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Event Type

Lecture 0

Lecture 1

Lecture 2

Assignment-1 (pre-test)

Lecture 3

Lecture 4

Lecture 5

Lecture 6

Assignment-2

Lecture 7

Proposal due

Lecture 8

N
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~
~
N
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N
(@)

Course Introduction

Computer vision overview
Historical context
Course logistics

Recap: Image Classification
The data-driven approach
Python / numpy / Google Cloud

Image classification

Loss Functions and Optimization
Linear classification, Higher-level representations, image features
Optimization, stochastic gradient descent

Introduction to Neural Networks, Backpropagation
Multi-layer Perceptron, Guidelines for Picking a Project

Convolutional Neural Networks & RNN
Convolution and pooling & RNN, LSTM, GRU
Example: LeNet

Deep Learning Hardware and Software
Intro to Pytorch and Tensorflow under Ubuntu System

Hand-crafted LeNet * GRU for image classification and ionosphere prediction using Pytorch

Training Tricks
Update rules, ensembles, data augmentation, transfer learning

Final Project Proposal due

Traditional CNN Architectures: AlexNet, VGG, Inception
SOTA CNN Architectures: GooglLeNet, ResNet, DenseNet, EfficientNet, ViT, Swin, etc

ACVLab@NCKU 4



Comparison of SOTA CNN and ViT for image recognition

Event Type
Assignment-3

Lecture 9 In-class midterm

Midterm

Discussion Section Midterm Discussion

Lecture 10 Object Detection & Semantic Segmentation
Det: M2Det, OCR, EfficientDet, YOLOv7, EVA, Internlmage

Seg: FCN to DeeplLabv3-plus, HANet, HRNet, SAM,...

Assignment-4 Low-Power multitasking learning: joint segmentation & object detection

Project Milestone due

Lecture 11 Unsupervised Learning: Generative Models

GAN, WGAN, CycleGAN, Diffusion models, ChatGPT

Lecture 12 Security in DL: Adversarial attack, Deepfake detection, anti-spoofing

Assignment-5 Forgery detection
Lecture 13 Restoration in DL: Toward image and high-dimensional data super-resolution

Lecture 14 LLM/Foundation Models and its applications
Guest Lecture TBA

Final Project Due Project Report due,

2024/2/20 ACVLab@NCKU 5
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DEEP LEARNING?
DO WE NEED IT?
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Source: https://www.bnext.com.tw/article/51971/ai-talent-cultivate-playbook
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BASFAIBISERVRSRIEE @ I8 KREHERNTE

> FEAIRERZAIRZZN TESEL I RAIR A T
N AIBEEM T
& 500
B
L I—— I —
i % AR AT OGS
300 BE ToEH (2%
JBRAIT 2 EF 3008
FHRNER 122 &
300 ZEEIEH 88 5
#33 \ T265 25
NEATE 758
BERETEh 73 E
200 WETEE
ERGR : 104 A O8RT

100

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 &
BHEFRIR : Gartner %12 HEF

2024/2/19 ACVLab@NCKU 9


https://www.bnext.com.tw/article/51971/ai-talent-cultivate-playbook
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Deep Learning in Al

= A good one, or the best one
» A AIEFEIRIE (Hardware)
o RIFFITERESE (Software)
« EEERKN (Data)
= Z&{E K7 (Genius)

= Now we may have a Al

» Based on
» Neural Network
= Much deeper

= GPU-based optimization
= Big data to learn
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Al FE AR ER RS 2 &5l

File  Help

Samples (Input) | Kemel Discriminant Analysis I Classes I Classification
Training Testing Settings
Character  Label o Character Label Classffication = _ )
|:| |:| @ Gaussian Kemel
? 7 2 2 2 (™) Palymomial Kemel
Deares: 2 =
? 4 3 3 3 Constant: 00000 =
& ¢ i 2 2
1 2 3 3 3 Keep threshold: | 0000500 =
6 5 Z 2 2 Regularzation: | 0000100 =
5 5 8 8 8 Run Analysis
D o 27 2 2
Classify
(b) Pose estimation ﬂ‘ 8 ? 3 3

Classification complete. Hits: 458,500 (92%5)
2024/2/19 ] ACVLab@NCKU 13



BRTEZEXREEZE (Deep Learning)?

