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Robot Data Collection

• What is robot data? 

• What/how do we collect? 

• How do we use it? 

Policy Training

• Training Methods 

• Policy Architectures

• Policy Evaluation

Course Overview

What will you learn and experience in this course? 

Simulation for Robotics

• Role of simulation 

• Designing environments 

in simulation world

• Transfer to real-world
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Teleoperate Robots
in Virtual Reality

Dataset
Creation / Curation Policy Training

Sign up to book a session 
with Apple Vision Pro 

in our course website!

(available later next week)



Course Schedule

• Jan 10 (Fri)    1PM,  32-124

• Overview of Robot Data Collection

• Principles of Robot Teleoperation

• Jan 13 (Mon)   1PM,  32-124

• Policy Training with Teleoperated Datasets

• Role of Simulation for Robot Teleoperation and Training
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• Non-Teleoperated Datasets Overview

• Challenges and Opportunities in Policy Training
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• Jan 10 (Fri)    1PM,  32-124
• Overview of Robot Data Collection

• Principles of Robot Teleoperation

• Jan 13 (Mon)   1PM,  32-124
• Policy Training with Teleoperated Datasets

• Role of Simulation for Robot Teleoperat ion and Training

• Jan 15 (Wed)   1PM,  32-124
• Non-Teleoperated Datasets Overview

• Challenges and Opportunities in Policy Training

• Jan 17 (Fri)   1PM,  32-124

• Hands-on Tutorial Guideline Overview
• Non-Teleoperated Datasets Overview

• Challenges and Opportunities in Policy Training

• Jan 20-29   Reserved Office Hours, Bldg 45

• Time for Personal Projects

• Data Collection + Policy Training / Evaluation 
• Non-Teleoperated Datasets Overview

• Challenges and Opportunities in Policy Training

• Final Report Submission  (Details TBD)
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• Jan 10 (Fri)    1PM,  32-124

• Overview of Robot Data Collection

• Principles of Robot Teleoperation

• Jan 13 (Mon)   1PM,  32-124
• Policy Training with Teleoperated Datasets

• Role of Simulation for Robot Teleoperat ion and Training

• Jan 15 (Wed)   1PM,  32-124
• Non-Teleoperated Datasets Overview

• Challenges and Opportunities in Policy Training

• Jan 17 (Fri)   1PM,  32-124
• Hands-on Tutorial Guideline Overview
• Non-Teleoperated Datasets Overview

• Challenges and Opportunities in Policy Training

• Jan 20-29   Reserved Office Hours, Bldg 45
• Personal P rojects

• D ata C ollection + Poli cy T rai ning / Eval uation 

• Non-Teleoperated Datasets Overview

• Challenges and Opportunities in Policy Training
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We’re not vacationing on the moon – yet 



We’re still using our phones



The robot revolution was delayed





True?







Not quite there yet. 



Stark contrast 

So …  We can make machines pass bar exams, but cannot make it move boxes? 



So …  We can make machines pass bar exams, but cannot make it move boxes? 

“reasoning requires very little computation, but

 sensorimotor and perception skills require 

enormous computation resources”  (1980)

Hans Moravec
Steven Pinker

“… the main lesson of 35 years of research

is that the hard problems are easy 

and the easy problems are hard … ”  (1994)

Moravec’s Paradox

Slide from Pulkit Agrawal

https://en.wikipedia.org/wiki/Reasoning
https://en.wikipedia.org/wiki/Sensory_processing
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Origin of life Apes Humans Language/
Reasoning

Now

3.7B yrs 15~20M yrs 4~5M yrs ~150k yrs

8~9min

00:00 24:00

Reasoning
w/ language

Perception + Sensorimotor Skills 
+ Non-verbal Reasoning (Physical Intuitions)

What roboticists are 
trying to build

using the same strategy 
people used to build LLMs 

strategy

Slide from Pulkit Agrawal
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Prediction 



strategy:  massive dataset with the right training method

Vision/Language 
Models

massive dataset right training method

Robot
Models

Scraped datasets 
from the web

Next token (word) 
Prediction 

Action Prediction?



Road to Large-Scale Robot DatasetRobot Dataset



Road to Large-Scale Robot Dataset

Robot DatasetWhat’s a ?



Road to Large-Scale Robot Dataset

Robot DatasetWhat’s a ?

• Data recorded by robot embodiments solving diverse tasks in 
real-world. 



Road to Large-Scale Robot Dataset

Robot DatasetWhat’s a ?

• Data recorded by robot embodiments solving diverse tasks in 
real-world. 

