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Abstract With the advancement of big data analysis, artificial intelligence, machine learning, etc.,
data analytics technology has developed to help with optimal decision-making. However, in certain
areas, the lack of data restricts the use of these techniques. For example, real estate related data
often have a long release cycle because of its recent release or being a non-liquid asset. In order
to overcome these limitations, we studied the scalability of the existing time series through the
TimeGAN model. A total of 45 time series related to weekly real estate data were collected within
the period of 2012 to 2021, and a total of 15 final time series were selected by considering the
correlation between the time series. As a result of data expansion through the TimeGAN model for
the 15 time series, it was found that the statistical distribution between the real data and the
extended data was similar through the PCA and t-SNE visualization algorithms.
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AFE 7ol A&HoE WHsHHA A3 Hold
(structured data)E cthFet 354 7|Ho| HEgoz
A ot oAE EAE S oR sfdstal Qo
fEAQl A E 41t 1(AlphaGo)7t Y=t ol =it
St dlo]E]E HAlHYd(machine learning) 0.2 AAR
SR5oto] HA9] oirERE T 4= Al EE®(modeling)
o] o] QitHl]l. &g AHIEE Hgo] F7FolHA
AE Wl S 5]= tlol8 ] &2 A F7Feka UL
AV EQTAH]A(social network service, O[3} SNS)7F
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0] AAZEOE o7kl QIoH2]. o3t H[HF Hlo]
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71H< ol&diA mlHE A&t A+ A7 St
I Q3] & BA0 F2 JAEAS B4 vl b
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£517] ofg A Utk E3] HolH Y 8 R
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Fig. 1. Training data points by type
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g&Z AAE 440 2A HIT AAE FEE A
A4 (Time-series Generative Adversarial
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olElo} Hl2: 4] Hold Glx)E BHNES B
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MinMazx,V(D,G) 1)
=E llogD(x)]

L~ Pdata(x)

+EZ~pzm[10g(17D(G(Z)))]

where, V(D,G) is value function, E is entropy, G is
generator, D is discriminator, x and z is discrete random

distribution
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Fig. 2. The basic structure of GAN

3.2 TimeGAN
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g d(embedding function), B &<recovery
function), A2 ABAl7|(sequence generator) 18]
A|E2 87 (sequence discriminator)® TA3ETh
Hg A2 A 37 ThEal Ao A o
T 31 WollAl Aot AA] HolE et AAdH TloleE
S5e B9l AR 7] YAAEE =ole FRoIth

321 QMY 2 =7 4

U 9 87 BHEL Hoh A2LE 5K o]

B A7 AghE 5 4= QI E gt Al(2)9A

Ay e e: 5% I, X—Hgx HtHX7]' AA 7

Z hghy p=els, X, 7)o st A2 4 X
o

S
2
=2 27 =M, 9 ¥ AFYE &

=

h5:65(5)7 htzex(hsvhtfp)(t) (2)



MY M4US 0183 REA A HOJE 44 wot 13

Ot} ey S—H= HH 7159 YT Aol
eyt HyX Hy X X—>Hy+= AZHE 7159 W
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Fig. 32 oA Aeh 9 459 a3 BAE o
1 910™ Fig. 4= o5 AES Hojsa Qe 4
A2 dloleY ¢XeF AuE U FAL 71871

of o Ang Uehuich

Reconstructions Classifications Unsupervised
ESx[L X ED.1] % ... Loss
Leam distribution
(S, X g ) directly
Latent Codes Supervised
€ Hs x [, Hi Loss
Leamn conditionals
P X|S. Xy q)

Reconstruction
Real Sequences Random Vectors Loss

- g X o Z
s nf ¥ €25 % nf L Provide Latent

Embedding Space

Fig. 3. Block Diagram[16]

B Xpy e, ¥s.JuT
o 9L
26, 90,
T . =
hg, hyr - hg. hyp
aln 9Ls A 9Ls 3Ly
a8, o0, 00, a0,
s, X Zs5.21.T

Fig. 4. Training Scheme[16]

4.1 A=

Table 1 ¥ 519] AFAES At Hoo}. F 45
7H9] AIAIG] disiA 201295 20219%71A] S T
= HolHE . sk Wget BEo) Q= /\]73"
dE2 diites F E B ¢ E HolHE0] tiE-Eo]
7] wizell AAG 7k dlole Al(data set SUsH]
Fleh = HE AT E5F oA A Re] TS
3l 5 18719] AALS] AA) HlolE et & lojezt
9 —*W TAE AHstr] gt 1AM Hlolg 9] A3}
P& FAsk] Yol & d7olA= PCA(Principal
Component Analysis)2} t-SNE(Stochastic Neighbor
Embedding)Z ARSSICY.
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Table 1. Experimental plan

