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Pre-readings

e Climate change sector overview for transportation
o Jaramillo, Pauling, et al. Climate Change 2022: Mitigation of Climate Change. Contribution of

Working Group Il to the Sixth Assessment Report of the Intergovernmental Panel on Climate
Change (Chapter 10: Transport). IPCC, 2023. (IPCC Executive Summary)

e Al for transportation

o Transportation Research Board Executive Committee, Transforming Transportation:
Leveraging the Power of Artificial Intelligence, Digitalization, and Automation. Washington,
D.C.: National Academies Press, 2026. doi: 10.17226/29350. (PDF)

e Al for climate change (transportation focus)

o Sandalow, David B. et al., Artificial Intelligence for Climate Change Mitigation Roadmap
(Chapter 6: Road Transport), 2nd Ed. Academic Commons, 2024. (PDF)

o D. Rolnick et al., “Tackling climate change with machine learning” (Section 2:
Transportation), Jun. 2019. Available: http://arxiv.org/abs/1906.05433v2



https://www.ipcc.ch/report/ar6/wg3/chapter/chapter-10/
https://www.nationalacademies.org/publications/29350
https://academiccommons.columbia.edu/doi/10.7916/2j4p-nw61
http://arxiv.org/abs/1906.05433v2

Learning objectives

This lecture is designed around gaining insight into these questions:

Why is transportation difficult to decarbonize?

Which interventions are important for mitigation?

Where can Al really help, and where is it a distraction?

What are the ethical and equity risks of mitigation strategies?



Outline

e Sector Overview
o Transportation emissions snapshot & targets
o Why transportation is hard to decarbonize
o Decarbonization framework
o Alin Transportation overview
o Al for Climate Change Mitigation in Transportation

e Deep Dive
o Improve: Al for Electrification

o Shift: Al for Modal Shift
o Improve: Al for Transport Efficiency

e Final remarks
o Synthesis, entry points, and next steps
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United States: GHG snapshot and goals

e Paris Agreement goals [1]
o 45% reduction from 2010 levels by 2030
o Net zero by 2050

e United States [2]

o National GHG peaked in 2005
o Goal: 50-52% reduction in 2005 levels by 2030
o 2025: GHG 18% below 2005 levels.

e Transportation is largest sector of GHG
emissions in the US [3]

Total U.S. Greenhouse Gas Emissions
by Economic Sector in 2022

Agriculture
10%

Residential
&
Commercial
13%

Source: Inventory of U.S. Greenhouse Gas Emissions and Sinks, US EPA, 2026.

[1]1 Rogelj, J., D. et al, 2018: Mitigation Pathways Compatible with 1.5°C in the Context of Sustainable Development. In: Global Warming of 1.5°C. An IPCC Special Report on the impacts of global warming of
1.5°C above pre-industrial levels and related global greenhouse gas emission pathways, in the context of strengthening the global response to the threat of climate change, sustainable development, and
efforts to eradicate poverty. Cambridge University Press, Cambridge, UK and New York, NY, USA, pp. 93-174, doi:10.1017/9781009157940.004.

[2] U.S. Department of State. (2021). The United States of America's Nationally Determined Contribution: Reducing Greenhouse Gases in the United States: A 2030 Emissions Target. Submitted to the United

Nations Framework Convention on Climate Change (UNFCCC) in 2021.
[3] "Inventory of U.S. Greenhouse Gas Emissions and Sinks." US EPA, 10 June 2026, url.
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http://www.epa.gov/ghgemissions/inventory-us-greenhouse-gas-emissions-and-sinks

Transportation Sector Contributions to Climate Change

CO, emissions from transport

Emissions are measured in tonnes. Domestic aviation and shipping emissions are included at the national level.
International aviation and shipping emissions are included only at the global level.
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Data source: Climate Watch (2026) OurWorldinData.org/transport | CC BY

23% of global energy-related
CO, emissions and increasing

8.9 Gt
: I indirect CO,
___’{ 2% Road
! I International shipping
I International aviation
I Other (transport)
I Domestic aviation

: 9% Inland shipping

v -
. 40/2 Rail
~ Majority from roads

Jaramillo, P., et al., 2022: Transport. In IPCC, 2022: Climate Change 2022: Mitigation of Climate Change. Contribution of Working Group Il to the
Sixth Assessment Report of the Intergovernmental Panel on Climate Change. Cambridge University Press. doi: 10.1017/9781009157926.012
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On track

How are we doing? ot

NV

Tracking Transport

Notontrack () ' Transport
In 2022, the rebound in passenger and cargo transport activity Cars and Vans
following the coronavirus (Covid-19) pandemic led to a 3% increase in
transport CO, emissions compared to the previous year. Transport Trucks and Buses
emissions grew at an annual average rate of 1.7% from 1990 to 2022, Rail
faster than any other end-use sector except for industry (which also sall
grew at around 1.7%). To get on track with the Net Zero Emissions (NZE) . Aviation
by 2050 Scenario, CO, emissions from the transport sector must fall by ’
more than 3% per year to 2030. Strong regulations and fiscal » International Shipping
incentives, as well as considerable investment in infrastructure to . .
enable low- and zero-emission vehicle operations, will be needed to Electric Vehicles

achieve these emissions reductions.

See: 2026 report Tracking Transport. International Energy Agency (IEA), 2023


https://www.iea.org/reports/tracking-sdg7-the-energy-progress-report-2026

Transportation-Adjacent Emissions (Definitions are Important)

e “Transport sector” = operational emissions
o Tail-pipe GHG emissions

e Excluded: transportation-adjacent emissions, including industry sector

(embodied emissions)

o Fuel and electricity supply: oil extraction/refining, hydrogen production, electricity
generation.
Vehicle lifecycle: manufacturing, batteries, maintenance, disposal/recycling.
Infrastructure lifecycle: roads, bridges, rail, airports, ports, concrete, asphalt, steel.
Land-use effects: sprawl, parking, induced travel, longer trip distances.

Digital/automation effects: compute, sensors, data centers, empty repositioning,
induced travel.

O O O O

11



Why Transportation is Hard to Decarbonize

Numerous mechanisms of inertia and resistance:

Different transportation systems have different decision structures:

Factor

Main bottleneck

Decision structure
Electrification pathway

Risk of induced demand

Passenger transport

Land use + mobility options — cost/convenience
— behavior

Billions of households and travelers

Easier for light-duty trips

Cheaper/easier travel — more VMT

Demand continues to grow with income, urbanization, and e-commerce;

Trips are spatially constrained by land use, housing, jobs, and logistics networks

Assets turn over slowly (decades): vehicles, roads, depots, ports, chargers, grids
Decision-making is fragmented across households, firms, cities, utilities, and governments
Benefits and harms are unevenly distributed
Efficiency gains can rebound into more travel, more VMT, or longer trips (Jevons paradox)

Freight / heavy transport

Energy density + logistics — operating cost

Fewer firms, fleets, shippers, carriers, ports
Harder for long-haul, heavy-duty cycles

Cheaper logistics/goods — more freight activity | 13



Decarbonization is Not the Only Goal (Multi-Objective)

Consider: Are these competing or complementary objectives? How well could
they align?

Transportation goals, in no particular order:

Decarbonization
Access
Affordability
Mobility

Safety

Efficiency / Cost
Public health

Comfort / Liveability
Air quality

Security

Privacy

Resilience

Energy security
Local economy

14



Decarbonization frameworks
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Lens 1: Avoid-Shift-Improve (ASI) framework

: reduce total : shift travel from higher- : reduce per-
vehicle travel emitting to lower-emitting kilometre emission rates
modes .
e compactland use, e electrification,
o telework, e multi-modal planning & e efficient vehicles,
e trip chaining, navigation (walking, cycling, e eco-driving & anti-
e parking reform, rail, public transit), idling,
e congestion pricing, e complete streets roadway e traffic operations,
o freight design, e high-emitting vehicle
consolidation. e intermodal freight, scrappage
prioritize high-occupancy programmes,
vehicles, e lower-carbon and
e mobility as a service (MaaS). cleaner fuels.

[1] P. Jaramillo and et al., “Transport,” in Climate Change 2022: Mitigation of Climate Change. Contribution of Working Group llI to the Sixth Assessment Report of the Intergovernmental
Panel on Climate Change, 2024. doi: 10.1017/9781009157926.012.
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Lens Z: Swift, Just and Equitable Transition

{}
Sl
ECONOMIC

SUCCESS

WORKERS' PROTECTION
& EMPOWERMENT

ENVIRONMENTAL
CONSCIOUSNESS &
RESPONSIBILITY

SOCIAL
PROGRESS

INSTITUTIONAL
SUPPORT

TET

= n

PARTICIPATORY
GOVERNANCE

United Nations Economic Commission for Europe (UNECE), "About Just Transition,” 2025, unece.org/sustainable-energy/just-transition/about-just-transition.
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Artificial intelligence

Al involves machine-based systems that can,
for a given set of human-defined objectives,
make predictions, recommendations, or
decisions influencing real or virtual
environments.

efinition o

Machine learning

Machine learning is a subset of Al that uses
advanced algorithms and statistical models to
detect patterns in large datasets, allowing
machines to learn, adapt, and draw inferences
from data patterns.

Deep learning

Deep learning is a subset of machine learning that uses
neural networks—a specific category of algorithms that
are loosely inspired by biological neurons in the human
brain—to extract high-level features from raw data.

Generative Al

Generative Al is a subset of deep learning that, when
prompted by a user, can create text, images, audio, video,
and other novel content based on patterns learned

from datasets.

Source: GAO analysis and illustration. | GAO-25-107653

[1] C. Wright and K. Walsh, “Artificial intelligence: Generative Al use and management at federal agencies,” United States Government Accountability Office, Report to Congressional
Requesters GAO-25-107653, 2025. [Online]. Available: https://files.gao.gov/reports/GAO-25-107653/index.html 19



ommon applications of Al in transport

Technologies and Innovations for Transportation

~

) - ~
Autonomous and
Connected Vehicles
(AVs) K 3
k Smart </
Traffic Parking Avutomated Project
Management Automation Vehicles and Delivery and
? and Autonomy Vessels Evaluation
Q Security and
K & Detection é}é{;
ox Al, ML, DLin Systems e
©O— Advanced , 5
l l H HR Real Time Work Zone
Public Transit o./_ Transpo on Kl e Decision- Safety Tools
ificial
Optimization {- Systems e Support Tools
6 Predictive
N Analytics and 2 o
Forecasting > o
% Asset Safety
Management Analytics

Infrastructure Digitalization _ )
e Monitoring \_ y

Enhancements
Freight and
Logistics (B s T . P A
FIGURE 1. Artificial intelligence, advanced automation and autonomy, and digitalization are
Fig. 1. Key applications of Al, ML, and DL in advanced transportation systems. separately and jointly producing innovations in transportation.

[1]1 S. Saki and M. Soori, “Artificial intelligence, machine learning and deep learning in advanced transportation systems, a review,” Multimodal Transportation, vol. 5, no. 1, p. 100242,
Mar. 2026, doi: 10.1016/j.multra.2025.100242.

[2] Transportation Research Board Executive Committee, Transportation Research Board, and National Academies of Sciences, Engineering, and Medicine, Transforming
Transportation: Leveraging the Power of Atrtificial Intelligence, Digitalization, and Automation. Washington, D.C.: National Academies Press, 2026, p. 29350. doi: 10.17226/29350.



Trucks & buses: 8% of vehicles, but 35% of

M 0 dES 0]( Tra n S p 0 r[atl 0 n energy share in road transport (IEA, 2026)

Movement of People Movement of Goods

Multimodal

Transportation

Source: Audirac, lvonne, et al. "Transportation and Mobility Modes." 2024. Source: RXO, 2026.

Al can be applied to various modes of transportation

21


https://www.iea.org/energy-system/transport/road

Transportation System Goals

Al can be applied to various Lo Uoe mtegration
transportation goals

Access to Employment

Freight Mobility

Preservation &

Maintenance | Safety & Security

Multimodal

Connectivity System Reliability

Environment & Air Quality Congestion Mitigation

Source: Plan RVA. "What is Transportation Planning?", 2019. 22



Transportation Project Lifecycle

Al can be applied at various stages of a
transportation project lifecycle

Source 1 US DOT. "Transportation Planning and Project Delivery." 2023.

