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o} drf} FARIAE FEZCE R B
d2A FAUA T dojHe] FofollA 23]
ATHI At 53] JIFA T HEdol
HEA g8d ¢agss 76k
o] = (neural language model)
3 Ytk Adojrde) 52 84
(Rissanen and Langdon, 1979)°]u} Z-<}
g HFE E8E AT oAl (Ward et
al,, 2000) 5ol AFH o2 AL 5 Y& ¥ o}
Uzt Bop ZEAHOZE Ik A A &3t
= olFlE AR Foh= Aol A(Hutter, 2006)

As@ NzHe FAshe T2 AR oA
%l

F&E0ky It Ahn, 2016; Kim et al., 2016; Lee
et al., 2016). L 5 3 4<l =847 Wh(recurrent

=]
29 £o VWAL AL HolHE sl
71o Agste] Ao mdlle] &ks] A-8Ea 9]
THGers and Schmidhuber, 2001; Mikolov et al.,
2010; Sundermeyer et al., 2012). 2] Z& oA
g W] A¥EE AHEO wele ol #HE
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(Figure 1) Recurrent neural network (Olah, 2015)
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(Figure 2) Long Short-Term Memory network (Olah, 2015)
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3.2 Long short-term memory (LSTM)

oA 71=3F RNNO| £A13S afdstr] 9
& el WHoE  ARME LSTM 2P
(Hochreiter and Schmidhuber, 1997)2 RNN2| &
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Gradient descent ¥iL2]5(Cauchy, 1847)< 2]
(Dol £3H B&37t 7P wEA Zashe
Wl —Ve/(0) WFOE S5E ¢ THEY o
TS B 0 — 60— €-VyJ(0) o Fe)

H-&-8r9] HAgs ok Wolth 4
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diglE Houe ol
stochastic gradient descent ¢ilg]&o] T2 A&

H},

gradient descent

® Stochastic gradient descent

Stochastic gradient descent(SGD) ¥ilg]&H
gradient F<7} 7]t gkoleh= © 2t sk EE
BZAE ARS8 71 ghe AlRkskAl i v
GAA T2 2 AdgE AF dHelEe FE
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e g9 FZAE gradient I #= AlASIE
2 7)1 gradient descent EilE]Fol HIF &%
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#(local minimum)S.2 $8o] 7}t
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® RMSprop

RMSprop(Hinton et al., 2012)< &E5o] o}jd
(non-convex) H|-&3roA O Z A5 =
E M Ao 2 o] ©A gradient A
HES ATHOE ZHashe 7HSA R o] sH A

< F3tod o] Fe Aol vl =S <
E< A4S Adagrad= 3AY EE gradient
#= AH&ske dl Hls RMSprope 29 #=
of B2 7teAE Fo] Aks sh7] "ol vl
o] EET FES Fe Sole wmEA 4
sk ZaFol Aot

® Adadelta

Adadelta(Zeiler, 2012) €38]&2 adagrad®l
o2 BE HA gradient 342 AlFH o] of
Uet 185" F3tel sidste AARERRS A
&3t AFB S FHskar o] ge] Aol vt
HlE] StE 5 St5ES ALt o] Wi sk
Eoll g =71%ks AT Bt ke A%

ot

® Adam

Adam(Kingma and Ba, 2014)2 5&< 7|4
3}7] $13F RMSprop} gradient #t= Al4Hehe %
WS AAEH] 93 momentum € EESL A%

e o]t} Momentum(Polyak, 1964)2 X<
7VeAE AHESE A
gradlent s AHE3HY SGDY

259 Vo/(0)E tiAIst= Wiolth Adam
‘?:_LI’_E] Foll A gradient~= momentum¥} Z°] °]Z
gradient®] o] EH T O E, FFE-S RMSprop2t
R FA| &2 gradient Al5e] o]-s ol W]
st=% AAET o] dagEE dRkFoR
hyperparameter2] A€ol & T3tcta 44
A THGoodfellow et al., 2016).

