S-S T>X

5=13[o

~—1—TJ)LxRwYw NI—D %

BRI TR AFTHY
AISRIRFHEIX
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A—R)ViE

c BRBIETIL  f(x)=a'x

e N—FILEFTIL  f(x)=> aK(x,x;)
i=1
K(x,,X,) : D=FILBI. BT X, & X DINEETER TS
2¢*

() BORXH—=IL K(xi,xj)_exp[_ X|_XJ}

« BERHICIE. N—RILEAHTERSNDIZFE T T
EDFBLEZEFUVFHE UTTREES )L



A—RILEJw D

e H—FILETILIE. BWART N X%, RERH—TIL
B K TEESINZERTZER¢(X)CIRICHE TS

N

N
X, ?

O/\/”‘

N

?
X X% 2 H(X)  crmEmsmsmL)

¢(Xi)T¢(Xj): K(Xi'xj)

N
—

o ERR(CHX) BRED LSRN SR
o ZLL DMFHFEDER - HAITZI)IL YU ALFH—FRILET) L=
AW EARBHEREITTEREIRITALSICESTMRADBICENTE

BDT. DB R<TEXLLY =H—RILNUYVD



$RFZSVM : I RE

fx)+1 |f(x)=-1
mm_HWH o X
2 . © noox
subjectto Y, f(x;)>1 for Vi o Uw|
o ; «
o
BHIENCESTRR D E x
(B (F&ER)
ma){za __Zza YiijiTXj|
i=l j=1
PIFR LN T TR0

subjectto ¢, >0 for Vi
Zai y; =0 “
=1

>0 [CXIETD X H
HR— I\/\O’S’—




71—>)LSVM

max ZO‘ __ZZO‘ Vi K x;)

=l j=1
[

s(x,) glx,) BrETERCHTBNEE
subjectto «, >0 for Vi TTDFHAZER] CTETE

Zai Yi =
i—1




N—RIZRZE/MN

» 77—=%JLPCA
7eR94(X) [CHBIF B DEIRAAL

o Var(w"¢(x))
mﬁx;i(WT {cé(xi)—;iqﬁ(xj)}j

:Illl

CZC. mRTZERICHSITDER w

S TIES W= Zak{qﬁ(xk)— Wb(x. )}

HEZINEF+TD (STHRA1> K1)
ATtwv b~ (B> T)ILES)




71— )LPCA (DDF)

RAUCRBEZEEMNAD L

1 N N
mngZ(Zak

i=1 \ k=1

1 -
max—a' K a
a N

subject to
o Ka=1
(JILLIDSEFT)

v

{Wk)_;I“zlqs(x,)}-{qﬁ(xi)—;i <xj)}]2

=1

A1

(FRCME) D S L1750
~ 1 1 1
Kij :K(Xi’xj)_ﬁzK(Xi’XS)_NZK(Xt’Xj)—i_WZK(

st=1

Z(d. D—FRILTER=NDIY> T ILREZEUNEZ
B (CHFD1T5

X, X

S

y

Ka = la (aT Ko, = 1) BT LR T DES R




71— )LPCA (DDF)

FKENF—4 8 X DH—FILERD ZERIANDETEZ

{();iqb }

:(i(w{ xk)——z¢ }j{( )- ;Z¢(xi)}

k=1
(p t\\\pﬁamﬁﬁAbwb

~

N
K = K(xs,xi)—%z_l“ K(xq,xs)—%tz K(Xi’Xt)Jr%Z,lK(X X

o ZERESHNFERI—AICERORETH—RILIETED
o Ol B, [EEMERED




Explicit feature maps

N9 BT O—F

o ERTZER ¢(x) ZREICEL
» Z < DiGaE (R LEY

e EEAALVDTHHRIE LKL

o T —AADRFR(E (TN,
W I ONEER

RKFEDDIFT TR
s EA L EONBBOERLICHATINTLS
s EXNISABITOA—FRILEE

sTE

A DRIV

 FFEURTTEZ KIE (T L TCTTH. B2 TILEISRH LT
FFRZOETE X MU0

10



KD —Hx B e

» RBF kernel (H2OXH—=)L)

« A. Rahimi and B. Recht, “Random features for large-scale kernel

machines”, In Proc. NIPS 2007.

