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• A  video is a sequence of im ages in tim e
• 4D  tensor: T x 3 x H  x W  (or 3 x T x H  x W )

What is a Video

… …
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• V ideos are ~30 fram es per second (fps)
• Size of uncom pressed video (3 bytes per pixel):

• SD  (640 x 480): ~1.5 G B per m inute 

• H D  (1920 x 1080): ~10 G B per m inute

• Input video: T x 3 x H  x W

Problem with Video Classification

Solution: Train on short clips: low fps and low spatial resolution e.g. T =  16, H = W = 112

(3.2 seconds at 5 fps, 588 K B)

Swim m ing 
R unning 
Jum ping 
Eating 
Standing
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• Raw video:Long,high FPS

• Training:Train m odelto classify shortclipswith low FPS

• Testing:Run m odelon differentclips,averagepredictions

Training on Clips
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• Sim ple idea: Train norm al 2D  CN N  to classify video fram es 
independently! (A verage predicted probabilities at test-tim e)

• O ften a very strong baseline for video classification

Single-Frame CNN

“R unning” “R unning” “R unning” “R unning” “R unning” “R unning” “R unning”

CNNCNNCNNCNNCNNCNNCNN
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• G et high-level appearance of each fram e, and com bine them
• Run 2D  CN N  on each fram e, concatenate features and feed to 
M LP

Late Fusion (with FC layers)

K arpathy et al, “Large-scale V ideo Classification with Convolutional N eural N etworks”, CV PR  2014

CNNCNNCNNCNNCNNCNNCNN

Fram efeatures
T xD x H ’xW ’

Flatten

M LP

Class scores: C

Clip features: 
TD H ’W ’

Input Clip:
T x3xH xW

2D CNN on
each fram e

1 2 3

4 5 6
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• G et high-level appearance of each fram e, and com bine them
• Run 2D  CN N  on each fram e, pool features and feed to Linear
• H ard to com pare low-level m otion between fram es

Late Fusion (with Pooling)

K arpathy et al, “Large-scale V ideo Classification with Convolutional N eural N etworks”, CV PR  2014

CNNCNNCNNCNNCNNCNNCNN

Fram efeatures
T xD x H ’xW ’

A verage Pool over space and tim e

M LP

Class scores: C

Clip features: 
D

Input Clip:
T x3xH xW

2D CNN on
each fram e
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Late Fusion Simple Example

CNNCNNCNNCNNCNNCNNCNN

Fram efeatures
T xD x H ’xW ’

A verage Pool over space and tim e

M LP

Class scores: C

Clip features: 
D

Input Clip:
T x3xH xW

2D CNN on
each fram e

R eceptive Field
(T  x H  x W )

Size
(T x C x H  x W )Layer
20 x 3 x 64 x 64Input

1 x 3 x 320 x 12 x 64 x 64Conv2D (3x3, 3-> 12)

1 x 6 x 620 x 12 x 16 x 16Pool2D (4x4)

1 x 14 x 1420 x 24 x 16 x 16Conv2D (3x3, 12-> 24)

20 x 64 x 641 x 24 x 1 x 1G lobalA vgPool

Build slowly in space, A ll-at-once in tim e at end

L-22 (28-02-2025)                    M /W /F-2 PM ,6108 @  BIT S PilaniC om puter V ision (BIT S F459) 9

• Com pare fram es with very first conv layer, after that norm al 2D  
CN N

• O ne layer of tem poral processing m ay not be enough!

