JRIVFE—HIIETILDOEIH

%y



l BX
KRUEEEEFIL

v NIIVFE—HILEFTIL
- SUONIR B RIVFE—HILETIL
- RIWFIRIZBLRILFE-FILETIL




i

Al
Tl
i

~ Kt €7~



. GPT-4 Technical Report, arXiv, 2023
v OpenAllC KD TRFER=MN/ZLLM

- FrvY MERTIRE CEDLDICRLHF TEEEMN,
R)Cy OICED<@bFE3
9&&(13‘/\1’# Ni

EEINTHD, GPT-4EDFv v I~

~ RLHF : AED T+ —

v EF)UiEE

7_

HFICTF A NSE

JWNCTHETIEI T —

— ShareGPT/: &

SODIERE

Sty b 1‘% RN TLD

GPT-4
Evaluated
few-shot

GPT-3.5

Evaluated
few-shot

LM SOTA

Best external LM
evaluated few-shot

SOTA

Best external model (incl.
benchmark-specific tuning)

MMLU_[49
Multiple-choice questions in 57
subjects (professional & academic)
HellaSwag [52
Commonsense reasoning around
everyday events
Al2 Reasoning
Challenge (ARC) [54

Grade-school multiple choice
science questions. Challenge-set.

86.4%
5-shot

95.3%

10-shot

96.3%

25-shot

70.0%

5-shot

85.5%
10-shot

85.2%

25-shot

70.7%
5-shot U-PaLM [50]

84.2%
LLaMA (validation
set) [28]

85.2%

8-shot PaLM [55

75.2%
5-shot Flan-PaLM _[51]

85.6
ALUMS3

86.5%

ST-MOE[18

WinoGrande [56

Commonsense reasoning around

pronoun resolution

HumanEval [43

Python coding tasks

DROP_[58] (FI score)

Reading comprehension &

arithmetic.

GSM-8K_[60

Grade-school mathematics

questions

—H%(CA

87.5%

5-shot

67.0%

0-shot

80.9

3-shot

92.0%*

5-shot

chain-of-thought

[

81.6%

5-shot

48.1%
0-shot

64.1

3-shot

57.1%

5-shot

85.1%
5-shot PalLM 3]

26.2%
0-shot PalLM 3]

70.8
1-shot PalLM 3]

58.8%

8-shot Minerva 61

%

85.1%
5-shot PaLM [3]

65.8%
CodeT + GPT-3.5 57

88.4
QDGAT_L59]

87.3%

Chinchilla + SFT+ORM-RL,
ORM reranking_ [62]
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. LLaMA: Open and Efficient Foundation Language
Models, 2023, arXiv

v Meta K DFERNELLM(Y —XO— R, mAFIREAE])

v BIFEDLLM CIRE SN —F 7 O F v ZflAHaDE T
=IEREZERK LT

BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA

GPT-3 [75B  60.5 81.0 : 78.9 70.2 68.8 514 57.6
Gopher 280B 79.3 BL.B 50.6 79.2 70.1 - - -
Chinchilla 70B 837 81.8 513 30.8 74.9 - - -

PalLM 62B 848 805 : 79.7 77.0 75.2 52.5 50.4
Pal M-cont 62B 839 814 : 80.6 77.0 - - -

PalLM 540B 88.0 823 : 83.4 81.1 76.6 53.0 534

7B 765 798 489 76.1 70.1 72.8 47.6 57.2

[LaMA 3B 78.1 80.1 504 79.2 73.0 74.8 52.7 56.4

33B  83.1 82.3 504 82.8 76.0 80.0 57.8 58.6

65B 853 828 523 84.2 77.0 78.9 56.0 60.2




. Llama 2: Open Foundation and Fine-Tuned Chat
Model, 2024, arXiv

vLLaMAZNXR—X & UTEEEH
- RLHFZFW T Chatt a4

v ETIVEE

all

BB

OJgEiR A —T >V — X DLLM
512LLaMA2-ChatEUJ L — X

(ZLLaMAH 5 Attention DS DHZ

— QueryZzJ)L—TILUTCETBRE I3 C ETREZEM(CUTCHREZEM L

v2J8 =02 D7

— A MT—ATEE (LLaMA(Z1.4Jk)

