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Introduction to Robot Learning

Traiming generalist robot policy using vision=language model
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Robot Learning

Introduction

 Physical Intelligence

« OIER0f7t S MAE 24 R ofsholl STt ASS Ao 2 MA

Move the red box
to the right
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one s, Real World
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J Move the red box
to the right
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https://www.nvidia.com/en-us/glossary/generative-physical-ai/
https://weekly.khan.co.kr/khnm.htmi?mode=view&art_id=202501200600001&dept=114 Real World




- Robot Learning

Introduction

< Robot Intelligence
«  Robotics= physical intelligence2| CHEX Q1 2 OF
Z|Z0] robot2| SIERO = 2 ZTHO| UM 2XILE FHLEO0|E7F B2 2t & lF

o MAUME AR EL|7| AR O OXHRI9| 2SS alicht =~ Q= F QS K| 5= HESH= robot intelligence”t S| AL D YS

Fully Autonomous

https://www.koreaherald.com/article/3852438
https://bostondynamics.com/products/spot/
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- Robot Learning

Introduction

< General Robot Intelligence (= Robot Foundation Model)

«  Foundation model2 L2 G|O|H 2 APMSHSE|O] CHASH M & IiA||of HEX o= ghgat 4= Qe A2 'Y 2 (ex. GPT, Segment Anything)
- Ciot 2X SIS0 2X MM HE8X R &E8E = U=F AdalgE 28
. BIEOIR| Q2 AU V|E XA IO R FE60| NTHOR 43S 4 9l DY
Single Task Multiple Task Multiple Task
(w/ homogeneous robots) (w/ heterogeneous robots)
- @
- LLLL -l Open the drawer I
= AI = » ‘ I Open the drawer I » l Open the drawer I » ‘
asan E [ TN L LLL
HEE HEE
— I TIT]
- LLLL -l Close the drawer I
- Al - » 6 l Close the drawer I » I Move the cube I »
TIT] : ;

https://gymnasium.farama.org/index.html#
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- Robot Learning

Introduction

Research Timeline
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- Robot Foundation

Robotics Transformer 1 (RT-1)

Models

% RT-1: Robotics Transformer for Real-World Control at Scale (Google Research, 2022, 9142| 21-2)

- EXSE0ME

. BE 28 oej0[E| 377

Move the grip to the handle
and grab the handle.

Instruction
Image

Auks} MSaH A2 267}

P St =5 2t §50] F0

T U 22 ot50| Mot Of7 |HIM E KA
Universal

Sentence Encoder

|

Token

- > FiLM + EfficientNet-B3 L
earner

=1PN,

=823t > RT-12 {2 Go|gAlat 22 37| £

FRIX|ZE SAIOf =2 K27t SHE

otof offd =
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O o

Transformer
(Decoder Only)
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- Robot Foundation Models

Robotics Transformer 1 (RT-1)

++» Detailed Architecture of RT-1

« Feature-wise linear modulation (FILM)=

MECHE += 8§22

Universal
Sentence Encoder

Instruction

- Token Transformer
= - FiLM + EfficientNetB3 | - | 77 - ARSI o
tion

|.|_|.O| I—IEE oI-Xl |

AptBl

 EfficientNet-B3—=

O[D|X| QA O|H m2tD|Ef =7t ZX|T FO{ i d5= BT =2 S/t MEC= SO AS

« FiLMS EfficientNet-B32| 2t

« Ol AFHetEo R ¥2 955 RlIEoHA

=5 ALO|OtCt A I5H0 multimodal leamings =3

7] /15t S MO 7tSK| S ot Sot0t S 2ot | ZE7|ofoh 7| HAt YH|0|EE T

-

EfficientNet-B3
Linear \

1x1 Conv
MB MB MB
|
mage # Conv Conv Conv
<7 E >

EfficientNet-B3 + FiLM
f Linear \

1x1 Conv
MB MB MB
|
mage # Conv Conv Conv
T Gy x4
\ Instruction /
<H A
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Instruction

- Robot Foundation Models = a

Robotics Transformer 1 (RT-1) -

++» Detailed Architecture of RT-1

. Slaf A& QI o WEO| TAHE|X|B 0|F 25674 TZHOR LIR0f O|AK{QI gtoz HHis!

| | — =
0| O BB TS SIEAUCKD A (ISHQI UOR S P Y DO 7 2EE 31y

> ol{g H=2

-

Action: Arm (y-axis)
Index=5
Token g
» Transformer
Learner
T
Feature Map 0 ~ 1 AtO|2] ZtE 256 &
Action

Ryoo, Michael S., et al. "Tokenlearner: What can 8 learned tokens do for images and videos?." arXiv preprint arXiv:2106.11297 (2021).

