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Complexity from Interactions among Multiple Stakeholders

Societal Impact
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Toward Smart Mobility that is Good for All

Challenges

s

~/¥-

Human Behavior Multiple Stakeholders Network Complexity

Challenge 1: Innovative smart mobility involves transformative changes in human behavior.
Challenge 2: Strategic interactions among multiple stakeholders.

Challenge 3: Network complexity makes system-level decision-making challenging.
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Research Tools

Optimization

Discrete Choice Deep/Reinforcement
Modeling Learning
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Organization of the Talk

Short term Long term

Real-time Tactical Policy Long-term
Operation Development Planning

>

0-C

[YK et al., TR part C, in revision] [YK et al., TCNS, 2025] [YK et al., TR part B, in revision]
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Area 1: Operational Efficiency of Mobility-on-Demand

Real-time
Operation

0-0

[YK et al., TR part C, in revision]
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On-demand Pooling Services

Ride-pooling Microtransit

Uber blog American Public Transportation Association

Benefits: (1) Reducing vehicle miles traveled and (2) complementing fixed-line transit
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https://www.uber.com/en-GB/blog/london/uberpool-whats-new/
https://www.apta.com/research-technical-resources/mobility-innovation-hub/microtransit/

Pilot Operation in Real Cities

Microtransit to transit hubs Paratransit

City of Kent in King County, WA Chattanooga area, TN

Efficient operation algorithms for on-demand pooling is key to successful adoption.
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Vehicle Scheduling Engine

Real-time requests  Batch processing

S > > Time of a day
Qe T T
Centralized online planner = Real-world
User choice

' =

Vehicle movement
0 Matching
o Routing

[Alonso-Mora et al., 2017]
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Vehicle Scheduling Algorithm for Operational Efficiency

Operations Research + Computer Science

Control Technique

To solve day-ahead
scheduling problem

[YK et al., 2023, AAAI]

Reinforcement Learning

To overcome the myopic nature of
real-time decision-making

[YK et al., TR part C, in revision]
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Deep Learning

To solve optimization faster by
learning from distribution

[YK et al., TRISTAN, 2025]
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Future: System-level Decision with Individual-level Analysis

Individual
level

&

System
level

Choice | Choice |
probability | | probability | |
| 11

-— -—
Maximum detour Price

Individual

characteristics Trip attributes

Utility D

Choice | .~ ’
probability State value
Choice modeling Discrete optimization Reinforcement learning
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Area 3: Travel Demand Modeling for Infrastructure Planning

Long-term
Planning

Y
L

2

A

[YK et al., TR part B, in revision]
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What is Travel Demand Modeling?

To fully understand travel demand patterns in the city network

pe\f)vggr?o?:,?ng WI;ee(r)lere What is the Which route
? 2
from? heading to? travel mode” do they take”
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What is Travel Demand Modeling?

To fully understand travel demand patterns in the city network

Origin Destination Mode Route
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Importance of Travel Demand Modeling

Evaluating the benefit-to-cost ratio for large-scale infrastructure projects
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Importance of Travel Demand Modeling

The US federal government spend $55.9B on highway construction in 2023.

source
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https://usafacts.org/state-of-the-union/transportation-infrastructure/

Importance of Travel Demand Modeling

The US federal government spend $27.5B on rail and mass transit construction in 2023.
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Importance of Travel Demand Modeling

Under-estimation Over-estimation

Travelers’ dissatisfaction Wasted government spending
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Limitation of the Previous Approach

Network
& Service

Traditional four step sequential modeling

A y A

Population &
Land-use

Origin Destination Mode Route
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Limitation of the Previous Approach

Network
& Service

Population &
Land-use

Traditional four step sequential modeling

Trip
generation

A

Trip

A

distribution
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Modal
split

Traffic
assignment

Link traffic count
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Limitation of the Previous Approach

