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Multi-modal %2 X4 ( Vision + Language )

Computer Vision T ®multi-modal + language D&5T :

Does she walk quickly or slowly? i

She walks pretty slowly back and forth
before putting down the book

the desk.

What color are her eyes?
What is the mustache made of?

ScanRefer [Chen+, ECCV’20]

Visual Question Answering [Antol+, ICCV’15] Audio Visual Scene-Aware Dialog 3D + Language

Image + Language [Alamri+, CVPR’19]
Video + Audio + Language

HE - HE%E Omulti-modal DFABREZSEE ML THEFRT 5. F2ze L TIE. question
answermg, dialog, summarizationZx £ n\d %,
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sLoom () GiM () TkeInstruct /\.2 ” I\¢ Luminous 3¢ ERNIE Bot
e O AlexaTm O Cohere $2 7 B \00 SR 0Q LLaMA
BLoomz () wen (O3 12 1!4 s

Galatica (X) /\ |
OPTIML () ChatGPT @ GPT-4 @

LLM D a ’r .lA 3 ’r > ( Zhao, Wayne Xin, et al. "A survey of large language models." arXiv preprint arXiv:2303.18223 (2023). )
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LLMAYMulti-modal 2 22 ~OBNF ( 1/2)

e CLIPA'Multi-modal® X 4 O Fm43ghHeg(C

(CLIPOY—~RA

S08E%¥] : hitps://xn--techblog-y63gww.exawizards.com/entry/2023/05/10/055218 )

visual encoder

textual encoder TOKENISER

Action textual

| |
| I
| | Recognition (‘archery’) QU
i - video |
| embedding text | rm visual
! | P
| ] embedding == H encoder
- ; ‘ ‘ : T
Zero-shot Semantic Segmentation “soft” - Property ."sn" - Afﬁ:rdance jork” - Activity . i T T T T T : Text-Video TOKENISER —
OpenScene 3D Scene Understanding with Open Vocabularles ! cup % | Retrieval (‘the man it
| text encoder | loves archery.")
H Transformer 1
== 3 I | |
CLIPZE3DmMEf + S:52 A7 ~NBA L, ot ot ot ot ttotrott o) - =
I !
Zero-shot T raBf DB ; ! .
bt t 35 i Action TOKENISER textual
! | Localisation (“archery") encoder
| cup % t 1 i
I ! image encoder | rm# visual
I ]
,,,,,,,,,,,,,,,, | T | encoder
T i d; { pr 1 ‘l; . d; 4; T T i action proposals
. - """K i J Ei ’*} JJ TOKENISER (“archery”) : proposal MWW
i [ ' : Y i A D A ) detector | o P
— | Model

[rnsave |—
(] —
3

Simple but Effective: CLIP Embeddings for Embodied Al
CLIPZEmbodied A% X9 ~BEA L,
YT IEET I TSOTAER

Prompting Visual-Language Models for Efficient Video Understanding

CLIP%Video + Language? X 7 ~NEA\ L |
B =B TZero-shotH X3t

il

cvpaper.challenge


https://xn--techblog-y63gww.exawizards.com/entry/2023/05/10/055218

_LLMAMulti-modal % 27 ~DENFI (2/2)

e DALL - E1,2, Diffusion model(Z & Y Text-to-lmagehi7k vy b

Ground Truth

mega-StoryDALL-E
(finetuned)

DALLE 2

A 7 "Poby talksand "}

" ggt{l’};arsl.h's hamf’s. :

H y, Loopy and }

Captlon + Pororo are clapping

their hands.

Source Frame

StoryDalle

There aré sight | Eddy is hoiding two Eddy 8 Sianding |

glasses of different i sticks and talking. Poby, Loopy, front of the eight

colors of fluids. Eddy! Poby, Loopy, Pororo; Pororo and Crong | glasses containing

is standing in front of} and Crong are sitting! are clapping. different colors of
the glasses. around the table. fluids.

( d) Caption: “a baby girl / monkey / Hormer Simpson / s scratching her/its head”

Grounded keypoints: plotted dots on the left image

GLIGEN OpenSet Grounded Text-to-image Generation

9

SAMVING
—

& P =
TS
n the Acropolis

Input images

n o doghouse

DreamBooth: Fine Tuning Text-to-limage Diffusion Models

il

AL

cleeping

l

n a bucket 9etting a hatreut

for Subject-Driven Generation
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LLMDEN DEZZE (1/4)

LLMOEA IZ & Y ETFIILEMRIEE. (SiEEREO®B« (1/2)

o hFEFTEANEG A R 25 =ClassificationmMBZRZ > 5?
o TFRAMHI%EZero-shotd) & 5 G, CTHMT 2ONERE 4 5?
m RUFT—4 & L TlLClassification DA MRS F S5 40 T2 alaE+ ?
o TFRMHAODIEFEEOFHESE
n BREOLLMOAERS O fll. Referencentd b & . BLEUEABLLM ML > REID &
SITEHLATIVDS
L =NET, LLMTH S5—EIEMNE CTHET 6486 H 5.,
ChatGPTCFHid % & A, ADFHME OHEENSVE WS FRMNH B,
FHLUWEENE TS DT TIEAL,
3XITTLLMEFRIFRY 3 BRIZ—E3)RITH D DenseCaptioning® L T, #ZhDDOH
FAZELLMIZAAL T, Zero—shot# =1,
e CaptioningDBEDTH L FPLEE

o F7/)T—varvDBEESP-oTRED., LLMICHEY TEZLEMICAE>TL 3,
o Active Learning & .
o {BFE & Annotatork & 540 - THIIBRE A
o T—AR%EZEEL. G BhiET—2%KLTL\,
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LLMOENDEZE (2/4)

bV a—

LLMAOENA [ &k Y ETI)LEEMRRE, (SEMHREO®B2 (2/2) :

o FHERFICAWST—A2AMEEICLLMOFET—RICEEN TS L WSER

FASNTONN

o LLMORILFE—ZILEZRGADEBANEDL C L TEELFHLITTHRL
Ef%7R EZDMMBODEFTHEHMAEDEREM L (VS KR CHEEMNH S alaetSH Y
m FETANBEEICEATOBLLMAEE SN 3?
m FHEFEHLLMEALRIAN SFHMADET S ICDOOWTHEBEREA TS EZ3E5H Y ...
o BYRFHESEDHEILIESEDARICEVWTEELRED—D

m HLLET7TVS = 3 0FY ORERECIHMIMT 2RI\ EZ 37
o (FSKFICLLMAGDOA., ABEZOMSEIRTTER0N?
e ChatGPTIIEEIBEHRNIEMMNEEL (V>

o S
o EREMAELHETEBRESATHSA
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LLMOEN DE/ZE (3/4)

ttE~OFE (112) :

o ChatGPTHEEMRFEFL L=Chat AINER L TET-,
o A&+ Chat AINEURTIVL,

o ChatGPTOEAIZKY ., [BERIBENE S4B ?
o HEE-o=H. FHLVEL, BERANINT
o ChatGPTALFELFZHRUWHNERMIZSZ A
o (SEEMERETETIZfES> TV AMNSIN
m ChatGPTZEERLTET, 4 hY — AL LBEREEBLEOAMND
m IRIRDOChatGPTAE 4 L EA Bz HTIEENDH B
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LLMOEBENDFEZEE (4/4)

ttE~OFE (212) :

o HEBGOCTFRXNDOFIBIZDNT :
o EUDFEBAT :
m (FRICEEKRESNT
m T — 32 OFEEENEER
m ChatBoth b&ERLI=E DT K'ERTDIFBER
o HATIE:
m F/grayzoneRIGZENDH Y . FHEIEMA =5 ABEE
o ICCV#hE DERLSEET
m ChatGPT#4A & & fFEb A
o ATZANELEBLAEEHZIN., TR MNEKRTEEIENE L TELOAN

o BEIIHEBHD :
o EFERICERL,
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Post-LLMEEH TMulti-modal DEEEZZTE(1/3)

o AGIZBIiEI=®HIZ(F:
o BARBRELIT4. HOWBBEREANTNLCRE (FTTIZBLBETENTETND),
o RILFE—XIDOMES :
m &5 BSensorst TextDAlignmenth\:RRE(Z7: B,
B (A VARY NTT—E0H2 (EBRE )N, BOEXYTARHEY )Y —IMNEN
m EO50oTHBRDIESR T 1 DEncodingd BEENH DM H ?
o FLWEAUT A DEANTEHESEDILEHICORMBREDOHAR (ES5P>TELGDI VY —T—42 EFL<
o)
#FTLOWESX YT 4 LLMTZero— shot;{J?jz
EA) T4 OFERBENAED LS ZFET B ?
EX )T 4 OFERRODTGRE (JRUERE ) NG T—<ITHRDb
BEIBHRTELRONELFUT13HY. ES5PoTHIGT 20OMNEL LELDH D
KRB TELRW\WEV A —T—445H3?
o INRBET—A2THEETES?
o LIMA BNEL\PromptsEFHET 5 & T,
m HLOWEXRUT A DB\ T FHRGEE BB ? CNETICEATEGA =2 LR E
o AutoGPTREMD &K SIZ, HMB (FIZ (X, Searching Enginez A=Y )
o AHEOITEIBEREAN TN,
m CHETICTIX, Object TrackingTHXA L4 b
m TEHEROLSBT—4
m AAN—ZAWRERA.
o —[MAIN—F¥ILTPLZI2OMNEID
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https://arxiv.org/abs/2305.11206

~ Post-LLMEF{, TMulti-modal DR TE (2/3)

o KFREETITT—42ty hEEDHD,
o tTj—Lizmnunu‘Zo)T 2ty |\1’EEE
BLIP2
QAmodel, ChatGPT
FBASI AN S HREESIE D < B ( InstructPix2Pix )
BEATF A NTT—42 TLLMTHRL THEHE,

o CLIPOYH (BASBICAHD V=45 ) 2FHEL T, tHoARICFEAT 5,
o EfRER
o Embodied Al
o Open vocabulary% ( EBRICHLI A L) EEEE YRR

e LLM#AtreasoningBES]. reasoningBENZEFE > THL RNILONEZE L Y 7F4RYI245HE L TRobotics|iGH,
o InstructionZ ChatGPT T & Y 5¥4HAY7%: Step—by—Step

o O O O

ABEORMEIRAR - Social Intelligence?: & + iR DIREFIZ,
AR T avNBREREAY TN,

A+ 2y TRERZINEL TL\<,

Prompt DRI Y. PromptDaREt AR,
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Post-LLMBF T TMulti-modal D EREEELTE(3/3)

o TILFAgent, LLMZIEE L /=Agent& H
o REICIEWKSAHEALLMELY S aL—Y a3y TEREL,

o {AAMDChatBotE{E3
o BHoEFE0bNEED
B SEHABNSLACKY, A—LT—L2 TEHSHEZIONS
o B&Y:

n BEESANEEZLTND
TEL OBFICSRBRICHTE S S
BoobYIEiT<hd
BRRFAE, .

o —ERESORLFE—HFILT—42 (XWEFERE)

o EEFENSEICLYELNDBHREFD. THFAMERTEIEH NN
o datatBIECEELET :
m Scene Graph : 3JXTTHIAIEER

m  AMRepresentation : R IEIERIR
m LIMTETHFRAM (BEKLEASTLES ) La—Reh
o HBHHFMICIATWIEE :: T—ANEICHIEENFETED
o [EEM :
m  ReasoningR & DIEMHR R RV IZH VT, SEOBENRLC BRWMEELH B, .
m Arrival ( Science Fiction ) :
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294 pJ o Is ChatGPT A Good Translator? Yes With GPT-4 As The

Engine

® #IE : ChatGPT (GPT-4) (CEERZMHE LTS DREZBFDRES AT A LK
® R : S5EE(C KD TChatGPTOEERBENAS K ERD L& RUIE. F/zPivot

F

(PEISEZIRATHERT D) ZEMAT DL TChatGPTORBEN M LT D L& RL

® ChatGPT Z&ERZRE LU TERAIT D EICDWTIIMBICERSINFEL.. SCERBHEL
mEDEVNCLDIFRBEDEVWDHEINTLND
O Unleashing the Power of ChatGPT for Translation: An Empirical Study

O Towards Making the Most of ChatGPT for Machine Translation

F &EHBY: Takuto Nariura

&)

"“é Please provide the English translation first and then the Chinese translation for these

sentences one by one:

Er sagte, dass er eine WLAN-TUrklingel gebaut habe.

