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Agenda — Context-based Al Systems B | o™ EAU

Ego Yaw Rate Prediction "
Road User Trajectory Prediction

Key Takeways ,
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Robust Planning Through Probabilistic Methods Bl EAU

Trajectory predictions of nearby road
users is crucial component within model
predictive trajectory planning!

Ego-model is crucial component within
model predictive trajectory planning!
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Ego Yaw Rate Prediction

Robust Meta-Learning of Vehicle Yaw Rate
Dynamics via Conditional Neural Processes
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Ego Vehicle Model Bl EAU

= Vehicle models are key components for autonomous driving

Simple J Point-Mass Kinematic Dynamic Single-Track Multi-Body Advanced
Models Model Single-Track Model Single-Track Model Drift Model Model Models

{ Real-time capability
{ Parameter dependency

{ Combination of models
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Ego Vehicle Model Bl EAU

= Vehicle models are key components for autonomous driving

( A 4
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7~~~ Complex modeling

\\@} Accuracy across ODD f mainly affects yaw rate! AN /s

p _ _ l‘

\\@? Parameter dependence | cm , N @.

7 = . . Could the yaw ang|e be - Human-like knOWIedge transfer
(©) computational complexity | determined differently? > Learn to learn on current situation

- Meta-learning
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Physical Yaw Rate Predicting Bl EAU

= Kinematic Single-Track Model (KST) = Dynamic Single-Track Model (DST) = Single-Track Drift Model (STD)

Context Awareness

Parameter Dependence

Not Known
Estimated
Costly Sensored

- Human-like
- Meta-learning
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Data-driven Yaw Rate Predictions

= Meta-learning: Conditional Neural Processes (CNP)

Supervised learning

D= {(wnnyn)};y 1

c X C Rix
ynEyCRd"

SPONSORED BY THE

Federal Ministry
of Education ||EA u
and Research

Meta-learning

Lt :
e Predictor f(x) Yt Idea

x
8 predictor f(x) Yt

f: X =Y

Meta-Dataset

Dataset 1

Dataset ...
Dataset K

K\’fdry (ZB

~—> [t (T Dataset

Dpm = {D:i }}Kzl

C;

Predictor f(x;C) L

fj X =Y
Cj = {(muyz) é\il

Lt Yi
—> fdry(m)_
M fwet(m)_

fiey (@ )}—

Meta-Dataset

Bl 2 Yy

Context-Based Al Systems for Robust Yaw Rate and Trajectory Predictions in Autonomous Driving | Lars Ullrich

September 12, 2024 8




Conditional Neural Processes (CNP) — Architecture

Application specific CNP Architecture

- Quite complex. Interested? Contact me afterwards!

t
Ti Measurements Predictions
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Conditional Neural Processes (CNP) — Training

= CNP training data were collected with CarMaker:
= Two urban cases
= Two interurban cases
= Two longitudinal dynamic cases

= Fourteen lateral dynamic cases
= All with different friction coefficients:
Hdry — 1-0ouwet — 0'57/'Licy = 0.2

= All in the velocity range:
0to 120kmh~!

r- Chair of
A_CI Automatic Control

aw Rate Dynamics vj
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Results — Friction Variation ﬂﬂ LE/A%\\U

= Change of friction coefficients to: ptest € {0.75,0.35,0.1}  (ftraining € {1.0,0.5,0.2})

= Evaluation in all 20 cases with velocity variations

0.8
|
o N
—= 0.6
m 0.4
o)
>
o 0.2

0
=075 =035 pu=0.1
-> Similar results for other variations (e.g. mass, scenario)!
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Generalization?

= Does the context-based Al system (CNP) generalize like a human?

Human

Driving School

° 0 o
ey T

Al system

Dataset

am my  Context
-

Context

—
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Table 4: RMSE Vehicle variation icy roads.

[ Vehicle | KST | DST [DST(u)] STD [STD(p)] CNP

Honda Fit 0.387 | 0.251 0.260

VW Beatle 0.539 0.347 | 0.137 | 0.217

BMW X5 | 0.545 | 0.536

0.477 | 0.422 | 0.401 | 0.284

VW T6 0.348 | 0.339 | 0.280 | 0.325 | 0.244 | 0.179

Porsche 911

0.472 | 0.254 | 0.356

—> Transferable without retraining

- Al system is able to generalize

Similar results are achieved
for other variations!

I3
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Ego Yaw Rate Prediction Bl EAU

\\@e Accuracy across ODD { J

Ego-model is crucial component within

@&9 Parameter dependence | J model predictive trajectory planning!

