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Total Worldwide Digital Archive Capacity, by Content Type, 2010-2015 (Petabytes)
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2010 2011 2012 2013 2014 2015

File 25,127 19,237 59,600 92,536 147 8&5 226,716

Database 4,065 6,179 5,140 13,824 21,532 32,188

B E-mail 4,025 6,575 10,411 16,796 27,817 44,091

*File = File-based or Unstructured data

Source : Enterprise Strategy Group, 2010
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Introduction

7|Z0| = Social Media HIO|EE &83%t0 ZFX 20 =22 E = U= A S0| 0|F0 M,
E9|, H|lAE H|0|H & Social Media Hl|0|E{E 2M3t= 22 Opinion mining 0|21 : £2HA AH|XISEEE HEO0
Lt HAE0) CHet folo)et B8 S ROotLio] M2 £=&5t7| /o) &8st QUL
e 2 AN Mg At

_ Chokst L IS SR . . o

el Texé,mm”;?gl':'._e EoorOL - - SKTO|M= Social Media Buzz&g S5t0] &
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- LG ®X}I= Social Media HIO|E{E 0|28l HIZE
e T2 M A XE2E2

- CIBAIDE £EEZEA |LGCNSS2 XA
Social Media Text M A|AHIZ FL=3510] C}

- EX HHME9| Social Media H|O|X| HEE &
2517{L}[2], EQIE{0IA EHE9| sentiment
MEHE 0|25tHLIH4], LDA(Latent Dirichlet

: 2 |t Ui o ER
idlocatlon)CE) glfon_l' oC|=>|[7] o= OOH EEI’ LI' %F'élj' ﬂ%*-EOﬂ 751%5}_7'_ 9}1%
2 SAIEZHE S flct HHS HA| '

1) http://www.bizwatch.co.kr/pages/view.php?uid=8966
2) www. etnews.com/20141124000268
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Word Representation
TextE 2M5t7| QIS = TextE ‘Xt £ HetSH= 14H0
THO{E =XI2 EHst= W2 3| thofe] ST BT E A ASt= Discrete oF &t

Neural network S2 3l Continuous S|
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Discrete representation

Distributed Representation

o) One-hot vector
Word-word / Word-Document Matrix
1 0 0
dog =|0| cat =|1 pig =0
0 0 1

04}) Word2vec, Glove

1.5 1.8 1.6
dog =|0.3|cat=|1.1| pig=|-2.3
0.8 0.2 -1.5

- IH EM =2 E’é HP A ST EHo{9f H

- Neural Network & Edll ©t{E continuous

St vector = Hat

- Bengio[1] 7} & X2t A %2 Mikolov[5]

9l t'*”*(WordZvec)OI F=H3

ot

=
H=E

r

St
-1 O
o|st cto] 2 —EM - ©to] H similarity Al4t0| 7+S3SHH, H|x
Mol M At E|= TH{E0| similarity 7t &=

o
=
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Word Representation
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Maximize St= Wy« y 2t W yyy = T6t= B=Z0|C},

Stochastic Gradient Descent

o <l SFA (=
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(o] \
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©
Output layer
o] o]
O IO
O O
Yok o o| Vi
B ©
V-dim
O]
(@]
o]
Xck [P
O CxV-dim Z£X : Reference

[6]

o X7|9}
- Vocabulary size V, Hidden layer size N (=Word Vector Size)
- Input node #f=2 Zf TH0{=2| One-hot encoding 422
x,=[1,0,...0], x,=[0,1,...0], x,,=[0,0,...1]

- Wysn 2 W'y = random 8tA| x7|3}

xi Ol HESh= BO{7F LIRITHA, xf - W = Wy = vy,
X EE window & SHAM Z THOOICE LIR = v, &S B0 h & F#ICL

XEHOE Input THO{7} FO{F S M CHE B S oS0t & =t&2

/T
exp(v wp ° vwl)
j=1 exp(v wj ' Vir)

