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o ZRYD#EMIE : Video Classification Task — Video Language Task

PN s TN

| Describe the video. ~ (&

Thls video showcases a man crawling through a hole in a wall
) emerging into a dark room. He then continues crawling
’ through a pipe that leads him to a well. The video concludes

. with the man standing in the rain, gazing up at the sky.

" When does he crawl through the pipe? ~ 4;_'.&_}
&] The man crawl through the pipe from 51 to 68. l

Which movie does this video belong to? (&

— Riding a bike (SXJL)

‘.1 This video belongs to the movie "The Shawshank Redemption." |

*The Kinetics Human Action Video Dataset”, Kay+, arXiv2017
**https://github.com/hueihan/Action_Recognition/blob/master/data/WIS/video/run/daria_run.avi
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o *E %?E 7:-; ’E Fl:ﬁ Inference VideoQA: explore the logic reasoning ability.

Inference Question:
Q: Which event will happen next?

O t\\ _‘\Té1$ %Igﬁq: L fd~ l'\ t th\/ \h\ b fd~ l'\ ::b';'ehcic‘;lbecollideswiththered

b: The cyan cylinder collides with

[ | L\O, & : —CS, 1E”E; @ﬁ, ﬂeéﬁo)%;ﬂ“ CLEVRER (Yi et al. 2020) ':“*f'“dobi:l .
o RINFE- FRRROFENY LGB

Q: Why is the man in yellow and the
u E F'=' , S ao

man in black carrying a shirt-less man?
A: throw him into water
& &k 20 El
O 9* I:II-S 0) %u A % M\g t é MM-VideoQA: QA invokes visual, audio, subtitles, plots.
=+ =x7s 01:10.131 - 01:12.292
m —AREH, web b DRI

(Meredith) I was swimming. Q: What was behind Meredith
01:12.367 - 01:14.358 when she said she was swimming?
(Meredith) I was fighting. 0. A painting; 1. A couch;
01:15.670->01:18.138 2. A metal shelf V

(Meredith) And then I 3. Afile cabinet; 4. A car
TVQA (Leiet al. 2018) thought, just for a second.

Factoid VideoQA: directly asks about the visual fact.

/. Factoid Question:

Q: What is the color of the bulldog?
A: Brown

TGIF-QA (Jang et al. 2021)

NEXT-QA (Xiao et al. 2021)

KB-VldeoQA QAs invokes external information outside video.

ngryat  (Howard) Grab a napkin, Q: What girlfriend is Sheldon
s episode. homey, you just got served. talk about?

(Leonard) It’s fine. You win. Rt ) w /i . . . R
(H?S::d)wsr\;?:hq:;rmem? fz’: ;;'r);‘a;dlé::’my, Video Question Answering: Datasets, Algorithms and Challenges”, Zhong+, EMNLP 2022
(Sheldon) His imaginary 3. Penny\l cvpaper Cha"enge 5

KnowIT(Garcia et. al, 2020) girlfriend broke up with him.
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How many times did the person show objects to the camera? What will the per ding a book?

5| : https://arxiv.org/abs/2311.17005
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Q. How did the man in Ilght blue jacket show that he
wanted a drink?
A. point his finger [1]

Q. Which event will happen next
a). The cube collides with the red object. v
b). The cyan cylinder collides with the red object [2]

[1] “IntentQA: Context-aware Video Intent Reasoning”, Li+, ICCV2023
[2] “CLEVRER: Collision Events for Video Representation and Reasoning”, Yi+, ICLR2020
[3] “NEXT-QA: Next Phase of Question-Answering to Explaining Temporal Actions”, Xiao+, CVPR2021

Q. Why did the boy pick up one present and move to the sofa?
A. unwrap it [3]
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VideoQA

ka._g‘ o, d&' M s 1
Q. How did the man in light blue jacket
show that he wanted a drink? [1]

Q. Why did the boy pick up one
present and move to the sofa? [2]

PEFOEE, WEDER EIK,

[1] “IntentQA: Context-aware Video Intent Reasoning”, Li+, ICCV2023
[2] “NEXT-QA: Next Phase of Question-Answering to Explaining Temporal Actions”, Xiao+, CVPR2021

Video Captioning

02:41  03:08 03:16
02:40 L03:00- 03:15 -

3

Sprinkle salt and
pepper to taste.
Place a piece of lettuce as

the first layer, place the

tomatoes over it. 3]

Video Moment Retrieval

Query: Old man in white finishes
filming then leaves.

29.2 sec. 41.3 sec.

Query: A man holding a camera

comes into view. 4]

BR3¢ & Zflim < AL /=Ly

[3] Towards Automatic Learning of Procedures from Web Instructional Videos,

Zhou+, AAAI 2018
[4] Weakly Supervised Video Moment Retrieval From Text Queries, Mithun+, CVPR2019
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woman
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shorts
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jumping over
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fire hydrant

v

yellow

“Visual Genome Connecting Language and Vision Using Crowdsourced Dense Image Annotations”, Krishna+, 1JCV2017
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“COIN: A Large-scale Dataset for Comprehensive Instructional Video Analysis”, Tang+,
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HierVL: Learning Hierarchical Video-Language Embeddings,

Ashutosh+, CVPR2023
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Weakly Supervised Video Representation Learning

with Unaligned Text for Sequential Videos, Dong+ , CVPR2023
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“Action Genome: Actions As Compositions of Spatio-Temporal Scene Graphs”,Ji+, CVPR2020



http://openaccess.thecvf.com/content_CVPR_2020/html/Ji_Action_Genome_Actions_As_Compositions_of_Spatio-Temporal_Scene_Graphs_CVPR_2020_paper.html
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Learning Situation Hyper-Graphs for Video Question Answering,

Khan+, CVPR2023
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Video Graph Transformer for Video Question Answering, Xiao+,

ECCV2022

Graph TransformerZ AW TETA M EB T 5
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Hierarchical Semantic Correspondence Networks for Video Paragraph Grounding, Tan+, CVPR2023



Hierarchical Semantic Correspondence Networks for Video Paragraph

Grounding, Tan+, CVPR2023
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Video as Conditional Graph Hierarchy for Multi-Granular Question

Answerin, Xiao+, AAAI2022
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' 1 Grab her

' 2 Feed horse with grass Vv
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i 5 Put her arms up E A HGoater ending |
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Q: What did the girl do after she took the green ball?

A: Stand up
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MIST : Multi-modal Iterative Spatial-Temporal Transformer for Long-

form Video Question Answering, Gao+, CVPR2023
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Discovering Spatio-Temporal Rationales for Video Question

Answering,
Li+, ICCV2023
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é (b) Adaptive Temporal Rationalization
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ride the bike
look at the girl
push the bike
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Can | Trust Your Answer? Visually Grounded Video Question

Answering, Xiao+, CVPR2024

FEEQBERZEAIDVTUOIRI TFE
* VideoQAIZEWTETILARME LTELWVEEMRBIEE L TLWAHAEFEEL /X
e B AVMERTIELEL, AV T7UoRRIVEFRTHETERODHEEZELZTITS
- WMTF—208E - TXRX MEEHIELTHA
TR -

« NEXT-QAIZ & IF % Grounding VideoQADFEEMNFR L L,
BEFEIYELMERZE DI EMNFERE SN

o 2L, ANEHRD EFZGroundingfBEIFIEL, HEHNBE. /\ A: Unwrap it.