@ Computational complexity | J

Takeaway |I:

Empirical magic formula (Pacejka tire model) can be reconsidered via data-driven methodologies
Estimated/sensorized parameter determination up to model updating/blending can be reconsidered via
context-based Al systems

Data-driven context-based Al systems enable to reduce physical model induced assumptions

Thus, context-based Al system for yaw rate predictions could enhance, e.g., a kinematic single-track model

I3
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Road User Trajectory Prediction

Transfer Learning Study of Motion Transformer-
based Trajectory Predictions
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Trajectory Prediction Bl EAU

= Background = State of the Art
— trajectory planning in automated driving — multi-modal predictions (multiple behavioral decisions)
— trajectory prediction of other road users — learning-based methods (context/open world)

. S

(o)

= First Context Challenge = Second Context Challenge

— predictions are needed in the real world — many vehicle- and country-specific shifts

— diverse local context in real — diverse global context in real world
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= One approach: Motion Transformers N = Generative Pre-trained Transformers (e.g. ChatGPT)

What is IPG CarMaker? Give a single sentence statement.

Local Context

® IPG CarMaker is a simulation software used for testing and validating vehicle dynamics, driver

assistance systems, and automated driving functions in virtual environments.

P SO P

Another Solution How is the vehicle model designed? Give a single sentence

statement.

© The vehicle model in IPG CarMaker is designed using a modular approach that allows for detailed

customization and simulation of various vehicle components, including the chassis, drivetrain,
suspension, and tires, to accurately replicate real-world vehicle behavior.

Local Context Evolution
MO P
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First Challenge: Local Context Bl EAU

= One approach: Motion Transformers ﬂ = Generative Pre-trained Transformers (e.g. ChatGPT)

What is IPG CarMaker? Give a single sentence statement.

5] IPG CarMaker is a simulation software designed for virtual testing and development of vehicle

dynamics, driver assistance systems, and automated driving technologies.

< 22

) : How is the vehicle model designed? Give a single sentence

statement.

< 3/3

@  The vehicle model in IPG CarMaker is designed using a modular approach that allows for detailed

customization and simulation of various vehicle components, including the chassis, drivetrain,

suspension, and tires, to accurately replicate real-werld vehicle behavior.

(U R o I

N’
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First Challenge: Local Context Bl EAU

= One approach: Motion Transformers ﬂ = Generative Pre-trained Transformers (e.g. ChatGPT)

< 22

| What is IPG CarMaker? Give a single sentence statement.
5] IPG CarMaker is a simulation software designed for virtual testing and development of vehicle
| E dynamics, driver assistance systems, and automated driving technologies.
ﬁ

How is the vehicle model designed? Give a single sentence

statement.

- < 33
@  The vehicle model in IPG CarMaker is designed using a modular approach that allows for detailed
customization and simulation of various vehicle components, including the chassis, drivetrain,

suspension, and tires, to accurately replicate real-werld vehicle behavior.

(U R o I

N’

’A Chair Of. Context-Based Al Systems for Robust Yaw Rate and Trajectory Predictions in Autonomous Driving | Lars Ullrich September 12, 2024 16
Automatic Control



SPONSORED BY THE

First Challenge: Local Context Bl EAU

= One approach: Motion Transformers ﬂ = Generative Pre-trained Transformers (e.g. ChatGPT)

What is IPG CarMaker? Give a single sentence statement.

5] IPG CarMaker is a simulation software designed for virtual testing and development of vehicle

dynamics, driver assistance systems, and automated driving technologies.

< 22

JEE (4 Smee

How is the vehicle model designed? Give a single sentence

t
H Internal
statement.
Predictions < an
@  The vehicle model in IPG CarMaker is designed using a modular approach that allows for detailed
A customization and simulation of various vehicle components, including the chassis, drivetrain,
1 1 suspension, and tires, to accurately replicate real-werld vehicle behavior.
I 1
v ' DO oD
'ﬁ
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First Challenge: Local Context Bl EAU

= One approach: Motion Transformers ﬂ = Generative Pre-trained Transformers (e.g. ChatGPT)

What is IPG CarMaker? Give a single sentence statement.

5] IPG CarMaker is a simulation software designed for virtual testing and development of vehicle

dynamics, driver assistance systems, and automated driving technologies.

< 22

Local
Map
Attention

How is the vehicle model designed? Give a single sentence
statement.

< 3/3

5] The vehicle model in IPG CarMaker is designed using a medular approach that allows for detailed
customization and simulation of various vehicle components, including the chassis, drivetrain,
suspension, and tires, to accurately replicate real-werld vehicle behavior.

(U R o I
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First Challenge: Local Context Bl EAU

= One approach: Motion Transformers ﬂ = Generative Pre-trained Transformers (e.g. ChatGPT)

What is IPG CarMaker? Give a single sentence statement.

Ref I n e m e n t 5] IPG CarMaker is a simulation software designed for virtual testing and development of vehicle

(o

dynamics, driver assistance systems, and automated driving technologies.

< 22

How is the vehicle model designed? Give a single sentence
statement.

