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TP P A R 1 R e B, (B [) 25 X 55 % Sk ] Tl 5 2
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Guidance Pre-training) & 4§ 2 151 25 KA A1 25 1o 7
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i LA KA B 45 A T 2 2 A5 i 1 0 R AR S 5 R AT
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E o I 25 3 W AN o R 7R A A B 2 850 5 (2) Yl
R0 RS FR T I S o R A 4R S 5] AR T
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TN 25 55 40 4, 38 o [ A g A g 2 5500 B0 Al ok
KM H 4 — EIEPLAE 7. Huang %5 AN 2
T KOSMOS-1 2835 R 5 B, RE 4% B i 2 B
15 BT A F5 4 58 LA A i 22 B3804 i )
VB RS 2 RS S5 AR SR B o, LR A
CLIP {05 4 i % VIT-L/14 18 B4 4 1% 2% IF
] 5 2800, 38 1 22 004 0 4 B 5 B AR R 51
A (RN i 2R BT SCAS i Bt % fige B b 4 L 45
T M2 BT S AR RE . Li AN )
A BLIP & 81 T 4E ., W58 o 18 30010 25 00 B R G
i 2% 5 RS 5 B A (LLM) S50, AUCR AL & X
A G 1) 2 B AT 55 00k eR B A 2] /N T
R, LR A A BRI SR E B Ak
IS R LB 1) 25 P R AT 55 . Liu % A0 4R
Y LLaVA SRR FH 4 3% 4 2 4R o 5 528l Bl s
Yo, o W 1 K = 8y f5 4 8 76 1T 5% (Instruction-
following Task) ¥ [ % M5 g 65 4% 7= A= 10 G R AE
WSt 2 LLM 48 7R DX [a] A B0 Ry SCAS 288 48, [l 2%

ZESWMA What is unusual about this image?
XKERBHARIHES?
SHESHH The unusual aspect of this image is a man ironing clothes on the

back of a minivan or van. This is not a typical place to perform
this activity, as onc would usually iron clothes in a more
stationary and safe location, such as a home, using a regular
ironing board. The scene depicted in the image is peculiar as it
involves a makeshift ironing setup on a vehicle, which can be
both unsafe and unconventional. Additionally, it is not clear how
the man is able to maintain balance and stability while ironing
clothes in such an unstable environment.

FHnE 3 Frn . BB 51 S 2 S O A
Bl T Y11 25 61 22 2 0000 A 285 S B 2 Xo) R Rk 22 B ROA
RUFEAT S U 2, S T 78 32 FOMES T 52 I T 1Y
X5 A A 2 PR BB 0 AR S L (R I 25 5K W Al ] B
B 2 RS g B i Bt/ X LA AR S HL A I RE
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FRAE A W 28 R AN [A] , BRAE 2 4 25 A AR 78
Pharoh: (1) JE T B — B A0 25 i 1 28 %) A A 28 L AR
Pt AR 8 B NS AR X N B — B RS 2 2R
(2) J T iy 21 sty 22 A5 2 i 0 4 100 2 RO ASE AR, 3 Ao i
Bl i Y 2 22 Fh T AT A e A 45 (] I 2 B0 0T 1 2 e 5
BNE.

TE I T P — B R i R R 0 A RS AR T
Kirillov 25 AV 4R H 9 SAM & — i RE &1 %) §14%
A G5 X I P A 1 S 43 A5 0 I R B R AR
LR R BRI B 4 TR . Ramesh 25 A7 $i
Y DALL-E 2 J& —F iy SCA 31 R ) o — B AL
ARSI 3 S OB R X SO A B A R L S
FH 0 A SCAS A 00 e N 25 1 6T R B S A B4 AR
Kl 5 Bk, Deng %5 A7 #2 H B LFR-GAN 12 4 i
A SCA IR BE & 1, B 20 51 5 X Bt AR W 4% 3% AR AR
A R SEISCAR B I R ) 5 RS AR Y BB . Poole
2 NPV Y DreamFusion fif B SCA 1] — 4k & (%
A Y b BB A A 3D & A5 Y Sl 56 45 A4, 1
BAEE T B AL 3D @A 7E — 4k 85 5 SCA R B i
R ST SCA R 3D LAY Y RS A R D) RE.
Villegas % A\ $2 Hi 19 Phenaki M 5 Bh A 25 5 5 45
PSR 46 21 25 BT, 8 o SCAR A I B T 5 B
FCEA T AR A A AR ST SCAR BB i) B A AR AR
Radford %5 A" 42 i Y Whisper J&— ffi i ¥ ] SCA
(Y A il KA RS L 3 i AE 68 T /NI I B I 4k
HE T3igia a6, bl T EFESH T X

