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Intelligent Mobility Systems 0 Mixed Autonomy

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

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

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

Mixed autonomy Autonomy Layer Human Behavior Layer Interaction & Scale Layer

systems operation

L A Limited scale A Heterogeneous A Multi -agent
Is inherently A Partially autonomous A Unpredictable A Heterogeneities and
complex on A Different sensing & actuation A Varies responses to automation behavioral couplings

multiple layers

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

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

Pure Data-Driven Learning Domain Knowledge Model -Informed Learning

Governing laws

Conservation equations

. \ Structural priors
Limitations:

A High data & compute cost\

A Limited interpretability &
physical consistency

A Poor generalization to

\ new/noisy environments Goal: data-efficient, interpretable, and generalizable
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Systemically Integrated o Co-Design and Embedded Intelligence

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

Modeling Experimentation
Field Data

Co-Design Evolve in the unified pipeline within the physical systems
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My Work: Co -Design for Safe and Efficient Mixed Autonomy

My work grounded with the philosophy of model

Modeling

-informed co-design of embedded intelligence

Control

Experimentation

Physics-informed

Model -inspired

v

Model -validated

Modeling: Capture systems dynamics

Energy Model: [CAK FBLSB]under review

Neural Finite Volume Method:
[F*"BB*C*D*DL*LN*P] SIAM Journal on
Scientific Computing (under review)
[F*L*C*N*DB] ICLR

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

Numerical Analysis and Machine Learning

Control: Design algorithms steer systems

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

[KFB] IEEE ITSC;

[FAKWLDB] IEEE IV

Learning -based State Estimation:
[M FNFLB] CDC

Neural Control Barrier Function:
[CF*B] ACC

Unsupervised Anomaly Detection:
[LF*B] IEEE IV;

[LF"B] TRB

Smart Charging Optimization:
[WFAL] Energies

Control Theory and Deep Learning

Experimentation: Evaluation and validation

Experimentation and Data Analysis

CIRCLES (100 AVs Field Test):
[WFLNAUHKCBRWPSSBD] |IEEE CSM;
[ é F éIEEE CSM;

[ &€ ] Nature (under review);

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

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

* Equal first author; ACorresponding author


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

Our Solution: Few AVs as to O0OShepher

Problem: Stop-and-go waves

—  Modeling 1. Traffic State Estimation(((@)))
\ Sensing downstream conditions
: | Control 2. Target Speed Design /\/
/ I Ty [ Planning a smooth speed profile
3 .\ I 8 ' - | \
Stop-and-go waves emerge without bottlenecks o purely l

from human reaction and delay

Research Question — Experimentation 3. AV as Lead Control -

.. The AV executes the plan,
Goal: Dissipate stop-and-go waves dshepherdingéd human drive

Methods: Few partially automated vehicles (AVS)
Constraints: Maintain overall throughput
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This Project Spanned the Full Modeling 0 Control d Experimentation Loop

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

Modeling @elplife]

Experimentation

Physics-informed Model -inspired Model -validated
Neural Finite Volume Methods (NFVM) Kernel-based + Imitation Learning Control CIRCLES (100 AVs Field Test)
[F*ABB*C*D*DL*LN*P] SIAM Journal on [FAAKB] TR-C; [WFLNAUHKCBRWPSSBD] IEEE CSM;
Numerical Analysis (under review) [KFB] IEEE ITSC; [ &~ ] IEEE CSM;
[F*L*C*N*DB] ICLR [FAKWLDB] IEEE IV [ é¢é ] Nature (under review);
[F*C*L*N*LDB ] NeuS
Source of Discontinuities in traffic Source of Partial observability; Source of Communication delay; sim -
Hardness dynamics; Limited data Hardness limited actuation of AVs Hardness to-real gap
Solution A new physics-informed Solution Kernel -based planner; Solution Model -validated & feedback
Method neural solver -- NFVM Method Imitation Learning control Method loop deployment

* Equal first author; ACorresponding author

yrEpie Introduction Modeling Control Experimentation -




A Physics-Informed Neural Solver for Hyperbolic PDEs

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

Physics-informed

A

Neural Finite Volume Methods (NFVM)

[F*ABB*C*D*DL*LN*P] SIAM Journal on
Scientific Computing (under review)
[F*L*C*N*DB] ICLR

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

Source of Discontinuities in traffic
Hardness dynamics; Limited data
Solution A new physics-informed
Method neural solver -- NFVM

* Equal first author; ACorresponding author
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A Physics-Informed Neural Solver for Hyperbolic PDEs

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

Previous Physics-informed Machine Learning approach:

_ Inspired by Finite Volume Methods:
add PDE into loss , o
A F
PINN Approach t ‘ Py + P Pl ‘
| | |
Loss Function Embeds Ziap ziy
e - PDE into
Loss = Data Loss + a * PDE Residual Loss pn
3 4.5
Use NNs to approximate =
numerical flux
Our NFVM Approach
Finite Volume Structure NN approximates
(Conservation Law Preserved) just this part.
Numerical Flux § mgme @

