodiA Xpnotwv:
— UEOO SLAKPLONG TWV XPNOTWV BACEL TWV XYAPOAKTNPLOTIKWYV KOl
TIPOTIUNOEWVY TOUG
Mopor

— Agv UTIAPYXEL KATIOLOL TUTTOTTOLNKEVN Lopdn
— MrnopoUue va BewprnoouE OTL £XEL TN Hopdn LLAG EMEPWTNONG

MpodiA Xpnotwv kat HOwKA
(o) Elva «opB0O» va meplopiloupe ta amoteAéopATa;
(B) 18lwTKOTNTA KO TIPOCTAGCLA TIPOSWTILKWY SeSouévwy (Privacy)
— Av £xoupe oAU Aemttopepn mpodih
= [lolog éxet Sikaiwpa va BAEmel ta mpodid;
= [olog umopei va eAéyyel kot va oANGLeL Ta TtpodiA;

Fevikol Tpomot A§lomoinong twv MpodiA katd tnv Avaktnon MAnpodoplwv

A) Meta-811@non Bdoet mpodil (User Profile as a post-filter)
— E6w 1o mpoodil xpnoomnoLeital KATOmV TG anotiinong TG apxXLKNG EMEPWTNONG
— Hxpnon mpodiA auéavel To UTTOAOYLOTIKO KOOTOG TNG AVAKTNONG

B) Npo-61@nan BaoeL mpodiA (User Profile as a pre-filter)
— ESw to mpodiA xpnoLUOTOLEITAL VL0 VO TPOTIOMOLNCEL TNV QPXLKI| EMEPWTNON TOU
xprotn
— Hxpnon mpodiA Kat n tpomomnoinon enepwtioewv 8ev auEAVEL KATA AVAYKN TO
UTIOAOYLOTLKO KOOTOG TNG AVAKTNONG

C) Enepwnon kat Mpodid wg EexwpLotd onpeia avadopdg

— (Query and Profile as Separate Reference Points)
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(A) Meta-6in0non Baoest MNpodiA
(User Profile as a Post-filter)

= Mé6oboc¢:
— H apyikn enepwtnon umoloyiletal Kavovika
— Ta amoteAéopata opyovwvovtal BAceL Tou mpodth
o Avadiatagn otolyeiwv anavinong
0 ATIOKAELOUOG OPLOUEVWV EYYPADWY
= YTTOAOYLOTLKO KOOTOG
— H xpnon mpodi\ §gv LELWVEL TO UTTOAOYLOTIKO KOOTOG
— AvrtiBeta, mpoobETeL Eva MOPAAVW UTIOAOYLOTIKO 0TASL0

B) Mpo-61n6non Baoet NpodiA (User Profile as a Pre-filter)
Mapadetlypa Tpomomnoinong Enepwtioswv:

|
! Chili B Rrofile2
e Q2
eQ
2 A
Spiciness o1 ) )
Mapddeiypa pe 2 diactdoeig
Chicken g
[l Profile1
0 * Ice cream

0 | calories 1

MpodiA xprotn mou mpoTipdel ehadpld Kot OXL TUKAVTIKA daynTd
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TeXVIKEG TPOTIOTIOLNONG EMEPWTHCEWVY

(B.1) Simple Linear Transformation
— Metoakivel to Slavuopa pog tnv kateuBuvon Tou podiA

(B.2) Piecewise Linear Transformation

— Metakivel To dtavuopa pog thv KatevBuvon tou TpodiA Bdaoel
TEPUTTWOEWV

(B.1) Simple Linear Transformation
(oTAOG YPOLLKOG LETALOYN LOTLOMOG)

EOTW g = <qy,...,0>, P = <Py,...0> (G, p; T BAPN TWV SLOVUCHATWY)

Tpormormnoinon enepwtnong q (koL opltopdc g q’) :
q/=kp;+(1-k) q; ytaéva0<k<1

MepUTTWOELG

= Av k=0 toteq’ =q ( n emepwtnon pével avaAloiwtn)

