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Introduction: Course Plan

Day 1 Day 3
Image modality Data generation
in MLLMs

Lecture #4

Action Modality

Day 5
3D models

Day 2
Video modality

Day 4

Action modality
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Lecture Plan

| What is Embodied Al?

2 Evaluation :sim and real
3 Understanding the world
4 Planning

5 Acting : manipulation & navigation
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Introduction: Embodied Al

Create intelligent agents (i.e.robots) with physical embodiment that
can solve challenging tasks

Such agents should be able to:

—Perceive —see, listen using various sensors
—Talk —naturaldialog
—Reason —long-term consequences of actions

—Act —navigate and interact
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Introduction: General -purpose Robots
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fetch robot
with spring



Lecture #4
Action Modality

Introduction: General -purpose Robots

-
-

robot dog
UniTree

fetch robot
with spring
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Introduction: General -purpose Robots

-
-

robot dog robot dog with
UniTree hybrid locomotion
fetch robot UniTree B2-W

with spring



Introduction: General -purpose Robots

UniTree G1

Atlas
Bosfon Dynamics

Lecture #4
Action Modality

Humanoid robots (knees ...)

Embodiment is not
limited to that list

(drones, autonomic
vehicles...)
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Bosfon Dynamics
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Humanoid robots

e Embodiment is not
limited to that list
(drones, autonomic
vehicles...)

What could be automated by a robot



Introduction: General -purpose Robots

Thermonator, Flame -Throwing Robot Dog
9,420 $
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Humanoid robots

e Embodiment is not
limited to that list
(drones, autonomic
vehicles...)

What could be automated by a robot


https://gizmodo.com/thermonator-the-flame-throwing-robot-dog-can-now-be-y-1851429292
https://gizmodo.com/thermonator-the-flame-throwing-robot-dog-can-now-be-y-1851429292
https://gizmodo.com/thermonator-the-flame-throwing-robot-dog-can-now-be-y-1851429292
https://gizmodo.com/thermonator-the-flame-throwing-robot-dog-can-now-be-y-1851429292
https://gizmodo.com/thermonator-the-flame-throwing-robot-dog-can-now-be-y-1851429292
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Introduction: General -purpose Robots

Each embodiment is characterized by = how we can control it

W - Yaw

Z Up/Down

o

A o
6 robot with gripper autonomic vehicle

7 Degrees of Freedom steering and acceleration




Evaluation

Sim Vs Real. Simulators.
Real-world evaluation
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Evaluation: CV/NLP Benchmarks

A lot of CV/NLP benchmarks are available for various tasks:

— usually very fast evaluation — have big domain shift in relation to robotics data

— reproducible
— cheap

Comprehensive Disciplines

Engineering (26%) Art & Design

[Ty LS (11%) g4 cﬁ; &

& ¢ %;smessg%)‘
T ) & (@ ©

Science (23%) I;Lémegnllgi? (;

¥ ocial Sci.

i €4

> @@ Vi ot

Medicine (17%)

— may be only a proxy metric/guidance

baseline models

Heterogeneous Image Types

% B E &6 O
I
BB ® {n & -

Diagrams, Tables, Plots and Charts,
Photographs, Chemical Structures,
Paintings, Medical Images, Sheet
Music, Geometric, Pathology images,
Microscopic Images, Comics, ...

Interleaved Text and Images

Question: You are shown
subtraction <image 1>, T2 weighted
<image 2> and T1 weighted axial
<image 3> from a screening breast
MRI. What is the etiology of the
finding in the left breast?

<image 1> <image 2> <image 3>

Yue et al. MMMU: A Massive Multi-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024

for choosing

Expert-level Skills Test

Expert-level Visual Perception

Po’4 R ™

Domain Expertise,
World, Linguistic,
Visual Knowledge,...

Logical, Spatial
(_ommonacm-h,
Mathematical,...



Evaluation: Arena

- Rules

.. o

Chat with two
anonymous models
Continue to chat until
you identify a winner
Vote for the better
one with reason

o

Model A
On the lower right side of the

cooked fish, the word
"Opaque" is labeled.

Reason

Vote A is Better

Lu et al. WildVision: Evaluating Vision

How to Tell When Fish is Done:

What English
words are on
the lower

right side of

the fish meat?

Model B

The English word on the lower
right side of the fish meat is

£

LA "Opaque."

Lecture #4
Action Modality

crr-aolNs0  cpr-ao N 1235
GPT-4v]1132

B is Better

7

Both Model A and Model B answer correctly regarding the text.
\ Tie [ Bothare bad

Model A: Claude-3-Sonnet, Model B: GPT-4V ~ WVArena Elo Ratings ggf,' Submit

GPT-av 80
Reka[ N 64 Reka I 1107
opus|N 62 opus|llll 1100

vi-vi-PLUs 55 vi-vL-PLUSl 1061
LLava-34c | 51 Geimini-ProfJjill 1061
sonnet[JII 50 LLava-34s[l 1059
Haiku[JIll 37 sonnetill 1044
Geimini-ProfJill 35 cogvLMll 1016
LLavA-138[ 33 Haiku[Jl 1002
DeepseekVLIl33 LLava-78]ll992
cogvLMll1 DeepseekVLlo79
LLavA-76[lll26 idefics2[JlJ965
Idefics2[il 23 LLavA-138[Jll 956
QwenvLChat[l]17 wenvLChatfll930
LLaVAL.5 |14 Bunny_ ]921
Bunnyflj12 minicPmlilo10
MiniCPM[]11 LLaVAL.5_]891
TinyLLavA[]8 TinyLLaVA_]879
UForm[]7 InstructBLIPJ 862
InstructBLIP|5 UForm] 827
WildVision Wildvision
Arena

Bench

UAZ\GEY0.94 0.86 0.79 0.79 0.77

0 o~
¢ W
& ¥

W e 0°

Correlation w. WVArena Leaderboard

-Language Models in the Wild with Human Preferences. arXiv:2406.11069
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Evaluation: Simulators

