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Background & Motivation

From Digital to Physical

m Photo: Patrick T. Fallon/AFP via Getty Images

Nvidia Live at CES 2026 in Las Vegas
(26.01.05) Jensen Huang says,

"Al Is Leaving the screen to

enter the physical world.”



Agenda
I

1 Model : NVIDIA GROOT
2 Platform : LeRobot

3 Workflow : NVIDIA Blueprint

4 Proposal
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GROOT N1: An Open Foundation Model for Generalist
Humanoid Robots
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NVIDIA GROOT

Problem : Data Pyramid
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Figure 1: Data Pyramid for Robot Foundation Model
Training. GROOT N1’s heterogeneous training corpora
can be represented as a pyramid: data quantity de-
creases, and embodiment-specificity increases, moving
from the bottom to the top.
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NVIDIA GROOT

GROOT Overview - A Generalist Agent

» Concept : LTt 2 X (Humanoid, Arm)= X 0{& &= U= Foundation Model.
« Dual-System Architecture (9! 7t Q1 X| 2 & XI-8):
 System 2 (Reasoning): =2|X|Zt =2[&. VLM (Vision-Language Model) 7|t

« System 1 (Action): =11 BtALE DIT (Diffusion Transformer) 7|t



NVIDIA GROOT

GROOT Overview - A Generalist Agent
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Figure 2: GROOT N1 Model Overview. Our model is a Vision-Language-Action (VLA) model that adopts a

dual-system design. We convert the image observation and language instruction into a sequence of tokens to
be processed by the Vision-Language Model (VLM) backbone. The VLM outputs, together with robot state and
action encodings, are passed to the Diffusion Transformer module to generate motor actions.



NVIDIA GROOT

Methodology 1 - System 2 (VLM Backbone)
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NVIDIA GROOT

Methodology 2 -

(Action Flow Matching)
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e Architecture : Diffusion Transformer (DiT).
* Mechanism (Flow Matching) :
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Flow Matching 7|& AI&.
- = 0| =(Random Noise)25E{ A|ZH8),
System 22| EZ& X7 (Cross-Attention)

OZ Hio} MXIAM O 2 Action Chunk(Y &

Sk
=

Sk LR M O| =

- O O

rlo

“Action Chunking : ¢!

o H 2B S&S



NVIDIA GROOT

Methodology 2 - (Action Flow Matching)
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Figure 3: GROOT N1 Model Architecture. GROOT N1 is trained on a diverse set of embodiments ranging from
single-arm robot arms to bimanual humanoid dexterous hands. To deal with different robot embodiment’s
state observation and action, we use DiT blocks with an embodiment-aware state and action encoder to embed
the robot’s state and action inputs. GROOT N1 model leverages latent embeddings of the Eagle-2 model to
incorporate the robot’s visual observation and language instructions. The vision language tokens will then be
fed into the DiT blocks through cross-attention layers.

e Architecture : Diffusion Transformer (DiT).
* Mechanism (Flow Matching) :
.« 7|Z Diffusion2Ct & OPH 40| &
Flow Matching 7|& AI&.
« £ O0|=(Random Noise)Z2E A|Ztsf,
System 22| EZ& X7 (Cross-Attention)
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NVIDIA GROOT

Methodology 3 - Training with "Action-less™ Data

* Problem:
- E& H|0|H= M1, AFE H|C|2(YouTube &)= BELL.
« SFX|2t AFZE H|C| 2 Action(Joint Angle) H 27t QICH
« Solution : Latent Action Learning (VQ-VAE)
» H|C|9| ALE = 7ro| BolE |50 Latent Action(ZHAl d&)22 F9|.
- 2M 2X2| =2|H ActionO| BlHZtE, B 9| '#=l XA S Action2 2t}

- 0|2 Hz Yol A 2X HO0[HZ Fine-tuning.
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NVIDIA GROOT

Methodology 3 - Training with "Action-less™ Data
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Latent action 1: Move the right arm to the left Latent action 2: Move the right arm to the right

Figure 4: Latent Actions. We retrieve similar latent embeddings across various embodiments. The left images
illustrate the latent action that corresponds to moving the right arm (or hand) to the left, while the right images

illustrate the latent action that corresponds to moving the right arm (or hand) to the right. Note that this
m general latent action is not only consistent in different robot embodiments, but also in human embodiment.
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NVIDIA GROOT

GROOT's Performance & Implication

* Generating Training Data - From Human to Robot
« Latent Actions : Human VideoO|&= Action(Joint )0| 818 — VQ-VAEZ Latent Action2 &&5t0 CHA|.
* Neural Trajectories : Video Generation I\/IodeI(HIEIQ dd ANS AFESH StLte| HA S Gt A|[E/HI B2 2
S 4 (Augmentation).
« DexMimicGen : A|22{| 0| &0M Q7| A|HE 2R HO|HZ CIE S4.

* Implication :
« Simulation ¥ Real-world(GR-1 Humanoid)O| M 2| 243t ¥

« 10%2| HIO|E{ Bt 2 &= J|& SOTA(Diffusion Policy)E &7t

- HAE :"YEHO| Ho|E L} ZETt Base Model(VLM)O| RUALC}H, M2 Q9| Real Data2 & 7}55tL}."



