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PekomeHpaTenbHble CUCTEMDI

» [loaxoabl K popMMpoOBaHUNIO peKoOMeHaauUnm
» 3apaun
» [Moaoxonbl
» Cbop agaHHbIX: Explicit/Implicit
» Content-based/Transaction-based
» Model-based/Memory-based
» User-based/ltem-based

» ANroputmbl
» AccoumatuBHble npasuna
» TpaH3UTUBHbIE accoUMaTUBHbLIE CETH

» Collaboration Filtering
» User-based
» [tem-based

» [pyrvue anroputmbl
» Big Data, Hadoop, Mahout etc
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PekomeHaaTenbHble CUCTEMbI:
3agadyy 1 nogxoabl



3agaymn pekoMeHaarTelribHbIX CUCTEM

PekomeHpaaTternbHble cuctembl (PC)
NPUMEHAIOTCA ONA NpeasioXeHns
KIMTMEHTY B pearibHOM BpeMeEHM
npoayKkToB (OUNbMOB, KHWT,
ogexabl) UNu yCryr, KOTopble ero C
BonbLION BEPOSATHOCTLIO
3aMHTEPECYIOT.

[TpumeHeHunsa: Cross-Sale, Up-Sale
e 3MNEKTPOHHAsA KOMMepLUS,

* OH-NanH BaHKUHT,

* PO3HWYHAaA TOProsns,

e CrpaBOYHbIE LIEHTPHI,

* NOWUCK pmnbmoB, My3blkun, 10O, Hay4YHbIX cTaTeEN



rlpl/IHLl,l/II'I peKkoOMeHAaTellbHbIX CNCTEM

PekomeHgauunu !

N =
NpeanocTaBnAarTCA Ha - @
OCHOBaHWUK YK€ COBEpPLLEHHbIX i m_a_

MOKYMNOK, MOCEeLLIEHNN CanuToB, a [G]emn

Takke npuema obpaTHom CBA3MN: 1 __ N
BbICTABMNEHHbLIX PEUTUHIOB, < Y («é" - -
3aMNofIHEHHbIX aHKET. | "*« youde
ﬂpmmepu

Amazon.com (Iltem-based CF),
* Mys3blka Ha Yahoo!,
« Cinemax.com,
* Moviecritic,
TV Recommender,
* Video Guide,
 CDnow.com 1 npou.



Kputepuun oueHkm kadyectsa PC

» TOYHOCTb. Pa3sgensem TpaH3akumm Ha obyyatoLLee 1 TECTOBOE
MHOXeCTBO. TpaH3akuum B 0by4aoLeM MHOXKECTBE CryXaT ans
OLEHKN PEUTUHIOB TOBApPOB. ToBapbl N3 KaXXO0W TECTOBOW
TpaH3aKkuun criydanmHoO pasnenstoTcs Ha ABe rpynnbl: «M3BECTHbIE» U
«HeunsBeCTHble». Ha oCHOBaHUM PEUTUHIOB rPYyMnbl « N3BECTHLIX»
TOBAPOB CTPOATCA PEUTUHIN ANSA rpynnbl K HEN3BECTHLIXY.

» [MoKpbITUe. [na kakoi YacTv ToBapos PC MoxeT hopmmpoBaTh
MNPOrHO3bl PEVTHUrA UMW BblgasaTb pekoMeHaauumn?

» CKOpOCTb OOy4YeHuUS.

» CTeneHb HOBU3HbI. MoxHo npeactasutb PC, OAoLLYH TOYHbIE
NPOrHO3bl ¢ 6GoNbLLINM MOKPbITUEM, HO BecnonesHble. Hanpumep
pekomMeHgauum no cambiM NONynsapHbIM TOBapam.



Kak cobupartb gaHHble?

Mcnonb3yeTcs ABHbIN 1NN HEABHbIN COOP AaHHbIX.

» [1pn ABHOM cbope OT nosnb3oBaTens TpebyeTcs
3anonHATbL aHKETbI A1 BbIABEHUS NPeaNoYTEHU.

» [1pn HeABHOM cbOope AenUCTBMS NOSib3oBaTenNs
NPOTOKOSIMPYIOTCA ANA BbIABEHUA NPEeanoyYTeEHUN, U
COCTaBJ1IEHNS PEUNTUHIOB NPOUCXOaNT
aBTOMaTUYECKMN.

NHorga o6a nogxoga KOMOMHUPYHOTCS: Koraa
TPaH3aKLWUOHHOM NCTOPUN NMOKa HET — UCTONb3YIOTCH
ONpPOChI. 3aTEM HAYMHAKOT YYUTbIBATb TPAH3AKLINMN.



