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Transformer A5 —~ A

- https://www.slideshare.net/cvpaperchallenge/transformer-247407256
BEBEET )L A3H—A~4
- https://www.slideshare.net/cvpaperchallenge/foundation-models
NVIDIA GTC 2022 120224 a>Ea—2ELaranBHDNU K]
- https://hirokatsukataoka.net/temp/presen/220324GTC2022.pdf
=3k 2= 2R 1
e
- https://hirokatsukataoka.net/temp/presen/230119Juntendo ImageRecognition(2).pdf
EEETFILEARTAIRX

- https://speakerdeck.com/mertcooking/foundation—model—-and-robotics—ji-pan—moderutoroboteikusu?slide=17
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DNNE5X LLRT D B [F]

o Perceptron, MLP, Neocognitron, BackProp, CNN, RNN
o DNNARITAERIDERZHE TIE BT e s Hos 2 {5
o FEEFE (Deep Learning)DEREHAZHHIRIEILFEIRAIT—L

1st - 3rd AIETD TN
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1st AID EEH fff

Perceptron

O ARAEARYIIAANEH) DRI,
SETEEBARIC K YFE R

O Za—JIRxYrT—IEEDTE
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2nd AID EEHT

MLP: Multi-layer Perceptron

O Perceptron® % &1L
Neocognitron/ConvNet

Neocognitron

K. Fukushima, “Neocognitron: A Self-organizing Neural Network Model for a
Mechanism of Pattern Recognition Unaffected by Shift in Position,” Biol.
Cybenetics 36, pp.193-202, 1980.
https://www.rctn.org/bruno/public/papers/Fukushima1980.pdf

Convolutional Neural Net
rl' Y. LeCun et al. “Gradient-Based Learning Applied to Document
E5 A Recognition,” IEEE, 1998.
O BAHDEZEEZEA

http://yann.lecun.com/exdb/publis/pdf/lecun—01a.pdf

uuuuuuuuuuuuuuuuuuu i

I ZIEEE S LIZEELREEZRD 55@@@;@,"525”‘“
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REFEOES

(0%
‘GGQ O O
Q° W
o A3 e

3rd Alusizam 0D B B H fff
CV: AlexNet, ResNet

RO \§\?~$\§ OeeQ 6\(\0"
o) \e?
goﬁ) 'LQQQ "),Q\Q (LQrL’b
AlexNet

5| A: A. Krizhevsky et al. “ImageNet Classification with Deep Convolutional Neural Networks”, NIPS 2012,
https://proceedings.neurips.cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf

ResNet

5|A: K. He et al., “Deep Residual Learning for Image Recognition”, CVPR 20186,
https://arxiv.org/pdf/1512.03385.pdf

E{& B RILSVRC2012TEEL, EEBFE I —LHNEFE
o EEBI/ITAEFHEAHZIYEBREFLWVEER L

NLP: Word2Vec, RNN

Word2Vec

5|F: T. Mikolov et al, "Efficient Estimation of Word Representations in
Vector Space", ICLR 2013, https://arxiv.org/pdf/1301.3781

Seq2Seq (RNN)

@) E AN |=| l:ll:l ~W’JE % E 'C *Ij m Tﬁg&ﬁﬁ ' — l/f— 5|F: I. Sutskever et al, "Sequence to Sequence Learning with Neural

Networks", NIPS 2014, f https://arxiv.org/pdf/1409.3215.pdf

? robotpaper.challenge == cvpaper.challenge
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EE—

_Transformerh o & ET )L~ (NLPHR)

TransformerNEZEZ - !

Output
Probabilities

Self-Attention(H 2 ¥ 2 )& LY
RINT—3%—{EEFNEATEE(C
S R E e/ sk M L% R R ICSE B
TL1OR I —%5|EBLT-
(20174EBRR DFAERFI RV TSoTAZERL)

r
Add & Norm

Add & Norm

BRETAHHPCIZLBGPU/TPUMI B S BB T HHIE R
) HILETI—SUETENETLFE—S L LMETHE,
(hifted right) BROIFFLTOXRREERETILIZ, TransformerhBR—X

5|F: A. Vaswani et al. “Attention Is All You Need”, arXiv
pre-print:1706.03762, 2017. https://arxiv.org/abs/1706.03762

? robotpaper.challenge = cvpaper.challenge 10
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TransformerM o EHEET )L~ (NLPi#R)
BERT /| GPTICKYXREIEM I8 ES
BERTDEE A%

ﬂp " . BERTTIEIZLDARYEHE—ET )L THRIIENTESLD, [XE
P P o \ DIAYEET(MLM) 1ENERT 2D DXENEKRIZR LA

BE EmE A R o0

- HEER(NSP)UICKYBECHEHYEIFEE
BERT

mln]. [ElEE]. & MM 7]

B st Attention is All You Need. (7t 7—%4)

(GG N EEE - B | ERIBICRIBERR

—T— —— Attention is All___ Need. (8 5Ti)
Masked Sentence A - Masked Sentence B | BERTIZ& L HEE
\ Unlabeled Sentence A and B Pair J Attention is All You Need. (fﬁifﬁ)
Pre-training

5| : J. Delvin et al. “BERT: Pre-training of Deep Bidirectional Transformers for Language ‘
Understanding”, arXiv pre-print:1810.04805, 2018. https://arxiv.org/abs/1810.04805 rObotpaper.Challenge

—
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Transformerm o ZEHEET )L~ (NLPHR)

BERT / GPTIC&KY XKBRREIED IRES
GPTDRE A%

12x —

Layer Norm

Feed Forward

Layer Norm

O

Masked Multi
Self Attention

| Text & Position Embed

Classification l Start I Text l Extract I}—‘ Transformer H Linear |
N

Entailment | Start | Premise | Delim | Hypothesis | Extract ]:|—-| Transformer |—-| Linear |
| Start l Text 1 | Delim I Text 2 I Extract [|—-' Transformer

Similarity Linear
| Start | Text 2 | Delim | Text 1 |Extrac1 ]}-l Transformer
I Start l Context l Delim l Answer 1 l Extract |:|-’ Transformer H Linear

Multiple Choice | start |

Context I Delim [ Answer 2 I Extract ]j|—>{ Transformer H Linear

s |

Context | Delim | Answer N | Extract l}u‘ Transformer H Linear

5|F: A. Redford et al. “lmproving Language Understanding by Generative Pre-training”, 2018.

ht

age_understanding_paper.pdf

tps://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/langu

FHEEDRICRRARICEIC
Fine-turningz11>

? robotpaper.challenge

ARDEBEBLE7—XTOFYD

&R CFine-tuningZ 11>
P—XTIOF v DEEDEEZFR/RICH
Z07D, BRRBARVTCHRNICEETE
T
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Transformerm o ZEHEET )L~ (NLPHR)

20195E LI KBREETTIL

e 3 T5 3 GShard Publicly Available
2019 — 5929 /\ G s W2 panGus e Ernic 3.0
2021 __ e

14 &7 PLUG AI21 yyrassic-1

GPT-3 @/ ~
Codex @— 5-8

~ o 3AAI CPM-2

Large Language Models

labs (LLM)IZKFRIEEEE

i inspur Yuan 1.0 —_
WebGPT@ D
Tl \ ©) chinchitia }
Ernie 3.0 Titan ¢ InstructGPT 2022 CodeGeeX
Sparrow
Gopher@ CodeGen d uL2 b E " Pythia
~
Flan-T5
GLaM ¢ MT-NLG = OPT m \ J PaLM c Aan [LMVSVS} Vicuna
-~
YaLM Flan-PaLM
GPT-NeoX-20B @ / 9 I %‘% PanGu-X
. Luminous

BLOOM O GLm ()  Ticlnstruct Ai2 / ’.\( 3 Bard

o O ® 7-10 o0 BEIE

AlexaTM a Cohere P ~— 0Q LLaMA
BLOOMZ % 11-12 ~—023 |
WeLM . T 14 ——)p
Galatica ()X /\ |
OPT-IML (X) ChatGPT @ GPT-4 @

5| :W. X. Zhao et al. “A Survey of Large Language Models”, arXiv 2023,
https://arxiv.org/abs/2303.18223 ‘H robotpaper.challenge
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https://arxiv.org/abs/2303.18223

Transformerh 5 EfEE

‘Lm g —

- JLA (NLP#R)

OpenAlDLLM (GPT)—X)

GPT-{1.2.3}

GPT-1(2018)

» B oo

1.2 Billion
15 Billion
EFLOBEEREL 175 Billion
+:E_‘\ l/ Z\\ F—ARE — S = =
ETUTARET IR zr )47 —4 8
St

M5
+Fine-turningZ4TH 740N
#FLLMEEA

*5|F: . Solaiman et al. “Release Strategies and the Social Impacts of Language Models”
(GTP-2), arXiv, 2019 https://arxiv.org/ftp/arxiv/papers/1908/1908.09203.pdf

**5| A : Tom B. Brown et al. “Language Models are Few-Shot Learners” (GTP-3), arXiv, 2020
https://arxiv.org/pdf/2005.14165.pdf

EBRBEMICETINHARET—4
SZEPLDD, AEICILEYT
BEIUXELEREITS

Text predictionZ{T5ETJL T, in-context
learningI“&>THKI®D
ARYIREICH S TES

{Few, One, Zero}-shot[ZHL\T

, Fine-tuningFFICIL@lT 51EREZ HH T

ETIVHA X EINTA—EEOEE
BENEN-TIKZERDA-TILNVS
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Transformerm o ZEHEET )L~ (NLPHR)

OpenAlDLLM (GPT)—X)

{Instruct*, Chat*} GPT

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our Explain the moon
prompt dataset. i

A labeler

demonstrates the @
desired output
¢ Va
behavior. o eoplewent
e mo
\J
This data is used
to fine-tune GPT-3 /m
with supervised \\5.2(/
learning. 2
EEE

RLHF (Reinforcement Learning from
Human feedback) TAMEIZEST

Collect comparison data, Optimize a policy against P
and train a reward model. the reward model using tﬁ I L \ [=|

reinforcement learning. ~

wodmosl | @ Step1: Supervised FinetuninglS&>TR—XE

sampled. 'a:"g"’“vg;”'d 7-‘} bilﬁé

aaaaaaaaaaaaaaaaaaaaaaaa

G Mo Ste p2 . g* LL\ Hj jJ 73‘857'3"2*'] m#%ﬁm%;
‘ WAL HEHL=-T—8ho%E

e 8, Step3: R—RETIL, BMETILEHE->TPPOGK

LF2EBFER)TEETS

to train our /)?5&\
reward model. W

0-0-0-0

*5|F:L. Ouyang et al. “Training language models to follow instructions with E%ﬁw TEJ itﬁ%tﬁﬂi jJ ﬂiﬁféﬁ“ﬁb

human feedback” ,arXiv, 2022.
https://arxiv.org/abs/2203.02155

, ChatGPT (ChZEFry B ITHLR) AR K

**5| A :C. Leiter et al. “ChatGPT: A Meta-Analysis after 2.5 Months”, arXiv, 2023. ‘ robotpaper.challenge = cvpaper chaIIenge 15

https://arxiv.org/abs/2302.13795
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OpenAlDLLM (GPT)—X)

GPI4 GPT-3IcHLCEFILEF—4Y (X%
Zs:::::odebase next word prediction E_E&‘: Z '7__ )I/T‘yjo : _u_ E : & —G J:U IE
" o EEXEFHERTEDLESICHof

Prediction
gpt-4

ETNH AL XERELLTIKEREBRRNGE L/
K5 (=N BLGD) CEE/NSLVET LD
HIRAEL, GPT-4ETKRKELI=EEDERED T HI
ZIEREICfToT=

R o - L *  HumanEvalT—4[=%LTH
RRORETER

5| :OpenAl, “GPT-4 Technical Report”, arXiv, 2023. e
https://arxiv.org/pdf/2303.08774.pdf v robotpaper.challenge = cvpaper.challenge 16
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_Transformerh o & ET )L~ (NLPHR)

OpenAlDLLM (GPT)—X)
GPT-4

R S

Exam results (ordered by GPT-3.5 performance) g Fq E’J 11' E’J 7’“ A 9’_ —_— 7 'ts A Fﬁ
gpt-4 S % T H> ? S

Estimated percentile lower bound (among test takers) ) gpt-4 (no vision) ] ! ]- & A / — E

LA DR FRIBTERZLEED

80% —

SEIFLABORERICHINT,

GPT-3.5&YHEHRIIZIERED M) L.
SN DR RIGRUFT—I8RHD
mANNEN T e HEENR ELTWAIEEHERLTEY,

Z

A A
32%29999%%3%8%542%%23%9%2%9%8% g% — -

£F8%°%%39%995%0% 238355599533 BEDERILTHELVEERE
% 2% PRS- RN 25T %% $85%8%°3% Sl = = :

3% 32 3 33 S 2 3 E

e I U ! E .

e ‘ém ol (E

Exam 3

5| :OpenAl, “GPT-4 Technical Report”, arXiv, 2023.
https://arxiv.org/pdf/2303.08774.pdf v robotpaper.challenge = cvpaper.challenge 17
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TransformerMoEFEET )L~ (NLPHE)
Google®LLM
e PalLM e Bard

o GoogleM540B/\TA—4LLM

o LLMOEZSFRIZ7E
BESER T ITEE

o  Wikipedia/CommonCrawl/BookCor
pus/OpenWebTextM SR E S 1=K
ML T —3 1ty 86144 TPUV4AE
ALNTEE

5| :A. Chowdhery et al. “PaLM: Scaling Language
Modeling with Pathways”, arXiv 2022,
https://arxiv.org/pdf/2204.02311

o Google®DxtEEEAI
o PaLM2ZEAR—X[ZHELTLLMIZEK

RE

o PaLM&Y3SoITEmUVEREZE S E

RXAIEL THERE

5| :W. X. Zhao et al. “A Survey of Large Language
Models”, arXiv 2023, https://arxiv.org/pdf/2303.18223
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METAOLLM
LLaMA (Alpaca, Vicuna)
cL—=240T—32 (EURED T—R3D)—IIZE>T,
=) Z1EX0T BRARIIREFENHTEL
7B/65BDETF )L H A X Alpaca: ChatGPTD & T—4T

HES NS ET L TE LV SR LLaMAZ%fine-tuning
Vicuna: 1—#H&ChatGPTOREERY T

»

LLaMa-13BI&GPT-3(175B)IZ LLaMAZ%fine-tuning
, LLalvla'GsB (j:Ch | nCh | I Ia-70 B b 5|F:R. Taori et al. “Stanford Alpaca: An Instruction—following LLaMA model”,

Github, 2023. https://github.com/tatsu—lab/stanford alpaca

H Bk, [ — H- Bk
Pa LM_5 O) 'lﬂi AE (‘ IE iﬁ&j_ é 'lﬂi AE 5| :W.—L. Chiang et al. :Vicuna: An Open-Source Chatbot Impressing GPT—4 with
90%* ChatGPT Quality”, 2023.
T_jyy_xvﬁ Faﬁ htt:)s://lfnsys.org;ZIIoZ/ZOZS—OS—SO—Vicuna/

5|FH :H. Touvron et al. “LLaMA: Open and Efficient Foundation Language Models”, arXiv, 2023. .
https://arxiv.org/pdf/2302.13971 pdf v robotpaper.challenge = cvpaper.challenge
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TransformermM o ZEHEET LA (CVER)

Vision Transformer (ViT)D&1§

Transformer Encoder

o EERNEILF-ER/N\YFEEHE(M—IV)ERMLTAR CNNABVITA (2020108)

o [FLEAEDMCNNIZLDERRHIEEE M

o BEEET—AOBMICHLEERLTEIELERR - »
F(x)

relu

[He al. CVPR16]
Vision Transformer (ViT)

‘ Transformer Encoder

|
- ® QDD B8 ) 0D @)

* Extra I

Attention is all you need [Vaswani+, NIPS17]
Figure from [Dosovitskiy+, ICLR21]

[1. ;b;g Lmear Pro_|ect10n ofFlattened Pa[ches VIT / SWln Transformer[i2023EIEaT;E
%ma—»lll%‘# %EWWE UL 0l sl _JE0 L) 1I28WTRAR—2 w0 FRELTHRD
m ﬁ E (@ Architeeture *L'C Ly é

Swin Transformer [Liu+, ICCV21]

VIT [Dosovitskiy+, ICLR21]
? robotpaper.challenge = cvpaper.challenge
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Transformerm o ZEHEET )L (CVER)

ViTRIT O BEHEHYFEE

o FEE({ZRIIXLTHEBIT—EL-ZEZTE
o DINO:SRN)LGZLTOEZ®RY
o MoCoV3: tBBZEEMoCoLRIFRI=A, ViITRITIZHRE
o MAE:/\vFNE T BERTOMLMZE{ZRFIRXY)

loss:
-pelogp
sg

l softrmax I I softmax ]

PT: DINO + ViT-B/16

FT: 76.2 @ ImageNet-1k val.

DINO [M. Caron+, ICCV2021]
https://arxiv.org/abs/2104.14294

contrastive loss
A

similarity

PT: MoCoV3 + ViT-B/16

FT: 83.2 @ ImageNet-1k val.

MoCoV3 [X. Chen+, arXiv2021]
https://arxiv.org/abs/2104.02057

[ ]

l J
E 0

PT: MAE + ViT-B/16

co k1 ko ... EESER ° N | L[ e
1 ko Ky ks HVEE - - ENS s
A queue FENEN > encoder| > oy decoder = > I I
cma [ Z1S— 5 HEEER
student gg, ‘ — | teacher gg, | S evem S5 e ~ NER UM
encoder encoder input I B target
1]
Py J:ge‘ 7,]1(6‘ :ch‘ @

FT: 83.6 @ ImageNet-1k val.

(ViT-HuTIE87.8FE TR L)
MAE [K.He+, CVPR2022]
https://arxiv.org/abs/2111.06377

==

? robotpaper.challenge = cvpaper.challenge

21


https://arxiv.org/abs/2104.14294
https://arxiv.org/abs/2111.06377
https://arxiv.org/abs/2104.02057

TransformerH 5 H

f

Fxa

_—\

=T )L (CVER)

KBEBRET)L: Large Vision Models (LVM)
ViT-22B (E{&525#). Segment Anything (£ A T—23>)

I—) annotate —l

model data

Segment Anything 1B (SA-1B):

* 1+ billion masks
* 11 million images

* privacy respecting h ]
* licensed images E )}

Segment Anything Model (SAM)

5|F: A Kirillov et al. “Segment Anything”, 2023. https://arxiv.org/abs/2304.02643

Data/ModelD XA —)UIXCVTHLESD

ViT-22BTIIXE R avb 8, w7 A T—ay, il
E{RETE, BERHGE TREKE
HLLEZENIZEST HFEEFETRE

Segment Anything Model (SAM) [Z10{EL LDt A
VhTEE, TAREOFEREFEELERLT
SA-1BT—4tyMEE(ERX)

==
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Transformerh\is

EE—

<= O

=T ILADF(VELIRE)

BRELAROBERETHTITSCLIPDES

\\\\;;;:\\\1

v

Pepper the I
aussie pup

D

| Image
Encoder

| BRE-BRIRVZEO aVNRHE

il ® ER-REORHEZEZEZTER - TXANCRTIVYT
R | L SNf=T—2tyb THEBEE (EBRETFRMDT
| O | LT, [ LT, BTy O—S R EERIEDTAIETEE)
> B | | BT BTz (BT BTy @ ERIZSHLTFRAMMEBOHAENTLNSDT, £0O
TavhEGRREERYD, BRFvIavoTEXE
| O | e, | e, - NoDEBRERGELEAINS

5|F: A. Radford et al. “Learning Transferable Visual Models From Natural Language Supervision”, arXiv
pre-print:2103.00020, 2021. https://arxiv.org/abs/2103.00020

2% : Zero-shot Learningf@#& MY —~ 4 : CLIPAEIYREAL /= Vision & LanguageD#FH LU VR

https://techblog.exawizards.com/entry/2023/05/10/055218

v robotpaper.challenge 23
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https://arxiv.org/abs/2103.00020

Fxa

TransformerM S EBET )LD FRAL(VELER)

T X AR5 D B[R & B (Text—to-Image)

{£Z {51 :DALL-E1/2, Stable Diffusion, Midjourney
(85 E) -

I,
'

e R Text |

CHoLRTHEESLH Encoder II:I' ‘ Ztext (= Zimage
-

Ztext Zimage
H_J \ v J

THRAMPLOEBERTLEETHIOYY FERCDBERBRNSEEGEEERTZTO0VY

(Text Encoder) (Image Generator)
EBRTTIHTRELSELERT,
e Text Encoder [Z{AIZfESH (CLIPASZ L)
e Image Generator [Z{A]Z{&>5A (VAE/Diffusion Models)

? robotpaper.challenge = cvpaper.challenge
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CZFETOHESHWL
TransformerZiHLLEDNLP, CV, V&L

NP | o KIFMET LB AT AL, Zero-shot
Transformer
J N Bilion}EDETILH AR, T—4%EL, &
\ BY—RETILERLTHEESSIC LA
BERT 3

