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What is in here?

Basic Architectures
o  Fully Connected Layers
o  Recurrent Layers
o  Convolutional Layers

® Advanced Architectures

o Hybrid CNN/RNN = QRNN
o Auto-Encoders
o  Deep Classifiers/Deep Regressors
o Residual Connections/Skip Connections and U-Net
o  GANs

® Conclusions



The “Full” Story
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WHhat is in here?



What is in here?

® Let’s discuss about the options and nits of each topology.

® Let’s unveil the applicability of different complex structures to
different tasks.

® Let’s try to map our theory to bits of code.

O PyTorch

Follow-up code: https://colab.research.google.com/drive/1bDWAPU_jsmMynS3EDdqOKSEQZ3JCYoah 7
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Basic Architectures



Fully Connected

L aye r CLASS torch.nn.Linear(in_features, out_features, bias=True) [SOURCE]

Applies a linear transformation to the incoming data: y = zAT +b

x1 Parameters: « in_features - size of each input sample
» out_features - size of each output sample

« bias - If set to False, the layer will not learn an additive bias. Default: True

X2
Shape:
X3 « Input: (N, %, in_features) where * means any number of additional dimensions
» Output: (IV7 *, out_features) where all but the last dimension are the same shape as the input.
X4
Variables: « weight - the learnable weights of the module of shape (out_features, in_features). The
T values are initialized from U(—\/E, \/E), where k = m
y — f(w - X + b) » bias - the learnable bias of the module of shape (out_features). If bias is True, the values
are initialized from U(—\/E, \/E) where k = m




Fully Connected: A perceptron

Fully connected layer with one unit. A sigmoid activation
makes it a logistic regression (binary linear classifier):

X1 lor = nn.Sequential
b nn.Linear (NUM INPUTS, 1),
nn.Sigmoid()
w1 ).

={0, 1}
X2 w2 @ Y

X3 w3
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Fully Connected: A perceptron

Fully connected layer with one unit. No activation makes it a
linear regression:

x1 b lir = nn.Sequential/
nn.Linear (NUM INPUTS, 1)

w1 ).

X2 Q y = {-inf, inf}
w2
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Fully Connected: Multiclass classifier

y2

y3

Fully connected layer with many units. Softmax activation
makes it a “softmax classifier”.

smx = nn.Sequential(

).

nn.Linear(NUM INPUTS, NUM OUTPUTS),
nn.LogSoftmax(dim=1)

12



Fully Connected: MultiLayer Perceptron

Slide Credit: Hugo Laroche NN course

This is also a deep neural network of course.

Many fully connected layers with many units.

NUM INPUTS=100
HIDDEN SIZE=1024
NUM OUTPUTS=20

mlp = nn.Sequential(
nn.Linear(NUM INPUTS, HIDDEN SIZE),
nn.Tanh(),
nn.Linear (HIDDEN SIZE, HIDDEN SIZE),
nn.Tanh(),
nn.Linear (HIDDEN SIZE, NUM OUTPUTS),
nn.LogSoftmax(dim=1)

13



Fully Connected: When input is discrete...

one-hot code

0

1

O,

We usually take one-hot codes as discrete tokens. Can we
use a Linear layer to process it?

VOCAB SIZE = 10000

HIDDEN SIZE=100

# mapping a Vocabulary of size 10.000 to HIDDEN SIZE projections
emb 1 = nn.Linear(VOCAB SIZE, HIDDEN SIZE)

# forward example [10, 10000] tensor
code = [1] + [O©] * 9999

# copy 10 times the same code [1 0 0 0 ... 0]
x = torch.FloatTensor([code] * 10)
print('Input x tensor size: ', x.size())

y = emb 1(x)

print('Output y embedding size: ', y.size())

Input x tensor size: torch.Size([10, 10000])
OQutput y embedding size: torch.Size([10, 100])

14



Embedding Layer

Each x as an Integer O or 1
Layer
xy

X2

X3

CLASS torch.nn.Embedding(num_embeddings, embedding_dim, padding_idx=None, max_norm=None,

[SOURCE]

norm_type=2.0, scale_grad_by_freq=False, sparse=False, _weight=None)

A simple lookup table that stores embeddings of a fixed dictionary and size.

This module is often used to store word embeddings and retrieve them using indices. The input to the module is a list of

indices, and the output is the corresponding word

Parameters:

Variables:

Shape:

hoddi

* num_embeddings (int) - size of the dictionary of embeddings

embedding_dim (int) - the size of each embedding vector
padding_idx (int, optional) - If given, pads the output with the embedding vector at

padding_idx (initialized to zeros) whenever it encounters the index.

max_norm (float, optional) - If given, each embedding vector with norm larger than max_noxrm is

renormalized to have norm max_noxm.

norm_type (float, optional) - The p of the p-norm to compute for the max_noxm option. Default

2.

scale_grad_by_freq (boolean, optional) - If given, this will scale gradients by the inverse of

frequency of the words in the mini-batch. Default False.

sparse (bool, optional) - If True, gradient w.r.t. weight matrix will be a sparse tensor. See Notes

for more details regarding sparse gradients.

weight (Tensor) - the learnable weights of the module of shape (num_embeddings, embedding_dim)
initialized from (0, 1)

« Input: LongTensor of arbitrary shape containing the indices to extract

» Output: (% embedding_dim), where *is the input shape

15



Fully Connected: Embedding Layer

one-hot code

0

1

O,

y2

y3

Embedding layer makes an efficient lookup operation, not a
full matrix multiplication (just select one-hot index column

from weight matrix!)

VOCAB SIZE = 10000

HIDDEN SIZE=100
# mapping a Vocabulary of size 10.000 to HIDDEN SIZE projections

emb 2 = nn.Embedding(VOCAB SIZE, HIDDEN SIZE)

# Just make a long tensor with zero-index

X = torch.zeros(10, 1).long()

print('Input x tensor size: ', x.size())

y = emb 2(x)

print('Output y embedding size: ', y.size())

Input x tensor size: torch.Size([10, 1])
OQutput y embedding size: torch.Size([10, 1, 100])

16



Recurrent Layer

X X X A /

XN N

Recurrent Layer

time

Rotation
90°

17



ecurrent Layer

CLASS torch.nn.RNN(*azgs, **kwargs)
Applies a multi-layer EIman RNN with tanh or Re LU non-linearity to an input sequence.
For each element in the input sequence, each layer computes the following function:

ht — f(W . wt _|_ U . ht_]_ + b) h: = tanh(wirz: + bin +1Uhhh(r-1)+bhh)

where R is the hidden state at time t, &, is the input at time t, and h(,,lj is the hidden state of the previous layer at
time t-1 or the initial hidden state at time o. If nonlinearity is ‘relu’, then ReLU is used instead of tanh.