23



Transportation as a Multi-Scale System

Al can be applied at TRANSPORTATION: A MULTI-SCALE SYSTWEM/ ,

various scales of a P

——

i MACRO SCALE: e,
transportation REGIONAL SYSTEM ‘ P s
system (LEVEL3) S
N
Z00M OUT / S

Railway line

i MESO SCALE: —_ Metro

A = N—>< NS =
TRANSPORTATION — ()= kaws P =
(LEVEL 2) " Z

Bridge over river
Urban Fabric

e
Free flow Congestion

ZOOM OuT

Q MICRO SCALE:
ROAD USERS & VEHICLES
(LEVEL 1)

Source: Generated by Gemini 3 (Nano Banana), 2026-07-13.
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Al and Technology Readiness Levels (TRL)

. . TECHNOLOGY READINESS LEVEL (TRL)
Compares maturity of technologies

Originally developed by NASA in the
1970s for space exploration
technologies

ACTUAL SYSTEM PROVEN IN OPERATIONAL ENVIRONMENT

SYSTEM COMPLETE AND QUALIFIED

SYSTEM PROTOTYPE DEMONSTRATION IN OPERATIONAL
ENVIRONMENT

Categories of use cases:

TECHNOLOGY VALIDATED IN RELEVANT ENVIRONMENT

TECHNOLOGY VALIDATED IN LAB

e Evaluating the maturity of Al
technologies (LLMs, deep RL, etc.)

e Using Al to evaluate maturity of
other technologies (AVs, EVs, etc.)

EXPERIMENTAL PROOF OF CONCEPT

2 TECHNOLOGY CONCEPT FORMULATED

RESEARCH DEVELOPMENT DEPLOYMENT

1 BASIC PRINCIPLES OBSERVED

Source: TWI Global.

US DOT Federal Highway Administration, What Is A Trl? - Technology Readiness Level Guidebook, 2017, www.fhwa.dot.gov/publications/research/ear/17047/001.cfm. 25
D



Visibility & Decision-Making is Fragmented

Beneficiaries

. - s - Adapted from S. S. R. Bonthu, et al., 2022.
Challenge: Al must be applied 2 A

from the perspective of a — i -'
g o
stakeholder group / e ~

Companies \ Iimmrm

Data Scentist State Agency

| Federal Agency

| ik ' ® D ® P ¥ o

\ ) wejo INRIX Data Providers / / .2 .t RN K3 ' D

e e 2 ¥ ¥ 1vg
o, ™ ~~_ Data-as-a-Service Funding Providers  Policy Makers

Datasources | jperig
migv

Academia
Trucking

Universities
" Services

Conferences

Construction & Maintenance
Contracts l
Contractors Contracts

&(9

Figure 2. Complex transportation ecosystem with interview count highlighted across government agencies, data providers, and contractors.
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Pick a transportation mode, lifecycle stage,
primary performance measure, scale, TRL,
stakeholder group, etc.

Data Science In TranSportation” s wsceuecmionmen

i . Detection — Infrastructure condition inspection
Rea;on ALLELALZe o uslion . Data fusion — Traffic state estimation
Prediction — Travel forecasts Business

. ) . . . Understanding Content synthesis — Analysis of public input
Simulation — Al-assisted traffic digital twins Image / audio analysis — Safety analysis
Personalization — Trip planning for people with disabilities

Transform, Binning Feature

Al at various stages e G
of a data science “'€°;:r:;z;i:zz";:; e
Training Understanding

pipeline within a e e
transportation use N
case

On-Premises vs Cloud
Database vs Files

Data Source

Streaming vs Batch

Plpe[lne Low vs High Frequency

On-premises vs Cloud
AUl Database vs Data Lake vs ..
Small vs Medium vs Big Data

AWIELTALT- B structured vs Unstructured
STLTETI R Data Validation and Cleanup
Cleaning Visualization

Deployment Customer
Acceptance
Learn from experience
| | ! | S . . i H H . .
Optimization — Routing for emergency response [ Scoring, Making decisions. communicate. & take actions
Discovery — Innovative materials monitoring, etc. Recommendation — Emergency preparations for extreme weather

Information retrieval — Decision-support tools Diagnosis — Infrastructure condition inspection
Performance improvement — Traffic management Content creation — Visualizations of travel data
Monitoring — Security cameras or sensors Source: Eric Mihail. "What is the Data Digital assistance — Customer service

Science Life Cycle?" 2026.

[1] Transportation Research Board Executive Committee, Transportation Research Board, and National Academies of Sciences, Engineering, and Medicine, Transforming
Transportation: Leveraging the Power of Atrtificial Intelligence, Digitalization, and Automation. Washington, D.C.: National Academies Press, 2026, p. 29350. doi: 10.17226/29350.

[2] M. Vasudevan et al., “Identifying Real-World Transportation Applications Using Artificial Intelligence (Al)- Real-World Al Scenarios in Transportation for Possible Deployment,” FHWA-
JPO-20-810, Jul. 2020. Accessed: Jan. 07, 2024. [Online]. Available: https://rosap.ntl.bts.gov/view/dot/50752.
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Al supports various types of automation in transportation

e Vehicular automation — SAE Level 4 car or bus

A’ ra n S p 0 r[a '[i 0 n . Robotic automation — maintenance activities

Process automation — crash reporting in the field

AUto

mation

Crash Diagrams

Factor Decomposition Prompt

You are a traffic safety expert specializing in accident
analysis. Your task is to analyze the given accident report

@) cnateprt (f Grok

‘.
text and accident scene image (if provided) to determine Gem[n] Qdeepseek
the root causes of the accident. You should first identify
relevant causal evidence from the report by extracting key

spatial, and cues and organizing
them into a keyword-guided reasoning chain that
distinguishes immediate crash-triggering behaviors from
underlying contributing conditions. You must quantify the 5
\ Wk influence of five key contributing factors. Direct Causes

1 Driver loss of control, Adverse road condition

| i Contributing Factors Indirect Causes
! Tire or vehicle damage, Ramp curve geometry

Base64

it =]

1. Human Factors (HF) - Driver-related errors such as
distraction, misjudgment, speeding, fatigue, or failure to
yield.

2. Road Factors (RF) - Issues related to lane width,
intersection design, sight distance, pavement conditions,
or the absence of necessary road infrastructure.

3. Traffic Signal Factors (TSF) - Problems with traffic
lights, unclear signals, missing left-turn signals, or
improper signal timing.

4. Environmental Factors (EF) - Conditions like rain, snow,
fog, glare, or poor lighting that may have contributed to [
the accident.

5. Vehicle Factors (VF) - Mechanical failures such as

brake failure, tire issues, or large vehicle blind spots. [

Craen NG T os Proportion of Root Cause
OP MV 1 STATED HE WAS TRAVELING 495 S/B
AND TOOK EXIT 67 TO BERLIN. WHILE ON THE
OFF RAMP, HE STATED HE LOST CONTROL
BECAUSE OF THE ROAD CONDITIONS CAUSING
HIM TO GO INTO THE EMBANKMENT, CAUSING
HIS FRONT RIGHT TIRE TO BE INOPERABLE.

|

Human(0.3)

Road(0.4)

Instructions
- Only return the following structured output in plain text.
No additional explanation is needed.
- The percentages must add up to 100%.
- Use the exact format below: [
Human Factors: XX%
Road Factors: XX%
Traffic Signal Factors: XX%
Environmental Factors: XX% [
Vehicle Factors: XX%

Environment(0.1)

J
J
J
Vehicle(0.2) |
J

Traffic Signal(0)

Fig. 4. Structured Prompting Pipeline for Root Cause Decomposition Using Vision-language Model.

Source: Wu, G, et al., “From crash reports to safer roads: a multimodal framework integrating vision-language models and street view analysis,” 2026.

28

Mobile cleaning and disinfection robot |Source: Fraunhofer IFAM, 2022.

[1] Transportation Research Board Executive Committee, Transportation Research Board, and National Academies of Sciences, Engineering, and Medicine, Transforming
Transportation: Leveraging the Power of Atrtificial Intelligence, Digitalization, and Automation. Washington, D.C.: National Academies Press, 2026, p. 29350. doi: 10.17226/29350.
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88 oo S, (L]
. L X e = b
Vehicle Electrification &= =L

supply at different different power

location load and emission
b
e Materials discovery for batteries Deman Side
EV Charging Behavior =~ =————>  Flexible Scheduling = Future Prediction
& motors oy | GiEe NN
o See CCAI Virtual Summer School Homo Thur 2200 gquing _———, agh, 0P g
lecture on Al for Accelerated Materials S B = :‘!:‘ Population growh
Science by Francisco Martin-Martinez B Scheduiing '
- a thi I T
on Thu, Aug 13, 14:00-16:00 UTC Othef‘tFArﬁ&OO phintsiazs G EVgrowtn
e Al-assisted dis/charging for T e Dt s
. eak time -peak lime anda power deman
energy management [deep dive] . :
o Vehicle level (battery management) Supply Side
o) Grld Ievel (bldlrectlonal Charglng’ Infrastructure Planning T» Power Mix —_— Environmental Impact
VZG/VZH/VZB) Current Station (e (:;C Total
e Forecasting/digital twins for " Hydopover g L‘ S
battery health, recycling, and i @D wnsrouer £ - .
° ota
reyse New St % Solar power = carbon dioxide
- emission
é Nuclear power - e (s

[1] Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap (Second Edition),” Nov. 2024, doi: 10.7916/2J4P-NW61.
[2] Liao, Chenlei, et al. "Optimizing electric vehicle charging patterns and infrastructure for grid decarbonization." Commun. Sustain., 2026, doi:10.1038/s44458-026-00037-7.


https://www.martinmartinezlab.com/

Alternative Fuels

e Best fit: heavy-duty, long-distance, aviation/marine-adjacent use cases

e Fuels: biofuels, synthetic fuels (chemical), hydrogen, compressed/liquified
natural gas (CNG/LNG)

e Al role: optimize fuel production, catalysts, electrolysis, fuel-cell design,
combustion, logistics, and infrastructure planning

e (aveat: biofuels can have environmental impacts through land-use change;

natural gas is transitional, not zero-carbon

Y ahha

Source: US Department of Energy. "Federal Fleet Alternative Fuel Resources." Energy, 2026.
[1] Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap (Second Edition),” Nov. 2024, doi: 10.7916/2J4P-NW61.
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Vehicle Efficiency

Al for vehicle design + operation

Engineering design Al can support:
e combustion engine design
e reducing vehicle weight or tire resistance
e hybrid power-management strategies
e aerodynamics: surrogate modeling and
inefficient loading on freight trains
e Al-assisted manufacturing

Operational Al can support eco-

driving, smoother traffic, platooning,
and energy-aware control [deep dive]
Caveat: efficiency gains can be offset
by induced travel, especially with AVs

Factors that Affect Fuel Economy

&
Cold
Weather

= O

Co—

Good
Weather

A‘u

-
Cruise
Control
@
A/C + Other Mostly City
Accessories Driving

Source: US EPA, “Your Mileage May Vary,” 2026.

[1]1 D. Rolnick et al., “Tackling climate change with machine learning,” Jun. 2019, [Online]. Available: http://arxiv.org/abs/1906.05433v2 33



Inputs Results

Intelligent Transportation Systems (ITSs) =22 | 23,308
o Million 18.1

Al for infrastructure and operations 2L Seconds f alay Pr Vhice
. . Nov %
e Forecast congestion and anomalies from [Q'\ 63SG
sensors, GPS, cameras, and traffic data. i \J | e
e Optimize signals, routing, incident response, 25 117.4 Signal

Total Hours of Daily Delay

transit schedules, and maintenance to reduce
reduce delay, congestion, fuel use, and emissions.

e Al-driven simulation can evaluate charger siting, I ZZISINEITte
bike lanes, traffic policy, and energy demand.

e Challenges: data infrastructure - sensors, V2V/V2I,
edge analytics, cloud integration

e (Caveat: sensing and compute infrastructure has
privacy, bias, and emissions costs.

INRIX U.S. Signals Scorecard

SASKATCHEWAN onTARIO quesec

BRmSH
(((((((((

8“@ = ‘.Q".‘) '

s e i‘f‘m-:%?

Map Legend

Control Delay - LOS Values

@ Ac<i0sec
o
b :)3555386
® a0
MEXICO o, - G Lower Volume (< 100 samples/day) Vi
Mexico City SeoeToun @ s
[1] Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap (Second Edition),” Nov. 2024, doi: 10.7916/2J4P-NW61. 14

[2] INRIX U.S. Signals Scorecard: 2022 Annual Summary. INRIX. https://inrix.com/signals-scorecard/.



20" CENTURY: HOW MANY CARS
CAN WE MOVE DOWN THE STREET?

