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: ﬁ {(Chandler:) Go to your room! Janice:) Not . (Joey:)Kiss her. Kiss her!
+| + M (Janice) I gottago, I gottago iss (Tanice:) Il see you later, sweetie. Bye, Joe
|
1
! |
I 1 I
A Chandler's t ! I A Because Joey is glad that Chandleris happy ]
B Chandler's hands : I B Because Joey likes to watch peoplekiss I
C  Because then sh |
I
|
1
1

____________________ P
What is Janice holding on to T 1 Why does Joey want Chandler to kiss Janice when they are

| in the kitchen?

(£ Ground-truth
id
B
i W W
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LT Argl
o .
= 1 C Her Breakfast en she will leave
e - D Her coat I D Because Joey thinks Janice is hot
E Chandler's coffee cup. : E Because then Chandler will moveaway from the toast, | 2

\ = 3 Frame no. 046 )
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Iransferrable Video(-Text) Representation Support for Long Videos m TIE
sy ~ Previous SOTA | Faiih |
Kinetics-400 £ . 1

(FineTunI;g ICEIsassiﬁcation} ~— 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)

: = :
Charades VATEX - 2l —_ | - | 2 |
(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 T2V Retrieval) A: It seems like the robotic arm is drawing a heart on the latte.

Y. Wang et.al.InternVideo2: ScalingVideo Foundation Models for Multimodal Video Understanding, in arXiv 2024 6
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xpert Encoder - o2t [Audio Encoder] — (DO~ Align LLM —(CJ— | Qformer
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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: ScalingVideo Foundation Models for Multimodal Video Understanding, in arXiv 2024 7
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VideoMAE : Masked Autoencoders are DateEfficient Learners for Self-Supervised Video PreTraining, in NeurlPS2022 (Spotlight)
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/,;//// (a) Kinetics 400 (c) Something-Something V2 (e) AVA
’/';/’;/“)- pr Method Top1 Top5 Views TFLOPs Method Top 1 Top 5 Method Long Feature mAP
~ N -
11 42 Encoder Decoder Supervision I3D NL [74] 777 933 10x3 1077 SlowFast [19] 63.1 87.6 SlowFast [19] X 29.0
y J maskin maskin TDN [70] 794 944 10x3 594 TEINet [46] 66.5 - TubeR [55] v 334
/‘/ g g SlowFast R101-NL [19] 798 939 10x3 702 TEA [37] 65.1 89.9 MaskFeat [76] X 388
TimeSformer-L [4] 807 947 1x3 714 TDN [70] 69.6 922 MAE-ST [1£] X 39.0
MTV-B (3202) [22] 824 952 4x3 11.16 TimeSformer-L [4] 62.4 - theuMAE [63] X 39.5
Video Swin-L (3847) [47] 849 967 10x5 10535 “VAZ“;T"L”FE’[‘ 5 ] 22; g;; VideoMAE V2 ul 42.6
ViViT-L FE [1] 817 938 1x3 1194 ik b : : .
MViTv2-L (3122) [34] 86.1 970 40 x 3 4242 x[l%‘?;é‘f’]‘;iﬂ\g ] 23'? g%z () AVA Kinetics
: . . . MaskFeat [76 870 974 4x3 4548 . : -
Input video Tube masking Running cell masking askFeat [76] x MTV-B [£2] 67.6 90.1 Method Ensembled  mAP
v MAE-ST[15] 868 972 4x3 2505 BEVT[17] 706 -
VideoMAE [6] 866 071 5x3 1788 VIMPAC [60] P : ﬁ[;;:[* []‘] / 20
ydeoMAE V2-H 886 979 5x3 17.88 UniFormer [35] 712 9.8 ACAR [51] iy 0
ideoMAE V2-g 885 981 5x3 3816 MaskFeat [76] 750 950 VideoMAE V2 x 139
VideoMAE V2-g (64 x 2662) 90.0 984 2x3 16030 MAE.ST [15] 755 95.0 1deo -
Cube embedding Methods using in-house labeled data VideoMAE [0] 4 95.2 (g) THUMOS 14
. CoVeR (JFT-3B) [85] 872 - 1x3 VideoMAE V2-H 76.8 95.8 Method Optical Flow ~ mAP
Latent representation ves MTV-H (WTS 280°) [82] 899 0983 4x3 5 VideoMAE V2-g 770 95.9 RTDNe 1] y e
—™ — Encoder —» — — — — -Net [6 )
Learnable mask token Decoder (b) Kinetics 600 (d) Something-Something V1 DaoTAD [67] x 50.0
Method Topl  Top5 AFSD [39] v 320
: iews . etho °P op DCAN [ v 52.3
Reconstructed pixel Method Topl TopS Views TFLOPs R [51 y i
; 13D [7] 416 72.2 adTR [42] -
SlowFast R101-NL [19] 818 951 10x3 702 NL I3D+GCN [75] 161 168 TALLFormer [12] x 592
TimeSformer-L [4] 822 956 1x3 7.14 TSM [40] 497 785 BasicTAD [43] X 596
MTV-B (320?) [22] 840 962 4x3 1116 VAD [£7] 50.4 ; ActionFormer [36] v 66.8
ViVIT-L FE [1] 829 046 1x3 1194 TANet [45] 506 793 VideoMAE V2 x 69.6
MViTv2-L (3522) [38] 879 979 40 x 3 4548 TEINet [16] 5 _ - -
MaskFeat [76] 864 974 1x10 377 TEA [37] 519 303 (h) FineAction
VideoMAE V2.H 883 981 5x3 17.88 CorrNet [62] 533 - Method Optical Flow _ mAP
VideoMAE V2-g 888 982 5 x3 3816 GSM [5¢] 552 -
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 122
CoVeR (JFT-3B) [85] 879 978 1x3 VideoMAE V2-H 66.6 90.8 ActionFormer [86] X 132
5 MTV-H (WTS 280%) 90.3 985 1 x 3 5 VideoMAE V2-g 68.7 91.9 VideoMAE V2 X 18.2