Dies bestatigt nicht nur, dass zumindest einige Dinosaurier Federn hatten, eine Theorie,
die bereits weit verbreitet ist, sondern liefert auch Details, die Fossilien im Allgemeinen
nicht liefern kénnen, wie etwa Farbe und dreidimensionale Anordnung.

Der 802.11n-Standard lauft auf den Frequenzen 2,4 Ghz sowie 5,0 Ghz.

1. He said that he had built a Wi-Fi doorbell.
it ERIE T —MWi-Fil TR,

2. This not only confirms that at least some dinosaurs had feathers, a theory that is

already widespread, but also provides details that fossils generally cannot provide,
such as color and three-dimensional arrangement.

BEAMUEE T ED—EBREPENRE, —PELMNZHFENEE, RANtRET AR
BELTERMIGFAGESR, NEASH=HHD,

3. The 802.11n standard operates on frequencies 2.4 GHz and 5.0 GHz.

802.1MntRAEETT7E2.4 GHzA15.0 GHZSRE L,

il

cvpaper.challenge 16



Scaling Transformer to 1M tokens and beyond with RMT

Zi% . arXiv preprint S S e s
Z=% : Aydar Bulatov, Yuri Kuratov, NN I ki
Mikhail S. Burtsev I } [ 8 | }
i : Transformer (BERT: RFIRS12)(C — g —
BIFNRAXAEVUZEAITDIZETHDIRY] - — | ceqmert 2 |
EZ200/5F CIBY™ UL e o T D
i%ﬁ . m Memorize
® bABITAT AR (GEEIE—) {0 T I
o QuALITYTlong QA Detect & memorize m
fME : 5T A> M512xB)B5IL—)B E | Noise |- '|"F§é{'|'|"';§2>.'s'é""|' [ Nose || @ |
DRI TIETDE. TNULDRINE(C [ s
AL LIS -~
= & 5HBY: Seitaro Shinagawa el e | Fac2|| Nose |i.i Nose || Q [:
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LIMA: Less Is More for Alignment

=i& . arXiv preprint

A—T2RLLMTdHhBLLaMa-65B&IEE(CEAICL, 0000 > T )LoTO> 7
NCHEREE I B EGPT- 4<‘:Afﬁuﬂﬂﬁ‘cﬁ@fdb\%i%%‘: S51NJC

® 7505 > TJILIFQAY A b HUDBREZENS. 250027
IVIEBBENEROEDZAREZZE X TENN

o LIMADHAINMGPTLDIFFENZEZE(F43%

Source #Examples Avg Input Len.  Avg Output Len.

Il LIMA wins B Tie LIMA Loses

Training

Stack Exchange (STEM) 200 117 523

Stack Exchange (Other) 200 119 530 Alpaca 65B 26%

wikiHow 200 12 1,811

Pushshift r/WritingPrompts 150 34 274 DaVinci003 35%

Natural Instructions 50 236 92

Paper Authors (Group A) 200 40 334 BARD (April) 42%
Dev

Paper Authors (Group A) 50 36 N/A Claude (April) 54%
Test

Pushshift 1/AskReddit 70 30 N/A GPT-4 (April) 57%

Paper Authors (Group B) 230 31 N/A

- 25 % 50 % 75 % 100 %

_JO>T bDY—R5t LIMA&:WJO)LLM & DEEER
& &8HBY: Seitaro Shinagawa

il
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24 MJL : CLIP-VIP: Adaptinig Pre-trained Image-Text Model to Video-Language
Representation Alignment

=% ICLR 2023

=8

o WE . EH-TFANDEFFEZETILTHBICLIPZENE-TFRA NIRRT SEIST D (post pre-training)
CEEAHRN. WIEIT DOHEUWRERZEDTL. TEZDDICEDLE ?&7&}

o FTARM : ¥WIHT. BEFR-TFIXDERMFBET I ZETA(SERT IBEONHZERD

o T HENIIRNE, CLIP@%EU“‘“‘C%/Ut_c_c‘:EM’L‘Cbij&overﬂttmg@“Zao Flz, BffEET
ADTHFRABNCET D BAA 2 F v v ITRARENEEENEE LU,

o 1.ZHRREFTAT—Fty hEAND 2. #iiFv T a>zAR. 3. ESARIK. JL—LA, FvT>
3>, EIF VYT a> 04D FESIEORDIRE

.
/
{ s (4 roxi \
| |
) 1
|
v 1 I |
| Il !
1 I 1
I Frame 1
F 1|C
| Patches ||[ i
(S I 1
U @Lestloe O Lys+Lree @ Ly + Lyesc + Lre @ Lycsse + Lroe | | I ;
1N Query y /‘
Omnisource Cross-| mod | Learning in a Batch VN gy Proxy-guided Attention i e
I sifc
Text Encoder ) ( Vision Encoder with Proxy-guided Attention )
.l ¥ :
Subtitle: “[CLS] Josh Donaldson  Video: : giié - :
hits a foul ball to the first base s)de T Famedo

Caption: “[CLS] a man is hittinga  Frame:
baseball”

t . . \
g w BY ' Pos. emb Visual Video - Frame = Attention . : Contrastive |
. : i

:@P 08 embed “ 0% frame’s 0"- palch O oken O . mask [ Positive [ Negative a candidates |

PPPPP
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A Survey of Large Language Models (arXiv 2023)

mg IBEDLLMs ( /85 A — 2 BHAHBREIALOFRIFEE

SHRETIEEKT S ) =@FMICY—~AL

mI LLMsOES, LLMIZEHT EBELRRTM. LLMOERH. LLMsOFH., S0 TEFARICIAR=, £
7“:\ LLMs % 5T 3RICERAAEHRE L T, THEELLMsETIL, FES

EDY —RIZTDNWTHIRRS,

LLM@DEmergent ability : BERT/2 ED/NELM(CTHIRL
N N A

7RU\ LLMRED) (5)( SFEOFBT—
PRICHIR I DT ELSDEE

® In-context learning: IER°IRXTDTEREN
S5EZBEICT AN RIS AZ BT CED,
® Instruction following: instruction tuning U7z
(C. instruction guided Cunseen’” X (AL RIEE,
® Step-by-step reasoning: chain-of-thoughtii®
ZFI A UPRDHIER 7 v ThE R ESNEiEE (CR

RAZHERTE Do

F EHBY: Qiu Yue

BERIEbNET -2ty b

Ve J T5 & Gshard Publicly Available
— 2019 —— 1,0/ G S % Erni
2020 — 201 _ «J mT5 2 PanGu-a @ Ernie3.0
A1 .
GPT-3 @/ #27 PLUG labys Jurassic-1
Codex @ ~ AN 3AA! CPM-2
0 €D 9.10 —— @ & Lampa
Anthropic | A\ _/ \ Yuan 1.0
HyperCLOVA {4 112 @ AlphaCode
WebGPT @ 2
\ @ Chinchilla —
Ernie 3.0 Titan @ InstructGPT @ 2022 @ Pythia
g S
commer @) Coteen O Gu Qs =
= (
cLav 55 MT-NLG [ oPT 00 \ G paM (5 FlanTs \‘ 1 PanGuz
Flan-PaLM
. GPT-NeoX-20B i / O ram 9 ‘, Bard
1 i Luminous
BLOOM cim () Ticnstruct Ai2 / ’X‘ @ ERNIE Bot
i NLLB
"0 et @ Conere 82 o o 0Q LLaMA
BLOOMZ WL e
el ] —
Galatica (X) o |
OPTIML (X) ChatGPT @ GPT-4 @

LLMSDAALSA >
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A Survey of Large Language Models (arXiv 2023)

LLM®D## & 73 B $:24i7 :

Scaling : /\SX—5#. ¥FBF—FH51/ X, ZED=. FEWXR, T —FDENET)VHEICEE,
Training : distributed training\>&&{tDtrick/i2 EHEE,

Ability eliciting: £ )LD#IBREN ZFE I BD/z8D(C. task instructionst>chain-of-thought
prompting/2 EHEE,

Alignment tuning : LLMsh"#87—5M5HFZE. biasedMiREHRZFE I DRIREEN DDz, A
BT U CTESILOFHiIF & % :5E 9 D Reinforcement Learning with Human Feedback/ EHVE
Z,

Tools_ maninulatinn: #ESHE H_F T~ 0~ 73101, (O ZEF B EIMBY — )L TLLMsZ#H B,

Corpora Size Source Latest Update Time

BookCorpus [122] 5GB Books Dec-2015

Gutenberg [123] - Books Dec-2021

C4 [72] 800GB CommonCrawl Apr-2019

CC-Stories-R [124] 31GB CommonCrawl Sep-2019 o
CC-NEWS[27]  78GB CommonCrawl Feb-2019 LLMSDZEE (i <fEONTLD
REALNEWSs [125] 120GB CommonCrawl Apr-2019

OpenWebText [126] 38GB  Reddit links Mar-2023 Corpora
Pushift.io [127] - Reddit links Mar-2023

Wikipedia [128] - Wikipedia Mar-2023

BigQuery [129] - Codes Mar-2023

the Pile [130] 800GB Other Dec-2020

ROOTS [131] 1.6TB Other Jun-2022

F EHBY: Qiu Yue

il
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A Survey of Large Language Models (arXiv 2023)

—_ T5 (11B) mT5 (13B) LLaMA (65B) GPT-3 (175B) MT-NLG (530B) Gopher (280B) Chinchilla (70B)
Pretrain—#(cBLUT : % 2 ] !
2% 5% 16% 3% 4%
A 26% 4% 37%
— . evs ° 40%
F—ADT : LLMsD* > 62% 60% =5
(]
S~ BB N==m 0 0 87% 84%
B(CABIRSET 5 o o °
X\, N o
B LD, AMT .
GLaM (1200B) PaLM (540B) LaMDA (137B) Galactica (120B) GPT-NeoX (20B) CodeGen (16B) AlphaCode (41B)
IRFEDLLMs pre- % o % ”
- . —_ - —_— 22% 14% o 0, | 20%
trainingkF (CfED 25— ' s 3% b e S
—_ 48% ©
p4 38%
DM RT . . . Y 10%
50% ° 86% 15% 25% 100%
Webpages Conversation Data Books & News Scientific Data Code
;-‘— 9 mﬂjo D t Raw Corpus Quality Filtering De-duplication Privacy Reduction Tokenization ;:'::);it:!
. 43T "
Z . 7 g g — 9 O) « Language Filtering « Sentence-level ¢ Detect Personality * Reuse Existing ) =
v = SN = | | I R t e . . Identifiable Tokenizer
1= % I%:l &br IS b\ b N gimy . Dotric Etering Dectmentlorel Information (PII) o i - -
Nup? SentencePiece
N « Statistic Filtering * Set-level -

+ Remove PII

ﬁ @ « Keyword Filtering
T SN, /s bbbt b .  futieiebiubbnienbbntntubdeutedd i '

2 Alice is writing a paper about i E Alice is writing a paper about | i Replace ('Alice') is
i+ LLMs. #8%& Alice is writing | 1 LLMs. Attee-is-writing-a-paper 5 ! writing a paper about LLMs. E
1 a paper about LLMs. ! ] ¢ ] !