Modal Shifts

Al can make low-carbon modes easier to choose

e Service and system planning
a. Transit planning: Predict transit demand
b. Multi-modal planning: Integrate walking, cycling, transit, rail, CHANGE THE QUESTION
shared mobility, autonomous public transit, and
micromobility [deep dive]
e Operations and maintenance
a. Predictive maintenance and arrival-time prediction to
improve reliability
b. Use routing, pricing, and recommendations to shift trips.

21" CENTURY: HOW MANY
CAN WE MOVE DOWN THE STREET?
[1] Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap (Second Edition),” Nov. 2024, doi: 10.7916/2J4P-NW61. ggt‘;;2:n§7§?;‘alﬁgceoﬂﬁﬁe?§§ijggrsen, 2018, )



Autonomous Vehicles (AVs)

Climate promise or rebound risk?

e Upside: eco-driving, platooning, smart
parking, smoother traffic flow, shared electric
fleets, first/last-mile transit.

e Risk: cheaper/easier travel increases VKT.

e Risk: AVs displace walking, cycling, and
transit.

e Best climate case: electric + shared +

transit-complementary + governed.
o So far, consumers do not opt to share rides

e Bottom line: AVs are not inherently climate-
positive.

[1] Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap (Second Edition),” Nov. 2024, doi: 10.7916/2J4P-NW61. 36



Freight routing and consolidation

A high-leverage Al + OR use case — reduces
empty miles, fuller vehicles

¢ conSOIidation bundles partial THE BASICS OF FREIGHT CONSOLIDATION
shipments — fewer trips _

e Better routing reduces empty S | RETAL
backhauls, detours, idling, and dwell- m=p Ll Hel
time losses " CONSOLIDATION  TRUCKLOAD SHIPMENT

FACILITY

e Al use cases: ETA prediction, demand
forecasting, disruption prediction,
supplier clustering, eco-routing, dynamic
routing, optimization acceleration, and
freight auction support

Source: Zipline Logistics, 2019.

[1] D. Rolnick et al., “Tackling climate change with machine learning,” Jun. 2019, [Online]. Available: http://arxiv.org/abs/1906.05433v2
[2] World Economic Forum, “Intelligent Transport, Greener Future: Al as a Catalyst to Decarbonize Global Logistics.” Jan. 2025. 37



4.8 kg CO.e
$22

Immobility solutions

Al for “Avoid” strategies: reducing the need to travel

3.9kgC0,e

e Telepresence can substitute for some commute
and business travel
e Accessibility models can identify where detaily
needs are reachable without driving
Delivery platforms can consolidate trips
Al role: demand prediction, accessibility mapping,
batching, routing, and emissions-aware schedulin - :
° Caveat;gsaved tiér{ne and convenience can reboundg 6“‘"" Meal kit

into more trips, more deliveries, or longer travel —E @

Meal kits can reduce emissions when delivery logistics replace
individual shopping trips. Source: MinuteFood, 2023.

[1] P. Jaramillo and et al., “Transport,” in Climate Change 2022: Mitigation of Climate Change. Contribution of Working Group lll to the Sixth Assessment Report of the Intergovernmental
Panel on Climate Change, 2024. doi: 10.1017/9781009157926.012.

[2] A. Nikolaeva, Y.-T. Lin, S. Nello-Deakin, O. Rubin, and K. C. von Schdénfeld, “Living without commuting: experiences of a less mobile life under COVID-19,” Mobilities, vol. 18, no. 1,
pp. 1-20, Jan. 2023, doi: 10.1080/17450101.2022.2072231. 38
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Why electrify?

1. Energy security

TRTWERLD

Strait of Hormuz:

Iran temporarily closes key route for global oil
and liquefied natural gas (LNG) trade

IRAN

Strait of
Hormuz

IRAQ

KUWAIT

Shipments through
the strait

31%

of global seaborne
oil trade

20%

of global LNG trade SAUDI ARABIA
Saudi Arabia is

the largest

exporter of oil

through the strait,

while Qatar leads

in LNG exports

QATAR

YEMEN

Source: TRT World, March 2, 2026

Crude oll
and oll products

19.5M

barrels
LNG
bem

Exports through the strait over
the first five months of 2025
(daily average)

40



Electric Buses: Catalyzing China's Booming New Energy Vehicle Industry

10,000 Buses RMB/kWh
80 4500

2009-2015: Launch Phase 2015-2018: Rapid Scale-Up

"Ten Cities, Thousand Vehicles" pilot program. Blue Sky Action Plan targets + operational subsidies

Purchase subsidies introduced nationally. drove penetration from 10% to nearly 100% by
2022. Over 542,600 NEV buses in service by 2023.

Post-Subsidy Era (2018-Present): Rapid Scale-Up

From 2012 to 2022, the penetration rate of new-energy buses in China
increased ninefold, rising from 10% to nearly 100%.

2023, the total number of NEV buses in operation reached 542,600.
Battery cost fell from ~4,000 to ~1,350 RMB/kWh (2013-2018)

2010 2011 2012 2013 2014 2015 2016 2017 2018

LEAXRE (HF) wmFFEERATHE (HWH) = OBEHATHE (HH) -—e—EBINTEE (HF) B RFEAAREMN (75/kWh)
Total Buses Nationwide (in 10,000s) NEV Buses (in 10,000s) Pure Electric Buses (in 10,000s) Pure Electric Buses (in 10,000s) Cost of Battery (RMB/kWh)

. . . . ‘\' nstitute for Transportatior
Slide credit: Daizong Liu, ITDP '}@ITDP & Development Poly



Why electrify?

2. Reduce energy usage

Gasoline powered vehicle: 75-84%
Around 80% of the energy is lost to various of original energy
inefficiencies aneises  Islost

4-6%

Parasitic ~ 3-5%
losses  Drivetrain
losses

0-2%
Auxiliary
electricity
use

100% of original fuel

16-25%
of original energy
goes to wheels

Data from FuelEconomy.gov
Image by Karin Kirk for Yale Climate Connections

Electric vehicle: 31-35%
Around 11% of the energy is lost of original energy is lost,
but 22% is recaptured
10%
: 18%
charging 3%

Drivetrain losses
loss

Power train cooling and
steering 0-4%
Auxiliary
electricity use

100% of original fuel

2% f 87-91%
Energy re-captured by brakes and fed Ent
backto battery of original energy
goes to wheels

Data from FuelEconomy.gov
Image by Karin Kirk for Yale Climate Connections
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Why electrify?

3. Take advantage of renewables

Replacing gasoline-powered cars with EVs saves energy,
regardless of the energy source used to recharge the EVs.

GASOLINE:
U.S. daily consumption Internal combustion vehicle
8.9 million barrels per day inefficiency loss 80%

8.9 million barrels of Energy to wheels:
gasoline 1.8 million barrels of
gasoline equivalent

How much energy is needed to replace 8.9 million barrels of gasoline with electricity?
It depends on the efficiency of the electricity generation.

REPLACING GASOLINE WITH COAL:
Reduces energy use by 29%

Power plant loss 68% EVinefficiency loss 11%

6.3 million barrels of
gasoline equivalent

Energy to wheels:
1.8 million barrels of
gasoline equivalent

REPLACING GASOLINE WITH METHANE GAS:
Reduces energy use by 48%

Power plant loss 56% EVinefficiency loss 11%
oot - ey oot

gasoline equivalent 1.8 million barrels of
gasoline equivalent

REPLACING GASOLINE WITH HYDROPOWER:
Reduces energy use by 77% o
EV inefficiency loss 11%

Power plant loss 0% <l
2.0 million barrels Energy to wheels:
of gasoline equivalent . ; 1.8 million barrels of
& & gasoline equivalent

Does not include electric transmission losses,
; Data from EIA.gov and FuelEconomy.gov
which are around 5% Image by Karin Kirk for Yale Climate Connections



(aveats to electrification

e Up to92% lifecycle carbon emissions reduction vs ICE vehicles [1]
o When manufactured using and powered by clean electricity and are recycled

e Operational emissions
o Gridisn't clean yet
o Projected increases in travel demand can offset emissions reduction
o Continued congestion, high land consumption for roads and parking
e Embodied emissions and impacts
o Global vehicle fleet turns over on a 15-20 year cycle

o Embodied carbon required to produce the EVs and charging infrastructure shifts the
problem to another sector Industry

o Substantial innovation & effort is needed to transition to a clean manufacturing

o Large demand for critical minerals (has its own sustainability issues)

[1] "Lifecycle Emissions Study: EVs vs. Conventional Vehicles." Great Plains Institute, 1 July 2025, betterenergy.org/electric-vehicle-lifecycle-analysis.
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Scenario proiections Stated Policies Scenario

EV market EV charging EV energy impact

[£1E 2 and 3 wheelers | Vans | Buses | Trucks | (2

EV sales projections

EV sales, cars

2025 2035
21 49
million sales million sales

EV sales share, cars

100%

50%

0% T T T T T
2010 2015 2020 2025 2035

"Global EV Data Explorer - Data Tools - [EA." IEA, May 2026, www.iea.org/data-and-statistics/data-tools/global-ev-data-explorer.

China

Europe

USA

EV fleet projections

EV stock, cars

2025 2035
75 450
million vehicles million vehicles

EV stock share, cars

100%

_. — China
50%
Europe
....... @— World
P UsA
0% T | T I |
2010 2015 2020 2025 2035
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Vehicle Electrification Challenges in the US

5 Major Roadblocks in EV Adoption

1- EV Charging Infrastructure
Still Faces Major Gaps

Limited availability, outdated
chargers, reliability concerns

4~ Electric Vehicles Remain
Costly for Buyers

., Higher upfront prices limit affordability

’
[
T

'

|

i

[

[l
\
\

[1] M. Liu et al., “Tariffs on electric vehicles deepen woes of U.S. electrification stagnation,” npj Clim. Action, 2026, doi: 10.1038/s44168-025-00330-6.

3- Uncertain U.S. Policies

\

Slow EV Growth \

2- Housing Limitations
Restrict Home EV
Charging

Renters lack access to
private charging

Incentives reduced, adoption
momentum weakened

5 - Slow Charging and Grid
Compatibility Challenges L
Long wait times strain local grids -~

Source: SolarSME, 2026
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Battery efficiency and lifespan

e Extend driving range and battery lifespan by allocating energy with reinforcement learning (RL)
e This approach could take advantage of China's EV monitoring platform, which collects real-time

operational data from over 20 million EVs
a

Rule-based EMS Prediction-based Simulation-based Our approach
Real-world data-driven EMS

""""""""""""""" Online Learning
—_— Past Future
E ! WH M[ Rule /\/\ Learnlng
Driving cycle Prediction O
ﬁ Driving condition PEE -

.
Optimal control (DP, MPC) | Simulator Agent ' EV data Offline RLAgent

Calibration

What makes the problem suitable for deep RL

e Dynamic traffic conditions — sequential decision-making
e Complex hybrid powertrains (batteries, fuel cell, ICE combos) — learn from data

e Real-time application — fast inference of ML models

[1] X. Hu et al. Reinforcement Learning for Hybrid and Plug-In Hybrid Electric Vehicle Energy Management: Recent Advances and Prospects. IEEE Industrial Electronics Magazine 13,

16-25 (2019). https://doi.org/10.1109/MIE.2019.2913015.
[2] Y. Wang, J. Wu, H. He, Z. Wei, and F. Sun, “Data-driven energy management for electric vehicles using offline reinforcement learning,” Nat Commun, vol. 16, no. 1, p. 2835, Mar.

2025, doi: 10.1038/s41467-025-58192-9.

