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Who are we?

e Robotics at Google
e (.co/robotics

(Goals:

 Improve robotics via machine
learning, and improve machine
learning via robotics

sim2real
generator

» Enable learning at scale on real and
simulated robotic systems

real2sim
generator

train with RL in simulator


http://g.co/robotics

Robot @ Home
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Image source: iStock photos, Standard license 3



Towards complex and unstructured environments

“Classical” robotics

Image source: iStock photos, Standard license - 4



L earning based robotics

[b) Synthetic Images

(a) Synthelic Images Adspted with our Appraach (c) Real Images

Kalashnikov et al. 2018. Bousmalis et al. 2018.
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Gupta et al. 2018. Sermanet et al. 2018. Gupta et al. 2019.

[Rajeswaran et al. 2018.] [Zhu et al 2018] [Kurenkov et al 2019] [Mandlekar et al 2020] [Andrychowicz et al 2019] [Mahler et al 2017] [Mousavian et al 2019]
[Rao et al 2020] [James et al 2019] [Tobin et al 2017] [Peng et al 2018] [Kaspar et al 2020] [Chebotar et al 2019] [Choi et al 2021] [Puig et al 2018] [Erickson et
al 2020] [Tolani et al 2021] [Wu et al 2019] [Peng et al 2018] [Yang et al 2020] 0



Datasets for Computer Vision
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Openlmage,

ShapeNet, Chang et al 2015. MS COCO, Lin et al 2014. Pascal VOC, Everingham et al 2012. Krasin et al 2016.

[Xiao et al 2014] [Fei-Fei et al 2003] [Daimler AG et al 2016] [A. Krizhevsky et al 2009] [A. Krizhevsky et al 2009] [A Geiger et al. 2012] [A. Janoch et al. 2014]
[Mo et al 2019]



From Perception to Interaction

Image source: iStock photos, Standard license, Open Image dataset, iGibson dataset 7



L earning from interactions with the environment

Human learn from interacting with the
environment.

Image source: iStock photos, Standard license [Gopnik et al 1999] [Goldstein et al 1994] 8



Learning from simulation

Al2Thor, Kolve et al 2017.

Pick and place Reaching Button press

Sweep into Drawer closing Cial tumming

lkea assembly, Lee et al 2019. TDW Gan et al 2020. Meta World, Yu et al 2020. DoorGym, Urakami et al 2019.

[Savva et al 2019] [Puig et al 2018] [Wu et al 2018] [Ehsani et al 2021] [Xiang et al 2020] [Gan et al 2020] 9



Learning from simulation

lkea assembly, Lee et al 2019.

TDW Gan et al 2020.

Al2Thor, Kolve et al 2017. SAPIEN, Xiang et al 2020.

En 1 = -

Sweep into Drawer closing Dial tuming

Meta World, Yu et al 2020. DoorGym, Urakami et al 2019.

Not based on real-world scenes
Small scale
Lacks sim2real transfer
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Learning from simulation

Real World

Space of Simulation Environments

Physics Realism

Ecological Realism
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Visual/Ecological Realism s

Physics Realism

Goal: Create simulation environments that reflect complexity of the real world, and
develop intelligent agents in those environments.
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L arge Scale Simulation for Embodied Perception and Robot Learning @

Goal: Create sim

Ulation environments t

develop intelliger
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t agents in those envi

Creating a digital playground that replicates
the complexity of the real world

Image source: iStock photos, Standard license
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and long-horizon tasks

)

Learning algorithms for interactive
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GibsonkEnv

Rendered RGB

Rendered sensor signals

X*Z*H*SMS, GibsonEnv, CVPR 2018.

Physics Simulation
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GibsonkEnv - Overview
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IGibson: A Simulation Environment for Interactive Tasks in Large
Realistic Scenes

|mibson

IGlbson, IROS 21
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How do these features facilitate developing embodied agents®

u;_/L _;.__\\_ L‘
AR b ARRRNN

A MR LR RIS

Large variety of high quality virtual sensor signals Easy to use Human-iGibson interface

S*X*L*M*...FS, iGlbson, Submitted to IROS 21
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L arge Scale Simulation for Embodied Perception and Robot Learning @

Goal: Create sim

Ulation environments t

develop intelliger

v9
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t agents in those envi

Creating a digital playground that replicates
the complexity of the real world

Image source: iStock photos, Standard license
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Learning algorithms for interactive
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L arge Scale Simulation for Embodied Perception and Robot Learning @

Goal: Develop intelligent agents for long horizon mobile manipulation tasks

@ Base subgoal
Arm subgoal
Subgoal 3
O
Start 5“‘-\\\~
Subgoal 1 Subgoal 2

ReLMoGen. Xia et al 2021

Learning algorithms for interactive

and long-horizon tasks
SayCan. Google 2022

Image source: iStock photos, Standard license 18



INntroduction

Mobile manipulation tasks -> a sequence of base and arm subgoals

Subgoals -> points of interests in the environment, e.g. doors, chairs, cabinets,
waypoints.
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INntroduction

RRTs Final Path

Motion Generation Is . Reinforcement Learning
How do we combine the . .
IS good at solving

best of both worlds?

good at solving “how to
reach a point” “where to go”

[Wijmans et al 2019] [Kuffner et al 2000] 20



Rel_LMoGen

A framework that leverages a Motion Generator in an RL loop, and lifts the
action space from joint commands to subgoals.

r_> (St41, (8¢, a1)) _}

Environment Agent

Actions
ReLMoGen, ICRA 2021 21



Rel_LMoGen

A framework that leverages a Motion Generator in an RL loop, and lifts the
action space from joint commands to subgoals.