SRS —
% =oAL TS
e

+ Byte-level BPE

e S A " R e s st e Rty ()
i Encode ('[Somebody] is 1 32,145, 66,79, 12, 56, ... H
! writing a paper about LLMs. ") E ) E

F ESBY: Qiu Yue e
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A Survey of Large Language Models (arXiv 2023)

LLMSO):E;") la*ﬁﬁz 1 Model Category Size Normalization PE Activation Bias #L #H d,0qe¢ MCL
GPT3 [55] Causal decoder  175B  Pre Layer Norm  Learned GeLU v 96 96 12288 2048
PanGU- « [74] Causal decoder  207B  Pre Layer Norm  Learned GeLU v 64 128 16384 1024
OPT [80] Causal decoder 175B  Pre Layer Norm  Learned ReLU v 96 96 12288 2048
PalLM [56] Causal decoder  540B  Pre Layer Norm RoPE SwiGLU X 118 48 18432 2048
LLMs®D BLOOM [68] Causal decoder ~ 176B  Pre Layer Norm  ALiBi GeLU v 70 112 14336 2048
MT-NLG [97] Causal decoder  530B - - - - 105 128 20480 2048
model Gopher [59] Causal decoder ~ 280B  Pre RMS Norm  Relative - - 80 128 16384 2048
. . Chinchilla [34] Causal decoder 70B  Pre RMS Norm  Relative - - 80 64 8192 -
Cco nflg uration : Galactica [35] Causal decoder ~ 120B  Pre Layer Norm  Learned GeLU X 9% 80 10240 2048
LaMDA [96] Causal decoder 137B - Relative GeGLU - 64 128 8192 -
Jurassic-1 [90] Causal decoder  178B  Pre Layer Norm  Learned GeLU v 76 96 13824 2048
LLaMA [57] Causal decoder 65B  Pre RMS Norm RoPE SwiGLU v 80 64 8192 2048
GLM-130B [82] Prefix decoder 130B  Post Deep Norm RoPE GeGLU v 70 96 12288 2048
T5 [72] Encoder-decoder 11B  Pre RMS Norm  Relative ReLU X 24 128 1024 512
Causal Decoder Prefix Decoder Encoder-Decoder
o008 - aee . - oees
Noeeee OPees i ooees
. . e c e
— s s | = s |
SEEOEFMEE: {000 ¢ e L L L L
g | @ @0 & | T ee , | e
& & &
i U L h 8 :-:000 @
% 0 1 o 3
L g g L2
L A Survey  of Large Language Models \ A Survey  of Large Language Maddj l A Survey  of “Large Language Models
Y Y Y Y
Decoder Decoder Encoder Decoder

F EHBY: Qiu Yue
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A Survey of Large Language Models (arXiv 2023)

. LLMsDEER{IT2 Alignment
LLMs@DEE}{li 1 Instruction tuning : >—451t v F&ATE tuning : ARID T+ — R Cw (S LD

&< instructiond®J A4 —<w hT/IME U fine-tuningT — 5 5% U)— REFILEZE, Z20F. A
HEE U Cfine-tuning g 3 A M LLMsDMEE & IKIEE 9 (C. MHEEDIE] (C7S5+> LT=RL fi?e—tuning%ﬁ’;o
EVORIMYAONDFULEREZ EH SN D

,,,,,, Supervised Fine-tuning

] .
: g : v
! S — i iAPIcollection Human-written: Prompts Training with demonstration data
Instance : Human-written Task description P Human /
1 H H >
! : : y i Annotator &
e ! — Please answer this question: HE & ARNOTH
Task descnptlon . i [ \ Demonstrations —>  Pre-trained LM
Please translate the French to English: ' .
! i i
. ! : :
Optional ! Demonstrations E l Demonstration Data
Demonstrations i ' Task description
. ) i NLP Datasets Q: Where is the capital of France? | | P R« d Model Traini
fr: Reprise de la session ! : ewar odel Training
R e e ! Sentence Question A: Paris. ! Can you recommer.ld SOMEWAYS |
Tt o _ 1| Composition Answering ! tolose weight? | o {aaaassssnaaaiiaiien
fr: Il s'agit du cas d'Alexandre Nikitin. ! Q: Where is the capital of Brazil? H | v ("v .
en: It is the case of Alexander Nikitin. ! Textual A: Brasilia 1 Prompts —> LM Outputs Reward ]
: Entailment 4, ophra ! Desired output written by human Model : &
Input .y sing { } / Pre-trained LM
fr: Nous ne savons pas ce qui se passe. ! Analysis :
| Misc. Input Output : Output — [
: NLI Question i Here are some ways to lose weight: Ranking - i reiming it ieodbank e
Output ] Ceraen : Where is the capital of China? | ! o et
1 jeneration Q: Where is the capital of China? ! 1. Eat a healthy diet: Focus on
: We do not know what is happening. ' o A: Beijing ! ’ y (et Hoot . .
e | iCode Translation : b ! 2. Increase physical activity: ENgage ... | o o e RL Fine-tuning
|
! i
! 1
! I
! i
[ 1

(c) Formatting human needs . Reward

H Prompts Model E

. ,l l ———  Aligned LM
> —

/e

Trainjﬁg with RL algorithm (PPO)

(a) Instance format (b) Formatting existing datasets

A

LM Outputs
Reward

Fig. 5. The workflow of the RLHF algorithm.
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A Survey of Large Language Models (arXiv 2023)

LLMs®DfEA : In-context learningt>chain-of-thought /2 EZFIF U/zcprompting CTEE 9 HDLLMsZER.

In-Context Learning Chain-of-Thought Prompting
Answer the following mathematical reasoning questions: Answer the following mathematical reasoning questions:
0 If you have 12 c'andies and you give 4 candies to your friend, i Q: Ifarectangle has a length of 6 cm and a width of 3 cm,
how many candies do you have left? what is the perimeter of the rectangle?
- Th SR, e e e S S R
Nx - A: If ¢ aniwerllshS length of 6 d a width of 3 Nx+ 4: For a rectangle, add up the length and width and double it. |
[0) SIS S A Sob s SN AN SWECh LS * So, the perimeter of this rectangle is (6 + 3)x2=18 cm.
what is the perimeter of the rectangle? (e L S S S S O NS e e S )
| A: The answeris 18 cm. L The answer is 18 cm.
Q: Sam has 12 marbles. He gives 1/4 of them to his sister. Q: Sam has 12 marbles. He gives 1/4 of them to his sister.
How many marbles does Sam have left? How many marbles does Sam have left?

A: He gives (1 /4) x 12 = 3 marbles.
A: The answer is 9. — LLM —> So Sam is left with 12 — 3 = 9 marbles.

The answer is 9.

: Task description : Demonstration : Chain-of-Thought : Query
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A Survey of Large Language Models (arXiv 2023)

LLMs®Dfuture directions :

® theory and principle: BN E S0 THWARIQ/ (S A—FZFDLLMsOABBICHBA - FIFEN TS
M. emergent abilities(ZEDS U THIRUEM ? IREZIRET T D,

® model architecture: )LD - 14EE - BEZEH DR,

® model training: > X AH., BENREFFEE. 7 /LORRERZE. /\—RD1T77UY—XDHL
DIREZIRET,

® model utilization: IR1Eprompt®s&st(C(Elabor costh'\El\, F/o. EMHRHT - BUBESTERESET
FUIC <UL Dprompt,. KDEMIREEZFR T D2 (CHEED K DIRAZ TpromptdDIRFTIR E,

® safety and alignment: LLMsDEEE - EREZEHD. BEFHRZHH SR EDIERET .

® application and ecosystem: #k47/M0A - W —)LZE UCLLMsZFIB LI T2 X7 ADI&RET .
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Mind's Eye: Grounded Language Model Reasoning through Simulation (arXiv 2022)

B=  BEOLIMEYIEHR DB ENE ST 3EBMICH U TIEER>EEEE T B END B,

F—=Ftwv b BRIZLANILOYIER(CRAYT 2BMISET —4~ 1w RUTOPIA

f&ER : Step-by-Stept°Chain-of-Thoughtd KSR TO> T MMR—ADFEELERTIEULKHERIT D EN
TET,

SZal—>aiERZENDSEMERED. BMECBFRRVWEEZR Ablation Settings Zero-shot _ Few-shot
JO>T MCESHIDTBERENTH S 1. Mind's Eye (defaul 519105 $420m
Mismatched simulation results  30.4 | 45 54.3 1 98
Missing trigger words 51.0 1 10 83.0 .73
Incorrect simulation 24.6 1 73 39.6 589
ind' Mind's Eye
Mind's Eye Text-to-Code LM Physics Engine Augmented LM

Simulator Augmented Zero/Few-shot Reasoning

Question: '\J LJ Answer:
Rendering Code ~ Simulation Results Hints:
Two baseballs X and Y are released from rest >

at the same height. XandY have the same acceleration.

i ; So the answer is: they will fall at the
A ls.heawer than Y same rate. Both baseballs will fall to
Which baseball will fall to the ground faster? the ground at the same time.

MuJoCo Simulation

® Simulation based Prompts Injection
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Simple but Effective: CLIP Embeddings for Embodied Al (Allen2Al, CVPR2022)

o I1E : Embodied AIZR D (CHL\T., KFIRESEE - BEEFIFZET)L (CLIP) OB
4 DARFIESEER

o EERAA : FIFDEmbodied AlY XU DE &Y FEBackbonezzResNeth'5, CLIPICE
BUEERZTOE (EX) . COBRICRGBEHRDMEA L. CLIPOFinetunez 9.
RO EDAuxiliary Lossik EBIBIIURLY, Simple’XEFTILEER.

o #EER : 4DMEmbodied AIF X TSOTAZIZR (AB)  wsenionoseansr | foom reamangemen

é% W
Environment

________ S IE I
te7 *sﬁ% 7 Act § 01 I o I
i\‘.ﬁ"j Model | I 0 .

Habitat PointNav

Habltat ObJectNav

— htt1

Lo A b |

Simple but Effective ©, Embodied AlZ X & e
MBaselinet L TEATES ! o |
F EHBY: Qiu Yue
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All in one: Exploring Unified Video-Language Pre-training (CVPR 2023)

o MWIE : BEIFHR T(&. videoklanguageZx FNhEh 54 Mencoder CHEHHZ I L THA S, video & textd
fusionZfT5, IBEFIETIL, videok textD$FH Mencoderz FHLVT (2, videok language DESIEE 2 FE T
% All in one Transformeri&iENiRzx ( £ ) .

e F%& : non-parametricAY7:token rolling operation ( B[ ) ##2ZE., TF X b Lsingle image® b —%2 >~ [E®D
BEEEZEE, 1 200ETAMBEHDImagest > 7)) V45 L, images® k—4 > DrolingZ1T> (&
[El—HKIDimageID—EBD k—4 > &ERDimagel=> ¥ v TILT B ),

o EER : IREDTransformeriiE T & L f=video & language DEHHRIRA L\ < DA Dvideo & language D & X
I TRVBULVBEEZRRLEZ, SHIC, BEABME. StTEOaX M EFETERL (AR).

