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Preamble
Quote of the Day

Summary

Neural networks evolved from simple, biologically inspired perceptrons to deep,
multilayer architectures that rely on nonlinear activation functions for learning
complex patterns. The universal approximation theorem underpins their ability
to approximate any continuous function, and modern frameworks like PyTorch,
TensorFlow, and Keras enable practical deep learning applications.

Learning Objectives

e Explain basic neural network models (perceptrons and MLPs) and their

computational foundations.

e Appreciate the limitations of single-layer networks and the necessity for
hidden layers.

¢ Describe the role and impact of nonlinear activation functions (sigmoid,
tanh, ReLU) in learning.

¢ Articulate the universal approximation theorem and its significance.

e Implement and evaluate deep learning models using modern frameworks
such as TensorFlow and Keras.

Introduction

TensorFlow Playground
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DNA Sequence Motif Discovery
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Sites in target sequences Motif model
AATCAGTTATCTGTTGTATACCCGGAGTCC
AGGTCGAATGCAAAACGGTTCTTGCACGTA
GAGATAACCGCTTGATATGACTCATTTGCC
ATATTCCGGACGCTGTGACGATCCGGTTTG
GAACGCAACCAGTTCAGTGCTTATCATGAA

— AATCAGTT

AATCAGTTATCTGTTGTATACCCGGAGTCC
AGGTCGAATGCAAAACGGTTCTTGCACGTA
GAGATAACCGCTTGATATGACTCATTTGCC
ATATTCCGGACGCTGTGACGATCCGGTTTG
GAACGCAACCAGTTCAGTGCTTATCATGAA

- AA;Q_Aéﬂ
AA%CAQII

D'haeseleer (20006)

Deep Learning in Genomics Primer

e James Zou, Mikael Huss, Abubakar Abid, Pejman Mohammadi, Ali Torkamani,

and Amalio Telenti, A primer on deep learning in genomics, Nat Genet 51:1,
12-18, 2019.
» Google Colab Notebook

Zou et al. (2019)

Machine Learning Problems
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Artificial Intelligence

Supervised Reinforcement
Learning Learning

Deep Learning

e Supervised Learning: Classification, Regression
¢ Unsupervised Learning: Autoencoders, Self-Supervised
¢ Reinforcement Learning: Now an Integral Component

We will begin our exploration within the framework of supervised learning.

A Neuron
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In the study of artificial intelligence, it is logical to derive inspiration from the most

well-understood form of intelligence: the human brain. The brain is composed of

a complex network of neurons, which together form biological neural networks.

Although each neuron exhibits relatively simple behavior, it is connected to

thousands of other neurons, contributing to the intricate functionality of these

networks.

A neuron can be conceptualized as a basic computational unit, and the

complexity of brain function arises from the interconnectedness of these units.

Yann LeCun and other researchers have frequently noted that artificial neural

networks used in machine learning resemble biological neural networks in much

the same way that an airplane’s wings resemble those of a bird.

Connectionist
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Attribution: LeNail, (2019). NN-SVG: Publication-Ready Neural Network
Architecture Schematics. Journal of Open Source Software, 4(33), 747,
https://doi.org/10.21105/joss.00747 (GitHub)

A characteristic of biological neural networks that we adopt is the organization of
neurons into layers, particularly evident in the cerebral cortex.

Neural networks (NNs) consist of layers of interconnected nodes (neurons),
each connection having an associated weight.

Neural networks process input data through these weighted connections, and
learning occurs by adjusting the weights based on errors in the training data.

Hierarchy of Concepts

P T e g B - g g 2 B O e g g

Convolutions and ReLU
AT L L & & T & S & & L LT £ o o o o e e N e s S S &

T T LT - - - - LML

Convolutions and ReLU

P N — S - - A

Convolutions and ReLU

Attribution: LeCun, Bengio, and Hinton (2015)
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In the book “Deep Learning” (Goodfellow, Bengio, and Courville 2016), authors
Goodfellow, Bengio, and Courville define deep learning as a subset of machine
learning that enables computers to “understand the world in terms of a hierarchy
of concepts.”

This hierarchical approach is one of deep learning’s most significant
contributions. It reduces the need for manual feature engineering and redirects
the focus toward the engineering of neural network architectures.

Basics

Computations with Neurodes

/Z_/_ y = f(z1+ 2)

L2
where $x_1, x_2 \in \{0,1\}$ and $f(z)$ is an indicator function:

X1

$$ f(z)= \begin{cases}0, & z<\theta \\ 1, & z \geq \theta\end{cases} $$

McCulloch and Pitts (1943) termed artificial neurons, neurodes, for “neuron” +
"node”.

In mathematics, $f(z)$, as defined above, is known as an indicator function or a
characteristic function.

These neurodes have one or more binary inputs, taking a value of 0 or 1, and one
binary output.

They showed that such units could implement Boolean functions such as AND,
OR, and NOT.

But also that networks of such units can compute any logical proposition.

Computations with Neurodes

$8y =f(x_1+ x_2)=\begin{cases}0, & x_1+ x_2 <\theta \\ 1, & x_1+ x_2 \geq
\theta\end{cases} $$

about:srcdoc Page 9 of 83



slides 2025-03-10, 11:02
e With $\theta = 2$, the neurode implements an AND logic gate.
e With $\theta = 1%, the neurode implements an OR logic gate.

More complex logic can be constructed by multiplying the inputs by -1, which is
interpreted as inhibitory. Namely, this allows building a logical NOT.

With $\theta = 1$, $x_1 {1} and $x_2$ multiplied by (-1), $y = 0$ when $x_2 = 1$,
$y =18, if $x_2 = 0%.

$$y =f(x 1+ (-1) x_2)=\begin{cases}O, & x_1+ x_2 <\theta\\ 1, & x_1+ (-1) x_2
\geq \theta\end{cases} $$

Neurons can be broadly categorized into two primary types: excitatory and
inhibitory.

Computations with Neurodes

¢ Digital computations can be broken down into a sequence of logical
operations, enabling neurode networks to execute any computation.

e McCulloch and Pitts (1943) did not focus on learning parameter $\theta$.
e They introduced a machine that computes any function but cannot learn.

The period roughly from 1930 to 1950 marked a transformative shift in
mathematics toward the formalization of computation. Pioneering work by Godel,
Church, and Turing not only established the theoretical limits and capabilities of
computation—with Godel's incompleteness theorems, Church’s A-calculus and
thesis, and Turing's model of universal machines—but also set the stage for
later developments in computer science.

McCulloch and Pitts’' 1943 model of neural networks was inspired by this early
mathematical framework linking computation to aspects of intelligence,
prefiguring later research in artificial intelligence.

From this work, we take the idea that networks of such units perform
computations. Signal propagates from one end of the network to compute a
result.

Threshold Logic Unit
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Rosenblatt (1958)

In 1957, Frank Rosenblatt developed a conceptually distinct model of a neuron
known as the threshold logic unit, which he published in 1958.

In this model, both the inputs and the output of the neuron are represented as
real values. Notably, each input connection has an associated weight.

The left section of the neuron, denoted by the sigma symbol, represents the
computation of a weighted sum of its inputs, expressed as $\theta_1x_1+
\theta_2 x_2 + \ldots + \theta_D x_D + b$.

This sum is then processed through a step function, right section of the neuron,
to generate the output.

Here, $x"T \theta$ represents the dot product of two vectors: $x$ and $\theta$.
Here, $x~T$ denotes the transpose of the vector $x$, converting it from a row
vector to a column vector, allowing the dot product operation to be performed
with the vector $\theta$.

The dot product $x”T \theta$ is then a scalar given by:
$$ x~T \theta = x*{(1)} \theta_1 + x~{(2)} \theta_2 + \cdots + x_{(D)} \theta_D $$

where $x{(j)}$ and $theta_j$ are the components of the vectors $x$ and
$\theta$, respectively.

Simple Step Functions
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S\text{heaviside}(t)$ =
o 1, if $t\geq 0%

e 0,if $t<0$
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$\text{sign}(t)$ =
e 1, if $t> 0%
e 0,if $t=0%
o -1, if $t< 0%

Common step functions include the heavyside function (0 if the input is
negative and 1 otherwise) or the sign function (-1 if the input is negative, 0 if the
input is zero, 1 otherwise).

Notation
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Inputs Output
| — O Weights
b
RO

T
0, hg(x) = step(x” 0)
x(2)/

Step function : step(z)
Weigthed sum : z = 276

Add an extra feature with a fixed value of 1 to the input. Associate it with weight
$b = \theta_{0}$, where $b$ is the bias/intercept term.

Notation
Inputs Output
| — O Weights
0o
(M 01

T
0, hg(x) = step(x” 0)
:c(2)/

Step function : step(z)
Weigthed sum : z = 276
$\theta_{0} = b$ is the bias/intercept term.

The threshold logic unit is analogous to logistic regression, with the primary
distinction being the substitution of the logistic (sigmoid) function with a step
function. Similar to logistic regression, the perceptron is employed for
classification tasks.
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Perceptron
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2.

Input Layer Output Layer

A perceptron consists of one or more threshold logic units arranged in a single
layer, with each unit connected to all inputs. This configuration is referred to as
fully connected or dense.

Since the threshold logic units in this single layer also generate the output, it is
referred to as the output layer.

Perceptron
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Inputs Outputs
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2.

Input Layer Output Layer

As this perceptron generates multiple outputs simultaneously, it performs
multiple binary predictions, making it as a multilabel classifier (can also be
used as multiclass classifier).

Classification tasks, can be further divided into multilabel and multiclass
classification.

1. Multiclass Classification:

¢ In multiclass classification, each instance is assigned to one and only one
class out of a set of three or more possible classes. The classes are
mutually exclusive, meaning that an instance cannot belong to more than
one class at the same time.

e Example: Classifying an image as either a cat, dog, or bird. Each image
can only belong to one of these categories.

about:srcdoc Page 16 of 83
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2. Multilabel Classification:

e |n multilabel classification, each instance can be associated with multiple
classes simultaneously. The classes are not mutually exclusive, allowing
for the possibility that an instance can belong to several classes at once.

e Example: Tagging an image with multiple attributes such as "“outdoor,”
"sunset,” and "beach.” The image can simultaneously belong to all these
labels.

The key difference lies in the relationship between classes: multiclass
classification deals with a single label per instance, while multilabel
classification handles multiple labels for each instance.

Notation

Inputs Outputs
1 =2z

(1)

(2)

(]
5 & &Y

2.

Input Layer Output Layer
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As before, introduce an additional feature with a value of 1 to the input. Assign a
bias $b$ to each neuron. Each incoming connection implicitly has an
associated weight.

Notation

e $X$ is the input data matrix where each row corresponds to an example
and each column represents one of the $D$ features.

e $W$ is the weight matrix, structured with one row per input (feature) and
one column per neuron.

e Bias terms can be represented separately; both approaches appear in the
literature. Here, $b$ is a vector with a length equal to the number of
neurons.

With neural networks, the parameters of the model are often reffered to as $w$
(vector) or $W$ (matrix), rather than $\theta$.

Discussion

e The algorithm to train the perceptron closely resembles stochastic gradient
descent.

= |n the interest of time and to avoid confusion, we will skip this
algorithm and focus on multilayer perception (MLP) and its training
algorithm, backpropagation.

Historical Note and Justification
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0 1

Minsky and Papert (1969) demonstrated the limitations of perceptrons, notably
their inability to solve exclusive OR (XOR) classification problems:

${([0,1] \mathrm{true}), ([1,0],\mathrm{true}), ([0,0] \mathrm{false}),
([1,11,\mathrm{false})}$.

This limitation also applies to other linear classifiers, such as logistic regression.

Consequently, due to these limitations and a lack of practical applications, some
researchers abandoned the perceptron.

Multilayer Perceptron
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A multilayer perceptron (MLP) includes an input layer and one or more layers of
threshold logic units. Layers that are neither input nor output are termed hidden
layers.

XOR Classification Problem

$xM(1)}$ $xM{(2)}$ Sy$ $0_1$ $0_2$ $0_3$%

1 0 1 0 1 1
0 1 1 0 1 1
0 0 0 0 0 0
1 1 0 1 1 0

$x™{(1)}$ and $x{(2)}$ are two attributes, $y$ is the target, $0_1$, $o0_2$, and
$0_3 = h_\theta(x)$, are the output of the top left, bottom left, and right
threshold units. Clearly $h_\theta(x) =y, \forall x \in X$. The challenge during
Rosenblatt’s time was the lack of algorithms to train multi-layer networks.

| developed an Excel spreadsheet to verify that the proposed multilayer
perceptron effectively solves the XOR classification problem.

The step function used in the above model is the heavyside function.

Feedforward Neural Network (FNN)
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Information in this architecture flows unidirectionally—from left to right, moving
from input to output. Consequently, it is termed a feedforward neural network.

The network consists of three layers: input, hidden, and output. The input layer
contains two nodes, the hidden layer comprises three nodes, and the output
layer has two nodes. Additional hidden layers and nodes per layer can be added,
which will be discussed later.

It is often useful to include explicit input nodes that do not perform calculations,
known as input units or input neurons. These nodes act as placeholders to
introduce input features into the network, passing data directly to the next layer
without transformation. In the network diagram, these are the light blue nodes on
the left, labeled 1 and 2. Typically, the number of input units corresponds to
the number of features.

For clarity, nodes are labeled to facilitate discussion of the weights between
them, such as $w_{1,5}$ between nodes 1 and 5. Similarly, the output of a node is
denoted by $0_k$, where $k$ represents the node’s label. For example, for
$k=3$, the output would be $0_3$.

Forward Pass (Computation)
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v

\J

O \&S

$03 =\sigma(w_{13} x*{(N)}+ w_{23} x™{(2)} + b_3)$

$04 =\sigma(w_{14} x{(1)}+ w_{24} x™{(2)} + b_4)$
$05 =\sigma(w_{15} x{(1)}+ w_{25} x*{(2)} + b_5)$
$06 = \sigma(w_{36}0_3 + w_{46} 0_4 + w_{56} 0_5 + b_6)$
$07 =\sigma(w_{37} 0_3 +w_{47} 0_4 + w_{57} 0_ 5+ b_7)$

First, it's important to understand the information flow: this network computes
two outputs from its inputs.

To simplify the figure, | have opted not to display the bias terms, though they
remain crucial components. Specifically, $b_3$ represents the bias term
associated with node 3.

If bias terms were not significant, the training process would naturally reduce
them to zero. Bias terms are essential as they enable the adjustment of the
decision boundary, allowing the model to learn more complex patterns that
weights alone cannot capture. By offering additional degrees of freedom, they
also contribute to faster convergence during training.

Forward Pass (Computation)

import numpy as np
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# Sigmoid function

def sigma(x):
return 1 / (1 + np.exp(-x))

# Input (two attributes) vector, one example of our trainig set
x1l, x2 = (0.5, 0.9)
# Initializing the weights of layers 2 and 3 to random values

wl3, wld, wl5, w23, w24, w25
w36, w46, w56, w37, w47, w57

np.random.uniform(low=-1, high=1, size=
np.random.uniform(low=-1, high=1, size=

# Initializing all 5 bias terms to random values

b3, b4, b5, b6, b7 = np.random.uniform(low=-1, high=1, size=5)

03 = sigma(wl3 * x1 + w23 * x2 + b3)
04 = sigma(wld * x1 + w24 * x2 + b4)
05 = sigma(wl5 * x1 + w25 * x2 + b5)
06 = sigma(w36 * 03 + w46 * 04 + w56 * 05 + b6)
07 = sigma(w37 * 03 + w47 * 04 + w57 * 05 + b7)

(06, 07)
(0.5027642045632127, 0.39398584263466113)

The example above illustrates the computation process with specific values.
Before training a neural network, it is standard practice to initialize the weights
and biases with random values. Gradient descent is then employed to iteratively
adjust these parameters, aiming to minimize the loss function.

Forward Pass (Computatation)

ONONONONONONONONONE
eNoNoNoNoNeNeNe RN
O0O0O00OO0
OO0 O0OO0OO0O0

sNeNeNeNeNeNeNeNoNoNoNo
sXeNoNeNeoNoNeNoNoXe!

Input Layer € Ri® Hidden Layer € R Hidden Layer € Ri® Hidden Layer € Ri® Hidden Layer € R® Hidden Layer € R® Output Layer €R!
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The information flow remains consistent even in more complex networks.
Networks with many layers are called deep neural networks (DNN).

Produced using NN-SVG, LeNail (2019).

Forward Pass (Computatation)

O
O O O O
O O O O
O O O O O O
O O~/ >0 O O O
O O< X0 >0 O O O 5
O O =0 O O O
O O O O O O
O- O O O O O
O O O O
o O O O
O

Input Layer € R1° Hidden Layer € Ri2 Hidden Layer € R!® Hidden Layer € R!° Hidden Layer €R® Hidden Layer €R® Output Layer € R!

Same network with bias terms shown.

Produced using NN-SVG, LeNail (2019).

Activation Function

e As will be discussed later, the training algorithm, known as
backpropagation, employs gradient descent, necessitating the calculation
of the partial derivatives of the loss function.

e The step function in the multilayer perceptron had to be replaced, as it
consists only of flat surfaces. Gradient descent cannot progress on flat
surfaces due to their zero derivative.

Activation Function

¢ Nonlinear activation functions are paramount because, without them,
multiple layers in the network would only compute a linear function of the

inputs.
e According to the Universal Approximation Theorem, sufficiently large deep

networks with nonlinear activation functions can approximate any
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continuous function. See Universal Approximation Theorem.

Sigmoid

import numpy as np
import matplotlib.pyplot as plt

# Sigmoid function
def sigmoid(x):
return 1 / (1 + np.exp(-x))

# Generate x values
X = np.linspace(-10, 10, 400)

# Compute y values for the sigmoid function
y = sigmoid(x)

plt.figure(figsize=(4,3))

plt.plot(x, y, color='black', linewidth=2)
plt.grid(True)

plt.show()

plt.show()

1.0 -

0.8 1

0.6

0.4

0.2 1

0.0 A

-10 -5 0 5 10

$$ \sigma(t) = \frac{1}{1 + e~{-t}} $$

Hyperbolic Tangent Function

# Compute y values for the hyperbolic tangent function
y = np.tanh(x)

plt.figure(figsize=(4,3))
plt.plot(x, y, color='black', linewidth=2)
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plt.grid(True)
plt.show()

1.0 4

0.5 1

0.0 1

—0.5 1

—1.0 1

-10 -5 0 5 10

Hyperbolic tangent ($\tanh(t) = 2 \sigma(2t) - 1$) is an S-shaped curve, similar to
the sigmoid function, producing output values ranging from -1 to 1. According to
Géron (2022), this range helps each layer’s output to be approximately centered
around O at the start of training, thereby accelerating convergence.

Rectified linear unit function (RelLU)

# Compute y values for the rectified linear unit function (RelLU) funct
y = np.maximum(@, x)

plt.figure(figsize=(4,3))

plt.plot(x, y, color='black', linewidth=2)
plt.grid(True)

plt.show()

10 A

-10 -5 0 5 10
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Although the ReLU function ($\mathrm{ReLU}(t) = \max(0, t)$) is not
differentiable at $t=0$ and has a derivative of 0 for $t<0$, it performs quite well
in practice and is computationally efficient. Consequently, it has become the
default activation function.

Common Activation Functions

from scipy.special import expit as sigmoid

def relu(z):
return np.maximum(Q, z)

def derivative(f, z, eps=0.000001):
return (f(z + eps) - f(z - eps))/(2 x eps)

max_z = 4.5
z = np.linspace(-max_z, max_z, 200)

plt.figure(figsize=(11, 3.1))

plt.subplot(121)

plt.plot([-max_z, @], [0, @], "r-", linewidth=2, label="Heaviside")
plt.plot(z, relu(z), "m-.", linewidth=2, label="RelLU")
plt.plot([0, @], [0, 1], "r-", linewidth=0.5)

plt.plot([0, max_z], [1, 1], "r-", linewidth=2)

plt.plot(z, sigmoid(z), "g—--", linewidth=2, label="Sigmoid")
plt.plot(z, np.tanh(z), "b-", linewidth=1, label="Tanh")
plt.grid(True)

plt.title("Activation functions")

plt.axis([-max_z, max_z, -1.65, 2.4])
plt.gca().set_yticks([-1, @, 1, 2])

plt.legend(loc="1lower right", fontsize=13)

plt.subplot(122)

plt.plot(z, derivative(np.sign, z),
plt.plot(0, @, "ro", markersize=5)
plt.plot(0, @, "rx", markersize=10)
plt.plot(z, derivative(sigmoid, z), "g—-'
plt.plot(z, derivative(np.tanh, z), "b-", linewidth=1, label="Tanh")
plt.plot([-max_z, @], [0, @], "m-.", linewidth=2)
(
(
(
(

r-", linewidth=2, label="Heavisid

, linewidth=2, 1label="Sigmoid

plt.plot([0, max_z], [1, 1], "m-.", linewidth=2)
plt.plot([0, 01, [0, 1], "m-.", linewidth=1.2)
plt.plot(o, 1, "mo", markersize=5)

plt.plot(0, 1, "mx", markersize=10)
plt.grid(True)

plt.title("Derivatives")

plt.axis([-max_z, max_z, -0.2, 1.2])

plt.show()
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Activation functions 1o Derivatives
/ .
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Géron (2022) — 10_neural_nets_with_keras.ipynb

Universal Approximation

Definition

The Universal Approximation Theorem (UAT) states that a feedforward neural
network with a single hidden layer containing a finite number of neurons can
approximate any continuous function on a compact subset of $\mathbb{R}"n$,
given appropriate weights and activation functions.

Cybenko (1989); Hornik, Stinchcombe, and White (1989)

In mathematical terms, a subset of $\mathbb{R}"n$ is considered compact if it is
both closed and bounded.

e Closed: A set is closed if it contains all its boundary points. In other words, it
includes its limit points or accumulation points.

e Bounded: A set is bounded if there exists a real number (M) such that the
distance between any two points in the set is less than $M$.

In the context of the universal approximation theorem, compactness ensures that
the function being approximated is defined on a finite and well-behaved region,
which is crucial for the theoretical guarantees provided by the theorem.

Single Hidden Layer
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Input Layer = Hidden Layer Output Layer

$$ v = \sum_{i=1}*N \alpha_i \sigma(w_{1,i} x + b_i) $$

Notation adapted to follow that of Cybenko (1989).

Effect of Varying w

def logistic(x, w, b):
"""Compute the logistic function with parameters w and b."""
return 1 / (1 + np.exp(-(w *x x + b)))

# Define a range for x values.
X = np.linspace(-10, 10, 400)

# Plot 1: Varying w (steepness) with b fixed at 0.
plt.figure(figsize=(6,4))

w_values = [0.5, 1, 2, 5] # different steepness values
b=0 # fixed bias
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for w in w_values:
plt.plot(x, logistic(x, w, b), label=f'w = {w}, b = {b}")
plt.title('Effect of Varying w (with b = 0)"')
plt.xlabel('x")
plt.ylabel(r'$\sigma(wx+b)$")
plt.legend()
plt.grid(True)

plt.show()

Effect of Varying w (with b = 0)

2025-03-10, 11:02

-100 -75 -50 -25 0.0 2.5 5.0 7.5 10.0

Sigmoid activation function: $\sigma(wx+b)$.

Effect of Varying b

# Plot 2: Varying b (horizontal shift) with w fixed at 1.
plt.figure(figsize=(6,4))

w=1 # fixed steepness

b_values = [-5, -2, 0, 2, 5] # different bias values

for b in b_values:
plt.plot(x, logistic(x, w, b), label=f'w = {w}, b = {b}")
plt.title('Effect of Varying b (with w = 1)"')
plt.xlabel('x")
plt.ylabel(r'$\sigma(wx+b)$")
plt.legend()
plt.grid(True)
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plt.show()

Effect of Varying b (with w = 1)

2025-03-10, 11:02

=E = = = =
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-100 -75 -50 -25 0.0 2.5 5.0 7.5 10.0

Sigmoid activation function: $\sigma(wx+b)$.

Effect of Varying w

def relu(x, w, b):
"""Compute the ReLU activation with parameters w and b."""
return np.maximum(@, w * x + b)

# Define a range for x values.
X = np.linspace(-10, 10, 400)

# Plot 1: Varying w (scaling) with b fixed at @.
plt.figure(figsize=(6,4))

w_values = [0.5, 1, 2, 5] # different scaling values
b=0 # fixed bias

for w in w_values:

plt.plot(x, relu(x, w, b), label=f'w = {w}, b = {b}")
plt.title('Effect of Varying w (with b = @) on ReLU Activation
plt.xlabel('x")
plt.ylabel('ReLU(wx+b)")
plt.legend()
plt.grid(True)

plt.show()

")
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Effect of Varying w (with b = 0) on RelLU Activation

07— w=05b=0
—— w=1b=
a0d w=2b=
— w=5b=
Q30 A
x
2
2
3 20
10 -
0..

1 1 1 1 1 1

-10.0 -75 =50 =25 0.0 2.5 5.0 7.5 10.0
X

ReLU activation function: np.maximum(®, w * X + b) .

Effect of Varying b

# Plot 2: Varying b (horizontal shift) with w fixed at 1.
plt.figure(figsize=(6,4))

w=1 # fixed scaling

b_values = [-5, -2, 0, 2, 5] # different bias values

for b in b_values:

plt.plot(x, relu(x, w, b), label=f'w = {w}, b = {b}"')
plt.title('Effect of Varying b (with w = 1) on RelLU Activation')
plt.xlabel('x")
plt.ylabel('ReLU(wx+b)")
plt.legend()
plt.grid(True)

plt.show()
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Effect of Varying b (with w = 1) on RelLU Activation
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ReLU activation function: np.maximum(®, w * X + b) .

Single Hidden Layer

10.0

Page 33 of 83



slides 2025-03-10, 11:02

Input Layer = Hidden Layer Output Layer

$$ v = \sum_{i=1}*N \alpha_i \sigma(w_{1,i} x + b_i) $$

See also: Chapter 4: A visual proof that neural nets can compute any function,
Neural Networks and Deep Learning by Michael Nielsen.

Demonstration with Code

# Defining the function to be approximated

def f(x):
return 2 x x*k%3 + 4 x xkk2 = 5 %x x + 1

# Generating a dataset, x in [-4,2), f(x) as above

X = 6 x np.random.rand(1000, 1) - 4
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y = f(X).flatten()

Increasing the Number of Neurons

from sklearn.neural_network import MLPRegressor
from sklearn.model_selection import train_test_split

X_train, X_valid, y_train, y_valid = train_test_split(X, y, test_size=

models = []

sizes = [1, 2, 5, 10, 100]

for i, n in enumerate(sizes):
models.append(MLPRegressor(hidden_layer_sizes=[n], max_iter=5000, ra
models[i].fit(X_train, y_train)

MLPRegressor is a multi-layer perceptron regressor from sklearn. Its default
activation functionis relu .

