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GPT-4V. GPT—40%;.\%}\ EI/\] Gemini-Pro

Publicly Fuyu-8B e v- El

Available/Unavailable | MobileVLM =3 vary [IEI] TextMonkey (2) Mobile-Agent (&)
- MM1

ImageBind-LLM @V DreamLLM (@) L 3=
V

=]

NExT-GPT & 10-12 2024 © cGemini
% & Woodpecker
Video-LLaMA ¢ GPT-4V

2 3D-LLM -4V 2 Qwen-VL
8-9 _ @ Video-LLaVA
. v
Kosmos-2 & Lynx bt Grrarer 8 s PointLLM  ©Y ASM ¥ LLaMA-VID
g/ o visce ¥ Lisa i
Pengi & Chameleon §° @ LanguageBIND
6-7

DeGPT [ Y T otter B LLaVA-Med © LLavA-LS

SPHINX =

MoE-LLaVA @ Qwen-VL-Max £2
Monkey = 2

MMICL & Xcomposer -

AnyMAL OQ

VisionLLM 2V

LaVIN € MultiModal-GPT

& Shikra @ MotionGPT © CogVLM
1L
- ?’Jr\.;i\n: Emu o5 Ferret
PaLM-E {3 LLaMA-Adapter *‘\-‘
"+ GLaMM
Kosmos-1 . VideoChat

() LLavA
WO
VIMA <3 Flammgo (o) / MiniGPT-4
_.M W ® L2

2023 an "
2022 MM-REACT ViperGPT

InstructBLIP
s HuggingGPT LTU B EmbodiedGPT

*) GPT4Tools £2. mPLUG-Owl

Yin, Shukang, et al. "A survey on multimodal large language models." arXiv:2306.13549
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box. The image size is (width, height) = (998,786)

Prompt: Prombt:
HisSEIRE s o
— Count the number of people in the image. GPT-4V:

! . There is only one person in the image, so the
bounding box for this person would be:

| - Top left: (254, 118)
. - Bottom right: (731, 693)
Explanation: The top left point of the bounding box is
at (x, y) = (254, 118), which is the top left corner of the
person in the image. The bottom right point of the
bounding box is at (x, y) = (731, 693), which is the
bottom right corner of the person in the image. This
bounding box encompasses the entire person in the
image.

Visualization of Detected Bbox:

GPT-4V:

ERE AR — /N EEE M E ERA

BE. INEERAEN, AEAMNER, GPT-4v: -
ERKEBAE. CHSEE/, Mk There are 4 people in the image.
g, EE/DEEMAERE E1T

i

Captionff 4% THHES

Cited from arXiv:2309.17421 un.
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Prompt:

Chart Understanding and Reasoning Write python codes to generate similar figures.

Prompt:
What is the average total fueling cost excluding the Ford F1507?

140
100% 76, WEN OSCARg

B MiniVLM (ours)

100% o <o
2% s it

$130.96
20
$82.56 07" Caption VOA TR IR NLVR2
$70.55
Comparison of OSCarB and MiniVLM
120 = OsCarg
N MiniVLM (ours)

Ford Toyota Honda
F150 RAV4 Civic
(Regular Cab)

Total fueling cost

GPT-4V:

To find the average total fueling cost excluding the Ford F150, we need to add the total fueling costs of the
Toyota RAV4 and Honda Civic and divide by 2 (since there are 2 vehicles in the calculation).

(82.56 + 70.55) = 2 = 76.55

Therefore, the average total fueling cost excluding the Ford F150 is $76.55.

Caption VoA TR R NLVR2

K &ii®it RIEE LT R

Cited from arXiv:2309.17421 1Fun.
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R R — R Z A A

) B SR I
* éﬁ /6% %&  Image ‘: E E Text
y | : A N
548 - B B
“FH > .TFF]J ! Audio | | I
° = ! : L
j(%:t =i #ﬁi ;-II|II-I-: i .. LM -II|II-I-
e | T
: | Modality | il
| ™ Encoder | ! Connector :.: Generator
| =' 1} L}
4 r  _________ | ™
I 1 o
| L L LLM
o T TTTT YT |
i ‘mm ! T b MH-Attn
: :.: I 1 1 K I : : Q ,n,Q nK ﬂv
i :.i : i E | Q-Former : i TK
1 1 [ 1 | ]
: Wy ML
1 1 [ v | 1 1
.- L!J | | A2
I L T . - ;o ‘e mm o
: Learnable Queries : epeflipmpafiyepafiigaye ;'J