Simple and effective and lightweight

Text  Vision Self-attention 75| g Alinones (0]
Tokens Tokens o
3 1 Token I | o : | ¥
g Rolling g 3251 Allin-one:s /
m n g
® 30.0
O] :
E 27.5 »
» 3 & /
P | | | =20 @/ ~#— Ours
E ’ i - Violet
| E E 223 ,," -@- Frozen
C Flatten Ry /0 =
o ' /\ IR @ ClipBert
| I 50 100 150 200 250 300 350
FLOPs/Pairs (G)
Y
. - Self-attention
F ESBY: Qiu Yue
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OmniVL: One Foundation Model for Image-Language and Video-Language Tasks (NeurlPS 2022)

o HIE : B TIL. image&language® L < (Zvideo& language DEFEMESE, COHMN TlE. 1 DOETIL THEEL

?MlImage-language & video-language? R 4 % [ElFIZ1T A $foundation model DIRZE (£, AK) .

e F% : decoupled joint pre-trainingZ=#222 L. F 9'image language pretraining CspatiallEizkx8%. /RIZ. image+video

language DFE %17\, temporalfH¥FRIRE18 5., T/=. BEEFDunified image language contrastive loss%
image+video+languageh#atiiiR.

o HEER : ERFIZHEHID A XY HTZ B(image/video recognition, image/video-text retrieval, image/video question
answering, captioning ) , /. LEENAX AT (ZHUVT, SOTAD L L (TELVBEZIZEN,

Visual Only

Image -

/Video : >
Method Modality Unification | Functionality Unification Data Unification 2 Unified Visual Encoder — — J 4 =

ILP VLP Non-Gen Gen IT IL VT VL g e e baakoftall

CLIP [53] v v v (e.g., classification)
ALIGN [30 v v v -
VLMO [[62]] v v v ] Text Encoder e nere s
ALBEF [38] v v v
SIMVLM [63] v v v v (=] 17
UniVLP [75] v v v v Image-Text/ ‘w=t Image-Label / m—
BLIP [37] v v v v Video-Text Video-Label Visual-grounded
HT[6] v v v v " Alignment Decoder
ALPRO [36] v v v v
VIOLET [23] v v v v . o .
FLAVA [55] v/ v v ‘A man riding on a A photo of airplane. |
Florence [71] v v o/ motorcycle.” / “A fire- A video footage of the Visual-grounded =
OmniVL (Ours) v/ v v/ Ve v/ V4 V4 v/ man holds a fire hose. skateboarding. Text Generation Decoder

Q: How many people? Q: who holds two dogs?
A: Two A:aman
(e.g., image/video question answering)

Pretraining Corpus Unification Modality Unification Functionality Unification
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Video ChatCaptioner: Towards Enriched Spatiotemporal Descriptions (arXiv 2023)

o HME:LLMETILFE—LXILLME
AL, ETAREBEFEENIC

WA A NE - WeEEEKT 5F
T BT EE#N M ’”E

o FE:IEEFAME. ChatGPTL ' . ' !

BLIP2ZFIFAY B, ChatGPTIZEY g pmmmmmm .
JL— AP\JEEE&ET 2128 0)%3 ChatGPT l Q: Frame_3: What is the person wearing? ]
BE4pm L. BLIP2ICLYEIEE S m A: a helmet.

. Ex{ZIZChatGPTIZ &Y ET % : —— —
P\]%‘O)ﬁ,%ﬂﬂﬁﬁﬁﬂjzéiﬁﬁﬂ’ 6 . 53 :l Q: Frame_4: What is the person doing while on the pole? ]

A: balancing on a pole

. \ Answerer | | .

o MR .IEXODETILZEZHINT, B Ve e e e e S e e e -
§)JE]’\J (Z t?ZI'PEI{’éEﬁ,%EHEEEH?’ é Video ChatCaptioner: A man is performing snowboarding tricks on a snowy mountain.
S‘ZEE’SEEJZ—C % 6 . é{$E{J{: (i\ He is sefen doing flips? and bfalancing on a pole while snm_uboarding down the

P A VEYEMR. BT mountain. The man is wearing a helmet and snowboarding boots.
77 > 3 ~ 7 Reference: a man is snowboarding.

A RE ORHE 0= B R
T—RERISERTES (DL
WT—andLhEgAN),
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Learning Video Representations from Large Language Models (META CVPR2023)

o IE :LLMZ{FHL. videol language MDrepresentation® & FMdata augmentationZ 1T 5 FiE & IR,
KitESrEcorpus & EL, video & language DR 7 HEEERATIC D72 ( MIBRIIC 72 6. & Z TvideofFH# ZLLM
[ZAH L,narratlons%EEEJZ?'é T —RHEROFETIRE.

o FE (TH) : @YX T 2FEEDOT —2¥LsR%E1EZE. Narrator TldvideoZ TimeSformer(Z & Y #5EiHH
L. cross-attention module&#£A C. GPT2 ( Freeze ) 2 & Y Narrations& 4k, cross-attention module

FFE NS, FHIEHDNarrator[Zvideo clipsE ANJ19 % Z & THrL L\video & narrations D R 7 i85 5
;h,é Rephraser(ZEEFZDOLLMET L T5-largex{FHL . ZFET—20FOTF R MEREFIDOEY T
ATEMRZDZ L ICLY T2 EHGR.

o &R BEFEICKYERL fnarrationsEFE 35 & T, L\ DA Dvideo& languageD R F < —
) CEHREOBERE L YKIBICHRERLEATEZ, £ BALRNILEEOBEZIENRT 5-OXNERA
IT7—42 0% 1 XHKIBIZRF 7=,

o [RWE :RBEMNRM oM, FENGHRENTIEA?

N

paraphrase: C stirs gravy sauce in the pan </s> EED-.EH-

<S> ECES s ===

Video Encoder

Text Encoder — Text Decoder Text Decoder
|

' Attention Pooling = ~ o
Auto- 1 Auto- Ny t
REPHRASER foodlocoss oo NARRATOR h°TdS “regressive ) -

<s> C stirs food in the cooking pan </s> <s> C holds a spatula </s>

F ESBY: Qiu Yue e
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CHAMPAGNE: Learning Real-world Conversation from Large-Scale Web Videos (arXiv2023)

o MWIE : MEFEONFEEMROHARIEIT A MM=—IDHLOMNZL\, LH L., EHEDconverstation CILIRE S
# ({51 : social interactions, KiF - 28 - (TER LB E ) ONBHLEE(CL D, COMYTEREIVTH
A MENREE M—4 )L THEHFT B & E1%5T.

o T—AtY M HEEIVTFADN (video) LFNLEET INELEHET D1-0IC. Tk
video+conversationn® 7 —42 v FYTD-18M%Z 2% ( FIIMER ) . YTD-18MIEZ L FE TmADreal-
world conversation videoT—42t v b &7 %, YTD-18M(EYouTubeEE ZUNEL . £ DF Dnoisy
transcriptsZLLMIC & Y & 1) =V AXIEEICE L TERREh TLV B,

o FE:ETH - BEONIFEARABTM L. REDXIFEIZEL ThresponsezEpkd % ET LCHAMPAGNE %12
£ (Unified-IOFE£ZER—REL TS ),

o R :EZTT—4tvy NTHEEIFE L =CHAMPAGNEET LA4D MDreal-world conversation X> F<—4
CHNTRIBRBELIENR. _OE ) e

___________________ == Is the Person B posi!ivei; l
dialog format Q

[Visually-grounded Dialog]
BT 2 What would Person B say next?
? Learns about real-world

conversations from “No one reads them, only the Iawy"ers
You read them? 18M video-based dialogs who put them together read them.
-
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BLIP: Bootstrapping Language-Image Pre-training for Unified Vision-Language Understanding
_a.n.d.G.n.n.n.r.a.t.ln.n.(.l.C.M.l_Zﬂ.'L'Z\
BIE : %% & k@A 1T A Bvision-language T ILBLIPZIRE., ZhF Thvision-languageET L&, B
BEERRDRBEOHINT BETANESM o1z, T, BFOXRESHFZEET L/ A XNEEND
DT T—R%&EEAL. T—20BNEREFEST S LNDH D,

o FE FFP. NTA-EGHBETE3D2D0EY 21— )LEREETH):1.TF R bDencoding, 2. BifFH EE
EBL7E=T3% X FDencoding / 3.decoding, /=0 X kL TIXEE - T3 X b Dcontrastive loss, matching
loss, RUOSZEER AR CETILEEE 3%, /RIZ. Captioning& F|Iter|ng (ETFR) D2D20OFEY 2 —ILIC
iUT REYER - VL=V VTS RFRERR. FET —20B%EMAL,

o HER AN OIEETI(X, image-text retrieval. image captioning. VQAZ R DRV FI—- TRLEVE
E %] EJZ video-languageZ# 2/ ~¥0OY 53— FOMRHL H - 7=,

“blue sky bakery in .
@ E> sunset park ” Q@ ll Feed Forward

“chocolate cake
with cream frosting

|| |:> and chocolate °<;:| ll gigeer
sprinkles on top”

NX

a
>
Self Attention

D D
P P
— & &
Bi Self-Att Bi Self-Att Causal Self-Att

1 N/ .

Tex Image-grounded Image-grounded
E

t
ncoder “reLs) +()” Text encoder ”[Encode]+;]" Text decoder “[Decode] +(_)”

“a little girl holding a kitten next to a blue fence”
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BLIP-2: Bootstrapping Language-lmage Pre-training with Frozen Image Encoders and Large
Language Models

o IE : FHiEHDvisual encoder& LLM% vision and language representation[ZB%IHIIZiEA TE 2114
#BLIP2 ( K ) #iRZ.

o F& : BLIP2AAZEE EH# Dvisual encoderé LLM (@A & HBFE L0 ) RO, HEENICEENS
querying transformer™ S8R SN %, querying transformer®EB/FIFEMN 2 AT v FI2H 3, ATv 71
T%M%ﬁ%%ﬁ%@T#lh%ﬂitEOH%&OLT% AT v 7 2 TIELLMIZFEIRATRE A& EHEAS
ENFE

o HEER : BEFEMvision and language T TIL E KR THEIIZ /R T A — 2 EMN DR v—F, WDADERY
[THNWTRLSFVBEELZIEM. BE(C. BLIP2IBIETEKk 4 mERIFHvisual encoder& LLM ( encoder-decoder

18i&E. decoder-onlyfESIEMZIEGE]EE ) (TIEIG T E %, BLIP2AYzero-shot image-to-textdpit S L\ EBEE 7
L 7=

Q: query token positions; T: text token positions.
@ masked [J unmasked

-Former
& Image-Text Image-Grounded
Matching Text Generation

Input Image Icrgigt;;sTt?\)/: DQD DTD Q T Q T
Learnin: DD DD DD DD
- for every i ‘0000 °0omEm COOEE
ﬁgup other block ) ) DD DD DI:] DD DD DD
e o A Sarotoral = '0000 "OOO0O 'EE00
xN mutlimodal causal xN Bi-directional Multi-modal Causal Uni-modal

5 Unlmodalinae Self-Attention Mask  Self-Attention Mask Self-Attention Mask

Image-Text Image-Grounded Image-Text
Matching Text Generation Contrastive Learning

Learned
Queries

Input Text [a cat wearing sunglasses ]
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UNIFIED-IO: A Unified Model for Vision, Language, and Multi-modal Tasks (ICLR 2023, Allen2Al)

BIE : #k4 %Rimage/text recognition/generation ® X
4 % 1212 — L =18i&Unified I0(A) & 12X,

TR BREOATIE AL, EBiRERK. TTATY S
HE. YIdREGED2 RS I ARE, /-, 4R
4454k L 7=EilSiencoder®decoderf i E %L L,

