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/Current (car-oriented) Human-centered design \

(51)
o FATISZEfEIHBR (e.g. Superblock: Google Sidewalk labs)
o BFEIGIIGIL (e.g Parklet, HA A DILIS)

120 - 23 ha.

potential intersections /a8 . .

—

400 meters 400 meters
- PASSING
1 NN Basic network: 50 km/h B ocal network: 10 kmyy  VEHICLES

K QOe0 =] A L °E,9

: ) [ (City of the Future, by ValerioyP.)

+ (AdaColai\vigedroely Kagg

=

Inner intersections
== Green connectors axis
Existing Zones 30
Superblocks
: (Ajluntament Barcelona)
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http://citiesofthefuture.eu/superblocks-barcelona-answer-to-car-centric-city/
https://ajuntament.barcelona.cat/superilles/en/
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WRAEA Y b7 — 7 1TENZRIR

Network path choice models can describe various types of behavior based on
the definition of states.

General transportation Road, bicycle, walking  Link Fosgerau+ (2013)
network Zimmerman+ (2017)
Multi-modal Maas, tourism (Link, Mode) De Freitas+ (2019)
transportation network Tabuchi & Fukuda (2020)
Time-space network Transit, time- (Link, Time) De Moraes Ramos+ (2020)
dependent road NW Akamatsu+ (2023)
Activity network Daily schedule, trip- (Place, Time, Zimmerman et al. (2018)
chain Type, Stay/move) Oyama & Hato (2016)
Time )
f O Nelk — s veanesr el EEEEEEEEEEEES =
£ R t=5 from 13 t0 8
O—O Tl . t=4 oo 14 10 13
a I D~ =3 ISMY y
C(D I T =2 7 Li‘r[';r(v:o;r; 9to 14
@ s e JX ; X Ez_l_ Hfron;S 09

Integrated choice of , activity places and durations by activity path modeling (Oyama & Hato, 2016) 2
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REEFRITEIET L

« Xy hT—20 FTHBERERMHSE
EHF T (OD) SR 5 b,
RITEDNE ORI A EIRT 50 % T
T ILAL

-xl_@%:ﬁwfm,ouiﬁ§@>
2y b — 7’\0)35'Jé| (=23 B=h
63\) ETILE L TEREE#HSTOE

BAaLLTW3

« BEEEFDOFTELE]
o ZEEHMDIFZER S TR

. EFREEECBERFEUADER (I
REH) EDFL—FF7
(Willingness-to-travel) O#tst, %
AICE D DM - BERMNE M

o = FICHEEERET VZAWE
ANDITEIDIRE T DEEHEICK B
g%iﬂ“ 757\’?—]—_7{/) ;{/L %) Isenschmid et al. (2022)




RIEFITHET L

« BERATE (KITH)
« FU v 70D
- EAEMN: %8B/, EEMERE
- IBRDERS: BEr (FRRY) or XX (B1HY)
« FBIRFES C,y
- BREGERKOE L B, KE, A
AR, REREE, REBIRIE etc

- SNBERELE or TVX LRRAER or
EBMAER etc

o FEIRXA I 7 FBEI or ER

mgx Uy = Vi + €pi
1€Cyy
Isenschmid et al. (2022)
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- (1) RBEERBZN A DERE
- BEXOBVRERLTHEAOHAICHEELH D

-« (2) BEBEIRBREADNER

o v b7 =R U TR A BRI ICIEM

- 3) BtnET L
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©

k simple paths
1 2
O D 2 12
3 184
AR s 4 8,512
A= 5 1,262,816

k=10T%
10252 Z DR
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1. RFIILTAIBOEAIZ L HEEMNLET IV
2. GEV (Generalized Extreme Value) 77 7’03 —F (McFadden, 1978)

11



{EIEMNLTE T JL (Ben-Akiva & Bierlaire, 1999)

« BRICH D “Path Size” RFINVTAIHEZHEEIERICEA

Vi = —Becr + Bps InPS, where PS, = Z J 7
ijer Cr Zr’ec 51‘]'
« BEODE EICPSIIRKELR L D

« BERINEKL, TITELDORBEEERT HI1FEPSH/MEL
%% =sANE BN D

Bierlaire (2009)

0.65 T T T
004 cmm—

Path 1 C af Bps %% -
0 @ Path 2 D =l
¢ C‘¢ ’ 0.5
Path 3
c 1
PSi=--—-=1
31 c 1
c—¢ 1 ¢ 1 1 ¢
PS, = PS: = X 4
SZ S3 C 2 + C 1 2 + 2C 0'30 Ol.2 OI.4 01.6 OI.B 1

¢

Ben-Akiva, M., & Bierlaire, M. (1999). Discrete choice methods and their applications to short term travel decisions.
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GEVE 7 /L (McFadden, 1978)

- BEMEEABEERRNICETILEL

o RIERET LICHUTIE, Vovsha & Bekhor (1998) @ Cross-Nested
(Link-Nested) Logit 7 /L AR

- Z P(I"m)P(m) Z (“rme )1/%” ‘ (Z]EC (DC]me ) /Vm)

Hm
meM meM Z]ECm( Xjme ])1/;% ZmGM (ZjEC ( Xjm€ )1/%”)

e XA bm=[FE—Y>r7DHH
° %U \/7’\@9'%%%5{5\01 %E@Z‘%L:ot ) %EIE Xpm = Ly /Ly

Path 1 m
Link a Uy m e "
OQ Link b Path 2 ;:D Link a Link b Link ¢ Link d
Link d “1a X2p ® o 034

Link© ooth 5 Path 1 Path2  Path 3

Vovsha & Bekhor (1998) Link-nested logit model of route choice: overcoming route overlapping problem. Transportation research record.
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k simple paths

1 2

2 12

3 184

4 8,512

5 1,262,816

6 575,780,564

7 789,360,053,252

8 3,266,598,486,081,640

9 41,044,208,702,632,496,804

10 1,568,758,030,464,750,013,214,100

11 182,413,201,514,248,049,241,470,885,236

12 64,528,039,343,270,018,963,357,185,158,482,118

13 69,450,664,761,521,361,664,274,701,548,907,358,996,488

14 997,449,714,676,812,739,631,826,459,327,089,863,387,613,323,440
15 9,266,745,568,862,672,746,374,567,396,713,098,934,866,324,885,408,319,028
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JEPAN: DAY =3 SN ORI

RTEmIRBES DERE

o kZTFEHRIERIEIERR (Eppstein, 1998)

o TN 2JE (Ben-Akiva et al., 1984)

° 63\7&@%% (Hoogendoorn-Lanser, 2005)

o TEEICIEZR (Rieser-Schussler et al, 2013)