Video .
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Vi
GT: 8.8s——16.8s 66.Qs Q: Why did the baby pick up one present from
the group of them and move to the sofa?

(a) Framework of weakly-grounded VideoQA.

Hay

What did the girl do after she took the green ball? Stand up.
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HIVLP: Hierarchical Interactive Video-Language Pre-Training, Shao+, ICCV2023 Video Question Answering with IterativeVideo-Text Co-Tokenization, Piergiovanni+, ECCV2022



HiVLP: Hierarchical Interactive Video-Language Pre-Training,

Shao+, ICCV2023
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Video Question Answering with IterativeVideo-Text Co-Tokenization,

Piergiovanni+, ECCV2022

2R M) —LIGRREBE L, EHEOEE AN
- BEETFRAMNORENLGEHEB F—I L7 TO—FF#FHRICEE
EF)TABHBEEERZER TS0, V-LREOERZEEZ1TS
fER:
« MSRVTT-QA. MSVD-QA. IVQAGR EBHMT—2ty FTHREWFEEZREL LB SR
« Thow-to] ETAVCERERQART T—2 Yy FTHM

=
Q
=
@
a
________ 3
o
| Aftention ] —
: _!‘L ] I L]
ol s 4 ! =
s : | ; %) m.fl)
A BT =T = wEo
R : < TES
H ' I _éLI.'Q
i ]
i | Dz>
{ v B

i ; ] v !
5 N
A x - 5 | g !
vl 0 E. E, e TR AR
(=2 T 9 o v g / - ——
o L [T bl OB =] : . _— !
=] ] =3 = 3 o % N : . Tokenization Module
52 7z 5% L2 ) oo '
5o 0 o w o w 5& ;
Suw ow o g :
0 ° = |\ ;
s > - . 36



FEHESEORE

Ql

BRI D ZRE

Sl o TR FFZE R BN 7S R =

c KYFXFv T3 VOBREMKE - by TADUR « /Ny FXObbox & LEER L T &
SWNSHTHD, EFLUT« e —UHS5T%FELEVOAIZ L) $ANE B AT REIS D ER
MENT—3 4y b hiE SR C & YRR R AR O

- EBAIZRWN-2¥ET /T « AR TEICELETS DK 5457
—a DERK 39
e IRRLT v TH
« BN S ITERLEELON
At
c FREDOEHIZEYERESS D
xIH

[ERIEICR Y, BEPOEMTREEZRZRMNICRET IFEORFEILE



DRSO TIVFE - mBFE



DY TIVEE - BRFEOEEMR

e Video Recognition®k#E BEDT—42 Y MEEOD X FEEL.
o T—=AWREA+T/T—=32 ) DEYUTANLERIERITERL,
T—ARPREIX FFHIFETES.
o MHHUTIL UMEEBET—ER)  BHTFEBEOT—2tEY b+
o INIHUTILDEFIZKITAEREZR
o TIETFIDOXRKREFEILE] I2XHBFE
o [HBRIFEFDNATR] IZKBHHERERT

a N

PET—2IREDRE

o REMIRL
o HMMLUE BEFLKEITILELDHDS
o F7/T—Ia DOAKIORX L
o ARBYIUTILNDVEWLNERY
\\ o l: EERHN, EEIE
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=T )LD KERIELL

o KIREFEILDER
o FEBEDOAINYA X - 5HKRNA
o RH—1)UJHI*

[ ) /\05}—9’5&75§’§&+ :L,\%EJ;;O)EJ ntu\nﬁk:Ei_\)l/**
o HBHIFEMIX L
m FEEM  2EFELULE BRI
m GPU (A100) : 641&
m T—%%: 1.35M clips + 0.66 clips

*Zhai, Xiaohua, et al. "Scaling vision transformers." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.
**Wang, Limin, et al. "Videomae v2: Scaling video masked autoencoders with dual masking." Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 2023.
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BB T HEM/NA TR

o N (DHEFZE) 2RY, BEEDATHLHETETLES
o MFMEIEHRE Y L ZERITFERD
o EFRIFTICEEGZFES L, ERIFHRICSEBTHIERIZHS

_ - With or Without a Human  Stream % on UCF101 (split 1)
Human Action Recognition Huma\?\,i&%ﬁnﬁ?nc:r? niton With human Spatial stream 51.26
Temporal stream 40.50
Two-stream 56.91
Without human Spatial stream 45.33
l Temporal stream 26.80
| MotionlDescriptor | | MotioniDescriptor | Two-stream 47.42

Tennis Swing Tennis Swing?
Table 2: Performance rate of human action recognition with or without a human

il

*He, Yun, et al. "Human Action Recognition without Human." arXiv preprint arXiv:1608.07876 (2016). cvpaper.challenge 41
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e  —RITEIRBOT—F Y MK SHEFIET

o f HMTEEREEOT —2 Y FMZKBERFE
J27AF1—ZVTICEKBTRARIADEE

— ﬁx E)j At nﬁk

o —A%ITENERE - UCF-101
o FFHHTTENERE : Gym288, Diving48

TRERY (B#) ISEhE-BHEET—

Aty KHEE

o
=

80

@
=}

Accuracy

e A

-

Accuracy
B8 & 8 8 3
S 8 & s 3

a

o

ActNet  UCF  HMDB  Some
Pretraining Datasets

(b) Diving4s8.

MIT ActNet UCF HMODB Some Jester Diing K4 MT Jester  Gym

Pretraining Datasets

(a) Gym288.

*Hara, Kensho, Yuchi Ishikawa, and Hirokatsu Kataoka. "Rethinking training data for mitigating representation biases in action recognition.”
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2021.

MIT  ActNet HMI
Pretraining Datasets

DB Some Jester

(¢) UCF-101.
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o TETIDKRKREL] ICTLKHBFE
o [HFAMFEBDNATR] IZLSHMHREET
o FRRK
o Masked video modeling (MVM)
o Parameter efficient transfer learning (PETL)

Decoder l Supervision Add & Norm Add & Norm & Spatio-Temporal Adapter

masking

Tube masking Running cell masking

Multi-Head
Self-Attention

Cube embedding

I Temporal !

p
| ST-Adapter | _

Latent representation l .. . e :
—> Encoder —> _>©_> —»|Decoder —> ageaid f- ____

Learnable mask token

x # Layers $ x # Layers,

Reconstructed pixel

(a) Full Fine-tuning [6] (b) ST-Adapter Fine-tuning
+ Action Recognition Acc: 81.7 « Action Recognition Acc: 82.0 ﬁ Fixed during training
« Updated Param: 141.2% + Updated Param: 8.3% 1 ' Newly added to ViT [18]

*Wang, Limin, et al. "Videomae v2: Scaling video masked autoencoders with dual masking." Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 2023.

