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ANATOMY OF A NEURAL NETWORK

1½ ·Ã﹐
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1½ ·Ã﹐ č﹅Â¬︻ ¾aÂ﹎\1Ã ¾ ¶]±b1i ¾1½ ³ک¨?

 ·Ã﹐
Layer

 E©1W ®²]? ď·|﹁1W ®²]?
Stateless / Memory-less

 E©1W ¾0`0\ ď`0\ ·|﹁1W
Stateful / Memory-ful

]°﹋ ¿﹞ E﹁1Ã`\ ¾\²`² ®0³°︻ ·? 0` `³h±1G ]°S 1Ã ﹉Ã ·﹋ ¶\0\ jb0\aC ²لd1﹞ ﹉Ã
]½\ ¿﹞ ﹏Ã³VG ¿O²a[ ®0³°︻ ·? 0` `³h±1G ]°S 1Ã ﹉Ã ²Ċ

]°Fh½ E©1W ®²]? 1½ ·Ã﹐ ¿[a?Ċ
]°Fh½ E©1W ¾0`0\ 1½ ·Ã﹐ aFlÂ?č

·Ã﹐ ¾1½ ®b² č `³h±1G ]°S 1Ã ﹉Ã
 «FÃ`³﹍©0 1? ·﹋SGD ]±0 ¶]m ·F﹁a﹎\1ÃĊ

 ¾ ·Ã﹐Dense č¶\1i ¾`0\a? ¾1½ ¶\0\ jb0\aC
 ¾ ·Ã﹐LSTMď¿Fl﹎b1? č¾0 ·©1>±\ ¾1½ ¶\0\ jb0\aC
 ¾ ·Ã﹐Conv2D č¾aÃ³pG ¾1½ ¶\0\ jb0\aC
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1½ ·Ã﹐ č﹅Â¬︻ ¾aÂ﹎\1Ã ¾ ¶]±b1i ¾1½ ³ک¨?

from tensorflow.keras import layers

layer = layers.Dense(32, input_shape=(784,))

from tensorflow.keras import models

from tensorflow.keras import layers

model = models.Sequential([

layers.Dense(32, input_shape=(784,)),

layers.Dense(32)])

¾0 ·Ã﹐ ¾`1﹎b1i
Layer Compatibility 

°﹋ ¿﹞ E﹁1Ã`\ ¾\²`² ®0³°︻ ·? 0` n1[ ﹏﹊m ﹉Ã 1? ¿Ã1½`³h±1G w﹆﹁ ·Ã﹐ a½]
]½\ ¿﹞ ﹏Ã³VG ¿O²a[ ®0³°︻ ·? 0` n1[ ﹏﹊m ﹉Ã 1? ¿Ã1½`³h±1G ²Ċ

 ®\0\ `0a﹇ «½ `1°﹋ b0 ċل]﹞ ﹉Ã `1﹎b1i ¾1½ ·Ã﹐\³m ¿﹞ ﹏Â﹊lG ]Â﹀﹞ ¾ ¶\0\ ¾1½ ﹏Ã]>G ¾ ·©³© v³x[ \1NÃ0 ¾0a?Ċ

1J﹞čل

·Ã﹐ ﹉Ã č²\ ¾1½`³h±1G� ¾]︺?Ěa﹀q `³V﹞ č﹉Ã `³V﹞ ċ¾\]︻ a½ č۷۸% ]︺? ę\aÃ_C ¿﹞ 0`Ċ
 ®2 ﹉Ã `³V﹞ ·﹋ Ei0 `³h±1G ﹉Ã ċ·Ã﹐ ¯Ã0 ¿O²a[۳۲ \`0\ ]︺?  Ċ

⇐  ¾1½`0\a? ·﹋ \³m ﹏pF﹞ ]±0³G ¿﹞ ¾0 ·Ã﹐ ·? w﹆﹁ ·Ã﹐ ¯Ã0۳۲ ]°﹋ ¿﹞ E﹁1Ã`\ ¾\²`² ®0³°︻ ·? 0` ¾]︺?Ċ

 ¿F﹇² b0Keras «ÂFhÂ± ¾`1﹎b1i ®0a﹍± ċ«Â°﹋ ¿﹞ ¶\1﹀Fi0Ċ
°°﹋ 0]ÂC E﹆?1x﹞ ®2 ·? ¶]m \`0² ¾ ·Ã﹐ ﹏﹊m 1? 1G ]±³m ¿﹞ ·F[1i 1Ã³C D`³q ·? ċ]±³m ¿﹞ ·﹁1u0 ل]﹞ ·? ·﹋ ¿Ã1½ ·Ã﹐]Ċ

ċEi0 ¶]l± ¶\0\ ¾\²`² ﹏﹊m ®1﹞³﹎`2 ª²\ ¾ ·Ã﹐ ·? ċ1ل ﹁³قJ﹞ `\
\³m ¿﹞ L1F°Fi0 ®2 b0 ﹏>﹇ ¾ ·Ã﹐ ¿O²a[ ﹏﹊m ﹅?1x﹞ ®2 ¾\²`² ﹏﹊m ċr³︻ `\Ċ
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č1½ ·Ã﹐ b0 ¾0 ·﹊>m ﹝[ل ½1