HERRIOERES DENE

o IRE&H ) v UK (Fresinger et al, 2009
Flotterod and Bierlaire, 2013)

o FBIRFDORIMEXR% T T ILL (Cascetta
and Papola, 2001)

o EERE (VAE) Z# HUW=73% (Yao and
Bekhor, 2022)

Path
generation

Choice set

Route choice

formation

model

Set of all paths ¢/ from o to d

Deterministic Stochastic
MCU M, CU
Deterministic Probabilistic

P(ilC,) P(i)= Y P(i|C.)P(Cn)

CrneGy

Frejinger and Bierlaire (2007)
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JEPAN: DAY =3 SN ORI

K-Shortest Paths with Limited Overlaps (Chondrogiannis et al., 2020)

e

—— : 14 min 53 sec
= = = :14 min 54 sec

¢
P

—:14min53sec | .l :
= = = :15 min 30 sec 2
: 14 min 57 sec

----- : 15 min 48 sec

—— : 14 min 53 sec
= = = :29 min 43 sec

(a) K-Shortest Paths

.....
-

----- : 53 min 19 sec ‘

(b) kSPwLO (¢) Randomized search (1000 iter.)
Breadth-first search on link elimination (Rieser-Schussler et al., 2013)
R/NE AR " N —
Al D—FfxELY)
frE, ABREZE
p. IR PDEREIC
Y T7LITY X L%
H AR <A XREE.

C,=TT,
(a) Choice set with basic cost function

Co=TT, -Rand[o.” + StreetPenalty,.
(b) Choice set with extended cost function
Chondrogiannis et al. (2020). Finding k-shortest paths with limited overlap. The VLDB Journal, 29(5)

Rieser-Schussler et al. (2013) Route choice sets for very high- resolution data. Transportmetrica A: Transport Science.
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Sampling of alternatives (Frejinger et al., 2009)

g(Cali)PG)  eVutnalCali)
Tiec, ACINPG)  ¥ec, oV Gl

P(i|Cy) =
g(Cyli) BREHIHERIGRENERIN) L EOEECDY Y T v FRER

Biased Random Walk |2 £ BBy > 7Y v 4

« Stepl: PRY VI DEXZFTE 1.0
b, _ SP(a,d)
w(alby) =1—(1—-x") %= -77gpi )

b =1,2,5,10,30

« Step2: v 7 EIRHEXR

w‘((|1)1)

A = i“‘itifm

« Step 3: o HAIZEE ?‘%i’(yrx‘)

1 2 ) 10 /30

q(i={oa,...,a5,d}) = HQ(al’A(”l—l)rbl) "o 10
=1

17

Frejinger, Bierlaire & Ben-Akiva (2009) Sampling of alternatives for route choice modeling. Transportation Research Part B, 43(10), 984-994.
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Sampling of alternatives (Frejinger et al., 2009)

1. REIOREY 7Y v 7% Eh (EEH )
2. Yo7 VT INTREE + EIRKICEIVES CnaxTERk

P(Cy)

k , Hq ki EEDY T > TSI E

REIDNEA I NIZHFDOH & TR

, R! N — N
1Cld) = " 11;[(1(])’% = P(Cy)

1
q(i

EREY 7 7 (BEEFIZ) I3 % Unbiased 7 R BB HRAESR:

|¢

ki
. eVni_Hn(W)
P(i|Cy) = 3

V,itIn( =)
ZjeCn e "

q(j)

Frejinger, Bierlaire & Ben-Akiva (2009) Sampling of alternatives for route choice modeling. Transportation Research Part B, 43(10), 984-994.
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ARG R ERRDIZE | RN T 7 A —F
Implicit Availability Perception (Cascetta et al., 2002)
B OZHEEXR]| L LTETIMMELEA

1

Uy = Vyi +Ingn(i) e, §(i) = Tpp—

Xi REIDOBMEEE

Variational autoencoder approach (Yao and Bekhor, 2022)

1 N1 p(zl)) N'Adz = InE p(2)qe(j|2)
nqe(j) = log ) p(2)qe(j|z)dz = In p(z|)) )
pz|] Pp\Zl)
Observed Encoder Latent representation Decoder Generated
J Neural Network z Neural Network Jf
! ] i
I 1 r
c — ,
T g D — 1:]
§ 3 25 P S S § ® [
| | % g 122Nl w B g g g |2
-3 -l + L .ot 2] = - > ~—
(e (I - (e [ I S
c| .. | s Q -~ 3 c c € |po(z) S
S S w o) = £ S S S |Mo\2) =7
K2 IR - G —z—> E — 2 L 2 >y = — >
© © c 4 ) © © ©
2 2 2 ot ® 2 £ 2 I
< < g 5 E 2 < < < vy
+ + » S S/ 0,(j — + + + r
3 o < g () O o 3 >
w w + I ~—~ w (TR w Q:
— = /
Taq O S Ly
w -
' <
—— & %’—)
D, layers D, layers

Cascetta et al (2002) A model of route perception in urban road networks. Transp. Res. B.
Yao & Bekhor (2022) A variational autoencoder approach for choice set generation and implicit perception of alternatives in choice modeling. Transp. ngB.



e B8 5155 0D fal 8

- BEORKBEEZMS (BAT 2) 2 & IEANATRE
s HTEDORIC [ERAIN/-RE] IFNTREERFEESICANILELDH S

22 DlInconsistency
s EERBEENEREES KT
« EEICHAWAREESE FAICAVIREESD AR —

Distance negatively affects choice Distance positively affects choice

20



Link-based approach

AIEE:

e Xy k77— (77) G=(NA)

o XES = U‘/?OD;FJU r = [ ap ,Aa1,-..,4j-1, 4j ]
—~—

N~
=0 :d

ldea: BEEDHERZRIING Y » 7FERE L THE

J—1
P(r) = || p*(aj41lay)
j=1

HFEIRDFRRESE R Y FT7—7
BEILOHATHICEZONS

21



Link-based approach

BRYETEE (DP) ICE D < BRHNERL:
U > o #EIRICET 2 BREFZhA u(alk)
. BUY oS ERNME coMiiE (RiEE) B Vi)

=i (R/ER) BIREE

ve(k) = H}i{}{){u(ﬂ!k) + V¥ (a)}
a* = argag}ia){u(ﬂk) +V(a)}
¥(a3)

Instantaneous utility — ess

Ll |
uy
uy
uy
]

22



Link-based approach

7 v X LBARXKIELET IV (Dynamic discrete choice model)

Vei(k) =E Lrenjx {u(alk) +V¥a)}| where u(alk) =ov(alk) +e(alk)

P(alk) = Prob (u(a\k) + V) = max {u(d'|k) + Vd(a’)})

a'c A(k)