[o ot

LU

ZrastE

hsol ol EHT

e Adamax

Adamax= Adam LI ZoA THES L2
ae

oo} kel ol AL Ao
oo Q1 7%, & gradient A7t FHozkol
4 =S AAHAS O GueFo| et
A P o)gtal &# A 9 tHKingma and Ba,
2014) o] 48 ARl Loos AT ST €L

=S Adamax@t1 ¥AE=T

® Nadam

Nadam(Dozat, 2015) *¥H-2 adam 3 7]
gradient 447 SFES I A= HHOE
adam©| gradient 42 93] momentum &3]
T2 A83% A7 L] Nesterov’s accelerated
gradient *'H-& A28} Nesterov’s accelerated
gradient &1 2] &2 gradient A4k o] H ol RFE
JUlo|E AZOo 2N T U2 WEFow dare
& PN
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4, 32 T ZEEE By oz A AN 94Y g & SaF
one-hot vector® &3 & LSTM AlTEE 74
2 =fdAe Bddd 24 54 99 H mdo gt g5s Bl AR 4 &
Eafate] dEste] FHol & 45 d5ske Zof &l B FES ALt M w2 EF
Ao ® FAS Adshe RS 75t A < 7THE 4% s ST o] AAHE AL
A HlolE 4o 4S54 B9 EAR £ Ao AAG euE Bt dste 4ol
st A3 BAER o] FoX ARE F53} R i =
a, n MY FAZ o]FZ WY ¢ = (c1, e ...y 54 B9 B mye T, FelA o
a)'E dEAE o AR 2 A7 epn ©] e A B mlE] ARHe =]
g &S Akt 7P 8ol 52 AE F (vocabulary size)7} @A3] Hof ALHe] @&
k=g Agste] WE7E zZe @& AYstAY
Figure 3-2 WAl 2448 A2 A4S 1 embedding layerE AH&-3h= 59 A4S Ay
do2 e ok B9 e 24U Ue vt gla A9 B840l dolAl= &34
StuoE JHPLE ALESHHE o]E 4TS 7F ok W Fde dolo #4E A
2 Eeq ‘v be—w shanwodrek 2 g8 o B2 9@AE Aok SER LSTM
o] T3} A3 dlolElol £FH FA4=9 memory cell 72E &3l 7] 7]9-& Zdo 5k

‘L Stmof

A L C 2 m] S A H H 1l k| -
OQutput
05 0ol C.ao 0.04 al 0.04 0.06 2.0 Q0L Q.02 0oL 003
LSTM layers [ |
Preprocessing L}t |—]|L sl bl jw|lolA
Input arLl_E ﬁl_ﬂoﬂ ar

(Figure 3) Example of sentence generation process
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oL
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‘% o] Atk
21 (Dol - H cross entropy HI-8-4k
& AgBT ol A 2O AoHE
perplexityS AR&-3HT}. Perplexity= o|&9] HWRE
Ao U3k A ZEE2A] gho] 2 £2 s EAE
dSshed oM w8 FES 7 Sds
A AFsh= AL vt

5. &g

ot

o A HolElE §4 B2 BT 24
BHE AH AL, B8, 27, BE, GLE Fo|
PR WA BAZ olFolR HolEE 75

ST AgH 20719 4R o]

oJElsh Solo] ot 21MA] LA o]FolH
=9 HolHE Z 1,023,411719]

—EE— T3 o) F 70:15:159] Bl &R
validation, test set>Z Ut EZE A3
Intel Xeon CPU 17](16 Z})2} NVIDIA GeForce
GTX 1080 GPU 1717} #zkd PCollA|
Theano(Theano Development Team, 2016)5 ¥ 1
=2 A3 Keras(Chollet, 2015) H 71 A&
g-gate] P 2L 7 dolH & Ao
10071 2] epochE 50071 2] batch sizeE AF8-3}o]
k5501 validation loss ol O o4 74
32 %@+ epoch FollA T5& HFIATH HF

training,

epoch <7 Table 13} 20 YERY AT} A &
Mgk The AR & HA3 d1gEs AHS
stod 7+ 3719} 471 9] LSTM layers >33 23
S 53kATE ZF LSTM layers= 51270 2] output
unit® 2 3SRl FAFS WAs] Sl
(Srivastava et al., 2014) ©l] A oA 40%<] unit
S A9 Z dropout 3T

