
·︺¨﹇ ¾\﹐³﹁ «}1﹋
¿?0`1﹁ ®1﹎]﹊l±0\ ċ¿i]°¼﹞ ¶]﹊l±0\

®0a¼G ¶1﹍l±0\

http://courses.fouladi.ir/deep

An Overview on Artificial Neural Networks (2)



﹅Â¬︻ ¾aÂ﹎\1Ã

¿︻³°p﹞ ¿>p︻ ¾1½ ·﹊>m a? ¾`²a﹞

1J﹞ č ¾]°? ·﹆>yل
¾a>[ v³x[
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CLASSIFYING NEWSWIRES: A MULTICLASS CLASSIFICATION EXAMPLE

¾0 ·﹆>y]°S ¾]°? ·﹆>y ¾0a? 1لJ﹞ ﹉Ã

·﹆>y ²\ b0 kÂ? ·﹋ ¿F©1W ¾0a? ¾]°? ·﹆>yď«Ã`0\ f﹑﹋Ċ

1J﹞ ¯Ã0 `\čل
 `\ baFÃ²` ¾a>[ v³x[ ¾  ·﹆>y ¾aÂ﹎\1Ã ċف]½%) Ei0 cÃ1¬F﹞ ~³u³﹞Ċ

Because you have many classes, this problem is an instance of multiclass classification; 

and because each data point should be classified into only one category, the problem is more 

specifically an instance of single-label, multiclass classification.

If each data point could belong to multiple categories (in this case, topics), you’d be facing a 

multilabel, multiclass classification problem.
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THE REUTERS DATASET

baFÃ²` ¾ ¶\0\ ·︻³¬N﹞

a set of short newswires and their topics, published

by Reuters in 1986. It’s a simple, widely used toy 

dataset for text classification. There

are 46 different topics; some topics are more 

represented than others, but each topic

has at least 10 examples in the training set.
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 ¾ ¶\0\ ·︻³¬N﹞ ®]±0³[Reuters

>>> len(train_data)

8982

>>> len(test_data)

2246

 ®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 `1>[0 b0 ¿Ã1½ EhÂ© čEi0 D1¬¨﹋ gÃ]±0 b0 ¿FhÂ© a>[ a½Ċ
train_labels  ²test_labels  \0]︻0  b0 ¿Ã1½ EhÂ©0 1G 45 Ě~³u³﹞ gÃ]±0 ę]°Fh½Ċ

>>> train_data[10]

[1, 245, 273, 207, 156, 53, 74, 160, 26, 14, 46, 296, 

26, 39, 74, 2979,3554, 14, 46, 4689, 4329, 86, 61, 

3499, 4795, 14, 61, 451, 4329, 17, 12]

>>> train_labels[10]

3
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1½a>[ ¯F﹞ L0aZFi0
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PREPARING THE DATA

1½ ¶\0\ ¾b1i ¶\1﹞2

1½ ¶\0\ ¾b1i ¾`0\a?č



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

¾a>[ v³x[ ¾]°? ·﹆>y

PREPARING THE DATA

1½ ¶\0\ ¾b1i ¶\1﹞2

1½ =hSa? ¾b1i ¾`0\a?č

¾\]︻ ¾`0_﹎]﹋
Integer Encoding

\a﹋ ﹏Ã]>G UÂVq \0]︻0 b0 ¾`³h±1G D`³q ·? 0` 1½ =hSa? EhÂ© ®0³G ¿﹞Ċ

 ¾`0_﹎]﹋Ğ﹉G�0غ\ĝ
One-Hot Encoding

 b0 ¿Ã1½`0\a? ·? 0` 1½ =hSa?  EhÂ©0 ² 1½1  «Â°﹋ ¿﹞ ﹏Ã]>G 1½
Ě﹉G ¾`0_﹎]﹋�čę\0غ

�EhÂ© `\ au1W =hOa? gÃ]±0 b0 aÂ︾ ċa﹀q 1O ·¬½#

1½ =hSa? ¾b1i ¾`0\a? ¾1½ ¶0`

¾0 ·Fi\ ¾`0_﹎]﹋
Categorical Encoding
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PREPARING THE DATA

1½ ¶\0\ ¾b1i ¶\1﹞2

1½ =hSa? ¾b1i ¾`0\a?č

Note that there is a built-in way to do this in Keras, 

which you’ve already seen in action in the MNIST example:
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BUILDING THE NETWORK