« Random Fourier features (C DT

Q

Kernel Name

k(D) p(w)

Gaussian

Generalized RBF kernel

4 R Laplacian

Cauchy

EYE o _D _l«l3
e~ 2 (2m)"2e” "2
—lAll: 1

¢ [ o

2 Al
I, TTAz €

» S. Vempati, A. Vedaldi, A. Zisserman, and C. V. Jawahar, “Generalized
RBF feature maps for Efficient Detection”, In Proc. BMVC 2010.

RBF kernel + additive kernel

(BIAIXZALZD)
K(X,y):exp(— 2;2 zz(x,y)), Zz(x,y):izw

20 X, +Yy, 1



Feature MapshEH TERVIEE

o N—)LPCATI—UUw RZERINEDHIAD
o N—FRIVERDZFTZIRFEE U THWND

o N—FRIUEDEEICAWD T > T E7ZE SN
 EUFIENWBNBHATENTLD
(Nystrom’s approximation)
« HBDNE BEICT A AITESN

F. Perronnin, J. Sanchez, and Y. Liu. “Large-scale image categorization with

explicit data embedding”. In Proc. CVPR, 2010. 1



oL h— hREE (OS5 X5D3E)

 Human Activity Recognition Using Smartphones
Sensor Data

Davide Anguita, Alessandro Ghio, Luca Oneto, Xavier Parra and Jorge L. Reyes-Ortiz. Human Activity
Recognition on Smartphones using a Multiclass Hardware-Friendly Support Vector Machine. International
Workshop of Ambient Assisted Living (IWAAL 2012). Vitoria-Gasteiz, Spain. Dec 2012.

o AX—bhIA>DEHE YT —HENSI - OITEZHTE
o 30NDERET —4

- ¥5E (GREAZER) : 561138%E

- 1TEHFTTY (BHNELR) : 6188

o 1.

°
o Ul b~ WN

WALKING

. WALKING UPSTAIRS

. WALKING DOWNSTAIRS
. SITTING

. STANDING

. LAYING

http://classmethod.s3.amazonaws.com/wp-
content/uploads/2012/06/gyrocompass.png 13



fElFGER

JINUF—= 3>ty ~

Rank | MName Accuracy

1 Keisukehiaeda 091384615384615
2 Kentarolishi 091153846153846
J chika 090461558461 038
4 Chihiroty 0901 03546153846
5 Deeplearner 0.9007659230765923
5} YiusukeFuruta 0 89846105846154
7 Tatsuvakurokawa | 089036461 035467
5 mhidaka 0894615558461 5038
8 Chiekamada 089461538461 038
10 nakachanOk 08s

11 hatarmu 087 760230769251
12 MutsukiKaojima 087230769230769
13 YIMOr 0 86250769230769
14 baseline svm 0.56155846153846

[ 15 tf 0.85923076923077 |

TAMZY b

Rank | MName Acouracy

1 Keisukelviaeda 095141529664046
1 KentarolMishi 0 95141529664046
3 Y usukeFuruta 0 9807000003574
4 Chihiroi Q97927000779128
5 Chiekamada 09706509263 7098
B Tatsuyvakurokawa | 096997555611157
7 chika 0969265 70962845
B mhidaka 0 96804596554058
9 Y IO 096783416726253
9 baseline svm 096 75:4167262533
11 tf 09656597 75413515
12 hiatarmu 0 9506790064689
13 Deeplearner 0.9449606562044:5
14 niakachanOk 0945303109303585

| 15 MutsukiKojima 094210150107219 |

14



7B

» ZERDFER

Score Board (on the testing set)

— 0.984

— 0.979

Fank | MName Accuracy

1 Keisukehlaeda 095141520664046

1 KentaroMishi 095141520664046
3 Y usukeFuruta 0 9807000003574
4 Chihiro\y 0879270907792
5 Chiekamada 097569659265709
& Tatsuyakurokaws | 0596997550611151
7 chika 096926575952845
& mhidaka 0 96504596354058
E Yo 096753416726253 |

15
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o Lih— MMEL

LimHYID 25

o 1> NRICDULT
« 28118 (N) 18:00(CEDI—ES>F> T (%)
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(AIL) Z1—-JI)L%RYy hDJ—=7

o R RERUICEFEETIL
o XY NID—DZKT DEHRDAT_1—0O>D2FTX
e RE T Z LB CRIERRENZTIERITD

R (Za—0O>) —a1—0O>FFI)L

ANl gpass

4 “ ’ﬂﬁ,ﬁi L=

o« AN RAfE

A2
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f(n)

y
n

=wW'Xx—6
()= 1 n>0 ATy
0 otherwise  McCulloch & Pitts T JL (1943)

f(7)=n — BEEREEHE

f ()= — SHEAREH: HROHDBERILS—F
1+exp(-17) (@S RT 4o EREZIE)

