ETRI

slgjolg 8-S Slat 7|k
a5

Machine Learning Technology Trends for Big Data Processing

ULE (SJ.Lim)  SW AT [=oTE HHAT
2I27] (OK. Min) SW &7 [&7El BN

=

ejgo]e] Al Solsto] o] BAlsle] A AlAR B8 4 ol 71%
2 QA 7140] T BRI L ek, Eael i Q1350 of] 84 7]
& % 71AERs(machine leaming) H0}o] Elglo]e] HelE: $let Ak Avhet
o} W) A 7N R 7o) Tl HllolElE ol g%t 7| Asks 7]
¥ho Il ol mRAlE thokal Hopol 417 71 AR A8a 4 gl
domain adaptation 7]} Tl efick
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4% tXg 717, B3] AnpEE Abgo] E53t o
2ol yhEojA|i= Hlolel] ok Tl SofuhiL 9iet. o]
WA glofEls “ujgo]ef e
WS B st sk

AFEﬁ”r —4/\}5\—%01 7F—3}U4 Aol A
31 3= Q1 F A artificial intelligence)o] 54 =
AU, AT L 59t TS oA E Ad 7he
gol thsh ofizo] EAst o, W kol Hlole 7t
AFAEY Ad 7 R 7Y AlRPE ol
QJt}. ol Z9] Siri(Speech Interpretation and Recogni—
tion Interface)2t A|HT] F24ao)A AR ©]71 IBM
O] Watson> Z|20]| 15459 A3 7hs/d= Holx
« AlElet g 4= ok

&2 HE4 (pattern re—
cognition), AFAo&2](natural language processing),
tlo]E wto]d(data mining) 5 o}& 7HA] ¥ 7] &
o7k QUANL ZIASE R TR T1e 2ok M
7127} B 71solet & 4= Sl
717410‘*(machme learning)o]gt, 17k} 7He S5
S5 7|1AE F3l sk ol 7HA ‘?Qlé—oﬂ hal
ﬂ—?ﬁ]*— 7= ‘?z"‘?”% -rOV tlolelE w4

b= 2 dlojE(Hglole)e] 2@ o Qlaf M3 A
& 7FsAde otk e, BldolelE Aejst

7] S5l 1% l*«l 7|1AISRs B i/ (scala—
bility) 2 231 QA] Fa7] o], 710l HEA e 7
S o83t A S wol AMgsiglon, s o
& Hadoop, Google Percolator, oF&ol|A 7ijgtet EAt
2E8 g A" S4(Simple Scalable Streaming
System)@t 2= o7} Qlct,

1, o] A9 1Al W 1

EORER

AAE v E

= oA 58 (computing power) A4 57+ W

How Aelsis Aow Sl FA 2RI, o]
8517 JiA 71AHs 719 AAIE At turﬂ
ole] el B3 4 517 e Sigle] el

# 71 floll A HglelelE A2 4= e At 219
B3 9l

TR iR BA A ek AMgs) Atet
o) 153 o1F vgno% wEglon, 13X da

194630 7 ]2t CPU 019 101 4 o} o
ole] AL HBH: RS =3, 1ole] e 5
2 53 PokE AR TIE A Q1T
WAL RS, ol ARV R B4
Tep} Alge) ¥ S B 5 9leS wHom, o
oleje] ulgirt 1 BAYE Hok A 4 9L Kol

Ak

Al

1. BEH2| 7|9 7|A=kE

71ARRE dalelEs Eolu Hi71A] FEi= Alssk

+ Al 199990 Java 2to|Heie] Fe2 AlgH

AWE Waikato there] Weka(Waikato Environment

for Knowledge Analysis)E H]ESt PyBrain 5 %2 &

o] ZHOWUP 79] thEEo] ’é@’é T2 lo]E A
25 @ 4 Stk SAE Hal,

SR wma A2k BAS wowA Ao



Ay AIE7} htﬂ, VoAM= AEAEQ IBM
SystemMLY} @ 22 oA 7
BlA] arfskaLA} it

1. SystemML

IBMoJlA Theft 71Aeks dar
7|9ke] FibAfE] 2olM Asi=s
ﬁﬁﬂxlfc[l] Hidlolg A2E ffsliA 71E daElss