𝐷 = { 𝑠1, 𝑎1, 𝑠2, 𝑎2, … , 𝑠𝑛, 𝑎𝑛 }

Robot’s Observation
(i.e., joint states, camera feeds, tactile sensors)

Robot’s Actions



Road to Large-Scale Robot Dataset

Robot DatasetWhat’s a ?

• Data recorded by robot embodiments solving diverse tasks in 
real-world. 

O'Neill, Abby, et al. "Open x-

embodiment: Robotic learning 
datasets and rt-x 

models." arXiv:2310.08864 (2023).

Khazatsky, Alexander, et al. 

”DROID: A large-scale in-the-wild 
robot manipulation dataset." arXiv 
preprint arXiv:2403.12945 (2024).

Fang, Hao-Shu, et al. "RH20t: A robotic 

dataset for learning diverse skills in one-
shot." RSS 2023 Workshop on Learning 

for Task and Motion Planning. 2023.
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Road to Large-Scale Robot Dataset

Robot DatasetWhat’s a ?

• Any data from any embodiments (including humans) that can 
be helpful training robot models.

• Data recorded by robot embodiments solving diverse tasks in 
real-world. 

Around the World in 
3,000 Hours of Egocentric Video Recordings of human behaviors in diverse settings



Road to Large-Scale Robot Dataset

Robot DatasetWhat’s a ?

• Any data from any embodiments (including humans) that can 
be helpful training robot models.

• Data recorded by robot embodiments solving diverse tasks in 
real-world. 

High-Quality Capture/Annotation of Human Manipulation Behaviors

Fan, Zicong, et al. "ARCTIC: A dataset for dexterous bimanual hand-object manipulation." Proceedings of the 
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.



Road to Large-Scale Robot Dataset

Robot DatasetWhat’s a ?

• Any data from any embodiments (including humans) that can 
be helpful training robot models.

• Data recorded by robot embodiments solving diverse tasks in 
real-world. 

Any expected issues when training 
robots with these datasets? 



Road to Large-Scale Robot Dataset

Robot DatasetWhat’s a ?

• Any data from any embodiments (including humans) that can 
be helpful training robot models.

• Data recorded by robot embodiments solving diverse tasks in 
real-world. 

next Wednesday!
Topic we’re dealing with 

Haoshu Fang
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• Data recorded by robot embodiments solving diverse tasks in 
real-world. 

O'Neill, Abby, et al. "Open x-

embodiment: Robotic learning 
datasets and rt-x 

models." arXiv:2310.08864 (2023).

Khazatsky, Alexander, et al. 

”DROID: A large-scale in-the-wild 
robot manipulation dataset." arXiv 
preprint arXiv:2403.12945 (2024).

Fang, Hao-Shu, et al. "RH20t: A robotic 

dataset for learning diverse skills in one-
shot." RSS 2023 Workshop on Learning 

for Task and Motion Planning. 2023.

Human Commands

Feedbacks

Robot Actions

World States

Robot Teleoperation Interface

How do we make robots solve tasks? 



Robot Actions

World States

Robot Teleoperation

Human Commands

Feedback from Robot

What should we consider when 
designing a teleoperation system for robot? 
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Robot Actions

World States

Robot Teleoperation

Human Commands

Feedback from Robot

Action Converter

Observation 
Converter

1. Designing command space for humans

2. Converting commands to robot actions

3. Designing feedback space for humans

4. Converting robot perceptions to human feedback

4 Key Elements of
Teleoperation System

Teleoperation
SystemsA B C D

Ta
sk
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ffi

ci
en

cy “Teleoperation 
Loss”

Upper Bound Performance



Human Commands

Feedbacks

Robot Actions

World States

Robot Teleoperation

Teleoperated Autonomous

Train

for robot learning pipelines
1. Designing command space for humans

2. Converting commands to robot actions
3. Designing feedback space for humans
4. Converting robot perceptions to human feedback



Policy Commands

Robot Perception

Robot Actions

World States

Robot Teleoperation

Teleoperated Autonomous

for robot learning pipelines
1. Designing command space for humans

2. Converting commands to robot actions
3. Designing feedback space for humans
4. Converting robot perceptions to human feedback



Next Week…

1. Designing command space for humans
2. Converting commands to robot actions
3. Designing feedback space for humans
4. Converting robot perceptions to human feedback

Case Study with Examples

Policy Training

More on Robot Teleoperation

• Behavior Cloning with Action Chunks

• Policy Architectures 

• Policy Evaluations

Role of Simulation

• Reinforcement Learning in 

Simulation with Demonstrations

• Real2Sim / Sim2Real 



See you next week! 

Fill out a survey!
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