« Training
max p(wo|w;)
Stochastic Gradient Descent (+Negative Sampling)
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Word Representation

7|1Z2 Word2Vec &S S80I 42| 28 22 EAS T2t 2 &S Al7|l= SHO| SESIAL[3][8]

5 3|
Doc2vec WH0|l= Word®t Paragraph BE2E S8l LIS £t & 0| F5t= Distributed Memory Model2t Paragraph
0O 2 HHO{S2 0| Z5t= Distributed Bag of Words Model 0] {2, Class2vec M= 2™/E™ ot 22 class £

Classifier I thel [ cat] | sat| [on |

w3
Paragraph Matrix ===-==—- >
Average/concatenate [ | | 1 | | | Paragraph
= e e T A AN mmmm e mmmmm ey id
| N TS ; |
| | l - Word2Vec .
- [ SEREREERENENER (1171 @ Distributed Bag of Words
; | i 11 — Doc2Vec : Distributed Memory Model
i Class_ID : Paral%raph i w1 w2 i i i
| A BE Class2Vec : 0| 2A7} 28 %9l Review O|H

Positive class / & X| £2™ Negative class

T
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Proposed Method - Brand2vec

Distributed Memory Model[3] & Class2vec[8] 2| OIO|C|{E B S

EH™ B0 Cish Social media =2 product review datad|A| Est= ZE WEHES 20

E™ HElEZ SILVQ| vectorE HH 6FH?

1O — L-——

0ol) Samsung XMZ0l CHet Review ¢! A< Brand_ID =‘Class_brands_Samsung’ 2} &
S E Samsung ME2| Reviews #HHst 5tLIO| Vectors MM E £ S

w4
A
[TTITTI1I] Average/concatenate
Samsung
Coca cola 0110, OO010 O0J0 O0J11]
Apple
. Brand ID w1 w2 w3
Nike
Hyundai
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Proposed Method - Modeling

Amazon Review Data[4] £ Electronics ZtE|12]2] 2012 O|Z 2f 38HOtIH 9| review, 3H 70| &dSt= token SO
CHSH =AM S AAlg

% 9,5577l2] E2HE & Logitech, Sony, Generic EE &=O 2 review7| 0| &2 = A

A

o

o % Uk,

rr

- Gi[O]E Aof| gt A

—

Number of Reviews by Brands

Sy 90000
L

20129 0| = Electronics 7| 12|29 review 5,566,912 reviews 0%
ReviewZ} S ALE brand BE7} G| A 2 2,971,378 reviews 799

Total tokens 297,756,650 token  ©0000
Number of unique words 2,154,172 words >0000
40000
- = 30000
Year Num of Reviews = Brands: 9,557
2012 611,669 20000
2013 1,405,001 10000
2014 954,708
0
XD F O PSS D QYR SR
F N EF T ELELSEL FE ST L N
\/oo‘}" ) (9@0 (’)’b(\o ’b@%‘\" Nal (J’b(\ ?Q (Q'é (\,Z;—)O(\Q\ <b<<>/ é(oﬁ D 6@\,0%?\% ‘ \,Z,‘Q*\@O&O«eé&)
) QP &Q} X le
« N

M
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Proposed Method - Modeling

Word2vecg &H 3 stLts HX2|S 2l4skstolc 2203 ZE 28 4 ks Holct.

E4EXt HIH, 2R A, ARXE #HEto| | Avto] MK{2|S SHCH,

GensimV I 7|X| & &ESIF2H, o2] =Z0|M LEH O Z ALE3t= Parameter £ 0| 8310 SH&5IRULE.