Kak BbIMUCIATb NOXOXXECTb?

OCHOBHOM MPUHLMIM: MOXOXXUM NOJSIb30BaTesNIAM
peKkoMeHAYHT NoxXoXue ToBapbl. Kak onpenensTb
NMoOXoOXXecTb?

» Content-based. lNNoxoxecTb onpenensaeTcs Ha
OCHOBaHUN XapakTepUCTUK TOBAPOB W1 NOnb30BaTENEWN.
[1ns1 TOBApOB: CIOXKET, pexxmnccep, KMHoLlKorna; obLee
MYy3blKanbHOE HanpaBfieHne, CTuUMb; PYHKLNOHAaNbLHOE
Ha3HadeHue, Kateropugd, LeHosas rpynna. [Ans
KIMMMEHTOB: AemMorpaduveckne aaHHble, NPeanovYTeHNS
N3 3anOSIHEHHbIX aHKET.

» Transaction-based. ToBapbl CHUTAIOTCHA NOXOXUMM,
€eCInun YaCTo BXOOAT BMeCTe B OA4HY TpaH3aKuuio, a
NonbL30BaTeNN — eCrin COBEPLUAOT CXOXUE MOKYMKMU.



Mcnonb3yeTtca nu mogens npeamMmeTHon obnactn?

» Memory-based. Mogenu gaHHbIX HET. PekomeHaaunm dopMmnpytoTca
Ha OCHOBaHWW BbIYUCIIEHUA HEKOW MEPbLI MOXOXECTU NO BCEM
HaKOMMNEHHbIM AaHHbIM. OTOT NOAX0A npoLle, obnagaeT BbICOKOW
TOYHOCTbIO, MOXET UCMNOSb30BaTb MHKPEMEHTASIbHbIN YYET HOBbIX
OaHHbIX. HO pecypcoeMok, He MOXET NpeaoCcTaBUTb ONucaTeSbHbIN
aHanua CyLWeCcTBYOLWMX 3aKOHOMEPHOCTEN, AaTb bonblUuee NoOHUMaHue
NMEIOLLIMXCHA AaHHbIX N OOBACHUTL NPOrHO3.

» Model-based. CHauvana doopmupyetcs onucatensHas Moaersb
nNpeanovYTeEHNN NONb30BaTENEN, TOBAPOB U B3aUMOCBA3N MeEXOY HUMMN,
a 3areM (popMMpYyOTCA pekomMeHaaumm Ha OCHOBaHUM MosTly4YeHHON
mogenu. lNpenmyulecTsa: HanMumMe mogenu, garouwen donbLiee
NoOHUMaHue opMnpyemMbiX pekoMmeHgaumn, a Takke 1o, YTo npouecc
doopmMupoBaHUA pekoMeHgaunn pa3duT Ha ABa 3Tana: pecypCcoeMKoe
00y4YyeHne moaenu B OTINOXEHHOM peXxume U 4oCTaToOYHO NPOCToe
BblYMCNEHME pekoMeHaaL M Ha OCHOBE CYLLECTBYOLLEN MOAenu B
pearnbHOM BpeMeHW. HegocTtaTku: He nogaepXxuesaroT
NHKPEMEHTanNbLHOro 00y4YeHna, MeHbLlass TOYHOCTb NPOrHO3a.



Collaboration Filtering

Collaboration Filtering — cnocob popmupoBaHus
pekomeHgauun: implicit (nonb3oBarenu He
onpalumBaroTcd), memory-based (6e3 coctaBneHus
mogfenu), transaction-based (Ha ocHoBe
NoSIb30BaTENbLCKOro rnoBeaeHus).

» User-based. NpeonoxuTb ToBapbl, npnobpetaemble
MOXOXXUMU I1051b308amesisiMU; YCPEOHUTb PENTUHIU
TOBapa, NPoCcTaBfeHHble APYrMMU NOMb30BaTeNsMun, ¢
BeCaMu Mo CTENEHN NOXOXEeCTU Nosfb30oBaTenen.

» Item-based. Npeanoxunute moeapsl, NoOXoxue Ha yxe
NPUODOPETEHHLIE: YCPEAHUTb PEUTUHIU YXKE OLEHEHHbIX
TOBapOB C BeECaMu MO CTEMNEHN NOXOXECTU Ha
HeoLEeHEeHHbIV ToBap.
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PekomeHaaTenbHble CUCTEMbI:
ANropuUTMbl



SQL Server Analysis Services Data Mining
Microsoft Association Rules

[MpaBuna Bupa «ecnm A v B, To ¢ BEPOATHOCTLIO X Takke Cy,
onucbiBawoLme, HaNnpuUMep, COBMECTHO NpMobpeTaeMbIe YCIyri.