Under review as a conference paper at ICLR 2026

LEROBOT: AN OPEN-SOURCE LIBRARY FOR
END-TO-END ROBOT LEARNING

Anonymous authors
Paper under double-blind review
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LeRobot

Problem

. O|&¢|0{9| utHSkDisaggregated Middleware)

« EXOIER0 2ZEQ0FE BES = ‘OSOT7t 2X H=ALE S HZOMCE CHE.

- Olo|E 4o & YUX|(Datasets and Formats)

- Oit2 2&2 4O E0| MZ CtE ¥4 (TensorFlow, ROS bags, JSON)2 = SF&.

A3 0| ¥ d B F(Learning Frameworks)
| Of OF= At 7104 XO|LL O|O[H M 2| B4l o] XtO| 7 Aupdf| 2 Fet

O -

B
2ol EMMIK| EF7| W20] T AlZtE

qad LEROBOT: AN OPEN-SOURCE LIBRARY FOR END-TO-END ROBOT LEARNING
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LeRobot

End-to-end Robot Learning with LeRobot

HopeJR-arm

Easily

extensible ALOHA

@ Real-world robots

(@ Shared middleware

Read

@ Dataset handling

. LeRobotDataset,

() SOTA Policies
Pre-trained SOTA policies for

LeRobot 3
e m

Write

openly available real-world robotics in Pytorch

o

HIL-SERL

ACT
... and many more!

Optimized training recipes

Ready-to-use scripts
Async Inference engine Easily customizable
@ Inference optimization Experiments tracking

m LEROBOT: AN OPEN-SOURCE LIBRARY FOR END-TO-END ROBOT LEARNING
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LeRobot

Why LeRobot? (The "Hugging Face" of Robotics)

* Philosophy :

. HMEO 2

|t|

 Integration :
. 23| WPAHO| A& Hugging Face AMERZ (HIOJEIA 8|2, D 299} ohef o3}
- Hardware Agnostic :

. Y 220| ZLEX %S (L0 RS AT AE £ 28

dad LEROBOT: AN OPEN-SOURCE LIBRARY FOR END-TO-END ROBOT LEARNING

EQINE Efofoty, PyTorch 7|8 29 &2 2r0[E2{2| K=,
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LeRobot

LeRobot Dataset Format (Standardization)

« Structure :
« observation.images: 7t 2t F
(MP4E &= X7
« observationstate: 2% 2+ A
Eff (Joint position/velocity)
- action: |0 A=
* Format:
« Parquet + MP4 &%} AME.

(7t W, Streaming 7+s)

18
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LeRobot

Practical Implementation Plan
« Simulation Environment
« LeRobot= MuJoCo 7|2t2| Gym 282 7|& XS (Aloha, PushT)

* Training Loop
- HOIHM ZEE  MM2| - Policy &f& — Sim 7} (Python2 £ 7t8)

* Plan
« SIEQI0] =& H7HX| LeRobot2| Sim 24 0|Al 22 st& 8l O|O|E| Lpo| =22l x| M 3t

qad LEROBOT: AN OPEN-SOURCE LIBRARY FOR END-TO-END ROBOT LEARNING



<ANVIDIA Explore Models Blueprints GPUs Docs 4 Search

Build Your Al Application with Blueprints

Get started with workflows and code samples to build Al applications from the ground up

Sort By Publisher Blueprint Type GPU Types

Filter by text Most Recent Publisher Blueprint Type GPU Types 4 Launchable

Enterprise Blueprints

Customizable reference workflows with best practices for enterprise performance and scale

nvidia nvidia nvidia
or Al Factory ... Build an Al Agent for Enterprise R... Al Weather Analytics with Earth-2 Synthetic Manipulation Motion G...

new generation of Build a custom enterprise research assistant Develop Al powered weather analysis and Generate exponentially large amounts of
data centers usin... powered by state-of-the-art models that... forecasting application visualizing multi-... synthetic motion trajectories for robot... robotic

+4 blueprint +7 ai weather prediction blueprint +5 blueprint +10 bluepi

| NVIDIA Blueprint




NVIDIA Blueprint

What is NVIDIA Blueprint for Humanoid?

* Definition

. 2R pol M M OIE £8 - 3t - HE)S T4

=

= Reference Workflow Iff 7| X|
 Core Components for Us

- Al-based Teleoperation : Apple Vision Pro/ VR 7|7 | &

280 Qs AA.
o

« Isaac Lab (Simulation) : Python 7|8te| EX t5 Sl A|Z2{0|4M | % 2.
- MimicGen : 2=2| Q17+ O| 2 & Ci 2| o O|O| Ef(Synthetic Data) 2 S =.

* Why Blueprint?
. "DHCLHO| 8| 2"SHX| 11, NVIDIAZF 2=t SOTA I 0| =

2} CI(GROOT)E A E X8

31517] 938l NVIDIAZ}F | 25t

’ts.
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NVIDIA Blueprint

What is NVIDIA Blueprint for Humanoid?

