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Intelligent Mobility Systems - 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 .

is inherentl »= Limited scale * Heterogeneous =  Multi-agent

1S In y - Partially autonomous = Unpredictable = Heterogeneities and

complex on - Different sensing & actuation = 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 - 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

0ep + 05 f(p) =0

f:p— pv(p) :vmaxp(l_ £ )

Pmax

Governing laws

Conservation equations

e ey \ Structural priors
Limitations:

* High data & compute cost

* Limited interpretability &
physical consistency

* Poor generalization to

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

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

Field Data

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




My Work: Co-Design for Safe and Efficient Mixed Autonomy
My work grounded with the philosophy of model-informed co-design of embedded intelligence

Modeling Control Experimentation
Physics-informed Model-inspired Model-validated
Modeling: Capture systems dynamics Control: Design algorithms steer systems Experimentation: Evaluation and validation
Numerical Analysis and Machine Learning Control Theory and Deep Learning Experimentation and Data Analysis
Energy Model: [CAKFBLSB] under review Kernel-based + Imitation Learning Control: CIRCLES (100 AVs Field Test):
[FTAKB] TR-C; [WFLNAUHKCBRWPSSBD] IEEE CSM;
Neural Finite Volume Method: [KFB] IEEE ITSC; [...F...] IEEE CSM;
[F*1BB*C*D*DL*LN*P] SIAM Journal on [FIKWLDB] IEEE IV [...F...] Nature (under review);
Scientific Computing (under review) Learning-based State Estimation:
[F*L*C*N*DB] ICLR [MFNFLB] CDC . ) Bay Area Stop-and-go Trajectories:
[F*C*L*N*LDB] Neu$S Neural Control Barrier Function: https:/ /nicolemzh. github.io/ hichways.dataset/ downloads
[CFtB] ACC
Unsupervised Anomaly Detection: Smart Charging Pilot w/ BMW:
[LFtB] IEEE IV; [SFAL] TR-D
[LFtB] TRB

Smart Charging Optimization:
[WFAL] Energies

* Equal first author; T Corresponding author 0


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

Problem: Stop-and-go waves

Our Solution: Few AVs as to “Shepherd” Human

—  Modeling 1. Traffic State Estimation(((@)))
\ Sensing downstream conditions
Control 2. Target Speed Design /\/

Planning a smooth speed profile

Stop-and-go waves emerge Wlthout bottlenecks - purely l
from human reaction and delay

Research Question — Experimentation 3. AV as Lead Control -

o The AV executes the plan,
Goal: Dissipate stop-and-go waves “shepherding” human drivers behind it.

Methods: Few partially automated vehicles (AVs)
Constraints: Maintain overall throughput




This Project Spanned the Full Modeling - Control - Experimentation Loop

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

Control

Modeling Experimentation

Physics-informed Model-lnsplred Model-validate d
Neural Finite Volume Methods (NFVM) Kernel-based + Imltatlon Learning Control CIRCLES (100 AVs Field Test)
[F*TBB*C*D*DL*LN*P] SIAM Journal on [FtAKB] TR-C; [WFLNAUHKCBRWPSSBD] IEEE CSM;
Numerical Analysis (under review) [KFB] IEEE ITSC; [...F...] IEEE CSM;

[F*L*C*N*DB] ICLR [FTKWLDB] IEEE IV [...F...] 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; T Corresponding author
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A Physics-Informed Neural Solver for Hyperbolic PDEs

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

Physics-informed

) 4

Neural Finite Volume Methods (NFVM)

[F*1BB*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; T Corresponding 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: i Inspired by Finite Volume Methods:
add PDE into loss
PINN Approach
Loss Function Embeds
—» . PDE into
Loss = Data Loss + a * PDE Residual Loss
Use NNs to approximate
numerical flux
Our NFVM Approach
Finite Volume Structure NN approximates
(Conservation Law Preserved) just this part.
Numerical Plux § o @

Key Contributions of Our NFVM:

* Accuracy: Outperforms all known FV numerical
schemes across multiple hyperbolic PDE models;
* Robustness: Outperforms numerical baselines

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

Introduction Modeling Experimentation -




g 8
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Density (veh/km)

Traffic Flow Dynamics

8 8

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

o
[ 100 200 300 400 500 600 700 800 900 1000
Space (m)

+ Conservation Equation:
dp . dg
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:

Traffic density of(k)

8, é
ﬁ‘_l.tﬂ gjv] =0 Density Evolution Over Time
’ Terminal Density

+  Momentum Equation (for velocity v):

g B _Vie)-v 10P(p)

at Oz T p Oz

Density (1/km)

2000s O Aw-Rascle-Zhang (ARZ) Model

+ Conservation of Mass:
600
400

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

Rt AL B=) 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

- Irregular solutions

= _J (shocks &

" discontinuities)

0.7 1
=~ Greenshields

Triangular 1

0.6 - - Triangular 2 . .