A ollA TR 7he ks ARt HollA
AUW ATkl S,

SAREA 2 2291 R syntaxs 2Rg-sto] 7k
DML(Declarative Machine learning Language)2 ©|-&
sto] o] HEE 51 oH, Java 7]HEe] APIS} L2
e ZYAHAE 0|83t Random decision tree,
Stochastic gradient descent for Matrix Factorization2t

22 map-—reduce
TRarst x| A8

Applications
Customer
Qi Eotimation Recommender | cusomer | Search
urm pse icti E ) ou erpa
R ﬁg‘ag':; Topic Modeling| | Segmentation Analysis
nalysis
Matrix
Classification ~ Regression  Factorizations Clustering Ranking
Linear SVMs, Linear SVD, Spectral Pag';_ieﬁa nk,
LogisticReg  Regression NMF Clustering ITS
ML v
Algorithms Extensible Library
Scri;_:_tsJ--
Par‘.'r;er 4m
High'Le'velODSCO N
Low-Level Ops \4m ptimizations
Runtime Ops -4m
Hadoop
2 2 2
CEH Single Node
(A=) IBM Cooperation, 2011,
(38 1) System MLE 0|88 88 Z2aH T4[2]

2 o Ak IR o] 83 2 QS Sflet

DML script FEj= XA 71A8ks 2}
HOP(High—Level Operator), LOPLow—Level Ope—
rator) 5 AAA HRLER, HEAE 9I8] Map-
Reduce &7gollA] 4ldjo] Et} Linear Regression,
Descriptive Statistics, Linear SVMs®} -2 7] AIgl5
o] FrlEo] glom, IBMolAe (2™ 1)3 2ol
SystemMI= AR ofZE]A 04 HisfiA A7stal 9l
ok,

2. Mahout

&y ZRAEOLH3]. Mahoutgr 55H
ChFRE ML ¢alef55 2hol=efe] FE|2 AlEsial of
= Apache Hadoop ARgsto] S=He-E 3ol &
Aoz st 7IE V|ARRs daElE A 5
of sl EH*Q*E'F ok dlofe A2 ARt 59 A
St slarat jitt,

MahoutoflA| F+&E 7|A[Sk50] 282 2ene=
Z A (recommendation), % 3Hclustering), -Hca—
tegorization), FPM(Frequent Pattern Mining)©] 9itk

20124 69 @A 0,7 WAo] v JavaR 7}13;_%
5o cross platforme A Ysh= E4

9 20 itk §
e S0 Aus 3

slLkel om0l RC20jA] AF
£ 7hssich

GSOC(Google Summer of Code)E S|4 7] A5k
A& FE510] Mahoutol] F7FskaL Qlct, w
oE samE e A U gl
Lucene, 71AI8Ks gatelo] Ak 2] gHgolx
E=2 3}= Hadoop, MapReduceE G&%02 &8
8} = Sl= Hama”} Qi

|
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Il WElOlE] 7t 7|AEts ZRME

dgoele] 7|uiet Z2AE= 28 o8 AQl/4
Az} ol A Aejslr] = el HHlolHE &
S8 072 A2sh= Aol gt o] @] wfizoll, 7145t
5 719l 78Rk ZRAEL AtjA o Wo XFE]
I QA= Falal ok, #ske] NELL(Never Ending
Language Learner) Z2AE  Google Prediction AP,
BigMLe] thsf| 27zt

1. NELL Project

CMU$] Tom Mitchello] F+35k= NELL ZZAE

+ 942 mever—ending) 71 AISls AlAERS 53}
= A8 BRE shey), o] Al2EE vl 4 glo]X]

person, sportsTeam, fruit, emotion?} -2 W3 (ca—
tegory)E JJet ontology®} olel izt BAES 42
oF seed = E Altolo] 2w HTIES B9l 2
ol JHE F=3 5 Sl beliefE A7} <53t
NELL AJAR9] 2= (19 2)9F 2t

olefgh k55 Tl WY e FH=E RHE A

Ajo] 2 (Knowledge Base: KBS F-&31tH4], o] =

=4 4—— Knowledge Base
53 ¥ (latent variables)

