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34 Model for Classification of Self d Acuracy.The DeepLering e pretetment etod
Group's new employees. The self-introduction data are collected Introduction Lett
e s wilh e comendo e syt the : ot smscosment table, Pi-Score and Accuracy, hhhor e highest
P e e e et o | The letter of self-introduction consiss of five answers in total.  performance by position, were written in boklface type.

s were required to answer five
entical questions within a limited number of characters. The five
gories and questions are as shown in Table |

I this paper, 5:342 cases that are julged by the recruiter to be
excellent self-introduction certificates and 5,342 cascs that are the
opposite are selected ta form learning data (train data) so that the
ratio-of labels s 11 Fimally, test data  for self-introduction in the
secon half of 2018. The study and test data configured above are
divided by task. and a dataset is prepared as shown in Table 2. T
chase the top three job that have a lot of Icarning data so that
Deep Learning models an learn. In his paper, the Deep Learning,
model s learned and the performance evaluation is carried out by
utilizing the prepared dataset.

32 Preprocessing
The " pe-
cial eharaeters and ing Korean, English,
and numbers, all deleted using regular expressions. In addition,
all English letters arc changed to lowercase. Aflerwards, the self-
introduction sheet is tarque-nized to form clements using the Okt

ogy Analyzer in Python's KoNLPy library. 269,930 scif-
ction statements are separate by sentence into u single

o mark,

create a tormenting selintroduction corpus. Finally, add lokens
for Zero-Paddinyg to the corpus

Perform WordzVec Embedding using Python's genism library
ith completed self-introduction corpus. Word2Vec Embedding is
@ skip gram method that predicts penpmml words with a mare
powerful central word than CBOW, In

Figure 1: Process of wond indexing

3.3 Extraction of key sentences using
TextRank

‘The pre-treatment and Exmbeckling process performed earlier is 2
‘comman method used in natursl language processing. In this paper,
waing;the TextRank algorithm, i i recommended fo leave only the
ey sentenee and add a pre-treatment process to remve wnncces
sary sentences. Textkank i a graph-hased ranking algorithm that
caleulates the i between wonls or sentences, allowing
youto select high-priority words and sentences [1]. The following
figure illustrates the difference between the pre treatment process
andthe existing method proposed in this pa

Using,TextRank to extract key semtences can reduce the length of
the sequence of input data in the deep learning mosel. This has two
main effects. Fist, the accuracy of the model can be insproved by
removing less important sentences from the self introduction state-
ment. This is similar to the effect of Feature selection in machine
Iearning, In machine learning, Feature selection is  technique that
ereates  concise set of features by removing unnecessary features

busex o the importanc of the featusre amomg the various eatures.
Traditional feature selection techniques are difficul to apply be-
cause natural language can be deconsiructed by the removal of
certain morphemes within a sentence. Therefore,in this paper, we

preserving ch as possible. This helps prevent

more than
The result of having the word vector embedded in: 128 dimensions

overfiting and improve the accurscy of models by making self-
introduction brief. Second, by reducing the number of parameters

Thersfure, vmcoll were placed oo the the desp Jseng rmodl

hen learned without ,..h discrimination, Ours was 8.25% and

e five answers.
N et b5 ke up with two layers. The figure 3 shows
our deep learninyg model for the classification of self-introduction
letters

First, 1D-CNN extracts the characteristics of three, four, five
and six consecutive sequences by having a kernel of 3,4, an 6.
et ading e st the ngh o he et e

o Layer.
Vdesigned by referring 0 the CNN strcture of the paper12]
he laten Layer was then place s that it could pass through

r22% BELSTM and 1D-CNN,
respectivel. I-Score was 0,08, 009 higherthan Bi-LSTM and 001
higher than 1D-CNN. Ours’ FI-Score showed a balanced accuracy,
ot bias, between passing and fdlin, with 0.8 and 0,82, respectively
‘When alldata was learned without job discrimination, the perfor-
mance was higher than that of the job classification. Howeve, it is
had 1o hastly interpret that it s advantageous for new employees
o enter this into the Deep Learning model without distinction of
dutics. There are two main reasons for that. Fist, the number of
Ierningdats decensec s jolbs were divkded.Secon the rato of
been 11

the Dense Layer. Then there was a drop-

prevented overfiting.
“The next two-tier Bi-LSTM connects the last vectors (outputs)
ftheorward LSTM withhe ek ectors (it} of the revre

withont separatiogtcks i ther s ot emcegh dae fo enchtsk
because it is a domain that lacks data
Progrraning ad sies managemcnt sk, which b » bgh

