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Architecture design natural signals

Natural signals

In nature, the data signal follows patterns:
e There are repetitions in space and time
e There are various symmetries
e Signals are hierarchical

Therefore we can design our functions to fit
these patterns effectively

Further reading about deep learning through a
physics lens in [1]
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Architecture design convolutional neural networks

Definition: CNNs input channels (features)

A convolution sums the —_—— output features
Hadamard product between a ] —
sliding area and the convolution |
kernel. Each output feature map keme| 1 e ——
does this for each input channel. size y
oy
This 2D convolution example is a stride —]| =
4 x 4 kernel with a stride of 2 and ) .
1 padding. It has 3 input channels padding — -

and 4 output features.
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Architecture design convolutional neural networks

Hierarchical design

Each feature map output is essentially an
image whose intensity values are ‘feature
detectors’ from the layer before. The
images here are learnt kernel weights.

The ‘width’ vs ‘depth’ problem is based on
what type of detectors you need from the
dataset, such as to minimise the task risk.

contrast
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Architecture shapes encoder (classification and regression)

Definition: encoder

Encoders typically reduce the spatial dimensions
(compress) but may increase the feature [dog, truck, cat, car]

dimensions.
[.2,.1,.6,.1] [0,0,1,0]

Link to Colab example (&' x
AL
a I S I

e For regression, we generally use an L, loss

e For classification, we generally use R N
categorical cross entropy L = CCELoss(p, t)

e For binary classification, you can use binary
cross entropy
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https://colab.research.google.com/gist/cwkx/441e508d3b904413fd3950a09a1d3bd6/classifier.ipynb

Architecture shapes autoencoder

Definition: autoencoder

Autoencoders [2] have two parts, an encoder
E(x) and a decoder D(z), with the goal of

learning an encoding z (a representation Reconstructive autoencoder:
typically of reduced dimension), e.g. by

minimising the squared L2 loss: a @ Lz | @
LA = Bxrpyyea [IIx — D(EX))|I’] -
ﬁ Paired translation:

s |
i o o] ]

Link to Colab example (&'

e Canyou sample z ~ N from a normal
distribution?

e What happens if you compress z to 1D or
higher dimensions (more signal bandwidth)?

7/17


https://colab.research.google.com/gist/cwkx/e3ef25d0adb6e2f2bf747ce664bab318/conv-autoencoder.ipynb

Architecture shapes recurrent neural networks

dog sat on

Definition: recurrent neural network Q

RNNSs reuse parameters across multiple [: h ] = [wmpf n plrea}—

timesteps. They can be unrolled to better
understand their dynamic behaviour. (E (T) (T) (T)
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Architecture design deep residual networks

Definition: residual connections

These are shortcuts that skip over two or | | | |
three layers that contain nonlinearities

and batch normalisation between then.

Pseudocode: residual block

class ResidualBlock(nn.Module):
def init(n):
res_block = [
nn.Conv2d(in_f=n, out_f=n,3,1,1),
nn.BatchNorm2d(n),

nn.RelLU(),
nn.Conv2d(in_f=n, out_f=n,3,1,1), loss landscape loss landscape
nn.BatchNorm2d(n) ] without residuals  with residuals [3]

def forward(x):
return F.relu(x + res_block(x))
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Architecture design skip connections (U-Net)

Definition: skip connections (U-Net)

Skip connections (U-Net) is a popular residual

approach used for paired image translation x A m

tasks [4]. For example for images x and paired : A

masks m, where: a w @ m
£ = Exmpgga [ID(E(x)) — m]|’]

Link to Colab example (&
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https://colab.research.google.com/gist/cwkx/aece978bc38ba35c2267d91b793a1456/unet.ipynb

Regularisation early stopping and annealing

Before we define regularisation, first lets examine two ways to prevent overfitting in high-
capacity models:

——training
——validation

Definition: early stopping

=~

This is just where we stop training early.

loss

Definition: annealing

If we decrease the learning rate slowly to zero,
this has a similar effect to early stopping (but
allows more experience in the process).

2 4 6
training epochs
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Regularisation the effect on model capacity

Definition: regularisation

Regularisation is where we add prior information
about functions in H such as to reduce
generalisation error.

We'll learn more about deep double descentin a
later lecture on generalisation theory.

——training
—testing

2 4 6
capacity of #
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Regularisation data augmentation

Definition: data augmentation

If it is expected that small transformations (e.g.
rotations, zooms, flips, blurs) will occur in testing,
the training samples can be augmented.

However too much augmentation (e.g. too much
zoom) will result in poor fitting. In the extreme
case it may even change the class label, for
example 180° rotations in MNIST:

SaAlASy bk
66830746
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Regularisation dropout and Tikhonov regularization

Definition: dropout

Dropout is where each hidden unit is set to zero
with some probability (e.g. 0.2). The network
can't rely on any one weight, so it spreads its
weights out.

Definition: Tikhonov regularization

Tikhonov regularization (also called weight
decay or L, regularisation has a similar effect:

L' =L+ \|wl3

O

Oe. O 20:20_»0
O U 2020 _50
OO O O O

standard network

O
O-® O. & .0
® O ® & -0
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after dropout
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Regularisation ensembles

Definition: an ensemble

An ensemle is where multiple different
models are trained, and then the
predictions are combined at test time, for
example by averaging or max voting.

training  validation

This simple technique has shown to be
highly successful in winning kaggle
competitions, where there is evidence to space of solutions
suggest the success is due to the ability

for ensembles to capture multiple modes

of the solution space [5].
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Take Away Points

In summary, designing architectures:

e is a scientific process

e design the right shape to transform the data
e choose the right functions to fit the data

e choose your experiments carefully

e what do you know about the signal?

e what does the task need?
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