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Wy Deep Learning

My perspective on what (supervised) “Deep Learning” is:
A fancy word for function approximation

Assume there is an unknown function (& that maps some kind of input data x to
some kind of desired output v.

Assume we are given some evaluations of this (unknown) function (. This is what
we will call training data!

1. Choose a parameterized function N (x; ) in the hope that for the right choice
of parameters @ it approximates the unknown function G well. We call A/ the

network, and sometimes refer to ¢ as the weights.

2. Try to determine suitable weights 6 in such a way that N (x;; 0) ~ y; holds for
all examples (x;, y;) from your training data set. This is referred to as training
the network.

3. Make try to ensure that both, the architecture as well as the training are chosen
in such as way that the network makes good predictions during inference, i.e.
on previously unseen data z: N (z;60) = G(x). We refer to this property as

generalization.
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1 Linear regression

Training at the example of using a linear network and quadratic loss function

N(z;;0) =0 (ﬁﬂ)

LN (z;,0),y;) = IN(z;,0) — y;|°

The overall quality of the current parameters ¢ is then measured by summing the
loss function over all training examples:

E(0) = Z IV (z5,0) — y;1?

Finally, one tries to determine the optimal parameters 9 as the argument that
minimizes the training costs:

For (affine) linear networks this

0 = arg min E(6)

0 results in a linear equation! Why?

During inference, one uses A/(z;6) to make predictions.
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1 Optimality conditions

/If all partial derivatives of a function £ : R™ — R exist and are continuous, we\
call £ continuously differentiable, and call

o8
001

VE:=| : |: R* > R"
oE
00,

Qhe gradient of F. Evaluating the gradient at a point ¢ yields a vector in R". /

4 N
Necessary condition for local minima: If F : R™ — R has a local

minimum at some point #, then it holds that
VE() =0
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l.' UNIVERSITAT Fully connected networks

Deep Learning = Using deeply nested functions!

N(z;0) =X (. (0 (2 0Y) .. ) 057 1) 65)

Architecture of fully connected networks

i R™ x R x(mitl)  Rren

If the ir_.oi\I gil [ Input vector
index i / ke - 1 <— concatenated with 1
is odd: Output vector T
of size n't! Parameter matrix of

size n'Tt x (n' +1)

This is called a fully connected layer!

If the Use a simple, . " /Ry R
index i componentwise BRI _ )
is even: nonlinear function! rectified linear unit ( (Z))J — maX(Zja )

This is called an activation function!
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[' SNIVERSITAT Training algorithms

Unfortunately, as soon as the network has
at least one hidden layer, the optimization
becomes much more difficult!

i,
i

il
I/

D

. Reason: High dimensional nonconvex
XX . "

N functions can rarely be optimized to global
optimality!

Common deep learning approach: Resign the desire to compute global
minimizers! Iteratively reduce the training costs — at most until you reach

A

VE(0) = 0. 0One never even checks sufficient conditions for local minima.

Most commonly used algorithms are variants of

gradient descent!
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l' UNIVERSITAT Gradient descent

Basic idea: For a continuously differentiable £/ : R™ — R, the quantity
—VE(6#) points into the direction of steepest descent.

Move into this direction!
Ak+1) = (k) — 7 VE(O(k))

New Previous Direction of steepest
parameters parameters descent

The parameter T is called step-size or learning rate.

Discussions on the board:
1. If the iteration converges, it converges to a point 0 with VE(@) =0

2. For a sufficiently small T it holds that F(6(k + 1)) < E(8(k)),

(even strict inequality if the algorithm has not yet converged)
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l.' UNIVERSITAT Gradient computation

How do we compute the gradient of a deeply nested function?

4 )
Remember: Chain rule

. E=fog = VE(x)=Vg(x) Vf(g(x)) y

Essetially, gradient computations (known under the name of backpropagation)
are just a repeated application of the chain rule!

oL df oL

ZC'&E\MZ

function

of
0
/ g local 0L
/ dy gradients —
0z

Yy oL af oL

e 2= f(x,v)

G5t Gt S Michael Moller — michael.moeller@uni-siegen.de



l.'g’.’g‘g’EENRS'TAT Backpropagation - examples

Scalar example:

x d=x+y

Y

Vector- and matrix-valued computations:

N(z:0) = 05 o(0x + 0,) + 0, E0) = [N(x;0) -y’

Output Zi_

of previous layer

(92)1 1 function f(A, B) =A-B Ae R™*™ B c R™*°
_ ’ : . vector! 'L

(0721 — “——= % “V,f(A, B) = right multiplication with BT”

V.iL

‘07):’(//v oo avecter “Vpf(A, B) = left multiplication with A?”
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['g,’;g’;NRS'TATStochastic gradient descent (SGD)

