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S Bl doje] B35 Qe FHAHNE WY Aud 7] FadFo] b
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FE3 FAAT A 7ol MEHJL, AEZALE 58 18 AZ volH EAHA
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ABSTRACT

An activity-based model requires detailed population information to model individual travel behavior
in a disaggregated manner. The recent innovative approach developed deep generative models with
novel regularization terms that improves fidelity and diversity for population synthesis. Since the method
relies on measuring the distance between distribution boundaries of the sample data and the generated
sample, it is crucial to obtain well-defined continuous representation from the discretized dataset.
Therefore, we propose an improved entity embedding models to enhance the performance of the
regularization terms, which indirectly supports the synthesis in terms of feasible and diverse populations.
Our results show a 28.87% improvement in the F1 score compared to the baseline method.

Key words : Synthetic population, Entity embedding, Deep generative models, Activity based model
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5 7|%F 2 (activity-based Model)> 71912 8 &5 = &7& F53 SHIHE =&
o e

2L Fsl= 7]%_9_%, 71& 554

AN T4 84 EA4o] 715 THEEA S
, ABIAAANE 52 F71H o7 drgs = Al H A THCastiglione et al., 2015). 3 E@% ek &
Alel EH*J'X]-/] AA BT AT EA thg ARI B4 oz aFHARE AN FATFT
o] JHQl AEe] gt vlolE] o] EVFEItERE ME ATRAF A O A H o] AFS A AR
olEE 7|He R FAARATFE At 7IHEC] EEHIUTE 71EY PRV 22 HES AAE AT o)
o|Ele] FHEEE I (marginal distribution) &2 o] & FHIEE ¥ (bivariate marginal distribution)TH& 7%k
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Asch. = BEE wE £ 98 528 PHATE BF A P 2AEYS =53 947
Mgl slute] HBE, 27] Holele] FHEE ANSHA @ Aol A exh ARl wyy
L A3}E 2y 4 JYTH(Garrido et al., 2020). o]F =, A TR Al thtAl S HAZ 0 Z £
= Asol] 2 YL vIAA HE2 $3W AE dolEolE EASA BAW, A4 Aol EAste Hole
g bpee) ool A&HoR westh Jet AA) QT B
E J

A

QL

o

o HRE &R B
oA AA JAF B 2FF B/ IF 54 27 FEHS AP AR g5 AFE & ¢
ou=g 7]Ee] IHEAQ wd(discriminative model) & HITHOZE AR 3 EAZ It 18y
T AT ATE 58 AF YA ED(deep generative model) 7|HFS.E TloE Q] B E EXE
FAITE A FAFQ i Ee] pEESeH, AdE AT AME] AFE S =o17] A8
A dlolElg T8t

m

Sampling Zero Structural Zero

Yo \ ¢

General sample
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Generated
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Sample
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<Fig. 1> Conceptual data types of the generated samples

ARRES B =29 AT AAZS Uuk FE(general sample), 2= F E(missing sample), MZH A2

1) IPF : Iterative Proportional Fitting
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<Fig. 2> Conceptual data types of the generated samples

o) BAE ABHOE wole BI JH WA A AT HolEsh AT AT HoE B ek
oZM Y% AAAAG. AE HolHE A AT HolE Yol EAsHE Hloleolm, 1 Holg BE} A
2 AR PHE ol FES A4 A FUE WoHYS AT F Utk ol AP FEA A2
LA AT BE GGt 4P W Al AXsn AEY AZE FUHOE Ahe Al AXT 2
0% 4T & 9ow. 1 AYE HFHOR 24T 5 Arkd A4 EAY g WA HE Bu} A
Z dlojge] BEol UF BofAA RS 25 BS 215, A dolHe BLE SPo A
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T ATt g WA HH9 #FE o|FE TF 7oA E =F8HAUTHKIm and Bansal, 2023).
<Fig. 2>9} o] AE doJE BX % Y(sample distribution)> ] AlxkS Hgt £l v & Ay,
2R AAYE T2 golesl Ha ADE AslE AL AXNE Ao R olsd <= 9t} oju]
Aol Ao 93t 275 oF EA Hu M=y golHz FAse] gorng AYAoT By o
AoJetH o|4hy FZH(discrete space)= O] FAl Hol, A F4 HA | deIE sl WEE AZY 727
A2 g 1-'550] 71538ttt old utet HEsld dolHE A4% ¥ continuous space) &2 H 35}
EALTE AL Ao FAEAT APRD Heo] FE T des BAAR, AEA AoE dHolH &
T2 AR A old FIFE VXA FEG ATV FHEHA G4t A B AT
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1. M8 J[d SHM0IT Y dot

