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The problem we’re trying to solve here 1s to classify grayscale images of
handwritten digits (28 x 28 pixels) into their 10 categories (0 through 9).
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Instantiating a small convnet

from keras import layers
from keras import models
= models.Sequential()

model

model.
model.
model.
model.

model
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add(layers
add(layers
add(layers
add(layers

.add(layers

.Conv2D(32, (3, 3), activation='relu', input_shape=(28, 28, 1)))
.MaxPooling2D((2, 2)))

.Conv2D(64, (3, 3), activation='relu'))

.MaxPooling2D((2, 2)))

.Conv2D(64, (3, 3), activation='relu'))
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Sl ol ewsli convnet s
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>>> model.summary ()

Layer (type) Output Shape Param #
conv2d_1 (Comv2D)  (Nome, 26, 26, 32) 320
maxpooling2d 1 (MaxPooling2D) (None, 13, 13, 32) 0
conv2d_2 (Conv2D) (None, 11, 11, 64) 18496
maxpooling2d 2 (MaxPooling2D) (None, 5, 5, 64) 0
conv2d_3 (Conv2D) (None, 3, 3, 64) 36928

Total params: 55,744
Trainable params: 55,744
Non-trainable params: ©

J<a b samdw il S5 MaxPooling2D 5 Conv2D sy o agsa

(height, width, channels)
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Adding a classifier on top of the convnet

model.add(layers.Flatten())
model.add(layers.Dense(64, activation='relu'))
model.add(layers.Dense(10, activation='softmax'))
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>>> model.summary ()

Layer (type) Output Shape Param #
conv2d_1 (Comv2D)  (Nome, 26, 26, 32) 320
maxpooling2d 1 (MaxPooling2D) (None, 13, 13, 32) 0

conv2d_2 (Conv2D) (None, 11, 11, 64) 18496
maxpooling2d 2 (MaxPooling2D) (None, 5, 5, 64) 0

conv2d_3 (Conv2D) (None, 3, 3, 64) 36928
flatten 1 (Flatten) (None, 576) 0

dense_1 (Dense) (None, 64) 36928
dense_2 (Dense) (None, 10) 650

Total params: 93,322
Trainable params: 93,322
Non-trainable params: ©
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Training the convnet on MNIST images

from keras.datasets import mnist

from keras.utils import to categorical

(train_images, train_labels), (test_images, test labels) = mnist.load data()
train_images = train_images.reshape((60000, 28, 28, 1))
train_images = train_images.astype('float32') / 255

test images = test images.reshape((10000, 28, 28, 1))

test images = test images.astype('float32') / 255

train_labels = to_categorical(train_labels)

test labels = to_categorical(test labels)
model.compile(optimizer="rmsprop’,

loss="categorical crossentropy',

metrics=['accuracy'])

model.fit(train_images, train_labels, epochs=5, batch size=64)
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>>> test _loss, test acc = model.evaluate(test images, test labels)
>>> test_acc
0.99080000000000001

Whereas the densely connected network from chapter 2 had a test accuracy of 97.8%,
the basic convnet has a test accuracy of 99.3%:

we decreased the error rate by 68% (relative).
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Stride 1 Feature Map
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eSS sulaiul Jaw Ha pooling Jee 51 S

model no_max_pool = models.Sequential()

model no max_pool.add(layers.Conv2D(32, (3, 3), activation='relu’,

input_shape=(28, 28, 1)))

model no _max_pool.add(layers.Conv2D(64, (3, 3), activation='relu'))
model no _max_pool.add(layers.Conv2D(64, (3, 3), activation='relu'))

>>> model no_max_pool.summary()

Layer (type) Output Shape

conv2d 4 (Conv2D) (None, 26, 26, 32)

Param #

conv2d 5 (Conv2D) (None, 24, 24, 64)

conv2d 6 (Conv2D) (None, 22, 22, 64)

Total params: 52,744
Trainable params: 52,744
Non-trainable params: ©
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You can download the original dataset from www.kaggle.com/c/dogs-vs-cats/data
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Copying images to training, validation, and test directories

import os, shutil

original dataset dir =

T

'/Users/fchollet/Downloads/kaggle original data’

base_dir =
os.mkdir(base_dir)

[

Path to the directory where the
original dataset was uncompressed

'/Users/fchollet/Downloads/cats_and _dogs small’

train_dir = os.path.join(base dir,
os.mkdir(train_dir)

validation dir =
os.mkdir(validation_dir)

test dir = os.path.join(base _dir,

Prepared by Kazim Fouladi | Spring 2021 | 2 Edition
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os.path.join(base_dir,

"train')

"test')

Directory where you’ll store your
smaller dataset

‘validation')

Directories for
the training,
validation, and
test splits
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train_cats_dir = os.path.join(train_dir, 'cats') | Directory with
os.mkdir(train_cats _dir) training cat pictures
train_dogs_dir = os.path.join(train_dir, 'dogs') | Directory with
os.mkdir(train_dogs dir) training dog pictures
validation_cats _dir = os.path.join(validation_dir, ‘'cats')| Directory with
os.mkdir(validation_cats_dir) validation cat pics
validation _dogs dir = os.path.join(validation_dir, 'dogs')| Directory with
os.mkdir(validation dogs dir) validation dog pics

test cats _dir = os.path.join(test dir, 'cats')
os.mkdir(test cats dir)
test dogs dir = os.path.join(test dir, 'dogs"')

os.mkdir(test_dogs _dir)