Problem:

E(0) = D LN (z4;0), )

training examples j

Can easily be a sum
over 1,000,000 terms

ldea: Use only a few random summands to compute an approximate gradient:
E(0) = Z L(N(z;,0),y;)  foravery small index set I(k)
JEI(k)
Update the parameters using this approximation

0k +1) = 0(k) — 7VEL(0(k)) ~ 0% — rVE(6F)

Randomly selecting entries in the index set I (k) leads to the name stochastic
gradient descent. The training examples (Z;,%;) with j € I(k)are called a mini-
batch.
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['g,’;g’;NRS'TATStochastic gradient descent (SGD)

Theoretical result: In order for

lim E[|VE(0(K))|*] =0

the step size 7(k) needs to satisfy

ZT(]C) = 00, ZT(k)z < 00

Popular choice of stepsize: AdaGrad
c(k+1) = c(k) + [VEOR)?  7(k) = (c(k+1))""/?

O(k+1)=0(k)—71(k) VEL(0(k))
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l.'g’.’g‘g’EENRS'TAT GD with Nesterov Momentum

Ok + 1) = (k) — 7(k)VE(O(k)) + a % v(k + 1)

Gradient descent + additional velocity
vik+1)=a-v(k)—7(k)VE(0(k))
new velocity old velocity = accumulating gradients, i.e. "speeds + directions”

damping with « < 1, could be interpreted as friction

Gradient descent with

Gradient descent Momentum
——f(x) = 1/2*x.2 + 0.35"sin(pi*x) —f(x) = 1/2*x.2 + 0.35"sin(pi*x)
X Current iterate ] I X Current iterate

S O 2068 Michael Mdoller — michael.moeller@uni-siegen.de Slide 12



1 P Adam

SGD + Nesterov Momentum is one of the two most popular methods.

Possibly slightly more popular: Adam.

It combines some techniques we have seen before.

A notion of velocity: convex combination
v(k+1) =" -+ (Br-u(k) — (1= B1) - VER(0(F)))
new velocity old velocity SUSEEEE

approximate gradient
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1 P Adam

SGD + Nesterov Momentum is one of the two most popular methods.

Possibly slightly more popular: Adam.

It combines some techniques we have seen before.

A notion of velocity:

ok 1) = T - (B o) = (1= B1) - VEL(O(R)

Keeping track of the norm of the stochastic gradients (similar to AdaGrad):
c(k+1) = - (Baclk) + (1 = B2) (VER(6) © VER(6%)))

convex combination element-wise product
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1 P Adam

SGD + Nesterov Momentum is one of the two most popular methods.

Possibly slightly more popular: Adam.

It combines some techniques we have seen before.

A notion of velocity:

ok 1) = T+ (B o)+ (1= B1) - VEL(O(R)

Keeping track of the norm of the stochastic gradients (similar to AdaGrad):

c(k+1) = (B2c(k) + (1 — B2) (VER(0%) ©® VE(6%)))

1
1= (B2)"

Move into the velocity direction with a vector-valued stepsize similar to AdaGrad:
O(k+1) = 0(k)—7(k)-d(k+1) © v(k+1),  dk+1) = (c(k+1)+e). "/

element-wise product element-wise 1/sqrt
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l' UNIVERSITAT How to start?

x10*

x10*

—(()).01 —0.605 0 0.605 0.01
2><104
003 -002 001 0 001 002 003 1.5
. . . 1
Distribution of data
0.5
Investigation suggests: A Y
We choose var(0*) = for a fully connected layer §* ¢ Ri+1 X"
n; + Nj41

in a network with RelLUs.

Option: Use explicit normalization by batchnorm! It comes with parameters that allow
you to undo the normalization.
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a B voversmar Good practice: Validate!

Without validation it is impossible to judge whether your model is

reasonable or starts overfitting the data! Therefore;:

Total set of pairs (55'3'7 yj)

Validation Test data

- 0
Training data 60% data 20% 20%

Use for architecture, training algorithm, hyper-parameters Do not touch for tuning!
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" UNIVERSITAT
SIEGEN

How do vou use the validation set?

Good practice: Validate!

Training loss

\

Validation loss

L%rﬁtting the

training datal!

50 100 150 200 0 50 100 150

This is where you want

to stop your optimizer!

200

Oct. 9st, 2018
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l.'g.’g‘g’EENRS'TAT Ways to improve generalization

We have seen the following generalization techniques

4 ) 4
Early stopping

Stop optimizing once the validation
loss increases!