﹝[ل
Model

﹅Â¬︻ ¾aÂ﹎\1Ã ل]﹞ ﹉Ãč
1½ ·Ã﹐ b0 `²\ ®²]? `0\ E¼O 0فa﹎ ﹉Ã

1½ ·Ã﹐ b0 ¿x[ ¾ ·FlC
Linear Stack of Layers

F﹞č[²0ل b0 ·±³¬± ¯ÃaG ﹝[ل ½1
¿O²a[ ﹉Ã ·? ¾\²`² ﹉Ã Em1﹍±

²\ ¾1½ ·﹊>m� ·[1m
Two-Branch Networks

]°S ¾1½ ·﹊>m�ai
Multihead Networks

¯lBh°Ã0 ¾1½ ³ک¨?
Inception Blocks

1½ ¾
d³

©³C
³G ċ·﹊>m ﹉Ã ¾d³©³C³G

 ﹉Ã ·Âua﹁ ¾1t﹁]°﹋ ¿﹞ ︿Ãa︺G

 ¾0a? 1½ ®1﹊﹞0 ¾1t﹁ ċ·﹊>m ¾d³©³C³G ﹉Ã <1ZF±0 1?
\³m ¿﹞ \²]V﹞ ¿O²a[ ·? ¾\²`² ¾1½ ¶\0\ Em1﹍±Ċ

 ¾1½`³h±1G ċ\³m ¿﹞ ³NFhO ®2 ¾0a? ·R±2®b² Ei0Ċ

«¨︻ ﹉Ã 1G Ei0 a°½ ﹉Ã aFlÂ? ċ·﹊>m ¾0a? Ei`\ ¾`1¬︺﹞ ﹉Ã <1ZF±0Ċ
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¿>p︻ ¾ ·﹊>m ﹉Ã ¿﹞³G1±2

LOSS FUNCTIONS AND OPTIMIZERS: KEYS TO CONFIGURING THE LEARNING PROCESS

1½b1i ·°Â¼? ² ف﹑G0 ︹?0³G č¾aÂ﹎\1Ã ]°Ã2a﹁ ¾]°?a﹊ÂC ¾1½]Â¨﹋

G0 ︹?1G﹑ف
Loss Function

﹋¬³y `\ ·﹋ Ei0 ¿FÂل 1G čęĎ\³m «¬Â± ¿﹞ ]Ã1? jb³﹞2?︹ ½[فG0 ︹?1GĚ﹑ف 
]°﹋ ¿﹞ ¿Ã1¬±b1? 0` Ei0 Ei\ `\ ·﹋ ¾0 ·﹀Â}² EÂ﹆﹁³﹞ `1Â︺﹞ ċف﹑G0 ︹?1GĊ

b1i ·°Â¼?
Optimizer

b1i ·°Â¼? čm ª1﹍°½ ·? ف﹑G0 ︹?1G f1i0a? ]Ã1? ·±³﹍S ·﹊>m ·﹋ ]°﹋ ¿﹞ ¯ÂÂ︺G\³Ċ
 «FÃ`³﹍©0 b0 ·±³﹎ ﹉Ã ċb1i ·°Â¼?SGD ]°﹋ ¿﹞ ¾b1i ¶\1ÂC 0`Ċ

 ]m1? ·Fm0\ ·±1﹎]°S ف﹑G0 ︹?0³G ]±0³G ¿﹞ ċ\`0\ ¿O²a[ ]°S ·﹋ ¿>p︻ ¾ ·﹊>m ﹉ÃĚف﹑G0 ︹?1G ﹉Ã ¿O²a[ a½ ¾0a?ęċ
]m1? ]W0² a©1﹊i0 ف﹑G0 `0]﹆﹞ ﹉Ã f1i0 a? ]Ã1? ¿±1Ã\0a﹎ k½1﹋ ]°Ã2a﹁ 1﹞0Ċ

⇐  ]±³m ¿﹞ =Â﹋aG ]W0² a©1﹊i0 EÂ¬﹋ ﹉Ã `\ 1½ ف﹑G0 ¾ ·¬½ ċف﹑G0 ]°S ¾0`0\ ¾1½ ·﹊>m ¾0a?Ě¾aÂ﹎ ̄ Â﹍±1Â﹞ ﹅Ãay b0Ċę

Ei0 «¼﹞ ¶\1︺©0 ³ق﹁ ċ·¨Æh﹞ a½ ¾0a? =i1°﹞ 1?︹ ½[فG <1ZF±0  Ċ
]°﹋ ¿﹞ ª0]﹇0 ف﹑G0 ¾b1i «¬Â± ¿﹞ ¾0a? ]±0³F? ·﹋ ¾a>±1Â﹞ aÂh﹞ a½ b0 ·﹊>mĊ  