= Av k=1 tote g’ =p (n véa enepwtnon TauTileTal LE TO TPOPIA)
= OLev8Lapeoeg TIUEG Tou k eival evlladEpouaeg

10
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(B.2) Piecewise Linear Transformation

ESw n tpomormnoinon twv Bapwv npocdlopiletal e £va cUVOAO MEPUTTWOEWY
(SLapopetikn cUUTEPLPOPA e BAON av 0 OPOG EUPAVIIETAL 1) OXL OTNV EMEPWTNTN KL OTO TTPOPIA)
MepUTTWOELC:
(1) 6pog mou epdaviletal KaL oTnV EMEPWTNON Kot 0TO TIPOdIA
* £bapUOTOUUE TOV ATAO YPAUMUIKO UETACKNUATIOMO
(2) 6pog mou epdaviletal pdvo oTnV EMEPWINTN
* a¢drVoupE To BAPOG TOU POV APETABANTO 1| TO HeELWVOUUE eEhadpd (rx 5%)
(3) 6pog mou epdaviletal poévo oto mpodiA

® §gv KAVOUUE TUMOTA, I EL0AYAYOULE TOV OPO OTNV EMEPWTNON OANA HE LKPO BAPOG

(4) 6pog mou bev epdaviletal OUTE OTNV EMEPWTNON OUTE 0TO TTPodil
® 8gv KAVOUUE Timota

Napadelypa
- p =<5, 0, 0, 3>
- q =<0, 2, 0, 7>
- ¢'=<125 15, 0, 6>
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(C) Emepwtnon kat Mpodil wg Eexwplota onpeia avadopadg (Query and Profile as
Separate Reference Points)

Mpocéyylon
— E&w 8gv TpomornoLeitaL n apyLkn EMepWTNON
— AvrtiBeta kat n emepwtnon Kat to TPodiA AapBdavovtal EEXxwPLoTA UTIOYN KATA T
Sadkaoia tng BabpoAdynong Twv eyypadwv

EpwtApata
— Mwg va cuvbuaooupe autd ta duo;

— Z€TOLO VO SWOOUE TEPLOCOTEPO BAPOG KA TIWG;

YnoBeon epyaoiag
— 'Eotw OTL N avdKTnon yivetal BAoeL plag ouvaptnon andotacng Dist

12

AvakTtnon NMAnpogopiag 2009-2010



Tpomnotl cuvduacopol TpodiA Kal EMEPWTNONG

Ly
(1) To &LaleukTiko HovTéNo (To AlyoTEPO QUGTNPO) %

— 'Eva d avnKeL oTNV amavtnon av:
(Dist(d, q) <L) OR (Dist(d, p) <L) P 9

= EvoAhaktikd Statvnwon: min (Dist(d,q), Dist(d,p)) <L @ @
— elvat to Alyotepo avotnpd

(2) To ouleukTikO HOVTENO (TO QUOTNPOTEPO)

— ‘Eva d avnkel otnv andavtnon av:
(Dist(d, q) <L) AND (Dist(d, p) <L)

= max (Dist(d, q), Dist(d, p)) <L

— &lval To Mo auoTtnpo

— namavtnon elval n toun tTwv ans(p) kat ans(q) (Le katwAL L)
® Qv TO q QMEXEL TTOAU OO TO p, TOTE N andvinon Ba eivat kevn

13

Tpomnot cuvduacpou rpodiA kat emepwtnong (1)

(3) To eMewboelbég povtélo
— Dist(d, q) + Dist(d, p) <L
— KA av to d KaL To p SV anéxouv oAU
= Qv aréXouV oAU TOTE Hropei va avaktnBolv moAAd& pun ocuvadn e kavéva

14
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Tpomnot cuvduacpou mpodiA kat emepwtnong (1)

(4) To oB&A povtého Tou Casini
— Dist(d, q) * Dist(d, p) <L
— av to d KoL to p gival Kovtd, Tote opoLdlel pe To eANeloelSEQ