—— - Trapezoidal = Inf].n].tely ma.ny
= Underwood

Greenberg

Solution u(t, x)

weak solutions -

0.4 1

only the entropy

0.3 7

solution is

0.2 5

physically valid

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Space (x)
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Traditional Solvers: Can be Accurate but Expensive

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

Solution att = 1.27

0.7 1

Traditional solvers like Finite

0.6
Volume Methods tend to

0.5 1
- — Godunov over smooth shocks;
: Lax-Friedrichs
% 0.4 - —— Engquist-Osher
g —— ENO
£ 03 — WENO . .
2 —o They achieve high accuracy
wn — Exact solution

0.2 1

requiring extremely fine

0.1

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:

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

Neural Finite Volume Method (NFVM):

* Preserves essential PDE properties:
Stability and conservation laws inherently satisfied
Entropy conditions to ensure physical relevance
» Efficient 2 Matches the computational cost of finite volume schemes
» Flexible architecture = Supports supervised and unsupervised learning
* Generalizable 2 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)

e Discretize space and time into cells

1 tn+1

1 (¥4l
plt = A_j "2 p(x,t,)dx F:Ll = f(P(xi+1/2: t))dt
X Jx 2 tn
2
e Update densities using numerical flux F 1.0
n+l1 _ n __ A_ n n
Pi = Pi (F —F 1) 0.8
l+§ l_i
= 0.6 E
+1 2
i p? E 0.4 %
e
n F ;'n.1_;'2 n F} 1/2  n — - l
tr Pi-1 —T > Py — T Pi+1 0.2
Li-1/2 Lit1/2 Space (x) 0.0
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From Numerical Flux to Neural Flux
Replace hand-crafted flux approximations with learned neural networks

e Hand-crafted numerical flux (illustrated with Godunov)

. 1:1-5—1
(fp2) if pe < p2<ps fus &
] Flipm n Flap n
f(p1) if p2<p1 <pc
\min(f (o), f(p2)) if p1 < p2
e Neural Flux used in NFVM AN oun ;
Fun (P1,02) AR N S S B
_ /\\T ) . -
) tn oii] A | Phul
) Stencil i
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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

A local neural network learns the numerical flux from neighboring cell values
IR




Space-wise Neural Approximation of Flux

A local neural network learns the numerical flux from neighboring cell values
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Time-wise Update Follows Finite Volume Method

Densities are advanced in time using learned fluxes - 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

Introduction Modeling Experimentation -




Time-wise Update Follows Finite Volume Method

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

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

Densities are advanced in time using learned fluxes - preserving conservation structure
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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 )
* Kernel size: # of stencils used (2 for 1% order) for the first layer

* Layers: 6
« Hidden layer size: 15

" Learned parameters: ~1200 )

The prediction updates 4" given 4" is as follows: Vj,m € [1,15] X [2, 5],
Y, = tanh(bg,j + @ ;1) * u")

15
Ymj) = tanh(bp, j + zk:l W(m,j k)Y (m-1k))

< ~ 15
F" 1 =be) + z W(6,1)Y(5k)
"+ k=1
At -
wer = 2,

\ Ax > >

where w41y € R2, wee,1,k) € R, and by jy, bom,jy, b6y € R are the trained neural network parameters.
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Supervised NFVM: Learning from Riemann Problems
Trained on exact solutions of simple discontinuous setups to capture entropy behavior

Initial-value problem with two
constant states separated by

Loss Function:
L= E, pllu—1|3

discontinuity.
(Simple cases, have explicit solutions,
* D is a dataset of solutions to|Riemann problems either shockwave or rarefaction wave)

e 1 is a solution from D.

* 1 is a solution computed using the NN on the same initial conditions as u.

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

o 0 0.5 1

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

Learns from weak formulation loss over Riemann initial conditions

Loss Function:

2
[ L= [E<PE¢,uo~RL<Latﬁ(tr')(P(') +Lf(ﬁ(tr))<ﬂ’(-)) dt ]

where|® is a set of suitable test functions| R is a distribution of random Riemann initial
conditions and X and T are the space and time domains.

Histogram of the Dataset

Could be a set of compactly z — u(t =0,x) 4 ‘ 6

supported polynomials 1 35

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 and inviscid Burger’s equation

Lighthill-Whitham-Richards (LWR):

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

0cp + 0xf(p) = 0,

where:
« p € L}([0,T] X R) is the conserved quantity and represents traffic density,
* f:pw— pv(p) is known as traffic flux.