[lonck accounaumn:
» Kakue ToBapbl NpoaatoTcsi COBMECTHO?

» EcTb nn B3anmocBaA3b MeXxay My3blKalibHbIMA U
MaTeMaTU4eCcKMMM CNocoBHOCTAMKU?

Xappuot [x. O Beex co3naHnax GOMbLIKX 1 MaNLIX



SQL Server Analysis Services Data Mining
Microsoft Association Rules

Anroputm a-priori

ANropnTM OCHOBAH Ha UTepaTUBHOM BbIYMCNEHUM YAaCTbIX HABOPOB ANUHOMN |,
T.€. HAOOPOB 13 | TOBAPOB, BXxoasLWmx bornee, yem B N 4yekoB. [lanee, Habopsl
ONTMHOW | 00beauHAKTCA ApYr ¢ APYromM Anst nonyvYeHnsa 4yacTbix HabopoB
anuHou i+1. Kak Tonbko Bce YacTble Habopbl HanaeHbl, OHU pa3duBaloTCs Ha
NEeBYIO 1 NpaBylo YacCTb ANS NOMyYEeHUS rnpaBust BXOXKOEHUS TOBApPOB U3 NpaBou
YyacTu Habopa npu ycroBum BXoxXaeHns neson Yactu. OcTtaBnstoTCAa TOMNbKO
cocTosiTenbHbIE NpaBuna (¢ 6oNbLLWON BEPOATHOCTLIO) U UHTEPECHbIE (Te, B
KOTOPbIX fleBad 4acTb CUIbHO BIIUSIET Ha NpaBylo YacTb Npasuna).
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SQL Server Analysis Services Data Mining
Microsoft Association Rules

NMapameTpbl anropuTma a-priori

> Support — HacKonbKo 4acTo KOp3nHa ToBapoB
BCTPEYaEeTCs COBMECTHO B TPaH3aKLUAX.

» Confidence — HacKonNbKO Befnnka ycrioBHaa BEPOSATHOCTb
NpaBoun YacTu npasuna npu ycrnosmm cobnogeHna
NeBon YyacTu.

» Lift — HacCKoNbKO BbINONMHEHWE NEBOW YaCcTu NpaBuna
yBENMYMBaET BEPOATHOCTb BbINOMHEHUS NPaBOn YacTu.



SQL Server Analysis Services Data Mining

Microsoft Association Rules
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SQL Server Analysis Services Data Mining
Microsoft Association Rules

Mining Model: ’Mmrie Prediction Model T] Viewer: ’Miunsnﬁ Association Rules Viewer v] B

Rules | Itemsets |DEDEI'|I:|EI'|I.'.}' Netwnrk|

Minimum probability: 0,40 5 Filter Rule:

Minimum importance: 0,51 5 Show: Show attribute name only

[| Show long name Maximum rows: 000 B

T Probability  Importance Rule

0,994 _ Star Wars Episode II: Attack of the Clones, Star Wars Episode VI: Return of the Jedi -» Star Wars Episode V: Empire Strikes Back
0,933 _ Star Wars Episode I: The Phantom Menace, Star Wars Episode VI Return of the Jedi - Star Wars Episode Vi Empire Strikes Back
0,938 _ Star Wars Episode I: The Phantom Menace, Star Wars Episode V: Empire Strikes Back -» Star Wars Episode VI Return of the Jedi
0,966 _ Indiana Jones and the Temple of Coom, Indiana Jones and the Last Crusade -= Indiana Jones and the Raiders of the Lost Ark
0,957 _ Star Wars Episode I: The Phantom Menace, Star Wars Episode Vi Empire Strikes Back - Star Wars Episode IT: Attack of the Clones
0,949 _ Indiana Jones and the Temple of Coom, Indiana Jones and the Raiders of the Lost Ark - Indiana Jones and the Last Crusade
0,943 _ Star Wars Episode VI: Return of the Jedi, Star Wars - Star Wars Episode V: Empire Strikes Back
0,945 _ Star Wars Episode It The Phantom Menace, Star Wars Episode VI: Return of the Jedi -» Star Wars Episode II: Attack of the Clones
0,943 _ Star Wars Episode I1: Attack of the Clones, Star Wars Episode V: Empire Strikes Back - Star Wars Episode VI Return of the Jedi
0,934 _ Star Wars Episode I: The Phantom Menace, Star Wars - Star Wars Episode I1; Attack of the Clones
0,933 _ Godfather, Part IT, The -» Godfather, The
0,928 aiebaisadahnibaadaalite Clones, Star Wars Episode VI Return of the Jedi -= Star Wars Episode I: The Phantom Menace
0,908 ndiana Jones and te [empie of Doom - Indiana Jones and the Raiders of the Lost Ark




