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We use Deep Neural Networks for specific group of issues:

» Classification (of images, signals etc.)

* Prediction (e.g. price, temperature, size, distance)

» Recognition (of speech, objects etc.)

 Translation (from one language to another)

» Autonomous behaviors (driving by the autonomous cars, flying of the drones...)
* Clustering of objects (grouping them according to their similarity)

* etc.

using or of such networks.

We have to deal with structures and unstructured data:

are usually well-described by the attributes and
collected in data tables (relational databases), while
are images, (audio, speech) signals, (sequences of) texts (corpora).


http://home.agh.edu.pl/~horzyk/index-eng.php

_ |
Jupyter | Binary Classification

In binary classification, the result is describe by two values:
* 1-when the object of the class was recognized (e.g. is a cat),

* 0-when the object was not recognized as belonging to the given class (e.g. is not a cat).

Example:

Is a cat (1)

Is not a cat (0)
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Image Representation

X n,=128x128x3= 49152 is the dimension of vector x

l BLUE
GREEN

Images are reprezented as

a combination of three colours

reprezented by three matrices

that store the intensities of 128x128

P these colours (Red, Green, and Blue):
128x128
128x128
128

RED
128

In the binary classification tasks,
input vectors are assigned

to one of the two classes 0 or 1
that is the output value y of

the classification process.

So, we have to create

the transformation

X2y

and denote the training example
as pairs (x, y)

where

x e R™

ye{0,1}
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Training Examples

Training examples are represented as a set of m pairs:
(X,Y) = {(x(l)} y(l)), (x(z), y(2)), o, (x(m)} y(m))}

where

m - is the number of examples

Myrqin — is the number of training examples

M5 — is the number of test examples

For vectorization, we stack the training examples in the matrix X as well as outputs Y:

LD
1 1
X = : “ € Rﬂxxm Y = [y(l) y(m)] € RIXm
LD m
Ty N,

When we use the Python command to read or set the shape, the notation is:

X.shape = (n,,m) Y.shape = (1,m)
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Logistic Regression

For the given x, we get the output prediction y = P(y = 1|x)
where y is the desired output that will be trained using parameters:

w € R%x
beER

computing the output in the following way:

y=o(w'x+b)=0(2) = €(0,1)

1+e2

where o is a sigmoid function:

1.0

o(z)

0.5

0.0
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Computing Sigmoid Function

We use numpy vectorization to compute sigmoid and sigmoid_derivative
for any input vector z:

1.0 zl 14+e72
|
z —
@ For z € R", sigmoid(z) = sigmoid 2 =] e (1)
| Z |
" \ I4em
" sigmoid_derivative(z) = ¢'(z) = o(z)(1 — 6(2)) 0

-8 -6 -4 -2 0 2 4 6 8
z

import numpy as np # this means you can access numpy functions by writing np.function() instead of numpy.function()

def sigmoid(z):
a=1/ (1+np.exp(-z)) # Compute the sigmoid of z, where z can be a scalar or numpy array of any size
return a

def sigmoid derivative(z):
a = sigmoid(z) # Compute the gradient (slope, derivative) of the sigmoid function with respect to its input z.
dla=a* (1-a)
return dla

z = np.array([-2,-1,0,1, 2])
print ("sigmoid(z) = " + str(sigmoid(z)))
print ("sigmoid derivative(z) = " + str(sigmoid derivative(z)))

sigmoid(z) = [©.11920292 0.26894142 0.5 8.73195858 0.88079708]
sigmoid derivative(z) = [©.10499359 ©.19661193 0.25 0.19661193 @.10499359]
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We need to define logistic regression cost function to compute w and b parameters: NON-CONVEX LOSS FUNCTION

Starting point

For the given training data set {(x(, y(), (x(2, y®), .., (x™), y(m))} we want to get V; 7O ~ y®

1
1+e-z?

where ¥ = g(wTx® + b) and o(zV) = € (0,1) (i) is the notation for i-th example lm ’

On this basis, we can define a loss function, called also an error function, for a single example
that measures how good the output ¥y is when the desired (trained) label is y:

Global minumum

-
a4+

The absolute error function L, (¥, y) = |y — y| or the squared error function: L,(¥,y) = (¥ — y)?
might seem like a good choice for this measure, but today we do not usually do this

in this way because the optimization problem for it becomes not convex, 2 1
so the gradient descent algorithm cannot find the global optimum of such loss functions easily!\

We need to define the loss function in such a way that the function will be convex, so we use:

L;(3,y) =—(ylogy + (1 —y)log(1 —73))

Consider two bounding cases: -

Ify =0then L(y,y) = — log (1 — ¥), so to minimize it, log (1 — ¥) must be large and ¥ small (¥ — 0).

Ify=1then L(y,y) = — log y, so to minimize it, log ¥ and y must be large (y — 1). 11

Finally, we define a cost function that measures the error on the entire training data set (for all examples):

m

m

1 . ) 1 . . . i

Jw,b) = EZ L(YO,y®) = —— 2. (y(') logy® + (1 —yD)log(1 - ?(’)))
1= 1=
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The loss functions are used to evaluate the performance of the models. The bigger your loss
is, the more different your predictions (y) are from the true values (y). In deep learning,
we use optimization algorithms like Gradient Descent to train models and minimize the

L1 loss is defined as an absolute distance between vectors y and y of the size n:

Loss Functions

\

"
LGy =Dy — 3l (1)
=0
L2 loss is defined as a square distance between vectors y and y of the size n:
R
- a2
Ly(y.y) = D (v; —¥)) (2)
=0
L2 loss is defined between vectors y and y of the size n in the following way:
n
Ly(3.y) = — ) (ilog() + (1 — y;)(1 — log(3,))) 3)
=0