⇐  b ¿﹞ Ei\ ·Fi0³[1± ¾1½`1﹋ ·? EÃ1¼± `\ ·﹊>m ċ]m1? ·Fm0]± ¿﹍Fh>¬½ ·﹀Â}² `\ EÂ﹆﹁³﹞ 1? Ø﹑﹞1﹋ 1?︹ ½[فG a﹎0]±Ċ



8 ىادگىری عمىق
P
re
p
a
re
d
 b
y
 K
a
z
im

 F
o
u
la
d
i  
 |
  
 S
p
ri
n
g
 2
0
2
5
  
 |
  
 4

th
E
d
it
io
n

G0 ︹?0³G﹑ف ﹝F[²0ل

COMMON LOSS FUNCTIONS

²\ ¾]°? ·﹆>y�¾0 ·﹆>y
Two-Class Classification

binary crossentropy

]°S ¾]°? ·﹆>y�¾0 ·﹆>y
Many-Class Classification

categorical crossentropy

®³Âia﹎`
Regression

mean-squared error

·©1>±\ ¾aÂ﹎\1Ã
Sequence-Learning

connectionist temporal classification (CTC) 

ċ«Â°﹋ `1﹋ ]Ã]O Ø1︺﹇0² ¿l½²eC ¾ ·¨Æh﹞ ﹉Ã ¾²` a? «Â½0³Z? ·﹋ ¿±1﹞b 1¼°G
G0 ︹?1G ę«Â°﹋ ¿W0ay ¿q1pF[0Ċ﹑ف1G ]Ã1?Ě?︹ ½[ف 
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¿Ã1°m2
1?

Keras
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f0a﹋ 1? ¿Ã1°m2

INTRODUCTION TO KERAS

Keras is a deep-learning framework for Python

that provides a convenient way to define and train almost any kind of deep-learning model. 

Keras was initially developed for researchers, with the aim of enabling fast experimentation.

Keras has the following key features:

o It allows the same code to run seamlessly on CPU or GPU.

o It has a user-friendly API that makes it easy to quickly prototype deep-learning models.

o It has built-in support for convolutional networks (for computer vision), recurrent networks 

(for sequence processing), and any combination of both.

o It supports arbitrary network architectures: multi-input or multi-output models, layer sharing, 

model sharing, and so on. This means Keras is appropriate for building essentially any deep-

learning model, from a generative adversarial network to a neural Turing machine.
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INTRODUCTION TO KERAS

Google web search interest for different deep-learning frameworks over time



12 ىادگىری عمىق
P
re
p
a
re
d
 b
y
 K
a
z
im

 F
o
u
la
d
i  
 |
  
 S
p
ri
n
g
 2
0
2
5
  
 |
  
 4

th
E
d
it
io
n

f0a﹋ 1? ¿Ã1°m2

INTRODUCTION TO KERAS (-2020) 

﹋Uxi `\ ·±1Z?1F﹋ ﹉Ã ®0³°︻ ·? f0a ﹝[ل

Keras is a model-level library, providing high-level building blocks 

for developing deep-learning models. 

backend engines

Any piece of code that you write with Keras can be run with 

any of these backends without having to change anything in the code.

 Theano (http://deeplearning.net/software/theano) 

is developed by the MILA lab at Université de Montréal.

 TensorFlow (http:// www.tensorflow.org) is developed by Google.

 CNTK (https://github.com/Microsoft/CNTK) is developed by Microsoft.

low-level libraries
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INTRODUCTION TO KERAS (2021+)

﹋Uxi `\ ·±1Z?1F﹋ ﹉Ã ®0³°︻ ·? f0a ﹝[ل
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DEVELOPING WITH KERAS

f0a﹋ 1? ·︺i³G

The typical Keras workflow:

1) Define your training data: input tensors and target tensors.

2) Define a network of layers (or model ) that maps your inputs to your targets.

3) Configure the learning process by choosing a loss function, an optimizer, 

and some metrics to monitor.

4) Iterate on your training data by calling the fit() method of your model.

There are two ways to define a model:

A. Using the Sequential class
(only for linear stacks of layers, which is the most common network architecture by far)

B. Using the functional API 
(for directed acyclic graphs of layers, which lets you build completely arbitrary 

architectures).

