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Road death statistics [WHO Road Safety]

1,350,000 #1 1in2

road deaths every year killer of people aged between 5- road deaths are pedestrians,
29 cyclists or motorcyclists

Every

24 seconds

someone is killed on a road

Every year between 20 and 50 million people are non-fatally injured


https://www.who.int/health-topics/road-safety

Human error accounts for the
vast majority of road accidents

Speeding

Aggressive and reckless driving
Distracted driving

Inebriation

Drowsy driving

INHTSA 2016]












ALVINN:
AN AUTONOMOUS LAND VEHICLE IN A
NEURAL NETWORK
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Road Intensity 45 Direction
Feedback Unit Output Units

8x32 Range Finder
Input Retina

30x32 Video
Input Retina

[Pomerleau 1988]



https://proceedings.neurips.cc/paper/1988/file/812b4ba287f5ee0bc9d43bbf5bbe87fb-Paper.pdf

DARPA Grand Challenge 2004-2005 DARPA Urban Challenge 2007
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Why aren’t self-driving cars here yet?
It’'s 2020. Where are our self-
driving cars?

The
Economist
In the age of Al advances, self-driving cars turned out to be harder than

Leaders | Autonomous vehicles people expected.

Driverless cars are stuck in a jam AP Dot et st

Pﬂ #ThePCMagCheap100  #Windows1l  Best Products Reviews How-To News Deals Newsletters Find prody

= Menu Weekly edition Q, Search v

40 YEARS

PCMag editors select and review products independently. If you buy through affilate links, we may earn ions, which help support our testing. Learn more.

Home > News > Cars&Auto

The Predictions Were Wrong: Self-Driving
Cars Have a Long Way to Go

Removing humans from behind the steering wheel is a tough nut to crack. Before we reach the
driverless, accident-free utopia we've been dreaming of for decades, we must overcome several

hurdles, and they're not all technical. The technology behind autonomous vehicles has proved
devilishly hard to perfect. And progress hasn't been helped by
e ByBenDickson Februaryfi,2019 § W [@ - Tesla boss Elon Musk’s army of superfans

The Observer Self-driving cars

How self-driving cars got stuck in the
slow lane




Why aren’t self-driving cars here yet?

Harder problem than everyone imagined
Complexity from perception to decision making
Vehicle integration

Regulation




Outline

1. Technical challenges

2. How to build a self-driving car

3. Research highlights

Confidential. Please do not distribute.



Confidential. Please do not distribute.



What are the technical challenges?

8 3 sensing

Building a
Robot Platform

Actuation & Control

Dynamic Scenes
Decision

Making Under <
Complexity

¥  Real World Complexity
W ™ LongTail
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X Sensing

The dominant sensor modalities used in robotics are:

- Actuators (i.e. motor speed, position)
* Inertial Measurement Unit (IMU)

+ Global Navigation Satellite System (GNSS)
- Cameras

- RADAR
- LiDAR



X Sensing: Actuators

Measure the motion of
teeth past a sensor

To electronic
control unit (ECU)

ABS wheel
speed sensor

‘T L




X Sensing: Inertial Measurement

» Acceleration sensing (3D)
« Angular velocity sensing (3D)

Y AXIS

LAXIS YAW

X AXIS PITCH

IMUs are extremely useful, but suffer from




X Sensing: Global Navigation Satellite System

Pros:
* Global 2.5D positioning: [x, y, 6]

Cons:

* ~1-10m accuracy |
* Consumer-grade limited to ~5Hz
& Urban [UQ[D

* Urban canyons hugely degrade Canyon: ,
GNSS performance: multipath o
effects + blocked signal 4




X Sensing: Cameras

Typical camera:

~1-8MP, ~8-14 bit colour (Red, Green, Blue), 20-200Hz
Tradeoff: frame rate vs resolution

Optical flow, visual odometry, Object detection, tracking,
and localisation segmentation

Monocular cameras

Stereo Cameras




X Sensing: Radar

Metric depth sensing robust to weather, lighting conditions,
~200m+ range, can see through objects