Parameters: « input_size - The number of expected features in the input x

hidden_size - The number of features in the hidden state h

num_layers - Number of recurrent layers. E.g., setting num_layers=2 would mean stacking two
RNNs together to form a stacked RNN, with the second RNN taking in outputs of the first RNN and

computing the final results. Default: 1

nonlinearity - The non-linearity to use. Can be either ‘tanh’ or ‘relu’. Default: ‘tanh’
w3 w3 v Y

bias - If False, then the layer does not use bias weights b_ih and b_hh. Default: True

batch_first - If True, then the input and output tensors are provided as (batch, seq, feature).
-/' N f
w2 w2 Default: False

dropout - If non-zero, introduces a Dropout layer on the outputs of each RNN layer except the last

layer, with dropout probability equal to dropout . Default: 0

wl wl bidirectional - If True, becomes a bidirectional RNN. Default: False

Inputs: input, h_0

input of shape (seq_len, batch, input_size): tensor containing the features of the input sequence. The input

v

can also be a packed variable length sequence. See torch.nn.utils.rnn.pack_padded_sequence()

or torch.nn.utils.rnn.pack_sequence() for details.

L]
t I m e h_0 of shape (num_layers * num_directions, batch, hidden_size): tensor containing the initial hidden state
for each element in the batch. Defaults to zero if not provided. If the RNN is bidirectional, num_directions

should be 2, else it should be 1.

18



Recurrent Layer

99
olelGe!

hi =f(W . .zt+U-ht_1+ D)

NUM INPUTS = 100
HIDDEN SIZE = 512

NUM LAYERS = 1

# define a recurrent layer
nn.RNN(NUM INPUTS, HIDDEN SIZE, num layers=NUM LAYERS)

— rnn =
SEQ LEN = 100
x = torch.randn(SEQ LEN, 1, NUM INPUTS)
', x.size())

print('Input tensor size [seq len, bsize, hidden size]:

ht, state = rnn(x, None)

print('Output tensor h[t] size [seq len, bsize, hidden size]:

Input tensor size [seq len, bsize, hidden size]:
Output tensor h[t] size [seq len, bsize, hidden size]:

", ht.size())

r

torch.Size([100, 1, 100])
torch.Size([100, 1, 512])

19



Recurrent Layer

; ) ; ; _ BEWARE with axis definition in the 3D Tensor!

-
WS W3

\
w2 f w2 @ w2 f w2
NUM INPUTS = 100

v S S HIDDEN SIZE = 512
) NUM LAYERS = 1
# define a recurrent layer

— rnn = nn.RNN(NUM INPUTS, HIDDEN SIZE, num layers=NUM LAYERS)

time

SEQ LEN = 100
x = torch.randn(1, SEQ LEN, NUM INPUTS)
print('Input tensor size [bsize, seq len, hidden size]: ', x.size())

ht, state = rnn(x, None)
print('Output tensor h[t] size [bsize, seq len, hidden size]: ', ht.size())

Input tensor size [bsize, seq len, hidden size]: torch.Size([1, 100, 100])

Output tensor h[t] size [bsize, seq len, hidden size]: torch.Size([1, 100, 512])
20



Recurrent Layer

; ; ; # let's check ht and state sizes

w3 w3 print('ht size: ', ht.size())

A\ print(‘'state size: ', state.size())
w2 f w2 @ w2 f w2

ht size: torch.Size([1l, 100, 512])

le wi j§ state size: torch.Size([1l, 1, 512])

— Last time-step state

time

SEQ LEN = 100
x = torch.randn(1, SEQ LEN, NUM INPUTS)

print('Input tensor size [bsize, seq len, hidden size]: ', x.size())
ht, state = rnn(x, None).

print('Output tensor h[t] size [bsize, seq len, hidden size]: ', ht.size())

Input tensor size [bsize, seq len, hidden size]: torch.Size([1, 100, 100])
Output tensor h[t] size [bsize, seq len, hidden size]: torch.Size([1, 100, 512])
21



Recurrent Layer

w3 3 w3

-w2

S S S

wl wl L

time

BEWARE: with
batch_first=False
this straightforward
connection would
NOT work

Connecting an RNN with a FC layer

NUM INPUTS = 100
NUM OUTPUTS = 10
HIDDEN SIZE = 512
SEQ LEN = 100
NUM LAYERS = 1
# define a recurrent layer, swapping batch and time axis and connect
# an FC layer as an output layer to build a full network
rnn = nn.RNN(NUM INPUTS, HIDDEN SIZE, num layers=NUM LAYERS,
batch first=True)

fc = nn.Sequential(

nn.Linear (HIDDEN SIZE, NUM OUTPUTS),

nn.LogSoftmax(dim=2)
)

x = torch.randn(1, SEQ LEN, NUM INPUTS)

print('Input tensor size x: ', x.size())
ht, state = rnn(x, None)

print('Hidden tensor size ht: ', ht.size())
y = fc(ht)

print('Output tensor y size: ', y.size())

Input tensor size x: torch.Size([1l, 100, 100])
Hidden tensor size ht: torch.Size([1, 100, 512])
Output tensor y size: torch.Size([1l, 100, 10])

22



From RNN to LSTM

& ® &)
t t t
I |
© ® © Gatings AND
memory cell state
& ® 6




From RNN to LSTM

t t
I | O
I |
3 © ©
R S

i

|
&)

Gatings AND
memory cell state
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LSTM Layer

? C? ? BEWARE: LSTM has
p , two states! The
internal cumulative

v

= nn.LSTM(NUM INPUTS, HIDDEN SIZE, num layers=NUM LAYERS,
batch first=True)

x = torch.randn(1, SEQ LEN, NUM INPUTS)

int('Input tensor size x: ', x.size())

states = lstm(x, None)

hT, ¢cT = states[0], states[1]

print('Output tensor ht size: ', ht.size())

print('Last state h[T]: ', hT.size())

print('Cell state c[T]: ', cT.size())

1stm

Input tensor size x: torch.Size([1l, 100, 100])
Qutput tensor ht size: torch.Size([1l, 100, 512])
Last state h[T]: torch.Size([1l, 1, 512])

Cell state c[T]: torch.Size([1l, 1, 512])

e Canh
A I%BE’ & A one, and the
Gb bounded output one.
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Convolutional Layer

X 112 |3 (4 |5 |6 |78
wl| w2 | w3
wl| w2 | w3
wl| w2 | w3
wl| w2 | w3

wl| w2 | w3
w1| w2 | w3

VY oy 4 L

CLASS torch.nn.Convld(in_channels, out_channels, kernel_size, stride=1, padding=0,

SOURCE
dilation=1, groups=1, bias=True) L !