C. Model subclassing
(a low-level option where you write everything yourself from scratch. This is ideal if you 

want full control over every little thing. However, you won’t get access to many built-in 

Keras features, and you will be more at risk of making mistakes).
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DEVELOPING WITH KERAS

f0a﹋ 1? ·︺i³G č 1لJ﹞Ěل]﹞ ︿Ãa︺Gę

Using the functional API 

Using the Sequential class

from tensorflow import keras

from tensorflow.keras import layers

model = keras.Sequential([

layers.Dense(64, activation="relu"),

layers.Dense(10, activation="softmax")

])

inputs = keras.Input(shape=(3,), name="my_input")

features = layers.Dense(64, activation="relu")(inputs)

outputs = layers.Dense(10, activation="softmax")(features)

model = keras.Model(inputs=inputs, outputs=outputs)

With the functional API, you’re manipulating the data tensors that the model processes

and applying layers to this tensor as if they were functions.
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DEVELOPING WITH KERAS

f0a﹋ 1? ·︺i³G č 1لJ﹞Ěل]﹞ jb³﹞2ę

from keras import optimizers

model.compile(optimizer=optimizers.RMSprop(lr=0.001),

loss='mse',

metrics=['accuracy'])

model.fit(input_tensor, target_tensor, batch_size=128, epochs=10)

Finally, the learning process consists of passing Numpy arrays of input data 

(and the corresponding target data) to the model via the fit() method, similar to what you

would do in Scikit-Learn and several other machine-learning libraries:

The learning process is configured in the compilation step, 

where you specify the optimizer and loss function(s) that the model should use, 

as well as the metrics you want to monitor during training:



﹅Â¬︻ ¾aÂ﹎\1Ã

¿︻³°p﹞ ¿>p︻ ¾1½ ·﹊>m a? ¾`²a﹞

�

 ¾b0]±0 ¶0`
 ¶1﹍FhÃ0 ﹉Ã

 ¾`1﹋
 ¾aÂ﹎\1Ã

﹅Â¬︻
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SETTING UP A DEEP-LEARNING WORKSTATION

It’s highly recommended, although not strictly necessary, 

that you run deep-learning code on a modern NVIDIA GPU. 

If you don’t want to install a GPU on your machine, you can alternatively consider 

running your experiments on an AWS EC2 GPU instance or on Google Cloud Platform. 

Whether you’re running locally or in the cloud, it’s better to be using a Linux workstation. 
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JUPYTER NOTEBOOKS: THE PREFERRED WAY TO RUN DEEP-LEARNING EXPERIMENTS

aFÂC²d ¾1½ ·SaF﹁\ č﹅Â¬︻ ¾aÂ﹎\1Ã ¾1½ kÃ1﹞b2 ¾0aO0 ¾0a? UOa﹞ j²`

Jupyter notebooks are a great way to run deep-learning experiments.

A notebook is a file generated by the Jupyter Notebook app (https://jupyter.org), 

which you can edit in your browser. 

It mixes the ability to execute Python code with 

rich text-editing capabilities for annotating what you’re doing. 

A notebook also allows you to break up long experiments into smaller pieces 

that can be executed independently, 

which makes development interactive and means 

you don’t have to rerun all of your previous code if something goes wrong late in an experiment.



https://nbviewer.org/github/fchollet/deep-learning-with-python-

notebooks/blob/master/chapter02_mathematical-building-blocks.ipynb
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GETTING KERAS RUNNING: TWO OPTIONS

f0a﹋ ¾0aO0 č·°Ãc﹎ ²\

To get started in practice, we recommend one of the following two options:

1) Use the official EC2 Deep Learning AMI 

(https://aws.amazon.com/amazonai/amis), 

and run Keras experiments as Jupyter notebooks on EC2. 

Do this if you don’t already have a GPU on your local machine. 

2) Install everything from scratch on a local Linux workstation. 

You can then run either local Jupyter notebooks or a regular Python codebase. 

Do this if you already have a high-end NVIDIA GPU. 
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RUNNING DEEP-LEARNING JOBS IN THE CLOUD: PROS AND CONS

a?0 ¾²` a? ﹅Â¬︻ ¾aÂ﹎\1Ã ¾1½`1﹋ ¾0aO0 č=Ã1︺﹞ ² 1Ã0c﹞

If you don’t already have a GPU that you can use for deep learning 

(a recent, high-end NVIDIA GPU), 

then running deep-learning experiments in the cloud is a simple, low-cost way 

for you to get started without having to buy any additional hardware. 

If you’re using Jupyter notebooks, 

the experience of running in the cloud is no different from running locally. 

As of mid-2017, 

the cloud offering that makes it easiest to get started with deep learning is definitely AWS EC2. 

But if you’re a heavy user of deep learning, this setup isn’t sustainable in the long term

—or even for more than a few weeks. EC2 instances are expensive.
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WHAT IS THE BEST GPU FOR DEEP LEARNING? (2025)

 ¯ÃaF¼?GPU ĈEhÂS ﹅Â¬︻ ¾aÂ﹎\1Ã ¾0a?

https://cloudzy.com/blog/best-gpu-for-machine-learning/



https://cloudzy.com/blog/best-gpu-for-machine-learning/











﹅Â¬︻ ¾aÂ﹎\1Ã

¿︻³°p﹞ ¿>p︻ ¾1½ ·﹊>m a? ¾`²a﹞

�

¾]°? ·﹆>y
¿Ã²\²\

1J﹞ č ¾]°? ·﹆>yل
 «¨Â﹁ ¾1½]﹆±
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CLASSIFYING MOVIE REVIEWS: A BINARY CLASSIFICATION EXAMPLE