— Qv aréXouv Alyo Tote HoLAleL e GUOTIKL
— Qv aTEXOUV TOAU TOTE €XEL TN Hopdr] Tou 8

15

MNw¢ prmopoupe Kaboploou e TN OXETIKA Baputnta
ETLEPWTNOEWV KoL TIPOPIA;

=  Bdpn Unopoulv va mpootebolv oTa TPoNyoUEVA LOVTEAQL:
— min (w1*Dist(d, q), w2* Dist(d, p)) <L //81aeukTiko
— max (w1* Dist(d, gq), w2* Dist(d, p)) <L //outeukTiKO
— wi1*Dist(d, gq) + w2* Dist(d, p) <L //eMewpoelbég
= Y10 povtélo Cassini ta Bapn sival kaAltepa va ekdpacbolv we ekBETEG:

— Dist(d,q)** * Dist(d,p)*? <L //Cassini

16
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MpodiA Xpnotwv Kot
A&LoAOynon AMOTEAEOUATIKOTNTOG AVAKTNONG

MOVO TIELPOAUATLKA UTTOPOUE Vo arodavOoU e yLa TO ToLa IPOsEyyLon elval
KOAUTEPN, 1 YLOL TO AV QUTEC OL TEXVIKEG BEATLWVOUV TNV OIMOTEAECUOTIKOTNTA TNG
QVAKTNONG

H melpapatikn aloAoynon [Sung Myaeng] anédelfe OTL OL TEXVIKEG QUTEG
BeATLWVOUV TNV AMOTEAECUATIKOTNTA
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E§atopikevon péow Zuvepyatikng Emthoyng/Atnbnong
Personalization using Collaborative Selection/Filtering
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Ot MMachine Learning (McGraw-Hill Series in Computer Science)
by Tom ML Wtchell, Thomas b MMitchell
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'°°"[1-Dmm Our Price: $85.15 Add to Shopping Cart
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at a glance Availability: Usually ships within 24 hours.

o ravigws e Shopping with us is
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——— Guaranteed.
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if you like this
book...

Customers who bought this book also bought:
e Reinforcement Learning: An Introduction; R. S. Sutton, A. G. Barto
e Advances in Knowledge Discovery and Data Mining; U. M. Fayyad

e Probabilistic Reasoning in Intelligent Systems; J. Pearl
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Product Rating by Users
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Rate this item
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Not . . .
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Machine Learning [ONN SR SN SN o o
by Tom M. Mitchell 7 12 3 4 5
¥ Use for Recommendations
(_Save changes |
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Recommendation Types

1. Content-based recommendations: The user will be
recommended items similar to the ones the user
preferred in the past;

2. Collaborative recommendations: The user will be
recommended items that people with similar tastes and
preferences liked in the past;

21

Content-based Recommendations

Content-based recommendations (CuOTACE€IC ue BAon TV
OMOIOTNTA PETAEU TWV AVTIKEINEVWV)

MNwc¢ opiletal n opolotNTA,;
KAaowkry Mpooéyylon: KABe OvTIKE(UEVO Hmopel va
nieplypadel pe Baon kAol XOpaKTNPLOTIKA TOU

22
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MNapadetypa: Emloyr Eotlatopiou

KAaoowkn Mpocgyylon:
—  XopoKTnpl{ou e T EOTLATOPLO BACEL EVOG IEMEPATUEVOU CUVOAOU KpLTnpiwv (kouliva,

KOOTOC, TormoBeaia). OL MPOTLUNOELG EVOG XPrioTh ekdpAlovTal PE Ulo oUVAPTNON
afloAdynong mAvw C€ AUTA TA KPLTHPLAL.

