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Recall - Image Task

. Semantic Object Instance
Classification Segmentation Detection Segmentation

GRASS, CAT,
No spacial extent TREE, SKY

No object, just pixels Multiple Objects

DOG, DOG, CAT DOG, DOG, CAT



Video

Image with Time
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A video Is a sequence of images
4D Tensor: Tx3xHXxX W
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Example Task

ITx3XHXxXxW

Input



Example Task: Video Classification
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<< Swimming

-1 Jumping

I | Eating

s Cycling

Input: TX3XHXW



Problem!

Video are a series of images! — Video are ~30 frames for second

(3 byte for pixel)

SD (640x480) HD (1920x1080) 4K (3840x2160)
~1.5 GB/min ~40 GB/min

Possible Solution?

Input: TX3XHXW



Problem!

Video are a series of images! — Video are ~30 frames for second

(3 byte for pixel)
SD (640x480) HD (1920x1080) 4K (3840x2160)
~1.5 GB/min ~40 GB/min

. Spatio-Temporal Downsampling

Sample at 5 fps - Use 112x112 resolution

— — ~
Input: Tx 3x Hx W T=16 frames only ~588 KB uncompressed



Solution - Train on Clips

Raw video - Long, high FPS




Single-Frame CNN

Simple ldea -> train 2D CNN to classify each frame video.

Strong Baseline for video classification

Very computational expensive method

Running Running Running Running Running Running

4 4 4 4 4 4
CNN CNN CNN CNN CNN CNN
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Late Fusion

Get High-Level appearance of each frame, and combine them.

Hard to compare low-level motion between frames

Class C
* TDH’'W’
MLP ;
4
Flatten ITXDxH xW
N N N N N N T
2D CNN
/ CNN \ / CNN \ / CNN \ / CNN \ / CNN \ / CNN \ on each frame
4 4 4 4 4 4 ‘
Input:

Tx3xHxXxW

11



Early Fusion

Compare frames with very first conv layer, after that normal 2D CNN

One layer of temporal processing may not be enough

Class C Dx Hx W
* 7Y
2D CNN
I xHx W

|

Input:
Tx3xHxXxW
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3D CNN

3D versions of cone ad pooling to slowly fuse temporal information
over the course of the network

Class C
4
Each layer in the network is a
3D CNN 4D tensor: DX T xH X W

Input:
Tx3xHxXxW

13



Difference with time
2D Convolution

activation map

__— 32x32x3 image

5x5x3 filter
32

28

>

convolve (slide) over all spatial
locations

39 28
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Difference with time

3D Convolution

AR
/ \
Y 4
Y 4
Y 4
\
\\
OX6X6 conv 5x5x5 conv 4Ax4x4 conv \\
| N
nput: FC Class

CXTX HxW Layer Scores
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Difference with time
2D Conv vs 3D Conv

2D Convolution 3D Convolution



Early Fusion Vs Late Fusion Vs 3D CNN

Size Receptive Field

Layer (CxTxHxW) (TxHXxW)
Input 3x20x64x64

Late Conv2D(3x3, 3->12) 12x20x64x64 1x3x3
Fusion

Conv(3x3)

cssssseioboseessesee

Input
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Early Fusion Vs Late Fusion Vs 3D CNN

Size Receptive Field
Layer (CxTxHxW) (TxHXxW)
Input 3x20x64x64
Late Conv2D(3x3, 3->12) 12Xx20X64x64 1x3x3
Fusion Pool2D(4x4) 12x20x16x16 1x6x6

com3e)  GOOVEOO® 0003800

nut @QO000000000000000000
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Early Fusion Vs Late Fusion Vs 3D CNN

Size Receptive Field
Layer (CxTxHxW) (TxHXxW)
Input 3x20x64x64
Late Conv2D(3x3, 3->12) 12Xx20X64x64 1x3x3
Fusion Pool2D(4x4) 12x20x16x16 1x6x6
Conv2D(3x3, 12->24) 24x20x16x16 1x14x14