1 Scan -based Simulators —static 3D reconstructions
3D OBJECT
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CAMERA MOVEMENT
S
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Evaluation: Simulators

1 Scan -based Simulators —static 3D reconstructions
3D OBJECT
@
L]
L
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Image 1 //° > b Image 3
\ \
Image 2
Y Ya s
ldentical Feature i

Points

CAMERA MOVEMENT
— RGB + Depth

Szot et al. Habitat 2.0: Training Home Assistants to Rearrange their Habitat. NeurlPS 2021.
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Evaluation: Simulators

1 Scan -based Simulators —static 3D reconstructions

3D OBJECT
L

5 ®
<
%
O,

%, :
Image 1 ‘TK\'

1
o
Image 3
/ Image 2
\
Identical Feature
Points

CAMERA MOVEMENT
— RGB + Depth

e

3D point cloud

Szot et al. Habitat 2.0: Training Home Assistants to Rearrange their Habitat. NeurlPS 2021.



Evaluation: Simulators
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1 Scan -based Simulators —static 3D reconstructions

Szot et al. Habitat 2.0: Training Home Assistants to Rearrange their Habitat. NeurlPS 2021.

Import this point cloud into a
graphics engine —draws you
the scene from any new camera
viewpoint



Evaluation: Simulators
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2 CAD-based Simulators —hand-crafted 3D models (CAD =Computer-Aided Design)

e 3D designers are needed

e textures/ set lighting takes
human labor

e computer graphics are more

www
gr2

complex
e GAP in physics
e
D=

Szot et al. Habitat 2.0: Training Home Assistants to Rearrange their Habitat. NeurlPS 2021.

@\ A -
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0001408 B

AobotHS 165-02...

MOYE P,5=10%...



Evaluation: Simulators

Scan-based env:

—

—
—
—

relatively fast to collect
realistic look

very fast to render
limited: frozen point clouds

Lecture #4
Action Modality

CAD-based env:

—

VLl

hard to prepare
realistic look requires a lot of effort
may be challenging to render

alltasks are supported

11
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Simulators: World Model

World model is a special

case of simulators. Instead of
painstakingly modeling every
object and light ray, the world

model learns directly from Generate a playable world
data set in a futuristic city

Action???
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Simulators: World Model

World model is a special

case of simulators. Instead of
painstakingly modeling every
object and light ray, the world

model learns directly from Generate a playable world
data set in a futuristic city

Action
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Simulators: World Model

e Speed —rcal-time 3D
rendering plus
physics is slow

e Flexibilty — don’t
need CAD files of
every object in every
room

e Data -driven — world

models adapt to
whatever domain you world modellearns directly from data

train them on
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Simulators: World Model

@Wﬁ\"ﬁ‘E
Limited application — -3 9 o - oy
you already have g5 ‘:i'
massive recorded ,
o — -, —

interactions (gameplay
video, driving logs, lab

Generated by GAIA-1 Generated by GAIA-T

trials) - w' e
'f_i

r #" i!

Generated by GAIA-1 Generated by GAIA-1




Fu et al. Mobile ALOHA: Learning Bimanual Mobile Manipulation with Low

Evaluation: Real World

Use Cabinets
(autonomous)
really matters (lift a 3 Ibs pot)

the only evaluation that

very slow (initialization
of the scene)

very expensive and
technically complex

scales badly (if different
kitchen ?)

Real-time

-Cost Whole -Body Teleoperation. arXiv:2401.02117

Lecture #4
Action Modality

13
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Evaluation: Real World

Cook Shrimp

(autonomous)

Real-time

Fu et al. Mobile ALOHA: Learning Bimanual Mobile Manipulation with Low -Cost Whole -Body Teleoperation. arXiv:2401.02117


http://drive.google.com/file/d/1wRIoGneM91pkkPCDQsjbVIA3QcgdosGz/view

Lecture #4 15
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Evaluation: Real World

Cook Shrimp e\ [ Wipe Wine

(autonomous) ’ | (autonomous)

Real-time PRy 0 ‘ Real-time

Fu et al. Mobile ALOHA: Learning Bimanual Mobile Manipulation with Low -Cost Whole -Body Teleoperation. arXiv:2401.02117


http://drive.google.com/file/d/1jMSxU0Gz38-TdE-eAfuefuEuxcne-z7r/view

Lecture #4
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Evaluation: Comparison

Cheap benchmarks, but remote proxy metrics;relevant benchmarks, but
complex and time consuming

Static Arena End -to -end End -to -end
benchmarks sim real
Relevance Low Medium Medium High
Safety High High High Low
Speed High Medium Medium Low
Cheapness High Medium Medium Low
Reproducibility High High Medium Low




Understanding

Understanding the World.
Embodied Question
Answering
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Understanding: 3D Reconstruction
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Understanding: 3D Segmentation

Input Ground Truth Instance Semantic Panoptic

Kolodiazhnyi et al. OneFormer3D: One Transformer for Unified Point Cloud Segmentation. CVPR
2024



Understanding: Embodied QA

Lecture #4
Action Modality

Evaluation of answers is done with GPT -4 or via human evaluation

— pre-recorded video stream

— fully interactive mode:agent can freely explore

RGB

Camera t

Environment Trajectory

X

Rl
% 1 ee®

_/

Multimodal Observations

Majumdar et al. OpenEQA: Embodied Question Answering in the Era of Foundation Models. CVPR 2024.

environment

Open-Vocabular Q&A

19



Planning

Open-world planning.
Dividing instruction in small
substacks




Planning: Embodied QA

Planning is
decomposing

high-level task into

sequence of sub -
tasks

Task Goal: Clean and tidy the

! livingroom. Putall misplaced

! objects back in their proper

! positions. Make sure the living
\ room sofas, coffee tables,

/o S1.grasp(book) R
S2.navigate_to(bookshelf) 4
S3.place_onRight(book, ]
bookshelf) i
S4.navigate_to(fruit_tray) ]
S5.grasp(fruit_tray) 4
S6.place_under(fruit_tray, 1
kitchen_counter) )
S$7.navigate_to(remote_control)
S8.place_inside(apple,fruit_bowl) E
$9.navigate_to(remote_control) !
$10.grasp(remote_control) !
$11.place_onTop(remote_contro !