48


https://doi.org/10.1109/MIE.2019.2913015

Battery eﬂ‘ici%ncy and lifespan

Urban Road

FCEV powertrain model
e (ZBDC) a

oijle it -
aa 'ml«»l o / DC/DC

Hydrogen tank ~ FC stack

Drive shaft

Data-augmented

* Highway

. . 4 ; © Motor -
simulation GLER — g | [
=¥ Battery / IEJIIJI
B Charger = DC/AC
—— Mechanical flow » Electrical flow > Gas flow
Real world data Simulated FCEV environment
120

. % Result: RL reduces total cost
RL methods achieve near- & | /45\ go [y Dy 13% overthe stock
. 3 s controller
optlrrlaldperforrgance N vl Bl & »¢  Caveat: stock method does
(computed using dynamic  * « “2  not account for battery
programming) 20 % |ifespan whereas RL does
0 PPO %

™5 (penalizes power slope)

ORL-D1 ORL-D2 ORL-D3JORL-D4 BC-D1 BC-D2

[11Y. Wang, J. Wu, H. He, Z. Wei, and F. Sun, “Data-driven energy management for electric vehicles using offline reinforcement learning,” Nat Commun, 2025. 49



Smart Charging / Bidirectional Charging (V2G)

@\ SOC Distribution i
°o = ) ’
= ]

!

e EVs can act as distributed _
EV Heterogeneity Y

storage for urban load o o :
shiftin g . . rave eterogenelty‘ Aargmg ?f§§0genelty v

Deep Q-Learning Frame

® Use deep Q'learning (DQN) ::g : [ i if\ W, O W, E Learning goal:
to learn dis/charging g . B N ﬁ > Lowercost ()
pO“CIeS u nder prlces and il 5l D P : = i ECD‘ O L i » Meeting travel needs @
HEH i 1 Different cities with ifferent charging | | = i
mo b I l Ity FO nstral nts | | different travel patterns technologies i i ; : O @) i Reward: 1(t)
e Uses Tmil km of Chinese EV S ——, | O QG 2)] =G
d r|V| n g d ata Hlstory electricity prices i O ] i argm: é?\(s’ %) @
e DQN policy saved 98% in @_‘ ﬁ i i) Q:J |
i i H : l/_\Y - S’ a : -
electri C|ty cost Vs acha rging Power Grid A P 49, ' i | Output: Charging profile
aS-SOOn-aS-pOSSI ble ‘ﬁ EInput layer Output layer i + a0 Chargmg.
i id structure Market Supply-demand i Hidden layer - Dls.chargmg
methOd (Weak base“ne) Gi § PPy I — I 1+ a=0 Neither of above

Different electricity prices

Value of Information (VOI)

Hao, Xu, et al. "A V2G-oriented reinforcement learning framework and empirical study for heterogeneous electric vehicle charging management." Sustainable Cities and Society, vol. 89,
1 Feb. 2023, p. 104345, doi:10.1016/j.scs.2022.104345. 50



Deep Dive: Shift
Al for Modal Shift

20" CENTURY: HOW MANY CARS
CAN WE MOVE DOWN THE STREET?

CHANGE THE QUESTION

21" CENTURY: HOW MANY
CAN WE MOVE DOWN THE STREET?

Source: Copenhagenize Design
Company/Mikael Colville-Andersen, 2018.
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Why bike? (Copenhagen, Denmark

K@BENHAVN K

INDRE BY 102

FREETOWN.

FREDERIKSBERG C Co pe ha gen CHRISTIANIA

K@BENHAVN V

K@DBYEN

CAR

0z

Amagerbro
o
INDRE BY 02

FREETOWN

FREDERIKSBERG C Copenhagen CHRISTIANIA
o
K@BENHAVN V CHRISTIANSHAVN
o
Amagerbro

Source: Coienhaienize Desiin Comian‘/Mikael Colville-Andersen, 2018.

56 % QUICK

19% EXERCISE

I 6% INEXPENSIVE
| 1% ENVIRONMENT

WHY COPENHAGENERS CYCLE
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Carbon footprint of travel per kilometer, 2022

The carbon footprint of travel is measured in grams of carbon dioxide-equivalents per passenger kilometer. This includes the
impact of increased warming from aviation emissions at altitude.

A Table |l Bar #° Edit countries and regions

Domestic flight 246 g

Petrol car 170¢g

Short-haul flight 151¢g

Bus (average)

O
~N
(o]

68¢g

Plug-in hybrid

Electric car 47 g

National rail 35¢g

London Underground 28¢g

Coach (bus) 27¢g

Data source: UK Government, Department for Energy Security and Net Zero (2022) - Learn more about this data

Note: Official conversion factors used in UK reporting. These factors will vary across countries depending on energy mix, transport
technologies, and occupancy of public transport. Data for aviation is based on economy class. ¢ - ra
[ -]

OurWorldinData.org/transport | CC BY
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ordability & access

Average Monthly Household Expenses in the U.S.

Housing $1,050

Taxes

Utilities and household costs
Food

Social Security contributions, etc.
Health care

Entertainment $243

Cash contributions -31 90
Clothing and services -3120
Education - $106

Alcohol and tobacco . $66

Personal care .354

ValuePenguin@ | r'lvendﬁ'{gtree

Vehicle ownership cost as percent of income

50.0%

40.0

X

30.0%

20.0%

10.0%

0.0%

In 2024, 45.5% of U.S. households did not
earn enough to make ends meet.

M Fuel

M Insurance
B Purchase

BN Affordable

— |
-

> $150,000

<$25,000 $25,000 -

$50,000

$50,000 -
$75,000

Household income

$75,000 -
$150,000

Figure 1. Total cost of vehicle ownership as percent of income, by annual household income.

[1] "States of Affordability: A series on where and why US households struggle to make ends meet | Brookings." Brookings, 24 June 2026,
www.brookings.edu/articles/states-of-affordability-a-series-on-where-and-why-us-households-struggle-to-make-ends-meet.

[2] Bauer, Gordon, Chih-Wei Hsu, and Nic Lutsey. "When might lower-income drivers benefit from electric vehicles? Quantifying the economic equity
implications of electric vehicle adoption." International Council on Clean Transportation. Working Paper 6 (2021).

Maintenance

Cost component
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Multi-modal urban mobility

e Definition: An approach to transport that supports
all modes people use to get around (private vehicles,
walking, biking, transit, shared mobility, combinations
of modes, etc.).

e Strategies
o  Public transit
o  Street design: bike lanes, road diets, transit signal priority

o  Congestion pricing (Bloomberg on NYC congestion pricing) Multimodal
o  Real-time trip planning & wayfinding ' Transportation

o Mobility as-a-service (MaaS), incl. integrated payment

° Why it is hard

Physical integration: transfers must be fast, safe, convenient

o Institutional coordination: many public agencies and private
operators

o  Data interoperability: schedules, fares, routing, and real-time
updates must connect

o Business model a/ignment: who pays, who benefits, who shares Source: Audirac, lvonne, et al. "Transportation and Mobility Modes." 2024.
data?

o Equity and privacy: seamless service should not exclude low-
income or data-poor users

[1] StreetLight, "Multimodal Transportation: What Is It, and How Does It Benefit Everyone?", 2024, www.streetlightdata.com/what-is-multimodal-transportation. 36
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Travel Demand Forecasting

Travel demand forecasting is critical to the evaluation and planning of

transportation systems

* Why, when and how people travel?

ACTIVITY PATTERNS

e [H-A-W-H-L-O-H
ACTIVITY LIST :
Wh 1 | W (WORK) b [F-AO H W H LH
1 L. (LEISURE) -
y [T | A (ACCOMPANYING) [HwaAaorLH
1

o 2 O (OTHER)
: ‘ D [H-L-W-H-0O-H-A-H
Pic: Bifulco et al. T (HOME) [

P[H-W-T-L-O-H-A-T

3a.m.on First Tour
W h e n day d Activity Pattern Home-Stay

Morning Home- Duration before
Stay Duration >l > 2nd Tour
-+t e
Pic: Pinjari and Bhat T s s +
Departure for First Return- Departure for
First Stop (S,) Home Episode Third Stop (S;)

How U. = oI+ M.+ e,
Uy oly + BMy + 0Y + ky + €

Pic: Train

Slides adapted from Tianming Liu (tianmliu@umich.edu)

supports

National Highway Freight Network (NHFN)

System
Modeling

Pic: FHWA

__— Dynamics

; {,/1\1 Simulation
o

Pic: Matsim
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Impact of Travel Demand Forecasting =

Travel demand forecasting drives critical planning and infrastructure
investment decisions of public agencies from federal level to local level.

2045 Regional Transportation Transportation Improveme

(TIP) for Southeas!

Plan for Southeast Michigan

ACTIVITY PATTERNS
e [H-A-W-H-L-O-H
ACTIVITY LIST -
1 | 1. (LEISURE) -
y I | A (ACCOMPANYING) [H-W-A-O-L-H
. . 1 | O(OTHER)
. 2 —~W ) /
Pic: Bifulco et al. —TH (HOME) ol HO-H-A-H
P[H-W-T-L-O-H-A-T
3a.m.on First Tour
day d Activity Pattern Home-Stay
e n Morning Home- Duration before
Stay Duration < 2nd Tour
||||||||||| il AT ST - = T I
X s s .- IR AIILLIIII.|_|IIIIl“lIIIIlIII+
Pic: Pinjari and Bhat S, S,
Departure for First Return- Departure for
First Stop (S,) Home Episode Third Stop (S;)

HOW Uc = aTc+6Mc+5c
oly + BMy + 0Y + ky + €

&
[

Pic: Train

Slides adapted from Tianming Liu (tianmliu@umich.edu)
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Activity-based Modeling of Travel Demand

The-state-of-the-art paradigm of 0
travel demand modeling O N \/
Recent efforts primarily leverage RS
. . SO
agent-based simulation ‘ <
P/

Population synthesis
\ 4

Long-term choice

v Hierarchical
Daily schedules choice
3 models
- - /decision
Da||y trlps trees
\ 2

DTA simulation

Slides adapted from Tianming Liu (tianmliu@umich.edu)

Agents follow hardcoded condition-action rules
to schedule daily activities and make travel
plans. They can learn, adapt, and improve their
interactions with other agents as well as their
dynamic environment.
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Limitations of Existing Approaches

* The existing limitations mainly related to the assumptions and
complexity of setting up a good model
Necessity of model assumptions Complexity in model calibration

ication of the Genera ster Application of the Scheduling Model Syster
for each worke
s (Models WS1- WS3, applied in this siep)

Example: MNL model

Assumption 1:
* We assume that the error terms each follow the Type-2 extreme
value distribution (Gumbel distribution):
n~Gumbel(n, 1)
~bumbel(r] D)

Assumption 2:
* We assume that €;,, and €,,, are independent and identically
distributed (i.i.d.) across individuals, and independent of the

attributes x,,.

Models require a-priori assumptions to Overall, 49 models have to be calibrated
work -/ \_ in modeling travel behavior

Complexity in data demand

A large amount of data is
needed to set up the model
(otherwise parameters are
borrowed) 61

e R ) National Household
Ceme aes s A Travel Survey

—Bureau e - Understanding How People Get from
Place to Place

Slides adapted from Tianming Liu (tianmliu@umich.edu)




LLM Agents and Their Applications in Simulation

Simulacra of Human Behavior @ ¢ Gemini .
‘ & @ Qwen3

role-play

in the park
[Abigail]: Hey Klaus, mind if
——— if I join you for coffee?
[Klaus]: Not at all, Abigail.
How are you?

Finishing a J .

morning routine - I I B G | 3 [John] : Hey, have you heard
1 ] / | anything new about the

upcoming mayoral election?

[Tom]: No, not really. Do you
know who is running?

Sare e ¥ o' @ TT
B VX 3 3 SG PP
Figure 1: Generative agents are believable simulacra of human behavior for interactive applications. In this work, we demonstrate

generative agents by populating a sandbox environment, reminiscent of The Sims, with twenty-five agents. Users can observe
and intervene as agents plan their days, share news, form relationships, and coordinate group activities.

J.S. Park, et al., “"Generative agents: Interactive simulacra of human behavior,” in Proceedings of the 36th annual acm symposium on user interface software and technology, 2023.
Grossmann, et al., Al and the transformation of social science research, Science, 2023, 380 (6650).

Slides adapted from Tianming Liu (tianmliu@umich.edu) 62



LLM as a Proxy of Human Behavior

* Key hypothesis: LLMs have the potential to act as "“silicon samples”
e Mainreason is that LLM has three key properties:

Imitation in learning Human-like Interaction Instruction-following and
role-play

Critical questions: how much do they align with human travel behavior?

* Grossmann, et al., Al and the transformation of social science research, Science, 2023, 380 (6650).
** Hutson, M., Can Al chatbots replace human subjects in behavioral experiments. Science, 2023, 381(6654).

Slides adapted from Tianming Liu (tianmliu@umich.edu) 63



LLMs are Human-like but not Human-authentic

Decision-makers of participants

Status quo W Naive

Strategic mm Exploratory
/7N N

Alignment is

Qo =
*1?

i needed

Average proportio
o (=]
® 9
i
s
N

0.2+
p 5 / // - T T
. oushig:  ouskiont N ouskiight Human GPT3.5 GPT4
B By By
S R, S Ty o Congestion games: Learning

Autonomous driving: better
aligned with aggressive drivers

route choice adaptation in traffic

tragic minimizing fewer llveS

Income Elasticity - 0 p B l on ; r l S k S fewe B
Purpose Binsuwadan  Shires and de . . oleme_ o NILLANG pedestrlans
U= etal. (2023)*  Jong (2009)** GFe : m l n l m l Z l n g OV e r a l l

CBomlmute 1 0.37 0.67 0.24 S ere ba rr le ri'r l S k e

usiness 1 0.53 0.47 0.21

. verall Mt

Leisure 1 0.53 0.52 0.22 han ?r a?fg-iﬂgp’hl_gitize mi_nimi‘z'ir_]g
Personal 1 0.53 0.52 0.22 fatality pre mh-.lxt,‘Vethle

Value of time: lower elasticities Driving ethics: bias in principles
Wang, P., et al. "LLM agents can partially mimic human driving behaviors...." Transportation Research Part C: Emerging Technologies 186 (2026): 105606.

