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So how close to “solved” are we?

* Locomotion — good progress Infinite simulation datal

¢ Navigation — nearly done Autonomous cars + sim datal!

Lack of modality!

® MHHipUlatiOn - /ong way to go Sim and video? Inaccurate!

Real? Expensive'!

The big challenge is data. Much harder to
obtain than for language and vision

LLMs are at least 10,000 times more data-hungry than human children




Tasks we need to do!

 More modalities, especially touch
 Better use of data









DOGlove: Dexterous Manipulation with a Low-Cost
Open-Source Haptic Force Feedback Glove

Han Zhang', Songbo Hu', Zhecheng Yuan'2:3, Huazhe Xu'2-3
! Tsinghua University, 2 Shanghai Qi Zhi Institute, 3 Shanghai Al Lab
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1. Teleoperation System: TactAH

Calibration & Functions



(a) Training Pipeline of Reactive Diffusion Policy

" Fast Policy: Asymmetric Tokenizer (AT)

Training Stage 1: L, Loss for Reconstruction
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Training Stage 2: MSE Loss for Noise Prediction
@ Slow Policy: Latent Diffusion Policy (LDP)
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2. Learning Algorithm: HDF

Demo with Baselines



How to better use the existing data®?

 Generate them!



DemoGen: Synthetic Demonstration Generation for
Data-Efficient Visuomotor Policy Learning

Zhengrong Xue*, Shuying Deng*, Zhenyang Chen,
Yixuan Wang, Zhecheng Yuan, Huazhe Xu

Tsinghua
Embodied




Human-Collected Demo
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Single-Arm Setups

Protocols
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Single-Arm Tasks

Dex-Rollup Dex-Drill Dex-Coffee



One Source Demo
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Generation Cost

.

MimicGen

Expensive on-robot rollouts

J

\.

DemoGen
Fully synthetic, cost-effective

J

Single o-a Pair

A Trajectory = Whole Dataset

MimicGen
DemoGen

2.1s

0.00015s

2.1 min
0.010s

83.7h
22.0s

Time cost for generating real-world demonstrations

Ajay Mandlekar, Soroush Nasiriany, Bowen Wen, Iretiayo Akinola, Yashraj Narang, Linxi Fan, Yuke Zhu, and Dieter Fox.
Mimicgen: A data generation system for scalable robot learning using human demonstrations. CoRL 23.



Thank you, but two more things!

&

ERsm, &7k  Hugging Face

T Harry
IMIPS: 26214366243

[ ” N
'3 RBXEEBELIRS !

Slow science. Cool robots. &%k IiBHIE

8%, EBEEKE v
< S HIEIER https://galaxea.ai B http://galaxea.tech
< THREZXTESEEN LN REARIFRER

P48

NI BHEIF




	Slide 1: 可泛化具身智能中的数据难题
	Slide 2: Mobile Manipulation
	Slide 3
	Slide 4: Tasks we need to do!
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15: How to better use the existing data?
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23