M def Li(yhat, y):
loss1l = np.sum(np.abs(y-yhat))
return lossil

def L2(yhat, y):
loss2 = np.sum(np.dot(y-yhat,y-yhat))
return loss2

def L3(yhat, y):
loss3 = - np.sum(y * np.log(yhat) + (1-y) * np.log(l-yhat))
return loss3

M yhat = np.array([.78, .89, .12, .88, .97])
y = np.array([1, 1, 0, @, 1])
print("Lossl "+ str(Li(yhat,y)))
print("Loos2 "+ str(L2(yhat,y)))
print(“Loos3 "+ str(L3(yhat,y)))

2.5599999999999999
0.0822
0.6066693634880955

Lossl
Loos2
Loos3
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[
We have to minimize the cost function J for a given training data set

to achieve as correct prediction for input data as possible:

Gradient Descent

2

1 m 1 m To minimize the cost function
Jw,b) = —Z L(?(i), y(i)) =—— (y(i) log ) + (1 — y(i))log(l - ?("))) we calculate partial derivatives
m o m 4 dj(w,b) dj(w,b)
i=1 i=1 where i and T of J

with respect to parameters

w and b and repeatedly use
them to update them with

a step a - called a learning rate:

Jw,b)

_ dj(w, b)
B dw
dj(w,b
PO/ (C1)
db
Partial derivatives 2% — Jb)
dw dw

and dwb) _ 9J(wb) represent

db ab
the slopes of the J function:

T 4y Yw) | Jw)
o < dw Tg;lm

Here, w is 1D, but its dimension is bigger in real.
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Calculus of the Gradient Descent

2

The main idea of the Gradient Descent algorithm is to go
in the reverse direction to the gradient (the descent slope):

Basic Derivatives Rules

d
Constant Rule: —(c)=0
dx

Constant Multiple Rule i[ff(x)]=cf'(xj d](W)
ax >
Power Rule: i(l’”')=n,r"-1
dx ti li’

Sum Rule: %[)"(_\'J- g(:()] = fi{x)+ g'(x) .‘ dw

Difference Rule j—‘[f(l)—g(l)] = fi(x)-g'(x)
x

Product Rule %[f(x)g(x)] = f(x)g'(x)+ g(x) f(x)

d [f(xﬂ_ 2(x) £1(x) = £(¥)g'(x)

Quotient Rule: — -
dx| g(x) | [g(I"

GLOBAL MINIMUM
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Derivative Rules

S’

The Gradient Descent algorithm
uses partial derivatives calculated
after the following rules:

Basic Derivatives Rules

Constant Rule %(c) =0

. d
Constant Multiple Rule: E[cf(x)] =cf '(x)
Power Rule: %{x") =nx"?
Sum Rule: £[£(x)+ 2(0)] = £ (0)+ ')
Difference Rule: di[f(:r) - g(x)] = fi(x)-g'(x)

X

Product Rule: %[f(x)g{x)] = f(x)g'(x)+ g(x) f(x)

Quotient Rule:

d [f(x)} 2(x) f(x) - f(x)g'®)
dx| g(x) [g(x)]"

Chain Rule: %fl’gfx)) = f(g(x))g'(x)

Derivative Rules

Exponential Functions

d X x

E(E ):e

:—t a”): a*lna
;_r(es(ﬂ)= esh)gv(x)

:T(as(l))= ln(a)az(r) g '(x)

Logarithmic Functions

%(ln x) = _1?,.1( >0

d _ g'(x)
Eln(g(x)) = 2(x)

d

E(log,,x)— xlna’ 0
d __g'x)
E(logﬂg(x))— g(x)lna

Trigonometric Functions
d , .

—(sinx) =cosx

-2 ¢ )

d .
—(cosx)=-sinx
dx( )

d )
—(tan x) = sec” x

dx

d
—(cscx)=—cscxcotx
dx

d

—(sec x)=secxtanx
dx

;—x(cotx) =—csc’ x

Inverse Trigonometric Functions

di(sin ‘lx)z —— X 1
x

Hyperbolic Functions
d

sinh x)=cosh x
d
X

i coshx)=sinhx

d
x

d ]

d—(tanh x)=sech®x
X

d

d—(csch x) = —csch x coth x
x

d

d—(sech x)= —sech x tanh x
x

i coth x)= —csch x
d
x

d (.. \_ 1

E(smh r)_m

d a1

E(cosh t)—\[x:—_l,x>l

i(temh lr)= ! [x|<1

- _

d -1

— h~'x)= ,x=0
(csc 'c) |x|\/1—7'r¢

|
E(sech r)_xﬁ=0<x<l
—(coth ™' x)= _l x| > 1
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Gradient Descent for Logistic Regression

We use a computational graph for the presentation of forward and backward operations for
a single neuron implementing logistic regression for the weighted sum of inputs x:

Use a computational graph to present operations of computation of the logistic regression and its derivatives:
z=wlx+b

_ 1
1+ e?

y=a= o(z)

L(a,y) = —(y loga+(1—-y)log(1— a))

X1

w@&. ™

. zZ=wyx;+ - +wyx, +b [ Ma= o2 ™ L(a,y)
_dL _dlL da ([ y 1-y\ 4 Ny _dlay) _ y 1y

xnx sz_dz_da dz_( a+1—a) a (1 a)_a y dla = da a+1—a

dL dL da dz
diw; = —=——-—=dLz-x; = (a—y)  x;
J dw; da dz dw; J ( y) ]