10 / 37



- Robot Foundation Models

Robotics Transformer 1 (RT-1)
% Experiment Settings (dataset & robot)
- 1770 St 13| 2EX(EverydayRobot) 2 = o4& M| A0 M =5t 138 071 2| SZF L|O|H(EF 744702| THA)E AME

» EverydayRobot0f| sh&ot ‘M= EISIY 45 45 +d

Skill Count  Description Example Instruction

Pick Object 130 Lift the object off the surface pick iced tea can

Move Ob ject 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 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

Section 6.3 and 6.4 tasks 9 Skills trained for realistic, long instructions | open the large glass jar of pistachios
pull napkin out of dispenser

20| 3 ElE HA grab scooper
Total 744 =M 2 OlAl
Dataset Description Everyday Robot

Brohan, Anthony, et al. "Rt-1: Robotics transformer for real-world control at scale." arXiv preprint arXiv:2212.06817 (2022).
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- Robot Foundation Models

Robotics Transformer 1 (RT-1)

“ Experiment Results

- RT-19| ot& dsit Ltz 452 Bt
v Unseen Tasks= &0 AFEEl & Qe 220 X E 7HX| 1 X|A|Sle B2
v’ Distractors= X|AIAZOf| Qi 2XHE ZUACHY RESte B2 2N R 2~57 &
v' Backgroundst H|O|E{0] §1H HIZO|M XHAZS +=WSl= BF
- H|I YRHZ0| H|SHM G £2 itz 852 7+
SH 2 AME HA 2y gte whoz Y

100% B RT-1 (ours)
B GATO
BC-Z

75%

A s A +3 ~

B BC-ZXL

Model Seen Tasks Unseen Tasks Distractors Backgrounds e
Gato (Reed et al., 2022) 65 52 43 35 E 50%
BC-Z (Jang et al., 2021) 72 19 47 41 g
BC-Z XL 56 43 23 35 sy
RT-1 (ours) 97 76 83 59

- 7 0%

v Seen Tasks  Unseen Tasks  Distractors ~ Backgrounds
OE! H|_|-2|' ch% lé;‘ 7|' Tasks
(8358)

Table 2: Overall performance of RT-1 and baselines across seen tasks, generalization to unseen

tasks, and robustness to distractors and backgrounds.
Brohan, Anthony, et al. "Rt-1: Robotics transformer for real-world control at scale." arXiv preprint arXiv:2212.06817 (2022).

_Target Qbject

DistractorO O

Placing Distracting Objects

Changing the Texture of the Table
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- Robot Foundation Models

Robotics Transformer 1 (RT-1)

“ Experiment Results

« Ablation studyE S0l HEE QI AE 242 O|MH 22 HPSIY ot5dt= A0| Ot 2tH S HY
M Seen Tasks M Unseen Tasks Distractors W Backgrounds
ke
£ -25%
=
LL
s
a  -50%
@
©
o
7
® -75%
o
3
7]

Table 13: Various model ablations of RT-1 across seen tasks, generalization to unseen tasks, and
robustness to distractors and backgrounds.

