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NONLINEAR NETWORK TOPOLOGY
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Christian Szegedy et al., “Going Deeper with Convolutions,” Conference on Computer Vision and Pattern
Recognition (2014), https://arxiv.org/abs/1409.4842.
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Kaiming He et al., “Deep Residual Learning for Image Recognition,” Conference on Computer Vision and
Pattern Recognition (2015), https://arxiv.org/abs/1512.03385.
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from keras import Input, layers

input_tensor = Input (shape=(32,)) <—— A tensor
dense = layers.Dense (32, activation='relu') <+—— A layer is a function.
output_tensor = dense (input_tensor) <

A layer may be called on a
tensor, and it returns a tensor.
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from keras.models import Sequential, Model
from keras import layers
from keras import Input Sequential model, which

. you already know about
seqg_model = Sequential ()

seqg_model .add(layers.Dense (32, activation='relu', input_shape=(64,)))
seq_model.add(layers.Dense (32, activation='relu'))
seq_model.add (layers.Dense (10, activation='softmax'))

input_tensor = Input (shape=(64,))
x = layers.Dense (32, activation='relu') (input_tensor) Its functional
x = layers.Dense (32, activation='relu') (x) equivalent
output_tensor = layers.Dense (10, activation='softmax') (x)
model = Model (input_tensor, output_tensor < .

(input_ PaE— ) The Model class turns an input tensor
model . summary () <— Let’s look at it! and output tensor into a model.
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Layer (type) Output Shape Param #
input_1 (TnputLayer)  (wome, 64) 0
dense_1 (Dense) (None, 32) 2080
dense_2 (Dense) (None, 32) 1056
dense_3 (Dense) (None, 10) 330

Total params: 3,466
Trainable params: 3,466
Non-trainable params: 0
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>>> unrelated_input = Input (shape=(32,))
>>> bad_model = model = Model (unrelated_input, output_tensor)

RuntimeError: Graph disconnected: cannot
obtain value for tensor
Tensor ("input_1:0", shape=(?, 64), dtype=float32) at layer "input_1".
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model .compile (optimizer="'rmsprop', loss='categorical_crossentropy') < Compiles

i t the model
HmpOr T numpy @S te Generates dummy Numpy

x_train = np.random.random( (1000, 64)) data to train on

y_train = np.random.random( (1000, 10))

model.fit(x_train, y_train, epochs=10, batch_size=128) < Trains the model

for 10 epochs

score = model.evaluate(x_train, y_train) <G— Evaluates

the model

—
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MULTI-INPUT MODELS
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Functional APl implementation of a two-input question-answering model

from keras.models import Model
from keras import layers

EIRENT LSCHERLS iSRS JHeE The text input is a variable-

length sequence of integers.

text_vocabulary size = 10000 :
Note that you can optionally

question_vocabulary _size = 10000 X

. _ name the inputs.
answer_vocabulary size = 500
text_input = Input (shape=(None,), dtype='int32', name='text')

embedded_text = layers.Embedding (

64, text_vocabulary_ size) (text_input) < Embeds the inputs

into a sequence of

= 1 .LSTM (32 8
encoded_text ayers.LSTM(32) (embedded_text) vectors of size 64

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition
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Functional APl implementation of a two-input question-answering model (cntd.)

encoded_text = layers.LSTM(32) (embedded_text) <

question_input = Input (shape=(None, ), Encodes the vectors in a
dtype='int32', single vector via an LSTM
name='question"') <

Same process (with different layer
instances) for the question

embedded_question = layers.Embedding (
32, question_vocabulary_size) (question_input)
encoded_qgquestion = layers.LSTM(16) (embedded_question)

concatenated = layers.concatenate([encoded_text, encoded_gquestion],

axis=-1) - Concatenates the encoded

answer = layers.Dense (answer_vocabulary size, question and encoded text

activation='softmax') (concatenated) < L P T

model = Model ([text_input, question_ input], answer) classifier on top

model .compile (optimizer="rmsprop',
loss="'categorical_crossentropy',
metrics=['acc'])

At model instantiation, you specify
the two inputs and the output.

