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LeNet Architecture



Basic Components of CNN Architectures

slide source: h-p://cs231n.stanford.edu/slides/2023/lecture_6.pdf

http://cs231n.stanford.edu/slides/2023/lecture_6.pdf


From Fully-Connected to Convolu;onal  (1D)

• Fully connected, m * n params
• No account for spa5al structure
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Step 1: Add Locality

• Locally connected, m * 3 params
• Spa5al structure accounted for, but no invariance
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Step 3: Invariance (via Weight Tying)

• Locally connected, weight 5ed, 3 params
• Spa5al structure AND invariance accounted for
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LiGing to 2D Convolu;ons on Image Input

slide source: h-p://cs231n.stanford.edu/slides/2023/lecture_6.pdf

http://cs231n.stanford.edu/slides/2023/lecture_6.pdf


Mul;ple Kernels à Mul;ple Ac;va;on Maps

slide source: http://cs231n.stanford.edu/slides/2023/lecture_6.pdf

http://cs231n.stanford.edu/slides/2023/lecture_6.pdf


2-D ”Convolu;on (Cross Correla;on)

(vdumoulin@ Github)

0×0 + 1×1 + 3×2 + 4×3 = 19,
1×0 + 2×1 + 4×2 + 5×3 = 25,
3×0 + 4×1 + 6×2 + 7×3 = 37,
4×0 + 5×1 + 7×2 + 8×3 = 43.



2-D Convolu;on Layer

•        input matrix
•     kernel matrix
• b: scalar bias
•               output matrix
• W and b are learnable parameters 

𝐘 = 𝐗 ⋆𝐖+ 𝑏𝐗: 𝑛!×𝑛"
𝐖:𝑘!×𝑘"

𝐘: (𝑛! − 𝑘! + 1)×(𝑛" . −𝑘" + 1)



With Mul;ple Output Channels

• X: input volume (h x w x cin)
• K: 4d kernel (kh, kw, cin, cout)
• b: one bias per output channel
• Y: output volume                                        

 

slide source: h-p://cs231n.stanford.edu/slides/2023/lecture_6.pdf

http://cs231n.stanford.edu/slides/2023/lecture_6.pdf


Padding

Fills in rows/columns around input (with 0’s)

0×0 + 0×1 + 0×2 + 0×3 = 0



Strides – Skipping Spatial Locations in Conv

• Below:
stride of 3 for height, 2 for width

• Below: 
stride of 2 (= for height, width)

0×0 + 0×1 + 1×2 + 2×3 = 8
0×0 + 6×1 + 0×2 + 0×3 = 6



1x1 Point-wise Convolu;ons

Source: h2ps://medium.com/hitchhikers-guide-to-deep-learning/6-introduc@on-to-deep-learning-with-computer-vision-3x3-is-a-lie-1x1-convolu@ons-9edd2baf7fd5

https://medium.com/hitchhikers-guide-to-deep-learning/6-introduction-to-deep-learning-with-computer-vision-3x3-is-a-lie-1x1-convolutions-9edd2baf7fd5


1x1 Convolu;ons



Convolu;onal Layer Summary

• Linear operations with few non-zero entries, tied weights
• Padding adds rows/columns to input dimension
• Strides skip spatial locations
• Spatial dimensions of output: 

(N – F) / stride + 1
• Convolutional layers can be applied on many dimensions

• 1D (audio, text) 
• 2D (images, spectrograms)
• 3D (MRI images, CT scans, video)
• or even higher dimensions (4D convolutions for 3D video?)



2D Max Pooling

• Returns the maximal value in each sliding window
• Pooling windows of 2x2 most common



Exercise:

• Input: 100 x 100 x 3
àConv (9x9), 48 filters, ReLU, Padding 0, Stride 1
àConv (9x9), 96 filters, ReLU, Padding 4 (on both sides), Stride 1
àConv (5x5), 192 filters, ReLU, Padding 0, Stride 2
àMax Pool (2x2), Stride 2
àConv (1x1), 256 filters
à fully connected layer (100 outputs)

• What are the dimensions aWer each layer? 
• What’s the total parameter count?



LeNet Architecture



ConvNetJS

• hYps://cs.stanford.edu/people/karpathy/convnetjs/

https://cs.stanford.edu/people/karpathy/convnetjs/


Modern CNN Architectures



Progress in CNN Architecture via ILSVRC



Enduring Themes of CNN Design

• Convolu5ons replace FC layers, usually followed by ac5va5on fn
• Pooling layers between convolu5onal layers (dept—preserving)
• Max pooling favored (over mean pooling)
• Trends from input to output:

• SpaOal subsampling
• Increased channel dimension

• Why? 



AlexNet

“AlexNet” — (Krizhevsky, Sutskever, Hinton 2012)

https://proceedings.neurips.cc/paper_files/paper/2012/file/c399862d3b9d6b76c8436e924a68c45b-Paper.pdf


AlexNet Architecture

Input:  224 x 224 x 3 images

Architecture:
 Conv1 : (11x11), 96 filters, stride 4, ReLU
 Pool1:  (3x3), max, stride 2
 Norm1: local response normalizaOon
 Conv2: (5x5), 256 filters, stride 2, ReLU
 Pool2:  (3x3), max, stride 2
 Norm2: local response normalizaOon
 Conv3:  (3x3), 384 filters, stride 1, pad 1, ReLU
 Conv4: (3x3), 384 filters, stride 1, pad 1, ReLU
 Conv5:  (3x3), 256 filters, stride 1, pad 1, ReLU
 Pool3:  (3x3), max, stride 2
 FC6:  4096 neurons, ReLU
 FC7:  4096 neurons, ReLU
 FC8:  1000 neurons, So\max