18



EH)\—tT O DFEE

« A RSN S D EA REROBE

g7 —o%a X,y }., Y, €{0,1}

LERIZRE L= ﬁ o' fl—c |7 o, =

1+expl-w'x,)

EOMBAEE E(w)=—InL = Z no, +(@1-y;)In(l-o;)}
97 _(-2). 1( ererl-a)k (-

da {L+exp(-a
1 . exp(—a) _ ol-0)

N —
E(W) _ Z(Gi v )Xi 1+exp(-a) 1+exp(-a)

TS—(CERAEEEMNITZHED

19



B b Ik

o NERIBFETH LI DAL AEING|DIRD
o O (FTUINRIED) S A —4

W=W—a (Gi _yi)xi
2. »

\ E(w)

oW

20



%fE)\—t 7 ~O>

o TR DRFHHNIL., EEOELHGEZNILIED
“—1—2ILRY NDO—=DOTIHEHBTES
o BREVLIEEET/I\S A—SZE&EL

fhidden

\

v

v




R PR

sHiEEEN (ZHRZRZE)
N

=2 (f(x)=y)
=1
EIEALBIERE 2T
SOEA RBEBETBE

oJ N
e " 2200 5= 1(x)-,

j

ﬁﬂfk) g | | i = 1+ exp(— [ﬂxi)

FREURLRECH LU, BIETOENNMEN_ 21 —0OHARS <EH=ND

22



HHNZET 1 —3)LRwY hOHER

o FRAEIPLRIBFE (XER(C (I3
o YJEMEMRFIENELY (BPhERERE)
s BFH LT L)
o ANEWVWEDEZEMELY GEENMLEISNTULZ

/1]

DSFEILNT -

Jl
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—a1—3ILRY hZDEHS

o EHDMNDERE (20034F)

After being extremely popular in the early 1990s, neural

networks have fallen out of favor in research in the last 5 years.

In 2000, it was even pointed out by the organizers of the
Neural Information Processing System (NIPS) conference that
the term “neural networks” in the submission title was
negatively correlated with acceptance. In contrast, positive
correlations were made with support vector machines (SVMs),
Bayesian networks, and variational methods.

[Simard et al., ICDAR'03]

24
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Deep learning (EEZER)

o JERIIINTEELIDEESSICEZEOZ1—T)L=RY b
o IRTE(L7~BEL BULHZLN?

® /__T 973\’9 ’Jwtz&(c_:lzéukb\*%l_% L/_C$2|5|2
o FFEE ((CHZTDEE) CEBNICES

o J\5— 8RNI TIERIZFE (representation learning) &
(ZFEETIRONDCEE

= F':' ar L-\I:I 'fg%u b\uﬂt g %EEELEETCJ: Cl:\.\ é a~ é -~ deﬁi%t
ERIRY 7R ISE B 72 1E K

25



J\— 2 ERHDINA TS A >

o XUL\Ei= (GRBAZEN) Zid - :#IRI D & (I T

» Garbage in garbage out

|II'I1|I
(T

aa e/ 78k Al
4 A 254 DA 5 (S AE!’(D%A::Z:)

I N |
L) |

\J 1 —————F 7

- 5 \_ J . \. y,
A5 GRS F R ZE R GERRY) ez C
Ei%, & ; (BEEREY)

?ﬁFZH&F:L%‘/I\ etc. X = (X1’ Xoyenns Xd) y = { 1,+1}




XD DDHD
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AL DD LHEEEE
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| |
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—!\
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- 9 y

P
INR— /:"'EFEIE] (J_"f'ﬂ‘zc
CIRE =3
?#ZFF‘#:L%‘/I\ etc.