2 “-ﬂ‘: -
/.c'@ > [_Beliefs Je— Evidence

WA= & o Agekal, & o B factsE 501
7] §13t T8 FIAI717] Slel Fdlol a5 gttt
%710l F01%1 ontology2} relationr seed 2 313! Lemur
projectoll A 7553t The ClueWeb09 Dataset[515 %71
g oA = 1 Wo} 2|A|o| A5 F535)=H], The
ClueWeb09 Datasetr= 107]j=+ 1o{2] oF 102} 7j H|o]
A& 25TB -§Fold, AZdE ¢ #|o]A|(outlinks)7} 2F
809} #Hlo|x[of| o] Ect, o]2gt HolAE R (E
DI} -2 seed beliefo]] 7|9F810], facts S22 ®H oA
185t EAS ZH= CPL(Coupled Pattern Learner),
CSEAL(Coupled Set Expander for Any Language),
CMC(Coupled Morphological Classifier), RL(Rule Lear—
ner)tt > AHEAAGOA 52O R FH factsE
F=%tt 29 35 factse Evidence Integrators
Sl Aso 2 FHEHL HFHCE beliefs7} 7] ¢
A FnAFeRS(semi—supervised learning) Y £
SRR bootstrap 71 0183101 beliefol] F=7Hect,
olgA F7H beliefsE o850} ThA] 4 HolRE tf
Ao 2 TH factsE FEIAL beliefsE SAsH= 1A
< BHESPHA] A7} 55 beliefE o]-8-5te] 2} A]
Af|o] 0] AR5 Heiii,

A o]FA 5 A Ao A= 87% AEo] gt
T FAEAL Lo 81570 Wl thafiAl oF 1307t
7}9] instance= /4J%]o] Qlct.

(& 1) NELLQ| Belief[4]

o d_i e Integrator

Beliefs Predicate Instance Sources

L 2 ) | female Kate Mara CPL, CMC
Text HTML-URL Morpholo Rule . B
Context context cI.':);sif'lvs_'r‘J § Leamer sport BMX bicycling CSEAL, CMC

P?gg{;‘ s p[astgiﬂs (cML) (RL) river Fording River CPL, CMC

Learning and Function Execution Modules cityInState (troy, Michigan) CSEAL

(2 2) NELL Architecture[4] productType (Acrobat Reader, FILE) CPL

58 ZXtSASETEM X227 M55 20129 10€




NELL Z2AEL ZWARSKS 12l bootstrap 715
S Ao, B4 instanceo] isA] 1AH0 2 T
TSk Al Tk (multi—view) 22 IS = Q=
coupling constraints& =Yt} AFEE] 7 2|48}
siglal, AR Sk 5 Ak AR der 27
M%HRE 5 s 817 WAAZIcHs oA
go] Slet, olgel A v e ® A =9 b
og| tiite] oid AA| HlglolElE e r ZAlsks
7S E=Qlste] 2lxm ARl AvE il Qv

HolH 2lofs 2g 5 9irt.
2. Google Prediction API

=0l A ‘Machine Learning for your business!2}
= H5EE 7|ASS 7IHel dieid & Hes RS
T APIZ AlSE 7|AekS YalefEs o-85te] theRt
T ofE= Al AFA el 8aE F7K 4= 9l
+= Google Prediction APIE A|l&3stcH6], BRstal $)
= HloJEE o]85te] LxeRloR slgslo] Sk K
& kL o5 AAIZE AfB|2o] A8t pre—
diction ATE AA7Eo R AL 2 Q& s} 2011
W ddbollA] I7HEIAL, 201190 WA 1,55 whEs)
A A 8 o AN 7B e AR o] A8,