X (FREFRADGroundingZ L \HZT5H
=RRTADANDEF

GPT ViT-22B

PalLM, Bard SAM
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RTAORXADEER: BEEEEY=_Eal—I a3y

%F%E‘ﬁ*%uﬁwibﬂ

o HENEER: SLAMAEER{IEFE A FIL
o Y-EaAL—1ar ARV EDEETETIILOEnd-to-EndD ENME A B

KEHTIE, ARTAOVRDIRZELT
T=EBalb—a x5S,

5|A:J. Mahler et al. “Learning 5|/ :C. Wang et al. “DenseFusion: 6D Object Pose Estimation by
ambidextrous robot grasping policies,” Iteratibve Dense Fusion,” in CVPR 2019
Science Robotics 2019 http://openaccess.thecvf.com/content CVPR_2019/papers/Wang_DenseFusion
. i i i 6D_Object P Estimation_by_lterative_D Fusion_CVPR_2019 =
https://www.science.org/doi/10.1126/scirob i ool 1ast =sinalon anibir Longe ZLanb SRS ‘ rObotpa perChallenge = cvpaper_cha"enge 26
A
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http://openaccess.thecvf.com/content_CVPR_2019/papers/Wang_DenseFusion_6D_Object_Pose_Estimation_by_Iterative_Dense_Fusion_CVPR_2019_paper.pdf
http://openaccess.thecvf.com/content_CVPR_2019/papers/Wang_DenseFusion_6D_Object_Pose_Estimation_by_Iterative_Dense_Fusion_CVPR_2019_paper.pdf
http://openaccess.thecvf.com/content_CVPR_2019/papers/Wang_DenseFusion_6D_Object_Pose_Estimation_by_Iterative_Dense_Fusion_CVPR_2019_paper.pdf
https://www.science.org/doi/10.1126/scirobotics.aau4984
https://www.science.org/doi/10.1126/scirobotics.aau4984

ARy EEE D#E$E: End-to-End=FE

End-to-end training

o HIRGTMNULEIS-ERFHEZRBFEICESHAT, EREHILITHET
ZUOEDD/INATRERREIZ

o EIRWFHEZLLIC HMICRI>THRZEHITS

o RIRBDAUSAUFEIIMEILER RENDLE
o Google %> U.C. Berkeley H R TEER
o SimE®MZE-Sim2Real IZ2 Tk

5|A: S. Levine et al., “End-to-End Training of Deep Visuomotor
Policies”, 2016, https://arxiv.ora/pdf/1504.00702.pdf

Arm Farm [Google, 2016]
5|F: S. Levine et al., “Learning Hand-Eye Coordination for Robotic Grasping with Deep ‘ robotpa per_cha[[enge = cvpaper.challenge 27
Learning and Large-Scale Data Collection,” 2016. https://arxiv.ora/pdf/1603.02199.pdf )2 ==
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https://arxiv.org/pdf/1603.02199.pdf
https://arxiv.org/pdf/1504.00702.pdf

ORYEFEDRER: FET —F

Simulation®)ORY M F—4

o INEIRMHAMELY, BEITINERTHE
o RENABRNBEZLE-OFEEMODRI-~NFI—IFRICET S
o WRICEATDVYFRR/M(FAFTIVRGEE)ICIERALH D

— SimZReal Eﬁ@@?ﬁflﬁib‘sl‘\g Train Tasks Test Tasks
o gin ol o ol 2 B B Bl 5
ﬁd.ﬁ&ﬁddd’

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

suite of demonstration datasets

o e e - ﬁﬁﬁdﬁﬁﬁﬁﬁ’
robomimic: 842 42500+MD 31l — GlJ:’CG)human MetaWorId éﬁﬂs%E‘O)/\fP? 7 50’5‘7\70)1’F¥£-a
demonstration. 5. GATOOZFETHFIAINT-.

[Stanford, Univ. of Texas, ‘21] [Stagfordﬂﬂ4fﬁﬂn‘ﬁﬁ, 21]
robotpaper.challenge = cvpaper.challenge 28
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Real®ORybT—4

BFfEl, )YV —RXZEHINEIRMF N
T—3DZREIZITRY N H S
INE(CAET BV FHIBER(FAFTIVRLGE)HEND

Kuka

Time =—p
RoboNet: 758D ARYAEFIH, 15M+IL—LDZHR A5
mEL-EXEFE
[UC Berkeley#th3 X%, 2020]

Ry -
Trained on 700+ tasks, 130k demonstrations

RT-1: NZ&BIRET, 7T00LL EDARXS130kD
demonstrationT—42% 174 B Hh [T TINE

[Google, 2022]
? robotpaper.challenge

==
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ORYEEEO#FREE: Sim2real

Salb—LavE DR E
o (REMEML

o Physically based rendering
o AAFTIHRAMEM L

o EMETILONRE

o FiH¥IEDEREI

o FEMIZKSZER5RIA
o SEIL

o GPUEFIFAL-S @i mEsteE [

Isaac Sim Z#|H [Nvidia, RSS2022]

* ERIZFRITIL, BHEARIOZEIFIAEIN TS

? robotpaper.challenge == cvpaper.challenge 30
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ARy E ORI FET—4
Sim2RealDEEBO7O—F LG S

U2al—arvBRERYACREITED TS (O RTLRE)
BENMNVIAL—avBINEBREFE T H(FAMEI)
D2al—LaVATIRIGWEHZEE T 5 (FASVELIRIE)
VEal—2 a3 TOHREONSEREZTALTEEZRET S

Bwnh =

train with RL in simulator

TuneNet [Allevato+, PMLR2020] RL-CycleGAN [Rao+, CVPR2020] [OpenAl, arXiv2019] [ETH, Science Robotics2022]
1. BECAS&51S 2. BEELIIL—LavMOLRE 3 BOTIRFYEORY, BE 4 BEmoE0BERREES Il —
o2alb—iay 2E. THARIZLST sim2real, VERZOWE, BERBEDY 3o TR BLNAEREFTEE
INGA—BE R E real2sim&FFEN S ATLDINGA—=FESVFTLIZE  Li-teacher® EENEHEMT B ESIS
AT —HREK studentzx &

PFYREHATRKEICT —HNETLILERICK OV > ORTAIREBETILORFRA

robotpaper.challenge = cvpaper.challenge 31


https://lilianweng.github.io/posts/2019-05-05-domain-randomization/

R FEOREE: FEETIL

ERIEREER A T URIEER

=3 (imitation learning, behavioral cloning)

— BRICED-T—FZBHRITDHIHFEE
b= & (reinforcement learning)

— BUAILT-REI o RECTHITHZESFOIFE
R ET )L (world model)

- TH+HHERIELERRERZ FATEILOFETS
- EBETITREFET—Lav~DANRELND

2% BHRKIWEBFMOAdvent Calendar URL: https:/qgiita.com/advent-calendar/2022/robot-ai ®  Qiita Advent Calendar
H#F5)LxRobotics Advent

>> HAETILICEATLEN _ Calendar 2022

° https://qiita.com/MENDY/items/c70741665356¢cd27449c
° https://qiita.com/Jumpei-Arima/items/9348ab187852e200a287

? robotpaper.challenge == cvpaper.challenge 32


https://qiita.com/advent-calendar/2022/robot-ai
https://qiita.com/MENDY/items/c70741665356cd27449c
https://qiita.com/Jumpei-Arima/items/9348ab187852e200a287

ORyFE DORE: RINFE

M%LT:%’—@#E??EUEEET%#E‘
o 1—HILIERHFOEAREFCERLEE ENT—SEEDD

o 2018E ANLEFINEZ, RET—FD/N\IT—a EH(C
,J'HI:, T4 - TR M AN A b

a) Interactive, real-time natural language guidance

(example) human + robot goal:
make a green-eyed

prowdeonewdeoofhuman One_shot imitation
ti & ‘ [Yu+, 2018]
|nfe(robo( pollcy ﬂeoo ~ 130016‘/_':

provlde demonstvatlon data

smiley face

“push the green star between
the red blocks”

iled 4

vvvvvv

human demos robot demos

learn how to infer a policy

from one human demo

I
I
1
1
I
I
1
1
I
I
1
1
1
1
I
: b) One robot, 87,000 diverse behaviors |c) Language-Table: data + benchmark
1

I

datasets research
push the gre nudge the red star benchmark
between m db! cks. slightly right = s ichmal

_ 2
place the tri 181K ntogon
- Place apple in tran Diaa aranes across the table o separate the green X
/J lace apple in tray. JDrag grapes across the table. thetopd gt e ofthe Shese e aten (video, language)
& sim demos
\ — e
slide the blue cube put the heart in the ==
down a bit center of the board 13K
Video Language (video, language)
- A —— e 3 move red star into the point your arm at the real demos
\ ¥ i 22T 2% e red circle ~
3¢ 0
¢ X

RN Interactive language [Google, 2022]

qaes L S . N
Shared Autonomy Data Collection Diverse Multi-Task Dataset Continual Policy Training Generalization to Unseen Tasks 8 7kI E

annansl
[Seunsafasansalanssss]
&

==
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ORyhFE DRERE: s8EFE

D

o ORYNEAILI-EGNOCHIM(ZRVDAE - EEU~DERGTE)ZL
EICRDITHTHAREERTD

o 2016FHWIEIITENREICHREDAKREFIFHT Hon-policyliFHE
o ARRIDEHILIZL>Ton-policyFE TR ECHEE(C
o Offline data& @ A XSoff-policy’E EE (22 Tk

Arm Farm [2016]  QT-opt [2018]
on—policy RL offline data & on—policy RL off-policy RL

==

? robotpaper.challenge = cvpaper.challenge
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ARy FE DRERE: A TS/ RIEFE

Decision Transformer [Chen+, arXiv2021]

e Transformer Zi#{t B TRHT 5= D/NTF A L
o REBDAAsH) ISHLTITE at) ZFHTSH

o FRDIERMNFN R(t) TEETIT
o  REVERENFI->T X R/S—kINSWERENFI>E ¥4+ —
o $RENFNITE41FI1TL71=Behavioral cloning &4 2R Bl RE

-% £

causal transformer

D 0.0, 0. O, é)g

+ I
o 51 : https://arxiv.org/pdf/2106.01345.pdf

==
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https://arxiv.org/pdf/2106.01345.pdf

ORTAOXEREET)IL

RT-10D &5

ORYRRITORIRIBEDOKIRIET—2(FEE, BER, TENEETIL
(TransformerN—X)IZk > THRRIGAR DT ITT

.. GroundingZ " gE(ZL 7=

i 700l EDARHILE
mULVRIERES
BiE(cxdd0/ A ME
BREIR)ADE A
FRT—2~OXE RE
ARYrDI=HDT—2EET IV
MO TRBRRITE-T=

ll
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RT-10DEEZH it KiFET—

BREOXBOITEIT—2ZINE
B - XEQT—2FH LK BTREBEDOLIRIEFTFIZE T,
ABDTEVARN =230 (FLARL—3V) DB IRE
~ BRIEROT /7Y AR OTH/ ARER, OTET—5)

Skill Count  Description Example Instruction

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

Move Object Near Object 337 Move the first object near the second move pepsi can near rxbar blueberry

Place Object 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

grab scooper

TE 130K
AR 744
A/Rwk: 134 (EBR)
INEHIM 174 A

RGB image, 300 x 300

:\,E

Frontal view,
Pre-manipulation pose

(d) (e) ()

? robotpaper.challenge = cvpaper.challenge
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RT-10D EEZHK T : RKRAET—4

Simulation&Real D T—42%E FH
Real Objects Sim Objects (not seen in real)

Real
Seen Skill Seen Skill ~ Unseen Skill
7_":E& . 1 30k » EM%E Models Training Data ~ w/ Objects w/ Objects w/ Objects

RT-1 Real Only 92 23 7

RT-1 Real + Sim 90(-2) 87(+64) 33(+26)
‘ ReaIZSim n - - R‘ Dat
Sim HibeE i)
F—45%1:520k - == .
Cﬂi'@@?’%"}%ﬁﬂ% (BNREVIRILEE), Real D& & V) %Sim'@ﬁ%ﬁ?—@%%%ﬁ?‘%&&
Sim2Real DF MM FHEESIN TS TELAE R R E - B

ll
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RT-1DFE

Bl : KR T —42

%‘—9@![:5&#‘67(’7'—'»7’ Al

S =

TransformerX—AXADET LN

(===

#R & H'Robotics 7 B 1< %L\T%Eﬁm

Generalization

Models % Tasks % Data  Seen Tasks All Unseen Tasks Distractors Backgrounds
Smaller Data

RT-1 (ours) 100 100 97 73 76 83 59
RT-1 100 51 71 50 32 39 59
RT-1 100 37 55 46 57 35 47
RT-1 100 22 59 29 14 31 41
Narrower Data

RT-1 (ours) 100 100 97 B 76 83 59

RT-1 75

97

54

67

42

100%

80%

60%

Success Rate

40%

20%

0%

0% 20%

60%

% of Data

80%

T—RDENMEZHEMEREL ENDEND

FEETOEEEEZEZAEETILHAXE
LE!I—“—QEEEE

T—ANEZEEOT L, ALkt ETEIN, T—
ADZHFEELHIEYER

— T—REDAI%HIBE S HRE (RRIDIELE) D
25%HIEA R Lo L D ERE

ARy ;D T—RUNE (ZAR K E LA,
BERICEHAETTIELDWT—RIZIE LGS !

? robotpaper.challenge == cvpaper.challenge 39



RT-1DEERZI: FEETIL

Transfomerz~_A—X&LT-FEEHERIBETIL
ENMERON S E T LB =

(a+y) (0 % BFLM)
MBCony
(1+y) &

e Tokenlearner |
e TransformerTlXBE 2 EIFEZLGEWN &IZKY ’
EE-EBRANILDEMEH HEEEIE (£93H2)

Base

? robotpaper.challenge == cvpaper.challenge 40
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RBRESHEETILOE

1-ART449X

ARTAOAND BB

Prompt GPT-3 via OpenAl AP|
“Describe the [feature] of
[name] in a detailedand ||

scientific response”

PR —

( name: “a hammer” |
|feature: “shape”, “geometry”,

e ATLA [Ren+, 2022]

BEE DR LT EF T FEMN SRR

[==]=]

ARy DEEIZTER

urface on one side

| "common use”, "purpose” | d a cylindrical
[N ’ 4 — aiface o ths

_1_§IJ: /\\/7\— DENHZE ‘ \\ [ |urteceanth L
EEETADHSBTND j E

T:

e Gato [Reed+, 2022]
FEOAADIKRETEII— U bDEEZSTLLM
—Atari (47 —.,.) ~Pick-and-PlaceZ3£1]

I e e

NN

RBHHHBRE?

Rl il O oo o
|

JRRTLAN (G [ g

|

HoPBEDARIIZABLANILTHRIGTESE
TILEBELTWS

VIIV!A [Jiang+, 2023]

A=V EEE@MD)EMAEDEIETAV IR =Ea

L—2av 3R DRBISEY HEE 5

|
= =

THANEREERISESS -

Rotate the 120 degrees. U

-t

e SayCan [Ahn+, 2022]

cvpaper.challenge

HRMETA SO YA
=B AR
 LLMARE R 5 s AR

Task: Move all the blocks to
different corners.

SayCan:

1. Pick up the green block and
place it in the lower left corner.

2. Pick up the blue block and
place it in the lower right corner.

3. Pick up the yellow block and
place it in the upper right corner.

ARy AR - RITTEBDLALIZTHE
@ Robotics at Google ._

Everyday Robots

? robotpaper.challenge

—
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KIFESEETILOEA LLM/LVM

CLIPO);EHH

e CLIPort [Shridhar+, CoRL2021] . CLIP-FieId [Shafiullah+, RSS2023]

- , Wbpt ned Model Super
& | I’ - J ’ “&' =l = Ehi Aai h%
,.mn . ,ﬁ% = 0%
/

+

Implicit CLIP Field

Query Semantic Robot memory retrieval
- s i

e CLIPDE:E- {%*‘JFBE,EH%L,’CD#\JWZ o VA&LDEA)TA4MB3DZEMD
IDI=ODT I74+—53 2 AT I T4V RBEEES

o TOLavrRBDRENEFRALTEIRIEE
DIVOZTIYUI T HNERE(C

==
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RBRESHEETILOE

:3D (NeRF)

ARYEAAREDREZEL T=R TR OERE

LERF: Language Embedded Radiance Fields
[Kerr+, 2023]

K Multi-Scale Semantics

"Utensils"

NeRF \ /—'CLIP

Language Embedded Radiance Field

& Long Tail Objects

“Electricity”

A\ Text Reading

LLMENeRFIZCKYBEREIN-TURILIDHADEITHEI
CLIPM™5NeRFASEIEDHIAHFTEIR

#HZ M- T TElectricity ], &A% T):TYellow], long-tail
R TWaldo), XE#x A E(F: TBoopslHEDIELLV T Ikt
it Bl BE 3| A :https://www.lerf.io/

Chat with NeRF

#\Chat with NeRF using GPT-4%’

°e

GPT-4/LLaVA/BLIP-2/NeRF Studio/LERF D #ifizfA# & ES
SET, IDV—VERIEMIRICONTOREEA ATHE

TE R http://sled-whistler.eecs.umich.edu:7777/

? robotpaper.challenge
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http://sled-whistler.eecs.umich.edu:7777/
https://www.lerf.io/

RTAORIZBTHEERMESE

¥ T —4 (Sim2Real)
o IRIK: L 2al—arT—4ESim2Real or RIRET—4
o F8: RTNEIERBEFZEHRLTULED, OIaL—2BFATREM (X 4Differentiable
simulation’z &), #im=FE
e
o LEal—arvTOT—ERT—2% (FERIZERK)
o HERMILESLNLIREHRTHE
FEETIL
o IHIK: CNNHA STransformer~
o S IVORE—HI, HREE
- ZEFX (EMFEZIRELEE)
o IF4K: On-policyh 5O0ff-policy~,
o F8: EHFEFELREFZEIHEAEHINDS
- KIRBEZBETILDEH
o K EELEEIDDEREZFIALTARYINTESLZEER] DTS
o S EELZIINICERALTERZSITHLARYDITEIEZERK

=
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A Survey of Large Language Models (arXiv)
W. X. Zhao et al.

https://arxiv.org/abs/2303.18223

o [BEILLMOY—AFHX

~ . :
o5 3 GShard Publicly Available
— ~ .n. 2
2019 — 5029 Z__ 2021 _ O w15 %‘? PanGu-x e Ernie3.0
1-4 #£7 PLUG A1 yrassic-1
~ labs
@,
odex ~ Smfn CPM-2
G rLan
T0 0 LT — G Lavna
Anthropi inspur Yuan 1.0
nthropie (A pypercLOVA MyEe n OAlplmCode
WebGPT@ 112
(] \ O Chinchilla
Ernie 3.0 Titan oy e InstructGPT @ 2022 CodeGeeX
Sparro 3
GopherO CodeGen O \, = o RESe Pythm
~
Flan-T5
cLav (5 MENLG H oFT 00 G ram 5 Fin LMM‘V,U,,.“
= %
GPTNeox-208 [0 / O v G FanPAM G
" Ao
Luminous
BLOOM 0 GLM Tk-Instruct A|2 \ )X‘ G Bard
mT0 0 Coheici@P 7-10 0Q NLLB
AlexaTM a ° 0Q LLaMA
BLOOMZ 0 11412 e |
— WeLM 03— 1,
alatica Q) |
OPT-IML () ChatGPT @ GPT4 @

FTELLLMO N TS5, GPTLED10B/
VEBTHhMBESITEEDHLNTILNS.

