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Motivation

Started deep learning using Tensorflow with 12 lines of code!

model = tf.keras.Sequential(
tf.keras.layers.Dense(128, activation="'relu', input shape=(train_features.shape[-1]),
tf.keras.layers.Dense(128, activation="'sigmoid"),
tf.keras.layers.Dense(10))

model.compile(optimizer="adam",

Loss=tf.keras.losses.CategoricalCrossentropy(),
metrics=["accuracy"])

model.fit(train features, train_labels, epochs-10)

model.predict(test features)

Functions and mechanics behind?
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*The framework and majority of codes of this work comes from Andrew Ng's Deep Learning course.



To be comfortable with this work:

Fundamental knowledge of:

* Linear Algebra (Matrix multiplication)

e Multivariate Calculus (Derivation & Chain rule)
* Python 3 & Numpy

* Neural Networks terminology
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Dataset & Problem
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Artificial Neural Networks

Info (X) receive

Some operation (W,b) (Sum, Activation)
Output(y) Vs. Target(y)

Minimize error (y, y) adjusting (W,b)

Learning from Loop

| ———— | ——— | ——— | ——— ————— | ———
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Computation Graphs & Derivatives

Suppose we have a function J: a=3

J(a,b,c) = 2(a + bc)

3 steps to compute:
u= bc

vVv=a-+u

] =2v

b=2

c=5

bc

Minimizing | (back propagation) with respect to:

dj

—~ =2

dv
d]_d]xdv_
da dv da

In NN we usually try to minimize loss function with respect to (W, b) parameters

2x1 =2

v=a-+1u

. : . . d
and for convention we will write dw, instead ofd—vjv
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Logistic Regression cost function

For this binary problem(shale:0, ) the most convenient algorithm
is logistic regression for classification

1 o N 1, 5
o(z) = T oz Loss Function in theory: L(y, y) = E(y — y)
7y Cross Entropy Loss Function: L(y, y) = —(ylogy + (1 — y)log(1 —¥))
_/ e Ify=1, L(y, y) = —logy and want logy large, (¥) must be large (1)

 Ify=0, L(y, y) = —log(1 — ) and want large, , (¥) must be samll (0)

for entire training example: Cost Function: J(w, b) = —i > [y Plog ¥ + (1 — y©)log(1 — y?)]



Gradient Descent

Cost Function: J(w,b) = ——

1 iteration, 1 step

wi=w

= ph —X

1

dJ(w, b)
x ow

d/(w, b)
db

/)

Data Energy

>y @Plog 9 + (1 — y@) log(1 — V)]

.~.\_\.\.\_ — SGD :
— Momentum E
~ NAG -
- Adagrad :
= Adadelta
— Rmsprop _

Ref: https://Inkd.in/eyVzZgR
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Shallow Learning

Input layer
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Mainly, shallow network consists of a single hidden layer
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Implementation in Python

* Defining the neural network structure

* layer_sizes
def layer_sizes(X, Y):

mwon

Arguments:

X -- input dataset of shape (input size, number of examples)
Y -- labels of shape (output size, number of examples)
Returns:

nx -- the size of the input layer

nh -- the size of the hidden layer
ny -- the size of the output layer

mmmn

nx = X.shape[9]
nh = 5
ny = Y.shape[@]

return (nx, nh, ny)
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Initialize the model's parameters

def initialize parameters(nx, nh, ny):

wun

Argument:
nx -- size of the input layer
nh -- size of the hidden layer

ny -- size of the output layer

Returns:

params -- python dictionary containing your parameters:
W1 -- weight matrix of shape (nh, nx)
bl -- bias vector of shape (nh, 1)
W2 -- weight matrix of shape (ny, nh)

b2 -- bias vector of shape (ny, 1)

W

np.random.seed(2)

In [13]:
np.random.randn{nh, nx) * 8.81 out[13]:

W1
bl = np.zeros{((nh, 1))
W2 = np.random.randn(ny, nh) * @.01
b2 = np.zeros((ny, 1))

parameters = {"W1": W1,

"b1": b1,
"W2": W2,
"b2": b2}

return parameters

{wWi:

‘b1":

W2

‘b2":

/)