Key Contributions of Our NFVM:

A Accuracy: Outperforms all known FV numerical
schemes acrossnultiple hyperbolic PDE models ;
A Robustness: Outperforms numerical baselines

on multiple noisy traffic field data ; An accurateand robust tool
A Computationally Efficient: Matches the for Traffic State Estimation & Prediction,
computational cost of first-order FV schemes supports simulation and control design.
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Traffic Flow Dynamics

1950s @ Lighthill -Whitham -Richards (LWR) Model

+ Conservation Equation:
a a
op  Oq _
it dx

* Fundamental Diagram (for flow g as a function of density p):

0

q=flp)=p-v(p)

1970s @ Payne-Whitham (PW) Model

* Conservation of Mass: Road sections % s 2
Time intervals

Traffic density of(k)

% + % =0 Density Evolution Over Time N
+  Momentum Equation (for velocity v): =%
V) -v 18P(p) ® - I
at Uﬁ‘: - T p Bz Eno
%60
2000s @ Aw-Rascle-Zhang (ARZ) Model 2

+ Conservation of Mass:

2
& + (pv) —0 Time (s) 0 0 Position on road (m)
ot dx
« Relative Momentum Equation (for relative velocity w):

A mE) All Hyperbolic PDEs
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Why Are Hyperbolic PDEs Hard to Solve?

Irregular solutions and ambiguity in weak formulations make them challenging

Solution at t = 0.00

0.8 1

0.7 1
=~ Greenshields

Triangular 1
0.6 - = Triangular 2
e —— Trapezoidal
= Underwood
Greenberg

Solution u(t, x)

0.4 1

0.3 7

0.2 5

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Space (x)

Irregular solutions
(shocks &
discontinuities)

Infinitely many
weak solutions 0
only the entropy
solution Is
physically valid
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Traditional Solvers: Can be Accurate but Expensive
Finite Volume Methods converge to entropy solutions 9 at high computational cost

Solution att = 1.27

0.7 1

Traditional solvers like Finite

0.6 -
Volume Methods tend to

. —— over smooth shocks;
f:: 0.4 = E:CI:S:SEZEZI'
g —— ENO
= —— WENO . -
2 %91 — 6 They achieve high accuracy
wn — Exact solution

021 requiring extremely fine

01 meshes.

0.0 A

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Space (x)

Can we design NN-based solvers that match or even surpass FVMs in
accuracy, while keeping the cost low?
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Structural -Based NN Solvers: NFVM
NFVM bridges the gap between deep learning and physically consistent PDE solutions

Limitations of Existing NN Solvers:

A Typical NN methods struggle with preserving:
Regularity
Entropy conditions
Conservation laws

Neural Finite Volume Method (NFVM):
A Preserves essential PDE properties:
Stability and conservation laws inherently satisfied
Entropy conditions to ensure physical relevance
A Efficient A Matches the computational cost of finite volume schemes
A Flexible architecture A Supports supervised and unsupervised learning
A Generalizable A Extensible to higher-order space/time, field data
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Finite Volume Method for Hyperbolic Conservation Law
The structured foundation of our Neural Finite Volume Method (NFVM)

6 Discretize space and time into cells

P i v . P
- 7 —— Q Q
Vi (a0 )Q w O RV (00 T I’D) o
6 Update densities using numerical flux F 1.0
2] 1} y(‘) LAY ”n
Vo O O 08
= 0.6 2
b >
tﬂ-{-l p?+1 E g
F 0.4
F;!_ _ F;i / )dtl
tn P — pi —5" Pit1 0.2
Li-1/2 Tit1/2 Space (x) 0.0
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From Numerical Flux to Neural Flux
Replace handcrafted flux approximations with learned neural networks

6 Hand-crafted numerical flux (illustrated with Godunov)

rnQn ) UQ')Q ” ” tael p?+l
~ ,‘Q" ) 'DﬁQ K ” ;] Flr-l 1/2 i} F"rl'1'3 T
A (" H’ ) <"Q’1 ) "Q”Q " ” tn -‘Oi—l - * pf - * pf""l
U, E(TQH )H‘Q” )) Q"0 ” Ti-1/2 Tiv1/2
Input -\ /
6 Neural Flux used in NFVM PN o ;
"R X XK I I
\\“ .
tn SAErA
) Stencil i
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Space-wise Neural Approximation of Flux
A local neural network learns the numerical flux from neighboring cell values

s s
n
| L
2
N, /)
1 = o
4 7
L RN

’ v
@Zhe Fu | . . . .
41912026 ntroduction Modeling Control Experimentation -




Space-wise Neural Approximation of Flux
A local neural network learns the numerical flux from neighboring cell values