Increasing the Number of Neurons

# Create a colormap
colors = plt.colormaps['cool'].resampled(len(sizes))

X_valid = np.sort(X_valid,axis=0)
for i, n in enumerate(sizes):
y_pred = models[i].predict(X_valid)
plt.plot(X_valid, y_pred, "-", color=colors(i), label="Number of neu

y_true = f(X_valid)
plt.plot(X_valid, y_true, "r.", label='Actual')

plt.legend()
plt.show()

about:srcdoc Page 35 of 83


https://scikit-learn.org/dev/modules/generated/sklearn.neural_network.MLPRegressor.html

slides 2025-03-10, 11:02

20 1
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—20 - Number of neurons = 1
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——— Number of neurons = 5
=301 —— Number of neurons = 10
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In the example above, | retained only 10% of the data as the test set because the
function being approximated is straightforward and noise-free. This decision was
made to ensure that the true curve does not overshadow the other results.

Increasing the Number of Neurons

for i, n in enumerate(sizes):
plt.plot(models[i].loss_curve_, "-", color=colors(i), label="Number
plt.title('MLPRegressor Loss Curves')
plt.xlabel('Iterations")
plt.ylabel('Loss"')

plt.legend()
plt.show()
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MLPRegressor Loss Curves
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As expected, increasing neuron count reduces loss.

Universal Approximation

https://youtu.be/CqOfi41LfDw

This video effectively conveys the underlying intuition of the universal
approximation theorem. (18m 53s)

3500

The video effectively elucidates key concepts (terminology) in neural networks,
including nodes, layers, weights, and activation functions. It demonstrates the

process of summing activation outputs from a preceding layer, akin to the

aggregation of curves. Additionally, the video illustrates how scaling an output by
a weight not only alters the amplitude of a curve but also inverts its orientation
when the weight is negative. Moreover, it clearly depicts the function of bias

terms in vertically shifting the curve, contingent on the sign of the bias.

Let's Code
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Frameworks

PyTorch and TensorFlow are the leading platforms for deep learning.

e PyTorch has gained considerable traction in the research community.
Initially developed by Meta Al, it is now part of the Linux Foundation.

e TensorFlow, created by Google, is widely adopted in industry for deploying
models in production environments.

Keras

Keras is a high-level API designed to build, train, evaluate, and execute models
across various backends, including PyTorch, TensorFlow, and JAX, Google's high-
performance platform.

Keras is powerful enough for most projects.

As highlighted in previous Quotes of the Day, Francois Chollet, a Google engineer,
is the originator and one of the primary developers of the Keras project.

Fashion-MNIST dataset

"Fashion-MNIST is a dataset of Zalando's article images—consisting of a training
set of 60,000 examples and a test set of 10,000 examples. Each example is a
28x28 grayscale image, associated with a label from 10 classes.”

Attribution: Géron (2022) - 10_neural_nets_with_keras.ipynb

Loading

import tensorflow as tf
fashion_mnist = tf.keras.datasets.fashion_mnist.load_data()

(X_train_full, y_train_full), (X_test, y_test) = fashion_mnist

X_train_full[:-5000]1, y_train_fulll:-5000]
X_train_full[-5000:], y_train_full[-5000:]

X_train, y_train
X_valid, y_valid

Setting aside 5000 examples as a validation set.

Exploration
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X_train.shape

(55000, 28, 28)

X_train.dtype
dtype('uint8')

Transforming the pixel intensities from integers in the range 0 to 255 to floats in
the range 0 to 1.

X_train, X_valid, X_test = X_train / 255., X_valid / 255., X_test / 25

What are these Images Anyway?

plt.figure(figsize=(2, 2))
plt.imshow(X_train[@], cmap="binary")
plt.axis('off")

plt.show()

y_train

array([9, o0, 0, ..., 9, 0, 2], dtype=uint8)

Since the labels are integers, 0 to 9. Class names will become handy.

class_names = ["T-shirt/top", "Trouser", "Pullover", "Dress", "Coat",
"Sandal", "Shirt", "Sneaker", "Bag", "Ankle boot"]
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First 40 Images

n_rows = 4

n_cols = 10

plt.figure(figsize=(n_cols * 1.2, n_rows * 1.2))

for row in range(n_rows):

for col in range(n_cols):

index = n_cols * row + col
plt.subplot(n_rows, n_cols, index + 1)
plt.imshow(X_train[index], cmap="binary", interpolation="neare
plt.axis('off")
plt.title(class_names[y_train[index]])

plt.subplots_adjust(wspace=0.2, hspace=0.5)

plt.show()

Ankle boot T-shirt/top Tshlr‘t/top Dress  T-shirt/top Pullover Sneaker Pullover Sandal Sandal

T-shirt/top Ankle boot Sandal Sandal Sneaker Ankle boot Trouser Tshlrt/top Shirt Coat
| i 101

Dress Trouser Coat Coat Dress T- shlrt/top Pullover Coat Coat

TN & ﬂ ﬂ ‘l 2 M ﬂ .

Sandal Dress Shirt Shlrt Tshlrt/top Bag Sand | Pullover  Trouser Shirt

-~ 18  T&4<MNM

Creating a Model

tf.random.set_seed(42)
model = tf.keras.Sequential()
model.add(tf.keras.layers.InputLayer(shape=[28, 28]))
model.add(tf.keras.layers.Flatten())
model.add(tf.keras.layers.Dense(300, activation="relu"))
(
(

model.add(tf.keras.layers.Dense(100, activation="relu"))
model.add(tf.keras.layers.Dense(10, activation="softmax"))

model.summary()

model.summary()

Model: "sequential"
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Layer (type) Output Shape
flatten (Flatten) ( , 784)
dense (Dense) ( , 300)
dense_1 (Dense) ( , 100)
dense_2 (Dense) ( , 10)

Total params: 266,610 (1.02 MB)
Trainable params: 266,610 (1.02 MB)
Non-trainable params: 0 (0.00 B)

As observed, dense_3 has $235,500$ parameters, while $784 \times 300 =

235,200%.

Could you explain the origin of the additional parameters?

Similarly, dense_3 has $30,100$ parameters, while $300 \times 100 = 30,000%.

Can you explain why?

Creating a Model (Alternative)

# extra code — clear the session to reset the name counters

tf.keras.backend.clear_session()
tf.random.set_seed(42)

model = tf.keras.Sequentiall([

tf.keras.layers.Flatten(input_shape=[28, 28]),
tf.keras.layers.Dense (300, activation="relu"),
tf.keras.layers.Dense(100, activation="relu"),
tf.keras.layers.Dense(10, activation="softmax")

1)

/Users/turcotte/opt/micromamba/envs/ml4bio/ lib/python3.10/site—-package

s/keras/src/layers/reshaping/flatten.py:37: UserWarning:

Do not pass an " input_shape’/ input_dim® argument to a layer. When usin
g Sequential models, prefer using an “Input(shape)’ object as the first

layer in the model instead.

model.summary()

model.summary()
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Model: "sequential"

Layer (type) Output Shape
flatten (Flatten) ( , 784)
dense (Dense) ( , 300)
dense_1 (Dense) ( , 100)
dense_2 (Dense) ( , 10)

Total params: 266,610 (1.02 MB)
Trainable params: 266,610 (1.02 MB)
Non-trainable params: 0 (0.00 B)

Compiling the Model

model.compile(loss="sparse_categorical_crossentropy",
optimizer="sgd",
metrics=["accuracy"])

sparse_categorical_crossentropy is the appropriate function for a
multiclass classification problem (more later).

The method compile allows to set the loss function, as well as other
parameters. Keras then prepares the model for training.

Training the Model

history = model.fit(X_train, y_train, epochs=30,
validation_data=(X_valid, y_valid))

Epoch 1/30

1/1719 3:28 122ms/step - accuracy: 0.0625 - los
s: 2.648e00000000000C000000OCCOOOOOOOOCOOODOOOCDOOOOOOCCDOOOOOOECDCO0ODOOOD
goooooooooooooooooD  e63/1719 1s 812us/step — accura
cy: 0.2777 - loss: 2.1578 QO00000OOOOCOOOCOOOCOOODOOOODOOOOOOOOCDOOOEOOOO
gooooooooooOOOOOOOCDOOODOOODDOOOOOn 129/1719 1s 787

us/step — accuracy: 0.3854 - loss: 1.943300000000000000CCC0000OOOCCCOOOOOO
goooooooooooOODOOOODOOOOOOOOOOOOOOOOOCODOO00OnoOoooon 19571719

1s 779us/step — accuracy: 0.4432 - loss: 1.7913000000000C0000COD
ooooooooooooODOOODOOOOOOOODOOODOOOoOooooooooooooooooooooooononon 262/1719
1s 772us/step - accuracy: 0.4824 - loss: 1.6747000
gooooooooooOODOOODCOOOOOOOOCOOODOOOCDOOO0OoooDOo0DoOoEOEOO000O0EODDO000OnEDEOO

oooo 32971719 1s 768us/step — accuracy: 0.5108 - 1
oss: 1.583300000C0000000CCCOOOOOOOOCOOODOOOOCDOCOOOOOOECOOOOOOOEECOOODOOREEOO
gooooooooooOooOoooD 397/1719 1s 763us/step — accura
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cy: 0.5330 - loss: 1.50840000000000000000CCOOCCOOODOOOODOOOOCOOOOEOOOOEOOOD
gooooooooooOOODOOODOOOOOOOOOOOOOn 463/1719 0s 764u
s/step - accuracy: 0.5507 - loss: 1.4479000000000C0C00000OOCDOOODOOOCEOOO
ooooooooooooODOOoDOOOOOOOOOOOODOOOoOoonoOonoooon 529/1719
@s 765us/step — accuracy: 0.5656 - loss: 1.396500000000000000000
gooooooooooOODOOOODOOOOOODCDOOODOOODDOOO0OOooEOO0000oEODDOO00onooD 596/1719
@s 763us/step — accuracy: 0.5786 - loss: 1.3514000
gooooooooooOODOOODCOOOOOOOODOOOOOOOOOOOO0OOoOoooo0oOoonoooo0oOoOnooooononoonooa.
oooo 662/1719 @s 763us/step — accuracy: 0.5899 - 1
oss: 1.312e60000000000000000000000CODO0DOOODOOOOOOOOOODOOOOOOODOODOO0OOOOOnEGD
goooooooooooooooong 728/1719 @s 763us/step — accura
cy: ©0.5999 - loss: 1.278100000000C0C00000OCCCOOCOOOOOCCOOCOOOOODCOOCOOOOOEDCOO
ooooooooooooOODODOooOOOODOOODOOOOnOn 794/1719 0s 763u
s/step - accuracy: 0.6089 - loss: 1.24730000000000000000OCDCOOCOOOOOCOCOO
gooooooooooOODOOODCOOOOOOOOCDOOODOOODDOO0DOOoDODODO0n 85971719
0s 764us/step — accuracy: 0.6169 - loss: 1.21980000000000000000O0
goooooooooooOODOOOODOOOOOOOODOOOOOOOOOOoO0OOoOooooooOnnooooooonoono 925/1719
0s 764us/step — accuracy: 0.6244 - loss: 1.1943000
ooooooooooooODOOODOOOOOOODOOOOOOOOoOo00ooooooonooooooooonoooooonononona:
oooo 991/1719 0s 764us/step — accuracy: 0.6312 - 1
oss: 1l.l17e900000C000000DCCOOOOOOOCCOOODOOODCOOOOOOODDOOOOOODDDOOOOOOEEEDD
ooooooooooOooOO0O0001@056/1719 @s 765us/step — accura
cy: 0.6374 - loss: 1.1497000000000000C00OCCOOOCOOODOOODOOOOOOOOEOOOOEOOOD
gooooooooooOODOOODDOOOOOODDOOO0O01223/1719 0s 764u
s/step - accuracy: 0.6433 - loss: 1.1296000000000CC0000000OCCDOOOOOOOCOOOO
ooooooooooooODOOOODOOOOOOOODOOOODOOODODOO00000N0O0O0001189/1719
0s 764us/step — accuracy: 0.6487 - loss: 1l.1l1i0000000C000C0O00OCO0
ooooooooooooOODOOODOOOOOOODOOOOOOODoOoo0oOonoooo0o0nnooo00nnnnn1254/1719
@s 765us/step — accuracy: 0.6537 - loss: 1.0944000
gooooooooooOODOOODCOOOOOOOOCOOODOOOCDOOO0OoooDOo0DoOoEOEOO000O0EODDO000OnEDEOO
0o0001319/1719 @s 765us/step — accuracy: 0.6583 - 1
oss: 1.078e0000000000000OCDCOO0OODOODDOOOOOOOOOOOOOOOOOOOOOOOOOODOOOOOOODEG
goooooooooOOODOODD1386/1719 0@s 765us/step — accura
cy: 0.6628 — loss: 1l.0e6340000000000000000C000OCCOOOOOOODOOOOCOOOOEOOOOEOOOD
oooooooooooOOODOOODOOOOOOODOO0O0001453/1719 0s 764u
s/step - accuracy: 0.6670 - loss: 1.0491000000000CC00000OOOCDOOCODOOOCCOOO
ooooooooooooODOOoDOOOOOOOOOOOODOOOOOo000O0nonon001518/1719
@s 765us/step — accuracy: 0.6708 — loss: 1l.03e6e0000000000000000O0
gooooooooooOODOOOOCDOOOOOODCDOOODOOODDOOO0OOoDODOO00000EODDO000000001584/1719
@s 765us/step — accuracy: 0.6745 - loss: 1.0234000
gooooooooooOODOOODCOOOOOOOODOOOOOOOOOOOO0OOoOoooo0oOoonoooo0oOoOnooooononoonooa.
oooo1e51/1719 @s 765us/step — accuracy: 0.6781 - 1
oss: 1.011400000000000000000000000DO0ODOOOOOOOOOOOOODOOOOOOOOODOO0OOOOOnEnG
goooooooooooOoooOoo01714/1719 0s 766us/step — accura
cy: 0.6812 - loss: 1l.0oeoel000000CCCOCOODOOODCCOOCOOOOODDOOODOOODCOOOOOOOEDDOO
oooooooooooOOODOoOODOoOOOOOOODOO00001719/1719 2s 860u
s/step - accuracy: 0.6815 - loss: 0.9996 - val_accuracy: 0.8278 - val_l
0ss: 0.5071
Epoch 2/30

1/1719 18s 1lms/step - accuracy: 0.8750 - loss:
©0.471e0000000000C0000OOOCDOOOOOOODOOCODOOOOOOOOOOOCDOOOOOOODO0O0OOOOOEEOOO
poooooooooooo  e5/1719 1s 785us/step — accuracy:
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0.8374 - loss: 0@.49540000000000CCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOECDOODD
goooooooooOOOOOOOOOOOOOODODD 13071719 1s 783us/ste
p — accuracy: 0.8276 - loss: 0.5139000000000000000000000000C00CCOCOCOCOCOCOCO00
gooooooooOOOOOOOOOOOOOOOOOODOODD00OD00D00D 19671719
- 1s 776us/step — accuracy: 0.8238 — loss: ©.52120000000000000000000C0O
goooooooooOOOOOOOOOODOOOOOODDO0DDDD0D0DD0D00D0DDDD0D0D00D 26371719 —
1s 769us/step — accuracy: 0.8230 - loss: 0.522600000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
329/1719 1s 768us/step — accuracy: 0.8224 - loss:
0.52310000000000CC00000OOCDOOOOOOODCO0OODOOOCDOOOOOOEDDO0O0OOOCC0O0OODOOOEEOOO
poooooooooooo 39571719 1s 767us/step — accuracy:
0.8221 - loss: 0.523100000000000000000000CCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0OCO0O0O
gooooooooOOOOOOOOOOOOOOOODODD 462/1719 0s 764us/ste
p — accuracy: 0.8219 - loss: ©.522e0000000000000C0000OOCOCCOOOOOOOOCCOCOODOD
gooooooooooOOOOOOOOOOOOODOOOOODDODOODDODOD 52771719
= 0@s 765us/step — accuracy: 0.8219 - loss: ©.521900000000000000000OOOCOD
gooooooooOOOOOOOOOOODOODODODODDODDDDDDDDDD0DD0D0DDDDDD0DDD0D 59471719 —
0s 764us/step — accuracy: 0.8221 - loss: 0.521100000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED
661/1719 @s 762us/step — accuracy: 0.8224 - loss:
@.52e02000000CCCCDDCDDDDDDDDDDDDDDDDDDDDDCOCDCDCDCOCDCOCDDCODDDDDODDODOOODOOOODOODOO
poooooooooooo 728/1719 0s 76lus/step — accuracy:
0.8227 - loss: @.51940000000000CCOCOOOOOOCCOOOOOOOOCOOODOOOOCOCOOOOOOEECCOODD
gooooooooooOOOOOOOOOOOOODOOD 79571719 0s 760us/ste
p — accuracy: 0.8231 - loss: ©.518e000000000000CCC000OOOCCCOOOOOOOCCOCOOOD
goooooooooOOOOOOOOOOOOODODODDOODDDDODDDDDDD 86471719
— 0s 758us/step - accuracy: 0.8234 - loss: @.5177000000C0000C0000C0C0OOCOOO
gooooooooooOOOOOOOOOOOOOOOODO0DD0D0D00000D0D0D0DD0D0DD0D 93071719
@s 758us/step - accuracy: 0.8238 - loss: 0.516800000000
gooooooooOOOOOOOOOOODOODDODODDODDDDD0DDDDDDDDDDDDDDDDDDDDDDD0DDDDDDDEEED
997/1719 @s 758us/step — accuracy: 0.8241 - loss:
@0.51570000000000000000OOCDOOCOOOOODOOODOOOEDOCOOOOOOEDO0O0OOOOEOCOOOOOOEEOOO
pooooooooooOoD1lee4/1719 @s 757us/step — accuracy:
0.8245 - loss: ©.51470000000000CCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCOCOODD
gooooooooooOOOOOOOOOOODODDDD1130/1719 0s 758us/ste
p — accuracy: 0.8248 - loss: 0.513700000000000000000000000000C00CCCOCOCOCO00
gooooooooOOOOOOOOOOOOOOODOODOODD00ODDDDD001296/1719
- @s 758us/step - accuracy: 0.8251 - loss: ©.512700000000000000000OOCOO
goooooooooOOOOOOOOOOOOOOOODDOODDDD0D0DD00D0D00DDD0D000D0012263/1719 —
@s 758us/step — accuracy: 0.8254 - loss: 0.511900000000
goooooooooOOOOOOOOOOOOOOOODDOODDODDDDDDDDDDDDDDDDDDDDDDDDD0D0D0DDD0DD0D1
329/1719 @s 758us/step - accuracy: 0.8257 - loss:
@.51110000000000CCOOCOOOOOCDOOCOOOOODCOOODOOOCDOOOOOOCEDO0O0OOOCC0O0O0DOOOEEOOO
ooooooooooooo1396/1719 0s 758us/step - accuracy:
0.8260 - loss: 0.51@20000000000000000000C0CCCCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
goooooooooOOOOOOOOOOOOOODODD1461/1719 0s 759us/ste
p — accuracy: 0.8263 - loss: ©.50940000000000000C000OOOOCDCOOOOOOOOCOCOOD
gooooooooooOOOOOOOOOOOOOOOOOOODDDDODDDDD0D529/1719
= 0@s 758us/step - accuracy: 0.8265 - loss: 0.5085000000000000000000OCOD
gooooooooOOOOOOOOOOODOODODODODDO0DDDDDDDDD0DDDD0DDDD0D0D0D0D001598/1719 —
@s 757us/step - accuracy: 0.8268 - loss: 0.507700000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1
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666/1719 @s 756us/step — accuracy: 0.8271 - loss:
@.506c9o000000000000COC0ODOOCDOOOOOOODOOCODOOODDOOOOOOEDOOOOOOOE0OCOOOOOOEEC0n
gooooooooooooi719/1719 1s 811lus/step - accuracy:
0.8272 - loss: 0.5063 — val_accuracy: 0.8366 — val_loss: 0.4575
Epoch 3/30

1/1719 19s 12ms/step - accuracy: 0.9062 - loss:
@.43390000CCCOCCDDDDDDDDDDDDDDDDDDDDDDDDCODDDDDDDDDDDDODODDDODOOOODOODODODODO
goooooooooooo  e7/1719 1s 766us/step — accuracy:
0.8570 - loss: 0.428e0000000000000000000CCCOCCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
gooooooooOOOOOOOOOOOOOOODODD 13471719 1s 760Qus/ste
p — accuracy: 0.8486 - loss: ©.44720000000000000C000OOOOCCOCOOOOOOOECOCOOD
goooooooooooOOOOOOOOOOOODOOOOODOODODDDDDDD 20171719
= 1s 759us/step - accuracy: 0.8450 - loss: ©.455e000000000000000000OCOD
gooooooooOOOOOOOOOOODOODODODODDODDDDDDDDDDDDDDD0DDDDDD0DD0D 267/1719 —
1s 759us/step — accuracy: 0.8438 - loss: 0.457200000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED
334/1719 1s 757us/step - accuracy: 0.8429 - loss:
@.45850000000CCDDDDDDDDDDDDDDDDDDDDDDDDDCOCODDDDDDDCODDDDDODDODOOODOOOODODODOO
gooooooooooo0 4271719 0s 754us/step — accuracy:
0.8423 - loss: @.45940000000000CCOCOOOOOOCCOCOOOOOOOCOOODOOOOCOCOOOOOOEECCOODD
gooooooooooOOOOOOOOOOOOODODD 46971719 0s 754us/ste
p — accuracy: 0.8421 - loss: 0.45970000C00000000CCOCOOOOOCCCOOOOOOOCCOCOOOO
gooooooooOOOOOOOOOOOOOOODOODOODDOD0DDDDDOD 53771719
— 0s 752us/step — accuracy: 0.8420 - loss: ©.45970000000000C0000CCOOOOOOD
goooooooooOOOOOOOOOOOOOOOOODO0DD0D000000000D0D00D0D0DDDD 60471719
@s 751lus/step - accuracy: 0.8421 - loss: 0.459500000000
gooooooooOOOOOOOOOOODOODDODODDODDDDD0DDDDDDDDDDDDDDDDDDDDDDD0DDDDDDDEEED
671/1719 @s 751us/step - accuracy: 0.8422 - loss:
@.459200000CC0DDDDDDDDDDDDDDDDDDDDDDDDDDCODOCOCDCODOCODDOCODODODODODODOODOOOODOODOODDO
goooooooooooo 74e/1719 @s 749us/step — accuracy:
0.8424 - loss: ©.4589o000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDOODD
goooooooooOOOOOOOOOOOOOOODODD 80971719 0s 747us/ste
p — accuracy: 0.8425 - loss: 0.4587000000000000000000000000C0C0CCCOCOCOCOCOCO00
gooooooooOOOOOOOOOOOOOOOOOOOOODDO0ODDODDDD 87771719
- 0s 746us/step — accuracy: 0.8427 - loss: ©.4584000000000000000000OOCOD
goooooooooOOOOOOOOOODOOOOOODDO0DDDD0D0DD0D00D000DD0D0DDDD 946/1719 —
@s 745us/step — accuracy: 0.8428 - loss: 0.457900000000
goooooooooOOOOOOOOOOOOOOOODDOODDODDDDDDDDDDDDDDDDDDDDDDDDD0D0D0DDD0DD0D1
013/1719 @s 745us/step — accuracy: 0.8430 - loss:
@.457400000000CCO0ODDDDDDDDDDDDDDDDODDDDDCODDCDDDDDDDDDDODDODDDOOOOOODODOODO
goooooooooooo1e79/1719 0s 746bus/step - accuracy:
0.8432 - loss: 0.45690000000000000000000C0C0C0COCOCOCOCOCOCOCOCOCOCOOOOOOCOCOCOCOCOOCOCOCO0O0O
goooooooooOOOOOOOOOOOOOODDDD1247/1719 0s 746us/ste
p — accuracy: 0.8434 - loss: @.45630000000000000CC00OOOOOCDCOOOOOOOOCOCOOOD
goooooooooooOOOOOOOOOOOODOOOOODDDDODDDDD0D2205/717109
= 0s 746us/step — accuracy: 0.8435 - loss: ©.4558000000000000000000O0OCOD
gooooooooOOOOOOOOOOODOODODODODDODDDDDDDDDD0DDDD0DDDD0D0D0DD011282/1719 —
@s 746us/step — accuracy: 0.8437 - loss: 0.455400000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1

347/1719 @s 747us/step — accuracy: 0.8438 - loss:
@.454900000000000C00000OOCDOOOOOOODOOODOOOEOOOOOOODDDO00OOOOD0O000OOOEEOOO
gooooooooooOoo1413/1719 0s 748us/step - accuracy:
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0.8440 - loss: @.45450000000000CCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDOODD
goooooooooooOODOOOOOOOODOOOODO1478/1719 0s 749us/ste
p — accuracy: 0.8441 - loss: 0.454e000000000000CCCO00OOOOCCCOOODOOODCOCOODD
ooooooooooooOODOOoOooOOOOOOOODOOODO0nnOno00n0n1544/1719
- @s 750Qus/step — accuracy: 0.8443 - loss: ©.4535000000000000000000OCOO
gooooooooooOODOOOOCOOOOOOODDOOODOOOOCOO0OOODDDO0000000O000016112/1719 —
@s 750us/step — accuracy: 0.8444 - loss: 0.453100000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
678/1719 @s 750us/step — accuracy: 0.8445 - loss:
@.4527000000000000000000000O0OCOOOOCOOOOCOOOOCOOOODODOEO0OOOoO0OOOoO0OOOoO0OoOOE0OnOG
pooooooooooooi719/1719 1s 804us/step — accuracy:
0.8446 — loss: 0.4524 - val_accuracy: 0.8434 - val_loss: 0.4348
Epoch 4/30

