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

®0a¼G ¶1﹍l±0\

http://courses.fouladi.ir/deep

Convolutional Neural Networks (CNN)
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¿¨q0 ¾1½ ·Ã﹐

 \1Ã ¿Ã²\1O ² `1﹋\³[ D`³q ·? ·﹋ Ei0 ¿﹎eÃ² b1i`1﹊m2 ﹉Ã ċ¯m³©²³±1﹋ ¾ ·Ã﹐
F¨Â﹁ 0` ¾\²`² ﹉Ã b0 ªb﹐ aÂ︾ D1︻﹑y0 ¯m³©²³±1﹋ ﹏±a﹋ b0 ¶\1﹀Fi0 1? ·﹋ \aÂ﹎ ¿﹞ ]°﹋ aĊ

¯m³©²³±1﹋ ¾ ·Ã﹐
Convolution Layer

 ¾1½ ¿﹎eÃ² wi³F﹞ `0]﹆﹞ 1Ã «¬Ãc﹋1﹞ ċ﹅Â﹀¨G ¾ ·Ã﹐½ ¶\0\ b0 ·ÂW1± ﹉Ã ¾²` a? n1[ ¾1
 ]°﹋ ¿﹞ ·>i1V﹞ 0` ¾\²`²Ě⇐ ¾\²`² aÃ²1pG ¾ ¶b0]±0 k½1﹋Ċę

|﹁1W ¾ ¶b0]±0 ² ]°﹋ ¿﹞ ﹉¬﹋ 1® ½1¾ ±1﹝︺¬³ل﹊﹞ ¿[a? `\ 1Âm0 ¾b1i`1﹊m2 ·? ¯Â°R¬½ ·
]½\ ¿﹞ k½1﹋ 0`Ċ

﹅Â﹀¨G ¾ ·Ã﹐
Pooling Layer
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¾`1¬︺﹞

Ref: http://cs231n.stanford.edu/
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https://github.com/DarknetForever/cnn-primer/tree/master/1



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

m³©²³±1﹋ ¿>p︻ ¾1½ ·﹊>m°1ل

CONVOLUTION OPERATION

¯m³©²³±1﹋ D1Â¨¬︻

https://leonardoaraujosantos.gitbooks.io/artificial-inteligence/content/convolution.html
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https://towardsdatascience.com/applied-deep-learning-part-4-convolutional-neural-networks-584bc134c1e2
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https://computing.ece.vt.edu/~f15ece6504/
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Ref: http://cs231n.stanford.edu/



27 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

m³©²³±1﹋ ¿>p︻ ¾1½ ·﹊>m°1ل

CONVOLUTION LAYER

¯m³©²³±1﹋ ¾ ·Ã﹐
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Filters always extend the full

depth of the input volume

Ref: http://cs231n.stanford.edu/
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Ref: http://cs231n.stanford.edu/



30 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

m³©²³±1﹋ ¿>p︻ ¾1½ ·﹊>m°1ل

CONVOLUTION LAYER

¯m³©²³±1﹋ ¾ ·Ã﹐
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consider a second, green filter

Ref: http://cs231n.stanford.edu/
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For example, if we had 6 (5x5 filters), we’ll get 6 separate activation maps:

Ref: http://cs231n.stanford.edu/
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Preview: ConvNet is a sequence of Convolutional Layers, interspersed with activation functions

Ref: http://cs231n.stanford.edu/
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Preview: ConvNet is a sequence of Convolutional Layers, interspersed with activation functions

Ref: http://cs231n.stanford.edu/
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[Simonyan and Zisserman 2014]

Ref: http://cs231n.stanford.edu/
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Ref: http://cs231n.stanford.edu/
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Ref: http://cs231n.stanford.edu/
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Ref: http://cs231n.stanford.edu/
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POOLING LAYER

﹅Â﹀¨G ¾ ·Ã﹐ č1لJ﹞

Ref: http://cs231n.stanford.edu/
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POOLING LAYER

﹅Â﹀¨G ¾ ·Ã﹐ č1½ j²`

Max-pooling:

Average-pooling:

L2-pooling:

L2-pooling over features:

https://computing.ece.vt.edu/~f15ece6504/
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FULLY CONNECTED LAYER

﹏pF﹞ Ø1﹞1¬G ¾ ·Ã﹐

Contains neurons that connect to the entire input volume, as in ordinary Neural Networks

Ref: http://cs231n.stanford.edu/



http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html



﹅Â¬︻ ¾aÂ﹎\1Ã
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ARCHITECTURE

¾`1¬︺﹞

https://www.mathworks.com/solutions/deep-learning/convolutional-neural-network.html
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• Task: Correctly recognize the image of hand-written digits. 