Brohan, Anthony, et al. "Rt-1: Robotics transformer for real-world control at scale." arXiv preprint arXiv:2212.06817 (2022).
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Robot Foundation Models

Robotics Transformer 1 (RT-1)

“ Experiment Results

« YE|7ICHE O|F2| 22 HIOIH S AFE5I0 k ds 20| LIEHE (T, =22 H|0|E et 2l7H <k siorel)

0

+ KUKA ZXR2 2 M2|7|& El=(pick object) MM E s=Aet HIO|E & stset A1 RT-10|M = 3 IFA|of| CHet §50] ehetE

EDR + Kuka Data
> 17.5% A +17%
s
o 15.0%
fa
S 12.5%
Models Training Data Classroom eval Bin-picking eval b 10.0%
1] 0% o
RT-1  Kuka bin-picking data + EDR data 90(-2) 39(+17) é 7.5% 4
RT-1 EDR only data 92 22 S s0u
RT-1 Kuka bin-picking only data 0 0 B 25%-
3 -2.5% 2%
Bin-picking Eval Classroom Eval

Table 5: Experimental results for mixing data from two different robots. Incorporating Kuka bin-
picking data from QT-Opt (Kalashnikov et al., 2018) in RT-1 minimally impacts the standard class-
room evaluation performance and results in almost a 2x improvement in generalization to the Bin-
picking evaluation (that is similar to the setup in the Kuka data) on the Everyday Robots manipulator.
This demonstrates an effective transfer across two different robot morphologies.

Kuka Robot

Brohan, Anthony, et al. "Rt-1: Robotics transformer for real-world control at scale." arXiv preprint arXiv:2212.06817 (2022).
https://www.kuka.com/ko-kr/%EC%A0%9C%ED%92%88/%EB%AT%ICHEB%BA%87-%EC%8B%IC%HECKBA%AL%ED%85%IC/%ECY%82%B0%EC%I7%85%ECHIA%AI-%EB%AT%ICKHEB%BA%87/Ibr-iiwa
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- Robot Foundation Models

Pathways Language Model — Embodied (PaLM-E)

< PaLM-E: An Embodied Multimodal Language Model (ICML, 2023, 1630%] 9!-2)
« AFESHSEl HIH10{ 2 8 palMO| O|0|X|-E|AE, K| 0] G|O|EIS 7|8H2 2 multi-modal Bt
A

=AM

« C}E PalM-E= X[A[AtStS CiO| MIF HXZ LE20] == Hobs ot 2 EX 0l SX 2 RT-10|

rok

AE 2o Z BHE = UL E vision-language-modelS 28310 22 |0 =

N
i Move the grip to the handle [0.5, 0.1, -1.2, 0.77]
Y,
< A
PaLM-E Grab the handle RT-1 [0.7, -0.2, -2.2, 1.17]
x Y,
N )
Raise the arm [-0.5, 0.6, 2.1, -1.2]
! ‘ k )
| Lift the coffee cup. Sub-goals Low-level Actions
Image Instruction
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- Robot Foundation Models

Pathways Language Model — Embodied (PaLM-E)

% Co-training Strategy

« APHEHSE PalM (8B, 62B, 540B)0f| O|O|X|, HIAE Z& FFH0| §7|HOoZ ARtEl H|0|EHE $H53H0 multi-modal large language model 244

4 )
X Language Only Task )
Given <emb> ... <img> Q: How to grasp blue block?
4 Visual Q&A I 9 grasp
Given <img>. Q: What's in the
image? Answer in emojis.
A 5 ' 7 ""JT
/
Captioning )
Large Language Model (PaLM)
¥/ Describe the following <img>: /
A dog jumping over a hurdle at a dog After Tra|n|ng ~ PalM-E
show
> < Loy
4 Mobile Manipulation I
Human: Bring me the rice chips from the )
drawer. Robot: 1. Go to the drawers, 2. Open A: First, grasp ye”OW block
top drawer. | see <img>.
3. Pick the green rice chip bag from the
. drawer and place it on the counter /

Driess, Danny, et al. "PaLM-E: an embodied multimodal language model." Proceedings of the 40th International Conference on Machine Learning. 2023.
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- Robot Foundation Models

Pathways Language Model — Embodied (PaLM-E)

