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The next challenge may be teaching machines to
understand not just what a video contains, but what’s

ARTIFICIAL INTELLIGENCE . .
happening in the footage as well. That could have some

= = ractical benefits, perhaps leading to powerful new ways
The Next Big Step for Al? Understanding s e o L C !
. of searching, annotating, and mining video footage. I also
V|deo figures to give robots or self-driving cars a better
understanding of how the world around them is unfolding.

Perceiving dynamic actions could be a huge advance in how software makes
sense of the world.
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UCF-101 dataset
(133001#8m, 1011 anESER)

(X0
M

Pull ups

Irrd;\: =

Band Marching Haircut

) 9
o

Playing Flute |ff Playing Guitar

-

Khurram Soomro et al, “UCF101: A Dataset of 101 Human Action Classes From Videos in The Wild”, 2012
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Improved Dense Trajectory

Optical flow Motion boundaries on 1,

2(

~—

- Gradient information Motion boundaries on I,
’ / \

< time

Wang, Heng, and Cordelia Schmid. "Action recognition with improved trajectories." CVPR 2013.
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iDT
Wang et al

-

2014 2015 2016 2017 2018 2019 2020 2021 2022

100
96

92

87.9
88

84 I
80

iDT+FV

UCF-101
(13.3K videos, 101 action classes)
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Two-stream networks

Spatial stream ConvNet

conv1 || conv2 || conv3 || conv4 (| conv5 ([ fullé full7 oftmax
7x7x96 |[5x5x256 ||3x3x512 [| 3x3x512 |[3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. norm. pool 2x2
pool 2x2 || pool 2x2

Temporal stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 | fullé full7 oftmax
7X7x96 || 5x5x256 [| 3x3x512 [| 3x3x512 [| 3x3x512 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

- norm. || pool 2x2 pool 2x2
multi-frame pool 2x2

optical flow

Karen Simonyan. et al. “Two-stream convolutional networks for action recognition in videos.” NeurlPS 2014.

C3D CNN-LSTM framework

k 2
L output
w
(C) 3D convolution Spatial Frames S'acke;lMc;ﬁonOpﬁ:a.lFlmv
Tran, Du, et al. "Learning spatiotemporal features with Zuxuan, Wu, et al. “Modeling Spatial-Temporal Clues in
3d convolutional networks.” CVPR 2015. a Hybrid Deep Learning Framework for Video

Classification.” MM 2015.




Two-stream nets
Simonyan et al

C3D

Tran et al

L

iDT
Wang et al

2014 2015 2016 2017 2018 2019 2020 2021 2022

CNN-LSTM
Wu et al

100

96

92 91.3
87.9 88
88

85.2
84 I
80

iDT+FV  Two-stream C3D CNN-LSTM
network

UCF-101
(13.3K videos, 101 action classes)
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Warn

Temporal Segment Network (TSN) ActionVLAD

_>_’

ActionVLAD

Wang, Limin, et al. "Temporal segment networks: Towards good Girdhar, Rohit, et al. "Actionvlad: Learning spatio-temporal
practices for deep action recognition.” ECCV 2016. aggregation for action classification.” CVPR 2017.

(13.3K videos, 101 action classes)
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TUDY
(1)
ATIS

Two-stream nets ActionVLAD
] Simonyan et al Girdhar et al
Wang et al Tran et al Wang et al

L

2014 2015 2016 2017 2018 2019 2020 2021 2022

CNN-LSTM
Wu et al

100

96 94

92.7

92 91.3

87.9 88
88
85.2
84
80

iDT+FV  Two-stream C3D CNN-LSTM Two-stream Two-stream
network TSN ActionVLAD

UCF-101
(13.3K videos, 101 action classes)
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Two-stream nets
Simnnyvan ot al
i

Wan

Kinetics-400 dataset

Inflated Inception Network (13D)
(2 675 /\% ST 400/|\ 7”3])
‘ Rec. Field: Rec. Field:
7,11,11 11,27,27
viaeo — ) S | ). ) (S
stride 2 stride 1,2,2 slﬂdﬂi,!
Rec. Field:
23,75,75
(e) robot dancing e }—{ e presivy
g 59,219,219

99,639,539
2x7x7 it
P Lmﬁ} i ) Predictions

u;’i ﬂ%?ﬂ' V‘".

(g) riding a bike

dataset.” CVPR 2017.

