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Key Learning Goals

Dropout Regularization

Batch and Layer Normalization

VGG, GoogLenNet, and Inception Module

ResNets and Residual Connections

Densenet
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Key Learning Goals

Finetune thorugh loading weights from another pretrained model

Load weights bottom-up

Avoid training from scratch in general!

Finetun. can improve performance when training with small training sets
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Architecture: VGG Simonyan & Zisserman, ICLR 2015

Very Deep Convlutional Networks for Large-scale Image Recognition
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https://arxiv.org/abs/1409.1556


Architecture: VGG [Simonyan & Zisserman, ICLR15]

Very Deep Convlutional Networks for Large-scale Image Recognition

Stacking blocks of Convolution-ReLU-Pooling

Only 3× 3-convolutions to achieve larger fields of view by stacking

Very large number of parameters: 130 millions!

Fully connected layers contain a large portion of parameters

Dropout regularization for the first two FC layers for better generalization

Second place in ImageNet Challenge 2014 (classification track)
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https://arxiv.org/abs/1409.1556


Why Did Neural Networks Explode around 2012?

Error rate on the ImageNet challenge
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Dropout Regularization [Srivastava et al., JMLR14]

By dropping a neuron out, temporarily remove it from the network

Along with all its incoming and outgoing connections at training time

a[l] = g
(
W[l](r[l−1]⊙a[l−1]) + b[l]

)
r
[l−1]
j ∼ Bernoulli(p) independent Bernoulli random variables

⊙ is Hadamard (element-wise) product
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https://jmlr.org/papers/volume15/srivastava14a/srivastava14a.pdf


Why Does Dropout Regularization Work?

Two dimensions of the feature map ϕi(x) and ϕj(x) may have some

correlation which helps to classify sample x on training data

E.g, 95% of all the time on training data: 2ϕi(x)− ϕj(x) > 0 for y > 0

But this correlation may not be not present in test data

Setting ϕi(x) or ϕj(x) to zero, prevents the algorithm from setting

weights to use such correlation in a strong way
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Why Does Dropout Regularization Work?

Noise via dropout reduces statistical correlations among features

The model cannot overemphasize on one single correlation

It has to rely on a mixture of several different correlations among features

No neuron dominates the output

Fraction of neurons active at each iteration p

At inference, use the entire network with scaling parameters down by p
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GoogLeNet v1/Inception v1 [Szegedy et al., CVPR15]

Idea 1: Auxiliary Classifiers at training time only

Encourage discrimination in the lower layers

Increase gradient signal getting propagated back

Provide additional regularization

Auxiliary output is a separate classification output

Cross entropy loss to estimate class probabilities

Overall Loss is weighted sum of main and aux losses
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https://arxiv.org/abs/1409.4842


GoogLeNet v1/Inception v1 [Szegedy et al., CVPR15]

Idea 2: Inception Module

Convolution layers in parallel with different effective filter sizes

Visual information processed at various scales and then concatenated

Next layer can abstract features from different scales simultaneously

1× 1 convolutions to reduce parameters of deeper layers

Reduce # of channels before applying more expensive convolutions 13 / 50

https://arxiv.org/abs/1409.4842


GoogLeNet v1/Inception v1 Depth Filter Concatation

Parallel feature maps with the same spatial dimensions

Proper padding and stride

Concatenate along depth
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GoogLeNet v1/Inception v1 [Szegedy et al., CVPR15]

Input 224× 224 taking RGB color channels with mean subtraction

“#k×k reduce” stands for the number of 1×1 filters in the reduction layer
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https://arxiv.org/abs/1409.4842


Inception v3 [Szegedy et al., CVPR16]

Using asymmetric convolutions n× 1

A 3× 1 convolution followed by a 1× 3 convolution

is equivalent to sliding a two layer network with the

same receptive field as in a 3× 3 convolution

Two-layer solution is 33% cheaper

In practice, this factorization does not work well on

early layers

Works very well on medium layers

Each 5× 5 conv. is replaced by two 3× 3 convs.
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https://arxiv.org/pdf/1512.00567.pdf


Inception v3 [Szegedy et al., CVPR16]

Each 5× 5 convolution is replaced by two 3× 3 convolutions

Reduction of filters geometric sizes comes at a cost of expressiveness

Enhanced space of variations the network can learn with batch

normalization of activations
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Why Residual Connections?

