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Learning
•  
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Representation of Data
• Each datum is one point in a data space
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Assumptions for Learning
• Trained data and data for 

prediction  
are randomly chosen  
from the same population 
= Randomly generated from  
the same underlying density 
function  
= Regularity exists
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Again, Learning
•  
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Supervised Learning and Prediction
• Method

• Learning from examples and classifying an unseen data
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Comparisons on Classifiers
• Problem
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Classifier 1: Divide Data Space into Bins
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Classifier 1: Divide Data Space into Bins
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Classifier 2: Compare Distances to Means
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Classifier 2: Compare Distances to Means
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Classifier 2: Compare Distances to Means
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Classifier 4: Gaussian Model
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Bayes Optimal Classifier
• Our ultimate goal is not a zero error

�16

Bayes classifier
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Generative vs. Discriminative Methods
• Generative methods

• Gaussian class-conditional model
• Graphical model
• Restricted Boltzmann Machines

• Discriminative methods
• Support Vector Machines (SVMs)
• Logistic Regression
• Artificial Neural Networks

�17
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Generative vs. Discriminative Methods
• Generative vs. discriminative pair

• Same number of parameters, same form of f(x)

�18

Ng & Jordan, 2001, NIPS
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Quantify the Evaluation
•  
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Generalization and Overfitting
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2
2 1 0y a x a x a Noise= + + +

1 0y a x a= + 10
10 1 0...y a x a x a= + + +2

2 1 0y a x a x a= + +

Early Stopping:
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Generalization and Overfitting
• Minimizing estimated error
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Generalization and Overfitting
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Feasibility of Learning
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A Puzzle Example
•  
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A learning puzzle
•  
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Inference outside the given data set
•  
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Inference outside the given data set
•  
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Again! Assumptions for Learning
• Trained data and data for 

prediction  
are randomly chosen  
from the same population 
= Randomly generated from  
the same underlying density 
function  
= Regularity exists
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A ‘bin’ experiment
•  

�29



Machine Learning Basics - 김은솔

Inferring with probability
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Hoeffding inequality

•  
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Hoeffding inequality
•  
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Verifying a Hypothesis
•  
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Again the bin experiment
•  
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Verifying a Hypothesis
•  
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Verifying a Hypothesis
•  
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Verifying a Hypothesis
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Generalizing the bin model
•  
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Generalizing the bin model
•  
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Generalizing the bin model
• Considering a finite number of hypotheses

• Using the union bound
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Generalizing the bin model
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기계 학습 알고리즘 학습하기
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What is the ‘machine’?
• Computer

• A system, not a (human) brain

• Model
o Mathematical abstraction of a system
▪ Equation
▪ Function

o Element, structure, parameters, state, dynamics, ...
o Deterministic / Probabilistic
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What is "Learning"?
• E: experience
• T: tasks
• P: performance measure
• Learning = improving P at T with E

• Training?

�44
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T (Task) = Something Done (Output)
• Examples

o Diagnosing 
▪ Diabetes
▪ Cancer
▪ ...

o Driving
▪ Car
▪ Helicopter
▪ ...

o ...

• Decision theory

�45

o Forecasting 
▪Weather
▪Stock price
▪ ...

o Recommending
▪Product
▪ ...

Learning = improving P at T with E
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E (Experience) = (Training) Data
• Supervised learning

o Learn w/ answers (class)
o Classification
▪ Yes/No, A/B/C/D, ...

o Regression
▪ Real number

• Unsupervised learning
o Learn w/o answers (no class)
o Clustering
o Feature selection / Dimension reduction

• Semi-supervised learning
o Web image auto-tagging

• Reinforcement learning
o Chess

�46

Learning = improving P at T with E
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P (Performance Measure)  
= Target (or Loss) Function
• Error rate?

• Euclidean distance
o e.g.                        , where ej(n) = dj(n) − yj(n)

• Log Probability
o e.g. L(w) = - Σ log P(y=d(i)|X(i))

• Information theoretical measures
o Mutual information
o KL

• ...

�47

Learning = improving P at T with E
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Neural Networks
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Neural network 
Back propagation

1986

•  Solve general learning problems
•  Tied with biological systemBut it is given up…

•  Hard to train 
• Insufficient computational resources 
• Small training sets 
• Does not work well 

2006

• SVM 
• Boosting 
• Decision tree 
• KNN 
• …

• Loose tie with biological systems 
• Shallow model 
• Specific methods for specific tasks 

– Hand crafted features (GMM-HMM, SIFT, LBP, HOG)

Kruger et al. TPAMI’13

Deep belief net 
Science

… …

… …

… …

… …
• Unsupervised & Layer-wised pre-training 
• Better designs for modeling and training 

(normalization, nonlinearity, dropout)  
• Feature learning 
• New development of computer architectures 

– GPU 
– Multi-core computer systems 

• Large scale databases 

deep learning results

Speech

2011 2012

How Many Computers to Identify a Cat? 16000 CPU cores

Rank Name Error 
rate

Description

1 U. Toronto 0.15315 Deep Conv Net
2 U. Tokyo 0.26172 Hand-crafted 

features and 
learning models.
Bottleneck.