SQL Server Analysis Services Data Mining
Microsoft Association Rules

AccouuaTmBHble NpaBusa bonee npegHas3Ha4YeHbl an4
onucatenbHOro aHanu3a, T.e. 419 onpeaerneHnst Kakme ToBapbl
npogatoTcs COBMECTHO, a He And goopMupoBaHug
pekoMmeHgaumn. 3TOo CBA3aHO C TEM, YTO Y anroputmMa HU3Koe
NOKPbITME: NpaBuna CyLECTBYHOT TONMbKO A8 HEDOSbLLIOro
Habopa ToBapoB.

Ecnu y Hac 1000 moeapos u mMmbl xomuM Orisl Kaxxoou napbl moeapos UMemsb
803MOXXHOCMb peKoMeHOoB8amb mpemul moeap, mo Heobxooumo, 4mobabl
mpaH3aKuyuu, eKrro4arouue ece rapbl moeapos + rpous3eosibHbIU mpemul
moeap, bbiriu «4acmbIMU», m.e. acmpeydarnuce He meHee 100 pa3s, rnory4yaem:
muHumym ~50 000 000 3anuced.



SQL Server Analysis Services Data Mining
Microsoft Association Rules

DMX-3anpochbl galoT oguHakoBble pes3ynbTaThl, T.K. HEe BbIABMEHbI NpaBuna
C y4acTuem fneBon 4Yactu, No3TOMY pekoMeHayTca Hanbonee
nonynspHbIie ToBapbl.

SELECT FLATTENED

SELECT
[Movie],
$NODEID
FROM PredictAssociation([Movie Prediction
Model].[Movies], 5, INCLUDE_NODE_ID)
) AS [Movie Prediction]
FROM [Movie Prediction Model]
NATURAL PREDICTION JOIN

SELECT
SELECT '28 Days' AS [Movie]

) AS [Movies]
) AS t



Microsoft Association Rules

[FISELECT FLATTENED

(
SELECT [Movie]

FROM PredictAssociation([Mowvie Prediction Model].[Movies], 5)
1 AS [Movie Prediction]
FROM [Movie Prediction Model]
MATURAL PREDICTION JOIN

(
SELECT
(
SELECT '28 Days' AS [Movie]
1 AS [Movies]
Yy AS t
o0 % - “

[_:;5-'; Messages Results

Movie Prediction. Movie

Star Wars

Matrix, The

Lord of the Rings: The Fellowship of the Ring, The
A beautiful mind

Star Wars Episode V: Empire Strikes Back



Microsoft Association Rules

FISELECT FLATTEMNED

(
SELECT [Movie]

FROM PredictAssociation([Movie Prediction Model].[Mowvies], 5)
) AS [Mowie Prediction]
FROM [Mowie Prediction Model]
NATURAL PREDICTION JOIN

(
SELECT
(
SELECT '28 Days' AS [Mowvie]
UNION SELECT 'What''s Mew, Pussycat' AS [Movie]
} AS [Movies]
} AS t
100 % = 4

IJl"ﬁ Messages | ] Results

Mowvie Prediction.Movie

Star Wars

Matrix, The

Lord of the Rings: The Fellowship of the Ring, The
A beautiful mind

Star Wars Episode \V: Empire Strikes Back



Microsoft Association Rules

FISELECT FLATTENED
(
SELECT [Movie]
FROM PredictAssociation([Movie Prediction Model].[Movies], 5)
)} AS [Movie Prediction]
| FROM [Movie Prediction Model]

100 % = 4

IJI'ﬁ Messages | ] Results

Mavie Prediction. Movie

Star Wars

Matrix, The

Lord of the Rings: The Fellowship of the Ring, The
A beautiful mind

Star Wars Episode V: Empire Strikes Back



Microsoft Association Rules

[FISELECT FLATTEMED
(
SELECT
[Movie],
$NODEID
FROM PredictAssociation([Movie Prediction Model].[Movies], 5, INCLUDE NODE_ID)
--WHERE $NODEID <>"'
) AS [Movie Prediction]
FROM [Movie Prediction Model]
MATURAL PREDICTION JOIM