Directory with
test cat pictures

Directory with
test dog pictures
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fnames = ['cat.{}.jpg'.format(i) for i in range(1000) ]

for fname in fnames: Copies the first
src = os.path.join(original dataset_dir, fname) 1,000 cat images
dst = os.path.join(train_cats_dir, fname) to train_cats_dir
shutil.copyfile(src, dst)

fnames = ['cat.{}.jpg'.format(i) for i in range(1000, 1500) ] )

for fname in fnames: Copies the next 500
src = os.path.join(original dataset_dir, fname) cat.1mages to .
dst = os.path.join(validation cats_dir, fname) validation_cats_dir

shutil.copyfile(src, dst)

fnames = ['cat.{}.jpg'.format(i) for i in range(1500, 2000) ]
for fname in fnames:
src = os.path.join(original dataset dir, fname)
dst = os.path.join(test cats dir, fname)
shutil.copyfile(src, dst)

Copies the next 500
cat images to
test_cats_dir
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fnames = ['dog.{}.jpg'.format(i) for i in range(1000) ]

for fname in fnames: Copies the first
src = os.path.join(original dataset_dir, fname) 1,000 dog images
dst = os.path.join(train_dogs dir, fname) to train_dogs_dir
shutil.copyfile(src, dst)

fnames = ['dog.{}.jpg'.format(i) for i in range(1000, 1500) ] )

for fname in fnames: Copies the next 500
src = os.path.join(original dataset_dir, fname) dog.1mages to .
dst = os.path.join(validation dogs_dir, fname) validation_dogs_dir

shutil.copyfile(src, dst)

fnames = ['dog.{}.jpg'.format(i) for i in range(1500, 2000) ]
for fname in fnames:
src = os.path.join(original dataset dir, fname)
dst = os.path.join(test _dogs dir, fname)
shutil.copyfile(src, dst)

Copies the next 500
dog images to
test_dogs_dir

o
&
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>>> print('total training cat images:', len(os.listdir(train_cats _dir)))

total training cat images: 1000

>>> print('total training dog images:', len(os.listdir(train_dogs dir)))

total training dog images: 1000

>>> print('total validation cat images:', len(os.listdir(validation_cats _dir)))
total validation cat images: 500

>>> print('total validation dog images:', len(os.listdir(validation_dogs dir)))
total validation dog images: 500

>>> print('total test cat images:', len(os.listdir(test cats dir)))

total test cat images: 500

>>> print('total test dog images:', len(os.listdir(test _dogs dir)))

total test dog images: 500

szl (balanced binary classification) (3l g3 o3 99 90 (Suisdduby saline S
-l (ACCUracy ) idu ¢ ounlio c0dd 5o sline



Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

by Guoc sl

BUILDING THE NETWORK

.25l oo MaxPooling2D  (relu ellas ;s L) Conv2D s slite slas¥ sliiy o) gt |, cONVnet Sy

‘Ca_w“):\éd%MdﬁJMJKJﬂMNIST@M&JSSJ}.}&JLASL}UJ%
¢ i CONV + POOI Jaul yo alaad : ani€ alasl (5 585 5 (s 4Sad wbs
S cnd pl Gl 381 (V) o se LIS
-3 5 oo (Flatten) g 5lweas ¥ @ Gasw, B (S sladass go)lusl SIS Gralk (V)

150 x 150 7T X7

cpaolo LIS g (9399 uisdlib galiue 1L G5
Ly aaal sA s1gMOoId cullad B L aal s S L Dense s S eulgs o

S
&



Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

YA

JLdi gl g g3l cmas (sladsad

o
&

LT ool Ghal€ L plosan (S35 (sladdidl 3ae oo )00 (il él g S

Jlit gl 5 9IS same slaeSain J3SI 0
b oo ORl8) modih Sk 5o (Shy AL Gee

b oo (Al o yuid (S5 sladads gaslul S Jls o



¥4

S [ S s (il (5livus

Instantiating a small convnet for dogs vs. cats classification

from keras import layers
from keras import models

model

model.

model.

model

model
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= models.Sequential()

add(layers.

add(layers

.add(layers
model.
model.
model.
model.
model.
model.

add(layers
add(layers
add(layers
add(layers
add(layers

add(layers.
.add(layers
model.

add(layers

Conv2D(32, (3, 3), activation='relu’,
input_shape=(150, 150, 3)))

.MaxPooling2D((2, 2)))
.Conv2D(64, (3, 3), activation='relu'))
.MaxPooling2D((2, 2)))
.Conv2D(128, (3, 3), activation='relu'))
.MaxPooling2D((2, 2)))
.Conv2D(128, (3, 3), activation='relu'))
.MaxPooling2D((2, 2)))

Flatten())

.Dense(512, activation='relu'))
.Dense(1, activation='sigmoid'))

(a2l S g (o g8 (sabdlab dline LG e

Lonily asal pA S1EMOId cullad b L ualy S L Dense a0y < el o
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>>> model.summary ()

Layer (type) Output Shape Param #
conv2d 1 (Conv2D)  (None, 148, 148, 32) 89
maxpooling2d 1 (MaxPooling2D) (None, 74, 74, 32) 0
conv2d_2 (Conv2D) (None, 72, 72, 64) 18496
maxpooling2d_2 (MaxPooling2D) (None, 36, 36, 64) 0
conv2d 3 (Conv2D) (None, 34, 34, 128) 73856
maxpooling2d 3 (MaxPooling2D) (None, 17, 17, 128) ©
conv2d_4 (Conv2D) (None, 15, 15, 128) 147584
maxpooling2d_4 (MaxPooling2D) (None, 7, 7, 128) 0
flatten 1 (Flatten) (None, 6272) 0
dense_1 (Dense) (None, 512) 3211776
dense_2 (Dense) (None, 1) 513

Total params: 3,453,121
Trainable params: 3,453,121
Non-trainable params: ©
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Configuring the model for training

from keras import optimizers

* 0

model.compile(loss="'binary_crossentropy’,
optimizer=optimizers.RMSprop(lr=1e-4),
metrics=["'acc'])

cpaloa S saldiul AT g Husigmoid cullad s 51 ¢ s
.03 oo saléiul binary cross entropy 3! G 3
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1) Read the picture files.
2) Decode the JPEG content to RGB grids of pixels.
3) Convert these into floating-point tensors.
4) Rescale the pixel values (between 0 and 255) to the [0, 1] interval
(as you know, neural networks prefer to deal with small input values).