**Pan, Junting, et al. "St-adapter: Parameter-efficient image-to-video transfer learning." Advances in Neural Information Processing Systems 35
(2022): 26462-26477.

il
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Masked Video Modeling (MVM)

o FENDHME
o HEHENHYZFETIZLIAEFFEF IOV ED
o Encoder-decoder® 5 /L
B YRV EINEERZBEETLHLOIZEE
o INRET—ARIZHEITHHE

o BHMGFEEOFEETIELGV=H, ETILOXRFAMNEL

o VWAYIZ& %bdata augmentationf L EEZNH S

Time Time Time
o b
— \. . Encoder —_— Decoder
‘E 'R
BB

Downsampled video clip Tube masking with an extremely high ratio Tokens wio [M]

keeping masking

*Tong, Zhan, et al. "Videomae: Masked autoencoders are data-efficient learners for self-supervised video pre-training.” Advances in neural
information processing systems 35 (2022): 10078-10093.

il

Time

Target video clip
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Parameter Efficient Transfer Learning (PETL)

*Pan, Junting, et al.
(2022): 26462-26477.

o FEOHWE

o EEMOEMTETILE E Zvideo recognition? X 9 ~NEEFEFE
o Adapteriy & ZFfELY,

INRIET—

o INTA—AZFHIRIZ &

3

->| Add & Norm I

Feed
Forward

Add & Norm

Multi-Head
Self-Attention

_________

i Temporal :
' Self-Attention

(a) Full Fine-tuning [6]

+ Action Recognition Acc: 81.7
« Updated Param: 141.2%

Multi-Head
Self-Attention g

L -
-

f x # Layers)

(b) ST-Adapter Fine-tuning
« Action Recognition Acc: 82.0

+ Updated Param: 8.3%

Y, INEET

Spatio-Temporal Adapter

ﬂ Fixed during training
1 JNewly added to ViT [18]

INTGA—=FHED I NFEE
ZICHEITHHR

— A THLFEETREEIC

Kinetics-400 accuracy (%)

801
75 A
701
65 -

60 -

"St-adapter: Parameter-efficient image-to-video transfer learning." Advances in Neural Information Processing Systems 35

—8— Full Fine-tune (SA+TA)
8.1 ST-Adapter (ours)
5% 10% 20% 50% 100%

percentage of data (log scale)

il
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SHOER

o FHIFBDAE-T—2ty DELL
o pre-training + post-pre-training
o Video perlin noise (VPN) dataset*|Z & % #IH31t
o T—FTUTF¥
o HWMEIMVMRDFEMNEARAEND
o EBETIDER

Categories on VPN dataset

=

uoisialp Arobajes wip-A

x-dim category division
Figure 2. All categories in VPN dataset. The x and y coordinates
correspond to the number of spatial divisions in (W, I1).

*Kataoka, Hirokatsu, et al. "Spatiotemporal initialization for 3d cnns with generated motion patterns." Proceedings of the IEEE/CVF Winter
Conference on Applications of Computer Vision. 2022.

il
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Rethinking Training Data for Mitigating Representation Biases in Action Recognition (CVPR’21)

=

o ITENERFIZHLVT, 3D CNNs (3D ResNet-50) M EFEIEFHRZFHL TULANFEE

Fix

° _ﬂZ’fTEJJmL,\n " E*‘fﬁ @Jnlb\nﬁko) ol 9 t v I“_G$ﬁﬁ$%|

e HREIEMRZEFRALTCWAINERT S0, AAEBEOIL—LES Yy IIL

e Fl-, FRIFELIEETILENDT—3 Y FTCI7AUFa—2T LEHE

,%E_; Table 1: Training 3D ResNet-S0 from scratch. Somehing

v2 indicates Something-Something v2. Larger Log ratio,

o FFRIRHDER  —RRITBHRBOEE <FHHITHRHOFE o 8 g, R (e S s

o E-ﬁ-ﬁi%@?_g vk 75\-F/)IL9 s @FJ‘“LE-/ = Accuracy [%]
-+ HEODREOTRIZY - HETHRBTEMFE LEAARELE L MER e T e

Log ratio

A = Kinetics-400 64.3 327 0.68
P » . Moments in Time 27.1 14.2 0.65
50 il L ActivityNet 334 29.6 0.12
2 g 3w :
5 H 3| UCF-101 45.3 320 0.35
<s < * HMDB-51 19.4 1o 0.56
) Something v2 443 23 295
Jester 92.0 20.1 1.52
3 *Lil::n.{:\’-v\;(;;-.lu}z;( - Gym288 71.7 39 292
() Gym288. (b) Diving48 (¢) UCF-101. Divingd48 15.1 42 1.29
Figure 2: Finetuning 3D ResNet-50 on Gym288, Diving48, and UCF-101. Blue and red colors indicate generic and fine-
grained action recognition datasets, respectively. K4, MiT, ActNet. UCF, HMDB. Some. Gym. and Diving means Kinetics-
_._-.l_()(). Moments in Time. ActivityNet, UCF-101. HMDB-51. Something-Something v2, Gym288. and Diving48. respectively. g
™ =
FEHBY: B = cvpaper.challenge 47



VideoMAE: Masked Autoencoders are Data-Efficient Learners for Self-Supervised Video Pre-Training (NeulPS’22)

=

e ImageMAE%VideolZ@H S E 5= DHZE
o VideoMAE : EBNEIDEBREST)UBEICHITDESH D DERIFBER

Fik

o Tube,k WS TRYUFEEFIFA
o R (FL—L) IZTBLWTRMNEZTRY
o HIEDIL—LHMDSDFTHIZETS

S

e TRUEINUW~ISNTIHLMHEEES :
o /NRIEEMRT—4 (3.5k~4.0k) THEZEEMEERE L

F EHBY: Bl

Time Time

g i v ¢ s ¥
w e )

Downsampled video clip Tube masking with an extremely high ratio

keeping

#

BEDOTLREDEZE

masking

Time

iy B

—_ ‘. \. Encoder
E'm
mn

Tokens w/o [M]

Decoder

dataset training data from scratch MoCo v3 VideoMAE
K400 240k 68.8 74.2 80.0
Sth-Sth V2 169k 32.6 54.2 69.6
UCF101 9.5k 514 81.7 91.3
HMDBS51 3.5k 18.0 39.2 62.6

il
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VideoMAE V2: Scaling Video Masked Autoencoders With Dual Masking (CVPR’23)

H=
e VideoMAEDH#E{LRR
e I >a—4 :information leakage® #&
e 1—7% : information complementD{EiE
FiE
e TA—HHNDIAFX2Y (cellmasking : ETA DIEHREAKZE H/\—)
 Intermediate fine-tuning % B45E L f=progressive training
o HMEARBEDINILGELETAHT—2IZLETRY HY pre-training
o INJLfFENA Ty F7—4 (1.35Mclips) [Z & % post-pre-training
o A—4vy bT—A+tw &k Sspecific fine-tuning et

l'/ll . lEncoder Decoder
= Vo

I
° 7_—“ a— 9“0) <R _#_ > 7‘“: J: [,) E—I—ﬁﬁrﬁ I'I':TJ L Input video | 1] Tube masking “ Running cell masking

e Progressive training : Kinetics400[A] £, Sth-Sth V2E 1t

Supervision

F EHBY: Bl

il
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Masked Video Distillation: Rethinking Masked Feature Modeling 1or Selr-supervised Video
Representation Learning (CVPR’23)

