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Last Time

• Tensor operations
• Index, Slice, Stride, Concatenate, reshape

•Dataset and DataLoader Module



This Time

•Autograd
• Build Model
•Model Optimization
• Learning Rate
• Optimizer
• Hyper parameter choice



3. Autograd

• When training neural networks, the most frequently used algorithm 
is back propagation. In this algorithm, parameters (model weights) 
are adjusted according to the gradient of the loss function with respect 
to the given parameter.

• To compute those gradients, PyTorch has a built-in differentiation 
engine called torch.autograd. It supports automatic computation of 
gradient for any computational graph.



3. Autograd: Computation Graph

[1] Figure Credit: https://pytorch.org/blog/overview-of-pytorch-autograd-engine/

https://pytorch.org/blog/overview-of-pytorch-autograd-engine/


3. Autograd: Computation Graph

Each operand (e.g., scalar, vector, matrix, or tensor) is a node and each 
operator is a node. The arrow represents the computational dependency. The 
computational graph is a directed acyclic graph (DAG).

[1] Figure Credit: https://pytorch.org/blog/overview-of-pytorch-autograd-engine/
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3. Autograd

Every time Autograd (i.e., the automatic 
differentiation engine) executes an operation in 
the graph, the derivative of that operation is 
added to the graph to be executed
later in the backward pass.

Note that Autograd knows the derivatives of the 
basic functions.
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https://pytorch.org/blog/overview-of-pytorch-autograd-engine/


3. Autograd

[1] Figure Credit: https://pytorch.org/blog/overview-of-pytorch-autograd-engine/

Every time Autograd (i.e., the automatic 
differentiation engine) executes an operation in 
the graph, the derivative of that operation is 
added to the graph to be executed
later in the backward pass.

Note that Autograd knows the derivatives of the 
basic functions.

https://pytorch.org/blog/overview-of-pytorch-autograd-engine/


3. Autograd

[1] Figure Credit: https://pytorch.org/blog/overview-of-pytorch-autograd-engine/

Every time Autograd (i.e., the automatic 
differentiation engine) executes an operation in 
the graph, the derivative of that operation is 
added to the graph to be executed
later in the backward pass.

Note that Autograd knows the derivatives of the 
basic functions.

https://pytorch.org/blog/overview-of-pytorch-autograd-engine/


For a vector function        
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A gradient of y with respect to x is given by Jacobian matrix:

3. Autograd



For a vector function        

Where               and

A gradient of y with respect to x is given by Jacobian matrix:

3. Autograd



For a vector function        

Where               and

A gradient of y with respect to x is given by Jacobian matrix:

3. Autograd

Instead of computing the Jacobian matrix itself, PyTorch allows you to 
compute Jacobian Product



Tips 3.1 Disable Gradient Checking

[2] https://pytorch.org/tutorials/beginner/basics/autogradqs_tutorial.html

• By default, all tensors with requires_grad=True are tracking their computational history 
and support gradient computation. However, there are some cases when we do not need to 
do that, for example, when we have trained the model and just want to apply it to some 
input data.
o torch.no_grad()
o tensor.detach()
o tensor.requires_grad = False

• Let’s look at some interesting example of the difference between these methods here

• There are reasons you might want to disable gradient tracking:
o To mark some parameters in your neural network as frozen parameters.
o To speed up computations when you are only doing forward pass, because computations on tensors that 

do not track gradients would be more efficient.



Tips 3.2 Check your gradient

• How can we check if gradients (even those returned by Autograd) are 
correctly implemented?



Tips 3.2 Check your gradient

Consider
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y = f(x)
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Tips 3.2 Check your gradient

Consider

• Recall
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Tips 3.2 Check your gradient

Consider

• Recall

• Based on the (forward difference) finite approximation, we have  
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Tips 3.2 Check your gradient

• How can we check if gradients (even those returned by Autograd) are 
correctly implemented?

[7] Dai, Jifeng, et al. "Deformable convolutional networks." Proceedings of the IEEE international conference on computer vision. 2017.

