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2 o] &5 (question answering, ©]dF QA) Iofe] W% =5kl
AZF 20% W9 E7tsle= A8 F7H8 X (geographic information) &F

HF58 AEn. o5 sidsty] 9@l
A% A Lobb AElEt Ao (geographic QA)OlAL °] &

A ] Z7HEA A o]-2 5 (geographic analysis question answering, ©]3}

-

Geo—analytical QA)< A&l &7+ 9 (geographic  question) &
A FHE a2 Welkstal olF F3str] Agst dlojE el TE

S A Fofrl, dA A Geo—analytical QAES S 3EHY)

AFHANTFE Sl o] Fesky]  gRd  =Ed
AYFARNAAL AYFHANTLEE B ome] A 2AYE
EPdne PPtk AGTHAGAE BAAA WD AHA 2

AT = 4 EF(text classification)7|HS A L1, 4 EF
7S ol&3sh] Hade= BAE HF ¥ FHoF =&

WA (corpus) A4, TS ZHEH & dolHA A4, velHAE
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22 (classification model) & JEHzte = wh=7] Q8] e
SAeE doE UMY (embedding) 3t 34, a8l 7+ AWl 3

gz olFolx HelHAL ol BFEAS Azshs Bl

o
rlr
Sl
o
f
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v
)
D
(@)

(@]
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j=)
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[

e
ofd
il
=
o
2
ofd
f
rx
oX,
ol
=

T
Aol dsl A FAH dolEAe Fud F s 2Py
B4 2 dolElA 42 918 o)W (paraphrase) & AAHTE 1
F a3 dolHA-E  Glove(global vectors), BERT (bidirectional
encoder representations from transformers), RoBERTa (robustly
optimized BERT pre—training approach), SBERT (sentence—

BERT)E col&sl & dWlds= st 44 d¥ldS  linear
Gl

)
B

SVM (support vector machine), Y A~E (random forest) &

o] g3 stHEAALE HEAoF SBERT %% IWlWS linear SVMel

0o @ AR AL, BAER, AT Aey,

AL TEA, AYIAHRAER, 27 9HT
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| 21 #o] 2 (knowledge base)

E4 Rof 2EZAE Jytow HHE Jhyste] Axow
Eo] A& dHelE Al dFo|th. A A Ho] A9
A A 18 3 (knowledge graph) & 22 QuZ  EZ 834
AREShE A7 Bl wiEel] B s=wolAe AAM|ol AR

gol2 FAaA AHgah

4 o9 (sentence embedding)
4 Mg xedojA]g] (natural language processing)
ok A AMEEE o2, S HE FIF(vector space) ol

S A A Ao xgel WE (vector) 2 3= AL =gkt

o] d (language model)
o] Al A (sequences of words) o] &S H st 2d &

Sty o] AR se] #ES FAFgOoRA o] AlEATL
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1. A&

1147 W7 8 B3

sk A o R Eolvs EAENE ARGAE ek w®e
ddsta AgsA  =ed ¢ =S wsrl fF xEE
2 ©]-&- & (question answering, o] &} QA) ok iy

7} ¢k th(Hirschman & Gaizauskas, 2001; Hovy ef al, 2000). 3+,

A8 &7 B (geographic  information) 2] 2>  AZF 20% W9

2015) el ET7eka QA WMES Agsta 9E 72 (Google) ' &
M= A2l &34 2] (geographic question)& ®©3akA sk A7t
SRS 1 olsr= el AEske WA AEeitdats e

D" ehe Aot M (butfer) A 5L G $E =ER
QAR WA T2 Bal Ay Aoe] U Be £EF 5 elrh(1Y

1-1D).

! https://www.google.com/
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Google MECH 35 HH 500m 9 THo|H X & @ Q

2, Al B Images @ News @ Maps [ Videos i More Tools

About 11,300 results (0.38 seconds)

https:/www.snu.ac kr » campuslife » facilities » amenities

HO|A|M - PO A . CstAT) - MSCHE L

Btijo] DAY, 7l § ClE Wi 2EE2ts YHE| lELICh 20 ol HI2212| SNU
Campus Map. SFdiz|2tAgh sds|M(638) 15, ( ...

Missing: 35 & 506m

https:/icee.snu.ac.kr » sub1_4

2Al= 4 Map - MECisa AUEHEZE

YoAY. 22| HABFSEE = MErHEtn =2382e] 35800 Rt ASLICH 3552 20004 HoO|
27| 2|QEY SAP el 2tELCh

[713 1-1] Googles &3t GeoQA 3 37

At ZFE& wAE Adsty] fsl A2l 7HY BRA AE (geographic
information system, ©]3} GIS) itofe| 533t QAE A7 F Qo]
Q55 olE Ay F7F Aol-$H(geographic question answering,
o]} GeoQA)ol#} sttt Hamzei, Winter, et al (2022)2 GeoQAE

A Aol o e EEFoEM AR AHITE
=
=]

A o] A Aol& W (Geographic  Knowledge Base  Question
Answering, ©|3} GeoKBQA) <9+ AgxihtA  HoSH(Geo—
analytical Question Answering, ©]38} Geo—analytical QA) + A77}
TREHE= A AT F

GeoKBQAT Wikipedia ~ * o) Ankz <l AR5
2 E=Z A (ontology) ol 7]Hkal]l A A3t A 2w o]~ (knowledge base,

olsl KB)ell Ag 3t HE =33 A2 u3t A2 H o] (geographic

2 https://www.wikipedia.org/
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knowledge base, ©]sl GeoKB)E TF3dtil, AdolE T3l QAE
Fdote W Eolg. ojuf LEEAF HJRE 54 ok A2 A Al
A Fx23F & 7 AERF = AAE K3t (Guarino er al, 2009).
AntHo®w  GeoKBE 75 #wW A IZFEe Adse A
W3C(world wide web consortium) ? o4 A ¢Fsl= RDF (Resource
Description Framework) * 71¥1¢] LE2x2 2@t 9 th(Hamzei,
Tomko, et al., 2022; Punjani et al., 2018; Stadler et al., 2012). 7%
GeoKBAolA RDF %+ #H7 Ao (query language)?l SPARQL °®
= s I8 H AALAY (Open Geospatial Consortium, ©]3f
OGC) P o] AlF3t= GeoSPARQL "+ ol &dl] AWkl &4 =3 W

olyg}  GeoSPARQL®¢] A¥3sl+= 157}  ¥¥ (vector)  7|H}

GeoSPARQL®] A3l 157k« #E 7|uk A4k o]9e] o}

o7 = AR EAEY] "l o] ReslE AT FeAol
o 7 = A ok

GeoSPARQLel AM=Z¥ 72 F7FliAl GeoSPARQLC A=
Bedels A7 s QA9 (Almobydeen et al, 2022), 22

Nse Fhe slanE LERAS AR godi N5 Atslol

https://www.w3.org/

* https://www.w3.org/RDF/
https://www.w3.org/TR/rdf —sparql—query/
https://www.ogc.org/

https://www.ogc.org/standards/geosparql
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1.2.1 GeoKBQA

GeoKBQAE GeoQA?l 3t #of=ZAl GeoKBE TFdh= A
AFAolE GeoKB xF APl Aoz ®Mgs] QA F3HLS Xttt
7 AFeNAE dAl AYHT e GeoKBRAATE A& a9
wop] AP S =ESIAL o5 Hsts AT HeAS Ayt

A B e v

b
19

A (Hamzei, Tomko, et al, 2022;
Punjani et al, 2018; Stadler et al, 2012)E %3 GeoKBQAZE
Fst7] $lsiA+= RDF 4oz ddd dwrael A4e thFs
KBel A&l gtdEs RDF FHo= wWad AJues st
GeoKBE T3t A Aoz FAH HOE RDF ¥F<o=
A

Wetsl= Aol dostrh([2d 1-2]). olu AFEH= 2l <do]

ArAQl HWE Z3|sk= d 2ol SPARQLIF 157FA H#HE 7]u
A eztdst 2@ Ayt $Ax3)E A dsE GeoSPARQLO]
EA) gt
N Langusge
NL2Query [ Logica; Form

—

Query Generation
1

" Query

Geo KBQA Ontogoly Execution S
T

Geo Knowledge Base

T

[ Inter Link entitie:
GeokB -

WikiPedia, etc O5M, etc

1Y

(13 1-2] 4¥H40 GeoKBQAO| Bl A




Stadler et al. (2012)2 2ZA~EZEW (OpenStreetMap, ©]3}
OSM) ®, GeoNames’ % oA FHE3 A FPRE RDF 2oz
W33t Wikipedia dHE RDF ¥2o& W3ld DBPedia T3

