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49 gao] BAR TR 53
A BRE F2 JAARUT, 71 7]
F, SVM(Support Vector Machine), 4173 %,
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A% FoE AAHT FAE E)7)(Tagging)sh TolAE A AREEHIL A= o] Yl
2T 7 e 7sE Adst, AAE 2 A Z Tol9] 54 (Features)= 7 & WY
T2 A3AE o]& &85t 7] =0 AE 02 4EHZ word2Vec E1EEFS 53 E
f B AR E2oR s WER W dold EEF EZL N
19 A8 BE BE2E5S Uol QuYe  WEEZ WY i <Figue >ol4 29
5a) A% #e 1 WER piEg B A o,
Doc Keywords Doc. Token Set
ZHE orE s A Y2, BrAMIE, 1 OiE2Z0IE, &3, oY, HdE 28, MY, 85
1 s = F=3
s oigeFola, dol=an 2 |BzrE= @R, g2l dEol, =2y,
D7 A
> SR, HBIAI0|44, OtetE 3 ALO| 2, QAL Qe Erfo|d, Y, 25
ADIEE, 22| g2)7]
CHAFS =, HICH ALOI S,
3
FHAL Qe E E2fo]d {b) Initial Tokenization
A Doc. Token Set with Keywords
(a) List of Keywords
1 ofZ2|Alold, B8 (HH HIRE, e, EE, -
> %agzmwm 2ol
3 |AOIZ, RHEANQUE Y E2fo|d g, 2
(<) Token Set with Keywords
(Figure 4) Tokenization with Keywords
Doc. Token Set with Keywords Word D, D Dy
1 olZz|7o|d, &g, 2 otEst 28, 7Y, 85, 0]&77]]0] 41 0.0171 -0.0746 0.0137
2 |Ezram wvia) gals), dulAolM, 2ol - =g 00154 -0.0026 -0.0054
22 oyst | -0.0127 0.0216 0.0700
3 |AtOIZ, F2L Qe Elflo|d, HYE, 25, -
hl=~ 0.0520 0.0/24 0.0414
s 0.0896 0.0594 0.0470
(d) Token Set with Keywords a8z 0.1338 0.0131 0.0898

(b) Word Vector of Each Token
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aelx AR E TP AEE & 5 3
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&tte] “—‘11512 F s}

(EEE EEEEERR

Doc. Keywords
1 o oty st ZY YL B E, WA 3, of E2|3[0]d, Ato| =AM
2 SUYE, HE|AHo|E, otatE, A0IEE, #712] g2l7|
3 CHAFSZ=2, BITH, A2, 32}, Q1B Eaiold

(a) List of Keywords

Doc. | Keywords D, D, Dy
o otEE -0.0127 0.0216 0.0700
e -0.0216 0.0243 0.0570
SEARAIE -0.0116  0.0290 0.0600
pocy sk -0.0250 0.0152 0.0758
ofZeaiAoid 0.6171  -0.0746 0.0137
R e =R 0.0187 -0.0858 0.0218
SUHEE 0.0252 -0.0879 0.0265
e Ao 0.0123 -0.0878 0.0152
Docy OiehE 0.1005 0.0230 -0.0360
ADIEE 0.0093 -0.0641 0.01686
Hrzigell 0.6830 C.015C -c.0z&81
targed -0.0061 0.0135 0.0627
Hig -0.0185 0.0078 0.0758
Docy ALO[2 0.1047 0.0080 -0.0381
FHR} -0.0176¢ 0.0193 0.0621
clE{g Eaflojd | 0.1134 0.0194 -0.0470

(b) Vector of Keywords

(Figure 6) Set of Keyword Vectors for each Document
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(Table 1) Multi-Vectors for Each Document

Doc. Subject Keywords D, D, Dy
S E=EIE TIPS 0.0171 -0.0746 0.0137
IT AFO|24AM 0.0187 -0.0658 0.0216
ITHEA 0.0179 -0.0702 0.0177
ozt -0.0216 0.0243 0.0570
Doc,y 2 rdEt -0.0127 0.0216 0.0700
Medical HEARLM -0.0116 0.0290 0.0600
Ay st -0.0250 0.0152 0.0758
Medical & -0.0177 0.0225 0.0657
Doc, A2 Ha -0.0058 -0.0084 0.0497
27HA= 0.0253 -0.0879 0.0265
- H|E|AH|o] M 0.0123 -0.0878 0.0152
AOIEE 0.0093 -0.0641 0.0166
ITEA 0.0156 -0.0799 0.0194