Data Energy

initialize parameters(3,5,1)

array([[-0.00416758, -0.00056267, -0.02136196],
[ ©.01640271, -0.01793436, -0©.00841747],
[ ©.00502881, -0.01245288, -0.01057952],
[-0.00909008, ©.00551454, ©.02292208]
[ ©.00041539, -6.01117925, ©.00539058]

array([[e.],

[e.]1,

[e.]1,

[e.],

[e.11),

ar‘r‘ay([[—S.96159?9@e—63, -1.91304965e-04, 1.17568122e-02,
-7.47870949¢e-83, 9.@2525@9?8—@5]]),

array([[e.]1])}

1,
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Forward propagation

def sigmoid(x):

* Define and use the function sigmoid() Compute sigmoid of x

1 Arguments:
Sigmoid(z) = ———— x : scalar or numpay array
g ( ) 1 + e—Z ‘//_ IR
s = 1/(1+np.exp(-x))
return s

* Use the function tanh() from Numpy

v = tansig(x)
P e
tanh(z) - > X np.tanh(Z1)

L T T
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Forward propagation

def forward propagation(X, parameters):

arguments:

‘2f|]] — PL;[Il)f'-F ﬁl]] X : input data size of(nx, m) , m: training samples
xi[ll _ Tﬂ[]h(;f[ll) parameters: dictionary containing parameters(from initialization function)
2{|3] — pt;[ilfilH 4 b|2] returns:
- 2] 2] A2 : the sigmoid output of the second activation
Y=A = D{zf'h ) cache: a dict conatining z1, A1, Z2, and A2
W1l = parameters["W1"]
bl = parameters["b1"]
W2 = parameters["W2"]
* Retrieve each parameter from the dictionary fa = pErEEEEES ]
"parameters" (output of initialize_parameters() ) #4 steps to calculate A2
* Implement Forward Propagation. Compute 71, Z1 = np.dot(W1, X) + bl
Al = np.tanh(Z1)
Al, Z2 and A2 Z2 = np.dot(W2, A1) + b2
A2 = sigmoid(Zz2)

e Values needed in the backpropagation are stored
in "cache". The cache will be given as an input to

#store parameters

the backpropagation function. cache = -ﬁ,ﬁ}"'ﬁl)
"Z2" Z2j
"A2": A2}

return A2, cache



Compute the Cost
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Cost Function: Jw,b) = —= 3,[yDlog (a®) + (1 - y©)log(1 — (@?®)]

* You can use np.squeeze() to
remove redundant
dimensions (in the case of
single float, this will be
reduced to a zero-
dimension array).

def compute cost(az, ¥):

arguments:
A2: the sigmoid output of second activation, shape(1, number of examples)
Y: the label or target, shape(l, number of examples)

returns:
cost : cross-enetropy cost given equation above

m = Y.shape[1]

log probs = np.multiply(np.log(a2),¥) + np.multiply((1-Y), np.log(1-A2))
cost = - np.sum(log probs) / m

cost = float(np.squeeze(cost)) # makes sure cost is the dimension we expect.

return cost



Implement Backpropagation

7010 — il 4 plil
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alll = g(zI1)

dz!1]
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Summary of gradient descent

dz12 = gl21 —y
dw2] = g021 401"

dbl2] = dz12]

dz[l] [ ]sz 2] g
dW[l] = dz[lle
dblll = dz[1]

= | 7[2] = yl2] ,[1] 2] |=| 2] — 21y | = 2]
— Z wtlalt + b @ a(z'“) - L(a'“',y)
dw!?! 712 dal?
dp!2]
dzl2 = g2 _y da = 1-y
a=2_
a 1—a

I'z[1

h

dwl2l = 2 dz21 40107
m

1
dpl2l = —np. sum(dZ'?, axis = 1, keepdims = True)

dz = wlikITgz(2] & gl (z[1h

awtl = L gzityr
m

1
dapltl = —np. sum(dZY, axis = 1, keepdims = True)

Andrew Ng



Backpropagation i

def backward_propagation(parameters, cache, X, Y):

nmun

Arguments:
parameters -- python dictionary containing our parameters
cache -- a dictionary containing "z1", "A1", "Z2" and "A2".
X -- input data of shape (3, number of examples)
¥ -- "true" labels vector of shape (1, number of examples)
r
To compute dZ1 we'll need to compute g!!l' (Z1'1). Since g!!] I
grads -- python dictionary containing your gradients with respect to different parameters

¥
is the tanh activation function, if a = g!!l(z) then ¢!l (z) = 1 — &°.
m = X.shape[1]
# First, retrieve W1 and W2 from the dictionary "parameters”.
W1l = parameters['W1']
W2 = parameters[ 'W2']

