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Detecting Firors in Korean Corpus Based on GMM

Choi, Min Seok

Department of Computer Engineering

Graduate School of Korea Maritime and Ocean University

Abstract

In computational linguistics, a corpus is a large and structured set of
language samples collected from real world text for a specific purpose. There
are be various types of errors in the corpus because most corpus are built
manually and/or semi-automatically and the errors are caused by human
intervention. Such errors make corpus-based learning systems worse in
performance. Many studies have therefore been conducted to detect and
correct such errors in various ways and most studies have been done from
pre-built corpus. Human intervention is, however, still required. In addition,
error correction is not only very tedious as well as laborious and

cost-expensive.

In this paper, we propose a method for detecting corpus errors using
GMM clustering algorithm. The purpose of this paper to detect errors under
the small size of corpus. That is, the proposed method can be used in
developing corpus by integrating into annotation tools. The proposed method
consists of three steps. The first step is to make word embedding vectors of

some error-prone context. The second step is to reduce the dimension of the

_Vi_
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vectors because clustering with a large dimension of vectors is
time-consuming. The third step is to group the reduced vectors and to detect

outliers as errors.

For experiments, we have used two kinds of corpora: Korean dependency
corpus and Korean semantic role labelling (SRL) corpus of which each one
comprises only 1000 sentences. Our results show that the proposed method
can serve as a error detector in early stage of corpus development. Our best
results achieve recall of 65.15% for Korean dependency corpus and recall of
69.46% for Korean SRL corpus.

In the future, we will do research on representing features for detecting
errors and also on correcting errors as well as detecting errors. Motivated by
the proposed method, we will start to investigate error detection in case that

there is a large tagged corpus.

KEY WORDS: GMM, clustering, error detection, dependency parsing corpus,

semantic corpus
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2002). Al WA 7182 A4S DX H(dense) TN, L7 THiFSH(sparse)
TR0 &ath= o thHe e al, 2003). 919 2ol #Ha Auk oF
A= 2t 7H el wEtd L/ E ek

e FE Y eFE PAY 5o WPF A=F Folokdth R ]
we nA9 dolHES Asty] EAW, RE HolHEY Y EAS
8T A} oY@ WAL YAATE Q¥ FAW AEHE NN 7]
wlolu Z3} el e AHgshE Zlo] o EgHolth shAW NN
kol £33 Jwe e HoHE GRE o EF slwng
YETE Bl EAT

<o o] EAE Hgstr] sl i}%i ShE ]%?6*E} Figure 2.1
k-means w3 2F B oAF vEhdo 73 vl e AEsE L{FE
Akt

cluster?
Fy .
cluster3
O
clusterl ® o
PY . = o
@ @® @)
&
9

Figure 2.1 An example of anomaly detection with k-means clustering.
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22 GMM &18g3

T3 HolHE o2 HFe oHs e e onIn. oHEe
A=kl 3k WRioln HolE 45 97 B2 EokilA AREHE
WHoltt o3 EH3E FHsH HId £4 F EAHS JHA= Hlo]
H 248 54 IF22 £7% o Atk Figure 225 THo] 270 &

gke] & yein.

A AX ¢

x A :@Ax,.st *

mEy & Y
%AxXXAX XA ‘ ﬁ 7 B A : &
A AxA % AAAA xXX

¢

E

Y, FRRE NASGEY § TR BE A& S 4G €
A7} BasA gk olbd SAe Agel 4 AW EAZ FHd o}
st Aol Mastd E&H vl§ aol Aotk wur ope} @
o AY wolEIt #ol7] M 27 VEAE FFY wol= F83Th

=
gz #Xs due|FO 2= K-Means Clustering(Hartigan & Wong,
1979), Mean-Shift Clustering(Comaniciu & Meer, 2002),
DBSCAN(Density-Based Spatial Clustering of Applications with Noise)(Ester
et al., 1996), GMM(Stan & Anil, 2009) 5°] Ut} & =FoA= o8 7}
2 238 s T GMMe ©] &3t

GMMS Ex3 deo &85 EXE Figure 233 Zo] wle 7F$-Al¢h
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Figure 2.3 An example of a Gaussian mixture with three categories of

Gaussian distributions.
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Slogp(x)
5/%

=0

N
Zﬂ-ik(xz 1) =0
=1 . ~
My = Wki;mm (2.8)
»
]Vk:’;ﬂ-zk
p Ol &3be dolele] Fob v oJuE Rt F 4 E & 87
&3 dolde AT Faw %u}% v g Jepdn. shastAe =
GEREITE 52 vEst Adstd 4 29% FEn
Slogp(x) g
0%,
L (2.9)

