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Hello everyone, welcome to the tutorial session. Today we will be covering the 

fundamental concepts of PyTorch. So, PyTorch is an open-source deep learning framework 

that allows us to build and train deep learning models. So today, we will first start with 

understanding the key components of PyTorch which are tensors, autograd and once we 

are done with that then we will discuss what is the typical PyTorch pipeline that we should 

follow in order to build a deep learning framework and to train it. And we'll do so by 

implementing a very basic neural network.  

 



 

One more general note that I would like to state at the beginning is it's always a good 

practice to visit the PyTorch documentation. 

So PyTorch is always evolving. It's an evolving open source deep learning library. So it's 

a good practice to keep yourself updated with whatever is happening. And with that, having 

said that, let's get started with the tutorial. 

So one good thing about Colab is the PyTorch library is already pre-installed in Colab. So 

we can simply start by importing Torch. Once we have done that, let's quickly check the 

version of PyTorch. So currently when I'm recording this session, the PyTorch version is 

2.5.1. But as I mentioned, PyTorch keeps on evolving. So maybe when you are watching 

this tutorial session, there might be a different, more updated version of PyTorch. And 

maybe you can encounter some errors. There could be some changes in the functionalities 

and utilities that PyTorch is following in that version. 

So again, kindly refer to the PyTorch documentation anytime you feel stuck with anything. 

Now, tensors are the backbone of PyTorch. It allows us to do anything and everything, 

almost anything and everything in PyTorch. So we'll first get started by looking at how to 

create tensors.  



 

 

So first, let us create a tensor. 

So if we create a tensor by passing any list or a numeric value through the method 

torch.tensor. Here we pass the single numeric number 1 and when we pass it through 

torch.tensor, that gives us a tensor, this tensor, tensor one, which is a scalar, and it has zero 

dimension, as we can see here. So in order to find the dimension of a tensor, we can either 

use this ndim attribute, or we can also use the dim method. 



We'll see that in a while. Next is what we can do is we can stack up a collection of numbers 

in a list and when we pass that to a tensor to torch dot tensor method that gives us another 

tensor but this time the tensor would be a one-dimensional tensor and popularly this is 

known as a vector. So next what we can do is we can stack up vectors which are one 

dimensional tensors and that would give us 2D tensors which are also known as matrices 

which we can see over here. So let's run these and till now we have created a scalar, we 

have created a vector and we have created a matrix.  

 



 

So when we are dealing with tensors a very important concept which we should be 

thorough with is the dimension and shape of the tensor. 

So, let us take a while to understand these concepts. So, first let us if we look at these. So, 

let us look at the vector and the matrix. So, first if we start by looking at this tensor. So, 

one way to understand what is the number of dimensions of a tensor is to look at the number 

of square brackets which is present at one end of the tensor. 

So, here we see there is one square bracket. So, the dimension of the tensor is also one, 

whereas if we look at this matrix. So here we have two square brackets and that gives us 

the dimension of two. So in pytorch to find the dimension of a tensor we can either use the 

endrim attribute or we can use the dim method. Also another concept is that of shape. 

So when we can find the shape of a tensor using the again the shape attribute either by 

using the shape attribute or by using the dot size method. Here, one thing that I would like 

to highlight is that the shape or size of a tensor tells us how the elements are arranged across 

different dimensions in the tensor. And also, the number of elements in the torch.size object 

that we obtain is the same as the number of dimension the tensor has. So here, this tensor 

has dimension 2. 



And there are also two elements in the torch.size object. each saying what are the number 

of elements in each of the dimension. In PyTorch, indexing starts from 0. So, since there 

are two dimensions, this tensor would have dimensions 0 and 1. 

So, this 2 is nothing but the number of elements in the 0th dimension and this 3 is the 

number of elements in the first dimension. So how can we understand that? So this 

outermost square bracket that we can see in the tensor, this is the 0D dimension. Within 

that, we can see there is this one, there is this vector, this 1D tensor and another one. So 

that gives us 2. So there are two elements in 0D. 

So, correspondingly, we have this number 2 over here. Now inside each of these vectors 

or these 1D tensors that I just highlighted, there are three more elements. So here's 0, 1, 7, 

here's 4, 2, 4. So that means that there are three elements in the first dimension. So, having 

discussed this, till now we were only seeing how to like we are manually supplying data in 

torch dot tensor and we are creating the tensor. 

There are alternate ways to create tensors as well. So, let us look at that.  

 



 

 

So, in all these cases, all we need to do is we need to supply the size of the tensor that we 

want. So, here we are initializing the size to be 3,4 just for an example. First, we can create 

a torch dot empty tensor. 

So that would give us a tensor of the size that we just mentioned and all the values would 

be uninitialized in this tensor. Another way is to create a random tensor where all the values 

in the tensor would be a random number between zero and one according to the uniform 



distribution. We can also create constant tensors using torch.zeros and torch.ones using 

these methods and that would respectively give us a tensor full of zeros and a tensor full of 

ones. 