A\

dL_dL_da_dZ

b \ b= " aa ar ap = 2= Y Y

Finally, we get the update-rules for the logistic regression using the gradient descent algorithm:

wi=w;—a-dlw;=w;—a-(a—y) x;

b.=b—a-dLb=b—a-(a—1y)
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For training dataset consisting of m training examples, we minimize the cost function J:

repeat
m

1 ) . J=1
J(w,b) = EZL(QU)JYU)) forj=1ton,
i=1 I djw; =0
y(l) — a(l) — o'(z(l)) — O'(WTx(i) + b) dLb =0
A fori=1tom

d](W, b) 1 m dL(a(i); y(i)) 1 m . ' 0 20 — wTx® 4 p
- - = T — _Z = —Z(a(l) —y(l)) X ) — 0

dw; m dw; m J al? = o(20)

i=1 i=1

J+=— (y(i) loga® + (1 -y®)log(1- a(i)))

m (D) (D) m 720 = g _ 4®

dJ(w,b) _ 1 dL(a , Y ) _ 1 (a(i) —y(i)) dj y
b mz . db mz -
= =

d forj=1ton,

I djwj+= x" - dJz
The final logistic regression gradient descent v djbt=djz®
algorithm will repeatedly go through J/=m

forj=1ton,

all training examples updating parameters

d]w]-/z m
until the cost function is not small enough: v a-dw,
To speed up computation we should use djb/=m
vectorization instead of for-loops: b—=a-dJb

untilJ < €
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When dealing with big data collections and big data vectors, we definitely should

use vectorization (that performs SIMD operations) to proceed computations faster:

Efficiency of Vectorization

import numpy as np
import time

a
b

np.random.rand(1020008)
np.random.rand(10000008)

tic = time.time()

dot vec = np.dot(a,b)

toc = time.time()

print ("dot vec = " + str(dot_vec))

print("vectorized dot product computation time: " + str(1eee * (toc-tic)) + "ms")

dot for = @
tic = time.time()
for 1 in range(1006000):
dot for += a[i]*b[i]
toc = time.time()
print ("dot for = " + str(dot_for))

print("For-looped dot product computation time: " + str(1eee * (toc-tic)) + "ms")

dot _vec = 2508265.14164263124
Vectorized dot product computation time:| ©.9922981262207831ms

dot_for = 250265.1416426372 Compare time efficacies of these two approaches!
For-looped dot product computation time:| 352.65374183654785ms

Conclusion:

Whenever possible, avoid explicit for-loops and use vectorization: np.dot(w.T,x), np.dot(W,x), np.multiply(x1,x2),
np.outer(x1,x2), np.log(v), np.exp(v), np.abs(v), np.zeros(v), np.sum(v), np.max(v), np.min(v) etc.

Vectorization uses parallel CPU or GPU operations (called SIMD - single instruction multiple data)

proceed on parallelly working cores.
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repeat Let’s vectorize the previous algorithm:
J=1
forj=1ton,
I gt dJw = np.zeros((n,, 1)) broadcasted
dLb = 0 Z=wlX+b= np.dot(w.T, X) +@/
p for :l): 1 t‘;";) / We use matrices
z20=wixf+b X =[xW,x@, . xm)]
a® = g(z®) <«— A=0(2) _ :Z(1), Z(Z), o Z(m)]
J+=— (y(i) loga® + (1—y®)log(1 - a(i))) = ia(l), a(Z)’ ey a(m)]
420 = a® _ 3O < djZ=A-Y = [y®,y@ y™]
forj = 1ton, — (D). (D _
e djw+=x\" -djz 1
djw;+= x; -dJz® < d]W =—X- d]ZT
m

v djb+= djz® ‘ 
~ 1
J/=m djb = - np. sum(djZ)

forj=1ton,
I djw/=m
djw;/=m 4—//

djb/=m
b—= «a-dJb

b—=a-dJb <+

until ] < &
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Broadcasting in Python

BROADCASTING PRINCIPLE:

(m,n) +
(m, n) -
(m, n) *
(m,n) /
(m,n) +
(m, n) -
(m, n) *

(m,n) /

(1,n) 2 (m, n)
(1,n) 2 (m, n)
(1,n) 2 (m, n)
(1,n) 2 (m, n)
(m, 1) > (m, n)
(m, 1) > (m, n)
(m, 1) 2 (m, n)
(m, 1) > (m, n)

(m, n)
(m, n)
(m, n)
(m, n)
(m, n)
(m, n)
(m, n)

(m, n)

BROADCASTING SAMPLES:

1 11

2+ 10 = |12

3 13

where 10 was broadcasted (1,1) =2 (4,1)

1 10 11

2|+ (10| = 12]

3 10 13

1 2 3 _ 11 22 33
4 5 6]+[10 20 301= 1314 25 36

where [10 20 30| was broadcasted (1,3) =2 (2,3)

1 2 3 [10 20 30]: 11 22 33
4 5 6 10 20 30 14 25 36

123+[10=11 12 13

4 5 6 24 25 26
10
where [20] was broadcasted (2,1) 2 (2,3)

123[101010:111213
4 5 6 20 20 20 24 25 26
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Broadcasting is very useful for performing mathematical operations between
arrays of different shapes. The example below show the normalization of the data.

A softmax function is a normalizing function often used in the output layers of neural networks when you need to classify two or more classes:

1 el &2 e
« forx € R, softmax(x) = sofrmax([xl X xn]) = [ T e T o T o
J J J
» for a matrix x € R™", x;; maps to the element in the i row and ;j** column of x, thus we have:
X1l 12 13 e“ln__ ]
el alli el e 'l .
X1 X120 X130 ... Xip e L Z¢ e so ftmax(first row of x)
ex21 e*22 eX23 e*2n f ( d f‘ )
X721 X220 X223 ...  X7p o2 ] ] ] softmax(second row or X
softmax(x) = softmax =| e 2, 2;e ;e =
Xml  Xm2  Xp3  --- Xom il eml & exmn so ftmax(last row of x)
i > y ermj E_,- emj Z!_ omj Z_,- Fmj |

In [27]: def softmax(x):
# This function calculates the softmax for each row of the input x, where x is a row vector or a matrix of shape (n, m).
X_exp = np.exp(x)
X_sum = np.sum(x_exp,axis=1,keepdims=True)
s = x_exp/x_sum # It automatically uses numpy broadcasting.
return s

In [29]: x = np.array([
[9: 9: 3: B])
(3, e, 8, 1]1)
print("softmax(x) = " + str(softmax(x)))

softmax(x) = [[1.23@74356e-04 $.97281837e-01 2.47201452e-03 1.23074356e-04]
[6.68456877e-03 3.32805082e-04 9.92077968e-01 9.04658008e-04]]
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Normalization for Efficiency

We use normalization (np.linalg.norm) to achieve a better performance because
gradient descent converges faster after normalization:

Normalization is changing x to ﬁ (dividing each row vector of x by its norm), e.g.

