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US Department of
Transportation

USDOT: Automated Vehicles activities
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Federal Automated Vehicles Policy: Accelerating
the Next Revolution In Roadway Safety

Automated Driving Systems 2.0: A Vision for
Safety

Automated Vehicles 3.0: Preparing for the
Future of Transportation

Automated Vehicles 4.0: Ensuring American
Leadership in Automated Vehicle Technologies

Automated Vehicles Comprehensive Plan



https://www.transportation.gov/sites/dot.gov/files/docs/AV%20policy%20guidance%20PDF.pdf
https://www.transportation.gov/sites/dot.gov/files/docs/AV%20policy%20guidance%20PDF.pdf
https://www.nhtsa.gov/sites/nhtsa.gov/files/documents/13069a-ads2.0_090617_v9a_tag.pdf
https://www.nhtsa.gov/sites/nhtsa.gov/files/documents/13069a-ads2.0_090617_v9a_tag.pdf
https://www.transportation.gov/sites/dot.gov/files/docs/policy-initiatives/automated-vehicles/320711/preparing-future-transportation-automated-vehicle-30.pdf
https://www.transportation.gov/sites/dot.gov/files/docs/policy-initiatives/automated-vehicles/320711/preparing-future-transportation-automated-vehicle-30.pdf
https://www.transportation.gov/sites/dot.gov/files/2020-02/EnsuringAmericanLeadershipAVTech4.pdf
https://www.transportation.gov/sites/dot.gov/files/2020-02/EnsuringAmericanLeadershipAVTech4.pdf
https://www.transportation.gov/sites/dot.gov/files/2021-01/USDOT_AVCP.pdf
https://www.transportation.gov/AV

Five Eras of Safety

According to National Highway Traffic Safety
Administration (NHTSA)

1950-2000

Safety/Convenience Features

2000-2010

Advanced Safety Features

2010-2016

Advanced Driver Assistance Features

2016-2025
Partially Automated Safety Features

2025+
Fully Automated Safety Features

Cruise Control
Seat Belts
Antilock Brakes

Electronic Stability Control
Blind Spot Detection
Forward Collision Warning
Lane Departure Warning

Rearview Video Systems

Automatic Emergency Braking

Pedestrian Automatic Emergency Braking
Rear Automatic Emergency Braking

Rear Cross Traffic Alert

Lane Centering Assist

Lane Keeping Assist
Adaptive Cruise Control
Traffic Jam Assist

Everything?
* probably not only above things but even more
and/or wider adoption


https://www.nhtsa.gov/technology-innovation/automated-vehicles-safety
https://www.nhtsa.gov/technology-innovation/automated-vehicles-safety

Levels of SRS IR
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e d e d
Driver Partial Conditional High Full
Automatuon Assistance Automation Automation Automation Automation
Zero autonomy; Vehicle is controlled Vehicle has combined Driver is a necessity, The vehicle is capable The vehicle is capable
the driver performs by the driver, but automated functions, but is not required of performing all of performing all
all driving tasks. some driving assist like acceleration and to monitor the driving functions driving functions
features may be steering, but the driver environment. under certain under all conditions.
included in the must remain engaged The driver must be conditions. The driver The driver may
vehicle design. with the driving task ready to take control may have the option have the option to
and monitor the of the vehicle at all to control the vehicle. control the vehicle.
environment at times with notice.
all times.

o NHTSA: 1, 2 + SAE (Society of Automotive Engineers) J3016


https://www.nhtsa.gov/sites/nhtsa.gov/files/documents/13069a-ads2.0_090617_v9a_tag.pdf
https://www.nhtsa.gov/sites/nhtsa.gov/files/2022-05/Level-of-Automation-052522-tag.pdf
https://www.sae.org/standards/content/j3016_202104/

AV Holistic Plan

Promote Collaboration and

Prepare the

Transportation System

Modernize the

Regulatory Environment

Transparency

Voluntary

Information Sharing

AVTEST

Stakeholder
Engagements

Demonstrations

Stakeholder
Panel/RFC/RFI

Consumer

Education/
Terminology

ACRONYMS

Workforce
Impacts

ADS: Automated Driving System

Al: Artificial Intelligence

AIM: Accelerating Innovative Mobility
ANPRM: Advance Notice of Proposed
Rulemaking