Ek:Wk_ (2 /lk)(l’z'*ﬂk)T

npr|eto 2 2 I.GERITFE 2 VRS AAbstoor st=dH, o=
R Aolnm #7442 Alofe] AW, webA oleld Aoke Fr)
st 219 5% (Lagrange multiplier method)S AF&3te] A} gkt
AokE F7IHg 212 24 210002 BoHIal, o] A& mEsl 0°] He
e zom 2 21)E A Hoh

logp(z)+ A Zﬂk_l (2.10)

«
logp(z) +A(D m,—1)

=1
T, (2.11)
N,
N

T

2] (2.8), (2.9), 2.11)S 25 2AREGE FJ&FS 1] wEo] AH3
A 1

(closed-form) S 7}A A ZE3ich wetA S 7317 935
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21 2] EM(Expectation Maximization) &18] &S AE3te] FSth. EM €3
p

gE2 2RSS ES FASI= E A B4E FAHS = M GAR o] F
oA o]E Wzol FASIY AT E Zol= WHolt E YA EF
} AT HAS o8 WPos 2ARHES FROT

(Tt 3) = g
M S 2ARsEo] FASGL YL ol B ASse] B4R 4
St

Tip = (Tt 53
2o F HAE WMESH 2yt ARG ES HRAHOZE A I E
72 4 A

23 AY =4

we oke] ARE Eedse HolHE Waol A5} oA, o
olele] xAe] =77k AxA Ak vlolee] o] AW ABHOE

HolEHE Aalst=d & B3yt Z71skA ®h o83 AALE Rals=
ko]l AdFR Jetgrdor solvet o3 S A AF

(curse of dimensionality)etal o} o] # 3 el AFE Fstr] Al =k
A F4E o] &3t AW F4ve oY A R EC] dTEHIL AT

=
A & A ©(feature selection), 57 FZ(feature extraction), X35 7|

4 ddo Bae RE 539 RE JTe AdsAY, BB 5
e AAs 4 54 A% wEE Aot odF B4 Hde A

selection methods)S AH&3t7]% oh AE 5 e g2
EAES AN F, A Idste oy &Y 54 Mg o
A

agEe] Aot 54 MY 7| S Lasso(Tibshirani,  1996),
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SPEC(Zhao & Liu, 2007), Fisher Score(Duda e al., 2012) 5°] At}

54 F=2 54 A" 24 dE EAEY 2FoE AEE 54
2 el aae] d7 5 33E AR
Mz 54 ez FIANAH. AF5A 748 54 302 25 d&
A 3] Ay == vAdE ZAgolth(Jundong et al., 2016). AF W
o = Linear Discriminant Analysis(Scholkopft & Mullert, 1999), Principle
Component  Analysis(Jolliffe, 2002) S°] 3 HAEYE WHo=
ISOMAP(Tenenbaum et al., 2000), Locally Linear Embedding(Roweis & Saul,
2000)5°] At

flo
o,
o
ol
ol
rir
N
o
g
oft

Gl
49 gOE IdgsiHe = 1%] < (input layer)oi 0i7L Qe =¥
Z(output layer) 2.2 Z¥E A7} Hg FASIES TFdte Aol A

71553} 7] o] th(Baldi, 2012).

< 4] 9 dFolt. FEEAS st WHE AR wE ZA
T o|& FZ=E4(dependency parsing)¥ T -4 (constituency parsing)
o2 vdo

olE FxEAHoT TAES olFE A ofHd W Aujiet oELE
A2sta Fo & #AE Fetet= W olth(Lim, 2015). & FZEA
< ©of o oE AR £RY FxE A4 F Qo 24 74
Aol AgFHAY EAFH = EXo] Jhedith mEtA Aoy EAA
At EX7F HIHE o] FEEA AR ®ol dTFHI dvkeld
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A, 2015; Y&, 2017; HEA & ©]FF. 2019).

o] UD(Universal Dependency)®] CoNLL-U(Zeman, 2017) 2] & @o
gTh UDE dolo T/ FHgle]l 5ddE FHS vEoRE oEF=
TSRS TF3H] %f‘& 71Ee Ttk oE TR UEXdd HEH=
UD®9] CoNLL-U ¥4 Figure 2.43% Zo] 107198 €2 FAEY. o] F

A(HEAD €)& 3ld FORMS Auj4 IDE, 8E(DEPREL ¥)& FORMO]
7HA & Aujiete] ofE #AAE FEAIGTH HEAD 29 kol 0¥ A5, ©l

= rootE AHjAE 7}HE =3

Table 2.1 An example of a sentence in Korean dependency corpus.