So we can computeg“'F(Z“]}using (1 - np.power(Al, 2)).

dzl2l = pl2] —y

# Retrieve also A1 and A2 from dictionary "cache”.

1 Al = cache['Al"]
dwl2l = _dZ[Z]A[l]T A2 = cache['A2"]
m
# Backward propagation: calculate dwi, db1l, dw2, db2.
dpt? =1 dZ?, axis = 1, keepdims = T qrom Y
—Enp.sum( ,axis = 1, keepdims = True) dw2 = np.dot(dz2,A1.T)/m
db2 = np.sum(dZ2, axis=1, keepdims=True)/m
dZ1 = np.dot(W2.T, dZ2)*(1 - np.power(Al, 2))
dz = wlITqz(2] « gl1l7(zI[1hy dWl = np.dot(dz1, X.T)/m
dbl = np.sum(dZ1, axis=1, keepdims=True)/m

awltl = = gz0ixT
m grads = {"dw1": dw1,
"db1": db1,

1
dbM) = —np. sum(dz'Y), axis = 1, keepdims = True) "du2": dw2,
m "db2": db2}

return grads
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Update Parameters

General gradient descent rule:

dJ(w, b)
x ow

dJ(w, b)
M —_—

bi=b—x—0

/)

Data Energy

def update_parameters(parameters, grads, learning rate = 1.2):

wun

Arguments:

parameters -- python dictionary containing your parameters

grads -- python dictionary containing your gradients

Returns:

parameters -- python dictionary containing your updated parameters

wun

# Retrieve each parameter from the dictionary "parameters”

W1l = parameters["W1"]
b1 = parameters["b1"]
W2 = parameters["W2"]
b2 = parameters["b2"]

# Retrieve each gradient from the dictionary "grads"”

dWl = grads["dwi"]
db1l = grads["db1"]
dW2 = grads["duw2"]
db2 = grads["db2"]

# Update rule for each parameter

W1l = W1l - learning_rate* dwl
bl = bl - learning rate* dbi
W2 = W2 - learning_rate* dw2
b2 = b2 - learning_rate* db2
parameters = {"W1": W1,
"b1": b1,
"W2": W2,
"b2": b2}

return parameters
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def nn_model(X, Y, nh, num iterations = 1083, print cost=False): ”

Arguments: Data Energy
X -- dataset of shape (3, number of examples)

Y -- labels of shape (1, number of examples)
nh -- size of the hidden layer
num_iterations -- Mumber of iterations in gradient descent loop

N N Iv| | ‘ print_cost -- if True, print the cost every 1888 iterations
O e Returns:

parameters -- parameters learnt by the model. They can then be used to predict.

Function o ropdonsexd)

ny = layer sizes(X, Y)[2]

# Initialize parameters
parameters = initialize parameters(nx, nh, ny)

* The neural network model
. # Loop (gradient descent)
haS to use the DFEVIOUS for i in range(@, num_iterations):
funCtlonS In the rlght Order # Forward propagation. Inputs: "X, parameters”. Outputs: "A2, cache".

A2, cache = forward propagation(X, parameters)

# Cost function. Inputs: "A2, Y". Outputs: "cost".
cost = compute cost(A2, Y)

# Backpropagation. Inputs: "parameters, cache, X, Y". Outputs: "grads".
grads = backward propagation(parameters, cache, X, Y)

# Gradient descent parameter update. Inputs: "parameters, grads". Outputs: "parameters".
parameters = update parameters(parameters, grads, learning rate = 1.2)

# Print the cost every 1000 iterations
if print_cost and 1 % 1660 ==
print ("Cost after iteration %i: %f" %(i, cost))

return parameters
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Shallow Learning Progress

parameters = nn _model(X, Y, 5, num iterations=10008, print cost=True)

It seems shallow network
model cannot capture
complexity of dataset.