KEFRINW L ORREEEIRTIE, U ¥ 7 BRPVEERICRDIREZ RE

d
Instantaneous ut|l|ty V (a3

RO

of state

23



Link-based approach

“Recursive” logit (RL) €57 JV (Akamatsu, 1996; Fosgerau et al., 2013)
imEE e (ZiidA NIz iREL, BEAEIXEARE:

Vd(k) — F | max {u( |k) + Vd( )} — lln Z ey{v(a|k)—|—Vd(a)}
ac A(k B wear
2VA(k) _ L {o(alk)+V¥(a)}
= em = Z e = z:Mz+b<:>z:(I—M)_1b
""""""""" acA(k)

MkaZa

RIRER L RKEBRREAS & T 5 REGBIRET L L S5

e{o(alk)+Vv7(a)}

P(alk) = _ pifo(alk)+V7(a)=V7(k)}
Y age e @I HVI)]
J
P(r) = [ [ P(ajs1]a) = 2@V a)=V(0)  golalan) +Vi(an)=Viar) ... poldlay)+V(@)=V(ay)
j=0
Vi(r
= evd (d)_Vd (O)QZ]IZO v(aj+1 |aj) = ¢ ( ) /
Zr’eu eV(r )
Akamatsu, T. (1996). Cyclic flows, Markov process and stochastic traffic assignment. Transportation Research Part B. 2 4

Fosgerau et al. (2013) A link based network route choice model with unrestricted choice set. Transportation Research Part B.



& iX: Markov decision process (MDP)

Modeling sequential decision-making of an agent under uncertainty

MDP is defined as e S :State space
« A :Action space
M= (S,AT,r) 7 :Dynamics (state transition)
« r :Reward function

T

—O

t
O—0O—O

v

A A

Action Reward State
a € A & St+1 € S

Dynamics 7

25



& iX: Markov decision process (MDP)

Agent’s behavior
Decide policy (action probability) to maximize expected sum of rewards

T

Y 'r(st ar)

* = argmax E,
& t=0

a; = n(st)]
Recursive formulation:

V(sy) = max {r(st,at)—l—’y Z T(st+1|at,st)V(st+1)}

ar€A(st) s111E8

Different reward specifications lead to different MDP models (Mai & Jaillet, 2020)

[ T
- Regularized MDP maxEy | Y 7' (v(st, ar) + gb(St))]
T =
- Entropy regularized MDP . (& 9
(Maximum causal entropy) A _1;)7 (wst,ae) = Inlarst))
[T
- Dynamic discrete choice model =~ maxE, Y ' (v(st ar) + e(at))]
| =0

26

Mai, T., & Jaillet, P. (2020). A relation analysis of Markov decision process frameworks. arXiv preprint arXiv:2008.07820.



&K ik: Dynamic discrete choice model (Rust, 1987)

Connection of MDP with a choice model

State s : situation for the choice (e.g., attributes of alternatives/agents)
« Action a: choice among alternatives

« Reward r: utility that agent gains from choice
« Policy mr: choice probability

Under (additive) random utility theory:

T

gi (v(at|st) + e(”t))] with  r(a|s) = v(als) + €(a)

Systematic & error components

max [E
p

Value function (with known dynamics) is then

V(St) = E

glenj();) {v(at\st) + €(llt) + 7y Z T(St—l—l‘at/ Sf)V(SH-l)}]

St+1€S

Rust, J. (1987). Optimal replacement of GMC bus engines: An empirical model of Harold Zurcher. Econometrica: 999-1033.



e E%: MDP in (static) networks

Network route choice MDP models

 Often define link (node) as state so that action always and directly leads
to the same next state (deterministic dynamics)

- Have destinations where agents terminate their actions (episodic MDP)

Dynamic discrete choice model (same as previous):

Y

Recursive logit (route choice) model (Fosgerau et al., 2013):

V(s) =E

v<s>=1E[max {v(a\s>+e<a>+v<a>}] “In Y PE@ g Gumbel)
ac As) a€A(s)

ev(als)+V(a)
oo(@s)+v(a)  (action choice probability)

p(als) =
Za’EA(s)

*Equivalent to Maximum Causal Entropy MDP (Ziebart et al., 2008; Zierbart, 2010)

Fosgerau, M., Frejinger, E., & Karlstrom, A. (2013). A link based network route choice model with unrestricted choice set. Transp. Res. Part B 56: 70-80.



Link-based approach

RL 5L

Vd(k) = E [max {v(alk) + Vd( )+ s(a]k)}]

ac A(k
— /\\

ONOROMONONO

Nested RL €5 JL (Mai et al., 2015)

VA0 = E | max {o(alk) + V?(a) + p(0e(ali)}]

Mai, T., Fosgerau, M., & Frejinger, E. (2015). A nested recursive logit model for route choice analysis. Transportation Research Part B.
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Nested RL €5 JL (Mai et al., 2015)

a(4)
o(1) \ d(0)
-- e(1) *g} =
O —@_;

(1)

al (1)
/ a2(2) \
o(1) e a3(3) d(0)

1/2

1/3
1/4

0.2

0.6

Hb

1.0

—— > - >
b1 (2
b2(1.5)
b3 (1)

Probabilities with link removed
Paths Original a; a, by b,
1:o,a,ay,d 0.54 - 0.65(+20%) 0.55(+1%) 0.56(+4%)
2:[0,a,a,,d| 0.15 0.38(+151%) - 0.16(+1%) 0.16(+4%)
3:[0,a,as,d| 0.04 0.11(+151%) 0.05(+20%) 0.05(+1%) 0.05(+4%)
4:o,b,by,d 0.02 0.05(+93%) 0.03(+15%) - 0.03(+19%)
5:[o,b,b;,d] 0.06 0.12(+93%) 0.07(+15%) 0.17(+6%) -
6 [0,b,bs,d] 0.17 0.33(+93%) 0.20(+15%) 0.18(+6%) 0.21(+19%)

Mai, T., Fosgerau, M., & Frejinger, E. (2015). A nested recursive logit model for route choice analysis. Transportation Research Part B.
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Link-based approach

Network-GEV €5 )L (Oyama et al., 2022)
KBy bT—7ZDbD%ZMHEExRIGEVRyY N7 =20 L THBT

Link 2 Link 6
© 29, 2®)

Link 1 Link 5 Link 10
‘V\ Link 4 - /V\ Link 9 ‘f"

D, >0 2@

Link 3 Link 8 Link 12
Y Y

. ‘r .
O Link 7 >O Lmk]l;®

MERs: Vik)=—~In Y af

siRpex:  Pl(alk) =

Oyama, Hara, Akamatsu (2022). Markovian traffic equilibrium assignment based on network generalized extreme value model. Transp. Res. B.
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FEER