Doc,

ofetE 0.1005 0.0230 -0.0360
Sports 72| ea|7| 0.0930 0.0150 -0.0281
Sports W& 0.0968 0.0190 -0.0320
Doc, 2| Hx 0.0481 -0.0404 -0.0012
tAtS == -0.0061 0.0135 0.0627
Medical H|gH -0.0185 0.0078 0.0758
SAR; -0.0176 0.0193 0.0621
Medical = -0.0141 0.0135 0.0669
Docs AROIE 0.1047 0.0090 -0.0381
Sports olEiy Egjo|d 0.1134 0.0194 -0.0470
Sports W& 0.1091 0.0142 -0.0426
Doc; 3| B 0.0352 0.0138 0.0231
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(Table 2) Comparison of Single Vector and Multi-Vector Representation

Doc. Representation D, D, Dy

Single Vector -0.0058 -0.0084 0.0497

Doc, Member Vector for IT 0.0179 -0.0702 0.0177
Multi-Vectors

Member Vector for Medical -0.0177 0.0225 0.0657

Single Vector 0.0481 -0.0404 -0.0012

Doc, Member Vector for IT 0.0156 -0.0799 0.0194
Multi-Vectors

Member Vector for Sports 0.0968 0.0190 -0.0320

Single Vector 0.0352 0.0138 0.0231

Doc;y Member Vector for Medical -0.0141 0.0135 0.0669
Multi-Vectors

Member Vector for Sports 0.1091 0.0142 -0.0426
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{a} Single Vector Representation

(b} Multi-Vector Representation

(Figure 7) Visualized Comparison of Single Vector and Multi-Vector Representation

Aok e F84S BN
e g 9 ARE oraT @
2AE O MHZ Jeps Az
xﬂ ST ST e ¢l

g ubgol o8] =29 e}
g3l Ui BHE 5
=Al8l7) speth melA
o) g ZwolA thop
=2H 24 e

. —T‘ﬂ]Xq S 2= 7}Eﬂ
sl oy

WHE
2

f
2 N
2o
o
o
- O
Ny
AN ‘
O

O o fr re o8
Sl

o

Ml > p o

E
>~
-
N

N
L)
n
2
;EL

> R o rfz 30 e
d
=
0
%
i

H e

o2

&

iin

(T

ﬁ

oo 30
o o

o
>}L e/
o &
fu

[e3

2
L o & o

& o9 4

30

SHA o] Foxl Ao g Adstal, 7|E A9 A
o|gt 7| ALl el &3t wAE A EAE B
@3k A duldo] FAGEHA o] Folxl Ao
2 ddstazt ok

webs] B Ao A9 dlolE e 2 4 7]
AE F53 3 2 £A49 &% FHE g7} B
"]5101 Aojof gt} B Aol A= o] H gk =4
< WESte HolHE =8a B(KISS) Aol
EOM & TRl FA Ol taf 3,147 9] =2E
T3S HHkAQl A2 Python 3.62 ©]&
st Zgsion, EF &y Afdel=
Komoran, word2Vec =2 & o= Gensim, H]E
Aboll= Numpy 3|71 A& F2 ARSI & A
N ARY AA NeE sk, & Y
o|F Ao AP Fa HA F ARE A
gt} A AA A 7l 8= <Figure 8> 2T

<Figure 8>2] AA A HAHL F A A=
TEHY. 94 Phase 12 AFS 93 B3 &
A1(Complex Document)E A 3st= GA=Z, Hgt



Sgt EM9l Qo|x EsiE St ofE HE A 2ulE YHE

Complex Documents

S—
Body Text

Keywords

Complex Document Generation

Extracting

Parsing Keyword Vectors

l l

Keyword Vectors
for Each Document

Tokenized Words

Keyword Clustering for

Word Embedding Each Document

] =

Multi-Vectors
for Each Document

Word Vectors

o

4* (1) Gen_doc2Vec

a

— doc2Vec with Keywords 4% (2) doc2Vec_Key

o)

Single Vector Embedding ‘b‘ (3) Proposed SV

Q

1

General doc2Vec

Multl-Vector EmbEddlt‘g (4) Multi Vector (Ideal)
with Category Information
@
Multi-Vector Embedding (5) Multi-Vector
with Keyword Clustering (Clustering)

(Figure 8) Overall Process of Experiment
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3t 2M0 ooy 2sS S8 C

=& = =H=

43 2A dlE| MM

2 dolA = A HHES A5 vlael A
|9 57HAY A4 dWlE B4, S (1) Gen
doc2Vec, (2) doc2Vec Key, (3) Proposed SV, (4)
Multi-Vector (Ideal), ~L2]3L (5) Multi-Vector
(Clustering) 4218 A7) gHcK(Table 3).