ID FORM LEMMA | UPOS XPOS FEATS | HEAD | DEPREL | DEPS | MISC
1 | Z2lAElO 2 | Z3lAE! ©2 | NOUN NNG+JKB - 2 obl
2 2= S L VERB VV+ETM - 3 acl
3 | AH[EZIE | AMMIEZ| & | NOUN NNG+JX - 5 nsubj
4| FYH0 & 0| | NOUN NNH+JKS - 5 nsubj
5 | CHE20ICt. |CHEE Ol Ct.| ADJ |NNG+VCP+EF+SF| - 0 root
- ’|2 -
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2.5 gr=ro] oujy TF-X]

198 Asolo o &= B Ao g HAS 9w
q&E YetgiH Asolo] o35 ZleHe WATE =3 (argument)©] 2F L
ST, 2015). oHlge B Fx27F AR =32 HbAA &
7] wiEel <ou Eae] HFag HRE AFIATh gu|yg A%

Role Labeling, SRL)o|&, &42] A&
AE ARt AL vt ofnY %4101]/‘1 =39 A2 A&
ojulof uwie} AAHT ZH7te] A &ole
go] HaAUt olHg &S AT slo] AE Aot

Lo
=

2
o
(i
oot
|t
S
>
o
=2
Y
oo
r-?ﬁ O_l_.
L &
o B
—_— oo
=3
o

r
el
ofo
_V\_l‘
f
o
2
k)
I
>
ofo
i)
rlr
(i

oud LFANE FEH3E WHS dutdoz AE Abd 7wk &S
& 539, 2016)Y WA 9wy DdE X 7Rl 9, 20000 T
WHor Atk AE AP Zivke] whHe d¥d EA49 AL Abol
FAIEE Atste] ofmd S AA G ol WHL wmE L£xot 2
AgEolgts Aol AR, AE AHS FFdhe Aol ofHa 4E A
Ao EABHA v AL AMgsA XIdohe dHol Utk ove TEA
o 7I¥kE & WL gule TR VAStES A 85t ou|gs A
Aate otk AE AR vls gA A&  Adtke AHol AA
g Uy A E T ool Avke Gl Ak T 9,
2007)

AL AP 7o Wy o e ke § 3 BF A5
ou|y BFAE Hesty] witel] ou|y AA dexe= AgHolet &
o At} PropBankE 2n| Y AAo] Bad LEXEHN Fof uy oF
% F UFHoR 2oly F83% TE X o|th(Palmer et al,  2005).

PropBankE 7|¥to 2 THEo{Z h=ro] 9wy THEX]7} Korean PropBank
oty Zh=mo] Ym|y TFX|= Fol YH|Y TEXY g HIE] I3
FEste] Aol o go] ATt oleld & sAsy] fs oS HH
o8 A7 JAFHI ArkelF7] 9, 2014; wiAgd <, 2014; w9,

_’|3_
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2015).

B =EolA ARSStE 9rd TEeA s ARG gu|y e g

& UsE, 2017)5 AHESIATE Table 22+ £ =FolA oF @& 9
3 AREE omd e X 748 YERATH Table 2.13 B3 748
A AL lew miAler do] ouy HHE Yehidt ARGO, ARGl #
of ol 2= AHRE ou|y FXojty. ARGOS A=ole FAF, I
AAE UBHHIL ARGIS Aeo]9 A&2F, i 5& dedn. & H
o 2= ARE gu|y %A 9 oEAL IDE YEITH

Table 2.2 An example of a sentence in Korean SRL corpus.

ID| FORM LEMMA |UPOS XPOS FEATS | HEAD | DEPREL | DEPS MiISC

1 ds A UPOS NP+JX . 4

2| 2HH 28Hs| | UPOS NNG 3 3

3| Ao Ag ol |UPOS| NNG+JKB - 4

4 |gZA5QUct | &4 5 94 Cf.| UPOS | VV+EP+EF+SF | - 0 - - (ARGO / 1), (ARG1 / 3)
- ’|4 -
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Figure 3.1 The process for detecting error candidates by the proposed

method.
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Figure 3.2 The dependency tree of the example sentence.
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root root ] 2o}, 29 o]
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Figure 3.3 Examples of contextual embedding of the dependency relation
“nsubj” tag in the dependency tree.