Path-based approach

s BEZHATHICIRD 2 LN TES

o [ 2o TlEdNon link-additiveZ B4 #BARAVICER TE 5
« 7 Riky 7B TEERICHKTFE Linconsistency DEIEAE L 5

- BMEWLRFETHFTEETAAREL (Talb—YarvhnE)

Link-based approach

« Consistent# € - 8

- DP#E&m (MDP) ICZHIL, BHRBENT 7R —F & HEE
« 2V M7 —UBECHBY A XITHKTEF L - BEETERE
 Link-additiveZm @M EL Mk D 2 &ATEAQ W
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EEZIA (Perturbed Utility) E7 /L& L TORIR

& (RIER) BEERHEE
HATENHRITERERIMET 2 £ 5 ICBIBY ¥ Ix%RET 5

xlje{o 1} heB(i) JEF(i)

min chszj s.t. Z Xni — Z Xij = 0jg —

/N B EREREIRRBIRE (Fosgerau et al., 2022)
ITENEBERITERHZRIMEL T 2 L 5 ITHFEXZ EIRT 5

min ZCZ']'JCZ']' + P(X) s.t. Z Xhi — Z Xij =

heB(i) JEF(i)

XEFHBEHMFAZ Y PO —FBHEnsLx, oYy FETFTILIC—E

- 1 Yij  mimpet Xij
min ZCZ']'XZ']' + = in]' In — R, pii = J
%207 0% Zi DV

:e_

51(1

0(cij+pj—ui)

Fosgerau et al. (2022) A perturbed utility route choice model. Transportation Research Part C: Emerging Technologies.
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SEBERRSTETIL
XBEDFICEVWTREEIRET LIZ, ODR @E@z\ v k7= ~ADEY (=33
WEfY) E7I)LE L TER %%?’Epﬁr@ﬁ tHx L TW3

* Xl@gga/\%Tﬂ/ $3 j—%//\/'rl_d' = ,\ E@iﬁhﬂkﬁk')l’ﬁgﬂ-ﬂaﬂﬂﬁ

« UV INRTx—< v REH c=1tx) IC&V)KE

PTERREt A

ﬂx):t0{1+my(%)ﬁl

/ Linear

t(x) =19 + ax
BERAE e
BFfE tg I R
>
SOBE X )V RE K
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BERDET IV

« UV INRT =< ABHO(—RIR)IRE
o ZOBEICH L THEOHFAEINBEK
o ¥ aE1THAXIIRITS

RIENMLEEERAFET 256, —RICEMEEHELFELZ L)

RN BEERSTTVOFMREBELHE L, ODXBEq Z2Fi5 & L7-EF
ERR/IAEEE L TUTOLIICEZ 6N S:

XZIDEExFUrvrrxxBEBELE L TkRkOONS

mmZ/ tif(w)dw + F(x) st Y xpi— ), Xxij =0y Z%d Oiofod
Xij > heB(i) JEF(i)

Network-GEVE! DB ERE > E 7 /L (Oyama et al., 2022)

F(x) = Zl. Y xidn

ieN Vi jeF(i) Qjizi

Oyama, Hara, Akamatsu (2022). Markovian traffic equilibrium assignment based on network generalized extreme value model. Transp. Res. B
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RBERDET IVOEE

s EMEBELHEOETEZBL CTROGFEE - —EUHEOMEN AT

« MEWHIEREFRE(LTIILTY XLHAELETE 3
- BTARSPREMICEITFZAERMKM™) %S & L7-Network loadinglc &k ) &5
A bib
e Primal 73U XL (GRAZHE: VU > 73 BEEX)
« Method of Successive Average (Sheffi and Powell, 1982)
« XTI A XEI/mELTEZS

« Frank-Walfe / Partial Linearization methods (Chen and Alfa, 1991;
Patriksson, 1993)

- EMEENMFEICEDCRT Yy 7Y A4 XD &t
e Dual 7)Y XL (RFAEH: V> aX be)
« Accelerated Gradient Descent (AGD) (Oyama et al., 2022)

« Quasi-Newton AGD (Fosgerau et al., 2023)

o XIS LsEt & BERD/NS LGB EIZEB LR
REG7ILTY X LDFFFE
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BB ET IVOBEE

[NGEV-FD/P] [NGEV-FD/D]
. SFD/ .y _ a?  gdid FD( .\ = _ d ~d
min Zp"(x) = C(X) dze H(x?), max Z(c) = —C*(©) + Y, K'(©)- 7",
€D deD
s.t, where C*(c) is the conjugate dual (Legendre transform) of C(X), defined as
d _ ~d
AxT =74, C*(c) = max [c- X -C(X)] = }gc‘l(c)dc,
X = 2 x4, 2
deD and ¢ (c) : ]R'f' - ]R'f' is the inverse of the link cost function c(X).
where
FD -1 Oyama et al. (2022)
cx) = ]{ c(X)dX. V. ZEP(e) = X(c) - ¢\ (c)
X
10° | | -—o-- PL  g=10000 ki
—&— PL q=15000 1.0075 -
) ®-- AGP q=10000 ’
LA AGP q=15000 1.00504
= 10% | 1.0025 4
é gl,oooo— :
R U R
] 0.9975 !
10% i 0.9950 ' gq‘z’G"[‘;a'
q.
' ; ’ 2q-AGD*
101 | s 0.9925 : 29-GN-AGD*
P i ! 2q-gqN-AGD
g 0.9900 + — . . .
L L L L 0 0 2000 4000 6000 8000 10000
10° 10¢ 10° 10° Number of iterations

D
£l %12 Oyama et al. (2022) Fosgerau et al. (2023) o/
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3. BFAMERAshAAEEBLI-ET U

Yuki Oyama (2023) Capturing positive network attributes during the estimation of recursive logit
models: A prism-based approach. Transportation Research Part C: Emerging Technologies 147: 104014
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Nested Fixed Point (NFXP) algorithm (Rust, 1987)

Outer algorithm

maximizes the likelihood function over the parameter space

OLL(B(m)

max LL(B, z(B)) eg  Bmt)  glm _gm) 35

p

solves the value functions for each parameter value

z = Ty (2) z=I-M)"'p or ) Mz 1p
(until convergence)

Inner algorithm I EBRCIERANZLTONT A—21EH B9,80,..)
1% L CREZ T2 EHLH S




BENBEZR 2ET ILVOHEE

The value functions are the solution of a fixed point problem:

z="Tg(z) where Tz(z)=Mz+b isthe Bellman operator

1. Hawkins-Simon / spectral radius condition

(I—M) is invertible when the maximum absolute of
eigenvalues of M s strictly less than one p(M) <1

