Intro to Deep Learning

1) The neuron model

2) Gradient descent

3) Architectures (mostly for
vision)

4) Model evaluation



Learning the weights of a single neuron
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The big question about the weights

" A single neuron can solve any linear problem, given the right

weights B.

= But how to find the right weights?

= We will use gradient descent



Gradient descent

We want to update a weight p to make the model better

5(T+1) _ 5(7“)_|_ ?



Gradient descent

= We want to find the minimum of an error function (or loss)

= We start with an initial guess of the parameter B
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Gradient descent

= We want to find the minimum of an error function
" We start with an initial guess of the parameter p

" We change its value in the direction of maximal slope
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Gradient descent

= We want to find the minimum of an error function
= We start with an initial guess of the parameter p
" We change its value in the direction of maximal slope

" We continue until reaching a minimum
A
Loss
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Gradient descent - how

The derivative measures the steepness of the graph of a function
at some particular point on the graph.
Thus, the derivative is a slope.

ox h—0 h

N

Partial derivative notation

It is also a function, it varies according to X

We change its value in the direction of maximal slope

f(x)

secant line

(x_o+ hf(x_o+h))

(x_o,ftx_o))

Source: https://www.ugrad.math.ubc.ca/coursedoc/math100/notes/derivs/deriv5.html
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Derivative rules

Derivative Rules

Basic Derivatives Rules

Constant Rule: %(c) =0
: d

Constant Multiple Rule: E[cf(x)] =cf'(x)

B d n n-1
Power Rule: —(x")=nx

dx

d - ,

Sum Rule: Z[f(x)a.- gx)] = f(x)+ g')

Difference Rule: zid—[f(x) - g(x)] =f(x)-g'(x)
X

Product Rule: %[f ()g(0]= f()g )+ g(x)f (%)

Quotient Rule: i[f(x):'= g(x) f'(x) - fz(x)g '(x)
dx | g(x) [g(x)]

Chain Rule: %f(g(x)) - Fe(x)g @)

Exponential Functions

d x x
E e )= e
d

73
:_x(eg(X))= eg(X)g '(x)

a"): a*lna

;_x(ax(l))= ]n(a)ag(x) g '(x)

Logarithmic Functions

;—x(ln X )o= 1;,,\: >0
d _8'(®)
Eln(g(x)) = m

x>0

d
—(1 = 5
dx(ogax) xlna’

d __ig'0x)
E(hga g(x))= e e

Trigonometric Functions
d , .

—(sinx) =cosx

= ( )

d .
—(cosx)=-sinx

e ( )

d )
—(tanx) =sec” x

dx

d
—(cscx)=—cscxcotx
dx

d
—(secx)=secxtanx
dx

;—x(cotx) = —cscx

Inverse Trigonometric Functions

i sin'lx)= L ﬂ,x;ti'l
dx 1= x*

d (cos'lx)

dx \/1 x?
- 1

o)

d s v ol
Lleort)

di(sec'lx)= 1 s 110
X

x-\/‘x2 -1

i(csc'1x)= 1 3L ifem ) (1 1)
dx xyx? -1

Hyperbolic Functions
d: =
. (smh x) =coshx
i(cosh x) =sinh x
dx
i(tanh x) =sech®x
dx
d
E(csch x) = —csch xcoth x

di(sech x)=—sech x tanh x
X

i coth x)=—cschx
d
L

Inverse Hyperbolic Functions

d g s s K0 1
d—(smh x)—«/1+_x

d

i (cosh x) \/_

d

=l

d st -

E(csch x) leﬁ,x
%(sech"x)—x\h_l_x 0<x<l1
—(coth™ x )= x|>1
2 (coth™ x) g

X
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What is a loss in practice?

It's a number that measures how bad a model is (we want to make the
loss small).

For regression problems (example, a counting problem), a typical loss is
the Mean Squared Error (MSE):

_ ~ 2
Lavise = E :(yz’ — ;)
1
For binary classification problems, a typical loss is the Binary Cross
Entropy (note that 0 <y < 1):

Log = Zyz log y; + (1 — yz) log(l — ?)z)
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What is a loss in practice?

Let's use MSE as an example.

Lyse = Z@z — i)

1

What would be the derivative of the loss and what does it mean?