1/1719 18s 1lms/step - accuracy: 0.9062 - loss:
0.4343000000000000000000CDOOOOOOODOOODOOOEEOO0O0OOOEDO000OOOD0O000OOOEEOOO
goooooooooooo  e7/1719 1s 762us/step — accuracy:
0.8698 - loss: ©.39470000000000OCCOCOOOOOOOCOCOOOOOOOCOOOOOOOOCOCOOOOOOEECCOODD
gooooooooooOOOOOOODOOODOOODD 13571719 1s 751us/ste
p — accuracy: 0.8616 — loss: 0.41330000C00000000CCO0OOOOCCCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOODOOODOOOOOOO0nnnO 205/1719
— 1s 741lus/step - accuracy: 0.8573 - loss: ©@.4214000000000000000000OCOO
goooooooooooODOOODOOOOOOOOOOOODOOOoOOOooOooooooonooonoooon 276/1719
1s 733us/step - accuracy: 0.8555 - loss: ©0.423900000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
346/1719 1s 730us/step - accuracy: 0.8543 - loss:
@.425300000000000000000000OOOCOOOOCOOOOEOOOOED0OOODOOOEOOODOOOOEOOOOEOOOOEOn0G
goooooooooooo 41471719 @s 731us/step — accuracy:
0.8535 - loss: 0@.42630000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDOODD
goooooooooooOODOOOOOOOOOOOOODD 482/1719 0s 732us/ste
p — accuracy: 0.8531 - loss: 0.4267000000000000CC0000OOOCCCOOOOOOOCCOCOOOD
ooooooooooooOODOOoOoDOOOODOOODOOODOOOOoOoonnnO 55/1719
= 0s 734us/step — accuracy: 0.8528 - loss: ©.427e00000000000000000OOOOD
gooooooooooOODOOODCOOOOOOODDOOODOOODOCOO0OOODDODOO0nOoooEO0o00 616/1719 —
@s 737us/step — accuracy: 0.8527 - loss: 0.426900000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
684/1719 @s 738us/step — accuracy: 0.8528 - loss:
@.4267000000000000000000000OOCOOOOCOOOOCOOOOCOOOODOOODOOOODO0OOOO0OOOO0OOOOE0O0OG
goooooooooooo 75271719 0@s 739us/step — accuracy:
0.8528 - loss: 0@.42e660000000000C0000000CCOOOOOOOOCOOODOOOCCOOOOOOECOCODD
ooooooooooooOODOOOoDOOOODOOOODD 821/1719 0s 738us/ste
p — accuracy: 0.8528 - loss: @.42650000000000000C000000OCCCOOOOOOOOECOCOOD
gooooooooooOODOOODOOOODOOODDOOODOOOECDOO0nnn 890/1719
= 0s 738us/step - accuracy: 0.8529 - loss: 0.426400000000000000000000C0OO
goooooooooooODOOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooonoOoOooooonD 957/1719 —
@s 738us/step — accuracy: 0.8530 - loss: 0.426100000000
ooooooooooooODOOODOOOOOOOODOOODOOOoOoooooooooooononoooooooooooooononnonona
025/1719 @s 738us/step - accuracy: 0.8531 - loss:
@0.425700000000000000000O0CDOOOOOOODOOCODOOOEOO0O0OOOEEDO000OOOD0O000OOOEEOOO
oooooooooooOo01e92/1719 0s 739us/step - accuracy:
0.8533 - loss: 0@.42530000000000CC000OOOOCCOCOOOOOOOCOOOOOOOEEOCOOOOOOEECCODD
gooooooooooOOOOOOODDOOODOOODO2159/1719 0s 740us/ste
p — accuracy: 0.8534 - loss: ©.42490000C00000000CCOOOOOOOCOOOOOOOCCOCOOOD
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gooooooooOOOOOOOOOOOOOOOOOODOODD00ODDDDD0D1225/71719
= 0s 74lus/step — accuracy: 0.8535 — loss: ©.42450000000000000000000C0O
goooooooooOOOOOOOOOOOOOOOODDODDDDD0D0DD0DDDD00DDD0D000D0012292/2719 —
@s 743us/step — accuracy: 0.8536 — loss: 0.424200000000
goooooooooOOOOOOOOOOOOOOOODDOODDODDDDDDDDDDDDDDDDDDDDDDDDD0D0D0DDD0DD0D1
356/1719 0s 744us/step - accuracy: 0.8537 - loss:
@.42390000CCCOCCDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDODODDDODOODODODOODODODODO
gooooooooooOoo142e/1719 0s 746bus/step - accuracy:
0.8538 - loss: 0.4235000000000000000000000000000OCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O0O0O
gooooooooOOOOOOOOOOOODODDDDD2485/1719 0s 747us/ste
p — accuracy: 0.8539 - loss: ©.42320000000000000C0000OOOCCOOOOOOOOECOCOOD
gooooooooooOOOOOOOOOOOOODOOOOODDDDODDDDDDD549/1719
= 0s 749us/step - accuracy: 0.8540 - loss: ©.42280000000000000000000COD
gooooooooOOOOOOOOOOODOODODODODDODDDDDDDDDDDDDDD0DDDDDD0D0D0D1614/1719 —
@s 750us/step — accuracy: 0.8541 - loss: 0.422500000000
goooooooooOOOOOOOOOOOOOOODOODOOOD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D00D0D1
679/1719 @s 751lus/step - accuracy: 0.8542 - loss:
@.4222000000CCCCCCCDDDDCDDDDDDDDDDDDDDDDDCDDDDDDDDDDDDDDODDDODOOODOOOODOODO
pooooooooooooa719/1719 1s 810@us/step — accuracy:
0.8543 - loss: 0.4220 - val_accuracy: 0.8488 - val_loss: 0.4176
Epoch 5/30

1/1719 18s 11lms/step - accuracy: 0.8438 - loss:
@.434100000CCCCCDCDDDDDDDDDDDDDDDDDDDDDDCODDDDDDDDDDDDDODDDDODODODODODODODODODODO
goooooooooooo  e5/1719 1s 784us/step - accuracy:
0.8733 - loss: ©.37le00C000000CCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOOODO
gooooooooooOOOOOOOOOOOOODODD 13171719 1s 774us/ste
p — accuracy: 0.8668 - loss: 0.3883000000000000000000000000C0C0C0CCCOCOCOCOCOCO
goooooooooOOOOOOOOOOOOOOOOOOOODDD0O0D00E0D 19771719
- 1s 770Qus/step — accuracy: 0.8629 - loss: ©.39690000000000000000OODOOD
goooooooooOOOOOOOOOOOOOOOODDODDDDD0D0DDD0D0D00DDD0D0DDD0D 26471719 —
1s 767us/step — accuracy: 0.8615 — loss: ©0.399600000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
330/1719 1s 767us/step — accuracy: 0.8606 - loss:
o.4e120000CCCOCCODDDDDDCDDDDDCCDDCCDDDCODCOCODDDDDDDDDDDODODDODOOOOOODODOODO
goooooooooooo 397/1719 1s 765us/step — accuracy:
0.8600 - loss: 0.40240000000000000000000CCCCOCOCOCOCOCOOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0OCO0O0O
gooooooooOoOOOOOOOOOOOOOODODD 46371719 0s 765us/ste
p — accuracy: 0.8597 - loss: 0.4@3e0000000000000CCOCOOOOOOCCOOOOOOOOEOCOOD
gooooooooooOOOOOOOOOOOOODOOOOODOODODDDDDOD 52971719
= 0s 764us/step — accuracy: 0.8596 - loss: 0.4034000000000000000000OCOD
gooooooooOOOOOOOOOOODOODODODODDODDDDDDDDDD0DDDD0DDDDDD0D0D0D 59571719 —
@s 764us/step — accuracy: 0.8595 - loss: 0.403600000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED
662/1719 @s 763us/step - accuracy: 0.8596 - loss:
@.4e3500000000DDDDDDDDDDDDDDDDCDDDDDDDDCOCCOCDCDCOCOOCODOOODDDODODODOOOOOOODOOOO
goooooooooooo 72771719 0s 763us/step — accuracy:
0.8598 - loss: 0@.4@350000000000CC0C00OOOOCCOOOOOOOOCOOOOOOOECCOOOOOOEECCODD
gooooooooooOOOOOOOOOOOODODOOD 79371719 0s 763us/ste
p — accuracy: 0.8599 - loss: 0.4@35000000000000CC0000OOCCOOOOOOOCCOCOOOD
goooooooooOOOOOOOOOOOOOODODDOODDDDODDDDDDD 85971719
— 0s 763us/step — accuracy: 0.8600 - loss: ©.4034000000C0000C0000COCOOODOON
goooooooooOOOOOOOOOOOOOOOOODOODDDD0D00000D0D0D00D0D0DDDD 92671719
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@s 763us/step — accuracy: 0.8601 — loss: 0.403300000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
991/1719 @s 764us/step — accuracy: 0.8602 - loss:
0.4e310000000000CCOOOOOOOCDOOOOOOODOOODOOOCDOOOOOOOCDDO0O0OOOCE0O0OODOOOEEO0O
goooooooooOOoD1e56/1719 0s 764us/step - accuracy:
0.8603 - loss: 0.402800000000000000000000CCOCCOCOCOCOCOCOCOCOCOCOOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
gooooooooOOOOOOOOOOOOOOODODD1122/71719 0s 764us/ste
p — accuracy: 0.8605 - loss: 0.4@250000000000000C000000OCOCCOOOOOOOOEOCOOD
goooooooooooOOOOOOOOOOOODOOOOODDODODDDDDD02189/1719
= 0s 764us/step — accuracy: 0.8606 — loss: ©.402100000000000000000OOCOD
gooooooooOOOOOOOODOOOODODODODDODDDDDDDDDDDDDDD0DDDDDD0DDDD1255/1719 —
@s 764us/step — accuracy: 0.8607 — loss: 0.401900000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1
321/1719 @s 764us/step — accuracy: 0.8608 - loss:
o.4ole00000DDDDDDDDDDDDDDDDDDDCDDDDCCCDCOCOCCOCCOCOCOCOCOCOCOOOOODODOOODOOOODOOOODOODOO
ooooooooooooo1388/1719 0s 763us/step — accuracy:
0.8609 - loss: ©.40130000000000CCOCOOOOOOCCCOOOOOOOCOOOOOOOOCOCOODOOOOEECCOODD
gooooooooooOOOOOOOOOOODODDDD2456/1719 0s 762us/ste
p — accuracy: 0.8611 - loss: ©.4e@le0000CC0000000CCOOOOOOOCCOOOOOOOCCOCOOOO
gooooooooOOOOOOOOOOOOOODODODDOODDDDDDDDDDDD524/71719
— 0s 76lus/step — accuracy: 0.8612 - loss: ©.40e7000000C0000C0000CCOOOOOON
goooooooooOOOOOOOOOOOOOOO0ODD0DDDD0D00000D0D0D0DD0D0D00D1592/1719
@s 760us/step — accuracy: 0.8613 - loss: 0.400400000000
gooooooooooOOOOOOOOOOOOOOOODOODOODODDDDDDDDDODDDD0D0DDDDDD0D0D0D0D0D0D1
659/1719 0s 760us/step — accuracy: 0.8614 - loss:
0.4e0l10000000000CCDOOOOOOODOOOOOOODOOODOOODDOOOOOOCDOOOOOOOEOCOODOOOEECOO
goooooooooooo1719/1719 1s 816us/step — accuracy:
0.8615 — loss: 0.3999 - val_accuracy: 0.8532 — val_loss: 0.4043
Epoch 6/30

1/1719 18s 1lms/step — accuracy: 0.8438 - loss:
0.41870000000000CCOOOOOOOCDOOCOOOOODCOOCOOOOOCDOOOOOOCEDOOOOOOCC00OODOOOEEOOO
goooooooooooo  e6/1719 1s 774us/step — accuracy:
0.8770 - loss: 0.353300000000000000000000C0C0COCOCOCOCOCOCOCOCOCOCOOOCOCOCOCOCOCOCOCOCOCO0OCO0O0O
gooooooooOOOOOOOOOOOOOOODODD 13271719 1s 767us/ste
p — accuracy: 0.8708 - loss: ©.370l1000000000000CCCO0OOOOOCCOOOOOOOOCCOCOOD
gooooooooooOOOOOOOOOOOOODOOOOODODDODDDODOD 19971719
= 1s 763us/step — accuracy: 0.8675 — loss: ©.378500000000000000000OOCOD
gooooooooOOOOOOOOOOODOODDODODDODDDDDDDDDDDDD0D0DDDDDD0DDD0D 26471719 —
1s 765us/step — accuracy: 0.8664 - loss: ©0.381100000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED
331/1719 1s 763us/step — accuracy: 0.8655 - loss:
©.382800000CCCCDDDDDDDDCDDDDDDCDDDDDDDDCOCCOCCDDDCODDDDODDDODODODOOODOOOODOODOO
poooooooooooo 397/1719 1s 764us/step — accuracy:
0.8651 - loss: ©.384e0000000000CCOCOOOODOOCCOOOOOOOCOOODOOOOCOCOOOOOOEECCODD
gooooooooooOOOOOOOOOOOOODODD 462/1719 0s 765us/ste
p — accuracy: 0.8649 - loss: 0.3848000000000000CCCO0OOOOCCCOOOOOOOCCOCOOOD
gooooooooOOOOOOOOOOOOOOODOODOODDDDDDDDDDOD 52771719
— 0s 766us/step — accuracy: 0.8648 - loss: ©.385200000000000000C0000CCOO
gooooooooooOOOOOOOOOOOOOOOODOO0DDD0000000D0D0D00D0D0D00D 59171719
@s 768us/step — accuracy: 0.8648 — loss: 0.385400000000
gooooooooOOOOOOOOOOODOODDODODDODDDDD0DDDDDDDDDDDDDDDDDDDDDDD0DDDDDDDEEED
657/1719 0s 768us/step — accuracy: 0.8649 - loss:
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0.38540000000000000000000CODDOOOOCOCOODDOOOOOCOCOCODOOOOOCOOCODDOOOOCOCOCODDOO0O000G

goooooooooooo 72471719 0s 767us/step — accuracy:
0.8650 - loss: 0.385400000000000000000000C0C0CCOCOCOCOCOCOCOCOCOCOCOCOCOOCOCOCOCOCOCOCOCOCOCO0O0O
goooooooooOOOOOOOOOOOOOODODD 79071719 0s 766us/ste

p — accuracy: 0.8651 - loss: ©.38540000000000000C0000OOOCCOOOOOOOOCCOCOOD
gooooooooooOODOOODCOOODOOODDOOODOOODEDOO0nnn 854/1719
— 0s 768us/step — accuracy: 0.8652 - loss: 0.38550000000000000000000OC0O
goooooooooooODOOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooonoOoOooooon 918/1719 —
@s 770us/step — accuracy: 0.8653 - loss: 0.385500000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
981/1719 @s 772us/step - accuracy: 0.8654 - loss:
0.385300000000000C0000000CDOOOOOOODOOODOOOEEOOO0OOOEDDO00OOOoEO00nOOoEEOOO
ooooooooooOOD1e46/1719 0s 772us/step - accuracy:
0.8655 - loss: 0.38510000000000CCOC00OOOOCCOCOOOOOOOCOOOOOOOOCOCOOOOOOEECCODD
goooooooooooOOOOOODOOODOOODDO1119/71719 0s 773us/ste
p — accuracy: 0.8657 - loss: 0.3848000000000000CCCO00OOOOCCCOOOOOOOCCOCOOOD
goooooooooooOODOOOODOOOOOOOODOOODOOOODOO000001172/1719
— 0s 775us/step — accuracy: 0.8658 - loss: 0.384500000000000000000OOOOD
ooooooooooooODOOODOOOOOOOOODOOODOOOnOoOo0000nnooo0000nnon0n1234/1719
@s 777us/step — accuracy: 0.8658 - loss: 0.384300000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,
300/1719 0s 776us/step — accuracy: 0.8659 - loss:
0.38410000000000000000000DDOOOOOODOOOOOOOOOOOOOOOOoOEOOO0nOnOoooonnnoononaan
pooooooooooOoD13e6/1719 @s 775us/step — accuracy:
0.8659 - loss: ©.3839000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDOODD
ooooooooooooOODOOOOOOOOOOOODO1433/1719 0s 774us/ste
p — accuracy: 0.8660 — loss: 0.383c000000000000CCC0C00OOOCCOOOODOOODCOCOODOD
ooooooooooooOODOOoOoooOOODOOODOOODOOnOOOo00nn1500/1719
= 0s 773us/step — accuracy: 0.8661 — loss: ©.383300000000000000000OOOOOD
gooooooooooOODOOODCOOOOOOODDOOODOOODCOO0O00DDDO000000000001568/1719 ——
@s 772us/step — accuracy: 0.8662 — loss: 0.383100000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
636/1719 @s 771us/step — accuracy: 0.8663 - loss:
0.3829000000000000000000ODDOOOOODDOOOOONOOOOO0OOOnoooonononoooononoonnnn
goooooooooooo1l7e3/1719 0@s 770us/step — accuracy:
0.8664 - loss: ©.38270000000000CCCOC00OOOOCCOOOOOOOOCOOODOOOCCOOOOOOECOCODD
ooooooooooooOOOOOOOOOODOOOOO1719/1719 1s 825us/ste
p — accuracy: 0.8664 - loss: 0.3826 - val_accuracy: 0.8572 - val_loss:
0.3937
Epoch 7/30

1/1719 19s 11lms/step - accuracy: 0.8438 - loss:
0.40980000000000C0CDCO00OOOODODOOOOOOODOOODOOODOOOOOOODDDO0OOOOOODDO0O0DOOOEDOOO
poooooooooooo  e8/1719 1s 756us/step — accuracy:
0.8832 - loss: ©.338o0000000000OCCOCOOOOOOOCOCOOOOOOOCOOOOOOOOCOCOOOOOOEECCODD
gooooooooooOOOOOOOCDOOODOOODD 13471719 1s 757us/ste
p — accuracy: 0.8771 - loss: ©.3551000000000000CC0000OOCCCOOOOOOOCCOCOOOD
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOO0nnnO 201/1719
= 1s 754us/step - accuracy: 0.8737 - loss: 0.3632000000000000000000OCOO
goooooooooooODOOODOOOOOOOOOOOODOOOoOOOoooooooooonooonoooon 269/1719
1s 751us/step - accuracy: 0.8724 - loss: 0.366000000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
336/1719 1s 752us/step - accuracy: 0.8714 - loss:
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0.367700000000000000000C0CCODOOOOOCOCOODOOOOCOCOOODOOOOOCOOCODDOOOOOCOCOCODDOO0O000G

QoooooooooooO 4e2/1719 0s 754us/step — accuracy:
0.8709 - loss: 0.369e0000000000000000000C0C0COCOCOCOCOCOCOCOCOCOCOOOOOCOOCOOCOCOCOCOCOCOCO0O0O
goooooooooOOOOOOOOOOOOOOOODD 47071719 0s 752us/ste

p — accuracy: 0.8706 - loss: ©.36970000000000000CC000OOOOCDCOOOOOOOOCCOCOOOD
gooooooooooOODOOODOOOODOOODDOOODOOOODDOO0nOn 537/1719
= 0s 753us/step - accuracy: 0.8704 - loss: ©.3702000000000000000000OCOD
ooooooooooooODOOOODOOOOOOOOOOOODOOOOOOO000O0OoOooo0noOnonoooonD 606/1719 —
@s 750us/step — accuracy: 0.8704 - loss: 0.370400000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
675/1719 @s 748us/step — accuracy: 0.8704 - loss:
0.370400000000000000000OCDOOOOOOODOOCODOOODOOOOOOODDDO0O0OOOOD0O0O0DOOOEEOOO
poooooooooooo 74371719 0s 747us/step — accuracy:
0.8705 - loss: @.37e@50000000000CCOCOOOOOOCCOCOOOOOOOCOOOOOOODCOCOOOOOOEECCODD
goooooooooooOOOOOODOOODOOODD 812/1719 0s 746us/ste
p — accuracy: 0.8706 — loss: 0.37050000C00000000CCO00OOOCCCOOOOOOOCCOCOOOD
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOOOnnnO 879/1719
— 0s 746us/step — accuracy: 0.8706 - loss: @.37ee000000C0000C0OOCDOOODOOD
goooooooooooODOOODOOOOOOOOOOOODOOOOOOo00ooooooonooonoooon 947/1719
@s 745us/step - accuracy: 0.8707 — loss: 0.370600000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,
015/1719 @s 745us/step - accuracy: 0.8708 - loss:
©0.37e040000000000CCOCOCOOOOOCDOOOOOOODOOCODOOODDCOOOOOOCDOOOOOOOECOCOODOOOEECON
pooooooooooOoD1e83/1719 @s 745us/step — accuracy:
0.8709 - loss: ©.37@20000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDOODD
goooooooooooOODOOOODOOOOOOOOODO1152/1719 0s 744us/ste
p — accuracy: 0.8710 - loss: 0.370e0000C00000000CCOCOOOOOOCCOOODOOODCOCOODOD
ooooooooooooO0DOOOoOOOOOOOODDO0000nOOn0000n1220/1719
= 0s 744us/step — accuracy: 0.8710 - loss: ©.369700000000000000000OOOOD
gooooooooooOODOOODCOOOOOOOCDOOODOOODCOO0O00DDDO000000000001288/1719 —
@s 743us/step — accuracy: 0.8711 - loss: 0.369600000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
355/1719 0s 744us/step - accuracy: 0.8711 - loss:
0.36940000000000CCOOOOOOOCDOOODOOODOOCODOOOCDOOOOOOOCDDOOOOOOCCDOODOOOEEOOO
gooooooooooOoo1423/1719 0s 743us/step - accuracy:
0.8712 - loss: 0.36910000000000CCOCOOOOOOCCOOOOOOOOCOOODOOOCCOOOOOOECOCOODD
ooooooooooooOODOOOOOOOO0OO0ONDO1489/1719 0s 744us/ste
p — accuracy: 0.8712 - loss: ©.36890000000000000CCOCOOOODODCDCOOOOOOODCCOCOODD
gooooooooooOODOOODOOOODOOODDOOODOOODOEODO000001557/1719
= 0s 744us/step - accuracy: 0.8713 - loss: ©.368700000000000000000OOCOD
ooooooooooooODOOOODOOOOOOOOOOOODOOOOOO00000OoO0000000nn0001625/1719 —
0s 744us/step - accuracy: 0.8713 - loss: 0.363500000000
ooooooooooooODOOODOOOOOOOODOOODOOOoOoooooooooooononoooooooooooooononnonona

693/1719 @s 743us/step - accuracy: 0.8714 - loss:
0.368300000000000C000000OCDOOOOOOODOOODOOOEOOOOOOODDDO00OOOOD0O000OOOEEOOO
gooooooooooooa719/1719 1s 799us/step — accuracy:
0.8714 - loss: 0.3682 — val_accuracy: 0.8584 - val_loss: 0.3851
Epoch 8/30

1/1719 18s 11lms/step - accuracy: 0.8438 - loss:
0.40520000000000000000000D00000O0ODOOOOOOOOOOOOOOODOOOOnOnOoooononooonnan
goooooooooooo  e9/1719 1s 743us/step — accuracy:

0.8875 - loss: ©.327100000000000000000DOOOOCCOCODDOOOCOCOCOCODODOOOOCOCOCOCODODOOOCO00
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goooooooooooOOOOOoDOOOODOOOODD 136/1719 1s 748us/ste
p — accuracy: 0.8820 - loss: ©.34280000000000000CCO00OOOOCCOOOOOOOOCCOCOOD
gooooooooooOODOOODOOOODOOODDOOODOOODEDOO0nOn 20571719
= 1s 743us/step - accuracy: 0.8792 - loss: 0.350e6000000000000CC0000OOCD
goooooooooooODOOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooonooooooonD 273/1719 —
1s 742us/step - accuracy: 0.8779 - loss: ©0.353300000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
341/1719 1s 742us/step - accuracy: 0.8769 - loss:
0.3550000000000000000000CDOOOOOOODOOODOOOEEOOO0OOODDO00OOOOE0O000OOoEEOOO
poooooooooooo 4e9/1719 0s 74lus/step - accuracy:
0.8763 - loss: 0.35640000000000CC00000OOCCOOOOOOOOCOOOOOOODCOCOOOOOOEECCODD
gooooooooooOOOOOOODOOODOOODD 47871719 0s 739us/ste
p — accuracy: 0.8760 - loss: ©.3572000000000000CCCO00OOOCCCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOOonnn 547/1719
— 0s 738us/step - accuracy: 0.8757 - loss: @.357700000000000000000OOOOO
ooooooooooooODOOODOOOOOOOOOOOODOOOoOoOo0oooooooonooonoooon 616/1719
@s 737us/step - accuracy: 0.8756 — loss: 0.357800000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
685/1719 @s 737us/step — accuracy: 0.8756 - loss:
@0.357800000000000000D0OODOOOOOOOOEOOOOEOOOOED0OOODOOOEOOODOOOOEOOOOEOOOOE0On0G
goooooooooooo 75271719 @s 737us/step — accuracy:
0.8756 - loss: @.3579000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDOODD
goooooooooooOODOOOOOOOODOOOODD 821/1719 0s 737us/ste
p — accuracy: 0.8756 — loss: 0.358e0000000000000CCCOCO0OOOOCCOCOOODOOODCOCOODD
ooooooooooooOODOOOooOOOODOOODOOODOOOoOoOoonnn 890/1719
= 0s 737us/step — accuracy: 0.8755 - loss: ©.3581000000000000000000OOOOD
gooooooooooOODOOOOCOOOOOOODDOOODOOODOCOOOOOODEODOO0DOoooOEOO0n 957/1719 ——
@s 738us/step — accuracy: 0.8755 - loss: 0.358100000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
026/1719 @s 738us/step - accuracy: 0.8755 - loss:
0.358eo0000000000CCOO0OOOOCDOOOOOOODOOCODOOOCDOCOOOOOCDDO0O0OOOCE0O0OODOOOEEO0O
gooooooooooOooD1e95/1719 0s 737us/step - accuracy:
0.8756 — loss: ©.35780000000000CCOCOO0OOOOCCOOOOOOOOCOOODOOOCCOOOOOOECCCOODD
ooooooooooooOOOOOOOOOODOOOODO1164/1719 0s 737us/ste
p — accuracy: 0.8756 — loss: ©.35750000000000000C00000OOCCOOOOOOOOECOCOOD
gooooooooooOODOOODCOOOODOOODDOOODOOODDDO000001232/1719
= 0@s 737us/step - accuracy: 0.8757 - loss: ©.35740000000000000000000C0OO
ooooooooooooODOOODOOOOOOOOOOOODOOOOCOO0000O00OoO000000no0001299/1719 —
@s 738us/step — accuracy: 0.8757 - loss: 0.357200000000
ooooooooooooODOOODOOOOOOOODOOODOOOoOoooooooooooononoooooooooooooononnonona
367/1719 @s 738us/step - accuracy: 0.8757 - loss:
0.357o0000000000C0C00000OOCDOOOOOOODOOODOOOEDOO0OOOOODDDO000OOOD0O000OOOEEOOO
ooooooooooOOoO01436/1719 0s 737us/step - accuracy:
0.8757 - loss: 0.35680000000000CC0C000OOOCCOOOOOOOOCOOOOOOODCOCOOOOOOEECCODD
gooooooooooOOOOOODCDOOODOODDDO1505/1719 0s 737us/ste
p — accuracy: 0.8758 - loss: 0.356e6000000000000CC000000OCCOOOOOOOCCOCOOOD
goooooooooooOODOOOODOOOOOOOODOOODOOOODOO000001574/1719
— 0s 736us/step — accuracy: 0.8758 - loss: 0@.3564000000000000000000OOOD
ooooooooooooODOOODOOOOOOOOOOOODOOOnOOoo0000nnooo0000nnon001643/1719
@s 736us/step — accuracy: 0.8758 - loss: 0.356200000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,
712/1719 0s 736us/step — accuracy: 0.8758 - loss:
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0.35600000000000000000000CODDOOOOCOCOODOOOOOCOCOCODOOOOOCO0OCODDOO0OO0COCO0ODDOO0O000G

poooooooooooo1719/1719 1s 791us/step - accuracy:
0.8758 — loss: 0.3560 - val_accuracy: 0.8604 - val_loss: 0.3788
Epoch 9/30