Noisy, multipath effects, not 3D

E.g., Continental ARS441 e
E.g., Waymo imaging radar visualisation



X Sensing: Lidar

Pros:

* Depth sensing robust to lighting

conditions, very accurate / low noise
*  100-300m+ range pointcloud: [, y, Z]
* 0.3-10M points/second at 5-20Hz

Cons:

* Degraded by rain, snow

* Sparse signal at distance

* Expensive (though improving)

* Poorlongevity (though improving)




More compute -> better
predictions

Real-time requirements l"
(e.g. latency)

RTX 4090
Space, power, thermal

limited

Effect on EV battery life




() Actuation & Control

Steering

Brake

Accelerator
Indicators

Horn? Hazard Lights?

Doors? Locks?




What are the technical challenges?

Building a
Robot Platform

Decision
Making Under
Complexity

@ O3 sensing

Compute

<

\ Actuation & Control
/

A Dynamic Scenes
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4L Dynamic Scenes

The world is dynamic

Humans are often highly
unpredictable

Even the static environment
evolves

(e.g. >100 different roadworks per day in Liverpool UK)

(a) U-tum (b) Lane merging (c) Intersection (d) Overtaking

(e) Two-way traffic

(f) Unprotected left turn (g) Cut-in (h) On-ramp merge
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2. How to build
your self-driving car
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The “Traditional” Approach




SENSORS PERCEPTION PLANNING

ROUTE PLANNING

PREDICTION

CAMERA » DETECTION

LANE DETECTION ¢

RADAR q

TRAFFIC LIGHT DETECTION &
CLASSIFICATION

TRAFFIC SIGN DETECTION & BEHAVIOR
CLASSIFICATION PLANNING

OBJECT DETECTION & TRACKING P TRAJECTORY
. PLANNING

FREE SPACE DETECTION 1

MAP

Driving Intelligence
System

LIDAR OTHERS

OTHERS




hne Boundary 2
ne Paint L& Lane Arrow

Lane Drive path i Lane Width
\ / £ 3

Example HD Maps




Example Perception Outputs, Predictions,
and Driving Plan

Image: Waymo



SENSORS

CAMERA '

RADAR q

LIDAR

PERCEPTION

DETECTION

LANE DETECTION

TRAFFIC LIGHT DETECTION &
CLASSIFICATION

TRAFFIC SIGN DETECTION &
CLASSIFICATION

OBJECT DETECTION & TRACKING

FREE SPACE DETECTION

OTHERS

Heavy
sensor
stack

*

D

PLANNING

ROUTE PLANNING

PREDICTION

i TRAJECTORY
) PLANNING

BEHAVIOR
PLANNING

MAP

*

Many hand-designed interfaces between
learned perception and planning modules.

High-definition mapping and precise localization typically required.

OTHERS




Challenges of

- Expensive to engineer
- Hard to integrate
- Challenging to scale

HD Maps LIDAR Sensors Hand-Designed
(brittle / slow to build / (expensive / short lifespan / RuIeS/PipeIine/Interfaces

expensive to maintain) hard to integrate) (rigid / brittle / clunky)




Confidential. Please do not distribute.



Deep learning has already
achieved superhuman
performance in domains
that are comparably
complex to autonomous
driving (but more
accessible and
structured)

IMAGE
RECOGNITION

ImageNet considered a
solved problem in 2017

GAMES

AlphaStar winning Starcraft
(DeepMind)

N
=

—

MuZero learning Go, Chess,
Shogi, and Atari (DeepMind)

NATURAL LANGUAGE &
VISION

DALL-E 2 /Imagen
creating images from text
(OpenAl / Google)

BIOCHEMISTRY

xxxxxxxxxxxxxxxxxxx

@ Computational prediction

AlphaFold solving protein
folding (DeepMind)


https://devopedia.org/imagenet
https://openai.com/dall-e-2/
https://imagen.research.google/
https://deepmind.com/blog/article/alphastar-mastering-real-time-strategy-game-starcraft-ii
https://deepmind.com/blog/article/muzero-mastering-go-chess-shogi-and-atari-without-rules
https://deepmind.com/blog/article/putting-the-power-of-alphafold-into-the-worlds-hands

Scale of data + compute is driving Al breakthrough after breakthrough

]

__.__
AlphaGo
40 days training

StableDiffusion
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CLIP
400M image, text pairs

are loyal and friendly.

ons that a dog might be in a bad mood?
a dog might be in a bad mood are if it is hungry or if it is hot.