GROOT N1: An Open Foundation Model for Generalist Humanoid Robots

il

"
(-]

Option 1: Manus Glove + Vive Ultimate Tracker —
i l
L
Option 2: Apple Vision Pro Option 3: Leap Motion Human Motion Capture Robot Action Retargeting
Teleoperation Hardware Robot Action Execution

Figure 6: Data Collection via Teleoperation. Our teleoperation infrastructure supports multiple devices to
capture human hand motion, including 6-DoF wrist poses and hand skeletons. Robot actions are produced
through retargeting and executed on robots in real and simulation environments.
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NVIDIA Blueprint

Workflow Step 1 - Teleoperation & Retargeting

* Definition
- EXNES M MEHOIH =8 - g5 - HiXE)S 71525t 7| 23 NVIDIAZ M| &S 5t= Reference
Workflow I{ 7| X]|
« Core Components for Us
« Al-based Teleoperation : Apple Vision Pro/ VR 7| 7| & &85t 217t dlis THA.
- Isaac Lab (Simulation) : Python 7|2t2| 2&£ St& 8! A|=g0[M 2| lelA.
« MimicGen : 22| 217t H 2 F CHZF2| 2+ O|O|E(Synthetic Data)2 5.
 Why Blueprint?
- "THEOf & F"SHA| @E11, NVIDIAZE 5ot SOTA IO Z 2t I(GROOT)E A2 AH& 7ts.



NVIDIA Blueprint

Workflow Step 2 - Scaling via MimicGen

« Problem: VRZ 1,0002 A|H5t= A2 a5 HAXA

H 1 /13-

« Solution : MimicGen (Automatic Data Generation)

. RIg|: AtEO| B 17 0] 45X Q1 Y & (Source Demonstration)S 1,000712| CHFst Azto 2 H

o2t

o JH|XA HiHH.
- Object Pose Randomization: Z12| 2| X| & 5cm™| Ht&.
- Lighting/Texture Variation: =%, A El M 4= Hi= (Visual Robustness).
 Motion Interpolation: A| &I EMZ L1 ooz ISt AZE S| ARIAHOA HHSHA M

AH A
oo

« Output: O] HS HX|H SIEQ O] 0| = =0 7§O] 'Labeling0| &tZ ="' TEZ Z& [O|H & Tt5.



NVIDIA Blueprint

Simulation Environment - NVIDIA Isaac Lab

- Platform : Isaac Lab (7| & Isaac Gym/Orbite| %),

=% (Why Good for Our Lab?):
« Python First: PyTorch@t 2t8 S 2t

—

- Fast: GPU 7|2t =2| ATl (PhysX

5) 2 1 /el tEE EE
» Asset Library: RoboCasa (£+¢ 2t4

« Sample Code Location :

2t 4), Google Scanned Objects & 1= &

GitHub: nvidia-omniverse/isaaclab
* Key Scripts :

scripts/teleop_se3_agent.py: 7| EE/VRE Z

ot XAsh=

Ol A

= —
|2Hsts 2=

H

AL

2
° =

scripts/rs|_rl/train.py: =& & HIO|H £ Z3tst

=

m https://github.com/isaac-sim/IsaacLab?tab=readme-ov-file

= Ol Al.

v

£ HIZ import 7.
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Research Proposal

Practical Blueprint for Our Lab

Scenario : "71I| Et7|(Making Coffee)" Task H|O|E{ Al 1+
Implementation Steps:

1) Environment Setup : Isaac LabOf|A] Kitchen &4 2
2) Human Demo : A2l 0| Vision ProE A 11 719 20| M HL|E Et=
3) Data Generation : MimicGen 23 EE =2 502| — 50,0002 H|O|E{ 2
4) Export : 0| O|E{ £ LeRobot Z 2 (Parquet+MP4)2 2 H2HSOf X Z.
5) Training : O| H|O|E{ & AME35 GROOT N1 22 ACT 2 & st&.

=

o] 2= g0 d= =2X2 €82 83

E (RoboCasa 0f| 4! %9“
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Research Proposal

| Al FIAZCHED H21R0E Sh=0|
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m https://www.youtube.com/watch?v=30lL71er4YI



Research Proposal

Practical Blueprint for Our Lab

Scenario : N| ¢ £HZ/MOIZ9| Task H|O|H Al F1=

Implementation Steps:

1) Environment Setup : Isaac LabO|A] 22 24
Q)8 75 WWEEH 5330 tist QIHF
2) Human Demo : & & 0| Vision ProS 211 7HAH9| 2HA0f
Q) M O A HSH=X|0f Chst A U H
3) Data Generation : MimicGen 23 & EE =21 502| — 50,0002| HIO|H 2 TZ& (
) Generated DataOil CH$F LLM Agent Z== EE= Agent 7| 8Ho| Q17to| A= g X
4) Export : O|0|E{ & LeRobot Z M (Parquet+MP4)2 2 RH%t510] X%
5) Training : O| H|O|E{ & A8 GROOT N1 22 ACT 2& o5,

r
1)
Oi"ﬂ iy

o

Zt annotation Bf 2 £
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