2. Utility condition (Mai and Frejinger, 2022)

Ts(z) is a contraction mapping if:

Z M, <1,Vke A where My, = eivwk)
acA(k)
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BENBEZR 2ET ILVOHEE

[N

' True parameter (1) . .
: value B* of «— Infeasible region
B, 1 | ’3(1.) | | does not have a fixed

point solution

ﬁ(o) .//O‘ute.r

B algorithm T
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T RICED/RZ X =% (CHEME) (23X L TMERS %A KR
AfREfCE LT, BREINBNITA—XETHZITHSD
FRILE W OO THETERIRSRE Zm/c 2 T NITHETE X

5B
2. FTz, BEONFTA—42 (kM) bEtEvgEREFzHE-T L&
(PR &Ly

E.g., if there exist state pairs with positive utilities
M, = e*@0) > 1 if o(alk) > 0
Then the following condition clearly does NOT hold:

Y M, <1, Vke A

acA
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BEMNBESZFEO>TETILOHE
NEXT:
HEZXEE =T -O0 (7 kv o) shBEBMOBRE
BONREZLHOLHFINZIBEHDOAZEN (g, KITER, HLHT)

BETERFILTAIEHDOEA
FHANR T A =2 EZ+RKELAEADEICEKT

N2

1. UvIR—ZIBBEIRETIL (RL) OIAATREEMEZ K= <HIE (IE
DR AEZEL S 2B - HEZHA T M TEAR L)
2. INoDBRENRENLGIHETE 2 nlge(c I 2 ERAVRAE I AL




BENBEER >ET LOHE

MIERE L D ET B REfME:

Vd<k) = E | max {o(r) + ue(r —In Z e Expectaﬁion of ALL path Utilities
r€Rkd PRy connecting state k to destination d

Power series as implicit calculation

— (1 — -1y _— 24 ...
z=(I-M)"b =([I+M+M +---)b process of the path utilities

ex.) Unrealistic cycles that explosively gain utilities

7 U XLFFDEANIZL Y,
HiEFTEME % BB
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7V XLHENEEALCFEBELRY T —7

State = (Choice-stage, Node/Link)

AV p ¢
,,,,, . (514>
ZIJ @ ‘T @ @5 ‘*T*ji**‘*f#w‘ . 774 :
S QT*“7\?*‘77"7677‘*71‘7/—T-\ | T
s ~ T(=5) [ L/:/f 7;{‘;:7:7 '/-: % 4 7‘7/}/
~e_ : ,‘*/L‘*1*7:i‘*‘*rr :\::I:I |—/:‘/ $ o4 4:—— 1(4,15) = 1
~ s TNGE T -
d - r% | Izl:::'::jl/: -:-\L-bll- -t-l‘-I ‘/7 I
~ [ P £ = = L ey - 3T f .
N (D (D N ERENY i - A
11 12 13 14 1 Lo | AR | |- —
W———)—® 4 from o LR | I(t,15) =0
110 d R e e R t 44
O—D———W o AR
4 \JO Y Y N 4 B N ‘|| SRR K i
=134 45 i P T
L ——T—‘i-—|~—‘——‘f—41—/—— o
1, v
N N N N QP - oA -
O—O——O—0 0 D
oo (0,7) >
X X

1. Define a state-extended network based on choice-stage

2. Introduce the choice-stage constraint 7, and evaluate state existence
conditions I(t,k) based on the minimum number of steps from o
and to d

3. States connection condition: A;(alk) = I(t,k)é(alk)I(t +1,a)
4. The reduced set of states forms into a prism.
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Prism-constrained RL model vk

1
Zt,k = eH

Choice-stagen||ICERIE V(L k) 2 BEXRT M., = Ae(alk)er

e%vd(t,k) _ Z ( ]k) (alk)+V?(t+1,a)}

&z =Mz b
acA(k)

At

(b) (c)

V(LK) £ VI(E k . %ka\ (h o B E TIcHAARER 2T O
(£, k) 7 VL, k) %) DFHMEEaEK
&) V(0 k) # V(2 k) . J:MODChou:e stage Tl¥, BRIHIZENERAIICME
D OITENDERERL S A 5B L



Prism-constrained RL model

TEIDE A @A & IFWEIC £ W KED R BE

o Initialize: t =T, zy 35 =1and z;;, = 0,V(t, k) # (T,d)

e Sett:=t —1and update the value function by
Zp M;Zt—i—l +b

o If t = 0, finish the computation. Otherwise, go back to the previous step.

> BERH D,
BICMERssAs (ME—I2) Kodons

*As long as T is finite,

T—1 r
r=0 s=0

Is theoretically upper bounded by a real vector because, for finite t,

t
[[M;=MM,; ---M; <M <C
s=0
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Prism-constrained RL model
Choice probability

A{tj ((Z ’k)e%{v(a|k)+Vd(t+l,a)}

0 A? (61/ ‘k)e%{v(a’|k)+Vd(t+1,a’)}

Za’eA(

outside of prism

>
bl
~
~
~
~
~
~
~
~
>
>
>
~
~
~
~
-

within prism
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Maximum likelihood estimation

Translation of path observations

o Original: 0w = ko, ..., kj,]

TranSlated: 0-:; — [(O/ kO)/ sy (]Tl/ d?’l)/ (]Yl _|_ ]-/ dn)/ oo (T/ dn)]

Stay at destination after the arrival
(*Set T so that T > mﬁax]n )

Likelihood function

N
LL(B = logH P(o,
=1
N T-1
= Y Y log p (kia ki)
n=1 t=0
1 N T-1 q
LYY otk lke) + V(1 k) - VO (4 R)]
“Ll n=1 t=0
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BB SR bR

1. EOMBREZLODEUIFTFET S EZIZ, Prism-RLETIILHAERRICH
FTAJBETH Y, RLETILDEDINT A—XEZHBIRTEZSH?

2. MIEEIC L TEDIZEREZRITSH?

RERSAF

« Sioux Falls rv b7 —7 (BEISORYFT—0ELTELLALLNS)
« HONTA—RZHM-oTWBIRET, (GTD) RLETILDY I al—
avICEYBRT—X%Z5%RK (24 OD x 1000 samples)
- ALTF—%%AWT, RLEFI * Prism-RLEFILOWES ZHTE
e Prism-RLETIILDEERFE
- BRI EICRKERY NI -0 %ZTEDD
« T=15(*did not affect the results)

o
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v(alk) = BienLength, + BeapCapacity, — 10Uturn,
(IBIen <0; ,Bcap > 0)