Conv(3x3)

Pool(4x4)

Conv(3x3)

Input

19



Early Fusion Vs Late Fusion Vs 3D CNN

Size Receptive Field
Layer (CxTxHxW) (TxHXxW)
Input 3x20x64x64
Late Conv2D(3x3, 3->12) 12Xx20X64x64 1x3x3
Fusion Pool2D(4x4) 12x20x16x16 1x6x6
Conv2D(3x3, 12->24) 24x20x16x16 1x14x14
GlobalAvgPool 29 xlxlxl 20X 64 x 64

GlobalAvg

Conv(3x3)

Pool(4x4)

Conv(3x3)

20
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Early Fusion Vs Late Fusion Vs 3D CNN

Late
Fusion

Early
Fusion

3D CNN

Layer

Input

Conv2D(3x3, 3->12)
Pool2D(4x4)
Conv2D(3x3, 12->24)
GlobalAvgPool

Input

Conv2D(3x3, 3*20->12)
Pool2D(4x4)
Conv2D(3x3, 12->24)
GlobalAvgPool

Input

Conv3D(3x3x3, 3->12)
Pool3D(4x4x4)
Conv3D(3x3x3, 12->24)
GlobalAvgPool

Size

(CxTxHxW)

3x20x64Xx64
12 x20 X 64 x 64
12x20x16x16
24 x20x16x16
2861 X1 X1

3x20x64Xx64
12 X 64 x 64
12 x16x16
24 x16 X 16
24x1x1

3x20x64Xx64
12 x20x 64 x 64
F2 X5 % 16 X 16
2965 X 16X 16
24 x1x1

Receptive Field
(TxHXxW)

1x3x3
1X6X6
1x14x 14
20X 64 x 64

20065063
20X6 X6
20x14x 14
20X 64 x 64

51,0565
6X6X6
14x14x 14
20X 64 x64

21

Build slowly in space,
All at once In time at end

Build slowly in space,
All at once In time at start

Build slowly in space and build slowly in time



Difference with time
2D Conv vs 3D Conv

2D Convolution 3D Convolution

No temporal shift-invariance! Temporal shift-invariance since each filter slides over time!

Input Output Input Output
C. xTxHxW C,,xXHxXW C. xTxHxW C,,XTxHxW
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Example Video Dataset
Sport-1M

cycling ultramarathon heptathlon mushing longboarding

track cycling half marathon decathlon bikejoring aggressive inline skating
road bicycle racing running hurdles harness racing freestyle scootering
marathon marathon pentathlon skijoring frecboard (skateboard)
ultramarathon inline speed skating sprint (running) carting sandboarding

1 milion YouTube videos annotated with 487 labels of different type of sports

23



Early Fusion Vs Late Fusion Vs 3D CNN

Sports-1M Top-5 Accuracy

Inll

Single Early Late _
Frame Fusion Fusion CNN \

3D CNNs have improved
a lot since 2014

85
80
ge
70

3x3x3 conv is very expensive!




C3D - The VGG of 3D CNNs

3D CNN that uses all;
- 3X3X3 convolution
- 2X2X2 pooling

Released model retrained on Sports-1M

Many people used this as a video feature extractor

25

Layer
Input

Convl (3x3x3)
Pooll (1x2x2)

Conv2 (3x3x3)
Pool2 (2x2x2)

Conv3a (3x3x3)

Conv3b (3x3x3)
Pool3 (2x2x2)

Conv4a (3x3x3)

Conv4b (3x3x3)
Pool4 (2x2x2)

Conv5a (3x3x3)