print("Wl = " + str(parameters["W1"]))
print("bl = " + str(parameters]
print("wW2 = " + str(parameters|
print("b2 = " + str(parameters["b2"
Cost after iteration @: ©.695391
Cost after iteration 1886: ©.681194
Cost after iteration 2000: 0.681220
Cost after iteration 32000: ©.681209
Cost after iteration 4600: 0.681212
Cost after iteration 5@00: ©.681211
Cost after iteration 6600: 0.681289
Cost after iteration 7€00: 0.681208
Cost after iteration 8@09: ©.681216
Cost after iteration 9€09: 6.681210
Wl = [[ ©.21862145 -0.860559108 —B.@Sd@dl@S]
[—9.28?324?1 -8.83159421 —8.69176682]
[ ©.208823183 -9.080233738 ©.85082625
[ 8.17895134 ©.681195832 0.06376946
[-9.31918833 -0.0068341 ©.93319447]]
b1 = [[-0.01688963]
[-0.04186761]
[ 0.0307843 ]
[ ©.0203578 ]
[ 2.01457726]]
W2 =
b2 = [[-0.085312095]]

[[-©.19581836 -0.12901404 ©.13805298 -0.13160344 ©.18943112]]

N

Data Energy
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N
Test the Shallow Model

def predict(X, y, parameters):

W

This function is used to predict the results of a L-layer neural network.

Arguments:
X -- data set of examples you would like to label
parameters -- parameters of the trained model
Returns:
p -- predictions for the given dataset X
pred train_shallow = predict(X, Y, parameters) nan
Accuracy: ©.5771010023130301 m = X.shape[1]
n = len(parameters) // 2 # number of layers in the neural network
= np.zeros((1,m
pred_test shallow = predict(XX, YY, parameters) P ((1,m)
Accuracy: ©.48293225480283107 # Forward propagation

probas, caches = forward propagation(X, parameters)

# convert probas to @/1 predictions
for i in range(@, probas.shape[1]):
if probas[9,i] » 0.5:
ple,i] =1
else:
ple,1]

(5]

print("Accuracy: + str(np.sum((p == y)/m)))

return p
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Deep Learning
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Deep Learning

Initialize the parameters for an L-layer neural network

Forward Propagation
« Complete linear part (Resulting Z[1))
» Activation function(ReLU/Sigmoid)
+ Combine two previous into LINEAR->ACTIVATION forward function
+ Stack the forward function L-1 time and add a LINEAR-> SIGMOID at the end

Compute the loss

Backward propagation
+ Complete linear part
» The gradient of the ACTIVATE function (relu_backward/sigmoid_backward)
* Combine two previous into LINEAR->ACTIVATION backward function

» Stack the backward function L-1 time and add a LINEAR-> SIGMOID at the
end

Update the Parameters

”

Data Energy

Initialize all parameters

Initialize Initialize
Wil bl 8 Sl SIS 1S

loop for num_iiterations

........................................................................................................................................

L-1 Linear Relu Forward

Linear

Backward

Linear Relu Forward Linear Relu Forward Sigmoid
H Forward
/ Linear Forward Relu Forward Linear Forward Relu Forward

) Update

il parameters ;

: L-1 Linear Relu Backward

: K Linear Relu Backward Linear Relu Backward | sigmeia

Linear Backward Relu Backward Linear Backward = Relu Backward
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Initialize the parameters for an L-layer NN

* Initialization for a deeper L-layer NN is more complicated because
there are many more weight matrices and bias vectors

nl: number of nodes(units)in layer I

Layer 1

Layer 2

Layer L-1

Layer L

Shape of W
(n''l, 3 )

(n'z'. n'h

(nl =11 pll—21)

(nll1, pll=11)

m : number of features (3 here)

Shape of b
(nl'1, 1)

(n'2!. 1)

(nl =1 1)

(nl1 1)

Activation
Z — willxy 4 pill
Z21 — w21 41 4 pl2

ZIL-11 — Wll—-1] glL-2]
+b[l.—l|

ZILl — WL AIL=1] 4 plL]

Shape of Activation
(nl'l, 3)

(n'?!, 3)

(nlf=11_3)