(
SELECT
(
SELECT '28 Days' AS [Movie]
UNION SELECT 'What''s New, Pussycat' AS [Movie]
--UNION SELECT 'American Pie' AS [Movie]
) AS [Movies]
) AS t
W% - 4| m
Eﬂ Messages E Results
Movie Prediction. Movie Movie Prediction...
Star Wars
Matrix, The

Lord of the Rings: The Fellowship of the Ring, The
A beautiful mind
Star Wars Episode V: Empire Strikes Back



Microsoft Association Rules

FISELECT FLATTENED
!
SELECT
[Movie],
$NODEID
FROM PredictAssociation([Movie Prediction Model].[Movies], 5, INCLUDE NODE_ID)
--WHERE $NODEID <>''
) AS [Movie Prediction]
FROM [Movie Prediction Model]
MATURAL PREDICTION JOIN

!
SELECT
(
SELECT '28 Days' AS [Movie]
UNION SELECT 'What''s New, Pussycat' AS [Movie]
UNION SELECT 'American Pie' AS [Movie]
)} AS [Movies]
) AS t

ie Prediction...

Ymercan Pie 2

Matrix, The
Lord of the Rings: The Fellowship of the Ring, ...
A beautiful mind



SQL Server Analysis Services Data Mining
Microsoft Association Rules

AccounaTtuBHble npaBuna. naes

ToBapbl TpaH3akuuun

A
b
B

Il
EQ@ 5

1
2
3
4

/.

ToBapbl A n b «CUMNbHO MOXOXK», MOTOMY YTO BMECTe BXOOAT B TpaH3akumn 1 u 2.
ToBapbl b n B «MeHee noxoxu», NOTOMY YTO BMECTE BXOAAT B TPAH3aAKLUMIO 2.



TpaH3UTMBHbLIE accounaTUBHbIE CETU

PaclumpeHue anropmtma accounaTtmBHbIX npasun. Mel cuntaem,
4yTO TOBapbl A 1 B TakXe noxoxe, XoTd OHWU BMECTE He BXOOAT HU
B OOQHY TpaH3akuuto. A n B noxoxun notomy 4to A ~ b, b ~ B.

ToBapbl TpaH3akuymu

A @ 1
5 2

il

B
a

A

/

Opyrmmun crnioBamun: mexgy toBapamu A 1 B cyliecTtsyeT nyTb OJINHbI 2.



TpaH3I/ITI/IBHbIe daCcCoumnatTmBHbIE CETH

LonycTtum, 4To nonb3oBartenu ¢1 u c2 npnodbpenu Toeap p1, a
nonb3oBartenu c2 n c3 npmobpenu Toeap p2. CTaHOapTHbIE anropUTMBbI
COBMECTHOW (punbTpaumm CBSXKYT nonb3osatenen c1 n c2, a Takke
nosfib3oBartenemn c2 u c3, HO He cBAXYT ¢1 1 c3. [na nony4vyeHna
TPaH3UTUBHbLIX CBA3eW Mexay TpaH3aKkuusaMn ncnosnbayerca rpad,
y3Ibl KOTOPOro COCTOAT U3 ABYX YacTeu — TpaH3akunu 1 ToBapsbl, a Ayru
CBA3bIBAOT TPaAH3aKLUMM C BXOAALWMMN B HUX TOBapaMW.

Toeapol

TpaHIaHUHH ‘



TpaH3I/ITI/IBHbIe daCcCoumnatTmBHbIE CETH

[1ns1 yyeTa TpaH3UTUBHLIX CBA3EN MEXOY TOBapaMu Mbl paccMaTpMBaem
BCE NMyTU MeXQy HUMU C ANMHOW He Bornblue 3agaHHoro Yncna M.
CTaHgapTHbIE anropuTMbl COBMECTHOM (oUIbTpauUnn yYnTbIBaKOT My TU
osimHon 1. IHTYMTMBHO NOHATHO, YTO YeM 60osibLue YACNOo pasfinyHbIX
nyTen, coeguHALWLNX ABa y3na, TeM CUSTbHEE CBSA3b MeXay HUMU. Takke
NHTYUTUBHO NOHSATHO, YTO YEM ASIMHHEN NYTb, CBA3bLIBAOLLWI ABa Y3na,
TeM criabee cBA3b MeXay HUMMN,