Residual connection with 2 conv. blocks Output = x+ C1(C2(x))

Why do residual connections work?

Backward pass: gradient flows through shortcuts, no vanishing gradient

Forward pass: if a convolution block is not useful, it will be bypassed

Learned function is at least as good as the one without conv. blocks
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Why Residual Connections?

Identity+ optional non-linearity: convolutions across the parallel path can

learn additionally non-linear functions

Never worse than identity: weights of convolution layers can be set to zero

Gradually learn a more complex representation layer by layer

Initial network can be one conv. layer and one FC layer with shortcuts

Filters can add non-linearities layer by layer
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ResNets [He et al., CVPR16]

Idea 1: residual connections: shortcuts across layers

Output = F (x) + x (solid line shortcuts)

Projection shortcut (linear mapping) whenever # of

channels changes to match dimensions

Output = F (x) +Wsx using 1× 1 convolutions

Idea 2: Batch normalization after every convolution

In top layers: half spatial size of feature maps and

double number of filters

Rich set of templates at higher layers
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https://arxiv.org/abs/1512.03385


ResNets [He et al., CVPR16]: SoTA on ImageNet Challenge
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https://arxiv.org/abs/1512.03385


Interactive Time-out

Join at menti.com | use code 3915 2381
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Batch Normalization [Ioffe and Szegedy, ICML15]

Batchnorm at training time has 2 steps

Step 1: Normalize activations of a layer to

have zero mean and stardard deviation one

over elements of a minibatch

Step 2: Apply a simple affine transformation

on the normalized output y = γx̂+ β

Activations will have standard deviation γ

and mean β with γ and β trainable
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https://arxiv.org/pdf/1502.03167


Batch Normalization [Ioffe and Szegedy, ICML15]

For convolution layers:

Treat each neuron in the same channel in

the same way

Compute mean and standard deviation for all

elements in the feature map of one channel

Not only for one neuron and all samples in

the minibatch

Reduce number of parameters
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Batch Normalization [Ioffe and Szegedy, ICML15]

At training time: update running mean µrun

and running variance σ2
run

Batchnorm at inference time has 2 steps:

Step 1: Normalize activations of a layer by

reusing running mean and running variance

learnt at training time:

x̂ =
x− µrun√
σ2
run + ϵ

Step 2: apply y = γx̂+ β with γ, β learnt

rescaling parameters at training

To work well, it requires usually a batchsize

of 8 at least, better 16 or 32 or more
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Batch Normalization at Inference Time

Step 1: Normalize activations of a layer by the running mean and running

variance learnt at training time:

x̂ =
x− µrun√
σ2
run + ϵ

Step 2: apply y = γx̂+ β with γ, β the learnt rescaling parameters

Moving average implies that the test activations would come from a very

large population statistics of training data

Under this assumption, any synthetic minibatch of test samples would

have mean β and standard deviation γ

Error source in coding: use model.eval() or model.train(False) at

testing time for your neural network!
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Why Does Batch Normalization Work?

Prevent small changes to the parameters from amplifying into larger and

suboptimal changes in activations in gradients

Prevent the training from getting stuck in the saturated regimes

Make training more resilient to the parameter scale

Make propagation through a layer unaffected by the scale of its weights

Stabilize parameter growth as larger weights lead to smaller gradients

Improve generalization through regularization since a training example is

seen in conjunction with other examples in the mini-batch
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Group Normalization [Wu and He, ECCV18]

An alternative when cannot use large batchsizes

Convolution outputs an activation (b, c, h, w) for channel c in spatial

dimensions h,w and batch b

Batchnorm: compute mean and std dev. for every channel over all spatial

positions (h,w) and minibatch samples µc =
1

BHW

∑
b,h,w f(b, c, h, w)

Cannot compute over large minibatch?