·﹊>m E[1i

Ei1½ «¨Â﹁ ]﹆± ¾]°? ·﹆>y ¾ ·¨Æh﹞ ·? ·Â>m `1Âh? ċ1½ ~³u³﹞ ¾]°? ·﹆>y ¾ ·¨Æh﹞č
«Â°﹋ ¾]°? ·﹆>y 0` ¯F﹞ b0 ¿½1G³﹋ ¾1½ ·﹊G «Â°﹋ ¿﹞ ¿︺i ²\ a½ `\Ċ

1﹞0

\`0\ \³O² ¾]Ã]O ]Â﹇ ċ1½ ~³u³﹞ ¾]°? ·﹆>y ¾ ·¨Æh﹞ `\č
 b0 ¿O²a[ ¾1½ f﹑﹋ \0]︺G۲  ·?%) Ei0 ¶\a﹋ aÂÂ︽G čEi0 ¶]m aG گ`c? `1Âh? ¿O²a[ ¾1t﹁ ]︺?Ċ

 ¾1½ ·Ã﹐ ¾ ·FlC `\Dense \`0\ ¿iaFi\ ¿¨>﹇ ¾ ·Ã﹐ ¿O²a[ `\ au1W D1︻﹑y0 ·? w﹆﹁ ·Ã﹐ a½Ċ
ċ]°﹋ ف_W 0` ¾]°? ·﹆>y ¾ ·¨Æh﹞ ·? v³?a﹞ D1︻﹑y0 ¿[a? ·Ã﹐ ﹉Ã a﹎0

]±³m ¾b1ib1? ¾]︺? ¾1½ ·Ã﹐ wi³G ]°±0³G ¿¬± c﹎a½ D1︻﹑y0 ¯Ã0č
]m1? ¿G1︻﹑y0 ¶1﹎³¨﹎ ﹉Ã ¶³﹆©1? D`³q ·? ]±0³G ¿﹞ ·Ã﹐ a½Ċ

 ¿±1Â﹞ ¾1½ ·Ã﹐ b0 ċ¿¨>﹇ 1لJ﹞ `\۱)�ċ«Ã\a﹋ ¶\1﹀Fi0 ¾]︺?
 ¾1t﹁ 1﹞0۱)� ¾aÂ﹎\1Ã ¾0a? ¾]︺?%) ]m1? \²]V﹞ `1Âh? Ei0 ¯﹊¬﹞ ︿¨FZ﹞ f﹑﹋č

 ¾1½ ·Ã﹐ b0 ¯Â¬½ ¾0a?)% «Â°﹋ ¿﹞ ¶\1﹀Fi0 ¾]W0²Ċ
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·﹊>m ل]﹞ ︿Ãa︺G

 ¾ ·Ã﹐ ﹉Ã 1? ·﹊>mDense  ¾ ¶b0]±0 1?%) Ei0 ·F﹁1Ã ·¬G1[Ċ
¿°︺Ã č `0\a? ﹉Ã ·﹊>m ¿O²a[ ċ¾\²`² ¾ ·±³¬± a½ ¾0a?%)�Ei0 ¾]︺?Ċ

 `0\a? ¯Ã0 `\ ·Ã0`\ a½Ě`0\a? ¯Ã0 ]︺? a½ ę]°﹋ ¿﹞ ¾`0_﹎]﹋ 0` D²1﹀F﹞ ¿O²a[ f﹑﹋ ﹉ÃĊ

 EÂ©1︺﹁ ︹?1G b0 a[2 ¾ ·Ã﹐softmax ]°﹋ ¿﹞ ¶\1﹀Fi0Ċ
¿°︺Ã č ¾²` a? 1ل¬FW0 ︹Ãb³G ﹉Ã ·﹊>m ¯Ã0%) ]±0\a﹎ ¿﹞a? D²1﹀F﹞ ¿O²a[ f﹑﹋Ċ

Ěoutput[i]  f﹑﹋ ·? ¾\²`² ¾ ·±³¬± ﹅¨︺G 1ل¬FW0i ]½\ ¿﹞ ®1l± 0`ęĊ
 ¯Ã0 ~³¬N﹞%) Ei0 ﹉Ã 1? a?0a? ċb1ÂF﹞0Ċ
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COMPILING THE MODEL