A} frAfsith ol MFPOR
} A (scalability) & A3 W72
A3 = st HgetA A
= Zo|BE, 57w Bdo] AgEy IS Fole BFHeln EAFY Aot Y EA=
% g AHZE EAlEt O a8 S dEST
(Xu and Veeramachaneni, 2018). 7]& W23 Hn S of AT YA 75,%'3]-09\% el F8 A
2do] A BASAHA AE HlolE sh=
tlolEl & AAathe Aotk webAd FE dlo|e o] Fxeot 7P 2 IA|ste ME tlolEE AT ¥l o}
Yel AA 23] 24 ¢ AR #ASHA @ FEE AT F Ut olgd o]HEs %%3}0:1 %%
79k 2 AES 9% A-F FARE AT Y 24 z
7134 (robustness)> o1& HlolE MEE AMEsH A5 A7 (Borysov et al, 2019; Aemmer and MacKenzie,
2022)5 Gl W& AEE & tlolH AEdE A BT AYE AL F S KAtk =3, e
WHEC] RSty s 1Al AR & onE 717l 3
,,,lt 22 Wasserstein GAN©| A1 Ao 71 A
TE2RE FEATY FESF EAS A= d 9 do] $54E HojA stov, Agstar
hf?} FES A 8l o5& FESoF Stk A A o] o2 A=Ak kA FHA]
= B3l 724 ARE Aoshe Wto] AAEHJ oY YRSl o go] EAEt] AL E AAH
%3k olgfd EAY E97EN AAELERYH =59 HolHE TRty MEHY 72 AEE
Hale 2L Asl fo7F ALEAL, 723 AR AAES JAS] At £4Tre 4EH A=
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2) GAN : Generative Adversarial Network
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S f=3t7] $18 £A4gEE 2 Aok F A AK(Generator) 2] =480 Frlsle EAE AT
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L3 3
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47 Pros BEW H AHE BLY AYE ZYstol HEY A T2H AZY YHE FE}T o
A WetoR THHYonE Foif Bx Jo ol wet A Gaprth

2. A AHIE F& 7Y
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Ak o] ] (Natural language processing), ©]’3% &A|(Anomaly detection) 5-2] Eofol|l A= To] T2 oHIE
Soll thet RO & FH3] AT T 7IHER LA B3PS Folal HlolEle] fon|d
BHBAE St HolEE Rdse 321 7R E0] AlAIE AT (Hancock and Khoshgoftaar, 2020). 7}
2 dE 7o E A HolHE 09 19 i3 YA FiEE o)zl WEE WHilee A o

2 23 9179 (One-hot encoding)el Yk, 1713 HolElzt wAUH o8 HHH | thitme] WFE
o gl Atol AYHA G A BAE elskA) Rehne gusae] BAL B oed Ha
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Y (sparse representation) 2] THAIH-S H43SH7] 8] HAHE AWy 71H-S EE7Hd(distributional hypothesis)
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4702 2P BH oje dolgsl ojuld wASh FAYE hESA Ak =@ F2E QS ¢
A

S AT 5 249 S WA T2 AR o] HAsME AoR o ol w
gt 7]1E dAFolAE Ado] A RekellA dE Ae&d dud 71 F el BERTIS ARAEE
(pre-training) 8 3 MLM4-S A Ei3te] to|E]& HESIATE (Kim et al, 2022). °]&= S FA TS 18
3 tlolEzte] ou]E Fetat= Zo] obd, HolEle] widS BT 3 PFO R HolE 54 o] B
£ T} ¢th(Devlin et al., 2018). WEhA] HoE|9] &4 2FHe nfxF] 7o g Y& 7H FHofl 7123l glo]
H £4& d3ste 2E& 7N R AYEE S35 AH5S WristAl |k old wet I §A e #
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= 4 =
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o