5.1 Validation loss@} perplexity

T R R e HAE dadFol g
validation loss@t¥} perplexity”} L EAEOE %
d= o] Table 13} Table 20 F=Ho| <)

H O_A_. l‘°"

(Table 1) Simulation statistics for the model
with 3 LSTM layers

Optimizer ’\é%@éhgf Loss | Perplexity (inTriwn(;Srs)

nadam 31 1.06 2.88 2.34
adam 20 1.07 292 1.67
adamax 20 1.08 2.95 1.48
rmsprop 22 1.09 2.97 1.85
adadelta 39 1.13 3.10 3.13
adagrad 99* 1.14 3.12 7.65
sgd 99%* 1.96 7.10 8.03

*: optimal validation loss is not attained within 100 epochs

(Table 2) Simulation statistics for the model
with 4 LSTM layers

Optimizer '\éggqc'hgf Loss | Perplexity (inngSrs)
adam 30 1.07 291 3.05
nadam 57 1.07 291 5.78
adamax 27 1.08 2.93 2.75

rmsprop 34 1.09 2.98 3.81
adadelta 45 1.13 3.08 441
adagrad 74 1.13 3.08 7.54

sgd 99* 2.08 8.03 9.65

*: optimal validation loss is not attained within 100 epochs
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Figure 4%} Figure 5& °©1& I X2 H|w3l1L
. Figure 45 2 SGD WHS |93 U
A HA3 dugFES HAE YT loss #F
< 7 AL HolH SGD €agF2 tE
duglEEel sl FA3s] 2 loss 42 7=
AL LUtk 5310 — 0 — €-VyJ(0) 9

g

A3} AN A SHFE(e )T MAET] B
Vo/(0)2] AXS A AT &

nadam, adam, adamax’} & E oA 25 4
(i

(M
AC)

Ao £ %S Jehith SGD ¢
A& o layer 470 & AHESF 2 & O] layer 37

AH83 23 H T} 6 £ validation loss 3FS 712

o

Validation Loss

250
2.00

150

1.00
05 I
Q.00

adamax

(=]

nadam adam

rmsprop adadelta adagrad sgd

3 Layers M4 Layers

(Figure 4) Loss calculated for validation set

Perplexity

0.00

nadam adam adamax

rmsprop adadelta adagrad sgd

3 Layers M4 Layers

(Figure 5) Perplexity calculated for test set
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cio) LSTM gloj=g ol88 23 MY

t}. Table 32 layer/} 470 28-S AL o
layer’} 37 RE& A}%E% wjoll mlsl ARz
7h AR d % Tt F2 AAPEA UE

Wt} SGDE 21]945_ Uz A3t daelES
HslEFo] 1% Wl ZA F 2F 3te] Aol7} A
o] o} SGD g F< A8 6.2% 7+
loss7b E7Fshe= A& & & Aok
o Zo] B4 fﬂﬁl A EQ1 perplexity S
test set= A&l A4k A 3}= validation loss2t
Hls=3k 'S HQlth Figure 55 RW SGDE
A&7 Y A Ldare]EE-2 HIS3 perplexity#k
< 0|3l Table 35 EH layer 37) 237} layer
471 B3 ke Zolzt 1% W ¥olth. sFA|NE
SGD ¢1E]Fe v dudFEd Hgl &
3] & BERAEE Holal o] layer 47 Z¥ & AF
3o 13.1% 7+ S7hshHe A o2 Bl o
B3l 4718 LSTM layerE X3He =do] 7}
3ol #FAgS THAA 9_’3] =&
validation loss®} perplexityS 7}4 -2 2 A
T AU

of
o

™, ﬂllﬂl oko

(Table 3) Comparison of 4 LSTM-layer
model vs, 3 LSTM-layer model, (% of

increment)