Applies a 1D convolution over an input signal composed of several input planes.

In the simplest case, the output value of the layer with input size (I, Ciy,, L) and output (N, Coyt y Loyt ) can be
precisely described as:

Cin—1
out(N;, Cout,) = bias(Cout,) + Y weight(Cou, , k)  input(N;, k)

k=0

where * is the valid cross-correlation operator, IV is a batch size, C' denotes a number of channels, L is a length of signal

sequence.

» stride controls the stride for the cross-correlation, a single number or a one-element tuple.
e padding controls the amount of implicit zero-paddings on both sides for padding number of points.
e dilation controls the spacing between the kernel points; also known as the a trous algorithm. It is harder to
describe, but this link has a nice visualization of what dilation does.
» groups controls the connections between inputs and outputs. in_channels and out_channels must both be
divisible by groups. For example,
o At groups=1, all inputs are convolved to all outputs.
o At groups=2, the operation becomes equivalent to having two conv
layers side by side, each seeing half the input channels, and producing
half the output channels, and both subsequently concatenated.

o At groups= in_channels, each input channel is convolved with its

own set of filters, of size \‘%"‘-J



Convolutional Layer

X |11/2 |3 (4|5 |6 |7]|8
w1| w2 | w3
w1 w2 | w3
w1| w2 | w3
w1| w2 | w3

w1| w2 | w3
w1 w2 | w3

VYoV L

y 112 3|4| 5|6

NUM CHANNELS IN = 1

HIDDEN SIZE = 1024

KERNEL WIDTH = 3

# Build a one-dimensional convolutional neural layer

convld = nn.Convld(NUM CHANNELS IN, HIDDEN SIZE, KERNEL WIDTH)

SEQ LEN = 8
x = torch.randn(1, NUM CHANNELS IN, SEQ LEN)
print('Input tensor size x: ', Xx.size())

y = convld(x)
print('Output tensor y size: ', y.size())

Input tensor size x: torch.Size([1l, 1, 8])
OQutput tensor y size: torch.Size([1, 1024, 6])

We obtain 1024 y sequences

27



Convolutional Layer

X 112 13 |4 5|6 |78
NUM CHANNELS IN =1
HIDDEN SIZE = 1024
wil| w2 | w3 KERNEL WIDTH = 3
# Build a3 one-dimensional convnlutiongl neural layer
w1l w2 | w3
Observe the axis shape of the convolutional layer:
wi1| w2 |w| [bsize, channels, seq_len], different than RNN! e
()7
w1l | wZ |Wd | Y = CONVIO(X]
print('Output tensor y size: ', y.size())
| T v Input tensor size x: torch.Size([1l, 1, 8])
OQutput tensor y size: torch.Size([1, 1024, 6])
w1l w2 | w3
v v v L 2 L
y 112 (34| 5|6

We obtain 1024 y sequences

[DDEN SIZE, KERNEL WIDTH)
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Convolutional Layer (padding)

01,2 3|4 \|5|6|78 |0
w1l w2 (w3
w1| w2 [w3
w1 | w2 | w3
w1l w2 |w3
w1l w2 |w3
w1 | w2 | w3
w1 | w2 w3
w1l w2 |w3
vy vy oy I
112 |3 |4 6 |7 |8

NUM CHANNELS IN =1

HIDDEN SIZE = 1024

KERNEL WIDTH = 3

[PADDING = KERNEL WIDTH // 2 # = 1 |

# Bulld a one-dimensional convolutional neural layer

convld = nn.Convld (NUM CHANNELS IN, HIDDEN SIZE, KERNEL WIDTH,
padding=PADDING

SEQ LEN = 8
x = torch.randn(1, NUM CHANNELS IN, SEQ LEN)
print('Input tensor size x: ', X.size())

y = convld(x)
print('Output tensor y size: ', y.size())

Input tensor size x: torch.Size([1l, 1, 8])
Qutput tensor y size: torch.Size([1l, 1024, 8])

We obtain 1024 y sequences

29



Causal Convolutional Layer

0,012 3|4 |5|6 |7 |8
w1l w2 w3
w1| w2 (w3
w1 w2 | w3
w1 w2 |w3
w1| w2 | w3
w1l w2 |w3
w1| w2 | w3
w1l w2 |w3
IR F oyl
11213 (4 (5|67 |8

NUM CHANNELS IN = 1

HIDDEN SIZE = 1024

KERNEL WIDTH = 3

# Build a one-dimensional convolutional neural layer

convld = nn.Convld(NUM CHANNELS IN, HIDDEN SIZE, KERNEL WIDTH)

SEQ LEN 8

PADDING KERNEL WIDTH - 1 # = 2

x = torch.randn(1, NUM CHANNELS IN, SEQ LEN)
print('Input tensor x size: ', X.size())
xpad = F.pad(x, (PADDING, 0))
DT D Nsor arter padding xpad size: ', xpad.size())
y = convld(xpad).

print('Output tensor y size: ', y.size())

Input tensor x size: torch.Size([1l, 1, 8])
Input tensor after padding xpad size: torch.Size([1l, 1, 10])
Qutput tensor y size: torch.Size([1l, 1024, 8])