¿Ã²\²\ ¾]°? ·﹆>y ¾0a? 1لJ﹞ ﹉Ã

²\ ¾]°? ·﹆>y�ċ¿Ã²\²\ ¾]°? ·﹆>y 1Ã ¾0 ·﹆>y
Ei0 ¿°Âm1﹞ ¾aÂ﹎\1Ã ﹏Ç1h﹞ ~0³±0 ¯ÃaG ¶\aFh﹎ b0 ¿﹊ÃĊ

1J﹞ ¯Ã0 `\čل
 =©1﹇ `\ «¨Â﹁ ¾1½]﹆± ¾]°? ·﹆>y ¾aÂ﹎\1Ã ċف]½E>J﹞  1Ã¿﹀°﹞  f1i0 a?1½]﹆± ¿°F﹞ ¾0³FV﹞EiĊ
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THE IMDB DATASET

 ¾ ¶\0\ ·︻³¬N﹞IMDB

IMDB 
Dataset

a set of 50,000 highly polarized reviews from the 

Internet Movie Database. 

They’re split into 25,000 reviews for training and 

25,000 reviews for testing, each set consisting of 

50% negative and 50% positive reviews.
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 ¾ ¶\0\ ·︻³¬N﹞ ®]±0³[IMDB

 a½]﹆±  D1¬¨﹋ b0 ¾0 ·©1>±\ ·︻³¬N﹞ ¯Ã0 `\ ·﹋ Ei0Ěf0a﹋ ęEi0 ¶]m jb0\aC kÂC
 ·? ² UÂVq \0]︻0 b0 ¾0 ·©1>±\Ei0 ¶]m ﹏Ã]>GĊ

)Ei0 ·F﹁a﹎ `0a﹇ ·﹞1± E︽© `\ oZl﹞ ¾ ·¬¨﹋ ﹉Ã ¾1O ·? UÂVq \]︻ a½+Ċ

from tensorflow.keras.datasets import imdb

(train_data, train_labels), (test_data, test_labels) = imdb.load_data(

num_words=10000)

>>> train_data[0]

[1, 14, 22, 16, ... 178, 32]

>>> train_labels[0]

1

Loading the IMDB dataset in Keras

 ®1﹞³﹎`2num_words=10000  ·﹋ Ei0 ¯Ã0 ¿°︺﹞ ·?۱۰۰۰۰ «Ã`0\ ¿﹞ ·﹍± 0` ¿mb³﹞2 ¾1½ ¶\0\ `\ aG ®0²0a﹁ ¾ ·¬¨﹋Ċ
 ]±³m ¿﹞ ·Fm0_﹎ `1°﹋ aG`\1± D1¬¨﹋⇐ «Â°﹋ `1﹋ E?1K ¾ ¶b0]±0 1? ¿Ã1½`0\a? 1? «Â±0³G ¿﹞Ċ

 ¾1½aÂ︽F﹞train_data  ²test_data ]°Fh½ 1½]﹆± b0 ¿Ã1½ EhÂ© čEi0 D1¬¨﹋ gÃ]±0 b0 ¿FhÂ© ]﹆± a½Ċ
train_labels  ²test_labels  b0 ¿Ã1½ EhÂ©0 1½Ě¿﹀°﹞ ]﹆± ¾0a? ę ²1 1½ĚE>J﹞ ]﹆± ¾0a? ęEi0Ċ
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1½]﹆± ¯F﹞ L0aZFi0
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PREPARING THE DATA

1½ ¶\0\ ¾b1i ¶\1﹞2

\a﹋ ¿>p︻ ¾ ·﹊>m ﹉Ã \`0² ®0³G ¿¬± 0` UÂVq \0]︻0 b0 ¿FhÂ©Ċ
]±³m 1½`³h±1G ·? ﹏Ã]>G ]Ã1? 1½ EhÂ©Ċ

¾`0_﹎]C
Padding

ċ]±³m ®1h﹊Ã ³لy ¾0`0\ 1¼±2 ¿﹍¬½ 1G «Â°﹋ ¿﹞ ¾`0_﹎]C 0` 1½ EhÂ©
 ﹏﹊m 1? UÂVq `³h±1G ﹉Ã ·? 0` 1¼±2 gBi(samples, word_indices) «Â°﹋ ¿﹞ ﹏Ã]>GĊ

 ]°﹋ `1﹋ UÂVq ¾1½`³h±1G ¯Ã0 ¾²` ]±0³F? ·﹋ ¾0 ·Ã﹐ b0 gBiĚ ¾ ·Ã﹐ ]°±1﹞Embeddingę ċ
«Â°﹋ ¿﹞ ¶\1﹀Fi0 ·﹊>m ²0ل ¾ ·Ã﹐ ®0³°︻ ·?Ċ