Xu, Z. et al.. (2025). Where is morality on wheels? .... Travel Behaviour and Society, 40, 101039.

Wang, L. et al. (2025). Comparing Al and human decision-making mechanisms in daily collaborative experiments. Iscience, 28(6).

Yan, Y. et al. (2026). Valuing time in silicon: Can large language models replicate human value of travel time. Travel Behaviour and Society, 44, 101245.

Slides adapted from Tianming Liu (tianmliu@umich.edu) 64



Developing Human-like LLMs and Agents

&

LLM

Existing
Models

o
Travel plan

4
Makeidecisions

4
¥

T Agent T
y # g . N
/ Storage &\
¥ Retrieval %

| — Reflection iiii

Short-term Long-term
memory memory

Using agents and prompt

optimization to mimic human

decision-making processes

Multi-modal Crash Data

SafeTraffic Event Prompt
You are a helpful assistant designed to predict the task target of a traffic
crash. You need to make prediction based on the information below:

General Information

Assume a crash is expected to occur at the given time and location:

+ ILocation and Time:] This time is June 9, 2022, at 6:00 PM...

+ [Roadway Class:] The location is an urban - principal arterial at a
driveway...

Infrastructure Information

Assume the crash is expected to occur in the following infrastructure:

+ [Roadway Info:] The road width is 56, the road surface is made of
asphalt ...

* [Infrastructure Condition:] This road is not median-separated...

Event Information

Assume the crash has the following settings:

«  [Entity Involved Info:] There are no pedestrians involved, and 2 vehicles
are involved.

+ [Alcohol Involved Info:] The accident involves no influence of alcohol or
drugs.

Unit Information

Assume the following units are involved in this crash:

« [Vehicle Info:] The unit 1, is an unknown type, non-commercial vehicle.
The vehicle had no defects...

« [Driver Behavior:] The driver is going straight ahead, is totally ejected,
and is operating recklessly ...

Prediction Targets
Injury (4 categories): <zero>, <one>, <two>, .
Severity (5 categories): <no apparent injury>, <possible injury>, ...
Type (14 categories): <rear-end>, <angle impacts right>, ...

SafeTraffic LLM Fine-tuning

Special Tokens

<possible injury>
<minor injury > ¥

The Severity is:
< possible injury >

Output Embedding Layer  ({,

D

Feed Forward
Network

Confidence

M

Multi-head
Attention

Input Embedding Layer

Add Special Tokens
Model Settings = Prediction Data Flow

Using post-training to further train
LLMs to mimic human responses

Liu, T. et. al. (2025). Toward LLM-agent-based modeling of transportation systems: A conceptual framework. Artificial Intelligence for Transportation, 1, 100001.
Zhao, Y, et al. (2025). SafeTraffic Copilot: adapting large language models for trustworthy traffic safety assessments and decision interventions. Nature Communications, 16(1), 8846.

Slides adapted from Tianming Liu (tianmliu@umich.edu)
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Observations So Far from the Community

LLM'’s internal knowledge and role-playing ability can facilitate travel
behavior forecasting and transportation planning

Input Information

Mode Choice Example

Soci
demographics

v
aftsmatie L Train Ca Mot
Travol
choractonistics | Traveltime || Travel cost | ...
Socie!

Trarst use Pass holder | oo

Trip Purpose Example

Trip

Other tasks / examples

PUPORES Work Soca Shop | e
Travel s

chamcteriaves | Stan time Distance
Soon

demographics Occupaton Lite cycle

»

Prompt Engineering

Carefully designed prompt including task
descripbion, structural data, descriptive data,
and guide-of-thinking with domain knowledge

D Method 2: Learned Prompt via
Textual-Gradient Optimization

Starting from a minimal prompt, the LLM

criiques erors using a small labeled budget
and automatically rewrites the prompt.

Model Selection: @ 7

% Policy Info

Transportation Agency

QKQ\% Representative Agents

Chicago Representative in community
(with external statistical facts)

Average person in the city

27 Policy Alternatives
* sales taxrate
* transitfare

* driver fee
A
@ Winning Policy Output
In JSON format

* Instant Runoff Voting
* Most Voted Policy * Rationale

* Resulting vote

[mj Voting

For the best interest of the community

* 5-Approval Voting
* All-Approval Voting
* Ranked-Choice Voting

-
@ Reasoning

* Disposable income
* Discretionary consumption
* Accessibility

LLM agents can function as representative agents in
transportation planning to reduce participation bias

LLMs can use internal knowledge to facilitate simulation of travel behavior

Mo.B. et al. (2026) Large language models for travel behavior prediction. Transportation Research Interdisciplinary Perspectives, 38, 102124.
Yan, X., Dai, T., & Nie, Y. M. (2026). Addressing the alignment problem in transportation policy making: an LLM approach. Transportation Research Part C: Emerging Technologies, 188, 105686.
Cho, J. H., & Wu, C. (2026). AGORA: Can Deliberation and Governance Gates Absorb Participation Bias in Transit Planning?. IEEE Intelligent Transportation Systems Conference.

Slides adapted from Tianming Liu (tianmliu@umich.edu)

66



Observations So Far from the Community

LLM agents can be trained with limited human data to generate better
travel demand forecasts than existing models.

T« LLMagents can only use a small amount of
T e oo human data to simulate travel choices well

Detailed dataset Dy,

* By relaxing behavior assumptions, LLM
i@ agents can adapt to diverse traveler
2o semuraphics B4 comen: = behaviors
*  With memories, agent behavioral
/" personalinference  [Prompt generator G _ N\ archetypes, and post-training with human
S e P'TE data, LLM agents can diagnose patterns and
pusontcaang 7 intentions in mobility traces and generate

Persona | library D, gOOd tI’aJeCtory fO recaStS
00 -0
D D Q '—' Loaded persona LLM prompt

Learning framework O frozen Wtrainable & theory-informed

Liu, T. et. al. (2026). Aligning LLM with Humans for Travel Choices: A Persona-Based Embedding Learning Approach. Transportation Science, Articles in Advance.

Liu, T. et al. (2026). Aligning LLM agents with human learning and adjustment behavior: a dual agent approach. Transportation Research Part C: Emerging Technologies, 191, 105818.

Qin, Z. et.la. (2026). A foundational individual mobility prediction model based on open-source LLMs. Transportation Research Part C: Emerging Technologies, 185, 105562.

Wang, J. et al.. (2024). Large language models as urban residents: An lIm agent framework for personal mobility generation. Advances in Neural Information Processing Systems, 37, 124547-124574.

Slides adapted from Tianming Liu (tianmliu@umich.edu) 67




Challenges =

|dentify the best use case and trade-offs with LLMs: where it gains the most, and
when it's best to apply them

Developing unified approaches and procedures to apply LLMs in different contexts

Systematic benchmarking of LLMs' capabilities and performance

Move beyond observed behavior to underlying value alignment

Reduce computational cost, energy usage and latency for large-scale applications

Slides adapted from Tianming Liu (tianmliu@umich.edu) 69



Deep Dive: Improve
Al for Transport
Efficiency

Factors that Affect Fuel Economy

Source: US EPA, “Your Mileage May Vary,” 2026.

70



INRIX U.S. Signals Scorecard

2022 Annual Summary

INRIX

Based on Data Gathered and Averaged over 4 weeks in March,
June, September, and November 2022

U.S. Signals Scorecard - Full Year 2022 Performance Summary

~ @ Maps S pata -ml Address Search

BRITISH

COLUMBIA SASKATCHEWAN ONTARIO

Gulf of.

Mexico

MEXICO

Mexico City

CUBA

George Town

INRIX US. Signals Scorecard: 2022 Annual Summary. INRIX. LL05//\00 1 COY/SIENaIS SC016C3

Ottawa
. ol

QUEBEC

Grand Turk

HAIT1) |

St-Pierre

Map Legend

Control Delay - LOS Values

@ A<l0sec
B >10-20 sec
C>20-35 sec
D >35-55 sec

@ :>5580sec

@ F>80sec

Lower Volume (< 100 samples/day)

Inputs

Results
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~5 Billion

Total Number of Observed
Crossings Used to Generate
Results

~10 Million

Number of Connected
Vehicles Providing Location
and Movement Data

Nov
1-7

l 2022 ‘ Mar
Quarterly W 21-27

Sep
D Data
1925 Collection
C
Jun
13-19

242,757

Signalized Intersections
Analyzed

All 50 States

(Plus District of Columbia)

400 1,150

Regions Counties

23,308

Intersection Avg Daily Traffic

18.1

Seconds of Delay Per Vehicle

63.5”

Arrival on Green

1174

Total Hours of Daily Delay

2.53Pas

Days to Generate 1 Metric
Tonne of Carbon Emissions
From Delay

0.97Pavs

Days to Consume 1 Barrel of
Oil From Delay

Average
— Traffic
Signal



https://inrix.com/signals-scorecard/

Project Green Light (Google Al

e Big data for traffic signal timing o S T

i ive i iti =) e R P U © R
o  Launched in 2023; live in 20 cities o ot ocmos
. . ¥ Mazomba Itagua nve! ] (= - % Sampaio
o  Up to 30% reduction in stops and 10% o g, P g 09 &
reduction in GHG emissions* § 97609 e
e Uses Al to infer current pre-timed .

traffic light parameters - &
o  Cycle length Q. Seareh for intersecto

o  Transition time = e (i) () (o
o  Green split (i.e. right-of-way time and
Location Status 1 Timeframe Recommendation Type Creation Date
order)

o  Coordination
o  Sensor operation (actuation))

PY PrOVideS recommendatlons to City Avenida Amaro Cavalcanti - Rua Adolfo Bergamini Completed  17:00-19:00  Green time shift June 6,2023
traffic engineers on adjustments to
traffic light parameters

Estrada do Monteiro - Rua Esculépio Completed 18:00 - 21:00 Green time shift June 6, 2023

Avenida Atlantica - Avenida Prado Junior Completed 16:00 - 20:00 Green time shift June 6, 2023

Avenida Otavio Malta - Estrada do Engenho D'Agua Completed 13:00 - 15:00 Green time shift June 6, 2023

* No independent audit available

- Rua Vice-Governador Ribens Berardo 10:00 - 20:00 Green time shift June 6, 2023

Google Al's Green Light. sites.research.google/gr/greenlight. 7¢



Al for traffic signal optimization

nature communications

Article

https://doi.org/10.1038/s41467-025-56701-4

Big-data empowered traffic signal control
could reduce urban carbon emission

Received: 14 June 2024

Accepted: 27 January 2025

Published online: 27 February 2025

M Check for updates

Kan Wu', Jianrong Ding ®2, Jingli Lin?, Guanjie Zheng?®, Yi Sun', Jie Fang', Tu Xu*S,
Yongdong Zhu® & Baojing Gu®°®

Urban congestion is a pressing challenge, driving up emissions and compro-
mising transport efficiency. Advances in big-data collection and processing
now enable adaptive traffic signals, offering a promising strategy for conges-
tion mitigation. In our study of China’s 100 most congested cities, big-data
empowered adaptive traffic signals reduced peak-hour trip times by 11% and
off-peak by 8%, yielding an estimated annual CO> reduction of 31.73 million
tonnes. Despite an annual implementation cost of US$1.48 billion, societal
benefits—including CO, reduction, time savings, and fuel efficiency—amount
to US$31.82 billion. Widespread adoption will require enhanced data collec-

The Real Deal: A Review of Challenges and
Opportunities in Moving Reinforcement
Learning-Based Traffic Signal Control Systems
Towards Reality

Rex Chen, Fei Fang and Norman Sadeh

Institute of Software Research, School of Computer Science, Carnegie Mellon University

Abstract

Traffic signal control (TSC) is a high-stakes domain that is growing in importance as traffic volume
grows globally. An increasing number of works are applying reinforcement learning (RL) to TSC; RL
can draw on an abundance of traffic data to improve signalling efficiency. However, RL-based signal
controllers have never been deployed. In this work, we provide the first review of challenges that must
be addressed before RL can be deployed for TSC. We focus on four challenges involving (1) uncertainty
in detection, (2) reliability of communications, (3) compliance and interpretability, and (4) heterogeneous
road users. We show that the literature on RL-based TSC has made some progress towards addressing
each challenge. However, more work should take a systems thinking approach that considers the impacts
of other pipeline components on RL.

