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PyTorch [1] is a deep learning framework (free and open-sourced under the modified BSD license) based on the Torch library, 
originally developed by Meta AI and now part of the Linux Foundation umbrella. 
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PyTorch [1] is a deep learning framework (free and open-sourced under the modified BSD license) based on the Torch library, 
originally developed by Meta AI and now part of the Linux Foundation umbrella. 

Many pieces of deep learning software are built on top of PyTorch, including Tesla Autopilot, Uber's Pyro, Hugging Face's 
Transformers, PyTorch Lightning, and Catalyst.

Other prominent deep learning frameworks include JAX, Tensorflow, etc. You can find more in [3]. 
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PyTorch is popular (especially in “research”) and has a great ecosystem.
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Popularity of PyTorch



An excerpt of [1]:

Design Principles in PyTorch
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PyTorch
• PyTorch wraps the backend (C/C++/CUDA) in a Python interface. You can write highly customized and efficient deep learning 

models directly in Python without worrying about the low-level implementation.

• PyTorch’s eager execution evaluates tensor operations immediately and dynamically, thus supporting models on varying-size data 
well.

• Pytorch can be roughly viewed as Numpy with GPU supports. E.g. torch.Tensor is the basic object in PyTorch, similar to 
numpy.array in Numpy.
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PyTorch
Let us look at another code snippet to get a sense of torch.Tensor and its operations:
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Computational Graphs & Autograd
Let us look at the following example:
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<latexit sha1_base64="vCOqn7qzboRQZER03Rvp+Zl5Kuo=">AAACL3icbVBbSwJBGJ21LLOb2mMvQxIoiOxGt5dA6qVHg7yAisyOszo4s7PMzIbL4l/ptV77NdFL9Nq/aNQlUjswcDjnfHzfHDdgVGnb/rBSG5vpre3MTnZ3b//gMJcvNJUIJSYNLJiQbRcpwqhPGppqRtqBJIi7jLTc8d3Mbz0RqajwH3UUkB5HQ596FCNtpH6u4JUmlagMb2CXiSEsTaJyP1e0q/YccJ04CSmCBPV+3kp3BwKHnPgaM6RUx7ED3YuR1BQzMs12Q0UChMdoSDqG+ogT1Yvnx0/hqVEG0BPSPF/Dufp3IkZcqYi7JsmRHqlVbyb+53VC7V33YuoHoSY+XizyQga1gLMm4IBKgjWLDEFYUnMrxCMkEdamr+UtbChMYMQrv4ziydK/YpdPTXHOak3rpHlWdS6rFw/nxdptUmEGHIMTUAIOuAI1cA/qoAEwmIBn8AJerTfr3fq0vhbRlJXMHIElWN8/dtunpA==</latexit>

f(x, y) = log(xy)

Image Credit: [6]



Computational Graphs & Autograd
Let us look at the following example:

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).
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<latexit sha1_base64="vCOqn7qzboRQZER03Rvp+Zl5Kuo=">AAACL3icbVBbSwJBGJ21LLOb2mMvQxIoiOxGt5dA6qVHg7yAisyOszo4s7PMzIbL4l/ptV77NdFL9Nq/aNQlUjswcDjnfHzfHDdgVGnb/rBSG5vpre3MTnZ3b//gMJcvNJUIJSYNLJiQbRcpwqhPGppqRtqBJIi7jLTc8d3Mbz0RqajwH3UUkB5HQ596FCNtpH6u4JUmlagMb2CXiSEsTaJyP1e0q/YccJ04CSmCBPV+3kp3BwKHnPgaM6RUx7ED3YuR1BQzMs12Q0UChMdoSDqG+ogT1Yvnx0/hqVEG0BPSPF/Dufp3IkZcqYi7JsmRHqlVbyb+53VC7V33YuoHoSY+XizyQga1gLMm4IBKgjWLDEFYUnMrxCMkEdamr+UtbChMYMQrv4ziydK/YpdPTXHOak3rpHlWdS6rFw/nxdptUmEGHIMTUAIOuAI1cA/qoAEwmIBn8AJerTfr3fq0vhbRlJXMHIElWN8/dtunpA==</latexit>

f(x, y) = log(xy)

Image Credit: [6]

dummy variable in 
function composition



Computational Graphs & Autograd
Let us look at the following example:

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).

