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Machine Learning
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Old School Algorithms

e Simple Patternin Data
e Small Amount of Data
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Neural Networks

Simulate Learning Like Neurons
inside Human Brains
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Deep Neural Networks

e Learn Complex Patterns
e Large Amount of Data




Different Types of Deep Neural Networks
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Convolutional Neural Networks

Very Good for Images
Using Convolutions
and Pooling

Kernel o y 7
Input Image Featured Pooled Featured Pooled Flatten / 4
maps Featured maps maps  Featured maps layer

A Typical Convolutional Neural Network (CNN)

Output

Convolution Pooling Convolution Pooling

* = e
Feature Maps Fully connected layer
Feature Extraction || Classification ‘I l. Probabilistic

J

distribution




3D Convolutional Neural Networks

e Better Performance but Higher Computation

" ""”I .0‘.-’ ]




RNN/LSTM/GRU

Recurrent Neural Networks — Sequence of Data
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Attention is All you Need

Handling Seq2Seq
Long-range Dependency
Using Parallel Processing
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An Image Worth 16x16 Words

e Extract Information
from Images by Patches

e Parallel Processing

e Using Transformers

Vision Transformer (ViT)
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Is Space-Time Attention All You Need for Video
Understanding?
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State-of-the-Art Models

e Learning Spatiotemporal Features with 3D Convolutional Networks
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State-of-the-Art Models

e Two-Stream Inflated 3D ConvNets
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State-of-the-Art Models

R2+1D
| space-time pool | I space-time pool |
| 2D conv | | 2D conv |
| 2D conv | | 2D conv |
| 2D conv | | 2D conv |
| 2D conv | _
| 2D conv | *
A
clip clip
(@) R2D (b) MCx

space-time pool

clip
(c) rIMCx

| space-time pool

| space-time pool |

clip
(d) R3D

[ (2+1)D conv |
| 2+1)D conv |
[ 2+1)D conv |
[ 2+1)D conv |
[ 2+1)D conv |

clip
(e) R2+1)D




State-of-the-Art Models
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State-of-the-Art Models

e TAM: Temporal Adaptive Module for Video Recognition

Temporal Convolution Temporal Attention Temporal Adaptive Module
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State-of-the-Art M

e Temporal Interlacing Network
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State-of-the-Art Models

e Temporal Relational Reasoning in Videos

= 2-frame relation
== 3-frame relation
s 4-frame relation

Pretending to put something next to something




State-of-the-Art Models

e X3D: Expanding Architectures for Efficient Video Recognition

Input frames
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State-of-the-Art Models

e BSN:Boundary Sensitive Input Video
Network for Temporal Action GT  Background
Proposal Generation
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State-of-the-Art Models

e Temporal Action Detection With Structured Segment Networks

Tumbling Instance

Activity: Tumbling —-é-— Complete Tumbling? Yes.
[ ﬁ ﬂ

/ ] \
, \/ L \/ 1 &/ o

.‘ e m ?}}




Hula Hoop

DataSets

i
e UCF101 Dataset vies
(www.crcv.ucf.edu/data/UCF101.php) B Mrchng

e 101 Category Action from Youtube Videos [BEs
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DataSets

Kinetics 700

(paperswithcode.com/dataset/kinetics-700)

700 Human Actions
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DataSets

e Holistic Video Understanding

(holistic-video-understanding.github.io)
e 3142 Labels with Large Amount of Data
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DataSets

e Activity-Net
(activity-net.org)
e 200 Activity Classes




DataSets

e MomentsinTime
(moments.csail.mit.edu)




A Simple Use Case
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A Simple Use Case

A new video start processing




A Simple Use Case

Detect Interesting Locations




A Simple Use Case

Detect Objects at
Interesting Locations and Use them
to Understand Actions
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Another Simple Use Case

A new video start processing



Another Simple Use Case

Detect Interesting Locations




Another Simple Use Case

Detect Objects at
Interesting Locations and Use them
to Understand Actions




Thank you for your Attention

You can find me on:
website: masoudkaviani.ir

twitter: @masoud_kaviani



