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Introduction
Social Media , 

, Social Media Opinion mining 
.1

4

- SKT Social Media Buzz
1)

- LG Social Media 
.2)

- , , LG CNS 
Social Media Text 

.

- Text mining 
Business .

- Social Media 
[2], sentiment

[4], LDA(Latent Dirichlet
Allocation) [7] 

1) http://www.bizwatch.co.kr/pages/view.php?uid=8966
2) www. etnews.com/20141124000268
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Word Representation
Text Text ‘ ‘ .

Discrete , 
Neural network Continuous .
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5

) One-hot vector
Word-word / Word-Document Matrix

) Word2vec, Glove

Discrete representation Distributed Representation

-
/ 

- ‘similarity’ 
- ‘ ’
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- Bengio[1] Mikolov[5] 
(Word2vec)

- similarity , 
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Word Representation
C window , 𝑝 𝑤𝑂 𝑤𝐼

Maximize 𝑊𝑉×𝑁 𝑊′𝑁×𝑉 . 
Stochastic Gradient Descent 𝑊𝑉×𝑁, 𝑊′𝑁×𝑉 representation .

2

6

: Reference 
[6]

- Vocabulary size 𝑉,Hidden layer size 𝑁 (=Word Vector Size)
- Input node One-hot encoding 
𝑥1=[1,0,…0], 𝑥2=[0,1,…0], 𝑥𝑉=[0,0,…1] 

- 𝑊𝑉×𝑁 𝑊′𝑁×𝑉 random 

𝑥𝑘 , 𝑥𝑘𝑇 ∙ 𝑊 = 𝑊𝑘∙ = 𝑣𝑤𝐼
window 𝑣𝑤𝐼 h .

𝑝 𝑤𝑂 𝑤𝐼 =
exp(𝑣′𝑤𝑂

𝑇
∙ 𝑣𝑤𝐼)

 𝑗=1
𝑉 exp(𝑣′𝑤𝑗

𝑇 ∙ 𝑣𝑤𝐼)

Input 

max 𝑝 𝑤𝑂 𝑤𝐼
Stochastic Gradient Descent (+Negative Sampling)

• Training
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Word Representation
Word2Vec .[3][8]

Doc2vec Word Paragraph Distributed Memory Model Paragraph 
Distributed Bag of Words Model , Class2vec / class 

2

7

Class_ID Paragraph 
ID w1 w2

Average/concatenate

w3

Word2Vec

Doc2Vec : Distributed Memory Model

Class2Vec : Review 
Positive class / Negative class

Distributed Bag of Words
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Proposed Method – Brand2vec
Distributed Memory Model[3] & Class2vec[8] 

Social media product review data
‘ ’ vector ?

3

8

w1 w2 w3

w4

Brand ID
Nike

Samsung

Coca cola

Apple

Hyundai

) Samsung Review Brand_ID = ‘Class_brands_Samsung’ ID
Samsung Review Vector

2015.11.09 
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Proposed Method - Modeling

•

Amazon Review Data[4] Electronics 2012 3 review, 3 token 

9,557 Logitech, Sony, Generic review .3

9

2012 Electronics review 5,566,912 reviews

Review , brand 2,971,378 reviews

Total tokens 297,756,650 token

Number of unique words 2,154,172 words

Year Num of Reviews
2012 611,669
2013 1,405,001
2014 954,708
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Number of Reviews by Brands

Brands : 9,557
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• Preprocessing

1) #,?,@ 

2)

3)

• Parameter setting

1) Distributed Memory model

2) Average / concatenation average

3) Brand vector, Word vector dimension : 300

4) 300

5) Window : 10

6) Epoch : 10

Proposed Method - Modeling
Word2vec .

, , .
Gensim1) , Parameter .

3

10

1) https://github.com/piskvorky/gensim/

2015.11.09 

w1 w2 w10

w11

Brand ID

average

…

300 

*training time : 30 (Intel i7-4790, 8 core)



Result & Application
Modeling Samsung, Apple Brands vector

Brand Vector, Vector cosine similarity .
Brand Vector , Brand .

