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A Semi-Automatic Semantic Mark Tagging System for
Building Dialogue Corpus

Junhyeok Park” - Songwook Lee™ - Yoonseob Lim™ - Jongsuk Choi™"

ABSTRACT

Determining the meaning of a keyword in a speech dialogue system is an important technology for the future implementation of an
intelligent speech dialogue interface. After extracting keywords to grasp intention from user’s utterance, the intention of utterance is
determined by using the semantic mark of keyword. One keyword can have several semantic marks, and we regard the task of attaching the
correct semantic mark to the user’s intentions on these keyword as a problem of word sense disambiguation. In this study, about 23% of all
keywords in the corpus is manually tagged to build a semantic mark dictionary, a synonym dictionary, and a context vector dictionary, and
then the remaining 77% of all keywords is automatically tagged. The semantic mark of a keyword is determined by calculating the context
vector similarity from the context vector dictionary. For an unregistered keyword, the semantic mark of the most similar keyword is attached
using a synonym dictionary. We compare the performance of the system with manually constructed training set and semi—automatically
expanded training set by selecting 3 high—-frequency keywords and 3 low-frequency keywords in the corpus. In experiments, we obtained
accuracy of 54.4% with manually constructed training set and 50.0% with semi-automatically expanded training set.

Keywords : Dialogue Corpus, Semantic Mark Tagging, Context Vector Similarity
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Input 1) Fire situation
Caller: “Z7o] ol Elr}”
(“The ceiling is on fire”)
Keywords: ‘A%, ‘& ‘€
(‘ceiling’, ﬁre , ‘burning’)

Semantic mark: ‘% %/Others_Subject’(ceiling),
‘B-/Fire_Subject’ (fire),
‘E}t}/Fire_Predicate’(burning)

Input 2) General situation
Caller: “AHd74& i}
(“riding a bicycle”)
Keywords: ‘A4 A, ‘Efey
(‘bicycle’, ‘ride’)
Semantic mark: ‘A% A/Others_Subject’(bicycle),
‘E}t}/Others_Predicate’(ride)

Fig. 3. Examples of an Ambiguous Keyword
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Receiver: “v] o{t]7} o} Z Al 8?”
(“Where are you sick?”)
Caller: “3lo] gloAlal doljd o] gloA ET A 1 o
2|
(“He has no power to get up and seems to vomit
and dizzy”)
Semantic mark: ‘¢lt}/Others_Predicate’(have nothing),
‘A ojyt}/FirstAid_Predicate (get up),
‘21 tH/Others_Predicate’(have nothing),
‘5 & /FirstAid_Subject’(vomit),
‘0] 2] 9 = /FirstAid_Subject’(dizziness)
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Fig. 4. An Example of Building the Context Words Set
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Receiver: “°l”
(“Yes”)
Caller: *3tol A 177} tha. SWiEe dAER
(“Smoke from the mountain. I guess someone throw a
cigarette”)
Keywords: AV, ‘7], ‘yo}, ‘gl s’
(‘mountain’, ‘smoke’, ‘nada’, ‘cigarette’)
v, =

< foreach i

w2v
w; ¢

expect AF(mountain)/NNG:1, ¢17](smoke)/NNG:1,
tHna)/VV:l, ©WlE(cigarette)/NNG:1, %A (deonji)/VV:1
>

Fig. 6. An Example of Producing a Context Vector
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Sem Mark(FHE) = argmazy aue g, (cos(vswk,‘))

ontext

AzHow g5 wEAd et 2 JuEAs} 37

ok

2Jm ¥ A): “4F/Mountain,
‘o1 7]/Smoke’,
‘Ut}/Fire_Predicate’,

on A= ZA Subject$} Predicate® v Al Ao
w}2} Fire, FirstAid, Rescue, Others 2.2 Ut}
Table 32 B A9l 49 20719 1= oJu¥A & e}
r