[1] K. Wu et al., “Big-data empowered traffic signal control could reduce urban carbon emission,” Nat Commun, 2025, doi: 10.1038/s41467-025-56701-4.
[2] R. Chen, F. Fang, and N. Sadeh, “The real deal: A review of challenges and opportunities in moving reinforcement learning-based traffic signal control
systems towards reality,” arXiv preprint arXiv:2206.11996, 2022.
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Energy Policy 38 (2010) 762-769

Contents lists available at ScienceDirect

Energy Policy

journal homepage: www.elsevier.com/locate/enpol

Eco-driving: An overlooked climate change initiative
Jack N. Barkenbus

Climate Change Research Network, Vanderbilt University, 131 21st Avenue South, Nashville, TN 37203, United States

ARTICLE INFO ABSTRACT
Article history: The actions individuals can take to mitigate climate change are, in the aggregate, significant. Mobilizing
Received 11 June 2009 individuals to respond personally to climate change, therefore, must be a complementary approach to a

Accepted 2 October 2009

; A nation’s climate change strategy. One action item overlooked in the United States has been changing
Available online 28 October 2009

driver behavior or style such that eco-driving becomes the norm rather than the exception. Evidence to

Keywords: date indicates that eco-driving can reduce fuel consumption by 10%, on average and over time, thereby
Climate change reducing CO, emissions from driving by an equivalent percentage. A sophisticated, multi-dimensional
Transportation campaign, going well beyond what has been attempted thus far, will be required to achieve such savings
Mitigation

on a large scale, however, involving education (especially involving the use of feedback devices),
regulation, fiscal incentives, and social norm reinforcement.
© 2009 Elsevier Ltd. All rights reserved.

[11J. N. Barkenbus, “Eco-driving: An overlooked climate change initiative,” Energy Policy, 2010, doi: 10.1016/j.enpol.2009.10.021.
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Eco-driving for the Planet (using Al)

Mitigating Metropolitan Carbon Emissions with
Dynamic Eco-driving at Scale

Transportation Research Part C: Emerging Technologies 2025
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Policy Implications of Connected and Automated Vehicles?

Video credits: Audi

CAV affordance: Eco-driving at signalized intersections

I“.,'fc;

Audi Traffic Light Information
with Green Light Optimized
Speed Advisory

_ _ Would intelligent control of vehicles to reduce CO, emissions at
intersections at the city scale move the needle on climate change mitigation goals?

* Estimated using Google Scholar
[1] Mintsis et al. Dynamic eco-driving near signalized intersections: Systematic review and future research directions. Journal of Transportation Engineering, Part A, 2020



Table 3. Evaluation methodologies of existing dynamic eco-driving models and corresponding impacts

Energy / emissions savings;

(] . (] Speed advisory model Energy Travel time ~Real-time
Author(s) name Evaluation methodology ~ Test network configuration Vehicle type savings (%) Emissions savings (%) | savings(%)  ready
Hao et al. (2018) EAD Field experiment El Camino Real test site Single-vehicle 2 7 (CO) - —
(real-world traffic) (2.5L 4-cylinder) (all trips) 18 (HC) 13 (NO,)
Jiang et al. (2017) Dynamic eco-driving Simulation (Excel VBA, Hypothetical intersection — 2.02 197 10.80 Yes
under partially connected MATLAB, and VISSIM)
d vehicles
Field experiment DRIVE C2X test site 10 retrofitted prototype = = - Yes
m (real-world traffic) (Gothenburg, Sweden) vehicles
amendation  Field experiment Virginia Smart Road Test 2014 Cadillac SRX 19 _— 10 Yes
Check for facility
es
S o-driving Field experiment Signalized arterial corridor 340 taxis = 9 (compliant versus — Yes
(real-world traffic) (Thessaloniki, Greece) noncompliant)
H 1vi H i H MATLAB — 30 to 1d vehicles i — — — Ye
Dynamic Eco-Driving near Signalized Intersections: ok o
H H H H ince model Simulation (EstiNet) 3.7 km urban arterial road in — — 213 8.15 —
Systematic Review and Future Research Directions Beijing
Numerical eval Hypotheti — 312 5-20 (CO) — Yes
Evangelos Mintsis'; Eleni . Viahogianni, Ph.D.?; and Evangelos Mitsakis, Ph.D.? ;‘2114((;{5))
- Controlled experiment Palmyrita Avenue, 2008 Nissan Altima 5-27 — — Yes
2 Riverside, California
g . . . . . o s . :d dynamic  Simulation Cross intersection — 13 13 (CO, HC, 38 —
4 Ab_strjﬂct. Advancements in the flel_cl of Lelernau.cs have en.lpowered the development of_ connected vehicle (CV) apphcauons,. which (INTEGRATION) (Blacksburg, Virginia) €Oy, and NOL)
2 optimize the energy and traffic efficiency of vehicular traffic. Over the past decade, various research groups have proposed different Simulation = — — = — —
'E) methodologies for the impl, ion of dynamic eco-driving near signalized intersections. This paper reviews the proposed methodol- E MATLAB (GPOPS) — — 29 — -9 Yes
= ogies laying emphasis on the control logic, optimization objectives, assumptions, and constraints of these models. The strengths and assistant Field experiment Urban network 5 different vehicles 49 — — Yes
2 . . s e . . . . " - ies-1 i
El limitations of existing dynamic eco-driving models are discussed, and future research directions are proposed in relation to the oppor- | ;rdezlnv_vzgd (::f:fn)vit o (series proﬁcnon) o 50 NO,) 14 o
2 tunities emerging in the field of transportation and the technological barriers that may exist. Further, the methodologies implemented for the analysis) Y *
E assessment of the impacts of dynamic eco-driving are critically reviewed. DOI: 10.1061/JTEPBS.0000318. © 2020 American Society oj o-driving for ~Simulation (PARAMICS)  Hypx Single and 31 — — Yes
2 Civil Engineers. conn ehicles
g Xia et al. (2013a) Dynamic eco-driving Simulation (PARAMICS)  11-signalized arterial Single and multivehicle 12.5 13 (COy) 0.7 Yes
k3 Author keywords: Cooperative-intelligent transportation systems (C-ITS); corridor
w% Connected vehicle (CV); Signal phase and timi Weber and Wrinclker  Dynamic cco-drivi Field i Field Station~~ BMW mid-sized sedan | 14 - - Yes
(2013) test track
— El Camino Real test site
Mahler and Vahidi Predictive optimal MATLAB — — — — — Yes
(2012) velocity planning Field experiment (Greenville, South Carolina) —_ = = -
algorithm
Rakha et al. (2012) —_ MATLAB —_ —_ 30 — —_ —
Schuricht et al. (2011)  Predictive driver Simulation (IDM) — — 8.7 — — —
* assistance
| St I m a t e e n e r Raubitschek et al. Predictive driving MATLAB — - 10 — — Yes
(2011) strategy Field experiment BMW test track (Aschheim,
Munich, Germany)
. . . Barth et al. (2011) Dynamic eco-driving Simulation (PARAMICS)  Hypothetical 10-signalized ~ Mid-sized Sedan 12 12 (CO,) 2 Yes
emissions savings range o
g g Asadi and Vahidi PCC SIMULINK (MATLAB) Urban road — 47 56 (CO,) — —
(2011) Suburban road
o M Tielert et al. (2010) Speed adaptation model ~ Simulation (VISSIM) Single-lane road segment  EUROA4 Otto and diesel 22 80 (CO); 35 (NO,); 18 — —
rom 2-56% studies
Karlsruhe’s inner city, 8 —_
Germany
Vreeswijk et al. (2010) — Simulation (VISSIM) Four-leg intersection — = 5 (CO, and NO,) — Yes
(Rotterdam, Netherlands)
Saust et al. (2010) — Field experiment Ring road of Braunschweig, — 35 — — Yes
Germany (two-lane arterial
road)
Mandava et al. (2009)  Arterial velocity b Hypothetical 10-signalized ~ LDV24 and LDV17 12-14 12-14 (CO,) — —
planning algorithm arterial
Li et al. (2009) ADAS Parametric analysis - - 14 —_ - -
Simulation 8

Mintsis et al. Dynamic eco-driving near signalized intersections: Systematic review and future research directions. Journal of Transportation Engineering, Part A, 2020
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Impact calculation (back of the envelope®)

Driving impact
. )

51 .9% Vehicle miles traveled (VMT) near signalized intersections [1]

X [6, 28]% Avoidable emissions from eco-driving (£1 std from [2])

[31 y 1 45]% of CO, emissions from driving is simply "wasted" at intersections
o J

National impact
4

Gold standard:
) -1% global GHG
X 29% GHG from transportation sector [3] @ Breakthrough

Energy
X 81% l, GHG from on-road vehicles [4]

&
Ventures

Led by Bill Gates

(0) . . . . n n . .

[07, 341] 6) of U.S. CO, emissions is simply "wasted" at intersections

\ J
[1] U.S. Federal Highway Administration (FHWA). Highway Statistics 2021. 2023.

[2] Mintsis et al. Dynamic eco-driving near signalized intersections: Systematic review and future research directions. Journal of Transportation Engineering, Part A, 2020.

[3] U.S. Environmental Protection Agency, Inventory of U.S. greenhouse gas emissions and sinks. 2023.
[4] U.S. Environmental Protection Agency, Fast Facts on Transportation Greenhouse Gas Emissions. 2023.

* Calculations based on statistics from the United States. Wu
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Regional Eco-driving Problem

Contribution: First systematic effort to
guantify network-wide environmental |
benefits of eco-driving. |

Fixed time traffic signal

San Francisco
Objective: Expected fleet emissions reduction

without significant impact on travel time and . . . .
intersection throughput Fixed time traffic signal

Subject to: safety requirements, vehicle actuator + eco-d riving
limits, and road rules




All scenarios are modeled in industry-grade simulators

6,011 data-informed intersection

environments are modeled in the

industry-grade SUMO microscopic
simulator

1M+ Traffic Scenarios

Los Angeles

Real-world intersection vs simulation

Qu, Valiveru, Tang, Jayawardana, Freydt, Wu, What is a typical signalized intersection in a city? A pipeline for intersection data imputation from OpenStreetMap, Transportation Research Board, 2023.

Jayawardana et al. IntersectionZoo: Eco-driving for benchmarking contextual reinforcement learning. International Conference on Learning Representations (ICLR), 2025.
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Atlanta San Francisco

Los Angeles

81

All scenarios are modeled using open data and tools

/ OpenStreetMap GDQT US Geological Survey

Georgia Department of Transportation

A MOVES

Meotor Vehicle Emission Simulator

Lane lenath Speed limit Vehicle inflow (peak) Vehicle inflow (off-peak) Lane count Road arade Phase count Signal time ratio
100% 60% 60% 30%
40%
50% - J
20% | K50 40% 40% ° 20% 50% A 20% 1
" 20% 20% 25% 1 10% ‘ I I l
0% - 0% - 0% 0% 0% - 0% - 0% ¥ 0% -
0 250 500 750 0 10 20 30 0 1000 2000 0 1000 2000 0 2 4 6 -0.2 0.0 0.2 0 1 2 3 0.0 0.5 1.0
40% 100% 60% 60% 30%
o o, 50% o,
— 40% 40% ° 20% 50% 4 20% 1
20% A i o
I I 20% - ‘I 20% 25% 1 | I 10% A i .
0% - 0% - 0% 0% 0% T ? 0% - 0% ¥ 0% -
0 250 500 750 0 10 20 30 0 1000 2000 0 1000 2000 0 2 4 6 -0.2 0.0 0.2 0 1 2 3 0.0 0.5 1.0
40% - 100% 60% 60% 30%
4 50% d
20% 50% 0% o ’ s 50% 1 20%
Z 20% 20% 25% 1 10% .
0% - 0% - 0% 0% 0% - 0% - 0% f ¥ 0% -
0 250 500 750 0 10 20 30 0 1000 2000 0 1000 2000 0 2 4 6 -0.2 00 0.2 0 1 2 3 0.0 0.5 1.0

Wu



Network decomposition

Requirements for network

decomposition

Waiting time to enter Throughput must Queue length to

the intersection not decrease lane length ratio < §
should not increase

Preceding | J Control active | 38 Following |4 .
intersectio intersection intersectio
n

n

v

Traffic flow

When any of these requirements
are violated with eco-driving, the
benefits are defaulted to zero

This makes the benefit levels a
lower bound of the possible
benefits



Modeling the Eco-driving Scenario as an MDP

Training protocol: Shared parameter multi-agent RL, following
centralized training and decentralized execution.
Decentralized Partially Observed Markov Decision Process (Dec-POMDP)

For each eco-driving vehicle: | Achion i o ronment
Observation: Vehicle sensing, nearby vehicle  agent , } oy

Py e

sensing, traffic signal timing info, and context for g =
the intersection

Action: Longitudinal acceleration of the vehicle I [ Rewardr 4 R
: _l
|

Reward: A linear combination velocity, state s,
emissions, and idling

Transition function: reward
Behavior of all other road users, traffic signal [ Environment | Learning l'
Hard constraints are satisfied with post-shielding T ’ " Asent
Horizon: 12.5 min (1500 steps at 0.5 sec / step) observation |actions
with discount factor y = 0.99 J{_shield

Typical traffic signal cycle is 1-3 min Sdieagton

| —~

y




Emission Benefit %
= = N
u o wu o

o

Emission reduction

R

esults: Overall Effectiveness

Eco-driving could cut city-wide intersection CO, emissions by 11-21%.
This translates to 1.34%-2.68% U.S. CO, emissions.

