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InternVideoi$TEfHiEEY

FH42.0BHEMEMEES : InternVideo
KAET023HRATEREAS

B EEBRCHSRRENEETIRYE BISmERE
- TEE =SSR, FRSEL. REEXBIR=K(ES

Y. Wang et.al., InternVideo: General Video Foundation Models via Generative and Discriminative Learning, in arXiv 2022
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FH42.0-EHEMSNEEL: InternVideo
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Y. Wang et.al., InternVideo: General Video Foundation Models via Generative and Discriminative Learning, in arXiv 2022

KineticsiRBI/EIHZREIR>90%
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InternVideo2#ilSnEil{=E! (2024)

- IRt T —HMindEIFIG e, FEXFRRIEIEN, SIS
« (£Scaling LawRIS5IS T, I KillGERSIEEIR: 400MEliRE & 6BESEI=
» {EiiB1d 60FhAYTRSTIRAHESS LEANEH RS KE, AESTHITIRRMESS

LN

Iransferrable Video(-Text) Representation Support for Long Videos m TIE
sy ~ Previous SOTA | Faiih |
Kinetics-400 £ . 1

[FirleTunlgg ICEISass]ﬁcation} ~ VideoPrism 11

Moments in Time AudicCaps CoCa/VideoCoCa
(FineTuned Classification) (T2A Retrieval) — InternVideo2

Kinetics-400

QWVHighlight
(AttentiveProb Classification)

(Temporal Grounding)

EgoSchema

Maments in Time g
(Long Video QA)

(AttentiveProb Classification)

ActivityMet

VATEX
{Temporal Action Localization) (Zero-Shot Captioning)

Kinetics-400

MSREVTT
(Zero-Shot Classification)

(Zero-Shot Captioning)

' 5 T~ . ol
= 3
Charades VATEX = ezl — | o+ | & |
(Zero-Shot Classification) (Zero-Shot T2V Retrieval) - - -
: MSRVTT ActivityNet Q: Infer the shape drawn by the robotic arm on the surface of the latte according to its movements?
{Zero-Shot T2V Retrieval) (Zero-Shot 12V Retrieval) A: It seems like the robotic arm is drawing a heart on the latte.

Y. Wang et.al., InternVideo2: Scaling Video Foundation Models for Multimodal Video Understanding , in arXiv 2024 6



InternVideo2 i SRELFHIEEY (2024)

— — = Supervise ——— Forward Parametrize
's ™ [ h
Video Encoder | — (@ZAZAZA_ 22 [Video Encoder J e d W | 7777 | 777 777 Video Encoder | — (CJCJCJC I

\. J t t \. J
63 ) ! | on [ | = 1

xpert Encoder - o2t [Audio Encoder] — (DO~ Align LLM —(CJ— | Qformer
! ) OO / =
ﬁEi /:C]C]: [Text Encoder] g | | e | [ | . ) 1

xpert Encoder | ©~ -=------------"- Answers Instructions

l Stage 1 | Stage 2 | Stage 3

Table 1: Summary of datasets used in InternVideo2 pretraining process.

| Video Captioner ) Video Cap: A green tractor with |
Pretraining Stage  Dataset Domain # of clips  Annotation J cables attachedto i
Stage | KMash Web Video 2M Action Label - - Audio Cap: Aman Is speaking and engine
© | Audio Cpationer ) operates in the background
Stage 2 (img-txt) | LAION, etc Web Image 300M Alt-text / Generated Caps \
WebVid2M Web Video 250k Alt-text Audio Speech Captioner ASR: I'll show you what they do T
Stage 2 (vid-txt) WebVidlOM  Web Video 9.7M Alt-text — —
= . . . Video-Audio-Speech Caption: As the man talks about
InternVid Youtube V}deo 40M Generated Capt}on the tractor's capabilities, it is attached by cables
Self-collected  Youtube Video 50M Generated Caption and engine operates in the background. Crossmnockl ]
. . CapFusion
Stage 3 | LLaVA, etc Web Image/Video 2.1M Conversation, QA Video-Audio Caption: The tractor operator is chatting while P J
maneuvering the engine with cables attached to it.