GPT-3
175B parameters

Whisper
700,000 hours (80 years!) of audio

CLIP VIT-L
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600,000 iterations batch size 2048 across 64 TPUs






SENSORS




HD Maps LIDAR Sensors Hand-Designed
(brittle / slow to build / (expensive / short lifespan / Rules/Pipeline/Interfaces

expensive to maintain) hard to integrate) (rigid / brittle / clunky)
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Ignormg newspaper in road
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World Models
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Accumulate knowledge, common-sense

“Understand the rules of the world before

understanding the rules of the road.”
@ confidential. Pesse do no disbute



Motivations

Equip our driving models with a strong understanding of the
world:

- Semantics

- 3D geometry
- Motion

- Interaction

@ Confidential. Please do not distribute
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To drive well, you need
to be able to predict the
future.. and the
different possibilities
the future holds




b

A world model is a generative model that
predicts what happens next

conditioned on some context: P(St_|_1 |S¢, Ct)

Applications

..and more

@@ confidential. Please do not distribut




How do we train a world model‘_




Self-supervised training

Language
models




- Imperfect driving

- Videos not even related to
driving

-> Contribute to enrich the model’s
knowledge about the world.

@ Confidential. Please do not distribute
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GAIA-1 Architecture

Objectives of the image tokenizer:

- from raw pixels
to make the sequence modelling problem
tractable.

image
9 encoder 9

- Guide the compression towards
instead of high frequency

signals.

@ Confidential. Please do not distribute. 62



GAIA-1 Architecture

image
encoder 9

action
9 encoder 9

to pedestrians 9 text 9
e encoder

“I am approaching a
crossing yielding -

@ Confidential. Please do not distribute.



GAIA-1 Architecture

“I am approaching a
crossing yielding
to pedestrians”

_>

@ Confidential. Please do not distribute.

image
encoder 9

action
encoder 9

text
encoder 9

input
tokens




GAIA-1 Architecture

input output
tokens tokens

input image
video 9 encoder 92

N

action
encoder

DO -

autoregressive

rediction
- n i p "
. .

“I am approaching a 1
crossing yielding
to pedestrians”

text
9 encoder 9

“It is safe to move
so I am now
accelerating”

@ Confidential. Please do not distribute.



GAIA-1 Architecture

input output
tokens tokens

image
encoder 9

world model —> -> é;ggger

action
9 encoder 9

autoregressive

prediction
“I am approaching a - - . -

crossing yielding
to pedestrians”

text
9 encoder 9

@ Confidential. Please do not distribute.
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Scaling GAIA-1
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GAIA-0 (Nov. 2022)
- 0.1B parameters
- Trained for 20 GPU days

- On 20B training tokens

O



Forcing a left drift, then a right drift




Forcing the model to stop, then accelerate




Confidential. Please do not distribute.



GAIA-1S (June 2023)

- 1B parameters (10x more parameters)
- Trained for 120 GPU days (6x more compute)

- 0On70B training tokens (4x more data)

Q



Multiple futures

Context vide Future 1 Future 2

l‘

@ Confidentiz



Action-conditioned rollouts

Context video




Out-of-distribution examples




Out-of-distribution examples
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GAIA-1 (Today)

- 10B parameters (10x more parameters)
- Trained for 1500 GPU days (12x more compute)

- On 300B training tokens (4x more data)

@ Confidential. Please do not distribute.