1/1719 18s 1lms/step - accuracy: 0.8750 - loss:
0.384100000000000C00000O0OCDOOOOOOODOOCOOOOOEDOO0OOOOOED0O00OOOOE0O000OOOEEOOO
poooooooooooo  e6/1719 1s 770us/step — accuracy:
0.8905 - loss: ©.31440000000000CCCOOOOOOCCCOOOOOOOCOOOOOOOCCOCOOOOOOEECCOODD
gooooooooooOOOOOOODOOODOOOOD 13271719 1s 766us/ste

p — accuracy: 0.8845 - loss: ©.329900000C0000000CCOOOOOOOCOOOOOOOCCOCOOOD
goooooooooooOODOOOODOOOOOOOOOOOODOOOOEOOO0nnnO 201/1719
= 1s 751us/step — accuracy: 0.8817 - loss: ©.338e0000000000C0000CCOOODOON
goooooooooooODOOODOOOOOOOOOOOODOOOOOOO00oOoooooonooonoooon 269/1719
1s 750us/step - accuracy: 0.8806 - loss: ©0.341500000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
337/1719 1s 749us/step - accuracy: 0.8796 - loss:
0.3433000000000000000000CDOOOOOOODOOODOOOEDOOOOOOOEDO0O0OOOOEEOOOOOOOEEOOO
poooooooooooD 4e6/1719 @s 745us/step — accuracy:
0.8792 - loss: 0.34480000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOOODD
goooooooooooOODOOOOOOOOODOOOOD 47471719 0s 745us/ste
p — accuracy: 0.8789 - loss: 0.3457000000000000CCO00OOOOCCCOOODOOOCCOCOOOD
ooooooooooooOODOOoOooOoOOOOOOODOOODOOOoOoOoonnn 540/1719
- 0s 748us/step - accuracy: 0.8787 - loss: ©.34620000000000000000000CCD
gooooooooooOODOOODCOOOOOOODDOOODOOOOCOO0OOODDDO00n0nooo0o00 606/1719 ——
@s 749us/step - accuracy: 0.8786 — loss: 0.346500000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
671/1719 @s 751lus/step — accuracy: 0.8786 - loss:
0.34e50000000000C000000O0OCDOOOOOOODOOCODOOOEDOCOOOOOCEDO0OOOOOCE00OODOOOEE00O
poooooooooooo 738/1719 0s 751lus/step - accuracy:
0.8786 — loss: ©.34ee0000000000CC0C000OOOCCOOOOOOOOCOOOODOOOCDOOOOOOECOCODD
ooooooooooooOODOOOoOOOODOOOODD 8@5/1719 0s 752us/ste
p — accuracy: 0.8786 — loss: ©.34670000000000000CC000OOOOCCOOOOOOOOCCOCOOD
gooooooooooOODOOODOOOODOOODDOOODOOOOEDOO0nOD 871/1719
= @s 753us/step - accuracy: 0.8786 — loss: ©.3469000000000000000000ODCOD
goooooooooooODOOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooonoOnooooon 936/1719 —
@s 754us/step - accuracy: 0.8785 — loss: 0.347e00000000
ooooooooooooODOOODOOOOOOOODOOODOOOoOoooooooooooononoooooooooooooononnonona
002/1719 @s 755us/step - accuracy: 0.8786 - loss:
0.34e690000000000C0C0000OOOCDOOOOOOODOOCODOOODOOOOOOODDO0O0OOOODDO0O0DOOOEEOOO
ooooooooooOO0D1e68/1719 0s 755us/step - accuracy:
0.8786 - loss: ©.34c70000000000CCOCOOOOOOOCCOOOOOOOCOOOOOOOOCOCOOOOOOEECCOOD
gooooooooooOOOOOODDDOOODOOODDO2234/71719 0s 756us/ste
p — accuracy: 0.8787 - loss: 0.34eec000000000000CCC000OOOCCOOOOOOOCCOCOOOD
goooooooooooOODOOOODOOOOOOOODOOOODOOOODODO000001201/1719
— 0s 756us/step — accuracy: 0.8787 — loss: 0.3464000000000000000000OOOD
ooooooooooooODOOODOOOOOOOOOOOODOOOoOOOo000ononooo0n00nonon0n01267/1719
@s 756us/step — accuracy: 0.8787 — loss: 0.346300000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,

334/1719 @s 756us/step — accuracy: 0.8788 - loss:
©0.34el10000000000000000OODOOOOOOOOCOOOOCDOOODOOODOOODOOODOOOOEOOOOEOOOOE0O00G
poooooooooooo1399/1719 @s 756us/step — accuracy:

0.8788 - loss: @.345900000000000000000DOOOOCOCOCODDOOOOCOOCODODOOOOCOCOCOCODDOOOCO0O
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goooooooooOOOOOOOOOOOOOODDDD1467/1719 0s 756us/ste
p — accuracy: 0.8789 - loss: ©.34570000000000000C000OOOOCCOOOOOOODECOCOOD
gooooooooooOOOOOOOOOOOOODOODOODDDDODDDDD0DY532/1719
= @s 756us/step — accuracy: 0.8789 - loss: ©.34550000000000000000000COO
gooooooooOOOOOOOOOOODODODOOODDODDDDDDDDDD0DDDD0DDDD0D0D0D0011597/1719 —
@s 757us/step — accuracy: 0.8789 - loss: 0.345400000000
goooooooooOOOOOOOOOOOOOOODOODOOOD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D00D0D1

665/1719 @s 756us/step — accuracy: 0.8790 - loss:
0.3452000000000000000000CDOOOOOOODOOODOOOEOO0OOOOODDO00OOOOD0O000OOOEEOOO
pooooooooooooa719/1719 1s 812us/step — accuracy:

0.8790 - loss: 0.3451 - val_accuracy: 0.8620 — val_loss: 0.3739
Epoch 10/30

1/1719 18s 11lms/step - accuracy: 0.8750 - loss:
©0.3e68500000000000000000ODOOOOCOOOOEOOOOEOOOODOOODOOODOOODOOOOEOOOOEOOOOE0O00G
goooooooooooD  e6/1719 1s 777us/step — accuracy:
0.8917 - loss: 0.3041000000000000000C0000CCOOOCOOOOOOOOOCOOOOCOOOOEOOOOEOOOOGED
goooooooooooOOOOOOOOOOOOOOODD 132/1719 1s 769us/ste
p — accuracy: 0.8868 — loss: 0.3192000000000000CCCOC00OOOOCCCOOODOOOCCOCOOOD
ooooooooooooOODOOOoDOOOOOOOODOOODOOOoOoOoonnn 199/1719
- 1s 765us/step — accuracy: 0.8839 - loss: ©.327700000000000000000OOCOO
gooooooooooOODOOODCOOOOOOODDOOODOOODOCOO0OOOoDDOO0nOoooEO0o00 26571719 ——
1s 765us/step — accuracy: 0.8829 - loss: ©0.330700000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
330/1719 1s 766us/step — accuracy: 0.8820 - loss:
0.33260000000000000000000D000000ODOOODOOOOOO0OOOOODDOOO0OOnnoooononoonnnan
poooooooooooo 397/1719 1s 764us/step — accuracy:
0.8815 - loss: ©.33420000000000CC00000OOCCOOOOOOOOCOOODOOOCCOOOOOOEEOOODD
ooooooooooooOODOOOoDoOOODOOOODD 463/1719 0s 764us/ste
p — accuracy: 0.8813 - loss: ©.33520000000000000C0000000OCCOOOOOOOOEOCOOD
gooooooooooOODOOODCOOOODOOODDOOODOOOEOEDOO0nnn 529/1719
= 0s 763us/step - accuracy: 0.8811 - loss: ©.3358000000000000000000OOCOD
goooooooooooODOOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooononooooon 59571719 —
@s 763us/step — accuracy: 0.8810 - loss: 0.336200000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
661/1719 @s 763us/step - accuracy: 0.8810 - loss:
0.3363000000000000000000CDOOOOOOODOOODOOOEOOO0OOOEDDO00OOOOE0O000OOoEEOOO
goooooooooooo 72771719 0s 764us/step — accuracy:
0.8811 - loss: ©.33640000000000CCOCOOOOOOCCOOOOOOOCOOODOOOOCOCOOOOOOEECCOODD
gooooooooooOOOOOOODOOODOOOOD 79371719 0s 763us/ste
p — accuracy: 0.8811 - loss: 0.3365000000000000CC000000OCCOOOOOOOCCOCOOOD
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOO0nnnO 861/1719
— 0s 762us/step - accuracy: 0.8810 - loss: ©.336700000000000000CC0OODOON
goooooooooooODOOOoDOOOOOOOOOOOODOOOoOoOo00oOonooooonooonoooon 928/1719
@s 76lus/step — accuracy: 0.8810 - loss: 0.336800000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
995/1719 @s 760us/step — accuracy: 0.8810 - loss:
©0.336800000000000000D0OODOOOOOOOOEOOOOEOOOODOOODOOODOOODOOOOEOOOOEOOOOE0O00G
gooooooooooOoD1ee2/1719 @s 759us/step — accuracy:
0.8811 - loss: ©.3367000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOOODO
goooooooooooOODOOOOOOOOOOOOODO1129/1719 0s 758us/ste
p — accuracy: 0.8812 - loss: 0.3365000000000000C0C0000000CCCOOODOOODCOCOODOD
ooooooooooooO0DOOoOoOOOOOOOODDO00000NDnOn000001196/1719
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= @s 758us/step - accuracy: 0.8812 - loss: ©.3363000000000000000000OOCOD
goooooooooooODOOOODOOOOOOOOOOOODOOOOOO0000O0OoO000000n0no0001261/1719 —
@s 759us/step — accuracy: 0.8812 - loss: 0.336200000000
ooooooooooooODOOODOOOOOOOODOOODOOOoOoooooooooooononoooooooooooooononnonona
328/1719 @s 758us/step - accuracy: 0.8813 - loss:
0.336l000000000000000000CDOOOOOOODOOODOOOEDOOOOOOODDDO00OOOOE0O00DOOoEEOOO
oooooooooooOoo1396/1719 0s 757us/step - accuracy:
0.8813 - loss: ©.33590000000000CCOCOOOOOOOCOOOOOOOOCOOODOOODCCOOOOOOEECCOODD
gooooooooooOOOOOOODDOOODOODDD2462/1719 0s 757us/ste
p — accuracy: 0.8814 - loss: ©.3357000000000000CCO00OOOCCCOOOOOOOCCOCOOOD
oooooooooooOOODOOODOOOOOOOODOOOODOOODODODO000001529/1719
— 0s 757us/step - accuracy: 0.8814 - loss: ©.335e00000000000000C0C0OODOON
ooooooooooooODOOODOOOOOOOOOOOODOOOOOoo000ononooo0n0o0nnonnn1597/1719
@s 757us/step - accuracy: 0.8814 - loss: 0.335400000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,

661/1719 @s 758us/step — accuracy: 0.8815 - loss:
@.3353000000000000000000000OOOCOOOOCOOOOEOOOOED0OOOD0OOOE0OOOoOOOoOEOOOOEOOOOE0OnnG
goooooooooooo1719/1719 1s 819us/step - accuracy:

0.8815 - loss: 0.3352 - val_accuracy: 0.8640 — val_loss: 0.3690
Epoch 11/30

1/1719 19s 11lms/step - accuracy: 0.9062 - loss:
0.35260000000000CC0000000CDOOOOOOODOOCODOOOCDOOOOOOCEDO0OOOOOCE00OODOOOEED0O
goooooooooooo  e5/1719 1s 791us/step — accuracy:
0.8956 — loss: ©.29450000000000CC0000OOOCCOOOOOOOOCOOODOOOCCOOOOOOEECCODD
goooooooooooOODOOOoOOOODOOOODD 130/1719 1s 781lus/ste
p — accuracy: 0.8895 - loss: 0.30930000000000000CC000OOOODCOOOOOOOOCOCOOOD
gooooooooooOODOOODOOOODOOODDOOODOOOEEDOO0nnn 194/1719
= 1s 782us/step - accuracy: 0.8864 - loss: 0.3179000000000000CCOCOOOOOCDD
ooooooooooooODOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooononooooonD 262/1719 —
1s 772us/step — accuracy: 0.8854 - loss: 0.321100000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
330/1719 1s 765us/step - accuracy: 0.8846 - loss:
0.3232000000000000000000CDOOOOOOODOOOOOOOEOO0O0OOOED0O000O0OE0O000OOOEEOGO
poooooooooooo 396/1719 1s 764us/step — accuracy:
0.8842 - loss: 0.32480000000000CCOCOOOOOOCCCOOOOOOOCOOOOOOOOCOCOOOOOOEECCOODD
gooooooooooOOOOOOOCOOODOOODD 46271719 0s 764us/ste
p — accuracy: 0.8839 - loss: 0.3258000000000000CCC0000OOOCCCOOOOOOOCCOCOOOD
goooooooooooOODOOOODOOOOOOOODOOODOOOOOOO0onnnO 527/1719
— 0s 765us/step — accuracy: 0.8838 - loss: 0@.326500000000000000000OOOOO
ooooooooooooODOOODOOOOOOOOOOOODOOOOOOo00ooooooonooonoooon 593/1719
@s 765us/step — accuracy: 0.8837 — loss: 0.326900000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
658/1719 @s 765us/step — accuracy: 0.8838 - loss:
0.3270000000000000000000ODOOOOOOODOOOOOOOOOOOOOOOODEOOO0nOnOoooonnnooonaan
goooooooooooo 72471719 @s 766us/step — accuracy:
0.8838 - loss: ©.32710000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOCOODD
goooooooooooOODOOOOOOOODOOOODD 789/1719 0s 766us/ste
p — accuracy: 0.8838 — loss: 0.3273000000000000CCCO00OOOCCCOOODOOOCCOCOOOD
ooooooooooooOODOOOoOOOODOOODOOODOOOOoOoonnnO 855/1719
- @s 766us/step — accuracy: 0.8838 - loss: ©.32740000000000000000000COO
gooooooooooOODOOODCOOOOOOODCOOODOOOOCOO0OOOoDDO00noooooo0n 923/1719 —
@s 765us/step — accuracy: 0.8838 — loss: 0.327600000000
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ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
992/1719 @s 763us/step - accuracy: 0.8838 - loss:
0.327e6000000000000000000OCDOOOOOOODOOCODOOOEOOOOOOODDDO0O0OOOOD0O0O00OOOEEOGO
oooooooooooOo01e59/1719 0s 762us/step — accuracy:
0.8839 - loss: ©.327500000000000C0000C000CCOOOCOOOOOOOOOOOOCOOOOEOOOOEOOOGED
gooooooooooOOOOOOODDOOODOOODDO1126/71719 0s 76lus/ste
p — accuracy: 0.8840 - loss: ©.32730000C00000000CCOOOOOOCCCOOOOOOOCCOCOOOO
oooooooooooOOODOOOODOOOOOOOODOOODOOOODODO000001193/1719
— 0s 76lus/step — accuracy: 0.8840 - loss: ©.3272000000C0000C00000000CCOO
ooooooooooooODOOODOOOOOOOOOOOODOOOnOOOo0000nnooo0000nnon0n01260/1719
@s 760us/step — accuracy: 0.8840 - loss: 0.327100000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,
325/1719 0s 761lus/step — accuracy: 0.8841 - loss:
@.327e0000000000000000OOODOOOOOOOOCOOOOCDOOODOOODOOOEOOODOOOO0OOOOEOOOE0O00G
poooooooooooo1393/1719 @s 760us/step — accuracy:
0.8841 - loss: 0.3268000000000000000C0000CCOOOCOOOOOOOOOOOOOCOOOOEOOOOEOOOGED
goooooooooooOODOOOODOOOODOOOODO1461/1719 @s 759us/ste
p — accuracy: 0.8842 - loss: 0.326e6000000000000CC00000OCCOOODOOOCCOCOODOD
ooooooooooooOODOOoooOOOOOOOODDOOODO0nOOno00nn1527/1719
= @s 759us/step - accuracy: 0.8842 - loss: ©.32650000000000000000000COD
gooooooooooOODOOODCOOOOOOODDOOODOOODCOO0000DDDO000000000001594/1719 ——
@s 759us/step — accuracy: 0.8842 - loss: 0.326300000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy

661/1719 @s 759us/step - accuracy: 0.8843 - loss:
0.32620000000000CC0000000CCDOOCOOOOODOOCODOOOCDOCOOOOOCEDO0O0OOOCE0O0OODOO0EE00O
gooooooooooooi719/1719 1s 814us/step — accuracy:

0.8843 - loss: 0.3261 - val_accuracy: 0.8662 — val_loss: 0.3648
Epoch 12/30

1/1719 19s 11lms/step - accuracy: 0.9062 - loss:
0.34e70000000000000000OOCDOOOOOOODOOCODOOOEOO0OOOOODDO00OOOOD0O000OOOEEOOO
poooooooooooo  e6/1719 1s 781lus/step — accuracy:
0.9027 - loss: ©.2855000000000000000C0000CCOOOCOOOOOOOOOOOOOCOOOOEOOOOEOOOED
gooooooooooOOOOOOOCOOODOOOOD 13171719 1s 777us/ste
p — accuracy: 0.8965 - loss: 0.30ee0000C0C0000000CCOOOOOOOCOOOOOOOCCOCOOOD
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOO0Onnn 196/1719
= 1s 775us/step — accuracy: 0.8930 - loss: ©.308500000000000000C000ODOOD
goooooooooooODOOODOOOOOOOOOOOODOOOoOoOo00ooooooonooonoooonD 264/1719
1s 767us/step — accuracy: 0.8914 - loss: ©0.311800000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
331/1719 1s 765us/step - accuracy: 0.8902 - loss:
@.31390000000000000O0DOOODOOOOOOOOEOOOOEOOOOD0OOODOOODOOODOOOoOEOOOOEOOOOE0On0G
goooooooooooo 39871719 1s 763us/step — accuracy:
0.8894 - loss: 0.315e6000000000000000C0000CCOOOCOOOOOOOOOCOOOOCOOOOEOOOOEOOOGED
goooooooooooOODOOOOOOOODOOOODD 463/1719 0s 764us/ste
p — accuracy: 0.8889 - loss: 0.3167000000000000CCCOCOOOOOCCCOOODOOOCCOCOOOD
ooooooooooooOODOOOoooOOODOOODOOODOOOoOoOoonnnO 531/1719
- 0s 76lus/step — accuracy: 0.8884 - loss: ©.3174000000000000000000OCOO
gooooooooooOODOOODCOOOOOOODDOOODOOOOCOO0OOOoDODOO0nooooEO0o0n 598/1719 ——
@s 760us/step — accuracy: 0.8882 - loss: 0.317900000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
659/1719 @s 766us/step — accuracy: 0.8881 - loss:
@0.318e00000000000000DOOOOOOOOOOOOOOOOCOOOODOOODODOEOOOOoO0OOOoO0OOOO0OoOOEO0OnnG
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goooooooooooo 72171719 @s 770us/step — accuracy:
0.8880 - loss: 0.31810000000000CCOCOOOOOOOCOCOOOOOOOCOOOOOOOCCOCOOOOOOEECCOODD
gooooooooooooOOOOOOOOOOOODODD 78671719 0s 771us/ste

p — accuracy: 0.8879 - loss: 0.31830000C00000000CCOOOOOOCCCOOOOOOOCCOCOOOO
gooooooooooOOOOOOOOOOOOODOODOODDDDODDODDDD 85171719
— 0s 771lus/step — accuracy: 0.8878 — loss: ©.318500000000000000C000OOOOD
gooooooooooOOOOOOOOOOOOOOOODOO0DDD0000000D0D000DD0D0DDDD 91671719
@s 771lus/step - accuracy: 0.8877 - loss: 0.318700000000
gooooooooOOOOOOOOOOODOODDODODDODDDDD0DDDDDDDDDDDDDDDDDDDDDDD0DDDDDDDEEED
983/1719 @s 770us/step — accuracy: 0.8877 - loss:
©0.31870000000000CCOCOCOOOOOODOOCOOOOODOOODOOODDOCOOOOOOEDO0O0OOOOEOOOOOOOEEOOO
gooooooooooOoD1e49/1719 @s 770us/step — accuracy:
0.8876 - loss: ©.318e0000000000CCOCOOOOOOCCOOOOOOOOCOOOOOOOCCOOOOOOCCOOODD
gooooooooooOoOoOoOOOOOOOOOODODD1126/17109 0s 769us/ste
p — accuracy: 0.8877 - loss: 0.318500000000000000000000000000000CCCOCOCO0O
goooooooooOOOOOOOOOOOOOOOOOOOODDODODD0DDDD1184/1719
- 0s 767us/step — accuracy: 0.8877 - loss: ©.318400000000000000000OOCOD
goooooooooOOOOOOOOOODOOOOOODDODDDDDDD0DD0DD0D0DDDD0D0D0D002252/72719 —
@s 767us/step — accuracy: 0.8876 — loss: 0.318300000000
goooooooooOOOOOOOOOOOOOOOODDOODDODDDDDDDDDDDDDDDDDDDDDDDDD0D0D0DDD0DD0D1
315/1719 @s 768us/step — accuracy: 0.8876 - loss:
0.31820000000000CC0000OOOCDOOCOOOOODCOOODOOOCDOOOOOOCDDO0O0OOOCE0O0OODOOOEEOOO
goooooooooooo1383/1719 0@s 766bus/step — accuracy:
0.8876 - loss: 0.31810000000000000000000CCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
goooooooooOOOOOOOOOOOOOODDDD2451/1719 0s 765us/ste
p — accuracy: 0.8877 - loss: ©.3179000000000000CCCOCOOOOOOCCOOOOOOOOCOCODOD
goooooooooooOOOOOOOOOOOOOOOOOODDODODDDDD00Y52 77127109
- 0s 765us/step — accuracy: 0.8877 - loss: ©.317800000000000000000OOCON
gooooooooOOOOOOOODOOODOODODODODDDDDDDDDDDDDDDDDD0DDDDDD0D0DD1585/1719 —
@s 764us/step - accuracy: 0.8877 - loss: 0.317700000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1

652/1719 @s 763us/step - accuracy: 0.8877 - loss:
©0.317e0000000000CC00000OOOCDOOOOOOODOOCOOOOODOOOOOOOCDDO0O0OOOOD0O0O0OOOOEEOOO
pooooooooooooa719/1719 1s 818us/step — accuracy:

0.8877 — loss: 0.3175 - val_accuracy: 0.8668 — val_loss: 0.3611
Epoch 13/30

1/1719 18s 11lms/step - accuracy: 0.9062 - loss:
0.32950000000000000000000D0000O0OODOOOOONOOOOOOOOOooooonoOnoOoooonnnooonnan
goooooooooooD  e6/1719 1s 773us/step — accuracy:
0.9041 - loss: ©.2776000000000000000000DDOOOODOOOOOOODOOOOOOOOOOOOOOOGND
goooooooooooOOOOOOOOOOOOOOOD 133/1719 1s 765us/ste
p — accuracy: 0.8974 - loss: 0.2922000000000000CCO00OOOCCCOOODOOOCCOCOOOD
ooooooooooooOODOOoOooOOOODOOODOOODOOOoOoOoonnn 199/1719
- 1s 763us/step — accuracy: 0.8940 - loss: ©.30e40000000000000000OOOOOD
gooooooooooOODOOODCOOOOOOODDOOODOOOOCOOOOOOoEDOO0nooooo000 263/1719 —
1s 768us/step — accuracy: 0.8926 - loss: 0.303400000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
327/1719 1s 771us/step - accuracy: 0.8915 - loss:
0.3055000000000000000000000000000D0000000OOO00OOODODOOO00onnonoononnonnnan
goooooooooooo 394/1719 1s 767us/step — accuracy:
0.8908 - loss: ©.30720000000000CC0COC0OOOOCCOOOOOOOOCOOOOOOOCCOOOOOOECCCODD
ooooooooooooOODOOOODOOOODOOOODD 461/1719 0s 766us/ste
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p — accuracy: 0.8903 - loss: 0.30840000C00000000CCOOOOOOOCCOOOOOOOCCOCOOOO
gooooooooOOOOOOOOOOOOOOODOODOODDDD0DDDDD0D 52971719
— 0s 763us/step — accuracy: 0.8900 - loss: 0.30920000000000C0000CCOOODOON
gooooooooooOOOOOOOOOOOOOOOODOODDDD0DD0000D0D0D0DD0D0D00D 59571719
@s 763us/step — accuracy: 0.8897 - loss: 0.309700000000
gooooooooOOOOOOOOOOODOODDODODDODDDDD0DDDDDDDDDDDDDDDDDDDDDDD0DDDDDDDEEED
660/1719 0s 764us/step — accuracy: 0.8897 - loss:
0.30980000000000CDCDOCOOOOOODOOOOOOODOOODOOODDOCOOOOOODDOOOOOOOE0OCOODOOOEECOO
goooooooooooo 726/1719 @s 765us/step — accuracy:
0.8897 - loss: ©.3lee00C000000OCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOCOODO
gooooooooOOOOOOOOOOOOOODODODD 79271719 0s 765us/ste
p — accuracy: 0.8896 - loss: 0.310200000000000000000000000000C0C0CCCOCOCOCO00
goooooooooOOOOOOOOOOOOOOOOOOOODDO0OD0ODDDD 85971719
- 0s 764us/step — accuracy: 0.8895 - loss: ©.3l1le400000000000000000OOOOD
goooooooooOOOOOOOOOOOOOOOODDOODDDD0D0DDDDD0D00DDDDD0D00D 92571719 —
0s 764us/step — accuracy: 0.8894 - loss: 0.3l1ee00000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
987/1719 @s 767us/step — accuracy: 0.8894 - loss:
0.3lee000000000CCCOOOOOOOCDOOCODOOODOOCODOOOCOOOOOOOCDDOOOOOOCCOOODOOOEEOOO
pooooooooooOoo1lesi/1719 0s 768us/step - accuracy:
0.8895 - loss: 0.31ee000000000000000C0C0C0C0COCOCOCOCOCOCOCOCOCOCOCOCOOOOCOOOCOCOCOCOCOOCOOCOO0O
goooooooooOOOOOOOOOOOOOODODD1I115/17109 0s 769us/ste
p — accuracy: 0.8895 - loss: ©.31@50000000000000C0000OOOCCOOOOOOOOCCOCOOD
goooooooooooOOOOOOOOOOOOOOOOOODODDODDDDDDD2282/1719
— 0s 768us/step — accuracy: 0.8895 - loss: ©.3l1e4000000000000000000OOCOD
gooooooooOOOOOOOOOOODOODODODODDODDDDDDDDDD0DD0D0DDDD0D0DD0D0D011248/1719 —
@s 768us/step — accuracy: 0.8895 - loss: 0.310300000000
goooooooooOOOOOOOOOOOOOOODOODOOOD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D00D0D1
307/1719 @s 772us/step — accuracy: 0.8896 - loss:
©.3le20000C00CCDDDDDDDDCDDDDDCCDDDDCDDCDCDCOCCCCDCOCOOCDOCODODDDODDOODOOOODOOOODOODOO
pooooooooooooa3s1/1719 0s 784us/step - accuracy:
0.8896 - loss: ©.3lez20000000000CCOCOOOOOOOCCOOOOOOOCOOOOOOOOCOCOOOOOOEECCOODD
goooooooooooOOOOOOOOOODODDDD2424/1719 0s 785us/ste
p — accuracy: 0.8896 - loss: 0.3lee0000CC0000000CCOOOOOOOCCOOOOOOOCCOCOOOO
gooooooooOOOOOOOOOOOOOOODODDOODDDDDDDDDDDD1478/1719
— 0s 785us/step — accuracy: 0.8897 - loss: 0©.3099000000C0000C000ODOOODOOD
gooooooooOOOOOOOOOOOOODOODODO0DDDD00000000DD0DDDD0D0DDDD1543/1719
@s 785us/step — accuracy: 0.8897 - loss: 0.309800000000
gooooooooooOOOOOOOOOOOOOOOODOODOODODDDDDDDDDODDDD0D0DDDDDD0D0D0D0D0D0D1
604/1719 0s 786us/step — accuracy: 0.8897 - loss:
0.30970000000000CCDOOOOOOODOOCOOOOODOOODOOODDOOOOOOOED0O0O0OOOOE0O0OOOOOOEECOO
pooooooooooOoD1ee68/1719 @s 786us/step — accuracy:
0.8897 - loss: 0.3096000000000CCCOOOOOOOCCOOOOOOOOCOOODOOOCCOOOOOOCCOOODD
gooooooooooOOOOOOOOOOODODODDY729/17109 1s 844us/ste
p — accuracy: 0.8897 - loss: 0.3096 - val_accuracy: 0.8678 - val_loss:
0.3591
Epoch 14/30