Model Size Code COommonsense World Reading /) MMLU BBH AGI Eval
Reasoning Krmwleclge C-:'.tmprehensﬂ-:m
MPT 7B 205 57 .4 41.0 57.5 49 268 310 235
30B 289 64.9 50.0 64.7 9.1 469 380 338
Faleon 7B 5.6 56.1 428 36.0 46 262 280 212
40B 152 69.2 56.7 65.7 126 554 371 370
7B 14.1 60.8 46.2 58.5 695 351 303 239
[ . 13B 189 66.1 52.6 62.3 109 469 370 339
LAMATL 338 26.0 70.0 58.4 67.6 214 578 398 417
65B 30.7 70.7 60.5 68.6 308 634 435 476
7B 16.8 63.9 48.9 61.3 146 453 326 293
[ , 13B 245 66.9 55.4 65.8 287 548 394 391
LAMAZ 4B 2738 69.9 58.7 68.0 242 626 441 434
70B  37.5 71.9 63.6 69.4 352 689 512  54.2




. Introducing Meta Llama 3: The most capable
openly available LLM to date, 2024, Meta

v8BET /L, 70BETI/LDIEE(ELLAMA2INSEIN ST

- b=DOFAF(F128KICRT -V >

V15K b= TEE (95%MREE, KD NHZSFE301E)
- FBI(IMEAUZGPUIF24KT S5 R X2

v51, 400BEFIL - WILFUZHILEFTIL - YILFE—HFILEFTILH
BT
— [B#F(CTechnical Report & AT E
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. Segment Anything, 2023, arXiv

SEVERICEL>TCTO>T MEIRERTEI A FT—2 3 >FFTIL
— F24Z - Bounding Box + 3+ X MR ENF TR

—GB—» mask decoder — —
image 1 % =
encoder — f } } — 8 |- score
conv prompt encoder S :
image T 1 t t , score
embedding mask  points  box text

valid masks

ground truth ViTDet SAM




Grounding DINO: Marrying DINO with Grounded
Pre-Training for Open-Set Object Detection, 2023, arXiv

v RIREES)LODODINOZHLERE L, Groundingd X O Z#RITDLSI(C

TF X =BT BTransformerzE A
— Grounding : S8 &EXIG T DEFRPDOMEE TSR T DT XD

1. Model Overall

Updated

Inputs Detection
Results

Keys& { cros Mdlty coder |

Values
/// Cross-Modality
1 Queries

o | v |
GREEN MOUNTAN GREEN MOUNTAN

Language-guide
Query Selection

Iqn
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. DetGPT: Detect What You Need via Reasoning,

2023, arXiv

v Grounding([CEWTANTF X MWIMEZ I RU TULVIRWES

HEsm (C KD TIE LU WA Z AR Y

sCl):E=

EFIL

— [BIZWERAFDIDEROU W] EWDADNS, BIEWERHFIHMFIE T D(HEEMNEW)

MEEZ IR

vHESREE D &b 9 D=8 ChatGPTEDESFEO T AT —4S17w MNIERE

Vison Encnder

P &

&Y Linear &9
L

L Detector Ox

User Instruction: I want
to have a cold beverage. g s Frozen
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. Myriad: Large Multimodal Model by Applying Vision
Experts for Industrial Anomaly Detection, 2023, arXiv

VEBEYYIT EVITEREETILDSHEZLLMICABD U TIRDS CET
TEEBONGIRBE LA >F S>3 2 Ha]EEIRETIL
- BEE v T (dPadim¥>AnomalyGPT, PatchCore’d &EDEEFET )L ZEFE

( Vision Expert Tokenizer )
Anomaly map — .
g
\. J QFormer Ug
Pretrain r‘
7 \ Query tokens C
Vison Expert Instructor (] | | e % a E g
) g % (=70 A [ "~ [ (]
2 oS v A oo !
............. e £ 5 — = i Answer: |
T —t—> —— 5 2 & =
E Expert B '8 =& o
' query tok
. J S At <
o
Adapter PR %
L Human: ——— &3
Input Image ViT -t e
F 3
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. OFA: Unifying Architectures, Tasks, and Modalities Through
a Simple Sequence-to-Sequence Learning Framework, 2022, ICML