Y. Wang et.al., InternVideo2: Scaling Video Foundation Models for Multimodal Video Understanding , in arXiv 2024 7
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Target video clip

Downsampled video clip

O —Fik SN ENBIEELEEE, FHEWIW TR
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VideoMAE: Masked Autoencoders are Data-Efficient Learners for Self-Supervised Video Pre-Training, in NeurIPS 2022 (Spotlight)



SNENHISpEER—: MINE%mIgsEVideoMAE V2
- 21 T VideoMAE V2, ERilGHEHZSESMnELiSEE

Input video

Cube embedding
Latent representation
Learnable mask token

Reconstructed pixel

O — M5

® LI 7 VideoMAE 2 7] |Y{Scalable & Generable $ SR AF 2

Encoder Decoder
masking masking
L Tube masking
L

MR EBIE S

—» Encoder —» —>©—>

ax
N

Supervision

Running cell masking

— Decoder —»

i

(a) Kinetics 400 (c) Something-Something V2 (e) AVA
Method Top1 Top5 Views TFLOPs Method Top 1 Top 5 Method Long Feature ~ mAP
I3D NL [74] 777 933 10x3 1077 SlowFast [19] 63.1 87.6 SlowFast [ 19] X 29.0
TDN [70] 794 944 10x3 594 TEINet [46] 66.5 - TubeR [55] v 334
SlowFast R101-NL [19] 798 939 10x3 702 TEA [37] 65.1 89.9 MaskFeat [76] X 38.8
TimeSformer-L [4] 807 947 1x3 714 TDN [70] 69.6 922 MAE-ST [1¢] X 39.0
MTV-B (320%) [57] 24 952 4x3  1L16 TimeSformer-L [4] 62.4 - VideoMAE [0:] x 39.5
Video Swin-L (3847) [47] 849 967 10x5 10535 “v"lf;l‘;"‘L”Fg’[‘ 5 ! 22; 3;; VideoMAE V2 X 426
ViViT-L FE [1] 817 938 1x3 1194 tvri-s : : e
MViTv2-L (312%) [35] 86.1 970 40x3 4242 x;gﬁ.‘l’. iwl‘a“iBg I 22‘;’ ggz () AVA Kinetics
MaskFeat [76] 870 974 4x3 4548 MTV.B [52] 616 o1 Method Ensembled mAP
MAE-ST [ 18] 868 972 4x3 2505 BEVT[17] 706 ) A -
VideoMAE [63] 866 971 5x3 1788 ‘ ++ 78] v 290
" VIMPAC [60] 68.1 - MSF [29] v/ 334
VideoMAE V2-H 886 979 5x3  17.88 UniFormer [35] 712 9.8 PRt e y W0s
VideoMAE V2-g 885 981 5x3 3816 MaskFeat [76] 750 95.0 VideoMAE V2 x 135
VideoMAE V2-g (64 x 266%) 90.0 984 2x3 160.30 MAE-ST[18] 755 95.0 -
Methods using in-house labeled data VideoMAE [63] >4 952 (g) THUMOS14
CoVeR (JFT-3B) [85] 87.2 1x3 - VideoMAE V2-H 76.8 95.8 Method Optical Flow ~ mAP
MTV-H (WTS 2807) [82] 899 983 x 3 5 VideoMAE V2-g 71.0 959
RTD-Net [61] v 436
(b) Kinetics 600 (d) Something-Something V1 DaoTAD [67] X 50.0
AFSD [39] v 52.0
Method Topl Top5 Views TFLOps _ Method Topl ~ Tops DCAN [5] v 523
TadTR [42] v 54.2
SlowFast RI0I-NL [19] 818 951 10x3 7.02 SLDI[B[]HGCN[ . e Lo TALLFormer [17] p’ 05
TimeSformer-L [4] 822 956 1x3 7.14 TSM [40] 49:7 73:5 BasicTAD [43] X 596
MTV-B (3207) [52] 840 962 4x3 1LI6 V4D [57] 504 , ActionFormer [26] v 66.8
ViViT-L FE [1] 829 946 1x3 1194 TANet [15] 506 793 VideoMAE V2 x 69.6
MViTv2-L (3522) [35] 87.9 979 40 x 3 4548 TEINet [46] 525 _ - -
MaskFeat [76] 864 974 1x10 377 TEA [37] 510 80,3 (h) FineAction
VideoM.AE V2-H 883 981 bHx3 17.88 CorrNet [65] 533 - Method Optical Flow mAP
VideoMAE V2-g 888 982 5x3 38.16 GSM [5¢] 552 N
VideoMAE V2-g (64 x 266%) 899 985 2x3 16030 TDN [70] 56.8 84.1 BMN [11] v 9.25
— UniFormer [35] 61.0 87.6 G-TAD [81] v 9.06
Methods using in-house labeled data BasicTAD [£3] X 12.2
CoVeR (JFT-3B) [85] 879 978 1x3 VideoMAE V2-H 66.6 90.8 ActionFormer [£6] X 13.2
MTV-H (WTS 280%) 90.3 985 3 73.5 VideoMAE V2-g 68.7 91.9 VideoMAE V2 X 18.2