:Mdu_c‘z‘.%l"J&JéGLAJLS45.JJLSdﬁjfjﬂ]&b‘dﬁ&‘f@JjL@Kerast
keras.preprocessing.image



oY

Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

S [ S s (il (5livus

J:\Jl_aaz ‘:)J:\‘J.A 6‘\):‘ U"""JS o8 S92 90 Ls‘ﬁ[a:ﬂtss :)‘ bdl._:\:\_w‘ ZLA::JLS u’b‘}‘dﬁuﬁ:\g

Using ImageDataGenerator to read images from directories

from keras.preprocessing.image import ImageDataGenerator

train_datagen = ImageDataGenerator(rescale=1./255) | Rescales all images
test_datagen = ImageDataGenerator(rescale=1./255) | by 1/255

train_generator = train_datagen.flow from directory(
train_dir, # Target directory
target size=(150, 150) # Resizes all images to 150 x 150
batch_size=20,
class_mode='binary"') # Because you use binary crossentropy loss,
# you need binary labels

validation generator = test _datagen.flow from directory(
validation_dir,
target size=(150, 1590),
batch_size=20,
class_mode='binary"')

* 0

7Y



Understanding Python generators

A Python generator is an object that acts as an iterator: it’s an object you can use
with the for .. in operator. Generators are built using the yield operator.

Here is an example of a generator that yields integers:

def generator () :

i =20

while True:
i +=1
yvield i

for item in generator () :
print (item)
if item > 4:
break

It prints this:

oo W N
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>>> for data_batch, labels batch in train_generator:
>>> print('data batch shape:', data batch.shape)

>>> print('labels batch shape:', labels batch.shape)
>>> break

data batch shape: (20, 150, 150, 3)

labels batch shape: (20,)

S o a5 AlELL o) gads | (batches) Ladiws o go () 9o
e Bla ade (g4disy 550 Dbl cose
(break) con s ladadi 5o 1y 1S5 saila bl Guaa sy
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In this case, batches are 20 samples, so it will take 100 batches until you see your target of 2,000 samples.

Fitting the model using a batch generator

history = model.fit generator(
train_generator,
steps_per_epoch=100,
epochs=30,
validation data=validation_generator,
validation steps=50)

Saving the model

model.save('cats_and _dogs small 1.h5")
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Displaying curves of loss and accuracy during training

import matplotlib.pyplot as plt

dCcC

val

loss

val

epoc

plt.
plt.
plt.
plt.

plt.
plt.
plt.
plt.
plt.
plt.

K%
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= history.history[ 'acc']

acc = history.history['val acc']

= history.history['loss’]

loss = history.history['val loss’]

hs = range(1, len(acc) + 1)

plot(epochs, acc, 'bo', label='Training acc')
plot(epochs, val acc, 'b', label='Validation acc')
title('Training and validation accuracy')

legend()

figure()

plot(epochs, loss, 'bo', label='Training loss')
plot(epochs, val loss, 'b', label='Validation loss')
title('Training and validation loss"')

legend()

show()
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USING DATA AUGMENTATION
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Setting up a data augmentation configuration via ImageDataGenerator

datagen = ImageDataGenerator(
rotation_range=40,
width_shift range=0.2,
height shift range=0.2,
shear_range=0.2,
zoom_range=0.2,
horizontal flip=True,
fill mode='nearest')

18 S (g Sy s abal (g5, Jlael (gl 1 (Sulad (bad sulaad o)) 55 o Keras o
ImageDataGenerator instance ;) saliiwl b

rotation_range is a value in degrees (0—180), a range within which to randomly rotate pictures.
width_shift and height_shift are ranges (as a fraction of total width or height) within which to
randomly translate pictures vertically or horizontally.

shear_range 1is for randomly applying shearing transformations.

zoom_range 1is for randomly zooming inside pictures.

horizontal_flip is for randomly flipping half the images horizontally—relevant when there are no
assumptions of horizontal asymmetry (for example, real-world pictures).

o fill _mode is the strategy used for filling in newly created pixels, which can appear after a rotation or a
width/height shift.
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Displaying some randomly augmented training images

from keras.preprocessing import image <—————L_____

Module with
image preprocessing utilities

fnames = [os.path.join(train_cats _dir, fname) for
fname in os.listdir(train_cats_dir)]

img path = fnames[3] <«

Chooses one image to augment

img = image.load_img(img_path, target_size=(150, 150)) | Reads the image

X = image.img_to_array(img)

X = X.reshape((1,) + x.shape)

i=290
for batch in datagen.flow(x, batch_size=1):
plt.figure(i)
imgplot = plt.imshow(image.array_to _img(batch[@]))
i+=1
if i % 4 == 0:
break
plt.show()

and resizes it

Generates batches of
randomly transformed
images.

Loops indefinitely,

so you need to break the
loop at some point!
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Defining a new convnet that includes dropout

model
model

model.
model.
model.
model.

model
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model.
model.
model.
model.
model.
model.

model.

