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Data is the key to
artificial intelligence.
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Clip retrieval works
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then using that
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Ubiquitous

$0.01 per data point

> 60s

Confined to lab environments

$5 per data point

For space robots, data collection is even more challenging




Can we convert a single image into a robotic data?

[In submission 2025] “Robot Learning from Any Images.” Zhao et al.



Omni Urban Scene Understanding

Al | \\W
N\ | \\{

—

[ICLR 2025] “Omni Urban Scene Reconstruction.” Chen et al.
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Scene Modeling
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Applications

Bullet time
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Robot learning from non-robotic data

(@/) Manipulate unseen objects in unseen environments with unseen embodiments.

@ in-domain demonstrations

@ Acquire versatile manipulation capabilities from abundant out-of-domain data.
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RAM: Retrieval-Based Affordance Transfer for Generalizable
Shot Robotic Manipulation

«/,, * Represent the actionable knowledge as transferrable affordance, i.e. ‘where’ and *how’ to act
* ‘where’ to act: 3D contact point

* ‘how’ to act: 3D post-contact direction

* Off-the-shelf grasp generators and motion planners for execution.
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CUDA Accelerated Robot Library

/ [CoRL 2024] “RAM: Retrieval-Based Affordance Transfer for
Generalizable Zero-Shot Robotic Manipulation.” Kuang et al.
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Source patch
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How to match points with the

same semantic concepts?

* Emergent dense correspondence of feature maps.

Top-5 nearest neighbor cross-category target patches predicted by DIFT,,
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Same Instance

* Cross domain/instance /category generalization.

Cross Instance Cross Category

[NeurlPS 2023] “Emergent correspondence from image diffusion.”
Tang et al.
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Overview
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The Pipeline of RAM.
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Experiment Results

Retrieved Scene

Target Scene

Object 28 = | 5 D O g ave
Task T ey
Where2Act [14] 34 24 . 2. .08 2 0 / / / / [ 20.50
VRB* [12] 62 % 6 & . D 90 K u 5 D
Role  ABCM UL 30 B 05 &b 90 ds 8p 9§ 4F 48 & 66 @) ¢
RAM Ours) 38 68 32 76 32 50 66 54 38 46 56 72 64 52.62
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Object g D O @ Aave
- Task ¢ .8 8 3
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Lero-Shot Manipulation

“Open the cabinet”




Retrieved Demonstration

Lero-Shot Manipulation

“Pick up the banana”




-Shot Visual Imitation

One

“Pick up the tissue paper”
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“Close the drawer”
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Wrist: 3 DoFs

Elbow: 1 DoF Shoulder: 3 DoFs

Leg: 6 DoFs

More DoFs
Not easily handled by affordance

Action retargeting is hard

How can we learn humanoid dexterity from
Internet data?
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UH-1: Learning from Massive Human Videos for Universal
Humanoid Pose Control
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Massive Internet Videos

Video Clip Extraction 3D Human Pose Estimation
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Video Captioning Goal-based Reinforcement Learning Motion Retargeting from Humans to Humanoids
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“A young woman is doing a workout in a living room, ol 1 1 L Py~ ==
using her legs and arms to perform various exercises.”

Text Representation

An automatic humanoid data engine

“A young woman is doing a workout in a living room,
using her legs and arms to perform various exercises.”

UH-1 Transformer

I ot Actions A unified whole-body control model

[ 3 3N J
% BRE R __5 Sat \ 1 y . . [In submission 2025] “Learning from Massive Human Videos for
e Humanoid Action Tokens Universal Humanoid Pose Control.” Mao et al.
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Real-World Deployment of UH-1
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