Z3tal A GeoKB?l LinkedGeoDatas T3t} ojuf Alg% OSM2
LS

)
o2
o
X
ik
of
o
oX,
f

[

Kl

o
o
k=
i)
rlr
o
rld
B>

1o

(open source) H2
TEAE AB|AQ dFEola, GeoNamesy 1009 7] o)At A&
Eotskes eEAA HolHH|oAT. sjEATelA FRS A7)V}
A AX= s BAE] fAs OSMAER T o
I ¥ (filtering) A GeoKBE T53 1L, AAAE %+

Hekst= e diside oFa A 4k vlE AdoE iEE

Fedolz Ws}

rlr

WS AAISHA] AR SigATtel A A
GeoKB 75 WHES ol% A5 (Hamzei, Tomko, et al, 2022;
Punjani et al, 2018) °|A dnbA o= 2 =siar 9},

Punjani et al (2018)2 A AA #HT ARE T
GADM (global administrative areas) ' I OSM SolA
A2 3P RE  RDF  F2o=z  wWdsta  DBPediast & 33t
(LA T L L
WAS olgs] AdolE SPARQL %= GeoSPARQLE W $hs|

Oll

GeoKB¢! LinkedGeospatialDatas =

GeoKBQAE T3t WS AAZTt sld ATolA AAsE BHS
23 Az @A (distance relations), 9IA8A 74 (topological

relations), W< #7 (cardinal direction relations) & &+ Zo& w3t

8 https://www.openstreetmap.org/
Y https://www.geonames.org/

19 https://gadm.org/



T Slou, aggregate, sorting? & 7lsS AYsHA] Yo} H
Ak U ke 3 RS dYE '3 g gl sHAE Adoh
Hamzei, Tomko, et al. (2022)<2 YAGO2(yet another great
ontology 2) ' ¢4 OSM, GADM Ax % o= 9 ofgui= %o
aigsk= 1009 7He] A RS FEE YAGO2GeoE TH3hL
gEsls ol&sl AdoE =dAd TxE W] GeoKBQAE
T WS AATE ol 7|4 22l Yago2- Wikipedia FHE

RDF &2o2 wWad YAGO©|l GeoNames 2 tiif® o] o3

1o

dole o] ~Ql WordNet JHZS S3AH Yagos A KB
dFolth AAE =A< FxE WEst= WS &3 Punjani er
al. (2018) %] Ag-olA thFA % aggregate, sorting 5ol 33k
Aog 9 4 A HAvk 9 A7E 2= AFYstd [ 1-113%

2t

[ 1-1] GeoKBQA A3+

A1z} to]El g4 | GeoKB NL2Query
Stadler et al | RDF LinkedGeoData -

(2012)

Punjani et al | RDF LinkedGeospatialData | B1 &%
(2018)

Hamzei, Tomko, | RDF Yago2Geo Logical Form
et al. (2022)

9l ol AAE GeoKBQA AlAHs &8 LdukAel FHA

IR oflet AINHuA g Wy A4 B ALDFIYR

' https://yago—knowledge.org/



£4x31E & 4 vk o]= HeolEHE RDF dAo=
HAegl AdojQl SPARQLI} SPARQLS A2l 33HdH Fokeo| 5313t
GeoSPARQLS AME3sH7] dwlitel 7Fsst Ax= & 4 Sk 184

ke
N

A4 GeoSPARQLS Ea g 7§kl 77FA] $4+8H4 (topological)

AxLy 871A] H] YAFEHA (non—topological) GA4FS- a8 4= Q1Y)

el ([ 1-21) 1 919 drks ok dh= HgE HshA
Foke dAE Adth weAd o]2ld GeoSPARQLel  7]REg:
GeoKBQAS] SIS B e & 3l A7) ool dFH3lth

[32 1-2] GeoSPARQLANA et AAF 5=

GeoSPARQL Functions

Topological Non—topological
EQUALS DISTANCE
DISJOINT BUFFER
INTERSECTS CONVEXHULL
TOUCHES INTERSECTION
WITHIN DIFFERENCE
CONTAINS SYMDIFFERENCE
OVERLAPS ENVELOPE
BOUNDARY
8 3



1.2.2 Geo—analytical QA

QA+

Geo—analytical

Ho

ol

—_
fite)

il

A F-o)th(Scheider et al, 2021). Geo—analytical

she

AR
B

=2 ek
2 o

]

E

gl o]

oJt}.

)

i ghs)

)
Bk

U

A9

| —
T

Gao and Goodchild (2013)

ALl o 2] 2] (natural

language processing) 7]

aolo

X

3|

U AA R

=
=

A Fd o] vepd A2zt JHA

S
-

Scheider et al. (2021)

Els

c‘)l_

(polygon) ¥ & do]g EF]lo] obd Kuhn (2012)°] A

ZY

o] &3l

KN
=

information)

of spatial

A70 (core  concept

aH
=L

5

CRise

1714

.

T RGO 2 A,

o] =
T

PN
T

842

732l location, neighbourhood, field, object, network,

event®} JH o] A3+ 73l granularity, accuracy, meaning, value”}

2012).

ottt (Kuhn,

3

*17]

413} (abstract data type) =

F71 A7) wZel ol & ol -l

S

3

&=l



3

T3t S A

Xu et al (2022)2 JIFZEAANES ol&a  GeoAnQu
g2 (corpus) ol tisll A2 F3Hd K
words) &t WA Atelel yERE wolE tE 7INE WS o] 83

AP FAAYNE BAEAR wBe A7E FAYE oln wEA

OJ

Aol ATE FHs] A Robyd Ao HE wold S i

|

AR FAARL AAE FAss7) g8l olgS s AAZ ke

O

WA 214 (hamed entity recognition), ¥+ TFE olast= &4

O

%4 (dependency parsing) % Aol g 7IHS o]g3] A gF 3t

=
é
i
i
X
ol
ol
=
o
)
o
f
2
o>,
=
ok
tlo
o
ofo
2
it
X
zl
=
)
i
o
o
oy
e
O

7}# "Where are the auto accidents in Tarrant County in Texas"2t+
A4S A dAF o= FXHS EF ‘where are eventO in

‘which” , ‘what’ , ‘where’ , ‘how & & #AFol9l FAsle
22 F3F A 3P FE BA oEEH] Wl = FHE v AY
ulg] ol F=dA o] HgE dYstd FAEAE A

= AE @itk 1Y ‘Tarrant County in Texas @h= AW
AlZelE Ao = AR et Y =AY}

=
oi71el sfggek([19 1-31).

].O oy _ : =
Jl—-! -kl_l- 1__l| e],
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1.2.3 Agl 332 9] =5A] (Geographic question corpus)

MA, A3z ANE, AT dAES 23 HoE FHof e

MSMARCO HolE AHEE ALgat5o] 1 Azl Bing !2 o

=

AAR HAs ok 1008 7He A9 (questions) 2} dld Aol tfst

GS {33+ 9= 4 (passages), AFHol AR A9 FHES

ola|stal 7] A gt T (answers) TOE o]Fo|Z dlo]lE A Eo|t}, &
tolg HNEE wjxg tolg AMES AogE Aol Ee Al
FHE o w BHI s g4 AAF 1 Ay ZAEel JE

3.46%7F  ‘where’ & X¥etar i, Ao /Y TJIE 6.17%7}
917 (location) & B A9z vhebgth A4 AgSe] AA% U§S
HgoE wEold deld AEocl] wREe ol Agsl AAH

t}(Bajaj et al, 2016).

32

MSMARCO dH|o]E] ME & ‘where & ¥3sl= A9} x5 E=

402 A BHA9 BRAZ RRE 5 Aa Y 49 F A

il
b

2 https://www.bing.com/

12 R
A2l

l



[ 1-3] MSMARCO A9 = g3

weather in washington dc in march

homeplace restaurant in catawba, va

distance between warsaw in and Indianapolis

val thorens where is

Punjani et al (2018)2 &g 7oA A|etd GeoKBQA A &<

AFst7l A FEE A3t

i)
1o
=)
ofd
.
[-‘O

GeoQuestions2012
Az, AFAE Fdeelr|e] et A& Ay AT v x| o]
A= SHHASAAl AAlStaL o]} fAFsE HolE s Eo] A E=E

2AT F ALE AT AT 0A FARE WHOE BEAE

7oA, AgEd A Ee AdEY AAE == 49, Aded
WAE d/etHer w5 Qe #§%, Azt wAlel ddsts

Tt §8, &% A = aggregates ol & ¥ F U= FFHol

o17] igsta o5 F¥ol &3] LY HA = e[ 1-4D).

