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Vector Formation

y =o(Vg(Wz))

V _ [’Ul,’Uz]
h = [hl,hg]T — g(Wm)
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Multi-Layer Perception
y=fLWrfo-1(Wer—1... fr(Wiz))

Hidden layer L

Hidden layer 2 A{» & (& s Ks, K5 hidden units
W is Ky x K,

Hidden layer 1 hgl K, hidden units

wW is D x K,



Regression Algorithms
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Linear Regression Pipeline

1. Build probabilistic models:

Gaussian Distribution + Neural Network ¢y = O(Vg(WCE))
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) GD



Binary Classification Algorithms

Training Data ] o Predictor
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Binary Logistic Regression Pipeline

1. Build probabilistic models:

Bernoulli Distribution + Neural Network 4y = o(Vg(Wa:))
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent



Multiclass Logistic Regression Algorithms

Classifier

Training Data S
i i > Learning Algorithm .
{3’) Y }?;1 f X — Y

Multiclass Classification Y € {0,1,...,k}
Multiclass Logistic Regression Pipeline

1. Build probabilistic models:

Categorical Distribution + Neural Network ¢y = O(VQ(WSE))
2. Derive loss function: MLE and MAP
3. Select optimizer: (Stochastic) Gradient Descent



Select Optimizer
U(a",y",0) = (o(Vg(Wa')) —y')’
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Select Optimizer
U(a",y",0) = (o(Vg(Wa')) —y')’

LO) =) £=',y,0)+20) 2",y 0) = —y'logo(o(Vg(Wa')))

i=1 —(1 - yi) log(1 — J(O(ng(Wxi))))
0=1[V,W]



Select Optimizer

m

L(0) =) £(z',y",0) + 2Q(0)

1=1

0 =[V,W]

Uz',y",0) = (o(Vg(Wz')) — y*)?
Uz',y",0) = —y'logo(o(Vg(Wz")))
—(1—9" log(l — o(o(V;g(Wz))))
g ) = Zy g EXP(0Vig(W5))

> ey exp(o(Veg(Wa?)))



Select Optimizer
U(a",y",0) = (o(Vg(Wa')) —y")*

L) = ie(xi,yi, ) +20) U=y, 0) = —y'logo(o(Vg(Wa?)))
=t —(1- ')log(l — a(o(V;9(Wz'))))
0=[V,W]

@yt 0) Zylog exp(o(V9(Wa))

oY S5 exp(o(Veg(Wei)))

e (Stochastic) Gradient Descent



(Stochastic) Gradient Descent

e |Initialize parameter §°
e Sample {a:"',yi}f;l

B
e Do 9t+1 — Ht — 772 VQE(xiayia et) o ()‘VQ(Ht))

1=1



Chain Rule

e A composite function is the combination of two functions: a function that takes as input
the output of another function

h(6) = 9(f©®) o —JEOR- LR 1)

E.g, f(0) =20+1, g(6) = 6* h(6) = (20 + 1)*
Let's call u = f(6) the output of the inner function — h(8) = g(u)

pr_ dh _ dhdu
df dudf

dh 3 du , 5

@_4(20“) @_2 h' =8(20+1)

Derivative of outer part of h(6) Derivative of inner part of h(6)



Chain Rule

h:R™ -5 R
h(0) = g(/(0) TR |
£(6) where § e R, ueR” f:R™ >R Vector function
u =
g:R" =R

The inner vector function f maps m inputs to i outputs, while the outer function g
receives n inputs to produce one output, h

The chain rule allows to compute the variation (i.e., the partial derivative) of the
function w.r.t. each component of the multivariate input = Gradient vector of h()

% _ Oh Ouy 4 Oh Oug . ah Oun Z Oh Ou,; '
00;  Ouy 06,  Ous 00; aun 80, 3% a6, i=1,..m

oh Oh oh \ T
Vh(e)—(ba,a—oz,...,%)



Backpropagation: Chain Rule on Neural Network

Ua',y",0) = (f(z", VW) — y')?




