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• Homework assignment 1 has been posted and is due on April 10th.

• Office hours schedule posted on course website and Slack.

Course announcements



• Perceptron.

• Neural networks.

• Training perceptrons.

• Gradient descent.

• Backpropagation.

• Stochastic gradient descent.

• Convolutional neural networks.

Overview of today’s lecture



Slide credits
Most of these slides were adapted from:

• Kris Kitani (16-385, Spring 2017).

• Noah Snavely (Cornell University).

• Fei-Fei Li (Stanford University).

• Andrej Karpathy (Stanford University).



Perceptron



1950s Age of the Perceptron

1980s Age of the Neural Network

2010s Age of the Deep Network

1969 Perceptrons (Minsky, Papert)

2000s Age of the Support Vector Machine

1957 The Perceptron (Rosenblatt)

1990s Age of the Graphical Model

1986 Back propagation (Hinton)

deep learning = known algorithms + computing power + big data





The Perceptron

inputs

weights

output

sum sign function
(Heaviside step function)



Neural nets/perceptrons are loosely inspired by 
biology.

But they certainly are not a model of how  the brain 
works, or even how neurons work.

Aside: Inspiration (?) from Biology



N-d binary vector

perceptron is just one line of code!

sign of zero is +1



initialized to 0



observation (1,-1)
label -1



= 1

observation (1,-1)
label -1



observation (1,-1)
label -1



update w

observation (1,-1)
label -1



update w

observation (1,-1)
label -1

-1 1(1,-1)(0,0)(-1,1)

no match!



observation (-1,1)
label +1

(-1,1)



observation (-1,1)
label +1

= 1
(-1,1)

(-1,1) (-1,1)



observation (-1,1)
label +1

= 1
(-1,1)

(-1,1) (-1,1)



update w

observation (-1,1)
label +1

update w

+1 0(-1,1)(-1,1)(-1,1)

match!





update w



update w





update w



repeat …



The Perceptron

inputs

weights

output

sum sign function
(e.g., step,sigmoid, Tanh, ReLU)

bias



Another way to draw it…

inputs

weights

output

Activation Function
(e.g., Sigmoid function of weighted sum)

(1) Combine the sum and 
activation function 

(2) suppress the bias 
term (less clutter)



output

float perceptron(vector<float> x, vector<float> w)
{

float a  = dot(x,w); 
return f(a);

}

float f(float a) 
{

return 1.0 / (1.0+ exp(-a));
}

Activation function (sigmoid, logistic function)

Perceptron function (logistic regression)

Programming the 'forward pass'



Minor detail: other activation functions

ReLUSigmoid

Early neural networks exclusively used sigmoids or 0-1 thresholding, 
but RelU was a game-changer (easier to code and gradient signal doesn’t disappear)



Neural networks



Connect a bunch of perceptrons together …



Neural Network
a collection of connected perceptrons

Connect a bunch of perceptrons together …



Neural Network
a collection of connected perceptrons

Connect a bunch of perceptrons together …

How many perceptrons in this neural network?



Neural Network
a collection of connected perceptrons

‘one perceptron’

Connect a bunch of perceptrons together …



Neural Network
a collection of connected perceptrons

‘two perceptrons’

Connect a bunch of perceptrons together …



Neural Network
a collection of connected perceptrons

‘three perceptrons’

Connect a bunch of perceptrons together …



Neural Network
a collection of connected perceptrons

‘four perceptrons’

Connect a bunch of perceptrons together …



Neural Network
a collection of connected perceptrons

‘five perceptrons’

Connect a bunch of perceptrons together …



Neural Network
a collection of connected perceptrons

‘six perceptrons’

Connect a bunch of perceptrons together …



‘input’ layer

Some terminology…

…also called a Multi-layer Perceptron (MLP)



‘input’ layer
‘hidden’ layer

Some terminology…

…also called a Multi-layer Perceptron (MLP)



‘input’ layer
‘hidden’ layer

‘output’ layer

Some terminology…

…also called a Multi-layer Perceptron (MLP)



this layer is a
‘fully connected layer’

all pairwise neurons between layers are connected



so is this

all pairwise neurons between layers are connected



performance usually tops out at 2-3 layers, 
deeper networks don’t really improve performance...