Next, we can check the data type of a tensor using the .dtype attribute. So, here we are 

again creating a random tensor of a desired shape and when we check the data type of the 

tensor, we see that the data type is float.32. So in PyTorch, the default data type for tensors 

with float values is float.32. Now we can also specify, when we are creating this tensor, we 

can specify what data type we want the tensor to be. So here,  Here we are creating a 

random tensor using the torch.ran method. We are specifying the size and then we are 

specifying the data type over here. So we want now the tensor to be of data type float16. 

So when we print the tensor, we see over here. So this tensor now has data type float16. 

Now having created a tensor, we can also change this data type. So torch, sorry, tensor4, 

additionally had data type float32, we just saw. Now I can use the type method, and now I 

can pass torch.double. This would change the data type of the tensor from float 32 to float 

64. So torch.double and torch.64 are the same data types.  

 



 

 

Next we can also create a tensor from numpy array. 

So first let's create a numpy array. So here we are simply creating a numpy array. Next, 

there are two ways in which we can create the tensor. So one is we can use torch. 

fromNumPy method. Here we can simply pass the NumPy array and we will get a tensor. 

Another way is, as we saw, the method that we were using all these while, which is 

torch.tensor, we can again pass the array over here and that would give us a tensor 



corresponding to the NumPy array. So as we can see, this was the numpy array, this is the 

tensor created using the torch.fromNumpy method, and this is the tensor created using 

torch.tensor method. So both gives us tensors. However, there's a small distinction that I 

would like to highlight over here between both of these methods. So let's first look at this. 

So we take the array, the example array, numpy array, we multiply each of its elements by 

three. Now when we print the tensors, we see that the tensor which got created using the 

torch. fromNumpy method, that also gets updated. However, the tensor which got created 

using the torch.tensor method remains the same. So this implies that whenever you're using 

this method torch.fromNumpy method then the numpy array and the tensor created they 

share the same memory. So whatever operation you perform in one tensor will get reflected 

in the other and however that's not the case when you're doing torch.tensor. So what we 

can do is we can also create a tensor from another tensor. So here we usually use methods 

like once underscore like or rand underscore like so it would have this underscore like, the 

methods would have this trailing underscore like phrase present in it. So what it does is it 

takes this tensor 8, it retains the data type and retains the shape of this tensor and creates 

another tensor, which is tensor 10 in this case, but however all its values would be 1. If you 

had used rand underscore length, then all those values would be random numbers between 

0 and 1. So all these are different ways in which you can create a tensor. 

Either you can manually supply data or you can create empty or random tensors, constant 

tensors. You can also create tensors from NumPy arrays and also from other tensors. So all 

these methods that we just discussed, these are in gist, this is the functionality.  



 

One key concept is that of device. So device is an attribute of each tensor which specifies 

where the tensor is located. 

Is it located on the CPU or is it located on the GPU, which is CUDA? So here, one thing 

that I would like to mention is, so we have also come across libraries like NumPy, which 

also more or less give us similar functionalities if you're observing in PyTorch. However, 

one key advantage of PyTorch is that it gives us GPU support along with the facility to 

perform tensor operations. So here we see that. So one thing is we can define the device by 

using this statement. 

So first we check if CUDA or GPU is available. If it is available, then we set it to CUDA. 

Otherwise, we let it be CPU. So here we see, so when we are creating this tensor, we first, 

so this is, which we already saw, then we use this dot two device. So what it would do is, 

in this case, the first, this tensor, torch dot ones, it would get created in the CPU, and then 

it would be moved to the GPU, assuming that GPU facility is available on the system. Also, 

you can explicitly mention where you want to move the tensor to. 

Instead of passing device, you can explicitly give CPU, then it would be moved to CPU, 

or you can explicitly give CUDA, in which case the tensor would be explicitly moved to 

the GPU. Also, you can specify the device at the time of creating the tensor. So here, we 



just pass the device to the device argument, and that would directly create the tensor on 

GPU in this case. So unlike in this first statement, here the tensor was first getting created 

on the CPU and then it was being moved to GPU. However, when we directly specify the 

device, when we are creating the tensor, it gets created at the device which we specify over 

here. 

 So we can also access elements in a tensor.  

 

 



 

So let's look at a few examples. So here we have this tensor 2. We know its dimension is 

2. 

We have two square brackets here. Its size is 2, 3. Let's look at this once just to reiterate. 

So there are three scalar values. Three zero dimensional tensors which are being packed to 

create this one dimensional tensor. And there are two of these one dimensional tensors. 

So that gives us the size of two comma three. Now if you want to look at tensor zero, so 

this index specifies what is the element I'm looking in the zeroth dimension. So in the 

zeroth dimension, these are the two elements that I have. And in that, this is the 0th element 

and this is the first element. So tensor 2, 0 would give us this vector. 

So as we see over here. Now if we do tensor 1,0, in that case what would happen is, so this 

is the index corresponding to the 0th dimension and this is the index corresponding to the 

first dimension. So first what we do is we go to the 0th dimension and see what is the first 

element. This is the first element and then further we check that here what is the 0th 

element. 