(_> (St41, R (s¢,a'))

: ) _‘; N Subgoal . A
Environment L o~ Generation ase or Arm
: Subgoal
Scan Policy
- =g ‘
S o Info.
~ A .
‘ Motion - / | ’
OO e ator a

Low-level Actions Base or Arm Subgoal

ReLMoGen, ICRA 2021 22



Policy Networks

| RGB-D |~

LIiDAR

Scan \

Task

ﬂ

Info.

ReLMoGen, ICRA 2021

D indicates Dense

Selected
Subgoal
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Policy Networks

‘ RGB-D Subgoal Representation
. Base Subgoal
LIDAR
> / /
Scan I\ Select Max a Arm Subgoal a
Base OR Arm
Task Selected et Selected
Info b Subgoal Selection subgoal
(a) Subgoal Generation Policy SGP-D (b) Subgoal Generation Policy SGP-R
"V
u
D indicates Dense R indicates Regression

ReLMoGen, ICRA 2021
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Motion Generation

Motion Generation

* A motion planner that
searches for trajectories
based on current sensor
iInformation

* A set of common low-level
controllers that execute the
planned trajectories

Motion Planners used:

RRT-Connect

LazyPRM

Training time optimization:

Jump to the last state in the
plan if plan is collision-free

25



Experimental Setup

goal
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(d) InteractiveObstaclesNav  (e) ArrangeKitchenMM (f) ArrangeChairMM

ReLMoGen, ICRA 2021 26



Policy Visualization

PointNav

2X SPeed
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Policy Visualization

TabletopReachM

4x speed

28



Policy Visualization

TabletopManipM

4x speed
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Policy Visualization

PushDoorNav

4x speed
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Policy Visualization
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4x speed

ButtonDoorNav
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Policy Visualization

InteractiveObstaclesNav

- l

4x speed
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Policy Visualization

ArrangeChairMM
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Policy Visualization

=

ArrangeKitchenMM
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Baselines and Metrics

 Baselines
 SAC on joint velocities
 OAC on joint velocities

« HRL4IN on joint velocities

e Metrics:

 SPL (Success weighted by Path
Length) for navigation tasks

 Task completion (hnumber of
drawers/cabinets closed, chairs
tucked within 10 degs /10 cm and 5
degs / 5 cm) for mobile
manipulation tasks
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Quantitative Results
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Short horizon tasks: similar performance as baselines

ReLMoGen, ICRA 2021 36



Quantitative Results

ReLMoGen, ICRA 2021
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Interactive Navigation tasks:
- RelLMoGen outperforms baselines
- RelLMoGen-R has better sample efficiency
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Quantitative Results
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Mobile Manipulation Tasks

» RelLMoGen outperforms baselines

 RelLMoGen-D has better sample efficiency

* These tasks requires input-output image space alignment

ReLMoGen, ICRA 2021 38



(Generalization

New Scenes

New Embodiment

Sim?2real
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Policy Visualization - Fine tuning

4X speed

PushDoorNav - Fine tuning on novel environments
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Transfer to new embodiment type
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Fetch -> Movo Movo on PushDoor Task
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Transfer to new embodiment type
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Sim2Real transfer potential

Real sensor observations

(b) Depth (c) LiDAR  (d) RGB

Sim sensor observations

(e) Depth

(f) LiDAR
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Sim2Real transfer potential

e




Analysis - Exploration
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ReLMoGen
subgoal space exploration

ReLMoGen has better exploration

45



Analysis - Interpretabillity

(a) ButtonDoorNav (b) ArrangeKitchenMM (¢c) ArrangeChairMM

Visualization of ReLMoGen-D action maps during task execution

-1.0
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Main Contributions

Proposed ReLMoGen, a framework that combines the strengths of RL and MG.
RL: maps observations to sulbgoals
MG: plans for and executes trajectories for subgoals

Instantiated ReLLMoGen with two different RL algorithms: SAC and DQN

Outperformed baselines across a variety of tasks: (Interactive) Navigation,
Mobile Manipulation

 [ransfer to new motion planners, potential for real deployment
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Do as | Can, Not as | Say (SayCan):
Grounding Language In Robotic Affordances

Say-Can.qgithub.io

Presenter: Fei Xia, Research Scientist, Robotics at Google

Robotics at Google @

m
Everyday Robots —


https://say-can.github.io/
https://say-can.github.io/
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