MelovekTrpata

— TNV emloyr OUWG EVOC E0TLATOPIOU eUMAEKOVTOL KAl AANOL TapdyoVTEeG (amepLopLoToL
otov aplBuo) mou Suokoha Ba urmopovoav va ekPpacTouV pe cadiVveLd, OTIWG:
e TOOTUA Katn atpoodapa, n Slakdopunon
® 1 UTtOAOUTN TIEAATELQ, TO TIAPKLVY
® 1 yewwovid, n Sladpopr TPOG TO ECTLATOPLO
e 1 efumnpetnon, oL Wpeg Asttoupyiag, Ta ... oepPitola

Oa BéAape va prmopol e va TipoBAEPOUE TIC IPOTIUNOELS XWPLG va epLopl{OUAOTE OE
€va otaBepo clvolo kpLtnplwv

—  Xwplg Kav va XpELOOTEL val aVOAUGOUE TOV TPOTIO TTOU OKEDTETAL O XPrOTNG

23
H KAaooikr) Avaktnon Keluévwv
Opolotnta 6pwv
Baosl twv eyypadwv
Slm(k k2) My, av &pouue ta gyypada (A
v GMa avtikeipeva) (Staviopata)
mou  eméleée o xpnotng,
, TPOTEiVOUE OUOLa
Opol P He op
kK, Ky oo K
d W Wor ... W . Ouoldtnta eyypapwv
i W11 W21 th sim(dy,dy) Bdoet Twv Aéfewv
'Eyquq)q 2 12 _22 t2 «dot product
) ecosine
' *Dice
o1 d, Wy, Wy, Wi -Jaccard
W . = {0,
ij = 0.1} 0 Wy Wy oo Wy
24
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Juvepyatikn Emloyn/Aunnon

Collaborating recommendation/filtering

MpoBAedn TPOTIUNCEWG €VOG XPNOTN Baocel Twv
KOTAYEYPOUMEVWY TIPOTIUACEWY Tou 8lou Kal GAAwWV
XPNOTWV.

Nwg;

Me Bdosl £€vav Tivako OmMou KoToypAdOUUE TIC
0€LOAOYNOELC TWV OVTLKELLEVWY OTIO TOUG XPHOTEG

25

AvTIKElLEVA KOl XPrOTEC

Xproteg
U Uy oo Uy
I Wy Wy e Wy }
AvVTiKEipeVa I Wi Wy oo Wy
(items)
I, Wy, Wy, . Wi,
To kel (i, j) Tou mivaka (Bapog wy) eivat
N a§LloAdynon Tou QVTIKELEVOU i and To
w;;={0,1} ===> 0: Bad, 1: Good Xpnotn y;

w;; = tf;; idf;===> w;; :pabpég mpotipnong Tov ypfiot i ot éyypago j, my {1,2,3,4,5}

26
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Juvepyatikn Emloyn/Aunnon

Collaborating recommendation/filtering

MpoBAedn TPOTIUNCEWG €VOG XPNOTN Baocel Twv
KOTAYEYPOUMEVWY TIPOTIUACEWY Tou 8lou Kal GAAwWV
XPNOTWV.

Nwg (yevikn 16€a):
1. BA€moupe ta avrikeiueva wg Sltavuopata (n avtiotoyn

ypappn)
2. BAEmoupe TouC xprote¢ w¢g dtavuopata (n avtiotolyn
otiAn)
AvTIKElLEVA KOl XPrOTEC
Opolotnta xpnotwv BAacel
TWV MPOTLUNCEWVY TOUG
Slm(u7, Uz) OpOLOTNTA OVTLKELUEVWV BACEL TWV
TPOTIUNCEWVY O€ QUTA
Xproteg
sim(iy,i,)
. Uy 2 e Uy * dot product
Avtikeipeva o Wy Woroee Wy } " cosine

B Wy Wy oo Wy « Dice

: : : : * Jaccard

in Wln W2n th

Wy, W. W,
g la T2q t To kel (i, j) Tou mivaka (Bapog wy) eivat
N a§LloAdynon Tou QVTIKELEVOU i and To
w;;={0,1} ===> 0: Bad, 1: Good Xpnotn y;
w;; = tf;; idf;===> w;; :pabpég mpotipnong Tov ypfiot i ot éyypago j, my {1,2,3,4,5}
28
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YrioAoylopog NpoPAedewv Kot ZUCTACEWY