ZETEA Can you explain this meme in detail?
{REEF AR GREND?
ZIESEH The meme in the image is a creative and humorous take on

food, with a focus on chicken nuggets, as the center of the
universe. The meme begins with the phrase "Sometimes 1
just look at pictures of the Earth from space and I marvel at
how beautiful it all is..." The main image features a tray of
cooked chicken nuggets, with the chicken pieces positioned
to resemble the continents and islands on a world map. The
meme playfully suggests that the chicken nuggets represent
the Earth, and the various locations depicted in the photo
are ly chicken nugget of different places.
The punchline of the meme appears in smaller text at the
bottom, reading "I mean, it’s not the real Earth, but how
beautiful it is all is." This lighthearted and entertaining
meme combines food and humor, using the image of

chicken nuggets to create a funny and imaginative
representation of the world.
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fift 54, CoDi AR B4 1 A Al 1 25 . 3 1) AR
DIhE AL A7 IR T BUAT 00 A A o % 5 A1 RE T L 2
P AR B SRR BRAR T S 0], i
FEl B e B S AT 5T BT 26 A 19 58 R K90 2. 07 248
A KBERD L £ 4 DAL A () 2 A% AN A= AR 7L AE B
B IO TR OO R 2 A A L Rl A 3D AR

LEMRER

hEMHS

= 5T F MBS R SR 2 R SR AIME .
B A 10 3D HiR AR 5 o3 T 45 Z2 AT 55, 86 T o
) Sty 2 1L A 5 2% A U Y, L #% [ ) B i 55 A B
Z RS NS 0 P B s AR OOE B — B A S A R A L A%
TR I L
2.3 ChatGPT SEBLHARHE

i 5e# ChatGPT ZHAEYIfE A B X H k17
ZRSAITE . 2022 4 3 J] OpenAT RIS 530 K&
7T GPT-4 45 Visual ChatGPT™ B 3 & T
ChatGPT W) Z BTGB R, GPT-4 1E4 H T
OpenAl Z5 4 M1 B8 7 fx 5 1Y) 22 5228 Tl I R s 2
B&T —EmE FH % Re ), AR AR 4R 4 A B iE AT
PR [0 25, AN AL RE R NS A REBLA% 10 (&1 28405 , 36
RE AR B 147 R OC 9 i A A . AHL 52 2% W] SR g

KB

T T

B4 #MEKER SAM B £ E 6

An astronaut riding a horse in photorealistic style.

e

BN EREE— TR RRED
e

=4

A bowl of soup that is a portal to another dimension
as digital art

AZAREERRS— MEEZEN—B%

E5 ZHEEEMEER DALL-E 2 B E R X5

O 7K K# 2.0:http://finance. people. com. cn/nl/2023/0616/¢1004-40015792. html
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Az BURE F7 3 5 3R A DG B A L 4 1 B 11 5] A
KTH B ChatGPT 58 BURR & 20 85385 A2 AT 5%
#l 2] A Stable Diffusion"®” 1 ControlNet"** % T
HAE Y ChatGPT WG 3 PME v 44 223K 2 40 A i 48
FEWNE . BT OpenAl 5 FE ChatGPT 1Y Ji5 4L
TAESN, BN AN BB R 2 & Al Google, Meta, | J& |
By FEL P £ 4 0 ) E 22 MRS Ak KO F R kAT T
IS, 01 40 Google #E Hy T PaLM-E"" 37 £ &
FOLE NRE My s RIEFEZBEE 5.
Meta #E H () ImageBind® % #f 6 Fi 5 L&A
BT () 15 B S R R T BB R A S —F/ 7
2 IS WY SR8 0 L 48 SCAR AR i L R R A Be )
AT EELEL B A 3 ST ) O K R L £
R XAAERNERESEASE R XA Z 8
BIEAE S, ST R DL R A KiE S
B Z B B i Tl Bt 5 2R B3t JR) 6 7
EE =

F 1 HNRE T I Aok T AR Ak 2 5 S I R

BERIPE g A SRR S BOR S AR, L MMES
BHn A2 14 FORLRL L SR L 4R BE RN N AT
55 43 9 Xt 22 AL 25 RASE AU B S RN S0 5 )y TR A 55 kAT
DY, 38 Ao 4 DT R I 2R R T 22 A A RO L A
22 TR 11 22 B 285 8% RN AT 45 1) 3R B ARAR
OwlEval"* J&:—Fh % 22 KB R [&] J HL1i7 fik 1 R 2%
XoF 1% il 7 It 3 o, LR SR AT S s A AR E
PR FAK B B A R BB AR L OCR ., 1R %% 4k
X3 5| B R A, W AN T AT AR R 5 o
PEAT Z RS KA RLRE 3 AP, #E 26 1 b, REI B
REHE AR 08 B TS0 A T3t 35 v 1) B3 5 B, o B0 e AR
FEM A 45 S Ay, FR AT 3 ZE X e BLIP2 . MiniGPT-
457 LLaVA .mPLUG-Owl™ &8 7 MME th &%
HLONAUTESS , OwlEval i fl 2 58 & 4T 45 1 %
PUPERE . AHOCAE LR 5 R B8 4 65 25 5 4 B 7 S
WAERWMA 6 R, Bl THEE—&/E LRt
T ChatGPT 7E Z B AE 5 68 1 LBk, & 2
T 22 RS () A R A% 3 R AR B A B 43 n) AL R R
GRIEEHMEZEESEN L RIEMRT S %
Ji