0 Length 10 0 Capacity 250 x 104
B B
50 - 50 -
L 2 L ]
401 401
L] L]
e L] L 2
30 - 30 1
L]
20 - | 201 | .
® L] L]
101 i 10 -
L] L] L] L]
0 : 0
0 10 20 30 40 0 10 20 30 40
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P* RL Prism-RL
-2.493%* 2 002+
(-2.5,2.0) N/A ( )
3.36s/ LL=-4919.0
(:2.5,1.5) (-2.505**, 1.509**) (-2.505%*, 1.509**)
o 0.99s / LL=-5420.5 2.87s/ LL=-5420.5
-1.577%*, 1,522%+
(-1.5,1.5) N/A ( )
2.99s/LL=-7778.3
(-1.492%*, 0.994**)
(-1.5,1.0) N/A
2.64s / LL=-8366.9

* All true params are feasible solution to the RL model; estimation started with (-1, -1)

Prism-RL model reproduced the true values with high accuracy
even for the cases where RL model failed

In the case where RL was successfully estimated, the estimation

results of both models were consistent -



BB

D

Beap 1

w
P R

BR | HEICH T B/835 X — 2 DIEH B
RL Prism-RL
RL
cl | Infegsible
e legion

'wazm**'

RL model depends on starting point and often diverge during the
estimation

Prism-RL model converges to the true value regardless of starting
point (*update to infeasible region was not observed)
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Prism-RL

« Stably converged to the true parameter even when starting point is
outside the RL feasible region

« No prior information on the true value is needed (you can set an
initial point as you like)
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ETF— X A~DEA

R - BEARZHLE Lz A ILmEA
724 Nodes, 2398 Links, 8434 Link pairs

7a—7/,—=y > (PP) #ZE (H30PT) ICLBGPST—%
410 observed paths of 159 pedestrians, 164 destinations
Diverge walking paths including large detours

(b)

(d)

T T T T
000000000000000000000
++++++++

T
00000

T
000000

++++++++



ET— KX ~DBEHA | Choice-stage constraint T D E

count mean std min 25% 50% 75% max
410 1.24 0.39 1.00 1.00 1.08 1.33 3.75
« Define T for each d based on 50
observed detour rate: !
45 =
T; = max{max(1.34 x D%(0,), J.)} .
nENd ) o ®
35 1
e Na :Setof observed paths for d 2 5 ¢
* D%o0,) : min. steps b/w observed OD pair 3230; . . :
* J, :observed no. of steps ofn ézsf o ote o
. . g 20: =.= ;.;==:=..=
« 75 percentile value (=1.34) to include 2] RER T
diverse paths in the path set 15 sesdsiss
. . . ] Ceclss”
« All observations satisfy the prism 104——+£8888°
. 1 00000
constraint ] 838e”
5‘_*'::,‘
1 &
0 5 10 15 20 25 30

Minimum number of steps

S/



KT —X~OHEA | 2EEKORE
« Compare two different utility specifications:

v(alk) = BlenLength, + BerossCrosswalk, — 10Uturn,y,
v(alk) = (Bien + BgreenGreeng)Length, 4 BerossCrosswalk, — 10Uturn,,

« Length: length of link (m/10)
e Crosswalk: 11f the link is a crosswalk and 0 otherwise
« Green: On-street green presence (1/0; interacted with link length)

I WA ? Prism-RLETILIZ & Y ZFDORhEAEEFER]GED ?

A5 7

1. FEROFALRIZSHITEDOREERBICH L TEOXEZ L DD T

2. FOBRMAEELI-EE, RL/Prism-RLOHETEHRIZESER BT
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KT —X~DEMR | #HEFR

RL (a) Prism-RL (a) RL (b) Prism-RL (b)
Blen -0.297 -0.245 - -0.266
std.err. 0.008 0.007 - 0.020
t-test -38.832 -37.264 - -13.283
Beross -0.924 -0.774 - -0.791
std.err. 0.075 0.171 - 0.068
t-test -12.237 -4.517 - -11.638
Bgreen - 0.049
std.err. - 0.010
t-test - 4.817
LL -1772.972 -1637.484 - -1612.894
#paths 410 410 410 410

s BOEMDAZEALETNQ@Q)TIEMET IV THEHEERZE:

* Length, Crosswalk are both negative - Pedestrians do not like paths with
long distance and crosswalks

« Prism-RL model fits better (details later)
« ETL(D)TIE, Prism-RLETILDANHERRZE D ZENTE, D
BENERBEDMRERAB I EATES

 RL model failed with all the tested starting points
« Adding the attribute improved goodness-of-fit (with 99% significance)



ETF—RXADEA | NRLEF L OHETEREE

NRL (a) Prism-NRL (a) NRL (b) Prism-NRL (b)
Blen -0.460 -0.445 -0.485 -0.469
std.err. 0.030 0.039 0.082 0.062
t-test -15.166 -11.304 -5.945 -7.568
Beross -1.262 -1.206 -1.281 -1.206
std.err. 0.163 0.120 0.280 0.201
t-test -7.728 -10.021 -4.567 -5.993
— - - 0.078 0.082
std.err. - - 0.021 0.014
t-test - - 3.690 5.855
@ 0.064 0.095 0.063 0.091
std.err. 0.006 0.013 0.012 0.010
t-test 9.942 7.402 5.459 8.769
LL -1734.622 -1587.079 -1707.068 -1565.531
#paths 410 410 410 410

* yi = ¢V where SPy, is the shortest path length between k and d

* Prism-based approach also suited the NRL model as well
* Same signs as RL models; Prism-NRL fits better than NRL
« Captured correlation: scale (variance) decreases on links close to destination

« NRL could be estimated for spec. (b) but depended on starting point
« Prism-NRL was successfully estimated with all initial points tested

« Prism-based approach can also be viewed as a good approximation to
provide a nice starting point for original RL models



ETF—X~AOEA| s - YrYF—2 5>

Log likelihood

-3.50 A

-3.75 A

-4.00 1+

\/

-4.25 A

-4.50 1

; N
\\\ /\ ///// AN |} Prism-RL/NRL

fffffffff o |} RUNRL

#4: Prism-RL (a)

#1: RL(a) .
—@®— #5: Prism-NRL (a)
° | —®— #2:NRL(a) .
| | #6: Prism-RL (b)
! #3: NRL (b) )
77777777777777777 R T —@— #7: Prism-NRL (b)
1 2 3 4 5 6 7 8 9 10

Sample number

« Compare model performance of out-of-sample prediction
« 10 sets of randomly split estimation and validation samples (8:2)

 Prism-RL model shows a higher prediction performance for all samples

 Universal set (RL/NRL) vs Prism-based path set (Prism-RL/NRL)
* Inclusion of positive attribute & nesting also improved the performance