Yin, Shukang, et al. "A survey on multimodal large language models." arXiv:2306.13549 un.
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ST LE
o By 2 2 T CLIPTY 4 8
ViT
o XtTE W By 224x22440 3 R
H, patchj(/J\j@ 14, =& g4t
1% 5 14x14=256" tokens

&y
Image Image
Encoder Encoder

Contrastive Loss Contrastive Loss

I I

—RELBRENRR Text Text
(Photo of a golden monkey) Encoder Encoder
& &

T

Cited from arXiv:2211.01335
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* MLP é% j: }Lg Language Model f b
+ FHE MR okenty i, 1A alalaloTate)
BUEHF LB RIHRE Y. PoenW 7 g, b,

Vision Encoder X, Image Xq Language Instruction

Cited from arXiv:2304.08485

* Q-Former e \
‘ ‘ ‘ - Q-Former [D OO D] |
E%[@H‘tokeng[ﬁﬁ%é%%, . ) i

R 2 5 carorvurd [l eed orvars I

* Qifquery, A —HT B :
query 1] &= M A, % token H T B B 3 |

\ > | Self Attention i
Rk RAET 8 B —
3 (Do-@m@) (oo-og)

Image .
Emb e dﬁmgs Queries Instruction :

Cited from ar Xiv:2305.06500
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1M 4E-MLLMBYEEEF) |12
-%/M&:ﬁwﬁﬁW% ____________________

. )I%%ﬂ‘% é@}%){/ﬁ E] l:.j XZ]K/’;\? \FJ] XTJ‘;( i’ Stage-1: Pre-training

® — ﬂj ,ﬁk& }_Eé 3/7_3:\ é:‘:LLM _L}Il é}f @IIL ﬁ i :¢I¢: Pre-trained LLM
R S :

c EEHEA KRB EXEAKENE,
Weapdon . WMAE R, TMELF
B SCA 4 74

6 Visual Abstractor

6 Visual Encoder

A horse carrying a large load of hay and Bunk bed with a narrow shelf sitting The man at bat readies to swing at the
two people sitting on it. underneath it. pitch while the umpire looks on.

1Fun.
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What color are her eyes? How many slices of pizza are there? Is this person expecting company?
What is the mustache made of? Is this a vegetarian pizza? What is just under the tree?

1Fun.
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e | Benchmark
s T AR RIS, AREFHEER, T5—BENER. B

Commonsense Reasoning ©

[Y] Should I stop when I'm
about to cross the str.eet?. e this picture?

- [N] When I see the sign in the am s | [N] Is there two real cats in
picture, can I cross the street? this picture?

| [Y] Is there one real cat in

Code Reasoning BB

— [Y] Python code. Is the output ~ [Y] Python code. Is the output

ke x . - of the code 'Hello'? s of the code '0'?

'Elsezrinmmdv-, [N] Python code. Is the output : [N] Python code. Is the output
 of'the code 'World'? | of the code '1'?

un.
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RN 90%
What is the alcohol content of @ What is the shelf life of the
the product in the picture? product in the picture?
15.5% ﬁ@v 90 days @
...... of the product in the picture (@) The shelf life of the product @ . .
is 15.5% vol. . shown in the picture is 9 months. What is the Pet We‘_gh‘ of
the product in the picture?
The alcohol content of the {V; The shelf life of the product in
i i is 40%. the picture is 18 ths. >
product in the picture is 40% e picture is 18 months 896_Resolution: 125 ml
The alcohol content of the h The shelf life of the product in ™
product in the picture is 30%. the picture is 12 months. 784_Resolution: 250 ml g{%&
g . The alcohol content of th 5] The shelf life of the product in .
'—% © aieono; COmEnt o7 @ - 672_Resolution: 50 g

1Fun.

product in the picture is 15%. the picture is 2 years.



JEH- B Sl o PER

wﬁ&%mM%@ S A PER?
o EEE—. fFFF KR FHATHE (Qwen-VL: 224 > 448, arXiv:2308.12966 )

Stage2:Multi-task Stage3: Supervised
Pretraining Finetuning

[ QwenLM ] [ QwenLM &J [ QwenLM&J

A Learnable N Learnable A
Query Query CrossAttn ‘ é
Embs Embs

Stagel: Pretraining

Learnable
Query
Embs

a Low Resolution m High Resolution m High Resolution
. Multi-task and Chat Interleaved
Image-Text Pairs
ge-tex Interleaved VL Data VL Data

Figure 3: The training pipeline of the Qwen-VL series.