VBEURESEEES T XA EUVUTIESVILFE—SYILETIL
v AR T E DEHSFEREEN S, VQAYF v T 3= > TR ED
HEEESIXOEERKICES - HEOIEE

Model §5T1T-2 RTE MRPC QQP MNLI OQNLI

Multimodal Pretrained Baseline Models
Visual BERT [38] 894 56.6 71.9 894 81.6 87.0

UNITER [ 14] 89.7 556 693 892 809  86.0
— VL-BERT [8] 89.8 557 706 89.0 812 863
B: 0 VIiIBERT_[13] 904 537 690 886 799 838
EG T R LXMERT [40] 90.2 572 698 753 804 842
(e e s o o Uni-Perceiver [61]  90.2 643 86.6 87.1 81.7 899
- o SimVLM_[22] 909 639 752 904 834  88.6
T — FLAVA_[60] 909 578 814 904 803 873

et UNIMO_[46] 96.8 - - - 89.8 -

~ | &= e\ . Natural-Language-Pretrained SOTA Models
T r— °~:“”"°"“‘ ) | TR BERT [2] 932 704 880 913 866 923
R s RoBERTa [28] 964 86.6 909 922 902 939
WEEE e J/ | ] XLNet [25] 97.0 859 908 923 90.8 949
' : : ELECTRA_[82] 969 88.0 908 924 909 950
e SRR, IS—— DeBERTa [83] 968 883 919 923 911 953
(hirs

OFA 96.6  91.0  91.7 925 90.2 94.8




. Unified-I0: A Unified Model for Vision,
Language, and Multi-Modal Tasks, 2022, arXiv
v EB—@Transformer EVQ-VAEDNA\Y RZzERAL, CVENLPDIOZIER D
ZrRIAT—Sty NCTEZURRETIL
- POz 3y FTOFAKDBEED AR T U TCEIEETIZERK

argmax,ez 1 Z2—z; |l

—P:DecoderI
1 (CNN) 4

o I
e d

\ "

quantization

Image serialization using a VQ-VAE ! \ \‘\ Categorization Localization VQA Refexp  Segmentation Keypoint Normal
y i restricted params (M)
\ VQVAE | same new same new same Nnew same New Same new same New Same new
Discrete | decoder
) sequence is frozen \ 0 NLL-AngMF v 72 - - - - - - - - - - - - 50.7 -
S:ryctzf:f servesas | Y 1 Mask R-CNN v 58 - - 519 408 - - - - 449 03 709 - - -
the target ! 2 GPV-1 v 236 58.7 0.8 483 37.8 584 740 29.7 231 - - - - - -
What is the color| SentPiece X 3 CLIP 302 49.1 0.0 B - - ) - . . } B - B B
of the cat? ahcoder ' 4 OFA_parce 473 289 158 - - 749 88.6 63.4 585 - - - - - -
Unified-10 SentPiece 5 GPV-2 370 85.0 135 546 542 698 81.7 57.8 483 - - - - - -
©
\ 6 UNIFIED-IOgp11, 71 529 319 475 615 590 725 542 457 374 485 466 - 336 -
Transformer Transformer 7 UNIFIED-10gpsk 241 60.3 475 579 684 68.0 81.8 725 622 458 572 602 - 3717 -
embedding Encoder Decoder

input discrete output \ 8 UNIFIED-1O01apce 776 63.0 527 633 709 721 843 79.2 663 504 622 677 - 403 -
embedding sequence VQVAE 9 UNIFIED-1Oy;, 2925 66.1 60.1 656 744 786 902 835 724 53.0 642 682 - 45.1 =
¥ | .

-

of the image? e " f ©
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. Flamingo: a Visual Language Model for Few-Shot
Learning, 2022, NeurlPS

vEEEREZNICHIC T DEEBADNZAIEEE L, MWEBRFEZH
In-Context Learning (#&ik) ZBJEE(C

. Pretrained and frozen

Trained from scratch
during Flamingo training

ﬂ%ﬂoutput: text

a very serious cat.

| .

