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Hubel & Wiesel's Cat Experiment
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Hubel DH, Wiesel TN. Receptive fields, binocular interaction and functional architecture in the cat's visual cortex. The Journal of physiology. 1962 Jan;160(1):106.
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Fukushima K, Miyake S. Neocognitron: A self-organizing neural network model for a mechanism of visual pattern recognition. InCompetition and cooperation in neural nets 1982 (pp.
267-285). Springer, Berlin, Heidelberg.



Convolution Layer

Filter




Convolution Operation
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Patftern Detection
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Patterns i1n Conv Layers

Learning of object parts

Deep Neural Network
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Advantages of ConvMNets {(vus,
MLPs)

Spatial Hierarchies and Feature Extraction
Parameter Efficiency

Translation Invariance

Classical ConvNets

Improved Generalization with Limited Data

Adaptability to Transfer Learning



Online ConvNetT Visualirzation

https://poloclub.github.io /cnn-explainer/
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LeCun Y, Bottou L. Bengio Y. Haffner P. Gradient-based learning applied to document recognition. Proceedings of the IEEE. 1998 Nov:86(11):2278-324.



http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf
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Krizhevsky A, Sutskever |, Hinton GE. Imagenet classification with deep convolutional neural networks. Communications of the ACM. 2017 May 24:60(6):84-90.



https://dl.acm.org/doi/pdf/10.1145/3065386

AlexMNet

AlexNet Network - Structural Details

Input Output Layer |Stride| Pad |Kernel size| in | out | # of Param
2271227 3 [55(55] 96 |convl 4 0 11 11 3 96 34944
55 | 55 |1 96 |27[27]| 96 |maxpooll| 2 0 3 3 96 | 96 0
27 | 27 1 96 |27[27]256 |conv2 1 2 5 5 96 | 256 614656
27 | 27 |1256]13[13]256 |maxpool2| 2 0 3 3 | 256 | 256 0
13 | 13 [256(13]|13[384 |conv3 1 1 3 3 | 256 | 384 885120
13|13 |384|13(13|384 |conv4 1 1 3 3 384 | 384 1327488
13 | 13 [384|13]|13[256 [conv) 1 1 4 3 | 384 | 256 884992
13 | 13 |256/ 6 | 6 |256 [maxpool5| 2 0 3 3 | 256 | 256 0

fc6 1 1 19216[4096| 37752832
fc7 1 1 [4096(4096| 16781312
fc® 1 1 [4096{1000f 4097000

Total 62,378,344




VaaGMNe T
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Simonyan K. Zisserman A. Very deep convolutional networks for large-scale image recognition. arXiv preprint arXiv:1409.1556. 2014 Sep 4.



https://arxiv.org/pdf/1409.1556.pdf%E3%80%82

VaaGMNe T

VGG16 - Structural Details

# | Input Image output Layer Stride| Kernel in out Param
1]224(224 3 224(224| 64 |[conv3-64 1 3 64 1792
21224 (224 64 2241224 64 |conv3064 64 64 36928
2241224 64 1121112 64 |[maxpool 64 64 0
3|1112(112 64 112]112)] 128 |conv3-128 64 128 73856
4 1112]112| 128 |112|112] 128 |conv3-128 128 | 128 147584
112(112] 128 | 56 | 56 | 128 |maxpool 128 | 128 65664
5|56 | 56| 128 | 56 | 56 [ 256 [conv3-256 128 | 256 295168
6|56 | 56| 256 | 56 | 56 | 256 |conv3-256 256 | 256 590080
7| 56 | 56 256 56 | 56 | 256 [conv3-256 256 256 590080

56 | 56 | 256 | 28 | 28 | 256 [maxpool 256 | 256 0

8 128 | 28 | 256 | 28 | 28 | 512 |conv3-512 256 | 512 1180160

9128 [28 | 512 | 28 | 28 | 512 |conv3-512 512 | 512 2359808

10| 28 [ 28 | 512 | 28 | 28 | 512 |[conv3-512 512 | 512 2359808

28 [ 28 | 512 | 14 | 14 | 512 |maxpool 512 | 512 0

11114 | 14 | 512 [ 14 | 14 | 512 |conv3-512 512 | 512 2359808

121 14 | 14 | 512 [ 14 | 14 | 512 [conv3-512 512 | 512 2359808

13| 14 | 14 | 512 | 14 | 14 | 512 [conv3-512 512 | 512 2359808

[ Tl Dl el Ol Nl el S el Rl el | S EEl S

14 | 14 | 512 7 7 | 512 [maxpool 512 | 512 0

14| 1 1 (25088 4096 |fc 25088 14096 | 102764544

IR WRIWIW N [W W W [W W W W |

Lo Lol Ll 13 £¥40 (98] (9N [V [V (O] (V] | 6] (L) (L) (GL] | V) (VL] (U] | V) (VL) (9L

1 1
15| 1 1 14096 | 1 1 14096 |fc 4096 14096 16781312
16] 1 1 |4096 | 1 1 11000 |fc 4096 | 1000 4097000