=

o VR EIN-HHOFRZEZFEALE-ZDODHAENZ K Hmasked video distillation (MVD) DIRZE

FiE

o BLANILTIELEL, BLRNILOEHEEFNRALEIRAIEEET) VY
o FHIFTINI=-MIM, MVMETILEZIRIFTRIDOR—4 v FIZFIFB

o Image teacher : MIMIZ & 2 ZERFHOEE
e Video teacher : MVMIZ & AEFZERMFHOFEE

S

e VideoMAEL YHEES

F EHBY: Bl

method extra data Param [UCF101 [HMDBS51
VideoMoCo r2+1D [46] | K400 15 78.7 49.2
MemDPC r2D3D [30] (K400 32 86.1 54.5
Vi*CLR s3p [11] K400 9 89.1 55.7
CORP Slow-R30 [34] K400 32 93.5 68.0
CVRL slow-R50 [49] K400 32 929 67.9
CVRL slow-R152 [49] | K600 328 94.4 70.6
pBYOL slow-R50 [23] | K400 32 | 942 72.1
VIMPAC viT-L [55] HowTolOOM | 307 92.7 659
VideoMAE vit-B [57] [K400 87 96.1 733
MVD-B (Teacher-B) IN-1K+K400| 87 97.0 76.4
MVD-B (Teacher-L) IN-1K+K400| 87 97.5 79.7

input video

= %

e B - HEE—CHE-IIGELEMAESIBETHEYEL LY (1%F]
e Kinetics, SSv2Mtopl TLfh

frame-by-frame encoding

K ‘I ‘l‘! h‘
AY
Igl‘l = h}

kY
[\
masked input  visible tokens

image
teacher

student
encoder

video
teacher

BDE)
b

ll

spatial feature

CEestey reconstruction loss

add mask tokens

spatial-temporal feature

decoder
it reconstruction loss

o
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SVFormer: Semi-Supervised Video Transformer for Action Recognition (CVPR’23)

i
o Transformer~x—XDFHEMH Y FE A ESVFormerDIRE
e =7 2L AX)LDaugmentation/FiE Tube TokenMix (TTMix) DRE
FiE
e EMA TeacherlZ &k 8L S NILDAERK
e Augmentation;% & LT, TTMix » Temporal Warping Augmentation (TWAug) D& &Ht
o TTMix : RFZERDOHEEZETILE
e TWAuUQ: 7 L—LEOBRBMEILE H/\—
faR
e K400, UCF101, HMDB51TCCNNZMDSSL%* LA 54EE
e TokenMixTTubehRERL\C &ZHEER

Unlabel x,

Spatial Augmentation Clip x, Temporal Warping Augmentation Clip x;,

l‘i:'!l’.-ﬂ--s._-s—-}--ma_ # i‘ﬂ w¢w *M* “)_
- mﬂw¢
b S -FET%%%"E ““'F*"F“"P fﬂ"""\“ - “ ,;,'g . = '
—-— T (- I
< Y e > A G
b # ®: Multiplication

% 4 e Tk & .
-4 B o o ol ol ol i
FEHBY: Bl

il
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Positive and negative sampling strategies for self-supervised learning on audio-video data (arXiv’24)

H=
e SSLIZ#IT%Audio-Visual Correspondence (AVC) #RZI(ZBI1T2H 2T VT AXRIZET 5%
o Soft-positive sampling DIz =E
o HUTYUIHEDENIKLDFEDLE
e SSLIZHLVT, negative sampling?= [+ L % 73 < positive samplingt EZ TIE ?
B
o TRARVDT—AEM
o RKEWGE : SUFLYUT VI TEHHEREITIERDONLZL
o /NEULNBE : soft-positive samplingh* ZhERH
e Pretext9 X 0DFT—HFI\SAIER (

Random Easy-negative

|

! Miih
\ll‘

e Sampling strategyMRNMNE RSB

(@) (b)

Soft-positive

ol

o = - e 1
wxes 5 BT R,
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Language-based Action Concept Spaces Improve Video Self-Supervised Learning (NeurlPS’23)

=

o ERDOCLIPETILOEE KA VICEASESHME e R — :
o Concept distillation & concept alignment|Z & 4 Ejj&E D SSL ! awim .. 5 i=b
ﬂ l | basis‘u\‘lectors toy concept text classifier f\éi:tttllérﬂe
o Concept space : textDHFHFRIR L videoDIFHRIDM DARL “-ooooommeeeee T e b=l i

o Category conceptspace : BIET—2ATITVDIAN/)LEy O
o Description concept space : LLMIZ XK 28EH T3 DEREAHH

o Concept distillation : concept space® 7% &

e Concept alignment

target t’lrget :
. . “ y _ Visual Text at on 1@
« Category&descriptionZNZENZFHNIEERIC E ,«\_J d,egb? wl___-|
fasR e T S conont] | N [
= sal Distillation Ali gnment Distillation

e K400, UCF101, HMBDSITHEE 77 o T A T
. . —_ ped cted predicted .Q

n > = - Visual Te catego description  |g
o Linear probing - zero-shot T & & E (Ll dew ,,|-| == |

o FTTxY FLARILDOENMERHILRRE Ml i e A, —— /
o Image CLIPDOFE (JL —LADFENIEHRICER) ; i s s e, o e ...

C'mwheel Arms and 1eg exten ded outwart ds
Text ® Concept TeXt
Encoder Encoder

clap Hands coming together
= cvpaper. challenge 53
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Uncovering the Hidden Dynamics of Video Self-supervised Learning under Distribution Shifts (NeurlPS’23)

BE :
e B DMVSSLF7ILI) X Lddistribution shiftic DWW TEAE L -RYIDHEX

TER
Q1. FEHFRIDMIZL - Distribution>J MW EEEMEICDLNT s
o WRIIRZTA FHEERE

Q2. Finetuning : zero-shot\DRZE

e Actor shift : 1 #), viewpoint shift : R TRL)
Q3. A= >tY MEIEICHBITIINITA—-IR
o Finetuning®¥ @M Contrastive methodshME L

1.0

v-SIMCLR

v-BYOL

Performance in

o Closed-set&open-setld kL— k7472 v R o N oo o [
o EFIFETETIZEfrozenL THE-T-1BE
Q4. ERREDMHLE (FFKHFTTOREBRE/INGF—>) R IR R
o TRIDIEME=T(FRL, FRIOFHELUE(CFEH . .
o Shift71 T (CKDTRIRBM, actor shiftASMIZEINMEERT

o
@

ntext

= o
2 g
[} 3

n

Viewpoint
A
Zero-shot

=%
o

F EHBY: Bl
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ST-Adapter: Parameter-Efficient Image-to-Video Transfer Learning (NeurlPS’22)