13



[Z 1-4] GeoQuestions201 A& of A

A9 73 A A|
MA ' 7IE 9 | Where is Loch Goil located?
AAE == 73
#AE  o/o}y 2 E | Is Liverpool east of Ireland?
@ 7 e 73
ZHA) ol 3l &3F= | Which counties border county Lincolnshire?
NA == Ads
= 19
A o EX4%7S | Which mountains in Scotland have height
Folgk /9 more than 1000 meters?
T A&k = | Which is the largest county of England by
aggregates population which borders Lincolnshire?
o] &3llof st= +9

Xu et al. (2020)> AoE Fat7] S8l At das de =
st AoE  FolE2 GeoAnQu HeAE AFE MSMARCO,

218k vasA did weA e 5H4E 2t

A= 429709 AR o] FolA 9la, s A= GIS
A

GeoQuestions201 =&

GeoAnQu &

SE849 (tutorial) wA % GIS =FoA w3 & A3 Lot}
Al oA MSMARCO, GeoQuestions201, GeoAnQu Al R
o], FE, TF oA BT "ol FEelA EAs Ay

- [e)
oJ71A FZHEA T SAEAES AR B§S E=Fdlof st siAC
sk o] Z+= distribution, pattern, change, accessibility 9]

At wEbA &g Ao A+=  “What is the spatial distribution of

probabilities of robberies in Salvador, Brazil?” ¥ #2 ZHo&

73} Xu et al (2022)2

mlo

o He 5 ol A=

]ﬂ%ﬂ%* T
A TEANES A OSE Geo—analytical QA ATES S

14 .



GeoAnQusx T dHF

ulf
el
—
[
o
=2
>,
i)
[-‘O
ik
>
30
u)

[3 1-5] GeoAnQu E5* & A%

What is the kernel density of traffic accidents in Pasadena, California

Where are the hot spots of traffic accidents in Pasadena in California

What is the driving time from the windfarm company headquarters to the

windfarm areas in Colorado

What is the Euclidean distance to the rivers in Crook, Deschutes, and

Jefferson count

15 :._: _-.'_‘:_



A= Fdstn AT A4 AR 7 EFel &Fske 20719
Sl

AP 1 A 1447 AP AN T o9 AEAT)

Stefanakis and Sellis (1998)> A g&iHEAS flal 2hol+=
gEgtALeE 5709 tiE el wet 3, dloly dAy El
73, dely &4, del¥  Ajztsl, dlolE] wolAdErE 9 57
el eidstth deld dxe 9 WAL HolHE dite FHE
WAt 7], HolE A4S ¥ B4 WS4 24 7], doly
AlZFsh= A4 AdE AZbstele 7], tlolEl Mol #el= ddhe

dolel g WAs A 75 £Fsha Uk,

<
jaV)
=)
a
%
—+
@
—
o
=)
o
=,
02}
—
S
O
DO
9
O
>
-
K
Mo
u
AC)
[l
l
[
o
=
i)
FO
o
ol
N
]
o,

hl

A F1rAAre S S 98] Stefanakis and Sellis (1998) 7} A <ksh

244194 Meaden and Do Chi (1996) 7} At EFAA 183
OGC7} At 24 7sS Fud 28719 sv7 5719 dEF&

16 2] 8-t



VNeer  AInAATE ERAAE AJRIHAE 1-6D).
AT FAAE dolgHels, Holy A, deoly Ak, dHolH

A7, AP BIHEA BEF ok BN A THANTLE

=
9lo]  Stefanakis and Sellis (1998) 2] EHAANA tvhFEA HE3t

[3 1-6] Li and Stefanakis (2020) 7} A|et3t x| &) ¥-7tAAre 5
A AT

¥ ZER

Data storage and retrieval

Data editing

Communication with other

systems

Data validation

Data model conversion

Data pre—processing and Geometric conversion
manipulation Integration

Generalization

Classification

Cloud computing

Parallel processing

l

it

Database techniques

Data computation

Theme maps
Data visualization Statistics and reports
Application
Data queries
Overlay analysis
Buffer
Geometry measurement
Network analysis
Image algebra
Terrain data storage and
representation
Topography
Hydrology
Geostatistics
Sampling
Geocoding
Predictive modeling
Workflows and pipelines

17 . H 2 r]

Spatial analysis and data
interpretation
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=735

A =2 7hg 5
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o
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=
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[e)
| GeoKB

o

7 W

3] GeoKBQAE 43

S

s

1.2.5 A&}

W

B/

TC -

-

SPARQL

3oyl

GeoSPARQL9]

i

Ho

=

=

71¥ GeoKBQA

) - o)
AT (Xu et al, 2022) 7} 533 gl T},

A

L

R

o

g9 3 A< (Gao & Goodchild, 2013;
[e)

3l 15714

QA=

o

=

t}. GeoSPARQL

T

°
pul

Geo—analytical

A
Scheider et al, 2021)

=
T

a3t  Geo—

= ZEAVE

5')4

3}7]

&

A AR

m

)
<

k)
gl

St

| = GeoAnQuZ} &7

X

analytical QA°A A}

np

o] AA =

AE

7] 1aA

S

ozt ZH ellA

o] A A el Geo—analytical QAS 53

il
—_

o

T

learning)

71 A 8+5 (machine
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2 e

7HA =

HE

(€]

=%

2ikls

Naga & Murphy, 2015)°]7] o] t}e

eby B

o

22
Hr

el

)

}\Elrs

A=

o= ubA|

i

)

B

7A
a8

)

%

B
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1347 ¥9 2 Oy

i

j=d
-

3

11 9]

S

2

i ol 5

3|
pus

=

22!

=
=

S
=

)

Mo

—_
fite)

3} o]

7HA

Ho

Al

do]E

f

)

ﬂo

&+

)
—_

AT E GeoAnQu

2

B

5|
Rl

Fo}b, Li

Fstan glolok

and Stefanakis (2020)°] #|¢

] Li and

37 93

SHA

o

Stefanakis (2020) 2] =&

3}7]

= =4

2

= Eal

diolE Al

M

)

cCE

7}

Hes A oAl

ALt

A
=

PN
T

g

=
o

ANEE

djol

3l

aig

ol

—_
file)

ol
Njo

R

o] Damodaran (2021)9] A

o Q7] wE

ol
1>}

A 7to)
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doj=  fAREE SuE TR o] Pde] TRbe RERE
Word2vec (Mikolov, Chen, et al, 2013; Mikolov, Sutskever, et al,
2013), Glove (global vectors for word representation) (Pennington et
al., 2014), BERT (bidirectional encoder representations from
transformers) (Devlin et al, 2018), RoBERTa(robustly optimized
BERT pre—training approach) (Liu et al., 2019), SBERT (sentence—

BERT) (Reimers & Gurevych, 2019) S°] &A3tt}). & =Foix+=

)

-
o
!
<
o

=

Aol Glove, ™®o] uwz} wo] T

o
ON

Word2vecs 704

=

e e gtel Weks WA= Agsks BERT, BERTE 7HA
292l RoBERTa, BERTE 4 AWl 5385k SBERTE ©l &3 &

47VA £ dWlds e dolE Ae 7 29 "o

P (hyperplane) = ©]&3] ©o]x 7 (binary

rlr
B

3= SVM(support vector machine) (Noble,
2006) & 7}% 7tk A9 EE (kernel trick) ¢l linear ¥4 3} of

21 x;rh_'! _CI:I_ 1_-_]

| &1

1V



Mol A Ed (decision tree)E AL 2 AAFEZS HAiE
T WAor AAEE JhH RE WAPEYAE (random
forest) & ©]&F k. SVM 7[2H o= ol ¥R{E FHsts o]
ol K7Hel Saisel el K719 SVM= AAeta, shte] Seda
kel s 1, yHx FYPAE 022 7MY+ one—against—all
W2l (Franc & Hlavac, 2002) & o] &3] &7 T3t

HFTAOZ 474 A dHdy 271A] BREES FI 8714

Hsof cigels A
ARt

What is ...,0
Tellme ...,.0 queries
Where's ..., 1 1: data editing
List place ...,1 2: data editing
Which area ...,.2 - data
Count area ...,2 queries
Which site...,3

Show site...,3

0: data
What is ...
Where is ...

