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Overview Today’s Lecture

• “Standard” Neural Networks 
‣ from linear classifiers to multi-layer neural networks (e.g. perceptrons) 

• Convolutional Neural Networks (CNNs) 
‣ motivation 
‣ convolution layer + activation function + pooling + fully connected layer 

‣ visualizing layers  

‣ depth matters
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“Standard” Neural Networks
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Classification Problem

• E.g.: Image classification:
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung



EDSAI | Machine Learning Intro | 11.11.2o19 | Bernt Schiele

Parametric Approach: Linear Classifier
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Linear Classifier: Three Viewpoints
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Hard Cases for a Linear Classifier
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Linear Classification
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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“Standard” Neural Networks
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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“Standard” Neural Networks
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“Standard” Neural Networks
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“Standard” Neural Networks
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“Standard” Neural Networks
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Some Inspiration from the (Human) Brain
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Some Inspiration from the (Human) Brain

• Be careful with your brain analogies… 

• Biological neurons:  
‣ many different types 

‣ dendrites can perform complex non-linear computations 

‣ synapses are n ot a single weight but a complex non-linear dynamical system 
‣ e.g. [Dendritic Computation, London & Hauser]
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Activation Functions
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Summary

• We arrange neurons in fully-connected layers 
• The abstraction of a layer has the nice property that it allows us to use efficient 

vectorized code (e.g. matrix multipliers — se previous slide) 
• Neural networks are not really neural :) 

• Next: Convolutional Neural networks

19

slide credit: Fei-Fei, Justin Johnson, Serena Yeung



Convolutional Neural Networks (CNNs)
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So far: Neural Networks
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Now: Convolutional Neural Networks
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Parametric Approach: Linear Classifier
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Recall CIFAR10
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Parametric Approach: Linear Classifier
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Fully Connected Layer
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Convolution Layer
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Convolution Layer
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Convolution Layer
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Convolution Layer
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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EDSAI | Machine Learning Intro | 11.11.2o19 | Bernt Schiele 46
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung



EDSAI | Machine Learning Intro | 11.11.2o19 | Bernt Schiele 69
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(Max) Pooling Layer
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(Max) Pooling Layer
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Convolutional Neural Networks

• CNNs stack CONV, POOL, FC layers 
‣ Trend towards smaller filters and deeper architectures 

‣ Trend towards getting rid of POOL / FC layers (just CONV) 

• Typical Architecture: 
‣ { (CONF+RELU) * N + POOL } * M + {FC+RELU} * K + SOFTMAX 

‣ softmax function:
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slide credit: Fei-Fei, Justin Johnson, Serena Yeung
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Convolutional Neural Networks 
vs.  

Fully Connected Neural Networks
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slide credit: Ranzato
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slide credit: Ranzato
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slide credit: Ranzato
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Convolutional Neural Networks 

Visualizing of Hierarchical Structure of Layers 
(here: Alexnet)



EDSAI | Machine Learning Intro | 11.11.2o19 | Bernt Schiele

Layer 1: Top-9 Patches 
(from validation images that give maximal activation for a given feature map)

91

slide credit: Fergus
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Layer 2: Top-9 Patches 
(from validation images that give maximal activation for a given feature map)
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slide credit: Fergus
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Layer 3: Top-9 Patches  
(from validation images that give maximal activation for a given feature map)
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slide credit: Fergus
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Layer 4: Top-9 Patches 
(from validation images that give maximal activation for a given feature map)
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slide credit: Fergus



EDSAI | Machine Learning Intro | 11.11.2o19 | Bernt Schiele

Layer 5: Top-9 Patches 
(from validation images that give maximal activation for a given feature map)
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slide credit: Fergus



Convolutional Neural Networks 

Depth Matters !
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Architecture of Krizhevsky et al. (Alexnet)

• 8 layers total 

• Trained on Imagenet 
dataset [Deng et al. CVPR’09] 

• 18.1% top-5 error 
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Input Image

Layer 1: Conv + Pool

Layer 6: Full

Layer 3: Conv

Softmax Output

Layer 2: Conv + Pool

Layer 4: Conv

Layer 5: Conv + Pool

Layer 7: Full

slide credit: Fergus



EDSAI | Machine Learning Intro | 11.11.2o19 | Bernt Schiele

Architecture of Krizhevsky et al. (Alexnet)

• Remove top fully connected layer  
‣ Layer 7 

• Drop 16 million parameters 

• Only 1.1% drop in performance!
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Input Image

Layer 1: Conv + Pool

Layer 6: Full

Layer 3: Conv

Softmax Output

Layer 2: Conv + Pool

Layer 4: Conv

Layer 5: Conv + Pool

slide credit: Fergus
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Architecture of Krizhevsky et al. (Alexnet)

• Remove both fully connected layers  
‣ Layer 6 & 7 

• Drop ~50 million parameters 

• 5.7% drop in performance
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Input Image

Layer 1: Conv + Pool

Layer 3: Conv

Softmax Output

Layer 2: Conv + Pool

Layer 4: Conv

Layer 5: Conv + Pool

slide credit: Fergus
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Architecture of Krizhevsky et al. (Alexnet)

• Now try removing upper feature  
extractor layers: 

‣ Layers 3 & 4 

• Drop ~1 million parameters 

• 3.0% drop in performance
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Input Image

Layer 1: Conv + Pool

Layer 6: Full

Softmax Output

Layer 2: Conv + Pool

Layer 5: Conv + Pool

Layer 7: Full

slide credit: Fergus
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Architecture of Krizhevsky et al. (Alexnet)

• Now try removing upper feature  
extractor layers & fully connected: 
‣ Layers 3, 4, 6 ,7 

• Now only 4 layers 

• 33.5% drop in performance 

!Depth of network is key
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Input Image

Layer 1: Conv + Pool

Softmax Output

Layer 2: Conv + Pool

Layer 5: Conv + Pool

slide credit: Fergus
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Computer Vision: ImageNet Image Classification 

• 1000 classes — around 1000 images for each class
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Architectures get deeper

103
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Architectures get deeper
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Architectures get deeper
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