...with the exception of convolutional networks for images



Training perceptrons



Let’s start easy



world’s smallest perceptron!

What does this look like?



world’s smallest perceptron!

(a.k.a. line equation, linear regression)



Given a set of samples and a Perceptron

Estimate the parameters of the Perceptron

Learning a Perceptron



What do you think the weight parameter is?

1 1.1

2 1.9

3.5 3.4

10 10.1

Given training data:



What do you think the weight parameter is?

1 1.1

2 1.9

3.5 3.4

10 10.1

Given training data:

not so obvious as the network gets more complicated so we use …



Given several examples 

An Incremental Learning Strategy
(gradient descent)

and a perceptron



Given several examples 

Modify weight        such that gets ‘closer’ to 

and a perceptron

An Incremental Learning Strategy
(gradient descent)



Given several examples 

Modify weight        such that gets ‘closer’ to 

and a perceptron

perceptron 
output

true 
label

perceptron 
parameter

An Incremental Learning Strategy
(gradient descent)



Given several examples 

Modify weight        such that gets ‘closer’ to 

and a perceptron

perceptron 
output

true 
label

perceptron 
parameter

An Incremental Learning Strategy
(gradient descent)

what does 
this mean?



Loss Function 
defines what is means to be 
close to the true solution

YOU get to chose the loss function!
(some are better than others depending on what you want to do)

Before diving into gradient descent, we need to understand …



Squared Error (L2)
(a popular loss function) ((why?))



L1 Loss L2 Loss

Zero-One Loss Hinge Loss



World’s Smallest Perceptron!

back to the…

function of ONE parameter!

(a.k.a. line equation, linear regression)



Given a set of samples and a Perceptron

Estimate the parameter of the Perceptron

Learning a Perceptron

what is this 
activation function?



Given a set of samples and a Perceptron

Estimate the parameter of the Perceptron

Learning a Perceptron

what is this 
activation function? linear function!



Given several examples 

Modify weight        such that gets ‘closer’ to 

Learning Strategy
(gradient descent)

and a perceptron

perceptron 
output

true 
label

perceptron 
parameter



Let’s demystify this process first…

Code to train your perceptron:



Let’s demystify this process first…

Code to train your perceptron:

just one line of code!

Now where does this come from?



Gradient descent



(partial) derivatives tell us how much 
one variable affects another



Slope of a function Knobs on a machine

Two ways to think about them:



describes the slope around a 
point

1. Slope of a function:



describes how each 
‘knob’ affects the output

input output

2. Knobs on a machine:

output will change bysmall change in parameter



Given a 
fixed-point on a function, 

move in the direction 
opposite of the gradient

Gradient descent:



Gradient descent:

update rule:



Backpropagation



World’s Smallest Perceptron!

back to the…

function of ONE parameter!

(a.k.a. line equation, linear regression)



Training the world’s smallest perceptron

this should be the 
gradient of the loss 

function

Now where does this come from?

This is just gradient 
descent, that means…



…is the rate at which this will change…

… per unit change of this

the loss function

the weight parameter

Let’s compute the derivative…



Compute the derivative

That means the weight update for gradient descent is:

just shorthand

move in direction of negative gradient



Gradient Descent (world’s smallest perceptron)

For each sample

1. Predict

a. Forward pass

b. Compute Loss

2. Update

a. Back Propagation

b. Gradient update



Training the world’s smallest perceptron



world’s (second) smallest 
perceptron!

function of two parameters!



Gradient Descent

For each sample

1. Predict

a. Forward pass

b. Compute Loss

2. Update

a. Back Propagation

b. Gradient update

we just need to compute partial 
derivatives for this network



Derivative computation

Gradient Update



Gradient Descent

For each sample

1. Predict

a. Forward pass

b. Compute Loss

2. Update

a. Back Propagation

b. Gradient update
(adjustable step size)

two lines now

(side computation to track loss. not 
needed for backprop)



We haven’t seen a lot of ‘propagation’ yet 
because our perceptrons only had one layer…



multi-layer perceptron

function of FOUR parameters and FOUR layers!



hidden
layer 2

hidden
layer 3

output
layer 4

weightinput
activationsum

weight weight
activation activation

input
layer 1
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hidden
layer 2

hidden
layer 3

output
layer 4

weightinput
activationsum

weight weight
activation activation

input
layer 1



Entire network can be written out as one long equation

What is known? What is unknown?
We need to train the network:



