SEXFMTHENSRZIEELRIEFISEICS - Matrix

Factorization

BB EE/NZE T Radial Basis Function Network, ©H0EEHEETF RS
4 ( distance-based similarities ) B9Z44HE ( linear aggregation ) , Ffi1{EFRk-
Means clustering&; £ R HEBARMIIKNFOR |, REEITESXEHORR
distance similarity , &SN FZIRBF Networkd2,

LinearNetwork Hypothesis

EE—T , BAMENRRFEIEQRENE —TIRHRET | 52 INERHEILAN
srMEEdata P E I BIFEFMEEDskill, BeAIZRIESE—MARRIHESZERFAIGF. B
B, BRBI1F LA S A ERPNANERRA R rank , BI=RFES , i)lg—
MREL | BRI RFIR B BT REEBE R THER TN,

data > ML > skill

» data: how ‘many users’ have rated ‘'some movies’
« skill: predict how a user would rate an unrated movie

—MERIREBE R HETF R FHIGI 22006 FNetllixZ/IHI—IX LR, RS T7480189
PNRFM7T7088ES | RS HIRER. HEFERFREF | T

L = (n)FJREERF | XR—MNERIHE , EEERHFRS KRR
AR, WH5E  FHERYm = Tam FREnTBRXYEmMEBERAIHFREYE.

A Hot Problem

competition held by Netflix in 2006
100,480,507 ratings that 480,189 users gave to 17,770 movies
10% improvement = 1 million dollar prize

data D, for m-th movie:
{(Xn = (Nn), ¥n = rnm): user n rated movie m}
—abstract feature X, = (n)

=

TERIRHE—SEEXMSIHE |, £, = (n)EEFWIID , BEREEERR.
114N1126,5566,6211%F, XLHESHEEIHENNLENENX , RE—FIDIFRMmE.



IXFEEFNEAEFR IZEBISFE ( categorical features ) , FIlAJcategorical features®47 :
IDs , blood type , programming languagesZ%s, MiFSH28% IR h(HERRIAEE
PEPEEUERFE ( numerical features ) , fFl#linear models , NNetf&BY<, {HRZRMNG
( decision tree ) 24MFS , BBILA{EHBcategorical features, FTLA , ANREZET—
NRIEFERFRIWRFZIRE , SR FIDiXfcategorical featuresi& /g
numerical features, JXFHIERRRHESCHENIZMREL ZRI—MmAS ( encoding ) BUID

=N

» categorical features, e.g.
« |Ds
« blood type: &, B, AB, O
« programming languages: C, C++, Java, Python, . ..

« many ML models operate on numerical features

+ linear models
+ extended linear models such as NNet

—except for decision trees
» need: encoding (transform) from categorical to numerical

—PEREEAJencoding /S TUHiAZDbInary vector encoding, EHENT , MRBMAERE
N, BHSE—MEEANNAEE, EnMERIINAIE EEn P TEA1T , HETHEE
20, TEmE— binary vector encodingdd{5l =,
binary vector encoding:
A=[1000]",8=[0100],
aB=[0010]",0=[0001]"

£Z2idencodingZf5 , BIAT, ENZEHIbinary vector , RN MNP, By, EM4EH
ME , FRZAPXMIFEBEZAHEREER/. T8 . AP A—EXIEMERESZED
BN , RFNBIIEIERIERNEZETIN ( FEHES ? ZJrRRIFHBES, ) .

encoded data D, for m-th movie:
{{xn = BinaryVectorEncoding(n), ¥, = rnm): user nrated movie m}
or, joint data D

{(xn:BinaryVectorEnching(n),yn: [rmt 77 Mg M5 ... rn,w]T)}

-

RHEENMNEF , MEBER,., WFXENEE | BIIEEEEEMNEPNAREENE
SEENHE., XEIHE—MFHEER ( feature extraction ) BIIIEE |, IEEHEEN



AP =SB NSRS ETUFRIE , NTESIXAEEER SR, Al

YEIRERNT A SRS | XE , RAVEFANENNER, NNetiERIthim LR
EN —d — MB , EsNESNEEAN , d 2EEEETN , MERTES
2N IZNNetI TIICITE , ZESTHEUR, LAT LSRN EEE0T , B2IRE
Ze—UEAOERY, IMEIR—T | IXMEMIRR 12§/ B autoencoderdEEL , ZBE
NE—NERE.

idea: try using N-d-M NNet
Xy - B B / = W
~_ % fanh
S @) —Pap =y
X = o — _ Wﬂf ~ ) ij
= tfanh —
.1."4 -\/ =y

