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Vision: Build Intelligent Robotic Com.pamons
towards Human Enrichment and Augmentation
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Vision: Build Intelligent Robotic Com.pamons

towards Human Enrichment and Augmentation
1968: Aspira}tional Robotic Assistant
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Strategy: Foundation Models with Large Scale Data

Structure Data
What do we need for C4: How to Create,
sequential decision Collect, Clean, & Curate
making in a physical large-scale data for

setting? Robot Learning?
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Structure

What do we need for
seguential decision
making in a physical
setting?
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The Computing Stack
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Natural Interaction Interface
Ease of Use
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Platform-Agnostic Planning
Modular Tool-Use

Hardware-Specific Skills
Optimize for Morphology

Driver
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The Computing Stack
Physical Al

Internet Data
Language, Image, Video
§F <, Very Diverse
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Synthetic Data Modular Tool-Use

Simulation
$$, Engineered Designs

Hardware-Specific Skills

Real World Data Optimize for Morphology
Teleoperation

$$$%, Limited Diversity
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The Computing Stack

Physical Al

LLM for Reasoning

Semantic Procedures
Planning as Program Synthesis

Multimodal Feedback Control
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Structure: What and How

4 )

"WHAT”

Multimodal Foundation Model
Does High-level Reasoning

Slow Inference

Goal Generation

Input
“Tidy up the Kitchen”

— “Take” "Jug” o
— “Open” "Fridge”
— “Put” "Jug” in "Fridge’.




Program Synthesis
LLMs tell robots what to do!

Large
Language

Model Perceptlon APIs
Control APIs

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

l Policy Code

block_names = ("blocks")
bowl_names = ("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)

i def is_empty(name):

def stack_ob:; ;(obj_names):
n_objs (obJ names)
for i i :(n_objs - 1):
objo obj_names[i % 1]
obj1 obj_names[i]
(obj@, obj1)

Code as Policies:

Language Model Programs for Embodied Control
Jacky Liang  WenlongHuang FeiXia PengXu KarolHausman Brianlichter PeteFlorence Andy Zeng

(\) Robotics at Google

ProGPrOMPT: Generating Situated Robot
Task Plans using Large Language Models

ICRA 2023




LLMs for Planning
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Progprompt, 2023



LLMs for Planning . :
. ‘ e e .

Available hardware: beaker
Structured Available reagents: acetic acid
language
definition Environment

constraints
Add 40 g acetic
acid to beaker

Natural
language
Input

Structured
language verifier

Unverified
structured
language

-"beaker" reagent= Structured
" quantity="40 g"/> language

CLAIRify, 2023






CLIMB

Language-Guided Continual Learning for Task
Planning with Iterative Model Building

Walker Byrnes'?, Mirosla@gdanovic% Avi Balakirsky* Balakirsky?, A esh Gargl3°

=

Sity of 1oronto, “*Ohio State University, *Nvidia



N -
Basic Stack 3 Basic Stack 4 Basic Stack 6 Pyramid 3

Note: All basic stack problems were successful on first rollout.
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Large Behavior Models =

Large Scale Imitation Learning

Learned Task Planning and
replanning Behavior

Fine-Tune Generalists for better
Specialists using RL
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Structure: What and How

"HOW”

Generic Observation-to-control
Low-level Reasoning
Fast Inference

.

Goal-conditioned
Reactive controller

N —— —

' Solvable online for
different agents




Policy Learning from Offline Datasets

—————————————————————————

i Action v
| Agent Deployment
; Environment

l T T Reward

State

’Aﬁ.

g

Learning without
Interaction



Closing



Multi-task Learning: QUEST o
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"Reaching the pan" "Lifting the pan" "Placing the pan"




Multi-task Learning: QUEST '"‘:flf-f-::ff‘."f;'..':.'..' '
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ResNet-T ACT Diffusion PRISE VQ-BeT Ours
Policy

Multitask IL: Relative improvement of 10.3% over next best baseline



How to learn many things
(better than data)

PWM: Policy Learning with
Large World Models

Large World :

Efficient Policy

Optimization



Large Multi-Task
World Model

1. Regularized large models enable efficient policy learning

2. Use First-order optimization to train policies in <10m per task






The Computing Stack

Physical Al

Motion Generation
Models

Fine-Tune Generalists for better
Specialists.

Reinforcement Learning for
Locomotion, WBC + Dexterity

Self-supervised learning
without rewards
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Dexterity Primitives

- Open World Functional Grasping - Robust Pick and Place
- Contact-Rich Interaction - Language Conditioned Interface for
Planners



Self-Supervised Learning

A

N\

Learning to do “what can be done” Transferring to Real world
Learning from Self-Supervised Play  Learning without data or rewards



Locomanipulation

- Robust Walking - Multifinger In-hand manipulation
- Robust Pick and Place - Dexterous Bimanual Manipulation






Generalizable Autonomy :
Structure Data f

What do we need for How to Create, Collect,

seguential decision Clean, & Curate large-

making in a physical scale data for Robot

setting? Learning?
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How to Create, Collect,
Clean, & Curate large-
scale data for Robot
Learning?



Large-scale Datasets — Accelerated
Pro ress
g StarCoder

?;!ﬂﬂh}:‘- ¥ g N < COMMON
e o e CRAWL
50 Q
Open Images Dataset
&3 PASCAL2
M|crosoft COCORES

WixmeiA  RedPajama refinedweb

The Free Encyclopedia

‘ P te A [y Q?o stic Mod ing @ d
oje cts in Context omo ooooooo Learnin ing

Russell et al. (2008), Deng et al. (2009), Everingham et al. (2010), Socher et al. (2013), Zhou et al. (2014),
Lin et al. (2015), Rajpurkar et al. (2016), Krishna et al. (2016), lyer et al. (2017), Williams et al. (2018), Wang et al. (2018)

Large Scale Data mined from the web!




Generalization Autonomy: Data

Too many problems to create datasets for each!
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Unified Framework for Robot Learning .- - -0 " L
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Isaac Lab:

3 &y 77 4

RL with Accelerated Simulation Teleoperated Data Collection and Learning



Isaac Lab: Workflow | i /
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Franka EMIKA arm with allegro hand Franka EMIKA Arm with parallel-jaw gripper



RoboTurk: Scaling Imitation with Cloud






Roboturk Scalabllity

I\/Iultlple Slmultaneous Teleoperatlon Connections

CoRL 2018, IROS 2019
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Structure

Generative Al to Enable Robotics

InNnovations in better Models and larger datasets
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