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Why Humanoids?



Why HumanoidsNow?



The Humanoid Robot Timeline
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Building Generalist Humanoid Robots

Why Humanoids? A Researcher ®s Pers

x Versatility: Generalpurpose robot autonomy needs a
versatile body.
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[Credit: Chad Jenkins]

[ASAP, He*, Gao*, Xiao*, Zhang*, et al. 2025]



Building Generalist Humanoid Robots

Why Humanoids? A Researcher ®s Pers

x  Versatility: Generalpurpose robot autonomy needs a
versatile body.
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[Source: Future Care Lab in Japan]



Building Generalist Humanoid Robots

Why Humanoids? A Researcher ®s Pers
x Versatility: Generalpurpose robot autonomy needs a
versatile body.

x Hardware: Robot hardware gets cheaper and more
robust, democratizing transformative research.

x  Brownfield: Humanoids can seamlessly integrate into
the human world infrastructure.

x Impact: Aging workforces, shrinking labor pools, and
over $50 trillion global GDP attributed to labor.
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Building Generalist Humanoid Robots

Why Humanoids? A Researcher ®s Pers
x Versatility: Generalpurpose robot autonomy needs a
versatile body.

x Hardware: Robot hardware gets cheaper and more
robust, democratizing transformative research.

x  Brownfield: Humanoids can seamlessly integrate into
the human world infrastructure.

x Impact: Aging workforces, shrinking labor pools, and
over $50 trillion global GDP attributed to labor.

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



OKAMI: Learning from Human Videos
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single video trajectory rollouts
demonstration In diverse scenes

- OKAMI: Teaching Humanoid Robots Manipulation Skills through Single Video Imitatioh L iCoRL2024a | .



OKAMI: Learning from Human Videos

Stage |: Reference Plan Generation
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OKAMI: Learning from Human Videos
Stage lI: ObjectAware Retargeting
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placmg snacks on plate(75 0%)
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bagglng (58. 3%) sprinkling salt(58.3%)

OKAMI: Learning from Human Videos

putting toy In basket(66.7%)
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closing the drawer(75.0%) closing the laptop(83.3%)
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Robotic Foundation ModelsThe Data-Centric Trend

Data Sources (2.3.2) Tasks (2.3.1)
Robotic Videos of Intuitive, multi-modal task specification
Interaction Humans Fo:dnc:jation "Make 3 Reward
odae sandwich” m"’"‘"n" Function :
| ,.k_. - input output g
Training § Adaptation
4%
} Fast adaptation for task learning 2
Natural

Simulation Language Policy in Policy in
Kitchen A Kitchen B

“Pick up the input e Output

cup. Turn on

the stove.” “Open Fridge” “Open Fridge”

Adapts to new tasks, environments, and embodiments.

[Source: Bommasaniet al. 2021]

1) scale large-scale training data, 2) train generalist transformebased models, and 3) specialize the generalist model



GROOT N1: Open Humanoid Robot Foundation Model
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