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Module — 04
GPU Computing
Lecture — 35
Introduction to CUDA Programming (Continued)

Hello everybody, we are discussing GPU computing modules in the course of High-
Performance Computing for Scientists and Engineers and this is the lecture on Introduction to

CUDA Programming, which we are continuing from last class.
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» CUDA- installation and compilation
» Sample program
# Kernel and threads

» Data transfer across host and device

In the last class we discussed a few aspects of CUDA programming; we first discussed how to
install and compile CUDA and execute a CUDA program and then we looked into a sample

program, we will continue from there.
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This is the sample program which is our first CUDA program, we have looked into last class.
So, this is a program for vector addition; the idea of this program is that we will take two
vectors of relatively large size. So, each of these vectors have hundred thousand elements in
our example, and we will write a CUDA C program to add these two vectors and get a resultant

vector.

The addition will be done by CUDA kernels in a sense that each of the threads in CUDA
program and will be responsible for adding each of the elements in the vector. So, in parallel,

multiple threads will be launched and multiple elements will be added together.

This is quite similar to the concept of vector processing, at least this programming model which
we have seen earlier when we are discussing fundamentals of parallel computing. So, if we
look into the program it has, it is a single file with an extension dot cu. So, the program name,
say, vecAdd . cu that is the program name.

If we look into that file it has two components; one is the portion which will be executed by
CPU, it has the it is the main program and this is most likely your C code with some of the
CUDA constructs inside it.

Another particular instance in this program, which writes and executes the kernel and this

executes a kernel vecAdd. We write that, this is a function which will be called by the CPU



and that will be executed in the GPU. So, this kernel is a function which is called by the C

program and this function will be executed by the GPU.

So, we will look into the function name and there is a specific syntax for this function we are
calling; we will look into this syntax in more detail. If we look into the function name vecAdd
and we will see that , the next part of the code is the vecAdd function which is CUDA kernel.
It starts with an execution syntax __ global __ and then it is a function of void type. So, it

cannot return anything, and this is executed by the GPU now.

So, this is the function which is called by the CPU and will be executed by the GPU. So, CUDA
will launch this function in parallel in multiple GPU cores and different threads will be active
then.

Well, this will typically return a void; because GPU and CPU memories are different, whatever
we are executing in CPU or whatever a programmer is writing primarily, that code will
primarily take information from CPU ram and will be executed in CPU. So, whatever is

executed in the CPU will write to the CPU; cannot read from the GPU memories.

Therefore, when a function is called from the CPU to run in the GPU, it must return a void, it
cannot return a memory. Memory can flow from CPU to GPU only through cudaMemcpy. So,
if we look into this function int id gives the particular id of each thread. Based on the id, if the
id is less than n; n is the size of the vector, based on that id elements of a and b are added and

element of c is obtained.

So, once this kernel is executed on the specific number of threads and the number of threads is
specified by grid size and block size; then that will write to the vector ¢ which is passed asd _
C that is in that CUDAs in the GPUs memory d _ C.

Then d _ C or device C will be copied to host C or CPU C and then only we can read it from
the C program that we are executing through the CPU. So, the first part will be the vectors
which we are allocating in the CPU, assigning in the CPU initialization of the vectors; these
vectors will be copied to the GPU, then function will be called by CPU which will be executed
in the GPUs in multiple threads. Then the function will return a void, but it will make certain
changes in the GPU memory which is device _ C, d and _ C that lies in the GPU memory. And
then data will be copied from GPU memory to CPU memory and then if we want to do some

processing with that data, we can do that.