3 U. Oxford 0.26979
4 Xerox/INRIA 0.27058

Object recognition over 1,000,000 images and 1,000 categories 
(2 GPU)

History of Neural Network Research

Slides from Wanli Ouyang wlouyang@ee.cuhk.edu.hk
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1. Automatic Colorization of Black and 
White images
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2. Automatically adding sounds to silent 
movies
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Machine Learning Basics - 김은솔http://www.slideshare.net/deview/224-backend-neural-machine-translation-67608580

3. Automatic Machine Translation
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 ImageNet Classification with Deep Convolutional Neural Networks

4. Object Classification and Detection in 
Photographs

�53

http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf
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http://www.cs.toronto.edu/~graves/handwriting.html

5. Automatic Handwriting Generation
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http://karpathy.github.io/2015/05/21/rnn-effectiveness/

6. Automatic Text Generation
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http://cs.stanford.edu/people/karpathy/deepimagesent/

7. Automatic Image Caption Generation
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https://youtu.be/TmPfTpjtdgg

8. Automatic Game Playing

�57

https://youtu.be/TmPfTpjtdgg
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Basics of Neural Networks
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Classification Problem
• 데이터 x가 주어졌을 때 해당되는 레이블 y를 찾는 문제

• ex1) x: 사람의 얼굴 이미지,   y: 사람의 이름 
• ex2) x: 혈당 수치, 혈압 수치, 심박수,   y: 당뇨병 여부 
• ex3) x: 사람의 목소리,   y: 목소리에 해당하는 문장

• x: D차원 벡터,   y: 정수 (Discrete)

• 대표적인 패턴 인식 알고리즘
• Support Vector Machine
• Decision Tree
• K-Nearest Neighbor
• Multi-Layer Perceptron (Artificial Neural Network; 인공신경망)
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Perceptron (1/3)

�60
http://cs231n.stanford.edu/slides/
winter1516_lecture4.pdf
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Perceptron (2/3)
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Perceptron (3/3)

x1 x2

1w1 w2

b

x1

x2
w1*x1 + w2*x2 +b = 0   > 0: 

  < 0:  
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Parameter Learning in Perceptron

start: 
The weight vector w is generated randomly
test: 
A vector x ∈ P ∪ N is selected randomly, 
If x∈P and w·x>0 goto test, 
If x∈P and w·x≤0 goto add, 
If x ∈ N and w · x < 0 go to test, 
If x ∈ N and w · x ≥ 0 go to subtract. 
add: 
Set w = w+x, goto test
subtract:
Set w = w-x, goto test

�63



Machine Learning Basics - 김은솔

Perceptrons
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Perceptrons
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Perceptrons
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Perceptrons
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Perceptrons

1

1
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Fails to fire, 
so add proportion, 
η, to weights.
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Perceptrons
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Perceptrons
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Perceptrons

1
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Perceptrons
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Perceptrons
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Perceptrons

1
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Sigmoid Unit
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Learning Algorithm of Sigmoid Unit
• Loss Function

• Gradient Descent Update

f (s) =1/ (1+e−s)
f '(s) = f (s)(1− f (s))

XX
W

)1()(2)(2 fffd
s
ffd −−−=
∂

∂
−−=

∂

∂ε

XWW )1()( fffdc −−+←

Target Unit
Output

2)( fd −=ε
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Need for Multiple Units and Multiple Layers

• Multiple boundaries are needed  
(e.g. XOR problem) 

! Multiple Units

• More complex regions are needed 
(e.g. Polygons) 

! Multiple Layers

http://cs.stanford.edu/people/karpathy/convnetjs/demo/
classify2d.html

�77

http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html
http://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html
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Structure of Multilayer Perceptron

�78
http://cs231n.stanford.edu/slides/
winter1516_lecture4.pdf
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Structure of Multilayer Perceptron  
(MLP; Artificial Neural Network)

Input Output
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Learning Parameters of MLP
• Loss Function

• We have the same Loss Function
• But the # of parameters are now much more 

(Weight for each layer and each unit)
• To use Gradient Descent, we need to calculate the 

gradient for all the parameters
• Recursive Computation of Gradients

• Computation of loss-gradient of the top-layer 
weights is the same as before

• Using the chain rule, we can compute the loss-
gradient of lower-layer weights recursively (Back 
Propagation)

