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Robots commercially deployed today

Ag| | |ty D | glt h uma nO| d 40 https://newmarketpitch.com /blogs/news/humanoid-robotic s-digit-deployment-tracker
Waymo ro botax |S 3 K https://techcrunch.com/2026/03/27/waymo-skyrocketing-riders hip-in-one-chart/

Tes | a FSD ™ https://electrek.co/2026/01/28 /tesla-dis closes-fsd-subscriber-count-firs t-time-1-mil lion/

| N d u Strl a | ro bOtS 5 M https://ifr.org/ifr-press-release s/news /global-robot-demand-in-fact orie s-doubles-over-10-years
Room ba ro bOtS S50M https://www.secgov/Archives/edgar/data/1159167/000115916725000011/irbt-20241228 htm
Mobileye ADAS 200M B T e LB e e




( Does autonomy work? ) } ( Can it generalize? )
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Zero-shot driving in 500 cities
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s generalization all you need?

Generalization = safety

Generalization = deployment size

Generalization enables licensing business model
Generalization expands impact beyond driving

Our goal is to build generalizable, cost-efficient autonomy
across heterogenous platforms



< Contrarian ideas >




Wayve has been pioneering
end-to-end Al since 2017
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Industry is shifting towards AV2.0

End-to-end learning from perception to control



( AV1.0 Classical ) ( AV1.5 Hybrid ) ( AV2.0 E2E Al )
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HIGHLY ENGINEERED STACKS E2E MODEL CHECKED BY END-TO-END DRIVING
RULE-BASED SAFETY SYSTEMS RULE-BASED SAFETY SYSTEM LEARNED RISK INTELLIGENCE




Alex Kendall, Jeffrey Hawke, David Janz, Przemyslaw Mazur, Daniele Reda, John-Mark Allen, Vinh-Dieu Lam, Alex Bewley, Amar Shah. Learning to Drive in a Day. ICRA, 2019.



Reinforcement Learning at Wayve today

Millions of hours of driving experience

On- and off-policy data flywheel with large diverse fleet

Multi-billion parameter critics and world models




l[dea Thursday — Ride-along Monday
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Multi-Agent Reinforcement Learning in
Simulation for Urban Driving

Efficient tokenized input

Distributed training for



speed action

Scenario: through—right—vs—giveway—straight
Reward: 0.025
Speed: 0.00m/s
Accel: 0.00m/s~2
Pitch: 0.00deg

1' Ends in 14.2sec

value

World: sook—test—world
Lane part: 60

Should move: no
Desired speed: 8.94m/s
Vehicle density: 0.0

# of agents: 2

distilled trajectory
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a Batched Gigaflow simulation b Gigaflow world

==}
- .

one policy for all agents

L L LT T T 2

Lane points Wig.

Stop lines Wi
Vehicle state S
Other agents A ¥ 9 A . % =
Conditioning and goals C = —

d Gigaflow policy ¢ Gigaflow agent

Robust Autonomy Emerges from Self-Play [Cusumano-Towner et al. 2025]



Distilling to a non-privileged driving policy

INTERACTIVE SIM — WORLD: 090¢14-7¢91ff-0025 IN CONTROL: S2 MODEL [TRAIN SIM]
MODEL ID: lionfish—fierce—peach / session_2023_03_17_10_59_28_am|-v100-1nn_paul_dagger_vO_step_... MODEL TYPE: birdseye_costmap_mcn

= ; : ) i g Wi / 7 J TIMESTAMP: 39.40sec

———

| VELOCITY: 5.43m/s

DISTANCE: 208.38m
SPEED LIMIT:  8.94m/s
EPISODE ENDS: 117.10sec
REASON: vehicle

FERLBLBELLE L &y

BEV COSTMAP:

End-to-End Urban Driving by Imitating a
Reinforcement Learning Coach [Zhang et al. 2021]



Rendered procedural simulation is
insufficiently realistic and diverse
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Diverse Futures
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GAIA-2 - March 2025
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Generating out-of-distribution data




GAIA-3 - Dec 2025




Increased realism




Ego-vehicle control




Too Fast Too Slow

Drift Left Drift Right Too Fast
. e d Y

Too Fast

Drift Left Drift Right Too Fast Too Slow



Embodiment transfer

Original
Embodiment

Embodiment A Embodiment B




Embodiment transfer
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World Models
[Ha & Schmidhuber, 2018]

DreamerVi-3
[Hafner et al. 2019-2025]



Dreaming about driving

Wayve’s 2018 Blog Post: https://wayve.ai/thinking/dreaming-about-driving/
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Wayve’s 2018 Blog Post: htt
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What is the reward function for embodied Al?

& S

Hand designed rules !ﬁ Imitation + intervention
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Learning risk in simulation, training on cra



Learning risk in simulation, traini













NCAP Testing
Data Collection

Model fails







Testing in Bay Area

Failed to Avoid Vehicle
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SCALING THE AUTONOMY ECOSYSTEM

Contrarian belief #3:
Plattorm will reach greater sc
than vertically integrated au
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Al deployment strategy

Pretraining Post-training Distillation and compression




Contrarian belief #4: cost matters!

Are supervised ‘reasoning’ approaches too label and data hungry?

More interesting questions for Wayve:

Can we drive 1O0M miles virtually within an hour to do validation with
world models?

How can we achieve L5 with mass-market $1000 hardware per car?
How to assemble diverse data partners for efficient fleet learning?
Can world models run in real time on embedded hardware?
Learning one representation agnostic to vehicle/sensor/compute?
How can we generalize validation evidence between applications?

Physical Al MuZero moment where a single model can explore, plan
and critic in real time?



More
Deployment

Deployment

AV2.0
Flywheel
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Autonomous driving will be the first frontier
of Embodied Al

Availability of large-scale data

Hardware maturity
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What can we learn from self driving?

Constrained environments and simplification (Phoenix AZ, HD-maps) failed to create
general purpose solutions

Design for global scale from beginning, tackle hardest problems first

Need a strategy for large-scale data collection and self-supervised learning for training
and validation

Is large scale motion capture data a mistake for manipulation?




for Success R i

e Sloteasily into our messy world

* Be economically scalable as a business

* Be loved by public and regulators

* Meet human safety / reliability expectations

Add value and utility to our lives
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Model-based RL |
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Model compression



mailto:careers@wayve.ai
mailto:abs-careers@wayve.ai
mailto:abs-careers@wayve.ai
mailto:abs-careers@wayve.ai







	title
	Slide 1

	zoom out
	Slide 2: Robots commercially deployed today
	Slide 3

	where are we today
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17: Is generalization all you need?

	wayve history
	Slide 18
	Slide 19
	Slide 20
	Slide 21

	RL at Wayve
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29: Distilling to a non-privileged driving policy
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59

	Commercial path
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 67: AI deployment strategy
	Slide 68: Contrarian belief #4: cost matters!
	Slide 69
	Slide 70
	Slide 71: Autonomous driving will be the first frontier of Embodied AI 
	Slide 72
	Slide 73: Embodied AI Vision for Success

	conclusions
	Slide 74
	Slide 75
	Slide 76
	Slide 77
	Slide 78