AVTEST: Automated Vehicle Transparency
and Engagement for Safe Testing

CDA: Cooperative Driving Automation
HMI: Human Machine Interface

IDC: Inclusive Design Challenge

IMI: Integrated Mobility Innovation Grants
Initiative

ML: Machine Leaming

MUTCD: Manual on Uniform Traffic Control
Devices

NPRM: Notice of Proposed Rulemaking
PARTS: Partnership for Analytics Research in
Traffic Safety

RFC: Request for Comments

RFI: Request for Information

V2X: Vehicle to Everything

VOICES: Virtual Open Innovation
Collaborative Environment for Safety
VSSA: Voluntary Safety Self-Assessment
WZDx: Work Zone Data Exchange

o USDOT: Automated Vehicles Comprehensive Plan

ADS Demo
Grants

Research

rity

Worthiness

Al/ ML/
Autonomy

ADS Safety

Functional
Safety
Accessibility

L IDC

@&

Interoperability
/ CDA

CARMA VOICES

i

ADS Operational
Behavior and Traffic

MUTCD

Guidance
Documents

Exemptions

==

Final Rule

i

* NHTSA: * NHTSA:
Barriers for Automated Temporary Exemption
Driving Systems Program to Domestic
+ NHTSA: Considerations for Manufacturers for
Telltales, Indicators, and Research, Demonstrations,
Warnings in ADS Vehicles and Other Purposes
+ NHTSA: Passenger-less « NHTSA: Updating the
Delivery Vehicles Equipped Process for Temporary
with Automated Driving Exemptions
Systems + NHTSA: Occupant
+ NHTSA: Specialized Motor Protection for Automated
Vehicles with Automated Driving Systems
Driving Systems + FMCSA: Notice of Proposed
« NHTSA: Framework for Rulemaking: Safe
Automated Driving System Integration of Automated
Safety Driving Systems-Equipped
Commercial Motor
Vehicles
Note: items area of efforts underway, not a representation of all

research activities. Additionally, this graphic does not depict deployment oversight.


https://www.transportation.gov/sites/dot.gov/files/2021-01/USDOT_AVCP.pdf

State Regulations

CA DMV Autonomous Vehicle Testing Permit
holders

Permit Type

50 companies 7 companies 3 companies

Nuro Nuro Nuro

CA and NV are the only states that allow
deployment and require a permit.

o California Department of Motor Vehicles (CA DMV) " And NV’s process is much simpler



https://www.dmv.ca.gov/portal/vehicle-industry-services/autonomous-vehicles/
https://www.dmv.ca.gov/portal/vehicle-industry-services/autonomous-vehicles/autonomous-vehicle-testing-permit-holders/
https://www.dmv.ca.gov/portal/vehicle-industry-services/autonomous-vehicles/autonomous-vehicle-testing-permit-holders/

Article 3.7. Testing of Autonomous Vehicles
(Effective 4/13/2022)

§227.00. Purpose.

St t R I t . . §227.02. Definitions.

a e e g u a I O n S [ ] § 227.04. Requirements for a Manufacturer's Testing Permit.
t . § 227.06. Evidence of Financial Responsibility.

m e r I C S §227.08. Instrument of Insurance.

§227.10. Surety Bond.

Mai n metriCS tO reQ ort: § 227.12. Certificate of Self-Insurance.
§227.14. Autonomous Test Vehicles Proof of Financial Responsibility.
° M § 227.16. Identification of Autonomous Test Vehicles.
° Dlsenqaqements § 227.18. Manufacturer's Testing Permit and Manufacturer's Testing Permit - Driverless Vehicles.

° Mileage (in addition to Disengagement)

§227.20. Review of Application.

§227.22. Term of Permit.

§227.24. Enroliment in Employer Pull Notice Program.