% Experiment Settings (dataset & robot)
o HNAIE! HIO|H Z=gte 2 St&5El PaLM-E (8B, 62B, 540B)E high level controller2 AHE, low level control2 RT-12 AHE

o SERE AAHIOM XA[AFEHS FE o F EverydayRobot0| H&ot= A2

or

M
o[
mjo

Dataset in full mixture Sampling frequency 90
Webli (Chen et al., 2022) 100 524
VQZ2A (Changpinyo et al., 2022) 25 13.1
VQG (Changpinyo et al., 2022) 10 5.2
CC3M (Sharma et al., 2018) 25 13.1
Object Aware (Piergiovanni et al., 2022) 10 5.2
OKVQA (Marino et al., 2019) 1 0.5
VQAV2 (Goyal et al., 2017) 1 0.5
COCO (Chen et al., 2015) 1 0.5
Wikipedia text 1 0.5
(robot) Mobile Manipulator, real 02| 0t7|E 53 6 3.1
(robot) Language Table (Lynch et al., 2022), sim and real =% 20f 0[55t= & 8 4.2
(robot) TAMP, sim =*|& %= © 3 1.6
Dataset Description Everyday Robot

Driess, Danny, et al. "PaLM-E: an embodied multimodal language model." Proceedings of the 40th International Conference on Machine Learning. 2023.
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- Robot Foundation Models

Pathways Language Model — Embodied (PaLM-E)

“ Experiment Results

- E2X T 0H|0f A0{A O|0|X|Qt HIAE H|O|HE e &&55h= 40| ds &

0

ol o =50 &

100%
> B TAMP Success (Table 1)
§ B Language-Table Success (Table 2)
3 75% [[] SayCan Affordances (Table 4)
<
(5
£ 50%
14
S 25%
’ .

0% L] T T T
TAMP Data Only Lang. Table Data Only =~ SayCan Data Only Full Mixture
(All robots + WeblLl,
PaLM-E
Training VQA, COCO, etc.)
Data

@

ent robots One model for all rot

th /il Pal M nre-training
with ViT + PaLM pre-iraining

Different models for dif

trainea from scr

Driess, Danny, et al. "PaLM-E: an embodied multimodal language model." Proceedings of the 40th International Conference on Machine Learning. 2023.
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- Robot Foundation Models

Pathways Language Model — Embodied (PaLM-E)

“ Experiment Results

« Language Table 2HE0{| A PaLM-E2| Y2} 4&5S AS: Robot H|O[E0]| SIH SX|7t AS M| + 2Z0]| ZEfAH CI[AQl HetE = i
»  Robot manipulation gt& H|O|E{0f|= "H=F0|"7} TS| UL} & CIX|SHA FO{ T XA AFL S 5= +=H

Move the green star to Move the green star to
the top left corner the green circle

zero-shot: "Move the green blocks to the turtle”

Driess, Danny, et al. "PaLM-E: an embodied multimodal language model." Proceedings of the 40th International Conference on Machine Learning. 2023.
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- Robot Foundation Models

Pathways Language Model — Embodied (PaLM-E)

“ Experiment Results

» Language Table $+&0{A| PaLM-EQ| Ytt3} &S 4S: Robot H|O|E{0f| SIEH =H| 80| US M + 2HF0| LEAF QR|X QI HalE = [
S5 Al red blockdt coffee cupO| StLEO| IbA| OH0 = A7t YIRURLE XK o2 4=
move the red star to move the red circle nudge the red circle
the top left corner to the red star v Cioser to the red
star

) success:
Adversarial move the red star to s move the red blocks to

disturbance the bottom right

the coffee cup

Driess, Danny, et al. "PaLM-E: an embodied multimodal language model." Proceedings of the 40th International Conference on Machine Learning. 2023.
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- Robot Foundation Models

Robotics Transformer 2 (RT-2)

% RT-2: Vision-Language-Action Models Transfer Web Knowledge to Robotic Control (Google DeepMind, 2023, 7812] 21-)

o

* PalM-E (5= Pall-X)7| sub-goals& E&5t= A0| Ot RT-1MEH =& X0{of Hast 4f2 A St =E

reols AEE

*  PaLM-EO|| A Tl co-training strategyS =@SHz| O] manipulation H|O|E{= HEO| low level action= AtESt

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

Visual Q&A
Q: What is happening in the image? m J J J J J
A: A grey donkey walks down
the street

PaLM-E (12B)

e Mobile Manipulation N\
o Q: What should the robot do to <task>? l l l i i l
o A: AT =[0.1,—0.2,0] AR = [10°,25°,—7°]
G 0 B BB e
J — ~
~

| A:132 114 128 5 25 156 |
i De-Tokenize

Low level control | AT =[0.1,—0.2,0] AR = [10° 25°,—7°] |

Brohan, Anthony, et al. "Rt-2: Vision-language-action models transfer web knowledge to robotic control." arXiv preprint arXiv:i2307.15818 (2023).
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- Robot Foundation Models