Google Prediction API= THRE E579] 7AIes &
AMEES FAse] AlERiths WMol oA drget
Mahout?} FAFE 4= Q1oL ©<ed] 7] AIERs dale]
H= Aok 2ol Ee 2|7} o et ARGARZF ofe et
B85l ok 129 cloud storage/computing, ¢
ABIAE 913t ofEejAlolA ARl AR 4= Stk
o] h=rh,

2010¢00]| 222 AAA FollA] AlHE tie 9
25l EAEo oA ARE QotE W=
o|glou), A= 24, A3 T, sentiment analysis,
HAIA] 2l T TReldt 3-80] glon, g=AoR
Google Prediction APIofA] B3 2 sk= AL (18 3)

42718 5400 N
0E3"4ZB400W
= e Lt )
X sowsee
i
e IS ?
. Y
-
el G
8ty Ann Arbor v
1 U 2t STV Cotgm
P Pty e

(a&l 3) 712 Prediction APIZ 0|28t ZE X}SX} AH|
A (7]

3} e HUIAE BER st gl mUet JFOR
el Qe AlAR LAGT, AR, 40 A
2, 7159) et e 2240 34 golelE 7
02 LA A AR oEste] AFch

3. BigML

BigML-> Google Prediction API®} -G-ARFA ma—
chine learning as a serviceS E-¥ 2 7|Agk50| thst
A|Alo] glejete L3t HolHE sl Q= AR
AP i A 71AIRRE 71 olgste] Al
AR|AY o ERA oS P 5 =S e e

T e sfar QIehs].

L & =4

Setup a Data Source
Upload, share, or stream your

%ﬁ};m

Create a dataset
Quickly format and shape

data securely your data source to get
useful analytics.
! J%‘a; —
Create a Model Generate predictions
Turn your dataset into an Input new data to get

actionable and visual predictive immediate predictions from
model your model

(3 4) BigML 7]Ht XIS oiEz2|A01M 7= 1tE([8]
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(7% 4)%= BigML& ol83to] FHolElS HA3k AN
A7 A5 oAl Ag TEs = Boltt,

IV. Domain Adaptation 7|'H

7IAERES] A Ade dEae wARRS(super—
vised learning)?} HeS YA G HlwARKE
(unsupervised learning) =
1;1] ohﬂ]—x{j 7o Bx ]E1 2 TR ].z‘ﬂ-./:ol H]ﬂ/\]:s
ol vlsiA & 9 U2 5=
Sof ARG A8 4 gledl, 7H 2 EAle o
ARelGE $13t 85 HlolEE 55k Alo] ARt
8ol Wol =rh d Qitk. Z12jal o]FA| 5 Sk
dlolel= 48 EoKdomain)7} H
Z H]Ro] WIS}

AAdo|HY 7l 5 A, A, AT 5o Q4
51= 7141% ¢124](Named Entity Recognition: NER
Aol wARks s 2857l 8 w2 dHlolH
(NewYork Times, Reuters)2 o83} 7|AH ¢l &2
F71(NER Classifier)g WA W o= F1531=t,
2171] H571E wEEZE dlolHel A-83s uf (L
& 5ol Hojx o] w8El =g Sh5dt B ot
+ Reuters= 8153 £57717F oF 200 A= % 113}
£ HojEth s At glesd A8shalat she
+ domain®]| thaljA] g5 HloEE 53kl Z12te] &
F715 F=sfof sh=tl, oS ddAew Erlsst

=

Train Test
[ ‘ Ideal Setting _
:> NER |:">
NYT ls Classifier NYT o 85.5%
- 1 | P
New York Times N?_:vm ‘I::;rk
[ Realistic Setting
:> NER
Reters J Classifier ::> NYT j 64.1%
Reuters N?"::n‘gk

(32! 5) Domain Adaptation Problem[9]
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t}. ol 2AIE =9l 28 #Al(domain adaptation
problem)® AoJelal o] & sjdsly] st dAribie
27k} ik,