﹋a﹋ ﹏Ã1B﹞1\® ﹝[ل

Ei0 1ل¬FW0 ﹉Ã ·﹊>m ¿O²a[ ² «ÂFh½ ·O0³﹞ ¿i﹑﹋]°S ¾]°? ·﹆>y ¾ ·¨Æh﹞ ﹉Ã 1?
G0 ︹?1G ¾0a? <1ZF±0 ¯ÃaF¼?categorical_crossentropy﹑ف  ⇐ loss Ei0Ċ
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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?۱۰۰۰ «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?۱۰۰۰ «Â°﹋ ¿﹞ D`1|± ¶]m 0]O ¿N°i`1>F︻0 ¾ ¶\0\Ċ
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`G0 `0\³¬± «i﹑ف



16 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

¾a>[ v³x[ ¾]°? ·﹆>y
E﹇\ `0\³¬± «i`

a
cc

u
ra

cy



17 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

¾a>[ v³x[ ¾]°? ·﹆>y
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 ﹉C0 `\«¼± ]i` ¿﹞ ·¨﹇ ·? Ċ⇐ jb0a? kÂ?
a

cc
u

ra
cy
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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 ¿﹞ ċ۹ «Â°﹋ ︿﹇³F﹞ ﹉C0Ċ

>>> results

[0.9565213431445807, 0.79697239536954589]

This approach reaches an accuracy of ~80%. With a balanced binary classification

problem, the accuracy reached by a purely random classifier would be 50%. 
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GENERATING PREDICTIONS ON NEW DATA

]Ã]O ¾1½ ¶\0\ ¾²` a? 1½ ¿°Â? kÂC ]Â©³G

predictions = model.predict(x_test)

Generating predictions for new data

# Each entry in predictions is a vector of length 46:

>>> predictions[0].shape

(46,)

# The coefficients in this vector sum to 1:

>>> np.sum(predictions[0])

1.0

# The largest entry is the predicted class:

# the class with the highest probability:

>>> np.argmax(predictions[0])

4
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A DIFFERENT WAY TO HANDLE THE LABELS AND THE LOSS

`G0 ︹?1G ² 1½ =hSa? 1? `1﹋ ¾0a? D²1﹀F﹞ ¿m²﹑ف

y_train = np.array(train_labels)

y_test = np.array(test_labels)

We mentioned earlier that another way to encode the labels 

would be to cast them as an integer tensor, like this:

The only thing this approach would change is the choice of the loss function. 

The loss function categorical_crossentropy, expects the labels to follow a categorical encoding. 

With integer labels, you should use sparse_categorical_crossentropy:

This new loss function is still mathematically the same as categorical_crossentropy; 

it just has a different interface.
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THE IMPORTANCE OF HAVING SUFFICIENTLY LARGE INTERMEDIATE LAYERS

¿±1Â﹞ ¾ ·Ã﹐ گ`c? ¿﹁1﹋ \0]︺G ¯Fm0\ EÂ¬½0

 ¿Ã1¼± ¾1½ ¿O²a[ ®³S%)�ċ]°Fh½ ¾]︺?
 b0 aF¬﹋ 1? ¿±1Â﹞ ¾1½ ·Ã﹐ b0 ]Ã1?%) «Â°﹋ <1°FO0 ¿﹀Z﹞ ]W0²Ċ

«Â°Â>? «Â½0³[ ¿﹞ ċ®³°﹋0č
Ĉ\³m ¿﹞ ¿﹇1﹀G0 ·S ]Ã1? ¿G1︻﹑y0 ¶1﹎³¨﹎

� b0 aF¬﹋ `1Âh? ·﹋ ¿±1Â﹞ ¾1½ ·Ã﹐%)� Ø﹑J﹞ ċ]°Fh½ ¾]︺?%�¾]︺?#
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¿G1︻﹑y0 ¶1﹎³¨﹎ 1? ¿©]﹞

The network now peaks at ~71% validation accuracy, an 8% absolute drop. 

This drop is mostly due to the fact that you’re trying to compress a lot of information 

(enough information to recover the separation hyperplanes of 46 classes) 

into an intermediate space that is too low-dimensional. 

The network is able to cram most of the necessary information 

into these eight-dimensional representations, but not all of it.
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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:

 Try using larger or smaller layers: 32 units, 128 units, and so on.

 You used two hidden layers. 

Now try using a single hidden layer, or three hidden layers.
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¾]°? ︹¬O

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

 If you’re trying to classify data points among N classes, 

your network should end with a Dense layer of size N.