Figure 3.3% o] F&EEA 9 F A E 204 $(n-2)9] A4 &
ol(Word, )+ 19A $(n-1)2] A w&e] @oj(Word, ), ZLela 5 A uj
& 2k o]& F7(dependency realation)(DepRel, , ), @A Toi(Word,),
Ao 2 @A oot n-1 Tol&ke] A 2(distance) B(dis, ) F 57N
= TAAT ZF ©ol= 2002k e 7S HA AL o E dAleE A= 30
e 3715 7T wEta FEEACA 9 4] 7= F 660
[h=2

O

312 9ulg BEHAAe £ 2

ouo] WA el Aulse} o Ea ghe] ojnle] FuE T WG}
Stk Figue 34% & £AWH Adel FAdAh e AR uy
o o WA B

o HF

Figure 3.4 A SRL tree of the first example sentence.
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AE] M&o] FAFYPY S 7|F0F =3 T1E0] ARGO(FZZF)o]1L
=& ‘A @A 7F ARGI(HEF)oltt F o E YElH < TI=(ARGO) &4
w3 A P(ARG]) FA3HA T 7 B Figure 3.5 ‘A3 XS £
olgit} ete YES o R oFE FAE Bt

(
O+

Figure 3.5 A SRL tree of the second example sentence.

o A&o] <Zol3t} S JFO 7 =3 A E=0] ARGO(FZF)o]aL
} ez Soo] ARGI(HIAN) oIt B o2 YeER W X3 =(ARGO) ZERE
S(ARGI) Fo}3t} 7} Bt} Figure 3.6 Figure 3.4¢} Figure 3.5 Hl&
S8 Uy FA| ARGlE 7|Fo2 WE ov] 245 YEith
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i
oo

Wordpgaeq Tagheaaq Word,,, Tagaep DiSpead|dep
gnco) | AR, | WHEPHERISE | &= NP+IX
(ARG0) | FeorETh. | UNIEEISE 2o = NNPHX
490

Figure 3.6 Examples of contextual embedding of the SRL “ARGO0” tag in
SRL tree.
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Figure 3.7 The structure of AutoEncoder.
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BIC' = —2log(L)+klog(V) (3.1)

A WHA FoA L=plo, Mol FH =md Mo =3 (likelihood
function)©] 1, 17|14 = EHe| wj/f¥oltt. S A ®MA F2 ©lolH
E M Z Ueld ¢ e 3E 2dS e ARy, AE=E YeRd
o 7 WA A klog(V)& B Wie] mtetulE ol g #HdE &
oty wetA BICE F ol A& Z3H e A HA o mdo] vhs
oAt & =9k =4 detrE Jgrt 235 UEid= BICY HER
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Figure 3.8 The graph of BIC scores of the “nsubj” tag according to the
GMM £ value changes from 1 to 10.
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Figure 3.9 An example of clustering with a high threshold value.
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Figure 3.10 An example of clustering with the most proper threshold value.
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Figure 3.11 An example of clustering with a low threshold value.
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o oA AT GMM=E ol &3 TRSHE Fall FHTN o7 TFHAY
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Table 4.1 An example of errors generated in Korean dependency corpus for

testing.
ID FORM LEMMA -~ DEPREL<Z> DEPREL<%> |-
|| Bet~gow | gy ow |- obl obl
2 las s acl advel
3| AET|= AEY] & | nsubj nsubj
4 TYFol THUEF ©l nsubj nsubj
5] tEEoltt | thFEE o] oL |- root root

Table 4.2 An example of errors generated in Korean SRL corpus for testing.

ID| FORM LEMMA |- MISC<H> MISC<$>
1 1= o - -
2| XHE =7 AL A A - -
3] A# A - -
4 |FASI A 3 9 o |---|(ARGO/1), (ARG1/3)(ARGO/1), (ARG2/3)
Table 4.3 ARE3gE DE X9 FRE Yehdty FEEA YA & 242
Aol A AF e vk} o] (HE8A & °lFF, 2018)9 FAT FTAol F9
Ao wet o]E2FxE WS BEXE AMESAT HolHY ¥ v
2 A HA =@ mEk 1,000 3 F 13,1837/ EES ARSI T
Table 4.4°] AR 7NFe FEEA DEXdA BH HolEHZE AES /4
5 2 FAEE Jepdth guy BEAE 252 oA AFE biet 2
o] MEW ry TEXHEFH & USE, 2017)E AMESIATE FEE4]
DA e mRFA 2 AA 24 wE 1,000 2 F 9,803719 EES
AHEEFATE Table 459 AR MFs 9wy ZeXdA AH HolH=
AHERE S ZF ZAEE YERHL
Table 4.4 &7 7H Table 4.13} 22 27 A4 WS Algo=
Tt WA oA AP 4 BAE Q[ /Fol|th Table 459 &
T Me Table 429 2 2/ A4 WS vEoE oy TFA

=
=
A ARG 2 A oFel F)gelu,
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Table 4.3 Statistics of corpus used in test.

