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I 1. Introduction
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I 1. Introduction

R#EFY (optimal learning)
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2.Literature review



I 2-1. Mobility service route design with fixed routes

2.1.1. Conventional approaches with static demand
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I 2-1. Mobility service route design with fixed routes

2.1.2. Sequential design
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2-2. Reinforcement learning in sequential planning for transportation systems
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Examples of Learning Techniques Used in Transportation Domain.

Subject Approach Information (I) and Action (A)
Intercity route planning (Zolfpour-Arokhlo et al., 2014) Q-value based dynamic programming I: travel time
A: route choice
Sequential reliable route selection (Zhou et al., 2019) Multi-armed bandit I: generalized travel time, reliability
A: route choice
Delivery vehicle allocation (Huang et al., 2019) Knowledge gradient I: operational cost curve
A: vehicle allocation to regions
Demand management of EV charging stations (Romer et al., 2019) Contextual bandit I: load on grid
A: charging price adjustment
Stochastic online shortest path routing (Zhu and Modiano, 2018) Combinatorial bandit L. end-to-end delay
A: path choice
Dynamic electric vehicle routing (Basso et al., 2022) Q-learning-based Safe RL I: cumulative energy cost and risk of failure
A: choice of node to visit
Bus network design and frequency setting (Yoo et al., 2023) Q-value based learning I: passenger demand

A: route expansion




I 2-3. Research gap summary
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3.Proposed Methodology



3-1. Preliminaries: Learning policy
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Notation Description Notation Description
.4 Learning policy G Network
N Set of nodes n Node
A Set of bidirectional segments a Segment
T Time horizon t Extension time step
M Number of segment extension trials M(e, ®) Normal distribution with mean and covariance
a Segment that can be chosen at t At Set of a*
at™ a' chosen at segment extension trial m Nt Set of nodes corresponding to A’
ntm Node corresponding to a*™ VT Value of @' after m trials under =
K Number of candidate routes R k-th route
Xij True OD demand between i and j x Total OD demand coverage at t
Xy Sum of all available x;;’s if appending a' AXgens Sum of additional x;;'s expected to be covered by appending a*
atlq) g-th segment of A* De Set of possible x;;’s if integrating a'@
o° Vector of x;;'s ¥ True covariance matrix of x;;’s
ot Vector of X TA Covariance matrix of X .
et Vector of X, att b Covariance matrix of X, att
ﬁg Initial prior of 6” f’g Initial prior of £”
) Updated prior of 8° at t f? Updated prior of Z” at ¢
3
ﬁAo Initial prior of #° for segment choice trials at t b Initial prior of £ for segment choice trials at t
L
ﬁfm Updated prior of 8° for segment choice trial m at ¢ f‘:m Updated prior of £” for segment choice trial m at t
Xij Observed x;; Xy Observed X
" Change in estimated variance of X, at m G Variance of observations
o(at™) Change in Efm after observing @™ woit Observation of the measurement of '™
af* (@) Belief of the measurement of a"™ €gm Unit vector with 1 indicating a"™
tm
Var™ Variance after m observations gmtl Random error
K Number of time steps in MAB Mg Number of a' chosen
i Vector of precision of x;;’s after n-th update o Vector of belief on mean of x;;'s after n-th update
p‘“’ Vector of precision of observations whtl Vector of observed flows
Q Flow observation indicator matrix ] Vector indicating observations by 0 and 1
o2 Observation error per flow L Maximum route length
P Number of pilots Lp Minimum pilot route length
Qr Number of observations per pilot H Diagonal matrix with o;’s
B Correlation matrix




I 3-1. Preliminaries: Learning policy

3.1.1. Multi-armed bandit (MAB)

BT TH LD 5 WD 54 U 5 %ilEp, £ BAMET 2 £ 5 103 LIOBIRK (arms) 7 5B SF ik
[
AIRE T BA TR DR £ 18 5 17 4B o 2

n n I : R4 LRT v Tt TREATSERE
pp = max Z Vi — Vi Vi 8B E N7
t=1,K edp=1 t=1 Yie : RADODFITHE S EARE & N7 BIRBi D 2R BN

LY LRAMBHED-8 [RAROEH] Hbhhr i

A 4

Upper Confidence Bound (UCB) %= A\ %
I
O(n) & WIEWH — X —TRIBOMEEIMNZ FE

wm ) e ; 2logn n : SR 1TOIEK
22 - H + =l MABn __ o e,
cEBRATE E DIFFMEE ) = E(Y;,) + m n, IR 1 ST ERY

exploitation exploration




I 3-1. Preliminaries: Learning policy

3.1.2. Knowledge gradient (KG)
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I 3-1. Preliminaries: Learning policy

3.1.2. Knowledge gradient with correlated belief (KGCB)
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I 3-2. Problem statement
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3-2. Problem statement

Segment Choice Segment Extension
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Final segment choice Per time step t

after M trials in epoch per route untilk = K
Time horizon [1,T]
Epochs per route il [+t +8) | - B 6+ L35G] - | [BF T +1,T)

Time stepsinepoch 1 2 - ¢t - &

Trials per segment 1T B B2

c.f. one-time implementation
* Launch all K routes from the beginning
- find the optimal route set under constraints
= number of routes, maximum length

Known demand pattern

zi-l tl+1 zi-lti +2

Route Expansion

k-th new route
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network design problem (SSTNDP)



3-2. Problem statement
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c.f. one-time implementation e
* Launch all K routes from the beginning
. . > —
- find the optimal route set under constraints \.