Conv5b (3x3x3)
Pool5
FC6
FCT
FCS8

Size

X 16112 x 112

64 16 )il 112 xeilii] 2

64 X 16 X 56 X 56

128 x 16 X 56 X 56

1288 Xe28 X8

256082 8IXE0E

256 X 8 X 28 X 28
256 x4x14x 14

512x4x14x 14

512 x4x14x 14
B2 X2 el X T

S22 X T T

D12 X 20T
DI EIINERS XS
4096
4096
C



C3D - The VGG of 3D CNNs

Layer Size MFLOPs
3D CNN that LUSes a” Input 3x16x112x112
_ " Convl1 (3x3x3) 64 clEhlZb D 1.04
3X3X3 ConVOIUtlon Pooll (1x2x2) 64 X 16 X 56 X 56
- 2X2X2 pOO“ng Conv2 (3x3x3) 128 X 16 X 56 X 56 LLILE
Pool2 (2x2x2) 128 x 8 x 28 x 28
Released model retrained on Sports-1M OmBREIEIE) | ZSORETAIRIE 235
Many people used this as a video feature extractor Conv3b (3x3x3) 256 x 8 X 28 x 28 11.10
Pool3 (2x2x2) 256 x4 x14x 14
Conv4a (3x3x3) Sy aba sl sl 2.0
AleXN e-t -> O 7 G FLO P Conv4b (3x3x3) 512x4x14x 14 5.55
] Pool4 (2x2x2) 512X2X7X7
VGG‘] 6 ->13.6 GFLOP Convsa (3x3x3) 512X2XT X7 0.69
Conv5b (3x3x3) 512 X xlox 0.69
C3D -> 395 GFLOP Pool5 512X 1X3 X3
FC6 4096 0.51
FC7 4096 0.45
FC8 C 0.05
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Early Fusion Vs Late Fusion Vs 3D CNN

Sports-1M Top-5 Accuracy
85

80

84.4
80.2
a1
70

Single Early Late 3D C3D
Frame Fusion Fusion CNN



Optical Flow

Separating Motion and Appearance

Image at frame t + 1



Optical Flow

Separating Motion and Appearance

Image at frame t + 1
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Optical Flow

Separating Motion and Appearance

Image at frame t + 1
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F(x,y) = (dx, dy)

Displacement filed F between images [, and [, ,

Where each pixel will move in the next frame:

L. (x+dx,y+dy)=1(x,y)



Optical Flow

Separating Motion and Appearance

Local Motion

Displacement filed F
between images /, and [,
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Where each pixel will move in the next frame: ‘
F(x,y) = (dx, dy)

Il‘+1(x T dxay + dy) — It (X, y)

Vertical flow dy

Image at frame t + 1



Two-Stream Networks

Separating Motion and Appearance

Spatial stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv) full6 full7 ||softmax
IX7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. norm. pool 2x2
single frame pool 2x2 || pool 2x2
-

. Temporal stream ConvNet

‘ conv1 || conv2 || conv3 || conv4 || conv) full6 full7 ||softmax
IX7X96 || 5x95x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 20438
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

input : norm. ||pool 2x2 pool 2x2

. optical flow

class
score
fusion

[2*(T-1)]xHXW

~— Early Fusion




Two-Stream Networks

Separating Motion and Appearance

Accuracy on UCF-101
90

80 33 7HM06-9 88
: .

3D CNN Spatial only Temporal Two-stream Two-stream
only (fuse by (fuse by
average) SVM)




Problem!

What about long-term structure?

Theoretically we know how to handle sequences

How about Recurrent Networks?

First event 3D CNN Second event

~ 5 seconds



Modeling long-time temporal structure

Extract features
with CNN

! ! ! ! ! !
/CNN\/CNN\ /CNN\/CNN\ /CNN\/CNN\.




Modeling long-time temporal structure

Process local features using recurrent network (es. LSTM)

Extract features
with CNN

/CNN\/CNN\/CNN\/CNN\/CNN\/CNN\

_—_—nmn
Time




Modeling long-time temporal structure

Process local features using recurrent network (es. LSTM)

Many to one -> one output at end of video

Extract features
with CNN

/CNN\/CNN\/CNN\/CNN\/CNN\/CNN\

_—_—nmn
Time




Modeling long-time temporal structure

Process local features using recurrent network (es. LSTM)

Many to one -> one output at end of video

Extract features
with CNN

t f f f f f

/CNN\/CNN\/CNN\/CNN\/CNN\/CNN\

_—_—nmn
Time




Modeling long-time temporal structure

Inside CNN -> Each value is a function of a fixed temporal window

Inside RNN -> Each vector is a function of all previous vectors

Can we merge both approaches?

