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week 1 1. Convolutional operator
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2. History of Deep learning 3. Deep Convolutional Models
3. Deep learning applications 4. Layersin CNN
5. Applications of CNN
Chapter 2: Building Neural Network from Scratch — 6. Practice

week 2-7 Midterm summary
1. Shallow neural network - week 2 Chapter 4: TensorFlow Library- week 11-13
2. Deep neural network - week 3 1. Introduction to TensorFlow
3. Building neural network: step-by-step (modulation)- 2. Building a deep neural network with TensorFlow
week 3 3. Applications
4. Regularization - week 4 4. Practice
5. Dropout - week 4 Chapter 5: Recurrent Neural Network week 14-15
6. Batch Normalization - week 5 1. Unfolding Computational Graphs
7. Optimizers - week 6 2. Building a Recurrent Neural Networks
8. Hyper-parameters - week 7 3. Long Short-Term Memory
9. Practice- week 4. Vision with Language Processing
Midterm 5. Application of RNN
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~ Previous Lecture Overview o8
45 hours at Classes:
Theory + Coding practice
90 hours shelf-study at home:
Theory + Coding practice
4
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Supervised: Learning with a abeled training set of data
Example: learn the classification of images based on image labels (dogs/cats, day time, numbers,
etc.)

. " T -
Unsupervised: Discover patterns in unlabeled data _)E, j
Example: cluster similar documents based on text

Reinforcement learning: learn to act based on feedbac!
Example: learn to play Go, reward: win or lose
internal state

eward Classification

Sreward

environment

Clustering

arning. 154126279071

~
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« A sub-field of machine learning for learning representations of data.

Exceptionally effective at learning patterns.

Deep learning algorithms attempt to learn (multiple levels of) representation by using a hierarchy
of multiple layers

If you provide the system tons of information, it begins to understand it and respond in useful
ways.

Machine Learning

& i 22371 Il

Input Feature extraction Classifcation Cutpait

Deep Learning
0 8- -0 -0
e g e

Input Feature extraction + Claszeation Outpurt



http://mbjoseph.github.io/2013/11/27/measure.html
https://becominghuman.ai/the-very-basics-of-reinforcement-learning-154f28a79071
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1. Shallow Neural Network
o PRmRAR
Basic of Neural Network
« The Perceptron and its Learning Rule (Frank Rosenblatt, 1957)
« Adaptive Linear Neuron and Delta Rule (Widrow & Hoff, 1960)
« Logistic Regression and Gradient Descent
e s e provildby Minhh 0
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Biologically inspired (akin to the neurons in a brain)

NEURAL NETWORK MAPPING

InputLayee  Hidden Layer




~ 1. Shallow Neural Network

Artificial Neurons and the McCulloch-Pitts Model (1943)

Axon

Myelin sheath

-
-~
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Input ( { Output
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e Call nucleus

Schematic of a biological neuran.

W. S. McCulloch and W. Pits. Alogical calculs of the ideas immanent in nervous actvy. The bullein of mathematical
biophysics, 5(4):115-133, 1943,
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~ 1. Shallow Neural Network
Frank Rosenblatt’s Perceptron (1957)

- Supervised learning
Single-layer
Binary linear classifier

To predict to which of 2

possible categories, a certain
data point belongs on a set of
input variables %

Example of a linear decision boundary

for binary classification.

F. Rosenblatt. The perceptron, a perceiving and recognizing automaton Project Para. Comnell Aeronautical Laboratory, 1957.

W. S. McCulloch and W. Pits. Alogical calculus of the ideas immanent in nervous activy. The bulletn of mathematical
biophysics, 5(4):115-133, 1943.
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Frank Rosenblatt’s Perceptron (1957)
- . glw'x)
« Positive class: +1
Negative class: —1
- Activation function: g(z) = 1ifz>6; -1 14
o/w
where z is a linear combination of input values

~
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xand weights w, that is,
22 WX+ Wyt Wity = S Xy W) = WK Wi

wy
w=| i [isthe weight vector
Wi,

x is an m-dimensional sample from the

Xm.
training data set Unit step function.
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~ 1. Shallow Neural Network
Frank Rosenblatt’s Perceptron (1957)

- To simplify calculations, move 0 to the origin such that
the activation function becomes

_ 1ifz=0
ok {—1 otherwise

13

~ 1. Shallow Neural Network
Frank Rosenblatt’s Perceptron (1957)

Inputs  Weights Net input Activation
— function function

output

~ 1. Shallow Neural Network
Frank Rosenblatt’s Perceptron (1957)

- Initialize the weights to 0 or small random numbers.
- For each training sample x:

- Calculate the output value y® = g(z®)

- Update the weights as follows:

w; = w; + 1 (y°0 - y0)
where n is the learning rate, 0.0 <n <1,

y'@ s is the actual true class label, and
y( is the predicted class label.