F% 1 Unified IOMTransformer Encoder-DecoderdD#&
EEHRD, NADTBERIC, 2 X9 T L I(Z"Predict the
depth map of the input image”® & 5 % 2 X % Prompt
E—4EICNH. £/, Unified IOIZAHDT ZR1IZ. E
PTF X M&E/Ny F L Linear Projection(Z & Y
Encoded 4. HAOTBHRIC. BfR - TTARYTHE
D & 5 #rdenseHHJ%VQ GAND Code token(Z3 3,
R IGRITEWSTYLFRRAIRYFI—VIZEEN
BYINRTORARYITISEIRETH Y. FIYmEH'64.3
ERY, 2EBOFEL Y30 EOMEER E, F-.
RAY T E(ZFine-tunez B3 1THR4 A XU THULVE

F EHBY: Qiu Yue

Binary Mask

Bounding Boxes

rr

Segmentation
r ]

<+—— input sequence

Language Image
What sport are e v
they playing ?

of embeddings

Language
A wooden shelf
filled with colorful

ceramic dishes
@® Unified-10

Segmentation Depth Mask Blnary Mask Image
1 T
l EEN l l EEN l
Key Points Surface Normals Bounding Boxes
3 =
e e
e
T 1 r 1 r
pEEEN EAEEEE

output sequence of discrete tokens ——
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OpenScene: 3D Scene Understanding with Open Vocabularies (CVPR2023, Google)

BIZE : CLIPSHE £ ER3IRTTIRISE Dzero-shotaZilk (21EG L =FiE T IRE,
AR C O E TIZE, CLIPEIRITTIRIEDdense BB A A I NEIG L= OG- 1=, EBIZ,
CLIPO#EHUEIRZ BT % Z & T, Open vacabulary®QueryZ3XTTIRIEIC S O\ THERHT % = & AN FRE
(B TRIZEERM ) .
FE:F9. IRTTREORTFEVILFREENDIRE LY — Y OEGROFHENIELE 4D L5 TFE

=hd, IRIZ, 3)5(7‘1:#—:&5(&2»’(75%@’&7‘/#7 DL, 7o TIILEnEHEECLIPTH X
HHMEOBLUEE1ET LT, REHORCEOIRNIIEENTZ S (525 =query BT I
queryD IRNINHTIEES )., (EFH)

%i¥ Zero-shot CHEEIDEEIZ D IRTTR X & TFull supervised ¥B L E=FiEL YBIVBE£E/H. =5
. IBZEnO0penSceneFi%(EOpen vacabulary0)3/)\75y /n.L,\n“,WJ\'C =3,

Multi-view Feature Fusion 2D 3D Ensemble ( S ]

Input Images
Distillation

“‘metal” - Material “kitchen” - Room Type

“sit” - Affordance

==
==
=
==

WL ,-‘.-"_4» - dand H
Zero-shot Semantic Segmentation “soft” - Property

F EHBY: Qiu Yue

cvpaper.challenge

41



Frozen CLIP Models are Efficient Video Learners (ECCV2022)

o 1E : CLIPEH{FIFEIE ( Frozen ) ZE)EZHEI<BIS L 7=,
o FARME : CLIPO &S BREIGRE THF R NOFFHELEFHEGEEICEIGL 5 DONIhETITDEM - 1=,

7=, BEOFETIIEBIFNEE BSR4 SEIS T DR (ZFinetuned 3 DMNZ L\, ZDFHN TIL
CLIP4#EFinetune L &2 L \B§EZE L TL\ B,

o FE:ETAOEETL—LECLPETMCAAL, Frames & ORHEE{85 (Frozen), &7=CLIP
42 ) = Transformer Decoder£EB A\ L. EIEORIOBRIIERESE. (TH)

o MR :FY. CLIPOEANFZIFICEHFL AL (Frozen) D=, IREFIZEVLOFED X MALLERRY
([Z/hE (., BBIZ. Kinetics400, Something-Something-v2i E DT —4 v b TH\BEZIERK,.

g/

s HE - @E )
e
. F'el I
= - Temporal [ Cross-frame ]
-g Convolution Attention
fa CLIP Image position 24X
— Q
Backbone Embed
(Fixed) KV
= f [ Multi-head Attention ]
]
[ MLP ]
._Jg fo 7
* fi Class Score
(a) (b)

F EHBY: Qiu Yue
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Fine-tuned CLIP Models are Efficient Video Learners (CVPR2023)

o HIE : CLIPE{SYSHE ( Fine-tune ) ZENEREICES L 7=.

o AR : BEFFIAICLIPHAEE X EEEHICEN T BRI,

o F&: E_F.LU‘TJ: (2.

CLIPO B[4S D& & freeze 3 5 F
EMZMotz, T TI&, frozen CLIPYFEHE DAL TERENMET I 5 & ©F5R L. Fine-tune CLIPHFE
EEE}JH{%WUH%'“L}U L 7L:o

PRZFENCLIPOERE TX X I\I:'@HEEJJE{%? 242w N Tfine-tune L

TEEGZRE TR MOBEMEEE TS, FL T, 2R ~NEGBFEET BHRIZ. PromptsZFIFEAL T

(BEAHN) .

2AY (2]
o MBR:ATHTRT LI,

@it L 7=,

FBEOFRELELELLRT, EEBATRAR Y F<T—4 UCF1018°HMDB517%4: &£ (<

BLWTHRLBEEZELNE, B2, FELEFHEZTRNMLEZER. BEFEN STV TR
Vo7 TEdEnbhoT,

I 1x512

Temporal Pooling ’ Maximize Similarity

1x512 1x512
| l
Image Encoder { [ Text Encoder &
] t
m ]Tokenize
(4 Prompt: “Ice dancing”

2t i

F EHBY: Qiu Yue

Temporal Pooling —> Maximize Similarity

x512"
fr xs12 tixsiz

Image Encoder Iy % ' Text Encoder Ty #

ImageEncoderlz *‘ ( TcxtEnéodchz *
N t
17 Tﬂ § ]

1
ImageEncoderh & l TextEncodex T ﬁ%l
T T ) f f

ffff

“H

ﬂ Prompt: “ Icedancmg
/‘T\F ,L ned prompts

-

Vanilla CLIP (ICML'21)

CLIP text-side tuned

CLIP image-side tuned

ViFi CLIP XCLIP (ECCV'22)

Acc. 63.2(A=-8.8) Acc. 69.8(A=-2.2) Acc. 72.9(A=+0.9) Acc. 76.8(A=+4.8) Acc. 72.0
L
-t S i .® RETR
8 . y e % v"‘. LT “
- i < - ® 3 - L
B » - ¥ ., & "
S ol 5 s = > Ve i A
] * ¥ RN = B ¥ i _" ¥ §
o Wie AL AT e s A i
Vi 4‘ n‘.' 2 2u 'k ." >
@ = 4 Lg
.
Vanilla CLIP (ICML'21) CLIP text-side tuned CLIP image-side tuned ViFi CLIP XCLIP (ECCV'22)
Acc. 40.8(A=-3.8) Acc. 48.5(A=+3.9) Acc. 49.0(A=+4.4) Acc. 51.3(A=+6.7) Acc. 44.6
- L »
? . oo o :
3 ¥ * B - *
a * & A -
S e 0 e
g ¥ B o 3 ‘\ » % @ ‘s
S # T . .%. . Ex N;.
T ut \b\;? %

il
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Generative Agents: Interactive Simulacra of Human Behavior (Google Research, Stanford University 2023)

o HWIE:: MRIES:ETT/ILLMZFIAL DD, Human social activitiesZ¥ X alb—¥ 3> 9% 7L — L7 —% Generative
Agents%1222, LLM /ChatGPTZFIFAL T4 —AMNPCEZHENER T 2 A=\ 2RL (£X) .

o FTHAM : CHETORRTIXIE\E A LARX/X2 TOHuman activites®¥ T 2L —¥ 3 > T& =M. Group human
activitesZRWA A LANY (ZH) TV I al—Y arv3dfREChETITHEMA o7z, £/, LLMZHuman activities
DY Ialb—YarABILT AR ChETICAN > 1=,

o FE I EEFFIENIDODED a—IIDEHREND, TI. memory stream(EBIRSEE CAgentsDITEN) X N &:0IAT 3

(LLMR—Z MRetrieval ETIL ) , JRIZ, reflectionTIEITEI) A EBL R TH#HL . BEEEALICKVITEIVRME
Bl TEH B, BREIZ. planning TlXReflect L 7=Memorym 5. {TEIOFTEZ(TS. T BIRSAETHICKY
memoryE=EF L T\, (BAX)

o HER : EEATHMAIC LY. IRZEMDGenerative Agents ( 25Agents ) MBRIAYIZ 1 7 L% Individual & Group Social Activities %
Y2al—ya3rTESILERLE, A, 25AgentOFD—ADAgentlT"/NL Y 8=V T4 —"DA RV N EHIT
WDHRERAZT, TRISH>TARY N EH T 2BERAETDOAgentsISiHN Y, B4 DAgenthNEFL-Y T BT
JL7gactivities®D = 2L —3 3 VIZRIN,

Generative Agent Memory

“u

i
R

&“E&rﬂlg 03 T

3
515

@

X EBY:

il
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LAVENDER: Unifying Video-Language Understanding as Masked Language Modeling (Microsoft, CoRR 2022)

o ME : %> BVideo + Language—LanguageEF )L EMasked LMIZ&— L = E T ILIRE,

o BIfFFE : £ 2 XV specific headlossBNUELFEZNH 5. T, 8L XU & seq2seqgencoder-
decoder~@t—3 2FixH H B (decoderfll]l/XT A—R2EMEB L\ ), FiE 1 IREFE TEMasked LMD
I, CVideo + Language®? X ¥ ##—9 4. F/=. FAIFH (MLMA X & Video Text Matching2 X T
ERIFE ) - finetunefFIEEI CBIEE(E D . < D & S [Tspecific head®loss DEEETHAMEL LN, MDD,
encoder-decodertgia & U /N5 A — R AR,

o HER :iEZMmasked LMR—XDFEFLERMICETILANERENTH Y. 14588 DVideo + Language

RUFI—IT—21ty MZBOWTEWVBELZIER ( 5 512f8%E(XSOTA ) . E(Zfew-shot>zero-shot
RATIZHNTHFEHATE S,

Masked Language Modeling P .

Video Inputs “[CLS] [MASK] people eating at a [MASK]. [SEP] ” cartoons, Mrestatrant ] Unified as MLM ‘,
1 Open-vocab Masked Answer |
. Video Text Matching & Text-to-video Retrieval LAVENDER “true” ! Prediction I
= e “[CLS] There are two cartoon people at a restaurant. [SEP] [MASK]” rue 1 * :
[}
I Multiple Choice Video QA é X MLM Head (0.6M params) |
“[CLS] Where are the two people at? [SEP] option 0: school.... [SEP] X\ “" N - - - !
option 4: restaurant [SEP] [MASK]” \! Multimodal Encoder
/"\
Open-ended Video QA . “blue” g 1t wh h'c —_—
“« : ’ ) ” Video Inputs at’s the Color of the
[CLS] What is the color of the man’s shirt? [SEP] [MASK] Man's Shirt? [MASK]
Video Captioning * Seq2seq B o .
“[CLS] There are two [MASK] at a [MASK]. [SEP] ” attention mask people”, “restaurant (€) LAVENDER

F EHBY: Qiu Yue

il
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PaLM-E: An Embodied Multimodal Language Model (Google, 2023)

luma Ng Me
drawe bot: 1
= S S : chi Q pubagiion. qami ikt iy s
%ﬂﬁ u 7k \\J h & g < M u Itl -M odal p 9 rom rawer and plac Control A: First, grasp yellow block and ...

