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Agenda

1) Perceptron

* Recap

* Hands-on tutorial
* Optimizers

2) Feedforward Neural Networks
* The limitations of Perceptrons
* Multi-layer Perceptron

* Training: the forward and back-propagation
* Debugging tips



Intro to
optimization



Review on Linear Regression

Task (T)

Input x € R"
Weights w € R"

fl,w) = x3wy + x,Wwy + -+ x,W,

Dataset

(X train' Y train)
X,y)
(Xtest: )’test)

Linear regression example
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Training

MSE (train)
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wy

Solves linear problems

Can’t solve more complex problems (e.g., XOR problem)



Linear Regression Optimization

e Add an offset wy: f(x;w) = wlix +wy, D = {(x(, V1), ... (X, V)}
n
w* = arg minz(wai + wy — y;)?
w
i=1

= argmin L(w; D)
w

OL(w;D)

= (O foreachi
ow;

* Set




Mean squared error loss

Rewrite:
(Xw—y) (Xw—y)=(w'X" —y")(Xw —y)
—w X' Xw-w' Xy -y Xw+yly
—w X" Xw— 2w X'y L y'y.
a T Tl . 0
%W X' Xw—2w X' y+y'y=
2X'Xw —2XTy =0
XTXw=X"y
w=(X"X)"'X"y



Regularization

* Ridge regression: penalize with L2 norm

w' = argmanL(f(xl,w) Vi) +/12W

* Closed form solution exists w* = (Al + XTX)"1XTy
e LASSO regression: penalize with L1 norm

w* = arg mlnz L(f(x;;w),y;) + AZ|WJ|

* No closed form solutlon but still convex (optlmal solutlon can be
found)



Regularization

e Prefers to share smaller
weights

V/ \(O * Makes model smoother

* More Convex
(D
w/2 / w/2
O b



Loss Minimization

Minimum

Convex loss functions can be solved by differentiation, at the point where Loss is minimum
the derivative wrt to parameters should be 0!



Expectation Reality




Perceptron



Perceptron: Threshold Logic
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Perceptron: Threshold Logic

0 if yw ' f(x) > 0
—yw  f(x) ifyw'f(x) <0

Lperc (x,9) = {

Bias
b

T Activation
/\ function  Output
Z > f - U

Weights

1 o— W1

Inputs { T2 o——— W2




Activation functions

Sigmoid ] Leaky RelLU )
o max(0.1x, x)

0-(33) T 14e=

tanh Maxout

tanh(:c) e * max(wirm + b1, wQTT + b2)

ReLU / ELU J

T .2 ()
maX(()) fE) N ) {a(ex _ 1) G - .



Optimizers (pt1)

Gradient

A _ oE
Wk =~ owy, Error

. "' " '.“ " _I ! ”iv_ 7-» r_, ,‘ ‘ ‘.’
= E w'X; — AT e e,
awk< ( ~ i) ) s : Ny,

Wit1 = Wi + Awyg

W,

Stochastic gradient descent (SGD)




Optimizers (pt1) practical est

Ir_val =[1;0.1; 0.01]
momentum_val =
nesterov_val = ‘False’

Hyperparameters decay val = 1e-6
* Learning rate (a)

0E
AWk = _aa_VVk

— —aa—VVk< Z(WTX yl )

Wiy1 = Wi + Awy

Stochastic gradient descent (SGD)

Result of a large learning rate a



Gradient Descent

* Gradient descent refers to taking a step in the direction of the
gradient (partial derivative) of a weight or bias with respect to the
loss function

* Gradients are propagated backwards through the network in a
process known as backpropagation

* The size of the step taken in the direction of the gradient is called the
learning rate



Optimizers



Optimizers
Hyperparameters \\
: Sox
* Learning rate (a)
* ’
A oF Local Mini )
Wy = —a'a—ka OCa Inima
_—aa—Wk< Z(WTX V;)i ) \\ : ,‘

Wir1 = W; + Awy, \\\\ /
N /

Stochastic gradient descent (SGD) | \/

Multiple samples



Optimizers

Hyperparameters
* Learning rate (a)
* Momentum ()

Vi1 = VP — a’a—wk< Z(WTX Yi)i )

Wiy1 =W;+v

—-30
-30 =20 -10 O 10 20

SGD

SGD+Momentum

Stochastic gradient descent with momentum (SGD+Momentum)



Optimizers
Hard to pick right hyperparameters

-Small learning rate: long convergence time
- Large learning rate: convergence problems

Adagrad: adapts learning rate to each parameter

AW, . = —qr O, = —aV,E(w,) - Learning rate might decrease too fast
fe.t OWy ¢ wERTE - Might not converge
9ti = WwE(we,) - a
Wittt = Wei — ——/——=9It,i
—Giy1,i = Gri + 910 O Gt JGei T €

accumulated squared gradient



Optimizers

RMSprop: decaying average of the past squared gradients

Adadelta

Elg?]; = YE[9%];-1+(1 —y)g? E[AG]: = YE[AL]—1+(1 — Y)AG
\— Exponentially decaying average _ \/E[Agv]t + €

Aw; = It
1/ Gt,i + €
oE, — Exponentially decaying over the weights
Awp s = —a Iw,, = —aV,E(w) = —Qagt,i P Y ying &
it

gei = P (wes) — e = W -
’ ’ t+1,i — Wt It
Gt,i + E

Gey1=VGei + (1 —V¥)Ge, O, Gt



Optimizers

ADAM: decaying average of the past squared gradients and momentum

RMSprop / Adadelta
9ei = VWwE(We;) — U = 1 -t t
Gev1,i = VGei + (1 =¥)gri O Ge,i - Ve = Boveg + (11— ﬁz)gtz— i
my =pime_q + (1= F1)g:
L
my = T

Wis1,i = Wei —

A\

U+ €



e e

SGD

= NAG
- Adagrad
Adadelta
Rmsprop

Momentum

Hnrrrrr

-  SGD

- Momentum
- NAG

- Adagrad
Adadelta
Rmsprop

1.0

Which optimizer is the best?



