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ABSTRACT

The recurrent neural network (RNN) is a deep learning model which is suitable to sequential or
length-variable data. The Long Short-Term Memory (LSTM) mitigates the vanishing gradient problem of RNNs
so that LSTM can maintain the long-term dependency among the constituents of the given input sequence. In
this paper, we propose a LSTM based language model which can predict following words of a given incomplete
sentence to generate a complete sentence. To evaluate our method, we trained our model using multiple Korean
corpora then generated the incomplete part of Korean sentences. The result shows that our language model was
able to generate the fluent Korean sentences. We also show that the word based model generated better

sentences compared to the other settings.

I.M 2 oA ZHidden Layen)©Z TAE  QlFAIHW

(Artificial Neural Network)S <53}l o]8-51= 1}

< 7|1A18<7(Machine Learning) <17 ¥ -84 1] © 24, GPU(Graphics Processing Unit)2} 22 12
b UE HUEE AR Y eldeep A AN SEdlele] w2 Fat olels] 574
Learning)®| AEA 5w gick | 242 ol 3 FAle ofg] Folel|A] 7|E FAISRE 7S Hol

# P QAT 20169 FrgE1 S kel ©lsjo] A|9S o} aEglgvh

¢ First Author : Automation and Systems Research Institute (ASRI), Department of Electrical and Computer Engineering, Seoul
National University, ad26kr@snu.ac.kr, SH33]<]

°  Corresponding Author : Automation and Systems Research Institute (ASRI), Department of Electrical and Computer Engineering,
Seoul National University, kjung@snu.ac.kr, %3]

* Department of Electrical and Computer Engineering, Seoul National University, wangcho2k@snu.ac.kr

** Department of Electrical and Computer Engineering, Seoul National University, zd9370@snu.ac.kr
= E D KICS2015-12-388, Received December 10, 2015; Revised April 6, 2016; Accepted May 23, 2016

592

www.dbpia.co.kr



T ek | ede A
ololla] Fa] A7)
dolE] 14} ok EEolw, Wrsol, ¥
/H Y| E$] = (Wireless Sensor Network)5-2
o= FHE & wA A8E 2 glck

9 29 71 F R S At &Esi o
FoIx|z 9= FA17d"H(Recurrent  Neural
Network; RNN)-2 A A|7F ©HA|(Time Step)d] &
A el(Hidden State)o} & A7t whA|S] Al~E] /1%
e AzE o9 AUE AR ) Aeale T
% Ex0] ole}. SAT RNNS| 71549] S8kt
Shragold Q143 QJegte] dolt Seldel we
g Ang Wl He ] oued
(Vanishing Gradient Problem”” & <13} $-849l =
HollA] ol A2 Holx] E3) Op}’ s A2
A7 kgt 7Ee] A RA] theksl ok
o de] A-8x]7] Al=tglck 53] LSTM(Long-Short
Term Memory)-RNN'® 2] 7% RNN¢] 724 714
< B3] & 58S T4 3RAA dEH o) Ao
720 St dlolElr} AT Sl A Q24 S
o ot 3 ol b A s o

O oL,

s

N

O

8

e

=

o

l"z rl‘N o
_lﬁ N
)
£

ED‘ 0{1

i

o I T
Iy
>
X

—

X

J

o [
r}_

(o3
—n—‘

2| Fol& Z1A], 5.3 ?ﬂxﬂ /‘lﬂ 474]-4 74&
v RS Q1A AR & gl7] wiEel] 71 *17}
el vhehe 912 dlolele] ©24L 7128 RNN
ek ek oo Sk o] Fhsoiek 29
7] ol LSTMS] - Zol7} 71 12 elolel e A
Sohe AAJelA 71 RNNAEF T 458 alch
B T4 LSTMell 7|4k gato] olo] ml
(Language Model)s 3 E3H53t gl=to] +4 &
< o7t FolHE W o]ofAls wAS AFsoE A
J3t 4= 9l Ak Aﬂk] /K]/\E‘J T 6‘_}1:]. olo] »
18- of2] 7He] EAG 2t 3e sl dofe] e
Z](Corpus) HIo|E1E- Ss5aled, G141 whol] ufjedo]
sljtd <defell glefa] drht Q17| oo} FARREA]
#8939l FF myolrt o] &N, X3}
g syl fﬂﬂ?ﬂ ] Ufﬂiﬂlﬁb e A
= 2E s By
olt}. LSTM 7]um 0401'”4' TH oolo] &
A& gEol| 7|ukel Unigram <1e1E® % N-gram
Qo] malnchs FelA ek wo] 1ke] 42
ol g e} mRew S @ 4 ek o2
53l oo muls nlelo g FAlo] olR) FFolx
S o) Fe] i) ol Eg AR e 22 Y A
Aok T A Gl Fase, & Eed

>
o

@,

A D A AEE 9o e %a °ﬁL
55 AT Alo|a, 3abdlis e ek
1=

29AIZ2] A A (Recurrent Connectioin)T-
27 Qlsle] RNNLS 24 Q1AM 3714 q1A1B A~
A QA 3k g2o] Akl whek Q144 7P Bl
B 5& Zolr} /el dolElE s U Ealshe
Zeftel] M gsit Blae gl o‘iwu:a Ao} whod
o] Ageom pAEe] 7] wiitell ASAS =
dleJel = o7} 7hss}n, E%‘éi—e* 15}]5}7%‘% B
SHe wRHIAY aelEE s Qs gick

RNNE XLQ./K]Z_ 1:].]_\724 ‘ﬂ‘?’

il

= |
12
2 °
£ 30
o{rﬂ-ﬁ
L
*Lm
4
BN o o
& o o 2
cEea
)
_%\".,>~_a.4r100{)4
Eh@ﬁ
r%(r)uﬁri}m
- rr
vl
RO

.

;
Ju

Hir

o rﬁ rlo
N
ri
e
-
o
2
fr
M
2
<
Mo
o3
2
<

i

ol
vy
T H

>

25
2
o
== m:lru u
g o
g_
i
>
;5
Z
03
§
o
it
o
N
fru
>

3 i

o 11 Qg ol & 7}—4 &Il & s}
A Fahs dAIRS 7RI

o] melE wholE FEIPHA ke AR
2ol ARSE 4= Qlo) AR EAZHE 7 A Y
(Statistical Machine Translation; SMT)ell4+& &3]
doj(HdFE o R 2= glofyof Bt FAS XS
7] 95 B4 o] wEXE F2E 9o mde 4}
b, 4 A2kl AT o ool <
o] RS F3l 54 YHol = Al B
AR, wala o] E 2Rglelladis olo] mele]

| A Al2='le] Aol 2 d8ke 7|Hc) o]e}
ds FAZA 5414 AT HolellA RNN 7|k

-

[ d

tlo

o,

593

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences ’16-05 Vol.41 No.05

2 1. RNN9 7% Fx
Fig. 1. Structure of vanilla RNN
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II. Recurrent Neural Networks
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Table 1. Model Settings
Data Bible News
Sentences 22964 97123

morphe | charact morphe | charact

Preprocess | word word

me er me er
Vocabulary | 28132 | 17129 | 1246 | 45085 | 19857 | 2203
Embedding
i 500/1000 1000
Size
Hidden Size 100
Hidden stack 3
mini-Batch 400

Max sentence

30‘50‘100 30‘50‘100
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Table 3. Sentence generation result using News data
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5. AEYS 5 =2 A4 2
Table 5. Sentence generation using sampling
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Table 6. Comparison between N-gram, vanilla RNN,
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