Task: video activity recognition

Hessian + ESURF [Williems et al 2008] 38%

Harris3D + HOG/HOF [Laptev et al 2003, 2004] 45%

Cuboids + HOG/HOF [Dollar et al 2005, Laptev 2004] 46%

Hessian + HOG/HOF [Laptev 2004, Williems et al 2008] 46%

Dense + HOG / HOF [Laptev 2004] 47%

Cuboids + HOG3D [Klaser 2008, Dollar et al 2005] 46%

Unsupervised feature learning (Deep learning) 52% <«
2024/2/19 ACVLab@NCKU

14
[Le, Zhou & Ng, 2011]



N

AR ERET R

14M images, 22k categories

0.005% 9.5% ?

Random guess State-of-the-art Feature learning
(Weston, Bengio ‘11) From raw pixels

Le, et al., Building high-level features using large-scale unsupervised learning. ICML 2012
2024/2/19 ACVLab@NCKU 15
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14M images, 22k categories

0.005% 9.5% 21.3%

Random guess State-of-the-art Feature learning
(Weston, Bengio ‘11) From raw pixels

Le, et al., Building high-level features using large-scale unsupervised learning. ICML 2012
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Deep Learning/EEE 2B LRY?

= Actually, deep learning 22 Machine learningfy—7#&
= Z£Deep learning HIRLLA...
= Computer vision P&RBANTTEZ...
= Multiple features fusion (ILSVRC 2011 as an example)
" Yes, fFRAMVE "ZRFE" L

= Deep learning

= Learning a lot of features from data
= Called data-driven approach

» 2 ERIRIE - MELEREESE (Machine learning) B AR
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MACHINE LEARNING# =




ez 2B W E Taxonomy of ML

Unsupervised
Learning

2024/2/19 ACVLab@NCKU
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Example to Machine Learning

Semi-supervised learning

2024/2/19 ACVLab@NCKU 22



Training set

Basic Concept of Machine Learning

Unsupervised

Supervised

2024/2/19

Feature extraction Machine learning Grouping of objects
over algorithm

}\a

Annotated data

ACVLab@NCKU 23



Training Set < Data

2024/2/19

Data

examples



Data

Data
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Data

Data

examples




Data

Data
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Supervised learning

examples label

Greed le: 1
b labeled examples

Banana: 2

2

' Apple: 1
-

-

A J G-Banana: 2

000 0oupervised learning:,given labeled examples -



Supervised learning

label
-
' Apple: 1
» model/
. predicton
' Greed apple: 1
Banana: 2
g G-Banana: 2
LS J

000 0oupervised learning:,given labeled examples -



Supervised learning

o

predicted label

=Y

00000 00upervised learning:,given labeled examples -



Supervised learning: classification

Classification: a finite
set of labels

Supervised learning:

Greed apple: 1

given labeled
Banana: 2 examples

G-Banana: 2

2024/2/19 ACVLab@NCKU
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® R #YSupervised Learning 7374 (73 4828)

= Decision trees

= Neural networks

= K-nearest neighbors

= Naive Bayes classifier

= Support vector machines (SVMs)

= Boosted decision stumps

2024/2/19 ACVLab@NCKU
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Perceptron (neural net with no hidden layers)

Linearly separable data

2024/2/19 ACVLab@NCKU 33
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Data Points B2 IE4R 147
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B RIIBI : Kernel Mapping

Xi

K@ =G " =@ ¢G)

X A
N \/-
(y) )’xy Z3
kernel .

Kernel implicitly maps from 2D to 3D,

making problem linearly separable
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Unsupervised Learning

- URERIZAT (BX) AR
- RERABRDTRERHBNE

= F 5 - #BEUnsupervised learningfEE )L - SIU#I DB+
(Clustering)

= 27 - Supervised learning/E& AZE M4 (Classification)

= Raw data domaind]§ Ejtﬁ’"ﬁnﬂ N @)
 FEVERN "BE" - BETHH
: QFEZ SIEEGE
= ERAS
= PCA (Principle component analysis) - AutoEncoderss

2024/2/19 ACVLab@NCKU
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Traditional k-means Clustering

lteration #1

300
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Principal Component Analysis (PCA)

= PCA seeks a projection that best represents the data in a
least-squares sense
= B - WIRERASEENTME |

PCA reduces the
dimensionality of feature
space by restricting
attention to those directions
along which the scatter of
the cloud is greatest.