Layer
and Drop out Layer, as in m 1D.Ch. The s o aode it e
Dense Layer after 1D-CN is 128 which is more than the nurber of
Dense Layer nodes in Bi-LSTM. This is because 1D-CNN is more
sl e LT for kg i sincton st

mm han failing, On the other foevy prirestipond

i il A e pass. Therefore, the amount of
learning data (Train Dats) and the ratio of pass and fal can affect

Ater passing
o TDLCNN {coemegory) s she reslbin vecor o SL1TM
(Concate to each other. The connected vectors pass through the
Dense Layer again, as shown in the figure, and finaly theough one
node.
Meanwhil y
g, The enable function i a function that converts the output val
v

The of the u«;- learmiog

. which st learniny, b
the three tasks, showesd relatively similar figures for F1-Score, both
passing and failing. Programming and production management
tasks, where learning data were relatively scarce, show that the
F1-Score of pasing and failing have been learned one way or the
other

anwhllr the Decp Louring modl and prtrstnen method-
oloy have not always shown good perfor-

this paper use hyperbolic tangent ) except for the

mance. S tasks showed 1D-CN with 1.26% higher
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Preprocessin Analyze Generate .| Word2Vec End
tart i 917" morpheme "| Corpus Embedding

[(XFATHM TK2] X 2UHIE (Embedding) £A1%]

« XHNIATNMC B2, U2, RIS NQITH ELZ2XL [ISE S2 HATTIAIZ AIZ6101 25 HNHEHCE

* Okt "EHA 2|2 TNIATMME HEHA THI2 EILI0IZ! (Tokenizing) SHCE.

* E3LH0IE(Tokenizing)E! RFIATHA = XHIATHA ZSXI(Corpus)

* Word2Vec Embedding2 CBOW ECt &50| E22 SAICHHZ 1 THHZ HIS0t= Skip-grom
=100,365TH HEHA (%128 XIH2 2 Embedding / 10 1 0|4 SZITH EHOIZ MITH / Window 311 : 10)
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w2y_model  wy. most_sinilar("S222")

[("CHHLI", 0,8601336479187012),
"(HOHE ', 0.7858796716736383),

"OFH AL, 0.7813066244125366),
'Ot E ", 0.7686976194381714),
"QIEHLl, 0,7564709782600403),
‘DR, 0.7808319616317743),

“Eetr, 0.7803125667572021),
'Blﬂ—xr"d . 0.7484757300238037),
FlFASLICH, 0.7364680171012878),
"EM, 0.734329104423523)]

P i S

w2y _model cwy . most_sinilar(positive=[" 220", 'O0H '], topn=1]

[("Zf0ObAl", 0.7390154600143433)]

w2y _model . wy. nost_similar(positive="=tA, negative="d AL, topn=1)

[('CHEAE", 0.5418267250061035)]

w2y _model cwy. nost_sinilar(positive=["'=Z81", "0t0/HZ="]1, topn=1]

[("BFAl-A", 0.7613238096237183]]

wey_model .wy. most_sinilar("== 324 &

[('java', 0.8812177777290344),

{

('@E ., 0.8749273419380188),
(AR ZE, 0.8630667789077753),
(*AtHt, 0.8379415273666382),

(*2MF AlEF', 0.828315258026123),
('python', 0. 8225173950195312),
AT ERM, 0,82253742842674255),
CEWICIE", 0.8213320374488831),
CESAA . 0.8109732866287231)1]

w2y_model .wv.nost_sinilar("=Z91")

FLIOIEIZS ", 0.5879682898521423),
"=2/00H EI ', 0.5B0830454B26355),
OF¢d =", 0.5790668725867407)]

[("&+H =", 0.6439859867095347),
(oFEE, 0.629976212978363),
(OHE, 0.6285330067144165),
(2HEA, 0.6210668683052063),
(¢4, 0.6134283542633057),
['OFOIHHZ ', 0.6086547374725342),
(*E£EEZ", 0.591521143913268),

( =

{

.

