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Do As | Can, Not As | Say.

Grounding Language in Robotic Affordances
CoRL 2022 Oral

Michael Ahn* Anthony Brohan* Noah Brown* Yevgen Chebotar” Omar Cortes” Byron David* Chelsea Finn*
Chuyuan Fu* Keerthana Gopalakrishnan* Karol Hausman* Alex Herzog* Daniel Ho* Jasmine Hsu* Julian Ibarz*
Brian Ichter* Alex Irpan* Eric Jang* Rosario Jauregui Ruano* Kyle Jeffrey* Sally Jesmonth* Nikhil Joshi*
Ryan Julian* Dmitry Kalashnikov* Yuheng Kuang* Kuang-Huei Lee* Sergey Levine* Yao Lu* Linda Luu* Carolina Parada*
Peter Pastor” Jornell Quiambao* Kanishka Rao* Jarek Rettinghouse* Diego Reyes” Pierre Sermanet” Nicolas Sievers*
Clayton Tan* Alexander Toshev* Vincent Vanhoucke* Fei Xia* Ted Xiao* Peng Xu* Sichun Xu* Mengyuan Yan* Andy Zeng*



SayCan

LLM-Driven Long-Horizon Tasks
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SayCan

Limit: Have to Train Every Skill Case by Case & Limited Objects
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Where are we for now?

LLM-Driven Long-Horizon Tasks



Where are we for now?

PaLM

Navigation

Pre-trained ObjectNav

Manipulation

Pre-trained Mobile Manipulation



RT-1: Robotics Transformer

for Real-World Control at Scale

Anthony Brohan

Karol Hausman

Sally Jesmonth
Sergey Levine
Jodilyn Peralta
Pannag Sanketi
Vincent Vanhoucke

Place Object into Receptacle 84
Pick Object from Receptacle 162
and Place on the Counter

Place an object into a receptacle
Pick an object up from a location and then
place it on the counter

Noah Brown Justice Carbajal Yevgen Chebotar Joseph Dabis Chelsea Finn Keerthana Gopalakrishnan
Alex Herzog Jasmine Hsu Julian Ibarz Brian Ichter Alex Irpan Tomas Jackson

Nikhil Joshi Ryan Julian Dmitry Kalashnikov Yuheng Kuang Isabel Leal Kuang-Huei Lee

Yao Lu Utsav Malla Deeksha Manjunath Igor Mordatch Ofir Nachum Carolina Parada

Emily Perez Karl Pertsch Jornell Quiambao Kanishka Rao Michael Ryoo Grecia Salazar

Kevin Sayed Jaspiar Singh Sumedh Sontakke Austin Stone Clayton Tan Huong Tran
Steve Vega Quan Vuong Fei Xia Ted Xiao Peng Xu Sichun Xu Tianhe Yu Brianna Zitkovich

Skill Count  Description Example Instruction
Pick Object 130 Lift the object off the surface pick iced tea can
Move Object Near Object 337 Move the first object near the second move pepsi can near rxbar blueberry
Place Ob ject Upright 8 Place an elongated object upright place water bottle upright
Knock Object Over 8 Knock an elongated object over knock redbull can over
Open/ Close Drawer 6 Open or close any of the cabinet drawers open the top drawer

place brown chip bag into white bowl
pick green jalapeno chip bag from paper
bowl and place on counter

Additional tasks

Skills trained for realistic, long instructions

pull napkin out of dispenser

Total 744




Skill Count  Description Example Instruction
Pick Object 130 Lift the object off the surface pick iced tea can
Move ObJject Near Object 337 Move the first object near the second move pepsi can near rxbar blueberry
Place Ob ject Upright 8 Place an elongated object upright place water bottle upright
Knock Ob ject Over 8 Knock an elongated object over knock redbull can over
Open Drawer 3 Open any of the cabinet drawers open the top drawer
Close Drawer 3 Close any of the cabinet drawers close the middle drawer
Place Object into Receptacle 84 Place an object into a receptacle place brown chip bag into white bowl
Pick Object from Receptacle 162 Pick an object up from a location and then pick green jalapeno chip bag from paper
and Place on the Counter place it on the counter bowl and place on counter
Sectionandtasks 9 Skills trained for realistic, long instructions  open the large glass jar of pistachios

RG8 mage. 300300 pull napkin out of dispenser

2 a grab scooper
La o Total 744
Pre-manipulation pose
(d)
Figure 2: (a) Robot classroom where we collect data at scale; (b) a real office kitchen, one of the two o H u m a n D e m O n St r a t i o n S

realistic environments used for evaluation (named Kitchenl in the rest of the paper); (c) a different
office kitchen used for evaluation (named Kitchen2 in the rest of the paper); (d) mobile manipulator
used throughout the paper; (e) a set of objects used for most of the skills to expand skill diversity; L

(f) a more diverse set of objects used mostly to expand object diversity of the picking skill.