Target Unit
Output

2)( fd −=ε
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Back Propagation Learning Algorithm (1/3)
• Gradients of top-layer weights and update rule

• Store intermediate value delta  
for later use of chain rule

δ (k) =
∂ε
∂si

( j ) = (d− f )
∂f
∂si

( j )

= (d− f ) f (1− f )

2)( fd −=ε

∂ε
∂W

= −2(d− f )∂f
∂s
X = −2(d− f ) f (1− f )X

XWW )1()( fffdc −−+←
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Back Propagation Learning Algorithm (2/3)
• Gradients of lower-layer weights )()1()( j
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is WX ⋅= −

)()(

2

)( )(2)(
j
i

j
i

j
i s

ffd
s
fd

s ∂

∂
−−=

∂

−∂
=

∂

∂ε

)1()()1(
)(

)1(
)()(

)(

)()(

2)(2 −−

−

−=
∂

∂
−−=

∂

∂
=

∂

∂

∂

∂
=

∂

∂

jj
i

j
j
i

j
j
i

j
i

j
i

j
i

j
i

s
ffd

s
s

s

XX

X
WW

δ

εεε

Weighted sum

Local gradient

)1()()()()( −+← jj
i

j
i

j
i

j
i c XWW δGradient Descent Update rule 

for lower-layer weights

�82



Machine Learning Basics - 김은솔

Back Propagation Learning Algorithm (3/3)
• Applying chain rule, recursive relation between delta’s

∑
+

=

++−=
1

1

)1()1()()()( )1(
jm

l

j
il

j
i

j
i

j
i

j
i wff δδ Algorithm: Back Propagation

1. Randomly Initialize weight parameters
2. Calculate the activations of all units (with input data)
3. Calculate top-layer delta
4. Back-propagate delta from top to the bottom
5. Calculate actual gradient of all units using delta’s
6. Update weights using Gradient Descent rule
7. Repeat 2~6 until converge
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An example of the MLP
• Example ■ 64-2-3 network for 

classifying 3 
characters
■ 64-dim inputs
■ 2 hidden units
■ 3 output units

■ Learned i-to-h weights
■ Describe feature 

groupings useful for 
classification �84
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Applications
• Almost All Classification Problems

• Face Recognition
• Object Recognition
• Voice Recognition
• Spam mail Detection
• Disease Detection
• etc.
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Limitations and Breakthrough
• Limitations

• Back Propagation barely changes lower-layer parameters (Vanishing Gradient)
• Therefore, Deep Networks cannot be fully (effectively) trained with Back Propagation

• Breakthrough
• Deep Belief Networks (Unsupervised Pre-training)
• Convolutional Neural Networks (Reducing Redundant Parameters)
• Rectified Linear Unit (Constant Gradient Propagation)

Input
x

Output
y'

Target
yErrorErrorError

Back-propagation
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Some Issues (1/3)
• Stochastic Gradient Descent

�87
http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf
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Some Issues (2/3)

• Learning Rate Adaptation
• Momentum
• Weight Decay

�88
http://courses.cs.tau.ac.il/Caffe_workshop/Bootcamp/pdf_lectures/Lecture%204%20CNN%20-
%20optimization.pdf

http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf
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Some Issues (3/3)
• State-of-the-art optimization  

techniques on NN
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Convolutional Neural Networks

Slides by Jiseob Kim
�90
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Motivation
• Idea:

• Fully connected 네트워크 구조는 학습해야할 파라미터 수가 너무 많음
• 이미지 데이터, 음성 데이터 (spectrogram)과 같이 각 feature들 간의 위상적, 기하적 구
조가 있는 경우 Local한 패턴을 학습하는 것이 효과적

■ DBN의 경우 다른 data
■ CNN의 경우 같은 data

Image 1 Image 2
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End-to-End training
• Learning hierarchical representations
• Traditional model of pattern recognition (since the late 50’s)

• fixed / engineered features (or kernel) + trainable classifier

• End-to-end learning / feature learning / deep learning
• Trainable features (or kernel) + trainable classifier
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Convolutional Neural Networks
• Introduction

• Learning hierarchical representations
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Convolutional Neural Networks
• Introduction

• Learning hierarchical representations
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Structure of Convolutional Neural Network (CNN)

▪ Convolution과 Pooling (Subsampling)을 반복하여 상위 Feature를 구성
▪ Convolution은 Local영역에서의 특정 Feature를 얻는 과정
▪ Pooling은 Dimension을 줄이면서도, Translation-invariant한 Feature를 얻는 과
정

http://parse.ele.tue.nl/education/cluster2

�95
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Convolution Layer
• The Kernel Detects pattern:

• The Resulting value Indicates:
• How much the pattern matches at 

each region

1 0 1

0 1 0

1 0 1
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Convolutional Neural Networks
• Convolutional Layer