—_

EEETILE:

FE/{FM, Language}

FA—BLUEDETILOFKEN

DF - EDAFAEREKRFERENELHONTIND

Model Release Size Base Adaptation Pre-train Latest Data  Hardware Training Evaluation
Time (B) Model IT RLHF DataScale Timestamp (GPUs/TPUs) Time ICL CoT
T5 [73] Oct-2019 11 - - - 1T tokens Apr-2019 1024 TPU v3 - v -
mT5 [74] Oct-2020 13 - - - 1T tokens - - - v -
PanGu-« [75] Apr2021 13* - - - 1.1TB - 2048 Ascend 910 - v -
CPM-2 [76] Jun-2021 198 - - - 2.6TB - - - - -
TO [28] Oct-2021 11 T5 - - - 512 TPU v3 27h v -
CodeGen [77] Mar-2022 16 - - - 577B tokens - - - v -
GPT-NeoX-20B [78] Apr-2022 20 - - - 825GB - 96 40G A100 - v -
Tk-Instruct [79] Apr-2022 11 5 v - - - 256 TPU v3 4h v -
UL2 [80] May-2022 20 - - - 1T tokens  Apr-2019 512 TPU v4 - v v
OPT [81] May-2022 175 - - - 180B tokens - 992 80G A100 - v -
NLLB [82] Jul-2022 545 . & . - - " - v
Publicly GLM [83] Oct-2022 130 - - - 400B tokens - 768 40G A100 60d v -
Available Flan-T5 [64] Oct-2022 11 5 v - - - - - v
BLOOM [69] Nov-2022 176 - - - 366B tokens - 38480G A100  105d v -
mTO [84] Nov-2022 13 mT5 v - = - - - v =
Galactica [35] Nov-2022 120 - - - 106B tokens - - - v v
BLOOMZ [84] Nov-2022 176 BLOOM v - - - - - v -
OPT-IML [85] Dec-2022 175 OPT v - - - 128 40G A100 - v v
LLaMA [57] Feb-2023 65 - - - 1.4T tokens - 2048 80G A100  21d v -
CodeGeeX [86] Sep-2022 13 - - 850B tokens - 1536 Ascend 910 60 d v -
Pythia [87] Apr-2023 12 - - - 300B tokens - 256 40G A100 - v -
GPT-3 [55] May-2020 175 - - - 300B tokens - - - v -
GShard [88] Jun-2020 600 - - - 1T tokens - 2048 TPU v3 4d - -
Codex [89] Jul-2021 12 GPT-3 - - 100B tokens May-2020 - - v -
ERNIE 3.0 [90] Jul-2021 10 - - - 375B tokens - 384 V100 - v -
Jurassic-1 [91] Aug-2021 178 - - - 300B tokens - 800 GPU - v -
HyperCLOVA [92]  Sep-2021 82 - - - 300B tokens - 1024 A100 134d v -
FLAN [62] Sep-2021 137 LaMDA-PT v/ - - - 128 TPU v3 60 h v -
Yuan 1.0 [93] Oct-2021 245 - - - 180B tokens - 2128 GPU - v -
Anthropic [94] Dec-2021 52 - - - 400B tokens - - - v -
WebGPT [72] Dec-2021 175 GPT-3 - v - - - - v -
Gopher [59] Dec-2021 280 - - - 300B tokens - 4096 TPU v3 920 h v -
ERNIE 3.0 Titan [95] Dec-2021 260 - - - 300B tokens - 2048 V100 28d v -
GLaM [96] Dec-2021 1200 - - - 280B tokens - 1024 TPU v4 574h v -
Closed LaMDA [63] Jan-2022 137 - - - 2.81T tokens - 1024 TPU v3 57.7d - -
Soutce MT-NLG [97] Jan-2022 530 - - - 270B tokens - 4480 80G A100 - v -
AlphaCode [98] Feb-2022 41 - - - 967B tokens  Jul-2021 - - - -
InstructGPT [61] Mar2022 175 GPT-3 v v - - - - v -
Chinchilla [34] Mar-2022 70 - - - 14T tokens - - - v -
PalM [56] Apr-2022 540 - - 780B tokens - 6144 TPU v4 - v v
AlexaTM [99] Aug-2022 20 = = - 1.3T tokens - 128 A100 120d v v
Sparrow [100] Sep-2022 70 - v - - 64 TPU v3 - s -
WeLM [101] Sep-2022 10 - - - 300B tokens - 128 A100 40G 24d v -
U-PalM [102] Oct-2022 540 PaLM - - - - 512 TPU v4 5d v v
Flan-PaLM [64] Oct-2022 540 PaLM v - - - 512 TPU v4 37h v '
Flan-U-PaLM [64]  Oct-2022 540 U-PaLlM v - - - - - v v
GPT-4 [46] Mar-2023 v v - - - - v v
PanGu-X [103] Mar-2023 1085 PanGu - - - 329B tokens - 512 Ascend 910 100 d v -
=
? robotpaper.challenge == cvpaper.challenge
e
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https://arxiv.org/abs/2303.18223

A Survey of Large Language Models (arXiv)
W. X. Zhao et al.

o [HMEILLMOHY—ARAHX
o LLM?&@%E’JI-%uaotbf—n‘oi-s”li:wﬂ—&rﬁnd; REVLLMIZDWTOEBIFH- 2D
HEORN-BIAMGEZBETIL-EEBT P VrOBERE-FIALIRIGE, 50—

[==]=

DJ\J:IWJ?Z")i&&) LbNTLVS.

https://arxiv.org/abs/2303.18223

Raw Corpus Quality Filtering De-duplication Privacy Reduction Tokenization preei-‘;);it:'
* Language Filtering + Sentence-level ¢ Detect Personality ¢ Reuse Existing g g
@ . * Metric Filtering * Document-level lden"ﬁal?le Tokenizer - -
l‘-=; o Information (PII) B SentencePlicer —
i « Statistic Filtering « Set-level —
i ¢ Remove PII » Byte-level BPE
* Keyword Filtering
e N o A e B I e f B e S e R ¢ B v ot e f
E Alice is writing a paper about 2 Allce is writing a paper about | ; REplace ("Alice'") is 1 E Encode (' [Somebody] is i 32 145, 66, 79, 12, 56, . {
i LLMs. #82& Alice is writing ¢ LLMs Adtee-ts-wrtng-a-paper E ' writing a paper about LLMs. E ' writing a paper about LLMs. ") E : E
E a paper about LLMs. ! | aboutEiMs: ! : { ; ! ] {

HMBWMGT—ARINEB QRN 20— T, T4 T, BRI, TIANIREK, =0T A XERTEAFEENTEIHITMISNSD

/(M. Longuagel ‘H robotpaper.challenge = cvpaper.challenge 44
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Emergent Abilities of Large Language Models (TMLR 2022)
J. Wei et al. https://arxiv.org/abs/2206.07682

o [BMEILLMIZETD, EREBETIVRELEERENOBBRMEICEI LIAEEZT oM.

o ﬁ)ﬁﬁ’l‘i]jc%ﬁ*ﬁ%-‘r“)uid\ﬁ*ﬁ%-‘r“»otU%rﬁf‘ééﬁwﬁajﬂEE?%?%%):&E%U:(‘F
).

o [EEBEFER)TFAME-BRIEEIRVIZKYNMNRBERRELEZET/ILTIEIEHINELR
HEMNBELMN o

o [EBRIBHRELT, LLMOFE - BRAIIEIRMNTHAIENEREINTIVS. 5%, JYIEMN
HEBHEC))—REIBT5FEORFENRDOOND. -, EEBLRELIILFE—S
IWLELRE, KYESELZAIZEDICALEFINS.

(A) Mod. arithmetic  (B) IPA i (C) Word (D) Persian QA
[ i . 7 s i \-=/
::E 10 2 10 E 10 ol E 10
nm“‘ 10%° mI; 71(’1?7" 01(!"‘ 10%° m—*; 71(71371 “m‘r"‘ 10%° 10;; 71(’1-’7‘ 010“‘ 100 1022 102 Eﬁxqjo)':lgure 2 N LLMO)"‘Q—:ﬁEt:Ej_f)l/Zb'—)Lo) F;ﬁ{% *ﬁﬁm‘:'i’ :Ej_'\\}l/o)%j_'\\}[/
(E) TruthfulQA (F) Grounded mappings (G) Multi-task NLU  (H) Word in context Z/T_)l/ (i;EIwFLOPS) ’ mim':[i’ EEEMIE@X70)1‘$§E75§7°D “Jl‘éh—CL\é
vg & “ B o BHIZ(E, GPT-34°LaMDAZLE, FEEMDEHON TLNDLLMDEREER T —ILAVR
g g g fo ol ENTLR. BADIE, STA—2H R BT DN TEELBIR Y DMEEAE L
ARt / T = FBILDID. 11U, —EELE DI\ A—SME R B AR L ABHET S
= 0| W T E 12 B 12 1|;Erﬁ]7b§%%)
Model scale (training FLOPs) P
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Training language models to follow instructions with human feedback (arXiv)

L. Ouyang et al.

https://arxiv.org/abs/2203.02155

o [BEE]InstructGPTDIRER X

o [FHREIANEDT1—

©) {$/£]—F. /u\\
o [ZEE&#5E]COCO Caption, Visual Genome, CLEVR, GQAIZ kY B D EFFEER.

Step1
Collect demonstration data,
and train a supervised policy.

A promptis ®
sampled from our ~eoprh emm
prompt dataset. landing to a 6 year ol
\J
Alabeler
demonstrates the @
desired output 2
behaViOK Sumeneu‘plewe 13
to the moon.
This data is used SFT
to fine-tune GPT-3 /)?5&\
with supervised \\sa(/
learning. 2
BEE

F I /{FM, Languagel

Step 2

Collect comparison data,
and train a reward model.

A prompt and ®
several model -~

lain the moon
outputs are landing to a 6 year old

sampled.

nnnnnnnnnn

A labeler ranks

the outputs from @
best to worst.

0-0-0-0
This data is used RM
t i o9
o train our ./)?.5&\.
reward model. \}sx./
0-0-0-0

K\ DK BHR

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt

. ™
is sampled from o
the dataset. about frogs
|
\J
The policy o
enerates 2
b C}.ﬂ.
an output. \}se{/
|
\J
Or upon a time

The reward model
calculates a .9

LN
oo e
reward for N
the output.
\J
The reward is y

used to update
the policy
using PPO.

[CKYUEEE

ET JLEFine—tuningL TH HfEREZHE.

InstructGPT D 2=

LLMIZ L TABIAEZELWVHE WERICET 2 HEIHYEZTDINILEEZR D
(Step 1). HAFERZLLEL T, IBRLATITEITIZETEHRENEE S (Step 2). #REN
L Ti{E =8 (Step 3).
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Introducing ChatGPT (OpenAl Blog)

OpenAl https://openai.com/blog/chatgpt

o [#EE]OpenAllZ&L AR EERIAIH—E XChatGPTD!)!)—X B Tdh 5. 2022/11/301Z8FK SN, B
MICHERPIZEAYRETIOR  1{E1—U%EF LT -. GPT-3%InstructGPTODRMBEET L (THIZ
GPT-4MD R &) EL TN SN T=ChatGPT. EFFIZWEBR—RDT7I)r—a i) —REnt-.

o [FZE]IRLHFZRBU \fzInstructGPTET ILER—RELT, FEZEZLTLWAINEE T—F2 VM
YRaRSt, Supervised Fine—tuning[C&YFEE INTLVAS.

this code is not working like i expect — how doi fix it?

o [EER#HR]IChatGPTIXEEICH T HFITEAICKLTHAM
[CHERET BETILERY, EBETILOEMEEZHRPIZRT
R LGS ARIZERT ESIZa—FIcx T 5ERPEZL T
EBHEIITHEHLTLNAS.

“ Its difficult t hat's wrong with the code without more context. Can you provide more
frmal b wnnn d s ot dhtnwckg expected? Also,
thisthe code or just a part

« justpart of it —the surfaces. | think there is something wrong with the channe

ChatGPTIZ&kB1—HDa—KT/\wJ DHF.
IS—HAMSI—HEChatGPTRA RS9 T+4
TIZIS—EHEICRYBEATNS. BERIT—E%
BRE).
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ChatGPT: A Meta—Analysis after 2.5 Months (arXiv)
OpenAl https://arxiv.org/abs/2302.13795

o [#EE]2022/11M1)1)—R%&, ChatGPTMAE D KIITFEHLNTINSD I EAZEEHT. ChatGPTIZEE T %
308 Tweet, 15058 X &S D O—KRLTHREZITo-. REICBEVKYLESZ - Bl Z LTS
EEMFICEVLWTERAVGNS LGS T-. REBUNDYA—FELEBEZ TS MIEMGERELDE
L)£,0penAllZ KB A 215 ITTHS.

Attribute Detail Sentiment Number of tweets
date range 2022-11-30 to 2023-02-09 .
number of tweets 334,808 Positive 100,163
language counts 61 Neutral 174,684
English tweets 228127 .
number of users 168,111 Negatlve 59’961
Table 1: Information of the collected Dataset Table 2: Sentiment Distribution of all tweets.
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PalM: Scaling Language Modeling with Pathways (arXiv 2022)
Aakanksha Chowdhery et al. https://arxiv.org/abs/2204.02311

o [WEE]GoogleMIEET 5H540B/\TA—ZDLLM

©)

F I /{FM, Languagel

[FREILLMD BB ZR VIR T DPathway[ZHEIL TRy —V Y. BREEDHEDS
¥, a—FERICERIFTLS.

[FiX)EKR{EE I TransformerTHY, Wikipedia/CommonCrawl/BookCorpus/OpenWebText
MOUESN-KRRG T —2EyhO, STEVY—RELTE144RDTPUVAZ AL TZES
NnTLS.

[ERERIVEY TV EFEONIRCTREEEDEBEEIRIELERL TS, SIS

, BIG-Bench|ZHWTIE, FHRITARBIDMREEFEZ HMEREZRLT-.
[FERIBERE/TA—FDPaLMET L THAHH, FTEMEEIIEFHESHEMOILY. &5
2, ETIL-ETEVY—R-T—3ER7—)VJEEHIE, T3 VD RERENFEL
MEFT TN TLND.
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LLaMA: Open and Efficient Foundation Language Models (arXiv)

H. Touvron, et al.

https://ai.facebook.com/blog/large-language-model-llama-meta-ai/

o [BIEIMetahMRELI-LLMTHALLaMAGGX
o [#FHFHME)T65BOETILEFEE, LLaMA-13BTIXAD RV NS A—REMNSGPT-3(175B) D4

fex L[5S, LLaMA-65BIZChinchilla—70B/PaLM-540B[Z T .

o [FEIEKIITransformertE&EIZLYETILAHEINTEY, —kEFBASIHEHIEDT—3tY

rCEEINT-.

o [EBRILLEMDLEWLVNNSA—ITEHEELZLLAMAE T IILZ AT A E(ZLY, LLMEAFANN
RID. T, SERIFLEVKBELGRT -2y 2 AL TEEITHIET, SHICEELERE
RIETHENTEHARER L REINS.

CommonCrawl 67.0%

C4 15.0%
Github 4.5%
Wikipedia 4.5%
Books 4.5%
ArXiv 2.5%

StackExchange 2.0%

1.10
1.06
0.64
2.45
2.23
1.06
1.03

3.3TB
783 GB
328 GB
83 GB
85 GB

92 GB 57— sturslomoREBLEOHARENTNG,
78 GB CommonCrawlA et %<, GitHub/Wikipedia/arXivii&E M HE S SEBIFHRM
HWHEINTINS.
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? robotpaper.challenge == cvpaper.challenge

—

54


https://ai.facebook.com/blog/large-language-model-llama-meta-ai/

TransformerNHZBEET )L~ (CV#RE)



An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale (ICLR2021)
A. Dosovitskiy et al.

o [BEE]Transformer7 —3 T4 F % Computer VisionZ X4 |Z#E
o [FREJRERXREHAADNERESI-CVDETILIZHLT, STEMNENSHBELRL
o [FE:XR]E{EZ/ \YFIZHE|L TPositional embedding& L [ZTransformer EncorderlZ A 719 54t
A TEEZRADHKIICLE:

o [ER#HBRIZLDEBDSET —ZRHLTEWVEEZHL, T—3ENKSKTNIEEAHAH
R—RKLYELEHFEEIZLES

Vision Transformer (ViT) Transformer Encoder

90

1
! —
Class 1 r— IS
5 = 60
1 3 3
Z ¥
Transformer Encoder | = g 50
I B %
i bo ‘ 1 % 75 BiT ViT-L/32 Z 40 ,
usn on~> . " '. ' I @ ViT-B/32 ViT-L/16 2 ViT-L/16 - ViT-B/32 -=ResNet50x1 (BiT)

*Ex s E iT-B/ iT-H 2 - ViT- iT- = i

[c[ia. ding Lmear PI‘OJCCIIO" of Flallened Patches ! o 70 ! IV: - . ””'4 5 30 bl fh NiEb0% S RANSIOMBIT)

n . | ! ImageNet ImageNet-21k JFT-300M 10M 30M 100 M 300 M
! Pre-training dataset Number of JFT pre-training samples

= n—»%il%&%&@@ﬂ : ¢

R |
' Taicues [(R—T—4%ETHERLEEF, T—2ENZRXINITESSITHRENRLEL

[16x16ICE&RZ/ Sy FREILTANT ] , BHRAHR—ZEIYFIEFYLIZLN]
——
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Swin Transformer: Hierarchical Vision Transformer using Shifted Windows (ICCV 2021)

Z. Liu et al. https://github.com/microsoft/Swin—Transformer

o [BIEIMADRT—ILELEBEHEDFRZE X IG TEStransformerMET ILDIRE
o [#FHIRE]WindowsizeZZE LI B ONIEEBIBEICL>THENEREZ LTS
o [FXE]IME JEEl’](-/\il]'é?f’l,%)Wlndow@E’E}JﬂZbL"C'?—“‘Té;& Shifted windowlZ&2>T

WindowfEl D #4172,
o [EBREFERIEEDE YERE, EJAT—32IZHELVTSOTA

segmentation

classification  detection ... classification Layer | Layer 1+1

6x S 16x
e > A local window to

; S == perform self-attention
— 8% Ly e 16x

A patch

v

S =
= i b
O,

(b) ViT

(a) Swin Transformer (ours)
= (e . A . —an [&Window TSelf-attention &t EH I, R DB TWindowD 7 EIH LT

TZDHZFFESLTLK]
Im / {Vision}
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Segment Anything (arXiv 2023)

A. Kirillov et al. https://segment-anything.com

o [HEE)Zero—shotTEEISELL—2 TR A T—La 0 MNAIRELGEBETIL.
o [HFHRHE)EERBICEELIIMOEBREIBOYRAIDT—2yheTdOV T (EE) &5
ST -2EETIL
o [FEXR)ETAT—avICMAT, F7AVThéEET AU rDOXEEFREFEEL, 12070V
ML TEBDOITAIZFHTSE. PORANRZaTIL, 34—k, FILA—FDIDDAT—
UT, ANESAMTT—RZ5E/RT 5

o [REXHER]Zero—shot TRAFDHENBHBYETIILERFFEIFENL LDEE

valid mask

valid mask annotate
p : I —
—i?
{ ) lightweight mask decoder model data
I P
model
* image Segment Anything 1B (SA-1B):
— - encoder
ol * 1+ billion masks e Tﬁ‘
" ; e * 11 million images [ Y
© LJ cat with encoder Y
° black ears * privacy respecting " -
T . T * licensed images ™
segmentation prompt image prompt image

(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (bottom)
(TOUTrERRIER G DTHTETOpenEATI Y TRRIZRREICL, EEBMOHLYRIVEEDDHIENTES. T, AHITLET/T—avES
M BIETT—REREITHEOLTLN ]
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RoboNet: Large—Scale Multi-Robot Learning (CORL 2019)

Sudeep Dasari et al. https://bair.berkeley.edu/blog/2019/11/26/robo-net/

o [BIEIORYLEEDI-HDKRIET—F 1 YFRoboNetDIZERX. BLLSMEETIESIN-Z
BRI T—ATHRE, ORYrOMBEEAEER, RIE, WASDRAGEEEL. RoboNetERIFEE TKY, #
RIRETOMRENKIEA LL, FEELIFA L.

o [#FFRAMIARYFMEEDKRIESZAFEEEEELT

o [RER#ER]IRoboNetZHIFE LI ET LA, FRBRBTOIRYITHL THRDM4EF
RYMEYXR VT HIEREZRL-. £, LET FFBEDOXARTEL-200 D1DZEE THREEKE
DETILVERIFDHEEZER.

o [ZDH]RoboNetIFHEIRFIRETHY, SHERET —FEYMNIFAXZER 7T —ILTED. FRV IR
ARy EEE - RERERE IR T H—RIENED LS D.

v Sawyer (68k), Baxter (18k),
; I! ﬁb % Robottype WidowX (5k), Franka (7.9k),

? mple object types (number of trajectories) Kuka (1.8K), Fetch (5K) [6],
GoogleRobot (56k) [5]
Weiss Robotics WSG-50,
Robotiq, WidowX,

-..g~

Gripper type Baxter, Franka, Kuka

Arena types 7

Arenainserts 10 RoboNetDIRIE—&. ') v/ i—, Yk, ORyMESE, BRPL—0HF]

O bper configural ons o ERLTHY, SSICRTEMAMLMIEC OV THHBATA TN,
amera configuration 113

Lab environments 4
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RT-1: Robotics Transformer for Real-world Control at Scale (Google Research Blog 2022)

A. Brohan et al. https://robotics-transformer.github.io/

o [BIEIORTAVRANEFICETOEBETIIVEEICHE | KIEEM DS, FRVFEKEDT —4H
LEFBE RS HLET, ER/DEHEFTEBNZRVIZE VAL BEE ZE /L
o [FIRMEINFERMGHRICEDUTILAA LFHIE, BEESNI-T—2yrMI&kdEEPOR
TADRARARI(Z45ELT=F T JL (RT-1: Robotics Transformer) Dig=E
o [EERHERII00LLLDOARTAIRRZAIIZENT, 97%LL LD I FEZERK

AR T—REETIVENETEIYKEL R —IL 7 YT EE -Robotics ] T D EEFET )L

< Action
Ve Wn
RT-1
3Hz

FiLM
EfficientNet TokenLearner Transformer

B P e RT-IOAMEAORBFTOLEILY, 100 EDSRIME, BRI,
- 2277 SO0l AN e ISR BONRME, SHEIRIADER, FRT—I~DOHG, HENBERTE
TH5D. ETILIZFILMIZ LY E 1T 1F 5 1=EfficientNet, TokenLearner, -

