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4.1 AIRLETILICDWT
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RCM-AIRLE 7L (Route Choice Modeling AIRL)
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« State features(Fs):'J > 7 O
« Context features(Fc):BRIHICEEET 25 D x5 A TEHEE
 Action features(Fa):ik{T&ED B < FREIDIER

The description of input features.

Feature

Description

State features F,

Link length

Link level

Context features F,
Shortest distance
Number of links
Number of turns
Frequency of link levels

Action features F,
Direction

The length of a link.
Whether a link belongs to primary, secondary, tertiary, living street, residential or unclassified link level.

The shortest path distance from the current link to the destination (pre-computed using Dijkstra’s algorithm).

The number of links along the shortest path from the current link to the destination.

The number of left, right and u-turns along the shortest path from the current link to the destination.

The number of primary, secondary, tertiary, living street, residential and unclassified links along the shortest path from the
current link to the destination.

Whether the traveler is moving forward, forward right, right, backward right, backward, backward left, left or forward left.

26



5.3 REE T LLERET /L

RCM-AIRLET /LY 2D ETIL

-thﬁquﬁ@anmz&—z%?w@—oo%h%h@ﬁZ@%ﬁﬁ%@
STET, "BRUVINEDLSKSEWHEEINTWEN ZEREIT DIEZEHD I &
o, EXTIIMERDODEW A Z52MEME L THRL. ERICEHII S NCHinZ
EEORTRLEWVWIIRICYY FEIES

DNN-PSL : DNNZ {9 5PSLO AR, FEMRIZBRERPREZI VY TFA S
HEHDIENTE DL

Recursive Logit : U Y I XR—=XET )L, MEREKIFFEFER, NADEIFEKRL
M, UV IR=RIGDOTETD/RNRZ M T 2BEHE

exp(u(s’ | 5) + V (s"))
i s7(s) EXPW(s” | 8) + V (s))
TEEMB(EY 7)1 RoREEER L BOREHRAEY > 2)
RCM-BCETIL : p.&&
RCM-GAILET /L : p.&R

P(s’' | s) =

| |

WERET IV

AIRLZA{L

ETI

27



5.4 KEED T FHMEER

ETIDOBEORE Z ] 51EE

« Edit Distance(ED):2 DDEEET AL DN ENLHLWEL > TWAAZFRBIEE, —hH%MA
ISR T 5/ NDIRIERIBDETEICL > TKDH 5,

 BiLingual Evaluation Understudy score (BLEU): X a7 1E 2 DA EDRBELLTWLB A LW H
Y

« Jensen—Shannon Distance (JSD):22DH D DIEXRS DT I Z BB T ENTE S

e Log Probability (LP): 52 6N/ ETIICEWTET —XOREDERDlogxh & >7-HL DDF
B

T —5 B

« T—RETVRELIZEDIINDF, 12T A MNH. BY 4L —=Zv T H

« ZFERADT—4XH 4 X%100,1000,100000 3 f&EFE TEER

« EERBINDI-OICEE-hh -7/ ¢ AV TV R MIKET 2REMERDKE

—T—LICBEETSEREEHALEZD I L TRITENBENLRITEIE L T?ﬁﬁ%i&%}ﬁ@“ %
CERMFIToNEZDOT, AEHIL—TLEY T—IICERELAWE W) REAEET 5

allll




]

2.
3.
4
5

iE U &I

BEMR (BEZBRET IV FEZE)

EESEREEOEIL - BEERMEBEICE T 5UREFE & &
ARLET LD - BEEREBBANDILHDEA
SEAED T DITE



6.1 ER EFILOFRIEHD
« BERZETIEOMREZTHET S20HIC, tT A M ZFER, RCM-BC. RCM-GAIL. £ LK URCM-AIRLI(F. BEFF®D
NR—RZAVETILEDEHESNCENT/INT A —Y R ERUE (pfEHO0.001KH)
—REBIRL (¥Fa#tFE) /IL (BEHEE) FENIL—KBREFTY VITICEWTHRENTH D 2 xR
« FICAIRLIFZTOFHIHEZRICEA L TR WER
s ETILDBENLGARERZZRT DD, 3EEBRZTH - LODDEEREZIZ—/N\—ELTRLILE T S,

(== o
AIRLIFE] & & E
251
| |
ol | o7 . }
\ |
0.35- 0.6 mum 04 | | | 20!
|
0.30 ' 0.5
0.3
| g= 151 |
25
A 0 | - | I 3 04 &) = ‘ \ ~
— el 2} 5

0.20- = - o

0.3 0.2 10
0.151

0.21
0.10 0.1 5!
0.05- 0.1
00000 1000 10000 00700 1000 10000 T 1000 10000 0" 100 1000 10000

training data size training data size training data size training data size

PSL DNN-PSL Recursive Logit RCM-BC RCM-GAIL RCM-AIRL



=T )LDFRIEEND

~ (HRCM-GAIL () RCM-AIRL

~ (e)RCM-BC

Fig. 7. Predicted link flow distribution using different models.