")

"EE2OMAAN T, 0.878530740737918),
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(»T20| 0! SLUS 1IZC=2 A2 0IS= LU0 H2ECH 014X (Outlier)tl & 2rUGH | THZ0ICEH)

o EM =2 SUTHAU0IC AIHAS TET| Slo SLUECH ZI2 EFH2 THIATHA 2EZ0 K2 THE!
[ =

SUURCH Y EH2 ZAU 01 o LUAS ATHITHCE



*Cl
J34Lt #I01A Deto| =
e (CHO DIXIX)

=WSLICH
200 SHUSMR?

SRI= BI0IS20IUALICH
MBS Bu0j2tD 2S

SATHXFIA TN ORLID,
Mmziz terojain o

SABHKI RS XNIAMMIE
ORIGIE MeILILh




oz LT TNIAMME

- BI50)
/ aclils o2t
e
= wemy | SOISC
. BEINIE S o ;
(ET
B0l
zzniE < s

o THIATME 22 242 BI0IE2)(Labeling) 5HI0IE TIIXIR| F2HX AT S0 &
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. DEBA LQOIXHLLIT (PFA)ED Hs HIFIZES HI0IEL (Labeling) SIUS T =2 HATE B!
(BIOES2I0N ALRE! HFIZ2 AS HH 2DAIZ)

« OHE TINIZ0IM =2 FH4HE 22 XIAXIC| XA THAL L2 HLAE HI2 XIYIKIE F=,
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1. EHEOE AT INIATME 282 2 AU

« Elid RE0| 5702 EHHE 28 2 UEE 5712 A(Cell)S FRULL.

* 1D-CNN2 3, 4, 5, 62| A{=(Kernel)0l ZXHHA 374, 470, 570, 67| HSE!
AlIRA (Sequence)2l SAIS FEBHCLH

* Gradient vanishingS 2XI6H1| loi OI=22t0] ATHXOR 2 2HAI9} 82 (Activation
Functions) Ol0ITHEE] EHIE 22 (+anh)Z AFZBHCE.(Xavier Initialization)

* OIXI2 LE& 0~1 AR0IC] US =246111 SIoH AIDR20IE(sigmoid) LLE AIZTHCE

« 2AISAE A2 A HEZRT(Cross-entropy)E AIZLHCL.

Model ’ Our Cell
Dense(1) 1D-CNN Output Bi-LSTM Output
B '
N
S92 Cladul (o]
Dense(32) / ' [x}-l |-¢-1HA'| - ai E m A
\ —_—Tr = o =
Drongit(O.S) / Dropout(0.5) Dropout(0.5) \
D?::::::;; ) D?(?S(?St((?i)i) Dense(128) Dense(64)
x : i i § Forward ouputs  Backward ouputs Concatenate
Concatenate Concatenate Flatten Concatenate i
(1D-CNN Output) (Bi-LSTM Output) 1 (Forward/Backward
e — A LSTM last output) LSTM —» LSTM —» ~ LSTM ——
_ —— ; | Max-Pooling(1) i
. p ’ |
) ) | ) ) Bi-LSTM with 2
Our Our Our Qur Our - T T T
e o L b J } e J L ot 1D-CNN(128) stacked layers *——
) el = kernel(, ,5,6) (256)
i i i § ‘ - v / LSTM —= LSTM — - LSTM —
2nd Answer 4th Answer
(Growth process) (Job experience) - / T T — e — -
1th Answer 3rd Answer 5th Answer Preprocessing Text T T =~
(Motive) (Social activity)  (Aspiration after joining) (TextRank) -x ] }"‘ ‘x“ - X =
2 o n-1




Traditional

Lon ‘ —_—
approach ) Essagy ,
N g e e —
\ L L 4 l
7 . Zero Truncates an essay
) padding | tothe median Z ] Essay of
' = n o ot | | the same
e Essay u . et — length
Preprocessing & | ~—a Shot | — -
Morphological Analysis ‘ Essay
completed | - The sequence number of
e Zero padding to the essay is unified to the
match the essay to median
the median :
Our We get L
0
approach dense essay! v Essrfy =\
™\ i '\ e e N )
- — — v | zeo ) Truncates an essay 7
) v~ | padding to the median i -1 Essay of
Preprocessing & o L % o - ——— | | the same
Morphological Analysis | Essay | Essay — length
completed. > i 4 [ N
= i Sa]  Short
Essay
Every essay has a Extract the s mber e - The seque mber of
different number of of sentences usin 1l Zero padding to the essay =d to the
sequences textrank algorithm 'l match the essay to media:
== - Geniiio median.
* TextRankE RE5H0] ZRE 1t X2 2 MU}
exXTRonNk= = 3 X To= g
*0 |= l:la.ll.l El:-llO' X-IQI-EE LSOl A OlE'- 0 |= '| |'|:||3I-AO| EX| AMEH
[ | o =2=l O™ =2 X2 T M\ o (= - O -