Optimizer Loss Perplexity Time
nadam 1.1 1.0 146.7
adam -0.4 -04 83.0
adamax -0.5 -0.6 85.6
rmsprop 0.0 0.4 105.6
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Abstract

Korean Sentence Generation Using
Phoneme-Level LSTM Language Model

SungMahn Ahn* - Yeojin Chung** - Jagjoon Lee*** - Jiheon Yang****

Language models were originally developed for speech recognition and language processing. Using
a set of example sentences, a language model predicts the next word or character based on sequential input
data. N-gram models have been widely used but this model cannot model the correlation between the input
units efficiently since it is a probabilistic model which are based on the frequency of each unit in the
training set. Recently, as the deep learning algorithm has been developed, a recurrent neural network (RNN)
model and a long short-term memory (LSTM) model have been widely used for the neural language model
(Ahn, 2016; Kim et al., 2016; Lee et al., 2016). These models can reflect dependency between the objects
that are entered sequentially into the model (Gers and Schmidhuber, 2001; Mikolov et al., 2010;
Sundermeyer et al., 2012). In order to learning the neural language model, texts need to be decomposed
into words or morphemes. Since, however, a training set of sentences includes a huge number of words
or morphemes in general, the size of dictionary is very large and so it increases model complexity. In
addition, word-level or morpheme-level models are able to generate vocabularies only which are contained
in the training set. Furthermore, with highly morphological languages such as Turkish, Hungarian, Russian,
Finnish or Korean, morpheme analyzers have more chance to cause errors in decomposition process
(Lankinen et al., 2016).

Therefore, this paper proposes a phoneme-level language model for Korean language based on LSTM
models. A phoneme such as a vowel or a consonant is the smallest unit that comprises Korean texts. We
construct the language model using three or four LSTM layers. Each model was trained using Stochastic
Gradient Algorithm and more advanced optimization algorithms such as Adagrad, RMSprop, Adadelta,

Adam, Adamax, and Nadam. Simulation study was done with Old Testament texts using a deep learning
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** Corresponding Author: Yeojin Chung
School of Business Administration, Kookmin University
77 Jungrungro, Sungbukku, Seoul 02707, Korea
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package Keras based the Theano. After pre-processing the texts, the dataset included 74 of unique
characters including vowels, consonants, and punctuation marks. Then we constructed an input vector with
20 consecutive characters and an output with a following 21st character. Finally, total 1,023,411 sets of
input-output vectors were included in the dataset and we divided them into training, validation, testsets with
proportion 70:15:15. All the simulation were conducted on a system equipped with an Intel Xeon CPU
(16 cores) and a NVIDIA GeForce GTX 1080 GPU.

We compared the loss function evaluated for the validation set, the perplexity evaluated for the test
set, and the time to be taken for training each model. As a result, all the optimization algorithms but the
stochastic gradient algorithm showed similar validation loss and perplexity, which are clearly superior to
those of the stochastic gradient algorithm. The stochastic gradient algorithm took the longest time to be
trained for both 3- and 4-LSTM models. On average, the 4-LSTM layer model took 69% longer training
time than the 3-LSTM layer model. However, the validation loss and perplexity were not improved
significantly or became even worse for specific conditions. On the other hand, when comparing the
automatically generated sentences, the 4-LSTM layer model tended to generate the sentences which are
closer to the natural language than the 3-LSTM model. Although there were slight differences in the
completeness of the generated sentences between the models, the sentence generation performance was quite
satisfactory in any simulation conditions: they generated only legitimate Korean letters and the use of
postposition and the conjugation of verbs were almost perfect in the sense of grammar. The results of this
study are expected to be widely used for the processing of Korean language in the field of language

processing and speech recognition, which are the basis of artificial intelligence systems.

Key Words : Language model, Recurrent neural network, Long short-term memory model, Sentence

generation model
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