We obtain 1024 y sequences
30



Multi-Layer Perceptron

NUM INPUTS = 100

HIDDEN SIZE = 1024

NUM OQUTPUTS= 20

# MLP as a CNN

mlp = nn.Sequential(
nn.Convld(NUM INPUTS, HIDDEN SIZE, 1),
nn.Tanh(),
nn.Convld (HIDDEN SIZE, HIDDEN SIZE, 1),
nn.Tanh(),
nn.Convld (HIDDEN SIZE, NUM OUTPUTS, 1),
nn.LogSoftmax(dim=1)

)

x = torch.randn(1, 1ee, 1)

print('Input tensor x size: ', x.size())
y = mlp(x)

print('Output tensor y size: ', y.size())

Input tensor x size: torch.Size([1l, 100, 1])
Output tensor y size: torch.Size([1, 20, 1])

Slide Credit: Hugo Laroche NN course



Multi-Layer Perceptron

Slide Credit: Hugo Laroche NN course

NUM INPUTS = 100
HIDDEN SIZE = 1024
NUM OQUTPUTS= 20

# MLP as a CNN

kernel of width 1 is
equivalent to a fully
connected layer
sweeping in time!

mlp = nn.Sequential(

nn.Convld(NUM INPUTS, HIDDEN SIZE, (1),

nn.Tanh(),

nn.Convld (HIDDEN SIZE, HIDDEN SIZE, 1),

nn.Tanh(),

nn.Convld (HIDDEN SIZE, NUM OUTPUTS, 1),

nn.LogSoftmax(dim=1)
)
X = :Et()rih.r?ngn(l, 100, 1) e () Time axis
print('Inpu ensor x size: ', X.slize
y=m?ﬂ) o) MUST be
print('Output tensor y size: ', y.size .

f included

Input tensor x size: torch.Size([1l, 100, (1]
Output tensor y size: torch.Size([1, 20,|1]))




Transposed Convolutional Layer

sending weighted pieces of input
to make many outputs.

Revert the convolution operation,

<‘>
(%)

A

Toc = % 4+ +1 Yo

1 ; /Y ‘\ “\)
\ ( \\

1
| .\
[\

Medium post on “How PyTorch Transposed Convs1D Work”

33


https://medium.com/@santi.pdp/how-pytorch-transposed-convs1d-work-a7adac63c4a5

Transposed Convolutional Layer

It works as a learnable upsampler!

CLASS torch.nn.ConvTransposeld(in_channels, out_channels, kernel_size, stride=1, padding=0,

SOURCE,
output_padding=0, groups=1, bias=True, dilation=1) C !

Applies a 1D transposed convolution operator over an input image composed of several input planes.

This module can be seen as the gradient of Conv1d with respect to its input. It is also known as a fractionally-strided
convolution or a deconvolution (although it is not an actual deconvolution operation).

e stride controls the stride for the cross-correlation.
* padding controls the amount of implicit zero-paddings on both sides for kernel_size - 1 - padding number
of points. See note below for details.
* output_padding controls the additional size added to one side of the output shape. See note below for details.
e dilation controls the spacing between the kernel points; also known as the a trous algorithm. It is harder to
describe, but this link has a nice visualization of what dilation does.
* groups controls the connections between inputs and outputs. in_channels and out_channels must both be
divisible by groups . For example,
o At groups=1, all inputs are convolved to all outputs.
o At groups=2, the operation becomes equivalent to having two conv
layers side by side, each seeing half the input channels, and producing
half the output channels, and both subsequently concatenated.

o Atgroups= in_channels, each input channel is convolved with its

out_channels
in_channels )

own set of filters (of size L

Example with x6 upscaling factor (stride of 4)

34



Transposed Convolutional Layer

NUM CHANNELS IN = 1
HIDDEN SIZE =1

= KERNEL WIDTH = 8
STRIDE = 4

<—¥1'“\\, 3 ~ deconv = nn.ConvTransposeld(NUM CHANNELS IN, HIDDEN SIZE, KERNEL WIDTH,
A \ stride=STRIDE)

‘ T | SEQ LEN = 2
M| Xy )(BL)(L, \X{\ Kg\)ﬁ X61X"}X“’J ¥ X%J y = torch.randn(1, NUM CHANNELS IN, SEQ LEN)
print('Input tensor y size: ', y.size())
‘* X = deconv(y)

E E & S . é_ j; S print('Output (interpolated) tensor x size: ', x.size())
o, . - - e P [ =g \)/
e st 5N S S S < 5 0o fl’
i - B Input tensor y size: torch.Size([1l, 1, 2])
T Output (interpolated) tensor x size: torch.Size([1, 1, 12])
PP P



Advanced Architectures



Quasi Recurrent Neural Network
(QRNN)

Advantage of CNN: We can compute all convolutions in parallel
Advantage of LSTM: It imposes the sense of order (appropriate for sequences)
QRNNSs are up to x16 times faster than LSTMs!!

. 1

| LSTM CNN i QRNN

I

i Linear Convolution i Convolution #
| LSTM/Linear — Max-Pool [ S 7~ ]! fo-Pool [ —— —— — >]
| Linear Convolution E Convolution #
i LSTM/Linear — Max-Pool L~ ~ | i fo-Pool [ — — — — — >|
| :

Mix the best of both worlds! /

Quasi-Recurrent Neural Networks (Bradbury et al. 2016)
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https://arxiv.org/abs/1611.01576

Quasi Recurrent Neural Network
Q R N N) class fQRNNLayer(nn.Module):

def init (self, num_inputs, num outputs,
kwidth=2) :
super().__init ()
self.num_inputs = num inputs

(1) Use a causal CNN to first forward all inputs self.num_outputs = nun_outputs

self.kwidth = kwidth

H . # double feature maps for zt and ft predictions with same conv layer
Sequentla”y, (2) and then accumUIate |Ong-term memory self.conv = nn.Convld(num_inputs, num outputs * 2, kwidth)
H 1 1 H H def forward(self, x, state=None):

to impose ordered processing with simple pooling. 1 formrd(selr, x, stateone):
# state is [bsz, num outputs] dimensional
¥ - - FEED FURWARD PART

QRNN # inference convolutional part

# transpose x axis first to work with CNN layer

x = x.transpose(1l, 2)
pad = self.kwidth - 1

.| xp = F.pad(x, (pad, ©))
: conv_h = self.conv(xp)