~
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~ 1. Shallow Neural Network
Frank Rosenblatt’s Perceptron (1957)

« Classify the flowers in
the Iris dataset using the
perceptron rule

Iris dataset from UCI
Machine Learning
Repository

More complete version:
https:/igithub.comirasbtimixtend/blobimaster/mixt
endlclassifier/perceptron. py

16

~ 1. Shallow Neural Network
Frank Rosenblatt’s Perceptron (1957)

import numpy as np PRRNAR
class Perceptron(object).
def _init_(self, eta=0.01, epochs=50):
self.eta = eta
self.epochs = epochs

def train(self, X, y):
seifw_ = np.zeros(L + X.shape[1])
self.errors_ =[]
for _ in range(self.epochs)
errors =0
for xi, target in zip(X, y):
update = self.eta * (target - self.predict(xi))
selfw_[1]+= update * xi
selfw_[0] += update
errors += int(update = 0.0)
self.errors_append(errors)
return self

def net_input(self, X).
return np.dot(X, self.w_[1]) + selfw_{0]

def predict(self, X):
return np.where(self.net_input(X) >= 0.0, 1, -1)

~

URIVERSITY

Classify 2 flower species: Setosa and Versicolor using sepal length and

petal length

import pandas as pd

df = pd.read_csv('https://archive.ics.uci.ec
header=Nong)

# setosa and versicolor
y = df.iloc[0:100, 4].values
y = np.where(y == "Iris-setosa’, -1, 1)

# sepal length and petal length
X = df.iloc[0:100, [0,2]].values

~ 1. Shallow Neural Network
Frank Rosenblatt’s Perceptron (1957)

%matplotlib inline
import matplotlib.pyplot as plt

from mixtend.plotting import plot_decision_regions

ppn = Perceptron(epochs=10, eta=0.1)
ppn.train(X, y)

print('Weights: %s' % ppn.w_)
plot_decision_regions(X, y, clf=ppn)
plt.title("Perceptron’)

hine-learning- iris/iris.data’,

~
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plt.xlabel('sepal length [cm]’)
plt.ylabel(‘petal length [cm]')
plt.show()

plt.plot(range(1, len(ppn.errors_)+1),
ppn.errors_, marker="0")

plt.xlabel('Iterations’)
plt.ylabel(‘Misclassifications')
plt.show()
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~ 1. Shallow Neural Network
Frank Rosenblatt’s Perceptron (1957)

- Perceptron converges after 6 iteration
. Weights: [-0.4 -0.68 1.82]

Porcoptron

. g

~

~ 1. Shallow Neural Network
Frank Rosenblatt’s Perceptron (1957)
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The 2 classes must be separable by a linear hyperplane
If not, then the perceptron algorithm does NOT converge!

(] B o E 3

"o 15 20 25 30 35 40 45 et
http://sebastianraschka.com/Articles/2015_singlelayer_neurons.html#problems-with-perceptrons
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Adaptive Linear Neurons and the Delta Rule (1960)
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- Bernard Widrow and Tedd Hoff proposed
Adaptive Linear Neurons (Adaline)
Linear activation function: g(z) = z.
It is differentiable, so we can define a cost function and minimize
it!

B. Widrow et al. Adaptive "Adaline” neuron using chemical "memistors”. Number Technical Report 1553-2.
Stanford Electron. Labs., Stanford, CA, October 1960.
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~ 1. Shallow Neural Network
Adaptive Linear Neurons and the Delta Rule (1960)

PHENIKAA
Gg
G
(o wwpa  sevean
-\1/\/\_'} Perceptron rule.
output
Adaline.
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Adaptive Linear Neurons and the Delta Rule (1960)

- Gradient Descent
Afirst-order iterative optimization algorithm for Y/ "
finding the minimum of a function

et
7
X . i
« Take steps proportional to the negative of the
gradient of the function at the current point

et of gradhent descart.

~ 1. Shallow Neural Network

~
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Adaptive Linear Neurons and the Delta Rule (1960)

. Cost function: sum of squared errors (SSE)
- W) =R 0O — yOy?

