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THE FASTEST ROUTE—
AND YET, EVERY ROAD
JAMS UP.

ORCHESTRATING
THE FLOW:
UNLEASHING
LATENT EFFICIENCY

BRAESS
PARADOX

A FUTURE
ORCHESTRATED:
HUMAN-CENTRIC,
RESILIENT, THRIVING

1~ MANAGEMENT

INTELLIGENT
TRAFFIC FLOW

My inquiry into intelligent transportation originates from a profound
paradox: the frequent divergence of rational individual choices from
collective mobility efficiency. This fundamental tension, epitomized by
Braess's Paradox, crystallized my conviction that the solution extends far
beyond mere infrastructural expansion. Instead, it lies in actively
‘orchestrating the flow —leveraging intelligent, data-driven mechanisms
to foster seamless coordination. This conceptual pivot is the primary
driving force behind my research, dedicated to engineering truly efficient,
resilient, and human-centric transportation systems for tomorrow's cities.

My Research Interests and Core Skills

Urban Mobility Modelling Traffic Simulation (SUMO)

Mathematical Modeling
Generative Al Tools (ChatGPT/Gemin1)

LaTleX
Programming (Python/MATLAB)

Vehicle-Infrastructure

Human-Centric
Non-linear Evolution

Intelligent Transportation System

Optimization Algorithms traffic Flow Theory
Mixed Traffic Dynamics .. -

System Resilience Applied Mathematics

Adaptive Control Data Visualization

Data Imputation
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LRTC-ATSN: Adaptive Truncated Schatten Norm for Traffic Data Imputation

with Complex Missing Patterns

I. ldentifying the Problem and Constructing Simulation Scenarios.
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(c) MM (0.2EM, 0.8FM) Scenario

Heatmap of Traffic Speed for Road Section
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Tensor spatiotemporal slicing states of real traffic datasets in Guangzhou and Birmingham
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Data .

s s Facmg complex missing patterns in
! i ~ urban traffic data caused by sensor
i liY failures and environmental factors,
| formulated three real-world data

loss structures—element-wise
(EM), fiber-wise (FM), and mixed
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II. LRTC-ATSN Model
and Solving Algorithm.

" Real-world traffic data slices show
" spatiotemporal correlation,
- providing a foundation for data
completion. Inspired by the LRMC
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ret:ocvere d image algorithm in image restoration, |

extend it to LRTC, using local or
global features to infer missing
parts from partial observations. By
replacing the traditional nuclear
norm with the Schatten norm, a
flexible low-rank approximation is
achieved, and the ADMM and TGST
» methods are combined with an
—adaptive update mechanism to
“iprogressively approach the optimal
. solution, ensuring efficient and
° accurate traffic data imputation.
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(a) Convergence behavior (MAPE)

. Experimental results across different datasets and missing patterns.
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(a) LRTC-ATSN, GG, EM: 0.2, FM: 0.3
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(¢) LRTC-ATSN, S, EM: 0.5, FM: 0.6
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(b) LRTC-TSpN, GG, EM: 0.2, FM: 0.3
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(d) LRTC-TSpN, S, EM: 0.5, FM: 0.6

Best results are marked in bold font.

Tested on real-world datasets from Guangzhou and Seattle, the model reduced MAPE and
RMSE by 10.6% and 6.1%, respectively, under conditions with up to 95.85% missing data,
while accelerating convergence by over 20% compared to the best-performing baseline.

Datasets  Missing Pattern  TMR BPMF BGCP
EMO.1FMO0.1 19.60% 0.106/4.412 0.104/4.321
EMO03FMO03 4862% 0.108/4.491 0.104/4.318

G EMOSFEMO0S5 6975% 0.112/4.665 0.103/4.316
EMO0.7FM 0.7 85.00%  0.119/4951 0.104/4.320
EMO9FM09 9585%  0.139/5.675 0.107/4.473
EMO.1IFMO0.1 1852%  0.098/5.526 0.100/5.613
EMO3FMO03 4791% 0.099/5.616 0.101/5.615

S EMOSFMO0S5 6937%  0.103/5.818 0.099/5.555
EMO0.7FM 0.7 84.80%  0.114/6.327 0.101/5.640
EMO9FMO09 9578%  0.169/8.529 0.105/5.900

HaLRTC  LRTC-TNN LRTC-TSpN LRTC-ATSN
0.088/3.561 0.073/3.160 0.073/3.132 | 0.072/3.097
0.098/3.929 0.082/3.530 0.081/3.423 | 0.078/3.360
0.109/4.301 0.089/3.849 0.087/3.689 | 0.087/3.676
0.123/4.800 0.098/4.195 0.093/3.943 | 0.093/3.947

0.819/33.808 0.111/4.627 0.105/4.409 | 0.105/4.355
0.071/3.952 0.052/3.329 0.052/3.318 | 0.050/3.233
0.082/4.440 0.060/3.761 0.058/3.583 | 0.057/3.582
0.098/5.078 0.072/4.359  0.065/3.966 | 0.066/4.028
0.121/5.959 0.090/5.274 0.077/4.531 | 0.076/4.590
0.200/9.356 0.360/23.742 0.113/6.135 | 0.101/5.758
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I . Statistical Analysis of Traffic Safety and Planning. (1wl EaNBIBRKT