TFEEH EA EEEE
A | Ae4, oFFEe) | A, s E@EE)
& T 1,000
2 4 13,183 | 9,803
Table 4.4 The distribution of each tag in dependency corpus.
EAY (A7 AF | ow A% | EA3 | A9 AT | ow Ax
nmod 2895 144 case 121 6
obl 1671 83 det 120 6
nsubj 1380 69 xcomp 65 3
acl 1346 67 appos 43 2
obj 1076 53 dep 43 2
advcl 991 49 amod 37 1
punct 716 35 mark 30 1
aux 601 30 csubj 24 1
conj 516 25 cc 12 1
advmod 410 20 | parataxis 5 1
nummod 314 15| vocative 2 1
ccomp 184 9
Table 4.5 The distribution of each tag in SRL corpus.
243 [ Av AT | 29 AF | EAY (AR AF |7 AF
ARGO 1727 86 | ARGM-CND 99 4
ARG1 3995 199 | ARGM-MNR 297 14
ARG2 1056 52 | ARGM-INS 181 9
ARG3 82 4| ARGM-TMP 1095 54
ARGM-LOC 274 13 | ARGM-CAU 243 12
ARGM-DIR 12 1 | ARGM-EXT 280 14
42 43 A3
of AoME TEEA BFA vl BRXo|A AP 7 EAE
o] F3 V@S 7IEsta k8 #F VIEHE vEeE SAHT AYxs
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Table 4.6 The Gaussian k value, threshold value, recall and precision of

each dependency corpus tag according to the test result.

EA k =S A& AUE
nmod 5 0.65 0.64 0.53
obl 3 0.70 0.61 0.56
nsubj 3 0.60 0.65 0.54
acl 3 0.65 0.69 0.56
obj 3 0.65 0.64 0.53
advcl 3 0.6 0.59 0.51
punct 3 0.75 0.63 0.61
aux 2 0.75 0.63 0.54
conj 2 0.65 0.58 0.51
advmod 1 0.60 0.65 0.61
nummod 1 0.60 0.66 0.54
ccomp 1 0.75 0.61 0.53
case 1 0.65 0.63 0.57
det 1 0.75 0.63 0.58
xcomp 1 0.65 0.62 0.59
appos 1 0.70 0.57 0.51
dep 1 0.75 0.60 0.55
amod 1 0.70 1.0 0.53
mark 1 0.85 0 0.69
csubj 1 0.80 1.0 0.58
cc 1 0.80 1.0 0.58
parataxis 1 0.80 1.0 0.6
vocative 1 0.75 1.0 0.5
micro-average 65.15 56.39
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Table 4.7 The Gaussian k value, threshold value, recall and precision of each

SRL corpus tag according to the test result.

EA k 71k A& Ad=
ARGO 3 0.70 0.71 0.65
ARG1 9 0.60 0.68 0.64
ARG2 3 0.65 0.69 0.62
ARG3 1 0.55 0.62 0.57
ARGM-LOC 2 0.60 0.64 0.62
ARGM-DIR 1 0.80 1.0 0.61
ARGM-CND 1 0.55 0.58 0.53
ARGM-MNR 2 0.60 0.59 0.51
ARGM-INS 2 0.55 0.57 0.50
ARGM-TMP 3 0.65 0.60 0.53
ARGM-CAU 2 0.65 0.58 0.53
ARGM-EXT 2 0.60 0.56 0.51
micro-average 69.46 62.64

u] A 3 #(micro-average)®] A3}
69.46%2] AMFLL BRI, FE T
AE v 2E maE £t
o] AFE Folsly] sl Ao
o}

score

1
N
0.9
0.8 \
0.7 \

06 Oeh Dot e e GO

05 b ik 056
04
03
02
01

— GG6 www wwO.CTewm w— 067
0:59 0.6

= recall precision

10 500 1000 1500 3000 5000 ,ount

Figure 4.1 The recall and precision for “nusbj” tag on dependency corpus

of different amount.
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