Ecnn A — maTtpuua conpsi)KeHHOCTU (AOCTMXKUMOCTU MeXAy ToBapamu
Yyepes O[HY TpaH3aKLUu1o) Mexay ToBapamu, To Al — maTpuLa
OOCTMXKMMOCTM 3a | WwaroB (Yepes i TpaH3akuum). Ecnn cknagesiBatb YNCHO
nyTen ogHOW ONWHbI MeXxay ToBapamMun ¢ BeCOM <1 B CTENEHU ONNHbI
NyTW, TO NONYYUM MaTpULy CTENEHU BIIM30CTMK:

M
P(M)= Z p'A' TNepexoas K npeaeny nNpu AoCTaToOMHO MaribIxX Becax:
i=1
P(w)= | —pA "I
[1porHo3: ToBapbl Hanbornee 6rn3kMe K gaHHOM TpaH3akuuu (ToBapam
TpaH3akumn).



TpaH3nTUBHbIE acCOLMATUBHbIE CETU

-- 3anosiHAeM Tabauuy TpaH3aKuun
DECLARE @CoOccurance AS input.CoOccuranceTable;
INSERT INTO @CoOccurance
(
TransactionId,
ItemId

SELECT
CustomerID,
Movie

FROM dbo.Movies

-- 3anpocC Ha MNOXOoxue TOoBapbl:
SELECT *

FROM [cooccurance].[getItemDistance](N'28 Days', 1,
@CoOccurance)

ORDER BY similarity DESC

-- 3anpoc Ha MpoOrHo3
SELECT *

FROM cooccurance.predictItemsFromStringWithoutTraining(2,
@CoOccurance, N'28 Days,') t

ORDER BY similarity DESC



TpaH3I/ITI/IBHbIe dCCoOUNaTNBHbIE CETU

-- sancnHAem Tabnuuy TpaHsakuwi
IDECLARE [@Co0ccurance AS input.CoOccuranceTable;
FIINSERT INTO @CoOccurance

&
L
L

TransactionId,
ItemId

)

SELECT
CustomerID,
Movie

| FROM dbao.Movies

m

—ISELECT *
FROM cooccurance.predictItemsFromStringlWithoutTrainin Co0ccurance, N'28 Days|') t
| ORDER BY similarity DESC

% = 4
7] Results uﬁ Messages
ttemid Similarity

| i Lord of the Rings: The Fellowship of the Ring, The | 0,02
¥ Star Wars 0.02
1 Star Wars Episode |: The Phantom Menace 0,02
l Star Wars Episode |I: Attack of the Clones 0.02
] Star Wars Episode V: Empire Strikes Back 0,02
3 Star Wars Episode VI: Betum of the Jedi 0.02
7 Sting, The 0,01
i Talented Mr. Ripley, The 0.0
¥ Tank Gid 0.0

Il Tad Driver 0.01



TpaH3UTMBHbIE accouMaTUBHbIE CETU

-- SanonHAem Tabnuyy TpaHIakuWi
[SIDECLARE [@Co0ccurance AS input.CoOccuranceTable;
EINSERT INTO @Colccurance

p

TransactionId,

ITtemId

)

SELECT
CustomerID,
Mowvie

| FROM dbo.Movies

[FISELECT *
FROM cccccu*ance.p*edictItems=*cm5t*ingHithcutT*aining[al [@Co0ccurance, N'28 Days|") t
 ORDER BY similarity DESC

D% - 4
7] Results ij Messages |

temid Similarity
'I Starwars .................................................................................................... 0.38599599399397%
5 StarwarsEpmude‘ufErnp|reStn|cesElac;k ......................... D 275299999953956
3 Matroc, The 0.2 703595999995936
4 Star Wars Episode V1: Retum of the Jedi 0, 2648959959595938
5 Lord of the Rings: The Fellowship of the Ring, The  0.2552555559595935
B Indiana Jones and the Raiders of the Lost A 0, 2486555995 5955
if Star Wars Episode |l: Attack of the Clones 0, 235355555955951
8 Star Wars Episode |: The Phantom Menace 0,221 8555559559593
9 Gladiator 0.2050595959955553
10 Indiana Jones and the Last Crnusade 0. 20350995099593905
11 Apollo 13 0,1 3835599999955 56
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Collaboration Filtering



User-based Collaboration Filtering

Kakoomy nonb3oBaTento CTaBUTCS B COOTBETCTBME BEKTOP
MOKYNOK, rae KaxaoMy ToBapy NpuUnmncbiBaeTcs ero
PENTUHT. B KadecTBe Mepbl ONM30CTN Mexay
nosib3oBaTensaMmn NPUMEHSITCA METPUKU, OCHOBaAHHbIE Ha
yrnax Mexay BeKTopamum NoKyrok.