AVO Asltoupyleg:

= MpoPAedn (prediction)
= JUotaon (recommendation)

29
MavtelovTag TLG TIPOTLUNOELG EVOG XPROTN
OpoLOTNTA XPNOTWV PrediCtiOﬂ
Bacet twv mpotioewy tovg O xpriotng u, 6ev €xet Babpoloyrioet
sim(uy uy) .(SKd)pOLGEL BaBbuod npotipnong) yia to
Il'
fH MTopoUE VA TOV LOAVTEYOULE;
Xprioteg
u, u,
AVTIKeiLEVaL !1 Wi Way sim(is, i) OHOLOTNTA AVTLKEIHEVWV
K I Wy Wy Bdosl Twv (Mpotiuioewv)
' . TWV XpNoTwv
In Wln W2n th
w;;={0, 1} ===> 0: Bad, 1: Good
w;; = tf; idf;===> w;; : BaBuo6g mpotipnong tou xpriotn i oto eyypado j, mx {0,1,2,3,4,5}
30
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YrioAoylopog NpoPAedewv Kot ZUCTACEWY

Recommendation

Computing recommendations for a user u:
1/ Predict values for those cells of u that are empty, and
2/ Select (and give the user) the highest ranked elements

31

Napadeypa tne dStadopag petaéy MpoPAsPng kat
Yuotaong

Prediction
= e.g.: ET3 channel has tonight the movie “MATRIX”, would | like it?

Recommendation

= e.g. recommend me what movies to rent from a Video Club

32
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How can we compute prediction?
Xpnoreg
NpoPAedN TNG POTIHNGONG TOU U, YLOL TO AVTIKEIHEVO TOU i;
u, ug/fT\,‘ut
AvTiKEipEVa il Wy (W, | .. _ MNpooéyylon 1
b Wy [Woy | [ Wy, Me rolov xprotn (xproteg) €xeL o
: B : U, TLAPOHOLEG TIPOTIUNOELG;
N | ) TL Aéel aUTOC 0 XPNOTNG (XPNOTEG)
Iﬂ Wln W2n T th v[_a TO0 |1;
Mpooéyyion 2
—u, U, ... U Mol eivat o o dpolo (poLa)
[ Wy Wy o - QVTIKELLEVO ME TO iy;
EIZ VV12 V\I22 VVtZ , , ,
: - . Tu AéeL 0 XpAOTNG U, Y@ OUTO
. . . (awta) Ta avtikeipeva;
in Wln W2n th
33
How can we compute prediction?
NpoPAeYPN TNG POTIHNONG TOU U, YLD TO AVTIKEIMEVO TOU i)
MNpooéyyon 1 (avaAutikad)
XproTeg Bpeg toug N T1Lo GHOLOUG LE TO U, XPHOTES
. U U e Y H mpotipnon tou u, ywa to i; elvat o pecog
) I Wy Wy 0po¢ TWV TPOTIUNCEWYV Twv N outwv
AvTikeipeva |2 le W22 Wt2 xpr]oubv yla o i1
Iy Wy Wpp o Wy Npooéyyion 2 (avoAuTikd)
Bpeg ta N 1o dpola pe To i; avtikeipeva
H mpotipnon tou u, ywa TO i; €lvat o
HECOG OPOG TWV TIPOTLUACEWY TOU U, YLot
ta N autd avtlkeipeva
34
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Mapadetypa mpoPAeP N PACEL TWV 3 KOVTLVOTEPWY XPHOTWV KOL LETPO AMOOTACNG
N HETPWKA L,

Tony Manos Tom Nick Titos|Yanhi
PizzaRoma 4 5 1 2 5 |4
PizzaNapoli 3 3 1 1 4 |3

PizzaHut 1 2 5 4 1 |2
PizzaToscan (4) 2 1(5)|?4

D(Tony, Yannis) = sqrt [(4-4)>+(3-3)2 +(1-2)?]=1
D(Manos, Yannis) = sqrt [(5-4)2+(3-3)? +(2-2)?]=1
D(Tom, Yannis) = sqrt [(1-4)?+(1-3)? +(5-2)?]=4.69
D(Nick, Yannis) = sqrt [(2-4)2+(1-3)2 +(4-2)%]=3.46
D(Titos, Yannis) = sqrt [(5-4)%+(4-3)% +(1-2)?]=1.73