B3Rk D1

Luw-Level__Mid-Level High-Level_h Trainable
Feature Feature Feature Classifier

http://www.cs.nyu.edu/~yann/talks/lecun-ranzato-icml2013.pdf

28



B3Rk D1

» ImageNet large-scale visual recognition challenge 2012
o 10000 JYDERER#H > RT3 >

Error (5 predictions)

e 'ﬂ'l_’, j%ﬂlb\ﬂ E& mnﬂkn:b\ugtrdcl:.d)jzgrdj_ gty I\_C
kFﬂﬂ(uEﬁi?%iﬁﬂ“* 7% Z Rk,

29



http://icml2011speechvision.files.wordpress.com/2011/06/visionaudio.pdf
Audio

Prior art (Clarkson et al.,1999) Prior art (Reynolds, 1995)

Stanford Feature leaming Stanford Feature learning

Images

Prior art (Krizhevsky, 2010) Prior art (Ranzato et al., 2009)

Stanford Feature learmning Stanford Feature learning

Video

Prior art (Laptev et al., 2004) Prior art (Liu et al., 2009)

Stanford Feature learmning Stanford Feature learning

Prior art (Wang et al., 2010) Prior art (Wang et al., 2010)

Stanford Feature learmning Stanford Feature learning

Multimodal (audio/video)

Other unsupervised feature learning records:
Pedestrian detection (Yann LeCun)
Prior art (Zhao et al., 2009) Different phone recognition task (Geoff Hinton)
PASCAL VOC object classification (Kai Yu)

Andrew Mg

Stanford Feature learning




ERULYY:

Google
» DNNresearch (ILSVRC'12 winnerda%t) EUX

(G. Hmton)_ _ AlIffZE & Yoshua Bengio KD R AIZL D E. 1‘&\
» Google brain project (A. Ng RIZTF4—T5—=2 T DBN=-EFRHS50 A
. | BLLAWEWNEWNS, TEUT OHEHFIND
DeepMind SR (MB LD “— 4 iares 5551 DeepMindt@En 71—
To—Z VT MREBEHELTNHIEN AIDZa

—T4—ATIXES5N TLV=, DeepMind% & 4
» Facebook Fhig, RO THFRAONDSE12AE
o Al Lab %17 (2013) \—RITHZBIENTELDL, -

Y. LECun (}EEE), M. RanzatO, R_ Fergus http://www.huffingtonpost.jp/zenichiro-

tanaka/google-manhattan-plan_b_4701358.html

o Bson CSBEICERIL
o BESREREEE ? (Google Picasa)

31



5 & ZED D fzdh ?

« 0. T—HDEN. TEHDOEER
o 1. v I—DHBRREFE

o 2. mE{LFE

o 3. BFZEOEOFE

o 4. TOM ) DI\DDEE

REBW (CRIMDZEDSTEDIF TRV (EBS--)

32



NATF 2 EIR D TEhAZR

» Hinton , G. E. and Salakhutdinov, R. R. “Reducing the
dlmenS|onaI|ty of data with neural networks”, Science,
Vol. 313, No. 5786, pp. 504 - 507, 2006.

o T—AD[EHEICdeep neural
networkZz |

o TTDT —HZTEBIEITETTESD
KD ICEHERIRZFH

e PO TWNWBZEIFPCAERHU
(=12 U3EARHE. 3i’EL\)

33



N1

c ZBBUTVERADFEEITDL
PEAGAVA AN

~ =

o —EBZEIIMIIIC. THOIESEIC
BEZFEID
e Greedy layer-wise pre-training
o INZFY NI—DDHERIARE L
EES

[ 2000

. FEMEEIC. BUTHRY hDO—2 '~
Dfine-tuningziT>

Pretraining

REBM

34



Layer-wise training D=

=it (1)

» Restricted Boltzmann machine (RBM)
- OJfRE (AN) ELENE (EHERIR) HhSRDI\EmM IS

EEERY

ﬁﬂ%ﬁﬁ%ﬁ?ﬁ:( E( h))
exp(— E(v,
p(v,h)= 2P =
TXILF—:

E(v,h)=-b'v-c"h—v'Wh
JS%x—% 6=(b,c,W)

#EE p(v)=2, p(v.h)
HEERANETDIDC/I\SGA—4F%
NAETES

CD;% (Contrasive Divergence)
(CKDIFEZHND

35



Layer-wise training O3FE (2)

» Autoencoder
e ANZETTIDED_1—JI)LRY ~
o BNED—1—0O>ZUIAHNEX DR
o IFAIMENEE (Sparse AE, Denoising AE, etc.)

