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Intelligent Mobility Systems ð Mixed Autonomy

Complexity across autonomy level, human behavior, and human -machine interaction

Automated  & Human -driven  Vehicles Autonomous  & Piloted Drones Unpiloted  & Piloted Air Taxis

We live around 
mixed-autonomy 
systems, where 
automated and 
human agents 

coexist

Mixed autonomy 
systems operation 

is inherently 
complex  on 

multiple layers

Autonomy Layer Human Behavior Layer Interaction & Scale Layer

Á Limited scale
Á Partially autonomous

Á Different sensing & actuation

Á Heterogeneous
Á Unpredictable

Á Varies responses to automation

Á Multi -agent
Á Heterogeneities and 

behavioral couplings

Addressing these challenges requires an approach 
that is both theoretically grounded  and systemically integrated .
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Theoretically Grounded ð Model -Informed Learning

Embedding physical and structural models into learning to build interpretability and data efficiency

Pure Data-Driven Learning

Á High data & compute cost
Á Limited  interpretability & 

physical consistency
Á Poor generalization to 

new/noisy environments

Model -Informed Learning

‬” ‬Ὢ” π

Ὢ: ”  ”ὺ”  ὺ ”ρ

Limitations:

Governing laws

Structural priors

Conservation equations

Analytical models

Domain Knowledge

Goal: data-efficient, interpretable, and generalizable
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Systemically Integrated ð Co-Design and Embedded Intelligence

Modeling, Control and Experimentation as a united, closed loop and evolve together

Modeling Control Experimentation

Co-Design Evolve in the unified pipeline within the physical systems

Field Data
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My Work: Co -Design for Safe and Efficient Mixed Autonomy

My work grounded with the philosophy of model -informed co-design of embedded intelligence 

Numerical Analysis and Machine Learning

Modeling: Capture systems dynamics

Energy Model: [CAK FBLSB] under review

Neural Finite Volume Method:
[F*ÀBB*C*D*DL*LN*P ]  SIAM Journal on 
Scientific Computing (under review)

[F*L*C*N*DB ]  ICLR
[F*C*L*N*LDB ] NeuS

Kernel -based + Imitation Learning Control:
[FÀAKB ]  TR-C; 

[K FB]  IEEE ITSC; 
[FÀKWLDB ]  IEEE IV
Learning -based State Estimation:

[M FNFLB]  CDC
Neural Control Barrier Function:
[CFÀB]  ACC

Unsupervised Anomaly Detection:
[L FÀB]  IEEE IV;
[L FÀB]  TRB

Smart Charging Optimization:
[W FAL]  Energies

* Equal first author; À Corresponding author

CIRCLES (100 AVs Field Test):
[W FLNAUHKCBRWPSSBD]   IEEE CSM; 

[éFé]  IEEE CSM; 
[éFé] Nature (under review);

Bay Area Stop-and-go Trajectories:
https://nicolemzh.github.io/highways.dataset/downloads

Smart Charging Pilot w/ BMW:
[SFAL] TR-D

Control Theory and Deep Learning

Control: Design algorithms steer systems 

Experimentation and Data Analysis

Experimentation: Evaluation and validation

Modeling Control Experimentation

Physics-informed Model -inspired Model -validated

5

https://nicolemzh.github.io/highways.dataset/downloads


Highlight: System Efficiency through a Few Automated Agents 
Use a few partially automated cars to mitigate stop -and-go waves for the whole system

Stop-and-go waves emerge without bottlenecks ð purely 
from human reaction and delay

Problem:  Stop-and-go waves

Research Question

Our Solution: Few AVs as òRobot Managersó to òShepherdó Human

Goal: Dissipate stop-and-go waves
Methods: Few partially automated vehicles (AVs)
Constraints: Maintain overall throughput

1. Traffic State Estimation

2. Target Speed Design 

3. AV as Lead Control

Sensing downstream conditions

Planning a smooth speed profile

The AV executes the plan, 
òshepherdingó human drivers behind it.

Modeling

Control

Experimentation

66 6@Zhe Fu
4/9/2026 ModelingIntroduction Control Experimentation



This Project Spanned the Full Modeling ð Control ð Experimentation Loop

Physics-informed modeling; Model -inspired control; Field experiment validation

Modeling Control Experimentation

Neural Finite Volume Methods (NFVM)

[F*ÀBB*C*D*DL*LN*P ]  SIAM Journal on 
Numerical Analysis (under review)

[F*L*C*N*DB ]  ICLR
[F*C*L*N*LDB ] NeuS

[FÀAKB ]  TR-C; 
[K FB]  IEEE ITSC; 

[FÀKWLDB ]  IEEE IV

* Equal first author; À Corresponding author

[W FLNAUHKCBRWPSSBD]   IEEE CSM; 
[éFé] IEEE CSM; 