F1 SESTINGERERI LR

BB MME il 3 OwlEval %1% il 3¥
BRI Z R THES M
(M) 2 40 k& B 2
BLIP2 B NNEDy 12.1B 1293. 84 290. 00 13 13
MiniGPT-4 NN Dy 14.2B" 866. 58 292.14 35 25
LLaVA b NNy 13B 502. 82 214. 64 23 16
mPLUG-Owl A R 7.2B 967. 35 276.07 32 31
BRI SCE R BN SR MUR BTG AS R S
~ 5y @A) " 1200, (B)
m —
~ 13 S 1000 1000
12 11 ~ 1000
o |
4 & 800
g 9 f@}
ey 7 2
= = 600
w6 =
%& ;‘g 400 304 304
® B 200
x i
0 < 0
BLIP2 MiniGPT-4 LLaVA mPLUG-Owl BLIP2 MiniGPT-4 LLaVA mPLUG-Owl

Bl6 ZREMINGHILER A XAEEIESHEUBSHE,B. ARBEURFEUESHE

@© Meta imagebind: https://imagebind. metademolab. com/
@ HE“XL—7F " https://yiyan. baidu. com/
@ BB 58 CT-1A)7  https: //tongyi. aliyun. com/



730 oE RS

2023 4F

2.4 ZESWINSGERNBFS

2 1A T A A T S 3E FH N T8 R AR iz
FEE] T SR . (1) 7 B 5 IR 5S4k, T LA
T R BUS5 OR) R G0 0 R BE R KL R 2
T B A 55 fiE T, A B T IR R g5 Bk e Ak [ T R IR
SKCHEHEE 55 I FEAE HEFR 51 Fm A i b, (2) TE R
TR, AR R AR R R A L R 2 R S A
B S5 A Bl L ol 40 38R 0 R 3K s 4k B ORD 22 455 S AR
RUE B3 Hrae 71 . S 4k & 8 G B} 2712 T it SR A
PEAL 25 W ia o7 HE #E . B R 9T B IR RO R,
(3) TERFA 58 B, W] H T 0 N T3 e B R T
FEHT A4 L FIA BT 245 4 A5 45 36k 1 Bk 2 0F 5%, 4 B E
S RN AR T AL R B R B A T A5 A AL T 81 A
BRI, (4) FE 4 Rl s, B8 AR 48 i 52 1 4 Wl A0 4
T 375 P SO i F A T e 3 R0 DF Al 0 S 4E ) O
TE 45 Tl RIS 41 B0 b x4 A0 E A K5 9 L T Iy R A A
HEAT DAURSE: DA RO 3R B2 o G R ML A X R B 10T H L 4F
FHAE 28 5 KB 55 5 TR 4 B e 1. (5) 78 A 3l
S W] Tk 2RGSO A
)72 R AY 1Y) 22 2 R T P B L A AR e iR A 35
SR R Il A I 4R e 4R AR A 3 S Bl R A 1z 1k
A1, (6) 783 T 36 PR AT 8K L ] FH 78 3ok Tl R A At
BN KA R 5 A, bR 22 2t 8% 0 &R e il G Ak B
FOR B, 52 B BT 20l 55 i 48— 8% L G
IG5 73 Ay R0 A8 S0, Sy 3k T I B SR R (A T 25 S
B AR S

3 ChatGPT ZEFZUHARFREE

ChatGPT & J& M 0o B A o BRI JK RS 351 1] 25
AL [ AR E T AL 3 B Y 2 e © 4 TSR LA
B, 1 28 A5 3 BT AT, D R) i 24 i e 2D 40 B R 2 A5
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From ChatGPT to Large Multimodal Model: Present and Future

2 x

Geng Li'”? Zishuo Wang'” Xiangteng He'’ Yuxin Peng"
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Abstract At the end of 2022, OpenAl released ChatGPT chatbot that takes Al to new heights of
understanding and generation for general-purpose natural language processing tasks, attracting widespread
interest. Currently, ChatGPT only supports text-based interactions, while real-world perception relies on
the collaborative interaction of multiple modalities such as image, text, video, and audio. How to achieve
real-world perception and cognition across multisensory information such as vision, language, and hearing
by imitating the cross-modal processing characteristics of the human brain is the key to improving the
generic perception and interaction capabilities of models, as well as realizing general artificial intelligence.
This paper analyzes the core technology and the problems caused by the limitation of text unimodality of
ChatGPT, then introduces some representative current works on the combination of ChatGPT and
multimodal analysis technology, and finally provides an outlook on the future research directions of

multimodal ChatGPT from the perspectives of multimodal pre-training and data-knowledge driven.

Keywords ChatGPT; multimodal analysis; large language model; general artificial intelligence;

multimodal pre-training.
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