A\~ A4 |

Carreira, Joao, and Andrew Zisserman. "Quo vadis, action recognition? a new model and the kinetics

LA A |

(13.3K videos, 101 action classes)
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Two-stream nets ActionVLAD
Simonyan et al Girdhar et al
iDT C3D TSN
Wang et al Tran et al Wang et al

2014 2015 2018 2019 2020 2021 2022

13D

Carreira et al

CNN-LSTM
Wu et al
84

82
80
78
76
74
72.1
72
70
68

66
13D

Kinetics-400
(260K videos, 400 action classes)
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Two-stream nets ActionVLAD
QimAanyvyan ot ol irdhar ot ol
i
Wan
Non-local network R(2+1)D
Y/
>(+><—|TXHXWX”’24
1x1x1 space-time pool space-time pool
- [Soon | [2ripon
g sofiax__ Linvsi: [Sbeow | [@r1bcony
80
[Sowon | [eriDeon
78
[3Dconv | [@+1)Dconv
/6 THWx512 SI2XTHW THWx512
. — Z+1)D conv
TxHxWx512 | TxHxWx512 TxHxWx512 +
2 0: 1x1x1 | | ¢: 1xIx1 | | g: 1x1x1 aip dip
. f f f
68 )l( TxHxWx1024 (d)R3D (e) R(2+1)D
66 Wang, Xiaolong, et al. "Non-local neural networks.” CVPR Tran, Du, et al. "A closer look at
2018. spatiotemporal convolutions for
action recognition.” CVPR 2018.

(260K videos, 400 action classes)
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Two-stream nets ActionVLAD
QimAanyvyan ot ol irdhar ot ol
i
Wan
Temporal Shift Module SlowFast Network
A
o Channel C Z | «—truncate
y v T

- - H
8 = = ﬂ C T ¢ !

S E Low fi t < ]
80 E_ _2 ow frame rate H,WM 25
78 [2 5 C g

= t

76 E gl,‘ilpad zero — ﬁ
-y 7= ar - aT
. (a) The original ten- (b) Offline temporal b Ladid T s ’
70 sor without shift. shift (bi-direction).
68
66 Lin, Ji, et al. "Tsm: Temporal shift module for Feichtenhofer, Christoph, et al. "Slowfast networks

efficient video understanding." ICCV 2019. for video recognition.” ICCV 2019.

(260K videos, 400 action classes)
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Two-stream nets ActionVLAD
DT Simonyan et al 3D TSN Girdhar et al Non-local ISM %30
Wang et al W t al Wang et al Linetal Feichtenhofer et al
angeta Tran et al angeta

2014 2015 2016 2017 2020 2021 2022

CNN-LSTM Carreira et al R(2+1)D SlowFast
Wu et al Tran et al Feichtenhofer et al
84

82
80 78.9

78 77.7

76 75.4 75.7

74
72.1

72

70

68

66
13D Non-local RQ2+1)D TSM SlowFast

Kinetics-400
(260K videos, 400 action classes)
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Two-stream nets ActionVLAD
Qimanyan ot al (Sirdhar ot ol
i
Warn
TimeSformer MViT
84 -0 - ﬂ' é
fl ‘ . @ s
82 I Joint Spao&w {’;
. :é: g — =
78 d _ﬁ i ey
2 Input ;alcl -s-:alcg B -s:alcg
74 20
7 scomanen) TSI CUNERIT vmmS
70
68
” Bertasius, Gedas,_ etal."Is Space-_Time Attention All You Need Li, Yanghao, et al. "Multiscale Vision Transformers."
for Video Understanding?.” ICML 2021. ICCV 2021.

(260K videos, 400 action classes)
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Two-stream nets ActionVLAD TimeSformer
i i Bertasi t al
DT Simonyan et al TSN Girdhar et al Non-local TSM 3D ertasius et a
Wang et al c3D w t al Wang et al Lin et al Feichtenhofer et al
angeta Tran et al angeta

L

2014 2015

2020 2021 2022

. MVIiT
CNN-LSTM Carreira et al R(2+1)D SlowFast Lietal
Wu et al Tran et al Feichtenhofer et al
84
82
80 78.9
78 77.7
76 75.4 75.7
74
721
72
70
68
66
13D Non-local RQ2+1)D TSM SlowFast TimeSformer-L MViT
Kinetics-400

(260K videos, 400 action classes)
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Two-stream nets ActionVLAD
i QimAanyvyan ot ol irdhar ot ol
Wa
VideoSwin Uniformer
— 2 4 4 2 8 8 2 16 16 232 32
84 ~ _# 25 3
| TH F e
80 . S e T e ———
’— _ o J i Stage;
78 Q:E " DPE
] 2 DWConv
76 i i &=
74 4 g 3
72 Temporal
Layer | Layer I+1 avention | SHES [FSIRN A AW B O
70 # window: 2x2x2=8 # window: 3x3x3=27
68 . T e
Li, Kunchang, et al. "Uniformer: Unified Transformer for
66 Liu, Ze, et al. "Video Swin Transformer.” CVPR 2022. Efficient SpatialTemporal Representation Learning.”
ICLR 2022.