Table 3. A Evaluation Result of New Keyword

Semantic Mark Sense Frequency
"5/ Fire_Subject’ Others_Subject subject 4211
Others_Predicate predicate 1,880
4. %’?:4 ';'-gl .,E, -T'-I‘ FirstAid_Predicate firstaid predicate 928
Rescue_Subject rescue subject 917
©.3)= Word2Vec 28 825317 98 g 2=, Al FirstAid_Subject firstaid subject 701
T @A, Wol 7] WNE AFT WEAS ST Hospitel hospitel o9
Woh wEAL Anael wah FuAe] Aol e SingleHouse house 502
3 digehs WEh el Feia #A) At ojde] 57 o] Apartment apartment 459
ol 20,726711¢] EAESw A3 Th o3 Abdel A= GeneralBuilding school, post office 437
702787 01w, St wE A o] &2 oF 1894MBoJ T Child child 4%
Table 1& Word2Vec 2&& 95 SR 5o Al Family_Member mother, father 359
45 2343 o]de 42 Yt Rescue_Predicate rescue predicate 358
Telephone telephone 317
Table 1. Dataset for Word2Vec Modeling FirstAider 911 287
Corpus # of sentences # of words Fire_Subject fire subject 264
Emergency. Call 20796 172964 Location location, place 259
Conversations ’ ’ Road road 196
Korean Wiki 612,030 9,755,245 Fire_Predicate fire predicate 154
Sejong Corpus 746,873 7,639,770 Market market, mart 121
Total 1,379,629 17,567,279 FirstAid_Case emergency center 110
2= g TEA 9 oF 23%5 FHHF AR AAFH Table 4= A FgS o]&sto] digt TeAl ov|zA=
dAlofo] gk oA E FEoR FAEGITE L & At Asor HA uf FEoj9} nFFol NEE Yl &
Azdom g oF 77%9] tistEe] FAfofol vigk on| ojth, el Abdol TEE Aol = mEA gt 1w o
FAE Asor FASULY. FEoR qUFEAE FEI S, vle ol A5 ool Abde o] &ste] AYd
SR ASH AFgoR guEAE FAY JEE Tk AE HEo] A& S & F b
StaE BE 7SOt webd B fE2 dish 2eA A
Aol nkatEo 7 onF A7} By wEx] ot} Table 4. Number of Cases by Automatic Tagging
Table 2+ st 3 g5 st5H3 B FAAS Y Case Frequency
ERHTH Registered # of 1:1 mapping 41,743
keywords # of 1:N mapping 2,944
Table 2. The Manual Tagged Set and the Expanded Set Using # of 1:1 mapping 75
Set #of # of # of Non- synonym # of 1:N mapping 0
conversations sentences keywords Registered dictionary # of M:N mapping 21
A 1,878 8779 14,467 keywords # of noun mapping 637
B 8,296 36,882 59,994 # of verb mapping 97
# of keywords in set B 45,527

A AE 871970 7, 1446770 o= A E v, 52
Ak Al 2~’lg o] g-3ke] 2810371 &4, 4552770 @4 of ol

detol A5oR uEAS FASGL B s F8

Table 5% A A3 @48 B Al thete] l4lol-o
WA AAe 271% v Eelt,



Table 5. Entries of Keyword-Sematic Mark Dictionary

# of # of
Set 1:1 mapping 1:N mapping # of total
A 842 17 859
B 1,135 39 1,174
HgE G4AT BAA FA2 FAYE AW Aol

el Aol EAetA g o
g olgdtel oms RAI u ouz} F
T A AR

Fele A A B AEE
& A7kl S Hajotst 9
Fol4 il T aulk 4o} 3
W= o] 37-(¢ E
§H& ol &3t Ao B A%
Todol A Adols 2k #ge
delA FEetel FAATE TS

A A AA LA =
Hol7} & wlEj7he] fALE
7N

ANE A

oo v

ol gste] FEHE A|zwe 4
HEA7F INOR 1§

L3k

A A-(uet, e}, Hoh)ek A
M-(Lojyt}, A} wehE AA3 AT A F
T8k FAAA AAA

ok 10%= 7L71— 2@

Table 6. Frequency of Semantic Marks and the Result
of the System

Ambiguous
word . #in Al#inB| #in | ¢ | *¢
Semantic mark with | with
(# of set set | test A B

senses) SEs =
Fire_Pred. 89 153 24 29.2 33.3

U FirstAid_Pred.| 85 368 24 875 91.7
(nada) Rescue_Pred. | 87 518 20 8.0 | 40.0

“@ Others_Pred. 30 74 16 6.3 0
Overall 291 | 1113 | &4 54.8 452

e Fire_Pred. 15 133 6 100.0 | 83.3
(tada) Others_Pred. 79 214 21 52.4 66.7
@ Overall o | 37 | 27 | 630 | 704
) Rescue_Pred. 31 204 7 100.0 | 100.0
(meogda) | Others_Pred. 62 153 20 300 | 300
@ Overall 93 | 357 | 27 | 481 | 481