- To minimize SSE, we can use “gradient descent”
- A step in the opposite direction of gradient

Aw =—a VJI(w)
where o is the learning rate, 0 < a. < 1

- Thus, we need to compute the partial derivative of the cost
function for each weight in the weight vector,

a
Aw =—aL
] aw;

24
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Adaptive Linear Neurons and the Delta Rule (1960)
9] — 91 0] 2
T = w2 2.0 O
7
=1y 9 D _ @2
= 221‘ aw; (€4 y“)
=1y 20/ ® _ 50y 2 (D _ 0
222077 =y, 07 - y®)
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=20 =y 50O = 2w
=20 =y ")
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Adaptive Linear Neurons and the Delta Rule (1960)
- Asstep in gradient descent:
fl (i ; i e L
- ow = mag = —aX (0 -y0) (+5°) =z -y O

Update weight vector:
© WIS W+ AW
Differences with the perceptron rule

- The output y® is a real number, not a class label as in perceptron

learning rule.

- Weight update is based on “all samples in the training set” (Batch GD)

1. Shallow Neural Network
Adaptive Linear Neurons and the Delta Rule (1960)
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import numpy as np def net_input(self, X):
return np.dot(X, self.w_[1:]) + self.w_[0]
class AdalineGD(object): def activation(self, X):
def __init__(self, alpha=0.01, epochs=50): return self.net_input(X)
self.alpha = alpha def predict(self, X):
self.epochs = epochs return np.where(self.activation(X) >= 0.0, 1, -1)

def train(self, X, y):
self.w_ = np.zeros(1 + X.shape[1])
self.cost_=]
for i in range(self.epochs):

output = self.net_input(X)

- output)
self.w_[1]] += self.alpha * X.T.dot(errors)
self.w_[0] += self.alpha * errors.sum()
cost = (errors**2).sum()/ 2.0
self.cost_.append(cost)

return self

17/08/2023
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Adaptive Linear Neurons and the Delta Rule (1960) ey
ada = AdalineGD(epochs=10, alpha=0.01).train(X, y) . .
plt.plot(range(1, len(ada.cost_)+1), np.logl0(ada.cost_), marker="0")
plt.xlabel('lterations’)
plt.ylabel (log(Sum-squared-error))
plt.title(‘Adaline - Learning rate 0.01')
plt.show()
ada = AdalineGD(epochs=10, alpha=0.0001).train(X, y)
plt.plot(range(1, len(ada.cost_)+1), ada.cost_, marker="0")
plt.xlabel('lterations’)
plt.ylabel(‘Sum-squared-error) e
plt.title(‘Adaline - Learning rate 0.0001) . R
plt.show() N e
28
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Adaptive Linear Neurons and the Delta Rule (1960)
If the learning rate is TOO LARGE, gradient descent will overshoot the
minima and diverge.
« If the learning rate is too small, gradient descent will require too many epochs
to converge and can become trapped in local minima more easily.
Jwl Jw)
Large learming rate: Overshooming Smalllearning rate: Miamy iterations
untl convergence and trapping in
acal minima,
nese sides ided by Minhhuy Le, ICSL L
29
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Adaptive Linear Neurons and the Delta Rule (1960)

If features are scaled on the same scale, gradient descent converges faster and prevents
weights from becoming too small (weight decay).

Common way for feature scaling

XK

Xjstd = P
where g is the sample mean of the feature x; and o the standard deviation.

After standardization, the features will have unit variance and centered around mean
zero.

10
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Adaptive Linear Neurons and the Delta Rule (1960)

# standardize features

X_std = np.copy(X)

X_std[:,0] = (X[:,0] - X[:,0].mean()) / X[:,0].std()
X_std[:,1] = (X[:,1] - X[:,1]-mean()) / X[:,1].std()

e sides are provided by Minhhuy Le, ICSLab, Phenikaa Uni 3

31
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Adaptive Linear Neurons and the Delta Rule (1960)

sematplotlibinline
import matplotlib pyplotas plt
from mixtend.plotting import plot_decision_regions

ada = AdalineGD(epochs=15, eta=0.01)

adarain(X_std,y)
plot_decision_regions(X_std,y, clf=ada)
plt.title(Adaline - Gradient Descent)
plt.xlabel sepl length [standardized])
pltylabel (petallength [standardized])
pltshow()

2

pitplot(range(1 len( ada cost_)+1), ada.cost_, marker=0)
plt.xlabel('terations) .
pltylabel(Sum-squared-error)

1. Shallow Neural Network O
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Adaptive Linear Neurons and the Delta Rule (1960)

Adaline - Gradient Descent

petal length

=] -1 0 1 H
sepal length
These shdes are provided by Minfinuy Le, CSLab, Phenikaa Uni.