Q | coffee_table) ¥

Zhang et al. MFE -ETP: A Comprehensive Evaluation Benchmark for Multi

Task Goal: Put all the bottles
into the bucket.

£ S1.navigate_to(table) .
S2.grasp(bottle.1)

S3.navigate_to(bucket)

S4.place_ inside(bottle.1,bucket)
S5.grasp(bottle.2)
S6.navigate_to(bucket)

S7.place_ inside(bottle.2,bucket)
S8.grasp(bottle.3)
S9.navigate_to(bucket)
$10.place_ inside(bottle.3 bucket)

e

\
1
1
1
i
1
i
1
]
1
'
1
1

i Task Goal: Put the leftmost food,;
1 of the dinner table into the
| fridge.

1
i
1
\

/* S1.navigate_to(table)
S2.grasp(apple)
S3.navigate_to(fridge)
S4.open(fridge)

S5.place_ inside(apple.fridge)
S6.close(fridge)

-

'

Il
1
1
1
|
1
1
1
1
1
1
1
|
1
1
1
1
i
|
i
1
i
[l
\

~

-modal Foundation Models on Embodied Task Planning. arXiv:24

Lecture #4 20
Action Modality

i 1
1 1
i i
1 1
1 1
1 1
i i
1 1
: i
i Task Goal: Clean the table with !
| a sponge. !
‘ i
1 ]
1 1
1 !
Al ’
'.’ Sl.navigate to(table) \‘\‘
' S2.navigate_to(rag) !
! S3.grasp(rag) !
s S4.wipe(rag, table) :
i i
1 1
1 1
: :
1 1
i i
i i
i i
1 1
1 1
l‘ 1
\\ I'

07.05047
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Planning: Open World Planning

Planning success plummet in open worlds due to new challenges  Challenge #2: State-dependent Task Feasibility

7 R N
oy Minecraft [ Planner w/ Learned Controller
I 234
ALEWeHd O Planr / Oracle Controller
U Tabletop Environment
}- 804
J— 99
10 2 A 50 50 10
\_ Success Rate Y,
Challenge #1: Complex Sub-task Dependency
N

-1'7@_’@5

“put the blue blocks.
ina green bow!”

Manipulation in Tab[etop environment

\_ Mine diamond in Minecraft environment )

Wang et al. Describe, Explain, Plan and Select: Interactive Planning with Large Language Models Enables Open -World Multi -Task Ag ents. NeurlPS 2023



Planning: Open World Planning

e we can’'t benchmark
planning on fixed ground
truth sequences

e running in simulator and
measuring success rate (SR)
is the only option

e the planning module has to
be adaptable and be able to
modify the plan

Wang et al. Describe, Explain, Plan and Select: Interactive Planning with Large Language Models Enables Open

Lecture #4
Action Modality

Task instruction: Obtain a diamond @ in Minecraft survival mode step-by-step?

Initial Plan P: ‘. j*“ﬁ*‘
—>/—>;'a*>0—>¢f>->7ﬁ —>@ 1

Candidate goals: “’
i i Selected Goal g,: &4 X 4
G The agent locates in the birch forest,
which only has birch wood.

Si Agent

Description d; : I succeed on goal 1-5. 1
fail on goal 6, mining 3 @ with 2 .
Now my inventory has 5 planks, ...

Explanation: Because mining ‘ needs to
use at least # , which I do not have.
So I need to craft A first.

Updated Plan P,:
@>>@0—>—0
3 1 3 1 1

3

Selected Goal
gt ‘ X3
no other choices

Description d;: I succeed on goal .... I
fail on smelting 3% from 3 &, on§.
My inventory now has 3 iron ore, ...

Explanation: Because smelting &= needs
to use § and @ , which I do not have.
So I need to craft @ first.

Task Finished !
\
Finished Plan Pr: i

‘—>‘—>.—>@—>7ﬁ—>@

-World Multi -Task Ag ents. NeurlPS 2023

21
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Planning: Odyssey

Odyssey —new framework that empowers Large Language Model (LLM)  -based agents
with open-world skills to explore the vast Minecraft world

[ Fine-tune Minecraft LLM ]

Q&A Dataset
Generation

Minecraft

MineMA



Planning: Odyssey

Odyssey —new framework that empowers Large Language Model (LLM)
with open-world skills to explore the vast Minecraft world

[ Fine-tune Minecraft LLM ] > [ Interactive Agent ]
Q&A Dataset g Plan
@ Generation ﬁ,’ v
e W Actor
Skill v j|
. — Retrieval Critic

{Z» Mine Diamond

y

3 Craft Diamond Sword

% 1 Combat Zombie

LLaMA 3 MineMA | Open-World Skill Library

-based agents

Lecture #4
Action Modality

22



Lecture #4
Action Modality

Planning: Odyssey

Odyssey —new framework that empowers Large Language Model (LLM)  -based
agents with open-world skills to explore the vast Minecraft world

[ Fine-tune Minecraft LLM ] —> [ Interactive Agent ] —> { Agent Capability Benchmark ]
Q&A Dataset g Plan Long-term Planning
oEnoTaon "." ' om ke Weapons
— Actor M; Combat {
Skill 2 b Equipment
. . Retrieval Critic

Dynamic-immediate Planning

}‘ iy Planting
TEW Breeding

{Z» Mine Diamond

y

3 Craft Diamond Sword

. Autonomous Exploration
= 1 Combat Zombie L

e Surviving
& Explore {

LLaMA 3 MineMA | Open-World Skill Library Creating

22
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O d y SSC y . M | neCraft W| k| Action Modality

