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Learning Outcome for next five Lectures

Use Manipulation to Perceive bettdr

Learningbased Grasping and Manipulation
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LearningBased Grasping vs Manipulation
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Reinforcement Learning for Manipulation
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Learning Dexterous-imnd Manipulation
OpenAl, IJRR, 2020.

GOAL 50 @
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What stuck: Domain Randomization

Table 1: Ranges of physics parameter randomizations.

Parameter

Scaling factor range Additive term range

object dimensions

object and robot link masses
surface friction coefficients
robot joint damping coefficients
actuator force gains (P term)

uniform([0.95, 1.05])
uniform([0.5, 1.5])
uniform([0.7, 1.3])
loguniform([0.3, 3.0])
loguniform([0.75, 1.5])

joint limits
gravity vector (each coordinate)

N(0,0.15) rad
N(0,0.4) m/s?

2/12/2025

Figure 4: Simulations with different randomized visual appearances. Rows correspond to the
renderings from the same camera, and columns correspond to renderings from 3 separate cameras
which are simultaneously fed into the neural network.
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The impact on Locomotion

ASuccessful Sim2Real RL in quadruped and more recently humanoid locomotion
Al SI NV AY 062 611 AY YAYydziSa dzaiAy3a al :
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Imitation learning

ATurning the learning problem into a supervised problem
AEstimate a policy from training examplés,(@ ), ( ,®) [ ,®)

Expert trajectory

Learned Policy
p—
passsceee -
No data on /
how to recover % (";‘I

From CS237: Reinforcement Learning
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Two flavors of imitation learning
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Single task policy Multi-task (Generalist) policy
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Singletask policies

Gradient Field

action sequence
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(c) Diffusion Policy
Diffusion Policies Action Chunking with Transformers
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Diffusion policy

e
(x7,T) \_/ (xy-1, T — 1) U (xy,1) \_/ (x0,0)

Diffusion Policy: Visuomotor Policy Learning via Action DiffuSlbnetalw{ { QH o
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ldea behind Diffusion from Computer Vision
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Diffusion Policy

Diffuse through actions, condition on observations

Chunk observations and actions for smoother control

Pro: SOTA success rates, continuous action space, multimodality
Con: Inference takes a lot of time b/c of denoising process
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Diffusion Policy: Visuomotor Policy Learning via Action DiffuSlbnetalw{ { QH o



Action Chunking Transformer (ACT)

Example Teleoperated Skills

NIST board

action sequence Action Chunking

%\z style variable 1 oO-0--0-000 ? FI I? I_‘__IF 0O 1 2 3 4 5 6 7
| [ T 1T 1 =0 [ [ O [
2 t=4 & OO O
transformer transformer transformer Action Chunking + Temporal Ensemble
encoder encoder decoder

=0 [ [ I x[05,03,02.04=[_]
IEI ﬁ[&ﬁ & ﬁ ﬁ] * \[él;-l%l]---[lrj---lTj]&l |£ ﬁ‘ ‘ ﬁlﬁ :2 m| g g g _

[CLs] joints  action sequence + PosEmb asonsdoxz  CMN ram 1 cam 4  joints 2 position embeddings (fixed)
t=3 (]

Learning Finérained Bimanual Manipulation with Lew2 G | I NRg I NS ® %Kl 2 SiG Ffd w{{QHo
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Two flavors of imitation learning
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task W

Single task policy Multi-task (Generalist) policy
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.
Multi-task (generalist policies)
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How much data do these policies need?

THIS 15 YOUR MACHINE LEARNING SYSTET?

YUP! YOU FOUR THE DATA INTO THIS BIG
PILE OF UNEAR ALGEBRA, THEN COLLECT
THE ANSWJERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE LRONG? J

JUST STIR THE PILE NTIL
THEY START LOOKING RIGHT.

https://imgs.xkcd.cortomics/machine_learning.png
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NLP Robotics

Llama (meta) Gemma (google) RT-1 (Google) DROID (Crosgnstitutional)