 In a single-label, multiclass classification problem, your network should end with a softmax

activation so that it will output a probability distribution over the N output classes.

 Categorical crossentropy is almost always the loss function you should use for such problems. 

It minimizes the distance between the probability distributions output by the network and the 

true distribution of the targets.

 There are two ways to handle labels in multiclass classification:

 Encoding the labels via categorical encoding (also known as one-hot encoding) and 

using categorical_crossentropy as a loss function

 Encoding the labels as integers and using the sparse_categorical_crossentropy loss 

function

 If you need to classify data into a large number of categories, you should avoid creating 

information bottlenecks in your network due to intermediate layers that are too small.



﹅Â¬︻ ¾aÂ﹎\1Ã

¿︻³°p﹞ ¿>p︻ ¾1½ ·﹊>m a? ¾`²a﹞

1J﹞ č¿°Â? kÂCل
¯﹊h﹞ E¬Â﹇
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PREDICTING HOUSE PRICES: A REGRESSION EXAMPLE

®³Âia﹎` ¾0a? 1لJ﹞ ﹉Ã

 ċ¿°Âm1﹞ ¾aÂ﹎\1Ã ﹏Ç1h﹞ b0 a﹍Ã\ ²0ل]F﹞ ~³± ﹉Ã®³Âia﹎` ĎEi0
\³m ¿﹞ ¿°Â? kÂC ·Fhh﹎  =hSa? ﹉Ã ¾1O ·? ·Fi³ÂC `0]﹆﹞ ﹉Ã ®2 `\ ·﹋Ċ

]°±1﹞č
ċ¿i1°m0³½ ¾1½ ¶\0\ ¯Fm0\ 1? 0\a﹁ ¾0³½ ¾1﹞\ ¿°Â? kÂC

®2 ¾1½ ·pZl﹞ ¯Fm0\ 1? ¾`0c﹁0 ªa± ¾ ¶d²aC ﹉Ã ﹏Â¬﹊G ®1﹞b ¿°Â? kÂCĊ

NOTE: Don’t confuse regression and the algorithm logistic regression. Confusingly,

logistic regression isn’t a regression algorithm—it’s a classification algorithm.

·¨Æh﹞ ¯Ã0 `\ ف]½č
 ¾ ·½\ wi0²0 `\ ®³Fi³? ¶]m ¶\0\ ¾ ·¨V﹞ ﹉Ã `\ 1½ ·±1[ wi³F﹞ E¬Â﹇ ¿°Â? kÂC1970ċ

ċ®1﹞b ®2 `\ ·¨V﹞ ®2 \`³﹞ `\ ¾0 ¶\0\ v1﹆± ¯Fm0\ `1ÂF[0 `\ 1?
 ² ¿¨V﹞ D1Â©1﹞ Xa± ċªaO Xa± ]°±1﹞ĊĊĊ
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THE BOSTON HOUSING PRICE DATASET

®³Fi³? ¯﹊h﹞ E¬Â﹇ ¾ ¶\0\ ·︻³¬N﹞

It has relatively few data points: only 506, 

split between 404 training samples and 102 test samples. 

And each feature in the input data (for example, the crime 

rate) has a different scale. 

For instance, some values are proportions, which take 

values between 0 and 1; others take values between 1 and 

12, others between 0 and 100, and so on.
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 ¾ ¶\0\ ·︻³¬N﹞ ®]±0³[Boston Housing Price

>>> train_data.shape

(404, 13)

>>> test_data.shape

(102, 13)

%۰%  ² ¿mb³﹞2 ¾ ·±³¬±۱۰۲ ċ«Ã`0\ ¿lÃ1﹞b2 ¾ ·±³¬±
 ﹉Ã a½ ·﹋۱۳  ]±`0\ ¾\]︻ ¿﹎eÃ²Ě]°±1﹞ č ċ¶0a﹎`c? ·? ¿iaFi\ ċ·±1[ `\ 1قG0 \0]︺G wi³F﹞ ċªaO Xa± ·±0aięĊĊĊĊ

Ei0 `﹐\ `0c½ =hW a? ﹉©1﹞ wi³G ¶]m 1ل︽m0 ¯﹊h﹞ E¬Â﹇ ¾ ·±1Â﹞ `0]﹆﹞ ċE﹎`1GĊ

>>> train_targets

[ 15.2, 42.3, 50. ... 19.4, 19.4, 29.1]
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PREPARING THE DATA