To improve agent performance in Minecraft, we fine -tune the LLaMA -3 model using a large-scale
Q&A dataset with 390k+ instruction entries sourced from the Minecraft Wiki

Apple Stone Bricks Any Stone

Redstone Torch +
Redstone Repeater | Redstone Dust +

Block of Gold +
Apple

Any Stone
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Odyssey: Minecraft Wiki

To improve agent performance in Minecraft, we fine -tune the LLaMA -3 model using a large-scale
Q&A dataset with 390k+ instruction entries sourced from the Minecraft Wiki

~-Passive -moebs:- ~Hostile- mobs:---
- i
b s E
"l = H : FA H v - ‘E!? 'HI.';
&
Allay Armadillo Axolotl Camel Blaze Bogged Breeze Creeper
Creaking
5 g
. = : ‘.. ..‘
Glow Squid Horse = Mooshroom Mule Ocelot Parrot
Husk Magma Phantom  Piglin Brute
Hoglln
Cube
-
A m -1
Skeleton Sniffer Snow Squid Strider Tadr
Slime Stray Warden

Horse Golem Vindicator
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Odyssey: Interactive Agent

Efficient retrieval of skills  is provided by generating a description for each
skillby calling the LLM — Sentence Transformer to encode each skill

collectItem js LLM-based agent employs a planner -

if (tmob) { actor -critic architecture to define
bot.chat("Could not find a mob.");

return false; which actions to do

}

// I.<111 tr.le mob using the sword e 40 prlmltlve skills
await equipBestTool(bot, tool);

await killMob(bot, mob.name, 300);

// collect the dropped items e 183 CompOSitional skills
await bot.pathfinder.goto(new (mob.position.x,

mob.position.y, mob.position.z));

bot.chat("Collected dropped items.");
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Odyssey: Interactive Agent

1 LLM Planner —breaks down high-level goals into specific low-level subgoals

a) Ultimate goal = | want to breed cow and collect items from it.

b) State of the agent c) Achievements Plan

i WYy

- gﬂ@ﬁ

— Failed — Successful — Potential

Crafting

[Position ]: x=2134.5, y=69.0, z=769.5
[Time ] day

[Nearby bocks ] dirt, grass,

oak_log

[Nearby entities ] horse, pig
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Odyssey: Interactive Agent

2 Knowledge Q&A
LLM Actor — invoked to sequentially execute the
subgoals generated by the LLM planner within the (Howto Obtainmﬂk?kn
Minecra ft environment / - {First, I should...)
Plan X
Skill Retrieve

bgl
a) Query context ‘f) \’;\ { W enrpyns

. . . . ) i
b) Similarity matching '@“gﬁ%’u % Kill one cow with sword
f3 Collect milk with bucket

c) Skill Selection _ _
— Failed — Successful — Potential v
Code Action

25
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Odyssey: Interactive Agent

3 LLM Critic — noting successful outcomes and
failure points, refine strategy

Execution 1 cannot collect milk without a (3.
Feedback [Environment feedback]

) COde ACtiOIl I could not find a ™ to collect milk.
a) Execution Feedback v
N Self-validation: Self-reflection:
b) Self-validation | gl B T
Observation 1 Rethink
c) Self-reflection My subgoal is to: . You should analysis the

last_inventory (16/36): ..., !is failed based on the

E collect milk ; E reason why my subgoal |
, cur_inventory (18/36): ... : ! logs provided. :

__________________ I_-_—_-_—_—_—_-_-_-l
Thought ' Critic
Based on changes of my ' ' Since you only have {3,

inventory, is my subgoal ' ! you might need the J#to

successful? &)



Odyssey: Examples

(
+ Shear a Sheep

e Use GPT-3.5and
GPT-4 for initial data
generation

e Allexperiments are
conducted with the
open-source LLaMA -
3 model

e Simulation
environment is built
on top of Voyager

Lecture #4
Action Modality

27
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Odyssey: Examples

e Use GPT-3.5and
GPT-4 for initial data
generation

e Allexperiments are
conducted with the
open-source LLaMA -
3 model

e Simulation
environment is built
on top of Voyager
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Odyssey: Examples

e Use GPT-3.5and
GPT-4 for initial data
generation

e Allexperiments are
conducted with the
open-source LLaMA -
3 model

e Simulation
environment is built
on top of Voyager




Odyssey: Examples

e Use GPT-3.5and
GPT-4 for initial data
generation

e Allexperiments are
conducted with the
open-source LLaMA -
3 model

e Simulation
environment is built
on top of Voyager

Lecture #4

Task Time (min) 2min Smin 10min 15min
® 0594079 958%  992%  100.0%  100.0%
A 0954080 925%  992%  100.0%  100.0%
A 1484096 850%  975%  100.0%  100.0%
A 4434148  00%  767%  100.0%  100.0%
@ 6484202  00% 217% = 925%  100.0%
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Planning: DEPS

Dynamic error
recovery: DEPS
doesn’t rely on a
rigid skill library; it
introspects and
corrects mistakes in
realtime

Instruction
¥
(Re-)Planner Explainer
LLM explain LLM*
| t
plan P, description d,
Selector Descriptor
HPM VLM
| t
goal g, feedback
Controller

Goal-conditioned Policy

obsT l action

Environment

Lecture #4
Action Modality

Task instruction: Obtain a diamond @ in Minecraft survival mode step-by-step?

Initial Plan Pg: “ j—?’“ﬁ_’.
> /—> 7n-x->‘—>6«—>ﬁ —>® l

Candidate goals: ‘."j
Selected Goal gq: 3 X 4

The agent locates in the birch forest,

which enly has birch wood.

Agent

Description d, : [ succeed on goal 1-5.1
fail on goal 6, mining 3 @ with A .
Now my inventory has 5 planks, ...

Explanation: Because mining . needs to
use at least A, which I do not have.
So I need to craft 2 first.