Sometimes one uses cycles to represent recurrent computations. But we can always unroll a recurrent computational graph as a DAG!

16

<latexit sha1_base64="vCOqn7qzboRQZER03Rvp+Zl5Kuo=">AAACL3icbVBbSwJBGJ21LLOb2mMvQxIoiOxGt5dA6qVHg7yAisyOszo4s7PMzIbL4l/ptV77NdFL9Nq/aNQlUjswcDjnfHzfHDdgVGnb/rBSG5vpre3MTnZ3b//gMJcvNJUIJSYNLJiQbRcpwqhPGppqRtqBJIi7jLTc8d3Mbz0RqajwH3UUkB5HQ596FCNtpH6u4JUmlagMb2CXiSEsTaJyP1e0q/YccJ04CSmCBPV+3kp3BwKHnPgaM6RUx7ED3YuR1BQzMs12Q0UChMdoSDqG+ogT1Yvnx0/hqVEG0BPSPF/Dufp3IkZcqYi7JsmRHqlVbyb+53VC7V33YuoHoSY+XizyQga1gLMm4IBKgjWLDEFYUnMrxCMkEdamr+UtbChMYMQrv4ziydK/YpdPTXHOak3rpHlWdS6rFw/nxdptUmEGHIMTUAIOuAI1cA/qoAEwmIBn8AJerTfr3fq0vhbRlJXMHIElWN8/dtunpA==</latexit>

f(x, y) = log(xy)
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Computational Graphs & Autograd
Let us look at the following example:

Let us try it in PyTorch:
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<latexit sha1_base64="vCOqn7qzboRQZER03Rvp+Zl5Kuo=">AAACL3icbVBbSwJBGJ21LLOb2mMvQxIoiOxGt5dA6qVHg7yAisyOszo4s7PMzIbL4l/ptV77NdFL9Nq/aNQlUjswcDjnfHzfHDdgVGnb/rBSG5vpre3MTnZ3b//gMJcvNJUIJSYNLJiQbRcpwqhPGppqRtqBJIi7jLTc8d3Mbz0RqajwH3UUkB5HQ596FCNtpH6u4JUmlagMb2CXiSEsTaJyP1e0q/YccJ04CSmCBPV+3kp3BwKHnPgaM6RUx7ED3YuR1BQzMs12Q0UChMdoSDqG+ogT1Yvnx0/hqVEG0BPSPF/Dufp3IkZcqYi7JsmRHqlVbyb+53VC7V33YuoHoSY+XizyQga1gLMm4IBKgjWLDEFYUnMrxCMkEdamr+UtbChMYMQrv4ziydK/YpdPTXHOak3rpHlWdS6rFw/nxdptUmEGHIMTUAIOuAI1cA/qoAEwmIBn8AJerTfr3fq0vhbRlJXMHIElWN8/dtunpA==</latexit>

f(x, y) = log(xy)
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Computational Graphs & Autograd
If you need to compute gradients in the computational graph, you need to set the requires_grad attribute to be true for the tensor.

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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Computational Graphs & Autograd
If you need to compute gradients in the computational graph, you need to set the requires_grad attribute to be true for the tensor.
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Computational Graphs & Autograd
If you need to compute gradients in the computational graph, you need to set the requires_grad attribute to be true for the tensor.

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.

Recall as we learn in BP, Autograd always computes 

scalar-by-xxx gradients via Jacobian (transposed) vector 

product and never explicitly forms a Jacobian matrix!

22

<latexit sha1_base64="vCOqn7qzboRQZER03Rvp+Zl5Kuo=">AAACL3icbVBbSwJBGJ21LLOb2mMvQxIoiOxGt5dA6qVHg7yAisyOszo4s7PMzIbL4l/ptV77NdFL9Nq/aNQlUjswcDjnfHzfHDdgVGnb/rBSG5vpre3MTnZ3b//gMJcvNJUIJSYNLJiQbRcpwqhPGppqRtqBJIi7jLTc8d3Mbz0RqajwH3UUkB5HQ596FCNtpH6u4JUmlagMb2CXiSEsTaJyP1e0q/YccJ04CSmCBPV+3kp3BwKHnPgaM6RUx7ED3YuR1BQzMs12Q0UChMdoSDqG+ogT1Yvnx0/hqVEG0BPSPF/Dufp3IkZcqYi7JsmRHqlVbyb+53VC7V33YuoHoSY+XizyQga1gLMm4IBKgjWLDEFYUnMrxCMkEdamr+UtbChMYMQrv4ziydK/YpdPTXHOak3rpHlWdS6rFw/nxdptUmEGHIMTUAIOuAI1cA/qoAEwmIBn8AJerTfr3fq0vhbRlJXMHIElWN8/dtunpA==</latexit>

f(x, y) = log(xy)