F1, Accuracy

Which area ...

Which site...

22 N



2.1 Hlo|g AE +5

GeoAnQu

3)

<]

(2020) 9]

Xu et al

=
K

ol
=

AT GeoAnQu

T

™
w
R

oy
Djp

W
—_

and Stefanakis

+ Li

ATl A]

g

AR

(2020) 7}

B

fite)
o
o\
M

‘“What

i

X

‘house’ o ©j

Aol il

gk

’

1s house for sale in Utrecht?

1
-

sale’ o]}

‘for

K

—_
fie)

3
Al

1
-

=house’

‘building

B} 71 (tag) Q!

B 1

XS HoJsta(data

3

4

‘for sale’ o]&h+=

7] wfzell,
1 el 29| (building

9

o}
s

2 3FA]

. ==z
T

=
T

Heah

9|

house)

editing)

¢

B

N
1o

il
—_

- .
A A

AAZ clipsl=

OSMeollA 7}4 9} Utrecht]
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At A A (arithmetic

3

9
F= 297 QA9 Li and Stefanakis (2020) 9

S

afj oF

operation) <

Hr
_,Lmo

oF

~
file)

)

ol

B
—_
110

i
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RALE

ehuo]

A=

_(’)4

171

_Té

3} o]

teh. mEbA GeoAnQu EE A 9

493

SA7IE Aol

o

o

i

il

o}
<

ol

o7 A4

P
| LN

AF

=
=]

JlEo® 2

g

2.1.3 19

Aol A 2] Eofel A dHlolHE

o
.

o13] W&

i
o

sh= of

ZO

gl =

- 1
. L

o

HO]_ ]ﬂ )

-
R

Fooj2 by

-
R

9 el olg ukp

H
t} (Bayer et al., 2022; Shorten et al., 2021; Wei & Zou,

Agh

=2 o
= 1T

ol

Eis

wo] =4
2019).

(2021) ©]

Damodaran

af

AL

el
=

Ao] 2 (language model)

D22 sh5E Th(text—to—text

Aojmele Aol 20TB 2719

transfer transformer) Zdof 7|43}k

)

—
fite)

el

)

—_
fite)

oF

T

op

f

welolt}, wepA

Fooj 2 AL ojwg i of3

=
=

Hell M E% ol

s

25



2.2 23 9u]d (sentence embedding) o2&

4 dldS E4e Wyt deAlA A 23] WEHE
st Al stk FEIPAL ourt AR B B dols
AR &9 (context) Yol S&stth= 7H4 (Firth, 1957; Harris,
1954) 019 &g 7HES AHsA whs doREE ARgstH Aol
o]u] £ (semantic) = T&& (syntactic) & SIRSE=S
3#7 (represent) st 9Wld& F3E = Aot iF 7HES AYste=
292 Word2vec ©]F¢] s4stes ZEE

Word2vecs HAIZ Glove, Gloved <l A<l QIvd (static
embedding) & HAAIA o wWE dHIEs FsE WAl
contextualized representatione AF&3ki= BERT, BERTE U 2d
SHA7I= WA TOoFE JfME RoBERTa, % fAM: S4S

o] &3al4 BERTE w¥ ¢Hldel 535t SBERTE & dvld Rd=

26 ¥ [



T

1

H
(2—1) A

‘the’ =}

Al
A

7+

30 q_
oA 1003 7HA)

%

Word2vec®] H]

o

Aokt Word2vec?)

=
=

= (weighting function) & £

1 Glove
L

o

171

Pennington et al (2014)
[e)

i 7HE A

IRl

(e}
=218 (loss  function) ol

mdolt}, X; & ol

2.2.1 Glove

9l

o

oy
ol

-

;OD

).

f&ip= 7HEA

(2-1)

1

|4
J= ) PO T+ bty — logXy)?

ij
1.0

0.5
0.0

f(Xij)

27
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n7f 2

L —

T

Word2vec ol A

E\:isl_

-

il

=
7

™ (context) &2 7} 3}

Tor

Tor

—_
fife)

Jﬁmo

B 2~ (task) ol A

214

7R A

similarity),

FAFE (word

B3

el
Jlo

A

3

o
pu

Word2vecHt} &=

ol

i)

RS
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2.2.2 BERT

oy
r o
o,
©
iy
rlo
=
o,
=
o
l
)
olo
)
rlr
pa)
o
>

=3t} (Ethayarajh, 2019).
71w ‘stick’” & ™o izt wadr) 0 gdEstAY
‘Eoltp & u|stA Ak wetA £ wel Cstick’ o] 9HY

e kAol shARt ARl dMldS FAse BEe Ustick” o

representation W2l Fo|x EAe] wEl dWdS dEE FAQl
AW e S 7 WA (Ethayarajh, 2019) © 2 BERTE a9 HAS

2= Jdojrdojty,  AAl 9wy WAI contextualized

=
D
o]
=
D
[0)]
D
=
=1
[ab)
=
)
=
o2
1>
fio
o
ofo
:?L_"
o
gt
(@]
~.
flo
£
o
okl
L
oy
=
olo
>,
~Y

b R . . His front teeth stick out
A stick of dynamite
His front teeth stick out “
The plastic seats stick:-- ¥ A stick of dynamite
« v
» The plastic seats stick:--
»
Al lugd Contextualized

Representation

(29 2—-2] AA<l oY 9 contextualized representation

Devlin et al (2018)2 ELMo(embeddings from language

model) (Peters et al., 2018) 2} OpenAl GPT (generative pre—training

29 . Jiﬂ '.C':" r]

&

I

10



= (pre—training)

2~

Ast

transformer) (Radford et al, 2018) X492 A}

=)

)

o

short—term memory) °ll

bi—LSTM (long

3t (context—sensitive)

Rk,

gl

=
=

22 A" (hidden  state)

LSTM® A3zl

HC)]— 601:

7 wole

concatenate 3l 4]

o
=

A AAxS] A3

A

x

&t

=
R LN

=3

A

2

A3 (2011) 5o

Tor

ol

s

o]

e gk dagiol
ojgall flek ol wojs}

=i 2| R
- = -

vt Transformer

ot}

EE5H]

attention 7]H<

29l

Abahi

|

A

ofiy

A
—_
fie)

—_
fite)

ol

Transformer & 2!

L=
T

Nt OpenAl GPT

A=

g3

o
=

attention 7]

Tl

3 A

PHQlo® Heh(2011) o

30



st5S AYe wl GPTE 1 olA7FA] Y& ©olE attention 7|
g3 Fxs| AMHAEES £ wWHAo|tl. BERT+E  attention
HE ko] A& W oR 7k oo tst dMYdS e(HoHEtaL

zdsithd (18 2-3]12 £3) BERT, GPT, ELMo9 #foldAS E 4

[seisy] [oraass |
|
{ BERT } ‘ GPT ] Lol ;J-tr‘.‘\llgm i
T i -
[Heae [~ [Aedga] - Joo. ]  [Hzde [ [Aedga] - [ [Agde | - [Aeaa] - o |

[2¥ 2-3] BERT, GPT, ELMo °}7| 8 A

o]

102 She % ARAE wge AY Wl g a3 Bao

-z
i

Ho]—

1>

S MLM(masked language model) o]z} sto} &l WAE

2
oo
ol

71 8 o BESs dSste 52 [CLS] EE, Wolg

2
Iy

off
i

= 8§22 [MASK] BZ, £33 &4 AlolE #A8k= [SEP]
ETS AHESA "ok 7% “The woman arrived at lab. She turned
on the light’ 2+ #% % ‘The woman arrived at lab’ o Y U=
[CLS] =&+ AR&eta F3t dolE [MASKIZ

o
7] Zb £ dojol g e SEAE g ([ 2-1D).

ot 2 A L




[£ 2-1] BERTeIA th5&3 o5

= H A A
Input [CLS] the woman [MASK] at lab [SEP] She
turned on the [MASK] [SEP]
Label IsNext
Input [CLS] the woman [MASK] at lab [SEP] seoul is
[MASK] of korea [SEP]
Label NotNext
BERT=

220 gug

=

o

T-o A= BERTS [CLS]