Convolutlon # split convolutional layer feature maps into zt (new state

zt, ft = torch.chunk(conv_h, 2, dim=1)
s e # Convert forget gate into actual forget
fo-Pool — get g 9 ) ,

# Convert zt into actual non-linear response ft — U(fot—l + fot)
zt = torch.tanh(zt)

# candidate) and forget activation ft 1 2
z¢ = tanh(W;x; 1 + W;x¢)
ft = torch.sigmoid(ft)

# iterate through time now to make pooling
seqlen = ft.size(2)

if state is None:

‘PO |— — — — — — >I # create the zero state

fo OI ht_1 = torch.zeros(ft.size(@), self.num outputs, 1)
else:

‘ ‘ ‘ # add the dim=2 to match 3D tensor shape

ht_1 = state.unsqueeze(2)
zts = torch.chunk(zt, zt.size(2), dim=2)
fts torch.chunk(ft, ft.size(2), dim=2)
hts ]

for t in range(seqlen):
ht = ht_1 * fts[t] + (1 - fts[t]) * zts[t]
. # transpose time, channels dims again to match RNN-like shape
ht —_ ft @ ht_l + (1 - ft) @ Zt, hts.append(ht.transpose(1, 2))
: # re-assign h[t-1] now
ht 1 = ht

# convert hts list into a 3D tensor [bsz, seq len, num outputs]
hts = torch.cat(hts, dim=1)
return nis, Nt_L.squeeze(Z) 38




Quasi Recurrent Neural Network
(Q R N N) class fQRNNLayer (nn.Module):

def _ init (self, num_inputs, num_outputs,
kwidth=2):
super()._init_ ()
self.num_inputs = num inputs

(1) Use a causal CNN to first forward all inputs self.num_outputs = nun_outputs
sequentially; (2) and then accumulate long-term memory Mo 0l s R 1 A
to impos

Good for advanced sequential processing: comparative performance to that of L

‘Nf}J(t_. ‘n]g){t
Currently used by Google and Baidu for state of the art text/speech synthesis. (1 e e

j-xt_l + W%Xt)

LSTMs at x16 less computational cost (with good CUDA implementation). I&

—

# add the dim=2 to match 3D tensor shape
ht_1 = state.unsqueeze(2)
zts = torch.chunk(zt, zt.size(2), dim=2)
fts = torch.chunk(ft, ft.size(2), dim=2)
hts = []
for t in range(seqlen):
ht = ht_1 * fts[t] + (1 - fts[t]) * zts[t]

. # transpose time, channels dims again to match RNN-like shape
ht — ft @ ht_]_ + (1 - ft) @ Zt., hts.append(ht.transpose(1l, 2))
: # re-assign h[t-1] now
ht 1 = ht
# convert hts list into a 3D tensor [bsz, seq len, num outputs]
hts = torch.cat(hts, dim=1)
return nis, Nt_L.squeeze(Z) :SS)




Auto-Encoder Neural Network

—

Encode

Bottleneck

—

Decode

Autoencoders:
e Predict at the output the
same input data.
e Do not need labels
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Auto-Encoder Neural Network

class AE(nn.Module):
def init (self, num inputs=784):

super(}). init ()

self.encoder = nn.Sequential(
nn.Linear(num inputs, 400),
nn.ReLU(inplace=True),
nn.Linear(400, 400),
nn.RelLU(inplace=True),

[} nn.Linear(400, 20)
o
8 self.decoder = nn.Sequential(
) nn.Linear(20, 400),
o) nn.ReLU(inplace=True),
A nn.Linear(400, 400),
(8] nn.RelLU(inplace=True),
8 nn.Linear(400, num inputs)
(@) o )
=
?5 def forward(self, x):
foa) return self.decoder(self.encoder(x))
(O]
f% ae = AE(784)
(&) X = torch.randn(10, 784)
c print('Input tensor x size: ', x.size())
L y = ae(x)

print('Output tensor y size: ', y.size())

Input tensor x size: torch.Size([10, 784])

Qutput tensor y size: torch.Size([10, 784]) 41




Variational Auto-Encoder
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Variational Auto-Encoder

Q(z|X)
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Variational Auto-Encoder

# from https://github.com/pytorch/examples/blob/master/vae/main.py

Decode

Encode

class VAE(nn.Module):
def init (self):
super(VAE, self). init ()

self.fcl = nn.Linear(784, 400)

self.fc21l = nn.Linear(400, 20)
self.fc22 = nn.Linear (400, 20)
self.fc3 = nn.Linear (20, 400)
self.fc4 = nn.Linear (400, 784)

def encode(self, x):
hl = F.relu(self.fcl(x))
return self.fc21(hl), self.fc22(hl)

def reparameterize(self, mu, logvar):
std = torch.exp(0.5*logvar)
eps = torch.randn like(std)
return mu + eps*std

def decode(self, z):
h3 = F.relu(self.fc3(z))
return torch.sigmoid(self.fc4(h3))

def forward(self, x):
mu, logvar = self.encode(x.view(-1, 784))
z = self.reparameterize(mu, logvar)
return self.decode(z), mu, logvar

reparam. trick

vae = VAE()

X = torch.randn(10, 784)

print('Input tensor x size: ', x.size())

y, mu, logvar = vae(x)

print('Input tensor y size: ', y.size())

print('Mean tensor mu size: ', mu.size())
print('Covariance tensor logvar size: ', logvar.size())

Input tensor x size: torch.Size([10, 784])
Input tensor y size: torch.Size([10, 784])
Mean tensor mu size: torch.Size([10, 20])

Covariance tensor logvar size: torch.Size([10, 20])
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Deep Classifiers/Regressors

Front-end specific to signal type:

e Images: Conv2D

e Video: Conv2D + RNN or Conv3D
e Text: ConviD or RNN or both
[ J

Audio: Conv1d or Conv2d or RNN or combinations

A
I |

5|\ | T £/ AN N — |
RN 3 B - P ———
NN L, =t =k
Input A EA\ P -

224

Image 55 384 384 256 by
et 256 Max
Max Max pooling 4086 4036
Stride 06 pooling pooling
20\ || opq 6

55
27 dense dense
W\ 13 13 13 dense

MLP decisor with
classification or
regression output.