= number of routes, maximum length N 1
Known demand pattern Full system



3-2. Problem statement
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c.f. one-time implementation

* Launch all K routes from the beginning
. . > —
- find the optimal route set under constraints \.
= number of routes, maximum length

p™
Known demand pattern Full system



I 3-2. Problem statement
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I 3-3. Learning scheme design

3.3.1. Design of a prior
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I 3-3. Learning scheme design

3.3.2. Evaluation and choice
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3-3. Learning scheme design

3.3.2. Evaluation and choice
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I 3-3. Learning scheme design

3.3.2. Evaluation and choice
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3-3. Learning scheme design

3.3.2. Evaluation and choice
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since a matrix P is invertible (Powell and Ryzhov, 2012b).
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I 3-3. Learning scheme design

3.3.2. Evaluation and choice
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I 3-3. Learning scheme design

3.3.2. Evaluation and choice
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I 3-3. Learning scheme design

3.3.3. Observation and knowledge update
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I 3-4. Proposed Al-based sequential segment-level transit network design algorit
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| Prior preparation | Initial node search  Prior synthesis | Segment choice (vZ}"’) = Knowledge update
- Pilot operation t 1 . PE
- Existing dataset 08,28, No(me—m+1) Last trial
Loop IlI: Loop II: Loop I: segment choice (m = M)?
Given information route expansion segment extension Yes
G(N,A) ~ l (incomplete R;)
M. L K Appended node search o7, Xp No Maximum
(t—t+1) length (L)?
l Yes
« Truths (87, £P) . : ~p @D GONTIRE Hi!
’ Route addition R; (i € [1,k]), 67, Z; No Final route
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3-4. Proposed Al-based sequential segment-level transit network design algorit

[=] [ e | - -
_RETZILIVXA
I 1. Prepare network G (N, A) and node pair flows .{z; ;|i,j € N}

2. Input simulation settings: number of routes required K, maximum route length L,
number of pilots P, minimum pilot route length L p, number of observations per pilot
@, number of observations per extension M, learning policy , time step ¢(= 0).

2.1 If available, import priors from existing knowledge (éoD, f]OD).
3 Conduct pilots.

For p = 1to Pdo.

3.1. Randomly choose two nodes (i, j) as terminals.

3.2. Operate a route between (%, 7), longer than Lp.

3.3. Observe @, operations on chosen route.

~D aD ~D D
3.4. From observed z; ; , create @, and % if not existent. Otherwise, update @, and %,
d=t+ 1

End For.

4. Implement route expansion based on segment-level extension

For k = 1 to K do.

4.1 Designate an initial node as a starting terminal of Rj,.

While |R;|< L do.

4.2 Identify available segments a* € A’ from both ends of Ry..

Forg=1to ‘At| do.

4.2.1 Identify z; ; covered by the route system after a'? appended and create D?.
End For.

4.3 Aggregate 5? and fl;D of z; ; to segment-level (f?fo, flfo) using transit assignment.
Setm = 0.§fm = §f0.and§fm = f]fo.

For m = 1 to M do.

. - A4 A
4.3.1. Estimate v"; """ of segments using @, ,, ; and ¥ m-1 based on .

al

1,7

4.3.2. Determine a"™ to observe that satisfies: a*” = argmax v,
ale Al

4.3.3. Observe z; ; corresponding to a"™.

~A ~A & ~A ad
434.0,,, =86,, ;and & Update 8, ,, and ¥, ,, using observations.

— t,m R

End For.
4.4 Append a'M to Ry, according to Eq. (6).t = ¢ + 1.
End While.

End For.




I 3-4. Proposed Al-based sequential segment-level transit network design algorit
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4.Numerical experiments



I 4-1. Simple grid networks

4.1.1. Problem and network illustrations
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4.1.3. Results
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I 4-2. NYC PUMA-based network

4.2.1. Problem and network illustrations
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4.2.1. Problem and network illustrations
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4-2. NYC PUMA-based network

4.2.2. Simulation inputs
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4.2.3. Results
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4.2.3. Results
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Scenario Descriptive statistics (mean & std.dev in million) Two-tail t-test result (p-value)

MAB KG KGCB MAB vs KG MAB vs KGCB KG vs KGCB

#1L 10.78 (0.49) 10.80 (0.64) 11.29 (0.26) 0.854 kK il
#1M 11.27 (0.45) 11.48 (0.43) 11.76 (0.22) 0.001 ek kK
#1H 11.48 (0.55) 11.59 (0.45) 11.90 (0.14) 0.133 sk ek
#2L 10.78 (0.52) 10.95 (0.42) 11.37 (0.21) 0.001 ok kK
#2M 10.05 (0.58) 10.24 (0.46) 10.18 (0.41) 0.011 0.057 0.376
#2H 11.68 (0.48) 11.75 (0.52) 12.08 (0.31) 0.314 dekek kk
#3L 11.46 (0.46) 11.61 (0.52) 11.83 (0.27) 0.024 ke 0.000
#3M 10.94 (0.46) 11.04 (0.44) 11.10 (0.45) 0.151 0.016 0.318
#3H 10.85 (0.46) 10.93 (0.44) 11.12 (0.38) 0.209 ko 0.001
#4L 10.41 (0.54) 10.64 (0.35) 10.95 (0.12) 0.000 wokk Fokk
#4M 10.10 (0.58) 10.25 (0.41) 10.59 (0.29) 0.028 ek kk
#4H 10.35 (0.52) 10.57 (0.34) 10.70 (0.37) 0.001 ok 0.007
#5L 9.73 (0.40) 10.03 (0.45) 10.40 (0.35) ok ek kk
#5M 9.85 (0.46) 10.20 (0.37) 10.30 (0.20) kok dkek 0.022
#5H 10.87 (0.55) 11.12 (0.50) 11.46 (0.33) 0.001 ek kK

Note: Underlined and italic numbers mean statistically insignificant p-values with @ = 0.05. *** are ones with very strong significance.
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