VideoMAE Scalable & Generable

5
, 10
VideoMAE V2: Scaling Video Masked Autoencoders with Dual Maskingin CVPR 2023, 128
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Unmasked \ Kinetics-400 MSRVTT L\
Token i = ) (Action Recognition) (FT VQA) VideoMAE
Alignment [ f CoCa/VideoCoCa
_______________________________ . 4 “ho — Ours w/ public sources
Unmasked Teacher L_---"” temporal-related
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P PN opening (Action Recognition) (zs T2v) oLa
_______________________________ i UTA “closing”
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K. Li et al.,Unmasked Teacher: Towards TrainingEfficient Video Foundation Models in ICCV 2023 (oral)
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Tools _ — | dense caption, subtitle... \

(=] InternVideo <)) Whisper 00:02-00:03: clip caption, clip tags, | |

Q: Is he singing and
rapping in the video?

- Tag2Text, GRIT = T5 dense caption, subtitle... ; l
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* VideoChat-Text Description | Large Language
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Video Foundation Token

| Models Interface
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: 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.

(A3

o B, ¢ . [My3kika] [annogncMeHThI]
48, lﬂ\ drive a car out. fj\ el ]

)
i m! IA z :‘ﬁ’
- [l [ bt
.  Pe™
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 FFIEALEIZIES O (understand, just wait. Where are the (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.)
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InternVid : A Large-scale VideaText Dataset for Multimodal Understanding and Generation in ICLR 2024 (Spotlight 13



What is strange about this video? @ 60
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It shows a man and a lion interacting in a forest. The man is holding

Video ‘a lion by the ears, and the lion seems to be okay with being petted 55
people standing outside of a log cabin.\—- / 50

Text - wé p k | & K400(zero-shot)  K600(zero-shot) K700(zero-shot)

B fiEAllab B OPENAI H BAAI
d;r] o 481
OVt Z
MSRVTT-t2v MSVD-t2v LSMDC-t2v

InternVid : A Large-scale VideaText Dataset for Multimodal Understanding and Generation in ICLR 2024 (Spotlight W ESAllab  E OPENAI M &K
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Stable Video Diffusion: Scaling Latent Video Diffusion Models to Large Datasets

Andreas Blattmann® Tim Dockhorn” Sumith Kulal® Daniel Mendelevitch
Maciej Kilian Dominik Lorenz Yam Levi Zion English Vikram Voleti
Adam Letts Varun Jampani Robin Rombach
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MVBench: A Comprehensive Multi-modal Video Understanding Benchmarkin CVPR 2024
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