O



Comparison




GATA-0
GAIA-0 (0.1B parameters) 6.1B




O ©
GATA-1 S

GAIA-1 S (1B parameters) 1B




GAIA-1 (10B parameters

@,
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Scaling curves of models 10,000x to 10x smaller

8.0 A
6.0 1
GAIA-0
.//// 0.1B
GAIA-1 S
e 1B
0.0001x (0.65M)
0.001x (6.6M)
0.01x (66M)

0.1x (650M) .
GAIA-1 (6.5B) I GA:IIBAB 1

Training cross-entropy
N
)

>
o
|

1015 1017 1019 102! 102
Compute (FLOPs)



Final model performance predicted with 20x less compute

5.0
® Observations
\\\ === Prediction
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Capabilities
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Long Video Generation




Diverse Futures

@ Confidential. Please do not distribute

Generated by GAIA-1




Action Conditioning

Go Left (strong) . Go Right (strong)‘

@ Confidential. Please do not distribute Generated by GAIA-1



Language Conditioned

-

“It’s rainy”

“It’s sunny”

‘(It’s foggy,,



Language Conditioned

“It’s twilight” “It’s night”



Opportunities ahead © -y

- Integrating GAIA into Wayve’s on-road Driving Al

- Scaling up (even more), multi-view generation, multi-
sensor

- GAIA as a learned simulator for training and evaluation

@ Confidential. Please do not distribute



Language Meets
Driving
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Language meets driving

LLMs encode huge knowledge about driving

You are driving along a road and a ball rolls out onto the road in front of you. What might
happen next?

If the ball rolls out ONto th~ =~nA in frant Af vaiirhila van ara Arivina A man haua $a 4 D

o s . oon
brake or swerve to avoid u How would your answer change if we were driving next to a school?

damage to your vehicle (

distraction and could ca
. If you are driving next to a school and a ball rolls out onto the road in front of you, it is
even more important to be extra caut

>

“ Is this still true if the time is midnight?

drive cautiously and be ¢

be present and may not be paying at
stop or swerve to avoid hitting the ba
may be crossing guards or crossing s .

. If the time is midnight and you are driving next to a school, the risk of children being
cross the street, so it is important to (

! present on the road would be significantly lower compared to during school hours.
ensure the safety of the children.

However, it's still important to be aware of your surroundings and be prepared to stop or
swerve to avoid hitting any objects that may roll out onto the road, such as a ball.
Additionally, it's important to obey traffic laws and signals in a school zone at all times,
regardless of the time of day. Even if there are no children present, the speed limit and

traffic signals are designed to keep the area safe for all road users.

& &P



Opportunities for language in autonomous driving

Explainability — user and regulator confidence

Multimodal training — data efficiency

Common-sense reasoning — solving the long tail

@ Confidential. Please do not distribute



Explainabillity

Planning

Counterfactuals X Road-rules

x o
a D4
Perception Attention

I'm slowing down
because there is a
van merging into my lane

*

Language
Model

<« What’s your plan for
the next 3 seconds?
Why?

@ Confidential. Please do not distribute



LINGO: Natural Language meets Driving

Learned queries —» — Driving action

Video input

Language
Model

Wayve
Vision
Model

@ Confidential. Please do not distribute
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Staying stopped due to the red light.



Future Direction: Multimodal Training

i N7 ¥ BY “We must stay stopped until all
Nl F pedestrians have cleared the zebra
: - crossing.

There are several pedestrians ahead we
need to pay attention to, even those not in
the zebra crossing.

Once they are clear we can proceed to the
intersection where we must give way to
cross traffic.

T S e

There’s also a 20mph speed limit sign, so
we must adjust our speed accordingly.”

Opportunity for enormous data efficiency: a paragraph of text may be worth a thousand videos

@ Confidential. Please do not distribute




Future Direction: Reasoning for Driving

I'm slowing down
because there is a
van merging into my lane

!

Driving Language
Model Model

What’s your plan for
the next 3 seconds?
Why?

“Thinking fast” “Thinking slow”

@ Confidential. Please do not distribute



Conclusions
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@ WAYVE

Conclusions

- Autonomous driving is the next major frontier in Al
- End-to-end learned driving offers a scalable solution

- Huge scope for further innovation in data, models, and
learning

@ Confidential. Please do not distribute
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