(nlt1,3)
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Initialize th tersf L-| NN
def initialize_parameters_deep(layer_dims): For 3 |npUt features, 5 nodes in first
Argunents: hidden layer, 3 nodes in second layer,
layer_dims -- python array (list) containing the dimensions of each layer in our network and 1 OUtpUt
Returns: parameters = initialize_parameters_deep([3,5,3,1])
parameters -- python dictionary containing your parameters "W1", "bl", ..., "WL", "bL": . ' o
Wl -- weight matrix of shape (layer_dims[1], layer_dims[1-1]) E:i::ﬁgtﬁ C . : 2::%:::2:;::2%"31"%;;
bl -- bias vector of shape (layer_dims[1], 1) print("W2 = " + str(parameters["W2"]))
e print("b2 = " + str(parameters["b2"]))
print("W3 = " + str(parameters["W3"]))
np.random.seed(l) print("b3 = " + str(parameters["b3"]))
parameters = {} Wl = [[ ©.93781623 -8.35319773 -8.3049481 ]
L = len(layer_dims) # number of layers in the network [-0.61947872 ©.49964333 -1.32879399]
[ 1.80736754 -8.43948301 ©.18419731]
[-0.14397485 ©.84414841 -1.18942279]
for 1 in range(1, L): [-0.18614766 -8.22173389 ©.65458209]]
parameters[ 'W' + str(1l)] = np.random.randn(layer_dims[1], layer_dims[1-1]) / np.sqrt(layer_dims[1-1]) bl = [[e.]
parameters['b' + str(1l)] = np.zeros((layer_dims[1], 1)) %g'%
[e.]
[e.1]
return parameters W2 = [[-©.49188633 -0.07711224 -8.39259022 ©.01887856 ©.26064289]

[-2.49221186 ©.51193601 ©.48320363 0.2247223 9.40287503]

[-©.30577239 -0.05495818 -0.41848881 -6.11980319 ©.23718218]]
b2 = [[e.]

[e.]

[e.]]

W3 = [[-©.39933052 -8.22906576 -@.39673934]]

b3 = [[@.]]
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Linear Forward
Now, we'll complete three functions in this order:
* LINEAR
. = i i or Sigmoid.
[EHINEAR-> RELU} - {L-1)-> LINEAR->SIGMOID-{whole model)
def linear forward(A, W, b):
Implement the linear part of a layer's forward propagation.
Arguments:
A -- activations from previous layer (or input data): (size of previous layer, number of examples)
W -- weights matrix: numpy array of shape (size of current layer, size of previous layer)
b -- bias vector, numpy array of shape (size of the current layer, 1)
Returns:
7 -- the input of the activation function, also called pre-activation parameter
cache -- a python dictionary containing "A", "W" and "b" ; stored for computing the backward pass efficiently

nwan

Z = W.dot(A) + b
cache = (A, W, b)

return Z, cache
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Activation Functions

Sigmoid: 6(Z) = c(WA + b) = ﬁ

o—(WA+h)

ReLuis A = RELU(Z) = max(0, Z).

def

def

sigmoid(Z):

Implements the sigmoid activation in numpy

Arguments:
Z -- numpy array of any shape

Returns:
A -- output of sigmoid(z), same shape as Z

cache -- returns Z as well, useful during backpropagation

A= 1/(1+np.exp(-2))
cache = Z

return A, cache

relu(z):
Implement the RELU function.

Arguments:
Z -- Output of the linear layer, of any shape

/)

Data Energy

Returns:
A -- Post-activation parameter, of the same shape as Z
cache -- a python dictionary containing "A" ; stored for computing the backward pass efficiently

wun

A = np.maximum(©,Z)

cache = 7
return A, cache

27 of 41



N

Linear-Activation Forward
Now, we'll complete three functions in this order:
* LINEAR
. . . . def linear_activation forward(A prev, W, b, activation):

* LINEAR -> ACTIVATION where ACTIVATION will be either ReLU or Sigmoid.
Implement the forward propagation for the LINEAR->ACTIVATION layer

e [LINEAR->RELU}x-(L-1)->LINEAR->SIGMOID {(whole-model)-
Arguments:
A_prev -- activations from previous layer (or input data): (size of previous layer, number of examples)
W -- weights matrix: numpy array of shape (size of current layer, size of previous layer)
b -- bias vector, numpy array of shape (size of the current layer, 1)
activation -- the activation to be used in this layer, stored as a text string: "sigmoid" or "relu”
Returns:

i I i -1 I A -- the output of the activation function, also called the post-activation value
Al | = g[z[ |:| = g(W[ |A[ —1] + bl |] cache -- a python dictionary containing "linear_cache” and “"activation_cache”;

stored for computing the backward pass efficiently

wun

if activation == "sigmoid":
# Inputs: "A _prev, W, b". Outputs: "A, activation cache”.
Z, linear_cache = linear forward(A prev, W, b)
A, activation cache = sigmoid(Z)

elif activation == "relu":
# Inputs: "A prev, W, b". oOutputs: "A, activation cache”.
Z, linear_cache = linear forward(A prev, W, b)
A, activation_cache = relu(z)

cache = (linear cache, activation_cache)

return A, cache
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L-Layer Model