Network
& Service

Population &
Land-use

Traditional four step sequential modeling

Trip
generation

A

Trip

A

distribution

Width of the link o« Traffic count

Younagseo Kim (Cornell

Modal
split

Traffic
assignment
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Limitation of the Previous Approach

Network
& Service

Population &
Land-use

Traditional four step sequential modeling

Trip
generation

|-

[
Trip : °

A

distribgtio;n

= Simulation

Observation from real-world

Younagseo Kim (Cornell

Modal
split

Traffic
assignment
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Limitation of the Previous Approach

Traditional four step sequential modeling

Network
& Service

A y A

Trip Trip Modal Traffic
generation distribution split assignment
N A A

lterative adjustment of parameters

Population &
Land-use

Younagseo Kim (Cornell 23




Combined Model for One-Shot Calibration

Network
& Service

Population &
Land-use

Trip
generation

lterative adjustment of parameters

Combined Model

Our model provides more robust parameter estimates with automated calibration.
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Combined Model for One-Shot Calibration

Population & Trip
Land-use generation

Network
& Service

Combined Model with Calibrated Parameters

To predict future travel patterns after ...

O construction

o0 adopting innovative mobility services

o changes in demographics

Younagseo Kim (Cornell
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Novelty

Contribution: First model to incorporate parameter calibration in a convex program.

Previous Trip Trip Modal Traffic
generation distribution split assignment
approach - - -

Trip
generation

Game of travelers Built
in congested roads infrastructure

Our

approach

Our integrated model connects urban planning with analysis of mobility patterns.
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Modeling Assumption: Hierarchical Logit Model

individual i

individual i

O
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Modeling Assumption: Hierarchical Logit Model

individual i

individual i
(0)
destination j
O W O
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Modeling Assumption: Hierarchical Logit Model

individual i

individual i

destination j

mode m
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Modeling Assumption: Hierarchical Logit Model

individual i

individual i

destination j

mode m

route r
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Modeling Assumption: Hierarchical Logit Model

individual i individual i

destination j

mode m

route r
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Challenges: Incomplete Observation

unobserved

A
| B |

Sparse and point-
based travel counts

=
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Challenges: Incomplete Observation

Complete trajectories for
a subset of travelers

Younagseo Kim (Cornell

N
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observed

unobserved

Sparse and point-
based travel counts
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Complement Incomplete Observations with Theory-driven Model

Parametric, aggregated models

individual i

Complete trajectories for
a subset of travelers

destination j
\
mode m
route r

Hierarchical logit model

Younagseo Kim (Cornell
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Modeling Assumption: Hierarchical Logit Model

Hierarchical logit model

Multinomial logit model
(Standard gravity model)

Nested logit model
(Correlation among modes)

Path size logit model
(Route overlapping)

We incorporate flexible choice models with rich behavioral details.
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Solution Approach: Entropy Maximization Principle

Multinomial Logit

eVm Non-linear constraints cause
Pm = V., , VM . o o
Zm’eM €"m intractability in optimization problem
Multinomial
—_—> _ —
Vm Logit Pm
. Choice
Utlities Probability

[Mogens Fosgerau et al., 2020]
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Solution Approach: Entropy Maximization Principle

Multinomial Logit Entropy Maximization

Vim

= ¢ Vm m T H m
%} Dmrem € 7@ @ mze./:\/l ! o)
S.t. Z D = 1

meM
Multinomial
 —r —
Vm logit Pm
Utilities Choice
Probability

[Mogens Fosgerau et al., 2020]
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Solution Approach: Entropy Maximization Principle

Multinomial Logit Entropy Maximization
Total utilities
eVm 2 :
o Travelers maximize utilities s.t. E : Pm =
0 Error term follows Gumbel distribution meM

Uncertainty

H (pm )‘

Probabilities are summed up to 1

[Mogens Fosgerau et al., 2020]
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Solution Approach: Entropy Maximization Principle

Multinomial Logit Entropy Maximization
Uncertainty
eVm 2 :
Pm = % ,Vm max Vmpm _I_ H(pm)‘
S.t. g Pm =
meM

Proven to be a convex program

“Entropy” can be interpretable as (1) value of choice variety and (2) information cost.