= :
e EEMSHEADYAORES T (EGBEE
o NTA—EMEDEWVIT 74 UF 12— D= Dspatial-temporal adapter (ST-Adapter) DIRE
FiE .
o ST-Adapter(Z[&depth-wise-3D-convolution (DW 3D-Conv) %%
o NFHA—ZYALZXDHH - AEDLOT SoeticTomporal Adpte
fasR ;
o ¥4 7ifine-tuning ik & LLER ‘
. TERE — AFHRABE TR =
o CLIPOEBRIFEETILCIK, EDOFELYLBEES , e
o CLIPOERIZFE T T /L Tlull fine-tuning & BIFEE T r— wstarrons
. THS B85 A—ABERE CHIE (7.2M vs. 121.6M) | e = ey aaast o
o /NREIET—4A Tull fine-tuning & Y B3

60 —8— Full Fine-tune (SA+TA)
8.1 #- ST-Adapter (ours)

i Cl:_ &b BY . Eiﬁk 5%  10%  20% 50% 100%
.

percentage of data (log scale)

il
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Dual-path Adaptation from Image to Video Transformers (CVPR’23)

BE .

e EROEBETIL-BEREHNIOR A VEBFE

Fik -

e Spatial adapter : MHA, MLPJ 0w % & i 5ll|Zadapter & ik

e EBREBETILOERMET) VJREADER

o ifiF|adapterlC & AEIED-HDZEMa L TEHFR FDEE
e Temporal adapter : MHA, MLPZJ 0w % @ LI

e IDFMEIVIA—T42TIT&KB/INYyFOBMEIERF -

o Grid-likeZz 7 L—Lty FADEHIZCKE ST L—LEIDOBERZREG

fER .

o EMMICHEIVTIRANZFEETETLEHMEER
e WDODT—2tY FTAHLGNEE NS A—FHTRAFLULOBEING

F EHBY: Bl

“Kick Ball”

Method & Arch. Classifier Params HMDBS5I
Full-tuning w/ ViT-B/16 [ 1 /] Lin. 86M 594
Linear w/ ViT-B/16 Lin. 0.1M 61.2
VPT [ 5] w/ VIT-B/16 Trans. ™ 624
AdaptFormer [! /] w/ ViT-B/16  Trans. 8SM 63.7
Pro-tuning [+V] w/ ViT-B/16 Trans. 9M 63.3
VideoPrompt | :7| w/ ViT-B/16  Trans. 6M 66.4
ST-Adapter® [0] w/ ViT-B/16 Lin. ™ 65.9
DUALPATH w/ ViT-B/16 MLPs. 10M 75.6

ERUENDERE

>

nN3dZ LR

LX
]

=

2=

di

Spatial Path

poral-p
Adaptation

il
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BEVT: BERT Pretraining of Video Transformers (CVPR’23)

BE .

e BERTOREE A %L LK SINI=BEVIDIRE
o ZTEEMEKEFEMH - BEMKEFEHEZNTNITHIG T Dtwo-streamBiry KD —727

FiE .
e MIM, MVMIZK ZERRBEDNFE LBRREIA T IV ADFEE D EE
L] :"EFEﬁﬁEEEo)i}E . E{%?_g 0)37‘ 1 Masked Video Modeling Masked Image Modeling

e BREIFATIVRDEE  BET—FNDH
e I VIO—SRNDEHDHE
e TRIRBENEE BBRT—2NDH
&R
« K400, SSv2, Diving48I< & % I
o BT—AFty FTCHRBRFELRAFULOREE
e UL TL—L, TL—ALSv v I)UICKDIEEE
o ZTERIBEHNZACIRY XIS : video stream®DzhE/\
o BEIBERHNEBEERYIRAIDIZSE : video streamDFIEK
o ERICKDERFEDEER B

L —> Tokenizer —> [21;...]..[10,:234, 98, .]....
N

25 o8
t ot

BEVT video decoder

il
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Long-form Video Understanding



EEHEBEERE L (X (Fi8)

o B #Hh o#MEEMIZHI=5T—4% (EPIC-KITCHENSIZH4F)IZH VT, —E6
DEMF TIEE <. KRB OcontextZ I A =I0E %175
— REE OcontextZ g 2 42 LV & [A1% T = 72 LyBenchmark® £ 7 (p62,63)

o ARV DB
o Count: B & C{a[[Elactiont®E= o Action Prediction: IR7E E£ TDITE}
MNH-=-ME#Z % [CEDWTEEDITHZFRIT S
m BIEO—8FEITTIEEL, m ERIOTEIFRITTIEEAEL,
2 EREGEWERIERT SETOITERIZIRAG N
EIE=¥ )
i B G B A A DT
S U | B
How many times did the person show objects to the camera? What will the per ding a book?

5| : https://arxiv.org/abs/2311.17005
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https://arxiv.org/abs/2311.17005

R BB AR D 2R & AR R

| ERMDEERORE |

| |
BOARE | | aReAES

| BMMGERE || gobaficontet | WEMEE | | HEIXMAEL || AEUIR EAEL |

G vy vy .3 v

TERSER | CHRRR | MEREAE) | CTEET smoms

p67, 68, 69 p70,71 p73, 74 p76 p77, 78
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EgoSchema: A Diagnostic Benchmark for Very Long-form Video Language
Understanding[Mangalam+, NIPS2023]

BE : REEOETAZIBRETDLHDQAN FIY—DZIEK UIC. Ego4dDFT—F Y b SIRELES
BoBIRLDQAT. BERIEZDROET AT VW TCEDNT, 5DOEREMNSIE UVEIZEZER
PR . ESAOVUYTDRS TR, FRITZIEULKIBFITIZHICRETRRIYIT TV IDRS

(time certification) THIEIORE=ZFHE L. MDF7—Fw MU, 2EBDT—F1w MIEEARTS.718
FU\EgoSchemaZ g

fBR . ANEIN76%DIEEZEgoschema TEM T DEDD. =FDETAETSTILTYI 533%KEDIFE L7138
D, RIERGIEFRORESRZIASMNCULZ

EgoSchema
5.7x

Something- HVU- HOW20A
omi ion

Certificate Length
g

a
5

s

F EHBY: Ak
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MVBench: A Comprehensive Multi-modal Video Understanding Benchmark
[Li+, CVPR2024]

BIE : E P OREIRBYCEHRZEEE T Dtz T 2R F X — T DIERK

FRUE : BRBIRSI R OZENEFT AT R D CES., BEOLNRET AR FI—TOMN5)7 ) F7—3
BN (CERU. 77— a3 afmziliE U o FY—IZ/ER

FiE : FINFI—DDKETETDRFI—ITHEMREZEFEIR T DVLLMDIEER
FREIRBHRS X D = BB XD (CZH#A(“Is the man on the stage?” — “What direction is the man
moving?”), B&17 />—> 3 &RkZE{TDZETY /) T—23 20X hEHIR