= models.Sequential()

.add(layers.

add(layers
add(layers
add(layers
add(layers
.add(layers
add(layers
add(layers

add(layers
add(layers
add(layers

add(layers.
.Dropout(0.5))

.Dense(512, activation='relu'))
.Dense(1, activation='sigmoid’))

Conv2D(32, (3, 3), activation='relu',
input_shape=(150, 150, 3)))

.MaxPooling2D((2, 2)))
.Conv2D(64, (3, 3), activation='relu'))
.MaxPooling2D((2, 2)))
.Conv2D(128, (3, 3), activation='relu'))
.MaxPooling2D((2, 2)))
.Conv2D(128, (3, 3), activation='relu'))
.MaxPooling2D((2, 2)))

Flatten())

compile(loss="binary crossentropy’,

optimizer=optimizers.RMSprop(lr=1e-4),
metrics=["'acc'])
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Training the convnet using data-augmentation generators

train_datagen = ImageDataGenerator(
rescale=1./255,
rotation_range=40,
width_shift range=0.2,
height shift range=0.2,
shear_range=0.2,
zoom_range=0.2,

horizontal flip=True,) Note that the
validation data
test_datagen = ImageDataGenerator(rescale=1./255) «—— shouldn’t be
augmented!

train_generator = train_datagen.flow_from_directory(
train_dir, # Target directory
target size=(150, 150), # Resizes all images to 150 x 150
batch_size=32,
class_mode='binary’) «— Because you use binary_crossentropy
loss, you need binary labels.
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validation generator = test _datagen.flow from directory(
validation_dir,
target size=(150, 1590),
batch_size=32,
class _mode='binary’)

history = model.fit generator(
train_generator,
steps_per_epoch=100,
epochs=100,
validation data=validation_generator,
validation steps=50)

model.save('cats_and dogs small 2.h5°) # Saving the model
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VGG16  ,lars

Karen Simonyan and Andrew Zisserman,
“Very Deep Convolutional Networks for Large-Scale Image Recognition,”
arXiv (2014), https://arxiv.org/abs/1409.1556.
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Instantiating the VGG16 convolutional base

from keras.applications import VGG1l6

conv_base = VGG16(weights="'imagenet',
include_top=False,
input_shape=(150, 150, 3))

toad Sl ol Gle ST 4
o weights specifies the weight checkpoint from which to initialize the model.

o 1include_top refers to including (/not) the densely connected classifier on top of the network.
By default, this densely connected classifier corresponds to the 1,000 classes from ImageNet. Because you intend to use your
own densely connected classifier (with only two classes: cat and dog), you don’t need to include it.

o 1input_shape is the shape of the image tensors that you’ll feed to the network.
This argument is purely optional: if you don’t pass it, the network will be able to process inputs of any size.
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>>> conv_base.summary()

Layer (type) Output Shape Param # block3_pool (MaxPooling2D) (None, 18, 18, 256) ©
input_1 (Inputlayer)  (Nome, 150, 150, 3) ©  blocké_convi (Convolution2D) (None, 18, 18, 512) 1180160
blockl_convl (Convolution2D) (None, 150, 150, 64) 1792 block4 conv2 (Convolution2D) (None, 18, 18, 512) 2359808
blockl conv2 (Convolution2D) (None, 150, 150, 64) 36928 block4 conv3 (Convolution2D) (None, 18, 18, 512) 2359808
blockl_pool (MaxPooling2D) (None, 75, 75, 64) 0 block4 pool (MaxPooling2D) (None, 9, 9, 512) 0
block2 convl (Convolution2D) (None, 75, 75, 128) 73856 block5 convl (Convolution2D) (None, 9, 9, 512) 2359808
block2_conv2 (Convolution2D) (None, 75, 75, 128) 147584 block5 conv2 (Convolution2D) (None, 9, 9, 512) 2359808
block2_pool (MaxPooling2D) (None, 37, 37, 128) © block5 conv3 (Convolution2D) (None, 9, 9, 512) 2359808
block3 convl (Convolution2D) (None, 37, 37, 256) 295168 block5 pool (MaxPooling2D) (None, 4, 4, 512) 0
bTock3_conv2 (Convolution2d) (Nome, 37, 37, 256) 590080 Total params: 14,714,688
Trainable params: 14,714,688
block3_conv3 (Convolution2D) (None, 37, 37, 256) 590080 Non-trainable params: ©
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FAST FEATURE EXTRACTION WITHOUT DATA AUGMENTATION

axiS o & 9 5 IMmageDataGenerator o oo 5 Lads ga3 sl al b
S oo g loadl s bl ol 5l conv_base Jus yipredict wie Sl s b b S5y e

Extracting features using the pretrained convolutional base

import os
import numpy as np
from keras.preprocessing.image import ImageDataGenerator

base_dir = '/Users/fchollet/Downloads/cats_and_dogs_small'
train_dir = os.path.join(base_dir, 'train')
validation _dir = os.path.join(base_dir, 'validation')
test_dir = os.path.join(base_dir, 'test’)

datagen = ImageDataGenerator(rescale=1./255)
batch_size = 20

Prepared by Kazim Fouladi | Spring 2021 | 2 Edition
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def extract_features(directory, sample count):
features = np.zeros(shape=(sample count, 4, 4, 512))
labels = np.zeros(shape=(sample count))
generator = datagen.flow_from directory(
directory,
target_size=(150, 150),
batch size=batch size,
class_mode="'binary')
i=20
for inputs batch, labels batch in generator:
features_batch = conv_base.predict(inputs_batch)
features[i * batch size : (i + 1) * batch _size] = features_batch
labels[i * batch_size : (i + 1) * batch size] = labels batch

Gl § S0y

i+=1
if i * batch_size >= sample count: Note that because generators yield data
break < indefinitely in a loop, you must break after
return features, labels every image has been seen once.

train_features, train_labels = extract_features(train_dir, 2000)

validation features, validation labels = extract features(validation dir, 1000)
test features, test labels = extract features(test dir, 1000)