Image Credit: [6]

Dummy variable (scalar).
Think of it as a loss!



Computational Graphs & Autograd
If you need to compute gradients in the computational graph, you need to set the requires_grad attribute to be true for the tensor.
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<latexit sha1_base64="vCOqn7qzboRQZER03Rvp+Zl5Kuo=">AAACL3icbVBbSwJBGJ21LLOb2mMvQxIoiOxGt5dA6qVHg7yAisyOszo4s7PMzIbL4l/ptV77NdFL9Nq/aNQlUjswcDjnfHzfHDdgVGnb/rBSG5vpre3MTnZ3b//gMJcvNJUIJSYNLJiQbRcpwqhPGppqRtqBJIi7jLTc8d3Mbz0RqajwH3UUkB5HQ596FCNtpH6u4JUmlagMb2CXiSEsTaJyP1e0q/YccJ04CSmCBPV+3kp3BwKHnPgaM6RUx7ED3YuR1BQzMs12Q0UChMdoSDqG+ogT1Yvnx0/hqVEG0BPSPF/Dufp3IkZcqYi7JsmRHqlVbyb+53VC7V33YuoHoSY+XizyQga1gLMm4IBKgjWLDEFYUnMrxCMkEdamr+UtbChMYMQrv4ziydK/YpdPTXHOak3rpHlWdS6rFw/nxdptUmEGHIMTUAIOuAI1cA/qoAEwmIBn8AJerTfr3fq0vhbRlJXMHIElWN8/dtunpA==</latexit>

f(x, y) = log(xy)



Computational Graphs & Autograd
If you need to compute gradients in the computational graph, you need to set the requires_grad attribute to be true for the tensor.
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<latexit sha1_base64="vCOqn7qzboRQZER03Rvp+Zl5Kuo=">AAACL3icbVBbSwJBGJ21LLOb2mMvQxIoiOxGt5dA6qVHg7yAisyOszo4s7PMzIbL4l/ptV77NdFL9Nq/aNQlUjswcDjnfHzfHDdgVGnb/rBSG5vpre3MTnZ3b//gMJcvNJUIJSYNLJiQbRcpwqhPGppqRtqBJIi7jLTc8d3Mbz0RqajwH3UUkB5HQ596FCNtpH6u4JUmlagMb2CXiSEsTaJyP1e0q/YccJ04CSmCBPV+3kp3BwKHnPgaM6RUx7ED3YuR1BQzMs12Q0UChMdoSDqG+ogT1Yvnx0/hqVEG0BPSPF/Dufp3IkZcqYi7JsmRHqlVbyb+53VC7V33YuoHoSY+XizyQga1gLMm4IBKgjWLDEFYUnMrxCMkEdamr+UtbChMYMQrv4ziydK/YpdPTXHOak3rpHlWdS6rFw/nxdptUmEGHIMTUAIOuAI1cA/qoAEwmIBn8AJerTfr3fq0vhbRlJXMHIElWN8/dtunpA==</latexit>

f(x, y) = log(xy)

More details of how computational graphs are 
constructed and executed can be found in [7,8].