1½ ¶\0\ ¾b1i ¶\1﹞2

]m1? b1i ﹏﹊l﹞ ]±0³G ¿﹞ ¿>p︻ ¾ ·﹊>m ·? ]±`0\ ¿G²1﹀F﹞ D]m ·? ¾1½  ¶b1? ·﹋ ¾aÃ\1﹆﹞ ®\a﹋ \`0²Ċ
ċ]°﹋ 0]ÂC ﹅﹁² ¿°﹍¬½1± ¾1½ ¶\0\ ¯Â°S 1? `1﹋\³[ D`³q ·? ]±0³F? ·﹊>m Ei0 ¯﹊¬﹞

\a﹋ ]½0³[ aG`0³m\ 0` ¾aÂ﹎\1Ã Ø1︺x﹇ EÂ︺u² ¯Ã0 1﹞0Ċ
⇐  0` 1½ ¶\0\ ]Ã1?¿﹎eÃ² ¾b1i 1ل﹞a±�·?�¿﹎eÃ² «Â°﹋Ċ

¿﹎eÃ² ¾b1i 1ل﹞a±�·?�¿﹎eÃ²
Feature-wise Normalization

\`0]±1Fi0 0فaV±0 a? ² «﹋ 0` ®2 ¯Â﹍±1Â﹞ ċ¶\0\ ·︻³¬N﹞ `\ ¿﹎eÃ² a½ b0 
 «Â°﹋ ¿﹞ «Âh﹆G ®2⇐  ¯Â﹍±1Â﹞ Ė \`0]±1Fi0 0فaV±0 ċa﹀q Ė﹉Ã

]±³m ·>i1V﹞ ¿mb³﹞2 ¾1½ ¶\0\ b0 ¶\1﹀Fi0 1? ]Ã1? Ø1﹁aq ċ1½ ¶\0\ ¾b1i 1ل﹞a± ¾0a? ªb﹐ ¾1½ EÂ¬﹋Ċ
]°﹋ ¶\1﹀Fi0 ¿lÃ1﹞b2 ¾1½ ¶\0\ b0 ]Ã1>± jb³﹞2 ]°Ã2a﹁ ﹏﹋ `\ ¿FÂ¬﹋ QÂ½Ċ
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DATA NORMALIZATION: TECHNIQUES

1½ ﹉Â°﹊G

 ¿½\ f1Â﹆﹞b1?Ě ¾b1i 1ل﹞a±Min-Maxę
Rescaling (Min-Max Normalization)

¯Â﹍±1Â﹞ 1? ¾b1i 1ل﹞a±
Mean Normalization

¾b1i \`0]±1Fi0
Standardization
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BUILDING THE NETWORK

·﹊>m E[1i

 ċEi0 \³O³﹞ ·±³¬± ¿¬﹋ \0]︺G ·﹋ 1N±2 b0
 ﹉Ã a½ ·﹋ «Â°﹋ ¶\1﹀Fi0 ®1¼°C ¾ ·Ã﹐ ²\ 1? ¿﹊S³﹋ `1Âh? ¾ ·﹊>m b0 ]Ã1?)% ]±`0\ ]W0²Ċ

¿¨﹋ E©1W `\ č]F﹁0 ¿﹞ 1ق﹀G0 ¾aG]? jb0a? kÂ? ċ]m1? aF¬﹋ ¿mb³﹞2 ¾1½ ¶\0\ \0]︺G ·S a½Ċ
Ei0 jb0a? kÂ? k½1﹋ ¾0a? ¿½0` ﹉S³﹋ ¾ ·﹊>m ﹉Ã b0 ¶\1﹀Fi0Ċ
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·﹊>m E[1i

relu relu linear

64 64 1

 EÂ©1︺﹁ ︹?1G ®²]? 1¼°G ]W0² ﹉Ã 1? ·﹊>m ¯Ã0Ě ¿x[ EÂ©1︺﹁ ︹?1G ¿°︺Ãf(x) = x ęEi0 ·F﹁1Ã ·¬G1[Ċ