[Mogens Fosgerau et al., 2020]
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Advantages of Convex Programming

/

o

Existence of Solution
and Global Optimality

~

J

Younagseo Kim (Cornell

-

o

Tractability
(e.g., Gradient Descent,
Interior-point Methods)

\

J
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Solution Approach: Entropy Maximization Principle

Multinomial Logit Entropy Maximization
eVm
Pm = V. /,Vm max Z Vmpm—I—H(pm)
S.t. Z Pm =
meM

The transformation allows the integration of discrete choice modeling into optimization.

Younagseo Kim (Cornell 41




Two Stage Approach: Estimate and then Predict

Estimating Parameters and Predicting
Reconstructing Current Travel Pattern Future Travel Pattern
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Two Stage Approach: Estimate and then Predict

Stage 1: Estimate

Stage 2: Predict

s.t.

max Hywo(Pgiz) + HNL(Pazg) + HesL(PrIZIM)

m

L DD /fag;”(w)dw

1€EL,jET mEMreR a€A;jmr 0

R

HMNL(PIJ|ﬁI) Z HNH\IL(ﬁIJ|ﬁI) [_1 aF 0d t]
es
= = 1
HNL1 (pI]H(M)|pIJ) > HNL1 (PIJH(M)h)IJ) [—1 + ) » ]
'mode
P = TN
HNLN(ijM|ijN) > HNLN(pIJM|pI.7N) YN € H(M) [—1 ar g ]
Y. piXh= ) PuXh VkeK (B
€T, jET i€L,jeT
> > pmXm= 3 Y Pum X VaeQ [8]
i€Z,j€T meEM i€L,j€ET meM
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Objective Function

max Entrop_y Functiong.
Pijmr Uncertainty of choice

_|_

Beckmann Equation

Traffic Equilibrium
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Objective Function

pijmr
max |Hwn(Pyiz) + Hxo(Pmizg) + HesL(Pr|ZTM) Probability

Pijmr

(Travel patterns)

Entropy Functions

fa' fa"
Z Z Z / g (w)dw | Traffic count
0

i€L,jET MEM,rER a€EA;jmnr (# of cars)

i ) M

Beckmann Equation
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Objective Function Links Choice Models and User Equilibrium

Entropy Functions = Choice Models Beckmann Equation for Equilibrium

1 f&
max | Hune (P z) |[HHN (Pazs) H [ HpsL(PR|ZI M) B Z Z Z /(; gy (w)dwf -

T 1
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Tractable Convex Programming

max Entropy + Beckmann
Pijmr

Travel Pattern Matches with Observations

Conditional entropies
(Uncertainty in predicting behavior)

Momentum matching
(Movement of a population)
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Tractable Convex Programming

The first stage model is a convex program

max
Pijmr

Entropy + Beckmann

Convex objective function

Travel Pattern Matches with Observations

Conditional entropies

(Uncertainty in predicting behavior)

Convex inequality constraints

Momentum matching
(Movement of a population)

Linear equality constraints

Youngseo Kim (Cornell 48



Benchmark Networks

Sioux Falls Anaheim Eastern-Massachusetts
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Benchmark Networks

Younagseo Kim (Cornell

# of Nodes | # of Links | # of ODs | # of Routes T;:[I:) ed:l) (I::;d TSi:)I::t(lsoer::)
SiouxFalls 24 76 528 644 11.0 0.7
EMA 74 258 1,113 1,797 14.4 1.3
Berlin Friedrichshain 224 523 506 656 16.6 0.7
Berlin Mitte 398 871 1,260 1,706 18.0 0.9
Anaheim 416 914 1,406 2,700 55.4 3.7
Barcelona 1,020 2,522 7,922 16,570 583.9 18.8
Winnipeg 1,057 2,535 4,345 8,000 294.5 16.2
Munich 742 1,872 67,122 108,012 2608.2 115.6
Chicago Sketch 933 2,950 93,513 225,507 1799.6 123.1
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One-Shot Approach for Calibration