<Table 3>9A] (1) Gen doc2Vece UHHA
doc2Vec RS B3 4 99 2345
BRI, (2) doc2Vec Keyi= €HFA Q! doc2Vec
2d8S sty &0 AHOE J9E g
AH&g 23E YERATE (3) Proposed SV
Aol BAE 71929 & WE Ao
A HHE =23 Aot (1)~(3)—

F ZAE she] HE= Léﬂ_aﬂ-d——t— ol A
< Zreth 3 @9 )= A wAE H
HZ Zdste Waolth. o] F (4)
Multi-Vector(Ideal) & 23 £A4E TFAst= F
HE FA9] A 7t e ARE &3t A&

H
AW r2

Ap e W0

of
T, ol

]

ofv o A rr
N

d

> 4o o off

Multi-Vector(Clustering) ©]T}.

ks A HHEELS (5)°1H,

#go] e
A Wag g8 A ol

44 M

or
0El

441 M5 T} HE

SA T A

E%i 47} (5)

Tl A Al
A==
%4 L
Jojtt.

H 0_1_4 rlr ["_&

2 B AE ol 247 574 BA Q)
So] AAHst + FI Fokol B FA44 A W R Ao Wrleks e Av)e
TP RS AN SR g agmese R 2A QuRe wad
7| aelo] &3ttt o] uf Bt BAE FAse oz a3, 7k whlo] F|uke o] B3 B
IS RS AR AR EANT g ) o faEst A e BAE A
BAR ZIHE A e RN g wep Aqun a7l A1 BA9 B
A BAR s BB JgoR TR
(Table 3) Five Approaches for Document Vector Generation
Method Base Used Words Number of Externz.al

Vectors Information

(1) Gen_doc2Vec doc2Vec Full Words Single Not Required

(2) doc2Vec_Key doc2Vec Keywords Single Not Required

(3) Proposed SV Keyword Vectors Keywords Single Not Required
(4) Multi-Vector(ldeal) Keyword Vectors Keywords Multi Original Category

(5) Multi-Vector(Clustering) Keyword Vectors Keywords Multi Not Required
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<Figure 10(a)>= Z+ 7Helrgle] FA4lo 71wt
< 7o 7HElnEE dE T4 50048 A

pul

Measures Gen_doc2Vec

doc2Vec_Key

Proposed  Multi-Vector Multi-Vector

SV (Ideal) (Clustering)
Totally Correct 112 108 92 314 249
Partially Correct 677 660 704 563 626
Completely Incorrect 261 282 254 173 175
Total Documents 1,050 1,050 1,050 1,050 1,050

(a) Performance Evaluation of 5 Methods — Similarity-based Document Composition

Measures Gen_doc2Vec  doc2Vec_Key Pro ;;\c;sed M uéltg;/;)dor 'EACI;Lti_t\:reiit;)r
Totally Correct 107 106 84 285 261
Partially Correct 648 651 699 602 617

Completely Incorrect 295 293 267 163 172
Total Documents 1,050 1,050 1,050 1,050 1,050

{b) Performance Evaluation of 5 Methods — Random Document Composition

(Figure 10) Performance Comparison of Various Document Embedding Methods
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=31 249l oojx PHE S8 O e 2A v W=

A8 Aol <Figure 10(by>= 2t 71| g A tiv] ZF BA | jFele A TY HERE
2 UE A 508 S o= AR A9 A AARE AoH, <Figure 12> °]F I ZE =
o|t}, <Figure 11> <Figure 10>2] A5 A 25}k 7o)t

Measures Gen_doc2Vec  doc2Vec_Key Pro ;;\c;sed M uéltg;/ael)(tor 'EACI;E;ZEEZ);
Totally Correct 10.67% 10.29% 8.76% 29.90% 23.71%
Partially Correct 64.48% 62.86% 67.05% 53.62% 59.62%