TransformerlZ&UIERLEN 5.
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RL—-CycleGAN: Reinforcement Learning Aware Simulation—To—Real (CVPR2020)

K.Rao et al.

o [fE]sim-to—realDFiELELTRASVFEIZAL-RIEFEE.
o [FRMHEDRIELFZBRDBEREF AN EBRITHLIAL LT, FRVITE L -feature T R7FT 5
A EREIRE
o [FE]CycleGANZRW-EEDRANVEBRIZENT, V2al—avBEREEERIZHNT S
QEAEIA — BT B LS Hl#Y (loss) BN
o [EBRERDIBEFIRIIZEWTRASVELIRIEACycleGANIZ KD R AL A AN -5 1TH
RRUSORINEEZER

Tanem (T —— Test (Real)

: Simulation-to-Real Model Robot 1 Grasp Success
| 5 ) ‘ “ Sim-Only [ "] 21%
& Randomized Sim [1°] 37%
. %‘ GAN 29%
7 CycleGAN 61%
real2sim GraspGAN 63%
LB aca) RL-CycleGAN 70%

[ train with RL in simulator , choose action a
2R IZHE LN TCycleGANZE LN =— AR B9

DEAL—AENLREBRNDEMEBIERE IR IE—HICEESESHT FASVEHMEYBL RN RERR
ETRRVICHERGERARBEICEENSSIIZTS.

fE3+ / {Robotics}
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Solving Rubik’ s Cube with a Robot Hand (arXiv2019)

I. Akkaya et al.

https://openai.com/research/solving-rubiks-cube

o [BEILIE/NUFIZEDin-hand¥=—E1L—aVARIDFEE

o [FHREIL—EVIFa1—TFHADEVIFEICEHMENSNVWI=E2L—IaVFRI%E
simulation L DFE ER ALV ELIRIEZAWASZETERIETEHL-CE
o [FEIFAEIRIEDBEERZE, BMEFTEIIaL—ar ETORIEEE, ORI Sy
MO+ —LDIX
o [EER#ER]IT1926.8EIDIRME (EER, 7))y )TN, 43EDBEENBELRENSF21—T
Exé( HIADARIDREINE20%, FEADIRT D REIIE60%.
Q{ J (a) Un pnurbed(f r reference). (b) Rubergowe.F (c)jl‘jec} fingers.
[FASEARIEZRWNTY 22— 30 TEE T4 E /. BtFE THIEARE [igbf:ﬁ%(i, FERICHFEELGWZ RGN ELISXL
2E. BEEMASXF1—TOREEZFRITHETIILEZCNNTEE] THA/NRRK]

1fE#/ {Robotics}
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BC-Z: Zero—Shot Task Generalization with Robotic Imitation Learning (CoRL 2021)

E. Jang et al.

https://sites.google.com/view/bc-z/home

[#EZE )Video/language THEAFITAIEEL: zero— or few—shot IRIFEEET ILDIRE
o [FRMEIKRENDAUESITATIZEEY=EFaL—a3 FdFEBITEHVRATLA
o [FED)FEEFERAETIVIZKDFRI%E ADMEIEREELE shared—autonomy TEET—3 vk
IR T D.

o [F%®D)]Video/language DIFHTOARYFDRAEMNIBR YT —I%FEE4F1F. BLC
video/language DFEEIH AU FELUETIEDITAELOIEE T 5.

o [EERHZRNENDTZEL—arE FEL, RBFBRD24FED AR V(ZHH44% TRIN

Video Language

-

5 >

[ES RS S

v
“

LI OO cenfrn

Shared Autonomy Data Collection Diverse Multi-Task Dataset Continual Policy Training Generalization to Unseen Tasks

BMFE AT LOBME. T—L2RETIEIFES ADERIRELI11108RIDEE T —2ZRELTEMFE T H. ZEEARYNT—INIRIEREMEL,
BENBETHNIEADRNTALTT—HEEOLT. 51258770 - 1250 DY =E1L—3> T—2TEZLTLS.
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Interactive Language: Talking to Robots in Real Time (arXiv 2022)

Corey Lynch, Research Scientist, and Ayzaan Wahid

Talking to Robots in Real Time — Google Al Blo

oogleblog.com

o [MIE)JT7ILARA LIZopen vocabularyxiiARYFDIEMFED FE.
o [#RMEIMEDIETR (Teg PLAANDICUTILEA LTHIET HLLM
o [FEIARVFDEE (BUrAERIEETE) ICHLTADNINILIEEERES R,
KIABRET ILEER— & 525 R DBehaiviour cloning.
o [EBRFLER)ITILEALDIETRIZHI35%(RINE) TIELL S TET=

o [ZFD#h])87,000D 1L=——V i HREESLET L THEL.

a) Interactive, real-time natural language guidance

(example) human + robot goal:
make a green-eyed
smiley face

“push the green star between
the red blocks”

e

ontrol

[AD)TILAA LDIERIZHEL-EHEE. ADHK
RIX5HZ PR TEIE AT RE. )

JtH / {FM, Robotics, Language}
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b) One robot, 87,000 diverse behaviors

push the green star

nudge the red star
between the red blocks

slightly right

c) Language-Table: data + benchmark

datasets research

place the triangle on . benchmark
the top right side of the ST EEE >
heart circle from the red star 181k to the right of the green Star
(video, language)
sim demos
slide the blue cube put the heart in the S
down a bit center of the board 41*:;*

(video, language)
real demos

(BEFDETHT—RICBINIEEEZHIETT—HZEHEM. ZCTIE
—HRAERE DA (SRILE) 2R ]

? robotpaper.challenge
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point your arm at the
blue triangle

move red star into the
red circle

\

ll
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MT-Opt: Continuous Multi-Task Robotic Reinforcement Learning at Scale (arXiv 2021)
Dmitry Kalashnikov, Jake Varley, Yevgen Chebotar, Ben Swanson, Rico Jonschkowski, Chelsea Finn, Sergey Levine, Karol Hausman MT—O t {karolhausman ithub IO]
e

o [BEIXBRET -2tV RMICEETHORYN ATLEIVRIEFZEFE
o [HRMEITEBENCT —E2ORELZERIEE. T3V bORREFE.
o [FZERIZHOOKRYIINEREREZLEBLEGNG, EHIRIVZFEITOIRBRILFE
o [ERBERIMHDAIRVIEBRGFFERFLD, T—3EYMIZLEENLELNKE0NFRT0IF
EAERRMDRAR IR TESIETRLE-.

o [FDh)7E5naRyk k39,6009 DT —4.
BEDEDNSGURRABLGEIZEST, TEIFHELIZ I ELOEEHEFIEE.

MT-Opt quantitative performance comparison

A) Task Definitiol

—_— . MT-Opt (ours)
— mmm QT-Opt Multi-Task [36]
success W Data Sharing Multi-Task
detector J QT-Opt [36]
©:
TS B) Data Collection o
o
: 2o.
a B
episode . 4 ""
MT-Opt
C) Data Sharing and RL Training policy

Q

%@v‘
T T
v

. T

HE A A—TTARIZEY ADTEIZSRILEDIFT & , <
(A2 2T LA RISLYADTEISTNILEDT KGIZ’J%IIEJZIJJiJ:tEx FADRYIEESALL, ]

BEICEY 51EHREMMT B] (MT-Opt DI E]
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==

® robotpaper.challenge == cvpaper.challenge 4


https://karolhausman.github.io/mt-opt/

/
L B
‘I
’ :
7
/
5
L B




Decision Transformer: Reinforcement Learning via Sequence Modeling (NeurlPS 2021)
L. Chen et al. https://sites.google.com/berkeley.edu/decision-transformer

o [BIE]Transformer TERFRAIEELA TSA U ILFEEETIL

o [#FIRE])RILFEE T Transformer ZF|ATELFEEETIL

o [FE]GREN-IRRE-1TE) ZF14HELT-F—2 2 5% Transformer [CA A, IREEMNSITENIZ T
5. HMENICIXZEREBENTIXGREAIF TEL RO EMMNFAZA LT S.

o [EBRBRIEHDITENREARITR—RATZ7A % LRIS %R, HFICTREAZRITELWN
T+ —<I RA%&RLT=.

o [ZDM)IEEETLEEZEDHRMIMTERENEHD. KEVIHENFITIT X R/ =2, IMNELVER
A TCEXF—DKSIZIRDED.

E 2 E 2 === Decision Transformer (Ours) === TD Learning === Behavior Cloning
causal tranSformer | l] -D L

@ @ Atari OpenAl Gym Key-To-Door
t-1 t-1 t-1 t t t
o

91 i FEEROMRLLE. FHROBMIIEANTHIET/INT+—T
[ |

i
o
1=

Performance
o
o

RABEETHEWT 2L AEDZEIERATES. RH4RY
(Key-To-Door) TIXIKEEWPIHRMD FRIZEFDIRIIZFIEHCT

SR OMMA - REE- FHEAAL, REANSTHET TS Transformer EFIL. EWERELD.

Causal transformer |& GPT ERIL7 —FTOF %= FIFATES.
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Token—learner: Adaptive space—time tokenization for videos (NeurlPS 2021)

M. Ryoo et al.

https://github.com/google-research/scenic/tree/main/scenic/projects/token_learner

o [BEJERET—HDLBERHICLBDO—I ERDITHIRRFEFE
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Leveraging Language for Accelerated Learning of Tool Manipulation (CoRL 2022)
Allen Z. Ren et al.

o [MZE]JEBEDT7IA—SFUADEHICRAIT-EZBHEAIZEIL—LT—VETIL
o [HREISHENEERDHBIIEECTI+—FRAEROHBIER.

o [FZE)JEEDFHEZRIGPT-3DTALTHEEEE A H1LT-0Off-policy RL.
IRESNT=-TEY—FIXZEEFABERTICAADSNHEMIZH LTS,

o [EBRERIAZLEDOMRIZLKYADDELBZARIIZDOWNTHEDMH L.
O aybrEREICDWTERIMDEEIZHT BT I+—F V ADEFHIHEER.
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e X o . | | handtoolthat || BERT model [ o, i 0.
Phase 1: Meta-training with tool descriptions Phase 2: Adaptation to unseen tools L consists ot a i
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N handle is typically long and thin” | hole is usually surrounded by a ring”
GPT-3H\GREAT 2B IEDEEDFEHRA

“ v - - -
i‘i\ N J i ﬁ *Eﬁ.uuugttv J:)"/7T%)~_&'C
e \ !~ ARIT T —F RS BN TES

<
Pushing Lifting Sweeping Hammering
=
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A Generalist Agent (TMLR 2022)

S. Reed et al.

A Generalist Agent (deepmind.com)

o [BMEIHE—DETILTOILFE-ZI, JVFERIERITIHREEAIET L]

o [FRREIRKBEBREEETILEAMDOARY (FELZE) TOFRAD-OHIZHiEGE.
o [FE]JZIFAN—IFDHEIT—2ZHANSEMEE. FIZEF ) T1EIZTokenize RN
Embedding (ViT7ZE &) Z4TLY, Decision TransformerN—X DR 5D FH.
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AYOARYET—LIZKDTOVIELIT, G BABEDIREEE
o [ZFDOMIMI2EFBEDN\TA =2 THLIKEVER.
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VIMA: General robot manipulation with multimodal prompts (arXiv 2022)

Author: Y. Jiang et al.

https://vimalabs.github.io

o [HMEIREICEATALOMNDIEIHEODTITAVTMNEANELTISEIEFLTZEAL—23 0 2RIEE

795032 —LaVBELETILORE
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Do As I Can, Not As I Say: Grounding Language in Robotic Affordances (CORL 2022)

M. Ahn, et al.

https://say-can.github.io/

o [MEIZFIFEFORBEEEIETTIL(LLM) ETEZHE, LLMIZKYARFIEIEL, ORvEAIE

EHRICTHEYIZITE.

o [#FREIIREHFOE#HTIKRICENTELLMIZEY XARFIRIETET-

o [EEBREBRIEIZEMIREICTEARSEIZLDI01ARYITxLTER M, 2 L-A&MEit-
HDAF I EF->TEAEIIIERLEEIZEHEAR Y MAE Y] 25 G

o [Zo#)aRyrMNIREHFOWKRIZEC=ITEIZEYIHERTESLSIZHS. F-
, SayCanMDRETOLADAIRILIZKAEIFRAIEEEMN T RSN TS,

AR :SayCanlERT-1[= DEMBAFBNELTEE !

| spilled my drink, can you help? | spilled my drink, can you help?

GPT3 You could try using ! LLM Value Functions
a vacuum cleaner. fin 5;?::’" ol B sponge" s -
“go to the trash can”
- ’ ik h ponge” -
LaMDA Do you want me to L : | would:
2 find a cleaner? - H 1. find a sponge
2. pick up the sponge
3. come to you
I'm sorry, | didn't 4. put down the sponge
FLAN 5. done

mean to spill it.
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4. Done
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CLIPort: What and Where Pathways for Robotic Manipulation (CoRL 2021)
Shridhar et al. https:/cliport.github.io

o [IEMERO—VOEKRBHRMEIEERETWIALT 52 O0BREFOEMFEEZTETIL
o [#7#R14])Vision—language ETIILEFY=_EaL—a D EEMIFIZIEGA
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o [EBRERI2ODEBMNIRIFEZRL, TILFIRITRIEEERLT:
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CLIP-Fields: Weakly Supervised Semantic Fields for Robotic Memory (arXiv 2023)

M. Shafiullah et al.

https://mabhis.life/clip-fields/

o [BEILLMELVMZ{EHS>TIDERMEEEEDMTITEITLY,
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o [#RME]IET A T—ay, ERELEERRPLBCM
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Deep RL at Scale: Sorting Waste in Office Buildings with a Fleet of Mobile Manipulators (arXiv 2023)

Alexander Herzog, Kanishka Rao, Karol Hausman, Yao Lu, Paul Wohlhart

https://rl-at-scale.github.io

o [BEJIHAVIILNGRZETZDNHNEETIIEBRIEZEDIVATL. EHEDT—2E02aL—
AVT—ATHERINAIREDT—2%EFIZEETS
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Learning Universal Policies via Text—Guided Video Generation (arXiv, 2023)
Y. Du, M. Yang, B. Dai, H. Dai, O. Nachum, J. B. Tenenbaum, D. Schuurmans, P. Abbeel https://ai.googleblog.com/2023/04/unipi-learning-universal-policies-via.html

o [BE]THFAMIZOEIBEEMETILALARYCDEIEEZAERK
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Real-World Robot Learning with Masked Visual Pre—training (CoRL 2022)

llija Radosavovic, Tete Xiao, Stephen James, Pieter Abbeel ,Jitendra Malik, Trevor Darrell https://tetexiao.com/projects/real-mvp

o [BMEIEHADOARYNRIDIZODEHGEEEREZRAV-BCHEMBRIFEEERET
o [FHMHEINLP/CVAEFTHINL TLAMAEZOR YRV DERIZEE (B A
o [Fik]EgodDE O - D — AFMERBIET—32t v M4.5M)IZTMAE
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Language Conditioned Imitation Learning over Unstructured Data (RSS 2021, Robotics at Google)

C. Lynch et al.

https://language-play.qithub.io/

o [MEITILFARVDEBEMEBRIZEWNT, ENGEESINILTRARVIETRZAREIC
o ﬁﬁfﬁ.'@]5’*\)b@bd)demonstratlon?—’jﬂéiﬁﬁ%'d’%):t'G, 1%75\0)§§E5/§)L'G, free—form
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‘open the door” <——

Training Task‘ Multi-18 Chain-4 Success
Method Input PR condi- Success 925
tioning (18 tasks) long-horizon tasks)
LangBC pixels predefined demos text 20.0% £3.0 7.1% +1.5
Restricted LangL{P pixels | unstructured demos text 47.1% £2.0 25.0% +2.0
LfP pixels | unstructured demos image | 66.4% £2.2 53.0% £5.0
LangLfP (ours) pixels | unstructured demos text 68.6% +£1.7 52.1% +2.0
TransferLangLfP (ours) | pixels | unstructured demos text 74.1% +1.5 61.8% +1.1
LangBC states predefined demos text 38.5% +6.3 13.9% +1.4
Restricted LangLfP states unstructured demos text 88.0% +1.4 64.2% £1.5
LangLfP (ours) states unstructured demos text 88.5% +2.9 63.2% +0.9
TransferLangLfP (ours) | states | unstructured demos text 90.5% +0.8 71.8% +1.6

TABLE I: Human language conditioned visual ipulation experi

PlayZZE ZFHS LRI B EM A £ T 5 (LangBC < LfP), PlayZ{#>7-1% & TGoalf§ R
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ImageBind: One Embedding Space To Bind Them All (arXiv, MetaAl)

R. Girdhar et al.

https://imagebind.metademolab.com/

o [BEIEBRZF—ICLTEZRREGES)T1ZBEER T (ImagelZbind).
o [FHFRMHEI6DNDESF)T1Djoint embedding spaceDIELE. £ THDEF T4 HioT=T—4%2I1%
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Learning Fine—Grained Bimanual Manipulation with Low—Cost Hardware (arXiv 2023)
Tony Z. Zhao et al. Learning Fine-Grained Bimanual Manipulation with Low-Cost Hardware (tonyzhaozh.github.io)

o [BIZE]JALOHAZ AWV =F DM IERICX T HEnd—to-EndFH
o [#FFREMEIRI AT LTALOHAIDIRZE/TransformerlZ& 57730 NDFEE
o [FEJALOHAIZ& B T—AUENSEHFEVAEIZED T30 DEE
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TS, 5E) ADEILERLT-.
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The CRAM Cognitive Architecture for Robot Manipulation in Everyday Activities (arXiv 2023)

Michael Beetz, Gayane Kazhoyan, David Vernon

o [BMEIORYLDBEARVDERIZHALGIRIET ILCRAMDAEST.
o [#HFEME]ICRAMAORYFDBHEZIRVDERDBREERZRRTHDIC
EDESIHBRITH I HfEER.
o [FZERIZRVIEARVFDEKRUTHR/INDITEIELTHSIESNIERE.
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Scaling Robot Learning with Semantically Imagined Experience (arXiv 2023)
T. Yu et al.

Scaling Robot Learning with Semantically Imagined Experience(diffusion-rosie.qithub.io

o [BE]EEZRT—ItYraEEZETIVERVTLE (HEHLZELTKREL) T L5FE.
o [FHHEHIRFOEBGERETIVEERALE-EBETILOMKRIZER.
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A Comprehensive Realization of Robot Skin: Sensors, Sensing, Control, and Applications (ProdEEE 2019)
G. Cheng et al.
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£ % : https://shiropen.com/seamless/a-comprehensive-realization-of-robot-skin .
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Personalize Segment Anything Model with One Shot (arXiv 2023)
Zhang et al. Personalize-SAM: Personalize Segment Anything Model (SAM) (github.com)

e [BEZE]One-shotTSegment Anything modelZ{E =252,
o [#hIRMEIFEZA S EFE TSegment Anything® ;& A DIEZ LK.

o [FZEIATRMIZTOVTH(RRY-EBRDR)EE5 X5 ETEEF DPositive (&)
/Negative (F =) D% Z 1 —Segment Anything~ A 7.

o [EEHER]IFine-TuneDASIITNZ, BHEEICEEAIGETHAZEXFEEA.
o [ZFDH]ISAMDEHAIFEE. 10 LIR/ 2DDINTGA—RIZEK>TIRI%E

=4 331 L -3
FEARETHS.
s A # Bl £ 2rornerers Method mloU  Param.
(1) User provides (2) One-shot Tuning PerSAM PerSAM-F
10 Seconds
(oD @ = - : R Existing Methods
Training-free Fine-tuning dorte g o - ) Painter l; l] 56.35 354M
. SA;*‘" ) SAM‘; Visual Prompting [2] | 65.88  383M
« o SEEM [63] 80.50  157M
SegGPT [53] 9426 354M
Segmentation
Our Approach
V [— PerSAM 89.32 0
; PerSAM-F 95.33 2
Ry Y
= Improvement | +6.01 |

[PerSAMM#EE] (D74 Fa—=— B ER
NTA—EHIFEE. PETEVVREEZERH])
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https://github.com/ZrrSkywalker/Personalize-SAM

DreamBooth: Fine Tuning Text—to-Image Diffusion Models for Subject-Driven Generation (CVPR 2023)

N. Ruiz et al.

DreamBooth

o [HMIEJAMETILZFI—Y—OBEMIZHELE(eg BHEDIKINDBEEEXN—X([ZHERL)

(@)

©)

Input images an the Acropolie ina doghouse  1n o bucket 9etting a haarcut

[H 14 Jtext—to—image DR CTHHO-EEDH N A RIDFAEFEIR.
[FXIEBFEDOHEADER 3-58) hoBARERE (CORTEEBZDEEY) &
Prior Preventing Loss (m @i A%HFE) ELV2D0DEXEHEAVWTETILD
Fine—tuningZ 3 Jiffi.

[EERBRIEREGRETEGROFELUEICET 15122 & LIRAL.

[ D {th]Stable DiffusionBINFEE AiEELTRETER.

an award candidate at CVPR 2023 [Ink].

e

f2 “': T

— '“
- -
,_./L\

Class-Specific Prior Preservation Los.