Nearest (most similar) 3 = Tony, Manos, Titos
(5+4+5)/3 = 4.66

35

Mapadetypa mpoPAeP NG Le BAoN TLG 2 KOVTIVOTEPEG MLTOAPIEG KAl LETPO
anodoTacng tn HETPKA L,

Tony Manos Tom Nick Titos Yannis
PizzaRoma 4 5 1 2 5
PizzaNapoli 3 3 1 1 4 %
PizzaHut 1 2 5 4 1
PizzaToscand 5 4 2 1 5 |2

D(Roma,Toscana) = sqrt [(4-5)2+(5-4)2 +(1-2)2 +(2-1)2 +(5-5)?]= 2
D(Napoli, Toscana) = sqrt [(3-5)2+(3-4)2 +(1-2)2 +(1-1)2 +(4-5)?]= 2.65
D(Hut, Toscana) = sqrt [(1-5)2+(2-4)2 +(5-2)2 +(4-1)2 +(1-5)?]= 7.34

Nearest 2 = Roma, Napoli

(4+3)/2 = 3.5

36
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How we can compute recommendations.
Nearest Users

Xproteg
_— . Up| Uy Ut
Objective: Compute w(u,,i) Wy Wy, }
Wy Wy Wi,
= Algorithm Average : S :
— Let Sim(u,) = the users that are similar to u, E o -
= E.g. k-nearest neighbours I Win|Wan Win

— w(u,i;) = average( {w(u,i;) | u € Sim(u,)})

= Algorithm Weighted Average

— As some close neighbors are closer than others, we can assign higher weights to

ratings of closer neighbors
- Ww(uyi;) = 2 sim(u,, u)*w(u,i)  where u € Sim(u,)

37

How can we compute recommendations?

Recommendations

JUOTAVOUUE OVTIKE(UEVO ylo Ta omolo o Xpnotng u Oev €xeL ekdppaoel

npotipunon
Mwg Ta eMAEYOUE;

Nearest (most similar) Users:

Find the N nearest users to u and recommend the top items that they like

Nearest (most similar) Items:
Take the top items that the user has liked in the past
Find and recommend the items that are the nearest to them

38
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MNpoBAnuata Ekkivnong (1)
Nearest Users

Eloaywyn véou xpnotn:
— Oev éxeL ekdPACEL KOULA TIPOTIUNON => §€V UMTOPOULLE VA TOU TIPOTEIVOUUE Tinota (Sev
HIOPOU LE VOL EVTOTILOOULE KOVTLVOUG XPrOTES)

Tony Manos Tom Nick Titos|Yan
PizzaRoma 4 5 1 2 5 |-
PizzaNapoli 3 3 1 1 4
PizzaHut 1 2 5 4 1 |-
PizzaToscana 5 4 2 1 5

MNpoBAnuata Ekkivnong (11)
Nearest Iltems

Eloaywyn véou avtikelévou (new item):
— B&V €XOUE MPOTIUNCELS YLO AUTO => TIOTE Sev Ba mpotabel o KAMOLOV Xprotn

Tony Manos Tom Nick Titos Yanni
PizzaRoma 4 5 1 2 5 4
PizzaNapoli 3 3 1 1 4 3
PizzaHut 1 2 5 4 1 2
PizzaToscana| - - - - -2
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MpoBAnpata Ekkivnong (I11)

Ye KAOe nepintwon noté dev Ba mpotabel éva véo oTolxelo og €va VEO Xprotn

Tony Manos Tom Nick Titos|Yanj
PizzaRoma 4 5 1 2 5 |-
PizzaNapoli 3 3 1 1 4 |-
PizzaHut 1 2 5 4 1
PizzaToscana| - - - - - |?