# Flatten fatures

train_features = np.reshape(train_features, (2000, 4 * 4 * 512))

validation features = np.reshape(validation features, (1000, 4 * 4 * 512))

test features = np.reshape(test features, (1000, 4 * 4 * 512))
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Defining and training the densely connected classifier

from keras import models
from keras import layers
from keras import optimizers

model = models.Sequential()

model.add(layers.Dense(256, activation='relu', input_dim=4 * 4 * 512))
model.add(layers.Dropout(0.5))

model.add(layers.Dense(1l, activation='sigmoid’))

model.compile(optimizer=optimizers.RMSprop(lr=2e-5),
loss="'binary crossentropy’,
metrics=["'acc’])

history = model.fit(train_features, train_labels,
epochs=30,
batch_size=20,
validation data=(validation_features, validation_ labels))
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Plotting the results

import matplotlib.pyplot as plt

acc = history.history[ 'acc']

val acc = history.history['val acc']
loss = history.history['loss']

val loss = history.history['val loss’]

epochs = range(1, len(acc) + 1)

plt.plot(epochs, acc, 'bo', label='Training acc"')
plt.plot(epochs, val acc, 'b', label='Validation acc')
plt.title('Training and validation accuracy')
plt.legend()

plt.figure()

plt.plot(epochs, loss, 'bo', label='Training loss')
plt.plot(epochs, val loss, 'b', label='Validation loss"')
plt.title('Training and validation loss')

plt.legend()

plt.show()
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FEATURE EXTRACTION WITH DATA AUGMENTATION

ol 545385 5 SIS g Ol
P saliial ol h8leals 51 Gy gl Cpa 5o aas ce a5l Ll
.e:.x.}su_o‘ﬁ‘LASJJJJLQJJL@‘QL@‘CAJMQbQTJﬁAd&&M‘JCO”V_baseJM

Adding a densely connected classifier on top of the convolutional base

from keras import models

from keras import layers

model = models.Sequential()

model.add(conv_base)

model.add(layers.Flatten())
model.add(layers.Dense(256, activation='relu'))
model.add(layers.Dense(1l, activation='sigmoid'))

(S e 58, LY b s Las o sa
Y S oS Glal anile (8184 08 a3 wsls) Sequential Jos 15 Joo S o)l 53 0
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>>> model.summary()
Layer (type) Output Shape Param #
vggls (Model)  (Nome, 4, 4, 512) 14714688
flatten 1 (Flatten) (None, 8192) 5
dense 1 (Dense) (None, 256) 2097408
dense 2 (Dense) (None, 1) 257

Total params: 16,812,353
Trainable params: 16,812,353
Non-trainable params: ©
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>>> print('This is the number of trainable weights '
'before freezing the conv base:', len(model.trainable weights))
This is the number of trainable weights before freezing the conv base: 30
>>> conv_base.trainable = False
>>> print('This is the number of trainable weights
‘after freezing the conv base:', len(model.trainable weights))
This is the number of trainable weights after freezing the conv base: 4
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Training the model end to end with a frozen convolutional base

from keras.preprocessing.image import ImageDataGenerator
from keras import optimizers

train_datagen = ImageDataGenerator(
rescale=1./255,
rotation_range=40,
width shift range=0.2,
height shift range=0.2, Note that the
shear_range=60.2, validation data
zoom_range=0.2, shouldn’t be
horizontal flip=True, augmented!
fill mode='nearest')

test datagen = ImageDataGenerator(rescale=1./255) «

Because you use
train_generator = train_datagen.flow from directory( binary_crossentropy
train_dir, loss, you need
target_size=(150, 150), binary labels.

batch_size=20,
class_mode='binary') <

* 0
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validation generator = test _datagen.flow from directory(
validation_dir,
target size=(150, 150),
batch_size=20,
class_mode='binary’)

model.compile(loss="binary_ crossentropy"',
optimizer=optimizers.RMSprop(lr=2e-5),
metrics=["'acc’])

history = model.fit generator(
train_generator,
steps _per_epoch=100,
epochs=30,
validation data=validation_generator,
validation steps=50)
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Convolution2D

Convolution2D

Convolution2D
MaxPooling2D

Flatten

Dense

Dense

We fine-tune

Conv block 5.

We fine-tune
our own fully
connected
classifier.
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>>> conv_base.summary()

JLd ol s 58 sl Jae olada : 3a80 aolas

Layer (type) Output Shape Param #
input1 (Inputlayer)  (Nome, 156, 156, 3) ©
blockl convl (Convolution2D) (None, 150, 150, 64) 1792
blockl conv2 (Convolution2D) (None, 150, 150, 64) 36928
blockl_pool (MaxPooling2D) (None, 75, 75, 64) 0
block2 convl (Convolution2D) (None, 75, 75, 128) 73856
block2 conv2 (Convolution2D) (None, 75, 75, 128) 147584
block2 pool (MaxPooling2D) (None, 37, 37, 128) ©
block3 convl (Convolution2D) (None, 37, 37, 256) 295168
block3 conv2 (Convolution2D) (None, 37, 37, 256) 590080

bd:uULJQATUJ.\S“LA64:&:\6@6‘}”444{9;642‘)@6@04)5“@‘ (\

axdo oo dolal Laisl 5

block3 conv3 (Convolution2D) (None, 37, 37, 256) 590080
block3 pool (MaxPooling2D) (None, 18, 18, 256) ©
block4 convl (Convolution2D) (None, 18, 18, 512) 1180160
block4 conv2 (Convolution2D) (None, 18, 18, 512) 2359808
block4 conv3 (Convolution2D) (None, 18, 18, 512) 2359808
block4 pool (MaxPooling2D) (None, 9, 9, 512) 0
block5 convl (Convolution2D) (None, 9, 9, 512) 2359808
block5 conv2 (Convolution2D) (None, 9, 9, 512) 2359808
block5 conv3 (Convolution2D) (None, 9, 9, 512) 2359808
block5 pool (MaxPooling2D) (None, 4, 4, 512) 0
LSt gaSaaais (¥ e
sl sat Ll Tudl & say aosel (Y 1;9:‘“;1""""’
a3l 6ot olad oo e (¢ [ e Tuning
ol i g LAY (ol al s (a5sel (O -
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Freezing all layers up to a specific one

conv_base.trainable = True

set _trainable = False
for layer in conv_base.layers:
if layer.name == 'block5 convl':
set _trainable = True
if set _trainable:
layer.trainable
else:
layer.trainable