Entire network can be written out as a long equation

What is known? What is unknown?

known

We need to train the network:



Entire network can be written out as a long equation

What is known? What is unknown?

unknown

We need to train the network:

activation function 
sometimes has 

parameters



Given a set of samples and a MLP

Estimate the parameters of the MLP

Learning an MLP



Gradient Descent

For each random sample

1. Predict

a. Forward pass

b. Compute Loss

2. Update

a. Back Propagation

b. Gradient update
vector of parameter update equations

vector of parameter partial derivatives



So we need to compute the partial derivatives



Partial derivative describes…

So, how do you compute it?

(loss layer)

Remember,



The Chain Rule



rest of the network

Intuitively, the effect of weight on loss function :

depends on

depends on
depends on

According to the chain rule…



rest of the network

Chain Rule!



rest of the network

Just the partial 
derivative of L2 loss



rest of the network

Let’s use a Sigmoid function



rest of the network

Let’s use a Sigmoid function



rest of the network





already computed.
re-use (propagate)!



The Chain Rule

a.k.a. backpropagation



The chain rule says…

depends ondepends on
depends on

depends ondepends on

depends on

depends on



The chain rule says…

depends ondepends on
depends on

depends ondepends on

depends on

depends on

already computed.
re-use (propagate)!



depends ondepends on
depends on

depends ondepends on

depends on

depends on



depends ondepends on
depends on

depends ondepends on

depends on

depends on



depends ondepends on
depends on

depends ondepends on

depends on

depends on



Gradient Descent

For each example sample

1. Predict

a. Forward pass

b. Compute Loss

2. Update

a. Back Propagation

b. Gradient update



vector of parameter update equations

vector of parameter partial derivatives

Gradient Descent

For each example sample

1. Predict

a. Forward pass

b. Compute Loss

2. Update

a. Back Propagation

b. Gradient update



Stochastic gradient 
descent



What we are truly minimizing:

min
θ
�
𝑖𝑖=1

𝑁𝑁

𝐿𝐿(𝑦𝑦𝑖𝑖 ,𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀(𝑥𝑥𝑖𝑖))

The gradient is:



What we are truly minimizing:

min
θ
�
𝑖𝑖=1

𝑁𝑁

𝐿𝐿(𝑦𝑦𝑖𝑖 ,𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀(𝑥𝑥𝑖𝑖))

The gradient is:

�
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𝜕𝜕𝐿𝐿(𝑦𝑦𝑖𝑖 , 𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀(𝑥𝑥𝑖𝑖))

𝜕𝜕θ

What we use for gradient update is:



What we are truly minimizing:

min
θ
�
𝑖𝑖=1

𝑁𝑁

𝐿𝐿(𝑦𝑦𝑖𝑖 ,𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀(𝑥𝑥𝑖𝑖))

The gradient is:

�
𝑖𝑖=1

𝑁𝑁
𝜕𝜕𝐿𝐿(𝑦𝑦𝑖𝑖 , 𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀(𝑥𝑥𝑖𝑖))

𝜕𝜕θ

What we use for gradient update is:

𝜕𝜕𝐿𝐿(𝑦𝑦𝑖𝑖 ,𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀(𝑥𝑥𝑖𝑖))
𝜕𝜕θ

for some i



vector of parameter update equations

vector of parameter partial derivatives

Stochastic Gradient Descent

For each example sample

1. Predict

a. Forward pass

b. Compute Loss

2. Update

a. Back Propagation

b. Gradient update



How do we select which sample?
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• Select randomly!

Do we need to use only one sample?
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Do I lose anything by using stochastic GD?



How do we select which sample?

• Select randomly!

Do we need to use only one sample?

• You can use a minibatch of size B < N.

Why not do gradient descent with all samples?

• It’s very expensive when N is large (big data).

Do I lose anything by using stochastic GD?

• Same convergence guarantees and complexity!
• Better generalization.



Summary



Step size: learning rate
Too big: will miss the minimum
Too small: slow convergence

-

Learning rates



Learning rate scheduling
• Use different learning rate at each iteration.
• Most common choice: 

η𝑡𝑡 =
η0
𝑡𝑡

Need to select initial learning rate η0, important!!!
• More modern choice: Adaptive learning rates.