Perceiver Perceiver
Resampler Resampler

Visual data

n-th GATED XATTN-DENSE
|
1st GATED XATTN-DENSE

Processed text

<image> This is a very cute dog. <image> This is

Input: text and visual
data interleaved

This is a very cute dog.

L

processing

r

\Y|

g 100.0%
E< —8— Flamingo 80B
=~ .
8 2 90.0% - Flam!ngo 9B
9o Flamingo 3B
o+
[
82 80.0%
@
ge
—
2 70.0% 1
<

0 4 8 16 32
Number of shots

Figure 9 | Overall impact of model scaling and number of shots. The performance of Flamingo models
increases with their parametric size and with the number of in-context shot. Performance is reported by
averaging the SotA relative score across the 16 benchmarks from Section 4.2.1.
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lll (%) ICL: In-Context Learning

vABDEER DO =ETO>T
EF)LICAR O =B EIE]

v GPT-3TIREINTLIRE, %5(C
NLPODEF C{EDON T

~EULTHRBDILT,
17 7z il 9 D A3l

(AEHDBIS IR TS

o b

o

CAICBE
57 Blo=

NN
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. OpenFlamingo: An Open-Source Framework for Training
Large Autoregressive Vision-Language Models, 2023, arXiv

v Flamingoh'\J— R « =45 &EEB(TIERFE o TeTzsd
FlamingoZBIRL, A—T >V —XTAH
— EARIREE(IETFlamingo(Z 4L

Benchmark Shots || FI-3B | FI-9B || OF-3B | OF-3B (I) | OF-4B | OF-4B (I) | OF-9B
0 730 | 794 |[74.9(0.2) 74.4 (0.6) | 76.7 (0.2) | 81.2 (0.3) | 79.5 (0.2)
4 85.0 | 93.1 || 77.3 (0.3) 7(0.7) | 81.8(0.4) | 85.8(0.5) | 89.0 (0.3) coco Flickr30K HatefulMemes OK-VQA
COCO [7] 32 99.0 | 106.3 || 93.0 (0.6) 94 8 (0.3) |951(0.3)| 99.2(0.3) | 99.5 (0.1) ! o S i| T 1 g 00 T
0 60.6 | 61.5 |[52.3(1.0) | 51.2(0.2) Js 6 (0 9) | 55.6 (1.3) | 59.5(10) ' o © 3 G
4 72.0 | 72.6 || 57.2 (0.4) 91 (0. 3} (12) | 61.2(0.5) | 658(0.6) & o i 05 = S 40 /'/'"
Flickr-30K [40] 32 71.2 | 72.8 || 61.1 (1.3) 5 (1.3) Je J (0.7) | 53.0(0.5) | 61.3(0.7) T = 60 Q <
0 192 | 51.8 || 44.6 (0.0) 441 (0.1) [45.1(0.1) | 46.9 (0.0) | 52.7 (0.2) 80 55 = S 30 %
4 532 | 56.3 || 45.8 (0.0) 7(0.1) | 49.0 (0.0) | 49.0 (0.0) | 54.8 (0.0) 50 :
VQAv2 [2] 32 57.1 60.4 || 47.0 (0.1) 11 8 (0.1) H [)( 2) | 47.3 (0.0) 53.3 (0.1) 048 16 32 048 16 32 048 16 32
0 1.2 | 44.7 || 282(0.2) 7(0.1) 7(0.1) | 31.7 (0.1) | 37.8(0.2) VQava , 1zWi (Average)
| 433 | 49.3 || 30.3 (0.5) 30 6 (0.2) 3)1 (0.0) | 34.6 (0.0) | 40.1 (0.1) %0 80 s B 3 60 E——
OK-VQA [20] 32 45.9 51.0 || 31.0 (0.1) | 30.6 (0. 1} 26.4 (0.2) | 34.7 (0.3) | 42.4 (0.0) £ £ 55 /_,‘_ﬂ\’ g S 55 /;“’: |
0 30.1 | 31.8 [[24.2(0.2) | 231 (0.2) [21.0(0.3) ] 21.1(0.4) | 24.2(0.5) g 25 g |7/ g 9 #
4 32.7 | 33.6 | 27.0(0.3) 2@1 (0.4) |25.9(0.0) | 27.2(0.3) | 28.2 (0.4) S 20 S50 =90 250 | e 3— -t
TextVQA [33] 32 306 | 32.6 || 28.3(0.2) 5(0.1) | 14.1(0.2) | 23.2(0.2) | 23.8(0.2) g 15 oS 9 45 A —
0 28.9 | 288 | 23.7 (0.5) 54 (0.3) [ 188 (0.1) | 21.5 (0.2) | 27.5 (0.2) 15 T <«
4 340 | 34.9 || 27.0(0.3) | 27.7 (0.1) |26.6 (0.5) | 26.5(0.4) | 34.1 (0.7) 048 16 32 048 16 32 0438 16 32 048 16 32
VizWiz [11] 32 || 45.5 | 44.0 | 39.8 (0.1) 30 3(04) | 231 (1.1) | 31.3(0.2) | 44.0 (0.5) Number of in-context examples
0 £3.7 57.0 51.2 (2.5) (2 2} 52.3 (2 3) 531 (2.2) 51.6 (1.8) ---- Flamingo-3B Flamingo-9B OF-3B OF-3B (I) OF-4B OF-4B (I) OF-9B
| 53.6 | 62.7 || 50.6 (0.8) 10 5 (0.6) | 51.5 (1.4) | 54.9 (1.1) | 54.0 (2.0)
HatefulMemes [15] | 32 56.3 | 63.5 || 50.2 (1.8) | 47.8 (2.2) |[52.2(1.2) | 54.9(1.1) | 53.8 (2.1)
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Otter: A Multi-Modal Model with In-Context
Instruction Tuning, 2023, arXiv