» KocuHyc yrna mexay BeKTopamu MOKYTOK.
» Koppensauus mexay BekTopamMmu NoKynok.

PenTnHr ToBapa gaHHOro nosfib3oBaTens onpeaenaercsa Kak
CpeaHUN PEUTUHT 3TOro ToBapa, NPoCTaBMNeHHbIN APYrMMU
nonb3oBaTensMy ¢ y4eToM Beca, onpeaendemMoro Mmepom
6r11M30CTN K JaHHOMY NOSb30BaTEerto.



User-based Collaboration Filtering

dunsTpaumnga no Nonb3oBaTeiAM UMEET BbICOKYH TOYHOCTD.
OpgHako, HeOCTaTKOM BCEX BapuaHTOB NpuBeLEeHHOro
anropuTMa SIBrndeTcs ero pecypcoeMKkocTb (TpeboBaHue K
NamsTn) N CIIOXHOCTL (KOSIMYEeCTBO BblYMCNEHUN,
Tpebyemoe and rnosfiydyeHna pekomeHgaunn).

K TOMy ke BblYMCNEHNE cTeneHn 6rn3ocTu
aHanmManpyemowu TpaHsakuun KO BCeM OCTalbHbIM
TPaH3aKUMAM MOXET NPOU3BOAUTLCHA TOSIbKO B pearibHOM
BpPeMeHMU, TaK KaK JaHHble O TeKyLlen TpaH3aKLnm
CTaHOBATCS OOCTYMHLIMW TOMNBLKO B MOMEHT BbipaboTKu
pekomMmeHgauum

BbiBo4: domnbTpaumna no nonb3oBaTensamMm MOXeT
NPUMEHATBLCA TOMBKO K OTHOCUTESNBbHO HEDOMNbLLINM ba3am
OAHHbIX.



ltem-based Collaboration Filtering

Ka)xgomy ToBapy CTaBUTCH B COOTBETCTBME BEKTOP
KNMWEHTOB, A€ KaXXAoMY KITMEHTY NPUMNNCLIBAETCS PENTUHI,
KOTOPbIV OH BbICTaBWUIT JaHHOMY ToBapy. B kayecTBe mepbl
BGnM3ocTn Mexay ToBapaMmn MPUMEHSIIOTCA METPUKM,
OCHOBaHHbIE Ha yrnax Mexay BeKTopamMu KITMEeHTOB.

oes B ounstpaumnm no Toesapam COCTOUT B BbICTaBIEHUM
HEen3BeCTHOIo peuTuHra ToBapy B aHanum3npyemou
TpaH3aKUMnM Ha OCHOBaHUN B3BELLUEHHbIX PEUTUHIOB OPYrUX
TOBapOB, BXOOALMX B 3Ty TpaH3aKkuuo. T.e. Mbl cHnuTaem,
4YTO PEUTUHT TOBapa byaeT OnMmM30oK K peNTUHIaM NOXOXKNX
Ha Hero ToBapoB N3 Yy>Xe OLlEHEHHbIX.



ltem-based Collaboration Filtering

B anroputme dounstpaymm no ToBapam cteneHb 6rim3ocTu
aHann3npyemoro Toeapa Ko BceM OocCTallbHbIM TOBapam
MOXET ObITb BblYMCIIEHA B OTITOXXEHHOM PEXUME MO
pacnucaHuio, Tak Kak BEKTopa PeEUTUHIOB BCEX TOBApPOB
OOCTYMNHbI 4O MOMEHTa hopMUpPOBaHNA peKkoMeHaOaunn.

Mbl MOXXEM pa3genuTb NPOLIECC BbIpabOTKN pekoMeHaaLUnm
Ha OTITIOXEHHYIO CTaguio (BblYMCIIEHME CTENEHU BIN30CTU
TOBapPOB OPYr K ApYyry) n ctaguio B peasrisHOM BpeMEHU
(BblYMCIIEHNE PEUTUHIOB TOBAPOB).

Takum obpasom, anropmtm punsTpaumm No Toapam
oKasblBaeTcs bornee adpPEKTUBHLIM C TOUKN 3PEHUS BPEMEHMN
dopmMmupoBaHuUa pekomeHaauun, 4em anroputm dpunstpaunm
No TpaH3akumsm brnarogapsi BO3MOXHOCTW NPoOBeAEHUS
OTNOXEHHOW NpenobpaboTKku AaHHbIX.
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PekomeHaaTenbHble CUCTEMbI:
[pyrne anropntmbil



[lpyrne anroputmsbl

>

KoMmnpeccus n noHnxeHue pasmepHoOCTH
MaTpULbl CBA3N MeXAY KNMeHTaMu 1 ToBapamMmu npu
nomouwin SVD.