Inviscid Burgers” Equation:

The Burgers’ equation is a PDE used in various domains such as fluid mechanics, nonlinear
acoustics, gas dynamics, and traffic flow. It is a conservation law:

1
d.u + Eaxuz = 0.
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LWR Variants: Different Fluxes, Different Dynamics

Changing the flux function reshapes the evolution of traffic flow

t : t t
0.8
J——— = = Greenshield’s
// 5 \\\ — = Greenberg
/ 5 2 ~ i

0.6 / « |~~~ Trapezoidal
z _ // ":;\ h o ’5111.:1;::1(:1)(11 ) Greenshield (b) Greenberg ¢) Trapezoidal
% :i'/ 0.4 // x"y \\ ----- Triangular 2
\;? é I . B \x \
23 — .,
€ " II 5L mm et TR
] 0.2 < e T ~ »\\\\\\
g [ER s NN
A >
ol B¢ X
: 0 0.2 0.4 0.6 0.8 1
Network Density,  (veh/mane) Density 5 ) Underwood e) Triangular f) Triangular ( skewed
Solution at t = 0.00
Greenshields Model: Monotonically decreasing and bounded velocity
. 1 . . _ _ . 0.9 4 _\_l—
function v € C* ([0, pyax); Ry), with v(0) = vp,4, and v(pe,) = 0, defined
by |
vip i v (1 — —2) b o
" p max 4 E 0.6 — Triaugul.arz
p max .8 _\_l_ —_— Era:ezoldzl
E 0.5 - (Greenberg
which leads to the flux f € C%([0, paxl; Ry), which is genuinely nonlinear
(strictly concave in this case) and defined by
f p = pv(p) = vmaxp (1 - ) * 0-20-?0 25 5.0 7.5 10.0 125 15.0 17.5 20.0 28
Pmax 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

.
E Ground Truth
=
e NFVM Prediction
Z.
U
0 3
— Ground Truth
=
> .
3 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 1st-order FVM, rivals higher-order FVMs, and approaches DG

/4 N\ /~ \‘ )
17t order F[V { Higher order FV || FEM
N FV;I,-, UNFV;I,-, GD LF EO ENO WENO DG
G’.EhiEldg ].r:‘i'E_\4 de 3 2.{]Eﬂ1 Ge 5 4.5E_4 28 4 ]..HE_:!- A 3 ‘4.5&HEL 2a 41 ﬁ.‘q'E_El de 4 5.4‘3—4— -"h'.-"‘ 3.1E_E le 5

Tri. 1 | 1.4€26:4 [1.96% 00| 2.36% 12| 9.662 402 236212 | 2.06% 2.3 1.96% 2.3 || 2.6 104

r_]._'_'['i 2 2-4'&_3 la 3 3.1E_3 2a 3 B.BE_H 2@ 3 1.4E_1.- H 3 S.BE_E 2a 3 EI.BE_H de 3 E.BE_S- -"h'.-':-} 4:.:].Eﬂli 2a 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; e 1 1.3E_3- Ge 1 ]..HE_H: Te 4 E.EE_E- le 3 \ E.TE_E- le = E.SE_E- 1= 3} l.ﬂEﬂd’- de 5
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

ENO 4 10 30 100 ENG 3T 53 5T 100 ENC 100 100 100 100

=l = =l
- o - e G R :J
SR o Z > S 5z > @
E & A g O 7 2O E 2 O g O 0Z g E Z O m O % U
i = B - H b = ] .ﬂi =] [ | B & = a i = 4 £ I = a
I I 1 1 |
NFWV4 100 100 100 100, 96 96, 0 NFV3 63 60 | NFV1 100 100 0 0,0
I I 1 |
UNFV} 100 100 901 0 UNFVi 47 4710  UNFV] 0 010
GD 9170 7O O GD 43 431 0 GD 0 o010
1 1 |
LF 0o o : ] LF 0o 0 : 0 LF 0 0 : 0
EO 0 100 : EQ 100 43 di: 0 EC 100 0 0 : 0
I i i
I i i

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

I I I
DG 100 100 100 100 100,100 100 DG 100 100 100 100 100100 99 DG 100 100 100 100 1003100 99

(a) Greenshields (b) Triangular (c) Underwood

. # of the evaluation set that row scheme outper forms the column scheme
Win Rate% = ! perf

X100%

# of evaluation set
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Predictive Capabilities of the NFVM & UNFVM

Both schemes outperform and converge beyond Godunov
1072

—1.5 —
% Godunov 1 10 ] i — T T TTTT]

¥ Supervised i
% Unsupervised i
1 1[]—2 - E _
Lot el
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




Unleashing Stencils: Consider 5 in Space and 5 in Time
NN offers the flexibility to scale input size across both space and time