-
)%4/
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Feeding data to a multi-input model

import numpy as np Generates dummy
Numpy data

num_samples = 1000
max_length = 100

text = np.random.randint (1, text_vocabulary_ size, 4
size=(num_samples, max_length))
Answers are one-

question = np.random.randint(l, question_vocabulary_ size, hot encoded,
size=(num_samples, max_length)) not integers
answers = np.random.randint (0, 1,
size=(num_samples, answer_vocabulary_ size))

> model.fit([text, question], answers, epochs=10, batch_size=128)

model.fit ({'text': text, 'question': question}, answers,
epochs=10, batch_size=128)

Fitting using a list of inputs Fitting using a dictionary of

inputs (only if inputs are named)

ﬁdl‘)HJ_\.«g@JJJQbﬁmbnumPyGLM:;l‘,T)lcg.uthub:u_a(\ :(SJJ‘)JJJ6|J‘JJJAU:L;JAT(5“}94:&:)§34
caas =K nUmPygLA‘l:\‘JT‘U‘J(SJJJJ(SLA‘AU6HMJ‘JBQTJQ3$‘JAL;J~IS3AQ‘A:U|JIGA(Y
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Functional APl implementation of a three-output model

from keras import layers
from keras import Input
from keras.models import Model

vocabulary _size = 50000
num_income_groups = 10

posts_input = Input (shape=(None,), dtype='int32', name='posts')

embedded_posts = layers.Embedding (256, vocabulary_size) (posts_input)

= layers.ConvlD (128, 5, activation='relu') (embedded_posts)

= layers.MaxPoolinglD(5) (x)

= layers.ConvlD (256, 5, activation='relu') (x)

= layers.ConvlD (256, 5, activation='relu') (x)

layers.MaxPoolinglD(5) (x)

= layers.ConvlD (256, 5, activation='relu') (x)

= layers.ConvlD (256, 5, activation='relu') (x)

= layers.GlobalMaxPoolinglD() (x)

= layers.Dense (128, activation='relu') (x) Note that the output
layers are given names.

KX XX X X X XX
Il

age_prediction = layers.Dense(l, name='age') (xX)
income_prediction = layers.Dense (num_income_groups,
activation='softmax',
name="'income') (x)
gender_prediction = layers.Dense(l, activation='sigmoid',6 name='gender') (x)

model = Model (posts_input,
[age_prediction, income_prediction, gender_prediction])
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Compilation options of a multi-output model: multiple losses

model .compile (optimizer="'rmsprop',
loss=['mse', 'categorical_crossentropy', 'binary_ crossentropy'])

model .compile (optimizer="'rmsprop', Equivalent (possible

loss={'age': 'mse', only if you give names
'"income': 'categorical_crossentropy', | to the output layers)
'gender': 'binary_ crossentropy'})
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Compilation options of a multi-output model: loss weighting

model .compile (optimizer="'rmsprop',
loss=['mse', 'categorical_crossentropy', 'binary_crossentropy'],
loss_weights=[0.25, 1., 10.])

model .compile (optimizer="'rmsprop',

loss={'age': 'mse’',
'income': 'categorical_ crossentropy', Equivalent (possible
'gender': 'binary_crossentropy'}, only if you give names
loss_weights={'age': 0.25, to the output layers)

'income': 1.,
'gender': 10.1})
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s S db g 10 S48 95 4 GO 2ot ) cueal o 4l 5 oo g sl 90 (ol Ol 510
(S oo cuas AlAL glagubide 5 SN sulie € u)) 50 sl 8509 sk dy)

358 (oo 953 0 553 G (s oo Y sane G (e S5 510 MSE (Je (sl
223b 0.1 Jie Pl Slute w8153 o ausia st (51,53 CCE Lol



Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

A oL S5l
I B> gladae

oA da Jae S Lasuls puil, 6a

Feeding data to a multi-output model

model.fit (posts, [age_targets, income_targets, gender_targets],
epochs=10, batch_size=64)

model.fit (posts, {'age': age_targets,

'income': income_targets, Equivalent (possible only if you
'‘gender': gender_targets}, give names to the output layers)
epochs=10, batch_size=64)

age_targets, income_targets, and
gender_targets are assumed to be
Numpy arrays.
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DIRECTED ACYCLIC GRAPHS OF LAYERS
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Output

