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Fig. 2: Comparing Transformer and CNN structures.
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Fig. 3: lllustrating the difference between how a CNN'’s convolution and a

transformer’s attention networks mix in features of other tokens/pixels.
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a hew version of moore’s law that could start soon:
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the amount of intelligence in the universe doubles every 18 months

12:24 AM - Feb 27, 2023 - 3.8M Views

1,923 Retweets 702 Quotes 14.8K Likes
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Optimal LLM Training Cost

Size Optimal Training
(# Parameters) Compute Cost
MosaicML GPT-30B 30 Billion 610 Billion A100 S 325,855
Google LaMDA 137 Billion 168 Billion A100 S 368,846
Yandex YaLM 100 Billion 300 Billion A100 S 480,769
Tsinghua University Zhipu.Al GLM 130 Billion 400 Billion A100 S 833,333
Open Al GPT-3 . 175 Billion 300 Billion A100 S 841,346
Al21 Jurassic A 178 Billion 300 Billion A100 S 855,769
Bloom 176 Billion 366 Billion A100 S 1,033,756
DeepMind Gopher 280 Billion 300 Billion A100 S 1,346,154
DeepMind Chinchilla | 70 Billion 1,400 Billion  A100 S 1,745,014
MosaicML GPT-70B 70 8Billion 1,400 Bilion  A100 $ 1,745,014
Nvidia Microsoft MT-NLG 530 Billion 270 Billion A100 S 2,293,269
Google PaLM 540 Billion 780 Billion A100 S 6,750,000
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( Large Language Models, LLM)
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( Small Language Models, SLM)
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| spilled my drink, can you help?

LLM Value Functions
“find a cleaner”

Wod s apongd’ “find a sponge %
e 10 2 tran can “go to the trash can®
“pick up the sponge” “pick up the sponge” -
“try using the vacuum” By 2 e

Inner Monologue
LM-Nav

| would:

1.find a sponge Build Feedback

SayCan 2. pick up the sponge
ot onge sl System for SayCan
‘;w!o!rufw;m' 4. put down the sponge
MR S

Navigation based LM

! Frozen Weights ‘;

After passing a , take right

LLM Planner
+

BC-Z Skills

next to a . Then take left and
80 towards a square with a large tree. Go T~
further, until you find a stop sign. s TR e e

Robot Planning & Interaction Grounded Closed-Loop Feedback Robot

®
@ Can you bring me the drink from the table? :'Q'\ "ﬂ\'
A =
® 2 '
@; I see: coke, water, chocolate bar. -

Do you want water or coke? @ S—

Free-form Navigation Instructions

f T -

i’

® Coke please.

Observations in Target Environment ) @ i
(ahi)  Action was not successful.

SayCan =29,

*cite from Robotics at Google @
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Mobile Manipulation PaLM-E: An Embodied Multimodal Language Model Task and Motion Planning
Given <emb> ... <img> Q: How to grasp blue block? A: F jrasp yel k 3
2

c <emb> G
ViT

A: First grasp yellow

block and place it on
the table, then grasp
La nguage Model (Pa )
RT-1

the blue block.
PaLM)

ra <img>. 3. Pick the green rice

Tabletop Manipulation
Siven <img> Task

chip bag from the drawer and place it on the Control A: First, grasp yellow block and ... sl i

ter. g f e
counter star to the bottom left.
Visual Q&A, Captioning ... Language Only Tasks Step 2. Push the green

\ circle to the green star.

5 <img>. Q: W ing <img> siku about
ima Answer | A dog jumping fied language Y rol A: Atlantic.
2 overahurdle ata Embodied language
dog show.

187 Az 6696.
models are the future of tr
natural language

Transformer for

Google self-
low-level skills designed LLM

be used to guide a robot’s actions.

Embodied Multi-modal
LM
Instruction

<
Sk 850 o 159 arawer 53 place o counter
} . [ RT-1 | .
Images 3Hz
FiLM
= EfficientNet TokenLearner

Transformer

*
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Internet-Scale VQA + Robot Action Data Vision-Language-Action Models for Robot Control Closed-Loop
: " Robot Control
Q: What is happening Q: What should the robot
in the image? daito PR RT-2

,3 oo o
A grey donkey walks |
down the street. 5 im.
Put the strawbemry
into the correct bowl

COde as POIiCies Q: Que puis-je faire avec ﬂ@m ViT oo coo

ces objets? S - AV Ty
Prompt to generate codes )
! e
EEm ) Pk e nty g g
we Q: What should the robot De-Tokenize
w do to <task>?
).