32



2.2.3 RoBERTa

Liu et al. (2019)2 dojmHds 7S o ofd sfojy v
(hyper parameter) %+ EEo FAHQ4AE vlE u Rd 450
MAEEA gotrr] 98l BERTE olg3] AIS ysta ol&
Bk 98 o W

dlolE g} Ahe AMSE SHEshs W, S st A AbgsHe Hlolg

MAe mdol RoBERTaS A|¢tdtl. BERTS

N

AR, o& S50, BERTE 5A17171 SlsiA 16GBe] tlolE 7}

At RoBERTaE 5417171 9184, BERTel 2291 16GBE]
dolgE xdte jrAdole] 76GB, SIEYl ARFYEIQ Reddit &%
o] g3t 38GB HlolE], 7IE} 31GBE &3 °F 145GB v©oJEE 37}
gR3) SEAZH. T3 BERTE AR Ss Al of skl 43k [MASK]
BEES g% Al ubEA gobtbd RoBERTadlAE 28 dhgulo] g

gisll 107kA oE f1Ael [MASK] E&E A3 g5s I3

sl BAE 89 (textual entailment) & £ HAES =
GLUE (general language understanding evaluation) (Wang et al,
2018)°l E3H 97HA HAA T 47 HAANM P F2
5 (state—of—art) & Hth. # AFo|A= RoBERTa®l [CLS]

EES o3 BY 99 A

33 [, -11 -
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2.2.4 SBERT

Reimers and Gurevych (2019)2 BERTE 7/HA&] 2ou|&%A <l

Wde sl 2dddes F32 ¢ e dojiHEl SBERTE

1, 3 Ak © ¥ (deep learning) € 1#1¥ Jl=9l V100=
&3l T w oF 65AIFte] AT Iy SBERTE ©|&3td
A3E 5% olde 3T 4 Stk ol st dHeolHE

=
NFow e dolHge] fAEE 54

ol

=

triplet networks (Schroff et al, 2015)E ALIH7] w&FEo|t};. AT

>
i

¢l siamese and

712 71+ & (anchor) ol <Wld s, ¢

:(I)l=4
ofl
e
o
&
s
rlo

ghl (positive) & 7M1= =89 AHD s, , ©E ZhE(negative) &
e = AR sy ol HiEl s 8 s, = FARRE SulE A
ol AMP I AZE AL s, 2 s, & HE YuE HAI 9l

QP At drhs @ olgdl £AFFE ANs Pajolnh

maX(”Sa_Sp”_llsa_sn||+a:0) (2'2)

o171A @ v (margin) B2 ||s, — spll 2 |lsq — snll & #Folel]

gs £ASE 34 wEE 4 AMgH3, oE EFI sHS
ag&FoR Ay AT

m) A 27 (fine—tune) & thgFe] dlolgef djal] AbdSE ¥ 2as
250 " L5A7)E RS EEy, SBERTE Abdsls: ¥ mdol

34



BERTE "Mz Edolr. oju] AREg HolE = 577 7He] &4
Aol dal A= ] #AE FAF(entailment), THE (contradiction),
%9 (neutral) @ b8y 3+ SNLI(standford natural language
inferencing) ' tlo]E A|E9} thekst Rofolq 3k o] s
Az ol AAE g2y s MultiNLI(multi—genre natural language
inference)!* dlo]g A Et}

e RdS 4 dldel 53t ®do]r] wjie] BERT HE+
RoBERTa#®d [CLS] E=ZZ o]&sl= o] otd Rde F3f vz

el e RS F9T 5 Ak,

13 https://nlp.stanford.edu/projects/snli/
" https://cims.nyu.edu/~sbowman/multinli/

35

q L] & 3
¥ — I o



2.3.1 SVM
SVM2 Fojx AA 9 eplg st AHFH SLdFoR, 5¢
AT AL B S A S TR wokelld AREE AL 1tk (Noble,

AR oz wRokA FAo([18 2-4]).

Hyper plane )
7
//
//

X2
Support
Vector
N O
o0 @
** ’, > >
\‘A 7’
- ~ X1
7 R
0 Y
/
** *1‘
) N

(719 2-4] SVM 7dE %=
olef, =B 7P 7k HelEee] AZlE marginol 2kl
dtal, SVM St Al marging Hhdlehs WFez Sh5o]

; Rk kg



AA dolHE Molzta & wf, 23U A (2-3)°0%2 Fd 5 3,

ZF HlolH & 4 (2-4) & W& oF dtt}(Widodo & Yang, 2007).

M

yif () = yiwTx;+b) =1 fori=12,..,.M (2-4)

SVMelA A E whdl (soft margin)<> F#kd AR #e &3]
TRete EWol EASHA] ¢E W, evFE dEstw WS
A o)Et= WA O 2 (Cortes & Vapnik, 1995) margin® Z25E eEF3

o8 7tx] AelE 5ok =88 W (slack variable) § & =44

LEFE slEete 2MHES A9 F F Atk §& EYst EA%TE
2 (2-5)E HgE 5 Utk
M
o1 | |2+Cz
mimnimize — ||W i
Al ' 161 (2-5)
1=

gssts Ad EYs AHEE Qv AE EEE HOlEHE HE
Ao w gt WA oRE olF ol HAY FFE TIE + Utk

2+ =welAeE SVM F 7P st Ad EY 2Rl linear
WAS Ada] Ay EHAESS] A vluE g8 ARSIt Esh

SVM= 7|24 or ofx 75 37| wie K/ Sdsel sl

=
=
1o,
w
<
=
o
0%
oX
_0|L
=
_0|L
i
1o,
il
Ay
[
i
~
i)
QL
k1
%
ofl
iy
Ay

>,
)
=3
o

a-:'n-! _CI:I_ 1_]| '-'f;]_ T_III_



lojgt st vz FdA #pEs 0°® 7Hgsta SVMS AA s
one—against—all 4] (Franc & Hlavac, 2002)< &3ch([21¥

2-5D).

Binary classification One-against-all classification

| | 0% <
A A
R | 8

o © 0 © ™~_

00 oo |

(29 2-5] o]AEHF 9 one—against—all ¥4 SVM

" A& et



2.3.2 AHEZHAE

dY EdiE dueFe A9 dAdy EdE AYRF 2
AR E oA A5 #e] Hrs olgd ERE TN INE
71AIsHE W dFola (Biau & Scornet, 2016) /MEE+ [1#H
2-6] ¥ #Zoh

Decision tree-1 Decision tree-2 Decision tree-n
Result-1 Result-2 Result-n
| Majority voting / Averaging |
[2¥ 2-6] AHEHXE JIE=

Aad xHAE daudgdsEs PAHEAUY Rde gl
B2 2t (overfit) wAIE MAT F Qv REE vds AHES T
AR UFE wtEa A7l stEdHlolE e FHE 585k
AL 5= k219l FEAEH A (bootstrapping) W4 & o] g3l
grEdolH el Fdst dolg A7]E 7HA= sF9 A& (subsample) &
Wt 7b Bkel AEY 54e Y= AAE diEd uRs
st SEAT 1 & 2 Ay uRed  Ans

39
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F3F(aggregate) 314 2ES AASHA Ho}(Livingston, 2005). wkeF
sk 7fe] JAFAAUTRE shGekAl ®ohd o= wittkst
o8 QAHEAAYUF d3E F3sk WS AREE s nds 5

+ gk

0 S gk



B AT daugFo] 71E A7 Xu et al (2022) 9] &L
Hlal MAdE A gAstr] fa 22 HAEAC g&) V& ¢a
Hw g sttt g dugsS MAE A4, =4 B4 58 F
Aol EHHAZ wWEsty] wEe o HAF F oFr HAshd
A g A9E JHgsty Ass v¥uda, &

A& % (accuracy) & 7=l 2 FH7M

2.4.2 B7HA %

B ATt 47h Qs 274K RRRDS ALgaT] wel

& 8/le] ATt AAEEA "o ol5Y Ass Hlwshr] s

PR 7 Hedt. gEAQl HUMAEE YU X (precision),

d

A& & (recall), &% (accuracy), Fl-score’} Q¢ o= ZFd~
- (multi class classification) Al AF&-¥:= Fl-—score micro,
macro, weighted average”} £#}3}al ©] T weighted average F1-—
scoretx= Z} F 2o 3] Fl-scored AASE & A dolE & F
7y FE 2ol &3k dlole S (support) & HES wal Od glo=
ol F7F 29 o AMgHEY. [ 2-2]1F <& o AWsid,
3l ¥+ class bE 7|02 TP(true positive), TN (true negative),

FN (false negative) = X A]St Zlo|t}

41 x;rh_'! _CI:I_ 1_-_]
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[Z 2—-2] weighted average F1—score AAF o] A]

