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NVIDIA DRIVE DEVELOPMENT PLATFORM

Building Autonomous Vehicles (AV) requires a tremendous investment:
Continuous Engineering - For data collection, training, simulation, validation, testing, and deployment

Strong Infrastructure, Tools and Methodology - Comprehensive platform not commercially available
today

New Algorithms & SW - Target computer needs to be SW defined and programmable

Unified Fleet Management - One base architecture to enable agility of development, bug fixing

NVIDIA’s open platform, DRIVE, enables to iterate faster and for the entire product lifecycle
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BUILDING AN AV REQUIRES A PROCESS

It requires a data driven approach, rich tools to develop and validate
(simulation), Hybrid Cloud + Target Hardware - and a strong methodology!
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DATA DRIVEN Al DEVELOPMENT

One of the biggest challenges to develop Al is to build the right datasets

Targeted Learning

Generate Datasets Generate Models Develop AV SW Validate

DRIVE TRAIN

DRIVE DATA

DRIVE AV

DRIVE REPLAY DRIVE SIM
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Structured Metadata
(Geo, ...)

Data Integrity
Values

Segment Labels

GENERATE DATASETS: PROCESS

Data Needs

Perception Bug

AV Build +
DNNs

“Clean”, Indexed
sensor data
(Radar, CAN, Lidar,
GPS, IMU, Video)

Generate Datasets

AV Build +
DNNs

Mislabeled |

Data

Test
Datasets

Training
Datasets

KPI
Validation
Datasets
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ACTIVE LEARNING WITH MAGLEV

CRAWL DATA

- Scalable Querying
- Large Dataset Export |

TRAIN SCORE + SELECT

- Workflow Management
- Scalable storing/querying
- Large compute cluster

- Workflow management
- Experiment Tracking /
HyperOpt

been-tearning-buitdimsbioct

GENERATE DATA LABEL

- Programmatic data
enqueueing




TARGETED LEARNING

Similar cycle as active learning, but mine data based on “seed” (=bug)

Perception
CRAWL DATA

Query and export new
unlabeled data based on
bug
Similar cycle as for active learning, but:

Relies on bug to seed search through

Workflows to train/evaluate Large-scale inference data lake
new model workflow to automatically
score and select frames

m

APPEND

append labeled examples to
training data

send examples to
labeling

programmatically
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DIFFICULTY OF GROUND TRUTH PRODUCTION

Many Different GT Signals Need to be Supported

Many different input sensors
Standard sensors
LIDAR
High precision GPS
Etc.

100+ Output signals used
Static vs. dynamic
Obstacles
Traffic lights
Maps
Etc.

Different outputs for different use cases
2D - Projected back to image space on all
Sensors
3D - World coordinates
Etc.

Category GT Sat Signal (vi=colors) Sensor / Domain _| Details
The ensemble of | The short description of the GT Speaks for tself  |Long description of the GT Signal
GT signals that_ | signal
Dynamic Obstacles 2D Tight 2D Bounding Box
Pixel-accurate Object Contour
Markers Indicating Visble Comer of Vehicle
Attributes indicating occhusion (by other objects) and truncation (by
20 Dynamic image boundary)
Obstacie GT Set

Dynamic Obstacles 3D (Lidars

Radar)

Dynamic Obstacles Fusion

Class According to World Model Spec
Frame-Frame 20 Velocity in Image Space
Time Persistent Object 1D in 20

Objoct to Lane Assignment Relative to Ego Lane

Closest vehicie in path

top view polygon in xy fig space

3d bbox. fully oriented in xyz rig space

Class According to World Model Spec

Frame-Frame 3D Velocity Ego-Motion Compensated
Frame-Frame 3D Acceleration Ego-Motion Compensated
Frame-Frame 30 Angular Velocity Ego-Mation Compensated
Ego Car to Object Distance

Time Persistent Object D in 30

age | pixel-accurate instance contours in range image

age |pixel-accurate segmentation contours in range image

por-scene link between 30 objects and their 20 projecsions




E2E LABELING WORKFLOW

Assemble all
project assets
and settings

Create job
Cree?te N InjplgmenF N Deyglop Train labelers
labeling > guidelines in > training
o . and QA
guidelines tools materials
Apply labels (frame labeling)
Request > Use eyes to Human Submit for
labeling job parse image Labeling review

Review labels (frame labeling)

Request QA > s ::/szs 2 R Fix minor Approve/reject
job parse errors labels
annotations
Audit/cleanup !
Set up Use eyes to
auditing for > quueg,t > parse Approve/reject
auditing job
project annotations

Most of these process steps for
opportunities for optimization,
some through applications of
DL technology, others through
simpler process improvements

All will need to be validated
with measurements

Y

Remove
invalid labels

Y

Export




LABELING TOOLS

nuu -~ - . W00 e

() coms | (3] s |51~ [0 e B O RSB G S
Segment Labeler

LIDAR Labeling Object Tracking
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LABELING WORKFLOWS