IR

@Zhe Fu
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Space-wise Neural Approximation of Flux
A local neural network learns the numerical flux from neighboring cell values

\ \‘ / , /
@Zhe Fu |
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Time -wise Update Follows Finite Volume Method

Densities are advanced in time using learned fluxes 0 preserving conservation structure

(X
1 1
0.8 |
0.6
0.4 |
F(S)+1/2 F{)+1/2 F20+1/2 F.§)+1/2
L T e e =
up uy Uy ug
ki [
l —
2 4 6 8 10 12
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Time -wise Update Follows Finite Volume Method

Densities are advanced in time using learned fluxes 0 preserving conservation structure
A

t
1 1
0.8 |
0.6
b -
i 3 a3
nR—m
Up Uy ug us
X
} —
2 4 6 8 10 12
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Time -wise Update Follows Finite Volume Method

Densities are advanced in time using learned fluxes 0 preserving conservation structure

A
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Time -wise Update Follows Finite Volume Method

Densities are advanced in time using learned fluxes 0 preserving conservation structure

@Zhe Fu
4/9/2026
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Time -wise Update Follows Finite Volume Method

Densities are advanced in time using learned fluxes 0 preserving conservation structure
A
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Our NN Architecture: A Compact 1D CNN
Small, efficient, and designed to fit into the FVM update loop

Our method: use a NN to better approximate the numerical flux
\

/" Architecture: 1D CNN
A Kernel size: # of stencils used (2 for 15t order) for the first layer

A Layers: 6

A Hidden layer size: 15
A Learned parameters: ~1200

\_ P )

given ¢ is as follows:! '@ ~ [pfp § [chul,

The prediction updates 6

FE Na,and @ f hd ; ho ;N A are the trained neural network parameters.

N

where © gz N 9 ]
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Supervised NFVM: Learning from Riemann Problems
Trained on exact solutions of simple discontinuous setups to capture entropy behavior

Loss Function: Initial -value problem with two

, , constant states separated b
il M- D OF P y

discontinuity .
/ (Simple caseshave explicit solutions,
A ™ is a dataset of solutions td Riemann problemg: either shockwave or rarefaction wave)

A 0is a solution from ™ .
A 0 is a solution computed using the NN on the same initial conditions as 0.

x— u(t =0,z) 1 1 x> u(t=0,z) 1 1
1 —— 1
_— t (2 t U
0 0 0 0 0 0
0 T 1 0 T 1

0 0.5 1 0 0.5 1

Shockwave Rarefaction wave
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Unsupervised NFVM (UNFVM): Physics -Driven Learning

Learns from weak formulation loss over Riemann initial conditions
Loss Function:

[ﬂ Mow hoxos ( T o(dge (8 Qoo - (9) Q0 ]

where |3 is a set of suitable test functiong,T is a distribution of random Riemann initial
conditions and wand “Yare the space and time domains.

Histogram of the Dataset

Could be a set of compactly z > u(t =0,z) 4
supported polynomials 1 3.5

0.4 4

0 0.5 1

0.2 1

P(x)

00 #

Tt
ik

-0.2 1

-0.4 1

-1.00 -0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00 0 0'5
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Benchmark Problems: Scalar Hyperbolic PDEs
Evaluate NFVM on LWR traffic flow model

Lighthill -Whitham -Richards (LWR):

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

~7

rror@)
where:
A 7~ ) (MY 9a)is the conserved quantity and representstraffic density
A@®@ 707 isknown as traffic flux .

|l nvisci d Burgerso Equati on:

The Burgersodo equation is a PDE wused in various doma
acoustics, gas dynamics, and traffic flow. It is a conservation law:
1o % 6 T8
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LWR Variants: Different Fluxes, Different Dynamics
Changing the flux function reshapes the evolution of traffic flow

0.8
—— = = Greenshield’s
- -~
»~ 5 \\\ —=—Greenberg
0.6 // \\ === Trapezoidal
2 / g i N\| =+=+ Underwood
§ = // ; N i - = Triangular 1
s = 04 / _¢* D S [P Triangular 2
o % /5 i B N
s = / b \
g o A RS s T e S RN
V2T e e BN
g l :. ;,/ ______ Qg \
l‘,f‘" AN
o F
0 0.2 0.4 0.6 0.8 1

Network Density, k (veh/m-lane) Density u«

Greenshields Model: Monotonically decreasing and bounded velocity
functon O8N 6 [ g ,witho(m) O and0”

1T, defined

/N 4 5

) Greenshield (b) Greenberg

v

f) Triangular (skewed)

) Underwood e) Triangular

Solution at t = 0.00

[

0.8 4

by

0.7 4

p — =
1 = 0.6

(t,

o 0

which leads to the flux " & [rf? R ,which is genuinely nonlinear
(strictly concave in this case) and defined by

"Q ” ” 0(11 ) l‘)

——— Greenshields
Triangular 1

~— Triangular 2

—— Trapezoidal

Underwood
- (Greenberg

(b —)8

215 SjU 7.‘5 16.0 12‘.5 15‘.0 17‘.5 20‘.0 28
Space (x)



NFVM Predictions Match Ground Truth

Predictions are accurate across LWR variants and diverse initial conditions

Greenshield’s Triangular Triangular 2 Trapezoidal  Greenberg  Underwood

=
L Ground Truth
=
[ NFVM Prediction
Z.
U
0 3
— Ground Truth
=
-~ L
&g NFVM Prediction
Z.