Ei0 a©1﹊i0 ®³Âia﹎` ¾0a? 1® ﹝︺¬³ل﹞]ÂS ﹉Ã ¯Ã0Ċ

 ]°±1﹞ ¿FÂ©1︺﹁ ︹?1G a[2 ¾ ·Ã﹐ `\ a﹎0sigmoid ċE﹁a﹎ ¿﹞ `0a﹇
 ¯Â? aÃ\1﹆﹞ ¿°Â? kÂC Eh±0³G ¿﹞ 1¼°G ·﹊>m0  ²1 \aÂ﹍? \1Ã 0`Ċ

ċEi0 ¿x[ Ø﹑﹞1﹋ a[2 ¾ ·Ã﹐ ®³S 1N°Ã0 `\ 1﹞0
\aÂ﹍? \1Ã 0` ¾0 ¶b1? a½ `\ aÃ\1﹆﹞ ¿°Â? kÂC ·﹋ Ei0 \0b2 ·﹊>mĊ
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G0 ︹?1GMSE  D`1|± ﹉ÃaF﹞ ²MAE﹑ف 

 ċ®³Âia﹎` ¾1½\a?`1﹋ ¾0a? =i1°﹞ ف﹑G0 ︹?1GMSE Ei0Ċ
 =i1°﹞ ﹉ÃaF﹞ ċjb³﹞2 ¯ÂW `\ D`1|± ¾0a?MAE Ei0Ċ

D1︺?a﹞ ¯Â﹍±1Â﹞ ¾1x[
Mean Squared Error (MSE)

1½ ﹅¨x﹞ `]﹇ ¯Â﹍±1Â﹞ ¾1x[
Mean Absolute Error (MAE)

 ﹅¨x﹞ `]﹇ ¯Â﹍±1Â﹞
﹎`1G ² ¶]m ¿°Â? kÂC aÃ\1﹆﹞1½ E

`²_N﹞ ¯Â﹍±1Â﹞
﹎`1G ² ¶]m ¿°Â? kÂC aÃ\1﹆﹞1½ E
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VALIDATING THE APPROACH USING K-FOLD VALIDATION

 ¿N°i`1>F︻0 ﹉Â°﹊G b0 ¶\1﹀Fi0 1? \a﹋ ¾²` ¿N°i`1>F︻0K-fold

\` 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

]m ]½0³[ ﹉S³﹋ `1Âh? ¿N°i`1>F︻0 ¾ ·︻³¬N﹞ ċEi0 ک]±1ل 0J﹞ ¯Ã0 ¾1½ ¶\0\ \0]︺G ·﹊°Ã0 ·? ·O³G 1? 1﹞0
ċ\³m ·Fh?0² `1Âh? ¿N°i`1>F︻0  ¾0a? ¶]m <1ZF±0 ¾1½ ¶\0\ ·? ¿N°i`1>F︻0 D0b1ÂF﹞0 \³m ¿﹞ I︻1? ¯Ã0 ²

¿°︺Ã č ¿N°i`1>F︻0 D0b1ÂF﹞0 ¾0`0\ 1½ ¾b1i0]O ·? E>h±﹐1? g±1Ã`0²]m ]°½0³[ ¿ÃĊ
]m1>± ¿Ã﹐1? ®1°Â¬y0 EÂ¨?1﹇ ¾0`0\ 1?¿ ﹝[لÃb`0 \³m ¿﹞ I︻1? ¯Ã0 ²Ċ

 ﹉Â°﹊G b0 ¶\1﹀Fi0 ċ¿Ã1½ EÂ︺﹇³﹞ ¯Â°S `\K-fold cross-validation Ei0 ²0ل]F﹞Ċ
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K-FOLD CROSS-VALIDATION

 ﹉Â°﹊G 1? ¿N°i `1>F︻0K-fold Cross-Validation 

 ﹉Â°﹊GK-fold cross-validationč
 ·? 0` \³O³﹞ ¾1½ ¶\0\  «Â°﹋ ¿﹞ b0a﹁0 ³ل¨iĚ Ø﹐³¬︺﹞ęċ

  «Â°﹋ ¿﹞ ¾b1i ·±³¬± 0` ®1h﹊Ã ل]﹞
 ¾²` a? 0` ﹉Ã a½ ² «Â°﹋ ¿﹞ ¿?1Ãb`0 ¶]±1¬Â﹇1? ³ل¨i ¾²` a? ² «Â½\ ¿﹞ jb³﹞2 ³ل¨iĊ

N°i`1>F︻0 b1ÂF﹞0 Ė wi³F﹞ ﹏q1W ¿N°i`1>F︻0 b1ÂF﹞0Ċ¿ ﹝[ل 

3-fold cross-validation
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 ﹉Â°﹊G 1? ¿N°i `1>F︻0K-fold Cross-Validation 
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 ﹉Â°﹊G 1? ¿N°i `1>F︻0K-fold Cross-Validation 

# Running this with num_epochs = 100 yields the following results:

>>> all_scores

[2.112449, 3.0801501, 2.6483836, 2.4275346]

>>> np.mean(all_scores)

2.5671294

The different runs do indeed show rather different validation scores, from 2.1 to 3.1.

