Bo Lin City Al Lab, National University of Singapore

Analytics for Better Urban Cycling

Bo Lin

(soon) National University of Singapore

eMERGE Seminar, UC Berkeley
March 24, 2026



City Al Lab, National University of Singapore

Cycling has become increasingly popular
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Cycling can be stressful
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Bt cityAlLeb National University of Singapore
Bike lanes help to alleviate cycling stress

Toronto looking to build 100 km of brand new
bike lanes across the city

e LauraHanrahan | Dec72021,10:19am
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Analytics for better urban cycling

Assessment |U of T News .
framework

Toronto’s COVID-19 bike lane expansion boosted access
to jobs, retail: U of T study
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Analytics for better urban cycling

Assessment Yonge Street
framework (implemented)

ActiveTO Midtown Yonge Complete Street
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Analytics for better urban cycling

Assessment Yonge Street Legislative Assembly
framework (implemented) of Ontario
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Analytics for better urban cycling

NsERC Assessment Yonge Street Legislative Assembly
Ny framework (implemented) of Ontario
Cycling Network Plan Toronto’s 2025—
2029 plan

The Cycling Network 2025-2027 Implementation Program was adopted by Toronto City Council on June
26, 2024. Learn more about the analyses and recommended bikeway projects under the tabs below, and
about the public input “.
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Analytics for better urban cycling

ML-augmented
optimization
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Analytics for better urban cycling

Assessment Yonge Street Legislative Assembly
framework (implemented) of Ontario
ML-augmented Toronto’s 2025—
optimization 2029 plan
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Analytics for better urban cycling

Assessment Yonge Street Legislative Assembly
framework (implemented) of Ontario
ML-augmented Toronto’s 2025—
optimization 2029 plan
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Cycling network design as a bilevel problem

Predictive of cycling mode choice
(Imani, Miller, Saxe, 2019)

Maximize (O%;fSOd (X) TLI){.( >S( /[W wlf

ottt S 3L
leader Network design X € X .7Z /'75? é =
-GS A
o o 'JY. »Ar)gij‘ e
‘; Low-stress shortest path (X) g 5

follower

Bilevel Two-Stage

Program Stochastic Program

Leader 15t-stage decision maker

2d-stage decision makers

Followers . .
(in different scenarios)

X 1 million!
>>>
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How to deal with one million followers?

Sampling!
Tractable, but lose sight of the “bigger picture”

Can we capture other followers (w/o routing) ?
Exact scores Approximate scores

© ©
Train g 2} )Predlct

ML Model

Key contribution: ML-Augmented optimization
- New paradigm of integrating ML and OPT
- Strong performance and theoretical guarantees
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Our Approach

The ML-Augmented Model

Exact Scores Approximate Scores

maximize & A
i GO +
Traing jt jDredict
(Go—i=
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Our Approach

The ML-Augmented Model

Exact Scores Approximate Scores
maximize Z S5°4(x) + A
B (0,d)eT

Traing jt jDredict
(Go—i=
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Our Approach

The ML-Augmented Model

X

maximize » = 5%(x) + 3

Exact Scores Approximate Scores

(0,d)eT

Traing jt jDredict
(Go—i=

:WTde — Sod(X)

[\

ML model features
parameters (OD locations, etc.)
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Our Approach

The ML-Augmented Model

Exact Scores Approximate Scores
maximize Z Sod(x) + Z wTfod
= (0,d)ET (0,d)EF\T

Traing jt jDredict
(Go—i=

:WTde — Sod(X)

[\

ML model features
parameters (OD locations, etc.)
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Our Approach

The ML-Augmented Model

Exact Scores Approximate Scores
maximize Z Sod(x) + Z wTfod
. (0,d)ET (0,d)EF\T
\ \ . — d.
Sync \\TLaIE CRC Predict
= =)p [o00o—=ca
| Tfod Sod
Wi —> 59%(x)
ML model features

parameters

(OD locations, etc.)
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Our Approach

The ML-Augmented Model

Exact Scores Approximate Scores
maximize Z Sod(x) + Z wTfod
25 R (0,d)ET (0,d)EF\T

Simultaneous

Optimization g = ) 4

& Training Train %m@ Predict
(co—t3)

:WTde — Sod(X)

[\

ML model features
parameters (OD locations, etc.)
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Bt cityAlLeb National University of Singapore
Our Approach
The ML-AugmentedModel |

The ML-Augmented Model

Exact Scores Approximate Scores
maximize Z Sod(x) + Z wTfod
25 R (0,d)ET (0,d)EF\T

Simultaneous

. 1 _
Optimization § : god () _ wTfold| < [,
& Training |7 (0 d)eT’ () ’ -

L1 Training loss is bounded
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Bt cityAlLeb National University of Singapore
Our Approach
The ML-AugmentedModel |

The ML-Augmented Model

Exact Scores Approximate Scores
maximize Z Sod(x) + Z wTfod
25 R (0,d)ET (0,d)EF\T

Simultaneous

Optimization L §™ | god(x) — wTed| < [
& Training A (0,d)ET

L1 Training loss is bounded

Training loss
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Bt cityAlLeb National University of Singapore
Our Approach
The ML-AugmentedModel |

The ML-Augmented Model

Exact Scores Approximate Scores
maximize Z Sod(x) + Z wTfod
25 R (0,d)ET (0,d)EF\T

Simultaneous

Optimization L §™ | god(x) — wTed| < [
& Training A (0,d)ET

L1 Training loss is bounded

Training loss

L
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Our Approach

The ML-Augmented Model

Exact Scores Approximate Scores
maximize Z Sod(x) + Z wTfod
25 R (0,d)ET (0,d)EF\T

Simultaneous

L 1 _
Optimization _1_ Z S (x) — wTf*| < L
& Training A (0,d)ET

L1 Training loss is bounded

Predict, then optimize Predict and optimize
(sequentially) (simultaneously)
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Follower Sampling

é )
O O 0O
e ) .
Follower samples +
\ / ML-Augmented . Network

Model design

. [ )

Optimization
]
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Why is sample selection so important?
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Why is sample selection so important?