§227.26. Prohibitions on Operation on Public Roads.

§ 227.28. Vehicles Excluded from Testing and Deployment.

§227.30. Manufacturer's Testing Permit Application.

§ 227.32. Requirements for Autonomous Vehicle Test Drivers.

§ 227.34. Autonomous Vehicle Test Driver Qualifications.

§ 227.36. Autonomous Vehicle Test Driver Training Program.

§ 227.38. Manufacturer's Permit to Test Autonomous Vehicles that DO Not Require a Driver.
§ 227.40. Refusal of Autonomous Vehicle Testing Permit or Testing Permit Renewal.
§ 227.42. Suspension or Revocation of Autonomous Vehicle Testing Permit.

§ 227.44. Demand for Hearing.

§ 227.46. Reinstatement of Testing Permit.

(15 227.48. Reporting Collisions. ]

((§ 227.50. Reporting Di of At Mode.]

§ 227.52. Test Vehicle Registration and Certificates of Title.

§ 227.54. Transfers of Interest or Title for an Autonomous Test Vehicle.

o California Department of Motor Vehicles (CA DMV)


https://www.dmv.ca.gov/portal/vehicle-industry-services/autonomous-vehicles/
https://www.dmv.ca.gov/portal/file/adopted-regulatory-text-pdf/
https://www.dmv.ca.gov/portal/vehicle-industry-services/autonomous-vehicles/autonomous-vehicle-collision-reports/
https://www.dmv.ca.gov/portal/vehicle-industry-services/autonomous-vehicles/disengagement-reports/
https://www.dmv.ca.gov/portal/vehicle-industry-services/autonomous-vehicles/disengagement-reports/

International
Standards

° International Electrotechnical
Commission

° Functional Safety of
Electrical/Electronic/Programmable
Electronic Safety-related Systems (IEC
61508

Risk class matrix

Consequence

Likelihood | Catastrophic | Critical | Marginal | Negligible

Frequent | | | 1l
Probable | | Il 1]
Occasional | Il 1 1]
Remote I 1 I v
Improbable 1] ] vV \Y
Incredible v v 1\ v

o Wiki on IEC 61508

Likelihood of occurrence

Category Definition Range (failures per year)
Frequent Many times in lifetime >1073
Probable Several times in lifetime 1072 to/ 107
Occasional Once in lifetime 104t0 1075
Remote Unlikely in lifetime 10510 1078
Improbable Very unlikely to occur 108t0 107
Incredible | Cannot believe that it could occur <1077
Consequences
Category Definition
RISk AnaIySiS Catastrophic Multiple loss of life
Critical Loss of a single life

Marginal | Major injuries to one or more persons
Negligible Minor injuries at worst

Class I: Unacceptable in any circumstance;
Class lI: Undesirable: tolerable only if risk
reduction is impracticable or if the costs are
grossly disproportionate to the improvement
gained;

Class lll: Tolerable if the cost of risk reduction
would exceed the improvement;

Class IV: Acceptable as it stands, though it
may need to be monitored.

10


https://en.wikipedia.org/wiki/IEC_61508
https://webstore.iec.ch/publication/22273
https://webstore.iec.ch/publication/22273

International
Standards

) International Organization for
Standardization

° Road vehicles — Functional safety (ISO

26262)

S1
S1
S1
S1
ASIL=SxExC S2
S2
S2
S2
S3
S3
S3
S3

Autonomous Driving: ASIL D => acceptable probability of system /
component failure of one in a hundred million

Q) wikionlEC 61508 and ASIL ()

E1
E2
E3
E4
E1
E2
E3
E4
E1
E2
E3
E4

C1 C2
QM QM
QM QM™m
QM QM
QM ASIL A
QM QM
QM QM
QM ASIL A
ASILA ASILB
QM QM
QM ASIL A
ASILA ASILB

ASILB ASILC

Cc3
QM
QM
ASIL A
ASIL B
QM
ASIL A
ASIL B
ASIL C
ASIL A
ASIL B
ASIL C
ASILD

Severity Classifications (S):
° S0 No Injuries

e 51 Light to moderate injuries
) S2 Severe to life-threatening (survival probable) injuries
° S3 Life-threatening (survival uncertain) to fatal injuries