Predicted class
Classes a b C d Support
a TN FP TN TN Ng
) b FN TP FN FN ny
é c TN FP TN TN ne
:% d TN FP TN TN ng
<

o A 2-7= T dE%, 4

2-8)& Tl AdEs 7 F

2-9)°] Ysl Fl-scoreEs T+ 4 St} &%

N4dE e A2 kol disll ¥kEskA "o S kol tid Fl-
SCOl”e—EE‘ Flk E]- é}i’ 7—']— Flk 0ﬂ EH?J: H]%% Wi = total numT;I:er of data
s o, 2 (2-10)° ¢]& weighted average Fl-—score®E & <
pa=
p _ TP + TN 2-6)
CoUracY = TP Y FEN + FP + FN -
P ision = i 2-7
recision = TP + FP (2-7)
Recall = i 2-8
= TPYFEN (2-8)
F1 — 2 x Precision X Recall 2.9
score = Precision + Recall (2-9)
weighted average F1 — score = Z(Flk X Wy) (2-10)

42 N



3. 49 #8§ 9 A2

3.1 A&7

A¥ 7 OS(Operation System)+ “Ubuntu 18.04.3 LTS” ,

2 E 7= NVIDIA GeForce GTX 1080 Ti, Python A& 3.7%
Al S At Gloves: T3 3 UHld S 31387 a8l Patel et

al. (2018)0] A|l&3t 3 7)1x 9} glove.6B.100 2dE o]&3 1, BERT,

RoBERTa, SBERTE: tjekst  <ojxdl t

o

Al

ok
off
rlr
[k

IZAEO

= =1

&) 7] #) o] A (huggingface) P A A &at= RdS A}

ofo
3%
o

15 https://huggingface.co/
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[32 3—1] GeoAnQuEaA A4S &3l E&3 w444
A4zt gy WS

2] % 3] 0
gloJElHo] A~ 22 —> &A% 3] 2
£4x3 > AL A V¥ F¥ 5
£ %3 —> Overlay 94t 6
£ %3] —> Buffer 994F —> Overlay 914b 8
dloJe o]~ 22 —> £A4x3]-> AgF3t TA 71¥ F3 11
H4x3 —> HEYA Azt —>A% Fg 13
&M %3] —> Overlay AAl—->Z3 Fg 14
£z -> dnksl —>A 3t A 71 T 15
£ %3] —> Overlay dAt—> A8l &3F 54 719 3 16
HAx3 > AevEY 54 > HA X3 18
gojEjHo] A ZZ —> £AF3] —> Buffer 94F —> Overlay 19
ALt
X %3] —> Buffer 44+ —> Overlay &4 —> ol g 21
gojEjo] A & —> £AZF3] —> Overlay 94F —> H|o]H 27
G
tlo] Ef ujo] A —> Overlay AAF—> &4k —> dlolg 28
7 2]
ble 1E1‘3ﬂ°]’\ Z&=> £ %3] -> Overlay AAb—>#2] 33t 32
A 7™ 733
&z > AWEFY 4 —> £4A4 > dojg #Ag 33
YEYA AAF —> dlo]g Fal—> Buffer A4t —> Overlay 9AF 39
=> dlolE] A
H4x3 —> HESA A —> FUAg Aol -> dHolH 42
Ag—> Overlay €A
AgAq > FHA AN —> dolEl A —> Holy F 44
W3l —> Overlay 4F
A FF A 71 78 > A Al > oy #HeE —> 46
golg 2 W3 —> Overlay At
£ 23| -S>UEYT Ax —> FHATAlA —> dlolH 50
#A2l—> Overlay AAF->dHolg ]
HAZ3>UEYD Ak —> dHolH A2 ->UEYD Ax-> 53

Sy Ay Aol ->HolE FHy—> Overlay Ak
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AL A oAFUE T Hojy F
tlolg (Z35 2 3L A v Eojd A F)

11 25(+14)
11 44 (+33)
13 22(+9)
6 20(+14)
30 62(+32)
5 6(+1)

7 25(+18)
11 27(+16)
6 21(+15)
5 11(+6)
12 31(+19)
5 12(+7)
7 17(+10)
7 31(+24)
8 30(+22)
4 6(+2)

4 10(+6)
6 8(+2)

4 9(+5)

4 13(+9)
7 29(+22)
9 17(+8)
6 17(+11)
227 494 (+267)
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Damodaran (2021)°¢] Aetst ddojrds Apgsd  oFEF+S

i

HYROR v W, dolg Foolz uhpi WA, oeg wh
o]

WA gol EAlG] doluA Bk ma dY wHe wolE aEAw
s 540 Slok 2 S AolA o3 FAoE [E 3-3]°lA
918 5 lvh
[ 3-3] o3& # Ao oA
ZHhA AZ S =)

0 What is the land use in the Happy valley resort?

0 tell me the use of land in the happy valley resort

9 What is the cervix cancer mortality rate of white women in each city in the

western USA from 1970 to 1994°?
9 show the cervix cancer mortality rates of white females for each city in the
western us from 1970 to 1994

6 Which areas in Houston are not classified as flood plains?

6 which areas in houston are not flood plains?

14 What are the land use inside the flood zones in Oleander?

14 list the uses of land in the flood zone of oleander

15 What are weighted average coordinates of bank branches in

Oleander?
15 give me weighted average coordinates of the branches of oleander
bank
16 What is the weighted coordinate average of library patrons for each
district in Oleander
16 calculate the weighted coordinate average of library patrons for
each district in oleander
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24 Qo] b4 ofIME 2 eMPe s Fud doly

MEZE AF4 MEY (stratified sampling) WAl & o] &3l 53 HAE

g5k dolH AER Uirs WAo® B Aol ARES dHolH
AE= ol Ewdo] Hal APAE% (random sampling) = A1
Al 5 FdAe EE dHolEZE SEUolHE EREHol HAEES
Ay 4 gl A7 B8] el ASA AEREAS AR

AZH BEY PN A3 325709 Selole

dHlE o Ao Edo] w2t uE  #HE A (vector
dimension) & ZtAl #th. 2 AFel|A = Glove, BERT, RoBERTa,
SBERTE o]&38 dHld= w3, sid 2o odud A2 242
100, 768, 768, 768°]t}. o] & GloveE ©]§3 ‘what areas are not
wetlands in houston’ #h+= & YD AHE (% 3-4]15 T30

g 5 9.
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[32 3—4] Gloveo| &

Al A7 (=27]:100)

‘what areas are not wetlands in houston’

—0.0434770, 0.0325313, 0.0720024, —0.0506995, 0.0121384,
0.0109590, —0.0280939, 0.0576082, —0.0096959, —-0.0118115,
—0.0232287, —0.0395202, 0.0636854, —0.0257063, —0.0095234,
—0.0745400, 0.0480692, 0.0644448, —0.0936422, 0.0570374,
0.0204296, 0.0584049, 0.0627301, 0.0204027, —-0.0112105,
—0.0204238, 0.0106391, —0.0865625, —0.0700105, —-0.0165072,
0.0007625, 0.0183587, 0.0282352, 0.0338914, —0.0015282,
0.0228518, 0.0103286, 0.0803609, —0.0284651, —-0.0121807,
—0.0588501, —-0.0617917, —0.0156630, —0.0355193, 0.0279047,
0.0161853, 0.0532929, —0.0333124, —0.0187346, —0.1249969,
0.0016099, —0.0158532, 0.0166877, 0.1239255, —0.0261837,
—-0.3320132, 0.0410837, —0.1080591, 0.2612525, 0.1055176,
—0.1051268, 0.1524288, 0.0026136, —0.0084181, 0.1710316,
0.0126081, 0.1062805, 0.0306764, 0.0308606, —0.0380624,
—0.0144943, —0.0571105, —0.0211613, —0.0540755, 0.0280905,
—0.0530129, 0.0059179, 0.0260564, —0.12745886, 0.0298583,
0.0905459, —0.0014158, —0.1305073, 0.0673642, —-0.1942515,
0.0005768,  0.0269813, —0.0280566, —0.0302671, —0.0186793,
~0.0031148, —0.0624604, —0.0455469,  0.0085596, —0.1186768,
0.0689448, —0.0556519, —0.0543895,  0.0799255,  0.0446410
50
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3.4 4843 &4

3.4.171Ed+ dudE A48 2y

Xu et al (2022)°] A<tst dyg|ES HAEINE Ay e

ATelA ‘what' , ‘where’ T HEolE VIFlx 1AES IV
o)L, EI AFAR mEE AWE gAsHA Xee A=
Aok HAER ARESE 16971 A9 5 127] doe &L7=2, 1 9
Ao disire AWes Az gxskA Xl EAEAE W 5