Layer
Y Concatenate

Conv2D
3 x 3, strides=2

Conv2D Conv2D
3 x 3, strides=2 3x3 3x3
Conv2D Conv2D AvgPool2D Conv2D
1 x 1, strides=2 1x1 3 x 3, strides=2 1x1

Input

Layer Residual
connection

Layer

i

:JGis
residual connections / slewile oYLl 5 inception modules /i 5lel slad 55k
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The purpose of 1 x 1 convolutions

You already know that convolutions extract spatial patches around every tile in an
input tensor and apply the same transformation to each patch. An edge case is when
the patches extracted consist of a single tile. The convolution operation then
becomes equivalent to running each tile vector through a Dense layer: it will compute
features that mix together information from the channels of the input tensor, but it
won’t mix information across space (because it’s looking at one tile at a time). Such
1 x 1 convolutions (also called pointwise convolutions) are featured in Inception mod-
ules, where they contribute to factoring out channel-wise feature learning and space-
wise feature learning—a reasonable thing to do if you assume that each channel is
highly autocorrelated across space, but different channels may not be highly cor-
related with each other.
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Output

The most basic form of an Inception module has three
to four branches starting with a 1 x 1 convolution,
followed by a 3 x 3 convolution, and ending with the
concatenation of the resulting features.

This setup helps the network separately learn spatial

3x g?;\;szszz features and channel-wise features,
which is more efficient than learning them jointly.
f More-complex versions of an Inception module are also
Coezly ‘ ’ Conlb possible, typically involving pooling operations,
3 x 3, strides=2 3x3 3x3 . . . .
different spatial convolution sizes
} } 4 (for example, 5 x 5 instead of 3 x 3 on some branches),
Conv2D ‘ Conv2D ’ AvgPool2D Conv2D and branches without a spatial convolution
1 x 1, strides=2 1x1 3 x 3, strides=2 1x1 (only alx1 convolution).

W An example of such a module, taken from Inception V3

Input

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

Min Lin, Qiang Chen, and Shuicheng Yan, “Network in Network,” International Conference on Learning
Representations (2013), https://arxiv.org/abs/1312.4400.
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Output

Every branch has the same stride value (2),
which is necessary to keep all branch outputs
the same size so you can concatenate them.

In this branch, the striding occurs
in the spatial convolution layer.

Conv2D
3 x 3, strides=2
nv2D Conv2D
x3 3x3

{ onv2D } { Conv2D } { AvgPool2D } { Conv2D }
. 1 x 1, strides=2 1x1 3 x 3, strides=2 1x1
from keras import layers —_—

Input

Conv2D
3 x 3, strides=2

f

branch_a = layers.Conv2D (128, 1,

= activation='relu', strides=2) (x)
branch_b = layers.Conv2D(128, 1, activation='relu') (x)
branch_b = layers.Conv2D(128, 3, activation='relu', strides=2) (branch_b)

branch_c = layers.AveragePooling2D (3, strides=2) (x)
branch_c layers.Conv2D (128, 3, activation='relu') (branch_c)

branch_d = layers.Conv2D(128, 1, activation='relu') (x)

branch_d = layers.Conv2D(128, 3, activation='relu') (branch_d)

branch_d = layers.Conv2D(128, 3, activation='relu', strides=2) (branch_d)
output = layers.concatenate (

[branch_a, branch_b, branch_c, branch_d], axis=-1) Concatenates the

branch outputs to
In this branch, the striding occurs obtain the module
in the average pooling layer. output

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition
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Francois Chollet, “Xception: Deep Learning with Depthwise Separable Convolutions,” Conference on
Computer Vision and Pattern Recognition (2017), https://arxiv.org/abs/1610.02357.
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RESIDUAL CONNECTIONS
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Laver A residual connection consists of making the output of an earlier layer

available as input to a later layer, effectively creating a shortcut in a
sequential network. Rather than being concatenated to the later
activation, the earlier output is summed with the later activation, which

Layer Residual assumes that both activations are the same size. If they’re different
connection sizes, you can use a linear transformation to reshape the earlier
Layer activation into the target shape (for example, a Dense layer without an

activation or, for convolutional feature maps, a 1 X 1 convolution

Layer without an activation).