Early Fusion

K arpathy et al, “Large-scale V ideo Classification with Convolutional N eural N etworks”, CV PR  2014

2D  Convolution
Reshape: 

3T x H  x W

Class scores: C

Input Clip:
T x 3 x H  x W

collapses all tem poral 
inform ation:

O utput: D  x H  x W

2D  CN N
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Early Fusion Example

K arpathy et al, “Large-scale V ideo Classification with Convolutional N eural N etworks”, CV PR  2014

2D  Convolution
Reshape: 

3T x H  x W

Class scores: C

Input Clip:
T x 3 x H  x W

collapses all tem poral 
inform ation:

O utput: D  x H  x W

2D  CN N

Receptive Field

(T x H  x W )

Size

(T x C x H  x W )Layer

20 x 3 x 64 x 64Input

20 x 3 x 312 x 64 x 64Conv2D (3x3, 3*20-> 12)

20 x 6 x 612 x 16 x 16Pool2D (4x4)

20 x 14 x 1424 x 16 x 16Conv2D (3x3, 12-> 24)

20 x 64 x 6424 x 1 x 1G lobalA vgPool

Build slowly in space,
A ll-at-once in tim e at start
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• U se 3D  versions of convolution and pooling to slowly fuse 
tem poral inform ation over the course of the network

3D CNN

Ji et al, “3D  Convolutional N eural N etworks for H um an A ction R ecognition”, TPA M I 2010 ; 
K arpathy et al, “Large-scale V ideo Classification with Convolutional N eural N etworks”, CV PR  2014

3D  CN N

Class scores: C

Input Clip:
T x 3 x H  x W

Each layer in the network is a 4D  
tensor: T x D  x H  x W

U se 3D  conv and 3D  pooling 
operations

Receptive Field

(T x H  x W )

Size

(T x C x H  x W )Layer
20 x 3 x 64 x 64Input

3 x 3 x 320 x 12 x 64 x 64Conv3D (3x3x3, 3-> 12)

6 x 6 x 65 x 12 x 16 x 16Pool3D (4x4x4)

14 x 14 x 145 x 24 x 16 x 16Conv3D (3x3x3, 12-> 24)

20 x 64 x 6424 x 1 x 1G lobalA vgPool

Build slowlyin space, Build slowlyin tim e ”Slow Fusion”
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3DConvolution

Class 
Scores

May 2, 2024

FC
Layer

Input:
C x Tx H xW

6x6x6 conv 5x5x5 conv 4x4x4 conv

7 8 9

10 11 12
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• 1 m illion Y ouTube videos annotated with labels for 487 different 
types of sports

Video Dataset: Sports-1M

K arpathy et al, “Large-scale V ideo Classification with Convolutional N eural N etworks”, CV PR  2014

Ground Truth 
Correct prediction 
Incorrect prediction
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• R euse im age architectures for video
• Idea: take a 2D  CN N  architecture, 
R eplace each 2D  K h x K w conv/pool 
layer with a 3D  K t x K h x K w version

Inflating 2D Networks to 3D (I3D)

Carreira and Zisserm an, “Q uo V adis, A ction R ecognition? A  N ew M odel and the K inetics D ataset”, CV PR  2017

3x3Conv 1x1Conv

3x3 
MaxPool

Concatenate

1x1Conv1x1Conv

5x5Conv

1x1Conv

Previous layer

3x3x3 
Conv

1x1x1 
Conv

3x3x3 
MaxPool

Concatenate

1x1x1 
Conv

1x1x1 
Conv

5x5x5 
Conv

1x1x1 
Conv

Previous layer

Inception Block: O riginal

Inception Block: Inflated

2D conv kernel: 
Cin xKhx Kw

3D conv kernel:

Input: 
3 xH xW

Input:

Copy kernelKt 
times, divide 
byKt

Output: 
H xW

Output:

Duplicate input Kt 
times

Output is the 
same!

Cin xKt x KhxKw3xKt xHxW 1xH xW

Can use weights of 2D  conv
to initialize 3D  conv: copy K t
tim es in space and divide by 
K t
This gives the sam e result as 
2D  conv given “constant” 
video input
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• 3D  CN N  that uses all 3x3x3 conv and 
2x2x2 pooling
(except Pool1 which is 1x2x2)

• M odel trained on Sports-1M

• O ften used as a video feature extractor

• Problem : 3x3x3 conv is very expensive!
• A lexN et: 0.7 G FLO P

• V G G -16: 13.6 G FLO P

• C3D : 39.5 G FLO P (2.9x V G G !)