XIgi0i= o 23 o

b |I:I~|2 x-lﬂa'

=0 Mo

D
3=

THACH

BIM S SENAS HITHEH 10Nt ULEN| D20
FI O42ICE M2EA IDIE AICHY HEBIRIM BLIQTH 01X (Noise)E MIHEH| SI6H1 ZQET &2
RHIHBHS k2| HRE &

S eol=EoH

(OFR15FH) IZH
513 BT S [ 22
A QUEM.2

22 XFATMME

————

Vi

(Feature selection)2l E2I2F LAIGHCEH
MEXOI EXI MEH(Feature selection)

O M MO ™



[TextRank 2

B XFIATHA 22F 0lAID

19 Beke] @yl golstBole] SIHoRA FHUET L5 HY st
SEN AR olFol W AYl Agrsk olE 24 MY T A W &

A& FotElol7] Wiel TAUES Hxom <l
Ao O wue fU. Bolelel EAslE FAUES
ARAcy AAYGUT 20 FHUAES] ARHA Foi g

80% ol 4l MBS BEZ URYFUTh o BEE o]F7)

e AkdgUh stas Aol At W AFLH
dgy wYEe s

deast gx  te o

e | Texank [ Tesan -
1 2 [145233 |1 < o mul Yol Sk Fobel 3P o=A...
2 3 125027 |ol& oA uld 74 308 o A% = Foj...

3 5  |L09548 %otz of #917] & FHY E o ¥ E..

4 1 [L4988l |1ehM AR E o AW A <l 3o &

5 8 (093056 [o] B% & o] 9lal Welo] mYH...

6 9 (091456 [sta st % shel Ael b W ARG YE e

7 13 [063766 [ Ast 24 & & weltdl 2 =8 o HARUL

8 11 [084565 [w@ Alxd s = A% sle) e & 29 &

9 10 0.86788 | -LefA] 41=] & Hlg o8 Aut A FHof & f=
062134 _o]&l g et :

11 12 067191 |ehA @ ot7] B e A 7b 93 ohE ofH

12 6 101100 (4 o] A Ag = 749 & 3% 11 A F9..

13 7 098664 [o]MW TAY E we] R B A7 &F 3 +§.

14 4 L2150 [oF o= gul R FA AN FHY £ & oke=

similarity(S,,S,)

[{my|myx €S; & my € 5,}]
log(|S; 1) + log(]S2])

A =2

(1] Mihalceo, R.. & Tarau, P. (2004). Textrank: Bringing order into text. In Proceedings of the 2004 conference on empirical methods in natural language processing
(2] Federico Barrios, Federico LOpez, Luis Argerich, and Rosa Wachenchauzer. (2016). Variations of the similarity function of TextRank for automated summarization,

arXiv:1602.03606 (cs.CL)
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1. HRLOR 240 XNIAHME 22 £ UASW? ans

H

© (HEx A XMICHEXNE S00XI! TN ATMME 2 2= 9 23, MIBEXHt 800X EHIS
STUMN LS01 E ZSRELICE 01 012 2o IH 2Et 11ZE WK HoiXl= 222 DIF
LINE= ZQT S0 XIKIT'CHD & 2 AUCH

(TS 28 &5 Ta) QAT TNIATMME S&oks By 2E2 1,865S5tep £E Loss 1 0.0001 0152 OIXIXIT
XFIATHA 22 StSots El2id 222 Loss 1t HIZ(Epoch)S 25 2U0HE 0.0001 016+2 TOIXIXI LAXCH.

