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Specialist technology working in
limited conditions
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Generalist technology leading T o= g
to widespread adoption % * -

Watt’s Steam Engine
(James Watt, 1764)
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Further specialization In
various problem domains

Internal Combustion Engine Steam Turbine
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REVIEWS
1. Smells amazing! A perfect purchase :)
2. Must buy! Super amazing.

POSITIVE (81%)

REVIEWS

1. A decent purchase
2. Quite okayish! Smells average

. .

-

NEUTRAL (88%)

REVIEWS

SENTIMENT ANALYZER

1. An absolute waste of money.
2. Total waste of money

Y . | Fragrance-1 3. Terrible smell, not worth buytng
[ "Benicio" {"Del" | "Toro" (Lemon)
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sentiment analysis

Unstructured Text

"Barack Obama was born in Hawaii."

Information Extraction

Structured Information

was

Barack Obama was born in

T

Hawaii

information extraction

Large Language Models

ANTHROPIC
CLAUDE

Write a haiku from the perspective of a
copywriter who is feeling sad that Al might
diminish the value of the written word

@ Words on a screen,
Once valued, now just a blur

Machine takes the pen.

tosas

Table t: tinerary

Activity

i< shopping, dining, and bach time

Check-out from W Bali - Seminyak; Departure

@ monalisa

Write a set of unit test functions for the selected code

GitHub Copilot

ort unittest
datetime

lesikk uni t.TestCase):
valid_input(sel

01
expected_output = [(datetime.datetime (2¢
.assertEqual(parse_expenses(expense

test_parse_expenses_with_empty_input(sel

expenses_string = ''

expected_output = []
.assertEqual(parse_expenses(expense

test_parse_expenses_with_comments(self):
expenses_string = '# T commer
expected_output = [(datetime.datetime (2

.assertEqual(parse_expenses(expenses

if __name__ =

unittest.main()

The code assumes that the datetime module is imported. The test
cases cover different scenarios such as valid input, empty input, input
with comments, invalid date format, and invalid value format.

source code
autocompletion
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Large Language Models

ANTHROPIC
CLAUDE 2
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Write a haiku from the perspective of a
copywriter who is feeling sad that Al might
diminish the value of the written word

@ monalisa

Write a set of unit test functions for the selected code

GitHub Copilot

import unittest
import datetime

@ Words on a screen,

Once valued, now just a blur

TestF

- expenses_string = 2
MaChme takes the pen. expected_output = [(datetime.datetime (2

.assertEqual(parse_expenses(expens

test_parse_expenses_with_empty_input(se

expenses_string = ''

expected_output = []
.assertEqual(parse_expenses(expenses

test_parse_expenses_with_comments(self):

expenses_string = '# T a comment

expected_output = [(datetime.datetime(2
.assertEqual(parse_expenses(expens

if __name__ =
- unittest.main()
Here are two tables summarizing your final inerary and important nformation foryour trip
toBal

The code assumes that the datetime module is imported. The test
cases cover different scenarios such as valid input, empty input, input
with comments, invalid date format, and invalid value format.

Table t: tinerary

irta Empul Temple.

source code
travel planning autocompletion
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Scaling Law
Powertul robot learning models j @
that scale with data and compute W

Generalist
Robot Model

1 Humanlike Embodiment
__60

Humanoid robot platform for

broad applications

Data Flywheel

New mechanism to collect
massive training data
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Key ldea: Skills as APls and Scaling Law

invoking parameterized skills

|
ﬂeach Grasp \ type & . selected
R parameters | Primitive l
4 t
Push Atomic policy task
—| . .|
k / 1 observations _

rewards
library of skill APls

Skills as APIs
(Nasiriany et al. ICRA 2022)

Soroush Nasiriany



invoking parameterized skills

1

/Rea‘:h Grasp \ type & . selected

/‘ parameters primitive
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e Atomic policy task

\ / ! observations _
rewards
library of skill APls
Skills as APIs

(Nasiriany et al. ICRA 2022)

Key ldea: Skills as APls and Scaling Law

1T
1008 — Approach 1
— Approach 2
" — Approach 3
9 10B --- Kaplan et al (2020)
O
g ¢ Chinchilla (70B)
& 1.0B Y¢ Gopher (280B)
% GPT-3(175B)
Y Megatron-Turing NLG (530B)
100M

1017’ 1019 1021 1023 1025
FLOPs

Scaling Law for Language Models
(Kaplan et al. 2020; Hoffmann et al. 2022)