ANE X HAEdET) Y
EnE Z

Encoder: Z= f(Wx+b)

NS\ () Decoder: Yy = f (ﬂ’z + b')
XX ‘A‘IA W W
IR - “
LTANALN EFBTERNBU

(tied weights)

36



HEP7RURBERY hDJ—70 (1)

» Deep Belief Network (DBN) [Hinton et al., 2006]
o RARELITHREOTRY ND—0
- ZEZRBMTHIHME (AIRBH SERERZLHE)
o Ef&(Cfine-tuning

Hinton et al., 2006

h3

RBM

1 Directed
h" pelief nets

Visible layer —» ¢

http://deeplearningworkshopnips2 1 4.2 IN _ 1 112 1-2 g1 -1 .1
010.files.wordpress.com/2010/09/ P(V,h .. h )_P(Vlh )P(h ‘h )"'P(h |h )P(h ’h)

nips10-workshop-tutorial-final.pdf
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HEP7EURBERY hDJ—70 (2)

» Deep Boltzmann Machine (DBM) [Salakhutdinov & Hinton,
2009]
« DELECHEMODETIL (BREGFWAEA>HFSTS32)
« RBMT&EZENFEZ LR, 2 Zfine-tuning

VT W 'l.h + hﬁl T ”2 h2 + hi’T W 31’13 .

1
P(v) = Z = ©XP

hl h2h3

Undirected connections between

all layers
(no connections between the

nodes in the same layer)

http://deeplearningworkshopnips2
010.files.wordpress.com/2010/09/
nips10-workshop-tutorial-final.pdf 38




HEh7R URERY hDJ—2D(3)

o fRCHBNBNS
» Stacked (denoising) auto-encoders
» Stacked predicitive sparse coding

o sakAl Y A (CRAVDEF(S
o RASBOHRNZFHEE LU TED (SVMEFEZHNIED)
o =SICGREWRIBEZERA U Cfine-tuning




BFRAFRIDOAENE UF

Le et al., “Building High-level Features Using Large Scale Unsupervised Learning”, ICML'12

O-layered locally connected sparse autoencoder

1 billion parameters

A cluster with 1,000 machines (16,000 cores) for three days
Fed 10 million YouTube images a '

t

Input to another layer above
(image with 8 channels)

Number of output
channels =8

. Number
\ of maps = 8

One layer

| )\@FEJ‘# : l‘)ifﬁ?’é:;—l:ly;sx‘
NI EBRICEESNE (. EEED)

Image Size = 200 40

e
~




5 & ZED D fzdh ?

« 0. T—HDEN. FTEHDOEFERL
o 1. XY hNDID—UHIRHEFE
o 2. mE(LFE
o JEIE{CBIERD IR
» RBE{LFEDOERIL - WHE
o 3. BFELEEDFE
o 4. TDARDI)\DDER
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e E{ERIERD TR

o AFCHIENST VKD (CEEDERETZE TX
o XOWREZEENRIFIREEZERIT CEMDMDTEL

/

-

N N

ST EAR > >
Rectified linear units (ReLU) Maxout [Goodfellow, 2013]
[Nair & Hinton, 2010] 5 5
ZEODFRAZEE D mMax
max (0, x) (EEDORMER = R

c.f. Probabilistic maxout,
Channel-out:-- 42



B b FEBIRDFIE

» HEXRMAACPE T % (stochastic gradient descent)
KEREFEDEHICHTEIZEEDTIFRLN
o 15TV EICENE#OARZH L. EHZFH
« FENERINICEERIL
(ER) ZEU>TIES vy IILLTHELZE

o ) ORAF« v oMlRDiHE
o R=MEFTE N
W W_O‘Z(Gi - Vi )X,
i—1
o MEXRMDACE T &
wew-—y(o, -y, )X



=" )\wWF(CKDSGD
« DEEDTILZRQTER
WCW_V%ZB:(Q -y )%

+ IRy FT E DRI DFE S AT L AT
. —HE(CSGDDALFMEFEE LUV, GPUDEEAE TS THZTH

ESDHSNTLD
Coates et al., “Deep learning with COTS HPC systems”, ICML'13
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5 & ZED D fzdh ?

o
~ W NP~ O

. T—HDENM. STEHOEERL
. Y NI —THEHMETFE

. =E{EFE

. BFERIEHOFE

. T DI\DDERE
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Dropout

o ZilERT—SF DT — )\ ODIRIC, #ESR0.5THIHE
—a—0O>%=#| (SGDaR)

o el (EEZI—O>%E DN, BEEHFZFDICITD

o ZEDFRY ND—UZREE TS

o ll

INF2 0 & [ERRDFHER

(

o NS A—HFDHBICKD
IERI{EDRNER

o L21]]

R —INRIRDIT.
I UINS A =5 (3HA)

- ARAL & i

o [Wager et al., NIPS'13]

 FEFBICHEITDIROBAETRILAORIL—D—D
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GiTf G

* Dropconnet [wan et al., ICML'13]
e Z1—0O>2TFRRL., WEEZSHALITEET
e Dropout KD KLY UL ?