η𝑡𝑡 = 𝐺𝐺
𝜕𝜕𝜕𝜕
𝜕𝜕θ 𝑖𝑖=0

𝑡𝑡

Many choices for G (Adam, Adagrad, Adadelta).



-

Δθ ← 𝑤𝑤
𝜕𝜕𝜕𝜕
𝜕𝜕θ

+ 1 − 𝑤𝑤 Δθ Take direction history 
into account!



- No consensus on Adam etc.: Seem to give faster 
performance to worse local minima.



Derivatives

• Given f(x), where x is vector of inputs
– Compute gradient of f at x:  

How do we do differentiation?



Numerical differentiation



Numerical differentiation

Numerical differentiation is:
– Approximate.
– Slow.
– Numerically unstable.
– Easy to write.



Symbolic differentiation

• What Mathematica does: Automatically derive 
analytical expressions for derivative.

• Often results in very redundant (and expensive 
to evaluate) expressions.

• Often intractable.



Automatic differentiation (autodiff)



Gamechanger: autodiff
import torch

class MultiplyFunction(torch.autograd.Function):
    @staticmethod
    def forward(ctx, x, y):
        ctx.save_for_backward(x, y)
        return x * y

    @staticmethod
    def backward(ctx, grad_output):
        a, b = ctx.saved_tensors
        grad_x = grad_output * y
        grad_y = grad_output * x
        return grad_x, grad_y

# Usage
x = torch.tensor(2.0, requires_grad=True)
y = torch.tensor(3.0, requires_grad=True)
z = MultiplyFunction.apply(x, y)
z.backward()

print(x)       # Output: tensor(2., requires_grad=True) 
print(y)       # Output: tensor(3., requires_grad=True)
print(z)       # Output: tensor(6., grad_fn=<MultiplyFunctionBackward>)
print(x.grad)  # Output: tensor(3.)   
print(y.grad)  # Output: tensor(2.)  

Need to store dz/dx and dx/dy

Kickoff backprop (or feed in dLoss/dz from downstream loss)

f

x

y

z

Forward and backward functions for “z = x*y”



MLPs with autodiff (PyTorch)

# 4. Define the MLP model
class MLP(nn.Module):
    def __init__(self, inputDim, hiddenDim, numClass):
        super(MLP, self).__init__()
        self.W1 = nn.Linear(input_size, hidden_size)   
        self.relu = nn.ReLU()                           
        self.W2 = nn.Linear(hidden_size, num_classes)  

    def forward(self, x):
        out = self.W1(x)
        out = self.relu(out)
        out = self.W2(out)
        return out

# Instantiate the model
model = MLP(inputDim, hiddenDim, numClass)

# 5. Define the loss function and optimizer
criterion = nn.CrossEntropyLoss() # Operate on logits                   
optimizer = optim.SGD(model.parameters(), lr)

# 6. Training loop
for epoch in range(num_epochs):
    for images, labels in train_loader:
       
        # Forward pass
        outputs = model(images)
        loss = criterion(outputs, labels)
        
        # Backward and optimize
        optimizer.zero_grad()
        loss.backward()
        optimizer.step()
    
    print(f"Loss: {loss.item():.4f}")

# 7. Test
with torch.no_grad():
    # Grab next batch of test image
    images, labels = next(iter(test_loader))

    # Make predictions
    outputs = model(images)
    _, predicted = torch.max(outputs, 1)



Explicit gradients (NumPy) Autograd (PyTorch)

# 6. Training loop
for epoch in range(num_epochs):
    for images, labels in train_loader:
       
        # Forward pass
        outputs = model(images)
        loss = criterion(outputs, labels)
        
        # Backward and optimize
        optimizer.zero_grad()
        loss.backward()
        optimizer.step()
    
    print(f"Loss: {loss.item():.4f}")

# 4. Define the MLP model
class MLP(nn.Module):
    def __init__(self, inputDim, hiddenDim, numClass):
        super(MLP, self).__init__()
        self.W1 = nn.Linear(input_size, hidden_size)   
        self.relu = nn.ReLU()                           
        self.W2 = nn.Linear(hidden_size, num_classes)  

    def forward(self, x):
        out = self.W1(x)
        out = self.relu(out)
        out = self.W2(out)
        return out

# Instantiate the model
model = MLP(inputDim, hiddenDim, numClass)

# 5. Define the loss function and optimizer
criterion = nn.CrossEntropyLoss() # Operate on logits                   
optimizer = optim.SGD(model.parameters(), lr)

Explicit vs autograd



Aside: do we really need to store intermediate activations for backprop?