4

11

Samsung Brand Vector 
vs 다른 Brand Vector

Rank Brand Vector Similarity

1 brand_Marquis 0.4510

2 brand_Asus 0.4023

3 brand_Acer 0.3935

4 brand_PIPO Technology 0.3875

5 brand_Proscan 0.3864

6 brand_Le Pan 0.3842

7 brand_Toshiba 0.3795

8 brand_Sharp 0.3762

9 brand_Lenovo 0.3636

10 brand_GT-B9150ZKYXAR 0.3552

11 brand_Apple 0.3547

12 brand_LG 0.3545

13 brand_Hannspree 0.3538

14 brand_Kocaso 0.3511

15 brand_Archos 0.3507

16 brand_HP 0.3473

17 brand_SKYTEX Technology Inc. 0.3463

18 brand_Digital2 0.3360

19 brand_DPI 0.3347

20 brand_Properss 0.3291

Samsung Brand Vector 
vs Word Vectors

Rank Word Vectors Similarity

1 samsung 0.5248

2 galaxy 0.4550

3 samsung's 0.4417

4 tab 0.4318

5 note 0.3549

6 ppi 0.3484

7 samsungs 0.3435

8 tablet 0.3415

9 ativ 0.3213

10 jellybean 0.3195

11 siii 0.3161

12 multitasking 0.3118

13 android 0.3011

14 beautiful 0.2986

15 sii 0.2894

16 apps 0.2854

17 smarttv 0.2849

18 smart 0.2834

19 inch 0.2809

20 tablets 0.2795

Apple Brand Vector 
vs 다른 Brand Vector

Rank Brand Vector Similarity

1 brand_Piel Frama 0.4034

2 brand_Odoyo 0.3659

3 brand_PhotoFast 0.3629

4 brand_Samsung 0.3547

5 brand_Sling Grip 0.3482

6 brand_Jisoncase 0.3457

7 brand_Love My iPad 0.3413

8 brand_JETech 0.3344

9 brand_iFlash 0.3306

10 brand_UNIQUE FINDZ 0.3286

11 brand_Twelve South 0.3264

12 brand_Otto Case, LLC 0.3217

13 brand_Yoobao 0.3155

14 brand_ZeroChroma 0.3124

15 brand_Poetic 0.3096

16 brand_Siskiyou 0.3095

17 brand_Gearonic 0.3071

18 brand_Nccypo 0.3067

19 brand_Gooband accessory for Apple 0.3023

20 brand_Speck 0.3001

Apple Brand Vector 
vs Word Vectors

Rank Word Vectors Similarity

1 apple 0.5391

2 apple's 0.5017

3 ipad 0.4745

4 retina 0.4595

5 mini 0.3595

6 capsule 0.3560

7 ipad's 0.3402

8 imac 0.3275

9 ios 0.3144

10 icloud 0.3097

11 air 0.2993

12 facetime 0.2968

13 imacs 0.2929

14 generation 0.2921

15 ipads 0.2919

16 newest 0.2891

17 apples 0.2858

18 multitasking 0.2848

19 gen 0.2764

20 macbook 0.2735
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Result & Application
Review 50 Agglomerative hierarchical clustering .

vector cosine similarity pair-distance matrix , Ward s minimum variance 
method . Canon, Nikon .4
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Result & Application – Perceptual Map

50 Brands Brands Vector T-SNE

Dendrogram Brand2Vec Brand .4

13

Logitech

Sony

Generic
SanDisk

SamsungAsus

Canon

Apple

Garmin

Panasonic

Western Digital
BELKIN

eForCity

Nikon

Case Logic

SANOXY

Mediabridge

Motorola
Netgear

HPDell

Neewer
Seagate

LG

Sennheiser

Roku

Microsoft

Pyle

OtterBox

Google

Philips

StarTech

Corsair

Bose

VideoSecu

BlueRigger

SIB

Cooler Master

RCA

Targus

MonopriceToshiba

Cheetah

Crucial

TP-LINK

JVC

Griffin Technology

Monster

Foscam

Pioneer

Visualization of Brand Vectors using T-SNE
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Result & Application – Product Properties

Brand2Vec representation Vector Brand
Property . 