So that is none other than 4. So we have 4 over here. We can also do slicing operations 

over here. Slicing is similar to we have also come across slicing when we have deal with 

numpy. It's quite similar to that. So, here, when we do colon comma 2, so that means all 



the elements in the 0th dimension, but only 2, only element 2 in the first dimension, that is 

nothing but only column 2. 

Let us look at it. So, this 7 comma 4. So that is what we obtain over here. Whereas next if 

we look at tensor 0 colon, so colon means all the elements, 0 is we are specifying we want 

this specific element in this dimension. So what would be the result in this case? Nothing 

but the first, this 0, 1, 7. So I think this is quite intuitive, I hope this was clear. So next we 

can discuss about a few very, so this is very basic, so some basic tensor operations. 

 

 



 

 



 

I'll just quickly go through this because these are quite easy. So we're just creating two 

tensors just to illustrate how these operations work. So we randomly, we created two 

tensors. Now there are four operations, element wise addition, subtraction, multiplication 

and division. So,  As you can see, so in order to perform addition, we can either use this 

plus symbol or we can use the method torch.add and supply the corresponding tensors as 

the function argument. So this allows us to add two tensors. Similarly for subtraction, we 

can use the symbol minus or we can use torch.sub method and similarly for multiplication 

and division. So here we can see, so these were the tensors that were created. 

Now if we add them, we get this. If we subtract, we get this. And this is again multiplication 

and division. These are the results. Next we'll look at a few operations which allows us to 

manipulate tensors. So, here we come across a new function. 

So, this is nothing but like this. So, here we specify the range of integers and within this 

range a tensor will get created of size 4 comma 5 with numbers that lie within this range. 

So, that is what ran dot int does. So, here we have created this tensor. So one important 

idea which we encounter quite often in pipe torches is that of view. 

So this allows us to change the shape of the tensor. So, here we create another tensor y 

where we specify the shape to be 20 and another tensor z where we specify minus 1 comma 



10. So, minus 1 comma 10 means in the second. So, this is the 0th and this is the first. So, 

in the first dimension we want 10 elements, whereas minus 1 is a flexible argument. So 

PyTorch will automatically figure out what the number of elements should be in this 

dimension. 

So as we can see over here, we're printing the size, originally x was 4, 5. Now when I use 

the view method to create y, now the  size is 20 and when I created Z so now I had only 

specified 10 over here and torch automatically figured out that okay there should be two 

so there were two elements in dimension zero so that the overall shape and all the elements 

in the tensor gets retained. So one thing is when you use the view method to create another 

tensor, all the tensors share the common memory space. So if you do any change to any 

one of the tensors, it would get reflected in others. 

So please be careful about it when you're using this method. There is also torch.arrange. 

Using this, since I specified 9, a 1D tensor will get created with numbers from 0 to 8. So 

this is similar to the range function that we have in PyTorch. 

 

 



 

Now we can also do reshape. Reshape also allows us to change the shape of the tensor. 

And here we specify 3, 3. So that gives us a tensor with the desired shape and the elements 

from this tensor. So, there is a distinction between view and reshape. So, sometimes 

reshape creates a view, sometimes it creates a copy of the original tensor. 

So, there is also, there is a bit of ambiguity over here. So, also please be careful if you are 

using the reshape method. Next is, as I mentioned, we were discussing about dimension in 

the beginning. Dimension is quite important when we are dealing with various tensor 

operations. Here we'll look at the first for such instance, for such a method where we are 

specifying the dimension and along the dimension the operation is happening. 

So here we have tensor A, here we have tensor B. Now how do we want to create tensor 

C? So for tensor C, I want to concatenate both of these tensors A and B along dimension 

1. So what is dimension 1? This is dimension 1. So the 0, 1, 2, 3, 4, 5, these are dimension 

1. So if we look at the first element, so this is the first element in the 0 dimension. 

Now if I further look into it, in one dimension the elements are 0, 1, and 2. Similarly, in 

one dimension the elements in tensor B are 7, 5, 6. So when we concatenate along 

dimension 1, the resulting tensor would stack up all these elements 0, 1, 2 and 7, 5, 6 in 

one vector. So as we can see over here. So this was tensor A, this was tensor B when I 



concatenated along dimension 1. 0, 1, 2, 7, 5, 6 came along in one vector and corresponding 

similarly for the remaining values. 

You can apply the same logic to the remaining values to get tensor C. So, one thing is if 

you look at the shape of tensor A, it was 3, 3. If you look at the shape of tensor B, it was 

again 3, 3. Now, when I concatenate along dimension 1, the shape of the resulting tensor 

is 3, 6. So the number of elements in dimension 1 got concatenated and so as a result the 

size in dimension 1 increased. 

So that is 3 plus 3, now 6. You can also concatenate along dimension 0, then simply all 

these things would get stacked one below the other. So as we can see over here. So, again 

here the resulting shape would be 6, 3. So, when we were, we specified dimension 0 to be 

the dimension across which we want to perform the concatenation operation, so that got 

changed, so that got increased. 

 

 



 

 



 

Next, we can look at a tensor reduction operation. So in tensor reduction operation, what 

happens is one of the dimensions gets reduced. So it is called a reduction operation. There 

are many such reduction operations. So here we'll be looking at some. 