HEXE , B— N , FiELENNetHEEENtanh R EE—ERER ? BRE
FHE, FANEBAAEXEETencodingEZIR , HPREDITEN0 , RE—I\TH
B, A, RE— &, SENNERNTFRIBHANZREER. BFz, =1, W34
FRE—NEEBEHEFAZanhREHITIEE. MR LEXKR |, tanh(x)Sx2FTEBIR |
RARRMEST—PMREANTE | HARIMRZNER | (EXUEERITE2IRELIR
R. ALt , FHANEREREEItanhEREEB IR — MRSy =x , B2 TE RIS,

"n—_ S =y

xz.-"

_ T. (1) ) = Yy =
X = - V__: I""_vnf ~ W: ll"II"".r'n"I / Y
) / =)
o
{(xn:BinaryUectarEncmding(n),yn: [rmt 77 rg s ... rn,w]T]}

T iErSiE BRI R R Y | BRI HEXFZEIFRILinear Network ( Slinear
autoencodertBHEML ) . B— T EEIXANNELEHS , HAEERREEONEW. ) @
EEN , BRBVTEr . EREIMERONEWD grad v , FERwWE
. EINERMERERRZG | Linear NetworkJhypothesis BJZRRA :

h(z) = WiV

WREBENMNAHPZ, , AFXREFRETEL, A1, HEWA0 , UIRIEEVRES
nFIRE2EEY , Hiitthypothesis)y :



h(z,) = W,

« rename: VT for [ w!! j} and W for [ j}

» hypothesis: h(x) = W' vx
« per-user output: h(x,) = WTv,, where v, is n-th column of V

Basic Matrix Factorization

RIRIFRAIEENA T linear networkftEELFhypothesis, EARVXAILABIEEXTEFx
H—FE LR ® (2)., XITFEIPBE , HMUAHERTRRN

b (z) = wk ®(x)

linear network:
h(x) =W Vx
o

d(x)

—for m-th movie, just linear model h,(x) = w] ®(x)
subject to shared transform &

¥ES5Tlinear networki2EL Y f5 |, X TEBEMEAZUE ( AIENNEFEMERES, ) | K
(117 BTN HER Wi, v, SEFEREER Y, RATREERE, TG $$ZIKQHA$_5E AR
Fasquared error measurefIARREN E;iy, , B AT TR ¢

« for every D, want r,m = yp =~ w!lv,
* E;, over all Dy, with squared error measure:

Ein[{wm}r {vﬂ}) - Z (an B WLU;}) ]

user n rated movie m

£, RSO REH , AAMR/IMEKAE | FRLARTLIBES. Z %k, A
R By S/MERS I RZAIVAIWEE,

100 B4R 21 L ESCHER STRUHER RER—3 , Blrpm =~ whv, = v w,,. BX
TR SRR : R~ VIW, HEMRERITARERPRRESAIHES
1B, HEEENXM, XTSI T IR G AN ffMatrix Factorization,



rnﬁ!? = WLU” = “;Wm — R_ == VT\"I’?

R || movie, | moviez | --- | moviey, | V]

user; || 100 B0 | - 7 —— T |
user, 7 70 [ - 0~ | W m|f1 ‘-'-|‘:.: TE w|_,,f
User [y &0 L 0 —v L_

R T R 15 BSOS I R NERE (VAIW ) BOSRFT L.
VAR XNEY , NERPANE , dAIURS AR | fith (SRIF , BEE , S5
K, ahfER , ...) . IRIERPERNAEAR WP RERNE, WIEREREd M
MEEEE &a d EREES KA | RSB S E T — KRR E AR N b K
HANEE, 8K, d IR —EMES R | WA LAEE T , FINBRRE.
===

o gl Matrix Factorization Model

o ‘h\: g LY

e & learning:

//’/ /& known rating
viewer [0 [@[®] ------ ] — learned Vp and Wy

— unknown rating prediction

Alateh movie and kel eotaCrsleiCioes predicted

viewer Enctirs

||.1|:|1'i.r| Iilll ------ |.| & 5 .
similar modeling can be used for
AN AN

other

BB , Matrix FactorizationB Biri R &/IME Eipn BREL.  Eip RXXNU TR

min En((Wk vah) x Y (ram—whva)’

W,V ,
user n rated movie m

_ ZM:( > (rnm—w;vn)z)

m=1 (Xn,fnm)EDm

Eiyn FEETREFIUMIISE , DElRv,Mwn. HITLUESE ET5RFk-Means
AU , BEFE—NSHEE MBS, ReBEEF 125, iLE
—IBE, ——THITIL.