True

False
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Fine-tuning the model

model.compile(loss="binary crossentropy',
optimizer=optimizers.RMSprop(lr=1e-5),
metrics=["'acc'])

history = model.fit generator(
train_generator,
steps_per_epoch=100,
epochs=100,
validation data=validation_generator,
validation steps=50)
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Training and validation accuracy Training and validation loss
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Smoothing the plots

def smooth_curve(points, factor=0.8):
smoothed points = []
for point in points:
if smoothed points:
previous = smoothed points[-1]
smoothed _points.append(previous * factor + point * (1 - factor))
else:
smoothed points.append(point)
return smoothed points

plt.plot(epochs, smooth curve(acc), 'bo', label='Smoothed training acc')
plt.plot(epochs, smooth curve(val acc), 'b', label='Smoothed validation acc')
plt.title('Training and validation accuracy')

plt.legend()

plt.figure()

plt.plot(epochs, smooth curve(loss), 'bo', label='Smoothed training loss"')
plt.plot(epochs, smooth curve(val loss), 'b', label='Smoothed validation loss')
plt.title('Training and validation loss')

plt.legend()

plt.show()

K%
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test generator = test datagen.flow from directory(
test dir,
target size=(150, 1590),
batch_size=20,
class _mode='binary')

test loss, test acc = model.evaluate generator(test generator, steps=50)
print('test acc:', test acc)
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WRAPPING UP

Here’s what you should take away from the exercises in the past two sections:

¢ Convnets are the best type of machine-learning models for computer-vision tasks.
It’s possible to train one from scratch even on a very small dataset, with decent results.

¢ On a small dataset, overfitting will be the main issue.
Data augmentation is a powerful way to fight overfitting when you’re working with image data.

¢ It’s easy to reuse an existing convnet on a new dataset via feature extraction.
This is a valuable technique for working with small image datasets.

¢ As a complement to feature extraction, you can use fine-tuning, which adapts to a
new problem some of the representations previously learned by an existing model.
This pushes performance a bit further.

o
-






Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

V-0 Groe S5l
a3 43S 2o ubs Laconvnet 4l (sl guas

VISUALIZING WHAT CONVNETS LEARN
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Visualizing intermediate convnet outputs (intermediate activations)
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Visualizing convnets filters
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Visualizing heatmaps of class activation in an image
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VISUALIZING INTERMEDIATE ACTIVATIONS
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>>> from keras.models import load_model
>>> model = load_model('cats_and _dogs small 2.h5")
>>> model.summary() <1> As a reminder.

Layer (type) Output Shape Param #

conv2d 5 (Conv2D) (None, 148, 148, 32) 896

maxpooling2d 5 (MaxPooling2D) (None, 74, 74, 32) ©

conv2d_6 (Conv2D) (None, 72, 72, 64) 18496

maxpooling2d 6 (MaxPooling2D) (None, 36, 36, 64) ©

conv2d_7 (Conv2D) (None, 34, 34, 128) 73856

maxpooling2d 7 (MaxPooling2D) (None, 17, 17, 128) ©

conv2d 8 (Conv2D) (None, 15, 15, 128) 147584

maxpooling2d 8 (MaxPooling2D) (None, 7, 7, 128) ©

flatten_2 (Flatten) (None, 6272) ©

dropout_1 (Dropout) (None, 6272) ©

dense_3 (Dense) (None, 512) 3211776

dense_4 (Dense) (None, 1) 513

Total params: 3,453,121
Trainable params: 3,453,121
Non-trainable params: ©
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Preprocessing a single image

img path = '/Users/fchollet/Downloads/cats and dogs small/test/cats/cat.1700.jpg'

from keras.preprocessing import image <
import numpy as np

Preprocesses the image
into a 4D tensor

img = image.load img(img path, target size=(150, 150))
img_tensor = image.img_to_array(img)
img_tensor = np.expand_dims(img_tensor, axis=0)

img _tensor /= 255. 4 Remember that the
- model was trained on

inputs that were
preprocessed this way.

<1> Its shape is (1, 150, 150, 3)
print(img_tensor.shape)
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Displaying the test picture

import matplotlib.pyplot as plt

plt.imshow(img_tensor[0])
plt.show()
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Instantiating a model from an input tensor and a list of output tensors

from keras import models Extracts the outputs of

F the top eight layers

layer outputs = [layer.output for layer in model.layers[:8]]

activation _model = models.Model(inputs=model.input, outputs=layer_ outputs)

| Creates a model that will return
these outputs, given the model input
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Running the model in predict mode

activations = activation_model.predict(img_tensor)

‘ Returns a list of five Numpy arrays:
one array per layer activation

LS sl 595508 6l SEHISE LY sl callad (JBe ol ety
tasl 5 @ et

>>> first_layer_activation = activations[9]
>>> print(first_layer activation.shape)
(1, 148, 148, 32)
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Visualizing the fourth channel

import matplotlib.pyplot as plt
plt.matshow(first layer activation[@, :, :, 4], cmap='viridis"')
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Visualizing the seventh channel

plt.matshow(first layer activation[@, :, :, 7], cmap='viridis"')
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Visualizing every channel in every intermediate activation

layer_names = []
for layer in model.layers[:8]: Names of the layers, so you can
layer _names.append(layer.name) | have them as part of your plot

images per _row = 16

Displays the feature maps

for layer_name, layer_activation in zip(layer_names, activa’cions):<——|

n_features = layer_ activation.shape[-1] | Number of features in the feature map

size = layer_activation.shape[1] | The feature map has shape (1, size, size, n_features). |

n_cols = n_features // images_per_row | Tiles the activation channels in this matrix

display grid = np.zeros((size * n_cols, images per _row * size))

Prepared by Kazim Fouladi | Spring 2021 | 2 Edition
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for col in range(n_cols):

for row in range(images_per_row):

