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Rossum's Universal Robots 1920
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GROOT: Humanoid Robot Foundation Model
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“GROOT N1: An Open Foundation Model for Generalist Humanoid Robots.” NVIDIA, 2025
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“GROOT N1: An Open Foundation Model for Generalist Humanoid Robots.” NVIDIA, 2025
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Autonomous Policy Rollouts (2x)
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Autonomous Policy Rollouts (2x)



Data Pyramid for Generalist Humanoid Robots
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Data Pyramid for Generalist Humanoid Robots

Real-Robot Small, expensive, and active agency

24 Hours / Robot / Day

Simulation &
Synthetic Data

Infinite in principle, hard to scale in practice
Gigabytes / GPU / Day

Unstructured, multimodal, passive

Human Videos @ m

& Web Data ﬂ ;

Exa bytes / Day



Human Data as Scalable Training Sources

Human Motion Data Egocentric Human Videos



SONIC: Generalist Humanoid Whole-Body Control
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Key Idea: motion tracking as the humanoid control super-scaler to learn diverse

behaviors without manual reward engineering.

“SONIC: Supersizing Motion Tracking for Natural Humanoid Whole-Body Control.” Luo et al., 2025



SONIC: Generalist Humanoid Whole-Body Control

® Model Size
1.2M - 42M parameters

35X increase in capacity
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700+ hours of motion data

@® Compute

~9 000 GPU hours
Enables high-fidelity tracking

https://nviabs.qgithub.io/GEAR-SONIC/

“SONIC: Supersizing Motion Tracking for Natural Humanoid Whole-Body Control.” Luo et al., 2025


https://nvlabs.github.io/GEAR-SONIC/
https://nvlabs.github.io/GEAR-SONIC/
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Human Data as Scalable Training Sources

Human Motion Data Egocentric Human Videos



EgoScale: Learning Humanoid Dexterity from Human Videos




EgoScale: Learning Humanoid Dexterity from Human Videos

Pre-training Mid-training Post-training

20,854 Hours Human Videos Human-robot Aligned Play data Efficient Learning on Highly Dexterous Tasks
50 Hours Human + 4 Hours Robot

Unscrew
Bottle

“EgoScale: Scaling Dexterous Manipulation with Diverse Egocentric Human Data.” Zheng et al., 2026



EgoScale: Learning Humanoid Dexterity from Human Videos

“EgoScale: Scaling Dexterous Manipulation with Diverse Egocentric Human Data.” Zheng et al., 2026



Syringe Transfer

—_—

>

=1

o
’.
 /
¢

=
2
)
o+
Sy
O
0
o
>
.2
e
(o
0]
>
o
&
o
C
o
)
=
<




Yy PP PL PDPEPLPETF Y EELE L LI
XX ./ A A2 AN ',-""(‘ ol £ E,{'y‘.u/-'-.{ v .
'S A4 A A -/ YEY)
Bssssesasizoseseass  Card Sorting
- T080000000000000009

3 ‘ ) I”“'(!r‘v" XK} ;:‘h-f }"11 ) ) ’ Y'Y} ’ 4 J(H
._,."‘. _r’./-.:-‘.v:.,-, ey ) 7~ : AP d R 1 g Tf‘. , ”ylo
Y 'J.".' \ \,- 8 | “.:. " ’ '\ » » - O (r = B 7o e AV AW A
SassesaeaeeveoEe ~ 006000000000 0009 [T 0r
e taldle Yo L : . ) f . iaia e e pRAS Y DA 2.4 . y ')’. ARV ‘
RO ses’ -~ sessesesensneees | GGy,
\g,kt}r’{\, . ’ n / 3 ,_._r\’/' > ’ ‘ . ‘ ' ‘

2 4
!

-

‘

.o e
‘o' "

- oy p gy ey
.4_ - e

-
:} )

—~—
-
S
LN
- e
i =y

g} S ' -
e e i i o U e b L AT S &4 of =& R o 14
et - - s oo - -t et
: by - . - . =

=

=2
-
-

2

L NI Sl
-

-

:

22

A LA I
”'““\‘.iuufl“"'l
\Iln\'\l\.\-“-l‘\‘l-

un'l\!"n}l\l\\!l)l
S0 T T T T R %,
‘\.\sl‘]\'.." £

Autonomous Policy Rollouts (8x)
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World Models for Robotics

“Data Sponge”




World Models for Robotics




DreamZero: World Action Models are Zero-shot Policies
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[Video credit: OpenAl Sora]

“DreamZero: World Action Models are Zero-shot Policies.” Ye et al., 2026



DreamZero: World Action Models are Zero-shot Policies
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“Pour nuts into the container.”

“DreamZero: World Action Models are Zero-shot Policies.” Ye et al., 2026



DreamZero: World Action Models are Zero-shot Policies
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“DreamZero: World Action Models are Zero-shot Policies.” Ye et al., 2026



Autonomous Policy Rollouts (2x)




Simulation Frameworks

Datasets and Benchmarks Reference Hardware Designs

UT Austin Robot Perception and Learning Group NVIDIA Generalist Embodied Agent Research Lab

@ rpl.cs.utexas.edu @ research.nvidia.com/labs/gear
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