v OpenFlamingoZz~X—X(Z, In-Context LearninggEDZ5#{t9 D

ABDT—S9tv NTENFE=NITETIL
- E5)LIE (Open) FlamingolC ZEHL

User provided examples Otter reaction

=y
aha ..&.‘.t(‘{. s S TN

Instruction: What is Instruction: What is Instruction: What is the danger of this sport?
the danger of this the danger of this : The sport involves players running and
sport? sport? trying to catch the ball while others are standing
The player may While chasing in the grass, which can lead to collisions or
get hitted by the the baseball, the accidents. These collisions can result in injuries
tennis ball. player may to the players involved. It 1is essential for
inadvertently collide players to be aware of their surroundings and
with other players. maintain a safe distance from each other to

minimize the risk of accidents during the game.



. BLIP-2: Bootstrapping Language-Image Pre-training with
Frozen Image Encoders and Large Language Models, 2023, arXiv
v BRI E SEBIFEHOMS (CFFE UTzQuerying Transformerz gz
—- ENETOVYILFE-HILEFTILCTIE, $HFEHEOMS(EIMLP, Attention, Concat
IRENMFHESNTEIC

Bootstrapping Pre-trained Bootstrapping Pre-trained
Image Models Large Language Models (LLMs)

- ! . s
Vision-and-Language ; Vision-to-Language !
- - - A I
Representation Learning : Generative Learning - _
| I i #Trainable #Total VQAv2 OK-VQA GQA
1 Models i i i
I i Params Params | val test-dev test test-dev
|
,;-,I(; .  VL-T50q 224M 2690M | 135 - 5.8 6.3
R : I FewVLM (Jin et al., 2022) 740M 785M | 47.7 : 16.5 29.3
I : Frozen (Tsimpoukelli et al., 2021) 40M 7.1B 29.6 - 5.9 -
Q-Former ' | VLKD (Dai et al., 2022) 406M 832M | 426 445 133
Image — I Language . . : Flamingo3B (Alayrac et al.. 2022) 1.4B 3.2B - 49.2 41.2
Encoder Querying Transformer Write a romantic MeSSag€ | Flamingo9B (Alayrac etal. 2022)  1.88 9.3B - 51.8 447
that goes a|.ﬂng this phﬂtc_ . FlamingoBOB (Alayrac et al., 2022)  10.2B 80B - 56.3 50.6
¢ t A ., ! BLIP-2 ViT-L OPT5 104M 31B | 501 497 30.2 33.9
oo-oo Text . Love is like a sunset, it's | BLIP-2 ViT-g OPT, 75 107M 38B | 535 523 31.7 34.6
. . . oy . i BLIP-2 ViT-L FlanT5x, 103M 34B | 626 623 39.4 44.4
Queries i when it does it's so beautiful. ' BLIP-2 ViT-g FlanT5x, 107M 41B | 631  63.0 407 442
: i BLIP-2 ViT-g FlanT5xx. 108M 121B | 65.2  65.0 45.9 44.7
I
|
I
I
|
|
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The Dawn of LMMs: Preliminary Explorations
with GPT-4V(ision), 2023, arXiv

v GPT-4(CEFANNEIREELTRD, YWILFE
=5 ) UIBIE/R E(FGPT-4 & [Al4k, FEF

/—

Prompt:
Describe the image

o~

e ."..
D N
a-‘f \

|

GPT-4V:
The image shows a collage of 8 prominent personalities from different fields. On the top row, from left to right,

there is singer Justin Bieber, footballer Lionel Messi, footballer Cristiano Ronaldo, and entrepreneur Elon Musk.

