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Recap Previous Lecture
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Outline

• Case Study on ConvNets

• Data Processing for Neural Networks

• Babysitting the Learning process

• Hyperparameter Optimization
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Case Study: LeNet-5

• Conv filters were 5x5, applied at stride 1
• Subsampling (Pooling) layers were 2x2 applied at stride 2
• i.e. architecture is [CONV-POOL-CONV-POOL-CONV-FC]

[LeCun et al., 1998]
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Case Study: AlexNet

• Input: 227x227x3 images

• First layer (CONV1): 96 11x11 filters applied at stride 4

• =>

• Q: what is the output volume size? Hint: (227-11)/4+1 = 55

[Krizhevsky et al. 2012]
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Case Study: AlexNet

• Input: 227x227x3 images
• First layer (CONV1): 96 11x11 filters applied at stride 4
• =>
• Output volume [55x55x96]
• Q: What is the total number of parameters in this layer?

[Krizhevsky et al. 2012]
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Case Study: AlexNet

• Input: 227x227x3 images
• First layer (CONV1): 96 11x11 filters applied at stride 4
• =>
• Output volume [55x55x96]
• Parameters: (11*11*3)*96 = 35K

[Krizhevsky et al. 2012]
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Case Study: AlexNet

• Input: 227x227x3 images
• Second layer (POOL1): 3x3 filters applied at stride 2
• Output volume: 27x27x96
• Q: what is the number of parameters in this layer?

[Krizhevsky et al. 2012]
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Case Study: AlexNet

• Input: 227x227x3 images
• Second layer (POOL1): 3x3 filters applied at stride 2
• Output volume: 27x27x96
• Parameters: 0!

[Krizhevsky et al. 2012]
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Case Study: AlexNet

• Input: 227x227x3 images
• After CONV1: 55x55x96
• After POOL1: 27x27x96
• ...

[Krizhevsky et al. 2012]
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Case Study: AlexNet

• Details/Retrospectives:
- first use of ReLU

- used Norm layers (not 
common anymore)

- heavy data augmentation

- dropout 0.5

- batch size 128

- SGD Momentum 0.9

- Learning rate 1e-2, reduced 
by 10 manually when val 
accuracy plateaus

- L2 weight decay 5e-4

- 7 CNN ensemble: 18.2% -> 
15.4%

[Krizhevsky et al. 2012]
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Case Study: ZFNet

• AlexNet but:
• CONV1: change from (11x11 stride 4) to (7x7 stride 2)
• CONV3,4,5: instead of 384, 384, 256 filters use 512, 

1024, 512

[Zeiler and Fergus, 2013]

ImageNet top 5 error: 15.4% -> 14.8%
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Case Study: VGGNet

• Only 3x3 CONV stride 
1, pad 1，and 2x2 
MAX POOL stride 2

[Simonyan and Zisserman, 2014]

best model

11.2% top 5 error in ILSVRC 
2013  ->  7.3% top 5 error
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Case Study: VGGNet
[Simonyan and Zisserman, 2014]

TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! 
~*2 for bwd)
TOTAL params: 138M parameters
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Case Study: VGGNet
[Simonyan and Zisserman, 2014]

TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! 
~*2 for bwd)
TOTAL params: 138M parameters

Most memory is 
in early CONV

Most params 
are in late FC
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Case Study: GoogLeNet 

• Inception module

[Szegedy et al., 2014]

ILSVRC 2014 winner (6.7% top 
5 error)
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Case Study: GoogLeNet 
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Batch Normalization

• “You want unit gaussian activations? just make them 
so.” consider a batch of activations at some layer.

• To make each dimension unit gaussian, apply:

this is a vanilla differentiable function...

[Ioffe and Szegedy, 2015]
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Batch Normalization

• “you want unit gaussian activations? just make them 
so.”
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Batch Normalization
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Batch Normalization
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Batch Normalization
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Batch Normalization
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Case Study: ResNet
[He et al., 2015]

ILSVRC 2015 winner 
(3.6% top 5 error)
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Case Study: ResNet

(slide from Kaiming He’s recent presentation)
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Case Study: ResNet

CIFAR-10 experiments

Deep ResNets can be trained without difficulties. 
Deeper ResNets have lower training error, and also lower test error.
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Case Study: ResNet

ImageNet experiments

Deep ResNets can be trained without difficulties. 
Deeper ResNets have lower training error, and also lower test error.
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Case Study: ResNet