‘ The optimal primal and dual solutions satisfy the hierarchical logit model. \

-

Primal
— Travel equilibrium

~

J

-

\_

Dual
— Parameter estimation

~

J

The dual problem resembles maximum likelihood estimation
but uniguely incorporates constraints for observations.

Younagseo Kim (Cornell
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Future: Deployment in the Real-world

Complete trajectory
information for a \
subset of travelers N

;/
o

/

Sparse and
point-based
travel counts

\\
SN

Younagseo Kim (Cornell

O 00O

Cell phone location
Smart card

Taxi data

Household travel survey
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Appendix: Markov Decision Process

Demand generator Batch processing

S— | :

T Time of a day

.- e T I
' State ; '
1| . . Policy Action 1 :
| UIie: _Lgcatlon . Solving the matching . Matching pair StOChaSJ.“C I
*  Remaining Capacity problem . Slack time Iy user choice I
I ¢ Remaining Slack time Iy |
: 2
I I ,
I I !
I I !
| 1] Vehicle movement 1
I I !
I I !
I I ,
I L ( :
; - Reward I
! I L Fare I
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Appendix Al. Formulation for Matching Problem

Calculate the value of matching W Time  Location Capacity  Slack

Trip attributes

\ 1

) \ '

, \ \

\ 4 7’ N \
’ S N
Utility e S~ N
- - - - h = -~ -~ b =~
Choice | _ __--- - =~
probability . . .
e;ja € {0, 1} : request-vehicle-maximum detour pair
State value
Choice modeling Discrete optimization Reinforcement learning
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Appendix A2. Problem Complexity

Scale in New York City Effectiveness of algorithm
v’ 220,000 — 880,000 requests per day v' The number of requests n
v"100 — 300 requests per batch v" The number of vehicles m
v"1,000 — 3,000 vehicles v Vehicle capacity ¢
v'Vehicle capacities 1 — 10 v" The number of variables: 0 (mn¢) but
much lower in practice
v" The number of constraints: 0(n + m)

[Alonso-Mora et al., 2017]
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Appendix A3. Reinforcement Learning

Demand generator Batch processing

S A N R . L R
Wy SRR | | >

T Time of a day

- -, __—_— I I_ ____________ |
. State Policy Action X, Iy _ |
I Time, Location Solving integer linear * Vehicle-passenger I Stochastic |
| Remaining capacity programming (ILP) with matching pair Iy user choice simulator 1
1 Minimum slack time _\__request-vehicle graph . \¢ Optimal slack time Iy embedding choice model I
- - T
————————————————— 1 I |
| _ T v I
| Request-vehicle graph Neural network for state value T |
: 1] Deterministic I
I 1] vehicle simulator |
I ' !
|
I I v |
i |
I Back propagation : | ( Reward ] :
I LI | .
! I L Profit I
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Appendix A4. Choice Model

Binary choice model to measure the willingness to adopt a service

Pz' — P(UZ_pOOling Z Uitamz‘) — P(‘/iPOOZing _ Vfam‘ Z 6)

eXp((thOling _ tga:ci)ﬂvot 4 (Tfoolz’ng . T’,fawi))

= 1+ exp((tfooling _ tgassz')ﬂvot + (,rpoolz'ng . r?af’f'i))

1 1

_ )1 with probability P;
i = 0 with probability P; — 1
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Appendix AS. Experiment Results
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Appendix A6. Policy Iteration
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Appendix B1l. Equivalent Transformation

(P) Q)

max E E d tgstﬂ-st - qst ax Z stt@ st]JeJ)
] ste \ J
je‘]’”eﬂ steQ jet IEhIER steQ et !