On the bottom row, from left to right, there is model and reality TV star Kylie Jenner, singer Taylor Swift, actor
Robert Downey Jr., and actor Scarlett Johansson. All individuals are shown in different poses and outfits, with
various backgrounds.

SILETIVISESL

Zero-shot (w/ text instructions, think step-by-step)

Prompt:
What is the read of the speed meter? To read this speed meter, observe the needle on the outer edge of the dial

which points to your current speed represented in miles per hour. Yellow is the color of the needle. Let'’s think
step-by-step.

Note: Same query image as shown above, resized to save space

GPT-4V:

1. First, look at the outer edge of the dial and find the numbers that represent miles per hour.

2. Next, find the yellow needle that points to the current speed.

3. Observe where the needle is pointing and read the number on the outer edge of the dial.

4. This number is the current speed in miles per hour.

In this example, the needle is pointing to approximately 40 mph, so the current speed is 40 miles per hour.

Prompt:
Look at the CT scan of lung in the image below, tell me what's wrong.

GPT-4V: 2 1
There appears to be multiple areas of consolidation and ground-glass opacities in both lungs, which could

indicate a lung infection or inflammation. There is also a possible mass or nodule in the right upper lobe. Further

evaluation and clinical correlation is needed to determine the exact diagnosis.



(LLaVA) Visual Instruction Tuning, 2023, NeurlPS

v GPT-4%Z U\ TYERK U /zInstruction Following Dataset CF& UZE€5 )L
v EBFT)UVBE(ZILLaMA(SEETES /L) XCLIP VITERE T )L ) X EE B =2 (R S)

Visual features Before Last

Best variant 90.92 89.96 (-0.96)
Predict answer first - 89.77 (-1.15)
Training from scratch | 85.81 ¢s11) -

Source: https://uww. barnorama. com/wp-content,/uploads/2016/12/03-Confusing-Pictures. jpg 7B model Size 4 _ 1 [}8 -
User What is unusual about this image? 89 8 (-1.08)
LLaVA 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 one would usually iron clothes
in a more stationary and safe location, such as a home, using a regular ironing board.

Thc_ scene depicted in the image is peculiar as it ipvolvcs a n_la.keshifl ironing setup on a Table 7: DeSlgn Ch01ce ablations (%) . The dlffel‘_

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 ence with the beSt varlant IS reported ln red text.

environment.
[Start a new conversation, and clear the history]
User What’s happening in the scene?
LLaVA The image depicts a2 man standing on top of a yellow SUV in a busy city street. He is

holding a portable ladder, seemingly ironing clothes while standing on the vehicle. Around

the scene, there are other cars, a traffic light, and a fire hydrant. Additionally, there are

two other people in the vicinity, one close to the man on the car and another further away.