LINEAR
LITINCAN
LINEAR A A \ . q A Rewzz Old def L _model forward(X, parameters):

Implement forward propagation for the [LINEAR->RELU]*(L-1)->LINEAR->SIGMOID computation
[LINEAR -> RELU] x (L-1) -> LINEAR -> SIGMOID (whole model)
Arguments:
X -- data, numpy array of shape (input size, number of examples)
parameters -- output of initialize parameters_deep()

Returns:
AL -- last post-activation value
caches -- 1list of caches containing:

For even more convenience when every cache of linear_relu_forward() (there are L-1 of them, indexed from @ to L-2)
imp|ementing the L _|ayer Neura| Net’ we the cache of linear sigmoid forward() (there is one, indexed L-1)
will need a function that replicates the

previous one (linear_activation_forward ;a:his = [
with RELU) L-1 timeS, then follows that L = len(parameters) // 2 # number of Layers in the neural network
Wlth olE I|near_actlvat|0n_f0rward Wlth # Implement [LINEAR -> RELUJ*(L-1). Add "cache" to the "caches” list.
SIGMOID. for 1 in range(1, L):

A prev = A

A, cache = linear_activation_forward(A_prev, parameters['W' + str(l)], parameters['b'+str(l)], activation = "relu")
caches.append(cache)

# Implement LINEAR -> SIGMOID. Add "cache" to the "caches" list.

AL, cache = linear_activation_forward(A, parameters['W’ + str(L)], parameters['b' + str(L)], activation = "sigmoid")
caches.append(cache)

return AL, caches
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Cost Function

Compute the cross-entropy cost ] ,
using the following formula:

Cost Function: J(w,b) = —"ll m [y®log (a1®) + (1 — y®)log(1 — (al)®)]

def compute cost(AL, Y):
Implement the cost function defined by equation (7).
Arguments:
AL -- probability vector corresponding to your label predictions, shape (1, number of examples)
Y -- true "label"” vector (for example: containing @ if non-cat, 1 if cat), shape (1, number of examples)

Returns:
cost -- cross-entropy cost

nun

m = Y.shape[1]

# Compute loss from aL and y.
cost = (1./m) * (-np.dot(Y,np.log(AL).T) - np.dot(1-Y, np.log(1-AL).T))

cost = np.squeeze(cost) # To make sure your cost's shape is what we expect (e.g. this turns [[17]] into 17).

return cost
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Backward Propagation Module

In backpropagation,
we will calculate
gradient of the loss
function with respect
to parameters(W,b)
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Linear Backward

Linear
d ]
Now, we'll complete three functions in this order: dw 'l = WJ'” L VALY Lttt
n
* LINEAR backward d 1 & _ .
. RelU or-Sigmoid o o s b O o
. dAI!—lI — _ Wl.’]TdZM gl cache
. . 1) ; JAl-1] a
model)
def linear_backward(dZ, cache):

Implement the linear portion of backward propagation for a single layer (layer 1)

Arguments:
dZ -- Gradient of the cost with respect to the linear output (of current layer 1)
cache -- tuple of values (A_prev, W, b) coming from the forward propagation in the current layer

Returns:

dA_prev -- Gradient of the cost with respect to the activation (of the previous layer 1-1), same shape as A_prev
dW -- Gradient of the cost with respect to W (current layer 1), same shape as W

db -- Gradient of the cost with respect to b (current layer 1), same shape as b

A_prev, W, b = cache

m = A_prev.shape[1]

dW = 1./m * np.dot(dZ,A_prev.T)
db = 1./m * np.sum(dZ, axis = 1, keepdims = True)
dA_prev = np.dot(W.T,dZ)

return dA_prev, dW, db
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* LINEAR

* LINEAR -> ACTIVATION backward where ACTIVATION will be either

Linear-Activation Backward

/)

Data Energy

ackward

o

RelLU or Sigmoid.

« [LINEAR -> RELU] x (L-1) -> LINEAR -> SIGMOID backward {whole

model)

def

def

relu_backward(dA, cache):

Implement the backward propagation for a single RELU unit.
Arguments:

dA -- post-activation gradient, of any shape

cache -- 'Z' where we store for computing backward propagation efficiently

Returns:
dZ -- Gradient of the cost with respect to Z

Z = cache
dZ = np.array(dA, copy=True) # just converting dz to a correct object.