~
ATranslation = [0.1, -0.2, 0] —T l—,

ARotation = [10°, 255 -7°] Co-Fine-Tune

Large <—--- Stack the blocks on the empty bowl. ®
Language

Model

end-to-end low-level

controller
l Policy Code

block_names = detect_objects("blocks")
bowl_names = detect_objects("bowls")
for bowl_name in bowl_names:
if is_empty(bowl_name):
empty_bowl = bowl_name
/ break
objs_to_stack = [empty_bowl]|+ block_names
stack_objects(objs_to_stack),

l def is_empty(name): RT-Z
def stack_objects(obj_names):
n_objs = len(obj_names) Comtk
for i in range(n_objs - 1): =i

obj@ = obj_names[i + 1]
obj1 = obj_names[i]
pick_place(objo, obj1)

*cite from Robotics at Google @8



Do As | Can, Not As | Say.

Grounding Language in Robotic Affordances

Michael Ahn*  Anthony Brohan®  NoahBrown®  Yevgen Chebotar*  OmarCortes®  ByronDavid®  Chelsea Finn® Demo
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Overview
- N\

| spilled my drink, can you help?
/ s |
| LLM Value Functions "
' *find a cleaner” T I
I Hd 4 Sp000e° find a sponge |
! 5o to the trash can” “go to the trash can” 1
I “pick up the sponge” “pick up the sponge” \
I “try using the vacuum” ‘g e vcone | | would:
" R
i | 1.find a sponge
: SayCan I 2.pick up the sponge
i “find = sponge” I 3.come to you
| ind a sponge 1 A gy th

"go to the trash can” 1 . put down the sponge

: “pick up the sponge” I 5.done
o e e TR R e 7’ /
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Paper

RT-1: ROBOTICS TRANSFORMER
FOR REAL-WORLD CONTROL AT SCALE

B Anthony Brohan®, Noah Brown®, Justice Carbajal®, Yevgen Chebotar®, Joseph Dabis*,

Chelsea Finn*, Keerthana Gopalakrishnan*, Karol Hausman®, Alex Herzog!, Jasmine Hsu*,

Julian Ibarz®, Brian Ichter®, Alex Irpan®, Tomas Jackson®, Sally Jesmonth®, Nikhil J Joshi®,

Ryan Julian®, Dmitry Kalashnikov®, Yuheng Kuang", Isabel Leal®, Kuang-Huei Lee*, Sergey Levine®,
Yao Lu*, Utsav Malla®, Deeksha Manjunath®, Igor Mordatch!, Ofir Nachum', Carolina Parada®,
Jodilyn Peralta®, Emily Perez*, Karl Pertsch®, Jornell Quiambao®, Kanishka Rao”*, Michael Ryoo®,
Grecia Salazar®, Pannag Sanketi®, Kevin Sayed*, Jaspiar Singh*, S dh S *, Austin Stone*,
Clayton Tan", Huong Tran*, Vincent Vanhoucke*, Steve Vega®, Quan Vuong"*, Fei Xia®, Ted Xiao",
Peng Xu®, Sichun Xu®, Tianhe Yu®, Brianna Zitkovich*

\'Robmics at Google, {Everyday Robots, {Google Research, Brain Team

£ %

S

Details

1. Action Spaces

arm: x, y, z, roll, pitch, yaw, opening of grasper
base: x, y, yaw

switch mode: {control the arm, the base, termination}
control frequency = 3Hz

Action tokenization. To tokenize actions, each action dimension in RT-1 is discretized into
256 bins. As mentioned previously, the action dimensions we consider include seven variables
for the arm movement (z, y, z, roll, pitch, yaw, opening of the gripper), three variables for base
movement (z, y, yaw) and a discrete variable to switch between three modes: controlling arm, base
or terminating the episode. For each variable, we map the target to one of the 256 bins, where the
bins are uniformly distributed within the bounds of each variable.