01



ET—XA~D@EA | Impact of T (Prism-RL results)

Test different detour rates y in Ty = max | max{yD"(on), Ju}

neNy
Small
Y ,Blen ﬁcross 5green LL
Path set 1.25 -0.265 -0.785 0.049 -1605.104
sj7e 1.34 -0.266 -0.791 0.049 -1612.894
1.50 -0.271 -0.796 0.050 -1632.277
1200 -0.284 -0.817 0.052 -1661.690
Large

*Corresponds to RL
when T goes to infinity

« The signs and scales of the estimates remained unchanged

« The ratio of negative parameters systematically increased as y grew

* Prism-RL model adjusted the parameter to keep little probability of
detour/cyclic paths

« Model fits better with smaller y values (i.e., tighter constraints)

« Due to the exclusion of behaviorally unrealistic paths
« Trade-off with out-of-sample prediction (choice set consistency)
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R ik: Reward inference as inverse problem

Forward decision-making problem: [N NARE G A (W)

Find optimal policy p given reward functions r

T
Y. W(ﬂtst)]
t=0

max lEp
p

Inverse estimation problem: BN EAELEIN I UE A L TR

Recover reward functions 7 from expert demonstrations D

Maximum likelihood:

T
Y y're(st, at)] — log Zg

max E-.pllog pg(7)] = Ernp
=0

where

D={g};, 1={(s}4)},

(Observed sequence of state-action pairs)
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R iR Inverse Reinforcement Learning (IRL)

Recursive logit model / Maximum Entropy IRL
« Assuming deterministic dynamics
« Linear-in-parameter reward functions, i.e., vg(a Zglxla|s

DS E.p(logpe(T)] =) (Z Vg ( t+1|5 Va(s )>
j

t=0
where po(als) = p00(als)+ Vg (a)—Vp(s)

Vo(s) =In Y Vo (als)+Vy(a)
acA(s)

Solution algorithm (e.g., NXFP method; also see my previous year’s lecture slides):

« OQuter loop: by non-linear optimization algorithm
« Econometrics — newton-type methods
« Machine learning - gradient descent methods
* Inner loop: Compute value function for each updated parameter
« Recursive logit — solving the system of linear equation
« MaxEnt IRL / nonlinear recursive models - value iteration



& iX: Adversarial Inverse Reinforcement Learning (AIRL)

Partition function Z for IRL is intractable (cannot be computed) when
- State-action spaces are large or continuous
« Environment dynamics are stochastic and unknown

MaxEnt IRL

Reward inference
(Maximum likelihood)

max E;.p(log ps(7)]

0

Adversarial IRL (Fu+2018)

Policy learning (RL)

ot V1o (st,t)

To ~ TG Sampling
Generator Discriminator
(Policy learning) (Reward inference)

T
max E [Z ’ytrg(s,a)]
e t=0

efo (s.a)

Do(s,a) = efo(s) 1 7 (als)

mgin —Ep|log Dy)
—En[log(1 - Dy)]

T

Train

Yo

l

Train
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Fu, J,, Luo, K., & Levine, S. (2018). Learning robust rewards with adversarial inverse reinforcement learning. arXiv preprint arXiv:1710.11248.
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Route choice application by Zhao and Liang (2023)

#%: Adversarial Inverse Reinforcement Learning (AIRL)

s'(F)=s,
S(FL)=sy  ,~ S(FR)=s;  ———— '{—""—_'—""‘"'_"'"_l Tt ey el b ot eyt gt
5 == Generator, : Value Estimator,
; , 1 ) !
g ! F. —»
‘(L) » s'(R)=sp, > H(a s, ¢) 1 I S | |
{ 1 al I
alu e :
o F l 1, _\a‘e D B V(s |c) +» Lg
S(BL)=spy S(BR)=sy, . ___ & Estimator V I
(B) ( y | F. > |
SB)=sm gNatc S
AL R(s.a|c) i Ly
T 1 ) P,
1
' State s ] 0. P e Y o e e
! Generator G !
I [
[ Generated )
’ : ol Fg ——
I * \ Trajectories ) 1
I ! —» Dg ,(s.alc) Lp
I - ‘ - s
" —» F. > T ‘ : F. Discriminator
: : P —» 1-Dbg o(s.alc)
— -Db o(s.alc
I Observed || >
: T \ Trajectories ) ' Fa
' S - — Discriminator
E o oo oo o= o= o o o o e e e o s e s e e e s e e o Ee e e Ee e e W B
s
,“A X
Sm | 82 | 8] q P(a;ls, ¢) 3%3 Teature ~ i ~ go(s,alc)
s G /3
: ’ P(arls. ¢) matrix " : <
53 S >m - CNN embedding 2-FNNs
» a i Fa=one hot(a) 3
aal ~ 1
Sm | Sm | Sm P(agls, ¢) 2
s' 3 F=|[Fs; Fel - ﬂ - h‘ph C) - lu_.pi.\.:l\'l
1 l‘l
(b) Creating a : (d) Producing output (Y F = [Fo Eo] b ha(s | ©)
3 Ay 2 CNNc o sAA: %3 i ¥ o Fel F o =8 hg(s’| ¢) ——
feature matrix (¢) CNNs embedding probability k . h-FNNs ¢

Zhao and Liang (2023) A deep inverse reinforcement learning approach to route choice modeling with context-dependent rewards. TRC: 104079.
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& iX: Adversarial Inverse Reinforcement Learning (AIRL)
Route choice application by Zhao and Liang (2023)
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Oyama, Y. (2024) Global path preference and local response: A reward decomposition approach for
network path choice analysis in the presence of visually perceived attributes. Transportation
Research Part A: Policy and Practice 181: 103998
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Disrupted network with local unavailability Visual attractiveness along a path

* (1) Local response to environment
« Change route to an available alternative / walk on visually nice street

* (2) Global path preference

« Still want to arrive at destination as fast as possible / want to continue
walking along a roofed path to destination

RQ:
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The Idea:

ug(alk)

u(alk)

-

vg(alk) = v(xgak Bc)

vr(alk) = o(xp 4k, BL)

Global utility vc(alk) + ec(alk)

Perceived from any state in the network

Local utility — vL(alk) +ep(alk)

Perceived only when a traveler is in state k
(Treated as zero in other states)

Function of globally perceived attributes

Function of locally perceived attributes

/2



Reward decomposition approach

Global value function

The expected and accumulated rewards toward destination d and
represents global path preferences of traveler

TEde

J-1
Vik)=E {max{u(;(r)}] where ug(r={ay,...,a;}) =Y v uc(asi1|ar)
t=1

KB ERENZN D D F A MMERSEISEA: VI(k) = V7 (xg, Bc)