Gradient checkpointing: 
don’t need to store h1; just store the checkpoint z1 and compute max(0,z1) on-the-fly

(trades off memory for compute)



In summary
• Numerical gradient: easy to implement, bad to use.

• Symbolic gradient: sometimes useful, often intractable.

• Automatic gradient: exact, fast, error-prone.

In practice: Use symbolic gradient for small/trivial 
programs. Almost always use analytic gradient, but check 
correctness of implementation with numerical gradient.
• This is called a gradient check.



Convolutional Neural 
Networks



Limitations of MLPs

+ Universal
+ Simple (elegant theory)
+ Embarrassingly parallel

.

.

- Weak inductive biases
- Sample inefficient / data hungry
- Dense (fully-connected) linear 

layers take a lot of compute



[Krizhevsky, Sutskever, Hinton. NIPS 2012]

“AlexNet” — Won the ILSVRC2012 Challenge

CNNs in 2012: “SuperVision”  
(aka “AlexNet”)

Major breakthrough: 15.3% Top-5 error on ILSVRC2012  
(Next best: 25.7%)



Recap: Before Deep Learning

Input  
Pixels

Extract  
Features

Figure: Karpathy 2016

Concatenate into  
a vector x

SVM

Linear  
Classifier

Ans



The last layer of (most) CNNs 
are linear classifiers

Input  
Pixels

Ans

Perform everything with a big neural  
network, trained end-to-end

This piece is just a linear classifier

Key: perform enough processing so that by the time you get  
to the end of the network, the classes are linearly separable

(GoogLeNet)





What’s the core difference between a standard “neural 
network” (MLP) and a “convolutional neural network” (CNN)?

Given 1000x1000 (1e6) input image with 1M (1e6)  hidden activations, what’s size of weight matrix? 1e12 (1 trillion) weights

100M weights

2. Weight sharing across locations

Given 1000x1000 input image with 1M hidden neurons with 10x10 receptive feilds with shared parameters, what’s the size of weight matrix?
10x10 filter (100 weights)Would be interesting to try (1) without (2), but haven’t seen it

(2) seems a bit too limiting. Is there a way add back more parameters?

Given 1000x1000 input image with 1M hidden neurons with 10x10 receptive feilds, what’s the size of weight matrix?

1. Sparsity through local receptive feilds
[Aside: I will use the terms “(hidden) layers”, “neurons”, “activation maps” interchangeably]

filter bank 151









ConvNets
They’re just neural networks with  

3D activations and weight sharing





















































































































LeNet (98)

“Fully-connected” layer is a bit of a misnomer (we’ll revisit)…

Alternate valid-convolutional layers (obtained by a filter bank and a sigmoid/tanh nonlinearity) with subsampling

213







VGG networks

VGG-16

[era of “regular” small convolutions]

216

VGG, 16 layers



Benefits of small convolutions

Decrease # of parameters

One Cin x 7 x 7 convolution has                 parameters

Three-layers of Cin x 3 x 3 convolutions have                 parameters

49Cin

27Cin

Add more nonlinearities

217



class VGG16(nn.Module):
    def __init__(self):
        super(VGG16, self).__init__()
        # Initialize convolutional blocks using a helper function
        self.features = self._make_layers([64, 64, 'M', 128, 128, 'M', 256, 256, 256, 'M', 512, 512, 512, 'M', 512, 512, 512, 'M'])
        self.flatten = nn.Flatten()  # Flatten layer to convert 3D feature maps to 1D feature vectors
        self.classifier = nn.Sequential(
            nn.Linear(512 * 7 * 7, 4096),
            nn.ReLU(),
            nn.Dropout(),
            nn.Linear(4096, 4096),
            nn.ReLU(),
            nn.Dropout(),
            nn.Linear(4096, 1000)  # Assuming 1000 classes for classification
        )
    