OLNSE
0Y;

12



Gradient descent - how

To update a weight B, we remove to its value the derivative

af(53)
(r+1) _ p(r) _

a is called a learning rate

(r) is the current iteration, (r+1) is the next iteration
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Gradient descent - how

To update a weight B, we remove to its value the derivative

af(53)
(r+1) _ p(r) _

a is called a learning rate
(r) is the current iteration, (r+1) is the next iteration

Why the minus sign?
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Gradient descent - how

To update a weight B, we remove to its value the derivative

Bl = ) _ o 55
a is called a learning rate
(r) is the current iteration, (r+1) is the next\iteration
Why the minus sign?

Because we want to move towards a minimum!
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Some intuition

" In the 2D case this is simpler to

visualize

" (the grey tone of the plot is the

error, the darker the smaller)

Parameter 2 (B,)

Parameter 1 (0[31)
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Some intuition

" In the 2D case this is simpler to

visualize

" Your initial parameter [, "), (1]

is @ 2D vector from the origin
[0,0]

[Bl<1>,ﬁz<

Parameter 1 (B,)

Parameter 2 (B,)
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Some intuition

" In the 2D case this is simpler to

visualize

" Your initial parameter [, "), (1]

is @ 2D vector from the origin
[0,0]

= We compute the

Parameter 1 (B,)

Parameter 2 (B,)
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Some intuition

" In the 2D case this is simpler to

visualize

" Your initial parameter [, "), (1]

is @ 2D vector from the origin
[0,0]

= We compute the

=" The 1S

the sum of the two vectors

Parameter 1 (B,)

Parameter 2 (B,)
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... and then again

" In the 2D case this is simpler to

visualize

" Your initial parameter [B,(*),B,(?]

is @ 2D vector from the origin
[0,0]

= We compute the

=" The 1S

the sum of the two vectors

Parameter 1 (B,)

Parameter 2 (B,)
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In images - 1 calculate the

Loss

Values of our parameter

(B)

0f(B)

0p
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In images - 2 this gives you the

Loss

()
B Values of our parameter

(B)

0f (B)
0p
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In images - 3 which gives you the and

Its error

Loss

1 2
po  p@ Values of our parameter

(B)

0f(B)
0p

B+l = 3 _ o
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The learning rate 5(

r+1) __ 5(7“) o &8f(5)

0p

= It decides by how much you multiply the step vector

Large a can lead to faster convergence than small

A
Loss

JB)

[3(1)

B(Z)

A
Loss

B(l) B(Z) B(4)
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) _ g0 _[g

0f(B)

The learning rate 5(

= It decides by how much you multiply the step vector

Too large a can lead to disaster

A
Loss

0p
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Momentum

" The last trick is called momentum

= Momentum discourages sharp changes of direction in the

descent.  ABT = g _ gr=1)

= It basically adds a termargoéingdisacthelidingectien of the previous
momentum

step

9,
gt =0 — a2 g

https://distill.pub/2017/momentum/



https://distill.pub/2017/momentum/

Pen and paper - Exercise 1

We try to minimize the function f(p)=5p%-35+2 with respect to g (this
means by modifying only ) using gradient descent. Let us initialize as
p=4.

1. What is the value of g after 3 gradient descent steps, using a
learning rate of 17

2. What is the value of g after 3 gradient descent steps, using a
learning rate of 0.017

3. What is the value of g after 3 gradient descent steps, using a
learning rate of 0.17

4. In which of these cases could momentum help and why?

Tip: What is the derivative of f(p)?
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Pen and paper - Exercise 1

We try to minimize the function f(p)=5p%-35+2 with respect to g (this
means by modifying only ) using gradient descent. Let us initialize as

p=4.

1. What is the value of g after 3 gradient descent steps, using a
learning rate of 17

2. What is the value of g after 3 gradient descent steps, using a
learning rate of 0.017

3. What is the value of g after 3 gradient descent steps, using a
learning rate of 0.17

4. In which of these cases could momentum help and why? af(ﬁ)

r+1 T
Tip: What is the derivative of 5( +1) — 6 (r) _ X

f(5)? 85

It's df(p)/dp = 10p - 3
28
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