If

3 2 4
YT [l 8 2] (3)
then
] ] : . V29
llxll = np. linalg. norm(x, axis = 1, keepdims = True) = \/69 4)
and
3 2 4
x_normalized = ﬁ =[ \/]2_9 \/82_9 \/25} “
x —— 1 J———
VO e (e

In [25]: | def normalizeRows(x):
# This function normalizes each row of the matrix x, where x is a numpy matrix of shape (n, m)
x_norm = np.linalg.norm(x,ord=2,axis=1,keepdims=True)
print("x_norm = " + str(x_norm))
X = x/x_norm
return x

In [26]: x = np.array([

[3J 2} 4]J

[1, 8, 2]])
print(“"normalizeRows(x) = " + str(normalizeRows(x)))

X_norm = [[5.38516481]

[8.30662386]]

normalizeRows(x) = [[@.55708601 ©.37139068 @.74278135]
[0.12038585 0.96308682 0.24077171]]
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import numpy as np

print("List of values:")
a = np.random.randn(6) # generates List of samples from the normal distribution, while rand from unifrom (in range [©,1))
print(a)

print(a.shape) # the shape suggest that a is a list
print(a.T) # the List cannot be transposed because it is not a vector or matrix!
print(np.dot(a,a.T)) # what should it mean?!

I Be careful when creating vectors

b = np.random.randn(6,1) # generates matrix of samples from the normal distribution because lists have no shape and
print(b)

print(b.shape) # the shape suggest that b is a matrix (vector) are declared S|m||ar|y.
print(b.T) # the vector can be transposed
print(np.dot(b,b.T)) # now we get a matrix as a result of multiplication of the vectors

List of values:
[ 1.63130571 1.3€039595 -1.42170758 1.28012586 1.63085575 ©.64436582]
(s,)
[ 1.63130571 1.3€039595 -1.42170758 1.28012586 1.63085575 ©.64436582]
11.28706038339276
Vector of values:
[[-1.2426375 ]
[-0.54254535]
[ 8.76000053]
[-0.83861851]
[ ©.66463 ]
[-1.60972555]]
(6, 1)
[[-1.2426375 -©.54254535 ©.76000053 -0.83861851 ©0.66463 -1.608972555]]
[[ 1.54414796 ©.6741872 -0.94448516 1.04209881 -0.82589416 2.00038533]
[ ©.6741872 ©.29435546 -0.41233475 ©.45498857 -0.36059191 ©.87334911]
[-©.94440516 -©.41233475 ©.57766881 -0©.63735051 ©.58511915 -1.22339227]
[ 1.04209881 ©.45498857 -0.63735051 ©.703281 -9.55737102 1.34994564]
[-©.82589416 -8.36059191 ©.508511915 -©.55737102 ©.44173303 -1.06987188]
[ 2.008308533 ©.87334911 -1.22339227 1.34994564 -1.06987188 2.59121633]]
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import numpy as np

C=np.random.randn(5,1)

D=np.random.randn(1,5)

print("We define matrices and vectors using (m, n) where m is a number of rows, and n is a number of columns")
print(C)

print("... is a column vector")
print(D)
print("... is a row vector")

We define matrices and vectors using (m, n) where m is a number of rows, and n is a number of columns
[[ ©.23665149]
[ ©.45132428]
[-0.89728231]
[ ©.72912635]
[-8.92627707]]
... 1s a column vector
[[ ©.99318971 -9©.8439588 1.20413677 -1.80233832 -1.55317979]]
... 1s a row vector

import numpy as np

a = np.random.randn(5) # the Llist can be reshaped to create a vector
print(a)

print(a.shape)

a = a.reshape((5,1))

print(a)

print(a.shape)

assert(a.shape == (5, 1)) # we can check whether the shape 1is correct

[-0.07161977 -2.17009596 ©.09644837 ©.5044574 -0.04263376]
(5,)
[[-0.07161977]

[-2.17009596]

[ ©.09644837]

[ ©.5044574 ]

[-0.04263376]]

(5, 1)
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jupyter | Reshaping Image Matrices

2

When working with images in deep learning, we typically reshape them into vector
representation using np.reshape():

reshaped image vector

3-channel matrix , \

pixel image Bl 255
ue
5 231

reen

42
or aten) | 22
= 123
04

92



https://docs.scipy.org/doc/numpy/reference/generated/numpy.reshape.html
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jupyter | Shape and Reshape Vectors and Matrices

o
We commonly use the numpy functions np.shape() and np.reshape() in deep learning:

» X.shape is used to get the shape (dimension) of a vector or a matrix X.

* X.reshape(...) is used to reshape a vector or a matrix X into some other dimension(s).