700 Tasks, 130K Episodes,

Description & Instructions

13 Robots, 17 Months

10



RT-1

METHOD : data-absorbent model

Instruction Action
Pick apple from top drawer and place on counter Mode Arm Base
[ ]_. RT-1
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Vision-Language TokenLearner Transformer

Tokenization
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RT-1

METHOD : data-absorbent model

Instruction Action

[ Pick apple from top drawer and place on counter ]

FiLM
EfficientNet

Vision-Language
Tokenization
16M ?M 19M

TokenlLearner Transformer

12
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data-absorbent model
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data-absorbent model

METHOD

Output:

Translformer
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RT-1

4x speed, unseen kitchen C@htjllihg the robot

Performance

97% B RT-1 (ours)

100% B GATO Articulated Object:
BC-Z

B BC-Z XL

75%

Instruction: Bring me the rice chips from the drawer
RIS

» CyireRy sigpsbring

50%

4x speed, unseen kitchen llihg the robot

Success Rate

25%
Deformable Object:

0%

Seen Tasks

Instruction: Bring me the rice chips from the drawer
T

» CYreRy SiERPTINg



RT-1

Seen Tasks

B RT-1 (ours)

B GATO
BC-Z

B BC-Z XL

Unseen Tasks Distractors

Tasks

Performance
00w 7% Robustness
% 50% E
§ 25% I : I
!

Backgrounds

Unseen Tasks:

New Instructions

(Combination of Known Concepts)

Distractors:
Distract Objects

Backgrounds:

New Environments




RT-1

: Real + Sim Data :
° efe i +64% i
Generalizability for Data |y -
I+ |
1S 50%- I
s I
I € > 40% I
185 I
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©
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Ie |
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Origin D P 5 |
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Robot Data o &7 -
I Bin-picking Eval Classroom Eval Fe—— ---'I 1
. . Y  — |
(Paddlng Action Space) :Models Training Data Classroom eval | Bin-picking eval : I
\ J IRT.1  Kuka bin-picking dat 2y o 1!
EDR: EveryDay Robot " uka bin-picking data + EDR data 90(-2) I 39(+17) I I
IRT-1 EDR only data 92 : 22 1 |l
IRT-1 Kuka bin-picking only data 0 I 0 1 :
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RT-1

SayCan tasks in Kitchenl SayCan tasks in Kitchen2

Sayca n + RT- 1 Planning  Execution  Planning  Execution

I_ _ Original SayCan (Ahnetal 2022)° 73~~~ 47~~~ - -]
SayCan w/ Gato (Reed et al., 2022) 87 33 87 0
SayCan w/ BC-Z (Jang et al., 2021) 87 53 87 13

rom the counter.




Where are we for now?

PaLM

Navigation

Pre-trained ObjectNav

Manipulation

Pre-trained Mobile Manipulation



Where are we for now?

Say-Can + RT-1

LLM (Sequential Instructions)
PaLM

Navigation

Pre-trained ObjectNav



Where are we for now?

Say-Can + RT-1 + Open-World?

LLM (Sequential Instructions)
PaLM

Navigation

Pre-trained ObjectNav



Where are we for now?

Say-Can + RT-1 + Open-World?

LLM (Sequential Instructions)

(CLIP on Wheels)

PalLM
' Navigation | | Manipulation |
| Pre-trained-ObjectNav i | Dro-trained Mobile Manipulation i
i Open-World ObjectNav i i RT-1 i



CoW (CLIP on Wheels)

CoWs on PASTURE: Baselines and Benchmarks
for Language-Driven Zero-Shot Object Navigation

( CVPR 2022 )
Samir Yitzhak Gadre® Mitchell Wortsman®  Gabriel Ilharco’ Ludwig Schmidt’  Shuran Song®

Egocentric view CLIP-based object relevance | see the plant! Now I’ll just

move to it!

Voxel projected object relevance map

Target: Plant!

25



CoW (CLIP on Wheels)

METHOD

Exploration strategies CLIP on Wheels

Where to \ (CoW)
search 1t -> ->

next? v
P

j Explore or Exploit?