» Preprocessing

« Parameter setting

1) #2,@ s Sx=X H[A
w11
2) =Xt H|A Y

3) A2X} I‘/ 300 xt&
HERER average

1) Distributed Memory model LIl ity (Irfrr

A A

2) Average / concatenation 2 & average
Brand ID w1 w2

3) Brand vector, Word vector dimension : 300

w10

4) 3001 O|5t= SE et THoj= XA
5) Window: 10
6) Epoch:10

*training time : 2f 302 (Intel i7-4790, 8 core)

1) https://github.com/piskvorky/gensim/
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Result & Application

Modeling Z1t2 2215t 2o cHEX O Z Samsung, Apple 2| Brands vectord| CHH A

CHE Brand Vector, 12|11 £H0] Vector &8 22t cosine similarityE 7|&2 2 EESIH o2t Z L},

Brand Vector 77|2| H| W3S = H|et EHETL SE5HL, THojet H| WS W= 2t Brand2| HES0| S,

Samsung Brand Vector Samsung Brand Vector Apple Brand Vector Apple Brand Vector
vs C}2 Brand Vector vs Word Vectors vs CtE Brand Vector vs Word Vectors
Rank Brand Vector Similarity Rank Word Vectors Similarity Rank Brand Vector Similarity Rank Word Vectors Similarity
1 brand_Marquis 04510 1 samsung 05248 1 brand_Piel Frama 04034 1  apple 0.5391
2 brand_Asus 04023 2 galaxy 0.4550 2 brand_Odoyo 03659 2  apple's 0.5017
3 brand_Acer 03935 3  samsung's 0.4417 3 brand_PhotoFast 03629 3 ipad 0.4745
4 brand_PIPO Technology 03875 4 tab 0.4318 4 brand_Samsung 0.3547 4  retina 0.4595
5  brand_Proscan 03864 5 note 0.3549 5 brand_Sling Grip 03482 5 mini 0.3595
6 brand_Le Pan 03842 6 ppi 0.3484 6 brand_Jisoncase 03457 6  capsule 0.3560
7 brand_Toshiba 03795 7 samsungs 0.3435 7 brand_Love My iPad 03413 7 ipad's 0.3402
8 brand_Sharp 03762 8 tablet 03415 8 brand JETech 03344 8 imac 0.3275
9 brand_Lenovo 03636 9 ativ 0.3213 9 brand_iFlash 03306 9 os 0.3144
10 brand_GT-B9150ZKYXAR 03552 10 jellybean 03195 10 brand UNIQUE FINDZ 03286 10 icloud 0.3097
11 brand_Apple 0.3547 11 siii 03161 11 brand_Twelve South 03264 11 air 0.2993
12 brand_LG 0.3545 12 multitasking 0.3118 12 brand_Otto Case, LLC 03217 12 facetime 0.2968
13 brand_Hannspree 0.3538 13 android 03011 13 brand_Yoobao 03155 13 imacs 0.2929
14 brand_Kocaso 03511 14 beautiful 0.2986 14 brand_ZeroChroma 03124 14 generation 0.2921
15 brand_Archos 0.3507 15 sii 0.2894 15 brand_Poetic 03096 15 ipads 0.2919
16 brand_HP 0.3473 16 apps 0.2854 16 brand_Siskiyou 03095 16  newest 0.2891
17 brand_SKYTEX Technology Inc. 0.3463 17 smarttv 0.2849 17 brand_Gearonic 03071 17 apples 0.2858
18 brand_Digital2 0.3360 18 smart 0.2834 18 brand_Nccypo 0.3067 18 multitasking 0.2848
19 brand_DPI 0.3347 19 inch 0.2809 19 brand_Gooband accessory for Apple 03023 19 gen 0.2764
20 brand_Properss 0.3291 20 tablets 0.2795 20 brand_Speck 0.3001 20 macbook 0.2735
2015.11.09 A H S EE MaChista Hjo|E{ojol'd AT A MAnE A=y 11