33
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import numpy as np def net_input(sef, X):
return np.dot(X, self.w_[1:)) + selfw_[0]
class AdalineSGD(object)
def __init__(self, alpha=0.01, epochs=50):
self.alpha = alpha
self.epochs = epochs
def train(self, X, y, reinitialize_weights=True):
if reinitialize_weights
self.w

def activation(self, X):
return self.net_input(X)

def predict(self, X):

return np.where(self.activation(X) >= 0.0,
p.zeros(1 + X.shape[1]) 1,-1)

self.cost_ =[]
for i in range(self.epochs):
for xi, target in zip(X, y):
output = self.net_input(xi)
error = (target - output)
selfw_[1:] += self.alpha * xi.dot(error)
self.w_[0] += self.alpha * error
cost = ((y - self.activation(X))**2).sum() /

20

self.cost_append(cost)
return self

34
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- Batch Gradient Descent (BGD)
« Cost function is minimized based on the complete training dataset (all samples)
- Stochastic Gradient Descent (SGD)
« Weights are incrementally updated after each individual training sample

« Converges faster than BGD since weights are updated immediately after each
training sample

Computationally more efficient, especially for large datasets
« Mini-batch Gradient Descent (MGD)

Compromise between BGD and SGD, dataset is divided into mini-batches
« Smoother convergence than SGD

1. Shallow Neural Network Q
o R R PHENIKAA
Adaptive Linear Neurons and the Delta Rule (1960) Adaline with SGDB"™""

import numpy as np

def net_input(self, X):
return np.dot(X, self.w_[1:]) + self.w_[0]
class AdalineSGD(object):
def __init__(self, alpha=0.01, epochs=50):
self.alpha = alpha
self.epochs = epochs
def train(self, X, y, reinitialize_weights=True):
if reinitialize_weights:
self.w_ = np.zeros(1 + X.shape[1])
self.cost_=]
for i in range(self.epochs):
for xi, target in zip(X, y):
output = self.net_input(xi)
error = (target - output)
self.w_[1:] += self.alpha * xi.dot(error)
self.w_[0] += self.alpha * error
cost = ((y - self.activation(X))**2).sum() / 2.0
self.cost_.append(cost)
return self

def activation(self, X):
return self.net_input(X)

def predict(self, X):
return np.where(self.activation(X) >= 0.0, 1, -1)

e are provided by Minhhuy Le, ICSLab, Phenikaa U

36
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Adaptive Linear Neurons and the Delta Rule (1960) Adaline with Ps’éﬁ

adaline - Gradient Descent
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~
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Logistic Regression pecegeran - adsine

Perceptron vs. Adaline vs.
Multi-Layer Perceptrons
(Logistic Regression)

~

1. Shallow Neural Network
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Logistic Regression

Gu):ﬁ wo(z)
Definition:
« Given input x € R™x,
calculate the probability

§=Ply=1x),0<9p<1. /
Parameters: -
- Weights: w € R™* :
Bias: b € R If z is large positive number, o(z)
Output: >1
- §=0(z) =ocw'x+b) Ifzissmall negative number, o(z)
where 6(z) = ——isthe >0

- - - o+
sigmoid activation
function

39
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Logistic Regression
« For ifinput x®, 5@ = g(z®) = o(wTxD + b) where o(z®) =
1
Tee
« For each labeled data (x, y(®), we could like 5© ~ y(©, where $@is the
predicted output and y@is the actual expected ground truth value.
« Loss (error)function for each input is defined using Cross-Entropy or Log Loss
L(F,y) =—(rlogy + (1 —y)log(1 - )
«  Intuition ¥ i
. Ify=1, L(§,y) = —logy
Need large §
+ Ify=0, L(,y) = —log(1 - 3)
Need small §
Note: we do not use sum of squared errors
because it will be not convex in logistic
regression |
ey Minnuy Lo, | .
~
1. Shallow Neural Network
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Logistic Regression
Cost function is the average of all cross-entropy losses
Jw,b)
1 N
=—) £(H®,y®
mz @,y
=1y
1 . h h "
= D 1109V + (1= yP) log(1 - 5)]
=1
+ Goal:
« Find vectors w and b that minimize the cost function (total loss)
- Logistic regression can be viewed as a small neural network!
Trese sices e provided oy Minhay Le, 1CSL .
~
1. Shallow Neural Network
o - . PHENIKAA
Logistic Regression Convergence

» . . . )
9O = g(2®0) = s(wTx® + b),where o(z®) = by

Iw,b) = SR LGP,yO) = = LT[y O 1og9® + (1 -y ) log(1 - 30)]