Images are usually represented by 3D arrays of shape (length, height, depth = 3). Nevertheless, when you read an image as the input of an algorithm you
typically convert it to a vector of shape (length = height = 3, 1), so you "unroll" (reshape) the 3D arrays into 1D vectors for further processing:

Example 1: If you would like to reshape an array v of shape (a, b, c¢) into a vector of shape (a*b,c) you would do:
v = v.reshape((v.shape[@] * v.shape[l], v.shape[2])) # where v.shape[@] = a ; v.shape[1] = b ; v.shape[2] = c
Example 2: If you would like to reshape an array v of shape (a, b, ¢) into a vector of shape (abc) you would do:
v = v.reshape((v.shape[@] * v.shape[l] * v.shape[2], 1)) # where v.shape[@] = a ; v.shape[l] = b ; v.shape[2] = ¢
+ Never hard-code the dimensions of the image as a constant but use the quantities you need with image.shape[@], etc.
In [3@]: def image2vector(image):

# This function reshapes a numpy array of shape (lLength, height, depth) to a vector of shape (length*height*depth, 1)
v = image.reshape((image.shape[@]*image.shape[1l]*image.shape[2]),1)

return v
In [33]: | # Images usually are (num_px_x, num_px_y, 3) where 3 represents the RGB values: red, green, and blue image2vector(image) = [[@.139]

# This is an exemplary 3 by 3 by 3 array: {:'g:;}
image = np.array([[[ ©.139, ©.381], image = [[[.139 ©.381] [0.647]
[ .982, ©.647], [0.982 0.647] [0.251]

[ .251 , @.551]], [0.251 0.551]] E:gi;}

[[ @.219, ©.647], [[0.215 0.647] [0.647]

[ @.763, ©.845], [0.703 0.845] [0.703]

[ ©.397, ©.313]], [0.397 0.313]] {::gg;}

[[ @.855, @.165], [[0.855 6.165] [0.313]

[ ©.313, @.937], [0.313 8.937] {Z:’i:g}

[ 8.279, ©.077]1]11) [0.279 0.077]]] [0.313]

[0.937]

print ("image = " + str(image)) [8.279]

print ("image2vector(image) = " + str(image2vector(image))) [e.0771]


https://docs.scipy.org/doc/numpy/reference/generated/numpy.ndarray.shape.html
https://docs.scipy.org/doc/numpy/reference/generated/numpy.reshape.html
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jupyter Simple Neuron
h
X
z=wlx+b » a=0o(z) ~» L(a,y) We defined the
b @ fundamental
X w, D simple neuron elements and
o a=y eLiay) operations on a

single neuron.
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_ | .
jupyter Simple Neural Network
.\/ |
= Having defined
T Y q= >
ZEW XD a=o(z) Lay) the fundamental
. . ) elements and
1 w, S'TE)AG neuron operations,
z 2 =Y L(a,y) we can create
a simple neural
network.

simple neural network

o=
. 1 ar, 729

number of neuron in a layer j

i hridrderr]',?yer,- ___________________________________________ numbers of training examples (i)

A P
alll= 0(2[1]) > Z[ZJ—\W[ZJQ[U.,. bzl al?l= G(Z[ZJJ L(G[Z], y(U)
[1] \ [1] /
b 7dLb"<dLz!" « dLa [UW < dLz? « dLa'?! backpropagation

X =qlol.) ZU=\Wiigl%+ pli]

A

A 4

A
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Stacking Neurons Vertically and Vectorizing

input layer 2

2
2
]

N
=" - L(a?, y®)

Stacking values and creating
vectors, and stacking vectors
and creating matrices is very
important from the efficiency
of computation point of view!

Zli= W[IJT al’l+ bt — al'= o(z{))
Z[l]- W[IJT a[01+ bglf — all= o(z4)

2= Wi a4 b — alll= o (z)

Zél] WQUT aé"] bj[[g Clé” numbers of layers [l]
zB\wWET | alf! || b5 all numbers of training examples (i)
zE\wWEIT || a7 || b5 all number of neuron in a layer j
20 O AU RS O

LU W glon pi gl

O < < 4 O

7= W glol4+ pll — gll= g (zI1)
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jupyter | Stacking Examples Horizontally and Vectorizing z

oo TR Z[l](l)— W[1]T a[om) + b[lJ_. a[l](z) = o(Z[1/(0) Stacking vectors of training

— Wél] T— Tt% examples horizontally creating
_|— wilT—— ?6 'Z[IJ(')'_'W[IJT"(J[OJ(’J'+'b£1]—’ -afl](’f =10] Z[IJ[’)] matrices is very important
W= 2 2 ; ; ) ; ; . from the efficiency of
0T 3 Z[ ]m_ W[ ]T Cl[ ](’] +: b[ ]—’ Cl[ ](1) = G(Z[ ]m) computation point of view!
Wn[lj 5
L a7z U < L " "
x@® alfl) w ZHOwiIT || ol bl -aélj(i)- numbers of layers [I]
g
X9 |=|alpi@ gi % ZHOIwHT (| a0 b5 |ab/@]  numbers of training examples (i)
(i) ool % 1j(i 1 0j(i 1 1](i . .
| %3 | _a{? ][1)- N _Zé ][z)- WE’]T a{? ](l)_ _b_{’ ]_ _aé ](1)_ number of neuron in a layer j
2% 2 V¢ ARV 2% 2% _ training examples
() = lol) 170 W Lol 1] (1](i) - "
X a Z W a b a r o
A’ < & L& R S
EX(Uﬁ lraining examples  Z[1(1= W1 qlol4 pl1 — qll(1)= c(z1) glIcw . llo... ltitm) §
' . -A_§ : : L e qc)
Lt o s T . " B
@ N () .m0 = YW 4l01(0) & B —s  ql1]0) = 1@ < -V
;X | X XWX %Z | W amrs b T arT=0(z ] _training examples
. S : : : - : - - AW
) ‘ | -V é-: ) | I ) | I ) | g S
3 (m) Y TSl [1] : [0 1 1 1 S
X Z”(m)' w _Cl,[, ,],(,',"l* bt — _(1_[_ _]_(_'77“): o (Z[ Jtm) AN .. 0 .. ) | &
& 7 O < O L & O 7 o
X = A% After vectorizing Z[lj = W[1] A[OJ + b[1]—> A-[l] = G(Z[l]) VE
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;@r Vectorization of Dot Product