; : >

Pooling: MaxPool, AvgPool, Strided Convolutions...
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Deep Classifiers/Regressors

class AlexNet(nn.Module):

dense
1000

def init (self, num classes=1000):
super(AlexNet, self). init ()
self.features = nn.Sequential(
nn.Conv2d(3, 64, kernel size=11, stride=4, padding=2),
nn.ReLU(inplace=True),
nn.MaxPool2d(kernel size=3, stride=2),
nn.Conv2d(64, 192, kernel size=5, padding=2),
nn.ReLU(inplace=True),
nn.MaxPool2d(kernel size=3, stride=2),
nn.Conv2d(192, 384, kernel size=3, padding=1),
nn.ReLU(inplace=True),
nn.Conv2d(384, 256, kernel size=3, padding=1),
nn.ReLU(inplace=True),
.Conv2d(256, 256, kernel size=3, padding=1),
nn.ReLU(inplace=True),
nn.MaxPool2d(kernel size=3, stride=2),

dense dense

pooling 409% 4096

Max

13

1
=
=]

= )
- self.avgpool = nn.AdaptiveAvgPool2d( (6, 6))
self.classifier = nn.Sequential(
nn.Dropout(),
nn.Linear(256 * 6 * 6, 4096),
nn.ReLU(inplace=True),
nn.Dropout(),
nn.Linear(4096, 4096),
nn.ReLU(inplace=True),
nn.Linear(4096, num classes),

)
def forward(self, x):

x = self.features(x)

x = self.avgpool(x)

X = X.view(x.size(0), 256 * 6 * 6)
x = self.classifier(x)

return x




Deep Classifiers/Regressors

class AlexNet(nn.Module):

dense
1000

dense  dense
409 4096

def init (self, num classes=1000):
super(AlexNet, self). init ()
self.features = nn.Sequential(
nn.Conv2d(3, 64, kernel size=11, stride=4, padding=2),

alexnet = AlexNet() R
X = torch.randn(1, 3, 224, 224) = P g=2)s
print('Input tensor x size: ', x.size()) ride=2),
y = alexnet(x) e=3, padding=1),
print('Output tensor y size: ', y.size()) k=3, padding=1),
e=3, padding=1),
Input tensor x size: torch.Size([1, 3, 224, 224]) ['*"
Qutput tensor y size: torch.Size([1l, 1000]) p((6, 6))

T = T T

H nn.Linear(256 * 6 * 6, 4096),
nn.ReLU(inplace=True),
nn.Dropout(),

nn.Linear(4096, 4096),
nn.ReLU(inplace=True),
nn.Linear(4096, num classes),

T T
A
i

)
def forward(self, x):

x = self.features(x)

x = self.avgpool(x)

X = X.view(x.size(0), 256 * 6 * 6)
x = self.classifier(x)

return x




Inception module
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Inception module / Network in Network

{ GoogleNet ]

Convolution

9 Inception modules Pooling
Other

Network in a network in a network...

4 ' troll-face.ru

Szegedy, Christian, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed, Dragomir Anguelov, Dumitru Erhan, Vincent
Vanhoucke, and Andrew Rabinovich. "Going deeper with convolutions." CVPR 2015
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http://www.cv-foundation.org/openaccess/content_cvpr_2015/html/Szegedy_Going_Deeper_With_2015_CVPR_paper.html

Inception module / Network in Network

Filter
concatenation

) —

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

A

4

A

3x3 max pooling

—ip-

1x1 convolutions 1x1 convolutions

Lin, Min, Qiang Chen, and Shuicheng Yan. "Network in network." ICLR 2014.

Previous layer
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http://arxiv.org/abs/1312.4400

Deep Residual Networks

60
50
S
S 40
o
30
plain-18
===plain-34
20 T I I | |
0 10 20 30 40 50

iter. (led)

He, Kaiming, Xiangyu Zhang, Shaoqging Ren, and Jian Sun. "Deep residual learning for image recognition." CVPR 2016
[slides]
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http://www.cv-foundation.org/openaccess/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html
http://image-net.org/challenges/talks/ilsvrc2015_deep_residual_learning_kaiminghe.pdf

Deep Residual Networks

Residual learning: reformulate the layers as learning residual functions with
reference to the layer inputs, instead of learning unreferenced functions

X
weight layer
F(x) l relu .
weight layer identity

F(x) +x

He, Kaiming, Xiangyu Zhang, Shaoqging Ren, and Jian Sun. "Deep residual learning for image recognition.”" CVPR 2016
[slides]



http://www.cv-foundation.org/openaccess/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html
http://image-net.org/challenges/talks/ilsvrc2015_deep_residual_learning_kaiminghe.pdf

Deep Residual Networks

class ResLayer(nn.Module):

Residual learning: reformulate the layers

def init (self, num_inputs):

as learning residual functions with Z‘ﬁfé&@,ﬁﬁis—i’@um_tinputs

. . num outputs = num_1inputs
reference to the layer inputs, instead of Selr convl = nn-sequentiatl |
learning unreferenced functions §Euﬁﬁ‘plza<$t)tpu“” 3 padding=,

)

self.conv2 = nn.Sequential(
nn.Conv2d(num outputs, num outputs, 3, padding=1),
nn.BatchNorm2d(num_outputs],
nn.RelLU(inplace=True)

)

self.out relu = nn.ReLU(inplace=True)

def forward(self, x):

# non-linear processing trunk

convl h = self.convl(x)

conv2_h = self.conv2(convl h)

# output is result of res connection + non-linear processing
y = self.out relu(x + conv2 h)

return y

weight layer
F(x) l relu

weight layer

1

X
identity

x = torch.randn(1, 64, 100, 100)
print('Input tensor x size: ', x.size())
reslayer = ResLayer(64)

y = reslayer(x)

print('Output tensor y size: ', y.size())

L Input tensor x size: torch.Size([1l, 64, 100, 100])
r(gllj Output tensor y size: torch.Size([1, 64, 100, 100])

F(x) + x




Deep Residual Networks

Non-Residual connections

Residual connections
60 60
50 50
S S
5 40 £ 40
L L]
30 30
plain-18 ResNet-18 TN Ao,
===plain-34 ==ResNet-34 34-layer
20O 10 20 30 40 50 200 10 20 30 40 50
iter. (led) iter. (led)