Completely Incorrect 24.86% 26.86% 24.19% 16.48% 16.67%

(a) Performance Evaluation of 5 Methads — Similarity-based Document Composition

Measures Gen_doc2Vec  doc2Vec_Key Pro ;;\c;sed M uéltg:j)(tor 'EACI;lIJti;Zfiit;))r
Totally Correct 10.19% 10.10% 8.00% 27.14% 24.86%
Partially Correct 61.71% 62.00% 66.57 % 57.33% 58.76%

Completely Incorrect 28.10% 27.90% 25.43% 15.52% 16.38%

(b) Performance Evaluation of 5 Methods — Random Document Composition

(Figure 11) Ratio of Performance Evaluation for Each Document Composition

M Totally Correct Partially Correct mCompletely Incorrect
100% L
90% Dc
80% o
60% 602
50% 507
A a0
30% 308
20% o
10% .
- Gen_docvec Proposed_SV MultiVedor 7 Gen_dovec Multi-Vector
docvec_Key Mulivectoy  (Custering) docver_Key MutiVector  (stering)
{icleal) {iceal)
(@) Accuracy Distribution of 5 Methods (b) Accuracy Distribution of 5 Methods
(Similarity-based Document Composition) (Random Document Compeosition)

(Figure 12) Accuracy Distribution of 5 Document Embedding Methods
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Abstract

Multi-Vector Document Embedding Using
Semantic Decomposition of Complex Documents

Jongin Park* - Namgyu Kim**

According to the rapidly increasing demand for text data analysis, research and investment in text
mining are being actively conducted not only in academia but also in various industries. Text mining is
generally conducted in two steps. In the first step, the text of the collected document is tokenized and
structured to convert the original document into a computer-readable form. In the second step, tasks such
as document classification, clustering, and topic modeling are conducted according to the purpose of
analysis. Until recently, text mining-related studies have been focused on the application of the second
steps, such as document classification, clustering, and topic modeling. However, with the discovery that the
text structuring process substantially influences the quality of the analysis results, various embedding
methods have actively been studied to improve the quality of analysis results by preserving the meaning
of words and documents in the process of representing text data as vectors.

Unlike structured data, which can be directly applied to a variety of operations and traditional
analysis techniques, Unstructured text should be preceded by a structuring task that transforms the original
document into a form that the computer can understand before analysis. It is called "Embedding" that
arbitrary objects are mapped to a specific dimension space while maintaining algebraic properties for
structuring the text data. Recently, attempts have been made to embed not only words but also sentences,
paragraphs, and entire documents in various aspects. Particularly, with the demand for analysis of document
embedding increases rapidly, many algorithms have been developed to support it. Among them, doc2Vec
which extends word2Vec and embeds each document into one vector is most widely used.

However, the traditional document embedding method represented by doc2Vec generates a vector for
each document using the whole corpus included in the document. This causes a limit that the document

vector is affected by not only core words but also miscellancous words. Additionally, the traditional
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document embedding schemes usually map each document into a single corresponding vector. Therefore,
it is difficult to represent a complex document with multiple subjects into a single vector accurately using
the traditional approach. In this paper, we propose a new multi-vector document embedding method to
overcome these limitations of the traditional document embedding methods.

This study targets documents that explicitly separate body content and keywords. In the case of a
document without keywords, this method can be applied after extract keywords through various analysis
methods. However, since this is not the core subject of the proposed method, we introduce the process
of applying the proposed method to documents that predefine keywords in the text.

The proposed method consists of (1) Parsing, (2) Word Embedding, (3) Keyword Vector Extraction,
(4) Keyword Clustering, and (5) Multiple-Vector Generation. The specific process is as follows. all text
in a document is tokenized and each token is represented as a vector having N-dimensional real value
through word embedding. After that, to overcome the limitations of the traditional document embedding
method that is affected by not only the core word but also the miscellaneous words, vectors corresponding
to the keywords of each document are extracted and make up sets of keyword vector for each document.
Next, clustering is conducted on a set of keywords for each document to identify multiple subjects included
in the document. Finally, a Multi-vector is generated from vectors of keywords constituting each cluster.
The experiments for 3.147 academic papers revealed that the single vector-based traditional approach cannot
properly map complex documents because of interference among subjects in each vector. With the proposed
multi-vector based method, we ascertained that complex documents can be vectorized more accurately by

eliminating the interference among subjects.
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