Figure: Ground truth vs. NFVM prediction on 2 different initial conditions.
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L2 Error Comparison between NFVM & other Numerical Schemes
Beats F-order FVM, rivals higher -order FVMs, and approaches DG

/- N\ - \‘ R
17t order F[V { Higher order FV || FEM
NFV; |UNFV; GD LF EO ENO WENO DG
G’.EhiEldg ].r:‘i'E_\4 de 5 2.{]Eﬂ1 Ge 5 4.5E_4 xS 4 ]..HE_:!- A 3 ‘4.5&HEL ) 1 ﬁ.‘q'E_El 4 4 5.4‘3—4— -"h'.-"‘ 3.1E_E le 5
Tri. 1 | 1.4e2 64 [1.963 01| 2363 13| 9662403 2362 1.3 2063208 1.9¢ 2.3 || 2.662 104
r_]._'_'['i 2 2-4'&_3 lea = 3.1E_3 2a 3 B.BE_H e & 1.4E_1.- Ha 3 S.BE_E 2a 3 EI.BE_H e = E.BE_S- -"h'.-':-} 4:.:].Eﬂli 2 1
Trapez.| 1.1€>ict |1.6e2701| 2. 16 se1| 2562162 2.1e% st | 6.26 %24 5.36 2204 || 2.96% 104
G.berg | 1.4e?a.5 |3.8¢% 01| 496 2.4 53229 4.9et201| 1162 et 1283004 || 3.4e 202
Uwood| 3.8 ..4[6.9¢% 01| 926204 2762102 0201 116 2.5 9.8¢7 2.5 || 5.9 2.5

BurgEI‘E B-EE_I; gl 1.3E_3- e ]..HE_H: Tl E.EE_E- 1 \ E.TE_E- 1e™ E.SE_E- 1le 3} l.ﬂEﬂd’- de
N— _/ J

Discontinuous Galerkin (DG): a well-known FEM for improving the accuracy
but incurring high computational costs.
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Win Rate Comparison between NFVM & other Numerical Schemes
NFVM dominates in pairwise accuracy

e - e
I o - P S I o
SR o Z > S 5z > @
, = O i - = H )] I, o O e, -~ b = (1] £ = ] iR o = o 7
£ =2 0O a ®\|m ®\m = O & = 0 a | | &= A £ =2 0O a ®|m ®\m = O
| | i |
NFV} a6 | 0 NFV3 60 | NFV3 100 100 0 0,0
i 1 |
UNFV} 901 0 UNFVi 4T1 0  UNFV] 0o
GD 701 0 GD 431 0 GD 010
| 1 1
LF o : 0 LF 0 : 0 LF 0 : 0
EO 100 : EO di: 0 EO 0 : 0
ENO 4 10 30 100 ] ENO 37 53 57 100 32 0 ENO 100 100 0o

WENO 4 10 30 100 WENO 40 53 5T 100 WENCG 100 100 100 100

Lz 100 100 100 100 lﬂﬂ:lﬂ'ﬂ 1wk D 160 100 1000 100 lﬂﬂ:lﬂ'ﬂ' 09 D 100 100 100 100 lﬂﬂ:lﬂﬂ' 11
(a) Greenshields (b) Triangular (c) Underwood
Wln Rate% — Mo .( I-O=|=.<>=|=H_’«!=|=>< 'Jllf I_-Eg‘-! >!< EHO [!+If I_-rE]- I:)

Ne lgo+m0 Fveg « =
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Predictive Capabillities of the NFVM & UNFVM

Both schemes outperform and converge beyond Godunov
102

1 1 _15 — -
¥ Godunov | I I_I'_ ]_U = I I  ——— —

¥ Supervised i
% Unsupervised x i
1[]—2 - E _|
1} ii T
10—2.5 ; _
TH

U|| |  ———— — - — | | | I I
10— 103 104 103

At At
(a) Log-Linear scale. (b) Log-Log scale.

%

Figure: Convergence plot for the Greenshield’s flux. Standard deviation is shown as
error bars. The ratio At/Ax = 0.1 is fixed.
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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

@Zhe Fu
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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

A
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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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