Al Cla|L! DOl MG B} (B AEIY 2AHIgL X0))

Baseline traditional approach our approach

Optimal Point
80.01 7985

0.1

79.22 0.01
79.85
0.001

0.0001

0.00001

Answerl, 5: 11 Answerl, 5: 9 Answerl, 5: 7 Answerl, 5:5
Answer?2, 3, 4 : 15Answer?2, 3, 4: 13Answer2, 3, 4: 11 Answer?2, 3,4 : 9

Number of summary sentence




1. CIHLIOZ QALK ATHAE 228 4 USTH?

*  Train data : 2016H ~ 20184 A TFIATHM / Test data : 20184 61| XFIATHA
*  Ours2 F1-Score & 1 0.8, 0.82 2 8 9l E88!M = THEOR X|KIX| D = AT M2ICE QUL
o ZIQE QNSO 20612 IS LH2ARLCH KAQI2 MY, ZIRE AE612IM SHE TI0IE 27 =EUCH S,
Z9E J20612HA &S GIOIE(Train Data)2l & U ETFHO| HIZ01 1:1 01 OFLITI ZIQACH AUKH, 12401 0! 012! 01=S OHLA!
MUALR01T] THZ20M 2 SEA01 XFIATHAI0 2H E24LEXI Q4=Ct. , ;"_' o='M._ o
« ZRIAMME CIOIENTH £ET OIS (Domain) Q! 22 ElgiLio] SMAN XIQMZ HIOIE Nt Z26HKI $CHH = 4—:' oS=
ZIQE QSSIX| Ok 10| 261 E2 M2 W 4 QUL Li= =T
AL
Table 4: Comparison of Performances = 0 *= .-11!
sl Failr(’(;)e Cisli’cz:s(l) Fail(Olieca;}Lss(l) Fail(s)l)-sc;fss(l) Y =e=Erlot
Bi-LSTM .69 e 76 70 7 i 72.78%
All 1D-CNN T2 .88 .87 75 .79 .81 79.81%
Ours .74 .88 .87 .76 .80 .82 81.03%
Bi-LSTM .69 77 76 70 72 73 72.78% 26.92
Programmingl D-CNN 72 .88 .87 75 79 .81 79.81%
Ours 74 88 87 76 .80 82 81.03% > -
Production B-LSIM 69 7 76 70 72 73 72.78% Q 7363 T
Mamgement o 7o s w76 s w2 siow : . :
Ghen INONN M dh a 68 0 A ek < 7253\,’““
Ours .74 .88 .87 .76 .80 .82 81.03%

Table 2: Dataset Distribution for Training and Test

66.67

Job Description

Training dataset Test dataset Production Sales Management

Programming

Sales Management
Production Management

Programming
Others
Total

management

Failed(0) Passed(1) Failed(0) Passed(1)
852(41.6%)  1,195(58.4%)  93(58.5%)  66(41.5%) POSITION
583(62.3%)  353(37.7%)  66(72.5%)  25(27.5%)
237(45.1%)  288(54.9%)  24(22.6%)  82(77.4%)
3,670(51.1%)  3,506(48.9%)  1,138(52%)  1,052(48%)
5342(50%)  5342(50%)  1,321(51.9%) 1,225(48.1%)




CIS B2y RO Cell2 AU
£3 Cell= Mot oHES EXRI0] UHEIXI S B2 2
KIGST| 7 QI 7 AIRIZE / M2 U 7 10HHIY EFE S0 THE Z22F

AU22 T2’ 0IAUCH

Model t

Dense(1)

.

Dense(32)
Dtopgut(O.S)

Densé(ﬁd) Denée(64)
Dropout(0.5) Dropout(0.5)
3 )

Concatenate
(Bi-LSTM Output)

Concatenate
(1D-CNN Output)
———

’ Our | Qur | Our ’ Our ‘
Cell Cell Cell Cell
T J
- 4 ) 'Y

4th Answer
(Job experience)

Our
Cell
—
.
2nd Answer

(Growth process)
1th Answer 3rd Answer

5th Answer
(Motive) (Social activity)  (Aspiration after join

| EX2101 S=HECH

Remowve answer

Accuracy

CIS 012 A Ol
=S=2 c= T M

All answer

81.03

Most important answer fe 7

Remove Remove
2nd
(Motive) Answer

process)

Remove
3rd
swer

(Social activity)

Remove
4Ath

Answer

experience)

Ct.
2

Remove
Sth

201 2L
T =01
SoiLia!