# When z <= @8, you should set dz to @ as well.
dz[z <= 0] = @

return dz
sigmoid_backward(dAa, cache):

Implement the backward propagation for a single SIGMOID unit.

Arguments:

dA -- post-activation gradient, of any shape

cache -- 'Z' where we store for computing backward propagation efficiently
Returns:

dZ -- Gradient of the cost with respect to z

Z = cache
s = 1/(1+np.exp(-Z))
dZ = dA * s * (1-s)

return dz

def linear_activation backward(dA, cache, activation):

wun

Implement the backward propagation for the LINEAR->ACTIVATION layer.

Arguments:

dA -- post-activation gradient for current layer 1

cache -- tuple of values (linear_cache, activation_cache) we store for computing backward propagation
activation -- the activation to be used in this layer, stored as a text string: "sigmoid" or "relu"
Returns:

dA prev -- Gradient of the cost with respect to the activation (of the previous layer 1-1), same shape

dW -- Gradient of the cost with respect to W (current layer 1), same shape as W
db -- Gradient of the cost with respect to b (current layer 1), same shape as b

linear_cache, activation_cache = cache
if activation == "relu":

dZ = relu backward(da, activation cache)

dA_prev, dW, db = linear backward(dZ, linear_cache)
elif activation == "sigmoid":

dZ = sigmoid_backward(dA, activation_cache)

da_prev, dwW, db = linear backward(dz, linear_ cache)

return dA_prev, dw, db
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L-Model Backward

 Now we will implement the backward function for the whole
network!

Linear Rumel RELU el Lincar Ramll SIgMOId R

repeat L-1 times
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L model backward

def L model backward(AL, Y, caches):

LINEAR backward

L =
ACTIVATION will be either ReLU or Sigmoid.

[LINEAR -> RELU] x (L-1) -> LINEAR -> SIGMOID
backward (whole model)

/)

Data Energy

Implement the backward propagation for the [LINEAR->RELU] * (L-1) -» LINEAR -> SIGMOID group

Arguments:

AL -- probability vector, output of the forward propagation (L_model forward())

¥ -- true "label" vector (containing @ if non-cat, 1 if cat)

caches -- list of caches containing:
every cache of linear activation forward() with "relu" (there are (L-1) or them, indexes from @ to L-2)
the cache of linear activation forward() with "sigmoid" (there is one, index L-1)

Returns:

grads -- A dictionary with the gradients
grads["dA" + str(1)]
grads["dW" + str(1)]
grads["db" + str(1)]

grads = {}
L = len(caches) # the number of Layers

m = AlL.shape[1]
Y = Y.reshape(AL.shape) # after this line, Y is the same shape as AL

# Initializing the backpropagation
dAL = - (np.divide(Y, AL) - np.divide(1 - Y, 1 - AL))

# Lth Layer (SIGMOID -> LINEAR) gradients. Inputs: "AL, Y, caches". Outputs: "grads["dAL"], grads["dWL"], grads["dbL"]
current_cache = caches[L-1]

grads["dA" + str(L-1)], grads["dW" + str(L)], grads["db" + str(L)] =

linear_activation_backward(dAL, current_cache, activation = "sigmoid")

for 1 in reversed(range(L-1)):
# Lth Llayer: (RELU -> LINEAR) gradients.
current_cache = caches[1]
dA_prev_temp, dW_temp, db_temp =
linear_activation_backward(grads["dA" + str(l + 1)], current_cache, activation = "relu")
grads["dA" + str(1)] = dA_prev_temp
grads["dW" + str(l + 1)] = dW_temp
grads["db" + str(l + 1)] = db_temp

return grads
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Update Parameters

wll .= wlll —« dw i
pld .= plll —_c gplU

def update parameters(parameters, grads, learning rate):

Update parameters using gradient descent

Arguments:

parameters -- python dictionary containing your parameters

grads -- python dictionary containing your gradients, output of L model backward
Returns:

parameters -- python dictionary containing your updated parameters

parameters["W" + str(l)] = ...
parameters["b" + str(l)] = ...