Unleashing Stencils: Consider 5 in Space and 5 in Time
NN offers the flexibility to scale input size across both space and time

un—4 u'n—S u'n—2 un—l
8 8 8 8

un—4 u'n—S u'n—Z n—1 n
7 7 7 7 T

n—4 n—3 n—2 n—1
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Extended NFVM Remains Low Computational Cost
Small, efficient, and designed to fit into the FVM update loop

Vanilla NFVM:

Architecture: 1D CNN

* Kernel size: # of stencils used (2 for 1% order) for the first layer
* Layers: 6

« Hidden layer size: 15

* Learned parameters: ~1200

mFVME: \

Architecture: 1D CNN
* Kernel size: 6 of stencils used for the first layer

Timesteps: 5

Layers: 6

Hidden layer size: 16

Learned parameters: ~1600 /

o

Introduction Modeling Experimentation -




NFVM: Outperforms Godunov Across Equations

Improved accuracy on Burgers and LWR, closely matching the exact solution

—— Exact Solution Godunov ~ —— NFVZ (Ours)
~ 0 B 4 )
El-; _p.9 El-la 0.8
+ + 0.6
3 0.4+ K]
= g 0.4 -
2 0.6 2
= = 0.2
S o8- CRE —
0 Space (x) 1 0 Space (x) 1
Comparison of the final density of the Comparison of the final density of the
Burgers’ equation LWR triangular equation
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NFVM? Tracks the Exact Solution Over Time

Consistently outperforms Godunov throughout the full evolution

0.2 H
™ —— NFVM3 —— NFVM?
Godunov —— Godunov J
0.0 | == Exact 0.8{ ==+ Exact
I.I‘I: -0.2 T i)
z g e
= =i
S -0.4 S 041
E E
Z L Z
~0.6 - 0.2 1
—-0.8 1 _] —l_ (): () ————
~0.100 —0.075 —0.050 -0.025 0.000  0.025 0050 0075  0.100 -0.100 -0.075 —0.050 —0.025 0.000  0.025  0.050  0.075  0.100
Space (x) Space (x)
NFVMg outperforms Godunov at NFVMg outperforms Godunov
predicting a solution of the at predicting a solution of the
Burger’s equation LWR triangular equation
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NFVM_?: High Accuracy, Low Complexity
Up to 10x better than NFVM3, near DG accuracy with first-order FVM simplicity

4 N\ )
1st order FV Higherorder FV (3, 1) variant |(5, 5) variant FE
Godunov WENO NFV3 NFV: DG
Burgers’ 1.8e 2 ge—4 2.6e %13 8.3¢ L3 2.2 114 1.0 % 45
Greenshields 4.1e % 14 6.9¢ % 401 1.2e 445 4.6e %zc—5 4.2e %5
Triangular 2.2 3 163 2.0e %23 1.3¢ 2 ge—4 2.9¢ o4 2.7e 414
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From PDE Benchmarks to Traffic Field Data
Apply NFVM to drone- captured hlghway data (B3D dataset)

1‘ Wil
iy ”//r

(i /f || - 12 videos recorded by
il e a drone above a
=z highway (4K, 30 FPS)
| - 15 mins of data
| - 4 visible stop-and-go

waves

Time (minutes)

Fangyu Wu et al. “Decentralized vehicle coordination: The Berkeley deepdrive drone dataset”. In: arXiv preprint arXiv:2209.08763(2022).
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Four stop-and-go waves exist
Density color-coded time-space diagram reveals shockwave-like patterns

Position (m)
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Figure: Time-space diagram of vehicle trajectories extracted from the drone video,
color-coded by density.




Train on 8%, Predict the Remaining 92%

Only one wave (70s) used for training; model generalizes to the full dataset
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Figure: Time-space diagram of vehicle trajectories extracted from the drone video,
color-coded by density.
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Forward Computation with Regular FV Schemes
Each flux/scheme pair produces a different forecast, most of them with significant error

Fluxes
Greenshields’ Triangular Trapezoidal Greenberg Underwood

PRV VI W

H\‘Jlll WL IIWHM ;;:
NUR 7 AL
UG 2

A%
/
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Winners’ Comparison

NFVM outperforms all FVM baselines (flux/scheme pairs);
NFVM? captures key effects like wave dissipation, free-flow directions, high densities
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Model-Inspired Control to Stabilize Flow and Save Energy

Design different control algorithms for AVs under different sensing and actuation paradigms

Model-inspired

y

Kernel-based + Imitation Learning Control

[FtAKB] TR-C;
[KFB] IEEE ITSC;
[FIKWLDB] IEEE IV

Source of Partial observability;
Hardness limited actuation of AVs
Solution Kernel-based planner;
Method Imitation Learning control

* Equal first author; T Corresponding author
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Current Mixed Autonomy Stage

Partially automated; Limited number; Heterogenous

Automation Level: Coordination Level: System Level:
Local Observe Only few automated vehicles Heterogenous Automation
(~Level 2, ACC) are available on the road (Various Sensing and
Actuation Abilities)

Can we utilize these limited number of partially automated and heterogeneous
vehicles to stabilize traffic conditions for all vehicles within the system?