Extract features
with CNN

/CNN\/CNN\/CNN\/CNN\/CNN\/CNN\

_—_—
Time




Recurrent Convolutional Network

Multi-layer RNN

Three-layer RNN

Entire network uses 2D feature maps -> CxH x W

Yo Y1 Y2 Y3 Y4 Ys Ye

l%ﬁ l%ﬁ l%ﬁ l%/ﬁ T I 1T 1T 1 11

T T T T ho— h3—a hal—all h3;|—ff h,—atl 3, -l h3,
— . —~ —__. ~—~ 5 ifs s s e s s
D —EV—ED | Eppihi

A e e Wi

hi,—{ h; 3t hi,— his}— his—a{his — hig

il Ed Ed B8 RE AE E

Xo X1 X2 X3 X4 X5 Xe

Use different weights at each layer Share weights across time



L

7

Feature from layer L
Time t-1

/

L

Feature from layer L - 1
Time t

/.

N

RNN-like
recurrence

Recurrent Convolutional Network

old state

fwilht_l, x,)| input vector

Recall{ A,

new state

some function with
parameters W

L/
/

Feature from layer L
Time t



L

/

Feature from layer L
Time t-1

/

L

/

Feature from layer L - 1
Time t

N

2D Conv

2D Conv

L

/

/T

tanh

N\

Recurrent Convolutional Network

Recall: #,_; = tanh(W, h, + W x)

ace all matrix multiply with 2D convo lution

[ /

/

Feature from layer L
Time t



Modeling long-time temporal structure

Infinite temporal extent

!

!

I

Pt

!

!

!

Finite temporal extent

I I

/CNN\/CNN\

S ———
Time

RNNSs are slow for long sequences

Infinite temporal extent

Recurrent

CNN

—_—
—_—
—_—
—

Recurrent
CNN

Time



Spatio-Temporal Self-Attention

Input clip

3D CNN

CxTxHxW

Nonlocal block



Spatio-Temporal Self-Attention

Input clip

Queries
CxTxHxW

Keys
CxTxHxW

3D CNN

CxTxHxW

Values
CxTxHxW

Nonlocal block



patio-Temporal Self-Attention

Input clip

Queries

C'xTxHxW Transpose
P Attention Weights

THW x THW

Softmax
() —>

Keys
CxTxHxW

3D CNN

CxTxHxW

Values
CxTxHxW

Nonlocal block



Spatio-Temporal Self-Attention

Input clip

Queries
C'xTxHxW Transpose
P Attention Weights
THW x THW
Softmax
(%) —>
Keys
CxTxHxW
3D CNN
CxTxHxW
Values C’xTxHxW
CxTxHxW
(%) —>

Nonlocal block



Spatio-Temporal Self-Attention

Input clip

Queries

CxTxHxW Ti
ansSposs Attention Weights
THW x THW
Softmax
(%) —>
CxTxHxW
Keys
CxTxHxW
3D CNN
CxTxHxW

Values C’xTxHxW

CxTxHxW
(%) —>

Nonlocal block



Spatio-Temporal Self-Attention

Input clip

3D CNN

Queries
CxTxHxW

Keys
CxTxHxW

CxTxHxW

Values
CxTxHxW

Nonlocal block

Transpose

&)

Attention Weights

Softmax

—

THW x THW

(3) —>

Residual Connection

CxTxHxW

C’xTxHxW



Spatio-Temporal Self-Attention

Input clip

We can add nonlocal blocks into existing 3D CNN architectures

\

3D CNN

\

3D CNN

3D CNN

Running



Inflating 2D Networks to 3D

Can we reuse image architectures for video?