There is mean, there is argmax, all these are reduction operations. So I will be going 

through one of them over here. I would encourage the students to look at the remaining 

whenever they are going through a tutorial. So here I am creating this tensor. So this is a 

three-dimensional tensor of shape 2, 3, 5 and it has, so this is a random tensor, it would 

have values between 0 to 9. So, just to again reiterate the concepts of dimension and shape, 

so there are 3 square brackets, its dimension would be 3 and the shape is, so if you look, so 

this is the outermost square bracket, it has 2 elements. So that is why it has a shape of so it 

has it has the number two so two elements in zero dimension if we look within that we'll 

have three three such 1d vectors. So that gives us the number three, so three elements in 

the first dimension and then in each of these we further have five elements. 

So one, two, three, four, five, five elements. So two, three, five. Again, like if I go in the 

opposite direction, if I start from here, so I have five zero-dimensional scalars. So I have 

five zero-dimensional scalars stacked up to create this one-dimensional tensor. And there 

are three such one-dimensional tensors, okay, so that corresponds to number three, which 



is coming together to form the, so which is coming together, and there are two of them, 

and that gives us this number two. So we start from 0D, we move to 1D, we stack up 1D, 

that gives us 2D and then we stack up 2D, that gives us 3D. 

So by stacking up these tensors, we are getting a higher dimensional tensor. So now when 

I do p.sum, all the values get summed up and I get 121. Then if I want to sum up along 

dimension 0, what does that mean? So, again I mentioned that dimension 0 is this, the 

outermost dimension, the outermost square bracket. Within that, these are the two 

elements, this one and this one. So, when we are summing these, what we do is we take 

each of these elements and along dimension 0. So, and this remember, so when we specify 

dimension 0, so ultimately since this is a reduction operation, after the operation dimension 

0 would, so that would get reduced. 

So, what we do is we simply add all these elements. So, there are two elements we simply 

add them up and that would give us the result when we perform the sum operation in 

dimension 0. So, 5 plus 5 over here that gives us 10, 5 plus 7 gives us 12. So, similarly for 

the other values. 

So, this is along dimension 0. And one thing is now the shape is 3, 5 of the resulting 

operation. So, when we performed across dimension 0, this got reduced, but only remaining 

with 3, 5 as we can see here. Again, if I look at tensor P, now I want to perform the sum 

operation across dimension 1. So, which is the dimension 1? So, this entire vectors would 

be dimension 1. Each of these vectors would be dimension 1. So, what happens is when 

we perform an operation across dimension 1, we just have to individually add up all of 

these. 

So, this plus this plus this would give us this. So we can see 5 plus 5 plus 1 gives us the 

first element over here. 5 plus 6 plus 2 gives us this. So you add all these things, you get 

the first element over here. 

You add all these things, you get the second element here. So you need to observe. So each 

of these are the one-dimensional elements. So each of these are the elements in dimension 

one. So we are simply, when we're doing sum, so we are simply adding those up. And 

ultimately, now the resultant tensor has shape two comma five. 



So now we can also perform the sum operation across dimension 2. So what is dimension 

2? Dimension 2 is the innermost dimension. So each of these individual values, these 

individual 0D tensors that I have, that is the scalars, these are the elements in dimension 0. 

So we simply sum them up. We sum these. So this is the elements in dimension 0. We sum 

these. We get 14. We sum these. we get 20. We sum these, we get 19. So now we are 

performing the sum operation across dimension 0. 

Previously we were summing across dimension 1 which is this dimension and that is what 

we observed a while back. Now we are summing across dimension 2. So now as I 

mentioned so we simply add them up and we get this 14. Now the shape would be 2, 3. So 

the dimension across which I am performing the operation that gets reduced. 

So now we have more or less covered the fundamental concepts of tensor. However, like 

PyTorch is a huge library, there are a lot more things that are present. So again, I would 

encourage the students to go and visit the PyTorch documentation and learn more if they 

feel interested.  

 



 

 



 

Next is we'll understand autograd. So autograd allows us to compute gradients in PyTorch. 

So first we'll start with a toy example and we'll see what is happening. So let's take this 

example. So say we have this equation y is equals to 3 times sigma of x plus 5. Now 

mathematically if I want to calculate the gradient of y with respect to x we just simply take 

the derivative. The derivative would be 3 times sigma of x 1 minus sigma of x. Now say I 

want the derivative at a particular value say at x is equals to 2. 

So I pass in those values and ultimately dy dx is we get this 0.3149.  

𝑦 = 3𝜎(𝑥) + 5 

𝜕𝑦

𝜕𝑥
= 3 × 𝜎(𝑥)(1 − 𝜎(𝑥)) 

𝜕𝑦

𝜕𝑥
= 3 × 𝜎(2)(1 − 𝜎(2)) 

= 3 × 0.8808 × (1 − 0.8808) 

0.3149 

Now if I want to do a similar thing in PyTorch, how can I do it? So this is just for elastration. 

This is a very simple example. This is not the reason why we use PyTorch. 