Computational Graphs & Autograd
If you need to compute gradients in the computational graph, you need to set the requires_grad attribute to be true for the tensor.
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<latexit sha1_base64="vCOqn7qzboRQZER03Rvp+Zl5Kuo=">AAACL3icbVBbSwJBGJ21LLOb2mMvQxIoiOxGt5dA6qVHg7yAisyOszo4s7PMzIbL4l/ptV77NdFL9Nq/aNQlUjswcDjnfHzfHDdgVGnb/rBSG5vpre3MTnZ3b//gMJcvNJUIJSYNLJiQbRcpwqhPGppqRtqBJIi7jLTc8d3Mbz0RqajwH3UUkB5HQ596FCNtpH6u4JUmlagMb2CXiSEsTaJyP1e0q/YccJ04CSmCBPV+3kp3BwKHnPgaM6RUx7ED3YuR1BQzMs12Q0UChMdoSDqG+ogT1Yvnx0/hqVEG0BPSPF/Dufp3IkZcqYi7JsmRHqlVbyb+53VC7V33YuoHoSY+XizyQga1gLMm4IBKgjWLDEFYUnMrxCMkEdamr+UtbChMYMQrv4ziydK/YpdPTXHOak3rpHlWdS6rFw/nxdptUmEGHIMTUAIOuAI1cA/qoAEwmIBn8AJerTfr3fq0vhbRlJXMHIElWN8/dtunpA==</latexit>

f(x, y) = log(xy)

More details of how computational graphs are 
constructed and executed can be found in [7,8].



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

Consider                              where 
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<latexit sha1_base64="3zdh7oKmyy6jIgYS3wtdRBaBtDM=">AAACLnicbVDLSsNAFJ1Uq7W+Wl26GSxCBSmJ+NoIRTcuK9gHtKFMppN26EwSZibaEPIpbnXr1wguxK2f4aQNYlsPDBzOuZd75jgBo1KZ5oeRW1nNr60XNoqbW9s7u6XyXkv6ocCkiX3mi46DJGHUI01FFSOdQBDEHUbazvg29duPREjqew8qCojN0dCjLsVIaalfKkfwGrrVHkdq5LjxJDnulypmzZwCLhMrIxWQodEvG/newMchJ57CDEnZtcxA2TESimJGkmIvlCRAeIyGpKuphziRdjzNnsAjrQyg6wv9PAWn6t+NGHEpI+7oyTSjXPRS8T+vGyr3yo6pF4SKeHh2yA0ZVD5Mi4ADKghWLNIEYUF1VohHSCCsdF3zV9jQ1wMjfvLLKJ7M/St2eKKLsxZrWiat05p1UTu/P6vUb7IKC+AAHIIqsMAlqIM70ABNgMETeAYv4NV4M96NT+NrNpozsp19MAfj+wdZH6g0</latexit>

y = f(x)
<latexit sha1_base64="o7OvxgpA0vaThFn2QX3BWZ+Alow="></latexit>

x 2 Rd y 2 R



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

Consider                              where 

Recall                                                       and  

Here we use the standard basis vector           
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<latexit sha1_base64="3zdh7oKmyy6jIgYS3wtdRBaBtDM=">AAACLnicbVDLSsNAFJ1Uq7W+Wl26GSxCBSmJ+NoIRTcuK9gHtKFMppN26EwSZibaEPIpbnXr1wguxK2f4aQNYlsPDBzOuZd75jgBo1KZ5oeRW1nNr60XNoqbW9s7u6XyXkv6ocCkiX3mi46DJGHUI01FFSOdQBDEHUbazvg29duPREjqew8qCojN0dCjLsVIaalfKkfwGrrVHkdq5LjxJDnulypmzZwCLhMrIxWQodEvG/newMchJ57CDEnZtcxA2TESimJGkmIvlCRAeIyGpKuphziRdjzNnsAjrQyg6wv9PAWn6t+NGHEpI+7oyTSjXPRS8T+vGyr3yo6pF4SKeHh2yA0ZVD5Mi4ADKghWLNIEYUF1VohHSCCsdF3zV9jQ1wMjfvLLKJ7M/St2eKKLsxZrWiat05p1UTu/P6vUb7IKC+AAHIIqsMAlqIM70ABNgMETeAYv4NV4M96NT+NrNpozsp19MAfj+wdZH6g0</latexit>

y = f(x)
<latexit sha1_base64="o7OvxgpA0vaThFn2QX3BWZ+Alow="></latexit>

x 2 Rd y 2 R
<latexit sha1_base64="SqVpVlptNf7T4VGeM8XQgr2WTtg="></latexit>

rf(p) =

2

64

@f
@x1

(p)
...