Table 8: Training hyperparameters of Qwen-VL

Configuration Pre-training Multi-task Pre-training ~ Supervised Fine-tuning
ViT init. Open-CLIP-bigG Qwen-VL 1st-stage Qwen-VL 2nd-stage
LLM init. Qwen-7B Qwen-7B Qwen-VL 2nd-stage
VL Adapter init. random Qwen-VL 1st-stage Qwen-VL 2nd-stage

Image resolution 2242 4482 4482
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A cartoon sphinx wearing an Egyptian

r 1T 1 1 1 1

Large Language Model (LLM)

VN e Py P N A N N SO
DI:] \n DD \n DD \n DD \n DD \n A cartoon sphinx wearing an

1 ! ! ! I

Mixed Visual Encoders & = 9

r\_?

VBE & = CB
> 7 ! Downsmple

Sub- |mages Low- r'esoluhon Input High-resolution Image
Image

Cited from arXiv:2311.07575
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Counting
Question: How many
catare inthesetwo gm
images?

Answer: 2

"
Synthetic Visual Logic Chain
Question: What's the value of c?

Answer: 29

=

andélsob=8 thenc=b+é&

Cited from ar Xiv:2406.12742
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IT STARTS
WITH YOU

What is the most likely use of this video?

The most likely use of this video is as an advertisement for Starbucks. The sequence of events depicted in the video, such
as the preparation of a coffee drink, the interaction between customers and baristas, and the closing shot of the Starbucks
logo, are characteristic of a promotional piece designed to showcase the brand's products and services. The emphasis on
the coffee-making process, the use of the Starbucks app, and the friendly interactions between customers and staff all serve
to create a positive image of the brand. Additionally, the final shot of the Starbucks logo with the text "IT STARTS WITH
YOU" suggests a call to action for viewers to engage with the brand, further supporting the idea that this video is an
advertisement aimed at attracting new customers and encouraging existing ones to continue patronizing Starbucks.

Cited from ar Xiv:2407.03320
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Cited from arXiv:2401.16420
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.I.IJ

Text
Image :0 | Image Input Image Output fo) |
g Projection‘(‘,-, /Z’ Projection & > > $
Audio Audio Input Audio Output
PI‘OJCCthn‘('/‘ . Projection ‘(-/. ‘

: E 4 Video Input Video Output 3 E 5
Video ‘Ebsi Projection‘(yv, Projection,yl, 7 ':' E

More modalities

Multimodal Input LLM-centric  LLM-based Semantic Instruction-following =~ Multimodal Output
Encoding Alignment Understanding Alignment Generation

Cited from arXiv:2309.05519
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o fin X' Tokenizer, | Z W% K
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o FEE B 5 — TN £ 42 Stoken,

Kl F token% 31 De-tokenizer#%
. B R

© RS E X4 1) 5 B 3

“Here is a recipe for
banana bread.”

TEXT OUTPUT

/)

[ Mixed Modal Auto-Regressive LM }

A [} A 4 A A A

=0 =)

Cited from ar Xiv:2405.09818
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Yin, Shukang, et al. "Woodpecker: Hallucination correction for multimodal large language models." arXiv:2310.16045
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» Ko fE BRI R A IEAER T LLE R 4T
% 3 F AR 640 RIRIC, LA B0 B A AR 2
N TMEEBANRL, BHEL RSN B BTN %R

Fue 7y £ 3R R T
R F &

Method B Object-level Attribute-level Total f )
3 ,
Existence Count Position Color LX g‘k EI EFI Il:l:lI Em T -
LLaVA [21] X 195.00 95.00 53.33 78.33 1 421.67 Rﬁ%ﬂgg’@ , EEEi&F
v 195.00 160.00  55.00 155.00 . 565.00 _
. X 100.00 61.67 53.33 65.00 280.00 J:';r"ﬂ@°
MiniGPT-4 [47] . \ J
v 183.33 163.33  60.00 121.67 528.33 A . o5 o i Y,
winons 2 (B2 o [ omen—neon =)
T e s 000 1ism amm | LS, EIXFUEAYREIE, AR
Otter [15] ' ' ' ' ' ELHE/LR\. /LREXRIEN
v 195.00 160.00 51.67 165.00 571.67 zﬁ‘]E i& EEEQEE%E\D:C_ s
L ! —O