This is just so that I can make you all understand what is happening. So here, I would like 

to mention one thing. That is the concept of leaf and non-leaf tensors. So what happens in 

pie torches when we are using autograd? Internally what is happening is that there's this 

computational graph which is getting created which keeps track of all the operations that 

are being performed on a tensor. We'll understand this as we go ahead. 

I'm just giving a heads up. So in this computational graph, there are leaf nodes and non-

leaf nodes. So what are those? So here I create this tensor. and i look at the attributes 

required grad and is_Leaf. So by default the required grad attribute is false and is_Leaf is 

true. So, in general, all tensors which have required grad to be false are leaf tensors. 

So I use the tensor x that I just created and I create a tensor y which is a function of x, it is 

3 times sigma of x plus 5. So, now what are the attributes requiredGrad and isLeaf for y? 

RequiresGrad is still false, and isLeaf is true. So, now both x and y are leaf tensors. 

However, let us look at a different scenario. Here remember we did not explicitly set the 

requiresGrad attribute to true. 

So, in this case both of them were leaf nodes, both x and y were leaf tensors. However, 

now Let's explicitly set when we are creating tensor X, I'm explicitly setting requires grad 

to be true. So this is true and we see that X is leaf is still true. So here one thing is, so when 

a user is creating a tensor and explicitly setting its required grad to be true, it still remains 

a leaf tensor. 

However, let's see what happens next. Now I'm again creating Y. Y is the same function 

of X that we just saw. And now if I look at the requires grad and isLeaf of Y, we see that 

Y is no longer a leaf node. So this is because Y, the tensor Y is the resultant tensor of, 

because we performed an operation on X, so it no longer remains a leaf tensor. It's now a 

non-leaf tensor. And another thing is it requires grad is also true for y, even though we did 

not set anything. So why is that? So what happens in the computational graph is, so say I 

said requires grad to be true for x and then we performed an operation  using x and we 

generated y. 

So all these things are being tracked or traced in the computational graph. So, and after a 

while we see that we will use this backward method to compute the gradient. So what 



happens is when we call the backward method, the gradient flows through all the nodes in 

the computational graph. So as a result, even though I did not specify why to have requires 

grad to be true, however, since it was created from this tensor, it also has required grad to 

be true. So because the gradient needs to flow through all these, even through this node, so 

the gradient needs to be calculated. 

So that is why it has requires grad to be true. Another thing is grad function, so grad 

function is what is called when, so when I call the backward method to compute the 

gradient, so what happens is this grad function contains a pointer to this function add 

backward and this is called in order to compute the So, the computation happens via this. 

So, I will tell this very briefly. If you want to know further, you can refer to the PyTorch 

documentation. 

So, here you see that there is this addition operation. So, that is why we get add backward. 

Further, if you look further, you will also find since there are sigmoid operation, there 

would be a sigmoid backward involved. There is a multiplication operation. So, there will 

be a mull backward operation involved. So, for each of the operations, we simply add this 

word backward and that actually points to the function which will be called when this 

operation is encountered, when we are tracing back the computational graph during the 

backward pass or during the computation of gradient. So for y which was formed as a result 

of an operation on x, it has a grad function, however x which was the input vector does not 

have a grad function. 

So yeah, as we saw over here.  



 

 

Now let's compute the gradient of y with respect to x, which is dy dx. That we can do by 

simply calling the backward method on y. So we see previously, before calling y.backward, 

x.grad was none. Now I call backward method, so the gradient computation happened and 

it got stored in the x.grad attribute, so which we can find over here. So here we got the 

value 0.3150. When we had done it mathematically, we had got 0.3149. So they are very 



close. So, yes. Okay. So, another thing that I would mention over here is, so there's this 

notion that the gradient gets accumulated each time. 

So, we perform this operation. Now, x dot grad holds this value 0.30. Now, again I repeat 

it. If I repeat it again, again the gradient will get accumulated. So now we see when I look 

at x.grad again, it is actually this value times 2. So that is what is getting stored. So the 

gradient gets accumulated at each step. So now I'm doing the same operation again, right? 

Again, I am calculating the derivative of y with respect to x using this backward method. 

So, I run it. What happens? As I said, the gradient will get accumulated and now I will get 

this value, which is 2 times this. 

If I run it again, it would again get accumulated. Now, it is 3 times of this and it keeps on 

going. So, the gradient is getting accumulated at each step. However, this is not desired 

and if you do not want it, what you can do is, can simply set x.grad, so we can use this, 

x.grad.0, and what this would do is at each time when you do this, the gradient would get, 

again, it would be set to 0. So let's check. So now since I ran this line of code, now no 

longer the gradient is getting accumulated. 

So no matter how many times I run this, I'll get 0.3150.  

 



 

 

Now let us look at a slightly elaborate example where we first obtain A. So we first create 

the tensor A. We set its required grab to be true. Then we create B where B is a tensor 

which is being formed as a result of operation on A. So A would be a leaf tensor but B will 

be a non-leaf tensor. 