 ¾`0_﹎]﹋Ğ﹉G0غ�\ĝ
One-Hot Encoding

 b0 ¿Ã1½`0\a? ·? 0` 1½ EhÂ©0 ² 1½1  «Â°﹋ ¿﹞ ﹏Ã]>G 1½Ě﹉G ¾`0_﹎]﹋0غ�\čę
)EhÂ© `\ au1W D1¬¨﹋ gÃ]±0 b0 aÂ︾ ċa﹀q 1O ·¬½+

 ]°﹋ `1﹋ ¾`1l︻0 ¾`0\a? ¾1½ ¶\0\ ¯Ã0 ¾²` ]±0³F? ·﹋ ¾0 ·Ã﹐ b0 gBiĚ ¾ ·Ã﹐ ]°±1﹞Denseę ċ
«Â°﹋ ¿﹞ ¶\1﹀Fi0 ·﹊>m ²0ل ¾ ·Ã﹐ ®0³°︻ ·?Ċ

`³h±1G ·? EhÂ© ﹏Ã]>G ¾1½ ¶0`

This would mean, for instance, turning the sequence [3, 5] into a 10,000-dimensional vector 

that would be all 0s except for indices 3 and 5, which would be 1s. 
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PREPARING THE DATA

1½ ¶\0\ ¾b1i ¶\1﹞2 č]﹋

>>> x_train[0]

array([ 0., 1., 1., ..., 0., 0., 0.])

y_train = np.asarray(train_labels).astype("float32")

y_test = np.asarray(test_labels).astype("float32")

Vectorizing labels
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BUILDING THE NETWORK

·﹊>m E[1i

 ]m1? aFlÂ? ®1¼°C ¾1½]W0² \0]︺G ·S a½ĚaG﹐1? \1︺?0 1? ¿Ã1¬±b1? ¾1t﹁ę ċ
ċ\aÂ﹍? \1Ã 0` ¾aG ¶]ÂRÂC ¾1½ ¿Ã1¬±b1? ]½\ ¿﹞ ¶b1O0 ·﹊>m ·?

\³m ¿﹞ aG ®0a﹎ ¿G1>i1V﹞ a|± b0 ·﹊>m 1﹞0
\³m ·Fi0³[1± ¾1½³﹍©0 ¾aÂ﹎\1Ã ·? aN°﹞ Ei0 ¯﹊¬﹞ ²Ċ

 ﹏pF﹞ Ø1﹞1¬G ¾1½ ·Ã﹐ b0 ¶\1i ¾ ·FlC ﹉Ã D`³q ·? 0` ·﹊>mĚDense ę EÂ©1︺﹁ ︹?0³G 1?relu «Ãb1i ¿﹞Ċ

¾]Â¨﹋ «Â¬pG ²\
¾`1¬︺﹞ ¾0a?

 ¾1½ ·Ã﹐ ¾ ·FlCDense

۱ ę¶\1﹀Fi0 \`³﹞ ¾1½ ·Ã﹐ \0]︺G

۲ ę·Ã﹐ a½ ¾0a? ®1¼°C ¾1½]W0² \0]︺G

relu relu sigm

16 16 1
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ACTIVATION FUNCTIONS

EÂ©1︺﹁ ︹?0³G

ReLU Sigmoid

\1﹀Fi0 ]ÂÇ³¬﹍Âi EÂ©1︺﹁ ︹?1G b0 a[2 ¾ ·Ã﹐ ]°﹋ ¿﹞ ¶
]°﹋ ®1Â? 0` 1ل¬FW0 `0]﹆﹞ ﹉Ã 1GĊ

a score between 0 and 1, indicating how likely the 

sample is to have the target “1”: 

how likely the review is to be positive



39 ىادگىری عمىق
P
re
p
a
re
d
 b
y
 K
a
z
im

 F
o
u
la
d
i  
 |
  
 S
p
ri
n
g
 2
0
2
5
  
 |
  
 4

th
E
d
it
io
n

 «¨Â﹁ ¾1½]﹆± ¾]°? ·﹆>y

THE NETWORK ARCHITECTURE

·﹊>m ¾`1¬︺﹞
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¿x[aÂ︾ EÂ©1︺﹁ ︹?1G k﹆±

]°°﹋ ¿﹞ «½0a﹁ 0` a﹍Ã\ ¾ ·Ã﹐ ·? ·Ã﹐ ﹉Ã b0 ¿x[aÂ︾ ¾1½ ﹏Ã]>G ¾aÂ﹎\1Ã ®1﹊﹞0 ċ¿x[aÂ︾ EÂ©1︺﹁ ︹?0³GĊ

ċ]m1? ¿x[ 1½ ·Ã﹐ ¾ ·¬½ EÂ©1︺﹁ ︹?0³G a﹎0
]°﹋ ¿¬± 0]ÂC ¾aÂÂ︽G 1½ ·Âua﹁ ¾1t﹁ 1½ ·Ã﹐ \0]︺G kÃ0c﹁0 1?