(—BMBERETILOGE, EBDTFALTIDogl T HERABIREADDogs I [= 5@ LossBIEIZE>TL—FDEF DA HIELRE

A, CCTRAEEDERF DI The Dog IHRFEFATEE. ]

JtH/ {Language, Vision}
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https://huggingface.co/CompVis/stable-diffusion
https://cvpr2023.thecvf.com/Conferences/2023/AcceptedPapers
https://dreambooth.github.io/

Factory: Fast Contact for Robotic Assembly (RSS2022)

Y. Narang, et al. Facto oogle.com

o [#IZ=E])Omniverse Isaac SMTHD T TYRRAIDIIaL—3V—)LDEFFE
o [FHAM]EHTIEMOESRITPRUREDIEE
o [FZE]ISDFIZE DL -EfDOGPUZ ALV-#E, EAHIK, Gauss—Seidel solver
o [ZEER#HR],000RBFEDORILE-FYRDEfS 2L — 30 FERIZELT
o [ZDM]60D/NN—YETIL, 3DDT7 LU TVIREE, 7TO0OORY,IAVIA—Z5FELY—ILEEE
LTARFRE.

(RILk -y R DEHT S miEfi]

il
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https://sites.google.com/nvidia.com/factory

IndustReal: Transferring Contact—Rich Assembly Tasks from Simulation to Reality (RSS2023)

B. Tang et al. IndustReal (google.com

o [WE)7EVITVARIIZEITAHSim—to—Real TORLEZERTA7ILI) X LR TL-Y—)LE—IK
ELTRE
o [#FHFAM]HERDFactorylZMAZ TEEY—ILPERERIRIEZ —(AMELTIRH
o [FE]FEFEHLELTIL) simulation—aware policy updates, 2) signed—distance—field rewards,
and 3) sampling—based curriculaZiz=E

o [REHERIETE

Aot Pick Insert Pick-Place-Insert
Success | Success Engage | Success  Engage
— Simlation Round peg 8 mm 1920 | 7110 7110 710 710
e ) Round peg 12 mm 1920 710 9/10 710 710
e ’ Round peg 16 mm 2020 8/10 10/10 10 10710
) - y Rectangular peg 8 mm 2020 810 9/10 10/10 10710
’\..J Rectangular peg 12 mm 20120 8/10 8/10 810 9/10
. pe;
Pick Place Insert Rectangular peg 16 mm  20/20 8/10 9/10 &10 10110
e . NEMA 2-prong - 10/10 10/10 107110 10710
E Sim-aware SDF-based Sample-based Policy-level | NEMA 3-prong - 710 1010 1010 1010
! Policy Update Reward Curriculum Action Integrator | | Small gear 2 810 9/10 10710 107110
' Medium gear - 9/10 9/10 9/10 10710
Large gear - 10710 10/10 10710 10710
Tnitial State Multi-gear assembly - 10710 10/10 10/10 1710
‘ . Total # 158/160 | 100/120 1107120 107/120 113/120
8 Total (%) 98.75% | 83.33% 91.67% 89.16% 94.17%

TABLE III: Real-world experimental results for Pick, Insert, and PPL

1%/ [Robotios] ® robotpaper.challenge == cvpaper.challenge
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https://sites.google.com/nvidia.com/industreal

Manipulation by Feel: Touch-Based Control with Deep Predictive Models (ICRA2019)

S. Tian, et al.

Manigulation bx Feel (google.com)

o [BIZE]GelSightDEZRMNOEMREZZEICKYHTE. ETIILFAGIEICKYR—ILIRE
o [FMEIEMBLLTHEMET ILZERFLTHIEIZER
o [FXITH
o [REFRIAETER

!

Compute | __ Choose |
Costs Best Action

1 t Sequence
— Lo -
Prediction
Learned Candidate
actile Dynami actions

)

Model Predictive Control

Median L2 dist [mm] Success Rate

Ball Rolling | Analog Stick Die
Tactile MPC 2.10 531 86.6% (26/30)
Centroid Baseline 2.97 8.86 46.6% (14/30)

#x 3/ {Robotics, Vision}

—Deep tactile MPC%
3DNELLHARYTE
(BICHERZBE)

TABLE I: Benchmark results for the ball-rolling, analog-
stick and die-rolling experiments. The median L2 distances
are between the hand-annotated pressure centroid of the final
and goal-image. For the die experiment we measure the
fraction of examples where the desired face lands on top.
Benchmarks are performed with 30 examples.
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https://sites.google.com/view/deeptactilempc

Tactile Gym 2.0: Sim—to—Real Deep Reinforcement Learning for Comparing Low—Cost High—Resolution Robot Touch (RA-Letter2022)

Y. Lin, et al.

Tactile Gym 2.0 (Multi-Sensor) (google.com)

o [BIEIRAME(ZE DU V=Sim-to-Reali®{tFEE
o [EHREIMRAME Ll TRMET LEERLTHE

o [FE)EFEDTactile Gym DILREL T, FifzlitoHEHK

(2%t it
o [EERFRITRSER

(@ DIGIT

-4
i3
5
£
B
(b) DigiTac
7]
(7\) :
S
v
(c) Taclip

Figure 6. The tactile robot executing edge-following policies on 3 distinct
shapes for the (a) DIGIT, (b) DigiTac and (c) TacTip. The ground truth for
each object is shown in green and errors of the traced contour from the ground
truth are colour-coded (side colour bar). The blue arrow denotes the starting
point and direction.

#x 3/ {Robotics, Vision}

I} NA N NA?"\

)

\ ~— /
(a) DIGIT

s -4
o ;
(b) DigiTac N

s i

I\ Wi

(c) TacTip

Error (mm)

Figure 7. The tactile robot executing 3 surface-following policies on 3 distinct
shapes, corresponding to the (a) DIGIT, (b) DigiTac and (c) TacTip. The
ground truth for each object is shown in green and errors of the traced contour
from the ground truth are colour-coded (side colour bar). The blue arrow
denotes the starting point and direction. The DIGIT failed to follow the arch
and flower objects at points denoted by the red crosses.

(a) Optical Tactile Sensors

Real Sim

DIGIT

o)

IDigiTac

Real Sim

TacTip

Real

(c) Online RL in Tactile Gym

Training phase in Simulation

(b) Real-to-Sim Tactile Image Translation

Sim

e —
£ /
Generator . Discriminator

( (d) Sim-to-Real Policy Transfer

Testing phase in Reality

. Generator
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https://sites.google.com/my.bristol.ac.uk/tactilegym2/home

ViNet: Pushing the limits of Visual Modality for Audio—Visual Saliency Prediction (IROS 2021)

S. Jain et al.

o [HIE)HEELEFEIGEET HIHE THSSaliency MapZFillT 5F %
o [ERILISOTAREEA BitEE. SDITIRETHLBEDSOTALRIXEEERALENET L
EFREL TNV :IEERLE (BRI 2EEFHEZBHAREELH D).
o [FRIDUTIWHEEHAHN—ZXDencoder-decoder7 —FT 7 F . backbonel LENEEREHA

AU TEHAFEE
o [EERHERIIODDT—E2t Y TSOTAZEH. AVET—42tYhTIX3DDIEIEETARZLEES

Encoder Prediction Network
N L

M — || soundNet blocks [ | s3D blocks
‘ \ [ l* I concatenation [T 3D convolution

- Fusion Block \:| Trilinear Interpolation

F AL T=visual saliencylXSOTATHAHSTAVISE
TASED-NetdY Ground TruthlZ3E LY.

VT IWIEB HIAHR—XDencoder—decoder 7 —F T F .
skip—connection TR /B 75 4% Z decoder[Z A 71. video encoderld
KinectsT—4t Y CEHFIFE.
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Code as Policies: Language Model Programs for Embodied Control (ICRA 2023)

J. Liang, et al. https://code-as-policies.github.io/

o [BZEILMZE-TORYIDR)S—ZFERT HET, ZRMGEBZZITOHFLO G TIC—HRIE
L. Ao TFAMETENESRD (CIGC TGRS IERGHIHERITI S

o [FHHEENTH—TURICMAT, EVITURTL—RADBERLRELGEDELANILDE)
BT DA—FZAERLTEITIAIENTED

o [FEINOMDEDA—ILIZO—FELTITENEEEZDEILTHE, #EU)E/\TA—2F
TLLIMZFE>TERMLTHTITIO TITHERTT S

o [ZEERFHER)HEFIZLong—horizon®E AR VIR L TEBR—RADR) O —KVYIEHE

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

Model Perception APls (@) Pt sk i bows it o e ol @) Waturuyoussnanopg maput i
Control APIs £ — _—
” i ——

l Policy Code - (- 4 @ g .
block_names = ("blocks") - =——
bowl_names = ( bowls") § ‘ A .‘
for bowl nai n bowl_n N . N

if i pty(bowl name) & ! K

pty bow! bowl_name
b oy
objs c ck =, Lempty._boul] |+ block_nanes s (O] i e @ Put the darkast bjoctn he it that s hoappie () D
stack_ bjects(ol objs_ ck) { “ - —
def is_empty(name): = | 3 L8 .

def stack_objects(obj_names): 14 ~ | | ) B

n_obj ames ) , / ) @ |

for'1 / | | \‘V “V'

i e <] @

(EGRHETNERAEOE S ETRRETLHERIRET, SETELEMM
BRNDERIRYESFEFRORYNTRITTES]

==
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Perceiver—Actor: A Multi-Task Transformer for Robotic Manipulation (CoRL 2022)
M. Shridhar et al. https://peract.github.io/

S

o [#BtE]TransformerR—XTEEBDE B TIFIZEDNTORTDYAIRIEESITS
o [##R1% ] TransformerZ{E->T, DIEMEE BN OITHERETTD
o {$}£]Perciever TransformerZB B LT, SEICKOIFHMITERILILIEHREASILT, X
TEORIEILETFRTHIIENITEHZERTS. PEOTENCEEEITD.
o E;Eﬁ;*%] ZLDBEZRIIZEVWTHRENEL TERZEOTEREFLEDEREENK
iy

é- x:»t::l“ MI|.—P M:.P r]I.P
‘ : & nguage Encoder loxel Encoder ) ‘. ; Qopen (2;01 %Hide
m' . “open the middle drawer” ans
y ~ . y N }L .'
i i =0 [RGB-DD IR TIEHAERIILELT, EEBELKHEEIZAAL,

[RLBenchbaéi— Eail-ﬁ‘r'bf'”‘%ﬂlﬂ)T:E/ZH/— HEDOIDIREEFTF AT S]

avEIRETS] ‘ g
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OpenScene: 3D Scene Understanding with Open Vocabularies (CVPR 2023)
S. Peng et al.
o [BIZE]ICLIPHEBZERICEVWTTIRAMNEBDE I EILEDL—2 DRIV ER T TEFEET S
o [FREIFRVIZIEKFET ALK, HEDHTIVIZNHNALV3DERH
o [FiX)VFAFIRILDEmMbedding&2DENAT/NTA—2 M B D<3DIEERZE * it {1 (7 -CLIP4F
T 2DDAHFEIEIDDAAASN=GEICEVNTERBRFHEZRMETEDXLIICTS
o [EEREBERIEHMITIDI—VICBITEIERNZIFHRZEVVEETHEETEDS

Multi-view Feature Fusion ; 2D-3D Ensemble
I

“brown chair”
“end table”

R RS e — { &
Zero-shot Semantic Segmentation “soft” - Property “sit” - Affordance

[2D&3DHIEEFEFLT, qupf?éﬁtmf\ﬁl%. HETE BF
[3DonSAJLEL, Zero-shot TIDERILE EE TGS DN 1] [F2DEDRHHET VYT INT B]
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—

ll



Domain Randomization for Transferring Deep Neural Networks from Simulation to the Real World (IROS2017)
Josh Tobin, Rachel Fong, Alex Ray, Jonas Schneider, Wojciech Zaremba, Pieter Abbeel

o [HIE])simulationTDEMT—2 TCEBLI-ETILEEIRE

73.
o
o
o

[(FRM] Sl — R+ S UL LR T BT RE
[FERIMEDELECTIRAF v, hAZ, KRBT 5H/35

5Z%

[ZEE&#E5 2 )Object Localization2 XA ZIZBHL TEIR

MNTET-

& / {Robotics}

Number and shape of distractor objects on the table
Position and texture of all objects on the table
Textures of the table, floor, skybox, and robot
Position, orientation, and field of view of the camera
Number of lights in the scene

Position, orientation, and specular characteristics of the
lights

Type and amount of random noise added to images

(LERESALICEBLTOZaL—
LIVEBELUS)UY)

25

THERATESLOIC

EIR IO s 7 &=

BORAIZEGR
A—A EEAD /A XEBREIIIZ

BOHRRE—VIZEWNTEVDERETHTE

Average error (cm)
[T
o w o

o

0

10t 102

10°

Number of unique textures

10*

Average detection error on geometric shapes by method, cnw
Evaluation Real images
type Object only Distractors Occlusions
Full method 1.3+ 0.6 1.8+1.7 | 24+£3.0
No noise added 1.4+4+0.7 1.9+2.0 24+28
No camera randomization 2.0+2.1 2.4+2.3 2.9+3.5
No distractors in training 1.5+ 0.6 7.2+4.5 7.4+5.3

(CEBEFEVWEETIVA A X T HEMREA L]
robotpaper.challenge
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RetinaGAN: An Object—aware Approach to Sim—to—Real Transfer (ICRA2021)

D. Ho et al. https://retinagan.qithub.io

o [BME]FIRVICELIEHRZMMIRICEATIMBMEREFT HEIEAEL, FRVIFRFLGR TR AL
R A AR, BRIEEE (ZF)
o [#FIREIMAEBEHEZsim—to—real DA ZEMIZF A EDHE-R
o [FE]ICycleGANZRHAW-EBRDRAMOEMICENT, D3alb—aVEREERERICXL
TYERBEHEZLERN—ET 5L 5155 (loss) ZE N
o [FEERERIEFIRIVIZEWT, FASUELIRIEACycleGAN, RL-CycleGANIZ & HR A
BFELYB T EEER. i s wosen o

Cycle and Perception Consistency

2
g
g
z
£

Real-to-Sim
Cycle and Perception Consistency —
FRIFE % Lzperception modelZ ALV Tsim-to-realDETIILEFE (X . . s - o
Rkl , L e e g o RetinaGAN(Zfth D FE LR THMERD T IR F Y& REFL, EL—
). T8 DpolicyZd ZDsim-to-real BT )L CERMLI-EEZALNTEE S OIEE LY FECBESELCND

I5ER)
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https://retinagan.github.io/

Learning Quadrupedal Locomotion over Challenging Terrain (Science Robotics 2020)

J. Lee et al.

Link to Project Page

o [BMEIZFBICKDARLHITONRYFDEBH
o [FMEIERGERMHICEFTH4RSTORYNDBEFIHEL 2L —2ZE>=FEIC

£H>TENH

o [Fi%x])teacher—student=E, privileged informationDFI A, H') T 15 LFEE
o [EERFRIAAOHE, PEOFHSHWICERLE-ME TEELZZTT, ERLECHEM

TRIRBEOHE THEHITH AIEE

A Policy training

Step 1. Teacher policy training

Reward

B Automatic terrain curriculum

H RL algorithm |3-32>
0

2al—3i3 ‘/'C“@H*'lﬁﬁ'@%%)'l%*ﬁ (privileged informatio) & FiLYTteacher policy®# & .
teacherZ &9 % LS5 student policyZ#E. W)X 15 LAFE CTHEDHLSEFE.

fEF/ {Robotics}
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Can Wikipedia Help Offline Reinforcement Learning? (ICLR 2023 Submission)

M. Reid, Yutaro Yamada, Shixiang Shane Gu https://github.com/machelreid/can-wikipedia-help-offline-rl

o [MEIFEEHDLLMHNFISA4 5815 E (Offline RL) [THUWLT, INFHEE LMD e EEL
oI MEINZERE.

o [#FHFRE]Offline RLZXARDHAHFARVELTIRAESEB " RELEDR AL TERIFEINT
U= ORETIDERAREMERE. FRFEEFRIEFEIERTS

o [EERFERIWikipedia / GPT-2Z AL, R DIREIZH T H5F B Z3-615MN:E,
=ITUmDEREZIZERL. OpenAl Gym / AtarilZ# LY TDecision Transformer& LLEL TEALE S
TR,

o [ZDh]Offline RLIZBITHFBRIFEDNDERMEZRE. EEZFHIFE >RLTEHENRNEFER.

a
The  quick brown fox jumps  over the lazy dog
f f
Trajectory Modeling
(finetuning on offline RL)

Autoregressive Language Model Pre-training (e.g. GPT) ’

EEERAEEETILEOMine RLIZEMA. Wikipediad X ENDEHIZE
H, GPT2ZAWV-EEBET I ZEHALTRLOZR IR L THEALT-.
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https://github.com/machelreid/can-wikipedia-help-offline-rl

PI-QT-Opt: Predictive Information Improves Multi-Task Robotic Reinforcement Learning at Scale (CoRL 2022, Google Research)
K. Lee et al. . . .
https://pigtopt.github.io/

o [ME]T—HREIRMNEFENARYMGET, KEEETILOLIIZEZHDIRIZIDDETILT
FEIELHEMIELRIEEE FiE
o [#FHRE)BELFRFEDIEREE TEH S predictive information” Z5&1EFEFIZFIA. Ch(FZ<DA
AIIZHBITEDTETIVETHENRAT -2 b OMEREM EIZDEAS.
o [Fi£)QT-OptlZpredictive informationMauxiliary lossZBiN. B IZQT-Optld
o [ZEE&RFER]BIn pickingZ RVIZHET, BB Levinb DHAZE (GoogleD 148 D AR YR E{FE 7=
HD) KYB LD ER

Bin emptying

Metiod Kkt L first 10 | first 20 | first 30
QT-Opt (ours) 580k off-policy + 28k on-policy 96 % 88% 88% 76 %
Levine et al. [27] | 900k grasps from Levine et al. [27] | 78% 76% 72% 72%
QT-Opt (ours) 580k off-policy grasps only 87%

Levine et al. [27] | 400k grasps from our dataset 67%

"
8 E (2 & Bbin picking¥ RS
? robotpaper.challenge

—
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https://piqtopt.github.io/

One-shot Imitation from Observing Humans via Domain—adaptive Meta—learning (RSS 2018)

T. Yu et al. https://sites.google.com/view/daml

o [BMEIANDTEVARMN—LIVEEMTIHBRATLDRE
o [FHHEHEIADTENSORYMNAREHTETDAIEEVRTLA
o [FZEIAN-ORYEDTEDBRENLBRAMOF vy TEIBOHDLIAEE
o [EBRHBRIY-E1L—arTHRTEIZHLTEAEREFHTETEE.
BHOBEBIL—LEEZEITLHIOIOFEITHEHEERL
o [#dh)AaRykdAZEZ% behavioral cloning TEE, BC-Z [ZDHMAB.
ARYEDENMET —R I3~ DT —2MNEKZ600~1300TE ) —F

Domain-Adaptive Meta-Learning ! Deployment policy
provide demonstration data provide one video of human T SA—— ,
layer norm + layer norm +  1x1 conv II-11“

RelU RelU

q [

linfer robot policyl

human demos robot demos

learn how to infer a policy
from one human demo

A-ORVEDRBEHR A Ty TEEDHLEENDS ADTETIET HEEEHOL—LEEHAERHEERDS. CORFHTRYE
FEREIAFMOTENLARYCDITEARERET 5. T—9ZEAHELTA-ARYCDRAM Xy TEEBDHS.

i / {Robotios] ® robotpaper.challenge == cvpaper.challenge 447

—


https://sites.google.com/view/daml

Actionable Models: Unsupervised Offline Reinforcement Learning of Robotic Skills (arXiv 2021)
Y. Chebotar, K. Hausman, Y. Lu, T. Xiao, D. Kalashnikov, J. Varley, A. Irpan, B. Eysenbach, R. Julian, C. Finn, S. Levine ACtionable MOdGlS [actionable-models. IthUbIO:
e

o [WMEIKENGLATFAUT—RICEBAXILDOER, FET—ILICLKEZZEENEDR L

o [FHRREIF&}NT7/T—avERANWTICEBEDT—2ZBH AL, #Hf-Icd—IL%F
BMETDHETILEREE.

o [FRIAIZADIT—IILERARBLIVKREBHLZEMICEHOETHIFIRIZFHAEHES
CETHRRIEZRVICER.

o [EEBRBERIFICTREIRVOERICER. SMIFEOMREMER.

o [F®Dth])Hindsight Experience Replay (HER)DFE{L. sTtDT—X2tvbH 5
HENGLFEB ICRRESE-CEITER.