Updated Plan P,:
B> AP0 2A—0
3 1 3 3 1 1

Selected Goal

g @x3

no other choices

Description d,: I succeed on goal ... 1
fail on smelting 3= from 3 @, on§.
My inventory now has 3 iron ore, ...

Explanation: Because smelting &= needs
to use ‘and & , which I do not have.
So I need to craft ‘ | first.
Task Finished !
\

Finished Plan Pr: >

‘—>‘~}.->w—>7%—>@

‘ Mine oak wood L" Mine birch wood‘ Craft acacia planks ‘ Craft crafting [ablc/(‘mﬂ stick ‘ Mine iron orc.Mine Coal. Craft furnace @ Mine diamond

‘Minc acacia wood ‘Craﬁ oak planks ﬁ Craft birch planksﬂ Craft wood pickaxcﬂ Craft stone pickaxe . Mine cobblestone i Smelt iron ingmﬁ Craft iron pickaxe

28



Planning: DEPS

Lecture #4
Action Modality

Meta Name Number Example Task Max. Steps Initial Inventory  Given Tool

MT1 Basic 14 Make a wooden door. 3000 Empty Axe

MT2  Tool (Simple) 12 Make a stone pickaxe. 3000 Empty Axe

MT3  Hunt and Food 7 Cook the beef. 6000 Empty Axe

MT4 Dig-Down 6 Mine coal. 3000 Empty Axe

MT5 Equipment 9 Equip the leather helmet. 6000 Empty Axe

MT6 Tool (Complex) 7 Make shears and bucket. 6000 Empty Axe

MT7 IronStage 13 Obtain an iron sword. 6000 Empty Axe

MTS Challenge 1 Obtain a diamond! 12000 Empty Axe
Methods MTI MT2 MT3 MT4 MT5 MT6 MT7 MTS AVG
GPT[16,32] 25.854+24.8 47.88+31.5 10.78+14.6  7.14+9.0 1.98+5.9 0.0+0.0 0.0+0.0 0.0+0.0 15.42
PP[42] 30.61+£23.6  40.09+30.6  17.13+19.1  16.00+17.3 3.21+4.9 047+1.3 0.60+2.2 0.0+£0.0 16.88
CoTl[45] 40.24+30.8  55.21+£26.8  6.82+11.6 4.76+8.2 1.734+5.2 0.0£0.0 0.0+0.0 0.0+£0.0  18.89
IM[17] 46.89+31.4  53.734+20.8 3.64+6.9 1841£174  457+74 0.64+1.7 1.02+2.5 0.0+£0.0 21.64
CaP[20] 60.08+17.3 60.11£20.24  8.724+9.7  20.33£21.0 2.84+4.6 0.63x1.3 0.60+2.2 0.0+£0.0 25.77
DEP 75.70+104  66.13+13.4 45.69+16.2 43.35+20.2 1593+139 571+3.7 4.60+7.1  050+0.5 39.36
DEPS 79.77+8.5 79.46+10.6  62.40+17.9 53324293 29.24+273 13.80+8.0 12.56+13.3 0.59+0.5 48.56
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Planning: DEPS

Examples of planning by the agent

Lecture #4
Action Modality
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5.1

N x
sl 8

Acting: Manipulation

Manipulation task.
Collecting realdata.
Policies




Lecture #4

Manipultaion: Action

Now given language instruction and observations from sensors, output action/
sequence of actions .Modern notable approaches are based on:

— hybrid models
instruction: slide the green star

., diffusion models next to the red moon

— transformers

—  VLLMs
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Manipulation: Action

Now given language instruction and observations from sensors, output action/
sequence of actions . Modern notable approaches are based on:

— hybrid models

—imesitiiguigit driwer
— diffusion models oess %

— transformers a4
g io

—  VLLMs -

view from three cameras
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Manipulation: Inverse Kinematics

How the rest of the joints move is the inverse kinematics that gives out these joints

qzt:_./'/- \
@, L,
i End Effector
N )
6
d2
\ Forward Kinematics (FK)

Joint Angles —, End Effector Pose
q1, 92, 493,94 — x,y,0

Inverse Kinematics (IK)
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Manipulation: Open X-Embodiment

ImageNet =1000 classes and pictures;in Robotics =if 1000 tasks , 1 trajectory is 250
samples (250 pictures is 1 sample =pictures + coordinates)

from 311 Scenes :

.. 34 Research Labs across 21 Institutions

22 Embodlments

<prgh

527 Skills

sweep the green
cloth to the left
side of the table

J'\/i—- v
g set the bc!w‘l to
pour stack route ISR B oGS ngh! Sioe °'

60 Datasets

- o ]
placethenlack o2 - E A “m

1,798 Attribut + 5,228 Objects - 23,486 Spatial Relati
Jaco Play ALOHA ribates < 522 s Spatial Relations

Open X-Embodiment Collaboration. Open X-Embodiment: Robotic Learning Datasets and RT-X Models. arXiv:2310.08864



Manipulation: Open X-Embodiment

Lecture #4
Action Modality

Breakdown by tasks —skills (take, move) and tasks (what to move)

600000 i\ .