|dea: take a 2D CNN architecture

Inception Block: Original

t

Concatenate
‘ 5x5 Conv 3x3 Conv 1x1 Conv
1x1 Conv T T
I 1x1 Conv 1x1 Conv

Previous layer

Replace each 2D K, x Ky, conv/pool layer




ldea: take a 2D CNN architecture

Replace each 2D K, x Ky, conv/pool layer

With 3D K, x K; x Ky version

Inflating 2D Networks to 3D

Can we reuse image architectures for video?

t

Inception Block: Inflated

Concatenate

t

1

K

3X3x3
Conv

1x1x1
Conv

I I ‘

Previous layer




Inflating 2D Networks to 3D

Can we reuse image architectures for video?

C;, x K, x Ky,
|dea: take a 2D CNN architecture
Replace each 2D conv/pool layer with 3D version
l Copy kernel K,
, , times, divide by K,
Duplicate input
Can use weights of 2D convolution to l K, times

initialize 3D conv -> copy K, time in space
and divide by K,

This gives the same result as 2D conv given

. . - C,,xKxK, xK
constant video input 3x K, x Hx W o

HxW

lOutput is the same

TxHxW



Vision Transformers for Video

Factorized attention
Attend over space/time

Pooling module
Reduce number of tokens

Video masked autoencoders
Efficient scalable pretraning

MLP
Head Class ( T
= >L Add & Norm ] AT
Transformer| Encoder L /:/:/,‘/ " " Ena:((fler Decc;(c.ier l Supervision
/ - masking masking
\ > v
Position + Token 4’(? [ MatMul ] (& .
Embedding i i 2,
D [ oo ] G
f [ Softmax ] ‘
L YN SRRy Input video Tube masking Running cell masking
D [ LayerNorm | THW x THW THW x D v
A [ M
= —C o— atMul & Scale |
- . A PUTE
._ _’%_' Lx Self-Attention THW x D THWx D Cube embedding
= - — Q K |
- - b d t Latent representation .o cee
- = | Embed to Multi-Head Pool Pool Poolx Pool y/ > —> Encoder —> —>© — Decoder —»
- - Q Learnable mask token
- tokens Dot-Product Y 7y A
: . Attention ~ THW x D .~ THW x D x THW:XD Reconstructed pixel
- K“ v A O“ Q
‘ Linear Linear | ‘ Linear
,®© . [ Layernorm ] A ) e
F
THW x D
X

Bertasius et al, “Is Space-Time Attention All You Need for Video
Understanding?”, ICML 2021

Arnab et al, “ViViT: A Video Vision Transformer”, ICCV 2021
Neimark et al, “Video Transformer Network”, ICCV 2021

Fan et al, “Multiscale Vision Transformers”, ICCV 2021
Li et al, “MViTv2: Improved Multiscale Vision
Transformers for Classification and Detection”, CVPR 2022

Wang et al. VideoMAE V2: Scaling Video Masked Autoencoders with Dual Making.

CVPR 2023.

Tong et al. Video MAE: Masked Autoencoders are Data-Efficient Learners for Self-
Supervised Video Pre-Training. NeurlPS 2022.

Feichtenhofer et al. Masked autoencoders as spatiotemporal learners. NeurlPS 2022,




Vision Transformers for Video

L Top-1 Accuracy on Kinetics-400

90
30

70
60
50
40
30
20
10

0

Per-frame CNN+LSTM Two-Stream Inflated I3D  SlowFast MViTv2-L VideoMAE
CNN CNN 16x8+NL V2-g



Can you guess the action? Weightiifting

Appearance Slow motion Fast motion




Can you guess the action? Apply eye makeup

Appearance Slow motion Fast motion




Efficient Video Understanding

Full-length video recognition is computationally prohibitive

Compact Architectures Smart Clip Sampling

V4

Input frames

A
v

Recognition
Network

0
§§E§
0
Subnet 1
0 .
N : . “Mowing
)IEI dEusionft> ., o

Subnet 2
O Cross-Entrop
: g Loss

Subnet 3

Policy Network

- TES ICS,

)