BT

He et al., “Deep Residual Learning for Image Recognition,” https://arxiv.org/abs/1512.03385.
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Layer

Layer

Layer
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from keras import layers Applies a transformation to x

layers.Conv2D (128, 3, activation='relu',6 padding='same') (x) <
layers.Conv2D (128, 3, activation='relu',K padding='same') (y)
layers.Conv2D (128, 3, activation='relu',K padding='same') (y)

KOKKK X
I

= layers.add(ly, xI) . Adds the original x back to

the output features
omecton © sl (sloaile &Ll 3 suliiwl s el & glilie S35y sladads go)lul € olKia

Uses a1 X 1 convolution to
linearly downsample the original
x tensor to the same shape as y

from keras import layers

X = ...
v = layers.Conv2D (128, 3, activation='relu',6K padding='same') (x)

v = layers.Conv2D (128, 3, activation='relu', padding='same') (y)

v = layers.MaxPooling2D (2, strides=2) (vy)

residual = layers.Conv2D(128, 1, strides=2, padding='same') (x) <

y = layers.add(ly, residuall]) - Adds the residual tensor
back to the output features

coial 3 g ge (gams kg (59508 Ll 0l o (D58 850 53 58



Representational bottlenecks in deep learning

In a Sequential model, each successive representation layer is built on top of the
previous one, which means it only has access to information contained in the activa-
tion of the previous layer. If one layer is too small (for example, it has features that
are too low-dimensional), then the model will be constrained by how much informa-
tion can be crammed into the activations of this layer.

You can grasp this concept with a signal-processing analogy: if you have an audio-
processing pipeline that consists of a series of operations, each of which takes as
input the output of the previous operation, then if one operation crops your signal to
a low-frequency range (for example, 0-15 kHz), the operations downstream will never
be able to recover the dropped frequencies. Any loss of information is permanent.
Residual connections, by reinjecting earlier information downstream, partially solve
this issue for deep-learning models.



Vanishing gradients in deep learning

Backpropagation, the master algorithm used to train deep neural networks, works by
propagating a feedback signal from the output loss down to earlier layers. If this feed-
back signal has to be propagated through a deep stack of layers, the signal may
become tenuous or even be lost entirely, rendering the network untrainable. This
issue is known as vanishing gradients.

This problem occurs both with deep networks and with recurrent networks over very
long sequences—in both cases, a feedback signal must be propagated through a
long series of operations. You're already familiar with the solution that the LSTM layer
uses to address this problem in recurrent networks: it introduces a carry track that
propagates information parallel to the main processing track. Residual connections
work in a similar way in feedforward deep networks, but they’re even simpler: they
introduce a purely linear information carry track parallel to the main layer stack, thus
helping to propagate gradients through arbitrarily deep stacks of layers.
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SIAMESE LSTM MODEL / SHARED LSTM
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Instantiates a single
LSTM layer, once

from keras import layers
from keras import Input
from keras.models import Model Building the left branch of the

model: inputs are variable-length

lstm = layers.LSTM(32) <+ A
sequences of vectors of size 128.

left_input = Input (shape=(None, 128))
left_output = lstm(left_input) Building the right branch of the model:

{oht ¢ - Input (shape= (N 128)) when you call an existing layer
rrgatanput = fnputishabes tone, instance, you reuse its weights.
right_output = lstm(right_input)

merged = layers.concatenate([left_output, right_output], axis=-1)
predictions = layers.Dense(l, activation='sigmoid') (merged)

model = Model ([left_input, right_input], predictions)
model.fit([left_data, right_datal, targets)

Builds the classifier on top Instantiating and training the model: when you
train such a model, the weights of the LSTM layer

P are updated based on both inputs.

w%4(
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y = model(x)
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yl, y2 = model([x1, x2])
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from keras import layers The base image-processing
from keras import applications model is the Xception network

from keras import Input (convolutional base only).

xception_base = applications.Xception (weights=None,
include_top=False)

left_input = Input (shape=(250, 250, 3)) Theinputsare250><250
right_input = Input (shape=(250, 250, 3))

RGB images.
left_features = xception_base(left_input) Calls the same vision
right_input = xception_base(right_input) model twice

merged_features = layers.concatenate (

[left_features, right_input], axis=-1) <Jw Thennergedfeaﬂuescontﬂn

information from the right visual
feed and the left visual feed.