o7 TNF10 S FES EESE F I I AR AR 14 8k

VideoMAE V2: Scaling Video Masked Autoencoders with Dual Masking, in CVPR 2023, # 5| H 128>k
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E Stagel Single-modality Tasks
- £ oy & Vanilla ViT e.g.
s . U

Train from scratch Action Recognition Action Detection

scene-related

Unmasked ]
Token i

]

Alignment  }

“horse running”

* Unmasked Teacher " i temporal-related
\ uTa closing
y o / Stage2 Multi-modality Tasks
r only Vanilla ViT ; g
& . [ Stagel pretrained oQ
- g2 ‘ Video Retrieval | Video QA ‘
g 9 —>yrm
VTC =] =
o
® ©
0o
is sitting __,\ Text Encoder L Y A woman is Q: What is he doing?
on the Open-source doing yoga. A: Playing football.

SRELIRPLR=: AnHLFIGIREBEUMT

A LW ORE kR R

Shanghai Arsticial el lige eve Liberatony

UMT vs &3rCoCa
(B EIE70=0xHER)

Kinetics-700
(Action Recognition)

— Previous SOTA
Kinetics-400 MSRVTT .
(Action Recognition) (FT VQA) — VideoMAE
CoCa/VideoCoCa

— Ours w/ public sources

SthSth V2

ActivityNet
(Action Recognition) (zs T2v) CoCa
AVAv2.2 MSRVTT > 39,000 kg
(Action Detection) (zs T2v)
y
-
2 \“; 70x
SthSth V2 ActivityNet R
(FT T2V) (FT T2V) i
| Ours )
MSRVTT
(FT T2V)

K. Li et al., Unmasked Teacher: Towards Training-Efficient Video Foundation Models, in ICCV 2023 (oral)
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HSNEGRPEREN : SRS iEIREVideoChat

AU FIERFE D RBRMISINIER G : 20 FRIE(ESSRIE

— Video Content

video class, video caption

-

BEIREBIUMT —> VideoC
]
IBSHUR: 3420REE

nat

u Perception rogaplion
00:00-00:02: clip caption, clip tags,

Tools —— | dense caption, subtitle...

—_— ;
(=] InternVideo )i Whisper 00:02-00:03: clip caption, clip tags, | |

5 Tag2Text, GRIT 2 T5 dense caption, subtitle...

5]
Video

AT i
> VideoChat-Embed Embedding

Video Foundation Token

ﬁ\‘
\a U |
R ¢ VideoChat-Text i |
/ escription

Models

(=) InternVideo

Interface

—_—

N

VideoChat2

N

Stagel vTC Stage2 o Stage3
PN

2| [T (& LN [ z &

s | o] [ |5 e[|~ [

— "’{/ i B embedding ] :

H H H

Vision-Language Alignment Vision-Language Connection

Q: Is he singing and
rapping in the video?

|

Large Language
Models

ChatGPT, LLAMA

Vicuna, MOSS, ...