Overview
/ Instruction o Action \
Pick apple from top drawer and place on counter v’// N, Mode Arm Base
- l' RT-1 \/
Images \ 3tz /
FiLM N A
EfficientNet TokenlLearner Transformer

*cite from Robotics at Google @
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PaLM-E: An Embodied Multimodal Language Model

Danny Driess’?  Fei Xia®
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Overview

Details

1. Multi-modal Imputs
1.1 State estimation
1.2 Images

1.3 Language

/ Mobile Manipulation

Given <emb> ... <img> Q: How to grasp blue block? A: First

2 ViT

Human: Bri

; Large Language Model (PaLM)
ne the

rice chip he

s, 2.Open
e <img>. 3. Pick the green rice
chip bag from the drawer and place it on the
counter.

ot: 1. Go to the drawe

PaLM-E: An Embodied Multimodal Language Model

ellow block

A: First, grasp yellow block and ...

\

Task and Motion Planning

e Given <emb> Q: How

to grasp blue block?
A: First grasp yellow
block and place it on
the table, then grasp
the blue block.

Tabletop Manipulation

Given <img> Task: Sort

colors

orners.

Visual Q&A, Captioning Language Only Tasks

ving <img> t

A dog jumping ge models:
overahurdle ata Embodied Ianguage

dog show. models are the future of

natural language

tep 1. Push the green
star to the bottom left.
Step 2. Push the green
circle to the green star.

rders which ocean? A: Atlantic.
? A 6696.
ined on robot sensor

data can
be used to guide a robot’s actions.
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Code as Polices

Paper

Code as Policies:
Language Model Programs for Embodied Control

Jacky Liang Wenlong Huang FeiXia PengXu KarolHausman Brianichter PeteFlorence AndyZeng

‘ Robotics at Google

Overview

pe

Large
Language
Model

<+—--- Stack the blocks on the empty bowl. @

l Policy Code

block_names = detect_objects("blocks")
bowl_names = detect_objects("bowls")
for bowl_name in bowl_names:

if is_empty(bowl_name):

empty_bowl = bowl_name

break

objs_to_stack = [empty_bowl]|+ block_names
stack_objects(objs_to_stack)

l def is_empty(name):

def stack_objects(obj_names):
n_objs = len(obj_names) -
for 1 in range(n_objs - 1): e

objo = obj_names[1 + 1] 4

obj1 = obj_names[i]
pick_place(objo, obj1)

Details

1. APIs
Perception APIs

of LMP-based policies. For example, in real-world experiments
below, we use recently developed open-vocabulary object
detection models like VILD [3] and MDETR [2] off-the-shelf to
obtain object positions and bounding boxes.

Control APIs

architect a dynamic codebase. We demonstrate across several robot
systems that LLMs can autonomously interpret language com-
mands to generate LMPs that represent reactive low-level policies
(e.g., PD or impedance controllers), and waypoint-based policies
(e.g., for vision-based pick and place, or trajectory-based control).

where put_first_on_second is an existing open vocabulary pick
and place primitive (e.g., CLIPort [36]). For new embodiments,
these active function calls can be replaced with available control
APIs that represent the action space (e.g., set_velocity) of
the agent. Hierarchical code-gen with verbose variable names

*cite from Robotics at Google @@
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RT-2: Vision-Language-Action Models

Transfer Web Knowledge to Robotic Control

Anthony Brohan Noah Brown Justice Carbajal Yevgen Chebotar Xi Chen Krzysztof Choromanski Tianli Ding
Danny Driess ~ Avinava Dubey  Chelsea Finn Pete Florence  Chuyuan Fu Montse Gonzalez Arenas Keerthana Gopalakrishnan
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Dmitry Kalashnikov Yuheng Kuang Isabel Leal Lisa Lee Tsang-Wei Edward Lee Sergey Levine Yao Lu Henryk Michalewski
Igor Mordatch Karl Pertsch Kanishka Rao Krista Reymann Michael Ryoo Grecia Salazar Pannag Sanketi Pierre Sermanet
Jaspiar Singh Anikait Singh Radu Soricut Huong Tran Vincent Vanhoucke QuanVuong  Ayzaan Wahid Stefan Welker
Paul Wohlhart Jialin Wu Fei Xia Ted Xiao Peng Xu Sichun Xu Tianhe Yu Brianna Zitkovich

Authors listed in alphabetical order (see paper appendix for contribution statement).
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ces objets?