—
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WRAPPING UP

This concludes our introduction to the Keras functional API—an essential
tool for building advanced deep neural network architectures.
Now you know the following:

¢ To step out of the Sequential API whenever you need anything more
than a linear stack of layers

¢ How to build Keras models with several inputs, several outputs, and
complex internal network topology, using the Keras functional API

¢ How to reuse the weights of a layer or model across different
processing branches, by calling the same layer or model instance
several times

Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

P
)”};(PK






Prepared by Kazim Fouladi | Spring 2019 | 1st Edition

<
’M’;ﬁb/

YA Gros 55l
83830945 9 Ul S (SLA (ol 9 s ) ouldliaal bs Bas (5 puSuls (slaas 53 oS g dslas

INSPECTING AND MONITORING DEEP-LEARNING MODELS USING KERAS CALLBACKS AND TENSORBOARD
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USING CALLBACKS TO ACT ON A MODEL DURING TRAINING
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Model checkpointing
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Early stopping

PERERPINGCS
Dynamic parameter adjusting

2yl 9 i) 94l LA yio i
Logging training and validation metrics
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keras.callbacks.ModelCheckpoint
keras.callbacks.EarlyStopping
keras.callbacks.LearningRateScheduler
keras.callbacks.ReduceLROnPlateau
keras.callbacks.CSVLogger
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Callbacks are passed to the model via the Interrupts training when
callbacks argument in fit, which takes a list of improvement stops
callbacks. You can pass any number of callbacks.
Monitors the model’s
import keras validation accuracy
.~ callbacks_list = [ Interrupts training when
keras.callbacks.EarlyStopping ( <+ accuracy has stopped
monitor='acc', 4 improving for more than one
patience=1, P epoch (that is, two epochs)

) r

keras.callbacks.ModelCheckpoint ( < Saves the current weights after every epoch
filepath='my model.h5"', <—— Path to the destination model file
monitor='val_loss',

save_best_only=True, These two arguments mean you won’t overwrite the
) model file unless val_loss has improved, which allows
] you to keep the best model seen during training.

model.compile (optimizer="'rmsprop',
loss='binary_crossentropy', You monitor accuracy, so it should
metrics=['acc']) be part of the model’s metrics.
model.fit(x, v,
epochs=10,
batch_size=32,
callbacks=callbacks_list,
validation_data=(x_val, y_val))

Note that because the callback will
monitor validation loss and
validation accuracy, you need to pass
validation_data to the call to fit.
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callbacks list = [ Monitors the model’s
keras.callbacks.ReduceLROnPlateau ( <}|Va|idation|oss
monitor='val_loss'
factor=0.1, <—— Divides the learning rate by 10 when triggered
patience=10, L. L.
) j The callback is triggered after the validation
] loss has stopped improving for 10 epochs.
model.fit(x, vy,
epochs=10, Because the callback will
batch size=32, monitor the validation loss, you
callbacks=callbacks list, need to pass validation_data to

validation_data=(x_val, y_val)) the call to fit.
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WRITING YOUR OWN CALLBACK