Data-Efficient Imitation Learning for Sensorimotor SkKills

Raw visual
observation

Yiteng Zhu “VIOLA: Imitation Learning for Robot Manipulation with Object Proposal Priors.” Zhu et al. CoRL 2022



Data-Efficient Imitation Learning for Sensorimotor SkKills

Raw visual General
observation object proposals
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Yiteng Zhu

“VIOLA: Imitation Learning for Robot Manipulation with Object Proposal Priors.” Zhu et al. CoRL 2022



Data-Efficient Imitation Learning for Sensorimotor SkKills

Raw visual General Object-centric
observation object proposals representation

—-ncoding object visual appearances
and their spatial locations

Yiteng Zhu “VIOLA: Imitation Learning for Robot Manipulation with Object Proposal Priors.” Zhu et al. CoRL 2022



Data-Efficient Imitation Learning for Sensorimotor SkKills

\

v
\

[
W9
[Z;z

>, .}
| e Robot
\ Commands
Raw visual General Object-centric Transformer Action
observation object proposals representation policy generation
B Task-relevant Task-irrelevant

Using transformers to select task-relevant
objects and reason about their relations

Yiteng Zhu “VIOLA: Imitation Learning for Robot Manipulation with Object Proposal Priors.” Zhu et al. CoRL 2022
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It learns to make coffee without additional
annotations on human demonstrations.



Massively Multi-Task Robot Learning for Model Scaling

What if we can prompt a household robot to ...

Input Prompt: Recite the first law of robotics

Bring me i -

[] L] P —
IS IS a sponge = .
ORI e
- %%"’?-“xi *‘3;?‘
. L T
Youcanuseitto
clean the table.

Output: A robot may not injure a human being
Never enter

[Credit: Jay Alammar] this room!




Massively Multi-Task Robot Learning for Model Scaling

Visual Goal: Rearrangement

F

Rearrange objects to match this scene: “ T S

One-shot Demonstration

e

Follow this motionfor &) : ﬂ*é E——

S

Novel Concept Grounding

Thisis a blicket @)~ Thisisawug B8 Puta wug into a blicket
HEEEB HEEEB EEEEEN

Visual Constraint

Sweep all g into l ! without exceeding ==
[]

VIMA

‘> EEEEEREN
EEEERNE
EEEECEEES
EEVENEENE

" Text token
Object token
— Padding

generalist robot agent for multi-task learning and zero-shot generalization




Massively Multi-Task Robot Learning for Model Scaling
VIMA: Visuo-Motor Attention model

Transformer encoder-decoder;

Encodes multimodal prompts
with a frozen language model;

Object-centric representations
for visual observations

Predicts skill APls given the VIMA
prompt and interaction history.

“VIMA: General Robot Manipulation with Multimodal Prompts.” Jiang et al. [CML 2023



Massively Multi-Task Robot Learning for Model Scaling

Data scalability from 0.1% to full dataset

Level 1 Level 2 Level 3: Novel Object
Object Placement Novel Combination

Put the %\ into the .‘a@‘f— -
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Level 4 %
Novel Object Novel Task
Put all objects with the same 20
Put the “* Fa
textureas § § intoit
0
6x102 103 10* 10°
Training Data Size
-2 \VIMA -e- VIMA-Gato VIMA-Flamingo - VIMA-GPT

vimalabs.github.io



Massively Multi-Task Robot Learning for Model Scaling

Data scalability from 0.1% to full dataset

Level 1 Level 2 Level 3: Novel Object Level 4: Novel Task

Object Placement Novel Combination
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Massively Multi-Task Robot Learning for Model Scaling

Human Video
Demonstration . Speech Goal

“Please take a look at the top drawer
of the cabinet, which is open; you'll
find the granola bar there.”
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“Search for and hold the handle of the
uppermost drawer. Gradually and attentively
open the drawer. Find the snack bar and
grab it with your hand. Place the snack bar
inside the drawer. Drop the snack bar.”

The granola bar has been kindly
placed within the top drawer of the
cabinet, left open.

—, Text Instructions

Grip the handle of the top drawer.
Slowly and carefully pull the drawer open.
Grab the granola bar with your gripper.

Place the granola bar inside the open drawer.
Release the granola bar.