&R« IERTTILIERLD :E?‘)I/é:tlzﬁsab‘c MVBenchDii~ 2 /772151 RoA R FMiERE e F 24 h

Spatial Temporal Source | Example
Task Selection Data Filtration = /\‘:::n s P
. Sequence STAR (A) Ate the medicine. (B) Tidied up the blanket. (C) Put down the cup/glass/bottle. (D) Took the box.
Video ¢ esponds Order optic Action TAR
siblic:videordict with / Diversity Shuffle Prsdicion_| STAR | () Put down the illow: (B) Open the door. (C) Take the book. (D) Open the closcticabinet
}\wgﬁ"{ua‘wtw annotations minimal movement Action Antonym PAXION! | (a) mot sure tH\v..Aucnu; \mm.l)\m; down (C) piling something up
i Temporal x diate. duration Length Id T pe—
Sensitivity x BHL: LI Action = _1\r\nlcr|m.llhk)\ e l[xnlmlg(l)rplmum
complicated context Check ey
"‘:‘:::“"'“ FunQA! | (A) The man left without duncing, (B) Two women bugged cach other at the e
: (C) The man finally danced with the woman. (D) Two men hugged each other unexpectedly

y indistinguishable
Question x "

valuation: Prompt Design | Object Existence | CLEVRER | Are frcrr 1 7 7 (A) not sure (B) yes (€) no
£ Proper question o Object Interaction | STAR | I ‘ Tup by the (A) broom (B) cabinet (C) blanket (D) table
2 Difficulty b, Q: What direct th lind 3 Object | |
inseparable :What direction is the gray cylinder oo Perceptio
P ‘k g Otject ¥ e ™ | () Under the I)l~|uh|u|lmm|hx e, B) Under the third object from the left

moving within the video? 5
i g Shuff (C) Under the sccond object from the lcft
QA Generation Moving CLEVRER
R Dircction | <1 _4\;1htoh|u|x- staionary. (B) Up and to theright. () Down and t the lef. (D) Down and to the right.
CLEVRER Have (D) Down and to the right e Postion Action Charades-
: 1 sy (A) I the il of the video. (B) At the end ofthe video,
O options? System Prompt: Consider tempora H {€) Throughou the entie video. (D) At the beginning of the video,
e/ g Scene
N Scene sl MoVQA! | (A) From the reception desk to the conference room. (B) From the kitchen to the dining arca.
Genersts QAWIth tha e il e Beansitor (C) From the server room to the control center. (D) From the classroom 1o the library
\ ¥ideoannotations the detail and move Count Action Count__| Perception Test | 17 ” e per " A)3(B)2(C)4
=2 LLM asks question & task definition and the action and pose of persons. | Moving Count | CLEVRER |/ , 5 exir 1) (A)2(B)3 () 1(D)0
Position ! q f and the action and pose of person Attribate | Moving Atiibute | CLEVRER | 1 ceins” (A) cylinder (B) sphere (C) cube
solict the Best oation State Change | Perception Test | / " any lA)\utBrldm\(knu‘A (C)no
\ ‘ g0y 4 Pose | Fine-graincd Pose | NTU RGB+D/ | 1 rormed by the TA) pick up (B) sit down (C) drop (D) stand up.
Template-based option candidates Character | Character Order | Perception Test | Seraon werile Jrst on o MTB)v (O ¢
Moving Direction Mk sitout:ontion Egocentric 5
Answer Prompt: Navigation VINCE! | A) Tum et and move fows x .uy Move forward (€ )Stop (D) Turrigt s move forward
Best Option: ( Episodic
i) VoA [T hm... ‘o trus i, (BY He secrely loved fircs. (C) He lost  bet with Esily
Cognition * | 0) i was dressed ke  faiey day at schol. () Mrs Ruiz made i dres up

Figure 2. Generation pipeline of MVBench. Within public annotations, data is carefully filtered and relevant multiple-choice QAs are
auto-generated. The effective system prompt and efficient answer prompt are employed to guide MLLMs toward precise outputs. i

F EHBY: Ak

CLEVRER |(A) The cyan rubber M'v|u.| and the Nm cube collide, (B) The brown cube colides with the metal cube
(C) The cyan rubber object and the metal cube collide. (D) The cyan rubber cube collides with the sphere.
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Towards Long-Form Video Understanding[Wu+, CVPR2021]

BE: AT OMNMIBBURN S ATA X —R=—ROEFTARH 7 —F70F v B HEHD DFEH
ZBATBDIET, 7DODZARIGH XD TOMEER L= XKIR

R : EOWILERTIERL, FSYFITSNEATZ IO SOBEMNCDWTHEERZET U >,
ARURT —FtzY FTOFHETO bV ZFRFEL. BIfFFE SRR U TEHE.

FE: rSvFTINEATZTO OB ZE NSO RXTA—XERAWNWTEE, ATZT O MEIXTU.
RATESNEEE A UIED . 2D0XRIHAEIRAJgENE DEE T Dpre-text taskzEZZE (BERTH'S)
BR : 9IDDORHBIEST AR IDFEEAETHBFORINTFEZ D3, SlowFastid & DFGRAR IR EDiE

MITDETILELERUT, KDBNI/INTA—-X>R%ZRL. ATZ 0 SEOHEBEROET U INE
BETHDLZRE

compatible?
Track label ) ,}
4 4 A
’ transformer transformer
Z
25 Bt } o X s K o} j 1'
Instance - 4
D etect RepresentaliQnS (a) Long-Form Understanding (b) Masked-Instance Pre-Training (c) Compatibility Pre-Training
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Learning Grounded Vision-Language Representation for Versatile Understanding in
Untrimmed Videos[Wang+, arxiv2023]

BE : REEORBHEBENSBHEM(CIBRANRD MIRE U, BEOSGRAEMET DA MMzI A
NEDRBIDTSA A2 hEFHERNICITLY. Dense Video Captioning(C CE4EEZ1ZERK

FRME . B> MREZITUV. AR NETFI MDY Y F I %ZITSpretext task
BERR/MER T /T —> 3 (C KD CEIFR ESNBIRE TRV Y F IR DB,

FiE: ETADNSANRY FANILOFFHZIME T DT> -5 %% L. XETTUMNSHIET DA b
ZROIFTDTEGIR T EANRY by ST FRANEEM T DETCHRIZIRE, (R MEILTOX G
TN T v OERBTOIEMZRAWNTITD CE TEIRAKEIRER 7/ 7 —> 3 > ORE8 7 BR

R : v > 3> 4Rk, video grounding(CH W THEFDSOTAZIER

H (a) Framework - :

: Event-to-Text i Eéﬁ?elﬁtc%ds

: Generator 1 : ______ T s e s TR L e, :

: R 1S3\ | A i Event Encoding : Event-to-text Generation i {Semantic-Aware Label Assignment:
e .| by 1 ™ H :

I E
Mutli- 1SR Y, | _,U U O U O D U O . v v Localization Cost
Event > o "% Semantic-aware - ! : Localizer ] [ Text Generator ]
Encoder | mepu) Label Assignment !I.‘\-,u : : K Crsc
7