BIZE : Vision and Language” X%, Language-only?X%. Embodied AIZ X% . EEDOR

v MNZE2AL—3>3 >R TES. embodied language®FILERE

BIFAFRORIES | BIFOVandUAFRH RIRIER D FY—TOTHREMNRVN, EHFRO/NRY MISHET

BLANILISGELTULVRO, Fie, RER(CORY SOEMRREEA - ¥IB> Y —1REDT—FZIRZ

DAMAELLM, Multi-modalMFEEA ETRM DT,

EXMDPaLM-E (562B) : PalMZzR—X &EUT. EHifk - I > B —dState’d &ZTransformer

encoder-decoderdfRXTSEBEK L (CNEAVWTORY ~OEMENTIEE) « BRI EDBEHRZLLM
S L R UembeddinglC 751> B35,

&R BifFdVandL. Embodied AI5 X DZero-shot EENELY—7. OCR-free math reasoning,

multi-image reasoning, €U T

M u Iti— mOd a I Cha i n -Of-tho ug ht Mobile Manipulation PaLM-E: An Embodied Multimodal Model Task and Motio? Plzinning

b> ... <img> Q: How to grasp blue block? A: First, grasp yellow block 4 ,‘ <e"‘1‘b>} 1(
ge bR (emergent abil Ity) o I k iﬂ r? ? viT p: First grasp yellow

block and place it on
the table, then grasp

the blue block.

Tabletop Manipulation

<img> 3P kth e gre

colors into corners.
Step 1. Push the green

&l
. ' star to the bottom left.
E b d d LLM 2.1 Step 2. Push the green
mpoaie Visual Q&A, Captioning ... Language Only Tasks P 9
Describe the circle to the green star.
e Given <img>. Q: What's ir 8l folowing <img> H Haiku
? Ans wer in emojis A dog jumping Juage models: 10cean? A: Atlantic.
S #2904 e § overahurdieata Emb die d' nguage Q:\ A
. Sl  dog show. models are the future of Lang s trained on robot sensor data can
. natur: II nguage be dt 0 gui d robot’s actions.
.
F &EHBY: Qiu Yue

((Il))))

Given <img> Task: Sort
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Prompting Visual-Language Models for Efficient Video Understanding (ECCV, 2022)

o HiE : CLIPZE)HE:Z:E - Video + Language 2 R ¥ IZiEIG L =FiE,
° $§£ : CLIPOT ¥ X MAIIZPrompt vectorsEIBINL . # XY & DISMEEFE s %, F/=. CLIP
BEHOEGISEIHHES (CTransformert@i& 21BINL 7 L — A O Temporalfiig = FE 4 5, FEH I
6B€$‘§l\prompt vectors & temporal transformerO #%E, ( T )
o BE:BMEFELYDGRUNRT AL TIODBRFOEERNY FI—4 (HEAZ R LVideo +
Language® 27 ) TEWVBEEE2ELNT,

visual encoder textual encoder

video
) embedding

Action TOKENISER el
Recognition (“archery”) encoder

visual

text
embedding -

action proposals

proposal
detector

i
a

TOKENISER (“archery”)

|
! :
! |
! |
! |
! |
| ! encoder
' i
|
! |
| | .
i Text-Video TOKENISER
| T T T T T CLIP * : Retrieval (‘the man textt:jal
i text encoder i loves archery.”) encoder
i Transformer L aaagg
i | visual
ror o1 11 bttt ot e
| I | encoder
| oo o1 %
! L |
! |
prompt prompt | i

| t e ekl Action TOKENISER textual
| p— RS t ot ’ ! Localisation (“archery”) encoder
i 2 L

i |
! image encoder | W el
{ : ke encoder
| :
| : |
| i 1
‘ ]

'ﬂf’;/“g o

F ESBY: Qiu Yue e
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Verbs in Action: Improving verb understanding in video-language models (Google, 2023)

o HE : FHEIICT +—Hh AL 7T, videoltextDcontrastive learningFiENDIRZ,

o M : BEfRETextOCLIPET L ZHERICERL =FENSL, COXETIE, HHEICEEHL. #)
H & 7% X b Dcontrastive LearningF A =122,

o FiE: FTTEEGEFEARSDcaption™ 5. LLMZEAL. captionDEEEIEZERGZHDIZEFET S
hard negative captionsZ A=, F7=. captionZF & H7=verb phrasez 4R, £ L T, 285D
contrastive 0 X ( verb phrase loss & hard negative caption loss ) ZF\ THIERE TF X NOXRT7EIE

=FET 5.
o BE : 3DDOTFimARY (video-text matching, video QA, BJE&ZH ) (CHLWTHRLHL\VEOY 3 —
NEE & IERL.

Original caption Add prompt  two brown horses running on the grass :

| two brown horses eating grass I
two brown horses eating grass

two brown horses fighting on the grass ’ “—~+{two brown horses lying on the grass‘

: Batch Generated hard negative caption
LLM two brown horses sleeping on the grass: = WS
. squatting = A NG\ ™ person squatting at the gym
l two brown horses playing on the grass ! - g K X% —
. cleaning camera / “ a man cleaning his camera
: N\
eating grass  two brown horses lying on the grass standing ¥ N2 woman standing in a post office
Video Verb phrase Hard verb negative captions ‘ Verb phrase loss Hard negative loss

F EHBY: Qiu Yue

il
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VideoCLIP: Contrastive Pre-training for Zero-shot Video-Text Understanding (Meta, EMNLP2021)

#XZE : video & text@contrastive learningFiZDIRZE, Tk
4 2 THl'\zero-shotisEMNB 5 1=,

BBWF—4 : £ pre-traininglF I CBEFORY FT—4
HowTo100M%fiiFH. SEBRT. HowTo100M%EAXA LY T
B9 % L zero-shotiEEMLLERAIICE K LV ERL BN B
% - &fine-grainedfiiZivideo & textMassociations AU E
& FiR.

ETFIN : 3. temporally overlappedfy7zvideo-text
aignment=FAL, BRIRSOEYTUAEWTHT S
videoDXF5 & BBEIZ L 7=, contrastive learningfE (=, BEFD
FiA£TXE CEEP Thard negative examples& 65 Z &
AMZL\, TTTIE, retrievalR— X DFiETvideok 7 T X &
oL, FEBICELY A2 —0Fh0EUL = tth ET
7 A BShard negative examplesz&£H 3, (AXN)

FBE : B30 Fiivideo-language? X ¥ T+ 5 \zero-shot
BEEIZEN. £/, BEFOsupervisedZE DBEEBA -7
_Z :E) % é o

F EHBY: Qiu Yue

o Overlapping video-text clips e Retrieve harder videos

Retrieval Video K
Video 1 m
- i g@m P 3
Video2
ideo
how to
e ams @ e

First, you need.. Next, pour sauce..

"

VideoCLIP: Contrastive learning with hard-retrieved negatives and
overlapping positives for video-text pre-training.

¢ NOW, wipe with
a paper towel

il

cvpaper.challenge 4°



Unmasked Teacher: Towards Training-Efficient Video Foundation Models (arXiv 2023)

o HZE : E{EMfoundation model Z ki & L 7=31ZA %4 video foundationET )L DIEZE,

o BEEFiX : BEEDvideo foundationE 7 )L (&image foundation model (IFM ) #RX—X & L=£ DOMAEB < . temporal{EER
TEMNE B, T, videoMAEFEMtemporaliBiREFBETE %—7. StHIX MEL. BLRNLOEIVT 1 v 715
EAME L % Bvideo+languageZ R (TH LT OMEENT < &0,

o IREFX :IBEFiL(LvideoMAEL IFMOCLIPZRIAL 7=z, BRAYIC, CLIPOHEDEHENE L TvideoMAEETIL &8
StEd, TORICCLIPOFLANLEITY T4 vV IEBREFIETE 420D, Y ¥+ ILDvideoMAEDE L \decoderDER%
LBt 3, F£7-2EBRET. videoMAEDERS & videotlanguageDEPD E FNFNFEE T B L T, FEMREFHEMN
SEL RSB LARNILGEIY T4 v 7 IEROBBNTREICR D, (E£X)

o 1BE : 32fXMA100 GPUT 6 HREITEE L -IBEFENEL D video-only, video+language? X ¥ TbELVEE £ X1,

(BX)

(Action Recognition)
~—— Previous SOTA

r Stagel Single-modality Tasks Kinetics-400 MSRVTT
o . = i i £ el . &4 {Action Recogni (FT VQA) VideoMAE
r by Vanilla ViT -9 CoCa/VideoCoCa
ko U] = Train from scratch Y\ ion Recognition ction Detection — Ours w/ public sources
i i o | i Sthsth V2 ActivityNet o
I mask i scene-related (Action Recognition) = (zsT2v) / CoCa \\
R —— S “horse running” [/ ED ‘
‘I __ " Unmasked Teacher i .-~ temporal-related \ g
v B N LIS U I — 1 " “opening” AVA V2.2 MSRVTT \i39.000 kg /
i N i “closing” (Action Detection) (zsT2v) _4
v 1 UTA N
- ! Stage2 Multi-modality Tasks 70%
r. Vanilla ViT e.g. SthSth V2 ityNet
£ Stage1 pretrained = (FT T2V) V)
‘ < g a [ videoRetrieval | | videoQa |
R VTM MSRVTT
VTC o= (FT T2V)
« ® o
oy
is sitting Text Encoder 2 MLM A woman is Q: What is he doing?
on the Open-source doing yoga. A: Playing football.
. .
F &EHBY: Qiu Yue g
==
= cvpaper.challenge
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Action-GPT: Leveraging Large-scale Language Models for Improved and Generalized Action Generation

o WIE : BIFOT—41twv bDITEIDEMZ TO> T b UTLLMZRAVTEEHRED
MCERIT B ETITHE—>a > Ak EmBEEiE.

o FARM : LLMOFTFX MBSDE— 3> EKRADIGHE, BY)RT0O> 7 bk
9 BDEEENDENET.

o HER : MEROITEIEMZHWVEEZ(CHUT, EETUEREMICKIDZITO>T MR
DMTE&bTHML&%ﬁﬁﬁﬁme“k$D EmalRT—>3>0%kh
T3 &= ZEEE.

1

et

(&

v Text
Encoder

Description
Embedder
Embedding
Aggregator

\

Describe a person's body
movements who is I.arge-s:ale Motion
performing the action Language Model BN = —
stretch arrow on bow (GPT 3)
in details

(Xorompt)

prompt

£ &HBY: Kensho Hara

Motion

Decoder

==
==
=
==

Sampling
(Deterministic or VAE style)

|
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Procedure-Aware Pretraining for Instructional Video Understanding

o WIE : A>A NSO I3 EEDIREE(CEITZPre-trainingFEDIEE. wikiHow
DT —IMNBEBIEFIBT—F A A NS TS 3 IS UTEFIBEDER(C
EDOWTEEFIEORNEET ST (PKG) ZHBEUPKGZHEIE L TESTIILZE
8. JRURH, ATvITRH#, ATV IFRDEIXTICHNTIEEZMEL.

o FTRAME : PKGODHEZE & PKGIC K BPre-trainingFEDIRE.

o #&ER : PKGZEFIFA LTZ4DDPre-training Taskxz 2 CTRAUVBIREFEN, COIN,
CrossTaskZDownstream Task& UFEFHMIEEER (CH W TCERBEVVEREZTER.