Offline dataset of Relabel all sub-sequences with
robotic experience goals and mark as successes

i [ [ ($T5RIBEG—EOBIEELE S DY EETEDIERIZRR]
[BEEDT—EMDI—)LihmEBSN)LE])
5@ / [Robotics] ® robotpaper.challenge == cvpaper.challenge 4g
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https://actionable-models.github.io/

VIP: Towards Universal Visual Reward and Representation via Value-Implicit Pre—Training (ICLR 2023)

J. Ma et al. https://sites.google.com/view/vip-rl

o [BIEIJADEXRBREZHEZEICINATEIRE HMEHEE I IFMFEBTETIL

o [HRMEIADEXRORB|FEEATIF/VREFEERAT, FAZERANTREMEZE
EK

o [FEMEZEEBOFHHZEBATEEZEBEBREDIEHM AT, BFEARIZHEFETS
[ERER]IEZFEEET IO OENMEFE T HERIMEYE NIRRT EEZRLT-

Value-Implicit Pre-training (VIP) Diverse Visuomotor Control:
( — Imitation, Trajectory Optimization, Online RL,
Attract P ] e Few-Shot Real-World Offline RL
__IVIPEmbedding | T 3¢ 'O' o b =
Positive “Negatives” Anchor A )
Reward

VIP Net k
SEN0E ADHERE DESE S ITEHAS, BIEEEROD

- : : , Re""“é’:“'” : ‘\_\ HMEDIERICESVTHBSET 5. ABLHE
| | b BT — Stz (XTI EgodD) CTHERIEE T 52
rﬂ Pi m p‘i Pﬁ : &ET, fine—tuning 7ELIZIRENZ HEE TES.

Initial Middle Goal
Pre-Trained In-Domain
Environment VIP-RWR VIP-BC R3M-RWR R3M-BC | Scratch-BC  VIP-RWR  VIP-BC
CloseDrawer 100 +o 50 + s0 80 + 40 10 + 30 30 + 46 0+o0 0*+o
PushBottle 90 + 30 50 =+ 50 70 =+ 46 50 =+ 50 40+ 48 0* +o0 0* +0 BRI ELEVIPTA IS AL BIL 2 E 4 BERIMEL
PlaceMelon 60 + 43 10 £ 30 0Oxo 0O£o 0Oxo 0" %o 0 =0 &% ENREERLE
FoldTowel 90+ 2044 0+o 0+o 0+o 0"+0 0% +o XL £

==
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https://sites.google.com/view/vip-rl

Learning Transferable Visual Models From Natural Language Supervision (PMLR 2021)

A. Radford et al. https://openai.com/research/clip

o [HWIE]ICLIP: KIRBELEGR - THXRAFDRTEZRBEE L= VAL EHBETIL
o [FRNE)EEZR - TXALERIRIZTVO—KRL, FALEZXRESKTELE5BEE
o [FE]VzITHoMEHDEGR - TEXRAMTZEIREL, V)—=2 9 LI=T—3tybTEE
o [ERFER)FERIIITREZTEAMIEBOHAHA, BLUEROT7HEE T S ET zero—shot
EfREREEER
o [ZDM]CLIP ZFHFIFEEETIVELTERLARTHUDITEIFENRLIZES

(1) Contrastive pre-training (2) Create dataset classifier from label text

IN | |INT) |INT2 |INT3 InTN

CLIP ML AT LE. (1) EifE- T#xrm%ﬁiélzz—av\%)wt AN RELEDESFETS. (2) EEREICITISRAEE
DRAATETERNT—3%ZE/L, B) B ETXAMNDELUERAT7 TOSREHET S.
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https://openai.com/research/clip

iLab—20M: A large—scale controlled object dataset to investigate deep learning (CVPR2016)

A. Borji et al.

o [BEIZHLEZHTTOMEDEERICKDHRNNREFEAKRKBRET 2tk
o [#HREIRNNEBZEICAVWDHDRRET -2V haEE

o [FENSATI—, 88HATHRESMH, SHEAZM, 3SNATERE

B 2B RAEBDOT—2 v hEEE

o [REBERITRHZR

test  Without fine tuning With fine tuning
m Natural ~ iLab-20M | Natural | iLab-20M

Natural 95 75 93| 65|

iLab-20M 78 97 701 100 1

Table 3. Domain adaptation on boat vs. tank classification (in percentage).

Without fine tuning

With fine tuning

test
train Natural

iLab-20M

Natural

iLab-20M

Natural [2000] 96.48 (0.5)
iLab-20M [2000] 66.92 (3.2)

55.6 (2.7)
96.90 (0.2)

95.56 (0.6)
65.22 (1.4)

68.06 (2.0)
99.72 (0.1)

iLab-20M [1000] 94.42 (0.8)
+ Natural [1000]

&3/ {FM, Vision}

93.94 (0.4)

92.52 (0.2)

98.70 (0.2)

LE, 14-405 2 EH1E.
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ChatGPT Empowered Long—Step Robot Control in Various Environments: A Case Application (arXiv, 2023)

N. Wake, A. Kanehira, K. Sasabuchi, J. Takamatsu, K. Ikeuchi
GPT Models Meet Robotic Applications: Long-Step Robot Control in Various Environments - Microsoft Research

o [BIE]ChatGPTTHAEHEERMNOARYNT I3V — U ADISONT7AILEER
[FRME]ChatGPTH AR Y MTENA BIZLVE B LG
[FEIBAREEZEZTU 3 — U RAIZEHE. Teach by showing CEENMEHETE
[EERFR]VHEIR U TEUIGISONT 7ML EEFTES:

[Z®D1th] Teach by Showing (2212.09242.pdf (arxiv.org)) #H Y =

O O O O

Online robot teaching interface

i S " Readable sequence of object
Muti-step instructions in various manipulation (JSON files)

1L 2O " B & °

ChatGPT

23
&%

3
“

z

eeeeeeeee

()
ampiates
BREFTHET H)FLAVTEEST, FVMOLISENT ChatGPTOF A A 2—Jx—Z 4.
TJSONBRDT 723> Y —7 Y A& T BASETHETL, ABICHEEMICTESRL —auLT
SREMLGTEVAN —2aV0 THEEZHTE 1532ET, ARYMERITICRERG/NSA—F (=BT

723V EWMET 5.
?® robotpaper.challenge == cvpaper.challenge 4,
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https://arxiv.org/pdf/2212.09242.pdf
https://www.microsoft.com/en-us/research/group/applied-robotics-research/articles/gpt-models-meet-robotic-applications-long-step-robot-control-in-various-environments/

Mind’ s Eye: Grounded Language Model Reasoning through Simulation (Google Research)
R. Liu et al.

o [BMEIXBRESHFET/ILLMANEETLEVEREISHLT, SMEANH (ORTIXATEERLLGHYE

o

IOV EFIRTAIETLLMD S REEhERILE
o [FREIYEBRRICEATIERICHL, MBIV UEF--RITORREMBRLCEE
[F£)ERERXHSMEIL S MudoCoDI—R 1 ZE KT RETILESEE

[EERFERIGPTOPaLMTI~4ZIDIEEZERIZEEFTHEMITHL T, few-shot, PaLMAR—RXT92.5%M IE
ZER ChatGPTTEHN TLVBInstructGPTAR—RX TIX99.1%MD IE B R4 ZE Al

(@)
O

A e o
<> Smuwtion Manager Progmm = Variba Zeroshet

wm Nind'sEye Augmented Zese-shat
Varcla Fow-shet

Tragerrg Sadetsy
1 s NMind'sEye Augmented Few-shot
w3
Wacern; Semscry Dvte
N

Accuracy %
® e

PaLM 28 GPII 1% P
fog62000) - 4.0M op(1 75000} « SN log(S40008) « S ™

N 2603

HE L =MudoCoa—FIZIE, 3al—LaviERIZEVLTELAH DY

HE(NEEPEEIRILY—EE)ETIFAMLTEDNRAD. WIEE(ICETHERNLHEAUTOPIAT—E2 VR EIRE. #2250 THL,
KINGERF LR ERS. 39227, BEDLLMIIRS—I)LLENA, IREF
ETHDMind s EyeldETILINSA—EZEIZBAL TR —ILT 5.
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Scaling Vision Transformers to 22 Billion Parameters (arXiv 2023)
M. Dehghani et al.

o [BMEWNTORT—ULTIZBELT, WSA—FHEKRECTHESEFSFTFFIRAVIZEL TLLMER#R%R
A=) T DHENRLNT-.
o [FHBEIVITORT—)2Y
o [FERIFBEZTEIRIETS=OHIZQuerybKeyDIEFRIE DA IAAFTITHOT-. 1=, KIREREE
TIWENRWIZEET5-ODEHIEEDTI=v 7% RALTIS.
o [EERHFRIFZPHBEELMNZH D2FEMHEEBEORN —FFT70HRE, BIR/TIAFYDIRYIC
BT A5 ANBOREZHMEDRFTOESH, ONAMEDOBENRONT

Model IN  Real INv2 ObjectNet IN-R IN-A
i shaaie s v e o LS s |, : 224px linear probe (frozen)
B/32 80.18 86.00 69.56 46.03 75.03 31.2
E B/16 8420 88.79 75.07 56.01 82.50 52.67
| ) ) ) ALIGN (360px) 855 - - - - -
ﬁ Mr1 ————— o Table 1: ViT-22B model architecture details. L/16 86.66 90.05 78.57 6384  89.92 67.96
[ ol e Utz ] : g/14 88.51 90.50 81.10 68.84 9233 77.51
|_ G/14 88.98 90.60 81.32 69.55 91.74 78.79
| e | . Name  Width Depth MLP Heads Params[M] ¢/l 26 %074 8251 7154 9433 B1%
‘ L VTG 1e4 48 8192 16 1843 e
[ Do i i i " ViT-e 1792 56 15360 16 3926 L/16 885 904 804
"""""""""""""""""""" . ViT-22B 6144 48 24576 48 21743 ~ TNosyl2 885 %09 808
; MaxViT-XL 8953 - - -
= [ G/14 9045 9081 8333 7053
Inputs e/14 909 91.1 843 72.0
[Q.KDNormalizeZ A#L1=ViT] [ Classification]
=
W WVision] ?® robotpaper.challenge == cvpaper.challenge 44
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PaLM-E: An Embodied Multimodal Language Model(arXiv2023)

Danny Driess et al.

o [MEIXBHESEETILLMZRHW-ARYNMRAYETIL
o [HHAMIKREEEZEETILOESEZRICVITERVTERIFEREZIEORAL LI
o [FRIiTEPaLMORES
o [ZEE&RFEE]OK-VQA TSOTA

100%

Mobile Manipulation PaLM-E: An Embodied Multimodal Language Model Jeskand MotlonFlanning
" B [ TAMP Success (Table 1)
§ Given <emb> ... <img> Q: How to grasp blue block? t f k { X W — [ Language-Table Success (Table 2)
¥ block
I & % ? ViT - A: First grasp yel}ow

[ SayCan Affordances (Table 4)

\,
2
R

block and place it on
the table, then grasp
the blue block.
ar nguage Model (PaLl

Tabletop Manipulation

Success Rate or Accuracy
o
o
=

N
]
B

TAMP Data Only Lang. Table Data Only ~ SayCan Data Only Full Mixture
Step 2. Push the green

Language Only Tasks 9 W (All robots + WebLI,
t g9 ¥ circle to the green star. Pal.'M 2 VQA, COCO, etc.)
i R Training
<img> ku abou Data
A dog jumping ] g 1 : M i A: Atlantic. h[ !: :I
overa hurdle ata Embodied language :W 2x \: 6696. t-.

dog show. models are the future of
natural language be used to guide a robot’s actions. Different modcls jiff One moclo\

Visual Q&A, Captioning ...

) <img>. Q: W
@ §,93U5S

. : <img> t
t <img>. 3. Pick the green rice i
chip bag from the drawer and place it on the Control A:First, grasp yellow block and ... Push the green "
counter. > e 0%
5 . star to the bottom left.

BALES 'JT4 03 f%évné"ferfﬁ*ﬁﬁ%ﬁ%v‘-“)bgﬁﬁ(PaLM)I: o DRAZORYNERY. HE-SEES L EYLE

==
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Scaling Laws for Neural Language Model(arXiv 2020)

Jared Kaplan et al.

o [BWMEILLMIZEALT, H5—FELULDERGETIV, T—AHAX, TEERTRINDIRT—)T
DAREFLZKH>THEEA R LT .
o [FRITAEDLossEHREETEZEL, PF-days, token#ll, /N5 A—4#%Billion A — L E TH
PLTWeb2TestT—2 Y MREET %
o [EEBFERIENTA—F(ETI, T—2H4X, 5HEER) LMEEICEALTEN TN REEE
ZHEDRL, TNEFNOHEAEDLEITDOVNTERYIDIEN LM ST

o [ZnDfk]

Larger models require fewer samples The optimal model size grows smoothly S 108 Minimum Seria_l ;teps 095 Data requirements
to reach the same performance with the loss target and compute budget E increases negligibly ~ {\‘3\6\‘ grow relatively slowly
ine color indicates C' %e 1S
Test Loss 10 10 tumber‘ of p:rang ters E 106 1 L\Q* 0“5\1'
_— 3 aa\
108 108 10 ° 00*
8 8 > 104 i A Obti 3
k=l 7€ ptimal model size
S e\ S\ increases very quickly
6 6 = Ve od
P i Rl 0008
B i short of convergenc g 7\ L)
100 T . . .
107 100 101 100 10 109 100 1078 10-° 107 1072 10°
Tokens Processed Compute (PF-days) ComPUte (PF'days)
(MO UBEHEEFEOLTITOHIC, ETILOYAXZEOT L (ETNH AR EFERBEEOT EMREA LAY DTN, T—2ZELTIE
Test lossAEDIELLTLKH] WHIEEDEINEZ SZTED THEMMR L DE]
MWIE / (Language] ® robotpaper.challenge == cvpaper.challenge g
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Scaling Language Models: Methods, Analysis & Insights from Training Gopher (arXiv)
J. W. Rae et al. (DeepMind) https://arxiv.ora/abs/2112.11446

o [#IE]DeepMindhMBZELI-EAEET )L -GopherMIZZEER L. DeepMindBNUREL =T —F v IxtL
T, 440075 ~ 280018/ X5 A—2 D TransformerET LEBERALTFEE. RR/N\FA—EDETILE
Gopher&EFEFR.

o [#R1%]

o [Fi%]Massive Multitask Language Understanding(MMLU) R FI—IIZKUFEE SN, R
LUEDBREFEEEZTETILOMRELIYEFNEERLE.

o [ERER)IETILN\SA=E2ZEEMEIELLTEOLaAYNMILEEHERE - T7INFIVY, GE
MG EDIRIICEWTHREEN R LT HIEMNBALMILEST=M, — A CTHREBHERLE(ICD
WTIEZENIZEHRER LICFELGWCEA M of-. MEEICKYZITEZIN—EREFE DO
EHEALMIZLTULNS. =, ERAIRYIREINDZE, WATRIZKEEE, Ho-FHRIEE
N5 ERELTIERSNT .

o [ZDM]TRARVIZETDIRIZHEITHNATEY, EFRICERAINSED)RIIZxLT
HERMOITHNTLND.
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https://arxiv.org/abs/2112.11446

Training data-efficient image transformers & distillation through attention (ICML 2021)
Hugo Touvron, Matthieu Cord, Matthijs Douze, Francisco Massa, Alexandre Sablayrolles, Hervé Jégou

o [WEIWEX VITIIMBEARLDEBR TORFEENNLETH-=H, ZEBFEEHAIVSZLET, ImageNet
DA CEFEELTHERZZERT SDeiTHIRELT-.

o [FHREIZRBL—IUERATHEICKY, ZBOBRXEHETS.
o [FRIVTERILHEEZRL, ZABFETHARAH, T—HLRBITICET, RN GFEZAHE

[ZLT7-.
o [EEFHER]ImageNetDHDEE CTHRITDETILERIEDHEEZERKL, SHIZEEF XM KIEIC
-F (7: T: . LCE ‘Cteacher
: b b
+DeiT-BA1384
\\\'\-\ DeiT-B2 § f
saf o7 S {eOOOODOOO®}
g = - '\\‘\,DeiT-S’r‘n i
§82 EfficientNet | > .
x:- ° VIT BN
1 —&— Ours N
: 80| —* Oursm N .
§ B1 FEN
78 JT=B self-attention
ViT-L BO ﬁ
L leoooooooos}
50 100 200 500 1000 2500 £ O A S . _ .
DEIES)S o s [REF—V2ERANDCLT, REMNFL]

[ImageNet top—1 accuracy T L MEEZEZAL)
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https://arxiv.org/search/cs?searchtype=author&query=Touvron%2C+H
https://arxiv.org/search/cs?searchtype=author&query=Cord%2C+M
https://arxiv.org/search/cs?searchtype=author&query=Douze%2C+M
https://arxiv.org/search/cs?searchtype=author&query=Massa%2C+F
https://arxiv.org/search/cs?searchtype=author&query=Sablayrolles%2C+A
https://arxiv.org/search/cs?searchtype=author&query=J%C3%A9gou%2C+H

Grounded Decoding: Guiding Text Generation with Grounded Models for Robot Control (arXiv 2023)

W. Huang et al.

https://grounded-decoding.github.io/

o [WEILLMEIRE(ICEMLI=FT L (grounded model, GM) 2 A EHE-1TEIR I DETE
o [FHAMILLMD BRiEMAGHRZEORYMREICEMT ST ILTIXLDRE
o [FEILLMOEHDOGMDIERMNORIFERZELEICHEREN—DVUERTET D
o [FEERFERIGMEMAETHELERIANDEMGEIRVDETETE L\ BINE

® Please pack a picnic box for me.

Task Plan:

1. Put the peach in the brown box.

2. Putthe

-
AED

Grounded
Models

Large
Language
Model

Affordance

Preference

Safety

peach
cake
salad
fruit

pepsi
red
cake

0.2
0.2
0.2
0.1

0.3
0.3
0.2
0.2

®

cake 0.8
peach 0.1
salad 0.0

red 0.0

2.

Put the cake

LLMIZ$E RIS T2 EMERAIREFITS. MA T, REBICRZELEEDGM (affordance,
preference, safety 7 &) DIRENSBONIFABFERFEICHRIN—IUFRTET S.

& / {Robotics, Language}

CLIPort +LLM +GD

Short Long Ungrounded Greedy Beam

Seen Tasks

Letters 7%  40% 20% 43% 57%
Blocks & Bowls 2%  62% 35% 60% 77%
Box Packing” 15% 28% 11% 79%  78%
Unseen Tasks

Letters 6% 10% 19% 37% 41%
Blocks & Bowls 6% 10% 28% 44% 50%

Tabletop IZHIFTHRARIELLEKT HE, R—X54
> (CLPort: LLM L TTS> =0 %) (Fk#E
DI—UIZARE. BHETILESLETIL
(+GD) [ LLM O & THEFRLIZIGE LLEEBL TR
A DREBEDS—oTEUVEHTIEERLT-.
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https://grounded-decoding.github.io/

Exploring the Limits of Transfer Learning with a Unified Text—to—Text Transformer (JMLR 2020)
C. Raffel et al. https://arxiv.org/abs/1910.10683

o [HEZE)Text—to—Text Transfer Transformer(T5) MIREIH X

o [HBRHEITFRAIELTDAHANTNLPARYDELBEEEEELLI=CE.

o [FERITFAMNEATDODALE AR TERBIRVEZITVERIFEE. EN-FRLGEEH—LGE
A TS EITRHTILT=.

o [EER#HRIZELN, EMEE, THAMEA, FRGEICLYVERN
SQuAD, RACET—4t Y THREL) .

o [ZDM)E—FETIL-EHIRAVIZHIG. BERTORERICERINTINST=6H, MLMIZEIT 3
BRI E:EnTL5.

{ "translate English to German: That is good."

AR L 1= (WMT, GLUE,

"Das ist gut."

course is jumping well.”

[ "cola sentence: The

"not acceptable"]

on the grass. sentence2: A rhino

"stsb sentencel: The rhino grazed
is grazing in a field."

TSOTL—LT—Y. BR, BREE, #5, THLE
“six people hospitalized afger] EET L CRESE ST LI EYEBEBOH DS E
SEEREL B S ETLOEMEBNTEHLERLMILL.

dispatched emergency crews tuesday to
survey the damage after an onslaught
of severe weather in mississippi..”