AATH([28 3-3]). waba, o3 wEx Hdog¥at ofygt w3

LR AsE Ao diEsiAE g daEFol HAEshA Xt

o

e cape peninsula have an annual amount of snowfall more than 1688 millineters?
ape peninsula have an annual rainfall of less than 1008 millimeters?

what regions of cape peninsula have an annual rainfall of less than 1898 millimeters?

have temperatures in celsius less than @ degrees

which objectd are within efine® of nearest objectl from current location in oleander

(b) A8 FA Aofg A9

I

[18 3-3] Xu ef al. (2022)¢] <= AL A

1o

02

A 2t 8

1V



3.4.2 RdA 5 Hlw

zb g W
3-51¢ #Zt. Glove e [X
RoBERTa %< [3& 3-10],
sheler &+ Atk SVM H

SBERT &< [&

§243 o5 VIAgEEA e ol B dde [

3-111S E3l

WG ZHAEA SBERT, Glove, BERT,

RoBERTaE ©]&3 dvid £HZ £ AeS HoFE 2S Fag

4 Qlt}. o] SBERTZF #3¢ 29]n)

g S o] g4

= 2 yed A9z = 5 U,

AeHlns - Adel AT

dulgel g FFEE T SVM

SVM Random Forest
(Weighted avg F1 / (Weighted avg F1 /
Accuracy) Accuracy)
RoBERTa 0.703/0.710 0.502/0.527
BERT 0.843/ 0.858 0.675/0.705
Glove 0.914/0.923 0.862/0.882
SBERT 0.925/0.935 0.888 / 0.899
Zy Z o] st o3HE H Y Y A gst o9

SBERTS®} GloveZl <



A5 %
pAKe) A
2 27 & IGLOVE | BERT | RoBERTa | SBERT

show some areas in
houston that are not
considered green
belts?

which are not green
belt areas in houston?

list the areas in
amsterdam within
1000 meters of the 3 8 8 16 8
major transport
routes?

what areas are within
1000 meters of the
major transport routes
in amsterdam?

tell me the weighted
average coordinates of
bank branches in
oleander

15 15 15 15 15

what is the average

weighted coordinates

of bank branches in
oleander?

15 15 15 15 15

tell me the number of
elderly people in each
neighborhood of
amsterdam?

27 27 27 27 27
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A5 %
GLOVE | BERT | RoBERTa | SBERT

29 AA g

what is the number of
elderly people for each

neighborhood in 27 27 27 27 27
amsterdam?
tell me the density of
cycling destinations in 39 39 9 0 39

the metro vancouver
region of canada?
tell me the point
density of cycling
destinations in the 32 32 2 2 32
metro vancouver
region in canada?

tell me the population
density in california?
what is population
density in california?
AL REAE BAHE AC AHEE oME a9 544

= =

2 Y dE = “which houses have
construction year between 1990 and 2000 in utrecht” @+ 342
oW Agl¥z Bddake] dFsA|w Glove, BERT, RoBERTa,

SBERTE 717} 214,142 EXHHEAE 9SFA([E 3-7]). 0WH

geojgk 4 Qlvh webA Glovest SBERTE &3l =&d 2ddAats
el 0w olYxwr oWy 7} Akl oW BAAEAE
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A7) wZol 149l vl sl s Az A = QU

29 AA g
GLOVE | BERT | RoBERTa | SBERT

which houses have

construction year

between 1990 and
2000 in utrecht

show the auto
accidents in tarrant 2 2 0 0 2
county in texas?

what is the euclidean
distance to the rivers
in crook, deschutes,
and jefferson county

what areas are not
conatined as green belt 6 6 6 6 6
areas in houston

what areas are within
2000 meters of the

| 8 8 8 8 ;
playgrounds in
oleander?
what is the
interpolated surface of 11 5 11 5 5

ozone concentration in
california

which are the two fire
stations nearest each 13 13 13 2 13
school in utrecht?

which land use
contains
meteorological stations
in netherlands

14 2 0 6 0

what is the central
feature of bank 15 15 15 15 15
branches in oleander
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29

AA %

A5 #%

GLOVE

BERT

RoBERTa | SBERT

what is the mean
center of the fire calls
for each alarm
territory in fort worth
in 2017

16

32

32

46

32

which park is the
biggest in utrecht?

18

18

18

18

18

what areas are within

two miles of urban land

use in loudoun county
in the us?

19

19

19

19

19

what houses are for
sale and within 0.5km
from the main roads in
utrecht

21

21

21

14

14

what is the number of
election votes for each
precinct in dallas?

27

27

tell me the average
rating of the street
pavement for each
borough in new york
city?

28

28

28

14

28

tell me the population
density in uk areas
below 300 a square
km?

33

33

33

what houses are less

than 30 square meters

and within 1km from
the nearest school
(from my current
location) in utrecht

39

39

39

39

39

which areas are within
60 minutes of the
airports in crook
deschutes and
jefferson counties?

42

42

which areas in spain
have altitudes between
700 and 2000 meters?

44

44

44

18

44

57
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AA %

A5 #%

GLOVE

BERT

RoBERTa

SBERT

which areas in spain
have temperatures in
celsius less than O
degrees

46

46

46

46

46

list the four fire
stations within 3
minutes of a fire in san
francisco?

50

50

13

14

50

which areas are
accessible within 3
minutes by car from
the nearest fire station
from my current
location in oleander?

53
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[32 3—8] Glove YHIY AFg FA4A% W3 confusion matrix

w2d EED

M

Random s47 1 & b o &6 © 0 & & 1 0 0 0 O © 6 O 0 © 0 O ©

FOl’eS'[ w-© @& 5 o 1 & & 0 1 06 O 0 O & 8 O 06 O 0 © 0 @ O

-0 @ o/F o o o 0 © © © © 0 0 G 0 0 0 O © 0 O ©
s
a0 o o o . o © o o o 0 o v 0 a0 0 o o o o o o
-0 1 1 © 0o 0 © 0 0 0 ©o O O 0 O O O O © O O O O
m-0 o o o o o8 o o o © o o 0 0 0 0 0 0 © O O O 50
2-0 0 o ©o 1 o o/& 0 0 ©o 0 © 0 0 O O O © © 0 O O
w-2 @ @ o o o o ol7 06 © © © 0 0 0 0 0 0 © O O O
4-5 1 0 o o o © 0 o 3 ©o © © 0 O 0 0 0 O © O O O s
-0 9 @ © o o o 1 o of@Mo o o 0 o © 0 0 © © O ©
250 0 0 0o oo 5 o 0 0 0 4 0 0 o o o o 0 0 o o
* - 100
%0 0 0 © 0o O © 2 0 © © O 4 0 0 O O O © O O O ©
50 9 o o o o o 0 0 o 0 o o n © o 0 0 0 0 0 a o
-0 o o o o o o o o o o o o 1/@lo o o o o o o o b
4-0 2 @ o o 8 ©o 0 0o © 0 © © o o 0o o o © o0 o o
-9 1 6 o 1 o o 0o o 6 © © © 0 0 O 1 O O © O O O
4-© 9 9 © © 0 © 8 0 © © © © © O © © 3 0 © © O © s0
-0 0 @ © 3 © © 0 0 © © O © © O O 0 O ©O © O O ©
§-° 0 @ © 1 o © 0 0o o6 © © @ © O O © O ©o 3 0 O ©
-0 o o o o 6 e 0 0 0 o0 o 0 0 8 0 0 o o oMo o 24
g-° @ @ ©o o © o 0 0o 06 © O © © O O O O O © O 6 O
a-0 o & o o o 6 0 o 6 © 6 o 6 8 0 O 0 0 © 0 0 6
I L Lo o0

SVM oi8 1 o o o o o @ o o z o o o o o o o © o b O O

nDGOD.DCOODCDUUOOOODOUOD
g-0 © © ©o 0 0 © @ 0 3 & 0 © 0 © 1 O O O 0 B O 0 s
2'090000000DHDODOOQOQQOOD
82-0 © o o o a © @ o © © &4 © o o B ©o 0 © o0 © b @
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3—9] BERT 9Hld AFE #2442 M3 confusion matrix