• Dataset: MNIST (28*28 image), 60000 Training samples, 10000 Test. 

CONVOLUTIONAL NETWORKS FOR OCR

https://computing.ece.vt.edu/~f15ece6504/
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• Gradient-based learning applied to document recognition 

[LeCun, Bottou, Bengio, Haffner, 1998]

• Three key ideas: 
o Local Receptive Fields (Convolution, Filters), 

o Shared Weights, 

o Sub-sampling (Pooling).

CONVOLUTIONAL NETWORKS FOR OCR

LeNet-5

https://computing.ece.vt.edu/~f15ece6504/
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• Input: 32 × 32 pixel image. 

• Largest character is 20 × 20 (All important info should be in the center of the 

receptive field of the highest level feature detectors)  

• Black and White pixel values are normalized: 

E.g. White = 0.1, Black =1.175 (Mean of pixels = 0, Std of pixels =1)

INPUT

LeNet-5

https://computing.ece.vt.edu/~f15ece6504/
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• C1: Convolutional layer with 6 feature maps of size 28×28. C1k (k = 1..6)
• Formula for output size = (N – F + 2P) / S + 1

• N: input size, F: size of the filter, P: Padding, S: Stride

• Each unit of C1 has a 5×5 receptive field in the input layer.

• (5×5 + 1)×6 = 156 parameters to learn 

• Connections: 28×28×(5×5 + 1)×6 = 122304

• If it was fully connected we had (32×32 + 1)×(28×28)×6 =  4,821,600 parameters

LAYER C1

LeNet-5

https://computing.ece.vt.edu/~f15ece6504/
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• S2: Subsampling layer with 6 feature maps of size 14×14, 2×2 non overlapping 

receptive fields in C1 Layer 

• Averages the input, multiplies by a coefficient and adds a bias.
• Both these coefficient and bias are learnt.

• S2: 6×2 = 12 trainable parameters. 

• Connections: 14×14×(2×2 + 1)×6 = 5880

LAYER S2

LeNet-5

https://computing.ece.vt.edu/~f15ece6504/
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• C3: Convolutional layer with 16 feature maps of size 10×10

• Each unit in C3 is connected to several! 5×5 receptive fields at identical locations in 

S2

• Layer C3: 1516 trainable parameters. 

• Connections: 151600

LAYER C3

LeNet-5

https://computing.ece.vt.edu/~f15ece6504/
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• S4: Subsampling layer with 16 feature maps of size 5×5

• Each unit in S4 is connected to the corresponding 2×2 receptive field at C3 

• Layer S4: 16×2 = 32 trainable parameters. 

• Connections: 5×5×(2×2+1)×16 = 2000

LAYER S4

LeNet-5

https://computing.ece.vt.edu/~f15ece6504/
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• C5: Fully connected layer with 120 feature maps of size 1×1

• Each unit in C5 is connected to all 16, 5×5 receptive fields in S4

• Layer C5: 120×(16×25+1) = 48120 trainable parameters 

and connections (Fully connected)

LAYER C5

LeNet-5

https://computing.ece.vt.edu/~f15ece6504/
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• F6: 84 fully connected units. 
84 × (120 + 1) = 10164 trainable parameters and connections. 

• Output layer: 10 RBF (One for each digit) 84 = 7×12, stylized image 

• Weight update: Backpropagation

LAYER F6

LeNet-5

https://computing.ece.vt.edu/~f15ece6504/



54 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

gÃ³± Ei\ ª1﹇`0 ¿i1°mb1? ¾0a? 1ل°m³©²³±1﹋ ¿>p︻ ¾1½ ·﹊>m

• LeNet achieves 0.8% error rate on test set.

• SVM got 1.1%, a slightly modified version known as ν-SVM got 0.8%.

but the computation cost is very high. It is almost twice as expensive as LeNet.

• LeNet was trained for 2-3 days on CPU (200 MHz processor).

• Currently it can be trained in less than 30 minutes. 

RESULTS

LeNet-5

https://computing.ece.vt.edu/~f15ece6504/
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CONVOLUTIONAL NETWORKS FOR IMAGE CLASSIFICATION

ImageNet

?čaÃ³pG ﹉Ã `\ \³O³﹞ ¾1Âm0 ¿i1°mb1 ½[ف

https://computing.ece.vt.edu/~f15ece6504/
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• Over 15M labeled 

high resolution images. 

• Roughly 22K categories

• Collected from web and 

labeled by Amazon Mechanical 

Turk. 

IMAGENET

https://computing.ece.vt.edu/~f15ece6504/
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• Annual competition of 

image classification at large scale. 

• 1.2M training images 

in 1K categories. 

• 50K validation images, 

150K testing images.

• Classification: make 

1 (Top-1 error) /5 (Top-5 error) 

guesses about the image label.