Gold standard:
-1% global GHG

Breakthrough
Energy

Ventures

Led by Bill Gates

Throughput increase

-®- Los Angeles -@®- Atlanta -@®- Los Angeles -@®- Atlanta
-@®- San Francisco -@®- San Francisco
<5 B e
”¢¢. 4 . Pig ._ ———————
,r” “5 4 - = ’¢”
,4” 5 ,—.’ ’¢’
'r” _,—". [ea) 3 , ,/’ _____________ )
”/ ’’’’’ 451 "]  _——==i o--
.- Tl emmmmmmmT ¢ 2 /-
PrSagnn o 2o /@
~ = s 1
If:'.’ 21 1,’,"
W £ X
- P
0 20 40 60 80 100 0 0 20 40 60 80 100

Eco-driving adoption % Eco-driving adoption %

Non-linear scaling: 25%-50% of benefits
from 10% eco-driving adoption

o

20% eco-driving adoption /

San Francisco

Atlanta

Lane lenath Speed limit
oy 100%
20% 1 50% 1
0% - 0% -
0 250 500 750 0 10 20 30
40% 100%
20% 50% 1
0% N 0% -
0 250 500 750 0 10 30
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Why does Atlanta benefit more from eco-driving than SF?

Atlanta vs San Francisco
= Longer lane lengths 03

Pearson Correlation Analysis of Eco-driving Benefits vs Factors

= Higher speed limits g o2
k]
© 0.1
S - ...II
These are the two © 00 -_l  m ..l T
highest correlating S o
M (]
factors to eco-driving & | e
benefit = 20 100%
_03 H H
Temperature Speed limit Road grade Signal ratio Vehicle infow Phase count Lane count Lane length
. . . . CAntiiran
City Feature Distributions
Lane lenath Speed limit Vehicle inflow (peak) Vehicle inflow (off-peak) Lane count Road grade Phase count Sianal time ratio
S 40% 100% 60% 60% 30%
"
C § 4 50% 1 4
g 20% 50% o o ’ ohe 50% 20%
= ’ 20% 1 20% i 25% 10% ‘
A 0% 0% - 0% L!——v—‘ 0% 0% 0% 0% - 0% h—-
0 50 500 7 0 10§ 20 3 0 1000 2000 0 1000 2000 0 2 4 6 -0.2 0.0 0.2 0 1 2 3 0.0 0.5 1.0
40% A 100% 60% 60% 30%
i 9 D 50% o ]
R woal 505 40% 40% g 20% ikt 20% -
H 2 20% 20% 25% - 10% 1 l .
0% - 0% - 0% 0% y T 0% ¥ 7 0% - 0% f ¥ 0%
0 250 500 750 0 10 20 30 0 1000 2000 0 1000 2000 0 2 4 6 -0.2 0.0 0.2 0 1 2 3 0.0 0.5 1.0

V. Jayawardana, et al., C. Wu, “Mitigating Metropolitan Carbon Emissions with Dynamic Eco-driving at Scale,” Transportation Research Part C: Emerging Technologies, 2025.



Overall Eco-driving Impact calculation

Driving impact

51.9%
x [11, 22]%
5.7, 11.41%

J

National impact
4

X 29%
X 81%

&

[1.3-2.7]%

J

86

Website

Vehicle miles traveled (VMT) near signalized intersections [1]

Avoidable emissions from eco-driving

of CO, emissions from driving is simply "wasted" at intersections

Gold standard:

-1% global GHG
GHG from transportation sector [3] ..0q. . Breakthrough
i Energy
R Ventures

l, GHG from on-road vehicles [4]
Led by Bill Gates

of U.S. CO, emissions is simply "wasted" at intersections

[1] U.S. Federal Highway Administration (FHWA). Highway Statistics 2021. 2023.

[2] Mintsis et al. Dynamic eco-driving near signalized intersections: Systematic review and future research directions. Journal of Transportation Engineering, Part A, 2020.
[3] U.S. Environmental Protection Agency, Inventory of U.S. greenhouse gas emissions and sinks. 2023.

[4] U.S. Environmental Protection Agency, Fast Facts on Transportation Greenhouse Gas Emissions. 2023.

* Calculations based on statistics from the United States.

Wu
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Findings and Policy Implications R

Emissions impact: Near-term potential: Long-term relevance:
11-22% of Majority of impact results from a Impact is robust through 2050
intersection CO, minority of drivers and due to fleet impacts & travel
emissions intersections demand
Emission reduction Throughput increase Projection through 2050 (LA)
-®- Los Angeles -@- Atlanta -@- Los Angeles -@- Atlanta 25 wmmm EV + Hybrid + Eco-driving (100%)
-@- San Francisco -®- San Francisco === EV + Hybrid + Eco-driving (50%)
N EV + Hybrid + Eco-driving (20%) /
<5 /.________———:—_—_—_:‘ g EV+Hybrid+Eco-driving (10%)
x 20 ”‘,. < ”,¢ _________ = = EV + Hybrid
s B4 et i
815 I * %3 ; :J’/ e e R *| =
_§ 10 /::;:’_ e e ° .§'2 I,:I.,,-O'"_— 5 101
N =~ 3. *
w 'é// - E 1 '," 5
- -~
0 0 20 40 60 80 100 0 0 20 40 60 80 100
Eco-driving adoption % Eco-driving adoption % 2025 2030 2035 2040 2045 2050

Year

High-impact, relatively low cost, and
complements existing climate interventions

V. Jayawardana et al., “Mitigating Metropolitan Carbon Emissions with Dynamic Eco-driving at Scale,” Transportation Research Part C: Emerging Technologies, Apr. 2025.
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14 min (4.7 mi)

N\ Save 10% fuel by driving 2 more min
Fuel-efficient routes usually have fewer hills, less
traffic & constant speeds. Learn more

Steps
®  Your location

4 Head north on Arch St

= Steps & more

co-Friendly Routing

Step 1

Simulate vehicle fuel
efficiency across
vehicle powertrains

NREL's FASTSim technology
simulates fuel efficiency across
various vehicle types and
powertrains, incorporating
second-by-second real-world

driving data to calculate real-world

fuel consumption over different
road types and conditions with
high accuracy.

[1] Google Research, “Google Maps Eco Friendly Routing,” 2021.

Step 2

Predict fuel
consumption across
unique routes

NREL's Routek is then trained by
the FASTSim-calculated fuel
consumption over different driving
conditions to_predict expected fuel

consumption differences among a
set of defined routes.

Step 3

Integrate
Google’s ML Routing
Algorithm

Google integrates the insights and
modeling from FASTSim and RouteE
across all of Google Maps,
incorporating Google’s predicted
traffic speeds with NREL's fuel
consumption modeling to predict
fuel consumption for all routes in
the U.S., enabling a highly accurate
model to maximize fuel efficiency.

29

Step 4

Set parameters
to optimize
journey time

Finally, we developed a set of
parameters and time caps to
determine the optimal time vs. fuel
usage trade-off within Google
Maps to avoid increasing travel
time for negligible fuel savings.

In this way, the vast majority of our
recommended routes continue to
be as fast as before.
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UPS's ORION: On-Road Integrated Optimization and Navigation

Launched in 2013 @
Chooses efficient driver routes given real-time information (traffic,
weather, pickup times)

Estimated to reduce the fuel consumption annually by 10 million gallons,
and CO, production by 100,000 metric tons (Informs)

Use of Al

o Predict route performance
o Recommends specific driver routes

Al is promising for freight efficiency where it improves repeated
operational decisions: routing, consolidation, load matching, empty-mile
reduction, fleet scheduling, and disruption response
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https://www.informs.org/Impact/O.R.-Analytics-Success-Stories/Optimizing-Delivery-Routes

for tackling the loneg tail of
ansportation optimization




Motivating example: Vehicle Routing Problems (VRP)

One of the most widely studied in ——
Combinatorial Optimization: o ==
e =10,000 works published in 2025 alone (Google - M;f”:m
Scholar), mostly heuristics eyt
* Direct application in real systems that distribute .
goods and provide services

* Last-mile delivery, waste collection, field service,
ride-pooling. on-demand transit

~10,000 S11T+ 65M+

papers in 2025 global logistics costs, 2023 US parcel deliveries / day

Dantzig, G. B., & Ramser, J. H. “The Truck Dispatching Problem.” Management Science, 1959.
Stats: Statista/Research & Markets (2024); ShipMatrix US parcel report (2024).



Long Tail of Transportation Optimization Problems
Definition: Vehicle Routing Problems (VRPs)

Given
* Depot
* N customers (location, demand)
* Vehicle fleet (capacity)
* ... Other constraints ...

Find the lowest cost set of routes
that satisfies all customers

Laporte, G. “Fifty Years of Vehicle RoutingE;’_Transportation Science, 2009. .
Dantzig, G. B., & Ramser, J. H. “The Truck Dispatching Problem.” Management Science, 1959.

Classical dimensions

Vehicle capacities

Time windows

Heterogeneous fleets

Multiple depots

Pickup and delivery, backhauling
Split delivery

Arc routing (e.g., garbage collection)

Emerging variants

Electric vehicle routing (charging decisions)
Drone routing (3D, endurance limits)
Warehouse routing (pickers, sortation)
Multi-modal logistics (truck + drone, rail + truck)
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Solving the Long Tail is Slow and Laborious

Example: Vehicle Routing Problems (VRP)

i Performance
(Roughly)

Can Al change this? | ™"

Google
OR-Tools

Concorde
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Al + Optimization?

RouteOpt
(CVRP, VRPTW)

2006 2008 2010 2012 2014 2016 2018

Exact Solver

*Roughly, the y axis corresponds to the performance of the solver (e.g. HGS > LKH-3 > OR:LTooIs).

Laporte, G. “Fifty Years of Vehicle Routing.” Transportation Science, 2009.
Dantzig, G. B., & Ramser, J. H. “The Truck Dispatching Problem.” Management Science, 1959.

2020 2022 2024

Heuristic Solver (many VRP variants)

Heuristic Solver (limited VRP variants)



The Long Tail of Optimization is Cross-Cutting

Time-Space Diagram of Velocities - Ground Truth

—I l 120

& ym

Connected and Automated Vehicle Impacts

Malden

Medford Center
To5 -

" Wonderland

T

m/hr)

L R

Vs

Segment Index

Dynamic traffic assignment |....

Sullivan
Square

Wood Island

Jaltham { D |'Union r V> Airport

| Watertown!
quare|

L
il

Network optimization

City Point

Brookline Village

Heath Street

Proposed Frequent Service

= Every 15 min or better
5:00am to 1:00 am, 7 days a week.
In Some Cases this Service Is provided
by two overlapping routes.

Corner
Forest Hills _—
Rapid Transit ‘Ashmont

Less frequent routes are not shown

]
Mattapan

\Wast Bouh,

Quincy Cbn(er,—g—o
Weymouth

Transit Network Design )

Warehouse operations
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Optimization Solver Landscape

Solver o
Effectiveness i% I-!ybrldlze . %
(perfsor;ne?;)'ce& Address training earming & SOIV(irS R N
p reliability LS N N x\ ", \\ \ Sp.ec.ialized
b, M NN N \\ \\ heuristic solygrs
: | Lo S Model-based \\ - (e.g., metaheuristics)
R solvers
! : : : (e.g., MILP, MPC)
Al solvers
(e.g. imitation learning, Inform transportation decisions

deep RL, LLMs?)