[éFé] Nature (under review);

Kernel-based + Imitation Learning Control CIRCLES (100 AVs Field Test)

Source of 
Hardness

Discontinuities in traffic 
dynamics; Limited data

Solution 
Method

A new physics -informed  
neural solver -- NFVM

Source of 
Hardness

Partial observability; 
limited actuation of AVs

Solution 
Method

Kernel -based planner; 
Imitation Learning control

Source of 
Hardness

Communication delay; sim -
to-real gap

Solution 
Method

Model -validated  & feedback 
loop deployment

Physics-informed Model -inspired Model -validated
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A Physics-Informed Neural Solver for Hyperbolic PDEs

Accurate, Robust, and Computationally Efficient tool for Traffic Estimation & Prediction

Modeling

Neural Finite Volume Methods (NFVM)

[F*ÀBB*C*D*DL*LN*P ]  SIAM Journal on 
Scientific Computing (under review)

[F*L*C*N*DB ]  ICLR 
[F*C*L*N*LDB ] NeuS

* Equal first author; À Corresponding author

Source of 
Hardness

Discontinuities in traffic 
dynamics; Limited data

Solution 
Method

A new physics -informed  
neural solver -- NFVM

Physics-informed
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A Physics-Informed Neural Solver for Hyperbolic PDEs

Accurate, Robust, and Computationally Efficient tool for Traffic Estimation & Prediction

Å Accuracy: Outperforms all known  FV numerical 
schemes across multiple hyperbolic PDE models ;

Å Robustness: Outperforms numerical baselines 
on multiple noisy traffic field data ;

Å Computationally Efficient: Matches the 
computational cost of first -order FV schemes;

Key Contributions of Our NFVM:

Previous Physics-informed Machine Learning approach: 
add PDE into loss

An accurate and robust tool 
for Traffic State Estimation & Prediction , 
supports simulation and control design.
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Traffic Flow Dynamics

10

All Hyperbolic PDEs

4 miles

> 3 hours

Lighthill -Whitham -Richards (LWR) Model

Payne-Whitham (PW) Model

Aw -Rascle-Zhang (ARZ) Model

1950s

1970s

2000s
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Why Are Hyperbolic PDEs Hard to Solve?

- Irregular solutions 

(shocks & 

discontinuities)

- Infinitely many 

weak solutions ð 

only the entropy 

solution  is 

physically valid

11

Irregular solutions and ambiguity in weak formulations make them challenging
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Traditional Solvers: Can be Accurate but Expensive
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Can we design NN-based solvers that match or even surpass FVMs in 

accuracy, while keeping the cost low?

Finite Volume Methods converge to entropy solutions ð at high computational cost

Traditional solvers like Finite 

Volume Methods tend to 

over smooth shocks;

They achieve high accuracy 

requiring extremely fine 

meshes.
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Structural -Based NN Solvers: NFVM
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Neural Finite Volume Method (NFVM):
Å Preserves essential PDE properties:

 Stability and conservation laws inherently satisfied

 Entropy conditions  to ensure physical relevance

Å Efficient Ą Matches the computational cost of finite volume schemes

Å Flexible architecture Ą Supports supervised and unsupervised learning

Å Generalizable Ą Extensible to higher-order space/time, field data

Limitations of Existing NN Solvers:

Å Typical NN methods struggle with preserving:

 Regularity

 Entropy conditions

 Conservation laws

NFVM bridges the gap between deep learning and physically consistent PDE solutions
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ǒ Discretize space and time into cells

ǒ Update densities using numerical flux F

Finite Volume Method for Hyperbolic Conservation Law

14

dx

dt

The structured foundation of our Neural Finite Volume Method (NFVM)
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ǒ Hand -crafted numerical flux (illustrated with Godunov)

From Numerical Flux to Neural Flux
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ǒ Neural Flux used in NFVM

Replace hand-crafted flux approximations with learned neural networks

ꞈ ”ȟ”
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Space-wise Neural Approximation of Flux
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A local neural network learns the numerical flux from neighboring cell values
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Space-wise Neural Approximation of Flux
A local neural network learns the numerical flux from neighboring cell values
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Space-wise Neural Approximation of Flux
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A local neural network learns the numerical flux from neighboring cell values
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Time -wise Update Follows Finite Volume Method

19

Densities are advanced in time using learned fluxes ð preserving conservation structure
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Time -wise Update Follows Finite Volume Method

Densities are advanced in time using learned fluxes ð preserving conservation structure
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Time -wise Update Follows Finite Volume Method

Densities are advanced in time using learned fluxes ð preserving conservation structure
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Time -wise Update Follows Finite Volume Method

Densities are advanced in time using learned fluxes ð preserving conservation structure
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Time -wise Update Follows Finite Volume Method