Experimental

Factors Details

Time series to experiment Table 1. Reference

collection period 2012.05~2021.02

collection cycle Weekly
Visualization Algorithm PCA, T-SNE
Learning Methods TimeGAN

4.2 ZA0EN

AAL o] g ARt fIsiA 45719 #
A T AAY HlolEE SAstal Aol A
(resource) E&/43< 0|24} dlojg 79 ATLIAAE
ARG AREE AASE HIECE FFHOE A
ALY FFE Ast3=tl ol= Table 22 2t Fig.
55 45709 AAE 2E AHE 18712 AlAILGol o
S AAG 7] ABEAY] BEE AZERE 1™
ol 7l2 I A= Z¥7 45719} 18718 F9E AIAE
¥ gM(pixel)oll FHTAF Eotd4E Zg Mog
#Ho| HI ot A I9 ZL A= g2 FE
oA AALG 7+ AIBATE FobA FEAC] A% AlAl
Folghs AL At & 5 = v F 18712
9 st 179 A9l AAE Y] FAA A%
o] Aol IETE= FEA0A] Y= As I 5
Art.

Table 2. Final Time Series Data

Time Series Data Types

KOSPI Volume
US Bond 10y
Exchage Rate

Price Index

Lease Price Index

Trade Volume
Lease Volume WTI
Seoul Index CRB
Seoul Build Ups
Construction Index
KOSPI

Stock Customer Deposit

Baltic Dry

Bank Deposit
Stock Fund

Goldman Raw Material

TAAHR Hlo]e}o] 9ol Blojele] 54 W]
S HE U S 52 B4 dolHd geiE 4
oz BAs] WSt uep £ AgelAE sy
B2 AT DAL HoleE A2 4 9

PCA 3 T-SNE ¥ale|5s §3f 2 dlolEe] 4

ox M &
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=5 BH4stazt stk PCAS] Holl= o9 J=
£ fAGHEA HolH A¥E FHacke HAlolH,
t-SNE= A4 Ho[HE Ho® & o+ YT
tlole A Sadhs WAlE gttt ogtk -SNE
A1eE9 Holl= dolee 9 v oldwEe] ©
ole] 42 Igo] WQsty] wiEo] AlZst IAgolA
PCA Hr} AQATto] Aok @o] qlth

Fig. 6 Z+2 PCA9} t-SNE $118]|&2 E3jA] AA|
tlojelet & dlojE ko] BAAH s A3t 4
g HoF itk 7 3R Uy S5 Stglet
27K gaElE BF g 9 & gojg 7ol §ojgt
YA HoliL Ut} 53] t-SNEQ] 394 AH9le] 7
o= AA dlojeet &4 vlojE ] BAH Ei7t A
9] G2 AE RIS 4= k. & 19| Aol A
A dlo]E 2} TimeGANLS.Z A 71 dlojefzke] &
AH EXE AAH o JA £ 4 A vepd 1”8
o] AA dlolgjet 7H) dole9] B9 dA &7t =2
5 AA dolgE & didsty ke A& u]gitt.

Fig. 5. Correlation Between Time Series



HiY Y= 0188t

SEM AHE HOJE 44 wor 15

PCA plot t-SNE plot
Orriginal \ - ™ ] Original
- Synthetic 10 ST ., - %, Synthetic
b o -
. d 1 ee RS
o " % ‘ Q Wowm o g
Ly F RN 3
e 3 Fa ol § “i{‘
° .5 %
0.0 - we e >
oy A
L5 R }f qey
-0.1 [ ]
-10 L * .J:
-
v
-0.2 -15
04 -0z 0o 0.2 0.4 06 =20 -10 [ 10 20
60000 - Original 15 Original
Synthetic - .f" o _’# Synthetic
, ¥
40000 10
4 L9
e i\’ ® ™~ 5
20000 - g .
o Bt . .
ﬂ . . S )
0 s -
B+ o - A
20000 “ # 5 b : “ o~ “z ‘;k’;bﬁ-‘
) L =5 Sogpe. B2 '}
. it % -
~40000 .~ 4 :
3 C Mg
—60000 4 .
—200000 a 200000 400000 600000 -10 -5 o s 10 15 20
60000 2 Griginal Original # .
Synthetic 10 Synthetic \ P P
40000 : ] 2 "&.3' "
. . 2 a0 A & 5
: 1 AW, ¥
0 ot

20000 4 & t"g #
0 L ip 7 L 8

~40000 4

—60000

T ¥
=200000 o 200000 400000

Fig. 6. Experimental results with PCA and t-SNE
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GO0000
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