Analysis of the Relationship Path among Tratfic Satety Cognition, Attitude, and Behavior

| used SPSS and LLM tools to analyse survey data and

SRR

interview recordings, identifying key issues and II. Existing Issues and Improvement Recommendations
proposing actionable solutions. This led to two s The G325 National Road in the urban area faces issues such as chaotic
technical documents:one on the relationship truck management, pedestrian crossing difficulties, imbalanced

between traffic safety behavior, attitude, and
cognition via Structural Equation Modeling, and the

parking supply, uneven facility distribution, weak non-motorized
vehicle management, and low traffic safety awareness. To address

1 1 1 1 ’ 1 . . ® ® . ®
other assessing Kaiping City’s traffic governance . s these, it’s recommended to invest in intelligent infrastructure,
using Grey Relational Analysis and Fuzzy Evaluation.  fi e~ optimize traffic flow and parking layout, enhance age-friendly facilities, -

WHB. 202447 HI17TH

The project’s final report was subsequently adopted ~ ww= = improve non-motorized vehicle management, and strengthen traffic E
by the Municipal Transportation Bureau. | safety education. For details, please scan the QR code on the right.




Ongoing Projects: Control Theory & Traffic Flow Theory

Sparse Stochastic Control for Time-Varying Systems with Control-Dependent Diffusion

This work introduces a Sparse-TT framework for sparse stochastic optimal control in time-
varying systems with control-dependent diffusion, establishing an approximate equivalence
between £, and €, optimal control formulations. It integrates sparsity, stochasticity, anad
safety via variational inequalities for state and control constraints. It uses sparse grids, Tensor-
Train decomposition, and neural networks, with experiments on robotic and energy systems
showing improved control sparsity, satety, and efficiency in high-dimensional systems.
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C IR o' /| Theoretical Analysis ~ %
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Control-dependent diffusion g _ _ | | | . . P
State / input constraints HJB/PIDE & variational inequality for constraints . stz & i ocalprotabisic ‘ ‘ !
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,E:.; Runtime Adaptation Q\W

Online monitoring ofy; (t, x)
Homotopy update of A

k%% Evaluation / Validation
- Robotic manipulators (6-DoF)
Energy-storage micro-grid

Scalable Solvers
Sparse grid » Tensor-Train (TT)
Policy iteration core loop

Safety-triggered fallback PINN residual correction & adaptive homotopy for A Ablation & Runtime & Scalability

Stochastic System

& k. 4 ™\ _

. o o Theoretical Analysis
- Data-driven Estimation ‘(E Output / Control
N Offline sampling of (ti, X k) Bang-off-bang sparse controlu(t, x) Scalable Solvers
Compute thresholds A, A CBF-augmented safety filter

Estimate relaxed-normality(a, ¢ ) Sparsity rate & constraint-violation probability
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Safety violation vs. A for different a-stable noises

Cost-Violation Tradeoff under Perturbations
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Perturbation level p
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The left chart demonstrates Sparse-TT maintaining low cost and violation under

perturbations, outperforming Deep BSDE and DDPG-L1. The right chart indicates that lower
a-stable noise benefits more from higher regularization (A), with diminishing returns at higher
noise levels, emphasizing Sparse-TT's robustness and efficiency.

Evaluation & Deployment

Autonomous driving and connected vehicle technologies are rapidly transforming urban
transportation, yet current Dynamic Traffic Assignment (DTA) research mainly focuses on the
extremes of user equilibrium (UE) and system optimum (SO). While moderate cooperation
among Connected and Autonomous Vehicles (CAVs) can enhance system efficiency, few studies
explore the interaction between cooperation, learning mechanisms, and information
completeness in a theory-dynamics-multi-objective framework.

Efficiency (E) vs. Cooperation and Altruism Stability (S) vs. Cooperation and Altruism Fairness (F) vs. Cooperation and Altruism

Four Control Parameters

T T

Cooperation  Altruism Learning Information
Ratio Weight Rate Completeness

;%\—I

User Equilibrium (UE) (SO) System Optimum
Continuous Spectrum

l

Dual-Time Scale Framework

——

Day-Level Equilibrium Day-to-Day Stability

3D Pareto and Control Trajectories (Day on X-axis) -
Unstable
e Stable

J/ \l/ -4— Historical Trajectory
Multi-Stability Features  Attractor Transitions -4~ Forecast Trajectory
| | 25
Parameter Settings 1.057

Stable State Oscillation State Chaos State

| l |

Construct Multi-Objective
Optimization Pareto Front 0.85

l

Numerical Experiments

e

Verify Identify Select
Theoretical Model Stable Attractors Optimal Equilibrium

Intelligent Control

This work proposes a DTA model with a dual-time scale UE-=SO continuous spectrum,
controlled by four parameters: cooperation ratio, altruistic weight, learning rate, and
iInformation completeness. Using bifurcation and chaos theory, we reveal the multi-stability
and attractor transitions in the network’s parameter space and construct an
efficiency—fairness Pareto frontier with stability constraints.
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