Compute statistics over and over subset of filter channels in your feature

map µb,c =
1

HW |G|
∑

h,w,c∈G f(b, c, h, w)

Depend on sample index b and channel index c
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https://arxiv.org/abs/1803.08494


Layer Normalization [Ba et al., 16]

Layernorm: compute mean and std dev. over all hidden units in the same

layer µb =
1

CHW

∑
c,h,w f(b, c, h, w)

No constraint on the size of a mini-batch

Normalizing across all features but for each of the inputs to a specific layer

removes the dependence on batches

Layer normalization works well for sequential models such as transformers

and recurrent neural networks (RNNs)
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https://arxiv.org/abs/1607.06450
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Densenets [Huang et al., CVPR17]

Within a block of same feature map size (“dense block”), each layer

contains concatenation of feature maps of each previous layer as input
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https://arxiv.org/abs/1608.06993


Densenets [Huang et al., CVPR17]

The whole net looks like:
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https://arxiv.org/abs/1608.06993


Densenets [Huang et al., CVPR17]

Growth rate: # newly added output channels (feature maps) in a

convolution layer

Problem: within a block that starts with k0 channels in the input layer, at

depth index ℓ one has as inputs k0 + (ℓ− 1) · growthrate many channels

Densenet-B (with a bottleneck layer): 1× 1 convolutions before each

3× 3 convolution to control # of input channels 35 / 50

https://arxiv.org/abs/1608.06993


Densenets [Huang et al., CVPR17]

towardsdatascience.com
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https://arxiv.org/abs/1608.06993


Densenets [Huang et al., CVPR17]

Densenet-C: in transition layer: 1× 1 conv halfs the number of channels

Commonly used: Densenet-BC
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https://arxiv.org/abs/1608.06993


Densenets [Huang et al., CVPR17]

Commonly used: Densenet-BC

Good performance with small number of parameters
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https://arxiv.org/abs/1608.06993
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Finetuning

Do not train deep neural networks from scratch!

Always initialize the NN with weights from similar tasks trained on

a very large dataset unless your data is in the order of hundred

thousands and more.

Where to get pre-trained models and how? torchvision.models

https://pytorch.org/vision/0.9/models.html
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https://pytorch.org/vision/0.9/models.html


How to Fine Tune?

Take a deep network (densenet) and initialize it with weights from a 1000

class ImageNet task

Retrain it for 102 flowers classes

Why one can re-use weights from 1000 object classes that are mostly

things and animals for flowers?

Low level filters likely will be very similar

What needs to be changed? last layer to match # output classes
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Finetuning

It makes no sense to load weights for a layer, when one skips loading

weights for any layer below

42 / 50



Why Does Fine Tuning Help?

Consider training a neural network

ERM is non-convex problem

Find some local minima optimum

Deep NNs: high dimensionality of

their parameters

Training from scratch leads to poor

performance (bad local minima) with

heuristic-based initialization
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Why Does Fine Tuning Help?

You can learn filters well only when

you have enough training samples

Often hundreds of thousands

Non-convex ERM: local minima

depends on initialization

When having only a few thousand

samples it is best to start from a

good initialization

Loading weights does that
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Why Does Fine Tuning Help?

Finetuning preinitializes your network to some features that are good on

another tasks

Empirical evidence: low-level features in deep networks learnt over wide

and general tasks (e.g. Imagenet) can be reused for many other tasks,

even with strange color distributions or geometrical tasks
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Fine Tuning: Train Only Top Layer
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Fine Tuning: Train Only Top Layer

Train only top layers:

Can be better for very small datasets

For larger datasets, training all layers can be better. Check validation data

Without data augmentation, bottom features can be precomputed for a

speed up (usually data augmentation improves test error! ... trade-off

speed vs performance)

47 / 50



Outline

Dropout

GoogLeNet/Inception

ResNets and Residual Connections

Batch Normalization

DenseNets

Finetuning

ViT

48 / 50



State of the Art (SoTA)?

In the next lectures:

Much available compute? Vision Transformers [Dosovitskiy et al., ICLR21]
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https://openreview.net/forum?id=YicbFdNTTy


References

http://d2l.ai/chapter_convolutional-modern/index.html
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