"""" \\e-2 \ ‘,. [ Transformer Encoder ] v v
feEth%r}tes \1®, Teét—to—%vent el CNB : ; EM . < rerrrers. XN Sentence x N :
Ve ! rounder H i H i
Text 7_._. G{gl;gggnﬁth i U O U D U D D : Semantic Cost

features H : :
T S ;2 O - 0

xa 00000 B A

] @ VL Joint Space

‘lﬂ Transformer Decoder | : j—’ I ______________________
- round-truth Sentences

Predicted Temporal Boundary
O Frame Feature D Event Query D Event Feature Sentence Feature ,é\[ Assign Labels Ground-Truth Temporal Boundary

Ideal boundary A :
loU cost Semantic cost Assignment
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Video Recap: Recursive Captioning of Hour-Long Videos[Islam+, CVPR2024]

BE . REMHAOES ANE I IRENNEDOREREZEZEB ULBENRT IS a>ETILzRE
AR . LLMZER U CTEMRSNTEEUENT —F7EBINT—5 U TER. ER3BELNILOFv T
3> &Mt I 357 —5 17w fEgo4D-HCap>T—4A 12w hDEA, BIRMNQAFTv+ TS 3> 4Rk

Fik: BERBEELANILOFv T3> mzEMTDIHOBIFNRT7TO-F=2HER. BLANILDFv+TS

3 2NB5HE5. HRICELNLDF TS I AEFEE

fBR: INTOEELNILTR—=RT1 22 KEC_ BB MEE(CIDEr, ROUGE-L, METEOR). LLMICKD
BLUERT — 9 0BMEBHEE ElSNZEENTv+ TS 3> (3. EgoSchemaT Stv b ETOBRIG

EYRD(CHENTEEBNIZ T FiE

1 T
Clip Caption 1 Clip Caption N
t
Video
(56 min)

1 3 £ - > Pt " Es
_ g A OSaR, CV S Y - . Decoder
. NG i | - ~ o D
Cdrivesthe  C tumsonthe C picks up C puts down the Cpushesthe  C walks in the parking Alignment .

Segment Segment
Description1 Description M

Text
Decoder

Video Summary

Text
Decoder

VL

VL /e
Alignment T

Alignment

car left tum signal. apples. okra packet. trolley. lot with the troliey. X ;
(X ) P
Gl b ke s gt X atermmigeraintote T memmmecar E E E h E h E LR e
3 o i L
C drives to a sup to buy fruits, C walks around the supermarket, chooses ltems, and puts them Clip1 Clip N Clip1 ClipN Segment 1
on the frolley. Then C pays al llhecash-a puts the items in the car, and drives back. Segment 1 Segment 1 Segment M Full Video
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@ Dense Spatiotemporal features

® Sparse CLS features
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AntGPT: CAN LARGE LANGUAGE MODELS HELP LONG-TERM ACTION ANTICIPATION
FROM VIDEOS?[Zhao+, ICLR2024]

BIE : BEHITEIRAI (LTA) AR IICHWNT, KFES
WA F=ZOREETU>T,
M LLMZERU T, FIETFR NS —ISESNIERIFlHEEFIA L CTittssx

EF)L (LLM) OERZERE . LLMZRVTR-E

,— —

172

FiE: BETIAS N7 OS a3 REBETIVEFERLTI O3> ISNILICERL,. LLMZRWTICLT
goalZz&mk. goalZ&FE LU TKREKD 7O 322 —T 2 R%ZLLMTFAIT D Top-down LTAEgoalZ ALY
72XU\Bottom-up LTAZHEAENE D,
&R : EgoADLTARE TIERDFEEL LB U TENIE/\ DA Y >R %% RU. LLMOSFIFHNARIFITE T
BIICBRATHD CENERENIZ

open fsucat,.. wash meal, cul mest

Temporal Modsl

wash potato, ., put potaio, fry potato

Temporal Model |

Large Language Model
x

&

ot

Large Language Model
3

f

&
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Koala: Key frame-conditioned long video-LLM[Tan+, CVPR2024]

BE : EEOVLLMsZE RIFBIDOEFT A (XSS E B 128(C

R . RiCH>TJUSOEnNeF—-JL—LZzERL. JO0-/ULO>5TF X MEIEX. VLLMsZE 447
FiE: 200UV N—=TFAHTEEA,

Conditioned Segment (CS) b—9F+ 4% 00—V TFXMMIEDNWTERIL—LZEIVO—F
Conditioned Video (CV) k=9 F A4 Y. €5 A2 FEADOXARBEZREHRHL F—2 >t

faR : RIFEIVQATYFIEIRAR, 1TEIEHSY XD (CHWVWTEIFDVLLMsZ _EB12 14 6E

The person is making crcarrl Cajun pasta with chicken

1
Segment tokens Tsegs.i 1 Inter‘se_g‘ment
Large Language Model J|,y 1 tokens Zinter
A 1 A
4 : Zinter § t . ! I
Projection Oy Projection Qjpter B =~ o eewpmmppmp—— | Sp——————————" | np————" ¥ [ o e e e B
A tokenizer - AR N ] ’ :r!
Key Congitioned Video tokenizer ¢ Feed-Forward Network \I I 4 Feed-Forward Network \‘
frames f v (Section 3.2) l ) : [ &
tokens [ JE XA 2 1 . = 0 1 " =k
“key Conditioned Conditioned - \:ldreo Cross-Attention - | . \:'1“ . Cross-Attention Po—
segment tokenizer ... segment tokenizer ' Q ormer * f I I ' Q orme ’ * 1
o s (Section 3.1) Fes (Section 3.1) v Fvar X 2= | ' Jvgr . :f: |
Video ! 4 i Self-Attention 1 ] |- Self-Attention ! A
QFormer Fygr T Doy ' 4 : e 4 :
4 y & & 1 . ' h ¥,
Fr. ame encoder™’ Fr. ame encoder” Fr. ame encoder™ (] " : 1 1 :
\ - [ Y
I
‘o Qvideo  _ N Quideo _,!
ﬂ- M mu - RS gt
queries Q‘?“ N queries Qjre querls_?s
r ' / , _
Sp‘l(':yc;y:v:»z\fle Extract short maeo segments ith [ 2"'“1 Qeor copes All
segment! segment
frames : tokens
Key frames tokens Tkey tokens Key frames tokens Zkey ;N%_
A — (a) Conditioned Segment (CS) tokenizer s for each segment ' (b) Conditioned Video (CV) tokenizer /v for all segments
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Long-Form Video-Language Pre-Training with Multimodal Temporal Contrastive
Learning[Sun+, NIPS2022]

BE : EAETFANZHEATEZ S EDET/L(LF-VILA)ZIRE

FRE: EAOVUYT ESFR MORBINEGFEEZEZSEDOHIC. KENISEV2DZESFZEM ETE
11 < 3 BContrastive Loss(MTC Loss). stE X bOHIR EFENTZRIETRORMREZFE I DTHI(C
TransformerDIFRIEZ R 4 (CHLK I DAttention(HTWA)

FiE& : IR UJLoss&AttentionZ UV TBERTZE U J=Pre-training= 11>

&R : RISHEENEN SHFEDParagraph(CX IS PR ZRZFR T DI X I ICBWVWTHERDSOTAET )L =
R@1TKIEICE#H. VQAT>ClassificationTE=EHAE.