He, Kaiming, Xiangyu Zhang, Shaoqging Ren, and Jian Sun. "Deep residual learning for image recognition." CVPR 2016
[slides]
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http://www.cv-foundation.org/openaccess/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html
http://image-net.org/challenges/talks/ilsvrc2015_deep_residual_learning_kaiminghe.pdf

Deep Residual Networks

AIAC W

L] ;
- i
" T x
o gt
- IET
y HEE: X Microsoft
- "Iz Research
) “E_?: 3.6% top 5 error...
o "ﬁ: with 152 layers !!
UNTILA T
DEEPER MODEL s
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Deep Residual Networks

Revolution of Depth 282
‘ 152 layers ’

Humans |

‘ 22 layers H 19 Iayers
\ 6.7

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

shallow

ImageNet Classification top-5 error (%)

He, Kaiming, Xiangyu Zhang, Shaoqging Ren, and Jian Sun. "Deep residual learning for image recognition." CVPR 2016
[slides]
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http://www.cv-foundation.org/openaccess/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html
http://image-net.org/challenges/talks/ilsvrc2015_deep_residual_learning_kaiminghe.pdf

Skip connections

Skip-connection

7N\
L WL WL WL

Figure: Kilian Weinberger
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Skip connections

32x upsampled

image convl pooll conv2  pool2 conv3 pool3 conv4 pool4 convy poolb  conv6-7 prediction (FCN-32s)

16x upsampled

2
pool4x convi prediction (FCN-16s)

8x upsampled
4x conv7 prediction (FCN-8s)

2x poold | | |

1 T

p0013[ | | I

1 T

Long, Jonathan, Evan Shelhamer, and Trevor Darrell. "Fully convolutional networks for semantic segmentation." CVPR 2015 & PAMI 2016.
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http://fcn.berkeleyvision.org

Skip connections: U-Net

1] 64 64
Downsampling Upsampling 128 64 64 2
Encoder Decoder
_input (Downconv) (Deconv) output
IMage |- NS .
tile LI .| segmentation
S| & & & map
NS E A g
'128 128
256 128
= E B
B E Sl e
' 256 256 512 256 t
S 1 “g[l?l?ol = conv 3x3, RelLU
— O O = o= 3
¥ s s Lo 512 f" - copy and cfop
I EE § max pool 22
. BT LI 4 up-conv 2y§2
%-E E =»> conv 1x1

Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for biomedical image segmentation." In International
Conference on Medical Image Computing and Computer-Assisted Intervention, pp. 234-241. Springer International Publishing, 2015



https://arxiv.org/pdf/1505.04597.pdf

Skip connections: SEGAN

- Enhanced
_ output

Lx1

L/(s”1) x k1

L/ (s”d-2)xkd-2

]
]
]
1
]
G | \L/(s"d-1)xkd-1
! :
: . clz | !
A ]
/A\ ! f'""”"" ]
V\i/ : E >/ cz E concat :ad-l
Vo e - |
J B
| L/(s”d)x kd : a2
] J
! :
1

L/(s”d-1)xkd-1

L/(s”2) x k2

L/(s™1) x k1l

/

wmw»«»w =

SEGAN in PyTorch GitHub

class DownConvldBlock(nn.Module):

def init (self, ninp, fmap, kwidth, stride):

super(). init ()
assert stride > 1,

stride

self.kwidth = kwidth
self.conv = nn.Convld(ninp, fmap, kwidth, stride=stride)
self.act = nn.ReLU(inplace=True)

def forward(self, x):

# calculate padding with stride > 1
pad left = self.kwidth // 2 - 1
pad right = self.kwidth // 2

xp = F.pad(x, (pad left, pad right))
y = self.act(self. conv(xp))

return vy

block = DownConvldBlock(1l, 1, 31, 4)
= torch.randn(1l, 1, 4000)
print('Input tensor x size: ', x.size())

y = block(x)

print('Output tensor y size: ', y.size())

Input tensor x size:

OQutput tensor y size:

torch.Size([1, 1, 4000])
torch.Size([1, 1, 1000])
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https://github.com/santi-pdp/segan_pytorch

Skip connections: SEGAN

| L x1
| L/(s”1) x K1

L/ (s”d-2)xkd-2
|L/(s“d:})xkd-1

P
[L/(s~d)x kd|

Enhanced
output

D
D
D ——

L/(s”d-1)xkd-1

_ L/(s72) x k2
/! L/(s”1) x k1

)

SEGAN in PyTorch GitHub

Noisy
input

class UpConvldBlock(nn.Module):

def init (self, ninp, fmap, kwidth,

super(). init ()

assert stride > 1, stride

self.kwidth = kwidth

pad = max(®, (stride - kwidth) // -2)

self.deconv = nn.ConvTransposeld(ninp, fmap, kwidth,
stride=stride,
padding=pad)

stride, act=True):

if act:
self.act = nn.ReLU(inplace=True)
def forward(self, x):
h = self.deconv(x)
if self.kwidth % 2 != 0:
# drop last item for shape compatibility with TensorFlow deconvs
h=nh[:, :, :-1]
if hasattr(self, 'act'):
y = self.act(h)

else:
y=h
return y
block = UpConvldBlock(1l, 1, 31, 4)
X = torch.randn(1, 1, 1000)

print('Input tensor x size: ', x.size())
y = block(x)

print('Output tensor y size: ', y.size())

Input tensor x size:
OQutput tensor y size:

torch.Size([1, 1, 1000])
torch.Size([1, 1, 4000])
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https://github.com/santi-pdp/segan_pytorch

Skip connections: SEGAN

Enhanced class ConvldGenerator(nn.Module):
def init (self, enc fmaps=[64, 128, 256, 512], kwidth=31,
OUtPUt o ~ pooling=4):

super(). init ()
self.enc = nn.ModuleList()
1 ninp =1
for enc_fmap in enc fmaps:
self.enc.append(DownConvldBlock(ninp, enc fmap, kwidth, pooling))
ninp = enc_fmap

L x1
L/(s”1) x k1
L/ (s”d-2)xkd-2
|L/(s“dj})xkd-1

self.dec = nn.ModuleList()
# revert encoder feature maps
dec fmaps = enc fmaps[::-1][1:] + [1]
act = True
for di, dec fmap in enumerate(dec fmaps, start=1):
if di >= Ten(dec_fmaps): -
# last decoder layer has no activation
act = False
self.dec.append(UpConvldBlock(ninp, dec_fmap, kwidth, pooling, act=act))
ninp = dec_fmap

skips = [1]

for ei, enc layer in enumerate(self.enc, start=1):