Introduction Modeling Experimentation -




Model-Inspired Control to Stabilize Flow and Save Energy

Design different control algorithms for AVs under different sensing and actuation paradigms

Kernel-based planner: Imitation Learning Control:
For strategic, long-horizon speed To mimic optimal driving behavior
planning under uncertainty.

Ego State
(%o va)
Macro e
TSE / .
—\\ Imitation Learning —)( velocity/acceleration
) vty
Ego State velocity/acceleration Controller N
v Kernel-based Leader State ~
(Ta)va) Ve/ e (=1, v1)
pe

Controll Interpolated Speed Profile
ontrolier
Leader State
(z1,v1)

Use Kernel Planning for Target Speed  Treat Kernel-based planner as expert
Design to get rid of the reliance on TSE

w
o

N
(%]

J

Speed (m/s)
N
o

h 4

—

.

fa
o

0 2500 5000 7500 10 00 12500 15000 17500 20000
Position (m)

Energy
In simulation with real traffic trajectories: > 15 /) savingsfor with 40/ 5" Beretration
whole system
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Micro Sa
(xau va:)i E(xb 171)

Obs.

E : Y : : Y :
. - Macro 5. : : 5 :
] [ ] [ ] ] N_1 L]
: : TSE : : :
X0 Xi Xi+1  XN-1 XN
Microscopic Observations (x,, v,) (x;, v7) (- Controlled Ay X controlled AV’s position
(Local states) Ego state Lead state v,: controlled AV’s speed
S« Space gap between ego car and lead car
x;: sensed HV’s position
i _ . . - Sensed HV v;: sensed HV’s speed
Macroscopic TSE (xi, D)) i is the it segment

(Global states) Space-mean speed for each

segment

Other HV

x;: the it segment position
7;: the ith segment space-mean speed

(x, vy) (xi, v))
Lead state TSE

Local sensing: (x4, vy) (x, v))

Ego state Lead state

Global sensing: (x,, v,)
Ego state

Semi sensing: (x,, v,)

(xi! ﬁl)
Ego state  TSE
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Control Strategy Design under Different Sensing Paradigms
The “Teacher” - “Student”

Global Sensing Local Sensing
(xa’ va) (xls vl) (xis 7_7i) (xa! va) (xh vl)
Ego state Lead state  TSE Ego state  Lead state
- | [y -
HPDEED \ ; — | Imitation Learning F/"“ﬁ‘ Rcs \‘
(2ar00) e A Gl N
Leader State | ‘ (o1 / o
(z1,m1) | | T Expert
J Tra]e:;: (1 P ﬁecy
Kernel-based Feedback Control Imitation Learning Control
(The Teacher) (The Student)
Use Kernel Planning for Target Treat Kernel-based as expert to get
Speed Design; Leave Gap Regulation rid of the reliance on TSE

for Vehicle Level
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Kernel-based Feedback Control Architecture

Ue = maX(O» min(vtarget,a + kp (ha T hdes) T kd (vl _ Ua): vfs)
\ J \ )] L
| |

Target speed Gap Regulation Safety Filter

Vrargetr = fe v X, i 2D Smontedspect s Conl
Vg

= fy (xou Ve, X1, V1, Ky, kg, hdes)

w
o

N
w

0 X+
g Yt xa) = Jesx! K(xa, x)o(to, x)dx
— iy o %) —
— f;‘(xat Var» X1, V1 Ts) Smino hmin) 7% ' fxxi;ry K(xg,x)dx
a i
Constants: o
w: sliding window length for target speed estimation 10 iR clatad Spand Frofin
. . . . . e esire pee rofile

kp’ kd' prf)port.lonal galn and dlfferentlal galn 0 2500 5000 7500 10 00 12500 15000 17500 20000
hyes: desired time gap Positgn (m)

7. safety decision-making time horizon
Smin Pmin: MiNimum space and time gap for safety concern
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Bridging the gap between global and local sensing through

Imitation Learning

How can we design a controller that just use
local sensing to stabilize traffic conditions?

Ego State

(waava)
-~

(TR
Leader State

(ml} ’Ul)
—_—

Ego State
(:Ba, 'Ucc)

Leader State

(x1,m)

ﬂ

Kernel-based
Controller

L

velocity/acceleration
Ve/ Qe

velocity/acceleration
Controller Ve/a.