41

Opolétnta/Anootacn Xpnotwy

Problem: Not every User rates every Item

A solution: Determine similarity of customers ul and u2 based on the
similarity of ratings of those items that both have rated, i.e., D ;-

Tony Manos Tom Nick Titos Yannis
PizzaRoma 5 2

PizzaNapoli 3 1 4 3
PizzaHut 1 5 2
PizzaToscana 5 2 1 5

42
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YrioAoylopog NpoPAedewv Kot ZUCTACEWY

OpoiétnTa XpnoTtwyv

= Various approaches have been used to compute the similarity
between users in collaborative recommender systems

= In most of these approaches, the similarity between two users is
based on their ratings of items that both users have rated.

= The two most popular approaches are correlation and cosine-based.

43

Ouolotnta/Anoctacn Xpnotwyv

Tpomol urtoAoyLopou:

— ECWTEPLKO YIVOUEVO

t . ,
sim(u,,u,) = ZW“ Wy, >ta adsla KEALA TOU
- ouvnpitovo =1 miivaka Bewpou e otL
umapxeLto 0

(wi1i-w2ij)

i ™M~

Ql'ﬁz i

cos( Uq,U0,) =

u _ 1

T, 1.0 - t t

el T
i=1 i=1

— Mean Squared Distance

44
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Ouototnta/Anoctocn Xpnotwv:
Mean Squared Difference

ul(x) = wyy
U2(X) = Wy,

d MSD (Ul, U2) = #

: X) —u2(x))?
‘Dulmu2‘ xeDy1~u2

45
Ouototnta/Anoctocn Xpnotwv:
Pearson correlation
ﬁ%)—ul)(uz(x)—uZ)
xeDy1~u2
Cpearson (U1,U2) = — —
> l(x)—uD)- D (u2(x)-u2)
xeDy1~u2 xeDy1nu2
_ C(ut,u2) > 0 6etikn oxéon
ul=mean of ul C(u1,u2) =0 oudétepn axéon
u2 = mean of u2 C(u1,u2) <0 apvnriky oxéon
The correlation coefficient measures the strength of a linear relationship between two variables.
The correlation coefficient is always between -1 and +1. The closer the correlation is to +/-1, the closer to a perfect
linear relationship. Here is an example of interpretation:
-1.0 to -0.7 strong negative association.
-0.7 to -0.3 weak negative association.
-0.3 to +0.3 little or no association.
+0.3 to +0.7 weak positive association.
+0.7 to +1.0 strong positive association.
46
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Ouolétnta/Anootaon Items

Tpomot urtoAoylopol opolotnTag/andoTacng:

E0WTEPLKO YIVOUEVO
— ouvnuitovo
— Pearson Correlation Coefficient

Z(U(Xl) - ﬁ)(U(XZ) _ Q)
Cpearson (X1, X2) = ueU 2
S () —xa)? - T (u(x2) ~x2)
uey ueU

Adjusted Pearson Correlation Coefficient

> (u(x) - uD)(u(x2) - u2)

To handle the differences ueu

Chpearson (X1, X2) = >
Jz U(x1)-u1)?- ¥ (u(x2)-u2)
uel

in rating scales of the users

ueU
47
Ouolétnta/Anootaon Items
Tpomot urtoAoylopol opoloTnTag/andoTacnc:
— ECWTEPLKO YIVOUEVO
— ouvnuitovo
— Pearson Correlation Coefficient
3 (u0) £ XDlu(x2) x2)
Cpearson (X1, X2) = uet - 2
|3 oLt $00)(2)
ueU ueU
— Adjusted Pearson Correlation Coefficient
u(x1) Lul)(u(x2) 4u2
To handle the differences EL:J( ( )U ( )U
i rati les of th Cpearson (X1,X2) =
in rating scales of the users \/ 3 (u(xl)@- Z(U(XZ)@Z
uey ueU
48
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Obtaining User Input