[8] https://pytorch.org/docs/stable/generated/torch.autograd.gradcheck.html

New operator

Gradient Checking test case



Tips 3.2 Check your gradient

[9] https://pytorch.org/docs/stable/generated/torch.autograd.gradcheck.html



• We define our neural 
network by 
subclassing torch.nn.Mo
dule

4. Build the Model

[3] Code Credit: https://pytorch.org/tutorials/beginner/basics/buildmodel_tutorial.html



• We define our neural 
network by 
subclassing nn.Module

• initialize the neural 
network layers 
in __init__

• Every nn.Module subclas
s implements the 
operations on input data 
in the forward method

4. Build the Model

[3] Code Credit: https://pytorch.org/tutorials/beginner/basics/buildmodel_tutorial.html



4. Build the Model

[B, 28, 28]

[B, 10]

[B, 784]

[B, 512]

[B, 512]

Input

Output

[3] Code Credit: https://pytorch.org/tutorials/beginner/basics/buildmodel_tutorial.html



4. Build the Model

[4] Code Credit: https://pytorch.org/tutorials/beginner/basics/buildmodel_tutorial.html



• To use the model, we pass it the input data. This executes the model’s forward, 
along with some background operations. Do not call model.forward() directly!

4. Build the Model

[4] Code Credit: https://pytorch.org/tutorials/beginner/basics/buildmodel_tutorial.html

https://github.com/pytorch/pytorch/blob/270111b7b611d174967ed204776985cefca9c144/torch/nn/modules/module.py


4. Case study: Linear Layer

[5] Figure Credit: https://pytorch.org/tutorials/beginner/basics/autogradqs_tutorial.html

[7] Figure Credit: https://pytorch.org/docs/stable/generated/torch.nn.Linear.html

https://pytorch.org/tutorials/beginner/basics/autogradqs_tutorial.html


4. Case Study: Linear Layer

Zoom into nn.Linear

[4] Code Credit: https://pytorch.org/docs/stable/_modules/torch/nn/modules/linear.html#Linear



4. Case Study: Linear Layer

nn.Parameter will create 
tensors of parameters 
which by default require 
gradients

Zoom into nn.Linear

[4] Code Credit: https://pytorch.org/docs/stable/_modules/torch/nn/modules/linear.html#Linear



4. Case Study: Linear Layer

Zoom into nn.Linear

Initialization of 
parameters with a uniform 
distribution (kaiming 
uniform)

[4] Code Credit: https://pytorch.org/docs/stable/_modules/torch/nn/modules/linear.html#Linear

nn.Parameter will create 
tensors of parameters 
which by default require 
gradients



4. Case Study: Linear Layer

Zoom into nn.Linear

Forward call the F.linear 
functions

[4] Code Credit: https://pytorch.org/docs/stable/_modules/torch/nn/modules/linear.html#Linear

nn.Parameter will create 
tensors of parameters 
which by default require 
gradients

Initialization of 
parameters with a uniform 
distribution (kaiming 
uniform)



Tips 4.1 The backward function

[6] Code Credit: https://pytorch.org/docs/master/notes/extending.html

Backward function is hidden in 
nn.Module, they are implemented 
in nn.functional.

These implemented standard 
functions is what’s contributing to 
pytorch’s autograd feature. 

Let’s take a look at an example of 
linear layer.



Tips 4.1 The backward function

[6] Code Credit: https://pytorch.org/docs/master/notes/extending.html

Forward takes input & parameters

setup_context save input and 
parameters for backward



Tips 4.1 The backward function

[6] Code Credit: https://pytorch.org/docs/master/notes/extending.html

Forward takes input & parameters

setup_context save input and 
parameters for backward

Backward takes context and 
output gradient calculate the 
partial derivative wrt input and 
parameters, apply chain rule and 
output gradient of input and 
parameter



• Model parameters:
Many layers inside a neural network are parameterized, i.e. have associated weights and biases 
that are optimized during training.

4. Build the Model: Model parameters



4. Build the Model: Model Parameters