Imitation Learning

Imitation Learning is a framework for learning a
behavior policy from demonstrations.

Tlg (St) 'S - A L(-,-): selected distance metric
Ty desired policy
0 = argming [ED [L (7.[9 (Si)t ai)]] 9:. }.)tzilrameters for the policy
s;: i7" state
S a;: i™ action
S ={(xLvix,vDIL, A= {(wHY, N: number of state-action pairs
D: dataset. of state action pairs

D = {(s, a)}L4
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Imitation Learning Structure & Algorithm Help to alleviate the common

/ problem in IL: Covariate Shift
DAgger Algorithm

Ego State }7 Initialize D « @.
| e | Initialize #;to any policy in II.
4>|\| Imitation Learning _;.Ir/velnnityfacnelerntinn\ml for l = 1 tO n dO
SR Controller Ny ve/ac J Let r; = B;m™ + (1- ,Bl)ﬁ'l
ara }— — Sample T-step trajectories using ;.
— Get dataset D; = {(s,m*(s))} of visited states by m; and
Expert actions given by expert (kernel-based controller).
Policy Aggregate datasets: D < D U D;.
Train classifier ;. on D.
end for
Return best 7; on validation.

xpert
Trajectories

We can treat those global sensing control strategies

as expert and imitate them to reduce the relianceon . . . " expert policy
global sensing. N: number of state-action pairs fi;: policy trained to minimize
D: dataset. of state action pairs Pi: a decreasing coefficient
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Trained and Evaluated in Two Cases v s s n oo

10000 4

8
Case 1: Single Lane + Recorded Stop-and-go Trajectories p "

Position (m)

)

0 100 200 300 400 500 600 700
Time (s)

Example Time-Space diagram with 200 vehicles
generated from our own simulator with recorded

Case 2: Multi-lane + Imbalanced Inflow & Outflow -24 trajectory

\xs, Inflow = 2050 veh/hr/lane e mL T o Downstream speed limit =5 m/s

Stop-and-go waves - Automated
(= ®» Human (cbserved)

(=P Human (un-observed)

Screenshot of the simulation of I-210 in SUMO
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Case 1: Single Lane + Recorded Trajectories

We chose 10 different scenarios to simulate
with different level of stop-and-go waves.

Light/Moderate Congestion (7 scenarios)

Position (m)

0 200 400 600 0 100 200 300 400 500 600 700
Time (s) Time (s)

Heavy Congestion (3 scenarios)

40

— Leader —— Human 53 Human 131
100001 mnnsmnannnsimt il 30 — Human1l  —— Human 79 Human 157
, = Human 27 = Human 105 Human 183

T T T T T 0 H : ; : i i
0 200 400 600 800 1000 0 200 400 600 800 1000
Time (s) Time (s)

BO00 «rrereeee e o e v vt 20

w
; o
Speed (m/s)

Position (m)
N
o
Velocity (m/s)

—
o

5000 4EEE e

Energy consumption (Miles-Per-Gallon) has been
chosen as a proxy of the smoothness of the traffic
flow.

Improvements compared with no control
Global sensing (expert):

- Light/Moderate: 14.21 %

- Heavy: 23.12%

- Overall: 16.57%

Local sensing (imitation learning):
Light/Moderate: 13.83%

Heavy: 16.37%

Overall: 14.50%
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Single-lane Simulations: I-24 freeway 200 vehicles, 4% AVs

No Control Kernel-based Control Imitation Learning Control
40 40 40
01000 P 10000 1 =005 imissrasmeaiass 10000 {isassimnnmnssa,
30 _ 30 _ 30 _
= 0 = @ = 0
E s50001:0000e... 0 E E 5000 40 N ol E E s000f-0eeee E
S 202 S 202 5 202
f 8 B o ... 8 § lu——— ... 8
Q Q D
. 10~ = 10~ B 10~
—5000 Fomme —5000 LRREP: - --coooen e —SO60 TP === = o565 i sonons o sosnmns aa
0 0
30 - 30 1
25 25 5
0 % 20 =20
£ 20 E 20 g
g 15 o 151 = 151
’ g 3
210 W ‘ 210 810
5 - |Leader = Human 53 e H\‘Jman 131 5 ] = Leader — AV 3 — AV B 5 4= Leader — AV3 — AVE
= Human 1 == Human 79 ~= Human 157 — AV 1 - AV 4 — AV7 — AV 1 — AV 4 — AV 7
0 1 = Human 27 = Human 105 Human 183 o e el BV 4 oINS AV 8 0 ] AV2 — AV 5 AV 8
0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700
Time (s) Time (s) Time (s)
(a) Fully human-driven (b) Global sensing (expert) (c) Local sensing (imitation)
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Case 2: Multi-lane + Imbalanced Inflow & Outflow
Inflow (veh/hr/lane)

1900 1950 2000 2050 2100 2150 2200 2250 2300

. LW - E N : :
\JEE \\\ g - i i WERE\W g - Various inflow rates and

downstream end speeds.