£ &HBY: Kensho Hara

(a) PKG Build

Instructional Videos

(b) Pre-training

Procedure-Aware Model

ROK]
N =

~EY
N
SOF
N1 % *

(c) Downstream Tasks

Task Recognition

make sandwitches

Step Recognition

cut tomato

Step Forecasting

next step?
add mayonnaise?

cvpaper.challenge 54



Dual-path Adaptation from Image to Video Transformers

o WIE : BURCEZ UERTES)L (Transformer)Z&E (C3HZRI (SEA I D28
DFEZIRE. IBKFEEIERDEM &EZER(CHEI I BDDual-pathiB&Zz AL,
EpathTEZNZENEE/RAdapterziEA. AdapterAHx¥8 I D & TR

FE=ZXIA.

o ¥TARME : Dual-path#&&dAdaptation.
o &R :4DDFT—Atw NTH

KDAdaptationFEZHER D EHEZERK.

3D Position _(0)a
Encoding _>

£ &HBY: Kensho Hara

Temporal Path

D Lx

¥ M

* LayerNorm

E T
N A 4

% LayerNorm

Spatial Path

I
[ Embedding ]

Temporal-path
Adaptation

Spatial-path
Adaptation
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Revisiting the “Video” in Video-Language Understanding

BE - &R : #$E-SEIBEACHSVT [8E] OnEMEZDH. BIROHZHND
LR —XT51 > EUTATPZIRE. BEIC(T /A XERBIL—LAEBRESDTL)
Dics, EHTL — LSt UEEHE (FE8HFOBR-SETST /L E2FA)
@EPtLtJdeEOD%uRb%uﬁﬁa“ét&;@%/z —JL. ATPICKXDERILE-SEE
FILDORIRIZTITTSOTAICILE - BX D MREMNESR T2, limiationB 4.
AR  ATPZIRZUBE A D ZERARICHIA U5 1B KD EEEZ 514 L
T (88 OBEEIFHICOFTUIES.

Si g| b
@ gelected &) Atemporal Probe (ATP)
Encoding

Output Selection  (mage Encoding

Inal Video
anguage lasi
Discrete
election -
Probe (ATP) |:| |:| H I |:| I
el orai -
n 4

informatiol
Fro Frozen Language
Imag Encodings D
Encodin ng (v.vlointly Pre-trained
e

““““““““““““ d [S lector Encoder (Atempor: I]
a ({P e-trained (frozen) image encoder M,J [Pre—trained M,_}) I I T T T I I I
1
Sparse Input Language
. e | U O B I (oo
Sample
@ i it ;j.,.f.,,mm == — Unordered set of ~ Language
. . ﬁ::v mmmmn;mm:ﬁ \I/r:g:ct) — R L Image Encodings  Encodings )

time

£ &HBY: Kensho Hara
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OpenAGIl: When LLM Meets Domain Experts (arxiv)

o WIE . BHDEMRIRDZRRT DIz, BRSEBIILVUZANELT, LLMAYIEFTHE
I BIEFTILZIEIR, &8, %?-_IL/'C/S’XO%‘:’_5OpenAGI (X)) %T;E'E;L/T

o ¥TARM4 : Reinforcement Learning from Task Feedback(RLTF) XA =X /AT, LLMASX
DDEERERZ T« — R\ O EUTERL, LLMOgEDZRIEEES.

® ER : WEFEBNMDIRIT T« —RINwT (RLTF) (F. FEDI R IO RAA (TS

LLMOEIGEE N ZE KIE(CR EESEDRCENTED(EX) T e— e

Given low-resolutioned noisy
blurry grayscale image, how
to return the regular image
step by step?

Task Description LLM: Model Set
Given low-resolutioned . iiven low-resolutioned nois -
noisy, blurry grayscme' GPT or LLaMA Pre-defined models Evaluation u ayscale e, ho. 0 \‘ bear
N § or Flan-T5 or from (= O return the obje s in 1
image, how to return the ¥ English step by s 1 ep? ¥
regular image step by step? others i
T - : i Given clozed English text, Abig ‘;;2&%;\‘;{21{] Ein keiftiger Grizzly
Task-speficied Dataset Task Planning Solution Execution Ground-truth how to translate the text e Biir ist im Hintergrund
in German step by step? lfackgrolm d mit Gras zu sehen.

Given noisy blurry grayscale 2
unga.ndl ed English query, 1
hwtanswethq estion

in English step by step?

Question: what number
is [Mask] the
player’s jersey?
Context: Super Bowl
5 was an American

< / 1) Image Super-resolution,
a2 IS - 2) Image Denoising,
;R 3) Image Deblurring,
4) Colorization

clozed English document football game to Goldener Jahrestag
and 1 ed English ques ry h oW determine the champion
to answer the questios of the National...
German step by Lep Question: What was the
theme of Super
[Mask] 50?7

X EOBY: Yanjun Sun

il
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% Correctness

Language Models as Zero-Shot Planners:

__Extracting Actionable Knowledge for Embodied Agents (ICML)

o IIE : BIFDLLMIZA R I ICEDWT—EDITEEHEZVER T D Z EHTEIEETI MY,
CNSOITEOETRIEEN (A=) MEVLWRICEB U, LLMOt I SIREH
AR ITDITEEIY ST ITDET. LLMOEmbodiediRE (CHBWVLTEUVEITOIEEH

SHEZER 9 D &N RlEEE RN F UT,

R DITEN
o FTRAME: E

TILIMEWLARILDT R D& FRITRIREIC T DTed. ETIILVEEELRT (.
—EDY—)L (BENER) ZiREU.

e #E5ER: Human EvaluationTIRZE UJ=Translated LLM(Z. &p=niz>72o> 3>

DEITRIREEEBEZR L EF U,

100
Human (100% Executability)
S . Translated
© GPT3175B GPT-3 175B (Ours)
@ Codex 128 e
60 ==
®cprsim Translated
40 Codex 12B
(Ours)
2 2
55 GPT215B
GPT-20.1B
o
o 40 60 8o

20
% Executability

Human
Task: Throw away paper
Step 1: Walk to home office
Step 2: Walk to desk
Step 3: Find desk
Step 4: Turn to desk
Step 5: Find chair
Step 6: Sit on chair
Step 7: Find check
Step 8: Grab check
Step 9: Squeeze check
Step 10: Stand up
Step 11: Walk to trashcan
Step 12: Put check on trashcan

GPT-2 1.5B

Task: Brush teeth
Step 1: Go to bathroom

K COBY. Yanjun sun

GPT-3 175B

Translated GPT-3 175B

Task: Throw away paper
Step 1: Walk to home office

Step 2: Walk to wastebasket

Step 3: Find wastebasket

Step 4: Grab wastebasket

Step 5: Walk to desk

Step 6: Drop paper in wastebasket

Codex 12B

Task: Brush teeth

Step 1: Walk to bathroom

Step 2: Walk to sink

Step 3: Find toothbrush

Step 4: Pick up toothbrush

Step 5: Put toothbrush in mouth

Step 6: Move brush around mouth
for two minutes

Step 7: Spit out toothpaste and
brush into sink

Step 8: Turn on water in sink and
rinse brush for one minute

Step 9: Turn off water in sink and
return brush to cupboard

Task: Throw away paper
Step 1: Walk to home office
Step 2: Walk to table

Step 3: Find table

Step 4: Turn to table

Step S: Find paper

Step 6: Grab paper

Step 7: Walk to trashcan
Step 8: Open trashcan

Step 9: Put paper on trashcan
Step 10: Close trashcan

Translated Codex 12B

Task: Brush teeth

Step 1: Walk to bathroom

Step 2: Open door

Step 3: Walk to sink

Step 4: Put pot on sink

Step 5: Put brush on toothbrush
Step 6: Turn to toothpaste

Step 7: Put toothpaste on toothbrush
Step 8: Put teeth on toothbrush

Task: Shave
Step 1: Grab razor

Step 2: Switch on razor
Step 3: Put razor on face

Prompt

Task: Apply lotion
‘ Frozen

Pre-Trained Causal LLM

!

[ Step 1: Squeeze out a glob of lotion ]

1 Frozen

Pre-Trained
Masked LLM

l

[ Step 1: Squeeze out a glob of lotion ]

[ Step 1: Pour lotion into right hand ]

Zero-Shot Planning via Causal LLM

Translation to Admissible Action

il

Task: Shave

Step 1: Grab razor
Step 2: Wash razor
Step 3: Switch on razor

Prompt

Task: Apply lotion
Step 1: Pour lotion into right hand
Step 2:

1 Frozen
Pre-Trained Causal LLM

Step-By-Step
Autoregressive Generation
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CLIP-Fields: Weakly Supervised Semantic Fieldsfor Robotic Memory

o IIE : CLIPENeRFZHEHAENTE D CET. ERLOTY T o vIRRKRIEEE/SNT., LWAARORTA
DADI A CIATE 3.,
o FTARME .
O FBBEHFOAREET)L (CLIP. Detic. SentenceBERT) h'SEEY> T+ v IRRIRZER
FBIEH. ABICKDIINIUTFRK TERL
O XY T4 vy ARREZEPIMNEOTIGEFE L 1=,
o R . TIAFT—I3>EFEST—a>DEBRTHRIILUTZ.
o AVARVARGTAVT—=Yar ©IAT—S3amALtmELEUR.
o MWHRMNRIEREXTH. FEFT—>3> 6B,

B —

/ . Semantic label representation

— JI — = ‘L =L
ey 2y — I ” . ,
| | [ | D CLIP visual representation
One-hot instance ID
Spatial Multiresolution Location Objective Semantic
locations hash encoding vector mapping head representations
3D coordinates
X E8BY: Yanjun Sun

—
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How Much Can CLIP Benefit Vision-and-Language Tasks?(ICLR)

o MIE : VRLAXRIICHBIFTBMNBILFR YT EENBVisual EncoderdDtgez= B =(C. CLIPIIA
RKRRT—HATEZNIZESFTILE U TENTZVisual Encoderzfx CL\d. KA TIL.
CLIPAWVRLA AT ICENIZFIETMATETDDNEARIET DT, BIFDVRLAY XTI DVisual
EncoderzCLIPOEGDICEETRR . LOERZTE LD TZDEgEZ Ml U/,

® 8% : OCLIPDvisual encoderzBEFMDVQA. Image caption. VLNEFILICEZTRZ D,
QR DF—IFTES—ESZFIEZZITo>IEdhE. IRXIICIHU Tfine-tuned 3.

o R : OBEBHODOFETEIEER/MBERD L(E/RV., ZNE. VITHYWHMADOMUBRIIEEN KL <72
WS THD. QBBDIER TIFISoTAISER.