Exposure Classifications (E):
e  EO Incredibly unlikely

° E1 Very low probability (injury could happen only in rare operating conditions)

) E2 Low probability
° E3 Medium probability

) E4 High probability (injury could happen under most operating conditions)
Controllability Classifications (C):
e  (CO Controllable in general

C1 Simply controllable

[ J
) C2 Normally controllable (most drivers could act to prevent injury)
[ J

C3 Difficult to control or uncontrollable

Safety integrity level (SIL)

Low demand mode:

Sl average probability of failure on demand
1 =2102to <107
2 >10°t0 <1072
3 210*to <1073
4 >10°to <10

Automotive Safety integrity level (ASIL) vs SIL

Domain
Automotive (ISO 26262)
General (IEC 61508)

QM

High demand or continuous mode:
probability of dangerous failure per hour

>210%t0 <1075

>107"to <1076

210 %to <1078

Domain-Specific Safety Levels

ASILA
SIL-1

ASILB | ASILC
SIL-2

ASILD
SIL-3

SIL-4

> 1078 to < 1077 (1 dangerous failure in 1140 years)

1"


https://en.wikipedia.org/wiki/IEC_61508
https://en.wikipedia.org/wiki/Automotive_Safety_Integrity_Level
https://www.iso.org/obp/ui/#iso:std:iso:26262:-1:ed-2:v1:en
https://www.iso.org/obp/ui/#iso:std:iso:26262:-1:ed-2:v1:en

All these regulations are
about physical (onroad)
metrics.

How to ensure the safe
& fast development
cycle?
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CARLA simulator

Simulators

Q: How to safely test the autonomous
capabilities?

A: Using the simulator!

Main challenges: =

- CcARLA

— Release 0.9.13

° Sensors simulation
° Behavior simulation

+  NVIDIA DRIVE Sim, Deepdrive, LGSVL, SUMMIT, Flow, ...
+ Internal and specific to any AV company simulators

o Kaur, Prabhjot, et al. "A survey on simulators for testing self-driving cars." 2021

14


https://carla.org
https://developer.nvidia.com/drive/drive-sim
https://deepdrive.io
https://www.svlsimulator.com/news/
https://github.com/AdaCompNUS/summit
https://flow-project.github.io
https://arxiv.org/abs/2101.05337

Simulators
reliability

Reliability questions:

° How to guarantee the generalization of
simulation results?

° Can we really rely on any metrics
inside the simulation?

SIMULATION

For g

DR

| oAiSfeed  dideNSL |Headrg | Yoo

ek 50 2

Medium.com: Simulation vs Reality in Marketing

Paperswithcode.com: Domain (distribution) shift

15


https://paperswithcode.com/task/domain-adaptation
https://medium.com/@media_56958/simulation-vs-reality-in-marketing-cb4971a98417

Towards Reliability

Reliability

Empirical

Bridge the gap
between sim and real
road environment

Better More
distribution adversarial
coverage behaviors

Theoretical

Certification w.r.t.

Simulation
generalization
(e.g. distribution

changes)

Model
robustness (in
terms of input
perturbations)

16



Towards Reliability

Reliability

Empirical

Bridge the gap
between sim and real
road environment

Better More
distribution adversarial
coverage behaviors
Compare
b More data?

distributions?

6 Embeddings, FID/KL/JSD divergence, ...

Theoretical

Certification w.r.t.

Simulation
generalization
(e.g. distribution
changes)

Scaling laws, long tail, ...

Model
robustness (in
terms of input
perturbations)

17



Towards Reliability

Reliability

Empirical Theoretical

Bridge the gap
between sim and real
road environment

Certification w.r.t.

Simulation Model
_ Better More generalization robustness (in
distribution adversarial (e.g. distribution terms of input
coverage behaviors changes) perturbations)
Backprop Restrictions
through complex on input?
system w.r.t.