—
150000

125000
100000
75000 A
50000 1
25000 A

o

(d) Common Dataset Skills

140004 Shapes ; '
12000 _
10000 1 . Containers 3 Food !
800G Furniture : : )
6000 : . Appliances
4000 1 ] Utensils
2000 - '
0- r r— e LB e
so >0 .{\“ RE FILISHF PELIFP FLES -P{D
SEE c‘:’o €$ e ,;'4" §r&*§§§§ ,gtqg?mé?m‘?"m SEEE of q°+°‘69
¥ A L2 7 7 il ol
¢ &

(e) Common Dataset Objects

Open X-Embodiment Collaboration. Open X-Embodiment: Robotic Learning Datasets and RT-X Models. arXiv:2310.08864
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Manipulation: Open X-Embodiment

Examples of collected trajectories (22 embodiments)

dual -arm robot, Stanford part of the Bridge Dataset Functionalmanipulation
Aloha WidowX BridgeV2 benchmark
Berkley Peg insertion

Open X-Embodiment Collaboration. Open X -Embodiment: Robotic Learning Datasets and RT -X Models. arXiv:2310.08864
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Collecting Data: ALOHA

Gathering trajectories
with ALOHA —can be
difficult task due to



http://drive.google.com/file/d/1NbyseNDLQY6djbUOM-7lvbJltyb-qfFA/view

Lecture #4 35
Action Modality

Collecting Data: ALOHA

e Data collection room,
Google

e Buya bunch of ALOHAs
(3D printer)

e Puta bunchofpeople to
collect data

e Poorly scalable process

e Installation next to the

dining room :)

Aldaco et al. ALOHA 2: An Enhanced Low -Cost Hardware for Bimanual Teleoperation
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Collecting Data: Teleoperation

Instead of the robot acting on Clean Restroom
its own, a person —sometimes (te,'ef)ﬁ’)
sitting ata console ,
sometimes wearing a VR
headset or data -glove

e EgoView (two-fingers
move)

e Separate navigation
and manipulation

10x speed i

Fu et al. Mobile ALOHA: Learning Bimanual Mobile Manipulation with Low -Cost Whole -Body Teleoperation. arXiv:2401.02117


http://drive.google.com/file/d/1tY8LzAATp4ALpz7KUNkS8C1-X9dUrVUq/view

Lecture #4

Collectin g Data: UMI Action Modality

3D-printed, trigger -activated
parallel -jaw gripper (the “UMI
gripper”) in your hand, with a GoPro
(or similar) mounted on

Do not need actualrobot!

Ha et al. UMI on Legs: Making Manipulation Policies Mobile with Manipulation -Centric Whole -body Controllers. arXiv:2407.10353
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http://drive.google.com/file/d/1Y8vMPCpTTqtCIS0e_YdTf3Mj4kn1ki-f/view

Collecting Data: UMI

Lecture #4
Action Modality

37

Ha et al. UMI on Legs: Making Manipulation Policies Mobile with Manipulation

-Centric Whole -body Controllers. arXiv:2407.10353


http://drive.google.com/file/d/1m62m-xyK-l_3BBh0tUlZkB7H8unTkf_f/view

Lecture #4 38

Collecting Data: UMI on Legs

A bunch of dogs are learning
how to stabilize their hand using
reward in a simulation



http://drive.google.com/file/d/1PQaI_MP3ar2_OsTd3IQKzKsFTk_9JoKY/view
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Collecting Data: UMI on Legs

Ha et al. UMI on Legs: Making Manipulation Policies Mobile with Manipulation -Centric Whole -body Controllers. arXiv:2407.10353


http://drive.google.com/file/d/1p-iLuZgACTkwXBt-o2yezTWt4PY1f7fQ/view

Lecture #4
Action Modality

Hybrid Policy: RT-1

Training data:
e 130k episodes
e 700 tasks

e collected with 13 robots over
17 months

RGB image, 300 x 300

Frontal view,
Pre-manipulation pose

(d) (e)

Inference time is 100ms, overall

system works at 3 Hz

robot classroom where data was collected

Brohan et al. RT -1: Robotics Transformer for Real -World Control at Scale. arXiv:2212.06817
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Hybrid Policy: RT-1

Instruction

Pick apple from top drawer and place on counter

“.Time

6 images

Images
6 images
300 width x 300 height x 3 RGB channels

Lecture #4
Action Modality

40



Hybrid Policy: RT-1

Instruction

Pick apple from top drawer and place on counter

" Time

6 images

Images
6 images
300 width x 300 height x 3 RGB channels

512

MBConv

(1+y) -+ B(FILM)
MBConv

(1+y) -+ B(FILM)
MBConv

(1+y) -+ B(FiLM)

MBConv

(1+y) =+ B(FLM)
Linear 1x1 Conv

Lecture #4
Action Modality

FiLM EfficientNet -B3
Fuses language instruction with
image embeddings

Feature map
9x9x512

40



Hybrid Policy: RT-1

Instruction

Pick apple from top drawer and place on counter

512

MBConv

(1+y) -+ B(FILM)
MBConv

(1+y) -+ B(FILM)
MBConv

(1+y) -+ B (FiLM)

MBConv

(1+y) =+ B(FILM)
© UnearixiConv

[-IIII D il]
il

[lIllllTlllllﬂ

Lecture #4
Action Modality

TokenLearner
Spatially attends over tokens

34k parameters
8 tokens x 512

Tokenized Inputs
48 tokens x 512

40
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Hybrid Policy: RT-1

Instruction

Pick apple from top drawer and place on counter

TokenlLearner

/r
7 \
MEGonv HHHHH
512 (1) = % BFALM) HHHHT
= LL}
MBGonv - -

(1+y) -+ B (FiLM)

MBConv

2 8 8B

MBConv

(1+y) - + B(FiLM)




Hybrid Policy: RT-1

Instruction

Pick apple from top drawer and place on counter

(7

(7

512

MBConv

(1+y) -+ B(FILM)
MBConv

(1+y) -+ B (FiLM)

MBConv

(1+y) -+ B(FiLM)

MBConv

(1+y) =+ B(FILM)
© UnearixiConv

@ = @ @ s 8 8 B

|

it

sesEES -ssEBE8]

!