Comparison to LeNet

• From 5 à 8 layers
• Input 224x224 (vs 28x28)
• Larger filters 
• Higher-dimensional FC layers
• 1000 classes 



AlexNet Implementa;on



Other Training Techniques

• Data augmentaCon:
• Transla'ons and horizontal reflec'ons

(extrac'ng random 224x224 patches from underlying 256x256 images)
• Altering intensi'es of the RGB channels

• Dropout:
• Applied with dropout probability .5 to fully connected layers during training

• Batch Size: 128
• Weight Decay: .0005
• Weight iniCalizaCon: zero-mean Gaussian w std dev .01
• OpCmizer: SGD with momentum of .9
• Schedule: divide learning rate by 10 each Cme learning stagnated



ZFNet (Zeiler & Fergus ILSVRC winner 2013)

Same general structure as AlexNet, refined hyperparameters

• Conv1:  (11 x 11), stride 4 à 7x7, stride 2 
• Conv3,4,5:  filter size (384, 484, 256) à (512, 1024, 512)
• Top5 error:  16.4% à 11.7%

Key ideas:
• VisualizaOon techniques to probe learned representaOons
• Retrain output layer, transfer representaOon, SOTA on Caltech101, Caltech256

https://arxiv.org/abs/1311.2901

https://arxiv.org/abs/1311.2901


VGG

Simonyan & Zisserman, ICLR 2015

https://arxiv.org/pdf/1409.1556v6.pdf


VGG: Key Architectural Changes

• Smaller filters, deeper network
(8 layers à 16–19 layers)
• All convs: 3x3 filters, stride 1, pad 1
• All pooling 2x2 max-pool, stride 2
• Adopts moCfs, repeated blocks:

of 3 conv layers + 1 pool
• IntuiCon: 

• Stack of 3x3 conv layers has same 
recep've field as one 7x7 conv layer

• More depth, more non-lineari'es, 
fewer parameters



Repeated Building Blocks



Batch Normaliza;on Intui;on

• Loss occurs at last layer
• Last layers learn quickly

• Data is inserted at boYom layer
• Bocom layers change — everything changes
• Upper layers need to adjust to inputs of wildly different dynamic range
• Slow convergence

• Original Intui5on: “internal covariate shiW” (Ioffe, Szegedy 2015)
• Distribu5onal stability hypotheses refuted by Santurkar et al. 2018,

alterna5ve hypothesis for benefits: “smoothen op5miza5on landscape”

https://arxiv.org/abs/1502.03167
https://arxiv.org/abs/1805.11604


What BatchNorm Does

• During training, normalize by batch-wise means & variances

• Adds stochas5c noise during training:
• Random shi\ and scale (depends on minibatch!)

• Benefits tend not to be synergis5c with Dropout (most ppl don’t mix)
• Ideal minibatch size in range (64 to 256)
• At inference 5me, normalize using fixed batch stats:

(running average of batch stats computed during training)

𝑥!"# = 𝛾
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̂
%

𝜎
̂
%
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Batch Normaliza;on

• Batch norm operaCon

• Means and variances computed on each minibatch:

• The γ and β are learnable parameters (1 per channel),
restore the expressive power of the model
• Elements of  γ iniCalized at 1, β iniCalized at 0



BatchNorm Implementa;on



GoogLeNet

“Going Deeper with ConvoluOons” Szegedy et al. 2014

https://arxiv.org/pdf/1409.4842.pdf


GoogLeNet

• 22 layers 
• No fully connected layers
• Global average pooling before classifica5on layer
• Only 5M parameters
• 12x less params than AlexNet
• Brought ILSVRC error down from 11.7% à 6.7%



Incep;on Blocks

• Problem: how to choose the right dimension for convolu5onal filter?
• Answer: don’t choose, just pick them all!
• Tricks:

• Blow up depth dimension with high-channel conv filters
• Reduce it back down via 1x1 conv “bocleneck” layers



Why add the 1x1 Convolu;ons?



Residual Networks

"Deep Residual Learning for Image RecogniOon" He et al. 2015

https://arxiv.org/pdf/1512.03385.pdf


ResNet

• Inspired a “revolution of depth”
• Brought down error below “human” performance on ILSVRC 3.57%
• Winning networks boasted 152 layers
• Insight: for deep nets, identity function should be easy to learn



Can we go deeper w “vanilla” conv layers?



Idea à Just learn the residual



Residual Layers Applied to Convnet



Residual Block Implementa;on 



Many Variants of ResNet Blocks



Wide ResNet

Compared to original ResNet
• Blows up number of channels 
• Shrinks number of layers
• WideResNet with 50 layers outperformed ResNet with 152
• Explores value of depth vs width

Wide Residual Networks — Zagoruyko & Komodakis

https://arxiv.org/abs/1605.07146


DenseNet

h-ps://towardsdatascience.com/review-densenet-image-classificaOon-b6631a8ef803

https://towardsdatascience.com/review-densenet-image-classification-b6631a8ef803


Stochas;c Depth

• Insight: randomly drop out depth
• Make model robust to (in-ac5vity) of any one layer
• Adapts dropout to whole layers

Img src: h-ps://towardsdatascience.com/review-stochasOc-depth-image-classificaOon-a4e225807f4a

https://towardsdatascience.com/review-stochastic-depth-image-classification-a4e225807f4a


ResNeXT (Xie et al 2016)

• Combines residual connec5ons
 with Incep5on-style grouping