P i h = enc layer(h)
[[1IT e1 < (en(selT.enc):
( skips.append(h) |
[L/(s”d)x kd| F now decode

L/(s”d-1)xkd-1
_ L/(s72) x k2
/| L/(s”1) x k1

f ate(self.dec, start=1):

if di > 1:
# sum skip connection
skip h = skips.pop(-1)
h="h+skiph

dec_layer(h)

h =
y=h
return y

l H G = ConvldGenerator()
M"Mk‘“ﬂ \ ‘.‘ l;., l\l N0|sy x = torch.randn(1, 1, 8192)
i I H print('Input tensor x size: ', x.size())
input A
print('Output tensor y size: ', y.size())

SEGAN in PvTorch GrtHub Input tensor x size: torch.Size([1l, 1, 8192])

Qutput tensor y size: torch.Size([1, 1, 8192])



https://github.com/santi-pdp/segan_pytorch

Generative + Adversarial

D is a binary classifier, whose objectives
are: database images are Real, whereas
generated ones are Fake .

Real world

Y
4 samples ——> Sample
: Database Real
Discriminator
4}‘%‘\
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output layer
input layer . .
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Adversarial Training (batch update) (1)

e Pick a sample x from training set
e Show x to D and update weights to

output 1 (real)

Feed Forward
ajepdn
» doudyoeg

e e
<= -



Adversarial Training (batch update) (2)

e G maps sample zto X

e show x and update weights to output 0 (fake)

Backprop &

piemuo4 paaq

Backprop &

piemuo4 paaq



Backprop &
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Generating images/frames

Deep Conv. GAN (DCGAN) effectively generated 64x64 RGB images in a single
shot. It is also the base of all image generation GAN architectures.

Generator Discriminator

Project and reshape

fully

connected Strided Conv layers,
transposed no max-pool

conv layers (Radford et al. 201 5)

fully
Y Y connected



https://arxiv.org/abs/1511.06434

Generator

-
e
o
-

-

Project and reshape

# from https://github.com/pytorch/examples/blob/master/dcgan/main.py

class Generator(nn.Module):
def init (self, nc=3):
super(). init ()
nz = 100
ngf = 64
self.main = nn.Sequential(
# input is Z, going into a convolution

nn.ConvTranspose2d(nz, ngf * 8, 4, 1, 0, bias=

nn.BatchNorm2d(ngf * 8),

nn.ReLU(True),

# state size. (ngf*8) x 4 x 4
nn.ConvTranspose2d(ngf * 8, ngf * 4, 4, 2,
nn.BatchNorm2d(ngf * 4),

nn.ReLU(True),

# state size. (ngf*4) x 8 x 8
nn.ConvTranspose2d(ngf * 4, ngf * 2, 4, 2,
nn.BatchNorm2d(ngf * 2),

nn.ReLU(True),

# state size. (ngf*2) x 16 x 16
nn.ConvTranspose2d(ngf * 2, ngf, 4, 2,
nn.BatchNorm2d(ngf),

nn.ReLU(True),

# state size. (ngf) x 32 x 32
nn.ConvTranspose2d( ngf, nc, 4, 2,
nn.Tanh()

# state size. (nc) x 64 x 64

[

[

[

[

)

def forward(self, input):
return self.main(input)

z = torch.randn(1, 100, 1, 1)
print('Input tensor z size: ', z.size())
G = Generator()

x = G(z)

print('Output tensor x size: ', x.size())

Input tensor z size: torch.Size([1, 100, 1, 1])
OQutput tensor x size: torch.Size([1, 3, 64, 64])

False),

bias=False),

bias=False),

bias=False),

bias=False),



DCGAN

class Discriminator(nn.Module):
def init (self, nc=3):

M = super(Discriminator, self). init ()
1t ndf = 64

self.main = nn.Sequential(
# input is (nc) x 64 x 64
nn.Conv2d(nc, ndf, 4, 2, 1, bias=False),
nn.LeakyRelLU(0.2, inplace=True),
# state size. (ndf) x 32 x 32
nn.Conv2d(ndf, ndf * 2, 4, 2, 1, bias=False),
nn.BatchNorm2d(ndf * 2),
nn.LeakyRelLU(0.2, inplace=True),
# state size. (ndf*2) x 16 x 16
nn.Conv2d(ndf * 2, ndf * 4, 4, 2, 1, bias=False),
nn.BatchNorm2d(ndf * 4),
nn.LeakyReLU(©.2, inplace=True),
# state size. (ndf*4) x 8 x 8
nn.Conv2d(ndf * 4, ndf * 8, 4, 2, 1, bias=False),
nn.BatchNorm2d(ndf * 8),
nn.LeakyRelLU(0.2, inplace=True),
# state size. (ndf*8) x 4 x 4
nn.Conv2d(ndf * 8, 1, 4, 1, 0, bias=False),
nn.Sigmoid()

tor

ISCrimina

)

def forward(self, input):
return self.main(input)

D

X = torch.randn(1l, 3, 64, 64)
print('Input tensor x size: ', x.size())
D = Discriminator()

y = D(x)

print('Output tensor y size: ', y.size())

Input tensor x size: torch.Size([1l, 3, 64, 64])
Qutput tensor y size: torch.Size([1, 1, 1, 1])




Conclusions



Conclusions

We have reviewed basic architectures (most fundamental layers), their relations against each other, and
their implementations.
o We made some implementations that change some basic block properties/efficiency (i.e.
Embedding, causal convolution, etc.).
We have reviewed some advanced architectures built on top of the basic ones.
o Hybrid combinations of basic blocks with QRNN
o Auto-Encoder structures to do unsupervised learning and generative modeling
o Deep convolutional classifiers, their evolutions in ImageNet challenge and residual connections.
o Skip connections and their usage in deep architectures and U-Net structures.
o DCGAN has been revisited, breaking down its generator and discriminator structure.
All these shown models serve as templates for many typical applications (at least as starting point)
Combining the mentioned structures often boosts results, but often with a data hungry trade-off as

complexity grows.
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