The man on the ladder appears to be attracting attention due to his unconventional choice 22
of ironing his clothes on top of a moving car. The city street around him is bustling with

activity, adding to the unique nature of the scene.



. Improved Baselines with Visual Instruction
Tuning : LLaVA 1.5, 2023, arXiv

v LLaVAW B4 DDOZEE = it U'14EEm)
- J0O>7T bR
— SRR Z2EMLPICEE L CEY T v Z/tE
— PHFTZIVIHARDIEEDT—FwY b, ShareGPTDOT—4S 1w hZIEN
— BT 1 X =224 5336(CRT—U>D
— LLMZE13B(C X — 1) \/g“ Visual input example Tricky Question:

VQAV2

MM-Vet 80.0 GQA

LLaVA-Bench VizWiz 3
3.6 \
User If there are factual errors in the questions, point it out;
L6 if not, proceed answering the question.
SEED-Bench £ ’ SQA-IMG What’s happening in the desert?
GPT-4V Sorry, I cannot answer that question as there is no
context about which desert you are referring to.
1.3
633 LLaVA In the image, there is a city skyline with buildings and
MMBench-CN TextVOA a beach with people enjoying the sunset. The scene is
set in a desert, which is unusual for a beach setting.
67.7 1531.3 —— BLIP-2 . . :
InstructBLIP LLaVA-1.5 There are no deserts in the image. The image features
MMBench POPE Qwen-VL-Chat a beach with palm trees, a city skyline, and a large
—— LLaVA-15 body of water.

MME



. MiniGPT-4: Enhancing Vision-Language Understanding with

Advanced Large Language Models, 2023, arXiv

v GPT-AZ/NERTHIRIT A3 EICRDBAIZESTIL
v EFI)LIEVicuna(EBET /L)X VITERETETT)L)xQ-Former(fi&)

_————--——————--————*

{ The logo design is simple and minimalistic, with a pink line drawing of a flamingo |
standing on one leg in the water. The design is clean and easy to recognize, making it

| suitable for use in various contexts such as a logo for a beach resort or a flamingo- |

themed event. The use of a flamingo as a symbol adds a touch of whimsy and fun to I

|

: L . o : Input Image
] the design, making it memorable and eye-catching. Overall, it's a well-designed logo
\ that effectively communicates the brand's message.
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What do you think of this MiniGPT-4
I logo design? ### Assistant:
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Describe this image as detailed as possible.
A city street with many people walking and riding motorcycles.

The image shows a busy city street with a clock tower in the
background. The street is lined with shops and restaurants on
both sides. There are several motorcycles parked on the side
of the road, and people are walking down the street. The clock
tower has a large clock face with Roman numerals and a small
spire on top. The buildings on either side of the street have
ornate facades and balconies. The street is paved with
cobblestones and there are streetlights on either side of the
road. The sky is clear and blue, and there are a few clouds in
the distance.
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. Kosmos-2: Grounding Multimodal Large Language

Models to the World, 2023, arXiv
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Grounding
Kosmos-2: Multimodal Large Language Model

[It](<loc,,> <locggs>) sits next to

Referring

(4

With image
description

This is a downy woodpecker

<p>a downy woodpecker</p>

<box><loc,;5><locgsg></box> R
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Gemini: A Family of Highly Capable Multimodal
Models, 2023, arXiv

v GooglelCK D TRAHESNERILFE—FILEFTIL
vEFTIVEEIEIAR (?) snTnsd
v Ultra, Pro, NanoD3H5 -1 XHMF1EL, UltraldGPT-4% L[5, &

Eamanes Gemini Gemini GPT-4
A Ultra Pro
|I { MMLU 90.04% 79.13% 87.29%
— Multiple-choice questions CoT@32* CoT@8"* CoT@32
N gD Transformer < in 57 subjects (via APT*)
o — ., (professional &
academic) 83.7% 71.8% 86.4%
| (Hendrycks et al.,, 2021a)  5_ghot 5-shot 5-shot
(reported)
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