    def _make_layers(self, cfg):
        layers = []
        in_channels = 3
        for x in cfg:
            if x == 'M':
                layers += [nn.MaxPool2d(kernel_size=2, stride=2)]
            else:
                layers += [nn.Conv2d(in_channels, x, kernel_size=3, padding=1), nn.ReLU(inplace=True)]
                in_channels = x
        return nn.Sequential(*layers) # Instantiate Sequential nn.Model by passing in the unpacked list of layers

    def forward(self, x):             # Assume input is [batch_size 3 224 224]
        x = self.features(x)          # Apply convolutional blocks
        x = self.flatten(x)           # Flatten the output for the classifier
        x = self.classifier(x)        # Apply the classifier
        return x

Since filters are always 3x3, define network VGG-16 with conv layers that depend on # of channels (e.g., 256) and max-pooling layers “M”

Modular network design

Can explore architecture variants with a simple config change



Training Deeper Networks

Every backpropagation step multiplies the gradient by the local gradient

1 * d * d * d … * d = dn-1 If d << 1, n is big → Vanishing Gradients (more common)

If d >> 1, n is big → Exploding Gradients

219Implies that it is harder to train lower layers



220



ResNet: Scaling to 100+ Layers

● Continuing to stack 3x3 convolutions over more layers does not help; 56-layer net has higher test error than 20-layer 
net. Why? Overfitting?

● No… training error is also worse. Implies that optimization (and not generalization) is the culprit 221



Deep Residual Learning

• If x is optimal, we can set weight layers to 0. It's easy to “ignore” 
extra model capacity.

• If x is close to optimal, it's easier to find small weights. 

• Identity serves as a “gradient highway” to preserve strong signal 
from output to earlier layers during back propagation. 

222



223



224

“gradient highways”



225



Intuition: residual connections bias deep models to behave like shallow models during learning

226



class BasicBlock(nn.Module):
    def __init__(self, in_channels, out_channels, stride=1):
        super(BasicBlock, self).__init__()
        # First conv may have a stride, second must have stride of 1 
        self.conv1 = nn.Conv2d(in_channels, out_channels,kernel_size=3,stride=stride,padding=1)
        self.bn1   = nn.BatchNorm2d(out_channels)
        self.conv2 = nn.Conv2d(out_channels, out_channels,kernel_size=3,stride=1,padding=1)
        self.bn2   = nn.BatchNorm2d(out_channels)

        self.shortcut = nn.Sequential()
        if stride != 1 or in_channels != out_channels:

  # If needed, use 1x1 filter to map in_channels to out_channels
            self.shortcut = nn.Sequential(
                nn.Conv2d(in_channels, out_channels, kernel_size=1, stride=stride, bias=False),
                nn.BatchNorm2d(out_channels)
            )

    def forward(self, x):
        identity = self.shortcut(x)  # Shortcut connection
        out = self.conv1(x)           # Apply Conv1
        out = self.bn1(out)           # Apply BatchNorm
        out = F.relu(out)             # Apply ReLU
        out = self.conv2(out)         # Apply Conv2
        out = self.bn2(out)           # Apply BatchNorm

        out += identity               # Element-wise addition with shortcut
        out = F.relu(out)             # Apply ReLU
        return out

ResNetBlock
class ResNet(nn.Module):

    def __init__(self, block, num_blocks, num_classes=1000):
        super(ResNet, self).__init__()
        self.in_channels = 64
        self.conv1 = nn.Conv2d(3, 64, kernel_size=7, stride=2, padding=3)
        self.bn1   = nn.BatchNorm2d(64)
        self.pool1 = nn.MaxPool2d(kernel_size=3, stride=2, padding=1)