- Only domains with stop-and-
. go waves are considered in

B i training.

M M| - Thisallows the system to learn
R | to match behaviors that
dissipate waves as opposed to

AL - -G -G .
& | | fj;“[g‘% i; & overfitting to a certain speed.

Downstream speed limit (m/s)

SRR

Time-Space Diagram Visualization for Training Sets




Implementation of algorithms on I-210 digital twin  [1900, 2300] veh/hr/lane, 5% AVs

. Inflow = 2050 veh/hrflane Pl R i Downstream speed limit = 5 m/s

. o

No Control

Stup-and-guwab‘ Ty Automated

(=¥ Human (observed)

(¥ Human (un-observed)

‘Q‘m& Inflow = 2050 veh/hr/lane o~y EE.e Downstream speed limit = 5 m/s

o

With Control

Stop-and-go wa:ES\' T Automated

(=T Human (observed)

=3 Human (un-observed)

?/29}}‘325516 Introduction Modeling Experimentation




Fully human-driven Global sensing (expert) Local sensing (imitation)

Inflow (veh/hr/lane) Inflow (veh/hr/lane) Inflow (veh/hr/lane)
1900 2000 2100 2200 2300 1900 2000 2100 2200 2300 1900 2000 2100 2200 2300
v 5 267 266 266 268 268 ) 5 (230 Nans | ISl I acs i a0 S ) 5 304 303 302 303 303
£ £02 =01 +01 £01 =202 £ £01 *01 %01 £03 =202 £ £02 =01 %03 $02 =01
. — . — 4 60
Enefgy £ g 300 300 300 299 297 £ g 345 347 345 348 346 E g 344 345 344 346 345
. ; +02 +01 +02 +01 02 ;’ +02 +01 +02 +02 +0.1 ;‘ +02 +02 +02 +01 02
efficiency g g g
S . 3208 a2 sl Naz 3 R 2o a0 s S ., 382 383 383 382 382 S ., 383 384 384 384 382
+02 +02 02 +02 0.2 +01 +01 01 +00 =01 +01 +02 03 +02 =01 +40 Q
cC
Inflow (veh/hr/lane) Inflow (veh/hr/lane) Inflow (veh/hr/lane) 3)_,
1900 2000 2100 2200 2300 1900 2000 2100 2200 2300 1900 2000 2100 2200 2300 .20 ©
v 5 0625 0626 0630 0623 0.622 ) g v g QO
E +0.009 +0.004 +0.005 *0.005 +0.006 E E
wbed - 4 E
. € 0.605 0.603 0.607 0.613 0.609 (S (S e
Acceleration = ® 4£0003 +0.005 +0.006 +0.003 +0.006 = 6 3 6 0 P
D b5 b5 oy
§ ; 0583 0579 0574 0578 0578 § . § ” Q
+0.006 +0.006 +0.006 =0.007 +0.004 (@)}
L —20 e
©
Inflow (veh/hr/lane) Inflow (veh/hr/lane) Inflow (veh/hr/lane) -S
1900 2000 2100 2200 2300 1900 2000 2100 2200 2300 1900 2000 2100 2200 2300 g
v 5 14992 1499.0 1499.4 1498.3 1500.4 ) o, 1467.9 1468.5 1468.1 1467.8 1469.1 ) s 14726 14728 14737 14731 14732 -40 o~
1= £05 =03 =05 £02 =03 i £10 =07 =13 £10 =09 = 11 x14 18 £18 17
- -~ s
O ﬂ g g 16577 1658.2 1657.8 1657.7 1658.0 g ¢ 16222 16229 16232 16215 16235 g ¢ 16238 16242 16235 16238 16237
utfiow rate +02 +05 +00 +04 =06 +11 %07 +08 +23 =20 +27 =32 =230 =33 =30
o o o
S, 17935 17940 17941 1794.4 1794.6 S, 17533 17538 17540 17535 17532 S, 17530 17533 17543 1754.0 1755.0

+04 *07 *04 +03 =04 203 | |==130 =200 #0912 =39 50 + 3.7 3.7 *5.1
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CIRCLES: The largest scientific traffic field experiment to date

Deploy 100 AVs on I-24 highway surrounded by human commuters during morning rush CIRCLES

Experimentation

Model-validated

CIRCLES (100 AVs Field Test)

[WFLNAUHKCBRWPSSBD] TEEE CSM;
[...F...] IEEE CSM;
[...F...] Nature (under review);

Source of Communication delay; sim-
Hardness to-real gap

Solution Model-validated & feedback
Method loop deployment
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CIRCLES: The largest mixed traffic field experiment to date

Deploy 100 AVs on I-24 highway surrounded by human commuters during morning rush CIRCLES

|-24 New Instrument for Freeway ;
MOTION Traffic Science.