A:No. he is not singing or rappina in
thisvidex -relis playiilg tasks bell and
dancing in some parts of the video.

kfv r-‘-- j
& . QFnrmer_‘ — | LLM LoRA
7’__,."’" Vision
1 Emben{d‘mg T
1 ]

Instruction Tuning
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SRR ELER R —: KHIREHEE InternVid

» BN T AHURLABSRARIORISIRSHIES . ERFNIERR
+ 2.3MZPRSEIT, BETKEETOT/NY, XFHEAEA1{Z 881
« 11 MEZxR, 20 £, 6000 RFPAXHEIT/EL

[ o) ] (S

LY ‘." 4 ‘--:' =
: a woman in a red wagon with a child in it in a women dressed in traditional costumes standing
store as she walks through the store. in a room.

2 . ¢« [my3bIka] [annogMcmMeHThI]
Iﬂ\ drive a car out. l.'j\ il i

Rl e
w2 ’*" ld ’ ?;’
..r::! \,_’*iblr %} "_‘ -
AR e 0. bR SN B :
a man and a woman brushing their teeth in the older women sitting at a table eating a bowl of
bathroom. food with chopsticks.

s BBOTEDEFSTTFA Y 2@ ECIY T —2H-> TR r  EHERLX G, Adifre M RIEA. BB AR AR .
s FFIEALEIZIES O (understand, just wait. Where are the N (The old granny is good in this aspect, she is not picky and can eat
tissues? 1 had an idea to buy a shower, but for now I'll stay like this.) anything. She can go anywhere by car.)

Huggingface F#k: 724)R, Berkeley, NAVER, Meta, Allen Institute for Al, Google...
Opendatalab JIiSE: _EZE30K, iE2.4K, T#H219/%

InternVid: A Large-scale Video-Text Dataset for Multimodal Understanding and Generation, in ICLR 2024 (Spotlight)
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AtEEEEEInternVid
 J B T KIMELAMSR ORI ZSARTSEREE . SRR FNEERR

A ERASERAE I REtH 55—

-y

Time

Video

people standing outside of a log cabin.\—s

Text

| 'h.’\ : Y. & ' ; m L ¥ ‘v
i = i . . & = -
I Vision ——= =
Transformer \ What is strange about this video?

A]ign It shows a man and a lion interacting in a forest. The man is holding
' a lion by the ears, and the lion seems to be ckay with being petted

by the man. They seem to be enjoying each other’s company. The video
Text / shows a rare and unusual interaction between a man and a lion, which
Transformer is very rare and surprising to see in real life.

ZESHEER

BANKE & ——

Lk
BANXS

InternVid: A Large-scale Video-Text Dataset for Multimodal Understanding and Generation, in I[CLR 2024 (Spotlight)

K400(zero-shot) K600(zero-shot) K700(zero-shot)

H LisAllab

H _LisAlLab



SR SEHERR—: AMiEEEEInternVid
* InternVid #2iEflirER ZIEIHREFREITE

Distilling Vision-Language Models on Millions of Videos

Yue Zhao'?* Long Zhao'!  Xingyi Zhou! Jialin Wu'
Chun-Te Chu!  Hui Miao!  Florian Schroff'  Hartwig Adam'
Ting Liu'  Boqing Gong'  Philipp Kriihenbiihl>  Liangzhe Yuan'
'Google  *University of Texas, Austin

BFRAIRERE, SUHITRERE

Stable Video Diffusion: Scaling Latent Video Diffusion Models to Large Datasets

oo ® Andreas Blattmann® Tim Dockhorn” Sumith Kulal® Daniel Mendelevitch
S t a b I I I ty. q l Maciej Kilian Dominik Lorenz Yam Levi Zion English Vikram Voleti
Adam Letts Varun Jampani Robin Rombach
Stability Al