Sample Prediction
Selection Error
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Why is sample selection so important?

Sample Prediction
Selection Error

R R
Ry
J{' )r/k/% A predict

In-sample // Zj ) t-’“—l

Out-of-sample train ML model
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Why is sample selection so important?

Sample Prediction
Selection Error

¥ & ek P
X%ﬁr/kfjr 28 %+predict
In-sample //W > |

Out-of-sample train |v|L model




Bo Lin City Al Lab, National University of Singapore

Why is sample selection so important?

Sample Prediction Approximation Solution
Selection Error Error Quality

T
2 ﬁr)j‘jrf., b
In-sample /[W > | t&}

Out-of-sample train ML model
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Why is sample selection so important?

Sample Quantify | Solution
Selection Quality

fiwt R
j{' )r/kfjr -9 >< \predict

In-sample ./ ! N | (_"‘_"',:")
Out-of-sample train ML model
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How does follower sampling affect solution quality?

Theorem 2 (informal)

optimality gap as evaluated on < E(T)
the original objective sample
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How does follower sampling affect solution quality?

Theorem 2 (informal)

optimality gap <

2QL+2Q(\ +p) > d(f*, £9)+ | 4Q>L?
seF\T

2" term

distance to the nearest
in-sample follower

1stterm
training loss

[F\T + Z(m}\frV] log(1/7)

teT

3"dterm
# of out-of-sample
followers assigned

Feature Space

O out-of-sample follower (F\T)
@ in-sample follower (T)

minimize total distance (2" term)

subjectto samplesize<p

Balanced p-median problem

Follower Sampling Problem

# assigned to each < d (3" term)




City Al Lab, National University of Singapore

O 00O
kel ) .
Follower samples v
ML-Augmented N Network
Model design
. A . I J

/yyy\ Optimization

Follower features J

\. J

Follower Embedding
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Bt cityAlLeb National University of Singapore
Follower embedding

4 N\ ( “
1. Relationship Graph 2. Random Walk

node = word walk = sentence
\_ )

( )

3. Word Embedding

08 O

Weight = Similarity i i

g RN Y,




Follower Sampling
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Follower features
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Synthetic Instances: Solution Quality

* 3,526 OD pairs, 1824 edges, 373 nodes
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Synthetic Instances: Solution Quality

* 3,526 OD pairs, 1824 edges, 373 nodes
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Optimality Gap (%)
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Sample Size (%)
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Synthetic Instances: Solution Quality

* 3,526 OD pairs, 1824 edges, 373 nodes
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Synthetic Instances: Solution Quality

* 3,526 OD pairs, 1824 edges, 373 nodes

Random Sampling
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Synthetic Instances: Solution Quality

* 3,526 OD pairs, 1824 edges, 373 nodes

Random Sampling
1 P-median Sampling + ML-augmented
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Optimality Gap (%)
=
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Sample Size (%)
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Synthetic Instances: Solution Quality

* 3,526 OD pairs, 1824 edges, 373 nodes

N W
o o

Optimality Gap (%)
=

1 2 3 4 5
» Sample Size (%)
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Strong performance: 2022 — 2024 planning horizon
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2025 — 2029 Network Expansion

e Candidate projects (339.3 km)

~ Existing ___Candidate
Trail Project
Existing

— Cycle Track/
Bike Lane
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2025 — 2029 Network Expansion

 Two-phase budget structure
— Phase | (2025—2027): 45 km
— Phase 11 (2028—2029): 45 km

select Aligned?

90 km

“Short-term” “Long-term”
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The short- and long-term objectives are largely aligned
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| Bo cltyAlLab National Universityof Singapore_
Final implementation

e Connectivity scores (5 points)
— Appeared in both solutions (5 points)
— Appeared in only one solution (4 points)
— Others (0 point)

e Safety (5 points)

* Transit Access (5 points)

29 km 28 km _ $40M

approved under study/design
2025 - 2027 2028 - 2030

Investment
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Real-world decision making isn’t one-shot optimization

optimization

data > nodel > plan
/ \
i
data oL r'nrrgsaellon » plan

N— —

iterative process refinement
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CyclelLinx: optimizing with humans, not for them
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CyclelLinx: optimizing with humans, not for them

Pending Removal of
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CyclelLinx: optimizing with humans, not for them

Budget (in km)

60

Proposed New Bike Lane

—— Pending New Bike Lane

Pending Removal of

Proposed Lane
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CyclelLinx: optimizing with humans, not for them

Budget (in km)
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An end-to-end, data-driven solution

Widely cited Only research team presented at

40 km uo» "]m Toronto City Budget Meeting
ﬁ %W 7 Legislative Assembly of Ontario

Assessed CBcnews

) TORONTO STAR QU T2 oo

+11.2% -25% %$18M 29km 28 km

accessibility length cost saving approved under study
2022 - 2024 2025 - 2027 2028 — 2029
Deployed in Rolling out in

Assessment Framework

- MaxANDP _ =»| Solution Refinement &

Cycling Stress Assessment Cycling Network Expansion Visualization




