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Basis Function Expansion
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Basis Function Expansion

f(z;0) = Wo(x) +b qb(ilj‘) — [1,IE,$2,ZE3,...]

Deep Neural Networks (DNNSs)



Multilayer Perceptrons (MLPs)

perceptron: a deterministic version of logistic regression
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Multilayer Perceptrons (MLPs)

Differentiable MLPs

<] = fl(zl—l) — Ll (bz + szl—l)

ReLU(a) = max(a,0) = al (a > 0)
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Computational Graphs

hi = wix1 + woxe + b
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Logistic Regression

hi = wix1 + woxe + b
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Loss Function

case y = 1 :
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Computational Graphs
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Parameter w1 W9
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How to minimize? (Automatic Differentiation)
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How to minimize? (Automatic Differentiation)
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Example: Feedforward Neural Network

Input x Weight + Bias
|

oy Ny = G(x1W11 + x2W21+ x3W31 + bl)
W1, f
X Activation function
X2 M
X3

——————

Feedforward

Feedforward Neural Network




Example: Feedforward Neural Network

_ 1 1 1 1
hy =o(xwiy +xw5+ x3w3, + by)

X WH N, b12 — 1 1 1 1
0 2 *?@ hy = o(xX1Wiy + XW55 % X3w3, + b3)

Feedforward



Example: Feedforward Neural Network

_ 1
hy, = 0(x1W11 T x2w21+ x3W31 + bi)

_ 1 1 1 1
f, = o(X1Wiy + XW5 % X3ws3, + by)

_ 1
Ny = U(x1W13 T x2w23+ x3W33 + b3)

———————

Feedforward



Example: Feedforward Neural Network

_ 1 1 1 1
hy = o(xywy + xwo 1+ x3w3; + by)

_ 1 1 1 1
f, = o(X1Wis + X5+ x3ws, + by)

_ 1 1 1 1
Ny = o(xywis + Xowos+ X3wis + b3)

_ 1 1 1 1
hy = o(xqwis + xwo,+ x3wiy + by)

—————

Feedforward



Example: Feedforward Neural Network

input

\/ 01 = O'(h1W11 + h2W21+h3W31 + h4W41 T biz)

’\

0, 0, = o(hywi, + hywi,+hawi, + hywi, + b3)
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Feedforward



Example: Feedforward Neural Network
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Backpropagate the gradient to updates the weights

W1, 11
Age .m b21 0, = 0.4

o SIS 7
.Q,«’\ o \ v
Cholesterol level . / o , 0 C

{——————

Backpropagation

Compute Gradients, i.e:




Example: Feedforward Neural Network
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Example: Feedforward Neural Network

Compute Loss and Gradient

e

Feedforward
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Summary

Stop if obtain desired Accuracy
/ Loss

Compute Loss and Gradient —

+  Weight
« Bias

Update Learnable-parameters

«  Weight
« Bias



Larger Networks

Increase number of nodes

Increase number of hidden layers

A\
\. 27 @\ -

I "
*'Q '« 5%
,,1. 0. KL \
" '/ll 0‘\

\*\{Q:'z’x . : K N ‘
A N
Wi N\ A
. p"?"’, ’ $ 9 . :"‘--- T ‘ g“ '
% 0 K el
(X v -

V) %
' w,,‘ '//
5L

—

Input Hidden Hidden Hidden Hidden Output

::;:_ X ? %./ ,:P ._. 27
= ? , ,y;a,o.,e W o
T \\\\\ %Z ‘\\&- ,

Input Layer € R4 Hidden Layer € R6 Hidden Layer ¢ R® Hidden Layer € R10 Output Layer € R4



Input Layer

Larger Networks

Deep Neural Network
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Overfitting

Say we have the following graph

O We know it should be a quadratic graph

Let’s assume the best fit graph would
be y =-3x"2+x+0.5




Overfitting

Say we have the following graph

We know it should be a quadratic graph

O
O Let’s assume the best fit graph would
O O O O O be y =-3x"2+x+0.5
O OO If we fit with a higher order arbitrary
O O O polynomial function, y =
O 0.4x"8+1.9x"*7-1.4x"6+---+1.9 ->
O O overfit



Regularization

Weight Decay

W = arg mmlln — Z L(W; Xn, Yn) + Q(w)

regularlzer
empirical loss
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Regularization

Early stopping
Training and validation loss
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Regularization
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Regularization

Dropout

1%t jteration (Modell)

2"d jteration (Model2)

3rd jteration (Model3)
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Feedforward

1. Forward

2. Compute gradient
3. Update weight

1. Forward

2. Compute gradient
3. Update weight

1. Forward

2. Compute gradient
3. Update weight




Recurrent Neural Networks (RNNSs)
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Word Embeddings
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Recurrent Neural Networks (RNNSs)
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Vanishing Gradient in RNNs

Gradient Flow Direction

In general, the longer the path, the smaller the gradient signal.



Long Short-term Memory (LSTM)




Long Short-term Memory (LSTM)

i; = o(I,x; + Iphs 1 + b;)

f; = o(Fyx; + Fph;_; + by)

o = 0(0.x¢ + Orhy_1 + by)

ct =f; © ci—1 + it © g(Couxt + Crhy—1 + b)
h; = o ® g(cy)

yt = f(Wh; + b)



Part-of-Speech Tagging

INPUT:

Profits soared at Boeing Co., easily topping forecasts on Wall Street,
as their CEO Alan Mulally announced first quarter results.

OUTPUT:

Profits/N soared/V at/P Boeing/N Co./N ,/, easily/ADV topping/V
forecasts/N on/P Wall/N Street/N ,/, as/P their/POSS CEO/N
Alan/N Mulally/N announced/V first/ADJ quarter/N results/N ./.

N = Noun
V = Verb
P = Preposition

Adv = Adverb
Ad] = Adjective



RNNs for Tagging




RNNs for Tagging

Left-to-right (Uni-directional)
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