The average (2.6) is a much more reliable metric than any single score—that’s the

entire point of K-fold cross-validation. In this case, you’re off by $2,600 on average,

which is significant considering that the prices range from $10,000 to $50,000.
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 ·﹊>m aG ¿±﹐³y jb³﹞2Ě'۰۰ ﹉C0 Đ ę﹉C0 a½ ®1Ã1C `\ ¿N°i`1>F︻0 b1ÂF﹞0 ¾b1i ¶aÂ[^
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 ·﹊>m aG ¿±﹐³y jb³﹞2Ě'۰۰ ﹉C0 Đ ę﹉C0 a½ ®1Ã1C `\ ¿N°i`1>F︻0 b1ÂF﹞0 ¾b1i ¶aÂ[^

You can then compute the average of the per-epoch MAE scores for all folds.
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¯﹊h﹞ E¬Â﹇ ¿°Â? kÂC
¿N°i`1>F︻0 D0b1ÂF﹞0 «i`
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 ¿N°i`1>F︻0 D0b1ÂF﹞0 «i`�aF¼? ¾ ¶]½1l﹞ ¾0a? D²1﹀F﹞ ¾ ¶b1? `\#

• Omit the first 10 data points, which are on a different scale than the rest of the curve.

• Replace each point with an exponential moving average of the previous points, to obtain a smooth curve.



exponential moving average 
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 ¿N°i`1>F︻0 D0b1ÂF﹞0 «i`�aF¼? ¾ ¶]½1l﹞ ¾0a? D²1﹀F﹞ ¾ ¶b1? `\#

Validation MAE by epoch, excluding the first 10 data points

 D0b1ÂF﹞0 aÂ﹍¬lS \³>¼? ċ`0\³¬± ¯Ã0 f1i0 a?MAE  b0 gC  ¿N°i`1>F︻0۱۳۰  1G۱%۰ \³m ¿﹞ ︿﹇³F﹞ ﹉C0Ċ
 ċ·x﹆± ¯Ã0 b0 `³>︻ b0 gCjb0a? kÂ? \³m ¿﹞ ~²amĊ
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¿Ã1¼± ل]﹞ jb³﹞2

# Here’s the final result:

>>> test_mae_score

2.4642276763916016

We’re still off by about $2,500.
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¾]°? ︹¬O

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

 Regression is done using different loss functions than what we used for classification.

o Mean squared error (MSE) is a loss function commonly used for regression.

o Similarly, evaluation metrics to be used for regression differ from those used for 

classification; naturally, the concept of accuracy doesn’t apply for regression. 

A common regression metric is mean absolute error (MAE).

 When features in the input data have values in different ranges, each feature should be 

scaled independently as a preprocessing step.

 When there is little data available, using K-fold validation is a great way to reliably 

evaluate a model.

 When little training data is available, it’s preferable to use a small network with few 

hidden layers (typically only one or two), in order to avoid severe overfitting.
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 You’ll usually need to preprocess raw data before feeding it into a neural network.

 When your data has features with different ranges, scale each feature independently 

as part of preprocessing.

 As training progresses, neural networks eventually begin to overfit and obtain 

worse results on never-before-seen data.

 If you don’t have much training data, use a small network with only one or two 

hidden layers, to avoid severe overfitting.

 If your data is divided into many categories, you may cause information bottlenecks

if you make the intermediate layers too small.

 Regression uses different loss functions and different evaluation metrics than 

classification.

 When you’re working with little data, K-fold validation can help reliably evaluate 

your model.



﹅Â¬︻ ¾aÂ﹎\1Ã

¿︻³°p﹞ ¿>p︻ ¾1½ ·﹊>m a? ¾`²a﹞
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François Chollet,

Deep Learning with Python,

Second Edition, Manning Publications, 2021.

Chapter 4
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François Chollet,

Deep Learning with Python,

Manning Publications, 2018.

Chapter 3