Backpropagation: Chain Rule on Neural Network

Ua',y",0) = (f(z", VW) — y')?




Backpropagation: Chain Rule on Neural Network

Ua',y",0) = (f(z", VW) — y')?

Forward Pass



Backpropagation: Chain Rule on Neural Network
U,y 0) = (f(=', VW) — ¢)°
Vol(z',y",0)




Backpropagation: Chain Rule on Neural Network

Uz 9", 0) = (f(=*, V, W) —y")?
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Backpropagation: Chain Rule on Neural Network

Ua',y",0) = (f(z", VW) — y')?
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Backpropagation: Chain Rule on Neural Network

Ua',y",0) = (f(z", VW) — y')?
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Backpropagation: Chain Rule on Neural Network

Ua',y",0) = (f(z", VW) — y')?
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Backpropagation: Chain Rule on Neural Network
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Backpropagation: Chain Rule on Neural Network
U,y 0) = (f(=', VW) — ¢)°
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Backpropagation: Chain Rule on Neural Network

Ua',y",0) = (f(z", VW) — y')?
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Backpropagation: Chain Rule on Neural Network

Uz, 9", 0) = (f(z*, V, W) —y")?
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Backpropagation: Chain Rule on Neural Network
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Backpropagation: Chain Rule on Neural Network
U,y 0) = (f(=', VW) — ¢)°
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Backpropagation: Chain Rule on Neural Network

Ua',y",0) = (f(z", VW) — y')?
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Backpropagation: Chain Rule on Neural Network

e(xz’, yia 9) — (f(wza v, W) - yi)z
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Backpropagation: Chain Rule on Neural Network
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Backpropagation: Chain Rule on Neural Network
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Backpropagation: Chain Rule on Neural Network
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Backpropagation: Chain Rule on Neural Network
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Backpropagation: Chain Rule on Neural Network

Ua',y",0) = (f(z", VW) — y')?

of
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Backward Pass



(Stochastic) Gradient Descent

e |Initialize parameter §°
e Sample {a:"',yi}f;l

B
e Do 9t+1 — Ht — 772 VQE(xiayia et) o ()‘VQ(Ht))

1=1



Auto-differentiation Packages

PyTorch JAX Tensorflow

O PyTorch

TensorFlow



MLP example: MNIST

(I) ? ? 2 f ‘/} C,) ‘T i ? f ? f (\7 C/’ ? MNIST hand-written character
recognition

22222322222 22222 gntt
3333333533383 333 28 x 28
Sl panem
555858358655 s85555s 4
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S/ 8 Z : 1 8 g )) f 8 ’ ? 8 q‘ g ? ﬁ gﬂatten() (o) O O.. argmax() 4
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. O O Output Layer
[ 60,000 Images Input Layer p dOL
idden Layer
e 28x28 pixels = 784 '
e Grayscale, from 0 to 255 — Converted to [0,1]



PyTorch

Q© #etitle Define model class

class Net(nn.Module):
def __init__ (self, input_size, hidden_size, num_classes):
super(Net,self). init_ ()
self.fcl = nn.Linear(input_size, hidden_size)
self.relu = nn.RelLU()
self.fc2 = nn.Linear(hidden_size, num_classes)

def forward(self,x):
out = self.fcl(x)

out = self.relu(out)
out = self.fc2(out)
return out

#@title Define loss-function & optimizer

loss_function = nn.CrossEntropyLoss()
optimizer = torch.optim.Adam( net.parameters(), lr=lr)



PyTorch

#@title Training the model

for epoch in range(num_epochs):
for i ,(images,labels) in enumerate(train_gen):
images = Variable(images.view(-1,28%28)).cuda()
labels = Variable(labels).cuda()

optimizer.zero_grad()

outputs = net(images)

loss = loss_function(outputs, labels)
loss.backward()

optimizer.step()



Q&A