L, EERIRHR , REEXHIERE S linear regressionBITT , fift/BEIGEEEEMd

ZHwy, BERIEHER , ER/9VAIIWEN_EZXIFRAY , B RFENEAFMlinear



regressionBl T , fLHERIE MBI d 4RSI E B2, .

» two sets of variables:
can consider alternating minimization, remember? :-)
» when v, fixed, minimizing w,, = minimize E;, within D,
—simply per-movie (per-D,) linear regression
« when w,, fixed, minimizing v,?
—per-user linear regression
by symmetry between users/movies

XFPE LN f#alternating least squares algorithm, BERIAMERIESKk-Means&EHH
B, EELREEW T

Alternating Least Squares

© initialize d dimension vectors {wW,}, {v,}
@ alternating optimization of E,: repeatedly
© optimize w;, wo. ..., Wy
update w, by m-th-movie linear regression on {(V,, rom)}
@ optimize vy, Vs, ..., Vy:
update v, by n-th-user linear regression on {(W. fam)}

until converge

alternating least squares algorithmBRRAEEFE, F—Rinitialize[n)@ , BESME
WL v, Flwy, . EE_Rconverge|di , BFEREREFEER/NE:n . Eipn S
@30 , NHRIE T B ERIKIaR 4.

e initialize: usually just randomly
e converge:
guaranteed as Ej, decreases during alternating minimization
FE_EERSE , BliHidMatrix Factorization5Linear AutoencoderfJtE(LIE , TE
FIHT ZEZERLER,



Linear Autoencoder Matrix Factorization

X~ W (WTX) R~ VW

. mntivation:_ . mn]iuatinn:

d-d-d linear NNet N-d-M linear NNet
* error measure: e Error measure:

squared on all x,; squared on Fam
» solution: global optimal at » solution: local optimal via
of XX

» usefulness: extract s usefulness: extract

¥ ¥ |

Matrix Factorization'5Linear AutoencoderG{RIBRIBRILIE |, ZRATLANEISEREC SR
ENEHRFIE. H3L , linear autoencodera] LAE B .Ematrix factorizationB9—Ff4EF5%
=K.

Stochastic Gradient Descent

A ININI/ME T alternating least squares algorithm3Ef#iRMatrix Factorizationfd[a]
W, XERDEAIIE T (EStochastic Gradient Descent)5iAHITKER. ZRIHY
alternating least squares algorithmef , FAIEZETFAEHEP. B8y, WEFEH
SGD , fEtEN—%&ER , RERESXEZRE XMerror function - AFHEE T
Bix. FHASGDHFEREERERRBNE—EZR , EFES ; MBEEFER , &
2N ; e, REZY ERIEERerror functionksLHL,

Ein({wn'??}r {'U'n}) . Z (J"nm — WLVH):_E‘

T

user n rated movie m -
err(user n, movie m, rating rum)

SGD: randomly pick within the >~ &
update with gradient to per-example err,
o per iteration
. to implement

» easily extends to
SFEESRE , Bilerror functionB] XA -

errf(uUser n, movie m, rating r,,) = (rmﬂ — wf;v”) 2



F=AierrEsquared error function , (X 5%En MR Y, , EmEPESw,, B%. HYY
U Flwn BRSO ER A

Vo, = —2(Tnm — Whvp )W
Vwn, = —2(Tpm — Whvn)vn

Vv,  err(user n, movie m,rating rom) = 0 unless n= 1126

Vwe;,  err(user n, movie m,rating r,,) = 0 unless m = 6211
Vv err(user n, movie m,rating ryn) = — 2 (rnm — w;vn) W
Vw,, err(user n, movie m,rating r,,) = —2 (rnm — wf;,,v,,) Vi

RAE , Vo, IVw,, ZBHMRIERIAER. ( RREHET2) . F—IEE
Tnm — Wi Vn , BIREresidual, EAWEZBINBHNIGBDTEIEHENBITREHXA
e Vo, B "R Wy, , MV W, B "IRv, . —HEEH EREXIFRAY,

HEFEE—MEARRAISGDfE |, MATLAMgEEMatrix FactorizationfVEiLiRFE. SGD
for Matrix Factorizationf9&, £ mEW FFAS

initialize d dimension vectors {w,,}, {v,}
fort=0.1..... T
© randomly pick (n, m) within all known rp,,
@ calculate residual Fopm = (fpm — WLV,)
@ SGD-update:

old
i}

Wi o w29 g FamvOld

VA VR A ¥

ESCERR A , B TSGDEEEERERN . Matrix Factorization K KFIXFMEIE.