MeTon nepcoHanbHOU ANAarHOCTUKN. Mol
paccMaTpuBaeM aHanM3npyemMyto TpaH3akUM Kak
6yaTo oHa Obina BbibpaHa cry4yanHo ¢
paBHOMEpPHLIM pacnpeneneHmemM n3 reHepanbHoOU
COBOKYMHOCTU TpaH3aKkuun ¢ nobaBneHmnem 0enoro
wyma. T.e. noMmmmo Habnogaemoun criydanHom
BENNYMHbI, COOTBETCTBYHOLLEN PEUTUHIAM TOBApPOB B
aHanmanpyemowu TpaHsakumu, y Hac ecTb eLle
HeHabrnogaemas criyvdamHasa BenvynHa , Kotopas
OMNMUCbIBAET BApNAHTOM KakoW TpaH3aKUnKn SBNAeTCH
«Ha camoMm geney.

Knaccudpumkauma: Naive Bayes.



[lpyrne anroputmsbl

» ['mbkas cmewaHHasa mopenb (Flexible Mixture Model).
Vpea aToro Metoga OCHOBbLIBAETCS 3aKN4yaeTcd B
cnegyoLem:

» CyuwecTByeT OoTAeNbHbLIN HADOP rpynn Nonb3oBaTenen n OTAeNbHbIN
Habop rpynn ToBapoB, BXOXXAEHNE B KOTOPbIE ONpeaensoT
3HayeHne pentuHra. T.e. nonb3oBaTenn u3 rpynnbl | OLeHnBatoT
TOBapbl N3 rpynnbl | IPUMEPHO OANHAKOBO.

» [Monb3oBaTtenb Unu ToBap MOryT BXOAUTb B HECKONbKO rpynn. T.e.
PUNbM MOXET OblTb UCTOPUYECKUM, BOEHHBIM W NCUXONOrMYeCKUM
OQHOBPEMEHHO.

» AcnektHasa mogenb (Aspect Model). MHOXeCTBO AaHHbIX
COCTOMT 13 HabntoaeHWN, NpeacTaBnsaoLLmMx codo napsbi
COBMECTHO BCTpeYaloLLMXCs TpaH3aKLUuiA 1 ToBapoB.,
MHTEPNPETUPYEMbIE KaK «B i-yt0 TPAH3aAKLNIO BXOAUT j-bI
ToBap». C kaxablM HabnogeHnem Takke cBsizaHa
HeHabnogaemaa nepeMeHHas knacca, onucbliBaroLLas
rpynnbl TpaH3aKkunm n TOBapoB, «BCTPEYAOLLNXCSI»
COBMECTHO.
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Big Data, Hadoop, Mahout etc



Big Data

Large Complex

Traditional RDBMS MapReduce

Unstructured

Reference: Tom White’s Hadoop: The Definitive Guide

N0y

Data Size Gigabytes (Terabytes) Petabytes (Hexabytes)
Access Interactive and Batch Batch
Updates Read / Write many times Write once, Read many times
Structure Static Schema Dynamic Schema
Integrity High (ACID) — Low
7
Scaling Nonlinear Linear T v,
DBA Ratio 1:40 1:3000 & (|7




Mahout

Apache Mahout™ - macwtabupyemasn oubnmorteka
MaLUMHHOro obydeHua gna Hadoop, npegHasHavyeHHas
ansa obpadboTkm dorbLLINX OOBLEMOB OaHHbIX.

Collaborative Filtering

User and Item based recommenders
K-Means, Fuzzy K-Means clustering

Mean Shift clustering

Dirichlet process clustering

Latent Dirichlet Allocation

Singular value decomposition

Parallel Frequent Pattern mining
Complementary Naive Bayes classifier
Random forest decision tree based classifier

vV vV vV v vV v v vV Vv Y




Hadoop: ccbinku

» http://hadoop.apache.org/

» http://mahout.apache.org/

» https://www.hadooponazure.com/

» Running Apache Mahout at Hadoop on
Windows Azure:
http://blogs.msdn.com/b/avkashchauha
n/archive/2012/03/06/running-apache-
mahout-at-hadoop-on-windows-azure-
www-hadooponazure-com.aspx
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