@f
@xd

(p)

3

75
<latexit sha1_base64="pSOITs5LzxJuyFfnX5Fy+Waza2k="></latexit>

@f

@xi
(p) = lim

✏!0

f(p+ ✏ei)� f(p)

✏

<latexit sha1_base64="8gh9Cgx3TgH8U1dXe/7lsd7bDSg="></latexit>

ei =
⇥
0, · · · 0, 1, 0, · · · 0

⇤

i-th entry



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

Consider                              where 

Recall                                                       and  

Here we use the standard basis vector           

Based on the (forward difference) finite approximation, we have 

One can also use central difference finite approximation. Make sure using float64 with small perturbation, e.g.,  
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<latexit sha1_base64="3zdh7oKmyy6jIgYS3wtdRBaBtDM=">AAACLnicbVDLSsNAFJ1Uq7W+Wl26GSxCBSmJ+NoIRTcuK9gHtKFMppN26EwSZibaEPIpbnXr1wguxK2f4aQNYlsPDBzOuZd75jgBo1KZ5oeRW1nNr60XNoqbW9s7u6XyXkv6ocCkiX3mi46DJGHUI01FFSOdQBDEHUbazvg29duPREjqew8qCojN0dCjLsVIaalfKkfwGrrVHkdq5LjxJDnulypmzZwCLhMrIxWQodEvG/newMchJ57CDEnZtcxA2TESimJGkmIvlCRAeIyGpKuphziRdjzNnsAjrQyg6wv9PAWn6t+NGHEpI+7oyTSjXPRS8T+vGyr3yo6pF4SKeHh2yA0ZVD5Mi4ADKghWLNIEYUF1VohHSCCsdF3zV9jQ1wMjfvLLKJ7M/St2eKKLsxZrWiat05p1UTu/P6vUb7IKC+AAHIIqsMAlqIM70ABNgMETeAYv4NV4M96NT+NrNpozsp19MAfj+wdZH6g0</latexit>

y = f(x)
<latexit sha1_base64="o7OvxgpA0vaThFn2QX3BWZ+Alow="></latexit>

x 2 Rd y 2 R
<latexit sha1_base64="SqVpVlptNf7T4VGeM8XQgr2WTtg="></latexit>

rf(p) =

2

64

@f
@x1

(p)
...

@f
@xd

(p)

3

75
<latexit sha1_base64="pSOITs5LzxJuyFfnX5Fy+Waza2k="></latexit>
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Gradient Checking
How can we check if gradients (even those returned by Autograd) are correctly implemented?

Consider                              where 

Recall                                                       and  

Here we use the standard basis vector           

Based on the (forward difference) finite approximation, we have 

One can also use central difference finite approximation. Make sure using float64 with small perturbation, e.g.,  

How many times of function evaluations do we need to compute the gradient in this case? 
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Outline

• Basics in PyTorch
• Computational Graphs, Autograd, and Gradient Checking
• Creating Models
• Loading Data and Training Models
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Creating Models
We can create a MLP with two hidden layers in PyTorch as follows
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Image Credit: [5]



Creating Models
We can create a MLP with two hidden layers in PyTorch as follows
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Specify the model



Creating Models
We can create a MLP with two hidden layers in PyTorch as follows

34
Image Credit: [5]

Execute the forward function will create the computational graph. Since parameters in nn.Linear
have requires_grad=True by default, it will also create the backward graph for BP. 

Specify the model



Creating Models
Let us zoom in to the nn.Linear:
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Creating Models
Let us zoom in to the nn.Linear:
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nn.Parameter will create tensors of 
parameters which by default require 
gradients



Creating Models
Let us zoom in to the nn.Linear:
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nn.Parameter will create tensors of 
parameters which by default require 
gradients

Initialization of parameters



Creating Models
Let us zoom in to the nn.Linear:
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nn.Parameter will create tensors of 
parameters which by default require 
gradients

Initialization of parameters

Computation in forward pass



Outline

• Basics in PyTorch
• Computational Graphs, Autograd, and Gradient Checking
• Creating A Model
• Loading Data and Training Models
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Load Data & Training Models
Let us load the Fashion MNIST dataset (many public datasets are available in torchvision) and train the previous MLP:

40
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Load Data & Training Models
Let us load the Fashion MNIST dataset (many public datasets are available in torchvision) and train the previous MLP:
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Transform images (e.g., PNG) to 
PyTorch tensors. You can check 
torchvision.transforms for more 
transformations!