Fire_Pred. 1 12 0 - -

LA | FirstAid Pred. | 18 | 57 | 5 | 600 | 400

(il-eonada)

3) Others_Pred. 7 21 2 0 0
Overall 26 90 7 42.9 28.6
A FirstAid_Pred. 8 58 2 100.0 | 100.0
(geodda) | Others_Pred. 9 22 5 400 | 60.0
@ Overall | 17 | 80 | 7 | 571 | 714
o} Rescue_Pred. 11 38 1 100.0 | 100.0
(majda) Others_Pred. 10 40 5 40.0 20.0
@ Overall | 21 | B | 6 | 500 | 33
Overall - - - - 54.4 50.0
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Table 7. Context Words Frequency of ‘LCHnada)’

Semantic in A set in B set
mark Context Freq Context Freq
= (fire)/NNG 46 = (fire)/NNG 105
917 (smoke) 41 7] (smoke)
/NNG 5 /NNG %
Fire_ A5 (now) 91 A& (now) o7
Predicate /NNG /NNG
WA (smell) WAY (smell)
/NNG 1 /NNG 2
Total 659 Total 1,171
9 gl\;;)gd)/ 56 by /(Ill);)gd) 143
} 2] (now)
3Hha)/VV 18 70
FirstAid_ /NNG
Predicate | & (fever)/NNG 16 (iss)/VV 54
A& (now) 16 v 2] (head) 50
/NNG /NNG
Total 620 Total 2,729
A i A i
}ﬂ/(;(lz\clgent) 73 }ﬂ/(;;\clgent) 991
% (traffic) A= (now)
/NNG 3 /NNG 113
Rescue - .
. A (now) A F(traffic)
Predicate /NNG 21 /NNG A
o) o] 5 o]o] 5
2] ijLN(gll) 5 2] le;(gll) 71
Total 625 Total 3,920
<
*%ﬁ\‘%ﬂd) 10 H(ha)/VV 36
=2
4;\;;‘&‘”) 9 | Ulssdvv | 34
Others
. A (now)
Predicate | 71(geo)/NNB 6 /NNG 27
B 22 (sound)
&Hha)/VV 6 /NNG 21
Total 238 Total 843
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Semantic Marks and Corresponding Examples

Semantic mark Examples
Others_Subject 7 oA, obAA, oA, o1, % ke de, &8 A, A9, S 5
TA=7bs, AL, gt Z4 5
Others_Predicate aith gith, et} dojvr, At HA T At v, w2
Fire_Subject B o827 Bz oBE R asly] g7 v, dutel 4 S
Fire_Predicate 1t} WA}, 2o, Wz 4o g 5
FirstAid_Subject 37), A8, 19, ¥4, 794, 7E, 25%, 71487 714, 8, ¥, 3 5
FirstAid Predicate | 7bieh, 2tk dofubth, vk, ol A9k, w3sheh, el At 2ot At 5
Rescue_Subject WEASL FE T AA, 5TE, A9 o A AR 4% 4EAT 5
Rescue_Predicate ek vt Wy, sty 2 Z ol R9-k Abagdt Ao o s
Apartment olulE, F¥
Building A%
Child o}o]
Disability 2ol
Dormitory TAY WEL 7| %A
F_Car 2, 584, EY
Factory A
Familiy_Member ol A oY, P ol B 5
Farm g, B 598 s
FirstAid_Case TE o7 .73
Flame ~93
Forest %
Friend 2
GasStation e
GeneralBuiliding M, nEstu, A Hed =
Hospital st B9, gAY 5
In_Person A
KoreanSauna Law A
LargeWareHouse EFAE
Location 9z, A4 g, 389 3
Market EIRSPAR
Mountain A
Multiplex Theater o) 3}
MultistoryBuilding 5} 4
NursingHome =014 9ok
Park 9 497
Passer_By &9 93 AYrtEate
Rescue_Case F=
Resort BxE, 29 A9y, A4
RicePaddy =
Road Nt B2, A8l AR 5
SingleHouse Fd 7143, A =
Smell WA e Ay
Telephone 7 8}
Tunnel gy
Valley A=