18

O input? Black-box, zero-order optimization, ... Constrained optimization, ...



Towards Reliability

Reliability

Empirical

Bridge the gap
between sim and real
road environment

Better More
distribution adversarial
coverage behaviors
Domain
adaptation?

G Sim2real, meta-learning, causality usage, ...

Theoretical

Certification w.r.t.

Simulation
generalization
(e.g. distribution

changes)

Learning
theory?

Model
robustness (in
terms of input
perturbations)

VC, PAC, generalization bounds...



Towards Reliability

Reliability

Empirical

Bridge the gap
between sim and real
road environment

Better More
distribution adversarial
coverage behaviors

Certification?

S Theoretical guarantees, real uncertainty, ...

Theoretical

Certification w.r.t.

Simulation
generalization
(e.g. distribution
changes)

Restrictions
on input?

Model
robustness (in
terms of input
perturbations)

Behavior-related e-ball, ...

20



How to ensure the safe &
fast development cycle?

F\
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Metrics

Common metrics of AV:

° Miles per (critical) disengagement
(MPD, MPCD)

° Inverse: number of disengagements
per thousand of miles

Evaluation

Need: fast evaluation
cycle

Integration to

As a consequence ...

Additional
proxy metrics!

Model Training

Usage: as loss
functions

23



Metrics in the literature

Proxy metrics:

Time to Collision :
Collision rate D : D : D

Off-road rate 1 ] ‘ (] ]

Off-route rate

L2-based 1 N I

Comfort-based :

z Jerk D |:| D

Lateral acceleration !

—

° (a) Collision  (b) Headway (c) Path (d) Lane
Metrics: H % y—
e  Open-loop vs Closed-loop [ % 0 0
o L2-distance is not very important for closed-loop eval |:| :“ :
e  Eval-only vs Train+eval ; E
o The earlier to get the signal for the model, the better D D : ] (]
° Correlation of MPCD/Disengagements with proxy metrics? D |:| D
o What are just regularization metrics for better train / faster eval? |:| |:| D ; |:|

(e) Traffic lights (f) Comfort  (g) Route (h) Progress

o Sadat, Abbas, et al. "Perceive, predict, and plan: Safe motion planning through interpretable semantic representations." 2020.



https://arxiv.org/abs/2008.05930

Do we really need to
stick to the classical
Autonomy Stack?

e
]




Part IV: Stack

Self-driving policies as a reasonable gate?

Lack of simulators to trust . ' . ' . ‘

Lack of proxy metrics to trust Perception Prediction Planning

Autonomy stack: is it really a stack?
| Locallzatlon J

Academia and Industry
/ Mapping

Conclusion

C8B® 8 68 6/ 8



Stack

Classical modular structure

Sensors
"HD Map

Inputs

Each module:

° Has its own training / validation data
. Can be developed independently

o

Controls

' Steering

" Acceleration




Stack:
unification?

Modular system being very useful still has cons:

° Sub-optimal optimization and
performance

° Hard to propagate uncertainty
estimations

Would be helpful:

° To propagate the learning signal
through the whole stack

° (Probably) not to do end2end approach
like Behavior Cloning (or even Imitation
Learning)

Input (e.g. image)

.
F

learned

representation
—_—
w

-

dfy

dw

NN layers / convolutions

o Vlastelica, Marin, et al. "Differentiation of blackbox combinatorial solvers." 2019

Blackbox combinatorial solver

Is it real?

° The “Theorem of existence” provides
the way to incorporate the
non-differentiable modules into the
pipeline

o Although done for some narrow
class of tasks

solver
output
—_—>
y(w)
' —» Loss
<~
df dL L

dy - W

more NN layers
(optional)

28


https://arxiv.org/abs/1912.02175

Stack:
unification |

Combine: Perception + Prediction

Sensors

HD Map

Steering

Inputs Planning  Controls

Acceleration

Localization
/ Mapping

Luo, Wenijie, et al. "Fast and furious: Real time end-to-end 3d detection, tracking and motion forecasting with a
o single convolutional net." 2018 2



https://openaccess.thecvf.com/content_cvpr_2018/html/Luo_Fast_and_Furious_CVPR_2018_paper.html
https://openaccess.thecvf.com/content_cvpr_2018/html/Luo_Fast_and_Furious_CVPR_2018_paper.html

Stack:
unification Il

Combine: Prediction + Planning

Sensors .
Inputs Perception
HD Map
Localization
/ Mapping

o Liu, Jerry, et al. "Deep structured reactive planning." 2021.