1/1719 19s 12ms/step - accuracy: 0.9375 - loss:
0.317e0000000000CCOOOOOOOCDOOOOOOODOOCODOOOCDOOOOOOOCDDOOOOOOCCOOODOO0EEOOO
goooooooooooo  e6/1719 1s 773us/step — accuracy:
0.9079 - loss: 0.27ee6000000000000000C00C0C0CCOCOCOCOCOCOCOCOCOCOCOCOOOCOCOCOOCOOCOCOCOCOCOCOCOCO0O
gooooooooOOOOOOOOOOOOOOODODD 13171719 1s 775us/ste
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p — accuracy: 0.9004 - loss: 0.2845000000000000CCO0OOOOCCCOOOOOOOCCOCOOOD
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOO0OOnnnO 195/1719
= 1s 777us/step — accuracy: 0.8970 - loss: ©.29280000000000C0000CC0OODOON
goooooooooooODOOODOOOOOOOOOOOODOOOnoooo0oooooooonooonoooon 262/1719
1s 771us/step — accuracy: 0.8956 - loss: 0.296000000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
327/1719 1s 773us/step - accuracy: 0.8945 - loss:
@.29810000000000000ODOOOODOOOOOOOOEOOOOEDOOODOOODOOOEOOODOOOOEOOOOEOOOOE0O00G
goooooooooooo 39e/1719 1s 778us/step — accuracy:
0.8939 - loss: 0.2998000000000CCCOOOOOOOCCOOOOOOOOCOOODOOOCCOOOOOOCCOOODD
goooooooooooOODOOOOOOOODOOOODD 456/1719 0s 776us/ste
p — accuracy: 0.8935 - loss: 0.30le0000C00000000CCOOOOOOOCCOOODOOODCOCOODD
ooooooooooooOODOOoOooOOODOOODDOOODOOOoOoOoonnn 522/1719
= @s 775us/step — accuracy: 0.8931 - loss: ©.3018000000000000000COOOOOOD
gooooooooooOODOOODCOOOOOOODCOOODOOOOCOOOOOOoDDOO0nooooEO0o0n 589/1719 ——
@s 773us/step — accuracy: 0.8928 - loss: 0.302300000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
656/1719 @s 771us/step — accuracy: 0.8928 - loss:
@0.302400000000000000000000000COOOOCOOOOCOOOOCOOOODOOOEOOOODO0OOOO0OOOOEOOOOE0OnOG
goooooooooooo 72271719 Os 770Qus/step — accuracy:
0.8927 - loss: ©.30260000000000CC0C0000OOOCCOOOOOOOOCOOODOOOCCOOOOOOECOOODD
goooooooooooOODOOOOOOOODOOOODOD 789/1719 0s 768us/ste
p — accuracy: 0.8925 - loss: 0.30280000000000000CC000OOOOCCOOOOOOOOECOCOOD
gooooooooooOODOOODCOOODOOODDOOODOOOOEDOOOnnn 855/1719
= 0s 768us/step — accuracy: 0.8924 - loss: ©.3030000000000000000C0OOOCON
ooooooooooooODOOODOOOOOOOOOOOODOOOOOOO00OOoOoooononooooon 922/1719 —
@s 766us/step — accuracy: 0.8923 - loss: 0.303300000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
987/1719 @s 767us/step — accuracy: 0.8923 - loss:
0.3033000000000000000000CDOO0OOOODO0OODOOOEEOOO0OOOEEODO000OOOE0O000OOoEEOOO
gooooooooooOoo1e52/1719 0s 767us/step — accuracy:
0.8922 - loss: 0.30330000000000OCCOOOOOOOOCCOOOOOOOCOOODOOODCOCOOOOOOEECCOODD
gooooooooooOOOOOOODOOODOOODO12219/1719 0s 767us/ste
p — accuracy: 0.8922 - loss: 0.3032000000000000CC000OOOCCCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOODOOOODOOOODOO000001185/1719
— 0s 767us/step — accuracy: 0.8922 - loss: 0.303100000000000000C0COOOOOON
ooooooooooooODOOODOOOOOOOOOOOODOOOoOOOo000onooo0n0o0nonon0n01252/1719
@s 766us/step — accuracy: 0.8922 - loss: 0.303100000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,
315/1719 0s 768us/step — accuracy: 0.8922 - loss:
@0.303e000000000000000D0OOODOOOOOOOOCOOOOCDOOODOOODOOODOOODOOOO0OOOOEOOOOE0O00G
goooooooooooo138e/1719 @s 768us/step — accuracy:
0.8922 - loss: ©.3029000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDOODD
qoooooooooooOODOOOOOOOODOOODO1445/1719 0s 768us/ste
p — accuracy: 0.8923 - loss: 0.3028000000000000CCCO00OOOOCCCOOODOOOCCOCOOOD
ooooooooooooOODOOOoOOOOOOOODOOODOOOOOOo00n0n1511/1719
- 0s 767us/step — accuracy: 0.8923 - loss: ©.302700000000000000000OOCOD
gooooooooooOODOOODCOOOOOOOCDOOODOOOOCOO0OOODDDO0000000O00001578/1719 ——
@s 767us/step — accuracy: 0.8923 - loss: 0.302600000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
645/1719 @s 766us/step — accuracy: 0.8923 - loss:
@0.30250000000000000000000000000O0OOOOOCOOOOCOOOODOOOEOOOODO0OOOoO0OoOoOEOoOoE0onOG
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ooooooooooooo17e9/1719 0s 767us/step — accuracy:
0.8923 - loss: ©.30240000000000CCOCOOOOOOCCCOOOOOOOCOOOOOOOCCOCOOOOOOEECCOODD
gooooooooooOOOOOOODDOOODOOOODO2719/1719 1s 824us/ste
p — accuracy: 0.8923 - loss: 0.3024 - val_accuracy: 0.8686 — val_loss:
0.3569
Epoch 15/30

1/1719 18s 11lms/step - accuracy: 0.9375 - loss:
0.30720000000000000000000D0000OOODOOOOOOOOOOOOOOOoOEOOO0nOnoOoooonnnoonnaan
goooooooooooo  e8/1719 1s 756us/step — accuracy:
0.9087 - loss: 0.26410000000000CCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDOODD
goooooooooooOODOOOOOOOOOOOOOD 134/1719 1s 761lus/ste
p — accuracy: 0.9020 - loss: 0.278e0000C00000000CCOCOOOOOOCOCOOODOOOCCOCOOOD
ooooooooooooOODOOOoooOOOOOOODDOODOOOoOoOoonnn 201/1719
= 1s 759us/step - accuracy: 0.8986 — loss: ©.286e00000000000000000OOOOD
gooooooooooOODOOODCOOOOOOOCDOOODOOOOCOO0OOODDDOO0nooooEOo00 268/1719 —
1s 756us/step — accuracy: 0.8972 - loss: 0.289200000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
335/1719 1s 754us/step — accuracy: 0.8961 - loss:
0.29130000000000000000000D000000ODOO0DONOOOOO0OOOnoOnoononnoooononnonnnan
poooooooooooo 4ee/1719 1s 758us/step — accuracy:
0.8955 - loss: ©.293o0000000000CCOCOODOOOCCOOOOOOOOCOOODOOOCCOOOOOOECOCOODD
ooooooooooooOODOOOoOOOODOOOODD 462/1719 0s 766us/ste
p — accuracy: 0.8951 - loss: ©.29410000000000000C000OOOOCCOOOOOOOOECOCOOD
gooooooooooOODOOODOOOODOOODDOOODOOODEDOO0nnn 52271719
= 0s 774us/step - accuracy: 0.8947 - loss: 0.2948000000000000000000OOCOD
ooooooooooooODOOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooononooooon 582/1719 —
@s 78lus/step — accuracy: 0.8945 - loss: 0.295300000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
642/1719 @s 786us/step — accuracy: 0.8944 - loss:
0.2955000000000000000000CDOOOOOOODOOODOOOEEOOO0OOOEEOO00OOOOEO00nOOoEEOOO
poooooooooooo 706/1719 0s 787us/step - accuracy:
0.8943 - loss: 0.29570000000000CCOCOOOOOOOCCOOOOOOOCOOOOOOOOCOCOOOOOOEECCODD
goooooooooooOOOOOODOOODOOOOD 77171719 0s 786bus/ste
p — accuracy: 0.8942 - loss: 0.2959000000000000CCO0OOOOOCOOOOOOOODCOCOODOD
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOOOnnnO 835/1719
— 0s 786us/step — accuracy: 0.8941 - loss: ©.296l0000000000C0000CCOOODOON
ooooooooooooODOOODOOOOOOOOODOOODOOOoOOOo00oOoooooonooonoooon 898/1719
@s 787us/step — accuracy: 0.8940 - loss: 0.296300000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
961/1719 0s 788us/step — accuracy: 0.8940 - loss:
0.29640000000000000000000D0000OOODOOOOOOOOOOOOOOODODOOO0OONOoOoonnnoononnan
gooooooooooOoD1e24/1719 @s 788us/step — accuracy:
0.8940 - loss: 0.29650000000000CCOOOOOOOCCOOOOOOOOCOOOOOOOCCOOOOOOCCDOODD
qoooooooooooOODOOOOOOOOOOOODO1088/1719 0s 788us/ste
p — accuracy: 0.8939 - loss: 0.29e64000000000000CCC0000OOOCCOOODOOODCOCOODOD
ooooooooooooOODOOoOoOOOOOOOODDOOODO0nOOO00000n1154/1719
- @s 787us/step — accuracy: 0.8940 - loss: ©.296300000000000000000OOOOOD
gooooooooooOODOOODCOOOOOOOCDOOODOOODCOO0O0ODDDO000000000001220/1719 —
@s 785us/step — accuracy: 0.8940 - loss: 0.296300000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
281/1719 @s 788us/step — accuracy: 0.8940 - loss:
@0.29630000000000000000000OOOOODOOOOOOOOOOOODOOODODOEOOOODO0OOOO0OOOOEOOOOE0OnOG
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oooooooooooOoo1346/1719 0s 787us/step — accuracy:
0.8940 - loss: ©.29620000000000CCOCOOOOOOOCOCOOOOOOOCOOOOOOOCCOCOOOOOOEECCOODD
goooooooooooOOOOOOOOOOOODDDD24122/17109 0s 786us/ste

p — accuracy: 0.8940 - loss: 0.29e6l0000C00000000CCOOOOOOOCCOOOOOOOCCOCOOOO
gooooooooOOOOOOOOOOOOOODODOODOODDDDDDDDDDDD2479/1719
— 0s 785us/step — accuracy: 0.8941 - loss: ©.296e00000000000000COCOOODOON
goooooooooOOOOOOOOOOOOOOODODOO0DDD0000D000DD0D0DD0D0DDDD1545/1719
@s 784us/step - accuracy: 0.8941 - loss: 0.295900000000
gooooooooooOOOOOOOOOOOOOOOODOODOODODDDDDDDDDODDDD0D0DDDDDD0D0D0D0D0D0D1
612/1719 0s 783us/step — accuracy: 0.8941 - loss:
0.2958000000000000000OOOCDOOOOOOODOOODOOODDOOOOOOOEDO0O0OOOOE0OCOOOOOOEECOO
gooooooooooooD1le79/1719 @s 78lus/step — accuracy:
0.8941 - loss: ©.2957000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDOODD
gooooooooooOoOOOOOOOOOODODODDY729/17109 1s 838us/ste
p — accuracy: 0.8941 - loss: 0.2957 - val_accuracy: 0.8684 - val_loss:
0.3557
Epoch 16/30

1/1719 18s 1lms/step - accuracy: 0.9375 - loss:
0.30220000000000CC00000O0OCDOOOOOOODCOOODOOOCDOOOOOOCEDO0O0OOOCE0O0OODOOOEEO0O
goooooooooooo  e5/1719 1s 788us/step — accuracy:
0.9128 - loss: 0.2575000000000000000000000C0CCCCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0OCO0O0O
gooooooooOOOOOOOOOOOOOOODODD 13171719 1s 773us/ste
p — accuracy: 0.9059 - loss: ©.2711000000000000CCCOCOOOOOOCCOCOCOOOOOOCCOCOOD
gooooooooooOOOOOOOOOOOOODOOOOODDDDODDDDDOD 19871719
- 1s 766us/step — accuracy: 0.9019 - loss: 0.2794000000000000CCOCOOOOOCDD
gooooooooOOOOOOOOOOODOODDODODDODDDDDDDDDDDDDDD0DDDDDD0DD0D 26571719 —
1s 764us/step — accuracy: 0.9003 - loss: 0.282600000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED
333/1719 1s 760Qus/step — accuracy: 0.8990 - loss:
@.28470000CCCCDDDDDDDDDDDDDDDDCDDDDDDDDDCCOCCDCOCOOCDDDODDDDODODODOOOODOOOODOODOO
poooooooooooo 399/1719 1s 76lus/step — accuracy:
0.8982 - loss: 0.28c650000000000CC0C000OOOCCOOOOOOOOEOOOOOOOECOCOODOOOOEECCODD
goooooooooOOOOOOOOOOOOOODODDD 46471719 0s 763us/ste
p — accuracy: 0.8977 - loss: 0.287ec000000000000CCCO00OOOCCCOOOOOOOCCOCOOOD
goooooooooOOOOOOOOOOOOOODOODOODDDD0DDDDD0D 52971719
— 0s 764us/step — accuracy: 0.8974 - loss: ©.28840000000000000000OOCOON
goooooooooOOOOOOOOOOOOOOODODOODDDD0000D000DD0D0DD0D0DDD0D 59471719
@s 766us/step — accuracy: 0.8971 - loss: 0.288800000000
gooooooooOOOOOOOOOOODOODDODODDODDDDD0DDDDDDDDDDDDDDDDDDDDDDD0DDDDDDDEEED
659/1719 0s 767us/step — accuracy: 0.8970 - loss:
0.289o0000000000CCDOCOOOOOCDOOCOOOOODOOCODOOODDOOOOOOOEDO0OOOOOOE0OCOOOOOOEDC0O
goooooooooooo 72171719 @s 770us/step — accuracy:
0.8969 - loss: ©.2892000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOCOODD
goooooooooOOOOOOOOOOOOOODODD 78271719 0s 775us/ste
p — accuracy: 0.8968 - loss: 0.2894000000000000000000000000C00CCOCOCOCOCOCOCO00
gooooooooOOOOOOOOOOOOOOODOODOODD000D00DDDD 84371719
= @s 779us/step — accuracy: 0.8967 - loss: ©.289e00000000000000000ODOOD
goooooooooOOOOOOOOOODOOOOOODDOODDDD0D0DD0D00D0DDDDDD0DD0D 90571719 —
@s 78lus/step — accuracy: 0.8966 — loss: 0.289900000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
969/1719 @s 782us/step — accuracy: 0.8965 - loss:
0.29000000000000CCOOOOOOOCDOOOOOOODOOCODOOOCDOOOOOOOCDDOOOOOOCC00OODOOOEEOOO
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pooooooooooOoo1e32/1719 0s 783us/step - accuracy:
0.8965 - loss: ©.29¢e00000000DOOCCOOOOOOOOCCOOOOOOOCOOODOOOOCOCOOOOOOECCCOODD
goooooooooooOOOOOOOOOOOODOD01097/1719 0s 782us/ste

p — accuracy: 0.8964 - loss: 0.29@e0000C00000000CCOOOOOOOCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOODOOODOOOODOO000001164/1719
— 0s 780us/step — accuracy: 0.8964 - loss: ©.28990000000000C00OODOOODOON
ooooooooooooODOOOoDOOOOOOOOOOOODOOnOOoo0000nonooo0n00nnon0n1224/1719
@s 783us/step — accuracy: 0.8964 - loss: 0.289900000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,
285/1719 @s 785us/step — accuracy: 0.8964 - loss:
0.2898000000000000000000ODDOOOOOODOOOOOONOOOOOOOOODODOOO0nonoOoooonnnooonnan
pooooooooooOooa347/1719 @s 786us/step — accuracy:
0.8964 - loss: 0.28980000000000CCCOOOOOOOCCOOOOOOOOCOOOOOOOCCOOOOOOCCOOODD
qoooooooooooOODOOOOOOOOOOOODO1408/1719 0s 788us/ste
p — accuracy: 0.8965 — loss: 0.2897000000000000CCCOC00OOOOCCCOOODOOOCCOCOODD
ooooooooooooOODOOOooOOOOOOOODOOODOOnOOOo00nn1470/1719
- @s 789us/step — accuracy: 0.8965 - loss: ©.289e00000000000000000OODOOD
gooooooooooOODOOODCOOOOOOOCDOOODOOODCDOO0O00DDDO000000000001534/1719 ——
@s 789us/step — accuracy: 0.8965 — loss: 0.289500000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
600/1719 @s 788us/step — accuracy: 0.8966 - loss:
0.28940000000000000000000DDO0OOODDOOOOONOOOOOOODODDOOOonononoooononoonnnn
goooooooooOOoD1e66/1719 0s 788us/step - accuracy:
0.8966 — loss: ©.28940000000000CC0COO0OOOOCCOOOOOOOOCOOODOOOCCOOOOOOECOCODD
ooooooooooooOODOOOOOOOODOOOOO1719/1719 1s 845us/ste
p — accuracy: 0.8966 - loss: 0.2893 - val_accuracy: 0.8708 - val_loss:
0.3539
Epoch 17/30

1/1719 20s 12ms/step — accuracy: 0.9375 - loss:
0.29070000000000C0C0000OOOOCDOOOOOOODOOODOOOEDOOO0OOOEDDO000OOOD0O00DOOOEEOOO
goooooooooooOo  e4/1719 1s 807us/step — accuracy:
0.9134 - loss: ©.25e0e00000000000C0000CCOOOCOOODOOOOOOOOCOOOOCOOOOEDOOOEOOOGEDO
gooooooooooOOOOOOODOOODOOOOD 12571719 1s 817us/ste
p — accuracy: 0.9081 - loss: 0.26310000C00000000CCOOOOOOCCCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOO0OnnnO 191/1719
— 1s 800us/step — accuracy: 0.9043 - loss: ©@.2721000000C00000000CCOOOCOOO
ooooooooooooODOOODOOOOOOOOOOOODOOOoOoOo00ooooooonooonoooon 254/1719
1s 800Qus/step — accuracy: 0.9026 - loss: 0.275500000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
318/1719 1s 798us/step - accuracy: 0.9014 - loss:
@.27770000000000000000000D0000OOODOOOOOOOOOO0OOOOODEOOO00OnOoooononoononaan
goooooooooooo 38171719 1s 797us/step — accuracy:
0.9006 - loss: @.2795000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDOODD
goooooooooooOODOOOOOOOOOOOOOD 445/1719 1s 796us/ste
p — accuracy: 0.9000 - loss: 0.280900000C0000000CCCOCOOOODODCOOOODOOODCOCOODOD
ooooooooooooOODOOoOooOoOOODOOODOOODOOOoOoOoonnn 59/1719
- @s 795us/step — accuracy: 0.8997 - loss: ©.281800000000000000000OOOOOD
gooooooooooOODOOODCOOOOOOODCOOODOOOOCOO0OOOoEODOO0nooooEO0o0n 572/1719 ——
@s 795us/step — accuracy: 0.8994 - loss: 0.282300000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
639/1719 @s 791lus/step - accuracy: 0.8993 - loss:
0.28260000000000000000000DD000OODDOOOOOOOOOOOOOOODDOOO0OONnonoononoonnnan
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poooooooooooo 7e5/1719 0s 788us/step — accuracy:
0.8992 - loss: 0.28280000000000CCCOOOOOOOCOCOOOOOOOCOOOOOOOECOCOOOOOOEECCOOOD
gooooooooooooOOOOOOOOOOOOOOD 77171719 0s 786us/ste

p — accuracy: 0.8991 - loss: ©.283e0000C00000000CCOOOOOOCCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOOOnnnO 838/1719
— 0s 783us/step — accuracy: 0.8990 - loss: ©.2833000000C0000C0000CCOOODOON
ooooooooooooODOOOoDOOOOOOOOOOOODOOOOOOo00oOoooooonoonoooon 9e5/1719
@s 78lus/step — accuracy: 0.8989 - loss: 0.283600000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
973/1719 @s 778us/step — accuracy: 0.8988 - loss:
0.28370000000000000000000DOO00OOODOOOOOOOOOOOOOOODEOOO0nOnOoooononoononnan
gooooooooooOoD1le41/1719 @s 775us/step — accuracy:
0.8988 - loss: ©.28370000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCOOODD
ooooooooooooOOOOOOOOOOOOOOODO11@9/1719 0s 774us/ste
p — accuracy: 0.8988 - loss: 0.2837000000000000CCCO00OOOCCCOOODOOOCCOCOOOD
ooooooooooooOODOOOODOOOOOOOODOOODOOOOOOo00nn1176/1719
- @s 772us/step — accuracy: 0.8988 - loss: ©.283700000000000000000OOCOD
gooooooooooOODOOODCOOOOOOODDOOODOOODCOO0O00DDDO000000000001242/1719 ——
@s 772us/step — accuracy: 0.8988 - loss: 0.283600000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
306/1719 @s 772us/step — accuracy: 0.8988 - loss:
0.28360000000000000000000DD000DOODDOOOOONOOOOOOOOODDOOO0nOnnonoononoonnnn
poooooooooooo137e/1719 0@s 773us/step - accuracy:
0.8988 — loss: 0.28350000000000CC0C0000OOOCCOOOOOOOOCOOODOOOCCOOOOOOECOCODD
ooooooooooooOODOOOODOOOODOOO0DO1425/1719 0s 779us/ste
p — accuracy: 0.8988 - loss: 0.28350000000000000C0000OOOCCOOOOOOOOEOCOOD
gooooooooooOODOOODCOOOOODOOODDOODOOODDODO000001486/1719
— 0s 780us/step — accuracy: 0.8989 - loss: 0.28340000000000000000000OCOD
goooooooooooODOOOODOOOOOOOOOOOODOOOOCOOO000O0OOoO000000nnoo001553/1719 —
@s 779us/step — accuracy: 0.8989 - loss: 0.283300000000
ooooooooooooODOOODOOOOOOOODOOODOOOoOoooooooooooononoooooooooooooononnonona
619/1719 @s 778us/step — accuracy: 0.8989 - loss:
0.2832000000000000000000CDOOOOOOODOOCODOOOEEOO0OOOOODDDO00OOOOD0O00DOOOEEOOO
ooooooooooOO0D1e686/1719 0s 777us/step — accuracy:
0.8989 - loss: 0.28320000000000CCCOOOOOOCCCOOOOOOOCOOOOOOOOCOCOOOOOOEECCOODD
gooooooooooOOOOOOODDOOODOOOODO2719/1719 1s 832us/ste
p — accuracy: 0.8989 - loss: 0.2832 - val_accuracy: 0.8704 - val_loss:
0.3535
Epoch 18/30