Data augmentation A

If you know transformations that
should not alter your prediction, use

N y \them to generate more training data)
4 Regularization with a penalty A 4 Dropout A
Bound or penalize your weights, e.g. Train redundant networks that can

by a quadratic penalty. Use any kind accomplish a task with many
\ of prior information! y \ different features! y
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"UNNERSIW Deep Learning Recipe

SIEGEN

C A 4 Does the training error Increase the network’s
Do you have a small decay reasonably at the expressiveness.
training error? beginning of the .
ining? . .
\§ J \§ WL Tune your training.

/Use more data (if possible).\

low learning rate

Regularization techniques.
Do you have a small

validation error? Use prior knowledge

(modelling parts \

high learning rate

\§
k Of the network) j good learning rate —
epoch -
4 )
Perfect! You’re done! ] ]
If nothing works, try a different
\_ ) network architecture.
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l.'é’.'&'é‘éﬁ‘s'm Correlation/Convolution

Animation taken from https://sites.google.com/site/nttrungmtwiki/home/it/data-science---python/tensorflow/tensorflow-and-deep-learning-part-3

Are you able to write down a formula for this operation?
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https://sites.google.com/site/nttrungmtwiki/home/it/data-science---python/tensorflow/tensorflow-and-deep-learning-part-3

wlvssm Reducing the size

Stride: Input image
1 2 -1 4 4 2 . .
Convolution result without

4 -1 2 3 6 2 kernel padding and stride 3

0 -1 0
2 1 4 1 3 3 13 12
1 5 2 4 8 7 -1 4 | -1

5 13

3 5 2 1 9 8 0| -1]0
6|l 5/7| 6 6 6 g

Another frequently used way to reduce the size of the image are pooling layers
All pooling variants use a sliding window over the image (similar to a convolution),
but often in a non-overlapping fashion. Each window (of which one can specify
the size), gets reduced to a single number, by
« Taking the maximum value among the entries within the window (max.-pooling)
« Taking the average value among the entries within the window (avg.-pooling)

« Less frequent: Taking the ¢ norm of each window (fractional max-pooling)
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l'é’.'&‘é‘éﬁs”“ Transposed Convolution

« A convolution is a linear operator

* Any linear operator can be respresented as a matrix (for a given basis)

« Any matrix has a transpose

« The operation arising from transposing a convolution matrix is called transposed

convolution or deconvolution or adjoint of a convolution.
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UNMERSITAT — Image classification

“Car” “Balloon” “Giraffe”

Representation of a classification result: ¥ € R | where ¢ is the number of

classes. Identification: ¥ = e; < the object belongs to class 7

Most common loss: Cross entropy When combined with a soft-max

L(z,y) = — Zyz log (i), L(sm(x),y) = —log ( e ) ;

= —log(z;) ify=e
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g Going deeper?

Strange behavior: At some point, going deeper does not improve the results DESPITE
the network neither suffering from overfitting nor from an obvious problem in the training!

20r 201
2 _
< 3 S6-layer
o S’
s S 1l 20-layer
en 3)
= S56-layer 2
£ 5
CE ~—
= 20-layer
% I 2 3 1 5 6 % I : s i 5 6
iter. (1e4) iter. (le4)
From He et al. “Deep Residual Learning for Image Recognition”
X
k4
weight layer
Possible solution: Use skip connections! F(x) y el <
weight layer identity
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1 O Transfer Learning

1. Train a network on a large annotated dataset, e.g. train for good classification
results on imagenet

(7

\piono)

2. Copy the trained network, throw away the last fully connected layer

Adosjua ssoud
‘89 ‘uonduny sso

19Ae|
pa323uuod Ajjn4

()

uonouny
SSO| MaN

Q. I = O

19Ae| pardauuod
Ajiny maN

3. Assign a new layer, e.g. fully connected, and a new loss.

4. Train new network on little data, possibly freeze (or reduce stepsize for)
convolutional weights.
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l'é’.'&‘é‘ﬁs”“ Algorithm-based architectures

If you have an algorithm that works well on a certain problem, exploit its power and
design network architectures along the algorithm’s structure!

For example: If gradient descent on a model-based cost function works well, e.g.
"t = gF — TV E (")

You could replace it by
gt = 2% — T N(VE(2");6)

for a small network A parameterized by 6.

Using 2 iterations of the modified gradient descent would result in an architecture

~

N(z;0) = (x — TN (VE(z);0)) —tN( (2 —7N(VE(x);0)) ;0)

Common approaches would use at least 10 iterations, and possibly initialize the
network to be identical. Note the ResNet-structure!
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el s Network compression

For reducing the size and computation burdon of networks, we learned about

- . . Layer-wise e
« Factorizing convolutions convolution
and group convolutions kxkxc w ¢1 X Cg w0
w C
C1 C1 2

* Reducing the number of channels

* Reducing the resolution of the input

Quantizing weights

Any questions about anything?
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