Result & Application

Review =7 2 M9| 507 EHEE MA S0 Agglomerative hierarchical clustering & A[ 2,
A

HZ
=
=

2t HEHE vector?| cosine similarity ALY palr distance matrix2 2tE11, Ward ' s minimum variance
method AE3ISCE Canon, leonJ- Z0| H|ot MEZ2e EHET 2| 7P4A fIX|et AS =telgh 4~ UL,
4t
3t Cab!e Mounts, TV Phane acc PC
Earphone, Acc
|
Camera
ol |
—
1}
S cCc XV O S ~USU O C S C U U S © Y 353 00 WV X2I>XZ>CcCcmMmUwod 00 = 5 £ — = 0 X
C S S E eSS E S o008z2s0 2038858793523 3882823
= = O = - = = - o = = O b 8
8z 2s 55 58%38538%20‘0 N 380298 —'mé’<§ s 28 cck
z c c = a v LDU_%SSE%%Z,_ O 55%5_1 Q- £ 2 ubusggg
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Result & Application - perceptual Map
Ot2i= 507K Brands 2| Brands VectorES T-SNEZ 0|23}0] A|Zt3} st Zdo|C}

Dendrogram Zztet 20| H|%3t HHES0| 80| AS Sl Brand2Vec 7t Brand 2| £4&

o
st

Ctal = 4= QUL

Visualization of Brand Vectors using T-SNE

Monster Sennheiser Nikon
° ® Canon
® Bose Y . Panasonic
® Sor?y
. 0 LG Pioneer
BlueRigger ili ® Jvc?
® Microsoft ¢ Asys @ SamsBR o 99 ® RCA Philips OtterBox
® Dell @ HP & . .
@ Toshiba Mediabridge ® Garmine Monoprig@rTech ¢
® Crucial ® SIB Pyle ® Genenc o Grlfﬂn Technology
rucia [ SanDlsk ® Foscam eForCity
® Neewer g SAN.OXY
o. >eagate ° Rc)guGoogIe Targus
Western Digital ® Motorola ® o Case Logic
o Netgear Logitech - BELKIN
TP-LINK
® Cheetah
o )
VideoSecu

Corsair Cooler Master
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Result & Application - product Properties

Brand2Vec

HIH S E6l| representation0] & = ACHH 2F2F9| Vector

HZ=2| PropertyE ZEgtst 2 AO|CY,

of2{{et Z0| Computer, Earphone, Camera 2f= £H0] Vector0l| CHd 2t2+ 7H& 7H77H2 Brand Vector

rr

2} Brand7} ‘d&dt=

S NOFE UL,

(computer + desktop)/2

(earphone+ headphone)/2

(camera + cameras)/2

Rank Brand Similarity Rank Brand Similarity Rank Brand Similarity
1 Dell 0.470087 1 Sennheiser 0.346347 1 Canon 0.474762

2 HP 0.450589 2 Monster 0.275864 2 Nikon 0.413864

3 Toshiba 0.354632 3 Monoprice 0.184732 3 Foscam 0.320791

4 Asus 0.286443 4 Bose 0.149591 4 Panasonic 0.308198

5 Microsoft 0.281808 5 JvVC 0.129364 5 Sony 0.239091
46 Pioneer -0.102164 46 Neewer -0.079763 46 Asus -0.140747
47 eForCity -0.105718 47 Garmin -0.087942 47 RCA -0.150497
48 Nikon -0.108203 48 LG -0.09826 48 Microsoft -0.152087
49 Neewer -0.121619 49 Generic -0.101777 49 Philips -0.172114
50 Sony -0.132765 50 Dell -0.117044 50 Monoprice -0.173792
2015.11.09 AtH IS EE MECigt i Hlo|E{Otol'd 4 AP 2o 14



Result & Application - perceptual map

Brand VectorE Esi{A| H|X3t HEZS 41 A= Brand 2+2| Perceptual Map(Positioning map)2 12 & QIC.
2Lt T-SNES S¢et A[Zf=tLt, Brand Vector 7HX| 2= =9| Q|O|Lt, & THE 2|7} of -l =X|0f tHet 2FZH0| &2

= O -
SICt.