3) BERT : Bidirectional Encoder Representations from Transformers
4) MLM : Masked Language Model
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1. HOIEX 75 Ie U M8 7t

B4 tgAs BAgl0l AT AT dolEe] B £HEe AUHOE ISR YHE ATER
dolel A% td 43 sHYol BRsh B AFIME UAOE FAENS A NEARE B
£ ATEAANZAE o2 ATE SASHT KIDBOIA AFTIZ $03 A2 20169E % 1
CIEHE SRS OIF 2D 44 7R hs] 4T dAoleis 48 FAT ol s,
7 5% AF delHE WIS FEH] A £ 4T 2

Nl
o
)4
5
oy
lo
g
o]

APA 7S AE AT HolHE ke R ¥ E RS =4
75} vimetel ATl A8AH PR S4ach Wk YR A4 179 FAHES B4
TE AT, Aol srta Aty A ETvt 2l E4E 3 4 AN S A
HolHE A Rde 5o AT H Al JAFrg FEUTE AHESt Fa95E £S5 AUk
AREDE T3 228 FEUTY AT EAX ARE 25 HF(categorica)d Hlo|HE FAHHET 2 A
ToAE QT 54 R BHYS AUFOE FAA7Y] As ATERYBEANA T2 F5d AT
54 AR BESAOD, & ATNN B HolE THL <Tuble 157 Ltk o] Bt F 137 AT
EA T 22581709 QAT AE HolHE 7o g F 45161399 AAl TS AAHNEE A9EAF S 75
st
<Table 1> The composition of the household travel survey(HTS) dataset
Attributes Category Percentage (%) Categoty Percentage (%)
Age [0,10) 4.06 [50,55) 821
Age [10,15) 5.09 [55,60) 9.05
Age [15,20) 6 [60,65) 7.14
Age [20,25) 4.52 [65,70) 5.98
Age [25,30) 5.46 [70,75) 4.89
Age [30,35) 7.12 [75,80) 433
Age [35,40) 8.51 [80,85) 242
Age [40,45) 7.68 85 0.96
Age [45,50) 8.57 -
Driver’s License Yes 58 No 42
Gender Male 4991 Female 50.09
Person number 1 person 4323 4™ person 7.74
Person number 2" person 30.27 5™ person 1.19
Person number 3" person 17.58 -

5) KTDB : 57}al% dlo]Ejuo] 2, Korea Transport DataBase

22 DIRTSYR| =20 227, M62(2023H 129)



NE 4Y2Y Tl BN 4N N5 BAS SIS A YT BT
Attributes Category Percentage (%) Categoty Percentage (%)
Student types Preschool 0.97 Univ./ Graduate school 391
Student types Elementary school 6.15 None 81.78
Student types Middle / High school 72 - -
Working types Professional 323 Laborers 9.74
Working types Service 9.3 Housewife 15.28
Working types Sales 9.56 Non-workers / Students 27.62
Working types Office worker / Manager 16.41 Others 1.92
Working types Agriculture / fisheries 6.95 - -
Household income < 1 million (KRW) 10.68 3 - 5 million (KRW) 35.39
Household income 1 - 2 million (KRW) 13.83 > 5 million (KRW) 19.34
Household income 2 - 3 million (KRW) 20.77 - -
Household income Apartment 53.15 Single house 29.41
Household income Villa 9.717 Dual purpose house 0.75
Household income multi-household 6.47 Others 0.45
Resident region Region 1 1.97 Region 10 0.33
Resident region Region 2 28.48 Region 11 2.12
Resident region Region 3 4.33 Region 12 8.6
Resident region Region 4 4.57 Region 13 246
Resident region Region 5 2.83 Region 14 0.88
Resident region Region 6 4.17 Region 15 1.4
Resident region Region 7 3.36 Region 16 4.98
Resident region Region 8 7.38 Region 17 351
Resident region Region 9 18.64 - -
Household relationship house owner 43.16 Parents 2.6
Household relationship Spouse 25.95 Others 1.95
Household relationship Children 26.34 - -
@y .
3 dist L1 istXo X)) = (X=X pmm s
o . DlSt(Xl X) = (Xl X) ”f ~:,§\
I - ’ 1
l___J'(O,O) : . / ,’_,’ s\\ ”, "
I [ ] I Y S= v
i ! H /
H G i I e I
i enerated samples H ’ ® \
I (within the boundary = distance 0) ! -7 MNemn
i ° i I/ Generated samples \
i H [ (within the boundary = distance 0) J
1 ® ® : \ ® ol
! 1 AN ® __---
1 1 ~o -~
1 1 ~s 4
1 1 ~ \
: === o )
e e i .
1 dist e’