Low Specialization effort per problem variant High
(Automatic) (people & compute hours) (Manual)

My research lab Wu
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LKH (Full Re-solve) — Iter 0 LNS (Neighborhood) — Iter 0 g9
Re-opt: 351/1000 (35%) Re-opt: 62/161 (39%)

Solver Redundancy P, R
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W. Ouyang, S. Li, Y. Ma, and C. Wu, “Learning to Segment for Vehicle Routing Problems,” International Conference on Learning Representations (ICLR), 2026. Oral (1%).
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Learn to Reuse: Avoid Redundant Calculations

Setting: Rolling Horizon Optimization (RHO)

Warm start RHO L-RHO (Ours)
Execution horizon  Planning horizon Problem Instance Problem Instance
v
1 S 2S 8S 4S 5S Operations x
: ¥ ——y— i % > —+ Solver ‘ —+ Solver ‘
bz | ' i
Py
vz | Solution Solution
E A | v
& Warm start ‘ Reuse Prediction ‘
L-RHO: Up to 50% faster by learning to reuse }
solutions in consecutive RHO subproblems [1] Partial Solution

Method: Train a deep neural network to predict if a solution variable will
change from one subproblem to the next

Training Labels: Look-ahead oracle

S. Li, W. Ouyang, Y. Ma, and C. Wu, “Learning-Guided Rolling Horizon Optimization for Long-Horizon Flexible Job Shop Scheduling,” in ICLR, 2025. WU



L-RHO for Flexible Job Shop Scheduling

Executed Ops I:I Reused Ops (Learned) |:| Re-optimized Ops

l:‘ New Ops ——— Horizon Boundary ’J,——: Execution Zone

Makespan: 218
Planning: Receiving New Ops Runtime: 11.1s

=50 0 50 100 150 200 250 300
. Time

Subproblem Composition

100 Planning

80/80

80

60

# of Operations

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Horizon Iteration

S. Li, W. Ouyang, Y. Ma, and C. Wu, “Learning-Guided Rolling Horizon Optimization for Long-Horizon Flexible Job Shop Scheduling,” in ICLR, 2025. VU



Learning to Reuse for Large Vehicle Routing

State-of-the-art Solver LKH (metaheuristic)

Re-opt. %

N
o

o

LKH-3 (Full Re-solve) — Iter 0
Re-opt: 351/1000 (35%)
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Learning-to-Segment (ours): Transformer-based
prediction of stable edges
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Results: 7x faster on CVRP with 2000 customers
W. Ouyang, S. Li, Y. Ma, and C. Wu, “Learning to Segment for Vehicle Routing Problems,” International Conference on Learning Representations (ICLR), 2026. Oral (1%).
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Congestion Mitigation in Automated Warehousing

Learn priority order of agents

Method: Deep RL-guided = - O
prioritized planning ,

ymbotic Warehouse t=0
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H. Zheng, Y. Ma, B. Araki, J. Chen, and C. Wu, “Learning-guided Prioritized Planning for Lifelong Multi-Agent Path Finding in Warehouse Automation,” Journal of Artificial Intelligence Research (JAIR), 2026.
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Learning-guided combinatorial optimization

Contribution: Deep learning can accelerate combinatorial optimization solvers by 2-10x.

Learning to Focus and Prioritize Search Learning for Mixed-Integer Linear Programming
. = LIEEEEEEEEEEEEEEEEEEE 1] o -Promptin, es )
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\ /' = EEEEEEEEEEEEEEEG H cparators | _{ " _ -»{_Clique Pt W | attention L ({ [
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e EEEEEEEEEEEEEEE T uts: a"x \;\“\\ s
§ ENEEEEEEEEEEEER . :: 5 \ pe Mutate * 3 G’;‘nee‘rl:l:le%r o Constraints O O O
oo [ T | Coaserr) o) |t oS 00|
ICLR24 JAIR26 NeurlPS23 ICLR25 ICML26
Learning to Reuse Across Iterations Learning to Repair Solutions Benchmarks & Competitions
gy | I mET 1 W 1 oo [, | The Lﬁeaguerof Robot Ruﬁnners*g
VB B EEENEE OB 0 » ... o - :
e e ol [° S T T T T T T T
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ICLR25 ICLR26 Oral (1%
(1%) ICLR26 CAPS24  KDD25 Oral (9%)

Modest data and compute (1,000 instances, 1 day on V100); Fairly generalizable.
Wu




Final remarks



[t's early days for Al in transportation

Public spending on Al-related contracts + OTAs (% of total) in the United States by funding agency, 2013-24

Source: Al Index, 2026 | Chart: 2026 Al Index report
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[11 S. Sha et al., “The Al index 2026 annual report,” in The Al index 2026 annual report, 2026. [Online]. Available: https://hai.stanford.edu/ai-index/2026-ai-index-report
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Synthesis of key considerations

e Theory of change for decarbonizing transportation
o Decarbonizing transportation lacks a central economic champion to push for action
o Success requires a broad coalition of stakeholders with climate-aligned priorities
m China — industrial policy — energy security — electrification
m  Working and middle class — votes — cost & convenience — modal shift
m Corporations — operations — cost — efficiency improvements
o Think: what climate actions coincide with the many priorities in transportation?
m Personal example: Utah — regulate driving — air quality — eco-driving

e When is Al useful?

o Al can help 1) build data-driven models of transportation processes, 2) optimize models
to find good solutions, 3) automate digital workflows, 4) enable robotic automation

o The toughest part is often figuring out when one of those is a key bottleneck and how it
integrates with the rest of the solution/system
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Entry points and
next steps




Get Involved: Sustainable Transport

e Bridging Transportation Researchers (BTR)

O

Zero carbon, zero cost transportation research conference (Virtual, Aug 12-13!)

e National Association of City Transportation Officials (NACTO)

O

O

Association of North American cities and transit agencies, advancing safety,
sustainability, access, and equity in cities

Designing Cities Conference (next edition: Nashville, May 2027)

e Transportation Research Part D: Transport and Environment

O

Top field journal dedicated to environmental impacts of transportation, policy

responses to those impacts, and their implications for the design, planning, and
management of transportation systems

e Transportation Research Board (TRB) Annual Meeting

O
O

O

TRB is part of the National Academies of Science, Engineering, & Medicine
Central professional ecosystem in North America (Washington DC, every January)
Standing Committee on Transportation Energy Data and Analysis (AED18) (previous
meeting)
m Focus: research and innovation related to data and analytical methods for
measuring energy use, fuel consumption, and efficiency in transportation

systems. TRE

TRANSPORTATION RESEARCH BOARD
OF THE NATIONAL ACADEMIES

Volume 155, September 2026 s

“{ TRANSPORTATION
RESEARCH

AN INTERNATIONAL jOUR.
Part D: Transport and Environment



https://bridgingtransport.org/
https://nacto.org/
https://www.sciencedirect.com/journal/transportation-research-part-d-transport-and-environment
https://www.nationalacademies.org/events/887
https://www.mytrb.org/OnlineDirectory/Committee/Details/7291
https://annualmeeting.mytrb.org/OnlineProgramArchive/Details/24442
https://annualmeeting.mytrb.org/OnlineProgramArchive/Details/24442

ISSN 0965.090X

Get Involved: Al + Transport

AN INTERNATIONAL JOURNAL
Part C: Emerging Technologies

@)

e Transportation Research Part C: Emerging Technologies

Top field journal addressing development, applications, and implications,
in the field of transportation systems and emerging technologies
|[EEE Transactions on Intelligent Transportation Systems
o Top field journal covering fundamental and applied research on all
scientific and technical aspects of modern transportation systems
e Transportation Research Board (TRB) Annual Meeting

o Central professional ecosystem in North America (Washington DC, every
January)

IEEE TRANSACTIONS ON

INTELLIGENT TRANSPORTATION
SYSTEMS

(s 152a9050)

|[EEE International Conference on Intelligent Transportation
Systems (ITSC) (upcoming: Naples, Italy, Sep 15-18)

‘xﬁPORTAr/O i i
8} (S:‘ - - A. Angel, M. Hickman, : M, D, Chamnani ‘:
o The main field-specific Al/ITS conference é :; PIEEE
I It B 3 o
> (o}

TRANSPORTATION RESEARCH BOARD
OF THE NATIONAL ACADEMIES
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https://www.sciencedirect.com/journal/transportation-research-part-c-emerging-technologies
https://ieeexplore.ieee.org/xpl/aboutJournal.jsp?punumber=6979
https://www.nationalacademies.org/events/887
https://ieee-itss.org/conf/itsc/
https://ieee-itss.org/conf/itsc/

Awesome RERITE: A curated list of awesome open datasets and benchmarks in transportation research

https://www.rerite.org/awesome-rerite

Tooling & Workflows

« Global Urban Street Networks — updated and published repository
containing street network models for all 10,351 urban areas worldwide

(GraphML, GeoPackages, and node/edge lists), plus indicators and metadata.
Journal article: https://doi.org/10.1177/23998083261446991. Source code:
https://github.com/gboeing/street-network-models.

Find more to share and contribute? It's

easy! We'd like to promote more and share

more with the community!
¢ OSMnx — award-winning toolkit by Geoff Boeing for downloading, modeling,

T Open an issue at the github page or email

us!
¢ osm2gmns — converts OpenStreetMap data into GMNS format; developed
by Jiawei Lu and Xuesong (Simon) Zhou. @ O RRinTransportation / awesome-rerite
o DTALite — ASU Transportation Al Lab's macroscopic/mesoscopic AMS <> Code () Issues 11 Pullrequests ~® Actions
library that natively reads GMNS.
e DTA — Dr. Ke Han's open-source dynamic user equilibrium solver (see [ e
Networks and Spatial Economics, 2019). ‘ () opon @ Chsed @D

¢ OSRM — C++14 routing engine providing lightning-fast shortest path queries. \
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https://www.rerite.org/awesome-rerite

Transportation research open science explorer

Code Availability

All v

Search abstract (beta)

emissions

® Random Walk

Discover a random paper with open data or code

How to use?

Hello! This is an interactive website for our LLM-based
measurement of open science practices in transportation
journals. By searching keywords (under beta testing)
you can get a sense of the papers on the topic (circles)
and which have available code or data (stars). Feedback
is welcome! Contact junyi.ji@vanderbilt.edu .

y (t-SNE)

50

60

80

*

How to define and achieve Zero-Impact emissions in road transport?
Topic: Emissions

Year: 2023

Journal: Transportation Research Part D: Transport and Environment
Code: https://data.mendeley.com/datasets/z4kdp3k6dp/1

Data: https://data.mendeley.com/datasets/z4kdp3k6dp/1

https://www.rerite.org/MOST 1

20

20


https://www.rerite.org/MOST

Call for Interest: Special Issue on Transportation
Evaluations & Datasets (TR Part C & T-1TS)

Call for Interest:
Transportation Evaluations & Datasets

RERITE is excited to announce a new initiative: In preparation for a Special Issue on
"Evaluations & Datasets for Transportation Research’, please let us know your evaluations
& datasets needs and wish list. The special issue will be published with Transportation
Research: Part C (TRC) and/or IEEE Transactions on Intelligent Transportation Systems (T-
ITS).

You are welcome to fill out the form as many times as you have wishes. Please include as
much context as you can; the more context you provide, the more effectively we will be
able to scope and target the special issue.

Do not worry about whether someone else will submit the same topic. The more a topic is
expressed as a need, the more we can understand the needs of the community!

This initiative is modeled after the NeurIPS 2026 Evaluations & Datasets Track Call for

Papers. rerite.org




Climate Change

Transportation
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Appendix



Additional topics

e Al for climate mitigation in commercial aviation
o Sandalow, David B. et al., “Artificial Intelligence for Climate Change Mitigation Roadmap
(Second Edition),” (Chapter 7: Commercial Aviation), Nov. 2024, doi: 10.7916/2]4P-NW61.
e Al for climate mitigation in shipping
o World Economic Forum, “Intelligent Transport, Greener Future: Al as a Catalyst to
Decarbonize Global Logistics.” Jan. 2025. https://seminarleadership.ibo.pe/case-02/.
e Al for adaptation and resilience in transportation
o Costa, Miguel, et al. “Artificial Intelligence for Climate Adaptation: Reinforcement Learning

for Climate Change-Resilient Transport.” arXiv, 2026.
https://doi.org/10.48550/arXiv.2603.06278.
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