HA 7P 2R e s (Y
|9l (source domain)®] HloJETRS

5ok o] 2 =

oA 71AskE

o] o] 83k= source only HHTF Ysk= Rl T2l
(target domain)®] HloJEE ddo] F=3= target
only ®Ho] Qlout, EE3l 7|0l DAsiA|= ¢rom,

o WHe TRz T Sl Hlolg Hi of o]

olgfoll Al Aat HPHLS source domainol taiAl=
71AEks WS 283 1] &<y HlolEfrt gt

= v

o
o
rd
J {0
e
)
2

o

Ir
o

9 Flgat,

1. All and Weighted Model

o] BEL- source domain, target domain®] 3gsl=
W= 85 HlolEE ARSRIT o] Afolle Earskal ol
© 2 HolHE ARSItk SHolAE 342y
source domain 85 H|°]E7} target domain g5
o[gof| Blsl} L+ & 7-$-oll= target domain®] 40|
H]—Oﬂﬂxl Ho]_J_ source domain ,_JK-]D]— H]—Oﬂﬂo-] /\l;(ﬂ
2E target domain 355 HO[EE 757 A A5
HA| SR

olzfgt 7ol sid R o= AAIE o] Weighted
HER | source domain 55 H|o]E|o]| tialiA] 7RIS
ZojF= Zloltt, 7MY A Q1 WS source domain

3l<5 H|olEl7} target domain 35 o[ 1082}aL
5P, source domainof|A] S5 ®dle] 7545 0,1
& Sl= Alojt},

2. PRED Model

PRED 22 gource BES B3 728 HE7|o



Q1A AL target B77]1E 5t &G B9 feature
2 olg PE} HA] source 8hs5 EloJERte R ER7IE
Skt o, o] TR7IE target dataE tI= A3
3 3} PlolElg Pt 11 th A HlolEE 7}
feature= a0 7]1E9] target datas -8t S52
shd PRED Hdle 5% o= ¢tk PRED RE2
source, target datas J-E5to] dR5o] o] 8k A
o] 9Jou} mElS 1E3)y| ¢J8t 7o) Sofita &
S57h Lol BAE ik

I

l:l

N

3. Linear Interpolation Model

Linear Interpolation(LININT) 249-& source, target
Hde 7ZM7F EfFog =%t Tof AgHET7PH
(linear interpolation)& #l-§-5to] shpe] mell= F3tst
= AoR $AS oE Pt

LININT Model

= A * Source Model + (1—2) * Target Model

oMb oz B7Me| Tepule AO<A< )= target
datcl) 40] U] 20| e,

LININT w8le ARt sfefule] A2 olgstol
source, target G|°]EQ] HE vl H| &S 2T
o HloJe] Agol| A F-AsHA BS54
e glont, ol ol 7% 4wt LAt T
sk,

32

%0
rlr

.L4

o

4. Prior Model

Prior Z@[10}2 #]%= domain adaptation ¥4 3l

AL 93 Ak A2 source PO Q14 ATME
target HQ] 27} feature® AeHsh= PRED W2}
24 source 2] weightsZ target H @ Q] 3H50]
A ARSI}, Prior 232 maximum entropy 20|
HEH Ao, Prior 2&9] 7] ofoltiofi ofE
mdo= AL 7lssit) sk4o] e VEHo g

glofefollA] 2% featureo] thaf A S22 FI3T 2
29| 712 HE wa ek A, oA Alwll®
Fejz EAT 5 ek Prior R WA S
source HEO] 712z WE wsE 7|2Hoz Ao}
target 2219] 715 HE| wE Allw — w|? Walow
ik,

Prior 292 target model®] 7152 HEE 5]
Slaa] AhE oz aekel taget HolEE ol g3l
H=, source HlofElolA S5 7HeA] HEE 71+
0 3] target HloJE|o] 7454 WE]7} Auk} o]
WEA|Z o) o] AThaOR e ool 3l o

olE|RE e A5 1 4 9k

5. Feature Augmentation model

Feature Augmentation @2 58 93] &31=
featureS ChHEIt Zo] 37IAR ERoR] 747t
featureS: o83t RS SO R S5Fslo] 53t
oH11],