Similarly, we have C, where C is nothing but the resultant tensor when I perform the mean 

operation on B tensor. So, here we have A, B, C. So, that is how the tensors are present in 



the computational graph. And if I look at the, so as I mentioned, A is the leaf attribute, B 

is the non-leaf and C is also non-leaf. Now if i simply do c dot backward what would 

happen is I would now get the derivative of c okay, so which is this and it would get stored 

in a dot grad. Now, what if so b is a intermediate node over here. So, what can I do? What 

if I want to compute the gradient of b? So, what to do? So, if I simply do c dot backward 

and simply do b dot grad in that case we will get this warning that we are calling for the 

dot grad attribute of a tensor that is a non-leave tensor. 

And if you want to access it, what we need to do is we need to set the return grad attribute. 

So if I want the gradient of B, here what can I do is before running C dot backward, I need 

to set this. 

I need to set B dot retain grad. In that case, I will get the gradient stored in B. So let's see 

that. So now if I do b.grad I can get the derivative with respect to b as well. So now we can 

discuss.  

 



 

 



 

So now we understood the basics of autograd. So where in the context of neural network 

we actually use autograd. So for that this is a toy example again and just for illustration 

purposes we'll take the example of linear equation, so say we have this equation y is equals 

to 5x plus 3, we generate our training data following this equation. 

So, we first get like the values of x, we define w and b and then we get y. So, this is the 

input and output of the training data that I just created. Now, using this, I will be training 

the neural network with the intention that I want the neural network to converge, finally 

converge at these values of W and B by observing the patterns in this data that we just 

created. So first we need to initialize the parameters. So we have the parameters w and b 

since we are dealing with linear regression. So we initialize them and we set requires grad 

to be true because down the line we would be computing gradients with respect to w and 

b. 

So next there is the forward method. In forward method we define the forward pass. The 

forward method takes in the input, runs the forward pass gives us the output. So in our 

example the output would be w times x plus b Then we have the loss method. So the 

forward method gives us the output or the predicted values. So loss method takes the 

predicted values, takes the original ground truth values and it computes the loss. 



So since here we are dealing with linear regression, the loss is a mean square error loss and 

this is the formula. Now if I print wnv, we see that wnv has been randomly initialized and 

the required grad attribute has also been set to true. Now in order to train the neural 

network, we first set a few parameters which are very common, the learning rate and the 

number of epochs. Next what we can do is we run the training loop. 

So during each iteration, during each epoch, I first do the forward pass. I pass the input to 

the forward method and I get the predicted y. I use the predicted y along with the ground  

truth value to compute the loss and then now that I have the loss I use the backward method 

to compute the gradient of this loss with respect to the parameters of the model that I have 

that is w and v and that would get stored these gradients that I just computed. So the 

derivative of the loss with respect to w will get stored in w dot grad. And the derivative of 

the loss with respect to b will get stored in b.grad. So this is nothing but the gradient descent 

step where we update the parameters, w and v, using the gradient descent formulation. So 

here we are doing stochastic gradient descent. So for each of the samples in the training 

data, parameter update step is happening, the optimization step is happening. 

And here we see that we have specified this inside this, so we have given 

withTorch.noGraph. So this is a context manager. What happens is as I was mentioning, 

so whenever we have a leaf node like W and B, so these are leaf tensors, so whenever we 

perform any operation using the leaf tensor it gets  tracked in the computational graph. But 

if we don't want that, we use this torch.nograt and that would disable that for some while. 

As long as we are within the scope of this context manager, that would get disabled. So 

here we simply update the parameters and then we are back again to normal. Here, so we 

do not want the gradients to get accumulated, so we do w.grad.0 and this would again 

initialize the gradients to be 0. And this is a common step, so just to observe the progress.  



 

 

So as we are training the model, initially we begin with this loss, but as the model is getting 

trained, the loss is decreasing and the values of w and b is approaching the  the actual 

values. 

So W was actually 5, so as a result of training the model it is now 4.957, very close to 5 

and B is now 3. So we see that W and B have more or less like converged to the actual 

values.  



 

 

Now we will look at like neural networks. So we'll build a very basic neural network and 

understand the typical PyTorch pipeline that is followed in order to build and train the 

model. 

So many of the things that I just explained would again be, again you'll see the same things 

here as well. So first is we encounter this module which is torch.nn. So whenever we are 

dealing with neural networks, so however simple or however complex a neural network 



you want to create, we need the torch.nn module. So everything we need for creating a 

neural network is present in torch.nn. And so you'll also find different layers if you have 

come across convolutional layers, linear layers, all these things are present in this module. 

Also like optimizers, so we can either use gradient descent, we can use Adam, all the 

various optimizers that are present in Bitorch can be accessed through the Optum module. 

Now for this example, we'll be using the MNIST dataset, which I think all of you must 

have heard of. So that is already available in the Torch Vision module. So for that, we are 

also using this module in the code. So from that, we have imported datasets, to get access 

to the MNIST dataset and we'll be performing some transformations on the dataset and that 

is why we need the transforms module as well. 

Again, this we already observed, so we are setting the device. Now, if we look at the 

properties or the elements that are present in the datasets model, we see all these elements. 

