
M
ar
in
a
M
ei
la
|
C
S
4
8
0
/
6
8
0
W

in
te
r
2
0
2
6
:
L
ec

tu
re

V
–
R
es
N
et
s,

C
o
n
vN

et
s,

T
ra
n
sf
o
rm

er
s

2
/
8
/
2
6

1
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Convolutional networks (Convnets)

Residual networks (Resnets)

Some (convolutional) neural network breakthroughs

Transformer networks

Reading HTF Ch.: 11.3 Neural networks, Murphy Ch.: (16.5 neural nets), Bach Ch.: –, Deep
Learning Book (Goodfellow, Bengio, Courville) 6.1-4, ResNet 7.6, ConvNet 9., Autoencoders
14.1, Dive Into Deep Learning 4.1-4.3.
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ConvNets – Convolutional Networks

▶ discrete convolution let f , g : Z→ R
Z = all integers

(f ∗ g)(t) =
∑
i∈Z

f (t − i)g(i) (1)

▶ convolution as Toeplitz matrix vector multiplication

▶ in ConvNets, Z is replaced by 1 : m, f is padded with 0’s
▶ g is a (smoothing) kernel
▶ i.e. g(i) = g(−i) > 0 and | supp g | = 2s + 1 ≪ m,

∑
i g(i) = 1

▶ Convolutional layer f ← x input, g ← w weights, s output

s(t) =
t+s∑

i=t−s

wi s(t − i) (2)

▶ Pooling
a symmetric function like max,

∑
, . . .
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Convolution for feature extraction
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from www.deeplearningbook.org Chapter 9
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Resnets – Residual networks

Idea What is the “simplest” input-output function? f0(x) = x
▶ Hence, a NN layer should learn the difference w.r.t. identity f0

x(l+1) = B(l)ϕ(W (l)x(l))+x(l) (3)

Here we must have ml+1 = ml

Generalization DenseNet
▶ Layer l gets inputs from l − 1, l − 2, . . .. These inputs are in parallel hence ml ,ml−1, . . .

need not be equal
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Transformer networks: Why we need attention

▶ mapping sequences to sequences (structured prediction)
▶ both long and short range dependencies
▶ range depends on input sequence
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Basic architecture

▶ inputs x1, x2, . . ., outputs y1, y2, . . . from discrete set
(e.g. words in English, Chinese)

▶ continuous internal representations
▶ embedding modules map input or output space to

continuous representations (prelearned)

▶ recurrence/auto-regression yt depends on x1:t+k and
y1:t−1

▶ encoder, decoder, encoder-decoder modules
(which use attention)
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How to implement attention

▶ queries, keys and values
▶ all learned
▶ Idea: query q matches key k results in selecting the corresponding value v
▶ q depends on current context, k depends on v
▶ q, k ∈ Rdk

▶ Q, K , V matrices of queries, keys, values

A(Q,K) = softmax(
1
√
dk

QKT ) (4)

▶ Aq: selects value v for the best matching key for each q
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Transformer architecture

▶ D,E,DE modules: each have N = 6 layers of Attention + Feed-forward (FFW) networks of
same d = 512

▶ FFW, A are ResNets
▶ FFW is W2 max(W1x , 0), W1,2 with identical rows
▶ A is multihead attention

▶ h = 8 parallel attention layers, concatenated

▶ advantages – implements long distance dependencies with fixed (small) number layers, and
parallel computations
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Attention mechanism in Transformer

▶ encoder-decoder
▶ queries from previous decode layer
▶ keys, values from current encoder output

▶ encoder – self-attention (=previous
encoder layer)

▶ decoder
▶ self-attention, masked
▶ only from outputs before current step
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