        # Residual layers
        self.layer1 = self._make_layer(block, 64,  num_blocks[0], stride=1)
        self.layer2 = self._make_layer(block, 128, num_blocks[1], stride=2)
        self.layer3 = self._make_layer(block, 256, num_blocks[2], stride=2)
        self.layer4 = self._make_layer(block, 512, num_blocks[3], stride=2)

        self.avg_pool = nn.AdaptiveAvgPool2d((1, 1))
        self.fc = nn.Linear(512, num_classes)

    def _make_layer(self, block, out_channels, num_blocks, stride):
        strides = [stride] + [1] * (num_blocks - 1) 
        layers = []
        for stride in strides:
            layers.append(block(self.in_channels, out_channels, stride))
            self.in_channels = out_channels
        return nn.Sequential(*layers)

    def forward(self, x):
        x = self.conv1(x)      # Initial conv: [batch, 3, 224, 224] -> [batch, 64, 112, 112]
        x = self.bn1(x)        # Initial batch norm
        x = F.relu(x)          # Initial ReLU
        x = self.pool1(x)      # Initial pooling: [batch, 64, 112, 112] -> [batch, 64, 56, 56]

        x = self.layer1(x)     # Layer 1: [batch, 64, 56, 56] -> [batch, 64, 56, 56]
        x = self.layer2(x)     # Layer 2: [batch, 64, 56, 56] -> [batch, 128, 28, 28]
        x = self.layer3(x)     # Layer 3: [batch, 128, 28, 28] -> [batch, 256, 14, 14]
        x = self.layer4(x)     # Layer 4: [batch, 256, 14, 14] -> [batch, 512, 7, 7]

        x = self.avg_pool(x)   # Adaptive average pooling: [batch, 512, 7, 7] -> [batch, 512, 1, 1]
        x = torch.flatten(x, 1)# Flatten: [batch, 512, 1, 1] -> [batch, 512]
        x = self.fc(x)         # Fully connected: [batch, 512] -> [batch, num_classes]
        return x

# Define the ResNet18 model
def ResNet18():
    return ResNet(BasicBlock, [2, 2, 2, 2], num_classes=1000)  # 2 blocks in each of the 4 layers

Repeat ResNetBlocks
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• http://www.cs.toronto.edu/~hinton/absps/NatureDeepReview.pdf

https://sites.google.com/site/deeplearningsummerschool/
https://sites.google.com/site/deeplearningsummerschool/
http://www.deeplearningbook.org/
http://www.deeplearningbook.org/
http://www.cs.toronto.edu/%7Ehinton/absps/NatureDeepReview.pdf
http://www.cs.toronto.edu/%7Ehinton/absps/NatureDeepReview.pdf