Computer, Earphone, Camera Vector Brand Vector .
4

14

Rank Brand Similarity

1 Dell 0.470087

2 HP 0.450589

3 Toshiba 0.354632

4 Asus 0.286443

5 Microsoft 0.281808

…

46 Pioneer -0.102164

47 eForCity -0.105718

48 Nikon -0.108203

49 Neewer -0.121619

50 Sony -0.132765

Rank Brand Similarity

1 Sennheiser 0.346347

2 Monster 0.275864

3 Monoprice 0.184732

4 Bose 0.149591

5 JVC 0.129364

…

46 Neewer -0.079763

47 Garmin -0.087942

48 LG -0.09826

49 Generic -0.101777

50 Dell -0.117044

Rank Brand Similarity

1 Canon 0.474762

2 Nikon 0.413864

3 Foscam 0.320791

4 Panasonic 0.308198

5 Sony 0.239091

…

46 Asus -0.140747

47 RCA -0.150497

48 Microsoft -0.152087

49 Philips -0.172114

50 Monoprice -0.173792

(computer + desktop)/2 (camera + cameras)/2(earphone+ headphone)/2

2015.11.09 



Result & Application – Perceptual map

Brand Vector Brand Perceptual Map(Positioning map) .

, T-SNE , Brand Vector , ‘ ‘ 
.4
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Samsung

Asus

Apple

HP

DellMicrosoft

Toshiba

Acer

Lenovo

Visualization of Brand Vectors using T-SNE

2015.11.09 



Result & Application – Conditional probability

vector ‘ ‘ ?
‘ ’ 

𝑃 𝐵𝑟𝑎𝑛𝑑𝑠 𝑤𝑜𝑟𝑑
4

16

Review 
‘ ’ 𝑎𝑑𝑗𝑗 [1]

[1] 3 Review 3 Random Sampling , NLTK Part of Speech tagging

Brand
Conditional Probability 

𝑃(𝐵𝑖│𝑤𝑗) = 
exp(𝐵𝑖∙𝑤𝑗)

 𝑏𝑟𝑎𝑛𝑑𝑠 exp(𝐵𝑏𝑟𝑎𝑛𝑑∙𝑤𝑗)Brand Vectors 𝐵𝑖, 

) 𝑖 ∈ {𝐴𝑝𝑝𝑙𝑒, 𝑆𝑎𝑚𝑠𝑢𝑛𝑔 … }

) 𝑎𝑑𝑗 ∈ {𝑔𝑜𝑜𝑑, 𝑛𝑖𝑐𝑒, 𝑛𝑒𝑤 … }

Brand Brand 

) “
Apple brand Vector ,

Microsoft brand Vector

2015.11.09 
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Result & Application – Conditional probability

, Desktop 9 𝑃(𝐵𝑖│𝑤𝑗) 
. Samsung, Apple, Microsoft .

Review PMI [1] 4

172015.11.09 

glasses, 3d

Network, TV

Trackpad, 
mouse ..

Glass, screen

Carrying ,waiting

Standpoint, 
Keyboard

Elite, positioning

Monitor, cameras

Hot keys

[1] window size = 5, 10 word



Result & Application – Conditional probability

, Brand Brand .

Business .4
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Samsung
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Result & Application – Frequency 

Text mining Frequency .
, , .
, Brand Vector Reproducible , review 

4

19




















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Summary & Future work

• Summary

- Branc2Vec Review Brand Vector 

- Brand Vector 
- Hierarchical Clustering, Perceptual Map 

- Brand Product Property

- Conditional Probability Brand 

- Brand2Vec , 

• Future work

- Brand2Vec parameter search

- Desktop , 

- Multidimensional scaling Perceptual Map

- review data

Branc2Vec Review Brand Vector , 
, conditional probability Brand keyword . 

parameter search , .5

202015.11.09 
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