Load Data & Training Models
Let us load the Fashion MNIST dataset (many public datasets are available in torchvision) and train the previous MLP:
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Sampled images from Fashion MNIST [14]



Load Data & Training Models
You can also customize your dataloader:
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Load Data & Training Models
You can also customize your dataloader:
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You can override the function 
__getitem__ which extracts a single 
data example within a mini-batch!



Load Data & Training Models
You can also customize your dataloader:
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You can override the function 
__getitem__ which extracts a single 
data example within a mini-batch!

PyTorch dataloaders collate 
individual fetched data samples into a 
mini-batch via collate_fn function 
which can be customized as well. See 
[11,12] for more details.



Load Data & Training Models
Now let us see how we can load data and train models:
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Load Data & Training Models
Now let us see how we can load data and train models:
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Loop over all mini-batches within the dataset



Load Data & Training Models
Now let us see how we can load data and train models:
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Compute forward pass & loss



Load Data & Training Models
Now let us see how we can load data and train models:
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Clean cached gradients from previous mini-batches



Load Data & Training Models
Now let us see how we can load data and train models:
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Compute gradient via backpropagation



Load Data & Training Models
Now let us see how we can load data and train models:
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Update parameters via the optimizer (e.g., SGD/Adam)



Load Data & Training Models
Now let us see how we can load data and train models:
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Specify loss function and optimizer



Load Data & Training Models
Now let us see how we can load data and train models:
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One call of train_loop amounts to training for one epoch



Load Data & Training Models
Test loop is similar to train loop:
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Load Data & Training Models
Test loop is similar to train loop:
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We do not need to create the backward part of the computational graph. Call 
torch.no_grad() could save us some GPU memory!



Load Data & Training Models
Test loop is similar to train loop:
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Counting the number of correctly classified samples.



References
[1] Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., ... & Chintala, S. (2019). Pytorch: An imperative style, high-
performance deep learning library. Advances in neural information processing systems, 32.

[2] https://realpython.com/pytorch-vs-tensorflow/
[3] https://en.wikipedia.org/wiki/Comparison_of_deep_learning_software
[4] https://www.reddit.com/r/MachineLearning/comments/rga91a/d_are_you_using_pytorch_or_tensorflow_going_into/

[5] https://en.wikipedia.org/wiki/PyTorch
[6] https://pytorch.org/blog/overview-of-pytorch-autograd-engine/

[7] https://pytorch.org/blog/computational-graphs-constructed-in-pytorch/
[8] https://pytorch.org/blog/how-computational-graphs-are-executed-in-pytorch/
[9] https://pytorch.org/docs/stable/_modules/torch/nn/modules/linear.html#Linear

[10] https://pytorch.org/tutorials/beginner/basics/data_tutorial.html
[11] https://pytorch.org/tutorials/beginner/data_loading_tutorial.html

[12] https://pytorch.org/docs/stable/data.html#loading-batched-and-non-batched-data
[13] https://pytorch.org/tutorials/beginner/basics/optimization_tutorial.html
[14] Xiao, H., Rasul, K., & Vollgraf, R. (2017). Fashion-mnist: a novel image dataset for benchmarking machine learning algorithms. 
arXiv preprint arXiv:1708.07747.

57

https://realpython.com/pytorch-vs-tensorflow/
https://en.wikipedia.org/wiki/Comparison_of_deep_learning_software
https://www.reddit.com/r/MachineLearning/comments/rga91a/d_are_you_using_pytorch_or_tensorflow_going_into/
https://en.wikipedia.org/wiki/PyTorch
https://pytorch.org/blog/overview-of-pytorch-autograd-engine/
https://pytorch.org/blog/computational-graphs-constructed-in-pytorch/
https://pytorch.org/blog/how-computational-graphs-are-executed-in-pytorch/
https://pytorch.org/docs/stable/_modules/torch/nn/modules/linear.html
https://pytorch.org/tutorials/beginner/basics/data_tutorial.html
https://pytorch.org/tutorials/beginner/data_loading_tutorial.html
https://pytorch.org/docs/stable/data.html
https://pytorch.org/tutorials/beginner/basics/optimization_tutorial.html


Questions?
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