\³? ]½0³[ ¿x[ ¾1½ Em1﹍± ¯F﹁1Ã ·? `\1﹇ Ø1﹁aq b³°½ ·﹊>m ²Ċ

Ref: http://cs231n.stanford.edu/
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CHOOSING LOSS FUNCTION

G0 ︹?1G <1ZF±0﹑ف

﹏?1﹆F﹞ ¿C²aF±2
Cross-Entropy

Ei0 D1︻﹑y0 ¾ ·Ãa|± ¾ ¶b³W b0 ¿FÂ¬﹋ ċ﹏?1﹆F﹞ ¿C²aF±2
FW0 ¾1½ ︹Ãb³G ¯Â? ·¨q1﹁ ·﹋Ě1½ ¿°Â? kÂC ︹Ãb³G ² 1½ E﹎`1G ︹Ãb³G ę°i ¿﹞ 0`]NĊ¬1ل 

Ei0 1ل¬FW0 ﹉Ã ·﹊>m ¿O²a[ ² «ÂFh½ ·O0³﹞ ¿Ã²\²\ ¾]°? ·﹆>y ¾ ·¨Æh﹞ ﹉Ã 1?
G0 ︹?1G ¾0a? <1ZF±0 ¯ÃaF¼?binary_crossentropy﹑ف  ⇐ loss Ei0Ċ

±G0 ︹?0³G a﹍Ã\ b0mean_squared_error ċ\a﹋ ¶\1﹀Fi0 ®0³G ¿﹞ cÂ﹑ف ﹝°±1[ 
`0\ `1﹋ ² ai ¿G﹐1¬FW0 ¿O²a[ 1? ¿Ã1½ ل]﹞ 1? ·﹋ Ei0 ¿±1﹞b ¾0a? ·°Ãc﹎ ¯ÃaF¼? Ø﹐³¬︺﹞ ﹏?1﹆F﹞ ¿C²aF±2 1﹞0«ÃĊ



42 ىادگىری عمىق
P
re
p
a
re
d
 b
y
 K
a
z
im

 F
o
u
la
d
i  
 |
  
 S
p
ri
n
g
 2
0
2
5
  
 |
  
 4

th
E
d
it
io
n

 «¨Â﹁ ¾1½]﹆± ¾]°? ·﹆>y

COMPILING THE MODEL

﹋a﹋ ﹏Ã1B﹞1\® ﹝[ل
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VALIDATING THE APPROACH

\a﹋ ¾²` ¿N°i`1>F︻0

\` E﹇\ a? D`1|± ¾0a?Ğ]±0 ¶]l± ¶]Ã\ ®³°﹋1G c﹎a½ ·﹋ ¿Ã1½ ¶\0\ ¾²` a? ĝċjb³﹞2 ¯ÂW ﹝[ل 
 ﹉Ã ]Ã1? ¿N°i`1>F︻0 ¾ ·︻³¬N﹞«Â°﹋ \1NÃ0Ċ

 ċ`³|°﹞ ¯Ã0 ¾0a?۱۰Č۰۰۰ «Â°﹋ ¿﹞ 0]O ¿¨q0 ¿mb³﹞2 ¾1½ ¶\0\ b0 ·±³¬±Ċ
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TRAINING THE MODEL

jb³﹞2 ﹝[ل

«Â½]? jb³﹞2 0` ل]﹞ ]Ã1? 1لW č۲۰  ﹉C0Ěepoch Ė ę۲۰ ¿mb³﹞2 ¾1½ ¶\0\ `\ 1½ ·±³¬± ¾ ·¬½ ¾²` a? `0a﹊G
 ¾0`0\ ¾1½ ·Fi\cÃ` 1?'۱۲ ·±³¬±Ċ

 aÃ\1﹆﹞ ¾²` a? ċ®1﹞c¬½ ف﹑G0 ²E﹇\  ¾²` a?۱۰Č۰۰۰ «Â°﹋ ¿﹞ D`1|± ¶]m 0]O ¿N°i`1>F︻0 ¾ ¶\0\Ċ

\`0\ \³O² ¿﹋]±0 I﹊﹞ ċ﹉C0 a½ ¾1¼F±0 `\ č ¾²` a? E﹇\ ² ف﹑G0 ¾ ·>i1V﹞ ¾0a?۱۰Č۰۰۰ ¿N°i`1>F︻0 ¾ ·±³¬±
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MODEL HISTORY

RZÃ`1G· ¾ ﹝[ل

>>> history_dict = history.history

>>> history_dict.keys()

[u"accuracy", u"loss", u"val_accuracy", u"val_loss"]

The call to model.fit() returns a History object. 

This object has a member history, 

which is a dictionary containing data about everything that happened during training. 

