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Generalizable Autonomy: Computer Vision & Language
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Generalizable Autonomy: Computer Vision & Language

Ingredients of Modermn Machine Leaming & Applications
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Paving the path to Robot Autonomy with Simulation
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Generalizable Autonomy: Duality of Discovery & Bias
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Generalizable Autonomy: Duality of Discovery & Bias
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Generality at Scale



Generalizable Autonomy: Duality of Discovery & Bias
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Domain Data
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Generalizable Autonomy
Structure  + Data

« Domain knowledge, « Online & Offline,
* |nductive bias, o Simulation & Real,
o Symmetries, o [abelled & self-supervised

e Priors  Human in the loop



Paving the path to Robot Autonomy with Simulation

Why it will be years before robot butlers take
over your household chores

Home robots are good at doing one thing. Experts speil out the challenges preventing them
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Paving the path to Robot Autonomy with Simulation
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Paving the path to Robot Autonomy with Simulation

Vision: Simulation is Data Factory for Robotics
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Multi-finger In-Hand Manipulation

Up

Bacy

Down

Real Robot Challenge: Trifinger platforms

Task: repose in 6-Dok
(position + orientation)

Development done remotely in simulation
using Isaac Gym, no physical robot
access

Allshire et al arxiv 2021



Multi-finger In-Hand Manipulation

Dextrous Manipulation via Simulation
OpenAl, 2018

FINGER PIVOTING SLIDING FINGER GAITING

Real Robot Challenge GPU-Simulated Manipulation
Structured Policies Isaac Gym



Multi-finger In-Hand Manipulation

® Traditional reward & observation performed poorly

® A better representation than position + guaternion in {observation, reward}”
® Allow for 6-DoF reposing

Allshire et al arxiv 2021



Multi-finger In-Hand Manipulation

® Aple to train in <24h on 1 GPU

= Keypoints Obs & Rew = Keypoints Rew Only = Keypoints Obs Only = No Keypoints

Success Rate
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Allshire et al arxiv 2021



Sim2Real

Results

Robotics as a Service

No physical
robot access

83% SucCcess

(Real Time Videos)




SimZ2Real: Learning to Walk

Locomotion: Situation Specific Gaits

common quadrupedal gaits custom gait
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Training Setup

Variations:
 Treadmill belts

* Treadmill speed
* Robot orientation

Rewards:

« Stay balance

« Stay in place

* Minimize energy



Treadmill Speed 0 m/s




Treadmill Speed 0.15 m/s




Command Speed 0.15 m/s

Slow Motion x0.5







Representations RL: Task Spaces
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GLIDE: Generalizable Quadrupedal Locomotion, under review 2021



Representations

Centroidal Task Space
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Sim-to-Real: Is

Myth 1: Sim-to-Real is Hard

SimGAN: Hybrid Simulator Identification for Domain Adaptation via

Adversarial Reinforcement Learning

Yifeng Jiang' . Tingnan Zhang', Daniel Ho, Yunfei Bai®, C. Karen Liv®, Sergey Levine' ! and Jie Tan'
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Sim-to-Real: Learning Agile Locomotion For

Randomization all we need”

Myth 2: Randomization is Necessary

Quadruped Robots

Jie Tun', Tingnan Zhang', Erwin Coumans', Atil Iscen',

Yunfei Bai®, Danijor Hafner', Steven Bohez’, and Vincent Vanhoucke'

'Google Brain
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*Google DeepMind
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Learning Agile Robotic Locomotion Skills by
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sSim-to-Real: Without Randomization

Dynamics Randomization: Necessary”?

Learning Locomotion Skills for Cassie: Iterative Dynamics Randomization Revisited: A Case
Design and Sim-to-Real Study for Quadrupedal Locomotion
CoRL 2020 ICRA 2021



Sim-to-Real: With Randomization

Dynamics Randomization: Sufficient”?

Design Choices Matter

No Velocity Feedback High Joint Gains
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Sim-to-Real

Dynamics Randomization: Neither Necessary nor Sufficient”?

. L randorize sveryting |
Dynamics Randomization can :\Wh";;g'ggzemg [
be avoided given right design @ B
choices.
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Why simulate cutt

ng'

» Applications in food-processing, robotic surgery, household robotics
 Design of cutting machines

« Optimal motion of the cutting tool for a particular material
» Safe trajectory generation through accurate force predictions

Moley Robotics foodmanufacture.co.uk robohub.com



Approach

» Simulate deformable objects through Finite Element Method
» Continuous model for crack propagation, damage mechanics

» Detalled model for contact mechanics achieves realistic prediction of knife
forces




VWeakening of Cutting Springs
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Real-robot

—orce Measurements

Adept Cobra 800 robot
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INnference of Simulation Parameters
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Trajectory Optimization minimize £ =2 f(t,2,b,0) + Jinire(t) dit
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Real Robot Transter

\Vodel-predictive cutting on the real robot
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lsaac Sim: Ease of Use
Application: Mobile Manipulation

Human environments are full of objects designed “for us and by us’




lsaac Sim: Ease of Use
Application: Mobile Manipulation

Design mobile manipulation system for
articulated object interaction in human
environments like kitchens

Generalize to various kitchen layouts
Handle intra-category variations

Possess real-time capabilities to handle
dynamic variations




lsaac SIm;;
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Isaac SIm: Ease of Use for RL
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- Each layer interfaces with the next layer via “olbservations-actions’
. Interfaces are modular enough to ensure the “world” acts the same in simulation
and real-world



Isaac SIm: Ease of Use for RL
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Structure in Compositional Planning
State Feed-Forward Latent State + Feedback Measured State
So Model SOrz % Controller SOrz
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Structure iIn Compositional Planning: Setup
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(a) Drawers (b) Ovens (c) Washing Machines



drawer

Static Scene: novel instances of known articulated object category
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IROS 2022 (under review)

washing machine
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