BFRAMMEERE, EfMISIrcelE

InternVid: A Large-scale Video-Text Dataset for Multimodal Understanding and Generation, in ICLR 2024 (Spotlight) 15



ﬁ Temporal Understanding: Reasoning based on entire video

1) Action

Action Sequence

Action Antonym

Action Prediction

Unexpected Action

Fine-grained Action
Object

Object Shuffle

Object Existence

Object Interaction

3) Position

Moving Direction

Action Localization

4) Count
Action Co

unt

Moving Count

5) Scene

Scene Transition

) Pose

Fine-grained Pose

7) Attribute
State Change
Moving Attribute

3) Character

Character Order

9) Cognition

- Episodic Reasoning
Egocentric Navigation
Counterfactual Inference

IRRIERYT(L: MVBench
;E II:I:II ? g*ﬂ:umgﬁﬂ.

FENEEMVBench

Public video datasets with

Vdrious

scenes

high-quality annotations

CLEVRER

Position

\

Appearance

Actic

n Lo

ca

Ob

1Zafl

ject

Moving Direction

Video
Diversity

Each QA pair corresponds
" to a distinct video

short: minimal movement

S;FEm-pf)I‘.E;l z Intermediate duration
x
ensitivity 00 9 complnca’(eo{ context

45y indistinguishable
X
Question _x Proper question

Difficulty x _ °

[: inseparable
QA Generation
Have
options?

Q Generate QA with
video annotations

LLM asks question < task definition

]

Template-based option candidates

Video MLILMs: All models take 16 frames as input, with the exception of VideoChatGPT, which uses 100 frames.

Otter-V [37] LLaMA-7B(26.8(23.0|23.0|27.5|27.0|29.5|53.0(28.0|33.0|24.5|23.5|27.5|26.0{28.5|18.0(38.5|22.0|22.0|23.5/19.0{19.5
mPLUG-OwI-V [88] |LLaMA-7B|(29.7|22.0/28.0{34.0/29.0{29.0|40.5(27.0|31.5(27.0|23.0(29.0|31.5|27.0/40.0|44.0(24.0|31.0(26.0|20.5|29.5
VideoChatGPT [49] |Vicuna-7B (32.7]23.5/26.0(62.0|22.5|26.5|54.0(28.0|40.0(23.0|20.0(31.0|30.5|25.5|39.5|48.5|29.0|33.0(29.5|26.0(35.5
VideoLLaMA [95]  |Vicuna-7B |34.1]|27.5|25.5|51.0{29.0({39.0(48.0|40.538.0|22.5|22.5|43.0(34.0(22.5|32.5|45.5|32.5|40.0{30.0{21.0(37.0
VideoChat [40] Vicuna-7B |35.5|33.5|26.5|56.0{33.5(40.5(53.0/40.5/30.0|25.5|27.0(48.5|35.0(20.5/42.5|46.0|26.5|41.0({23.5|23.5|36.0
VideoChat2 Vicuna-7B (34.7|24.5|27.049.5|27.0{38.0|53.0(28.0|40.0(25.5|27.0(38.5|41.5|27.5|32.5|46.5|26.5|36.0(33.0|32.0(40.0
VideoChat2 Vicuna-7B |51.1/66.0/47.5/83.5|49.5/60.0|58.0(71.5|42.5|23.0|23.0/88.5|39.0/42.0|58.5|44.0(49.0|36.5|35.0|40.5|65.5

GPT-4V take 16 frames as input, and the resolution is 512 x512, while others use small resolution of 224 x224.
|43.5‘55.5|63.S|72.0|46.5|73.5| 18.5|59.0|29.5| 12.0|40.5|83.5|39.0|]2.0‘22.5|45.0|47.5|52.0|3].O‘S9.0|l 1.0

GPT-4V [55]

GPT-4

MVBench: A Comprehensive Multi-modal Video Understanding Benchmark, in CVPR 2024

m\
\\f

o

ki ) BE W s
whai Ar [reelligeree Laberatory
| Option Processing]
Order Options are randomly
Shuffle selected and shuffled
i i |
Length ©ov anFerﬁnt options should
have similar and
Check

reasonable text lengths

Evaluation: Prompt Design

Q: What direction is the gray cylinder
moving within the video?