15 Trillion tokens

6 Trillion tokens

130K episodes (700 tasks) 70K Episodes



NLP Robotics

15 Trillion Tokens

15 Trillion Episodes Increase size by 15, 000,000x




Stanford University

DROID  — ‘_Kitcher'm

Distributed Robot
Interaction Dataset

@ 76k Episodes
Iﬁ 564 Scenes
Jm| 52 Buildings
ﬁ] 13 Institutions

86 Tasks / Verbs




Data through Teleoperation in the Wild

DROID: A LargeScale Inthe-Wild Robot Manipulation
Dataset. Khazatsky, Pertsch

Adjustable Zed 2

Stereo Cameras
Zed Mini WrN

-—
Stereo Camera - o)

Oculus Quest 2
Headset for Teleop

o—

Robotiq 2F-85
Gripper

Franka Panda Portable
7DoF Robot Arm Standing Desk
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Stanford University

How do you learn with this data?
DROID Training Batch ﬁmffusion Policy Co-Training

Distributed Robot
Interaction Dataset Gradient Field
@ 76k Episodes g
Diffusion Policy . -
564 Scenes VE (a) ----- ' / 7 y
&3], 52 Buildings L b . :
e \4

':I 13 Institutions

86 Tasks / Verbs

Small Data per Testscenario

Close Waffle Maker Place Chips on Plate Put Apple in Pot Toasting Clean up Desk

L

Lab Evaluation Office Evaluation Household Evaluation
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NLP Robotics

DROID Kitchen
Distributed Robot e
Interaction Dataset

{19) 76k Episodes
[— 564 Scenes

52 Buildings

lll 13 Institutions

15 Trillion Episodes Increase size 15,000,000x %WM&

Laboratory Laundry Room Office

&jﬁ i vk kﬁ%
el M

15 Trillion Tokens

DROID: A LargeScale Inthe-Wild Robot Manipulation
Dataset. Khazat sky, Pertsc

Impossible on rea
hardwarex




Stanford University

How much data can we really collect like this?

2/ o g 4 A -

DROID: A LargeScale Inthe-Wild Robot Manipulation
Dat aset. Khazatsky, Pertsch




Stanford University

NLP Robotics

W 1M Episodes from 311 Scenes E

:::::::::
vvvvvvvvv

i 34 Research Labs across 21 Institutions ?

22 Embodlments
gl

527 Skills

Increase size 15,000,000 =« =i

15 Trillion Tokens 15 Trillion Episodes

"pour “stack  route
60 Datasets

ImpOSSIbIe onre al 1,798 Attributes + 5,228 Objects * 23,486 Spatial Relations

hardware Open-X Embodiment: Robotic Learning Datasets and RX
Models. ICRA. 2024. Best Paper Award.




Stanford University

NLP Robotics

Increase size 15,000,000x Ego4D

15 Trillion Tokens 15 Trillion Episodes

Impossible on real
hardware

Epic Kitchens



Stanford University

NLP Robotics

Increase size 15,000,000x

15 Trillion Tokens 15 Trillion Episodes

Impossible on real
hardware

Universal Manipulation Interface: InThe-Wild Teaching
without InThe-Wild Robots. Chi, Chu et al. arXiv. 2024.




Stanford University

Robotics

15 Trillion Tokens 15 Trillion Episodes

Impossible on real
hardware

Warp[ NVI DI A 622]

DiffTaichif Hu et al . 0620

Increase size 15,000,000x

DiffPD[ Du et al . 022]

Manipulator

Plasticine

Initial State Manipulation Target Plasticine Shape

PlasticineLab[ Huang et al . 0:



Beyond data scaling, what else do we need?

APlanning by sequencing short skills

AMore than just RGB dat®h RSLIGKZ Gl OGAfT ST X
ABetter and more efficient algorithms

AOnline adaptation and exploration
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Stanford University

RoboFUME Making Robot Finetuning Easy by Improving
Autonomy
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Interactive Perception
SxAXt

Sensory Data Actions Time

Interactive PerceptionLeveraging Action in Perception and Perception in Action.
Bohg, HausmarganakaranBrock Kragi¢ Schaabhnd Sukhatmed ¢ wh QmT @



Success Rate
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Exploiting MulatModality

Touch

J. J. Gibson (1966 he Senses
considered as a Perceptual System.



Concurrency of Motion and Sensing

Held and Hein (1963).
MovementProduced
Stimulation in the
Development of Visualy
Guided Behaviour