(260K videos, 400 action classes)
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84

82

80

78

76

74

72

70

68

66

Two-stream nets

ActionVLAD

QimAanvan ot ol Girdhar ot ol

BEVT

E. encoder decoder 1 } ‘
weight sharing

encoder decoder -+

video stream

Wang, Rui, et al. "BEVT: BERT Pretraining of Video
Transformers.” CVPR 2022.

OmniVL

Visual Only
....................
L
—— Unified Visual Encoder —] —, By &
| asih T
electric guitar playing basketball
(e.g.. classification)
Text Encoder Cross-modal Alignment

Image-Text/ ‘et g Image-Label / l = frri AT
- Amanwearsahat A man cxplaining cars.
Video dex; Yideo:Latel Visual-grounded (e.5.. image/video-text retrieval)
Ahg e DR Multi-modal Understanding/Generation
“A man riding on a A photo of airplane. |
motorcycle.” / “A fire- A video footage of the Visual-grounded =
man holds a fire hose. " skateboarding. G tion Decod y. — m (T
i Text eneration Decoder Q: How many people? Q: who holds two dogs?

A: Two A:aman
(e.g., image/video question answering)

Pretraining Corpus Unification Functionality Unification

Modality Unification

Wang, Junke, et al. "OmniVL: One Foundation Model for
Image-Language and Video-Language Tasks."
NeurlPS 2022.

(260K videos, 400 action classes)
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Two-stream nets ActionVLAD TimeSformer OmniVL
i [ Bertasius et al
ioT Simonyan et al TSN Girdhar etal oo local TSM X3D ertasius et a Wang et al
Wang et al C3D W t al Wang et al Lin et al Feichtenhofer et al VideoSwin
g Tran et al ang eta Liu et al

£ L L

2014 2015 2016 2017 2018 2019 2020 2021 2022 BEVT

Wang et al
C I?D tal MVIT
CNN-LSTM arreira et a R(2+1)D SlowFast Lietal  Uniformer
Wu et al Tran et al Feichtenhofer et al Li et al

o 82.7 82.9
- 80.4 80.7 812 80.6
80 78.9 79.1
78 77.7
76 75.4 75.7
74

72.1
72
70
68
66

13D Non-local RQ2+1)D TSM SlowFast X3D TimeSformer-L MVIiT OmniVL BEVT VideoSwin Uniformer

Kinetics-400

(260K videos, 400 action classes)
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347323 Bl %51 InEE R
HMDB51 2011 51 6849 web video
UCF101 2013 101 13320 web video
Sports-1M 2014 487 1000000 web video
ActivityNet 2015 200 20000 web video
FCVID 2015 239 91223 web video
Charades 2016 157 9848 controlled settings
Youtube8M 2016 1000 237000 web video
AVA 2018 80 57600 movie
Kinetics-400 2017 400 306245 web video
SSV V1 2017 174 108499 controlled settings
SSV V2 2018 174 220847 controlled settings
Kinetics-600 2018 600 495547 web video
Kinetics-700 2019 700 650317 web video
Jester 2019 27 148092 controlled settings

VideolLT 2021 1004 256218 web video
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O F3)BUKERIEN | IZIEARREHEERIE X KEX
Video frames
- e Dataset i
| Multi-scale Vision : MLP ?.) bl | D,
Transformers T Dataset Head i : Prediction
Kinetics - B ' 2
Dataset |
Clean N . Cross-Dataset | Seecll . R
ok Expander Dataset Head j Projection Prediction | < Projection Loss
A PP koo i [ —
Moments- A H
in-Time - s Cross-Dataset Dataset k
mWeightliﬂing Informative loss —>| Dataset. Head k |—> Projection L D
E A
B e sis68v5H4803 50 35S SO SRS OSSR RS G SONH SRRSO £ [Liang CVPR’22]
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label