You also have other datasets such as CIFAR-10, CIFAR-100, you will find many more. If 

you go through this, there are others, many, many datasets available. 

One exercise you all can perform is, right now I'm just showing an example using MNIST. 

You can try a different data set. It would just require some minor modifications in the code 

and you can also try training a neural network on a different data set.  

 



 

 

So first you can set the hyperparameters. So here we'll be creating a neural network, very 

simple neural network with only one hidden layer. 

So here we set the hidden size. So hidden size is the number of neurons that is present in 

the hidden layer of the neural network. So there would be the input, the output, and in 

between there would be one hidden layer with 400 neurons. 



We'd be running the training for eight epochs. Batch size is 32. We'll look at the batch size 

in a while. And learning rate is this. We can play around with these values and see what 

changes is happening in the training is increasing or decreasing the learning rate leading to 

faster or slower convergence? Or is it diverging? Or what does changing the batch size do? 

So you can vary all these things and you can explore further. So here we load the MNIST 

dataset. 

So datasets.mnist, we specify the root. Then for training dataset, we set train to be true, 

whereas for test, we set train to be false, quite intuitively. We download it. Now the dataset 

needs to be like, needs to be tensors. So that is where we perform the transformation. 

Transforms are two tensors. As a result, the data set that we have now would have tensor 

values. So we have loaded the data set, so that is done. Next, what we need to do, let's just 

observe what is present in the data set. So we can look at the classes present in the training 

data set. So this is MNIST data set, so we know that this deals with images of numbers 

from zero to nine, where given an image, the neural network needs to identify what is the 

number, what is the number that is present in the image. 

So here we see the classes are from 0 to 9. So there are 10 classes. The shape of the trained 

data set is 60,000, 28, 28. 60,000 is the number of samples, the number of images in the 

training data set. And 28, 28 is the size of each image. Okay, so this is the shape of the data 

and this is corresponding to the 60,000 samples, there are 60,000 labels as well. 

Similarly for test data, everything is same, just the number of test samples is 10,000. So, 

from here we can understand something. So, when we want to construct a neural network, 

we need to specify what is the input, what is the dimension of the input that we are passing 

and what is the dimension of the output we expect from the neural network. So, since there 

are 10 classes, the output features would be 10 in number, whereas the input features would 

be 784. 784 is nothing but 28 cross 28. So, instead of directly passing a tensor of size 28 

cross 28, we flatten it and then we pass it as a 784 size tensor to the neural network. 

We'll understand this in case anybody has a doubt in this as we go through the designing 

of the model and I think these things will be clear. Now that we have observed the data, so 

the number of elements, the number of classes,  size of the image. Now we can look at data 



loaders. So as we saw that the training data set has 60,000 samples, the test data set has 

10,000 samples. 

So we cannot load all of them into memory at once when we are performing the training 

or when we are doing the evaluation. So here the idea of data loaders comes. So what data 

loaders do is they give us a batch of the training. So here as we remember, we had set the 

batch size to 32. 

So for each call of the data loader, I'll get samples as many as the batch size. So I'll get 32 

randomly selected samples of the training data when I call train.dataloader. And so here 

we can see, I need to pass the data set. These are the arguments to the data loader. 

The data set I pass the train underscore data set that I have. I specify the batch size and for 

train data loader, I want the elements in the batch to be random elements. So I set shuffle 

to be true. So I want 32 random elements to be selected from the training dataset and 

supplied to me for each batch. 

However that is not required for test. So for test I don't need to shuffle. So this is the concept 

of data loader.  

 



 

Next is I can look at a few images of what it looks like, what the data set looks like. So 

here I just first take the data loader, create an iterator from it, I do next data. 

And that would give me again like 32 samples from the training data set. I unpack them 

into images and labels. I can check the shape over here. This is the shape. As you can see, 

we have batch size number of images and corresponding to 32 images at the 32 labels. Now 

I can look at a few, like five of them. As I can see over here, this is the image that I have 

and the corresponding label. This looks 9 and the label is 9 and 4 and 4. 

This could also be a basic sanity check where you can look at a few random samples of the 

data and you can see whether the image and the label align with each other or not. So we 

have looked at the data. We have figured out what is the input and output dimension to the 

neural network. 

Now all we need to do is design the neural network, design the model.  



 

 



 

So here we need to define a class for that. 

So in the class, I named the class. You can name it anything you want. I've named basic 

neural net. And this needs to inherit the nn.module class. So this would be a subclass of 

this class. So, nn.module has all the basic functionalities that you need to design a neural 

network. So, all we need to simply do now is just define the constructor and the constructor 

will be just defining the skeleton of the neural network and in the forward method I would 

be like defining the forward pass, rest everything else would be handled internally by 

nn.module. So here I just simply call the constructor of the base class, then pass the hidden 

size. So one thing is when I'm defining the function, so here self is mandatory, you need to 

mandatorily pass self, rest, other arguments can be anything, you can pass hidden size, you 

can pass input size, output size, anything, this you can arbitrarily set. 