1/1719 19s 12ms/step - accuracy: 0.9375 - loss:
0.2860000000000000000000ODDO0OOOOODOOOOOOOOOOOOOOODODOOO0OOnOoOoonnnoononaan
goooooooooooo  e5/1719 1s 790Qus/step — accuracy:
0.9151 - loss: 0.2462000000000000000C0000C00OCOOOOOOOOOOOOCOOOOEOOOOEOOOGED
goooooooooooOODOOOOOOOOOOOOODD 132/1719 1s 769us/ste
p — accuracy: 0.9093 - loss: 0.2593000000000000CCCOCOOOOOCOCOCOOODOOODCOCOODOD
ooooooooooooOODOOOooOOOODOOODOOODOOOoOoOoonnOnO 193/1719
- 1s 788us/step — accuracy: 0.9063 - loss: ©.266900000000000000000OOCOD
gooooooooooOODOOODCOOOOOOODDOOODOOOOCOOOOOODDODOo0nooooo00n 242/1719 ———
1s 844us/step - accuracy: 0.9052 - loss: 0.269600000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
290/1719 1s 880Qus/step — accuracy: 0.9042 - loss:
0.27140000000000000000000D00000000ODOO0ODOOOOOOOOOOODOEOO0O00Onnonoononnonnnan
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poooooooooooo 350/1719 1s 872us/step — accuracy:
0.9033 - loss: ©.27310000000000CCOOOOOOOCCCOOOOOOOCOOOOOOOCCOCOOOOOOEECCOODD
goooooooooooOOOOOOOOOOOOODODD 410/1719 1s 868us/ste

p — accuracy: 0.9026 - loss: 0.274e000000000000CCCO00OOOCCCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOOonnn 472/1719
— 1s 862us/step — accuracy: 0.9021 - loss: ©@.275700000000000000C000OCOOO
goooooooooooODOOOoDOOOOOOOOOOOODOOOoOoOo00ooooooonooonoooon 53271719
1s 859us/step — accuracy: 0.9018 - loss: 0.276400000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
593/1719 @s 855us/step - accuracy: 0.9016 - loss:
0.2768000000000000000000ODDOOOOOOOOOOOOOOOOOOOOOODDOOOOOOnNOEOOoonnnoononaan
gooooooooooonD e53/1719 0s 854us/step — accuracy:
0.9015 - loss: ©.277e0000000000000000CC00OCOOOCOOOOOOOOOCOOOOCOOOOEOOOOEOOOGED
goooooooooooOOOOOOOOOODOOOOOD 714/1719 0s 851lus/ste
p — accuracy: 0.9013 - loss: 0.2772000000000000CCO00OOOOCCCOOODOOOCCOCOOOD
ooooooooooooOODOOOoooOOODOOODOOODOOOOoOoonnnO 781/1719
- 0s 843us/step - accuracy: 0.9012 - loss: ©.2774000000000000000000OCOD
gooooooooooOODOOODCOOOOOOOCDOOODOOOOCOO0OOOoDDO00nOoooo0o00 846/1719 ——
0s 838us/step — accuracy: 0.9011 - loss: 0.277600000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
908/1719 @s 836us/step — accuracy: 0.9009 - loss:
@.2779000000000000000000ODDOOOOODDOOODONOOOOO0OOOnoooononnoooononoonnnn
ooooooooooooo 969/1719 0s 836us/step — accuracy:
0.9008 - loss: ©.278eo0000000000OCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOECOCOODD
ooooooooooooOOOOOOOOO0O0O0O00D01@29/1719 0s 83bus/ste
p — accuracy: 0.9008 - loss: ©.278e000000000000CCCOCOOOOOOCCOOOOOOOOCCOCOODOD
gooooooooooOODOOODOOOODOOODDOOODOOODEDO000001090/1719
- 0s 836us/step — accuracy: 0.9007 - loss: 0.278e000000000000CCOCOOOOOCOD
ooooooooooooODOOOODOOOOOOOOOOOODOOOOCOOO000O0OoO000000nno0001150/1719 —
0s 836us/step — accuracy: 0.9007 - loss: 0.278e00000000
ooooooooooooODOOODOOOOOOOODOOODOOOoOoooooooooooononoooooooooooooononnonona
210/1719 @s 836us/step — accuracy: 0.9007 - loss:
0.278o0000000000CC0000OOOOCDOOOOOOODOOODOOODOOOOOOODDDO00OOOOE0O000OOOEEOOO
pooooooooooooi27e/1719 0s 83bus/step — accuracy:
0.9007 - loss: ©.278e00000000000C000OCCOOOCOOODOOOOOOOOCOOOOCOOOOEDOOOEOOOEDO
gooooooooooOOOOOOODDOOODOOODO2331/1719 0s 836bus/ste
p — accuracy: 0.9007 - loss: ©.27790000CC0000000CCOOOOOOOCOOOOOOOCCOCOOOD
oooooooooooOOODOOODOOOOOOOODOOOODOOOODODO00000n1392/1719
— 0s 835us/step — accuracy: 0.9007 - loss: ©@.2778000000C0000C00O0CCOOODOON
ooooooooooooODOOODOOOOOOOOODOOODOOOnoOoOo0000nonooo0000nnon001453/1719
@s 835us/step — accuracy: 0.9007 - loss: 0.277800000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,
515/1719 0s 834us/step — accuracy: 0.9007 - loss:
@.27770000000000000000000D0000OOODOOOOOOOOOO0OOOOODEOOO00OnOoooononoononaan
gooooooooooooas77/1719 0s 833us/step — accuracy:
0.9007 - loss: ©.277e6000000000000000CCOOCCOOOCOOOOOOOOOCOOOOCOOOOEOOOOCCOOOGED
goooooooooooOOOOOODOOOOOOOODO1641/1719 0s 831lus/ste
p — accuracy: 0.9007 - loss: 0.277ec000000000000CCCOC0OOOOCCOOODOOODCOCOODOD
ooooooooooooOODOOoOoooOOOOOOODOOODOOnOOOo00nn1702/1719
- 0s 83lus/step — accuracy: 0.9007 - loss: ©@.2775000000000000000000OCOD
goooooooooooODOOOOCOOOOOOOCDOOODOOODCOO0OOOEEDO00DO00DOEO0001719/1719
2s 894us/step - accuracy: 0.9007 - loss: 0.2775 - val_a
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ccuracy: 0.8722 - val_loss: 0.3518
Epoch 19/30

1/1719 21s 12ms/step — accuracy: 0.9375 - loss:
@.27990000CCCDDDDDDDDDDDDDDDDCCDDCCCDCOCOCOCOCOCOCOCODODODOCODODODOODDODOOODOOOODODODODD
poooooooooooo 5971719 1s 873us/step — accuracy:
0.9180 - loss: 0.239200000000000000000C0C0CCCOCOCOCOCOCOCOCOCOCOCOOOOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
goooooooooOOOOOOOOOOOOOODODD 118/1719 1s 861lus/ste
p — accuracy: 0.9129 - loss: 0.25@080000000000000CCO0OOOOOCDCOOOOOOOOCOCOOD
goooooooooooOOOOOOOOOOOODOOOOODOODODDDOOOD 27971719
= 1s 848us/step - accuracy: 0.9090 - loss: 0.2601000000000000CCOCO0OOOCD
gooooooooOOOOOOOOOOODODODODODDO0DDDDDDDDD0DDDD0DDDD0D0D0D0D 240/1719 —
1s 841us/step — accuracy: 0.9074 - loss: 0.263700000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED
302/1719 1s 836us/step — accuracy: 0.9062 - loss:
@.2e66l100000C0C0CDDDDDDDDDDDDDDDDDDDDDDDDCOCCOCCDCODCOCDDDDDDDDODDODOOOODOOOODOODOO
poooooooooooo 36171719 1s 838us/step — accuracy:
0.9054 - loss: @.26770000000000CCCOOOOOOCCCOOOOOOOCOOOOOOOOCOCOOOOOOEECCODD
gooooooooooOOOOOOOOOOOOODODD 42171719 1s 839us/ste
p — accuracy: 0.9048 - loss: 0.2692000000000000CCCO00OOOCCCOOOOOOOCCOCOOOO
gooooooooOOOOOOOOOOOOOODODODDOODDDD0DDDDDDD 48471719
— 1s 835us/step — accuracy: 0.9043 - loss: ©.27020000000000C0000000OCOOO
goooooooooOOOOOOOOOOOOOOOOODOODDDD00000000DD0D00D0D0DD0D 54771719
@s 830Qus/step — accuracy: 0.9040 - loss: 0.270900000000
gooooooooOOOOOOOOOOODOODDODODDODDDDD0DDDDDDDDDDDDDDDDDDDDDDD0DDDDDDDEEED
611/1719 0s 825us/step — accuracy: 0.9038 - loss:
@.27120000CCCCCCCCCDDDDDDDDDDDDDDDDDDDDDDODDDDDDDDDDDDDODODDODODOOODODODODODODO
goooooooooooD e78/1719 @s 819us/step — accuracy:
0.9036 - loss: @.27l14000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOCOODD
goooooooooOOOOOOOOOOOOOODODD 74171719 0s 817us/ste
p — accuracy: 0.9035 - loss: 0.271e6000000000000000000000000C0C0CCOCOCOCOCOCOCO00
gooooooooOOOOOOOOOOOOOOOOOOOOODDO0ODD00OOD 77571719
- 0s 847us/step — accuracy: 0.9034 - loss: ©.2718000000000000000COOOOOON
goooooooooOOOOOOOOOOOOOOOODDO0DDDD0D0DD00D0D0DDDDDD0DDDD 83671719 —
0@s 845us/step — accuracy: 0.9033 - loss: 0.272e00000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
898/1719 @s 843us/step — accuracy: 0.9031 - loss:
@.27230000CCCCCCDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDODDDDDDDOODODODODODODODODD
ooooooooooooo 962/1719 0@s 839us/step - accuracy:
0.9030 - loss: 0.272400000000000000000C00CCCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
gooooooooOOOOOOOOOOOODODDDDD1023/1719 0s 838us/ste
p — accuracy: 0.9030 - loss: ©.27250000000000000C000OOOOCCOOOOOOODECOCOOD
gooooooooooOOOOOOOOOOOOODOOOOODDDDODDDDDD01082/1719
= 0s 839us/step - accuracy: 0.9029 - loss: 0.2725000000000000CC000000CD
gooooooooOOOOOOOOOOOOODODODODDODDDDDDDDDDDDDDD0DDDDDD0D0001242/72719 —
0@s 839us/step — accuracy: 0.9029 - loss: 0.272400000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1
203/1719 @s 838us/step — accuracy: 0.9029 - loss:
@.2724000000CCCCDDCDDDDCDDDDDDCDDDDDDDDCOCCDCCDCDDODDCODDDDDODDODOOOOOOOODOODOO
oooooooooooOoo1268/1719 0s 835us/step — accuracy:
0.9028 - loss: ©@.27240000000000CCOCOOOOOOCCCOOOOOOOCOOOOOOOCCOCOOOOOOEECCOODD
goooooooooOOOOOOOOOOODDDDODD2329/1719 0s 834us/ste
p — accuracy: 0.9028 - loss: 0.27240000C00000000CCOOOOOOCCCOOCOOOOOCCOCOOOO
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ooooooooooooOODOOoOoOOOOOOOODDO00000NOOO000001389/1719
- 0s 834us/step — accuracy: 0.9029 - loss: ©.272300000000000000000OOOCON
gooooooooooOODOOODCOOOOOOOCDOOODOOODCOO000ODDDO000000000001448/1719 ——
0s 835us/step — accuracy: 0.9029 - loss: 0.272200000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
506/1719 @s 836us/step — accuracy: 0.9029 - loss:
0.2722000000000000000000000000000DO000OOOOOOO0OOODEOO0O0OOnnonoononoonnnan
ooooooooooooo1566/1719 0s 836us/step — accuracy:
0.9029 - loss: ©.27210000000000CCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOECOCOODD
ooooooooooooOODOOOOOOOO0O00DD1626/1719 0s 836bus/ste
p — accuracy: 0.9029 - loss: ©.2721000000000000CCCOCOOOOOOCCOOOOOOOOCCOCOOD
gooooooooooOODOOODOOOODOOODDOODOOODEDO00000D1687/1719
- 0s 836us/step — accuracy: 0.9029 - loss: 0.2721000000000000CCOCOOOOOCD
goooooooooooODOOOODOOOOOOOODOOODOOOOOOO00O0OoOooo0n000nnon001719/1719
2s 898us/step - accuracy: 0.9029 - loss: 0.2720 - val_a
ccuracy: 0.8730 - val_loss: 0.3520
Epoch 20/30

1/1719 20s 12ms/step — accuracy: 0.9375 - loss:
0.2773000000000000000000000000000DOO00OOOOOO0O0OOODDOOnoononnoooononnonnnan
goooooooooooo 6271719 1s 822us/step — accuracy:
0.9210 - loss: ©.23480000000000CCOOODOOOCCOOOOOOOCOOODOOOCCOOOOOOECOCOODD
goooooooooooOODOOOODOOOODOOOOD 125/1719 1s 812us/ste
p — accuracy: 0.9148 - loss: ©.24e67000000000000CCCOCOOOOOOCCOOOOOOOOCOCOOOD
gooooooooooOODOOODOOOODOOODDOOODOOOECDOO0nOn 190/1719
= 1s 802us/step — accuracy: 0.9110 - loss: ©.25540000000000000000000COO
goooooooooooODOOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooonooOooooonD 251/1719 —
1s 807us/step — accuracy: 0.9092 - loss: 0.258700000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
312/1719 1s 811lus/step - accuracy: 0.9079 - loss:
0.260800000000000C000000OCDOOOOOOODOOCOOOOOEOOCOOOOODDO0O0OOOOD0O0O00OOOEEOOO
goooooooooooo 37471719 1s 81Qus/step — accuracy:
0.9070 - loss: @.26250000000000CCC000OOOCCOCOOOOOOOCOOOOOOOECOCOOOOOOEECCODD
gooooooooooOOOOOOODDOOODOOODD 436/1719 1s 810Qus/ste
p — accuracy: 0.9064 - loss: 0.264e0000C00000000CCOOOOOOCCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOO0Onnn 498/1719
— 0s 8llus/step — accuracy: 0.9060 - loss: ©@.26490000000000C0000CDCOOODOOD
goooooooooooODOOODOOOOOOOOOOOODOOOoOoOo00ooooooonooonoooon 55971719
@s 813us/step — accuracy: 0.9057 - loss: 0.265600000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
621/1719 @s 812us/step — accuracy: 0.9055 - loss:
@.2e659000000000000000OOOCDOOCOOOOODOOCODOOODDOOOOOOEDO0O0OOOOE0OCOODOOOEEC0O
goooooooooooD e82/1719 0s 81l4us/step — accuracy:
0.9054 - loss: 0.266l10000000000CCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOECOCOODD
goooooooooooOODOOOOOOOODOOOOOD 742/1719 0s 815us/ste
p — accuracy: 0.9053 - loss: 0.2663000000000000CC00000OCCCOOODOOOCCOCOOOD
ooooooooooooOODOOOooOOOODOOODOOODOOOoOoOoonnn 83/1719
- 0s 8l6us/step — accuracy: 0.9051 - loss: ©@.26650000000000000000000C0O
gooooooooooOODOOODCOOOOOOODDOOODOOODOCOO0OOOoEDOo0noooooo0n 864/1719 ——
@s 817us/step — accuracy: 0.9050 - loss: 0.266800000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
925/1719 @s 818us/step — accuracy: 0.9049 - loss:
0.26700000000000000000000DDO0OOOODDOOOOOOOOOOOOOOOODDOOO0OONnonoononoonnnan
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goooooooooooo 988/1719 0s 817us/step — accuracy:
0.9048 - loss: ©@.26710000000000CCOCOOOOOOCCCOOOOOOOCOOOOOOOCCOCOOOOOOEECCOODD
goooooooooOOOOOOOOODODDDDDDD1049/1719 0s 817us/ste

p — accuracy: 0.9048 - loss: 0.26710000C00000000CCOOOOOOCCCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOODOOOODOOOODOO000001113/1719
— 0s 8l6us/step — accuracy: 0.9047 - loss: ©.2671000000C0000C0000CCOOOCOOO
ooooooooooooODOOODOOOOOOOOOOOODOOOOOOo000onnooo0nn0nnon0n01179/1719
@s 813us/step — accuracy: 0.9047 - loss: 0.267100000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,
244/1719 0s 81lus/step — accuracy: 0.9047 - loss:
0.2671000000000000000000ODO0O0OOOODOOOOOOOOOO0OOOOODOEOOO0nOnOoooononoononnan
gooooooooooOoo13e8/1719 @s 809us/step — accuracy:
0.9046 - loss: ©.267eo000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCOCOODO
goooooooooooOODOOOOOOOOOOOOODO1370/1719 0s 81l0us/ste
p — accuracy: 0.9046 - loss: 0.267e000000000000CCOCOOOOOCCCOOODOOODCOCOODD
ooooooooooooOODOOoOODOOOOOOOODDOODO0nOOO0000n1432/1719
- 0s 81Qus/step — accuracy: 0.9047 - loss: ©.266900000000000000000OOOOD
gooooooooooOODOOOOCOOOOOOODDOOODOOODCOO0000DDDO000000000001497/1719 ———
@s 808us/step — accuracy: 0.9047 - loss: 0.266800000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
563/1719 @s 806us/step — accuracy: 0.9047 - loss:
0.26680000000000000000000D000000DDOOODOOOOOOOOOOODODOOO0OONnEOOoononoonnnan
oooooooooooo01628/1719 0s 805us/step - accuracy:
0.9047 - loss: ©.26670000000000CC00000OOOCCOOOOOOOOCOOOOOOOCCOOOOOOECOCODD
ooooooooooooO0DOOO0DOOO0O0000DO1694/1719 0s 804us/ste
p — accuracy: 0.9047 - loss: ©.26670000000000000CC000OOOOCCOOOOOOOOCCOCOOD
gooooooooooOODOOODOOOODOOODDOODOOOEEODO000001719/1719
- 1s 86lus/step — accuracy: 0.9047 - loss: 0.2667 — val_accuracy: 0.872
@ - val_loss: 0.3499
Epoch 21/30

1/1719 19s 11lms/step - accuracy: 0.9688 - loss:
0.26600000000000000000000D00000OODOOOOOOOOOOOOOOODOOOOOONOEOOOOnOnOononaan
goooooooooooo  e5/1719 1s 792us/step - accuracy:
0.9242 - loss: ©.230eo000000000CCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOOODD
goooooooooooOODOOOOOOOOOOOOOD 139/1719 1s 783us/ste
p — accuracy: 0.9174 - loss: 0.2422000000000000C0C0000OOOCCCOOOOOOOCCOCOOOD
ooooooooooooOODOOoOoooOOODOOODOOODOOOoOoOoonnon 195/1719
- 1s 780us/step — accuracy: 0.9135 - loss: ©.25020000000000000000000CCO
gooooooooooOODOOODCOOOOOOODDOOODOOOOCOO0OOODEDOO0noooooo00 260/1719 —
1s 778us/step — accuracy: 0.9118 - loss: 0.253600000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
323/1719 1s 781lus/step - accuracy: 0.9105 - loss:
0.25570000000000000000000D0000000DOO0DOOOOOO0O0OOOnoOOnoonononoooononoonnnan
poooooooooooo 38971719 1s 779us/step — accuracy:
0.9097 - loss: @.257e60000000000CCOCOCOOOOOCCOOOOOOOCOOODOOOCCOOOOOOECCOODD
ooooooooooooOODOOOoDOOOODOOOODD 450/1719 0s 784us/ste
p — accuracy: 0.9091 - loss: ©.2589000000000000CCCOCOOOOOOCCOOOOOOODCCOCODOD
gooooooooooOODOOODOOOODOOODDOOODOOOOCDOO0nnn 514/1719
= 0s 784us/step - accuracy: 0.9087 - loss: 0.259800000000000000000OOCOD
goooooooooooODOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooonooOooooon 579/1719 —
@s 783us/step — accuracy: 0.9084 - loss: 0.260400000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
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644/1719 0s 782us/step — accuracy: 0.9082 - loss:
0.26070000000000CCOCOCOOOOOCDOOOOOOODOOCODOOOEDCOOOOOOED0O0O0OOOOE0OCOOOOOOEEC0O
goooooooooooo 71e/1719 @s 780us/step — accuracy:
0.9081 - loss: 0.26@9000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDOODD
gooooooooooOOOOOOOOOOOOODODD 776/1719 @s 779us/ste
p — accuracy: 0.9080 - loss: 0.2612000000000000000000000000000000CCOCCO00
gooooooooOOOOOOOOOOOOOOODOODOODD000D00DDDD 84371719
= @s 777us/step — accuracy: 0.9078 - loss: ©.26150000000000000000000C0O
goooooooooOOOOOOOOOOOOOOOODDODDDDD0D0DD0D00D0D0DD0D0D0DD 90871719 —
@s 776us/step — accuracy: 0.9077 - loss: 0.261800000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
974/1719 @s 776us/step — accuracy: 0.9076 - loss:
0.2e6190000000000CCOOOOOOOCDOOCOOOOODOOCODOOOCOOOOOOOCEDOOOOOOCC00OODOO0EEOOO
gooooooooooOoD1e4e/1719 0@s 775us/step - accuracy:
0.9075 - loss: 0.26200000000000000000000000CC0CCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
goooooooooOOOOOOOOOOOOOODODD1106/1719 0s 774us/ste
p — accuracy: 0.9074 - loss: ©.262e0000000000000C0C0OOOOOCCOOOOOOOOCCOCOOD
gooooooooooOOOOOOOOOOOOODOOOOODDODODDDDD002272/7127109
= 0s 774us/step - accuracy: 0.9074 - loss: ©.2620000000000000000000OCOO
gooooooooOOOOOOOOOOODOODODODODDODDDDDDDDDDDDDDD0DDDD0D0D0D0D0011239/1719 —
@s 772us/step — accuracy: 0.9073 - loss: 0.262000000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1
306/1719 @s 771us/step - accuracy: 0.9073 - loss:
@.262e0000000CCCCDDCDDDDDDDDDDDDDDDDDDDDCDCCODCDCOCDCOCDDODDDDDODDODOOODOOOOOOOO
pooooooooooooa373/1719 0s 770us/step — accuracy:
0.9073 - loss: @.26l1o0000000000OCCOCOOOOOOCCCOOOOOOOCOOODOOOOCOCOOOOOOEECCODD
goooooooooOOOOOOOOODODDODDDD2442/1719 0s 768us/ste
p — accuracy: 0.9073 - loss: 0.2618000000000000CCCO00OOOCCCOOOOOOOCCOCOOOD
gooooooooooOOOOOOOOOOOOODOODOODDDDODDDDDDD510/17109
— 0s 767us/step — accuracy: 0.9073 - loss: ©.261800000000000000CCOOODOON
goooooooooOOOOOOOOOOOOOOOOODOODDDD0DD0000D0D0D0DD0D0D00D1579/1719
@s 766us/step — accuracy: 0.9073 - loss: 0.261700000000
gooooooooooOOOOOOOOOOOOOOOODOODOODODDDDDDDDDODDDD0D0DDDDDD0D0D0D0D0D0D1
645/1719 @s 765us/step — accuracy: 0.9073 - loss:
©0.26l170000000000CCOCOCOOOOOCDOCOCOOOOODOOCODOOOEDOCOOOOOOEDCO0O0OOOOE0OCOOOOOOEECOO
goooooooooooo1713/1719 0s 764us/step — accuracy:
0.9072 - loss: ©@.26l17000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDOODD
gooooooooooOoOOOOOOOOOODODODDY729/17109 1s 821lus/ste
p — accuracy: 0.9072 - loss: 0.2616 - val_accuracy: 0.8732 - val_loss:
0.3489
Epoch 22/30

1/1719 18s 1lms/step - accuracy: 0.9688 - loss:
0.25880000000000CC0COC00OOOOCDOOOOOOODCOOCODOOOCDOOOOOOCDDO0O0OOOCC00O0DOOOEEO0O
goooooooooooo  e4/1719 1s 801lus/step — accuracy:
0.9291 - loss: 0.224e000000000000000C0C0C0C0CCCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O
goooooooooOOOOOOOOOOOOOOODODD 13071719 1s 779us/ste
p — accuracy: 0.9204 - loss: ©.2369000000000000CCCOOOOODOODCOOOOOOOOCOCOOD
gooooooooooOOOOOOOOOOOOOOOOOOODODDODDDDDOD 19671719
= 1s 774us/step - accuracy: 0.9161 - loss: 0.2451000000000000CCO000OO0OCD
gooooooooOOOOOOOOOOODOODODODODDODDDDDDDDDDDDD0D0DDDDDDDDDD0D 26371719 —
1s 770us/step — accuracy: 0.9140 - loss: 0.248700000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED
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330/1719 1s 766us/step — accuracy: 0.9125 - loss:
0.25090000000000000000000DDO0OOOODOOOOOONOOOOOOOOOoOoOO0nOnoOoooonnnooonnan
goooooooooooo 397/1719 1s 763us/step — accuracy:
0.9115 - loss: ©@.25290000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDOODD
goooooooooooOODOOOOOOOOOOOOOD 464/1719 0s 762us/ste
p — accuracy: 0.9108 - loss: 0.2542000000000000CC000000OCCCOOODOOOCCOCOOOD
ooooooooooooOODOOOoooOOODOOODOOODOOOoOoOoonnnO 531/1719
- 0s 76lus/step — accuracy: 0.9104 - loss: ©@.255100000000000000000OOOCOD
gooooooooooOODOOODCOOOOOOODDOOODOOOOCOO0OOOoEDOO0nooooEO0o0n 598/1719 ——
@s 760us/step — accuracy: 0.9101 - loss: 0.255600000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
665/1719 @s 760us/step — accuracy: 0.9099 - loss:
0.25590000000000000000000D000000DDOO0DONOOOOO0OOOononOnoonononoooononoonnnan
goooooooooooo 73e/1719 0s 76lus/step - accuracy:
0.9098 - loss: @.256l10000000000CCCOCO0OOOOCCOOOOOOOCOOODOOOCCOOOOOOECDCOODD
ooooooooooooOODOOOOOOOODOOOOOD 797/1719 0s 760Qus/ste
p — accuracy: 0.9096 - loss: 0.25640000000000000CC000OOOOCCOOOOOOOOCCOCOOOD
gooooooooooOODOOODCOOOODOOODDOOODOOOOEDOO0nnnD 864/1719
= 0@s 760Qus/step — accuracy: 0.9094 - loss: ©.256700000000000000000OOCOD
ooooooooooooODOOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooonoOoOooooon 930/1719 —
@s 760us/step — accuracy: 0.9093 - loss: 0.257e00000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
996/1719 @s 760us/step — accuracy: 0.9092 - loss:
@0.257100000000000000000OCDOOOOOOODOOODOOOEEOOO0OOOEDDO000O0OE0O000OOoEEOOO
oooooooooooOoD1e59/1719 0s 762us/step — accuracy:
0.9091 - loss: @.25710000000000CCOCOOOOOOCCCOOOOOOOCOOODOOOCCOCOOOOOOEECCODD
gooooooooooOOOOOOODDOOODOOODO2223/71719 0s 764us/ste
p — accuracy: 0.9091 - loss: ©.25710000C0000000CCOOOOOOCCCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOODOOOODOOOODODO000001187/1719
— 0s 765us/step — accuracy: 0.9090 - loss: @.2571000000C0000C000CCOOOCOOO
ooooooooooooODOOOoDOOOOOOOOODOOODOOOnOoOo000onnooo0n00nnon0n01253/1719
@s 765us/step — accuracy: 0.9090 - loss: 0.257100000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,
318/1719 0s 766us/step — accuracy: 0.9089 - loss:
0.25710000000000000000000D0000OOODOOOOOOOOOO0O0OOOoooo0nonoOoooonnnoononaan
pooooooooooooa385/1719 @s 765us/step — accuracy:
0.9089 - loss: @.257eo000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDOODD
qoooooooooooOODOOOOOOOOOOOOODO1450/1719 0s 766us/ste
p — accuracy: 0.9089 - loss: 0.2569000000000000CCCOCOOOOODOCOOOODOOODCOCOODOD
ooooooooooooOODOOOODOOOOOOOODOOODOOnOOO000nn1516/1719
- @s 766us/step — accuracy: 0.9089 - loss: ©.256900000000000000000ODOOD
gooooooooooOODOOODCOOOOOOODDOOODOOODCOO0O00DDDO000000000001582/1719 ——
@s 766us/step — accuracy: 0.9089 - loss: 0.256900000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
647/1719 @s 766us/step — accuracy: 0.9089 - loss:
0.25680000000000000000000DD000D0ODDOOODOOOOOOOOOOODDOOO00onnoooononnonnnn
Qooooooooooo01l714/1719 0s 765us/step — accuracy:
0.9089 - loss: 0.25680000000000CC0C000OOOCCOOOOOOOOCOOOOOOOCCOOOOOOECOOODD
ooooooooooooOOOOOOOOOODOOOOO1719/1719 1s 824us/ste
p — accuracy: 0.9089 - loss: 0.2568 - val_accuracy: 0.8746 - val_loss:
0.3494