(a) Long-form Video-Language Pre-training L L
i { Cross-modal Encoder ]
One morning we had a Later in the evening, we In the living room there are | | The room itself was of a L -
Heron join us out of the would be treated to a all the amenities you would very high quality with lots of e H I
blue, fish were constantly sunset right in front of us hope for. Moving into the | | space for 2 people. Text Encoder Video Encod
visible in the water and | ' and for the most part, it all | | bathroom, they have a 9N - o -E ol -I on -.@ BERS RN 209 5000
there'sevena ... felt like a very ... reallynice... JV 0} | =TT oDopo, o000 oooo oooon
I LEBEEE0EH0EERE BEEE

l II II L II II II 1 || II II JiE II || I
oH-H o0-0 ©H-H OH-@

/—/%

B gt =
""- “ >, z . 57
L iiﬂ e
- =
(b) Multimodal Temporal Contrastive Loss

l0'00" 011" 028" 052" 108" paragraph: © = O — O — O
Video: A = A — A — A

Multimodal spac
2O,
SN

s MTCloss: dis(O,A) < dis(O,A)
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VTimeLLM: Empower LLM to Grasp Video Moments[Huang+, CVPR2024]

B ;. LLMOEBNIZTFX MEREREDZ)E (S U CEEAL. AR> I\O)EF_I!IL‘c‘:‘f&TODH%FEEJiﬁﬁ%IEﬁE(:
IR D E(TFHMEUTEVLLMZIRE . SFl/SIFEIRFICE D AR MBS HERZRIRE(C LT

3R : Boundary-aware Tra|n|ng&L\DH%Faﬁiﬁ??@wuﬁk%ﬂﬁ{ b?%Bstage@”““ﬁkHﬁ%ﬁﬁ

FiE . BEIFEZLLMOTEY > T+ v OZERBICEER-TF+ X hRT77Z AV Calignment — videoRD-1 R bk

ZQAL(CEHEL .. LLMODBFRIRFRERM E XIS T D1 R hDIEFZE(L > ERELRET -5ty hT
LLMZ Instruction Tuning

FEER  FEH/SRIERME ME &9 B4 X (Temporal Video Grounding, Dense Captioning)(CHB UL\ TEN
T4 RE T bERR

at i Stage 2: Boundary Perception Stage 3: Instruction Tuning
: Template-based Answer I High-quality Answer ]
i | Pesple are snowbearding dewn a large hill of snou; Of course| These twe people play rock-paper-seissors tuice.
i | from D0'to 93. The peple get to the bottom and e firs is f an puts a
off, fro 0 Blindfold an, th

is from 50 to 65, and after the woman
1| start taking their snow 11088

Describe the video. " (&)

é This video showcases a man crawling through a hole in a waII,
b emerging into a dark room. He then continues crawling
’ through a pipe that leads him to a well. The video concludes
with the man standing in the rain, gazing up at the sky.

When does he crawl through the pipe? (o

ﬂ' 1 The man crawl through the pipe from 51 to 68.
Which movie does this video belong to? =~ -

‘. This video belongs to the movie "The Shawshank Redemption."
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TESTA: Temporal-Spatial Token Aggregation for Long-form Video-Language
Understanding[Ren+, ACL2023]

BE : REHEOIEFRCHVTHENREST AT O— RFEEZIRE

M ESAT>O-4570vIORTIEHEN (JL—A) BRUZERHN (J\WF) (Ch—0>%&ENTS
E2a1-I)LZEAL. ESATI>O— ROGTEERIZHIR

FE: JL—LI+—D2 (JL—LEERERRTIRLUEL—D V) ENXYF L= (16x16M2D/\y F)

EFERAL. L= FRDIFHL. EHT—Y U FIc & YER

BR: RBUIL—LTDOANICHNT., STEIERNL.7E8m L, TL—AHZIENT & THEDE N
WREINz. EHOT—Fty MIHUTEVEEZ R, FICRIFEOIERI X O TEBNIZER

1
Caption: Boy steps onto grass from the road Child walks onto red walkway.
Little boy runs up red porch. A little boy reaches a door.

- - ELL - . .
L " Input video: Block 6: Block 12: I Each frame in the Patchfied: Block 6: Block 12: S1: A glrl n walks towards the camera.
fi fi fi _ I input video 196 h 101 patch 11 h
1

\4

Temporal Aggregation Spatial Aggregation
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MeMVIT: Memory-Augmented Multiscale Vision Transformer for Efficient Long-Term
Video Recognition[Wu+, CVPR2022]

BE: ESAZASA>TUIRL, BRIECEICATUZF VS 1932 E(CKNE.5%DETEET30
BoRTOKZETY> YT

FRME: ATY (Frva) R—X07TO-F=EAN

Fi% : Multiscale Vision Transformer (MVIiT) ZR—X, EFAZHNNT U W F(THE) U TR (C451E8
E2ZxFvwvI a1, BEERF I —DHZHFEREFIDLDICFESNIEAETIUEMBES 1 —)LCEHE
ZETREDBRICTZOTLRITDCETEIBOI>FTFX MEEYE

f&5R : SpatioTemporalActionLocalizationtoClassificationTask(C B UL\ TIHEEENER SN

OUtpUt Output

oo oo OO -G

. H.W
Tt W
2 32 32
oo o g D D —»|{ Stage 3 layers
T H w
- R S Sl
2 6 6
age 2 lay
7 W

* I

et
LU’- [P || -2

[[JCached from earlier iters|
DTO be cached at this iter

EI Other tensors
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MovieChat: From Dense Token to Sparse Memory for Long Video Understanding
[Song+, CVPR2024]

BIE : ESARBTESTI)ILEXRIRESEEST )L (LLMS) ZRE I D ET. BEDHERESY X (CHFE UL VR,
A&y E IR AE = 1R,

iRk . FE7 )T —> 3 A OREENEIEENR> FY—2 [MovieChat-1K] Z/ERL L. ¥
HHREOXAEUMEZEA L, STEEMEEATYOXX MZHIR UM S, EHIEIDcontextZz g

FiE: BHATUERBAATUZHE, JL—AC &(CHE USSR BEAXTEYUICREFEL. BEAAEUT
eI DU T L —ALAZFTEITDCET, BIAN—=T>2ZFIAATUICEIRL. REEIDEHRZFEF.
REAXTEUDH. FEISFTBEAATYEESHTE TR,

f&R 1 MovieChat-1KX btzw bRV, 1ERDFZE (Video Chat, Video LLaMA, Video-ChatGPT) (C
XU TCTEVVEREZESR.

2) clear § and initialization Memory Consolidation Long-term Memory £

Step 1: build adjacent frame pairs —-[" W U 1]

o T

Step 2: calculate cosine similarity

C @ - O O

052 094 0.81 0.88
Step 3: select top-1 pair and merge

(= am
n| X2 (R —~

@) | GEE OB 080 G50

Z Projection
repeat Question P Taver
Large Language Model

= [ ,
Non-overlap Sliding Window [—' Global Mode ——=3 Breakpoint Mode ]
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