User (consumer) input is difficult to get

A solution:
= identify preferences that are implicit in people's actions
— Purchase records

e For example, people who order a book implicitly express their preference for that

book (over other books)
— Timing logs

=  Works quite well (but results are not as good as with the use of rating)

ZA Amazon.com: Your Recommendations - Microsoft Internet Explorer
File Edit iew Faovoites Tools Help
S Back - = - @ N | @asearch [dFavortes lMedia B | G- b = =)
Links @&]¥net @&]haarstz (& westher austin @172 112 22P0 - & Customize Links () Launch Outlook Express
Address [&)] hitp://vwrer. amazon com/esec/obidos tadstorss recs Ainstant-1ess/-/books 0/ref=pd_ir_b_hm/104-2449569-4302350 =l @G
Google - | ~| & Seachweb @i SeachSite  SRSearch Groups |t New! | Fo9Fank couCotegony €9 Pagelnfo - >
- T =l
In Books: In a hurry? Click here to edit your recommendations
Your Favorites Edit More Results € J
Science
Computers 2 Internst o
1. @ Data Mining Add to cart
Parenting & Families -
Parenting & Families by Ian H. Witten, Eibe Frank Add to Wish List
Prafessional & Technical Average Customer Review: it
October 11, 1999
More Categories
P T Armazon.com
P N Data mining techniques are used to power int; frware, both en
arts & Photography ;. - ;.
arts w | hofoges and off the Internet. Data Mining: Practich Macjlne Learning Tools
Audio CDs explains the magic behind information extrgetion # a bool that succeeds
fudiocassettes at bringing the latest in computer sciencefesegyfh to any IS manager or
Bargain Books developer. In... Eead more
Biographies & Memoirs
Our Price: $49.95 Used & ne
Business & Investing
Calendars
e wvhy was [ recommended thise
Catdlogo de libros en » 4
espafiol
S -\ .. | .-/ . - =
=] \ / // © Intemet
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Mapd Tavta,

NoAU ouxvd |Dq.=0

When thousands of items available only little overlap!
=> Recommendations based on only a few observations

0 0s Tom Nick Titos Yannis
PizzaRoma 2
PizzaNapoli 1 4 3
PizzaHut 5 2
PizzaToscana 2 1 5

Various solutions:
— View CF as a classification task
¢ build a classifier for each user
¢ employ training examples
— Reduce Dimensions
e e.g. LS| (Latent Semantic Indexing)

51

Juvepyatikny Emloyn/An6non: uvoyn

I6LaiTEPO XOPAKTNPLOTLKO: SEV XPELALETAL VAL EXOULE TIEPLYPODI] TOU TIEPLEXOUEVOU TWV
otolyelwyv
—  UIOPOULE VA TNV XPNOLUOTIOCOUE yia TV emthoyr/6Bnon moinpdtwy, dthocodikwyv tewv, mp3,
peteSonwAeiwy, ...
Oa pnopovoe va aflomotnBeil kat ota mAaiola tng KAaookng AN
— Awdtagn otolkeiwv anavinong Baoel cuvadelag KAl tou ektipoUpevou Babpou toug (Baocet Twv
agloloynoewv Twv AAwV Xpnotwv)
‘Exel amodexBOel xprioLn Kot yLa Toug ayopaoTEG KAl Yo TOUG MWANTEG (e-commerce)
Abduvapieg: Sparceness & Cold Start
— Works well only once a "critical mass" of preference has been obtained
— Need a very large number of consumers to express their preferences about a relatively large number of
products.
— Users' profiles don't overlap -> similarity not computable
— Doesn't help the community forming
— Difficult or impossible for users to control the recommendation process
Emektdoelg/BeATLOOELG

— Trust = explicit rating of user on user

52
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= [4] Korfhage’s Book Chapter 6 and 7

= Gediminas Adomavicius, Alexander Tuzhilin, “Toward the Next Generation of
Recommender Systems: A Survey of the State-of-the-Art and Possible Extensions”,
IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERINF, VOL 17, NO. 6, JUNE
2005.
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