* XFIATMME Komoran HEHA 2AM7|2 YA F= -)

=> 12X N =) TextRankZ IYE F= -)

AZEI QIS HISAR 29 H0Y -)
SOl BI= 221 7 Al 2215 H|RT UIE 2XI02 BN
« FHZETH100% Sy DA2 J|IIET

Sy = x M0 210l S'CH.

oy = x ZMOIA LORLSE A2 IS 221 X017t 3L
« y=x ZMECORIZEN U= FI/EE

AlHl 2217t 6= 22120 =Lt
* [CI0IE{] FIQEE kIS SHEX= BHO2 DI0| ERVUXIT,
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Ei2iL @MS WL MH 2RSS o
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=R TN kH
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1 ) | . : !
Fail ol XH O (1]}
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2. AFTIATHAIS| 04Tt

HZH 512 e
OS2 4 USTHY
Seigue ous
S2|5HKH

* BaseModel: [3]MalLSTM Elgi! 2
- Test Doto BT : 76%

_ Manhattan distance ARAVOM

a b
[exp (in$7 =11

prssermesrenmser—— T : b
| LSTM,, A [ LsT™, :

P . X7 A7 AM -
; l I l l b I l b l | b l | b)|: <!
[h‘;la) hga) hgaﬂ [h( ) h( ) h( ) h( )] @?R E & (Main sentence

@ 719 E(keywords)

1 ] L :
a a : b b b b)|:

i {mg ﬂ [xga)} [xg )) {x(l ﬂ {xé ) [ :g )) xl(i ) ‘oi*—."T’.'_"EQ‘(Awkwardsentences)
2T ‘]E ........... *{ ........... ? T ? ........... }k ........... ‘]f

He is smart. A truly wise man.

4 28 0] (Context-based stopword)

0 bytes

L FE T L

Two identical recurrent subnetworks with
LSTM units (kind of like Siamese twins)

5D =2

[3] Siamese Recurrent Architectures for Learning Sentence Similarity



OIE S01 'ARIZS' D] HI0IE] 4 Al, GHE! EXE4Q| TNIATMEZF (XIHANE) CI0IEIE RATHCE

HI2ITt XIS, T, XU S Gl HEGHH FETHCL,

* 20 Resume random sentence= 'AIRIZS'S

- 0I= Soll Ei2is 2201 oHE! EFEQ) QDI0I =L £ U

QUM EICH (F=E : 76% -> 84%(8% &)

Sentence 1 Sentence 2 Label
A
JtE R o] A CiB A ™, Hof SHA0| A LBt LAZMSMENA Z 4 Y= xDo MEL AP =
AN SMENH S A= X Do MEL M= | Eol0A MM S0 dH S X[ H. INRu bt b=
50%
(XICIAZS])S AT
. EHH2 TIOI5HD, LIIKI
CONG EH210IM RandomdtHI !
£2i=2Ct,
A
[SECEES o0, (Resume randomsentence) | | O[4E | 133%

50% I 33%

I 33%



* (4] Transformer EncoderS Z!20tEig{L! @

- HEG :74% -) 84%-) 88%(4% LA

@

o Manhattan distance

01Xl

‘l'u_ —lE_

W2

{=if=4 O-l°
oug=

=N?

xxxxxxxxxxx

xxxxxxxxxxxxxxxxxxxxxxxx _/
.

LSTM, /'
s hs).

(@) [.() [, ()
a a a
x T @
. o 1 . 2 g " 3 J
He 1S smart. A truly wise man.

Two identical recurrent subnetworks with
LSTM units (kind of like Siamese twins)

Exp(-Xi=, |sentence 1 vector — sentence 2 verctor|)
L |
i ' i N
Add & Norm ol & bbd
Fead baad
Forward biewnod
| S
Nx | —w{(Add & Norm ) (mon 5 boA Je | W
Multi-Head basH-itluM
Attention noitnattA
) i )
I
LN ’ ’
Positional lsnoitizod
. o & )
Encoding y pniboon3
Input fugnl
Embedding pribbadm3
Inputs 2iugnl
“H2l0| WS’ [ AIE, 2304 SHAOIA ... A2 M SHUSHIH = 4 U= 29|

*&D =2

[4] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz Kaiser, and lllia Polosukhin. 2017. Attention is all you need. In Advances in Neural Information Processing Systems, pages 6000-6010.
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3. [CHrI+C, CHri+V] XFIATHA 01T HI AH2TH?

— H Con
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https://www.youtube.com/watch?v=klUiScycydc

3. [CtrI+C, Ctri+V] ZRIATHA {EHI &E2TH?