Robotics Transformer 2 (RT-2)

% Action tokens for RT-2
« RT-12t SLSHA HEH QI LS 0|4 QI ZH2 2 BT (action tokens)
- AN T 2R 7|F(Everyday Robot)S 2A7| Z0f| action tokens ZO0|7F DFH (O] UZ

o CI2h RT-12F 22| AFESI2{= vision-language model2| E22 AR SHOF SIEZ 50| ZQ
> PalM-EE 2= 82 EZ T & MO|X| = EZZ action token2 E HASI0] AL
(@)

> Pall-XE 2= 7 ANH2Z AHE BHos EZ0| X0 HE X

Termlngte A Pos X A Pos Y A Pos Z ] [ A Rot X A Rot Y A Rot Z Gripper
or Continue
T \ J \ J T
Y Y
End the episode Positional Rotational The level of
or continue change change extension
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- Robot Foundation Models

Robotics Transformer 2 (RT-2)
% Experiment Settings (dataset & robot)
- 1770 St 13| 2EX(EverydayRobot) 2 = o4& M| A0 M =5t 138 071 2| SZF L|O|H(EF 744702| THA)E AME

» EverydayRobot0f| sh&ot ‘M= EISIY 45 45 +d

Skill Count  Description Example Instruction

Pick Object 130 Lift the object off the surface pick iced tea can

Move Ob ject 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 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

Section 6.3 and 6.4 tasks 9 Skills trained for realistic, long instructions | open the large glass jar of pistachios
pull napkin out of dispenser

20| 3 ElE HA grab scooper
Total 744 =M 2 OlAl
Dataset Description Everyday Robot

Brohan, Anthony, et al. "Rt-1: Robotics transformer for real-world control at scale." arXiv preprint arXiv:2212.06817 (2022).
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- Robot Foundation Models

Robotics Transformer 2 (RT-2)

“ Experiment Results

- ORX|2t ot HIOIEOf SIE 24N, BB, 28 0] 0 &0 M= RT-27F E F2 Lie} &

1=
o o

mjo

2E

100%
= R3M Seen OEEEEY—
Environment 7/ Backgrounds

75% VC-1
B RT-1

°0% MOO

25% B RT-2 w/ PalLM-E-12B
B RT-2 w/ PaLI-X-55B

0%

Seen Tasks Unseen Unseen Unseen Unseen
Objects Backgrounds Environments Average

Figure 4 | Overall performance of two instantiations of RT-2 and baselines across seen training tasks as well as
unseen evaluations measuring generalization to novel objects, novel backgrounds, and novel environments.
Appendix Table 4 details the full results.

(c) Unseen Environments (b) Unseen Backgrounds

Brohan, Anthony, et al. "Rt-2: Vision-language-action models transfer web knowledge to robotic control." arXiv preprint arXiv:i2307.15818 (2023).
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- Robot Foundation Models

Robotics Transformer 2 (RT-2)

“ Experiment Results

« o5 FS0IM HIOIE 0= SIIE ME2R2 AZE RO EX| dEE o

e
St
* =

it}

H|O|E0l = Ol=(push) XA IAFR EXSHA| 2L 3l E X|AIS LIRS [ SHEA

m
0

. Ufebd 8 1RO AR ZROE Q2 X|A0] Hof Bt AL AZE|O 2 ALS B

—

7Push the ketchup to the blue cube Push the blue cube to the tabasco
Model Language-Table

y BC-Zero (Jang et al., 2021) 72 +3

RT-1 (Brohan et al., 2022) 74 + 13

LAVA (Lynch et al., 2022) 77 + 4

RT-2-Pall-3B (ours) 90 + 10
Figure 5 | Real-world out-of-distribution behaviors in the Table 1 | Performance on the simulated
Language Table environment. Identical RT-2-PaLI-3B model Language-Table tasks (Lynch and Ser-

checkpoint is used as in Tab. 1. manet, 2020).