• Local connectivity
• Connect a neuron to a local region of the input volume (Receptive field / Filter size / Kernel size)
• Ex) input size [32X32X3], receptive field (5X5) then [5X5X3]region is connected
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Convolutional Neural Networks
• Convolutional Layer

• Parameter sharing
• Image statistics are invariant over all image location
• Number of parameter reduced
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Convolutional Neural Networks
• Convolutional Layer

• Convolution kernels
• Learn multiple kernels
• Still much fewer parameters than fully connected model
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Convolutional Neural Networks
• Convolutional Layer
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Convolutional Neural Networks
• Convolutional Layer
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Convolutional Neural Networks
• Convolutional Layer
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Convolutional Neural Networks
• Convolutional Layer
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Convolutional Neural Networks
• Convolutional Layer

�104



Machine Learning Basics - 김은솔

Convolutional Neural Networks
• Convolutional Layer
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Max-Pooling Layer
• The Pooling Layer summarizes the results of Convolution Layer

• e.g.) 10x10 result is summarized into 1 cell

• The Result of Pooling Layer is Translation-invariant

�106
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Convolutional Neural Networks
• Pooling layer

• In-between successive Conv layers (commonly)
• Reduce spatial size 

• Reduce amount of parameters
• Control overfitting

• Max pooling, average pooling, L2-norm pooling …
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Remarks

H
igher layer

• Higher layer catches more specific, 
abstract patterns

• Lower layer catches more general 
patterns

�108
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Parameter Learning of CNN
• CNN is just another Neural Network with sparse connections
• Learning Algorithm: 

• Back Propagation on Convolution Layers and Fully-Connected Layers
Back Propagation

�109
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Applications (Image Classification) (1/4)
Image Net Competition Ranking
(1000-class, 1 million images)

From Kyunghyun Cho’s dnn tutorial

ALL CNN!!
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Applications (Image Classification) (2/4)

�111

- 1989, CNN for hand digit recognition, Yann LeCun
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Applications (Image Classification) (3/4)
■ Krizhevsky et al.: the winner of ImageNet 2012 Competition 

1000-class problem,
top-5 test error rate of 15.3%

Convolution

Pooling

Convolution

Pooling

Convolution

Pooling

Fully 
Connected

Classifie
r
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Applications  
(Image Classification) (4/4)

�113
http://image-net.org/challenges/LSVRC/2014/
results

- 2014 ILSVRC winner, ~6.6% Top 5 error 

http://image-net.org/challenges/LSVRC/2014/results
http://image-net.org/challenges/LSVRC/2014/results
http://image-net.org/challenges/LSVRC/2014/results
http://image-net.org/challenges/LSVRC/2014/results
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Application (Speech Recognition)

Input: 
Spectrogram of Speech

Convolutional 
Neural Network 

CNN outperforms all previous 
methods that uses GMM of MFCC
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Recurrent Neural Networks
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RNN의 활용 분야
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RNN의 활용 분야
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RNN의 활용 분야
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RNN의 활용 분야
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Introduction
• 시계열 데이터를 모델링 할 수 있는 신경망 기반 모델
• 학습 해야하는 parameter들이 많고 학습이 잘 되지 않아 어려운 모델로 
인식되었음

• 최근 언어 데이터를 학습하는 문제에서 뛰어난 성능을 보여 주목을 받고 
있음

• 기계 번역
• 문서 분류
• 문장 생성
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An illustrative example
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Architecture

Input

Hidden

Output

* Parameters: U, W, V
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Process – Next word prediction
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Process – Next word prediction
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Process – Next word prediction
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Process – Next word prediction

Hello World !
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Process – Sentence classification

Hello World !
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Process – Sentence classification

Hello World !
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Model

U
W

V
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Learning
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기계 번역
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질의 응답
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딥러닝 실습
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GPU�컴퓨팅의�필요성

■ 다루는�문제의�복잡도가�증가할수록�모델이�커지고�보다�많은�연산
이�요구됨�

■ 컨볼루션�연산,�통합�연산은�모두�행렬�연산�

■ CUDA를�사용하여�컨볼루션�신경망을�구현한�경우�CPU에�비해�약�
10배�이상�속도�향상�
■ AlexNet으로�ILSVRC�데이터�학습시�CUDA를�이용한�경우�약�4~5일�정도�
소모됨
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다양한�딥러닝�프레임워크
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구현 예시
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서버 구축
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Logistic Regression 구현
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Logistic Regression
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실습

• ssh guest@gpu.kias.re.kr -p 6645

• ./go_server.sh

• vim lr_(본인이름).py
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Data Generation
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Model Define
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Training and Testing
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github.com/kimeunsol
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