il

Visualization of Brand Vectors using T-SNE

® Lenovo

® Apple
® Samsung

® Microsoft ® Dell ® Asus

O HP
® Acer

® Toshiba
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Result & Application - conditional probability
O™ XMEA EME vector 7t CHEA| &= 0|R = RN
22 CHo{Ete 2f 'HHE of| A A0|= Z2MO| CHEY| iZ0(7| 20| £3

— =

P(Brands|word)E S0l 20t = & ULt

THoje RO Chist AHEHS

HIX Ol Review Of| A BiO|
f El= F8AY adj; —’F—x[”

ZO0{ Xl AEAof| CHaH
71 Brand 2} Brand H|®

) B E Brand®?l EE£AE 71 W

O) adj € {good, nice,new ... HOf|
Conditional Probability £ 7%t U

exp(Bi'wj)
Zbrands exp (Bbrand'Wj)

P(B; | w)) =

HWst Ao
Brand Vectors B;,

o) i € {Apple, Samsung ...}

[1] 382712 Review & 3Tt7HEF Random Sampling 3R 2, NLTKE 0| &3l Part of Speech taggingS &l Al

0ol) “special” O|2t= THo{ =
Apple brand Vector2t 7t7tE 2217t
Microsoft brand Vector2} 71772 21917}

0z

2015.11.09 AHSSHEE MEtietu HlojE{Otol'd HT 4 AT S



Result & Application - conditional probability

G| S04, 2I0l Al MAI3 Desktop MIZH 97HE 0|85t0] P(B; | w;) & FotH 2t ElE H2 EXS LIEHLE THOES

&S 4= QUCt. 3 F tHEM 22 Samsung, Apple, Microsoft 2 ol A7} ofzet 7”:}

O TS| 2 A MRIME metsty| 26l sieh E =2 ReviewO| CHSHA] PMIMN 7t =2 EHO{E =2 JIEZS SHQISIUL
word Samsung_ word Apple word Microsoft
active 14 glasses, 3d } air 1 Glass, screen } ergonomic 1
vibrant 0.9994 previous 0.9999636 flat 0.9999853

dynamic 0.99793 adhesive 0.9993592 harder 0.9999626
picky 0.99677 magic 0.9992156 : natural 0.9999315
fat 0.99618 white 0.9987635 Standpoint, neat 0.9998434
higher 0.99408 Trackpad, greatest 0.9968496 Keyboard visual 0.9998108
pic 0.99394 mouse .. latest 0.995961 solar 0.9997959
song 0.99333 larger 0.9953194 ( traditional 0.9996345
popular 0.99311 sorry 0.9914955 Elite, positioning sweet 0.9995185
blurry 0.99226 dry 0.9900548 \ comfortable 0.9968041
pull 0.99085 heavier 0.9893667 uncomfortable 0.9967529
write 0.98579 Nt T protective 0.987897 yellow 0.9964272
different 0.98198 ' recent 0.9759585 Carrying ,waiting } magnetic 0.9957358
special 0.9786 monthly 0.9743298 optional 0.9948526
upper 0.97353 tired 0.9676014 included 0.9942972
dish 0.96545 stronger 0.9642975 full 0.9924303
music 0.96043 substantial 0.9606566 [ Hot keys unreliable 0.992372
better 0.94718 clearer 0.953744 usable 0.9891648
worse 0.94411 . extra 0.9512706 virtual 0.9870451
ridiculous 0.93362 Monitor, cameras } safe 0.9501784 hot 0.9856131
professional 0.8956 thermal 0.9471483 convenient 0.9855615
[1] window size = 5, 10t O|2tOZ LI2 word= M| &
2015.11.09 AHF S EE METietn Clo|E{Oto]'d A7 A MAIRY 2 17



Result & Application - conditional probability

ol A1E 0|25}, Brand 2t Brand 7t2| X}O|Z LIEILH

0|2} Z0| CIkst HitHO 2 Business 2JAFA™ | &

St
o=

—

= FHof
(=)