Densities are advanced in time using learned fluxes ð preserving conservation structure
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Our method: use a NN to better approximate the numerical flux
Architecture: 1D CNN

Å Kernel size: # of stencils used (2 for 1st order) for the first layer

Å Layers: 6

Å Hidden layer size: 15

Å Learned parameters: ~1200
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Our NN Architecture: A Compact 1D CNN
Small, efficient, and designed to fit into the FVM update loop

The prediction updates ό given ό  is as follows: Ὦᶅȟάᶰ ρȟρυ ςȟυ,
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where ⱷ ȟ▒ȟ ᶰᴙ , ‫ ȟȟ ᶰᴙ, and ὦ ȟȟὦ ȟȟ ὦ ȟ ᶰᴙ are the trained neural network parameters.
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Loss Function:

fl  ͯ꜠ ᴁό όᴁ

Å  ꜠is a dataset of solutions to Riemann problems.

Å ό is a solution from .꜠

Å ό is a solution computed using the NN on the same initial conditions as ό. 
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Supervised NFVM: Learning from Riemann Problems

Initial -value problem with two 
constant states separated by 

discontinuity .
(Simple cases, have explicit solutions , 
either shockwave or rarefaction wave)

Shockwave Rarefaction wave

Trained on exact solutions of simple discontinuous setups to capture entropy behavior
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Loss Function:

fl  ᶰ ȟ דͯ

 

‬όὸȟɇ•ɇ
 

Ὢόὸȟɇ• ɇ Ὠὸ

 
where ɮ is a set of suitable test functions, ד is a distribution of random Riemann initial 

conditions and ὢ and Ὕ are the space and time domains.
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Unsupervised NFVM (UNFVM): Physics -Driven Learning

Could be a set of compactly 
supported polynomials 

Learns from weak formulation loss over Riemann initial conditions
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Benchmark Problems: Scalar Hyperbolic PDEs

Lighthill -Whitham -Richards (LWR):

In the context of traffic, the LWR model is the reduced form of Eq. (P) to:

‬” ‬Ὢ” πȟ

where:

Å”ᶰὒ πȟὝ ᴙ  is the conserved quantity  and represents traffic density ,

ÅὪȡ” ”ὺ” is known as traffic flux .

Inviscid Burgersõ Equation:
The Burgersõ equation is a PDE used in various domains such as fluid mechanics, nonlinear 

acoustics, gas dynamics, and traffic flow. It is a conservation law:

‬ό
ρ

ς
‬ό πȢ

Evaluate NFVM on LWR traffic flow model and inviscid Burgerõs equation
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LWR Variants: Different Fluxes, Different Dynamics

Greenshields Model: Monotonically decreasing and bounded velocity 

function ὺᶰὅ πȟ” Ƞᴙ , with ὺπ ὺ  and ὺ” π, defined 

by

ὺȡ” ὺ ρ ,

which leads to the flux Ὢᶰὅ πȟ” Ƞᴙ , which is genuinely nonlinear 

(strictly concave in this case) and defined by

Ὢ: ”  ”ὺ”  ὺ ”ρ Ȣ

Changing the flux function reshapes the evolution of traffic flow
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NFVM Predictions Match Ground Truth

Ground Truth

Ground Truth

NFVM Prediction

NFVM Prediction

Predictions are accurate across LWR variants and diverse initial conditions
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L2 Error Comparison between NFVM & other Numerical Schemes

Discontinuous Galerkin  (DG): a well-known FEM for improving the accuracy 

but incurring high computational costs.

Beats 1st-order FVM, rivals higher -order FVMs, and approaches DG
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Win Rate Comparison between NFVM & other Numerical Schemes

Win Rate% = 
Π ▫█ ◄▐▄ ▄○╪■◊╪◄░▫▪ ▼▄◄ ◄▐╪◄ ►▫◌ ▼╬▐▄□▄ ▫◊◄▬▄►█▫►□▼ ◄▐▄ ╬▫■◊□▪ ▼╬▐▄□▄

Π ▫█ ▄○╪■◊╪◄░▫▪ ▼▄◄
ἦ Ϸ 

NFVM dominates in pairwise accuracy
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Predictive Capabilities of the NFVM & UNFVM
Both schemes outperform and converge beyond Godunov
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Unleashing Stencils: Consider 5 in Space and 5 in Time
NN offers the flexibility to scale input size across both space and time
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Unleashing Stencils: Consider 5 in Space and 5 in Time
NN offers the flexibility to scale input size across both space and time
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Unleashing Stencils: Consider 5 in Space and 5 in Time
NN offers the flexibility to scale input size across both space and time

35 35@Zhe Fu
4/9/2026 ModelingIntroduction Control Experimentation