<Fig. 3> Distance measure in the discrete space

<Fig. 4> Distance measure in the continuous space
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2 AFoA e AT AE dolHe BExe AA B AT vlolH e 2 99 ol X, & |
7HJ_ R 01]/‘0}@‘4 TS o]d AT JHdT) o] AERDT FRE ARE
2= 7HA RSk F2A AZe WA HAE AL
J eHE 528 F UEE Addte E4TTE A
2o CO‘O}‘ﬁﬂ-(Knn et al, 2022). ojf] YRR S F3) EEH = FE dojEY A= HolE Ex
g3te] ATt FAASE AR ook s, BX FHd i3l o]4+e FZH(discrete space) S A&H
(continuous space) 2.2 Ao E|=X]ol| wtel A7l ALY Zol7F EAEA Ht AR o]4hy
7% <Fig. 3>3} o] 1= FE o] tolHE siAd 4 glon, volE X I3 AR EE Ho]
agEe] 33 Ho 2 BlE ¢ Utk T FHolA Y A ALk 23k FRel A 9] oA &} o
3 A ©ej o] AR E ALtET, £E tlolErt B el 23E F e HA AYE ‘%—Hf&
oJ4HY FXHE <Fig. 4> 2ol A4 THed )T EA HYE WelA AlekE =1 flo] £4
Ao 4 lom, Holy FEY *?'IZ] E HAY oA AREA AEETh g B '3] °o|H
is Z £ Akl A1) 2ol fZ8l= Al (Buclidean distance) =
T AMEPY 724 AR FES o4y FURY 4SS A5 FES
5 9 eSS FAATF AT AE AA AT dolEe BX d9& ¢
oJg o] o&ste] HolHE SRR B g Rdy #go] a7 wEhA
tlolE o A&A 3t WSt AAL 43e] 3% vt glon, AARES i =% & HlolH
(generated samples)®] &2 YA <Fig. 5>9] S A9 o] =8 TX AL 7|WO R S5 A Al
4% 724 AR FARE YHORE ojojd & ok Ty AojH H]O]Fﬂ X g9l thgk Aol @
Al dANAE B7MsslEE, WY tlolele] om & &
e A4 Fhe AT A S
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Dist(Xi,Xj) — \/()(zi Xj)2 .......................................................................................................... (1)

Where, X; and X; is the two different continuous vectors

Well-defined Embedded Space Distorted Embedded Space

Sampling zero

= Distribution boundary of

Sampling zero X
sampling data

= = Distribution boundary of
generated samples

= = Distribution boundary of
true population

<Fig. 5> The hypothesis on the miss construction of the continuous embedding space
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Where, C : The number of categorical attributes

E; : The embedding weight matrix for the j-th attribute

X,ne not © The one-hot encoded representation of the sample dataset
X,

continuous

: The continuous representation of the sample dataset
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<Fig. 6> Entity embedding for converting the discrete distribution boundary to a continuous
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AT BEE A AF AHEDL Foj7 AE HolEE 7o g AFTEF E(joint probability
distribution) & FA3t7] A8l g5shH, WA Bd F2E <Fig 7> 2T o) AT AwE EA4S
7?@3}3 740] 0}‘4 A EH%Z] I 1T 58S AR E Blo] T8 FHo|BR A T &4t