• 2-3 weeks of training on 8 GPU machine
• at runtime: faster than a VGGNet! (even though it has 8x 

more layers)
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Case Study: ResNet
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Case Study: ResNet
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Case Study: ResNet

• Batch Normalization after every CONV layer
• Xavier/2 initialization from He et al.
• SGD + Momentum (0.9)
• Learning rate: 0.1, divided by 10 when validation error 

plateaus
• Mini-batch size 256
• Weight decay of 1e-5
• No dropout used
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Case Study: ResNet
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Case Study: ResNet

(this trick is also used in GoogLeNet)
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Case Study: ResNet
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Case Study: ResNet

• Keep the shortest path as 
smooth as possible.
• by making ℎ and identity
• forward/backward signals directly 

flow through this path

• Features of any layers are 
additive outcomes

• 1000-layer ResNets can be 
easily trained and have better 
accuracy
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Case Study: DenseNet

Standard connectivity

ResNet connectivity

Dense connectivity

[Huang et al. 2017]
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Case Study: DenseNet

• k : Growth Rate 
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Case Study: DenseNet

On ImageNet, Top-1: 20.27%, Top-5: 5.17%
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Case Study: DenseNet

• Advantage 1: Strong Gradient flow.
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Case Study: DenseNet

• Advantage 2: parameter and computational efficiency.
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Case Study: DenseNet

• Advantage 3: Maintains low complexity features.

Standard connectivity
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Case Study: DenseNet

• Advantage 3: Maintains low complexity features.

Dense connectivity
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Outline

• Case Study on ConvNets

• Data Processing for Neural Networks

• Babysitting the Learning process

• Hyperparameter Optimization
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Data Preprocessing

(Assume X [NxD] is data matrix, each example in a row)



C. Long Lecture 18 April 10, 2018 46

Data Preprocessing

• In practice, you may also see PCA and Whitening of 
the data
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In practice for Images: center only

• E.g. consider CIFAR-10 example with [32,32,3] 
images

    - Subtract the mean image (e.g. AlexNet) 
    (mean image = [32,32,3] array)
    - Subtract per-channel mean (e.g. VGGNet) 
    (mean along each channel = 3 numbers)

Not common to normalize variance, 
to do PCA or whitening
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Choose the architecture

• After the data processing,  we start with one hidden layer of 
50 neurons:
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Double check that the loss is reasonable:
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Double check that the loss is reasonable:
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Lets try to train now…

• Tip: Make sure that you can overfit very small portion 
of the training data

The above code:
- take the first 20 examples from CIFAR-10
- turn off regularization (reg = 0.0)
- use simple vanilla ‘sgd
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Lets try to train now…

Very small loss,
train accuracy 
1.00,
nice!
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Lets try to train now…

• I like to start with small regularization and find learning 
rate that makes the loss go down

Loss barely changing: Learning rate is probably too low
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Lets try to train now…

• I like to start with small regularization and find learning 
rate that makes the loss go down

Notice train/val accuracy goes to 20% though, what’s up with that? 
(remember this is softmax)
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Lets try to train now…

• I like to start with small regularization and find learning 
rate that makes the loss go down
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Lets try to train now…

• I like to start with small regularization and find learning 
rate that makes the loss go down

loss exploding: NaN almost always means high learning rate...
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Lets try to train now…

• I like to start with small regularization and find learning 
rate that makes the loss go down
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What you should know

• ConvNets need a lot of data to train.
• Finetuning! we rarely ever train ConvNets from scratch.
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Transfer Learning with CNNs
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Lots of pretrained ConvNets

• Caffe models: https://github.com/BVLC/caffe/wiki/Model-Zoo
• TensorFlow models: 

https://github.com/tensorflow/models/tree/master/research/slim
• PyTorch models:https://github.com/Cadene/pretrained-

models.pytorch

Caffe TensorFlow PyTorch
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Outline

• Case Study on ConvNets

• Data Processing for Neural Networks

• Babysitting the Learning process

• Hyperparameter Optimization
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Cross-validation strategy

• I like to do coarse to fine cross-validation in stages
• First stage: only a few epochs to get rough idea of 

what params work
• Second stage: longer running time, finer search 

(repeat as necessary)

Tip for detecting explosions in the solver:
If the cost is ever > 3 * original cost, break out early
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For example: run coarse search for 5 epochs
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Now run finer search...
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Now run finer search...
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Hyperparameters to play with:

• network architecture
• learning rate, its decay schedule, update type
• regularization (L2/Dropout strength)
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Monitor and visualize the loss curve
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Monitor and visualize the accuracy

epoch
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