O FIRtRE

holding something

si mlla rlty

=N

t-shirt
X |
Base Language Base Language
SCO0p 4| N » bowl 3D CNN Embedding 3D CNN Embedding
\
making a cake <4—] N T T T T T
! \ video video label V_fl V_f2 Lfi L_f2
\ X
v cup . . . . . .
cake pouringsomething  tgble (a) Classification (b) Visual-Semantic Embedding (c) Intra-Facet Supervision Only

onto something

similarity

"

Language
Embedding
Facet 2

Prediction

V_f1

Language

| projection 2 |
Embedding

| projection 1 |

—

Lfl

V_f2

V_f2

V_fl
(d) Intra-Facet Supervision + Inter-Facet Supervision

[Qiu CVPR’21]
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Images as single frame videos

B~

TimeSFormer Block \
Ima'gfa
Classifier
Videos Temporal Attention Layer Spatial Attention Layer MLP Layer
Temporal Spatial Video
Laver Ll Multi-head Laver Lt Multi-head Laver Lfvip Classifier
Norm . Norm . Norm
attention attention
Video
— pe
/ Classifier
[Zhang arXiv'22]
Raw Web Data Filtered Web Data Trar].s_f_g_r.r_'rl(-_:sj_ _\.I_V_c:a_t?_!??ta
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[Duan ECCV’20]
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Parade

A white dog sitting
on a couch

A dog looking
bashfully to the side

A black cat is sleeping,
head on a computer

Two parrots perching
on a tree branch

An elderly man is playing the piano in front of a crowd.
A woman walks to the piano and briefly talks to the the elderly man.
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Image-Text/ Yt

Image-Label /
Video-Text Video-Label

“A man riding on a

A photo of airplane. /

motorcycle.” / “A fire- A video footage of the
man holds a fire hose. ”  skateboarding.

—p
Text

&=+ ElF A EES

Unified Visual Encoder —

Text Encoder

!

Visual-grounded
Alignment Decoder

~HIEX )

|

Visual-grounded —>

Generation Decoder

12%

Visual Only

spnnsnnnuuuennenuIng
s

electric guitar playing basketball

(e.g., classification)

Cross-modal Alignment

A man wears a hat. A man explaining cars.

(e.g., image/video-text retrieval)

Multi-modal Understanding/Generation

Q: How many people" Q: who holds two dogs?
A: Two A:aman

(e.g., image/video question answering)

[Wang NeurlPS’22]
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2D Convolutional NNs (ResNets/InceptionNet) 3D Convolutional NNs (I3D/C3D/P3D)

T HW o
|£ ¢ . =<—truncate

Feature maps

temporal shift

Convolutions Subsampling Convolutions Subsampling  Fully connected

KT EEER B ERE NASEEER

LSTM/RNN . Deep Belief Network
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f___y RBM DBN
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Add 8 N Wasked
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Attention Attention
Positional Positional
Encoding Encoding
input Output
Embedding Embeddng
Inputs Outputs
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KETHFER
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ot Output
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Transformer

Nx

Feed
Forward

Add & Nom

Mult-Head
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Output
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Attention

Positional
Encoding

SSEE

Transformer

=

Output
Probabilties

Feed
Forward

Nx
Nx AGGE Norm
Attention
Positional Positional
Encoding Encoding
ot Output
Embedding Embeddng
Inputs

Outputs
(shifted right)

>_® Positional
Encoding

input
Embedding
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BEINYIR/ MR , Frtokenize , FlJATransformerz>token[B &

FIEFR—MLEZF

I BIESKR

J0 0
b

b

VATT

[Thi[re] ..

|
bt
“These boys all want to \ﬁ/ }> f

feed a guineafowl”

L

(wlll.]

—>[ Multimodal Projection Head ]

Transformer Encoder
Modality-Specific OR Modality-Agnostic

Extra Learnable

s, @O0 D000 0

Modality-Specific Patch + Position Embedding

[ Linear Projection ]

(3D RGB voxels)

[ Linear Projection ]

Linear Projection
(1D waveform)

(1-hot word vectors)

Input Video

[Mustafa arXiv'22]

L “Sled dogs running on the
[ snow pulling the sled.”
Input Audio Waveform Input Text

[Akbari CVPR22]
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m & F BT IKITRIEESS ( pretext tasks ) NEIEREEIEIREE(SE

* i
SEFTN ( Self-Prediction )
2R ELecun : NBINEUE—BOTRUSB—2B5 17

NI TR PRI 25

MWAIRIFRISRSE MR T 2R i
Present
H I)Ht:,ﬁ Video Bottom Layer Top Layer

Japooug

Decoder

Resize and Concatenate

VQ-VAE Model

Predicting Video
[Walker arXiv'21]
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