Masked Language Modeling
Image-Text Match Loss

The man at [MASK]

» 7 Why is the man
readies to [MASK] at & jumping?
i i § PRI
the pitch while ... ﬁf’w'ﬂhm
Visual Encoder Pre-training (CLIP) Vision-and-Language Pre-training (Optional) Task-specific Fine-tuning

& &8BY: Yanjun Sun

il
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Leveraging Large Language Models for Robot 3D Scene Understanding(ICRA)

o MWIE : O/Rv MO —AZAYRX AN DZRERARCIBETCEE I D E MR Z
BDOZEEFRRVES, LLIMZFERUL TS —JIBfSICHBEORER S5 X
BDEENTEBZFEZRELURE. BANIC(E, >—>2m53D>—>205
=R, 3D>—>20S5 %M TEEREDIEI DI EATOIE.

o HIRMK : LLMTS —> DIEMFHENE U,

® R :

Bathroom | [ ecroom |

& &8BY: Yanjun Sun

il
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Language Is Not All You Need: Aligning Perception with Language Models

&3% @ ArXiv 2023 In-context Learning|ZE{ECEE = BIAICEN Y IASD B

=% : Microsoft VIILFE—FINKKRIESETETT /L KOSMOS-1%182

o HIZ . BFRPERREDERZT <image>iEshiAdr</image> &L\ D Tz b—D 2 ([CEFENTC
BHIAHFNT MLE U TERIRUVEBDSFITTF A NN DIEIHREZ ITENSD L DI(C

o RN : BR-TFRAMRFIEFITRLLAHAI—RY b LOBERE SO TF R bIlEST—4
EUTER., IQT R MEESUVERAIRNESR - S35 XU TEseZ s

@ FISEDOHDLLMZIIFEL THBYILFE— s Format Examples

9\) Ij?— 9 t“f' n etu n e Text ;s;oljtcgzri);—sl:an perceive multimodal input, learn in context, and gener-
. Image-Caption <s> <image> Image Embedding </image> WALL-E giving potted plant to
E}”%ﬁ_ — 9 EVE. </s>
L s/ iR T~ Multimodal <s> <image> Image Embedding </image> This is WALL-E. <image>
— . “ Image Embedding </image> This is EVE. </s>
. N == _ ~ &
o T:\:Z '\ ' The PI |e‘\)DCCTd\ C‘:_ ﬁl‘"\] 28004'%‘ '\ 0 - Table 21: The examples of the data format to train the KOSMOS-1 model.
J— Woare Xz -
o @4%'7#’1 '\ . LAION_ZBTd: Cl:_;gk&ﬂ—{EE'f% Rubik's Cube
— t
o EHT—4 : CCHA MSEUE L2080 .

@ Multimodal Large Language Model (MLLM)
e

BT ZIOREBR—>

t t WALLLE aive EVE? nwALLES
LLMO#ZEAE TEBDRYBESRIVE S ITLAEADS e | |
BEXT—2 TR, 3—1XZADIL VTV THEF? ®,
*&HBY: Takumavagi 7 .
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Language Is Not All You Need: Aligning Perception with Language Models

Input Prompt

Question: which studio created the movie characters in the image? o HZGEII\EO)% (A ( EE%Z\OD :E @ U 7__ 1 %
Answer BHADD ) 7T—F T U F v DEH
F TSRS & &R Y IAB AR

Completion ~ SE LS
- X > BRI EHRTRY

e Chain-of-Thought Prompting ( &9
Standard Prompting @{%O)mg%}%ﬁﬁﬁéﬁtdtﬁ}m
(rationale ) &Rk, ENEBAN
Introduce this picture in detail: L _C%-Tﬁ:ﬁ‘: @% ) AMLLM @m%ﬂﬁ
THHEWTHD - L&D

Input Prompt

Completion

Itis a robot that is holding up a cube that is the same color as the wall. The image is from the film,
WALL-E, by Pixar Animation Studios. It is the story of a small robot named WALL-E and his quest to
build the ultimate life form. WALL-E is created by a group...

Input Prompt

It is a robot that is holding up a cube that is the same color as the wall. The image is
from the film, WALL-E, by Pixar Animation Studios. It is the story...

Question: which studio created the movie characters in the image?
Answer:

Completion

Pixar Animation Studios

Multimodal Chain-of-Thought Prompting

il
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SQA3D: SITUATED QUESTION ANSWERING IN 3D SCENES

Buiﬂa

: ICLR 2023

=3 : Xiaojian Ma, Silong Yong, Zilong
Zheng, Qing Li, Yitao Liang, Song-Chun Zhu,
Siyuan Huang

BT . IT—>1x> MIfIEYARERE
DIFTwRZTFANTEX., ZNICED
LWZQAZITD.

8k | AMTICKD KRS -5ty b
&

EER : mEFASN (ScanQAEFIL) .
FiE - BEERAS (ClipBERT) . =
2t A (Scan2Cap+GPT-3 Zero-
shot) 7x&EEEH/F—>

FE5ER : ScanQATET LA ERERAA
RDBEDF 73 < 50N

X EBY:

Description stxt: Sitting at the edge of the bed and

Answer a: No
facing the couch.

Question d: Can I go straight to the coffee table in
front of me?

/-\

Location (optional): ( gP0S grot ) »

Scene context S : 3D scan, egocentric video, bird- '
eye view (BEV) picture, etc.

G
e

Embodied activities Multi-hop reasoning

s Standin; ng in in front of the st ‘Working by the desk and s Just looking for some st Playing computer games
sink and facing the towels. the window is on my right. food in the fridge. and the window is on my right.
q: Can I see myself in the q: How many chairs will I pass q: Which direction should I go q: How many monitors are
mirror? by to open the window from to heat my lunch? there on the desk that the chair
a: No other side of the desk? a: Right on my left is facing?
a: Three a: One

scan2cap®DGTH v 7Y 3 > + GPT-3 Zero-ShotMIFEE D 5 L\OBEIZHE
200K 3,

Fumiya Matsuzawa
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Using ChatGPT and GPT-4 to Generate 3D Content

URL : https://medium.com/@nvidiaomniverse/chatgpt-and-gpt-4-for-3d-content-generation-9cbe5d17ec15

7__#'1 |\ &_Z—GE;RJTB\\/_\/ Omniverse Kit | B
(REOEER L ) *BIER Using ChatGPT and GPT-4
BREDT7 I +—SXRAEEEL to Generate 3D Content

U 7)L@EB§7§§EI§E Omniverse A Room Generator Extension
(COxREELEZORBERKIELSIZH ‘ 2
5. CONUEBROK. REDMH
EFOOTHD, L)

F E£BY: Fumiya Matsuzawa

P
==
E=——
E—
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https://medium.com/@nvidiaomniverse/chatgpt-and-gpt-4-for-3d-content-generation-9cbe5d17ec15

Are Multimodal Transformers Robust to Missing Modality?

o WIE : NWILFE—HINRFT—IN—TBIRIELTNDT—FZY MW LT, R—X5A
S EKDESVBEZER CEBDVI/ILFE—HFILIETransformerOZEZ = igE

® IEEFE : image-only-task, text-only-task, image+text-taskeNZeNz&&ELIEE
DIEKLBERE U TES. F/z. early fusion, late fusionESSZFHVNEEIE(C T DD
MNFE U1t

o ERAZDT: KEURTAMT—FTY FTR=XS51 > EDLEE

o R :ZIILEAUFTa —TEZBUKTransformerk DEFVEEZERM(GX)

* Task specific [class] embedding Text Image

* %
— Image & Text et 9t(“cmparsion of Robustness on UPMC Food-10 750 Comparsion of Robustess on Hateful Memes
ex & oy
I—‘ — Text Only |—‘ — Image Only % 5'}27J ~—=— Image & Text (Ours)
90 - B 725 Image & Text (Baseline) 78

L~

Image’ 5 38 Image only -
Transformer Encoder 85 B 70.0 69
ettt T R R e il ) 5" Y o o e
* * * [eeeeesees! E 5 75 733 65.0 639 /

e S Y Y <2 = <625 o
Linear Projection | o2
i il oy iy “ ; oS

AUC ROC

‘Word Embedding

| ||
| L o ke
look how people love you _H:’

~—+— Tmage & Text (Qurs)

() ) 60 ‘ E:.:,: iﬂrym (Baseline) 575
. Sogbsenégs"Text?:%) B g 30E;bser\?(g:iy.'rext.,(?l.l‘l;/o) e
L = ALimg(x';0) + 2Lzt (x?;0) + A3Lis(x!, 22;0),
F &£&HBY: Okamoto e
= cvpaper.challenge ©°



LLM+Robotics in ICRA 2023



@ AIST

Sonicverse: A Multisensory Simulation Platform for
Embodied Household Agents That See and Hear

F—F4 AL ET 3 IC L BMultimodal Embodied ¥ 2L —> 37
—3\‘/ |\77J'_A%$IEE$O

Sim2Real tH 3R A2 FEEF, VRI—ZNLICL>To I aL—2 3 VIERETA
YRZUard AT EHARE,

filz

< v
nPos r?“ Water tap sound
Agent l

in the kitchen
T

jstener) ® oA '

Human-Robot

Sim2Real Transfer Interaction
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Embodied Referring Expression for Manipulation Question
Answering in Interactive Environment

FT7 7 b EBELEVWEEZZ 5N WL Embodied QA X X7 %
RXR,

. Finding
Q: Is there a credit toaster ...
card in the drawer | T '
under the toaster? Target

Object




@@L AIST

3D-VSG: Long-Term Semantic Scene Change Prediction
through 3D Variable Scene Graphs

BHFEDIDY— 77 7ICHTICAIE M EM %80 L 7-3DVSG 2 1R
£, ETINVIREDY— VI 7 7% ANEL. ZNFIhoFTV
7 b DOFRDELE - JREE - AIB DT RIEEME A T3 ?

Current Scene Input: 3D Semantic Scene Graph DeltaVSG Ou ‘P ut: 3D Variable Scene Graph

’ Aml

. © | instance Variabilty: 023
O :
Coffee Table

Current Scene

Future Scene

State Variability Position Variability Instance Variability
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Grounding Language with Visual Affordances over
Unstructured Data

DEEHERICTHTIABOT LA T2 REIN=-WEDCEEFRETILEFE TS
EEFHNEERMEE I -V UMY AREES
QLLMZAWTHRIETREY T 2RI fE

FRICHRELGEET/T—avh 2T —3201%TIL(?)

| Can you tidy up the - o “Place the pink block
workspace? Gzt |n5|de the drawer”

—

ssssssss

O, Affordance model ( F, )



@ AIST

Neural Fields% Grasp& X 7 |2

GraspNeRF

hle NeRF Material-agr .
Construction Grasp Detection

uu ,§

(%

|

S Q — — et
1

5 =

~

Local Neural Descriptor Fields

( el Sagi Y -of Di
O nos | I I i
I Local 3D Feature Encoder

Pose Optimization ]

= d e

Neural Interaction Field

f*‘| ¥ © v n
RO LYY

Query Target

NIF

Neural Grasp Distance Field

DeepSDF(q,,,2) = dyy,

NGDF (Qpoues 2) = dpose

; dqu“ 2

DeepSDF [1]

Neural Grasp Distance Field

£
%

)
1« R
dpose = 5 O lIpi =il

Control Points Distance
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Proposal for a REGULATION OF THE EUROPEAN PARLIAMENT AND OF THE COUNCIL LAYING DOWN HARMONISED
RULES ON ARTIFICIAL INTELLIGENCE (ARTIFICIAL INTELLIGENCE ACT) AND AMENDING CERTAIN UNION
LEGISLATIVE ACTS

BN DATRREIZR(2021.4.21)
o ELAM MEDCHANBERTS L TOAIDU RS & TOMBIEEE HECDNT
o L hOBERBEHEMEHMLLSE LD, BHRNER SBEMNBEEE 52 S 3THEE
R (22

ZIEESE4ADDLANILICHMTLND

AR CERVWIRY | EEREARNAEZEN UANICBEZINMZ D DAIFEELL

=URD : BERREIC K DEMERILY 1 > T SAL. T X MDEA. HBEODERAEEGRE. A

DERPLZE(CERICENDDALZE) X THFN

@ KURYD : NBIEMET DS RT A RBRMds. T —TITADREDITI> T ViRE
S AT ATERRMDCOVNWTDERMNE (AIERYI THDZ EDREH) DHEER

® F/N\UXRD : ZDMDAL (RINLAT A ILIIRE)

o AIERIZLDYRYDEHHIFLL . ADEFDERICIIDAIDFREAELT ) AT
o HMNEIEIEDFEICOWTIEEsELYEEELVSDIESE & > EEH

& &8HBY: Seitaro Shinagawa
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