L = len(parameters) // 2 # number of layers in the neural network

# Update rule for each parameter. Use a for Lloop.

for 1 in range(L):
parameters["W" + str{l+1)]
parameters["b" + str(l+1)]

parameters["W" + str(l+1)] - learning rate * grads["dW" + str(l+1)]
parameters["b" + str(l+1)] - learning rate * grads["db" + str(l+1)]

return parameters
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_layer model

def L layer model(X, Y, layers dims, learning_rate = ©.8075, num_iterations = 3808, print_ cost=False):

Implements a L-layer neural network: [LINEAR->RELUT*(L-1)->LINEAR->SIGMOID.

Arguments:

X -- data, numpy array of shape (num_px * num_px * 3, number of examples)
° Y -- true "label" vector (containing ® if cat, 1 if non-cat), of shape (1, number of examples)
o COI I l Ine e per layers _dims -- list containing the input size and each layer size, of length (number of layers + 1).
learning_rate -- learning rate of the gradient descent update rule
° . num_iterations -- number of iterations of the optimization loop
u nctlons In Or er print_cost -- if True, it prints the cost every 188 steps
Returns:
parameters -- parameters learnt by the model. They can then be used to predict.

np.random.seed(1)
costs = [] # keep track of cost

parameters = initialize parameters deep(layers_dims)

# Loop (gradient descent)
for i in range(@, num_iterations):

# Forward propagation: [LINEAR -> RELUJ*(L-1) -> LINEAR -> SIGMOID.
AL, caches = L model forward(X, parameters)

# Compute cost.
cost = compute cost(AL, Y)

# Backward propagation.
grads = L _model backward(AL, Y, caches)

# Update parameters.
parameters = update parameters(parameters, grads, learning_rate)

# Print the cost every 1809 iterations
if print_cost and 1 % 1000 == @ or i == num_iterations - 1:
print("Cost after iteration {}: {}".format(i, np.squeeze(cost)))
if i ¥ 1000 == 8 or i == num_iterations:
costs.append(cost)
return parameters, costs
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- ”
Deep Learning Progress

def plot costs(costs, learning_rate=0.8875):
plt.plot(np.squeeze(costs))
plt.ylabel('cost")
plt.xlabel('iterations (per thousands)"')

plt.title("Learning rate =" + str(learning rate))
plt.show()

20, 1@, 8, 5, 1] # L-layer model

layers dims = [3,
= 0.8875

learning_rate

parameters, costs = L_layer_model(X, Y, layers_dims, num_iterations = s5e@@, print _cost = True)
plot costs(costs, learning_rate)
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VTR N

Cost after iteration ©: 2.08469973401647983
Cost after iteration 1000: ©.38014323388868226
Cost after iteration 2000: ©.17677566301781922
Cost after iteration 3000: ©.1933672322208049
O Cost after iteration 4000: ©.15895567008556574
Cost after iteration 4999: ©.12442577754613114
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oredict

Well: 17/04-01
NPHI

1 def predict(X, y, parameters): 0]6 0;4 sz 0;0 _?'2
2 n Gamma Ray RHOB Lithology Lithology_pred

This function is used to predict the results of a L-layer neural network. MD(m) © 50 100 150 200 250165 2.00 240 2.80 0 10 1 Legend
5 Arguments: 1 Sand
6 X -- data set of examples you would like to label
7 parameters -- parameters of the trained model

Returns:

p -- predictions for the given dataset X

i

5

MWMJ A\P‘J v

m = X.shape[1] % 1 =
14 n = len{parameters) // 2 # number of Layers in the neural network -
5 = np.zeros((1,m))

15 z

17 # Forward propagation
18 probas, caches = L_model forward(X, parameters)

21 # convert probas to 8/1 predictions

22 for i in range(8, probas.shape[1]):

23 if probas[@,i] » ©.5: 5

24 p[0,i] = 1 =

25 else: il 1
26 p[0,i] = @ é

8 print("Accuracy: " + str{np.sum{(p == y)/m))) | % 2 |

g =

8 return p §

1 pred _train = predict(X, Y, parameters)

Accuracy: ©.9151888974556668
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Final Thoughts

* In this work, the procedure and implementation to establish and run
a neural network model considered as a first importance.

* This is just the simplest form of NN models. Some important hyper-
parameters such as L1, L2 regularization can be added.

* Building a NN model from scratch in Python/Numpy can help us to
understands the mechanics and fundamentals of this approach.
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* www.deeplearning.ai

* https://zenodo.org/record/4351156#.YLfIBH6hKjUr
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