Prof. D. Work Vanderbllt

Bird’s-Eye View of 100 AVs in the Parking Lot at the HQ

e 4.2 miles; 276 4K resolution cameras
« 230 million vehicle-miles of travel annually

A National-Scale 7B Nuona ~ £@EW® U-S- DEPARTMENT OF . With 4 universities;
Science @8 )\l TDOT NISSAN m| RESEARCH & ;
Collaboration i@ Foundation ' E N E RGY Maneportation N TOYOTA MOTOR CORPORATION 9] DEvELOPMENT Got 30+ Media outlets




During the 100 AVs Test

Team efforts & coordination (algorithms refine; hardware deployment; management, etc.)

My Contributions

Design the core control algorithms
Support the energy modeling and
evaluation

Deploy the controller on hardware & cars
Support the experiment logistics

Installing/uninstalling hardware on the 100 cars

i H .
Parking lot 5:00am l yMomtor the test

Conduct gear check 7:30am
for each driver Check the

trajectories and
detect possible bugs
Deploy on all \
cars Late PM
Revise & improve
controller 10am
Fix bugs,

design/improvs features Gear Check 5am Monitor Test & Refine & Improve Test Controllers Refine & Redeploy Deploy
o frf:“';’;m, Detect Bugs 7:30am Controllers 10am Early PM & Retest Early PM Late PM

cars Early PM
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Empirical Proof: AVs Successfully Mitigated Stop-and-Go Waves

2.0 -

. ' _ The nearer the
‘ o human-driven
aq it 5 167 vehicles to the AV

0 0 é 1.4+ Fuel consumption decreases are, the more fuel
100 < 2 /O > 10 /0 g - behind autonomous vehicles efficiency they COllld
i ain.

Partlally AV . Measured. EEEEEEEEEEEEEEEEEIEFEE g
automated penetration system-wide 2823838238382 838R38238338

Distance to nearest downstream engaged AV (binned)

15 MPH 30 MPH 45 '.’,{PH 55+ MPH
[The largest Time-space diagram credit to [-24 MOTION team (Gergely Zachar, Derek Gloudemans, Yanbing Wang, Junyi Ji, Matt Nice, Matt Bunting,
Will Barbour, Jonathan Sprinkle, Dan Work) at Vanderbilt U.]




Close the Loop: Data-Driven Refinement of Modeling

NFVM applies to large-scale experimental traffic data with complex flow dynamics
./ A ‘..:"-;.‘ = — o
“y BEDLRNS e » | [-24 MOTION dataset

—" /I | ~ 4 miles [-24 highway
- 10 days of data

- > 40 hrs morning rush

_—
- ' a..
o >

"
’

w

© Nashville

i

hours
- >200 GBjson file

- includes ~600,000
vehicle trajectories

4 miles

4 hours

[-24 MOTION illustration. High-definition camera poles are mounted along a portion of 1-24 at regular intervals.
Derek Gloudeman et al. “1-24 motion: An instrument for freeway traffic science”. In: Transportation Research Part C: Emerging Technologies, 155:104311, 2023 63



Generalizes Across 10 Days of Traffic
Trained on 1 hr of 1 day, NFVM outperforms Godunov across all data

Only 1st hr data (2.5% of the dataset)
is used as training set

Prediction on training day

\\\M \\

\’\a {\}v

A i,\'

(a) Ground truth (Nov 29, 2022)

Generalization on unseen days

(W

| L

(d) Ground truth (Nov 21, 2022) (e) NFVi] prediction (f) Godunov prediction

L BET
(g) Ground truth (ov 22; 022 l (h) NFV}] prediction (i) Godunov prediction

QUi

(j) Ground truth (Nov 23, 2022) (k) NFVi] prediction (1) Godunov prediction

(m) Ground truth (Nov 28, 2022)

(n) NFVH prediction

Y [N

(c) Godunov prediction

_ [N S

(o) Godunov prediction

N

(q) NFV{] prediction

(r) Godunov prediction

(s) Ground truth (Dec 01 2022)

(t) NFVi} prediction

SE AR

(u) Godunov prediction

g [TV T

(v) Ground truth (Dec 02, 2022)

(w) NFV1}i prediction

(x) Godunov prediction
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