» Standout [Ba et al., NIPS'13]

e DropoutTEEIT —1—O>% 524 LATRLSEBEIGH(C
EIRT D

a7



Deep learning & & &

 FUVMBECT—HFRUIICETZFR
o IMAWTOERL VWK DNFIRELLS DM D TULIRLA,
fEMTIE 4 SETH
(unsupervised pre-training, dropout/i &)

« ACEMDET IV ZRIAT DIHE. ZWETILEDE/I S A4
WL TTRU =5TBOX MESTED |

o F1—T"TFETHEKRE
o JI\AI\—)\SA—FDFEZRY, aJfRIEOHATRIIRY MR hEW D

o FEMAEBEZBR G (CEXDBLANILICIEIED TULVRLY
o ZEOAARTVWHEEZEH LU TWLBD(E. RAA(SELIIEED
BRI Ry ND—2
o B EF—IMEZNIIEFHNEDINE ?
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el Uz WA BT

NI MNDITY

e Theano
http://deeplearning.net/software/theano/

» Pylearn2
http://deeplearning.net/software/pylearn2/

e Cuda-convnet
https://code.google.com/p/cuda-convnet/

» NIPS, ICMLEFDOF1— KU J77)L

o arXiv

C ([CERFNT DX D 2555

49


http://deeplearning.net/software/theano/
http://deeplearning.net/software/pylearn2/
https://code.google.com/p/cuda-convnet/

T—HFYAIT2X




CDiaFROBIR

T — /5’75:%? %Z%“’IE’@\ BEARNIMER

3)

o %5‘“ A INBdE=ZER
o HMFE., MEBULO>ND P EZIEEE
-%%@mnﬁﬁmmﬁfgﬁﬁ5c

c BOLDENS

o JOUS=Z>2UTED ECAD Hello World
o KDFEEMMEBEED THRDILDICKRD

Bi7



AF)Ltzv ~

N—F [ITRAE)L RDBMSES&E. SQL. HadoopBs&E., JAVA, HDFSES&E ,
MapReducePBd3& . Hive. pig

R. Python. Perl, Mahout, MADIib, Jubatus & D EEE
DFRRE )L [ZBH9 SN R ER

BIEMRETARAT . BIEHM T 1B D505 . SAS. SPSS.
KXEN. KNIME #ZE DY —JUIZE89 A 5058 S 1% ER

VI |EDRRZRAFI | ER-EFRICETAHE. BN BEH. EH. FHE
Hh. 7Oy AR

EE5MEVD ERIEDHT. Python(XFFEESREISR
CDEETIE7 ~8EIAPythonZ{ED EEBULET,




o CEleCE

Python. R

o ¥RETEME . RTE - HTE

o X =fEAT - Rl : PCA, FLDA, CCAZE

o EFEDAT :  FRELONR. R/\—XEEEE. —fMEEEETESTIL
o BFFR5IHr: ARMA, ARIMA

o S RAFU>T : k-means. EMJ7)LT U X

o VIST—>g> 9 PZTUAUIZILTUX

o USAPFE: w=INEHBI. OS>+ voE)E. SVM

o VYL II)IER: )I\F>J, -5+ > (adaboost)



T—APA TR WMFSIRESR

o T—AZINEL., DHICEUFEICEZ, T—HICAM—
U—ZEm5E. €EDAbb—U—ZMBICIERD
o Loukides, [What is data science?] , 2010.

« ESXRR SRATLDORRZEFELUIZET, T—F=EL
(C. €EBEBM2ZUESKVDDZIERT D

o T—H'HBAT X" EEDNDIE



S—AIAZ>T0D0T0OtR

» CRISP-DM (CRoss-Industry Standard Process for Data

Mining)

=

» Business understanding

e Data unders

tanding

— ERIIZZTOEILTE
MZLN...
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