In deep learning, you deal with very large datasets. Non-computationally-optimal functions become
a huge bottleneck in your algorithms and can result in models that take ages to run. To make sure that
your code is computationally efficient, you should use vectorization. Compare the following codes:

import time

x1
X2

np.random. rand(1860608)
np.random. rand(1660668)

-

[5, 1, , 3, 8, 2, 5, 6, @, 1, 2, 5
[2, 5, 2, 0, 3, 2, 2,9, 1, @, 2, 5
## CLASSIC DOT PRODUCT OF VECTORS IMPLEMENTATION ###
tic = time.process_time()
dot = ©
for i in range(len(x1)):
dot+= x1[1] * x2[1i]
toc = time.process time()
print ("for-looped dot = " + str({dot) + "\n ----- Computation time = " + str(1eee*(toc - tic)) + "ms")

-
B o
-
H
N
o

k) 2 k) k) 2 3

## VECTORIZED DOT PRODUCT OF VECTORS ###

tic = time.process time()

dot = np.dot(x1,x2)

toc = time.process time()

print ("vectorized dot = " + str(dot) + "\n ----- Computation time = " + str(1eee*(toc - tic)) + "ms")

for-looped dot = 235

————— Computation time = @.0ms
vectorized dot = 235

————— Computation time = @.@ms
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jupyter Vectorization of Outer Product
[
In deep learning, you deal with very large datasets. Non-computationally-optimal functions become
a huge bottleneck in your algorithms and can result in models that take ages to run. To make sure that
your code is computationally efficient, you should use vectorization. Compare the following codes:

import time

X1
X2

[5, 1,
[2, 5,

np.random. rand (18660088 )

e, 3,8, 2,5,6,0,1, 2, 5, 9, 8, 7] # x1
2,9, 3, 2, 2, 9,1, 0, 2, 5, 4, @, 9] # x2 np.random. rand (16606088 )

#H#H CLASSIC OUTER PRODUCT IMPLEMENTATION ###
tic = time.process time()
outer = np.zeros((len(xl1l),len(x2))) # we create a len(x1)*len(x2) matrix with only zeros
for i in range(len(x1)):

for j in range(len(x2)):

outer[i,j] = x1[1i] * x2[]]

toc = time.process time()
print ("for-looped outer = " + str(outer) + "\n ----- Computation time = " + str(leee*(toc - tic)) + "ms")

### VECTORIZED OUTER PRODUCT ##Hf
tic = time.process_time()

outer = np.outer(xl,x2)

toc = time.process_time()

print ("vectorized outer = " + str(outer) + "\n ----- Computation time = " + str(leee*(toc - tic)) + "ms")

outer = [[81. 18. 18. 81. ©. 81. 18. 45. ©. 0. 81. 18. 45. . o.] outer =[[81 18 18 81 © 81 18 45 © © 81 18 45 © 0]
[18. 4. 4. 18. ©. 18. 4. 18. ©. ©. 18. 4. 18. 8. 8.] [18 4 418 ©18 418 © © 18 410 @ @]
[45. 1@. 1©. 45. ©. 45. 10. 25. ©. ©. 45. 1. 25. ©. 0.] [45 10 10 45 © 451025 © © 4510 25 © 0]
[e. ©. ©. ©. ©. ©. ©. ©. ©. ©. ©. ©. 0. 0. 0.] [6 6 6 06 6 606 06 6 6 06 06 @ 0]
[e. . ©. ©. ©. ©. ©. B. B. ©. B. B. 8. B. 0.] [ & @ @ 06 @6 @2 0 © 6 6 © 0 0 0]
[63. 14. 14. 63. ©. 63. 14, 35. ©8. ©. 63. 14. 35. 9. 0.] [62 14 14 63 © 63 14 35 © © 63 14 35 0 @]
[45. 1@. 18. 45, ©. 45. 18, 25. ©. . 45, 18. 25, 8. a.] [45 10 18 45 @ 45 1@ 25 © © 45 190 25 @ 0]
[e. @. ©. ©. ©. ©. ©. ©. ©. ©. ©. ©8. 0. ©. 0.] [0 @6 6 @ 0 0 @ 02 0 6 06 0 0 0 0]
[e. . ©. . ©. @©. . ©. B. ©. 6. ©. 6. 0. 0.] [6 86 8 @ @ @ @ @ @ @ ©®@ © © 0 @]
[ 6. ©. . ©. ©. ©. ©. ©. ©. ©. ©. ©. 9. ©. 0.] [ 8B @ 06 0 68 0 06 06 0 06 06 0 0]
[81. 18. 18. 81. ©. 81. 18. 45. ©8. ©. 81. 18. 45. ©. 0.] [81 18 18 81 © 81 18 45 © © 81 18 45 0 @]
[18. 4. 4. 18. ©. 18. 4. 18. 8. ©. 18. 4. 18. o. 0.] [18 4 418 @218 410 © © 18 410 @ 0]
[45. 1@. 1@. 45. @. 45. 1@. 25. ©. 0. 45. 18. 25. ©. 0.] [45 10 18 45 © 45 18 25 @ © 45 10 25 @ 0]
[e. ©. ©. ©. ©. ©. ©. ©. ©. ©. 6. 0. 0. 0. 0.] [ 6 8 @ 06 @ @ 0 @ @ 0 @ 0 0 0]
[@. ©. ®. ©. . ©. B, ©. ©. ©. O, ©. 0, 2. 0.]] [ & @ @ 06 @6 @06 0 0 6 6 © 0 o 0]]
————— Computation time = @.ems ----- Computation time = ©.ems
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jupyter | Vectorization of Element-Wise Multiplication