Jw, b)

- Find w, b that minimize J(w, b)

17/08/2023
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Logistic Regression Convergence
Repeat {
wWi=w —C L];:I,/)
}
w
43

~ 1. Shallow Neural Network
Logistic Regression Computation Graph

- A graph that depicts all the computations required for a function in a forward path

« For example: J(X, Y, Z) = 4(X + yz)

[ Forward Path: C >

~ 1. Shallow Neural Network
Logistic Regression Computation Graph

5 _ 86w

. E_Eg=4><1=4
8 _81dv -
Su = sveu - AX1=4
o _ s _ -
6y—6u6y—4xz—4z
5] _ 8j6u
5z Suéz

s =S =4Xy=4y

provided by Minhhuy Le, ICS| u

45
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~ 1. Shallow Neural Network

Logistic Regression Computation Graph

z=wlx+b

y

a= od(z)

L(a,y) = —(ylog(a) + (1 —y)log(1l — a))

17/08/2023

Xy — \\

AN —
;,{ Z=WyXg +WoX, + b ]

{a=s0) @y ]
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Logistic Regression Computation Graph

x(a-y) Canbl

y, 1=y

v, oy

a 1-a

Z=W X FWaa+ D ] -{ozu(zq -[L(a,y) J

en (-t

| ) Bt (Y LI (o1 - ) =a-y

8z sa 6z
SL(ay) _ 6L(a,y)8_a 8z _ (_X +
Swy T sa &z Swy -

-y
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~ 1. Shallow Neural Network

Logistic Regression Code

J=0; dw; =0; dw, =0; db=0;
Fori=1tom
20 =wTx® + b
a0 = 5(z0)
J+=—[y® log a® + (1 — y®) log(1 — a®)]
dz0) = a® — yO
dw, += x,0 dz0)
dw, += x,0 dz0
db += dz0
J/=m; dw; /=m; dw,/=m; db/=m;

provided by Minhhuy L, ICSLab, Phenika U

48

el -ax =x@-»=x

Update weights:
Wy 1= Wy — o dw,
Wa 1= W, — o dw,

b:=b-adb

16
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Logistic Regression Code ¢

import numpy as np
a=np.array([1,2,3,4])
print(a)

import time c=0
2= np.random.rand(1000000) tic = time.time()
b = np.random.rand(1000000) for i = range(1000000):
tic = time.time() ¢ += a[i]*b[i]
¢ = np.dot(ab) toc = time.time()
toc = time.time() print(c)
print(*For loop:” + str(1000%(toc-tic) + ‘ms”)
print(c)
print()“V:cmrized version:” + str(1000%(toc-tic) +
fies

ided by Minfihuy Le, 1€ v

49
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Logistic Regression Vectorization TR Y

dw = np.zeros((nx, 1))

1= 0;~twr=6rdwy=—0rdb = 0;

Fori=1tom O
0=wix? +b ( onefor
al =o(z0) ( loopisthus
J+=—[y® log a® + (1 - y) log(1 — a®)] _ removed!!! |-
dz0 = a —yo) -~ O

——dwvrrmg () dz0) o -
ity () I dw += x(dz0)
db +=dz®
J=m, du s lmmedb /= m

dw/=m

~

1. Shallow Neural Network
o - . . PHENIKAA
Logistic Regression Vectorization

C X=X x@ L xm)

Z=[z2Wz® .. zM] =w'X+[bb ... b]=
np.dot(w.T, X) + b

A=[a®a® ... aMm] = sigmoid(Z)

17/08/2023
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Logistic Regression Vectorization

dz® =a® —ym), dz@ =a@ —y@, . (all m examples)
dZ = [dz® dz@ ... dz™]
A=[a® ... a™m]

Y =[O ... ym]
dZ =AY = [ay® . am-ym]

=137, dz® = Lnp.sum(dz)

- dw=2xdz"
52
1. Shallow Neural Network Q
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Logistic Regression Vectorization TR Y

J=0; dw=np.zeros((nx,1)); db=0; ~ Z=wX+b=npdotw.T,X) +b
Fori=1tom A = sigmoid(Z)

dZ=A-Y
dw = 1/m X dZ"
~ [y log a® + (1 — y0) db = 1/m np.sum(dz)

J+=
log(1 —a®)]

- wi=w—adw
dzl) =20 —y0 b:=b-adb
dw += x® *dz()
db += dz0 ~Vectorized
J/=m, dw/=m, db/=m Version:
- Without any for
= loop!

18
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