(ol g ga g ALty Lo Sled g 5o S agdalasl pala lae () 90T 0T )8 Cpan 5o el 2 3Y S
LW g o s 5lwsuly keras.callbacks.Callback udS 51 oala (IS o slas) Gab 51 La 1A
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on_epoch_begin Called at the start of every epoch
on_epoch_end Called at the end of every epoch
on_batch_begin <—— Called right before processing each batch
on_batch_end < Called right after processing each batch
on_train begin < Called at the start of training
on_train_end Called at the end of training

real 525 9ol se s la (5B K4S Wi e (S5 55 108S (Lo ST L (Sea Lt ol
i liiel 5 (5 gaT (LA e ¢ (18 (5 5T sloa) Syl ¢ (LS bateh [ 4 55 50 La le Mol
a8 i 5 ) sladancan G Sl sa e
ol 80 g g i T 5V SlsA Gy (S sA1 84S Jaa 5l (514 ga3 s SEIf.Model
corl sad sals L it & st liel oula o)) sied 4557 ) (s luss self.validation_data
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import keras

import numpy as np

Called by the parent model

class ActivationLogger (keras.callbacks.Callback) : before training, to inform
the callback of what model
def set_model (self, model): wﬂlbecaﬁngit
self.model = model <
layer_outputs = [layer.output for layer in model.layers]
self.activations_model = keras.models.Model (model.input,
layer_outputs) <
def on_epoch_end(self, epoch, logs=None): Model instance
if self.validation_data is None: that returns the
raise RuntimeError ('Requires validation_data.') activations of
every layer
— validation_sample = self.validation_data[0][0:1]
activations = self.activations_model.predict(validation_sample)
f = open('activations_at_epoch_' + str(epoch) + '.npz', 'w')

np.savez (f, activations)
f.close()

Obtains the first input sample
of the validation data

V Prepared by Kazim Fouladi | Spring 2019 | 1st Edition
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INTRODUCTION TO TENSORBOARD: THE TENSORFLOW VISUALIZATION FRAMEWORK
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Visualization
framework:
TensorBoard

Deep-learning
framework: K
Keras
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Results

Ll

Experiment

Infrastructure
GPUs
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Text-classification model to use with TensorBoard

“,
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import keras ol LS‘}L""’l%):“@—.'G}L“""Jﬁ‘m dMl_\‘JJ“sM.‘S Yooo )‘ sulail
from keras import layers Number of words to

from keras.datasets import imdb consider as features

from keras.preprocessing import sequence Tl A A T T

of words (among max_features
most common words)

max_features = 2000 <
max_len = 500 <

(x_train, y_train), (x_test, y_test) = imdb.load_data (num_words=max_features)
x_train = sequence.pad_sequences (xX_train, maxlen=max_len)
x_test = sequence.pad_sequences (x_test, maxlen=max_len)

model = keras.models.Sequential ()
model .add (layers.Embedding (max_features, 128,
input_length=max_len,
name="'embed') )
model .add (layers.ConvlD(32, 7, activation='relu'))
model .add (layers.MaxPoolinglD(5))
model .add (layers.ConvlD (32, 7, activation='relu'))
model .add (layers.GlobalMaxPoolinglD())
model .add (layers.Dense (1))
model . summary ()
model .compile (optimizer="'rmsprop',
loss='binary_ crossentropy',
metrics=['acc'])
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Creating a directory for TensorBoard log files

S mkdir my_ log_dir

(S 550 2 SY (slaalas o, Gid 93) aaiS oo £ 9 9 535 s (Blsd pay Bsad S LT, (i) sal

Training the model with a TensorBoard callback

CRLLEEE = ] Log files will be written
keras.callbacks.TensorBoard ( at this location.
log _dir='my log_dir', 53
histogram freg=1, <+—— Records activation histograms every 1 epoch
embeddings_freqg=1, 4
) Records embedding
] : : . , data every 1 epoch
history = model.fit(x_train, y_train,
epochs=20,
batch_size=128,
validation_split=0.2,
callbacks=callbacks)
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S tensorboard --logdir=my_log_dir

PaaiS o 1S5 0 5A Jae () el w58 b 5 a0 a ol g S5 950 3 1 L et
http://localhost:6006
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keras.utils.plot model
-3l sud sl graph-viz s pydot-ng . pydot laclaulis ol o 3Y

from keras.utils import plot_model
plot_model (model, to_file='model.png')
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from keras.utils import plot_model
plot_model (model, show_shapes=True, to_file='model.png')
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embed_input: InputLayer

embed: Embedding

Y
convld_1: ConvlD

max_pooling ld_1: MaxPooling 1D

convld_2: ConvID

global_max_poolingld_1: GlobalMaxPooling 1D

A

dense_1: Dense

from keras.utils import plot_model
plot_model (model, to_file='model.png')