In deep learning, you deal with very large datasets. Non-computationally-optimal functions become
a huge bottleneck in your algorithms and can result in models that take ages to run. To make sure that
your code is computationally efficient, you should use vectorization. Compare the following codes:

import time

X1

5, 1, e, 3, 8, 2, 5, 6, 8, 1, 2, 5, 9, @, 7] # x1 = np.random.rand(1066008)
X2 3, 2, 2 1 2, 5 a

[ , 3 6 1 9 =
[2, 5, 2, O, , 9, 1, 9, , 4, 0, 9] # x2 = np.random.rand(1600660)

k) » k)

### CLASSIC ELEMENTWISE IMPLEMENTATION ###
tic = time.process _time()
mul = np.zeros(len(xl1))
for i in range(len(x1)):
mul[i] = x1[1] * x2[1i]
toc = time.process time()
print ("for-looped elementwise multiplication = " + str(mul) + "\n ---- Computation time = " + str(10@e*(toc - tic)) + "ms")

### VECTORIZED ELEMENTWISE MULTIPLICATION ###

tic = time.process _time()
mul = np.multiply(x1,x2)
toc = time.process time()

print ("vectorized elementwise multiplication = " + str(mul) + "\n ---- Computation time = " + str(1@ee*(toc - tic)) + "ms")

[18. 5. ©. B©. 24. 4. 10. 54. ©. 0. 4. 25. 36. 9. 63.]

for-looped elementwise multiplication
---- Computation time = ©.8ms

vectorized elementwise multiplication = [18 5 ® © 24 418054 © © 4 25 36 @ 63]
---- Computation time = ©.8ms
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;@r Vectorization of General Dot Product

In deep learning, you deal with very large datasets. Non-computationally-optimal functions become
a huge bottleneck in your algorithms and can result in models that take ages to run. To make sure that
your code is computationally efficient, you should use vectorization. Compare the following codes:

import time
x1=][5,1, @, 3, 8, 2, 5, 6, @, 1, 2, 5, 9, 0, 7] # x1 = np.random.rand(1600060)

##H#E CLASSIC GENERAL DOT PRODUCT IMPLEMENTATION ###
W = np.random.rand(3,len(x1)) # Random 3*len(x1) numpy array
tic = time.process _time()
gdot = np.zeros(W.shape[@8])
for i in range(W.shape[©]):

for j in range(len(x1)):

gdot[i] += W[i,j] * x1[]j]

toc = time.process time()
print ("for-looped gdot = " + str(gdot) + "\n ----- Computation time = " + str(1eee*(toc - tic)) + "ms")

### VECTORIZED GENERAL DOT PRODUCT ###

tic = time.process time()

gdot = np.dot(w,x1)

toc = time.process time()

print (“"vectorized gdot = " + str(gdot) + "\n ----- Computation time = " + str(1@ee*(toc - tic)) + "ms")

gdot = [18.62176729 22.85934666 20.59097631]
————— Computation time = ©.6ms

gdot = [18.62176729 22.85934666 20.590997031]
————— Computation time = ©.0ms
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We use different activation functions for neurons in different layers:
COMPARISON OF ACTIVATION FUNCTIONS

 Sigmoid function is used B ottt
in the output layer: g(z) = sigmoid
1 = tanh __
_ _ P Lo S TUNEUNUEN S S
g(z) =0(z) = Tre—? — Rel U '

* Tangent hyperbolic function N i S RN SO
is used in hidden layers: / ‘
9(z) = tanh(z) = - ol A ;

 Rectified linear unit (Relu) '
is used in hidden layers (FAST!): g flessassnsessassonssssensnsnsmsnunsssssosnani :E_'__,.'_._-.."J'-"'ff:fi' ......

g(2) = ReLu(z) = max(0,z)

« Smooth RelLu (SoftPlus) Q
is used in hidden layers: _ _
g(z) = SoftPlus(z) = log(1 + e?) _'!5 0 7 5

* Leaky Relu is used in hidden layers :

ifz>0

VA
* 9(2) = LeakyReLu(z) = {o. 01z ifz<0
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@r Activation Functions
N’

-
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-
(]
(]
o

import numpy as np

def sigmoid(x):
s =1/ (1+ np.exp(-x)) # use np.exp to implement sigmoid activation function that works on a vector or g matrix
return s

def tanh(x):
t = np.tanh(x) # np.tanh to implement tanh activation function that works on a vector or g matrix
return t

def relu(x):
r = np.maximum{@, x) # use np.maximum to implement relu activation function that works on g vector or a matrix
return r

def leakyrelu(x, slope):
1 = np.maximum{x * slope, x) # use np.maximum to implement Lleaky relu activation function that works on g vector or g n
return 1

def softplus(x):
p = np.log(l + np.exp(x)) # use np.log and np.exp to implement softplus activation function that works on a wvector or c
return p
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jupyter '

Derivatives are necessary for
the use of gradient descent: 2

 Sigmoid function:

9(2) =0(2) = — g'(z) = =92 -(1-g@)=a-1-a)
» Tangent hyperbolic function:
9(2) = tanh(z) = =, 9@ =22=1-(g(2)" =1-a

 Rectified linear unit (RelLu):

9(2) = ReLu(z) = max(0,z) g'(z) = 999 _ {1 ifz>0

dz |0 ifz<o0
 Smooth Relu (SoftPlus):
9(2) = SoftPlus(z) = In(1 + ¢°) g =10 s
* Leaky Relu:
_ |z ifz>0 , dg(2) 1 ifz>0
g(Z) = LeakyReLll(Z) — {OOlZ ifZ <0 g (Z) dz {0 01 ifZ <0
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@r Derivatives of Activation Functions

def sigmoid derivative(x):
s = sigmoid(x)
dls = s * (1 - s) 4 1
return dlLs

def tanh_derivative(x):

t = tanh(x) 3 7
di_t =1 -t * t
return dLt

7 -

def relu derivative(x):
r = relu(x)
dlLr = np.heavisidei{x, @)
return dLr 1 4 e

def leakyrelu derivative(x, slope):
1 = leakyrelu(x, slope)

dLl = np.ones_like(x) 0 -
dL1[x < 8] = slope
return dLl

=1 -

def softplus derivative(x):

p = softplus(x) _ o .
dip = 1 / (1 + np.exp(-x)) —4 3 2 1 o 1 2 3 2

return dLp
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Neural Network Gradients