LY

.415. L

System Prompt: Consider temporal evolution

i
B
(

(D) Down and to the right.

g

the cause and sequence of events,
the detail and movement of objects,
and the action and pose of persons.

select the best option

Answer Prompt: Must output option
Best Option: (

16




{ERIEERVideoChat?2

;E II:I:II ? g*;lu\mgjﬁﬂc

Conversation #Num Reasoning #Num VQA
LLaVA 56,681 LLaVA 76,643 VQAV2
ﬁ VideoChat 13,884 CLEVR 30,000 GQA
VideoChatGPT 13,303 VisualMRC 15,000 OKVQA
Classification ~ #Num H NExTQA 34,132 A-OKVQA
ImageNet 30,000 CLEVRER QA* 40,000 ViQuAE
COCO-ITM 29,919 CLEVRER_MC 42,620 OCR-VQA
@ Kinetics-710 40,000 TextVQA
Simple Caption #Num
SthSthV?2 40,000 ST-VQA
. _ [24] COCO 566,747
Detailed Caption #Num DocVQA
TextCaps 97,765 s
[Aa] MiniGPT-4 3,362 . TGIF-Frame
LLaVA 23240 | WebVid 400,000 TGIF-Transition
Paragraph Captioning 14,575 YouCook2 8,760 WebVidQA
ﬁ VideoChat 6,905 TextVR 39,648 EgoQA

MVBench: A Comprehensive Multi-modal Video Understanding Benchmark, in CVPR 2024

#Num
29,903
30,001

8,990
17,056

1,152
11,414
27,113
26,074
39,463
39,149
52,696
10,000

7,813

Data Example

¥ hiEiERIVideoChat?2

7
............
17 me In

Instruction Generation

1 of video dataset

nstruction examp le.

eo understanding and inst

and tas

DATASET DESCRIPTION: {dataset_descrption}

TASK DESCRIPTION: {task_description}

INSTRUCTION EXAMPLE: {instruction_example}

1 + 4 Far he 1 in t+the
nerate 10 instructions for handling the

The dataset contains...
O In this task, you will...

Here is an example..

you need to help me

; "
video tasks

)

T
P-

ruction design.

k,

ChatGP1

@ Instruction

—
™

'video':

s
"

video data path

'023601_023650/1023815317.mp4 "',

conversion tasks have multiple QA
‘A" [{

# instruction as task guidance

i': "Go through the video, taking into account

key aspects, and respond to the question.",
# no question for caption tasks
'q': "What color cliff is the hindu temple on?",

# short answer may be phrased
a': "The Hindu temple in the video is situated

on a green cliff."

}

_ "“
H

|

17
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1 Summarize the given video clip.

&The video shows a large bird standing in a dry, barren landscape
with a few planfs in the backgrwnd. The bird is a 9o|olen eo\gle, and it is
standing on the ground with its wings spread out. The bird is not moving
and appears to be resting. The landscape is dry and barren, with no signs
of life or vegetation. The bird is the only living creature in the scene.

.. The video shows a bird of prey, likely a hawk, standing on the ground
and looking around. It then spots a dead bird and starts to eat it. The
bird of prey is seen eating the dead bird and then flying away.

& The video clip shows a bird of prey attacking a small animal. The bird

is seen swooping down and attacking the animal, which appears to be a

rabbit. The bird is a hawk, and it is hunting for its prey in the desert.