Controls

Steering

Acceleration

30


https://ieeexplore.ieee.org/abstract/document/9561123

Stack:
unification Il

Combine: Perception + Prediction + Planning

Sensors

HD Map

Inputs

Localization
/ Mapping

Sadat, Abbas, et al. "Perceive, predict, and plan: Safe motion planning through interpretable semantic

o representations." 2020.

Controls

Steering

Acceleration

31


https://link.springer.com/chapter/10.1007/978-3-030-58592-1_25
https://link.springer.com/chapter/10.1007/978-3-030-58592-1_25

Stack:
unification IV

Combine: Mapping + Perception + Prediction
+ Planning

Sensors

HD Map

Inputs

o Casas, Sergio, et al. "Mp3: A unified model to map, perceive, predict and plan." 2021.

Controls

Steering

Acceleration

32


https://openaccess.thecvf.com/content/CVPR2021/html/Casas_MP3_A_Unified_Model_To_Map_Perceive_Predict_and_Plan_CVPR_2021_paper.html

Stack and RL

Reinforcement Learning can be added for o
some of the modules combination

. Naturally integrates planning
. State defines the amount of input
information (and the combination of -

r (100)  (100)
2 hidden layers

modules as well) | (ﬁ. itic Network )
rrtic Networ

Update

\ / Update & Poli
olicy
GO (e g

Update

(100)  (100)

_' Risk Network ' 2 hidden layers
(3 —A )

Safe Constraint

(100)  (200)
2 hidden layers

Wen, Lu, et al. "Safe reinforcement learning for autonomous vehicles through parallel constrained policy
Q oviimization." 2020.



https://ieeexplore.ieee.org/abstract/document/9294262
https://ieeexplore.ieee.org/abstract/document/9294262

Part V:
Collaboration

Self-driving policies as a reasonable gate?
Lack of simulators to trust
Lack of proxy metrics to trust

Autonomy stack: is it really a stack?

Academia and Industry

Conclusion
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Academia |

To provide:
e Closed-loop simulation benchmark
with clear API specifications to be

used by any commercial company
o Example: NIST FRVT and its API
m First workshop on metrics by NIST

To research:

e Different modes of agents behavior
o Average (max coverage) and critical
(adversarial) types
o Integrate it into closed-loop simulation

35


https://www.nist.gov/programs-projects/face-recognition-vendor-test-frvt
https://pages.nist.gov/frvt/api/FRVT_ongoing_11_api.pdf
https://www.nist.gov/news-events/events/2022/03/standards-and-performance-metrics-road-autonomous-vehicles

Academia |l

To investigate:
e How far are the current simulators

from real life?
o Distribution shift estimation

To prove:
e What is the influence of this sim2real

distribution shift analytically?
o Sort of certification of numbers inside

specific closed-loop simulation

36



BDD as an example |

Multiple things have been done...

o *Berkeley DeepDrive projects

Synthetic Augmentation
Time-series generator
ng

=
plo= T (| [ - [

Analysis and Synthesis of Road
Vehicle Conflicts using Vehicle
Trajectory Data

BDD Project
Adversarial

\\HGI

Theoretical and Empirical

Investigations of the Trade- Simultaneous On-Target
offs between Open-loopand Domain Adaptation and
Closed-loop Planning Performance Prediction