Tiles each filter into
a big horizontal grid

channel image = layer_activation[o,

Post-processes

°) °)

col * images per_row + row]

channel _image -= channel image.mean()

the feature to | channel_image /= channel_image.std()

make it | channel_image *= 64

visually | channel image += 128
palatable

display grid[col * size :
(row + 1) * size] = channel_image

row * size :
scale = 1. / size

channel _image = np.clip(channel image, ©, 255).astype('uint8’)

(col + 1) * size, <«

plt.figure(figsize=(scale * display grid.shape[1l],
scale * display grid.shape[@0]))

plt.title(layer_name)
plt.grid(False)

plt.imshow(display grid, aspect='auto', cmap='viridis')

Displays the grid
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Defining the loss tensor for filter visualization
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from keras.applications import VGG16
from keras import backend as K

model = VGG16(weights='imagenet',
include top=False)

layer name = 'block3 convl'
filter_index = ©

layer_ output = model.get layer(layer_ name).output
loss = K.mean(layer_output[:, :, :, filter_index])
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Obtaining the gradient of the loss with regard to the input

The call to gradients returns a list
of tensors (of size 1 in this case).
Hence, you keep only the first
element —-which is a tensor.

grads = K.gradients(loss, model.input)[0]
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Gradient-normalization trick

grads /= (K.sgrt(K.mean(K.square(grads))) + le-5) Add 1e-5 before dividing
to avoid accidentally
dividing by o.
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Fetching Numpy output values given Numpy input values

iterate = K.function([model.input], [loss, grads])

import numpy as np
loss value, grads value = iterate([np.zeros((1, 150, 150, 3))])
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Loss maximization via stochastic gradient descent

Starts from a gray image with some noise
input_img data = np.random.random((1, 150, 150, 3)) * 20 + 128.

step = 1. | Magnitude of each gradient update
for i in range(49):
loss _value, grads value = iterate([input_img data])

Computes the loss value and gradient value

input_img data += grads_value * step

Runs
gradient
ascent
for 40
steps

Adjusts the input image in the direction that maximizes the loss
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Utility function to convert a tensor into a valid image

def deprocess image(x):

X -= Xx.mean() Normalizes the tensor:
X /= (x.std() + 1e-5) | centers on @, ensures
X *= 0.1 that std is 0.1

X += 0.5 Clips to [0, 1]

X = np.clip(x, @, 1) P g

X *= 255
X = np.clip(x, @, 255).astype('uint8') | Converts to an RGB array
return x
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Function to generate filter visualizations

Builds a loss function that maximizes the activation

of the nth filter of the layer under consideration

def generate pattern(layer name, filter_ index, size=150):
layer output = model.get layer(layer_name).output
loss = K.mean(layer_ output[:, :, :, filter _index])

grads = K.gradients(loss, model.input)[9]

Computes the gradient of the input
picture with regard to this loss

grads /= (K.sqrt(K.mean(K.square(grads))) + 1le-5)

Normalization trick:
normalizes the gradient

iterate = K.function([model.input], [loss, grads])

Returns the loss and grads
given the input picture

input_img data = np.random.random((1, size, size, 3)) * 20 + 128.

Starts from a gray image with some noise

step = 1.

for i in range(40):
loss _value, grads value = iterate([input_img data])
input_img data += grads_value * step

img = input_img data[@0]
return deprocess_image(img)
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Runs gradient
ascent for 40
steps
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>>> plt.imshow(generate pattern('block3 convl', 0))
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Generating a grid of all filter response patterns in a layer

layer name = 'blockl convl'
size = 64
margin = 5 Empty (black) image

to store results

results = np.zeros((8 * size + 7 * margin, 8 * size + 7 * margin, 3))

for i in range(8): [ Iterates over the rows of the results grid

for j in range(8): | Iterates over the columns of the results grid |
filter_img = generate_pattern(layer_name, i + (j * 8), size=size)

Generates the pattern for filter i + (j * 8) in layer_name

horizontal start = 1 * size + 1 * margin

horizontal end = horizontal start + size Puts the result
vertical start = j * size + j * margin in the square
vertical end = vertical start + size (i, J) of the

results[horizontal start: horizontal end, results grid

vertical start: vertical end, :] = filter_img

plt.figure(figsize=(20, 20))
plt.imshow(results)

K%

Displays the results grid

Prepared by Kazim Fouladi | Spring 2021 | 2 Edition




Are

Asads (5o yilss (5 jles y guano 15 jluy g sLAGL g

Prepared by Kazim Fouladi | Spring 2021 | 2nd Edition

—
’Ujb/

blockl_convl s4¥ sl sili sla KIS




v

Asads (5o yilss (5 jles y guano 15 jluy g sLAGL g

Prepared by Kazim Fouladi | Spring 2021 | 2nd Edition

—
’Ujb/

block2_convl s4¥ sl sili sla KIS




vy

Asads (5o yilss (5 jles y guano 15 jluy g sLAGL g

Prepared by Kazim Fouladi | Spring 2021 | 2nd Edition

—
’Ujb/

block3 convl 64.3')( (5‘)" ‘)3.‘33 le.‘bdi.“




YA

Asads (5o yilss (5 jles y guano 15 jluy g sLAGL g

Prepared by Kazim Fouladi | Spring 2021 | 2nd Edition

—
’Ujb/

block4_convl s4¥ sl ili sla KIS




Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

Y4

Asads (5o yilss (5 jles y guano 15 jluy g sLAGL g

o
&

oG

S e aiin oo S S5 15 Lia CONVICE (slady¥ 4yl s 50 5a sub sladee Lo 4 Lo yild (o5l yuce
CaS oo ul ) La il o) sluls S convnet S o 4y a

S Gl a3l (5 S 5 o sum s ) 8 e 1 LT slasu oy S slo S
(- S e 05 i il 5 51 sl gane 5 (g0 958 JUSaw &S 0, 58 Jous Gl