BERT

B2 wd) Ay
i - =
Random - 5 o 3 6 8 1 e 6 2 0 0 L 0 6 @ 8 6 6 0 4 0
200
6 o 0 © 0 2z o o 1 5 0 2 1 8 @ ©o © b 0 O 0
Forest n-o 1 fal e © 6 0 1 6 0o 0 0 o o o o 6 8 o o o o
v o0 4 © 1 0 0 0 0 0 0 @ 0 0 @ © © 0 0 O 0
s
5 o0 © 0 0 0o @ 0 0 0 8 0 0 0 © @ 0 0 4 0
- 11 0 © o 0 o © 0 5 0 9 0 o © © © ©® 0 O O
n- 0 oo o ol 0 0o 0 0o 1 0 o 0 o @ o o o o o 150
v o0 o o8 o o 0 0 0 @ 0 8 @ @ @ 0 0 O 0
- v o0 0 © o 0 8 0 0 b 0 8 O O O B B D 0D O O
- 10 e © o 0 0o 3 0o o o 8 o o @ o 8 o 0 @ o s
g0 0 o o8 o 0 o o o \:u © 0 0 s 0 0 6 5 0 0 o
i 0 oo oa © o 0 0o o o 3 0 ®© o 8 @ o o B 0 @ O
* 100
- o o0 o © o 1 0o o 0o v 4 o 0 8 @ o o b 0 a O
5 : 6 @ 6 o o 1 0 o o ofBlo o a o 8 o 0 a o
2 30 0 © 0 0 0 o 0 0 0 @[ 0 0 @ © 0 0 o 0
-7
- LI © 0 0 0o @ 0 0 0 8 0 0 O © @ 0 0 a 0
n- 2 1 e o o 0 0 0 0o 0 o o o o o 0 o oo @
B 5 0 © o 0 0 o 0 b 0 @ 0 6 @ 3 @ 0 0 o 0 -30
3- v o0 o 9 0 0 0 @ 0 ° 0 @ 0 8 @ @ @ 0 0 Q 0
%- v o0 0 ©® 0o 0 0o © 0 v 0 ® 0 B O ©O B 3 0 O O
-25
§- ) © o 0 o o o o o o o o a o o ofdla o
8- 1 0 0 © 0 0 0o o 0 » 0 1L 0 8 0 ©o © B 0 3 0
n- 0 o0 o © 9 0 0 8 0 o o O o o o o o8
| I A S T R S T T s . -a0
: 5 s LB oM 15 16 18 1 21 7 B R D M 2 M o4 0 W
Predeted
SVM
200
. ;o o o o o 0 a o o 0 0 b b 0 o b o o 8 o o
w-0 1 4 o 1 0 0 @ 1 @ 0 0 v 0o 0 ° 0D @ @ @ O o
o- 1 a s ¢ o 0 o o o o oo © o o 0 o 8 8 o o
s
-0 0 0 0 © o 9 @ o o » o ©® 0 0O 0 B O O @ @ 0O
-0 0 1 0 1 0 0 0 9 @ 0 0 0 0 0 0 0 4 @ @ G 0
2-0 0 a o of8l o o o o o o o 0 0o o 6 o o o o o
=-1 0 0 o o of# o o o B o © b O 0 B O 0 @ @ O
g-0 0 0 o o o 0 7 o 0 0 0 0 0 0 0 0 0 @ o o
e-0 0 0 o o 0 0 0 3 0 0 0 © 0 o o 0 0 0 o 0 25
3
[EREILL o o a 9 4 0 0 0 0 0 0 0 0 @ O 0
108
-0 0 a o @ o o 6 o o B 5 ® 0 0 0 B O 0 @ @ o0
R-0 2 a o e o o a o o o of@ o 0o 0o p o o @ o o
-0 0 a0 o ¢ o o a o o o o of@Mo 0o 0 o o o o o
15
-0 2z a o © o o 8 o o b o B O D O D O O @ o O
-0 0 2 o @ o o 6 o o 5 o ® 0 0 1 b 0 8 @ @ o
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-3
2-0 0 0 0 © o 9 o o @ ® o © 0o 0o 0o o o oMo o
§-0 0 a o © 1 o o o o b o B b D O D O O @ & o0
a-0 a o 6 o o a o o o o o o o o o o @ s
o 7z 3 e N ook W oo ae @ B oW o e 0
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¥ 3—-10] RoBERTa ¢Hd AME #2442} W3k confusion matrix

RoBERTa

Shi
S
3!
i3
i,
i)

10 2 ¢ 0 1 o © © o © @ 8 0 0 © O O 8 0 0 "
%-9 9 1 ® 1 © o © © 0o © 0 O @ O D O O @ © Q@ O O
m-9 1 o o 1 ofg o © 0o © 0 0 O © O O O O © O O O -
4-1 0 © ©® 2 © 0 4 © O 1 0 O @ O D O B O O 1 0 O
2-1 0 © 1 1 © o o 4 0 © 0 0 0 © O O O 0 © Q@ 0 ©
8- 2 o o 6 o o © o 2 © 6 © @ © O 6 O 8 ©0 & o @O 1
-9 1 0o © 1 o 0o o 2 of# o o o ©o D O B O © O 0 O
Mo 600000 -000 0000060060006 D
s ]
-9 0 © ® 1 © © © © O © 0 4 O © O O 1 O © O O O
-1 3 © © 2 © o © 1 0 1 0 ©o 3 o O 8 O O © O 0 O
-0 4 © © 0 © o © 1 0 © 0 D O 3 Db 0 © @ © @ O O
m-©® 0 © ® ©o ® O O O D B O D 2 0D D O B O O O 0 O
R-© 1 © © ©° © o © © O © 0 D 2 O D O O @ © @ O O

© © o © 0o © ©o © O 0 © 0 © 0 O ©O O zZ O O O © 1 -a

®R-° © © ® 0 © 0 © © O ® 0 O O O D O O O 0 O O 6
T T S T T T T S Co , o -0
6 8 11 13 14 15 16 18 19 21 27 28 | 33 W 42 M 4 0 5

Predicted

15
S\/\/ ©-<3 © 0 1 0 O © 2 © ©0 3 0 O O 0 0O 0 D O D O O O

u
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Abstract

Development of Machine Learning
Based Geographic Analysis
Workflow Transduction
T'echnique for Geographic
Questions with
Various Sentence Type

Heejin Chae
Department of Civil and Environment Engineering

The Graduate School

Seoul National University

Despite the advance of the question answering(QA), which
derives succinct and clear answers to questions from documents,
there is a lack of a system to answer questions related to geospatial
information, which increases by around 20% annually. The research
field emerged to solve this problem is named geographic QA. Geo—
analytical QA, a subfield of geographic QA, is a study to convert
geographic question into geospatial analysis workflow and find the
suitable tool and data to perform the analysis workflow. In order to
perform realistic Geo—analytic QA, questions with various sentence
type must be converted into geospatial analysis workflow. But it is
difficult to perform realistic Geo—analytical QA through the method
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proposed in the previous study because it is rule based approach that
fits into limited sentence type. Therefore, to perform realistic Geo—
analytical QA, this study proposes a method to convert geospatial
questions with various sentence type into geospatial analysis
workflow. In addition, in order to perform geospatial analysis, it is
important to understand the geospatial operators, so the derived
geospatial analysis workflow was set to include the geospatial
operators in order according to the analysis intention. In this study,
sentence classification techniques were applied to convert geospatial
questions into analysis workflow. To use sentence classification
techniques, it is necessary to select corpus, label corpus to create
datasets, embed questions in corpus to make datasets as input values
for classification models, and to learn classification models. The
GeoAnQu corpus, known to require various geospatial analysis
workflow, was selected and analyzed as the target corpus to derive
its own analysis workflow, and then a unique number was assigned
to the analysis workflows. Based on the unique number, the questions
appearing in the GeoAnQu corpus was labeled to secure a dataset,
and then paraphrase was performed to generate various sentence
types and increase the data size. After that, sentence embedding was
performed using Glove (global vectors), BERT (bidirectional encoder
presentations from transformers), RoBERTa(robustly optimized
BERT pre—training approaches) and SBERT (sentence—BERT) and
then those embeddings were used to learn random forest and linear

support vector machine (SVM) respectively. Finally, it was confirmed
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that the model that trained with SBERT sentence embedding in linear
SVM showed the highest performance, and the model was able to
convert geospatial questions with various sentence type into
geospatial analysis workflow. In addition, the limitations of the results

were analyzed and future research directions were presented.

Keywords : GeoQA, Geo—analytical QA, text classification,
geographic questions corpus, geospatial analysis workflow, sentence
embedding
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