For forward you need to pass self and x, which is the input. So then if I talk about the layers 

that the model has, so I have two linear layers, one mapping the input to the hidden layer, 

another from the hidden layer to the output. 

So this would be, how much was the hidden size that I had set? Let me check. It's 400. 

Input size was 784, right? Which was 28 cross 28. So this would take, the input features 

would be 784. Then from 784, this linear layer would give me the hidden size, so 400. Then 



again from 400, I get output features, which is 10. So that is how it is happening. Now in 

the forward pass, it takes the input and gives me the output of the neural network. 

What would happen if I pass any input through the neural network? What would happen? 

So first I take the input, I pass it through my first layer and that gives me output. So that I 

pass through a non-linearity. 

In this case, I'm passing it through ReLU. Again, the output of this is fed to the output of 

the second linear ray. And this would be my final output of the forward pass. So one thing 

is... One thing is, since this is a multi-class classification, we'll be using cross-entropy loss 

during training the neural network. So in cross-entropy loss, we can simply pass the raw 

value. We are not doing any further operation out here, further passing it through another 

activation layer, we're not doing anything of that sort, we're not passing it through another 

softmax. We're directly taking the raw values and we'll supply it to cross entropy loss and 

it would do everything, the function would handle everything. 

Then I create the neural network, I simply pass the hidden size, and then I move the model 

to the device, so to the CA, to the GPO, if it is available. Now, as you saw, we created two 

linear layers. So linear layers has a weight and a bias, so we can look at that. So we can, 

once we have generated the model, I can look at model parameters, and that would give 

me what are the weights and biases. So here we can look at it. So for the first linear layer, 

we can look at the weight and bias. So this is the weight and bias, as you can see. This is 

the weight and bias. And you can see that, just a second, and you can see that, see, you can 

see the requires grad is automatically set to true. 

We do not have to explicitly mention it anywhere. We just mentioned the size of the linear 

layer. And these things got handled internally. So both of them, the requires grad attribute 

is true as these are parameters of the model and we need to compute the gradient of loss 

with respect to these parameters. 

And also you can look at the shape. So this is hidden size and this is the input size. So this 

is the size of the weight parameter and this is the size of the bias parameter. So this is bias 

tensor.  



 

 



 

 



 

Next we can look at the second linear layer as well. So here we have, so this is again 

similarly, it's very similar. So now it's 10 which is the number of output features and this 

is the hidden layer and this is the shape of the bias. 

So right now they are all like garbled up values. Now we need to train the neural network 

and we want the neural network to, given an image, predict what is the number associated 

with it. So as I mentioned, we're using cross entropy loss as the loss function over here. 

For optimizer, we're using Adam. There are various others available. Please check the 

Optum module for that. And so here we are passing nothing but the model parameters and 

the learning rate, which we had defined a while back. Here I'm doing batched stochastic 

gradients. So there would be two for loops, one for loop to keep track of the epoch, one for 

loop to keep track of the epoch, and another for loop is where I am calling the data loader 

and it's giving me samples of the batch size. 

And then I again unpack them. So this is images and labels. I reshape the image as my 

input linear layer had, it was of shape 784 and 400. So I need to flatten the tensor. So that 

is what I'm doing. I'm flattening the tensor. This is the input to the model. 

And these are the ground truth labels. Since I moved the model to the device, these also 

need to be moved to the GPU. Next, I do the forward pass. The input in this case are the 



images which have been flattened now. I'm passing it through the model. When I pass it 

through the model, internally the forward method would be called. 

The forward pass would be performed and I would get the output. So this is the predicted 

value. I pass the predicted value and the ground truth labels to the loss function. I get the 

loss. And now it's the time for the backward pass. I need to compute the gradient of the 

loss with respect to the parameters of the network, which is rate and bias. So, I do loss dot 

backward. So, now once the gradients have been computed, I need to update the weight 

parameters. 

Now, here I do not need to explicitly mention the gradient descent step, neither do I have 

to explicitly like write I do not have to explicitly write the context manager torch.nograd. 

Then I don't have to explicitly update the weights and parameters, weights and biases. 

Internally, it is done by this method. 

So whenever I do optimizer.step, the parameter update happens. And this takes in the 

current states of the parameters, it takes the current gradients and using that it updates the 

weights and parameters appropriately. And then again we do not want the gradients to get 

accumulated, so at the end of each iteration we set it to 0 so that from next time it starts 

afresh. 

So again, this is the basic. We are just looking at the progress. So we see that the loss is 

decreasing. It's also fluctuating in between. 

 Ultimately, this is after training for like seven, sorry, eight epochs, I think. After training 

for 8 epochs, this is what we have. Now we can simply check the accuracy that we have. 

So accuracy is we get 97.03. So that is good enough accuracy. You can further play around 

with the hyperparameters and you can see whether you are able to get a better accuracy. 

So this was more or less the basics of PyTorch, the things you need to get started if you 

want to walk on any deep learning model or anything. 

So I hope now the basic foundational concepts related to PyTorch are clear. So students 

have the foundational concepts and now they can design any deep learning model. They 

can easily get started with anything. So thank you for listening and happy learning. 



 

 