The dictionary contains four entries: 

one per metric that was being monitored during training and during validation. 
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`G0 `0\³¬± «i﹑ف

Plotting the training and validation loss
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E﹇\ `0\³¬± «i`
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E﹇\ ² ف﹑G0 ¾1½`0\³¬± ﹏Â¨VG

]?1Ã ¿﹞ k½1﹋ ﹉C0 a½ 1? ¿mb³﹞2 ¾1½ ¶\0\ ¾²` ف﹑G0Ċ
]?1Ã ¿﹞ kÃ0c﹁0 ﹉C0 a½ ¾²` a? ¿mb³﹞2 ¾1½ ¶\0\ ¾²` a? E﹇\Ċ

EhÂ± ·±³﹎ ̄ Ã0 ¿N°i`1>F︻0 ¾1½ ¶\0\ ¾0a? 1﹞0 č]i` ¿﹞ ·¨﹇ ·? ª`1¼S ﹉C0 `\ Ċ⇐ jb0a? kÂ?

jb0a? kÂ?
Overfitting

 b0 aFlÂ? ¿mb³﹞2 ¾1½ ¶\0\ ¾²` ل]﹞ E﹇\
Ei0 ¶]m ¿N°i`1>F︻0 ¾1½ ¶\0\ ¾²` ل]﹞ E﹇\Ċ

a
c
c
u
r
a
c
y
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jb0a? kÂ? b0 ¾aÂ﹎³¨O

 b0 ¾aÂ﹎³¨O ¾0a? ċ\`³﹞ ¯Ã0 `\jb0a? kÂ? b0 gC 0` jb³﹞2 «Â±0³G ¿﹞ ċ% «Â°﹋ ︿﹇³F﹞ ﹉C0Ċ

model = keras.Sequential([

layers.Dense(16, activation="relu"),

layers.Dense(16, activation="relu"),

layers.Dense(1, activation="sigmoid")

])

model.compile(optimizer="rmsprop",

loss="binary_crossentropy",

metrics=["accuracy"])

model.fit(x_train, y_train, epochs=4, batch_size=512)

results = model.evaluate(x_test, y_test)

Retraining a model from scratch

>>> results

[0.2929924130630493, 0.88327999999999995]

This fairly naive approach achieves an accuracy of 88%. 

With state-of-the-art approaches, you should be able to get close to 95%.

The first number, 0.29, is the test

loss, and the second number,

0.88, is the test accuracy.
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USING A TRAINED NETWORK TO GENERATE PREDICTIONS ON NEW DATA

]Ã]O ¾1½ ¶\0\ ¾²` a? 1½ ¿°Â? kÂC ]Â©³G ¾0a? ¶]Ã\ jb³﹞2 ¾ ·﹊>m ﹉Ã b0 ¶\1﹀Fi0

«Â°﹋ ¶\1﹀Fi0 ¿¨¬︻ EÂ︺﹇³﹞ ﹉Ã `\ ®2 b0 «Â±0³G ¿﹞ ċ·﹊>m ®]Ã\ jb³﹞2 b0 gCč
«Â°﹋ ·>i1V﹞ 0` ]m1? ¿﹀°﹞ 1Ã E>J﹞ ]﹆± ﹉Ã ·﹊°Ã0 1ل¬FW0 «Â±0³G ¿﹞č

>>> model.predict(x_test)

array([[ 0.98006207]

[ 0.99758697]

[ 0.99975556]

...,

[ 0.82167041]

[ 0.02885115]

[ 0.65371346]], dtype=float32)

As you can see, 

the network is confident for some samples (0.99 or more, or 0.01 or less) 

but less confident for others (0.6, 0.4).
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FURTHER EXPERIMENTS

aFlÂ? ¾1½ kÃ1﹞b2

The following experiments will help convince you that the architecture choices 

you’ve made are all fairly reasonable, although there’s still room for improvement:

 You used two hidden layers. 

Try using one or three hidden layers, 

and see how doing so affects validation and test accuracy.

 Try using layers with more hidden units or fewer hidden units: 

32 units, 64 units, and so on.

 Try using the mse loss function instead of binary_crossentropy.

 Try using the tanh activation (an activation that was popular in the early days of 

neural networks) instead of relu.
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WRAPPING UP

¾]°? ︹¬O

Here’s what you should take away from this example:

 You usually need to do quite a bit of preprocessing on your raw data in order to be able to 

feed it—as tensors—into a neural network. Sequences of words can be encoded as binary 

vectors, but there are other encoding options, too.

 Stacks of Dense layers with relu activations can solve a wide range of problems 

(including sentiment classification), and you’ll likely use them frequently.

 In a binary classification problem (two output classes), your network should end with a 

Dense layer with one unit and a sigmoid activation: 

the output of your network should be a scalar between 0 and 1, encoding a probability.

 With such a scalar sigmoid output on a binary classification problem, 

the loss function you should use is binary_crossentropy.

 The rmsprop optimizer is generally a good enough choice, whatever your problem. 

That’s one less thing for you to worry about.

 As they get better on their training data, neural networks eventually start overfitting and 

end up obtaining increasingly worse results on data they’ve never seen before. 

Be sure to always monitor performance on data that is outside of the training set.
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