BDD Project BDD Project

Domain Adaptation

|
|
|
|
|
|5

Uncertainty-Aware
Reinforcement Learning for
Interaction-Intensive Driving

Offline Reinforcement
Learning for Data-Driven
Autonomous Driving Tasks

BDD Project BDD Project
RL

Globally poorly-connected Globally well-connect
Phase 1 Phase 11
-, high barrier

Phase 11 Phase IV-A Pha
barrier

of different types of loss landscapes). Globally well-connected ve
sapes; and locally sharp ally flat loss landscapes. Globall:
spreted in terms of a glol convexity”; and globally well-con
& further divided into two sub-cases, based on the similarity of trained

Measuring Prediction
Trustworthiness and Safety
Through Neural Network Loss
Landscape Analysis

BDD Project BDD Project
Generalization and Robustness

Cross-Domain Self-Supervised
Learning for Adaptation and
Generalization

37


https://deepdrive.berkeley.edu/
https://deepdrive.berkeley.edu/project/offline-reinforcement-learning-data-driven-autonomous-driving
https://deepdrive.berkeley.edu/project/uncertainty-aware-reinforcement-learning-interaction-intensive-driving-tasks
https://deepdrive.berkeley.edu/node/731
https://deepdrive.berkeley.edu/node/730
https://deepdrive.berkeley.edu/node/723
https://deepdrive.berkeley.edu/node/729
https://deepdrive.berkeley.edu/node/725

BDD as an example |l

Multiple things have been done...

° And much more still to do!

Indicating
Variables

Inference
Network

Response
Variables Closed-Loop
System

Simulator
(external interface)

Description
(e.g. Scenic
program)

System
Specification

Safe and Effective Perception
and Control through Formal

Safety Evaluation of

Emor
Table
Analysis

Modeling and Learning Multi-
Agent Behaviors for Simulation
and Analysis of Autonomous

Bridging Simulation and Real
Data with Dynamic SCENIC

Automated Driving Systems Simulation Programs Driving Scenarios
BDD Project BDD Project BDD Project BDD Project

Metrics, Generalization and Verification

o *Berkeley DeepDrive projects

Noving Path

ﬂ; — e i Scolos
[

Combining Deep Learning and
Model Predictive Control for
Safe, Effective Autonomous
Driving

BDD Project
Stack

S

38


https://deepdrive.berkeley.edu/
https://deepdrive.berkeley.edu/node/393
https://deepdrive.berkeley.edu/project/combining-deep-learning-and-model-predictive-control-safe-effective-autonomous-driving
https://deepdrive.berkeley.edu/node/650
https://deepdrive.berkeley.edu/project/safe-and-effective-perception-and-control-through-formal-simulation
https://deepdrive.berkeley.edu/node/721

Industry

To propose:
e Set of metrics to be used for
evaluation

To provide:

e The training data
o Not the evaluation!
o Example: Waymo Open dataset

To research:
e The better technological stack /
approaches for AV driving



https://waymo.com/open/

Al: Academia +
Industry

To agree:

e On metrics to rely on
o Correlation with MPCD / Disengagements /
others?

To collaborate:
e On research topics
e On (sub)tasks descriptions




Part VI: Conclusion

B8 @668 18

Self-driving policies as a reasonable gate?

Lack of simulators to trust

Lack of proxy metrics to trust

Autonomy stack: is it really a stack?

Academia and Industry

Conclusion




Conclusion

\

Hard to use common AV metrics for research
Current closed-loop evaluation is still imperfect

Need to understand what are discrepancies w.r.t.
the real environments (distribution shift) and how to
certify the current results (analytical guarantee)

Eventually the technological approach can be much
(or even completely) different from the classical one

Academia+Industry: synergy is inevitable
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Bright Future

Great change of paradigm:

1. Be as a human driver:
S N years?
2. Be much better as a human driver:
o Is it really a jump of N—NN years?

IDTechEx analysis of California
DMV and NHTSA data

Autonomous vehicles will be able to
cover the same distance as the entire US
ﬂeel(snilionnﬂu)bemm

Autonomous vehicles will
perform with the same salety as
the average american.

Source: IDTechEx
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IDTechEx



https://www.idtechex.com/en/research-report/autonomous-cars-robotaxis-and-sensors-2022-2042/832
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