	Neural networks
	Course announcements
	Overview of today’s lecture
	Slide credits
	Perceptron
	Slide Number 6
	Slide Number 7
	Slide Number 8
	Aside: Inspiration (?) from Biology
	Slide Number 10
	Slide Number 11
	Slide Number 12
	Slide Number 13
	Slide Number 14
	Slide Number 15
	Slide Number 16
	Slide Number 17
	Slide Number 18
	Slide Number 19
	Slide Number 20
	Slide Number 21
	Slide Number 22
	Slide Number 23
	Slide Number 24
	Slide Number 25
	Slide Number 26
	Slide Number 27
	Slide Number 28
	Slide Number 29
	Minor detail: other activation functions
	Neural networks
	Slide Number 32
	Neural Network
	Neural Network
	Neural Network
	Neural Network
	Neural Network
	Neural Network
	Neural Network
	Neural Network
	Slide Number 41
	Slide Number 42
	Slide Number 43
	Slide Number 44
	Slide Number 45
	Slide Number 46
	Training perceptrons
	Slide Number 48
	Slide Number 49
	Slide Number 50
	Slide Number 51
	Slide Number 52
	Slide Number 53
	Slide Number 54
	Slide Number 55
	Slide Number 56
	Slide Number 57
	Slide Number 58
	Slide Number 59
	Slide Number 60
	Slide Number 61
	Slide Number 62
	Slide Number 63
	Slide Number 64
	Slide Number 65
	Slide Number 66
	Gradient descent
	Slide Number 68
	Slide Number 69
	Slide Number 70
	Slide Number 71
	Slide Number 72
	Slide Number 73
	Backpropagation
	Slide Number 75
	Slide Number 76
	Slide Number 77
	Slide Number 78
	Slide Number 79
	Slide Number 80
	Slide Number 81
	Slide Number 82
	Slide Number 83
	Slide Number 84
	Slide Number 85
	Slide Number 86
	Slide Number 87
	Slide Number 88
	Slide Number 89
	Slide Number 90
	Slide Number 91
	Slide Number 92
	Slide Number 93
	Slide Number 94
	Slide Number 95
	Slide Number 96
	Slide Number 97
	Slide Number 98
	Slide Number 99
	Slide Number 100
	Slide Number 101
	Slide Number 102
	Slide Number 103
	Slide Number 104
	Slide Number 105
	Slide Number 106
	Slide Number 107
	Slide Number 108
	Slide Number 109
	Slide Number 110
	Slide Number 111
	Slide Number 112
	Slide Number 113
	Slide Number 114
	Slide Number 115
	Slide Number 116
	Slide Number 117
	Slide Number 118
	Slide Number 119
	Stochastic gradient descent
	Slide Number 121
	Slide Number 122
	Slide Number 123
	Slide Number 124
	Slide Number 125
	Slide Number 126
	Slide Number 127
	Slide Number 128
	Slide Number 129
	Summary
	Learning rates
	Learning rate scheduling
	Slide Number 133
	Slide Number 134
	Derivatives
	Numerical differentiation
	Numerical differentiation
	Symbolic differentiation
	Automatic differentiation (autodiff)
	Gamechanger: autodiff
	MLPs with autodiff (PyTorch)
	Explicit vs autograd
	Aside: do we really need to store intermediate activations for backprop?
	In summary
	Convolutional Neural Networks
	Slide Number 146
	CNNs in 2012: “SuperVision”  (aka “AlexNet”)
	Recap: Before Deep Learning
	The last layer of (most) CNNs are linear classifiers
	Slide Number 150
	What’s the core difference between a standard “neural network” (MLP) and a “convolutional neural network” (CNN)?
	Slide Number 152
	Slide Number 153
	Slide Number 154
	Slide Number 155
	Slide Number 156
	Slide Number 157
	Slide Number 158
	Slide Number 159
	Slide Number 160
	Slide Number 161
	Slide Number 162
	Slide Number 163
	Slide Number 164
	Slide Number 165
	Slide Number 166
	Slide Number 167
	Slide Number 168
	Slide Number 169
	Slide Number 170
	Slide Number 171
	Slide Number 172
	Slide Number 173
	Slide Number 174
	Slide Number 175
	Slide Number 176
	Slide Number 177
	Slide Number 178
	Slide Number 179
	Slide Number 180
	Slide Number 181
	Slide Number 182
	Slide Number 183
	Slide Number 184
	Slide Number 185
	Slide Number 186
	Slide Number 187
	Slide Number 188
	Slide Number 189
	Slide Number 190
	Slide Number 191
	Slide Number 192
	Slide Number 193
	Slide Number 194
	Slide Number 195
	Slide Number 196
	Slide Number 197
	Slide Number 198
	Slide Number 199
	Slide Number 200
	Slide Number 201
	Slide Number 202
	Slide Number 203
	Slide Number 204
	Slide Number 205
	Slide Number 206
	Slide Number 207
	Slide Number 208
	Slide Number 209
	Slide Number 210
	Slide Number 211
	Slide Number 212
	LeNet (98)
	Slide Number 214
	Slide Number 215
	VGG networks
	Benefits of small convolutions
	Slide Number 218
	Training Deeper Networks
	Slide Number 220
	ResNet: Scaling to 100+ Layers
	Deep Residual Learning
	Slide Number 223
	Slide Number 224
	Slide Number 225
	Slide Number 226
	Slide Number 227
	Training ConvNets
	Slide Number 229
	Slide Number 230
	Slide Number 231
	Slide Number 232
	Slide Number 233
	Slide Number 234
	Slide Number 235
	Slide Number 236
	Slide Number 237
	Slide Number 238
	Slide Number 239
	Slide Number 240
	Slide Number 241
	Slide Number 242
	Slide Number 243
	Slide Number 244
	Slide Number 245
	Slide Number 246
	Slide Number 247
	Slide Number 248
	Slide Number 249
	Slide Number 250
	Slide Number 251
	Slide Number 252
	Slide Number 253
	Slide Number 254
	Slide Number 255
	Slide Number 256
	Slide Number 257
	Slide Number 258
	Slide Number 259
	Slide Number 260
	Slide Number 261
	Slide Number 262
	Slide Number 263
	Slide Number 264
	Slide Number 265
	Slide Number 266
	Slide Number 267
	Slide Number 268
	References