input: | (None, 500)
output: | (None, 500)

embed_input: InputLayer

L
inpui: {None, 500)

output: | (None, 500, 128)

embed: Embedding

input: | (None, 500, 128)
output: | (None, 494, 32)

convld_L: ConviD

input: | (None, 494, 32)
output: | (None, 98, 32)

max_poolingld_1: MaxPooling 1D

1
input: | (None, 98, 32)
output: | (None, 92, 32)

convld_2: ConviD

X

input: | (None,92,32)

global_max_pooling 1d_1: GlobalMaxPooling 1D
output: (None, 32)

Y
input: | (None, 32)

dense_1: Dense

output: | (None, 1)

from keras.utils import plot_model
plot_model (model, show_shapes=True, to_file='model.png')
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WRAPPING UP

¢ Keras callbacks provide a simple way to monitor models during training
and automatically take action based on the state of the model.

% When you’re using TensorFlow, TensorBoard is a great way to visualize
model activity in your browser. You can use it in Keras models via the
TensorBoard callback.
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GETTING THE MOST OUT OF YOUR MODELS
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ADVANCED ARCHITECTURE PATTERNS

lowile &yl

Residual Connections

w5 jlwdle

Batch Normalization

Sas pha (gl g g3ls

Depthwise Separable Convolution
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BATCH NORMALIZATION
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normalized data = (data - np.mean(data, axis=...)) / np.std(data, axis=...)
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BATCH NORMALIZATION

LS it Gley (e () sl alThd 5 Guilisls 5 Sl S Sley s S

BLNE-TS
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(Xception <InceptionV3 (ResNet50  fic

Sergey loffe and Christian Szegedy, “Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate
Shift,” Proceedings of the 32nd International Conference on Machine Learning (2015), https://arxiv.org/abs/1502.03167.
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conv_model.add(layers.Conv2D (32, 3, activation='relu')) - After a Conv layer
conv_model.add(layers.BatchNormalization())

dense_model.add(layers.Dense (32, activation='relu')) < After a Dense layer
dense_model .add(layers.BatchNormalization())

(S oo il yu 1 axis oyle £ TS BatchNormalization 4%
S e paddio | 0 gd s 5ludle 5 Wb 4 (K55 T4 b g e s a0 «S
(59909 2300 Hassme CpoAT il -1 L ol 0T 635800 Hlale
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g ez axis = 1wl ey



Batch renormalization

A recent improvement over regular batch normalization is batch renormalization, intro-
duced by loffe in 2017.2 It offers clears benefits over batch normalization, at no appar-
ent cost. At the time of writing, it’'s too early to tell whether it will supplant batch
normalization—but | think it's likely. Even more recently, Klambauer et al. introduced
self-normalizing neural networks,” which manage to keep data normalized after going
through any Dense layer by using a specific activation function (selu) and a specific ini-
tializer (1ecun_normal). This scheme, although highly interesting, is limited to densely
connected networks for now, and its usefulness hasn’t yet been broadly replicated.

@ Sergey loffe, “Batch Renormalization: Towards Reducing Minibatch Dependence in Batch-
Normalized Models” (2017), https://arxiv.org/abs/1702.03275.

b Glinter Klambauer et al., “Self-Normalizing Neural Networks,” Conference on Neural Informa-
tion Processing Systems (2017), https://arxiv.org/abs/1706.02515.
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DEPTHWISE SEPARABLE CONVOLUTION
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DEPTHWISE SEPARABLE CONVOLUTION
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Francois Chollet, “Xception: Deep Learning with Depthwise Separable Convolutions,” Conference on
Computer Vision and Pattern Recognition (2017), https://arxiv.org/abs/1610.02357.
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DEPTHWISE SEPARABLE CONVOLUTION

from keras.models import Sequential,

from keras import layers

e dglaa sl s SIS

Model

Gaae miglaa JUhd ol 5 s palid S Al Jle
Real gaisdinb gl 3 S (g s Sa

<

height = 64
width = 64
channels = 3

num_classes

model
model

model.
model.

model.
model.
model.

model.
model.
model.

model.
model.

model.