2024/2/19 ACVLab@NCKU 40
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FEAR PR AER ¢ ISOMAP

= Piece-wise distance meansurements
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[ erdE SREE ] R

= We have learned
= Supervised learning vs. Unsupervised learning
» GIREER & RAREZENER
= Supervised learning

= Classification
= SVM, Linear nearest neighbor, Perceptron

= Unsupervised learning
= Clustering
= k-means, EM-algorithm, AutoEncoder, PCA

= Deep learning:
= B AT : Supervised learning (i.e., AlexNet)
= Z.F3RY : Unsupervised learning (i.e., GAN)

2024/2/19 ACVLab@NCKU

43



text

2024/2/19

k- T et T
i‘} = : [

o

"ACVLab@NCKU

output

Label: “J2IE K5
Suggest tags
Image search

Speech recognition
Music classification
Speaker identification

Web search
Anti-spam
Machine translation

44
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output

Label: “J2IE K5
Suggest tags
Image search

Speech recognition

Music classification
Speaker identification

Web search
Anti-spam
Machine translation
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You see this:

But the camera sees this:
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Learning
algorithm

+ 1) (Positive)
= #f (Negative)

pixel 2
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REEUAL B {E & =EBEY

Learning
algorithm

+ 1232 (Positive)
Raw image - & (Negative)

+

pixel 2

+
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Learning
algorithm

+ J23E (Positive)

Raw image - & (Negative)
'
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)
X =
D_ -
_ +
+ -
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R IR EIRERE

- Feature i Learr)ing
representation algorithm
+ J27E (Positive)
Raw image - #Efa(Negative) Features
|
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- + - > s
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Supervised D

/VISION

SIFT/HOG

classifier

Deep Learning k=%l
(End to End) N

Feature extraction
(45 EHREY)

1. hand-crafted feature
2. Feature learning

Modeling

B EIRE

1. Parametric

2. Non-parametric

Classification
STEDHEAR
1. Nearest-neighbor
2. Probabilistic model

R

2024/2/19 ACVLab@NCKU
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= Simple example
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(bata) (Label)

== ==
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= hE S5 E (Hidden layer) OlBER/R
« JHER S AR Function HERIAY 5FE3kZE (Feature

representation)
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Image gradiants

Shin image
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Natural Images
Test example

Learned bases (¢;

,P64): “Edges”
~ (.2 * 36 + 0.3 % by T O0.5%
[al, .., 3¢ =1[0,0,..,0,0.2,0,.
2024/2/19
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erature representatlon)
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AR EREREFREAE

Represent as: [a;5=0.6, a,3=0.8, a;; = 0.4]

"|-..'=II 0.6 * +o.8. +o.4*.
B
¢15 ¢ ¢37

Represent as: [as=1.3, a;3=0.9, a,q = 0.3]

o
* + 0.9 * gl + (0.3
s O ¢ g

ZEFREERENEF -
oA Z 0 Al ARIERRVEE
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AbBEEER - BEE object models

MRESIENR - oI
EEFHAVE R

=< = L object parts
'.'. =r‘\_ ‘J';:‘{: (combination
M ‘.= -.‘.ﬁ.' ‘] of edgeS)

Training images
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E T, 5 B3 4Z (Hierarchical Feature)

Feature

Low-level
feature
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Input image

Mid-level High-level
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Convolutional Neural Networks




AlexNet (2012, Hinton)

= Winner of ILSVRC 2012
= Much better than traditional ones!

= So far we know that
= Deep learning >> machine learning

55

27
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3 3

!
G

[

Wi
: - =~ |13 3 2 N —_—
55 27 Y dense | | dense
384 384 256
35 = || || | | probs1000
Stride of 4 Max pooling Max pooling Max pooling fc4096a fc1000

fc4096b

2024/2/19 ACVLab@NCKU 62



CNNpy&EModels

I’:
V!

¥

7 (= ey (—
oo . = 13 13
- 5\ ==~ ~
11 - PEs
K 3 -
228 - E
A - g | 3 w1
g =~ 13 - |13 Wz
R 13 . v — |—a |—
55 7 H B 3 dense dense
38 384 256

224

o5 = L || | | probs1000
Stride of 4 Max pooling Max pooling Max pooling fc4096a fc1000

fc4096b

20131 AlexNet: 8 layers (9 layers)

2016%F Residual Net / DenseNet: up to 152 layers...

20174 Stochastic depth Net: up to 1000 layers...

20217 ResNet variants & Network Architecture Search (NAS)

20237 Visual Transformer, Mixed Models, Multimodal modal, generative

s _—
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