Price Choice Prob _ Q‘Zt Convex
s.t. 9375 - f([ﬂ-st]]GJ) Vst € ()

Non-linear function
Flow conservation

s.t. Flow conservation

Decision variables
... Price of mode j from st pair

Qsjtz Probability of traveler in st pair choosing mode j
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Appendix B2. Convex Program

The equivalent problem is a convex program

@ =
: s j n
, min Y ( ASCY, + T3, + V)
st’"rst’Va,st g teN jEJT -~ -~
Ay,
+ Z Z rstF fa ar
reERst a€EA

~

'

(A%,

+6,In¢, — ¢/, In (1 -y 93;)

B vj'eJ :
©7, i
S (Cufe) + )
acA

~ ]
'

o),

Convex objective function

subject to

Younagseo Kim (Cornell

[Ogt] :
[mst] 2

[aa st] :

[BL] -

[pi,st] :

Y Hu.=0, VieJVsteN
TERst
36, <1 VsteN
JjE€J
Z dstaarzf-,st S yg,,st
TER st
Yaec AVje JVs,te N

faz Z Zyi,st Vaec A

s,teN jeJ

Z Zyast_ Z Z

a€é+(u) ,tEN a€d—(u) s,tEN
Yue NVjedJ

”t>0 VjeJVs,te NVreRy
), free VjeJVste N

yi,st free Yae€e AVje JVs,teN.

Linear constraints
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Appendix C1. Literature for Convex Combine Models

Trip Trip Modal Traffic
generation distribution split assignment
(Gravity (Multinomial (Wardrop
model) logit model) user equilibrium)

Framework Utility Entropy Satisfaction Beckmann
Wilson (10) (0]
Anas (14) (0]
Beckmann et al. (15) (0]
Evans (16) (0] (6]
Florian et al. (17) (0} (0]
Oppenheim (18) (0] (0]
Florian (19) (0] (0]
Abdulaal and LeBlanc (20) (0] (0]
Ferndndez et al. (21) (0] (0]
Garcia and Marin (22) (0] (0]
Florian and Nguyen (23) (0] (0] (0]
Friesz (24) (0] (0] (0]
Safwat and Magnanti (25) (0] (0] (0] (0]
Framework Utility maximization
Oppenheim et al. (5) (0] (0] (0] (0]
Yao et al. (6) (0] (0] (0]
Zhou et al. (7) (0] (0] (0] (0]
Ours (0] (o) (0] (o)

Younagseo Kim (Cornell
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Parameter
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Appendix C2. BPR and Entropy Functions

Assumption 1.

The road latency function g;* is an increasing power function.

2 TrL

m /
e.g., BPR function g™ (f™) =T™° |1+ o™ (f‘l )

C?Tl

HMNL pJ|I Z Pij lIl
€L, jeT
HNL(PM|IJ) = Hni, (pIJH(M)‘pIJ) + Z HNLN(pIJM|ijN)
NEeIl(M)
p’L N p'l. m
=2 2 pawlm(G = D > D pumin(
€L, je€T NeIl(M) NETI(M) €L, FET meN
Dij 1
Hpst (PrizIM) = — Z Z Pijmr In( z?,mr =)
i€Z,j€J mEM,reR Pijm  Yijmr
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Appendix D1. Survey Design

Existing options New multi-modal options

I | 1

YK et al., 2021 E. Kim, YK et al., 2021
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Ultimate Goal: Integrated and Automated Decision Making

Public

Supply &3 Demand

Design (5% Operation

Market Share> Q
<€
Service

Human Private
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Automated Decision Making Beyond Smart Mobility

Smart Mobility System ...and Beyond!
Supply chain management Energy grids
Water resources Urban infrastructure

Younagseo Kim (Cornell 68
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