< 3/3

@  The vehicle model in IPG CarMaker is designed using a modular approach that allows for detailed

customization and simulation of various vehicle components, including the chassis, drivetrain,

suspension, and tires, to accurately replicate real-werld vehicle behavior.
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First Challenge: Local Context Bl EAU

= One approach: Motion Transformers ﬂ = Generative Pre-trained Transformers (e.g. ChatGPT)

What is IPG CarMaker? Give a single sentence statement.

5] IPG CarMaker is a simulation software designed for virtual testing and development of vehicle

dynamics, driver assistance systems, and automated driving technologies.

< 22

How is the vehicle model designed? Give a single sentence

. 4 —— .
gy
[ El
| 4
statement.

- < 33
@  The vehicle model in IPG CarMaker is designed using a modular approach that allows for detailed
customization and simulation of various vehicle components, including the chassis, drivetrain,

suspension, and tires, to accurately replicate real-werld vehicle behavior.

Multi-modal DB o9
w Predictions

N’
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First Challenge: Local Context Bl EAU

= One approach: Motion Transformers ﬂ = Generative Pre-trained Transformers (e.g. ChatGPT)

"(1' -4 (o}

What is IPG CarMaker? Give a single sentence statement.

- 5] IPG CarMaker is a simulation software designed for virtual testing and development of vehicle
\ dynamics, driver assistance systems, and automated driving technologies.

¥

< 22

v
How is the vehicle model designed? Give a single sentence

statement.

< 3/3

| | atte nt i O n - based ap p roac h @  The vehicle model in IPG CarMaker is designed using a modular approach that allows for detailed

customization and simulation of various vehicle components, including the chassis, drivetrain,

suspension, and tires, to accurately replicate real-werld vehicle behavior.

= considers multi-modality s
= addresses spatial-temporal aspects

- enables local context and interaction awareness

N’

’AC Chair of . Context-Based Al Systems for Robust Yaw Rate and Trajectory Predictions in Autonomous Driving | Lars Ullrich September 12, 2024 16
Automatic Control



SPONSORED BY THE

Second Challenge: Global Context Bl EAU

= Differences around the globe = One Solution: Transfer Learning

-10°
[ Training
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= Dataset Setup

CarMaker — Transfer Learning Study

Dataset WOMD CMD

Source / Target Source Target
Environment Setting US Roads German Roads
Number of Scenarios 575,205 190,933
Duration of Each Scenario 9 seconds 9 seconds
Trajectory Sampling Rate 10Hz 10Hz

Training Split
Validation Split
Test Split

84.6% (487,005)
7.6% (44,100)
7.6% (44,100)

70% (133,653)
15% (28,640)
15% (28,640)

Total Trajectories
Agent Split (Veh./Cyc./Ped.)

2,566,096
70/7123%

190,933
100/0/0%

# of trajectories

]

|

100
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Scaling Impression i EAU
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Numerical Results B | et EAU

- Fine-tuning yields the best results
- Further details can be found in the paper
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Qualitative Results Bl EAU

-> Further details can be found in the paper
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Road User Trajectory Prediction @‘Fﬁﬁé%&ﬁw LE/A%\\U
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: . " Consider local context
Trajectory predictions of nearby road \ J
users is crucial component within model

predictive trajectory planning! (&) Address global context J

@ Insights for future innovations \/

Takeaway II:

» Context-based Al system increases situation and interaction awareness

» Context-based Al system could be transferred to adapt to global differences
» Context-based Al system improves trajectory planning

Thus, context-based Al system for trajectory predictions could enhance ego trajectory planning
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Robust Planning Through Probabilistic Methods B | ey =AU

Overall Takeaway:

» Context-based Al systems enable improved autonomy

» Data-driven is a great complement to knowledge-based approaches

» Alongside software-defined vehicles, data is becoming increasingly important

Thus, achieving higher autonomy is based on complex systems that include Al.

s Therefore, the product development processes need to be updated
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Expanding the Classical V-Model
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System Operation
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-

Continuous Data Acquisition for ODD Refinement & Enhancement

Deployment Real World

Field Operation

Evaluation
— |

Continuous Confidence Growth

Function-specific
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Failure

Data-specific Handling

OoDD

Architectural

Design Domain  Design Domain

Sim. Dataset
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Architecture

Definition System

v

Simulation

System Development

Real World Dataset

Closed-Loop
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(Silent Testing)

Transfer Evaluation
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Thanks for your attention!

Lars Ullrich, M.Sc.

Research Associate

Chair of Automatic Control
Friedrich-Alexander-Universitat Erlangen-Nirnberg
Cauerstralle 7 - 91058 Erlangen - Germany -

Literature / Publication

Phone: +49(0)9131-85-27415
Mail: lars.ullrich@fau.de
Web: www.rt.tf.fau.de
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