MBE5ESGD for Matrix FactorizationZ & , A 1SRE—NEPrAIRFEGIF. [BREAE
BXHER - RIBIESHIHEASER , TUUARREGEEMER. BA | XE— 1 5SHE
FRBXRTUEEL, thilik— B =R =B AT eI AEIR 7. ATLA
E(FFASCDEREFEARHIIHEE— M1 |, IRRETRER , REEENEEEE
AN ZISGDE AP, XIFREHNREIZIXLATE FSEEIE AR ImEER K |,
AT SRRV |, XIRRAITUN SRV,



KDDCup 2011 Track 1: World Champion Solution by NTU

» specialty of data (application need):
per-user training ratings earlier than test ratings in time
 training/test mismatch: typical sampling bias, remember? :-)

« want: emphasize lalier examples
« last T iterations of SGD: only those T' examples considered
—learned {w,}, {v,} favoring those

« ouridea: time-deterministic 8GD that visits latter examples last
—consistent improvements of test performance

FTLA , TESCRR AR |, BA IR T ERAEMAWREITEI | RRERIEE AR
[EJRAYSERRBIRIERTAINE L | IREEIIEEMR , EINER. FNBEFER
ims SRR FEIEL | TIAEEREMRIR,

Summary of Extraction Models

ME12TRFHREIINE | B(IRHER T U5IRAATEIRMAEXtraction Models, E7A
BATRBLEHEXtraction ModelsEEFBRIENX , (B2 EIFERITHEEH B4R EFIIFIE
i |, BRIASUE R TSR RN — LT ARk | REFERLEERSERET
riaggregation, XA IS B iEMIIEITEEURAIARR | NmERIZE(EAOYES
SRR,

TEFFRAHERAIN RIS Extraction Models , & 7 XPUTHRHIARAST 2 ,
REFEZ BT 4ARYAdaptive/Gradient Boostingt®E!, EHZBIEICHENFMANATL |,
XEFAR—RE T,

Adaptive/Gradient Boosting
hypotheses g;; weights a;

Neural Network/ RBF Network Matrix Factorization

Deep Learning

weights w!"; RBF centers i,,; user features vp;

weights wf.E,L} weights 5m movie features wp

k Nearest Neighbor

Xq-neighbor BRBF;
weights y,

I L

BR T ZFPExtraction ModelsZ b , Bl XPUHEIENE T AREAJEXtraction



Techniques, FEFFREIEXIN FARAIExXtraction ModelsfIExtraction
Techniques,

Adaptive/Gradient Boosting
functional gradient descent

Neural Network/ RBF Network Matrix Factorization
Deep Learning
SGD (backprop) SGD
alternating leastSQR
autoencoder k-means clustering
k Nearest Neighbor
lazy learning :-)
e RS TXExtraction ModelsBHH ARAMLRFIIRR. MR LS

« easy : HlIZRECERAIFIEHR , RPAXTIES
o powerful : BESSAMIE FE SRRV REFIHS AN

B—7HE , NRR i

« hard : @EiEZInon-convexfIfiifbial , KEFEEEM , RS BEPRMEET
E2B=ifE
« overfitting : {REIEZH , BRISKIES | EEHTIENGLIE

FrLAG , Extraction Models@— MEFEERAWISRFZITE |, BEFERIHMEREE
IR Z AT BEFAERYIRIRR,



Neural Network/ RBF Network Matrix Factorization

Deep Learning

Pros Cons

e ‘easy: e ‘hard":
reduces human burden in non-convex optimization
designing features problems in general
e powerful: o overfitting:
if enough hidden variables needs proper
considered ) regularization/validation

be careful when applying extraction models |

st

[\ = |

ATHBRFEES B T Matrix Factorization, MEESEFRFERHE , &%, HAINEA
T Linear Network, BEMAFIDRISEHMEFIRENHB FIWHE | X Z28ERT
feature extraction, 2Af5 , FAINB T EAHIMatrix Factorization&j% , BPalternating
least squares , AETIBERAFFIBE Z B3R Gt f#flinear regressioni#{T{ii{L. N T1E
Wits  EE=EEE , b LAERASGDRII, L , SCOENMNEXFI&E,
BT, HATTLURIBEEANERFIFEK , MESEEH T —LERAERE , REE
TSR, &E  KIINEENBRIFTEExtraction Modelsf/MEERRIELE,
Extraction ModelsESLfRM B 2N EERANIE , (BRBEESHINEIEER

i,
¥ :
XEFFENERIIREEEAFZMEITH (sF2IE0E) #iE