[ "summarize: state authorities

==
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https://arxiv.org/abs/1910.10683

Can Foundation Models Perform Zero—Shot Task Specification For Robot Manipulation?
Yuchen Cui, Scott Niekum, Abhinav Gupta, Vikash Kumar, Aravind Rajeswaran ZeST: Zero-Shot Task-Specification (google.com)

o [BEIZeSTROTZHMMMBEBMDRIBLELTHERTHILT, TEIVO—2R—XFM0&YLENT:
INDFH—RUREHKIET HR—DEEHAEE.
o [#FHHAMIARYMEELARIDEOLIYNIRAIIEEZAIEEIZT S
o [FEXRIEBETILOHAED=-HDIL—LT—DZeSTHIRE.
o [EEBHERIZUFLHFEIDA—RSAELRLTIMEDERER EABFLNS.
o [ZDM]IARYEDEMERINAITTIE, SRBIEBREIRIABTDELENATEO>TNVSIEN

gRRlTET
Goal Specification m | 2 ’
(e.g. internet images, text b \\\
instructions)
Embeddings Features — Similarity
Agent Observations E W g : - E /
Deep Embedding Network Feature Selection Distance Function
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https://arxiv.org/search/cs?searchtype=author&query=Cui%2C+Y
https://arxiv.org/search/cs?searchtype=author&query=Niekum%2C+S
https://arxiv.org/search/cs?searchtype=author&query=Gupta%2C+A
https://arxiv.org/search/cs?searchtype=author&query=Kumar%2C+V
https://arxiv.org/search/cs?searchtype=author&query=Rajeswaran%2C+A
https://sites.google.com/view/zestproject

Inner Monologue: Embodied Reasoning through Planning with Language Models (arXiv 2022)

W. Huang et al. Inner Monologue: Embodied Reasoning through Planning with
Language Models._Robotics at Google.
o [BMEINEDHEEICIDFAN—TI4—r/\VIZEBALIZLLMA—ZADITEIFTEIF %

o [#FREITILavBDIT«—RN\y I (LLMOT AV TR AEDEZE) D
EMIZKY, KYEFHGES—2 OHEIARIEEIZ.

o [FZRIBEHIM, ZHHIEHE, SEBMERDIEDT—r/\wIZzEaTxERADE/O
L, V7 ILEAALICARYEDEMEEXETE - EIE.

o [REBRHERIVURRVS—2z8CAFRAMRAEDER T RBMNGREICHRM

o [ZDM]IMENSBREMICHRBREZREITALGESHICKDICADEREMNLL

an: Bring me a drink from the table

Pick up chocolate bar

“
}i ‘Pick up coke
b [~ " Pick up water

What kind of drink would you like?
Something with caffeine

La

Open drawer

Active Scene Description in context:

Kitchen Mobile
Manipulation (Real)

Robot Action: Go to drawers . 221 . .
Robot Ask: Is the drawer open? : Object Recognition Success Detection Affordance Grounding

Human: The drawer is closed.
Robot Action: Open the drawer

(E#EMG—ICBETHERICKY [IRER R DIREDEFEND, VTUZEERL, BEGIT—FN\vEANGERERIC
14—y 9%E1T3] JFHILT, BHLGARVIZEXIETES]
% / Robotics] ? robotpaper.challenge = cvpaper.challenge
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https://innermonologue.github.io/
https://innermonologue.github.io/

Concept2Robot: Learning Manipulation Concepts from Instructions and Human Demonstrations (RSS 2020)

L. Shao et al. Concept2Robot (google.com

o [BMEIRENERELIVELZEICLIIETREHAEHLE-YZEaL—avNEE
o [FHHEHIADTEHE+SEINCTHERI-HDEFETILEFRE
o [FEXRITEHEZARITEIZHEE. 18DERIER—X(ZARIIZIX&I1ELZEIZT, EELI=S
AVFEMETICKYEE. CNLFXEBREEEICLKDIANDINLZA—FILR YT —U THEE
M AN BONBESIZETILEERET. of DMP
o [EERERIRMDIERITHTLEMEDERRDAIREEEZRLT=.
o [ZD]RICHEHAED AR MEERLI-ERMGRET Incions Scene s

Put sth behind sth

Put sth in front
of sth

: BERT m_v;l Goal pose Execution
Instructions jfoofo A T = image sequence
Close the drawer —> G:O\O ‘fOi — \ g; m—
0-o—0—0| 7 trajectory e S0
Scene image ‘ 5 T 3 i & - o
- ResNet- 18 = : - U nd! 2N - — ‘ = Manipulation
5k / = — gl i Concepts
A - — | 20bn-sth-sth
Foicas L - classifier
(DL—LT—0D2AKE-EERELVIERINSTdfDRIGRBE LU N [BARAEZEZEL ADTEHEIZKYmanipulation conceptsZ
ERBETONIMILELN] BR. RETLEARYCOBEREL E T HE
5CH / {Robotics} ’ robotpaper.challenge = cvpaper.challenge ;55
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https://sites.google.com/view/concept2robot

R3M: A Universal Visual Representation for Robot Manipulation (CoRL 2022)

Suraj Nair, Aravind Rajeswaran, Vikash Kumar, Chelsea Finn, and Abhinav Gupta

R3M (google.com)
o [MEIZINFEFAODHAERBIORVIDTYZEAL—avDEENEREFEHS
o [FHHAMIBFORBETIEHAEGHLESILET, YITFRIDEEMERLM L
o [FRIFHERLEE, FvTavMEHEDFEE, AN—RGEREEHEHEHAEHLESE
T, EBETILTHARIMEIEE.
o [ERHBRIRIMER—RIZLIEEMEENERICHENTHSI LT RLE
o [ZDM]IMRIIBHFEELGED/NMNIELGIRIVZBEMELI-EEICRESNSD,
BRAEBADMDIEROIENHAH DA HEEZRLT-.

Ego4D Video +
Language

. Franka Kitch MetaWorld Adroit All D i
R3M: Reusable Representations Ll ek N omalns

for Robotic Manipulation
850
g
Cﬁao
830 |
8
@20
10
0

Efficient Robot Learning
mmm R3M mmm  MoCo (345) = CLIP mmm  |mNet Supervised Scratch

On average, R3M achleves 62% success rate despite never seeing
he environments/tasks before

R3M enables a >10% |mf>rovement in sucgess rate over eX|st|r’1\lg visual representations
MoCo(345), Supervised ImageNe

L1 Sparsity Penalty . R3M improves success rate over learning from scratch by >20%
(BEFDETAHICKDEBENSRHIC (BREDRNERIET HFvrTavmsd =
BELHLEN DN D] I <Embeddingd 54 4—] ey HATREFEODRN

S/ [FM. Robotios] ® robotpaper.challenge = cvpaper.challenge

124



https://sites.google.com/view/robot-r3m/

Supersizing Self-supervision: Learning to Grasp from 50K Tries and 700 Robot Hours (ICRA 2016)

L. Pinto and A. Gupta

o [BZEIXEDT—HEIFEANEEICLHBRFAMAE TR

(#7214 ) 70085 -5 A E DT —% vk,

O O O O

[FE)RBEGRERAITT 3 EICEG/\YFICRHTIHZEEFEETETIL.
[ERERHNERDT 382 S (TNIERBOEESEFA L (RA/BEEHNELID)
[ZFDh]2016F LD ORYFFEE DScaling Law ? B8/ S\ yFIZHE|IL

ERFEORESZHRAMNICH T THR T2 ZREOTEF EZRALIZCELIRO—E.

GRASP DATASET STATISTICS

Data Collection

Type Positive | Negative | Total Grasp Rate
Random Trials 3.245 37,042 40,287 8.05%
Multi-Staged 2,807 4,500 7,307 38.41%
Test Set 214 2,759 2,973 7.19%

6,266 44,301 50,567

................................

Execute random  Verify grasp
grasp success

Approach

Query Kinect image random object

Find objects via MOG subtraction

(LEDSUE LGRET —2EXE0ORy &R
W =EBZECTRIFLTLS]

JtH / {Robotics}

Novel objects Seen objects

85

o
4

Accuracy
Accuracy
o

04

Random SK 10K 20K 40K

Random 5K I0K 20K 40K

[F—2tybH A XD AccuracyD LLER. T—R221Zx13 54
BERRIXBAS N TH S. ]
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Dex-Net 2.0: Deep Learning to Plan Robust Grasps with Synthetic Point Clouds and Analytic Grasp Metrics (RSS2017)

Jeffrey Mahler, Jacky Liang, Sherdil Niyaz, Michael Laskey, Richard Doan, Xinyu Liu, Juan Ojea, Ken Goldberg

https://berkeleyautomation.github.io/dex-net/

o [ME]LzalL—
J9%

©)

©)

Initial State

[KEDIDETILEFALT, IaL—a DEBRT—2EBEFHEEDRT
FERL, ETILEZELE-DOLICEBETEHESIE D)

%8R / {Robotics}

[Fi3R1E)ZaL—2a DA EFRVWTEEZEMNSDIEFDT
[FEI LTI T EINF-BBFAREEZDAOATERTELT

DAVTHEBLEREDERT

HTETHGQ-CNNEZEZE IS
[ERERIEXODABR—ADFEIYVEETEVVRNIETEYFUYI(C mIJJ Lf=
[FDO ) ERETEHC S AL —aR—ADPEFHDFEE TRYVIDHX

Dex Net 2.0

iwo ¥ MNAEE
Hé“ fT?‘” \Oonen
95 AOOE=

Grasp Trained Model of
Candidates Grasp Robustness
Input Depth Image

GQ-CNN

Executed Grasp

—AEFELTRLVE - RYERIRIETEYF

Generallzatlon Objects

—REELTEE L
T—REBEEERL, BFtEE

Order Fulfillment

[FELET—2IE > TEREOHEALBIROMIFIZHLTEYX LT %

ATREIZLTLVB]

==
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Translating Videos to Commands for Robotic Manipulation with Deep Recurrent Neural Networks (ICRA 2018)
Anh Nguyen, Dimitrios Kanoulas, Luca Muratore, Darwin G. Caldwell, Nikos G. Tsagarakis

o [BIEINDTEHEZARYCNADIATURIZEMRT SFE
o [FHHFHIBEI—EDEXEHMETHIETARYMNIERILEEREIRGE
o [FZEICNNIZLABRRIFHROD IV O—F. JL—LRBZZEDORNNIZLYFEHFTLAAR T
EORYERADITUROBEEEEFE.
o [ERHBRIAEORYCNCTEBENDIRIEEREREIZEF
o [ZFDh]TransformerlLFRITRID FETH A=, VGG‘YbResNetE&:ETJI/OD MNEEL
RITER. XATETIINOMRLGEIZONTERENITHINTLNS.

GT: righthand carry spatula SGC: lefthand reach stove GT: righthand cut fruit SGC: righthand cut fruit

Ours: righthand carry spatula ~ S2VT: lefthand reach pan Ours: righthand cut fruit ~ S2VT: righthand cut fruit
?- r o r r =K - g i~
" 4 J/ . AR il 40 g k
] ¥ g ; ] ; |
GT: r|ghthand crack egg SGC: lefthand reach spatula GT: rlghthand stir milk SGC: rlghthand place kettle
Ours: righthand carry egg ~ S2VT: righthand carry egg Ours: righthand hold teabag ~ S2VT: righthand take cacao

righthand pour water

[(BEICHTEINILDFER]

[DL—LEBEORBEFROIOA—REFNOMNSRNNEZRINTIANLEL
DIEXEFETLTINS]

ll
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Learning Modular Neural Network Policies for Multi-Task and Multi-Robot Transfer (ICRA 2017)
C. Devin, A. Gupta, T. Darrell, P. Abbeel, S. Levine

o [HWE)ZXRVA, ORYRRIZETILVEED A—ILIELI-ARKDEEZXEH. TIILFERI@IEEEIC
NBHUTHLHEERLT-.

o [#FIRE)FIRVorORYEDH BT HEFHOHHEEEL-EGBEE.

o [FEIED21—IELI-EBE HEH2RVIZoLZTARYEIIZZEEZERL,
FEOXFZBIELTLS.

o [EER#ER]4DoF OORYFTORIITIEIERAMODARYREFR VDA ELEIZER LTS
zero—shotDFERZRLT-.

o [ZFDf]bHGWNWT—4%, EEBFEE DI XM bzero-shotzx BIEEHITX.

Available Modules Training Worlds Unseen World

Robot 1 Robot 2
Robot Modules ,,0)
Task 1 Robot 1
ol
world,

wwwwww

Task Modules

wwwwwwwwwwww

ﬁ ﬁ

(ARYRPERINEDHERIEFE T, (ETILORERTRRH- EI'I'\JFEIHJE/:L—)ML’. ‘FﬂﬂA#’)ﬁ’CﬁIﬁ,L RADEA
TR EIrDIEFENBEIZGoTLED] I~DHIEETT]

5H / [Robotics] y robotpaper.challenge = cvpaper.challenge 4,4



Language Models as Zero—Shot Planners: Extracting Actionable Knowledge for Embodied Agents (ICML 2022)
W. Huang et al. https://wenlong.page/language-planner/

o [BMEILLMZFE->TERIFELL TCAgentDITEN—S 2V RATERT S
o [FRM]IEBTRBETEAINALARILGITHNIRAIELLMZE>TZero —shot TITENRIBETE
D= RIZHETEEMIDRAE
o [FERINBNSINE-RTYIZBREDTETENEDFEUENSEIRLTETTS
o [EBRHERILLMOETILHAZXDKETNIEINALRIIVERRIIZHLTEYEITAIERELZITE
D=l REERTED

GPT-3 175B
aper

Translated GPT-3 175B
er

. e : Methods Executability @ LCS
ol Feem TR Translated Codex 12B 78.57% 24.72%
| L L et - w/o Action Translation 31.49% 22.53%
* Tomaism - w/o Dynamic Example 50.86% 22.84%

e il B - w/o Trajectory Correction 55.19% 24.43%
e Translated GPT-3 175B 73.05% 24.09%
2 - w/o Action Translation 36.04% 24.31%
H - w/o Dynamic Example 60.82% 22.92%
F - w/o Trajectory Correction  40.10% 24.98 %

‘Walk to Kitchen Open Fridge Close Fridge

[7TL— 3> :Action TranslationZF &< EREEREAMBE T I B D, TEIEE
[ERERITEH—S U RAZELLMTAERKL, ¥2aL—23VTI—Cv b)) BOEKMEBRARILEETHHIEN LI o1=]

TE8EETIS]
WU / (Robotios, Language] ® robotpaper.challenge == cvpaper.challenge g
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A —~_A BR

e Google DeepMind D Ef
e sim—to-realD&Ejj[A]

o FEGIX

o F—AMERAE

o ETI/LIEE
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Google DeepMind D &5 (1/4)

BHFEEEORYENIED Y FO—IZLDAGIBFREHMEED R

Google DeepMind: Bringing
together two world-class Al teams

£:% . Stanford Seminar
https://youtu.be/ct4tdyyNDY4

Apr 20,2023 - 2 min read < Share
R T e
-

https://blog.gooale/technology/ai/april-ai-update/ (2023/05/25 B 5=)

| believe AGI will be one of the most important inventions humanity will
ever make. Thanks to @60Minutes for visiting @DeepMind last month
and learning about how we're working with @Google to drive Al
breakthroughs in a bold and responsible way. Co-founder & CEO
Demis Hassabis

‘@ Demis Hassabis & @demishassabis - 4817H

https://twitter.com/demishassabis/status/1647893015032365057?s=20 (2023/05/25 =)

==

robotpaper.challenge = cvpaper.challenge
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https://blog.google/technology/ai/april-ai-update/
https://twitter.com/demishassabis/status/1647893015032365057?s=20
https://youtu.be/ct4tdyyNDY4

Google DeepMind DENEf (2/4)

Google DeepMind (coosicresercn| <83 [T HR0ObOticSH

2018

2020

20\®

Test (Real)

train with RL in simulator

Arm Farm [sergey Levin+, IJRR2018]
ZRB¥BIZ&LBRobot Picking® X i 1+8%

Offline data
580K grasps

RL-CycleGAN [kanishka Rao+, CVPR2020]
CycleGAN#%;ERLT-Sim2Real

e
Replay Buffers
off-policy Bellman Updater
| on-policy QT

Cross Entropy Method
m(s) = argmax, Qs(s,a)

QT-OQt [Dmitry Kalashnikov+, arXiv]
Experience ReplaylSBENDFEERICHITOREBRT—4%ER

? robotpaper.challenge

hnikov+, arXiv]

HBARHYDRBT—2EHEBORY S REFINE R ELIL—LT—SH
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https://arxiv.org/pdf/1603.02199.pdf
https://arxiv.org/pdf/1806.10293.pdf
https://arxiv.org/pdf/2006.09001.pdf
https://arxiv.org/pdf/2104.08212.pdf

Google DeepMind D &5 (3/4)

Google DeepMind (coosicresercn| <83 [T HR0ObOticSH

| spilled my drink, can you help? | spilled my drink, can you help?
/ : 1
i
! 1

902\

Relabel al sub-sequences

You could try using

GRIS a vacuum cleaner.
Do you want me to
LaMDA find a cleaner?
I'm sorry, | didn't
FLAN mean to spill it.

PaLM-SavCan [Michael Ahn+, arXiv2022]

AM-Z [Yevgen‘ Chebotar+, arXiv2021]
A—HhEMERELLIC, KRRTILF4RIDBE
Goal-reaching Policy |- CTE RT3 E AT REIC

Instruction

ik appla rom top crawer s place on courder

{t&niwr—d)(-!ui%v-)btm‘“

" H
o m H-~

- W

| Drag grapes acr Images

Generalization to Unseen Tasks

Continual Policy Training

hared lectic Dataset

BC-Z [Eric Jang+, CoRL2021]
ERTETILEFRALTREETF—2II8ThELRMFIRI~NRAL

REM

1 would:

1. find a sponge

2. pick up the sponge

3. come to you

4. put down the sponge
5. done

AERREERL: L T1—YHLOBERXICH L TRELZITHEESR

- Action

Am

'RT-1)
3Hz 4

FiLM
EfficientNet

= B

TokenLearner Transformer

RT-1 [Dmitry Kalashnikov+, arXiv]

ORFAIRIZHENTERY - BB REFET,
YO ayrERBTHOERETIL

robotpaper challenge

=

=
==
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https://arxiv.org/pdf/2104.07749.pdf
https://arxiv.org/pdf/2202.02005.pdf
https://say-can.github.io/assets/palm_saycan.pdf
https://arxiv.org/pdf/2212.06817

Google DeepMind D &5 (4/4)

Google DeepMind (coosicresercn| <83 [T HR0ObOticSH

9023 9024

Combinatorial Language Multi-Task Generalization
Long-Horizon Planning

Wipe A Brown Box . ”

Before Pick up A Red

Block. Then Put Red - A
Block on Brown Box ~ =

Internet-! %alc Knowledge Transfer

-%ﬂ

Bootstrapping

REM

9025

=\

UniPi [Alexander Herzog+, arXiv2023] ' ?
7% RN AFERAL TR SRMERESER (= THE W h t t
dl S Next :
s ) (- R

J

Off-policy RL

30 waste-stations 20 local waste-stations
across 3 buildings in a controlled setting

RLS [alexander Herzog+, arXiv2023]

ERDA TR TIIETIRT—LaVECER- 25 v robotpaper.challenge = cvpaper.challenge 135


https://arxiv.org/pdf/2305.03270.pdf
https://arxiv.org/pdf/2302.00111.pdf

_sim-to-real (1/5)
sim-to-real D7 —LILBFT-DH ?

e OpenAl [Akkaya+, arXiv2019]
o 2019F(Z 2 a L — A% FE oL FEE TIL—EYIF1—TD
in-hand manipulatioinZzEH LiE7E L7

o LA, 2021FE(ORy M SHEGR

o [BRIGFAELIRIE

o MRE-YPHEH-LXTLIINTA—4
o ELIYLERE D B ENFHE
— (PU%25LEE)

? robotpaper.challenge

ll
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sim-to-real (2/5)

T—ALITBE-0DH ? (GooglekUC BerkeleyDE#HA)

e sim-to-realtsd@ibtFEZFEHTL V-
o A EPRIEDORYIY=EaL—3Y
~DiH
o FA MG D5k E ZH T4 F

L
!.

JEREMALS VKB ELIRIE
[Tobin+, IROS2017]

Cycle and Perception Consistency —

RL-CycleGAN [K. Rao+, CVPR2020] RetinaGAN [D. Ho+, ICRA2021]
FACO TR EBIERE IR IE—BICEBE S HILTHIRY KA EREMARREE—HEIZ2 B SE D ETYIRERIC
[CHERALTERERT DLEGERERE

WEFEDORT-1TIX, EARYETT—2ZFEHAHARIZANOTLND

‘ robotpaper.challenge == cvpaper.challenge 137



sim-to-real (3/9)

simulator=realhliHZBEILBE S0

o 4RORYFDOREMET (ANYmal), KA EIRIED I FI D1
e simulationZEHRFR(TAED(H4KEL, EHFATONR MO MO—5FFE T[]

AB7H R AV ERBRZR LY

FA AN

Parameterized terrains
Steps

Hills

parameters:

- Roughness
- Frequency
- Amplitude

- Step width
- Step height

Stairs

- Step width
- Step height

FEE, BAOHE, DHOFHREMICERLI-ME

[J. Lee+, ScienceRobotics 2020]

-
r
-

A Snow-covered slope

D Forest (wet moss)
oo TR 7 VA

? robotpaper.challenge

LT HERTHE THITHN AR

==

=
==
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_sim-to-real (4/5)
EERE A DL

o Ial—RIIHITHEIRIETELS REBREZEKRBICHIET 2R LEH T
TETWLS
o Diffusion modelz%|FA (ROSIE, CACTI (Meta), GenAug)
o o EE&IZiEL\demonstration&E RiEH — %A B AT RE
o x EEDZHMEEZEAOIT I LIETEALY, Diffusion Model [T —24& BOXRAYK

Imagen Editor

Inpainting prompt: Add - | .

a can of coke into the F
drawer

@ s a
Inpainting prompt: Add b

atoy block in the
drawer, the block has

Imagen Editor

“Add a can of coke ..”