IMAGENET LARGE SCALE VISUAL RECOGNITION CHALLENGE (ILSVRC)

ImageNet

https://computing.ece.vt.edu/~f15ece6504/



58 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

aÃ²1pG ¾]°? ·﹆>y ¾0a? 1ل°m³©²³±1﹋ ¿>p︻ ¾1½ ·﹊>m

• Similar framework to LeCun’98 but, 

• Bigger model (7 hidden layers, 650,000 units, 60,000,000 params) 

• More data (106 vs. 103 images)

• GPU implementation (50x speedup over CPU)

• Trained on two GPUs for a week

• Better regularization for training (DropOut)

ALEXNET

ImageNet

https://computing.ece.vt.edu/~f15ece6504/
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ALEXNET: ARCHITECTURE

ImageNet

5 Convolutional Layers

3 Fully Connected Layers

1000 way

softmax

https://computing.ece.vt.edu/~f15ece6504/
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ALEXNET: ARCHITECTURE

ImageNet
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https://computing.ece.vt.edu/~f15ece6504/
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• 55×55×96 = 290,400 neurons, each having 11×11×3 = 363 weights + 1 bias

• 290400×364 = 105,705,600 parameters in first layer alone if fully connected.

ALEXNET: ARCHITECTURE

ImageNet
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https://computing.ece.vt.edu/~f15ece6504/
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for layer details refer to: 
https://github.com/BVLC/caffe/blob/master/models/bvlc_alexnet/deploy.prototxt

ALEXNET: ARCHITECTURE

ImageNet
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https://computing.ece.vt.edu/~f15ece6504/
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Top-1 and Top-5 error rates decreases by 1.7% and 1.2% respectively, 

comparing to the net trained with one GPU and half neurons

ALEXNET: ARCHITECTURE

ImageNet

Intra GPU Connections
Inter GPU Connections

GPU #1

GPU #2

https://computing.ece.vt.edu/~f15ece6504/
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ALEXNET: ARCHITECTURE

ImageNet

Local Contrast Norm.

Pooling

Convolution Layer + ReLU

Fully ConnectedLayer

https://computing.ece.vt.edu/~f15ece6504/
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Makes the representation smaller and more manageable 

without loosing too much information. 

ALEXNET: MAX POOLING

ImageNet

https://computing.ece.vt.edu/~f15ece6504/
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• Easiest way to reduce overfitting on image data is 

to artificially enlarge the dataset using label-preserving transformations.

• Two forms of data augmentation:
• Image Translation and Horizontal Reflection.

• Changing RGB intensities.

ALEXNET: DATA AUGMENTATION

ImageNet

https://computing.ece.vt.edu/~f15ece6504/
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• Consider a neural net with one hidden layer. 

• Each time we present a training example, 

we randomly omit each hidden unit with probability 0.5.

• Equivalent to randomly sampling from 2ℎ different units.

• All architectures share weights.

• We sample from 2ℎ models i.e. only a few of the models ever get trained. 

They only get one training example

• Due to sharing of weights, the model is strongly regularized.
• Pulls the weights towards what other models want.

• Better than L2 and L1 that pull weights towards zero. 

ALEXNET: DROPOUTS : AN EFFICIENT WAY TO AVERAGE MANY LARGE NEURAL NETS

ImageNet

https://computing.ece.vt.edu/~f15ece6504/
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six training images that produce feature vectors in the last hidden layer 

with the smallest Euclidean distance from the feature vector for the test image.

ALEXNET: RESULTS

ImageNet

https://computing.ece.vt.edu/~f15ece6504/
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 1? ¿©1﹆F±0 ¾aÂ﹎\1ÃCNN

TRANSFER LEARNING WITH CNN

¿©1﹆F±0 ¾aÂ﹎\1Ã
Transfer Learning 

a﹍Ã\ ¾0 ·﹀Â}² ª1N±0 ¾0a? ·﹀Â}² ﹉Ã ¾0a? ¶]m ¾aÂ﹎\1Ã 1ل ﹝[ل﹆F±0

Ei0 ¶]Ã\ jb³﹞2 n1[ ¾ ·﹀Â}² ﹉Ã ¾0a? ·﹋ 1ل°m³©²³±1﹋ ¿>p︻ ¾ ·﹊>m ﹉Ã ®0³G ¿﹞
\a﹋ ¶\1﹀Fi0 a﹍Ã\ ¾ ·﹀Â}² ﹉Ã ¾0a? aÂÂ︽G ¿¬﹋ `0]﹆﹞ 1? 0`Ċ
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http://cs231n.stanford.edu

http://cs231n.github.io/convolutional-networks/
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https://computing.ece.vt.edu/~f15ece6504/