FTRYIEIR

31



6.3 #ER ETI/ILDOTRIEEND

$HB0DRT7 eI BZEREDIL— b FEIR & FH

\

:\
P =0.03 “3\
green

"}
Pblm. 0'06,” “\
% \P_=0.12
W \§ = o
¥ \ i
£ Phluc:_o'o2 ,‘) iy
L?P =038
P_=0.68 :‘ A
\
oy

e
o

P

—Z P,,..~0.12
20,06
yellow S
\ \\\

| . ©®
() RCM-BC

T

(f) RCM-GAIL

4 N
P,.=0.004 - §
. \ =
), P =0.002 P _=0.71%
< _.‘:::’ & )
A %
Nz o W,
« P2=0.71 = \
.f“ 47 red Porang,c 0.03 ..'\
3o\
// ‘l
o, bl
W e
R P
N\
by

| Pbluc=0'02 - /’/
mngc=0.20 <

PAN
- A}
_—f’- \\

g
. -
\ >
=0.02
yellow

8 Pnm0.03
®

£
(c) DNN-PSL

Y
\'ello\v=0'03 A
. i
b —
\ P =0.61
n
"
"
b
8
P__=0.02 e
green e o
= L

(g) RCM-AIRL

32



0.4 #5R T I)LDETE
FE BT =%
MO:E T )L &1k
PG:/S R4S

Table 3
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Computation time for feature engineering (FE), model optimization (MO), and path generation (PG) of different models. The results are averaged over 5-fold

cross validation.

Models 100 training trips 1000 training trips 10000 training trips
FE(s) MO(s) PG(s) FE(s) MO(s) PG(s) FE(s) MO(s) PG(s)
path-based PSL 28.8 0.3 1370.5 277.8 1.8 1370.5 3166.7 12.6 1370.4
; DNN-PSL 28.8 0.8 1370.4 277.8 5.7 1370.4 3166.7 42.3 1370.4
Recursive logit 0.0 22.2 4.0 0.0 44.4 4.0 0.0 238.8 4.1
Ll based RCM-BC 3840.0 124.8 1.7 3840.0 1174.1 1.6 3840.0 11487.4 1.6
ink-base RCM-GAIL 3840.0 6112.8 1.7 3840.0 9305.3 1.6 3840.0 18270.9 1.6
RCM-AIRL 3840.0 5990.4 1.6 3840.0 8962.5 1.5 3840.0 18307.0 1.5
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Fig. 9. Route choice prediction performance of different models for unseen destinations.
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Fig. 11. Examples of estimated V' (s|c) and R(s,alc) from RCM-AIRL.

AT U A McTRRESDE{TEIaZ B > 12355 DBRERN A &
R(s,alc) il n s
RITEDEEIRIREN /S 1 T/ < . REAEREN /%R 5
EZEL WS &EHRER

36



6.8 faR BENLEADRFHDOID AL

- EADOFEZIYTEFIARcO—EELTIKS ZENTED

« ARBTIET -5 DFIMIC LD, KRERTIIARKREADOREZ HAHAT C EIETERMN o Tch. FCGPSEL—X
FEmID (AAFBFELUTRE) EEEMITSNTWSTZ$H., DNNA S EEBENLZAEANSEERMET 52 &H
A8

SBREBBIRTETILO—EZE U T, BELXDKITEICT U THEHARNRY NI EZEITEHENTES
—>)N\—=VFTAREINIL—FT « > FRH B EE
® DNNDSZE S NIBENBEASFENTET LD FTAEREICED XL SICEIT 20 ZFE2ODERZITo

+ REZDMY Y TEFHIE0AD R ZAN=%RR, FRTA/N=cDWVWT, BT -5 DD80%Z L —=>7

T—45. 20%%ZT AT —FICnE
> T RIMERE DI NCE LT B

Table 4

Performance comparison of incorporating embedded individual features or not using RCM-AIRL.
With/without individual embedding ED BLEU JSD LP
Without individual embedding 0.245 0.700 0.391 -4.206

With individual embedding 0.223 0.716 0.380 -3.869
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Table 2
Hyperparameters used for RCM-AIRL.

Hyperparameter Value
Number of discriminator updates per iteration 1
Number of PPO updates per iteration 10
Batch size for PPO updates 64
Learning rate 3e—4
Discount rate of reward (y) 0.99
Number of generated samples per iteration 8192
Number of CNN layers 2
Output channel and kernel size in the first CNN layer 20.: 3
Output channel and kernel size in the second CNN layer 30, 2
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