*

o ROSIE [Google, RSS2023]
nooder J—%G‘XG‘;Bm] LLM&diffusion model% FaL =
Encoder 2 }—»[256x2568R %H*E,‘]?_Q*EEE

? robotpaper.challenge == cvpaper.challenge 139

—

Prompt

Proposed Augmentations

Source task: place coke ViT region prompt: opened drawer
can into top drawer passthrough object prompt:
Target Task: place coke (—> LLM ——>| robotarm, robot gripper

can into cluttered top Inpainting prompt: Add a toy block
drawer in the drawer, the block has
different colors

LLM-assisted Augmentation Prompt Generation




_sim-to-real (5/5)
VEalb—avER—XRITLERBREETIVIEESM ?

90\ 90\9 9020 902\ 9022 9023

sim-to-real EF—A(ZEF

TGSt N -
si al h D
4 jenerator, or
® a
real2sif

FALELRIE

CR s
A‘y‘
Lol )
e |
- 2

OpenAl —— 7 H
ARy H SRR s -

Isaac Sim# KigIZ7v7TT—hk

==
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https://developer.nvidia.com/isaac-sim

FEHERAVTAVFEEDNLATIAEEA
BRRODEHAL - T—R2R—ITvT

2oteEns Lo 40
i% i é omsoe oo 4

one-shot imitation (2018)

—

2023

st =& Fi&(Lon-policy H
5 off-policy IZ

RT-1 (2022)

Arm Farm
(on-policy RL, 2016) (offline data & on-policy  (off-policy RL, 2021)
RL, 2018)

MT-opt

? robotpaper.challenge = cvpaper.challenge 141



FEHE BET LA TSI EE

Imitation learning / behavioral cloning
o ORYEMLEREEA EE - MILIGEEEE T —FE L,

T—3EBERILHIIICFETS

o I1—HIZKAEEATPERIZIECEBROEH T —2FINET S
o tODJ:')IJE”’E&%E' T—ARXRARIIN)T—230% 10T M2

Place apple in tray q J Drag grapes a

ﬁq

Shared Autonomy Data Collection Diverse Multi-Task Dataset Continual Policy Training

Video Language

ss the table.

Generalization to Unseen Tasks

BC-ZTIEA—HDERREETEE T —FZNETSH. ETHESHIETTEHDIToNT-

YD —=ODNORYEDEEFFEREBFRT HLIICEMFE.

? robotpaper.challenge

==

=
==
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T—RER AR RAEEREE T —2UNE

ALOHA [zhao+, 2023]

e Leader-followerCWBiZ = @IRIET H/\— V7 AT L
o {EIRM ($20KIFE) LA SHMULNFIEEMTIRE
o dA—HhHifollowerk— ATt m CIRETELREM
FET—IDINEIZHRM
o ABEDHATTEIRZTIRE
o FEF/ST—HELTES IV -E—2DHDEZ)TFATHRM?

Example Teleoperated Skills

219 ALOHA (trossenrobotics.com] ? robotpaper.challenge == cvpaper.challenge 143
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https://www.trossenrobotics.com/aloha.aspx

T—3MERTT A EAGT —FHEHLNDH

AARYrD— AFR or {fFEER - FIEA 57+ mH

HIEIA A&

m vZEal—Yay BEEHAE ARE, FAMERBLGE

m BEORYN R—ERELE
o EL[CTVIILFE—HFIGEVHIRR, EFBAVANIVa00T7IaVGENMALNS
o COFHHBE—FNEEDELSITERL, EQOLSITHR-ER/BLTESIHINNEER

Instruction
-om top drawer and pl

[Tian+, ICRA2019]

RT-1 [Brohan+, arXiv2022] ? robotpaper.challenge == cvpaper.challenge 144
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https://arxiv.org/pdf/2212.06817

T—RER AR EDLSITEHEIT Hh

oYz &H-TH

N—REGHAHAE - FAMEZER - RN—RAFEGETFBELBECERT H1EH

(BRI - [

BERICKE

o [EIEREHICERYFTITAI a—4 S0 fiERE, SFRE, B/4X
mAVD)AE)Lor TTY)a—k

o ERIFH

o RGBOAZ (EELFHELNDIL—FFT)

o EARIHIR

o hBELVH(ESF—, H#HER=)

o R E Y (ORYM\URDIEKIZIBIAEE

o JEHEMR(IEHE, depth) (HHR

o ATLANAZ (2EBRDRENSIERZHTE T S)

o ToF (FRHMRD AT AV E423R > TS HHFfE)

o TDith

o REEM, RE, MR

H

i3

Rz A= M E)

Robot Skin [Cheng+, Proc. IEEE 2019]

==
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https://www.fingervision.jp

T—2ERAE: ATEICELHBETT —FDER

 ERICBBET—AERDHI(UI—TT(R
o FHEHFHEHTT A-ODAF—TT(AR

Data Collection

o DAARTAVIIREICKSFREERE m ERR D‘
o FHUBRBBE: RROBEIENER Je
B XRTFNARADIREN G EIZKBNT T4 T4—K 1395 4ch Biateral Gontol - -

| /§437_'5)b%|]ﬁ|] s Executi-on Training Model
o FALINTA—FT |
o BIFAVI—TDIARABREFBICF - TERTHIMRLHD

Autonomous Operation

o LDXIBAMNETYT D0 A. Sasagawa, et al., IEEE RA Letters
o IFXRAN—hFBLRE, BROLTNEE
o RA:ELDERFREEIRMBMIICIIRZRINEITTED

o IREEN-T—HDE-ELDAR
o HAEDEBET I TRELYILEZEBESE-INENER

==
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T—R4YERL A E: Simulation or Real data

JZILDFERMSZaL—a30FvyT

o JZITHT—ARE
o ZHORyrEUFIL TCRIABIER
m RT-1:FRORYNG13E IRERRM: 1778
o LIal—iarvThOT—2IE

n NEMEDTI)ZILT IR FEONENEDEIIF vy TEHTT 5D

[R. Elandt+, IROS20219] [B. Tang+., RSS2023]

? robotpaper.challenge == cvpaper.challenge 147
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https://arxiv.org/search/cs?searchtype=author&query=Elandt%2C+R
https://arxiv.org/search/cs?searchtype=author&query=Tang%2C+B

T —RERTT A

WMEXT —2DHEFIRE

AEIZEELT:'—J"—Q'@‘J -
BET—AIANRETEELSIZHoI=E=I,

o [FEAT—IrtEELTREIC]

BEDSFEETILOIIEFBRORBEILECYS5.

o EXRT—RIIHTD
o ERILEIR
o T—8F =Tt T—2ay
BENGRERIZESTS.

Original
Sparse Motion

& N> =
' Ki emt s (IK) Simulator Motion
Debiasing

Physically Plausible
Dense Motions

‘ Imitatio!
Variational Dearnin
! AutoEncoder

[T. Maeda+, CVPR2022)]

Individual 3D Pose and
Skeleton Geometry Model  [*%
Estimation * Estimation
Geomatry Pose

Pnor Prlor

Output: Individual Human
Geometry Model

femplate  Input 3D

Model  Point Cloud - -

Humun eometry Human Pose
Database Database

[Su, Le+, Journal of Visual Languages & Computing 2018]
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ETI/LIEE (1/8)

T—XTIOFvEARA

o —a—JFI)LRYET—UNN)
o EHEHAAZI—TILAYET—LCNN)
15) Dex-Net® Grasp-Quality-CNN [Mahler et al., 2017] Dex-Net by BerkeleyAutomation
Z D fhResNet, VGG, LSTM&&?ﬁ\bﬁI_&LA*}ﬁT—'xn‘f
— BEO—HMEETSIAT IR

...
o KHMEEZBETIADEE-EHM-TA
— Transformerz AL\ E LICAN T —L

o [EEBEOORYNTILAVEANETBHEREFETETIVIZ Transformer® ALIE D #H A A #,
SHIZTHFRMBAWEIXAR) BRETNT S ETamBLRHNZER

BFIZCVAEHDEH IR REBBI S LTERICERLGY—ILELRYSD
f51) Segment Anything, CLIPZE IS DERANEIFINS

Segmentation: U-net/FCN/AutoEncoder ect. — Transformer(ZE D<HMARE BN AR ? (k)
robotpaper.challenge = cvpaper.challenge 149


https://berkeleyautomation.github.io/dex-net/

ETILIEE (2/8)
F—HTOFvEAH A

o FEEBEMEMNSIDEFEZRBOBEH TransformerE&DETILHBIR
Aligned Image Grasp Quality CNN HCNN(ZE%@@%IDJ—@‘&L—C*UFH

Grasp Candidate

Transformer T>3—5—

foi_tiasld 09
*extra learnable

Dex-Net by BerkeleyAutomation [Mahler+, 2017]

[c]e.mbeci g | Lneav Pri opct ion of Flane ed Patches I . chtrastlve presitaining
WEE Inlmﬁlwi
t Text
I:T7J'( g5 E)?ﬁ\biﬁi ’é?EHH:': ViT [2021] T T
;:.’ E—» 2inace) 12 :IT’ 12.: 12 = .
i e | 3 3. 1 LTz JI‘Tx I3 Ty
righthand — | CLIP [2021]
Translating Videos to Command [Nguyen+, 2017]
# robotpaper.challenge == cvpaper.challenge 150


https://berkeleyautomation.github.io/dex-net/

T I/LIEE (3/8)

Transformerz i LTI-RETTIL
Transformer® & : AHHABROBEH/ FEROEFHRAINOI X

o EHBEDEHAAICLIHBERES: ER(EHRR) CHENSAFIL/ITEZRF

f5]) Fine-Grained Bimanual Manipulation [Zhao+, RSS2023] RT-1 [Google, arXiv2023]
> ~ el oia :E_:/3>
G a1E Toay ERAR
(g*ﬁllf_;_l\ ) I — Instruction Pl Action
1 " W --- W Cl i ‘ \ RT-1 ) __Mode Am Base
FTTID, 575 8
\ 2 ) EfficilentNet TokenLearner  Transformer

transformer transformer
decoder

00 MEEE-C

4goxedoxa NN, cam 1 m4  joints 2 mbeddings (fixed)

o BIEFBEADEAFEN: ARPMERRGTECLSLNEERDRB A

Decision Transformer [Chen+, arXiv2020]

==
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ET LI (4/8)

EX)T14DRE

o EFTADI—ILERE gy =

o ANBRICIELI=1EREM L T . [“fgﬂli'afRché’gthwork
f5) ViNet [sound+image]

o FRIILMALDBEUGERNBLEIZGDS

/ ViNet
[Jain +., IROS2021]

o N—FDIT7RUVARUDNILHEEE
o ERMDEETIO—LZTDHE
f51) Learning Modular NN [task+robot]
o KEBETI=BRMEETCHLI-OHREDERANRZS
o BEBDESTA4EHE—MIEET H—-5%E)ImageBind

==
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https://github.com/facebookresearch/ImageBind

ETILIEE (5/8)

HERRIE R DRRE
B REEHRDIRIDETHICIE...?

O EfGTEEM I BMNTHERER L
X TEMEIMAOICRI A RIEM, HIREFREACRL

WELITZ ILEALELS N —FF TS

Bl 2RI XEDITHIRF

Learning Fine-Grained Bimanual Manipulation with

Low-Cost Hardware (tonyzhaozh.github.io

RITEHEPADT—E2ORBIRIZLHNIEERER L
o BAHAA=I—TILRYNI—IZLBHNIE

e TokenLearner [Z&HM—V U EHE 2 AMSDHFRER £)SERT-1

— RT-1M3HzlLTransformerz AL N=FEZEL TIEIEIRTZA..
— W/ FBRBETEEICODVWTEEE T —2DEICEALLTIZR+52 2

? robotpaper.challenge =

==

cvpaper.challenge 153


https://arxiv.org/abs/2106.11297
https://ai.googleblog.com/2022/12/rt-1-robotics-transformer-for-real.html
https://tonyzhaozh.github.io/aloha/
https://tonyzhaozh.github.io/aloha/

ETILIEE (6/8)

ERBETETILOHEAEDHE
— WRRBRLBBIEXVTAHRT—ILDOETILOHE

o ERLEBBLIVIETRIZEDI(AORYARELILIER]
RT-1, Google 2022
o @ ERDRF)L#EHFSRTA
o @ BARFILEDLECH IR —~PaLM-SayCan

EEICLSHEER] &£ AR YEOITENHI ]
UniPi (Universal Policy), Google 2023

o DEMINT-U— (BEFEEZEnORyrDIREE
o @ FEHARIZLYARYFDITEIZIRE
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ERETIOIER

o RIMERLGEBETILOFAIZONT
o FARIADERFSETCOHAEDLEZEETASE
o TADZEM>T—ENE

B Seen Tasks M Unseen Tasks Distractors M Backgrounds

-
~ Karol Hausman
-y a9 B
-10% We conduct many ablations of the model (common) and the data (less
20% common), where we have some interesting findings. For example, we find

that data diversity >> data quantity and that modeling actions auto-

Success Rate Delta From RT-1

-30% regressively doesn’t help much but makes the model considerably slower.
-40% :
50% , , . . . . RT-1DZE 4 5| : @hausman k
\ ; S ] X
. 063 “a.\(\\i\g ao\-'\o(\ ao,i\o(\ \({\5\0‘\; ’\0 ‘(\e
\ o‘o\Q Q‘e' 00(\ ,‘GQ' \N\ o “ a(\':"
W Qi° Qo \ &° Qe
W

o F—ARITEHOMEER L (RI-CEHD, 1Z8LED)
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https://twitter.com/hausman_k/status/1602723450342494209?s=20

ETILEE (8/8)

ERBETTFILOFA (O ay EiB)
. Euovscxm LT AL CEMERKIE !

Segment Anything Model (SAM) [Meta, arxiv2023]
— 11M DEE, 1B+DIYRAIDKPET—4
— Zero-shotlZHh 5P AXENDTARAI ST DA EetE Segment Anything
O Personalize-SAM [zhang+, arXiv2023]
— One-shotMF AL EFAE3EIR
— DreamBooth [Ruiz+, cvPRr2023] Z 58 1E (Few-shotfF I ZE R Z 8 5E)
. B TEEDERI &R ATHE
» Zero-shot (€O 3 YMERFE) DETIILERAW=FHLULVRERAD EH
— $AEDHLEBEITTHLWIRINEEITE KIS !
CLIPEGPTA Rk
CLIP: EfEL2DE, X GPT: E§55% L5k — 2D,3DY—> D LR

2% ) OpenScene: 3D Scene Understanding with Open Vocabularies
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https://segment-anything.com/
https://github.com/ZrrSkywalker/Personalize-SAM
https://arxiv.org/pdf/2208.12242.pdf
https://arxiv.org/abs/2211.15654
https://segment-anything.com/

Prompting vs Learning

LLmif—liB'ﬁﬂ: B &5 L TITRYA

ERLT DD

E BT E Al 87 9 B 42 1T Eh (Pick-and-Placei &) DA B HhE Thi L, Long-term#i
AR THELLMD CodingELVMZE A & 1 5 ZETERIRIE THZero-shotE IR T= 5 (Progprompt,

Code as Policies)

o —ATEEBTHIRMMNEELITEN(Grasping, AssemblyZE &)L FE F - IIEMFEEEFE-T
ITEIZA T HWED HADeepRL at Scale)
o ARVEEEEEIEMML, PromptingélLearningE b b TRIFAIRENEFYIYEZ D ELWN?

Progprompt [l. Singh+, ICRA2023]

from actions import grab_and_put: bj><obj
grab_and_puton <obj><obj>, switch
switchoff <obj>, open <obj>, ...
def throw_away_banana():
objects = ['banana ‘garbage 1
# 1: put banana garbage can
grab_and_putin('banana’, 'garbag )
# 2: Done
lef put_fork_and_spe _the_box ()
objects = ['fork n' ]
def put_fork_on_plate_and_sp box ()

on_plate_and_| b ttl n_box():

nana', b ttle x
able', 'drﬂl', 'strawberry']

4 3: ptbtt‘l
|g ab_and _pu utin("' bottle ‘box')
Don

on pl #4:
-»(grab_and_puton (" strawbe y ‘plate’))

Code as Policies [J. Liang+, ICRA2023]

Large
Language
Model

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

l Policy Code

("blocks")
("bowls")

bowl_t
or bowl_n; in bowl_names:
i mpty(bowl_name):
_bowl = bowl_name
break
objs. ack = [em pty b wl] [+ block_n:
sta k b] ts(objs_ ck),
l def is_empty(name):
def stack_objects(obj_names):
n_objs = le j es)

or 1 1n ra
0bj0 = ob; + 1
obj1 = obj_names[i]

? robotpaper.challenge

DeepRL at Scale [A. Herzog+, arXiv2023]

e s,
Simulation

Bootstrapping

e
Off-policyRL </

j > &4, PI-QT-Opt Training

Deployment Site
M |

20 local waste-stations
in a controlled setting

30 waste-stations
across 3 buildings

ll
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Welcome to ART, AIST!

EZiRFRRENE R G ITRT
A VF XN TILCPSHE Y 5 —
A= A=Y aYHRRF—L

httDs://unbit.aist.q.ib/icps/icps-am/
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DOZTEEE TUZHIVAREY IR
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https://www.aist.go.jp/aist_j/business/alliance/ra/ra_index.html
https://www.aist.go.jp/aist_j/humanres/02kenkyu/index.html
https://www.aist.go.jp/aist_j/humanres/04keiyaku/index.html
https://www.aist.go.jp/aist_j/humanres/04keiyaku/index.html
https://unit.aist.go.jp/icps/icps-am/
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LZHBRBE (FEES I50L)
FTiE : KIR K2 D3 / EE#HE RA
HE EER
ek gL

(AR T—<  AIEH]

object YV

(a)Pinching an upside-down ob- (b)pinching with support
ject by the gripper

(IO ECE]
ELTRRYET

Subassembly
Obj1 Obj Obj3

o« Tk 50 »

B EQ|

Target pose

-"’

Real-world

=
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O RRKE BLERE2HF
O EXRMEREMEm VH—FTF7 X220k
O BARZFiRES FREHEE (DC1)

| Pre-t ng
} M
4 = ]
s
VoteNet
b 3
" = U e
PC-FractalDB data ] Estimation result

Transfer pre-trained parameters

362,868 models
4,344,000 1mages

Automatic 3D model and multi-view image generation
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o ZAHEHEXL(L®DE VYX)
o FIE HHEKFE D2/ EHLW-HIKRA

e https://sites.google.com/view/risashinoda/home

[(ART—: LT AT—ar RERERRH]

TN g

Frame 450 Frame 500

(A& E]
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o AWl fEH ZUNFA aw)

o FTE: EXBRMREMEMN TEHARE
o HE: FIMUE

o HMBK: T=X

[(ART - REILLNDHE, ORYEIEER~NDIGFA]

Real Image Force Map

Deep
Neural
Network

Lifting Direction

- » / X

_—
a
T
Frtte
i

UP (baseline)

CEpN Yt
o HEIRE
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o ZHI:HE F—@MLLD YiOLVE)
o FTE:

O HEERMKREMIRA EXRVHEAIEES

o BMAXZE XREAKORYMIEFBAIDRYNMIRR REXRFERAEE
o WHEH:MMFIIE

[(AET—~: *ﬁﬁﬁ%gl £HORVFDEMEERL. A—ORvbA2259230]

A

i Multiple T|mescale RNN
@ joint angles

FC
J

1
P
visual features

Raw image
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o &I RFHE(A2TT o)
o FTE: EXRMKREWMEM ARE
o WHH: FE?
o BEK: F5A4T

https://staff.aist.go.jp/s.itadera/

[(ART—< HSEZRIBIEAZ—DTAR, MB35 30, AXEARTAIX]

https://github.com/itadera/OpenHRC _ ) { .
» - R

CEpA Y uryd!
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https://staff.aist.go.jp/s.itadera/
https://github.com/itadera/OpenHRC

o ZHI:JTHA FKR(EM +EEN)
o FE EXRMKEWMENR MIRE
o HE: KIRAF

o WIK:ERDEW/ ET/ER

BADZTHA+ Researchmap : https://researchmap.ip/tomohiro.mo
- https://tomohiromotoda.github.io/ toda

[(ART—~: 7XH9EEI‘I'\JI~EFHL\T_"""'2"7&7 EalL—av]

Collapse Predictor Support Relations

- THECHE L@:ﬁi%{’p%j’é:&’@ | EHGY U TUERRICE DREERMN G

BEL-ECAHMLRYHED ! TERN 1D FENFTAETRE.
(e L] oD FRMSEICYR—FEAREHTE.

HERH— (BAFER) - T—Ib-by-4> 167


https://tomohiromotoda.github.io/
https://researchmap.jp/tomohiro.motoda
https://researchmap.jp/tomohiro.motoda
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“Visual Atoms: Pre—training Vision Transformers with Sinusoidal Waves (CVPR23)” 5
”Replacing Labeled Real-Image Datasets with Auto-Generated Contours (CVPR22)”

“Point Cloud Pre—training with Natural 3D Structures (CVPR22)” H
“Pre—training without Natural Images (IJCV22, ACCV20 Best Paper H. M. Award)” A )
“Can Vision Transformers Learn without Natural Images? (AAAI22)”

“Describing and Localizing Multiple Changes with Transformers (ICCV21)”
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