In recursive form:

V)= Lin Y erelecldi V@)

HG :scale of eglalk
]’lG aeA(k) G( ’ )
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Global-local path choice model

IT—2 ¥ bDARXRIITE:

Global value function: Represent global path preferences

2. Local utility: Affect path choice and leads to locally optimal behavior in
each state, resulting in the adaptation of path choice to local conditions

of the environment

BEIRAEER:
ot {vc (alk)+or (alk)+7 V7 (a)}
plalk) = (o @1k) oL @k) +7Va(a'))
LacA(k) ee L i
X3 E I FE B
N ]I/l_ N l’l_ / d ’
=Y Y Inp™ (aj41]a;) = ) Z (alk) + Vi(a)—In Y (@) +Vi(a)
n=1 j=1 n=1 j=1 a'€ A(k)
Needs (link sequences)!
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BEztES (ET L)

Path 1 Path 2 Path 3

Case 1: General path choice

vg(alk) = t,
vi(alk) =0

9% 24% 67%

<With information> vg(alk) = t, + Aty vi(alk) =0

24% 67/% e— 9%
Shift before departure

<Without information> vg(alk) =t, |v(alk) = At,

55% 24% 21%

Local optimal: using globally slow routes

Flexibly capture different route choice based on
75



KT — X ~DEH

- R - BRRZAFLE LTIV A LA
o 724 Nodes, 2398 Links, 8434 Link pairs

« 7A—7/x—=y > (PP) & (H30PT) ICLBGPST —%
* 410 observed paths of 159 pedestrians, 164 destinations
« Diverge walking paths including large detours

Kannai sta.
— St. w. green
— Crosswalk

M Sky : 2
M Building : &%

M Tree : #XK

MCar: BBE (B%IL)
MPerson : A (AT L)
MRoad : Hi#

MFence: 7x X - it
B Grass : #EAH - B

M Pavement : $iiE45H

Visual streetscape features extraction by

Semantic Segmentation

« Green View Index (GVI) : Average pixel
ratio of “vegetation” from Google Street
View images

/6



ETF—X~AOEA| s - YrYF—2 5>

RER: GVIOL S BRRBHAEROE(ICNW L THITHIIBAAWICEHRA - K
oL, BEERITENZZLIETWADTIERULA

Compare three specifications:

_ G G 1k G greeny | G t
- (ﬁlen + ﬁwalkxya + :Bgreenxa )xaen + :Bcrossxfzross - 20x211|]?m
=0

— (RG G walk .1 G t
- (ﬁlen + ﬁwalkxa ! )xaen + ﬁcrossxoczross _ Zoxgullm
green _len

)
)
)
) = IBIgreenxa Xa
)
)

_ G G 1k G greeny | G t
— (IBIen + ﬁwalkx?’a + :Bgreenxa )xaen + :BcrossxgrosS - 20x111|]?m

— pL___xBeen ylen
green a a

x}f” : Link length (m) x&een GV (ratio) xuturmn s Uturn dummy

: Crosswalk dummy xvalk - sidewalk width (m) (fixed effect)



ETF— X ANDE

| HEEHER

Global model

Global-local model

Global-local model

Model (a) Model (b) Model (c)

Parameter Estimate t-stat’ Estimate t-stat? Estimate t-stat?

Global Blen -0.322  -29.65*** -0.316  -31.30*** -0.317  -27.85***
Beross -0.927  -16.71*** -0.886  -15.51*** -0.888  -15.34***

Buvalk 0.063 6.28"** 0.069 7.64%** 0.067 6.49***

S 0.072 1.26 - - 0.019 0.28

Local - - - 0.139 3.04*** 0.132 242
Path observations 410 410 410
Log-likelihood -1701.2 -1697.3 -1697.3
ha 0.6897 0.6904 0.6902
AIC 3410.4 3402.6 3404.6
Validation LL -3.981 -3.973 -3.977

« ET/LblL im-sample/out-of-sample 5
EERLTHY, 5
FEERTHZZELSETWVWEELE RS

\
7

-

\

HATH AP RFE LT, BEAEL,
SERE DL WEEZEATWD, GVIEET

SITEIE (Eboh LR

« TNIXETILCDFEREI O HZIFINS

/

/[

B2 48R
‘T‘/ =

D,

REREEDREN DL
T&)ZIED
WLTETaL ) bEULES
i) GVIZFFrBIICERE0L,

/8



— RXADERA | vIalL—>a iR

Scenario 1 (Base) Scenario 2 Scenario 3

Destination
GVI (pts)

0.8

, // /4' ) }4\ / CNQV' é . @UAwgﬁjTi

% xS IR IR

Orig/i:'l Intervention IAdditioan 02 — 3
(GVI+0.4 pts) (G'vfivgf“:';t"s) _L._i s :E\ TILDTTlE
: UL ARAN I
Model a - $1 ~ Model a - §2 Model a - S3 ~ N
o Ay S S + BUBLADET
L L N L
A / BANT DT ETH

R7=FiE

. > BERZEHDBAT
FIICERFI & T L
5EE, BRED
NnN3EYHhoERE

RIBTX BHEIKIC

Model b - S1
(Global-Local moc[/j\ /\

L TBERZ1TS
Flow ra;e : &. T\\&L\b% 7&? 9__‘»‘%
’ B LFTED

30




Global-local path choice model

« TRFBEYIBIN—NEZRBE LBV Y TUERET) VT

o ZEHELITARER - BFAIAEICN T 2 ER D2 E % TR EE
o ERRICEHANINIBIEOALTHTE (EIEDHT) HRIEE

Global path preference toward destination Local response to visually perceived attributes

Destination

Global value function V(k;x¢;) Local utility 1y (a|k; x; )
] ]
Low High (efficient) Low High (attractive)

Less efficient but
visually attractive

®
Most efficient - Choice probability P(a/k)
toward destination
1
3 2
Visually very attractive 3

but |least efficient



B

s FIIKBOTFICH T2y FT—J7T8ETILORER, HREXKEOD
VTEDER ) #EAH D WL THEAT
« XY M7 =7 DEELIEWVWTEA RER - IGADAIEE: “Network
Behavioral Science
« 358 (Random Utility Route Choice; Traffic Assignment)
« #% (Perturbed Utility Theory:; Potential Game Theory)
« 1H# (Inverse Reinforcement Learning; Randomized Shortest Paths)

« SHDER
. EIMEL  ETILOZER/ R/ TR BN

o BATAIERD ¢ SRR T — X OEBARE - RE~OMIG BRET L) &
FHETILADHES

o AEFBIBL  Non link-additiveZsBIHEDEL Y A&7 &

CTEEHYNEDTITNVELL