C3D: The VGG of 3D CNNs

Tran et al, “Learning Spatiotem poral Features with 3D  Convolutional N etworks”, ICCV  2015

MFLOPsSizeLayer

3x16x112x112Input

1.0464x16x112x112Conv1(3x3x3)
64x16x56x56Pool1 (1x2x2)

11.10128x16x56x56Conv2(3x3x3)
128x8x28x28Pool2 (2x2x2)

5.55256x8x28x28Conv3a(3x3x3)

11.10256x8x28x28Conv3b(3x3x3)
256x4x14x14Pool3 (2x2x2)

2.77512x4x14x14Conv4a(3x3x3)

5.55512x4x14x14Conv4b(3x3x3)
512x2x7x7Pool4 (2x2x2)

0.69512x2x7x7Conv5a(3x3x3)

0.69512x2x7x7Conv5b(3x3x3)
512x1x3x3Pool5

0.514096FC6
0.454096FC7
0.05CFC8
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• O ptical flow gives a displacem ent field F between im ages It and It+ 1
• O ptical Flow highlights local m otion

Measuring Motion: Optical Flow

Sim onyan and Zisserm an, “Two-stream  convolutional networks for action recognition in videos”, N eurIPS 2014

Im age at fram e t

Im age at fram e t+ 1

T ells where each pixel will 
m ove in the next fram e: 
F(x, y) =  (dx, dy)
It+ 1(x+ dx, y+ dy) =  It(x, y)

V ertical Flow,dy

H orizontal flow,dx
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Separating Motion and Appearance: Two-Stream Networks

Sim onyan and Zisserm an, “Two-stream  convolutional networks for action recognition in videos”, N eurIPS 2014

Input: 
Stack of optical flow: 
[2*(T-1)] x H  x W

Early fusion: 
First 2D  conv processes all 

flow im ages

Input: 

Single Im age 3 x H  x W
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So far all our tem poral CN N s only m odel local m otion between 
fram es in very short clips of ~2-5 seconds. W hat about long-term  
structure?

Modeling Long-term Temporal Structure

First event Second event3D 
CNN

Time2024
~5seconds

W e know how to handle sequences! 

13 14 15

16 17 18
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• Inside CN N : Each value is a function of a fixed tem poral 
window (local tem poral structure) 

• Inside RN N : Each vector is a function of all previous vectors 
(global tem poral structure)

Modeling Long-term Temporal Structure

Baccouche et al, "Sequential D eep Learning for H um an A ction R ecognition”, 2011
D onahue et al, “Long-term  recurrent convolutional networks for visual recognition and description”, CV PR  2015

CNN CNN CNN CNN CNN

Extract
features
with CN N
(2D or3D)

Tim e
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Multi-layer RNN

𝑥ଵ

𝑦ଵ

ℎଵ
ሺଷሻ

𝑥ଶ

𝑦ଶ

ℎଶ
ሺଷሻ

𝑥ଷ

𝑦ଷ

ℎଷ
ሺଷሻ

𝑥௧

𝑦௧

ℎ்
ሺଷሻ

𝑥ସ

𝑦ସ

ℎସ
ሺଷሻ …

ℎଵ
ሺଶሻ ℎଶ

ሺଶሻ ℎଷ
ሺଶሻ ℎ்

ሺଶሻℎସ
ሺଶሻ …

ℎଵ
ሺଵሻ ℎଶ

ሺଵሻ ℎଷ
ሺଵሻ ℎ்

ሺଵሻℎସ
ሺଵሻ …
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• U se different weights at each 
layer, share weights across 
tim e

• Entire network uses 2D  
feature m aps: C x H  x W

• Each depends on two inputs:
• Sam e layer, previous tim estep
• Prev layer, sam e tim estep

Recurrent Convolutional Network

Ballas et al, “D elving D eeper into Convolutional N etworks for Learning V ideo R epresentations”, ICLR  2016

Layer 1

2Dconv 2Dconv 2Dconv

Layer 2

Layer 3

2Dconv

THANK YOU
BITS Pilani
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Reference: Lecture Notes of Fei‐Fei Li, Ehsan Adeli

19 20 21

22