Mode Arm

o—CQ

arm, base, terminate  gripper position, rotation, position, closure  position, orientation

Lecture #4
Action Modality

TokenlLearner

Spatially attends over tokens
34k parameters
8 tokens x 512

Tokenized Inputs
48 tokens x 512

Positional Encoding

Transformer
Decoder-only

8 self-attention layers
19M parameters

Action
11D, discrete action space

40



Hybrid Policy: RT-1

Instruction

Pick apple from top drawer and place on counter

Lecture #4
Action Modality

TokenLearner
Spatially attends over tokens
) - 34k parameters
8 8 2 ] 8 tokens x 512
(i e [
onv v \
) ... @ ~‘ J Tokenized Inputs
212 @+y) - o+ pELVM) /| EEEeEeEe e rrr e 48 tokens x 512
MBConv

(1+y) -+ B(FiLM)

MBConv Self-Attention

(1+y) -+ B(FiLM)

Self-Attention

Mode Arm

MBConv

(1+y) =+ B(FLM)
Linear 1x1 Conv

E%@ Positional Encoding

Transformer
Decoder-only

8 self-attention layers
19M parameters

Base H
arm, base, terminate  gripper position, rotation, position, closure  position, orientation ACtlon

11D, discrete action space

40
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Diffusion-based Policy

Transformers — with diffusion can modelvarious Diffusion conditions on the
complex distributions (same action differently) textualprompt
(a) End-to-End Training (b) Evaluation
Environment
Expert Demonstrations 3

- Policy = %

e 1

= =

Perception | Decision a 3

) . =] Perception | Decision
I \\ i‘\
i Perception: Compact 3D Representations from Point Clouds II Decision: Diffusion Policy |
| (a) Point Cloud Processing (b) Compact 3D Representations i 1
il Single-view Point Cloud Points w/o Color MLP Projection | F;?:tzl |  Conditioning |
(3, 64, 128, 256) (256, 64) [ |
1 Compact 1
I il 3D Repr. | v I
E E 7 Denoisin
: — g 2 % X3 é ¥ Compact II af = - - :
- & Pool = 8 3D Repr. | Noised Denoised
I g Gl L] Il Action Action :
17 I

Ze et al. 3D Diffusion Policy: Generalizable Visuomotor Policy Learning via Simple 3D Representations. RSS 2024



Transformer-based: Octo &

e Pretrained on 128 TPUv4
(=200 A100) for 14 hours,
much longer than on
ImageNet

e May be finetuned
on 3090 in 4 hours

e Best starting point for
training own manipulation
policies

Dibya Ghosh et al. Octo: An Open-Source Generalist Robot Policy. RSS, Oct 2024 . [link]

Lecture #4
Action Modality

42



https://octo-models.github.io/
https://octo-models.github.io/
https://octo-models.github.io/

Transformer-based: Octo )

Lecture #4
Action Modality

Core model is transformer architecture that maps arbitrary input tokens (created

from observations and tasks) to output tokens (then decoded into actions)

Make coffee

Task Observation Readout = Observation Readout  Observation

ﬁ Octo Transformer

[Aotion Head )2 +a

T Pre-Training

42
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Transformer-based: Octo )

Core model is transformer architecture that maps arbitrary input tokens (created
from observations and tasks) to output tokens (then decoded into actions)

Make coffee

Task Observation Readout = Observation Readout  Observation

a Octo Transformer

Actuon Head |+a +a

T Pre-Training




Transformer-based: Octo )

Obtain tokens through  modality -specn"ctoke[‘f:f‘ Tos

“tokens”) and arrange allthem sequentially

Task Tokens

t5-base [111M] Put, the knife, on the, plate

¥ ¥ v A
[ Language Encoder

passed through a

pretrained

AR K
transformer that 6 @ Y e J e Y e
produces a sequence p
of language oooe

embedding tokens

Ve

Lecture #4
Action Modality

.‘]ually “embeddings”, not

Observation Tokens

shallow CNN,
flattened
patches

43



Transformer-based: Octo )

observation tokens

can only attend causally

to tokens from the same or earlier time
steps as well as task.tokens

......
.- .
. *

Task Observation Readout Observation Readout Observation

Lecture #4
Action Modality

readout tokens is a
compact vector
embedding of the
observation

a Octo Transformer

T Pre-Training

Actlon Head |+a

L(:)C:)C)C)J

Action Head |+a

lightweight “action head” that
implements the diffusion
process is applied to the
embeddings for the readout
tokens

44
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Transformer-based: Octo )

When adding new task, observations, loss functions, we can fully
retain the pretrained weights of the transformer

in new head —

l Finetunlng New Observation } i Only adding new
n. _H NewACtionSpTJml ______ i encoders or parameters
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Transformer-based: Octo )

Octo was trained on 800k trajectories  from the Open X -Embodiment
dataset (from 1.5M robot episodes)

25 datasets

several robot embodiments , scenes

sensors and labels

RAIL, UC Berkeley CILVR, MYU

remove repetitive datasets

remove low image resolution

diverse dataset

AUTOLab, UC Berkeley AiS, University of Freiburg



VLLMs Policies: RT-2

e Reusing knowledge
from LLM: easier
generalizability

e Manipulating objects
that it has not seen

e Action questions +
VQA for avoiding
catastrophic
forgetting

Vision-Language-Action Models for Robot Control

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

RT-2

COOOODODO

L

Bd™
BN

Large Language Model

[ ¥ ¥ N )
IR R

C )

|
v

Voo
e
R ——

!

AT=[0.1,-0.2,0]

(A: 132 114 128 5 25 156 |

AR=[10, 25, -77

De-Tokenize
Robot Action

.