.0

S%JS (_SQJ‘J‘LC\QA.A.A Sg BE

= 10 (softmax categorical classification)
= Sequential ()
.add (layers.SeparableConv2D (32, 3,

add (layers.
add (layers.

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

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

add(layers.
add (layers.

compile (optimizer="'rmsprop',

activation='relu',

input_shape=(height, width, channels,)))

SeparableConv2D (64, 3, activation='relu'))

MaxPooling2D(2))

SeparableConv2D (64, 3, activation='relu'))

SeparableConv2D (128, 3, activation='relu'))
MaxPooling2D(2))

SeparableConv2D (64, 3, activation='relu'))

SeparableConv2D (128, 3, activation='relu'))

GlobalAveragePooling2D())

Dense (32, activation='relu'))
Dense (num_classes, activation='softmax'))

loss='categorical_crossentropy')
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HYPERPARAMETER OPTIMIZATION
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Use four different models to compute initial predictions.

preds_a = model_a.predict(x_val

( )
preds_b = model_b.predict (x_val) This new prediction array
preds_c = model_c.predict (x_val) should be more accurate
preds_d = model d.predict (x_val) than any of the initial ones.

final preds = 0.25 * (preds_a + preds_b + preds_c + preds_d)
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preds_a = model_a.predict (x_val)

(
preds_b = model_b.predict (x_val) These weights (0-5, 0.25,
preds_c = model_c.predict (x_val) 0.1,0.1 5) are assumed to
preds_d = model_d.predict (x_val) be learned empirically.

final preds = 0.5 * preds_a + 0.25 * preds_b + 0.1 * preds_c + 0.15 * preds_d
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WRAPPING UP

% When building high-performing deep convnets, you’ll need to use residual connections,
batch normalization, and depthwise separable convolutions. In the future, it’s likely that
depthwise separable convolutions will completely replace regular convolutions, whether
for 1D, 2D, or 3D applications, due to their higher representational efficiency.

¢ Building deep networks requires making many small hyperparameter and architecture
choices, which together define how good your model will be. Rather than basing these
choices on intuition or random chance, it’s better to systematically search
hyperparameter space to find optimal choices. At this time, the process is expensive, and
the tools to do it aren’t very good. But the Hyperopt and Hyperas libraries may be able to
help you. When doing hyperparameter optimization, be mindful of validation-set
overfitting!

» Winning machine-learning competitions or otherwise obtaining the best possible results
on a task can only be done with large ensembles of models. Ensembling via a well-
optimized weighted average is usually good enough. Remember: diversity is strength.
It’s largely pointless to ensemble very similar models; the best ensembles are sets of
models that are as dissimilar as possible (while having as much predictive power as
possible, naturally).

D)
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+¢ In this chapter, you learned the following:

L How to build models as arbitrary graphs of layers, reuse layers (layer weight
sharing), and use models as Python functions (model templating).

O You can use Keras callbacks to monitor your models during training and take
action based on model state.

U TensorBoard allows you to visualize metrics, activation histograms, and even
embedding spaces.

0 What batch normalization, depthwise separable convolution, and residual
connections are.

0 Why you should use hyperparameter optimization and model ensembling.

¢ With these new tools, you’re better equipped to use deep learning in the real world
and start building highly competitive deep-learning models.
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with Python

FRANCOIS CHOLLET

MANNING
SHELTER ISLAND

Deep Learning

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

Chapter 7
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Advanced deep-learning
best p-mctices

This chapter covers
The Keras functional API
Using Keras callbacks

Working with the TensorBoard visualization tool

Impaortant best practices for developing state-of-
the-art models

This chapter explores a number of powerful tools thar will bring you closer to
being able o develop state-of-the-art models on difficult problems. Using the Keras
functional APL you can build graphdike models, share a layer across different
inputs, and use Keras models just like Python funcdons. Keras callbacks and the
I'ensorBoard browser-based visualization tool let you monitor models during rain-
ing. We'll also discuss several other best practices including batch normalizadon,
residual connections, hyperparameter optimization, and model ensembli