Brohan, Anthony, et al. "Rt-2: Vision-language-action models transfer web knowledge to robotic control." arXiv preprint arXiv:i2307.15818 (2023).
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- Robot Foundation Models

70: A Vision-Language-Action Flow Model for General Robot Control

% 0: A Vision-Language-Action Flow Model for General Robot Control (Physical Intelligence, 2024, 153| 2!-8)

« FEECE 20|10 M TS oA XA B ES robot leamingOfl 25| ket 2 E (Transfusion + MoE + ALOHA + FlowMatch)

-—

. FIMOR [ M2 MB|0|ES AFRSIIE BRIt YRS 4ol SAO] #E 22 42 9K/
Communicate via Attention Mechanism
|

Autoregressive Process ———p ! Flow match Process —»

PaliGemma (2B) ﬁ’ MLP
Pre-trained VLM Action Expert

' " . 1H 2H: 45° a; =[3.2,4.7,-1.1]
Fold Shirt a o ! ' .
281 2t-: 15 a, =[-1.2,0.0,0.7],
ﬁ‘-‘. 3¢ 212 12022231 | Action Chunk

Transformer

2X0| FE Z 7t 2o Alof T AT XA X 2R O| E AMZtSEO HE 2R ds
(22 A|ZH CHE A|OF) > O|O]X| > HAE > #E{(continuous value) > HE{(continuous value)

O'Neill, Abby, et al. "Open X-Embodiment: Robotic Learning Datasets and RT-X Models : Open X-Embodiment Collaboration0." IEEE International Conference on Robotics and Automation (ICRA). 2024.
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- Robot Foundation Models

70: A Vision-Language-Action Flow Model for General Robot Control

“ How 70 developed its architecture?: Step-by-step approach

« 7|Z robot foundation model2 &&% 2 £ vision-language-model2| autoregressive®t 1FE = J1CHZE AE

«  w0E 0|5 OB HER=A| AZAE LOPE X}

Language Model Loss

p N N [0.5] || [1.5] || [0.2]

Autoregressive Process = T T T T
PaliGemma (2B) .
i Transf
Pre-trained VLM ranstormer Autoregressive

I I Y I

Transformer

,m!ge Tetxt Stlte Acttion B A A g™ | Pick || the |[fabric|| . || [0.1,05, ..]| | [05] | [1.5] || [02]

Text State Action
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- Robot Foundation Models

Transformer

70: A Vision-Language-Action Flow Model for General Robot Control

»» 110: Action chunk

- 0= ¢

Language Model Loss

HOj| StLte| HES o=t

BlE AFE0H0] HSTA| 2Rk

f

Image

Autoregressive Process =

PaliGemma (2B)
Pre-trained VLM

f

Text

f

State

Z40] OF o2 71 0| M-S (action chunk)= SA[0| O|= T (action chunk = {action,, ...

, actions,})

AlZto| Zast
Action Action Action Action chunk
N [0.5] || [1.5] || [0.2] [0.5] [1.5] [0.2] [0.5]
\ \ \ \
[ O A [N
\ \ \ \
\ \
Transformer Transformer
‘\ \\
\ \ \ \
0 T ~
T Text || State || [0.5] || [1.5] || [0.2] Text || State | |[0.5] [1.5] [0.2]
Action
Chunk < 7| _E_ S < 7H ﬁ >
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- Robot Foundation Models

70: A Vision-Language-Action Flow Model for General Robot Control

% m0: Using different process to different modality

» 0= TransfusionOi| A K| 2Fet multimodal Tt 5 &-8&51H0] e [ autoregressive 2411} flow match 244 (diffusion®] H&H)S SHH| =2

» 2 modality0i] Hgtot Al S 8350 REIO| d52 e (E|Z continuous action S50l A diffusion 7| 8| 2HIO| HL} FoiH H5S E )
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“ Experiment Settings (dataset)
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“ Experiment Settings (robots)
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Black, Kevin, et al. "$#pi 0 $: A Vision-Language-Action Flow Model for General Robot Control." arXiv preprint arXiv:2410.24164 (2024).
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“ Experiment Results
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“ Experiment Results
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- Summary

+ Training generalist robot policy using vision-language model
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