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New features: step functions
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New features: step functions
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New features: step functions
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New features: step functions
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New features: step functions
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New features: step functions

These weights
decide the how
the input is
transformed

These weights
decide how the
new features are
combined

It would be great if we
could learn these!



Neural Networks

- Arich hypothesis class of parameterized functions with
multiple layers of “hidden” units that can learn to
represent complex features of the input.

- Trained with gradient descent (“backpropagation”).

- Originally inspired by the brain, but connection is
tentative.



Neural Networks
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Neural Networks
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Neural Networks

This is just logistic regression!! Neural Network with 0

hidden layers



Neural Networks

A=f(Z)=f(WTX+W,)

W is an m X n matrix,

e Wjyisann x 1 column vector,

X, the input, is an m x 1 column vector,

Z=WTX+W,, the pre-activation, is an n x 1 column vector,

A, the activation, is an n x 1 column vector,




Two Layer Neural Network for Regression
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Neural Network Activation Function
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Neural Network Activation Function
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Two Layer Neural Network for Regression
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Two Layer Neural Network for Regression
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Two Layer Neural Network for Regression
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Two Layer Neural Network for Classification

g = O'(UTA + Up)
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Two Layer Neural Network for Classification

aj g=c(U"A+Tp)
=o(U"f(W 'z 4+ W) + Up)
1 J(Wa WO’ U7 UO) —

1 i i i i
=2y logg® + (1 - ) log(1 — )
=1
as
This objective is a differentiable
function of model parameters
and hence we can perform

gradient-based optimization as
In Logistic regression
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Multi-layer Neural Networks




Multi-layer Neural Networks

X=A" Wt Z! Al w2 72 A AL wh Zt e
—_— 1| — fl| — o — 2| — v —— L — fL| ——
Wo Wo Wo
— _ — _ . _
' ~ ~ ,
layer 1 layer 2 layer L Model’s

guess



Multi-layer Neural Networks
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Multi-layer Neural Networks

v

x=a0 Wi 22 [ At w2 22 [] a2 At Wi ze [ AL
W(l) W(z) WOL Loss
e N sl b N = = N =
layer 1 layer 2 layer L Model’s
guess
Loss - task
1 wAT al—1 1
L =W"A""+ W, squared  linear  regression
1 Lr 1 NLL sigmoid classification
A =1 (Z ) NLLM softmax multi-class classification
loss

function



Multi-class Classification
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Multi-class Classification
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Multi-class Classification
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Multi-class Classification
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Gradient Descent

- All model parameters are differentiable functions of the
loss = can train with (stochastic) GD

- Backpropagation: an approach to efficiently obtain
gradients in multilayer neural networks.

- An instance of dynamic programming. Avoid redundant
computation by breaking down the gradient expression
iInto shared subproblems.



Review: Matrix Chain Rule

One layer neural network with linear activation:
Input dimension = 4, output dimension = 3

AW = wOT 5 4 iV loss = L(AW, y) = 37 _ (A} — yp)?



Review: Matrix Chain Rule

One layer neural network with linear activation:
Input dimension = 4, output dimension = 3
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Review: Matrix Chain Rule

One layer neural network with linear activation:
Input dimension = 4, output dimension = 3

A(l) p— W(l)TZU _l_ Wél) IOSS — L( (1)’ y) Zkz 1( (1) —_ yk)
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Review: Matrix Chain Rule

One layer neural network with linear activation:
Input dimension = 4, output dimension = 3

AW =wOTz 4+ W loss = L(AD, y) = T4, (ALY — 1)?
Oloss 0AML) Aloss Oloss B 0AD) Hloss

ows)  awl) 9AD ow  awM 04D

1x1 " 3 3x1 3x3  3x1

Can calculate for all WO via
matrix multiplications!



Review: Matrix Chain Rule
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Review: Matrix Chain Rule

One layer neural network with linear activation:
Input dimension = 4, output dimension = 3

A(l) = W(l)TJ? + Wél) loss = L(A(l), y) — Zi:l(Al(Cl) — yk)2
3 (1) (1)
Oloss Z 0Ap’ Oloss  0A," Oloss ~Oloss

_ xj

1) 1 1) — 1) 1) — 1
oWy i ew) oAy owl) o4, oAM
T
Oloss _ Oloss Again, can calculate everything
owa OAM) at once via matrix
" — multiplications (outer products)

4Ax3 4% 33X



Review: Matrix Chain Rule

One layer neural network with linear activation:
Input dimension = 4, output dimension = 3

AD =wOTo 4w doss = LAW y) = 35, (AL — ye)?
Oloss 23: 6A1(91) Oloss (9A,(€1) Oloss , Oloss
) N
W', DA\

1 ) 1 )
oWy oAy owy) oA}y

p=1

-
Oloss . Oloss Exercise: convince yourselves
owa A that this is correct!!



Backpropagation Intuition

Forward propagation to obtain the output (model’s guess)




Backpropagation Intuition

Forward propagation to obtain the output (model’s guess)
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Backpropagation to obtain gradients with respect to the loss



Backpropagation Intuition

Forward propagation to obtain the output (model’s guess)
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1 2 L
171 R L YV R wy — || T jbess
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Backpropagation to obtain gradients with respect to the loss



Backpropagation Math
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Backpropagation Math
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Backpropagation Math
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Backpropagation Math
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Backpropagation Math

X=A" Wl 7zt | | Al w3 7 | | A? At wt Zt A
_— Wl — | f W2 — | f s WL fL ——1Loss
0 0 0
e — e — ~__ — ~_ — S ~—— .
dloss dloss dloss Oloss dloss dloss Oloss
07! oAl 072 0A2 QAL oZt 0AL

A® = 70y 7O — W OT g¢=1) 4 Wéﬁ)

Oloss (9Z,(f) Oloss _ 4D Oloss ' Oloss Ae-1) Bloss \ '
ow® ow@oz® 7 oz T ow® 0Z®)

11 1x1  1x1 1x1  1x1 méxnt  méx1 1xn’
Oloss O0AWY §Zz(E+1) §AE+1) OAL=1) 97zL) 9AL) Hloss
9720 ~— 9720 9A® gzE+D) T gz(I-1) gAZ-1) 9z (@) AT

nx 1 nfxnt nfxnttt nfixnt Nnkixntt ntixnt  nkxnk  nkxi




Backpropagation Math
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Backpropagation Math
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Backpropagation Math
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Backpropagation Math

Oloss
Can calculate 571 for all layers in one “backward” pass

due to shared computations

1 Oloss
Oloss  naeded to calculate Oloss n :
02" oW () oWy
Oloss _ A=) <8IOSS>T
oW (£) EYAQ)

That’s it!