Learning-based

Language driven localization strategies

Am | - .
looking *

at the - | P
object? |

Gradient-based Detector-based Reference-based

26



Where are we for now?

Say-Can + RT-1 + Open-World?

LLM (Sequential Instructions)

(CLIP on Wheels)

PalLM
' Navigation | | Manipulation |
| Pre-trained-ObjectNav i | Dro-trained Mobile Manipulation i
i Open-World ObjectNav i i RT-1 i



Where are we for now?

Say-Can + RT-1 + Open-World?

LLM (Sequential Instructions)

(CLIP on Wheels)

PalLM
' Navigation | | Manipulation |
| Pre-trained-ObjectNav i | Dro-trained Mobile Manipulation i
i Open-World ObjectNav i i RT-1 i
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@ Robotics at Google
2023-3-1

Open-World Object Manipulation using
Pre-Trained Vision-Language Models ( MOO )

Austin Stone’, Ted Xiao, Yao Lu’, Keerthana Gopalakrishnan, Kuang-Huei Lee, Quan Vuong, Paul Wohlhart,
Brianna Zitkovich, Fei Xia, Chelsea Finn and Karol Hausman

Robotics at Google, Equal contribution

Generalization to Novel Objects

29
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METHOD

Instruction sans object info RT-1

\

| Encoded Instruction
B B8

Instruction

green sprite can—
nearplie el \
[\ A ;
AW\

Current Image

-------1

1
|
|
|
|

— I

: . o ; O O |

2 >>| Owl-ViT and Recent History ) base |

> ‘ 2 [ | = |

g = | e Y L ) O @ 1
e ~ sHifa . 18 | !

O O — - :

@ e9) e I

_ 0 o il — i
Initial Image : FiLM Efficient Net Token Learner Transformer :
, : I |

Mask e e e e e :

VLM for Open-World Object Detection

Data : Original RT-1 data (16 objects) + New Human demos for 90 new objects

30
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Performance

Pick Other skills

Method Seen Unseen Seen Unseen
objects objects objects objects

RT-1 (our data) [24] 54 25 50 50
RT-1 (original data) 31! 38 17! 13
VIMA-like [25] 62 50 50 25
MOO (ours) 92 75 83 75
Method Open-World Challenging New
Objects Textures Environments

RT-1 (our data) [24] 17 7 29
VIMA-like [25] 50 7 7
MOO (ours) 67 50 43

New Modality

Input Mask

( a) “pick yellow
highlighter”

Point with Finger

Click on GUI
CgEe e g

Rollouts

31
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MOO + CoW (CLIP on Wheels ):

: MOO: “pick up the pepsi” I

Figure 10: We present CoW-MOO, a system that combines an open-vocabulary object navigation by CoW [54] with
open-world manipulation by MOO. Full videos are shown on the project’s website.

32



PaLM-E: An Embodied Multimodal Language Model

Danny Driess

Yevgen Chebotar!
Karol Hausman?

1.2 Fei Xia® Mehdi S. M. Sajjadi® Corey Lynch? Aakanksha Chowdhery?
Brian Ichter’  Ayzaan Wahid!  Jonathan Tompson!  QuanVuong!  Tianhe Yu!

Pierre Sermanet’  Daniel Duckworth®  Sergey Levinel

Robot Mobile Manipulation

Robot Tabletop Manipulation

Task: give me the chips from the drawer
Next step: Close the

Task: sort blocks by colors into corners

Next step: Push gree

Task and Motion Panning Visual Question Answering

Q: How to put yellow block on blue plate?
A: Place the,

Q: Tell me a joke about the image.
A: Rooster

Wenlong Huang?

Vincent Vanhoucke?

Marc Toussaint? Klaus Greff> Andy Zeng!  Igor Mordatch3 Pete Florence

33



Where are we for now?

Say-Can + RT-1 + Open-World?

LLM (Sequential Instructions)

(CLIP on Wheels)

PalLM
' Navigation | | Manipulation |
| Pre-trained-ObjectNav i | Dro-trained Mobile Manipulation i
i Open-World ObjectNav i i RT-1 i



Where are we for now?

Say-Can + RT-1 + Open-World +

E

(CLIP on Wheels)

' Navigation | | Manipulation |
e trainedobi L o M Samieuiation |
i Open-World ObjectNav i i RT-1 i



Embodied Mobile Manipulation

Thanks for Listening!
Any Questions?

Embodied Perception and InteraCtiol