N
L User KVideoChat #® VideoChatGPT a‘VideOChatZ

MVBench: A Comprehensive Multi-modal Video Understanding Benchmark, in CVPR 2024
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BEHIERNEINERN, EFPESESXEENMNINEREED, SEnNFEERDREANNSETE
4%, 3X5SAmazon, k. DeepMind, Google, Nvidia, HfiBfg. AllenAl, MBZUAIZSH19IRME
o

VideoChat2 vs. GPT-4V vs. Geimini Pro

VideoChat2 vs GPT-4V vs Gemini Pro
100.00%

2
,\;z'»‘ fo“o’

d?' log bé \),g
& <\ QQ’ 6‘ 2 <° \z ‘{2'(,} ef} @ et ?}Kro é"‘oo é‘fé& (\
X 0 . N AN X
& R \© © & A c°°(\ c,oé\b . @,éQ@
R ®
B VideoChat2 B GPT-4Vv GeminiPro
51.1% 43.7% 37.7%

x#TinternVideo2 Y Z XS M 1G4 gE 2 LA F 60.9%

MVBench: A Comprehensive Multi-modal Video Understanding Benchmark, in CVPR 2024
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77777777777777777777777777777777777777777777777777777777777 (i) Controllable Video Generation A sports car
Bl bw =1 M | Mixed Inversion | mp is moving on
: ‘ the road
Pretrained T2I Pretrained T2l Pretrained T2l : m m S
Image editing Image inpainting Other tasks E 0 ¥ v ]
e |

~ e, Controlet

i
i
i
| Image Video
i Diffusion Diffusion
i
: v ' 5
: >T ST ]
L Zimg Zyideo
|
1
“A white swan # E % - 1
. » I o X - !
moving on the lake | :
i 1
| 1
| i Self/cross-| |Temporal
i > ' e
' ZT { oMV | attention attention
|

(iv) Othertasks 7
~ (a) Frame-wise Video Generation

(i) Depth: A person on a motorcycle does a burnout on a frozen lake. “

BIVDiff: A Training-Free Framework for General-Purpose Video Synthesis via Bridging Image and Video Diffusion Models, in CVPR 2024 20
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Evaluation Dimension Suite

* comprehensive, hierarchical, fine-grained, objective
* revealing individual models’ strengths and weaknesses

Subject Consistency

Temporal Quality

Background Consistency

Temporal Flickering
Motion Smoathness
Dynamic Degree
Aesthetic Quality

Video Quality

Frame-Wise Quality

!
1

1

i

'

H separate prompts for:

|+ each evaluation dimension
|+ each content category
1

Ll

1

1

I

i

1

|

|

1

i

|

G

Prompt Suite

Generated Videos

Method Suite

Evaluation

for each dimension:

y

* designated model and pipeline

Alignment
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Shanghai Arsticial el lige eve Liberatony

i
|
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Imaging Quality .. -
: : = Verification
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— Human Action ] —l" T LR L L ‘/;
e e e —
Color 1 -
[Ty ——— Spatial Relationship : 1 T -a :’
Scene ! —
Video-Condition Overall Consistency i HU m a n pre Fe l"e n Ce
Consistency Temporal Style i video generation sampled videos A .|. .t.
Style \ models nnotarion
Appearance Style N L
Subject Background
Consistency Consistency Temporal Flickering Motion Smoothness Dynamic Degree Aesthetic Quality Imaging Quality Object Class
10 1 T 1 1 T
p = 0.9651 p = 0.9480 p = 0.8873 p = 0.9980 p = 0.8209 p = 0.9865 p=09216 - p = 0.8037
yd - K i
. . ] . _
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5 Multiple Objects Human Action Color Spatial Relationship Scene Appearance Style Temporal Style Overall Consistency
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? p = 0.9898 p = 0.8915 p = 0.6073 p = 0.9759 p = 0.9407 p = 0.9965 p= 0.9753/
cs-/( 4 us-/ 4 us—/ 4 osf / 4 05-/ s / 0s
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VBench: Comprehensive Benchmark Suite for Video Generative Models, in CVPR 2024

(b) inconsistent background scene (score 88.08%)
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EpizUEEIEE: VideoMAE-V2 (CVPR 2023) I
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