A= A

AppleO| & =24

Microsoft7t ol 24

Word Apple Microsoft  Apple-Microsoft Word Apple Microsoft Apple-Microsoft
previous 0.99996 0.00001 0.99995 ergonomic 0.00000 1.00000 -1.00000
adhesive 0.99936 0.00000 0.99936 flat 0.00000 0.99999 -0.99999
magic 0.99922 0.00078 0.99844 harder 0.00000 0.99996 -0.99996 Lenovo
white 0.99876 0.00058 0.99818 natural 0.00000 0.99993 -0.99993
greatest 0.99685 0.00004 0.99681 neat 0.00000 0.99984 -0.99984 Apple
latest 0.99596 0.00000 0.99596 visual 0.00000 0.99981 -0.99981 -
larger 0.99532 0.00018 0.99514 solar 0.00000 0.99980 -0.99980 e Dell A Samsung
sorry 0.99150 0.00208 0.98942  traditional ~ 0.00000 0.99963 -0.99963 Mierosor L
dry 0.99005 0.00106 0.98899 sweet 0.00000 0.99952 -0.99952
protective 0.98790 0.00000 0.98789 comfortable 0.00003 0.99680 -0.99678 HP
heavier 0.98937 0.00735 0.98201 optional 0.00000 0.99485 -0.99485 Acer
recent 0.97596 0.00000 0.97596 included 0.00000 0.99430 -0.99430
monthly 0.97433 0.00309 0.97124 uncomfortable 0.00250 0.99675 -0.99425
substantial  0.96066 0.00000 0.96066 full 0.00000 0.99243 -0.99243 Toshiba
tired 0.96760 0.01562 0.95198 unreliable 0.00000 0.99237 -0.99237
extra 0.95127 0.00506 0.94621 magnetic 0.00426 0.99574 -0.99148
newer 0.94451 0.00000 0.94450 usable 0.00000 0.98916 -0.98916
expensive 0.94479 0.00101 0.94378 virtual 0.00000 0.98705 -0.98704
phenomenal  0.94284 0.00007 0.94277 hot 0.00024 0.98561 -0.98538
third 0.94263 0.00009 0.94253  rechargeable  0.00000 0.98536 -0.98536
2015.11.09 A L3S EE M2t HIO|E{Oto]'d A& MAabE = 18



Result & Application - Frequency 7|4t sz} vl
7120 cHE29| 0|2l &8 £HO| Text mining 7|H S Frequency 7|gHe| BHHE0|ALE,
2L}, |23t HHHE HIE AT} M Cro{= 2A|SHALE, 2olO|st tto{S0| 20| S
d

= g
o [ |
HHOY|, Brand Vector &' 2 Reproducible 5t12, & & review S0 CHol 2 MEE HAMOZ diF et

XX C}x
o O
. . Sojn|gtct Sxt
B B et Lo L D s A el SIS
|=|A'| L OL-—T/-L+o
il _ Eﬂ_f IS . nre Axielo| WRS| W20l 20| Y

2 7580l S

» Brand2t= Z2EQI 9|0|E SILIZ BT

Do) AR S She
Brand Vector = AS ) IIJ_”; O|CJ>(|E°F°
approach = Brand THO{7} ZLEHE[X| 42 reviewo]| CHSt = =

S| Mz2[7t 7t

MHOC I Sl rel
< (BrancVector_K2 2 WordVector_K2)

cheta GlO|E{Dto|'d 1A MALRHY Y4

rLHo
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Summary & Future work

Branc2VecRZ 2 E Review HEE BtI3H LS| Brand Vector £ B3I 1, 0|2 Edlf M Zto| ATHA 2|7t |
X|=|l=X| 2RIt} 11, conditional probability & &83%t0 Brand & S& %l keyword & F&E = UULCt

FIM O 2 A|X3tEl parameter search &, A|ZHof| 2 H3} 0|2 2M T 4 Q2 Z0|LCY,

Summary
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