Pluggable, composable workflows

= Multipass Workflow for detection-e:people
= S1. Coverage = §2. Group Breaking =33. Rough Classificaiton | = S4. Rough Geometry = S5. Detailed Geometry |'S6. Detailed Classification | ='S7. Frame Level Action |=  Final/Composed
( N/A for now, future:
Box2D ‘ kids vs. adults, dogs
Vs, cats

| Classification or attributes |

ﬂ/‘ For selected classes, ESD BOX

Rough box each

— person, ar:‘di:\félstmller, C'“Sm\fagl“‘;‘;ﬁ,";‘é"'s' mark O/T, ;g;:;sz tight Generate Box 3D = r >
Classification |
/ [
or attributes )
J > d Identify CIPO E—
— - Classification
@]: Box around all | Classification or attributes| or Bttributes
e individual objects in a ( A N
group | Box2D | )
| Box2D |
[ Polygon2D 15
| nl | Polygon2D |
(Classiﬁcation or aﬂributes]
Polygon2D |
J ngiJ Classify cycle vs. Generate tight polygon >

Polygon each person
group

vehicle group for groups

15 <ANVIDIA.




key

LABELING: VERSIONED, TRACEABLE GUIDELINES

: frame:obstacle-b:vehicles:v2

title: Obstacle-b Vehicles
owner: Tilman Wekel <twekel@nvidia.com>
description: |+

Vehicles General Guidelines:

docurl: smb://netapp-pu/dnndf/AV-Guidelines/obstacle-detection-b-v2.pd{
status: DRAFT
tooltype: SHAPE2D
coveringtype: COVERING
appconfig:

All vehicles in a frame must be boxed.

Do not include antennas/long-structures on top of vehicles in the
BBOX for obstacle project.

Start with obvious "Automobiles" and "Heavy Truck" understand the
differences from examples.

If a vehicle is not obviously an "Automobile" a “Heavy Truck”
please label it as an “Other Vehicle”.

If a something is obviously a vehicle but is too far or hidden to

determine the type, please use “Unclassifiable Vehicle”.
Please read the guidelines for “Vehicle Group” to speed up
labeling in certain conditions.

Minimum Bounding Box size is 1@px width and 6px height.

tasktypes:

rejectionreasons:

- name: single_pass
title: Single Pass

- name: normal_label
title: Normal Label
key: rejection-reasons:generic:normal-label:vl
values:
- npame: annotation_too_loose
title: Annotation too loose
- name: annotation_too_tight
title: Annotation too tight
- name: incorrect_classifictation
title: Classification incorrect
- name: incorrect_attributes
title: Attributes incorrect
- name: other
title: Other
require_comment:
- name: bad_label
title: Bad Label
key: rejection-reasons:generic:bad-label:vl
values:
- name: wrong_classification
title: Wrong Classification
- name: other
title: Other
reauire comment *

Generate
Labeling Ul
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DATASET EXPORT

maglev export frames -i /tmp/people-frames.pb \
-n my-people-project \
-d "frames with labelclasskey like %people%" \

--image.crop center --image.scale full --image.encoding jpegl00 \

--image.isp xavierisp
--image.crop none --image.scale half --image.encoding jpegl00 \

--image.isp xavierisp

maglev export frames -i /tmp/paths-a-japan.pb -n "paths-a-japan" \

--image.crop center --image.scale full --image.encoding jpegl00 \

--labelclass.csv=/tmp/labelclass.csv

maglev export sessions -t xform -i /tmp/mp4-sessions.pb -n mp4-sessions-export-test --wait

<ANVIDIA.



DATA PREP

Unified & extensible data preparation

)
Ui GE1E Online data
Data lake AV Export processmg processing DNN training KPIs

< Iterate >

AIE I, Online data
Data lake Data query processmg DNN training KPls
| processing

CURRENT

FUTURE
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DEPLOYMENT AT FLEET SCALE

2 — Index Data DRIVE DATA DRIVE TRAIN DRIVE AV
— Segment Labels > . o
— Quality Checks '“

.
- B
A"

3
Release to Customer

Data oe 0O — In-cloud
— Continuous feedback
DRIVE DATA . Loop
--ﬂ € —————— m
5 —> Disengagements
--- — High Uncertainty
— Shadow Data
((‘. — Telemetry
A
‘Q‘ — Prod SW (3 months)
® 6 |- shadow Patch (2 weeks)
— Incremental Patch (5 weeks)
1 Data
Campaigns /
New ODDs / D A Y= <
Targeted ODD

Data Collection Fleet

DRIVE REPLAY

4

Offline
Validation PASS
— On-road
Test SW
Campaign

DRIVE SIM

-
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nvidia.com/en-us/self-driving-cars/drive- labs:"
twitter.com/nvidiaDRIVE
twitter.com/nvidiaAl

twitter.com/nkoumchatzky
twitter.com/clmt