Total 138,423,208




GoogleNet (Inception)
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Szegedy C. Liu W, Jia Y, Sermanet P, Reed S, Anguelov D, Erhan D, Vanhoucke V., Rabinovich A. Going deeper with convolutions. InProceedings of the IEEE conference on

computer vision and pattern recognition 2015 (pp. 1-9).



https://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Szegedy_Going_Deeper_With_2015_CVPR_paper.pdf
https://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Szegedy_Going_Deeper_With_2015_CVPR_paper.pdf
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GoogleNMetT (Inception)
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ResNHNet
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He K, Zhang X, Ren S, Sun J. Deep residual learning for image recognition. InProceedings of the IEEE conference on computer vision and pattern recognition 2016 (pp.

770-778).



https://arxiv.org/abs/1512.03385
https://arxiv.org/abs/1512.03385
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He K. Zhang X, Ren S, Sun J. Deep residual learning for image recognition. InProceedings of the IEEE conference on computer vision and pattern recognition 2016 (pp.

770-778).


https://arxiv.org/abs/1512.03385
https://arxiv.org/abs/1512.03385

ResNHNet

ResNet18 - Structural Details

# | Input Image output Layer |Stride| Pad |[Kernel| in | out Param
1(227(227] 3 |112]112] 64 |convl 2 1 CULT 3 64 9472
112|112 64 |56 | 56 | 64 |[maxpool 2 05 | 33| 64 64 0
2156 |56] 64 |56]|56 | 64 |conv2-1 1 1 3]13| 64 64 36928
3156 [56] 64 |56]56| 64 [conv2-2 1 1 3]13] 64 64 36928
4 (56 |56 | 64 |56 [56 | 64 |conv2-3 1 1 3153464 64 36928
5|56 |56 64 |56 56| 64 |conv2-4 1 1 3]13]| 64 64 36928
6|56 |56| 64 |28 |28 128 [conv3-1 2 05 | 3]13]| 64 |128 73856
7128128 | 128 [ 28 | 28 | 128 |conv3-2 1 1 3|13 128 | 128 147584
8|28 |28 | 128 [ 28 | 28 | 128 |conv3-3 1 1 313 ] 128 | 128 147584
912828 ] 128 |28 |28 [ 128 [conv3-4 1 1 33| 128 | 128 147584
10| 28 | 28 | 128 | 14 | 14 | 256 |[conv4-1 2 05 | 33| 128 | 256 295168
11|14 |14 | 256 | 14 | 14 | 256 |conv4-2 1 1 3] 3] 256 | 256 590080
12|14 |14 | 256 | 14 | 14 | 256 [conv4-3 1 1 3 ]3| 256 | 256 590080
13|14 |14 | 256 |14 | 14 | 256 |[conv4-4 1 1 3|31 256" 11256 590080
14|14 |14 | 256 | 7 | 7 | 512 [conv5-1 2 0.5 [ 3 ]3] 256 | 512 1180160
15| 7 | 7 [ 512 | 7 | 7 | 512 [convH-2 1 1 313 ]| 512: | 512 2359808
16| 7 | 7 [ 512 | 7 | 7 [ 512 [convH-3 1 1 313] 512 | 512 2359808
17| 7 | 7 [ 512 | 7 | 7 | 512 [convH-4 1 1 3]13] 512 [ 512 2359808
7171512 |1 |1 ]512 |avg pool 7 0 71 7] 512 | 512 0
18| 1 1 512 1 1 [1000|fe 512 1000 513000

Total 11,511,784




ConvNets Benchmarks
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ConvNets Benchmarks
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ConvMNets Benchmarks

ImageNet Classification Error (Top 5)
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Russakovsky O, Deng J, Su H. Krause J, Satheesh S, Ma S, Huang Z, Karpathy A, Khosla A, Bernstein M, Berg AC. Imagenet large scale visual recognition challenge.
International journal of computer vision. 2015 Dec;115(3):211-52.



https://cs.stanford.edu/people/karpathy/ilsvrc/
https://arxiv.org/abs/1409.0575
https://arxiv.org/abs/1409.0575

ConvNets Implementation

® Models and pre-trained weights

e Transfer Learning Tutorial
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https://pytorch.org/vision/stable/models.html#
https://pytorch.org/tutorials/beginner/transfer_learning_tutorial.html