Q: Que puis-je faire avec

Internet-Scale VQA + Robot Action Data

Q: What is happening
in the image?

A grey donkey walks—)
down the street.

[Faire cuire un géteau.] )

Q: What should the robot
do to <task>?

~

ATranslation = [0.1, -0.2, 0]
ARotation = [10°, 25° -7°]

Vision-Language-Action Models for Robot Control Closed-Loop
Robot Control

Q: What should the robot RT 2
<task>? A: ... o
doitochmnte?. A Large Language Model

il d i - o

P

Put the strawberry
ViT e e s é e into the comect bowl
SS————
(& 1 ] AT=[0.1,-02,0] R ——
:132114 128525 156 | —————— Biece et nearly falling bag
De-Tokenize AR=[10,25 7]
Robot Action
Deploy —

Co-Fine-Tune :
Pick object that is different




put strawberry pick up the bag
into the correct about to fall
bowl off the table

move apple to
Denver Nuggets

place orange in

ick t
RARL oR matching bowl

move redbull can move soccer ball move banana to move cup to the pick animal with
to H to basketball Germany wine bottle different colour
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Open the top drawer, and
watch out for that vase!

Large
Language
Model

“Take out bread from toaster” “Take out a napkin”

3D Value Map

high
cost

high P o
reward “Hang towel on rack” “Press down moisturizer pump” “Set table for pasta” “Turn on lamp”

Figure 1: VOXPOSER extracts language-conditioned affordances and constraints from LLLMs and grounds
them to the perceptual space using VLMs, using a code interface and without additional training to either com-
ponent. The composed map is referred to as a 3D value map, which enables zero-shot synthesis of trajectories
for large varieties of everyday manipulation tasks with an open-set of instructions and an open-set of objects.
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VoxPoser:. Composable 3D Value Maps
for Robotic Manipulation with Language Models

Wenlong Huang, Chen Wang, Ruohan Zhang, Yunzhu Li, Jiajun Wu, Li Fei-Fei
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HHBEASHRIAR T BFFA T Mobile ALOHA, BILITF I FAEERBEE.
Totm. VEEF. . FIHDBAE. BIERY), EMES 50 2IMFEE, XAz AileE
AFAY 3.2 H=TT,

Learned Policies

call elevator | igh ﬁve‘ ‘
Figure 1: Mobile ALOHA * . We introduce a low-cost mobile manipulation system that is bimanual and supports
whole-body teleoperation. The system costs $32k including onboard power and compute. Left: A user teleoperates to
obtain food from the fridge. Right: Mobile ALOHA can perform complex long-horizon tasks with imitation learning.
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H &% Action Chunking with Transformers (ACT) BT #EZMNMEZIEE
Transformers, FUIASHIRAFEIGED. FFZ159#ER, NIREERILIZES—
MUE—EENELERPHIITIRIIRERAES, FEEENX ISR EREIE.

action sequence

j\ [l:l'"l___l'" -0 O O ?? |%| |%||%|
' j\ transformer transformer

Mo B-Eodd sess-d

bhEnoo D | - 1

[CLS] joints action sequence + PosEmb 480x640x3  CNN cam 1 cam 4 joints 2 position embeddings (fixed)

+PosEmb

|%| Z style variable 1

transformer
encoder

[

Fig. 4: Architecture of Action Chunking with Transformers (ACT). We train ACT as a Conditional VAE (CVAE), which has an encoder and a
decoder. Left: The encoder of the CVAE compresses action sequence and joint observation into z, the style variable. The encoder is discarded
at test time. Right: The decoder or policy of ACT synthesizes images from multiple viewpoints, joint positions, and z with a transformer
encoder, and predicts a sequence of actions with a transformer decoder. z is simply set to the mean of the prior (i.e. zero) at test time.
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