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Scalable Algorithms

Powerful robot learning models

that scale with data and compute

Data Engine /X

New mechanisms to produce

massive training data
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Humanoidrobot platform for

broad applications
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Versatility: Generalpurpose robot autonomy needs a

versatile body.

Why Humanoids?

First Generalist, then Better Specialist

Research Principle #1.
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Why Humanolids?

Versatility: Generalpurpose robot autonomy needs a
versatile body.

Costs: Hardware becomes cheaper and more robust
to democratize transformative research.
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Why Humanoids?

Versatility: Generalpurpose robot autonomy needs a
versatile body.

Costs: Hardware becomes cheaper and more robust
to democratize transformative research.

Safety: Humanoid robots can be more predictable
and safer for humanrobot interaction.
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[VIOLA, Zhu et al. CoRL 2022]
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Why Humanoids?

Versatility: Generalpurpose robot autonomy needs a
versatile body.

Costs: Hardware becomes cheaper and more robust
to democratize transformative research.
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A Ego4D dataset, CVPR 2022

.

Safety: Humanoid robots can be more predictable
and safer for humanrobot interaction.

Data: Their similar physigue unlocks Internescale,
human-centered data sources.



Why Humanolids?

x Versatility: Generalpurpose robot autonomy needs a
versatile body.

x Costs: Hardware becomes cheaper and more robust
to democratize transformative research.

x  Safety: Humanoid robots can be more predictable
and safer for humanrobot interaction.

x  Data: Their similar physique unlocks Internescale,
human-centered data sources.

Note: humanoid roboticsis still incrediblyhard (1) @ huge challenges inmechanical designs, dynamics
& control, sensor technologies, compute and power, Al algorithm designsc



Learning from Human Videos

single video trajectory rollouts
demonstration IN diverse scenes
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Learning from Human Videos
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Learning from Human Videos

5 OKAMI

: ¥
@ O
G ! Estimatetransformation

O bJ ect-Aware Robot Observation Localizerelevant objects between point clouds
Retarg et ng at test time

t%‘% lo 1 ce Iy

1

o @
Targetand
reference objects

Warped motions Robot execution

l

Retargetmotions
Using SMPL-H

SMPL-H trajectory
segment

r

- OKAMI : Teaching Humanoid Robots Mani p uilktaltCoRLAO24



Learning from Human Videos
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DATA PROCESSING AND GENERATION
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Hierarchical Autonomy Stack: System 4System 2

Multimodal THINKING
- Systemg2° Foundation Model . M |
(~1 Hz) B  FAST.SLOW
DANIEL
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Whole-Body Controller
Fast, intuitive and Slow, conscious
(“'500':“( HZ) emotional and effortful




The Data Pyramid for Generalist Robots

A Massive scale and evergrowing
A Multimodal and unstructured

Web Data

A Human-centered data



The Data Pyramid for Generalist Robots
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