Ires

=

I

]

Y

v
uorjorpaxd

VJQ
SN
:
s

Vs

C. Feichtenhofer, "X3D: Expanding Architectures for Efficient Video Recognition," 2020 IEEE/CVF Panda, Rameswar et al. “AdaMML: Adaptive Multi-Modal Learning for Efficient Video Recognition.”
Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 2020, pp. 200-210. 2021 IEEE/CVF International Conference on Computer Vision (ICCV) (2021): 7556-7565.



Video + LLMs

Video Understanding

VideoLLaMA 2: The video features a kitten and a baby chick playing together. They are seen cuddling, playing, and even taking
a nap together. The video has a very cute and heartwarming feel to it, as the two animals seem to have formed a close bond.

1

/ ‘ Spatial-Temporal Downsampling \
—>» ‘ Spatial Convolution \

& Video Frames Encoding STC connector

Pre-trained Large Language Model ‘ J
»Prompt: What animals are in the video, what are : [ Projection W ‘, ] [ Projection W & ]
they doing, and how does the video feel? T T
I
i ) | iy gnngnni
E y | iy gnngnni
E \i T Flatten ‘ T Flatten
I =
: E’S . . Audio ‘
: SE|— ‘ Spatial Convolution \ / S
|
|
I
I
I
I
I

Cheng, Z., Leng, S., Zhang, H., Xin, Y., Li, X., Chen, G., Zhu, Y., Zhang, W., Luo, Z., Zhao, D., & Bing, L. (2024).
VideoLLaMA 2: Advancing Spatial-Temporal Modeling and Audio Understanding in Video-LLMs. ArXiv, abs/2406.07476.



Video + LLMs

LLM-guided Video Generation

Scene 1

VideoDirectorGPT

Prompt

A hungry cat is
finding food

‘ = - - - - -
Scene Descrlptlon Background
Frame 1: {‘a fluffy Siamese cat’: [0.25, ©.25, 1.00, 0.70], ‘a plush beige bed’: . . . .
A cat is 1 ing down on ’ ’ ’ ’ ’ i
ying Frame 2: {‘a fluffy Siamese cat’: [0.25, ©0.25, 1.00, 0.70], ‘a plush beige bed’: .00, 0. . . Bedroom
Cene a bed
: {‘a fluffy Siamese cat’: .55, 0. . . ‘a plush beige bed’: .00, 0. . .
Then she gets up : {‘a fluftty Siamese cat’: .50, 0. R . ‘a plush beige bed’: .00, 0. . . Bedroom
. [ C1ni€EEvy ¢ _ ) . ¢ J.
She goes to the kitchen F L3 TANTTY SLaNeS Cit S .15, 0. . . ‘gour‘met cat snack,. .50, 0. . . )
m and eats a snack S ' »lamese cat @ 10.35, 0. . . gourmet cat snack’: .50, 0. . . Kitchen

Video Planner

.. __Scene Description | |_Layout + Consistency Grouping _ Layout2Vid ' Guided 2D Attention

I
A cat is lylng down on % | amese o Spatial-Temporal Blocks / visual [ O O O

—

a plush beige bed Spatial Conv II Layout Self-Attn

Scene: [1, 2]

. I /
| ;00—
Then she gets up gourmet cat snack Temporal Conv |,
: Scene: [3] T / Gated Self-Attn

\bedroom Spatial Attn E : ﬁ

Scene: |1, 2 Scene
She goes to the kitchen ' Temporal Attn ’ Text Cross-Attn
and eats a snack —_kitchen 7 \ v
Scene: [3]

Lin, H., Zala, A., Cho, J., & Bansal, M. (2023). VideoDirectorGPT: Consistent Multi-scene Video
Generation via LLM-Guided Planning. ArXiv, abs/2309.15091.

Video Generator