Rutav Shah [Shah et al. CoRL 2023]

W P!J Image Goal
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Data Flywheel

New mechanism to collect
massive training data




Key Ildea: Robot Learning Data Flywheel

More
Training Data

Wider
Deployments

How can robots learn
continually with more data”?

How can we ensure
trustworthy deployment?

Setter
Models

More Capable
Robots




Robot Learning on the Job: Building the Data Flywheel

Robot
Deployment

Human |

Shared
Control

Robot

Memory

Storage

Policy
@ Update

Huihan Liu “Robot Learning on the Job: Human-in-the-Loop Autonomy and Learning During Deployment.” Liu et al. RSS 2023



Robot Learning on the Job: Building the Data Flywheel

Robot
Deployment




Robot Learning on the Job: Building the Data Flywheel
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Robot
Deployment

.
------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Human

Tl I s :.. e N

Train Train Train Train

Time



Human provides
Intervention

)". -"/ t'f” '
A
.~ “Model-Based Runtime Monitoring with Interactive Imitation Learning.” Liu et al. 2023

Y 47ty



Robot Learning on the Job: Building the Data Flywheel

O Robot rollout O Human intervention

Memory
Storage




Robot Learning on the Job: Building the Data Flywheel

O Robot rollout O Human intervention QO Abnormal states

Memory
Storage

Relabel abnormal states before interventions



Robot Learning on the Job: Building the Data Flywheel

O Robot rollout O Human intervention QO Abnormal states

Memory
Storage

Sort by a dataset curation strategy



Robot Learning on the Job: Building the Data Flywheel

O Robot rollout O Human intervention QO Abnormal states

Memory
Storage

Reduce memory to a fixed size



Robot Learning on the Job: Building the Data Flywheel

O Robot rollout O Human intervention QO Abnormal states
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Reweight samples for imitation learning



Robot Learning on the Job: Building the Data Flywheel

Round 1 Deployment Round 3 Deployment

T Green masks indicate human intervention.

Intervention Distribution Intervention Distribution
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Humanlike Embodiment

Humanoid robot platform for
broad applications



Humanlike Embodiment: Generalist Humanoid Robot

Generalist
Robot Model

Mingyo Seo Luis Sentis

Hardware

Draco3 Humanoid






Humanlike Embodiment: Generalist Humanoid Robot

---------------l
]

human "[.e‘leoperation task demonstrations

|
{

~
> N

stereo images

#7 s - Sensorimotor O Whole-body @ﬁ
s — Policy e ) Controller
feedback task-space

commands

| SaSs F

state machine

“Deep Imitation Learning for Humanoid Loco-manipulation through Human Teleoperation.” Seo et al. Humanoids 2023



Humanlike Embodiment: Generalist Humanoid Robot

Policy deployments in simulation and real world
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Loco-manipulation (sim): 92% success rate Bimanual manipulation (real): 90% success rate




Pathway to Generalist Robots

Generalist
Robot Model
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pecializing Generalist Robots

o

—

Hardware

Generalist Robot Models

Specialist Robots




Pathway to Generalist Robots

* Algorithms: Scaling up robot learning models with skill

APls and massively multi-task training

« Data: Building a data flywheel in real-world deployments

through human-in-the-loop robot autonomy

 Hardware: Humanoid robots as a generalist robot

platform to develop human-level physical intelligence

rpl.cs.utexas.edu
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UT Robot Perception & Learning Lab

| i
. w_mm “ J
L gl it
: i
O
W dRAE
11T
) E
h - ﬁ;_.
+— =l il ] T
== R T
= == M {iE )
==4 : L 4 ‘ g
O i
T : felE FO H T
ﬁnu ., £ VIR
d = R
= e
Qv = | il
B T
5 o
]
O o
m /uf/e! { i \.r .
) IA £i 1 " A
Ly . . 4
O § \ 9. o o o Lv.J.b.Ok 4
O = o A o
— R W
qv] A o |
N —
) Tt i
C EEEEEs
O, e\ |
o) il e
- |t \H
O i :
e 1
2 BN
O gy
N w
[=
©
7 a1
C : gy
O 4 \
7)) N
n N
H g
s o Pron
_,._{._ , it
- I
_M.ﬂ,

CIET

R TR

—-r o
1

b 3 '
h 4 B . B “w.

Q
O
o
)
@
(o)
(7))

I~

S
NVIDIA.

—
\
.

<

-
S
of
.
-
=
-
=
| e
-
N
C
=
(ge)

Acknowledgement

rpl.cs.utexas.edu