Y
y

A P
altl= gzl | Z2=\Wgll+ bl L(a, y™)

X0 =ql?] =\ Wlilglol+ pitl

al?l= gl2l(z12])

A4

B aLb dLz dLats_b™dLb= dLzt dLa"” “ packpropagation
COLLAPSING COMPUTATION B : COLLAPS?ING COMPUTATION :
dLa[”—W[‘Z]T dLz? - | dLa%=-y®log a”- (1-y©)-log (1-a®)=-y¥/al+ (1-y ) /(1-a®)
szW —dLal" * l’”’[z”]) dLzl =dLa *gi?'(z1?)  * element-wise product |
LW ZdLz !l dLW™ =dLz- "
dLb!" =dLz™ dLb? =dLz"

TRAINING EXAMPLES COLLAPSING AND VECTORIZATION

dLZ[” —W[ZJT dLZP *gli(z1) dLZfZJ =dLAZ*gP?"(Z”)  * element-wise product

dLW[” =L qLzM" AT dLW[ZJ —1 1721 AT
m
dLb =L dLz" dLb® =LdLz!
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Parameters must be initialized by small random numbers:

W cannot be initialized to 0:

« Wl = np.random. randn ((n[’],n[l‘l])) +0.01

* Small random initial weights values of the weights allow for faster training
because the activation functions of neurons stimulated by values a little bit
greater than 0 usually have the biggest slopes, so each update of weights results
in big changes of output values and allows the network to move towards the

solution faster.

* b can be initialized to O:

bl = np.zero ((n[’], 1))
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Going to Deeper NN Architectures

o

Shallow 2;'I'a”ygr"N'N_”a_rchitecture with 1 hidden layer
Rt B dimW" =" n)

5 N\ g e dimW" =@ )

X L(a®, y©)

iliz|— Wi T—

Deep NNﬁarchitecture with many hidden layers

>l STt . — wijT—

input layer

S Wg] j—

of I-th layer

of neurons

2

Deep neural
network
architecture means
the use of many
hidden layers
between input and
output layers.

2%

L(aﬂ']’ y(fj)
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Dimensions of Stacked Matrices

Z[l] p— W[l] . A [l_ 1] -|— b [l] dbr_oadc;z?e_d A [l] p— g [l] (Z[l] )
(n[l], m) (n[l]’ n[l—l]) (n[l—l], m) (n[l], 15/ J (n[l], m) (n[l], m)

W | | I — |
whl 11J(1) 100 . lF1](m) Ui [1(1) . i) . ollim) [
. . a[ I )...a[ ](l)...a + b a - - -_— g

2

[Z[I’](U 710 . Zlm| =

2. lI0) . 1)
wilT |

all)... gloie).. glorm| = [X(IJ o x00 X(m)]

o). qlol)... gloim)

axis 0
———
L

dLz'l dLAlll dLw!l dLb!l
(n[l]’ m) (n[l], m)

(nlt), nlt-11) (nlt, 1)
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Building Blocks of Deep Neural Networks

Jupyter
v I

2

_ﬁ( i)

input layer

1 L
g™ ay’=

N

. }L(a[”; y)
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X=A"—

Stacking Building Blocks Subsequently

2

layer 1 layer 2 layer 3 forward . layerlL
w B | AY | wP | AP WP B | A ALY |t _
71 1 z@ 7031 S 2 — A=Y
cache| Z"'W"W" cache| ZPW"B"” cache| 2P'W"H cache| Z"w"" L(A"Y)
w57 ldLa™) w? 5?7 |dLa?| w5 |aLa®  diatl w g Y
aLz | dLz? | az® | dLz" aLA
l l l : backward l
dLw' dLw'™ dLw®! dLw'
dLb™ dLb" dLb" dLb"
W"-= o dLW" W¥-= o dLW? W-= o dLW"” w"-= o dLw"”

b"-= o dLb"

dLWﬂ] = % -sz[l'] .A[l-l]T

b= a dLb”

b*-= a dLb"

l.y(-U

b"-= o dLb"
dLA" = (.y( !

@ T e

ylm)

1 .y(m)
" 1™ )

] dLzZi =W qzi gz 1)

dljZﬂ]=dLA[U g"(z") * element-wise product

dLb! =L -np.sum(dLZﬂf axis=1, keepdims=True)

dLA" = W gL 70
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We should distinguish between parameters and hyperparameters:
* Parameters of the model are established during the training process, e.g.:
. will pli,

» Hyperparameters control parameters and are established by the developer of
the model, e.g.:

* a - learning rate,
* L — number of hidden layers,
e nlU - number of neurons in layers,

« gl! - choice of activation functions for layers,

number of iterations over training data,

momentum,

minibatch size,

regularization parameters,

optimization parameters,

dropout parameters, ...
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Deep Learning solutions are usually developed in an iterative
and empirical process that composes of three main elements:

* ldea — when we suppose that a selected model, training method, and some
hyperparameters let us to solve the problem.

* Code — when we try to code and apply the idea in a real code.

* Experiment — prove our suppositions and assumptions or not, and allow to
update or change the idea until the experiments return satisfactory results.

EXPERIMENT IDEA

CODE
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Let’s start with powerful comput tions!

v" Questions?
v" Remarks?

v' Suggestions?
v" Wishes?
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