EAsts FAATE TS e Ao T8 Eﬂo]q dAEAF
GANS E]-Ok?ﬂ- A ED] 18 F Implicit generative model 2 F-F5™ Fo17 HojEle] & B¥XE 10

2 Tg5E F e BEE wEo] v Zo] F8 4ot deiy WEA pot AR ¢F & Vi‘}ii s

5 SFAE o, g5 P88 SHAA TF EMAsIAY o dijste A9t i, HEE 3 AN b
°]E1«] &4 23] vl Bty slAsithd AAl AeE 2ol A /I B4 AEE FASt=A o
o] 2AT F Arh weA oY ZAE HAs] A8l shse] M-S BASHAL thekstal 37 b
o] AAo] 7153t Wasserstein GAN(WGAN)S x| elste] Al Ao 2z %3}%11’/}(Goodfcllow et al,
2014; Gulrajani et al., 2017). =3+ 2] (3)3E 2] (5)77}zl EHE vl o] 7182 GAN Zd-& Min-Max &

1EE Ao B £HT uf, FH& US AR FY51r] ) 4 (6)9F 2] Gradient penaltyE 283+
WGANS &40+ S f% md= ﬁléfﬂ'ﬂ'.

0

mGi“mf;‘XXN,%,<X>[log(D(Xm +ZJ§G(Z)[108(1*D(G(2)))} ..................................................... 3)

5= 8 D)4 D) o @
B s
Lep= _A[<|VED(1)| _ 1)2] ..................................................................................................... ©6)
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Where, m : The size of the mini-batch from the training dataset
z : The random noise distribution
X, : The weighted average data of the generated data X; and real data X;

o]% 9o ANERS 7|Rte 2 MEY 9 724 AZE FE] AT As SATTE H FH 7]
Fo| AT A A E FoAste YR 4G ol| FUksHA A WA F2F AZRE H4s)
stz %k Aqtslt A= A ()3 2ol Ry, (boundary distance regularization) &2 o3ty A REZ
5 BHo| 7|& BX YYo= HojH xooto] A9} HoixA YT Aste] FIAH S &2
WE 2ZE HUgslr] A At S48 E A 8)9F 2ol Ry, (average distance regularization) =

H, 348 FEEY Hd AV 71E EX 499 HAAEE FEFOEN MEY A28 ojygt 4
5 FE8Y MR fr=ste] s stk e B3t SATTES AR Fold 54& 71 43S
o Od 3

TolAE ol AFE Farste] & Hojw Harsh Ao i

P

7t A4S FAYY gEkA o9 g= 27 059 0.0052 AAFH AT, A
Ardo F&EA%rE 74 99 L 2ol HoEthKim and Bansal, 2023).

RBD()A(,X‘S) — 1 min (Dzst()}],)(f)) ............................................................................ @)
m j=1i€1:Nj<E1l:m
m N
1 .
RAD_ = DL&t(X;“X;S) ..................................................................................................... (8)
m i=i=1

Update the
Batch Generated Discriminator Lp + Lgp

Gaussian Noise Sample £ | Jj======

1
Sample Data A | | Discriminator | Real or
I‘ (Critic) | Fake

o L
Individual + ............................................. Batch Real Sample X ¢
Attributes
*
( Rap: Boundary distance regularization Rap: Average distance regularization
Fm———— e ———— q
--------- S S —