FERAFRSBESARBDEMMES £ T3 08 2] ASSERETENAEEHTEE, SETH

MHETRENIIFER, w/OuskTZEMARN  hpEMSEGEGE) SHEHEIR.
FHEBEER
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T = IFMNRE L E R T EEZEAS AR AR KN 2 FEN
SNy
o [KAWMEMY %KL HONGF TN E T2 0K L1045
o [RAEAHEM] NAETFNHBRENESEE (XK. ) HLFEF
« [2REEAAY NFETFURFAAIHE LN THEZEZE, #UTMELET CEMR. EEH Y

Benchmarks #Videos #Clips | Len.(s) |#QA Pairs Anno. QA Tokens Sub. Tokens Multi-level Open-domain [Sub.&Aud.
MSRVTT-QA [60] 2,990 2,990 15.2 72,821 A 8.4 X X v X
MSVD-QA [60] 504 504 9.8 13,157 A 7.6 X X v X
TGIF-QA [18] 9,575 9,575 3.0 8,506 A&M 20.5 X X v X
ActivityNet-QA [65] 800 800 | 111.4 8,000 M 10.2 X X X X
TVQA[21] 2,179 15,253 11.2 15253 M 27.8 159.8 X X X
How2QA [25] 1,166 2,852 15.3 2852 M 16.9 31.1 X v X
STAR [58] 914 7,098 11.9 7,098 A 19.5 X X v X
NExXT-QA [59] 1,000 1,000 | 395 8564 A 25.3 X X v X
MVBench [24] 3,641 3,641 16.0 4000 A 27.3 X X v X
Video-Bench [45] 5917 5917 56.0 17,036  A&M 21.3 X X v X
EgoSchema [43] 5063 5063 | 180.0 5063 A&M 126.8 X X X X
AutoEval-Video [8] 327 327 14.6 327 M 11.9 X X v X
TempCompass [37] 410 500 11.4 7,540 A&M 49.2 X X v X
SEPIRHSEE SIESEBRABER
Fu, Chaoyou, et al. "Video-MME: The First-Ever Comprehensive Evaluation Benchmark of Multi-modal LLMs in Video Analysis." n.

arXiv:2405.21075
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Video Length Distribution Across Categories
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o = [ Short Videos
g 120 I Medium Videos
S 100 [ Long Videos
i
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Task Type Distribution Across Categories
1 Perception/Long 1 Cognition/Long 1 Synopsis/Long T
] 0 Perception/Medium 220 Cognition/Medium 220 Synopsis/Medium
z 4907 mmm Perception/Short EEE Cognition/Short BN Synopsis/Short
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c A WITIR G B L AR B AT T 241N

Models | LLM | Short (%) Medium (%) Long (%) Overall (%) ] FRNSIESKIER AR RRBIERER
| Params \ w/osubs w/subs w/osubs w/subs w/osubs w/subs w/osubs W/ subs
Open & Closed-source Image MLLMs
Qwen-VL-Chat [5] 7B 46.4 47.1 38.1 39.8 38.0 38.3 40.9 417 NI =t I=0 a0 S ERS T 2
Qwen-VL-Max [5] ) 56.5 58.3 49.9 498 49.0 46.9 51.8 517 ﬂ'ﬁ*%gfﬂiﬂngﬁi < I’E'E*E;EEE%E
InternVL-Chat-V1.5 [9] 20B 61.2 62.4 473 500  46.0 47.0 51.5 532 FEEBBEERKIRA=IE
Open-source Video MLLMs ] —
==X 1 = =M &
Video-LLaVA [28] 7B 459 47.1 38.1 40.2 37.3 39.6 40.4 42.3 1RBI7E 1 28335 B ERYRINGR X E
VideoChat2 [24] 7B 38.2 41.6 33.2 34.3 29.7 31.9 33.7 35.9 _
ST-LLM [33] 7B 47.0 49.9 36.9 422 31.8 37.3 38.6 43.2 ERS
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No Wake-up Word Needed Interruption-Friendly

Interrupt and reply to oo . e T
: ) ) . ou're wearing a black top and blue jeans,
+-+|p Taking better videos involves the latest question Y - 8 P B
which 1s a classic and casual combination.
several key elements. Here

Here are a few suggestions: ...

—————————————————————————————————————————————————————————————————————————

E + Forget it, it’s too difficult. Take a look
| i at my current clothes and give me
| some outfit suggestions.
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Background A
Noise 2ed Question

Fu, Chaoyou, et al. "VITA: Towards Open-Source Interactive Omni Multimodal LLM." arXiv 2408.05211
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Aggregate Historical Context

State Token .|||||.|.
: - Interrupt Generation
Query Audio Interruption
Noisy Audio Toolkit
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