Epoch 23/30
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1/1719 18s 11lms/step - accuracy: 0.9688 - loss:
@.251900000000000000DOOODOOOOOOOOEOOOOEOOOODOOODOOODOOODOOOOEOOOOEOOOOE0O00G
goooooooooooo  e8/1719 1s 756us/step — accuracy:
0.9276 - loss: ©.220l10000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDCOODD
goooooooooooOODOOOOOOOODOOOODD 136/1719 1s 750Qus/ste
p — accuracy: 0.9202 - loss: 0.2327000000000000CCO00OOOCCCOOODOOOCCOCOOOD
ooooooooooooOODOOoOoooOOODOOODOOODOOOoOoOoonnn 203/1719
= 1s 752us/step - accuracy: 0.9163 - loss: ©.24e300000000000000000OOOCON
gooooooooooOODOOOOCOOOOOOODDOOODOOODOCOO0OOOoDDOO0nOoooEO0o0n 270/1719 ——
1s 752us/step - accuracy: 0.9145 - loss: 0.243700000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
335/1719 1s 758us/step - accuracy: 0.9132 - loss:
@0.245800000000000000000000OOOCOOOOCOOOOCOCOOOCOOOODODOEOOOODO0OOOoO0OoOoOEOoOoEo0OnOG
goooooooooooo 4ee/1719 1s 760Qus/step — accuracy:
0.9124 - loss: ©@.24770000000000CCOCOCOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOECCCOODD
ooooooooooooOODOOOooOOODOOOODD 467/1719 0s 758us/ste
p — accuracy: 0.9118 - loss: ©.24910000000000000CCO0OOOOOCCOOOOOOODCCOCOOOD
gooooooooooOODOOODCOOODOOODDOOODOOODOEDOO0nnn 53271719
= 0s 76lus/step — accuracy: 0.9115 - loss: ©.25ee00000000000000000OOCOD
goooooooooooODOOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooononooooon 598/1719 —
@s 76lus/step — accuracy: 0.9113 - loss: 0.250500000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
662/1719 @s 763us/step - accuracy: 0.9112 - loss:
0.25080000000000C0C000000OCDOOOOOOODOOODOOOEEOOOOOOODDDO00OOOOD0O000OOOEEOOO
poooooooooooo 729/1719 0s 762us/step — accuracy:
0.9111 - loss: ©@.25110000000000CCOOOOOOOCCCOOOOOOOCOOOOOOOCCOCOOOOOOEECCOODD
gooooooooooOOOOOOODOOODOOODD 795/1719 0s 762us/ste
p — accuracy: 0.9110 - loss: ©.25140000C00000000CCOOOOOOCCCOOCOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOOOnnnO 861/1719
— 0s 762us/step — accuracy: 0.9109 - loss: ©@.2517000000C0000C0000CCOOOOOOO
ooooooooooooODOOODOOOOOOOOOOOODOOOoOoOo0oooooooonooonoooon 927/1719
@s 762us/step — accuracy: 0.9107 - loss: 0.251900000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
994/1719 0s 761lus/step — accuracy: 0.9107 - loss:
@.25210000000000000000000OOOOCOOOOCOCOOOCOOOOD0OOODOOOEOOODOOOOEOOOOEOOOOEOn0G
pooooooooooOooD1lee1/1719 @s 76lus/step — accuracy:
0.9106 - loss: ©@.25210000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDCOODD
goooooooooooOODOOOOOOOOOOOOODO1129/1719 0s 760us/ste
p — accuracy: 0.9106 - loss: 0.2521000000000000CCO00OOOCCCOOODOOOCCOCOOOD
ooooooooooooO0DOOoOoOOOOOOOODDO00000NDnOn000001196/1719
= @s 759us/step - accuracy: 0.9106 - loss: ©.252100000000000000000OOCOO
gooooooooooOODOOOOCOOOOOOOCDOOODOOODCOO0OOODEDO000000000001261/1719 —
@s 760us/step — accuracy: 0.9105 - loss: 0.252100000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
327/1719 @s 760us/step — accuracy: 0.9105 - loss:
@.25210000000000000000000000000OOOCOOOCOOOOCOOOODOOOEO0OOOoO0OOOoO0OoOoOEOoOOEOnOG
goooooooooooo1394/1719 0@s 760us/step - accuracy:
0.9105 - loss: ©.25200000000000CCCOCOOOOOCCOOOOOOOCOOODOOOCCOOOOOOECDCOODD
ooooooooooooOODOOODOOOODOOONDO1462/1719 0s 759us/ste
p — accuracy: 0.9105 - loss: ©.25190000000000000CCO0OOOOOCDCOOOOOOODECOCOODD
gooooooooooOODOOODCOOOODOOODDOOODOODDDDO000001528/1719
= @s 759us/step - accuracy: 0.9105 - loss: ©.2519000000000000000C00OOOCON
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ooooooooooooODOOODOOOOOOOOOOOODOOnOooo0000nnooo0000nnon001595/1719
@s 759us/step - accuracy: 0.9105 - loss: 0.251900000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,

664/1719 @s 757us/step — accuracy: 0.9105 - loss:
@.25180000000000000000OOOOOOOOOOOEOOOOEOOOOEDOOODOOODOOODOOOOEOOOOEOOOOE0On0G
goooooooooooo1719/1719 1s 813us/step — accuracy:

0.9105 - loss: 0.2518 - val_accuracy: 0.8750 — val_loss: 0.3488
Epoch 24/30

1/1719 18s 1lms/step — accuracy: 0.9688 - loss:
©.244300000CC0CCODDDDDDDDDDDDDDDDDDDDDDDCDDDDDDDDDDDDDODDDDDDODODODODOODODODODO
goooooooooooo  e6/1719 1s 777us/step — accuracy:
0.9280 - loss: 0.215300000000000000000000C0COCOCOCOCOCOCOCOCOCOCOOOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
gooooooooOOOOOOOOOOOOOOODODD 13171719 1s 777us/ste
p — accuracy: 0.9208 - loss: ©.22730000000000000CC000OOOOCCOOOOOOOOCCOCOOD
gooooooooooOOOOOOOOOOOOOOOOOOODDDDODDDODOD 19571719
= 1s 779us/step - accuracy: 0.9174 - loss: 0.2351000000000000CCO0000O0CD
gooooooooOOOOOOOOOOOOODODODODDODDDDDDDDDDDDDDD0DDDD0DDDDD0D 260/1719 —
1s 777us/step — accuracy: 0.9156 - loss: ©0.238600000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED
326/1719 1s 774us/step - accuracy: 0.9143 - loss:
©.24e80000CCCDDDDDDDDDDDDDDDDDCDDDDCCCOCOCOCOCCCOCOCOCOCOCOCOOODODODODOOOOODOOOODOOOO
poooooooooooo 39271719 1s 773us/step — accuracy:
0.9135 - loss: ©.24280000000000CCCO0OOOOCCCOOOOOOOCOOOOOOOECOCOOOOOOEECCODD
goooooooooooOOOOOOOOOOOOODODD 45771719 0s 774us/ste
p — accuracy: 0.9129 - loss: 0.24430000C00000000CCOOOOOOCCOOOOOOOCCOCOOOO
gooooooooOOOOOOOOOOOOOODODOODOODDDDDDDDDD0D 52371719
— 0s 772us/step — accuracy: 0.9126 - loss: ©@.2452000000000000000000OCOO
goooooooooOOOOOOOOOOOOOOOOODO0ODDD0000000D0D000DD0DDDDDD 58871719
@s 773us/step — accuracy: 0.9124 - loss: 0.245800000000
gooooooooOOOOOOOOOOODOODDODODDODDDDD0DDDDDDDDDDDDDDDDDDDDDDD0DDDDDDDEEED
653/1719 @s 773us/step - accuracy: 0.9123 - loss:
o.24el100000CCODDDDDDDDDCDDDDDDCDDDDDDCCODCOCOCDCDCOCODCOOCOODDODOODODOODOODOOOOOOOOOO
goooooooooooo 720/1719 @s 771us/step — accuracy:
0.9122 - loss: 0.24630000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOOODD
gooooooooooOOOOOOOOOOOOODODD 78671719 0s 771lus/ste
p — accuracy: 0.9121 - loss: 0.2466000000000000000000000000000000COCOCOCO00
gooooooooOOOOOOOOOOOOOOOOOOOOODD00OD0DDDDD 85271719
= @s 770Qus/step — accuracy: 0.9120 - loss: ©.24690000000000000000OODOOD
goooooooooOOOOOOOOOOOOOOOODDO0DDDD0D0DD0D00D00DDD0D0000D 919/1719 —
@s 769us/step — accuracy: 0.9119 - loss: 0.247200000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
985/1719 @s 769us/step - accuracy: 0.9118 - loss:
@.2474000000C0CCODODDDDDDDDDDDDDDDDDDDDDCODDCDDDDDDDDDDODOODDODOOODODOODODOODO
gooooooooooOoD1e5e/1719 @s 769us/step - accuracy:
0.9118 - loss: 0.24740000000000000000000CCCCOCOCOCOCOCOCOCOCOCOOOOCOOCOCOOCOCOCOCOCO0OCO00O
gooooooooooOOOOOOOOOOOOODODD1116/1709 0s 768us/ste
p — accuracy: 0.9118 - loss: ©.24740000000000000CCO0OOOOOCCOCOOOOOOOCCOCOOD
goooooooooooOOOOOOOOOOOOOOOOOODDDDODDDDDDD2282/1719
— 0s 768us/step — accuracy: 0.9118 - loss: ©.24740000000000000000000C0O
gooooooooOOOOOOOODOOODOODODODODDO0DDDDDDDDD0DDDD0DDDD0D0D0D0D0011249/1719 —
@s 767us/step — accuracy: 0.9117 - loss: 0.247400000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1
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313/1719 0s 768us/step — accuracy: 0.9117 - loss:
0.247400000000000000000000000000ODOOOOOOOOOOOOOOOOOOO0OOnOEOOoonnnoononaan
poooooooooooo138e/1719 @s 767us/step — accuracy:
0.9118 - loss: ©@.24740000000000CCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCOOODD
qoooooooooooOODOOOOOOOOOOOOODO1447/1719 0s 766us/ste
p — accuracy: 0.9118 - loss: 0.2473000000000000CCOCO0OOOOCCCOOODOOOCCOCOOOD
ooooooooooooOODOOoOooOOOOODOOODOOODOOOnOOOo00n0n1513/1719
- @s 766us/step — accuracy: 0.9118 - loss: ©.247300000000000000000OOOCOD
gooooooooooOODOOOOCOOOOOOODDOOODOOODCOO0OOODDDO0000000O00001578/1719 ——
@s 766us/step — accuracy: 0.9118 - loss: 0.247200000000
goooooooooooOODOOOODOOOOOOOODOOOOOOOOOOOO0000OoOoooonoOnnoooooOoO0nooooononnooy
643/1719 @s 767us/step — accuracy: 0.9118 - loss:
0.2472000000000000000000000000000DO0O00OOOOOOO0OOODDOO0O00Onnonoononoonnnan
goooooooooooo1l7e9/1719 0@s 766bus/step — accuracy:
0.9118 - loss: ©.24720000000000C00000OOCCOOOOOOOOCOOOOOOOCCOOOOOOEECCOODD
ooooooooooooOODOOOOOOOODOOOODO1719/1719 1s 823us/ste
p — accuracy: 0.9118 - loss: 0.2472 - val_accuracy: 0.8760 - val_loss:
0.3457
Epoch 25/30

1/1719 19s 11lms/step - accuracy: 0.9688 - loss:
0.229o00000000000C00000OOCDOOOOOOODOOODOOODDOOOOOOODDDO00OOOOD0O00DOOOEEOOO
poooooooooooo  7e/1719 1s 733us/step — accuracy:
0.9309 - loss: ©@.2111000000000CCCOOOOOOOCCCOOOOOOOCOCOOOOOOOCOCOOOOOOEECCOODD
gooooooooooOOOOOOODDOOODOOODD 13871719 1s 739us/ste
p — accuracy: 0.9237 - loss: ©.2237000000000000CCO00OOOCCCOOCOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOODOOOODOOOOOOO0nnnO 205/1719
— 1s 744us/step - accuracy: 0.9201 - loss: ©.231e000000C0000C00OCCOOODOON
goooooooooooODOOODOOOOOOOOOOOODOOOoOoOoooooooooooooooooonD 271/1719
1s 747us/step - accuracy: 0.9183 - loss: 0.234300000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
336/1719 1s 752us/step - accuracy: 0.9171 - loss:
0.23630000000000000000000D0000O0OODOOOOONOOOOOOOOOoOEOno0nonoOoooonnnoononnan
gooooooooooonD 4e2/1719 @s 754us/step — accuracy:
0.9161 - loss: ©.23820000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDOODD
goooooooooooOODOOOOOOOOODOOOODD 469/1719 0s 753us/ste
p — accuracy: 0.9156 - loss: 0.239c000000000000CCCOC0OOOOCOCOOOODOOODCOCOODOD
ooooooooooooOODOOOoOOOODOOODOOODOOOoOoOoonnnO 535/1719
= 0s 754us/step - accuracy: 0.9152 - loss: ©.24e5000000000000000000OCOO
gooooooooooOODOOODCOOOOOOODDOOODOOODOCOO0OOODDDOo0nooooo0o00 601/1719 —
@s 755us/step — accuracy: 0.9149 - loss: 0.241e00000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
668/1719 @s 755us/step — accuracy: 0.9147 - loss:
0.2413000000000000000000000000000DO000O0OOOO0O0OOOnoOOnoononnoooononoonnnan
poooooooooooo 73371719 0s 757us/step - accuracy:
0.9146 - loss: ©.24le0000000000CCOOODOOOCCOOOOOOOCOOOOOOOCCOOOOOOOCOOODD
ooooooooooooOODOOOoDoOOODOOOOOD 798/1719 0s 759us/ste
p — accuracy: 0.9144 - loss: ©.2419000000000000CCCOOOOOOODCOOOOOOOOCCOCOOD
gooooooooooOODOOODCOOOODOOODDOOODOOOOEDOO0nnnD 864/1719
= @s 759us/step - accuracy: 0.9143 - loss: ©.24220000000000000000000C0O
goooooooooooODOOOODOOOOOOOOOOOODOOOOOOO0OOOoOoooonoOnooooon 930/1719 —
@s 760us/step — accuracy: 0.9141 - loss: 0.242500000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
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996/1719 0s 760us/step — accuracy: 0.9140 - loss:
©.242e600000CCCDCDDCDDDDCDDDDDDDDDDDDDDDDCODDDDCODDDDDDDODDODODOODOODOOOOOODOODO
gooooooooooOoD1ee2/1719 @s 76lus/step — accuracy:
0.9139 - loss: 0.242e60000000000CCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOCOODD
goooooooooOOOOOOOOOOOODODDDD1228/1719 0s 76lus/ste
p — accuracy: 0.9139 - loss: 0.242600000000000000000000000000000C0COCOCCO00
gooooooooOOOOOOOOOOOOOOOOOODOODD00ODDD00001192/1719
- 0s 762us/step — accuracy: 0.9138 - loss: ©.2427000000000000000000OCOO
goooooooooOOOOOOOOOOOOOOOODDOODDDD0D0DD0DDDD0DDDD0D000D01258/1719 —
@s 763us/step — accuracy: 0.9138 - loss: 0.242700000000
goooooooooOOOOOOOOOOOOODOOODDOODDODODDDDDDDDDDDDDDDD0DDDDDD0D0D0DDD0DD0D1
324/1719 @s 763us/step — accuracy: 0.9138 - loss:
@.24270000CCCCCCDDCDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDODODDDODDODODODODODODODODODD
goooooooooooo139e/1719 0@s 763us/step - accuracy:
0.9138 - loss: 0.242e600000000000000000000C00CCCCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
gooooooooOOOOOOOOOOOODODDDDD1458/1719 0s 762us/ste
p — accuracy: 0.9138 - loss: 0.242ec0000000000000C0000OOCCCOOOOOOOOECOCOOD
gooooooooooOOOOOOOOOOOOODOOOOODDDDODDDDD0DY525/1719
= 0s 762us/step - accuracy: 0.9138 - loss: ©.242e60000000000000000000COO
gooooooooOOOOOOOOOOODOODODODODDO0DDDDDDDDDDDDDD0DDDD0D0DD0D0011592/1719 —
@s 76lus/step — accuracy: 0.9137 - loss: 0.242500000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1

659/1719 @s 76lus/step — accuracy: 0.9137 - loss:
0.2425000000000000000000CDO0OOOOOODOOOOOOOEOO0OOOOOEDO000OOOD0O000OOOEEOOO
pooooooooooooa719/1719 1s 817us/step — accuracy:

0.9137 - loss: 0.2425 - val_accuracy: 0.8754 - val_loss: 0.3472
Epoch 26/30

1/1719 19s 11lms/step - accuracy: 0.9688 - loss:
@.22390000CCCCDDDDDDDDDDDDDDDDDDDDDDDDDDCODDDDDODDDDODDDDODOODODODOODODOODODODODODODO
goooooooooooo e7/1719 1s 767us/step — accuracy:
0.9338 - loss: 0@.20650000000000CC0000OOOCCOOOOOOOOCOOODOOOCCOOOOOOCCDOODD
gooooooooOOOOOOOOOOOOOODODODD 13271719 1s 772us/ste
p — accuracy: 0.9261 - loss: 0.2184000000000000000000000000C0C0CCOCOCOCOCOCOCO00
gooooooooOOOOOOOOOOOOOOODODDOODD0D0D00D00D 19471719
- 1s 784us/step — accuracy: 0.9225 - loss: ©.225900000000000000000OOOOD
goooooooooOOOOOOOOOODOOOOOODDOODDDD0D00D0D00D0DDDD0D0D0D0D 260/1719 —
1s 777us/step — accuracy: 0.9206 - loss: 0.229400000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
325/1719 1s 776us/step — accuracy: 0.9193 - loss:
@.231e0000CCCOCDDDDDDDDCDDDDDCCDCDCDDDCODCDDDDDDDDDDDDODOODODOOOOOOODOOOO
poooooooooooo 391/1719 1s 773us/step — accuracy:
0.9184 - loss: 0.233e60000000000000000000C0C0C0COCOCOCOCOCOOCOCOCOOOOCOOOCOCOCOCOCOOCOCOCO0O0O
gooooooooOOOOOOOOOOOOOOODODD 45571719 0s 776us/ste
p — accuracy: 0.9179 - loss: ©.235e0000000000000C000OOOOCOOOOOOOOEOCOOD
goooooooooooOOOOOOOOOOOOOOOOOODOOOODDDOOOD 51771719
= @s 780us/step — accuracy: 0.9175 - loss: ©.235900000000000000000OOCOD
gooooooooOOOOOOOOOOODODODODODDO0DDDDDDDDD0DDDD0DDDDDDDDDDD 582/1719 —
@s 779us/step — accuracy: 0.9173 - loss: 0.236500000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED

647/1719 @s 778us/step — accuracy: 0.9171 - loss:
0.23690000000000C0C0000OOOCDOOOOOOODOOODOOODDOOOOOOODDDO00OOOOD0O000OOOEEOOO
goooooooooooo 71471719 @s 776us/step — accuracy:
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0.9169 - loss: ©.2371000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCOOODD
gooooooooooOoOOOOOOOOOOOODODD 78071719 0s 776us/ste
p — accuracy: 0.9168 - loss: 0.2374000000000000000000000000C00C0CCCCOCOCOCO00
gooooooooOOOOOOOOOOOOOOODOOOOODD00OD0ODDDD 84671719
= 0s 774us/step — accuracy: 0.9166 - loss: ©.237700000000000000000OOCOO
goooooooooOOOOOOOOOODOOOOOODDODDDDD0D0DD0DD0D0DDDD0D0DE0D 91272719 —
@s 775us/step — accuracy: 0.9164 - loss: 0.238e00000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
978/1719 @s 773us/step — accuracy: 0.9163 - loss:
0.23820000000000CC0000OOOCDOOCOOOOODCOOCODOOOCDOOOOOOCEDO0O0OOOCE00O0DOOOEE00O
QooooooooooO0le44/1719 Os 773us/step — accuracy:
0.9162 - loss: 0.238200000000000000000C00C0CCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
gooooooooooOoOOOOOOOOOOOODODD1110/17129 0s 772us/ste
p — accuracy: 0.9162 - loss: ©.23820000000000000C0000OOOCCOOOOOOOOCCOCOOD
goooooooooooOOOOOOOOOOOODOOOOODDODODDDDD00276/17109
= 0s 771lus/step - accuracy: 0.9161 - loss: ©.238300000000000000000OOCON
gooooooooOOOOOOOOOOODODODODODDODDDDDDDDDD0DDDD0DDDDDD0DD0D011242/1719 —
@s 771lus/step — accuracy: 0.9160 - loss: 0.238300000000
goooooooooOOOOOOOOOOOOOOODOODOOOD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D00D0D1
307/1719 @s 771us/step — accuracy: 0.9160 - loss:
©.238300000CCCCCDDDDDDDDDDDDDDDDDDDDDDDDDCOCDCCDCODCODDDDODDDODODODOOODOOOODOODOO
pooooooooooooa373/1719 0s 771lus/step - accuracy:
0.9160 - loss: ©.23830000000000CCOCOOOOOOOCCOOOOOOOCOOOOOOOOCOCOOOOOOEECCOODD
gooooooooooOOOOOOOOOODDODDDD2439/1719 0s 770us/ste
p — accuracy: 0.9160 - loss: ©.2382000000000000CCOCOOOOOCCCOOOOOOOCCOCOOOD
gooooooooOOOOOOOOOOOOOOODODDOODDDDDDDDDDDD1504/1719
— 0s 770us/step — accuracy: 0.9159 - loss: ©.238200000000000000CC00OCOOO
goooooooooOOOOOOOOOOOOOOODODOO0DDD000000D0DD0DDDD0DDDDDD1569/1719
@s 770us/step — accuracy: 0.9159 - loss: 0.238200000000
gooooooooooOOOOOOOOOOOOOOOODOODOODODDDDDDDDDODDDD0D0DDDDDD0D0D0D0D0D0D1
633/1719 0s 771us/step — accuracy: 0.9159 - loss:
©.23820000000000000000OOCDOOCOOOOODOOCODOOOEDOCOOOOOOEDO0O0OOOOE0OCOOOOOOEECOO
goooooooooooD1e97/1719 @s 772us/step — accuracy:
0.9158 - loss: ©.23820000000000CCOCOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDCOODD
gooooooooooOOOOOOOOOOODODODDY729/17109 1s 830us/ste
p — accuracy: 0.9158 - loss: 0.2382 - val_accuracy: 0.8756 - val_loss:
0.3474
Epoch 27/30

1/1719 20s 12ms/step — accuracy: 0.9688 - loss:
0.212e60000000000CC00000OOCDOOCOOOOODOOCODOOOCOOOOOOOCEDOOOOOOCC00OODOO0EE00O
poooooooooooo  e5/1719 1s 783us/step — accuracy:
0.9353 - loss: 0.201300000000000000000000C0COCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O0O0O
gooooooooOOOOOOOOOOOOOOOODODD 12871719 1s 790Qus/ste
p — accuracy: 0.9283 - loss: ©.21290000000000000CC00OOOOOCDCOOOOOOOOECOCOOOD
gooooooooooOOOOOOOOOOOOODOOOOODODDODDDDDOD 19471719
= 1s 783us/step - accuracy: 0.9244 - loss: 0.2212000000000000CCOC00OOOCD
gooooooooOOOOOOOOOOOOODODODODDODDDDDDDDDD0DDDD0DDDD0D0D00D 25971719 —
1s 781lus/step — accuracy: 0.9226 - loss: 0.224700000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED

325/1719 1s 778us/step - accuracy: 0.9213 - loss:
0.226900000000000C0000OOOCDOOOOOOODOOODOOODOOOOOOODDDO00OOOOD0O000OOOEEOOO
poooooooooooo 39171719 1s 776us/step — accuracy:
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0.9203 - loss: ©.2289000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCOOODD
goooooooooooOODOOODOOOOODOOOODD 456/1719 0s 776us/ste
p — accuracy: 0.9196 - loss: 0.2304000000000000CCOOOOOOOCCOOODOOOCCOCOODOD
ooooooooooooOODOOOODOOOODOOODOOODOOOoOoOoonnn 521/1719
- @s 776us/step — accuracy: 0.9192 - loss: ©.23140000000000000000000COO
gooooooooooOODOOOOCOOOOOOODDOOODOOODOCOOOOOOoDODOo0nOoooEO0o0n 587/1719 ——
@s 775us/step — accuracy: 0.9188 - loss: 0.232e00000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
651/1719 @s 776us/step — accuracy: 0.9186 - loss:
0.2323000000000000000000000000000DOO00O0OOOO0O0OOOnoOOnoonononoooononoonnnan
goooooooooooo 71571719 O@s 777us/step - accuracy:
0.9185 - loss: 0.23260000000000CC00000OOCCOOOOOOOOCOOODOOOCCOOOOOOECOOODD
goooooooooooOODOOOoOOOODOOOOOD 778/1719 0s 779us/ste
p — accuracy: 0.9183 - loss: ©.23290000000000000CCOCOOOOOOCCOOOOOOOOCOCOOOD
gooooooooooOODOOODCOOODOOODDOOODOOODEDOO0nnn 843/1719
= @s 779us/step - accuracy: 0.9181 - loss: ©.23320000000000000000000COO
goooooooooooODOOODOOOOOOOOOOOODOOOOOOO0OO0OoOoooonoOnooooon 908/1719 —
@s 778us/step — accuracy: 0.9179 - loss: 0.233500000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
973/1719 @s 778us/step — accuracy: 0.9177 - loss:
©0.233700000000000000000O0CDOOOOOOODOOODOOOEEOO0O0OOOEDDO000O0OD0O000OOoEEOOO
gooooooooooOoo1e37/1719 0s 778us/step — accuracy:
0.9176 - loss: ©.23380000000000CCOCOOOOOOOCCOOOOOOOCOOOOOOOOCOCOOOOOOEECCOODD
gooooooooooOOOOOOODDOOODOOODDO1102/71719 0s 778us/ste
p — accuracy: 0.9175 - loss: ©.23380000C00000000CCOOOOOOCCCOOOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOODOOODOOOODOO000001165/1719
— 0s 779us/step - accuracy: 0.9175 - loss: ©.23380000000000C0000CCOOODOON
ooooooooooooODOOODOOOOOOOOODOOODOOOOOOo000onnooo0n00nnon0n1232/1719
@s 778us/step — accuracy: 0.9174 - loss: 0.233800000000
gooooooooooOODOOOOCOOOOOOODCOOODOOODCDOO0OOooEOOo00O0ooEOO000O0EDDO0O00O0oDD,
297/1719 @s 778us/step - accuracy: 0.9173 - loss:
0.23390000000000000000000DD000OOODOOOOONOOOOOOOOOooooononoOoooonnnooonaan
poooooooooooo13e2/1719 @s 778us/step — accuracy:
0.9173 - loss: ©.23380000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDOODD
qoooooooooooOODOOOOOOOOOOOODO1428/1719 0s 777us/ste
p — accuracy: 0.9173 - loss: 0.2338000000000000CCCOCOOOOOCCOCOOODOOOCCOCOOOD
ooooooooooooO0DOOOoOOOO0OO0ODOO00000N0nOn000001494/1719
- @s 776us/step — accuracy: 0.9173 - loss: ©.233800000000000000000OOOOOD
gooooooooooOODOOODCOOOOOOOCDOOODOOODCOO0OOODDDO0000000O00001558/1719 ——
@s 777us/step — accuracy: 0.9172 - loss: 0.233800000000
gooooooooooOOODOOOODOOOOOOOOOOCOOOOOOOOOO0OOOoOoooonoOnonoooooOoO0nooooononnooy
623/1719 @s 777us/step — accuracy: 0.9172 - loss:
0.23370000000000000000000D000000ODOO00DOOOOOO0O0OOODEOOo0nononoooononoonnnan
gooooooooooOOooD1e87/1719 O@s 777us/step - accuracy:
0.9172 - loss: ©.23380000000000CCOCOO0OOOOCCOOOOOOOOCOOODOOOCCOOOOOOECOCODD
ooooooooooooOODOOOOOOOODOOOOO1719/1719 1s 835us/ste
p — accuracy: 0.9172 - loss: 0.2338 - val_accuracy: 0.8772 - val_loss:
0.3464
Epoch 28/30

1/1719 19s 11lms/step - accuracy: 0.9688 - loss:
0.209000000000000C00000OOCDOOOOOOODOOODOOODDOOOOOOODDDO00OOOOD0O00DOOOEEOOO
poooooooooooo  e5/1719 1s 788us/step — accuracy:
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0.9367 - loss: ©.1978000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDOODD
gooooooooooOOOOOOOOOOOOODODD 12971719 1s 785us/ste
p — accuracy: 0.9296 - loss: 0.2093000000000000000000000000C00CCOCOCOCOCOCOCO00
gooooooooOOOOOOOOOOOOOOODODDOODD0DODD0DD0D 19471719
- 1s 784us/step — accuracy: 0.9258 - loss: ©.2173000000000000000000OOCOD
goooooooooOOOOOOOOOODOOOOOODDODDDDD0D0DD0D00D0DDDDDD0D00D 25971719 —
1s 783us/step — accuracy: 0.9239 - loss: 0.220800000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
324/1719 1s 782us/step — accuracy: 0.9226 - loss:
@.22290000000000CCOOOOOOOCDOOOOOOODCOODOOOCDOOOOOOCEDO0O0OOOCC00OODOOOEEO0O
poooooooocoooo 387/1719 1s 784us/step — accuracy:
0.9218 - loss: 0.22480000000000000000000C0CCOCOCOCOCOCOCOCOCOCOCOOOCOCOOCOCOCOCOCOCOCOCOCOCO0O0O
goooooooooOOOOOOOOOOOOOOODODD 45171719 0s 784us/ste
p — accuracy: 0.9211 - loss: ©.22630000000000000C000OOOOCCOOOOOOOOECOCOOOD
gooooooooooOOOOOOOOOOOOODOOOOODOODODDODDOD 51471719
- @s 786us/step — accuracy: 0.9207 - loss: ©.2273000000000000000000OOCOD
gooooooooOOOOOOOOOOOOODODODODDODDDDDDDDDDDDDDD0DDDDDDDDDDD 578/1719 —
@s 786us/step — accuracy: 0.9204 - loss: 0.227900000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED
643/1719 @s 785us/step — accuracy: 0.9202 - loss:
@.228200000C0CCCCDDCDDDDCDDDDDDDDDDDDDDDDCCDDCDCODCODDCODDDDDODODODOOODOOOODOOOO
goooooooooooo 7e7/1719 0s 785us/step — accuracy:
0.9201 - loss: 0.22850000000000CCOCOOOOOOCCOCOOOOOOOCOOOOOOOECOCOOOOOOEECCOODD
goooooooooooOoOOOOOOOOOOOOOOD 77171719 0s 785us/ste
p — accuracy: 0.9199 - loss: ©.22870000C00000000CCOOOOOOCCCOOOOOOOCCOCOOOO
goooooooooOOOOOOOOOOOOOODODDOODDDDODDDDDDD 83671719
— 0s 785us/step — accuracy: 0.9197 - loss: ©.229e000000C0000C00000COOODOON
goooooooooOOOOOOOOOOOOOOODODO0DDDD000000000D0D00D0D0DDDD 90071719
@s 785us/step — accuracy: 0.9196 - loss: 0.229400000000
gooooooooOOOOOOOOOOODOODDODODDODDDDD0DDDDDDDDDDDDDDDDDDDDDDD0DDDDDDDEEED
963/1719 0s 786us/step — accuracy: 0.9194 - loss:
©.229e6000000000000000OOOCDOOCOOOOODOOCODOOODDOOOOOOEDO0OOOOOOE0OCOODOOOEEC0O
gooooooooooOoD1e29/1719 0s 784us/step — accuracy:
0.9193 - loss: ©.2297000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCOOODD
gooooooooOOOOOOOOOOOOODDDDDD1094/1719 0s 784us/ste
p — accuracy: 0.9193 - loss: 0.2297000000000000000000000000CC0CCCCOCOCOCOCO00
goooooooooOOOOOOOOOOOOOODOOOOODDODODDDD0001159/1719
- 0s 783us/step — accuracy: 0.9192 - loss: ©.229700000000000000000OOCOD
goooooooooOOOOOOOOOOOOOOOODDO0DDDD0D0DDDDDDD0DDDD0D000D0012224/1719 —
@s 783us/step — accuracy: 0.9191 - loss: 0.229700000000
goooooooooOOOOOOOOOOOOOOOODDOODDODDDDDDDDDDDDDDDDDDDDDDDDD0D0D0DDD0DD0D1
288/1719 @s 783us/step — accuracy: 0.9191 - loss:
0.22980000000000CCOOOOOOOCDOOOOOOODOOCODOOOCDOCOOOOOCDDO0OOOOOCC00OODOOOEEOOO
gooooooooooooa3s2/1719 0s 783us/step - accuracy:
0.9191 - loss: 0.229800000000000000000C0C0COCOCOCOCOCOCOCOCOCOCOCOCOCOOOCOOOCOOCOCOCOOCOCOCO0O0O
goooooooooOOOOOOOOOOOOOODODD1416/1719 0s 783us/ste
p — accuracy: 0.9191 - loss: ©.22970000000000000C00OOOOOCCOOOOOOOOCCOCOOD
gooooooooooOOOOOOOOOOOOODOOOOODDDDODDDD0DD1480/1719
= 0s 784us/step - accuracy: 0.9190 - loss: ©.229700000000000000000OOCON
gooooooooOOOOOOOODOOODOODODODODDODDDDDDDDDDDDDDD0DDDDDD0DDD0D1545/1719 —
@s 783us/step — accuracy: 0.9190 - loss: 0.229700000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1
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609/1719 0s 783us/step — accuracy: 0.9190 - loss:
©0.229e6000000000000000OOOCDOOOOOOODOOODOOODDOOOOOOCDOOOOOOOE0O0OOOOOOEECOO
goooooooooooo1le73/1719 @s 783us/step — accuracy:
0.9190 - loss: ©.2297000000000CCCOOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOCCDOODD
gooooooooooOoOOOOOOOOOODODODDY729/17109 1s 842us/ste
p — accuracy: 0.9190 - loss: 0.2297 - val_accuracy: 0.8774 - val_loss:
0.3459
Epoch 29/30

1/1719 19s 12ms/step - accuracy: 0.9688 - loss:
0.20210000000000CC00O00OOOCDOOCOOOOOCCOOCODOOOCDOOOOOOOCDDO0O0OOOCC0O0OODOOOEEO0O
goooooooooooo  e4/1719 1s 795us/step - accuracy:
0.9373 - loss: 0.19310000000000000000000C0CCOCOCOCOCOCOCOCOCOCOCOOCOCOCOCOCOCOCOCOCOCOCOCO0OCO0O0O
gooooooooOOOOOOOOOOOOOOOODODD 12871719 1s 791lus/ste
p — accuracy: 0.9306 - loss: 0.20480000000000000CCOCOOOOOOCCOOOOOOOOECOCOOD
gooooooooooOOOOOOOOOOOOODOOOOODODDODDDDDOD 19471719
= 1s 782us/step - accuracy: 0.9270 - loss: 0.213e000000000000CCOCO0OOOCOD
gooooooooOOOOOOOOOOOOODODODODDODDDDDDDDDD0DDDD0DDDD0D0D00D 25971719 —
1s 780us/step — accuracy: 0.9252 - loss: 0.216500000000
gooooooooOOOOOOOODOODODOODODODODDDO0DDDDDDDDDDDDDDDDDDD0D0DDDDDD0D0DDDDDE0ED
324/1719 1s 780us/step — accuracy: 0.9241 - loss:
@.21870000CCCCCDDDDDDDDDDDDDDDCDDDDDDDDCDCCCDCDCDDCODDCODODDDODDODOOOODOOOODOODOO
poooooooooooo 38871719 1s 780us/step — accuracy:
0.9234 - loss: ©.22ee60000000000CCOCOOOODOCCOCOOOOOOOCOOODOOOCCOCOOOOOOEECCOOOD
gooooooooooOOOOOOOOOOOOODODD 45371719 0s 779us/ste
p — accuracy: 0.9229 - loss: 0.2222000000000000CCO000OOOCCOOOOOOOCCOCOOOO
goooooooooOOOOOOOOOOOOOODOODOODDDDODDDDDOD 51971719
= 0s 777us/step — accuracy: 0.9225 - loss: ©.2232000000000000000000OCOO
goooooooooOOOOOOOOOOOOOOOOODOODDDD0000D000DD0D0DD0D0DDDD 58471719
@s 776us/step — accuracy: 0.9223 - loss: 0.223800000000
gooooooooOOOOOOOOOOODOODDODODDODDDDD0DDDDDDDDDDDDDDDDDDDDDDD0DDDDDDDEEED
650/1719 @s 775us/step — accuracy: 0.9221 - loss:
@.2242000000000000000000CDOOCOOOOODOOCODOOOEDOCOOOOOOEDO0O0OOOOE0OCO0OOOOEECOO
goooooooooooo 71571719 @s 775us/step — accuracy:
0.9219 - loss: ©.22440000000000CCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCOCOODD
gooooooooooOOOOOOOOOOOOODODD 77971719 0s 776us/ste
p — accuracy: 0.9218 - loss: 0.2247000000000000000000000000C00CCCCOCOCOCOCO00
gooooooooOOOOOOOOOOOOOOODOODOODD000D00DDDD 84371719
= @s 777us/step — accuracy: 0.9216 - loss: ©.2251000000000000000000OCOO
goooooooooOOOOOOOOOOOOOOOODDO0DDDD0D0DD0DD0D0D0DD0D0D0DD 906/1719 —
@s 778us/step — accuracy: 0.9214 - loss: 0.225400000000
goooooooOOOOOOOOODOODDODDDDODD0DDDDDDDDDDDDDDDDDDDDDDDDDDDDD0D0DDDDDD0ED
970/1719 @s 779us/step — accuracy: 0.9213 - loss:
0.22560000000000CC0000000CCDOOOOOOODOOCODOOOCDOOOOOOOCEDO0O0OOOCE00O0DOO0EEO0O
gooooooooooOoo1e35/1719 0s 778us/step - accuracy:
0.9212 - loss: 0.225700000000000000000C00CCCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
gooooooooooOOOOOOOOOOOOODODD1I101/17129 0s 777us/ste
p — accuracy: 0.9211 - loss: ©.22570000000000000CC000OOOOCCOOOOOOOEECOCOOD
goooooooooooOOOOOOOOOOOODOOOOODOODODDDDDDD266/1719
= @s 777us/step — accuracy: 0.9210 - loss: ©.2257000000000000000000OCOO
gooooooooOOOOOOOOOOOOODODODODDODDDDDDDDDDDDDDD0DDDDDD0D00011232/1719 —
@s 777us/step — accuracy: 0.9209 - loss: 0.225800000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1
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297/1719 0s 776us/step — accuracy: 0.9209 - loss:
0.22580000000000000000000DO000OOODOOOOOOOOOOOOOOOoOoOoO0nonoOoooonnnoononnan
goooooooooooo13e1/1719 @s 777us/step — accuracy:
0.9209 - loss: 0.22580000000000CCCOOOOOOOCCOOOOOOOCOOOOOOOCCOOOOOOCCDCOODD
qoooooooooooOODOOOOOOOODOOODO1428/1719 0s 776us/ste
p — accuracy: 0.9209 - loss: 0.2257000000000000CCOCO0OOOOCCCOOOOOOOCCOCOOOD
ooooooooooooO0DOOoOoOOOO0OO0ODOO00000N0nOn000001494/1719
- @s 776us/step — accuracy: 0.9209 - loss: ©.225700000000000000000OOCOD
gooooooooooOODOOODCOOOOOOOCDOOODOOODCOO0O00DDDO00000000O0001560/1719 ——
@s 775us/step — accuracy: 0.9208 - loss: 0.225700000000
goooooooooooOODOOOODOOOOOOOODOOOOOOOOOOOO0000OoOoooonoOnnoooooOoO0nooooononnooy
626/1719 @s 775us/step — accuracy: 0.9208 - loss:
0.22570000000000000000000D00000O0ODOO0DOOOOOO0O0OOODOEOOnoononononoononnonnnan
gooooooooooOooD1e92/1719 0@s 775us/step - accuracy:
0.9208 - loss: @.22570000000000CCOCOOOOOOCCOOOOOOOCOOODOOOCCOOOOOOEECCOODD
ooooooooooooOODOOOOOOOODOOOODO1719/1719 1s 831lus/ste
p — accuracy: 0.9208 - loss: 0.2257 - val_accuracy: 0.8794 - val_loss:
0.3451
Epoch 30/30

1/1719 19s 11lms/step - accuracy: 0.9688 - loss:
0.198300000000000C00000OOOCODOOOOOOODOOODOOOEDOOOOOOODDDO00OOOOD0O000OOOEEOOO
poooooooooooo  e5/1719 1s 789us/step — accuracy:
0.9391 - loss: 0.18960000000000OCCOCOOOODOOCOOOOOOOODOOODOOODCOOOOOOOOEOCOODD
gooooooooooOOOOOOODOOODOOOOD 129/1719 1s 786us/ste
p — accuracy: 0.9324 - loss: ©.20110000C00000000CCOOOOOOCCCOOCOOOOOCCOCOOOO
goooooooooooOODOOOODOOOOOOOOOOOODOOOOOOO0oOnnnO 193/1719
— 1s 785us/step — accuracy: 0.9290 - loss: ©.2088000000C0000C0000CCOOODOON
goooooooooooODOOODOOOOOOOOOOOODOOOOOOo0oooooooonooooooon 259/1719
1s 781lus/step - accuracy: 0.9272 - loss: 0.212400000000
gooooooooooOOOOOOOCOOODOOODDOODOOODCDOO00OOoEODOO00OooEEDOO00O00EEO0O00noooD
324/1719 1s 779us/step - accuracy: 0.9260 - loss:
0.21450000000000000000000000000O0ODOOOOOOOOOOOOOOODEOOO0OOnOoooonnnooonaan
goooooooooooo 39e/1719 1s 776us/step — accuracy:
0.9252 - loss: ©@.2l1e50000000000CCOOOOOOOCCOOOOOOOOCOOOOOOOCCOOOOOOCCDOODD
goooooooooooOODOOOOOOOOOOOOOD 454/1719 0s 777us/ste
p — accuracy: 0.9246 - loss: 0.218e0000C00000000CCOCOOOOOOCCOOODOOODCOCOODD
ooooooooooooOODOOOooOOOOOOOODOOODOOOoOoOoonnnO 519/1719
- @s 778us/step — accuracy: 0.9242 - loss: ©.219e000000000000000COOODOOD
gooooooooooOODOOODCOOOOOOOCDOOODOOOOCOO0OOOoDDOO0nooooEO0o0n 584/1719 ——
@s 778us/step — accuracy: 0.9239 - loss: 0.219600000000
goooooooooooOOOOOOOOOOOOOOOCOOOOOODOOOO000OoOooooo000oooo00oOoOonooooonnnonG
650/1719 @s 776us/step — accuracy: 0.9237 - loss:
0.22000000000000000000000DD000DOODDOOOOOOOOOOOOOOODDOOOOOONnoOnoononoonnnan
poooooooooooo 71e/1719 O@s 775us/step - accuracy:
0.9236 - loss: ©.22020000000000CC0C000OOOCCOOOOOOOOCOOODOOOCCOOOOOOECCCOODD
goooooooooooOODOOOODOOOODOOOODD 781/1719 0s 775us/ste
p — accuracy: 0.9234 - loss: ©.22eec0000000000000CC00OOOOOCDCOOOOOOODCCOCODOD
gooooooooooOODOOODOOOODOOODDOOODOOODEDOO0nnn 848/1719
= @s 773us/step — accuracy: 0.9232 - loss: ©.2209000000000000000C0OOOCON
goooooooooooODOOOODOOOOOOOOOOOODOOOOCOOO0OOOooooonooOooooon 914/1719 —
@s 773us/step — accuracy: 0.9231 - loss: 0.221200000000
ooooooooooooOODOOOoOOOOOOOOODOOOOOOOOooo00oooooooooooooooonoononoooooonnonG
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982/1719 @s 770us/step — accuracy: 0.9229 - loss:
@.221400000CCCCCDCCCDDDCDDDDDDDDDDDDDDDDCODDCDDDDDDDDDDDODODDODODODOODODODODODODO
pooooooooooOoD1e49/1719 @s 770us/step — accuracy:
0.9228 - loss: ©@.22150000000000CCOCO0OOOOCCOOOOOOOCOOOOOOOCCOOOOOOECDCOODD
gooooooooooOoOoOoOOOOOOOODODDDD1126/17109 0s 769us/ste
p — accuracy: 0.9227 - loss: 0.221500000000000000000000000000000000CC00
gooooooooOOOOOOOOOOOOOOOOOOOOODD00OD0DDDDD1182/1719
- @s 769us/step — accuracy: 0.9226 - loss: ©.22150000000000000000000COO
goooooooooOOOOOOOOOODOOOOOODDO0DDDD0D0DD0DDDD0DDDD0D000D0011249/1719 —
@s 767us/step — accuracy: 0.9226 — loss: 0.221e600000000
goooooooooOOOOOOOOOOOOODOOODDOODDODODDDDDDDDDDDDDDDD0DDDDDD0D0D0DDD0DD0D1
316/1719 @s 766us/step — accuracy: 0.9225 - loss:
@.221e0000CCCOCCDDDDDDDCDDDDDCCDCCCDDDCODCOCODCDDDDDDDDDDODODDOODOOOODOODODOODO
poooooooooooo1381/1719 0s 767us/step - accuracy:
0.9225 - loss: 0.221e00000000000000000C00C0C0C0COCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCOCO0O0O
gooooooooOOOOOOOOOOOODODDDDD1446/1719 0s 767us/ste
p — accuracy: 0.9224 - loss: ©.221e0000000000000CCOCOOOOOOCDCOOOOOOOOCCOCOOOD
gooooooooooOOOOOOOOOOOOODOOOOODDODODDDDD0DY512/7127109
= 0s 767us/step — accuracy: 0.9224 - loss: ©.22150000000000000000000C0O
gooooooooOOOOOOOOOOOOODODODODDODDDDDDDDDDDDDDD0DDDD0D0D0DD1578/1719 —
@s 767us/step — accuracy: 0.9224 - loss: 0.221500000000
goooooooooOOOOOOOOOOOOOOODOODOODD0DDDDDDDDDDD0DDDD0D0D0D00D0D0D0D0D0DD0D1

644/1719 @s 767us/step — accuracy: 0.9223 - loss:
@.2215000000000000000000CDOOOOOOODOOODOOOEEOOO0OOOEEOO00OOOOE0O000OOoEEOGO
gooooooooooo01l711/71719 0s 766us/step — accuracy:
0.9223 - loss: 0.22150000000000000000000C0000OOOOCOOOOOOOOOOOOOOOOOEOOCOND
gooooooooooOOOOOOODDOOODOOOODO2719/1719 1s 823us/ste
p — accuracy: 0.9223 - loss: 0.2215 - val_accuracy: 0.8802 - val_loss:
0.3446

The model is provided with both a taining set and a validation set. At each step,
the model will report its performance on both sets. This will also allow to visualize
the accuracy and loss curves on both sets (more later).

When calling the fit method in Keras (or similar frameworks), each step
corresponds to the evaluation of a mini-batch. A mini-batch is a subset of the
training data, and during each step, the model updates its weights based on the
error calculated from this mini-batch.

An epoch is defined as one complete pass through the entire training dataset.
During an epoch, the model processes multiple mini-batches until it has seen all
the training data once. This process is repeated for a specified number of epochs
to optimize the model’'s performance.

Visualization

import pandas as pd
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pd.DataFrame(history.history).plot(
figsize=(8, 5), xlim=[0, 29], ylim=[0, 1], grid=True, xlabel="Epoc
style=[llr__ll’ “r__|”’ Ilb_ll' Ilb_*ll] )

plt.legend(loc="1lower left") # extra code

plt.show()
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-
——
——

0.8 17

0.6 1

0.4 1
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-*- |oss
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0.0 T T T
0 5 10 15 20 25

Epoch

0.2 1

Evaluating the Model on our Test Set

model.evaluate(X_test, y_test)

1/313 3s 10ms/step - accuracy: 0.8750 - loss: 0.
5e3e000000000000CCCOO0OOOOODOOOOOOODCOOCOOOOODDOOOOOODDDO0O0DOOODDO0O00OOOEDEOO
ooooooonoile7/313 0s 473us/step - accuracy: 0.8797 -
loss: 0.351e60000000000000000CO00000OOOOCOOOOOOOODOOOOOOODOOOOOOOOOEOOO0OOOOGD
goooooooooOOooOOnD220/313 @s 459us/step — accuracy:
0.8743 - loss: 0.3643000000000000000000000000000000O0O0OOOOOOOOOOOOOO0O0O00O
goooooooooooOOODOOODOOOOOOOOD313/313 0s 483us/step -
accuracy: 0.8740 - loss: 0.3650
[0.3627529740333557, 0.8744999766349792]

Making Predictions

X_new = X_test[:3]
y_proba = model.predict(X_new)
y_proba.round(2)
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1/1 0s 20ms/steplO00000OODDDOODDODOODODDOOODOODOOOOD
oooi/1 0s 28ms/step
array([[0. , 0. , 0. , 0. , 0. , 0.19, 0. , 0.
[6. , 0. ,1. , 0. ,0. , 0. , 0. , 0.
(. , 1. , 0. ,0. ,0. ,0. , 0. , 0.
dtype=float32)

01, , 0.81],

[SESIN ]
(SIS

]
, ]
, ]

1,

y_pred = y_proba.argmax(axis=-1)
y_pred

array([9, 2, 1])

y_new = y_test[:3]
y_new

array([9, 2, 1], dtype=uint8)

As can be seen, the predictions are unambiguous, with only one class per
prediction exhibiting a high value.

Predicted vs Observed

plt.figure(figsize=(7.2, 2.4))
for index, image in enumerate(X_new):
plt.subplot(1, 3, index + 1)
plt.imshow(image, cmap="binary", interpolation="nearest")
plt.axis('off")
plt.title(class_names|[y_test[index]])
plt.subplots_adjust(wspace=0.2, hspace=0.5)
plt.show()

Ankle boot Pullover Trouser

np.array(class_names) [y_pred]

array(['Ankle boot', 'Pullover', 'Trouser'], dtype='<U11")
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Test Set Performance

from sklearn.metrics import classification_report

y_proba = model.predict(X_test)
y_pred = y_proba.argmax(axis=-1)

Test Set Performance

print(classification_report(y_test, y_pred))

precision
0 0.86
1 0.99
2 0.76
3 0.79
4 0.82
5 0.90
6 0.76
7 0.94
8 0.96
9 0.98
accuracy
macro avg 0.88
weighted avg 0.88
Prologue
Summary

recall fl-score

[SENSES ISR SRS IS IS RGNS

.80
.97
.84
.94
.78
.98
.63
.92
.96
.92

.87
.87

¢ Neural Networks Foundations:

[SENS IS ISR SR ISR S B RN S

(SIS

.83
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10000
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We introduced bio-inspired computation with neurodes and threshold logic

units, outlining the perceptron model and its limitations (e.g., the XOR

problem).

e From Perceptrons to Deep Networks:

We explained the evolution to multilayer perceptrons (MLPs) and feedforward

architectures, emphasizing the critical role of nonlinear activation functions

(sigmoid, tanh, ReLU) in enabling gradient-based learning and complex

function approximation.

e Universal Approximation:

We discussed how even single hidden layer networks can approximate any
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continuous function on a compact set, highlighting the theoretical
underpinning of deep learning.

¢ Practical Frameworks and Applications:
Finally, we reviews leading deep learning frameworks (PyTorch, TensorFlow,
Keras) and demonstrates practical model-building using the Fashion-MNIST
dataset, covering model training, evaluation, and prediction.

3Blue1Brown on Deep Learning

e But what is a Neural Network?
= youtu.befaircAruvnKk
= 19 minutes
e Gradient descent, how neural networks learn?
= youtu.be/IHZWWFHWa-w
= 21 minutes
e What is backpropagation really doing?
= youtu.be/llg3gGewQ5U
= 14 minutes
e Backpropagation calculus
= youtu.be/llg3gGewQ5U
= 10 minutes

Next lecture

e Training Deep Learning Models
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