¢ General: source, target domain 25Fof AR

* Source—specific: source domain®] E34o] 5t

=)0 source domaino A5 ARE-

* Target—specific: target domain®] E#o| =t

=]} target domainof AR ARE-

AE E0f AnEE wrQlyt TE wrlof thsliAl
‘horrible o]2k= Tojis FAAQl o R &= E‘Jﬂo‘oﬂ/\ﬂ
guiA o g ALgsPH AR ‘small’ o]g}=

mREE ZrQloAs g4l ow, oH E”ﬂ 10|
A= BAA] £O= feature® {15510] 58I ]=
Alojt},

Feature Augmentation 2%} Prior 28 7154
HE] 2ol Hlash that o] 2 4= Slct

‘—/\

2 2 2
[lwgll” + [lws = wg ™ + [[we = we

2 source EH|QlOA BR5E 715 HEE 240
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2 AR Prior 2@} t}27| Feature Augmentation
o A= AHA (general)?] featureoA] &% 24
= SR Ao source, target 7154 HIEIE ©lF
Sh= 7iigolt,

o] RelS SHstH n7lle] m=w|lof thsfixte 2ol
7Fs s thet ol AT 4= qlek

2 2 2
[lwgll” + lws = we [ + -+ lwn = w|

V.

ajo
s

chaet Hofoll x| tiakt £70) Hlolel7t 2obA U
o iglold AlthE wol, olejit Yol fpao
2 o[ g3he 2] tiat Tilo] S2m glet, ulgole]

w02 ol g3t 4 Qi Q1FA 7140 7)Ho]
% Hopt @) wilold Atk

7k 7o) Ao

e HOHH o

g 85 dlolE7} HaskAut, S5 dlofE|7t wobd 7
S gk 9 A2 Azto] =ojAl= AS WS el
A 71AERE darelEE sk | ke WEA ] 7
o2 A £=E FYAIX IBMQ SystemMLO|H

Mahoute]| ol Lol —12]a1 NELL, Google Pre—

S0{sid

8% OI0|E](training data) 7|AISE0IM REtE HEE &
5t7| YoM AEE diolEfe FEt

mAeHS(supervised learning) %SFE Aot ZE stg
HolHE 0128t 7|5l &Y. duMoz HluAtsHy EH
ol dloi 452 £2L, dote 75 o= Hlo|Hofl Zest| ¢

SF A2t F15 HI80| STt

H|AFeH& (unsupervised learning) W ANSHS I} HFEHE %6}
} | ur

= Z1pt B8] 42 stg Hlo|EE olgst 7|AHlSt

o wArstEl His 82 £X| ¢olt, st& lolH :FL? |
20[5t7| 20| SHAHT I 22 dlwAtsts 2ol XEst
20 Hgste o] s,

Z AL (semi—supervised learning) ®at= Zupt B
Il St H|0|EE seedZ ol WAtSHEE SF 20| 0] 2=
HlmAISHS WBlS 0|&5t0] & &st= W
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diction API®} =2 #Af ZIs)=]ar )
of meAlEd] Al 275k

oj2igt il St HigofE Altfof| 7 ASksS 285t

7] $fall S-agt oAt g5 o oo 7|k
3 Hestkd= w37 ekl domain adaptation 7]
o] oo} ol 1Ak 1 ARE AMSH] F o &
£20] 7o 2 RAA]7|= Ao Hld|o|g] A|E ub
© 71AIRS 71| vobd Rigkoletar Hwgich,

rr
N

[kl

I
i)

7R

oto] Ha|

KB Knowledge Base

ASF Apache Software Foundation

CMC Coupled Morphological Classifier

CPL Coupled Pattern Learner

CSEAL Coupled Set Expander for Any Language

DML Declarative Machine learning Language

FPM Frequent Pattern Mining

GSOC Google Summer of Code

HOP High-Level Operator

KB Knowledge Base

LININT Linear Interpolation

LOP Low-Level Operator

NELL Never Ending Language Learner

RL Rule Learner

Siri Speech Interpretation and Recognition
Interface

Weka Waikato Environment for Knowledge
Analysis

HES
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