== Regularization|

| 1
1 ) i
i m | 1
i i Embedding i ) eS— . :
1 Model 1 1
1 ’ !
[ 1
i 1

HAFH o7 YA FAATE A kA SHolA AA QT HolE9 Aee nusiA P o
Q1 FHE-EF E(marginal distirbution)®] 75 #2412 W do]E 9] A7)
£ =

o] o]FojAH, 54 1T 54 HlHE R oz YIS
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7be/do] EAStER G of fof Athe] Brbesitt miets miled E7F A WHAER FE AR
H+e AU X (precision)$} A H E(recall) S =Q3t] AA A4 vHE AAHE FHATY H5E HIEIA
ok oolwf AYEE A (1003 2ol A 17 wloly v /AT HolH 9 7 S 29 HlEe BHst
T, AR W A (1D 2o] FAHAT Elole tul AA| AF vl AT 54 =T v B9
gty HEAow FUwe} AJHES BT weidoF FEE Fl Score #S 2 (12)¢h o] Atsted H5&
CHET Y
M
Precision = ﬂ{]; IXEX .............................................................................................................. (10)
M

Recall = jl/[]; IXEX .................................................................................................................... (11)

Pl Seore = 2 ?f’er;:;fi j?if;?;” ............................................................................................. (12)

Where, A/ : The total number of the real population and generated sample

V. A% ¢ 3%

UM AFT AEF TN A A MIME AEETE £S5 U 23 £F 995 HT AL
2 7Pgstdh ol & flal Al dHido] gefet I 54 24 1H T ARG 35S £ F AEF
AEA w2 E 24 A oR, Oe1 SO R Sgste HES 109 TS ojn Rdlds
AL AR viag 23] wheh o) SH AT A AR HFEE <Table 2>9F 207, Wiko] HAbo)
A mdoA #5E A5 dole A3 &4 o] AAFHA. ojw BE millo] ¥k 35S FP3HA
Z7] nta7 23R =7t ARAEJAT TEu 933 BEA Seq2Seq RE o] 7MY e AL} =
< A5 &4 %S B Dense, Seq2Seq, Multi-head Attention, 18] I Transformer Z@9] % & Z glo]
LA DANA B ATt ¢ o) AAdHA ko, LSTME 7% ®HE Shgo] 7525 Masking
8L 71HoE FYnrt AT metbA d REe AGLrt 5L o5 il 33 F20] 7ssA,
FAG| ThsAde] wWokdlee AAETE 27] nka) 2FFE AR St 22 AREE He =Y
& Transformer©| o, | ChatGPT2} 2-& tht i 1o Reof Z3to] H= Rull whg, AT 54 a5
S 93 A48 MLMOME 7P B A% 22l Seq2Seq thHl oF 21% 718 X5 HATh
<Table 2> Masking prediction result of the proposed models

Result type Dense LSTM Seq2Seq Multi-head Attention Transformers
Masking 1 0.789 0.789 0.682 0.798 0.821
Masking 2 0.783 0.790 0.713 0.801 0.816
Masking 3 0.804 0.813 0.714 0.813 0.819
Masking 4 0.800 0.807 0.702 0.810 0.817
Masking 5 0.801 0.812 0.721 0.812 0.818
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Result type Dense LSTM Seq2Seq Multi-head Attention Transformers
Masking 6 0.806 0.819 0.723 0.817 0.816
Masking 7 0.797 0.820 0.730 0.813 0.821
Masking 8 0.801 0.814 0.713 0.810 0.810
Masking 9 0.794 0.818 0.733 0.810 0.819
Masking 10 0.801 0.808 0.731 0.813 0.822
Test Loss 7416 5.934 10.504 6.061 5433
Vanilla WGAN 29 &-83t0] 99| Thefdt MLM ZRl27E dojzl g gojol& 7ite g Aoje
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Transformer 22 53 & Hod ALY IS A L39S of A=} AHE SHAAM 242 <F 7.6%
95.94%°] A% MAES BYom HZF2 O F Fl Score #°] Baseline tHH] 28.87% 718ttt E3] o413
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<Table 3> Population synthesis performance comparison

Methods Precision Recall F1 Score
Baseline 1 0.320 0.485
Vanilla. WGAN 0.579 0.616 0.597
Discrete space 0.777 0.504 0.611
Continuous space (Dense) 0.590 0.599 0.594
Continuous space (LSTM) 0.602 0.619 0.610
Continuous space (Seq2Seq) 0.597 0.597 0.597
Continuous space (Multi-head Attention) 0.589 0.591 0.590
Continuous space (Transformers) 0.623 0.627 0.625
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