..Ls\g.&go bd.:lult:s‘)“.g 9 ol 64.'&3“)3‘ C;J\}.@‘Lﬁ ‘COIlVIletJll:u? LSLA&L; u:" B LA‘)ﬂ:ss

5ol Hlacga sladd 1S4 (blockl_convl) Jus 5o Jgf oY b gs o sla jild ©
(uiucst.é‘u.‘ 3] g0 L;;JJJJ) J.JJ‘JJQGO la ks

5 S 50 ool slacsls 5,18 S 4 (block2_convl) Jas 5090 S gl do b gs y0 sla ild O

b saslad jo s @il slacils (s5ludnd 4 g god SYL Gladsy b gs o sLA LS O



Prepared by Kazim Fouladi | Spring 2021 | 2 Edition

VY- Gol 5pufaly
oIS Cullas ale S (sladdds (5 )l g (5 jlu y gaae (LG 9

VISUALIZING HEATMAPS OF CLASS ACTIVATION
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Ref: R.R. Selvaraju, et al. "Grad-cam: Visual explanations from deep networks via gradient-based localization,"
https://arxiv.org/abs/1610.02391, (2016)
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Loading the VGG16 network with pretrained weights

from keras.applications.vggl6 import VGG16 Note that you include the densely
connected classifier on top; in all
model = VGG16(weights="imagenet"') previous cases, you discarded it.
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Preprocessing an input image for VGG16

from keras.preprocessing import image
from keras.applications.vgglé import preprocess input, decode predictions

import numpy as np

X

X

preprocess_input(x)
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image.img_to_array(img)

X = np.expand_dims(x, axis=0)

img = image.load_img(img_path, target size=(224, 224))

Local path to the target image

img path = '/Users/fchollet/Downloads/creative commons_elephant.jpg’

Python Imaging Library (PIL)
image of size 224 x 224

float32 Numpy array of shape (224, 224, 3)

Adds a dimension to transform the array
into a batch of size (1, 224, 224, 3)

Preprocesses the batch (this does
channel-wise color normalization)
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>>> preds = model.predict(x)

>>> print('Predicted:', decode predictions(preds, top=3)[0])
Predicted:', [(u'n@2504458', u'African_elephant', 0.92546833),
(u'n@1871265', u'tusker', 0.070257246),

(u'n@2504013', u'Indian_elephant', 0.0042589349)]

LRl Ol s e (Fating 5 e dIS
8 Jd Olagle Jd (8,3 8

» African elephant (with 92.5% probability)
=  Tusker (with 7% probability)
* Indian elephant (with 0.4% probability)
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>>> np.argmax(preds[0])
386

P
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Setting up the Grad-CAM algorithm

“African elephant” entry in the prediction vector

v
african_e66lephant_output = model.output[:, 386]

Output feature map of the block5_conv3 layer, the
last_conv_layer = model.get layer('block5 conv3') | last convolutional layer in VGG16

. . Gradient of the
grads = K.gradients(african_elephant_output, last_conv_layer.output)[@©] | “african elephant”

class with regard to
Vector of shape (512,), the output feature

pooled grads = K.mean(grads, axis=(0, 1, 2)) where each entry is the mean map of block5_conv3
intensity of the gradient over

a specific feature-map channel

iterate = K.function([model.input],

[pooled_grads, last_conv_layer.output[@]]) | Lets you access the values of the

quantities you just defined:

. pooled_grads and the output feature map
pooled_%rads_value, conv_layer_output_value = iterate([X]) | of blocks conv3, given a sample image

Values of these two quantities, as Numpy Ml RN e s el hanne il Ehe
for i in r\ange(512); arrays, given the sample image of two elephants feature-map array by “how important

conv_layer_output_value[:, :, i] *= pooled_grads_value[i] | this channel is” with regard to the
“elephant” class

heatmap = np.mean(conv_layer_output_value, axis=-1) | the channel-wise mean of the resulting feature
map is the heatmap of the class activation.
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Heatmap post-processing

heatmap = np.maximum(heatmap, 9)
heatmap /= np.max(heatmap)
plt.matshow(heatmap)
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Superimposing the heatmap with the original picture

import cv2

img = cv2

heatmap

heatmap

heatmap

superimposed _img = heatmap * 0.4 + img

Uses cv2 to load the

.imread(img_path) original image

cv2.resize(heatmap, (img.shape[1l], img.shape[0]))

Resizes the heatmap to
be the same size as the
original image

np.uint8(255 * heatmap) | Converts the heatmap to RGB

cv2.applyColorMap(heatmap, cv2.COLORMAP_ JET)

Applies the heatmap to
the original image

0.4 here is a heatmap intensity factor.

cv2.imwrite('/Users/fchollet/Downloads/elephant _cam.jpg', superimposed img)
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Saves the image to disk
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s Convnets are the best tool for attacking visual-classification problems.

¢ Convnets work by learning a hierarchy of modular patterns and concepts to
represent the visual world.

¢ The representations they learn are easy to inspect—convnets are the opposite of
black boxes!

¢ You’re now capable of training your own convnet from scratch to solve an image-
classification problem.

¢ You understand how to use visual data augmentation to fight overfitting.
¢ You know how to use a pretrained convnet to do feature extraction and fine-tuning.

¢ You can generate visualizations of the filters learned by your convnets, as well as
heatmaps of class activity
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Deep Learning

Francois Chollet,
Deep Learning with Python,
Manning Publications, 2018.

Chapter 5
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This chapter covers

Understanding convolutional neural networks
(convnets)

Using data augmentation to mitigate overfitting

Using a pretrained convnet to do feature
extraction

Fine-tuning a pretrained convnet

Visualizing what convnets learn and how they
make classification decisions

This chapter introduces convolutional neural networks, also known as conomets, a
type of deeplearning model almost universally used in computer vision applica-
tions. You'll learn to apply convnets to image-classification problems—in particular
those involving small training datasets, which are the most common use case if you

aren’t a large tech company.

Deep learni ng