« EH20!| XFIATHMOI EFRIAFE0| LSECHR SXNE EIXI

QHELICE ¥, 32X S EFAIGIM BT ALt
GIOIEIZ O1SHI 2+EX1? RFATHAMO ST £ A1 TH2SLICE
&0z PHITHE MO0FEM?

.0 ™

Hl-~l
ou

+ A OF2He

NOHMSLICH

ro

1) TIAIZ0| STT DE 2T 2TI(IYAFY AR U HIEPIA] 2E)
2) ZIAFHS SHEHHXI QI 6111 2IoHA SEH0IA ZIAFE [N

(XEAHZ2CE OHLIZE CHUT DIALGIA AR £ UEE 6H1] Q1)
3) YrEA| XIS TIAL240] U010k 5t SEQXI B2
EFAFZO0] U0 252 SEIXI I0IES
4) *basemodel [5)1D - CNN 2 SH&(H2IE : 88%)
5) BERTQ| Finetunning 6t0{ transfer learning BHUL(TET 1 94%)
6) CI2 £ ZUES SAI0) =612 20| AUCHH SETH TN ATHMS THY
* (EFAFZO0I ZXH) AND (BrEA| XIZGHs 2IAFZO0] 2H0FSH= 2%
= AIX| EAL PoC 21t 100% HEIE HUS.

TRAIN DATA CllAI>
OlA a5l LoFMELICE (0 UreAl XIA6Hs 2IAM201 2H0F)
OIA FZIB SRTUM ZILLLE LUASLICEA - EF 2UALEO0] 2= M

¥ =2

(5] Y. Kim. (2014). Convolutional neural networks for sentence classification. In Proceedings of EMNLP.
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4. 2EF (S H Z=M?

—  Insertion(&!2})

* |nsertion(&t2!), Deletion(2tAl), Substitution(23)2 HIZRS HIAH . Substitution(dF)
Ex) (AR, AI2HH] = BF 22X AtRIE104742] 1 | petetion(atm)

(LI, LHE B 2XHHAKIEI0 Hal 1

[(XF2304, XH211) = Q19| XA 27(0.3). 012 £ £3(0.3)%I01 1121 0.6 04 o ® 3 =
+ DTCH [KIRA0IHRIR]D (KHIIERIRIANIS) HRK=? 0+ 1 2345

Y

-> [1,1)2 (X XH 2] TS0 022 X7|2HeHCH(CHE2D 1) 2 1 03 13 23 33 43
-> (1.5 /H14 S0 M2t 2 2R RSN ThE0 14 TRt
-> (2,112 (X4, XH1H B 2K XTHEIQ47) THE0H 101CH 2 13 03 13 23 33
-) [2,2)2 (X4, KH04)21 EA0| CH21| THE0H 0.334(2:0.3)0IC "
-) [2,3)2 [XH24, XH0404])= (0412 [©112) EA0] CI2D, T 2K} 5 235 13 /06|16 26
Z71£1247) THE0H 1.301CH
-) QI9} U2 HIAIOR IEIAS HAISHT} el 4 33 23 16 06 16
- b o 10 X2

> (6,612 2 1.601 [KIS10{K2IZH 2 (KHO{04RI2I= ]2l H2I0ICH s 5 | 43| 33| 26| 16 | 16

*&3
(2018) https://lovit.github.io/nlp/2018/08/28/levenshtein_hangle/



4, QEF T H RSN

 QFE} 1A 'i'k'g(simple version)

OlIA "’é*
[(A20IM EUH2 MUE BUSLICH) A20M SN2 AINE BRSLICH

| Start I =l End

(ML) => [AIY)

(0IA]) (EU2)| (2] (BRELICH (2] - ARRFE

. ZIEF 42| €H01 &
RANATM k2| AFS0 U= £H04 o OIV .:301' M’.‘."i =1}
21U ENHS NS BLHALIC y *00V(Out Of {Iocobulor‘y)

es
2] | (M)
" Beh = No [AFEOIM ZIEt Ha)
SIEHA 2! = AFS0H | ey
EXHsH=XI 2!
d2) (0IM] [EH=2) *Big-0 : O(SIBHAI U WENA T4 x AFH 2)

(M) (2] [(RRAELICH *Big-0 : O(ZELA TH4)
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