Lecture #4 47
Action Modality

Closed-Loop
Robot Control

Put the strawberry
into the correct bowl

Deploy :

Brohan et al. RT -2: Vision-Language -Action Models Transfer Web Knowledge to Robotic Control. arXiv:2307.15818
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VLLMs Policies: RT-2

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? e RT-2 Large Language Model
) coasnes JE "~ ._
A grey donkey walks T G S T b )X
down the street. ] ' ( i —r o
—h... 7= 1 | | | : Put the straberry

into the correct bowl

Q: Que puis-je faire avec ViT - o e

ces objets?

lFaire cuire un géteau.l D

1

[A: 132 114 128 525 156

Q: What should the robot De-Tokenize
{ do to <task>? Robot Action
1 ATranslation = [0.1, -0.2, 0] >
: ARotation = [10°, 25} -7°] Co-Fine-Tune Deploy

Brohan et al. RT -2: Vision-Language -Action Models Transfer Web Knowledge to Robotic Control. arXiv:2307.15818



VLLMs Policies: RT-2

— better generalization to
unseen objects

[ Push the ketchup to the blue cube ]

Brohan et al. RT -2: Vision-Language -Action Models Transfer Web Knowledge to Robotic Control. arXiv:2307.15818

Lecture #4
Action Modality
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VLLMs Policies: RT-2

— better generalization to — reasoning
unseen objects

L Push the ketchup to the blue cube ]

move banana to
the sum of two
plus one

Brohan et al. RT -2: Vision-Language -Action Models Transfer Web Knowledge to Robotic Control. arXiv:2307.15818

Lecture #4
Action Modality
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VLLMs Policies: RT-2

— better generalization to — reasoning — human recognition
unseen objects

[ Push the ketchup to the blue cube \

move banana to
the sum of two
plus one

move coke can to
Taylor Swift

Brohan et al. RT -2: Vision-Language -Action Models Transfer Web Knowledge to Robotic Control. arXiv:2307.15818
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VLLMs Policies: OpenVLA

Pretrained on 64 A100 for 14 days, finetuned on 8 A100 for 5 -15 hours

OpenVLA ( Action De-Tokenizer |———— LLM — LLaVA-2
&J (5 (5 Ax Dino —spatial
AQ understanding is better
Llama 2 7B AGrip
7D Robot i _
Input Image ;o] oo ® Action SigLIP —about general
t ¢t ¢ttt + t t t+t t 1t ! concepts

2 :
A Q MLP Projector ] [ Llama Tokenizer ]

“Put eggplant

nbowl” | ] ®DinoV2 I
t }

Language Instruction

“What should the robot do to {task}? A:"

Moo Jin Kim et al. OpenVLA: An Open -Source Vision -Language -Action Model. 2024



VLLMs Policies: OpenVLA

100
50 70.6
g
Y 60
2 50.6
o
§ 40
s
0 18.5 20.0
) --
g Average
e RT-1-X
mmm Octo
o RT-2-X

mmm OpenVLA (ours)

Moo Jin Kim et al. OpenVLA: An Open

87.0
60.0
T 55.0
29.0 -
8.0 I 7.5
J .

Visual Generalization Motion Generalization
(Ugassﬁfgclt’;‘;k%ﬁ:?ﬂs' (Unseen object positions &
appeararllces) orientations)

Put Yellow Corn "
onPink Plate e

Lift Eggplant

-Source Vision -Language -Action Model. 2024

76.7
26.7
20.0
10.0

Physical Generalization

(Unseen object sizes &
shapes)

_*h

Flip Pot Upright

38.8 3¢ 3

26.3
. 0'0

Semantic Generalization

(Unseen objects, instructions,
& concepts from the Internet)

£

Stack Blue Cup
on Pink Cup

Lecture #4
Action Modality

90.0
85.0
40.0
3o.oI

Language Grounding
(Ability to manipulate object
specified in language
prompt)

Put {Red Bottle,
Eggplant} into Pot

49
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Future Research

— VLA model with multi -
image/videos and  depth

THE FUTURE

/ ‘
observations - & ‘ s
N SO .
— Performance improvement (now A =~ = [ (
SR <90 %) r —

A

— Co-training for VQA and action
prediction is to be explored —
resource intensive now

50



5.2

Acting: Navigation

How to find an optimal
path, base movement




Navigation: SPOC

"Navigate to a basketball “Locate a laptop”

SIMULATOR

SPOC's manipulation camera view
while picking up the mug

Ehsani et al. SPOC: Imitating Shortest Paths in Simulation Enables Effective Navigation and Manipulation in the Real World. C

The robot arm can ride up and down + base movements

Lecture #4
Action Modality

VPR 2024

51

dndom vad



Lecture #4
Action Modality

Navigation: SPOC

Actions: move base ( +20cm), rotate base ( +6°,£30°), move arm (X, z) ( £2cm, £10cm)

Transformer Encoder Predicted Actions  a'=? at at ats G
Ewﬂru! ] [
: (Mpatcn: dvisuat) (Mpatch, dvisuat)
Mgoat(g) | goat: dvisuar) cross-attention in ner Decoder
MLP 9 ]
Mgoar M e
g | Mgoar. dgoar) fr:lanip (Mpaten, dimage)
Text Encoder Image Encoder Mgoa!(g)
Egoal o Eimag Eimage o
Time (25
Fetch spray bottle
to living room Previous Actions at+1
- - Visual Features (A
G Fnav Fmanip

Ehsani et al. SPOC: Imitating Shortest Paths in Simulation Enables Effective Navigation and Manipulation in the Real World. C VPR 2024
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Navigation: SPOC

Trajectories:

— Navigation: go to target
using approximation of
shortest path

— Room visitation: calculate
center of house, then
navigate to allrooms via
shortest paths

, Kitchen-
kitchen- living-

living-room bedroom-
room

bedroom-
bathroom

Ehsani et al. SPOC: Imitating Shortest Paths in Simulation Enables Effective Navigation and Manipulation in the Real World. C VPR 2024
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Navigation: SPOC, Examples

skipping all chairs  to find repositioning itself to find a location
one in the kitchen where headset is reachable

Find a Chair in the kitchen Go to a headset and grab that headset




Open Questions

Unified and effective  evaluation

Sim-to-real gap

Efficient collection of human demonstration data
High inference time  of foundation models

Long -horizon task planning

Ensuring robustness and safety of deployed models

)



Conclusions

Embodied Al is a research area at the
intersection of NLP, CV and RL

Evaluation of EAl models in generalis a
very challenging task

Despite a decade of the rapid

progress in NLP and CV, EAI systems
(understanding the world, planning and
acting) are in the

this is the end of
the lecture

ME

| |

tomorrow is the
last lecture
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