We have discussed this program in the last class also. Now, we can identify that there are two
important instances in this program; one is that kernel calling that this function is called as a
kernel which will be executed, which will be executed by the GPU and called by CPU. Then
this kernel function itself is executed on GPU not in CPU. We can identify that there is a
specific syntax for kernel calling and there is a specific syntax for identifying the kernel, we
will look into these things. Also, a kernel takes some of the arguments which are memory
locations in the GPU and some arguments are given within a brace, which gives the number of
blocks inside a grid and number of threads inside a block. So, in total how many threads will

be launched that is also specified here.
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So, a kernel is defined using _ global _ declaration and this is called an execution space
specified. It specifies what is the execution space, this declaration specifies as what is the space
in which this function will be executed; will it be executed in GPU, will it be executed in CPU,
etcetera. This particular statement specifies that execution. The number of threads that we
execute the kernel that is specified using execution configuration syntax, and what is execution

configuration syntax; which is present inside the brace with the kernel call.

So, if we look into the program when we call the function vecAdd and within grid size, block

size and pass the variables; then this becomes the execution configuration syntax.

So, this becomes the execution configuration syntax which is; so, it specifies how many threads

will be running there. Each thread that executes the kernel will get a unique thread id which is



accessible in the kernel through built in variables. So, when we call the kernel, it is identified

by the execution space specifiers.

Execution configuration syntax is specified with the kernel call; execution space special
specifier is specified before we write the kernel function at the beginning of the kernel function.
Once we look into the kernel function, it knows what is the size, number of threads in a block;

and what is the number of blocks in a grid.

So, what is the total number of threads it knows; based on that it finds the global thread id and
each kernel has its own global thread id, which is obtained by which where the id of the block,
id of the thread and dimension of the block. Dimension is what is the total number of threads
in the block. Then based on the particular thread id a thread operates on a certain part of the
memory location of the ¢ vector . So, we need to look into detail what is the execution space
specifier, and this is our execution space specifier _ global _ which is present in the kernel
function, and what is execution configuration syntax, which is called which is written during

the kernel call.

When the main program calls kernel, the execution configuration syntax is given that these two
things have to be looked into. And everything we are discussing here is taken from NVIDIA
CUDA programming guide; because CUDA is developed by NVIDIA, so whenever we look
into details of CUDA details of syntax and semantics of CUDA, we have to look into NVIDIAs
CUDA programming guide.

This id gives a unique number for each thread. So, id of the thread which is executed by one
particular GPU code during the kernel execution is obtained by the built-in functions of the
CUDA kernel and based on blockld, local threadld and the dimension of the block. I will look

into how to find out the kernel id’s in more detail when you look into thread algebra.

The kernel function is executed into grid size *block size time; because grid size is the number
of blocks inside the grid, block size is the number of threads inside a block. So, how many
threads are launched? Each block launch block size number of threads and grid size number of
blocks are launched. So, total grid size* block size number of threads are launched and each
thread calls a kernel.



So, kernel function is executed in grid size * block size times. However, the given vector has
a dimension n. So, n can be less than this number; because we cannot call irregular patterns of

threads, each block should have the same number of threads.

So, if you have 1000 threads and 50 blocks, there will be 55000 threads which will be launched,
say now in case you have 49990-dimension vectors. So, there will be 10 threads that will

basically do nothing.

So, you have to identify that if id is less than n; then only the threads will operate, otherwise
those threads will not operate. So, N threads will be there which will do computation for the
vector addition; there will be at least one block in which some of the threads are inactive. In
case the number of blocks block into number of threads is not same as the, is greater than the

size of the vector.

So, there will be some threads which will be inactive in that part, but the end of these threads

will compute further vector addition and n different locations.
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Function execution space specifier

1. _global__:The _global__ execution space specifier declares a function as being a kernel.
Such a function is:

a, Executed on the device, / 4P u)

b. Callable from the host, g U

¢. from the device for device{ or comlaute capability 3.2 or higher (CUDA Dynamic Parallelism)

A __global_ function must have void return type, and cannot be a member of a class
Any call to a __global__ function must specify its execution configuration
Acalltoa __global__function is asynchronous, it returns before device finishes the execution

2. _device_:The __device__execution space specifier declares a function that is:
a. Executed on the device, a
b. Callable from the device only. HVIOUA CUDA promein quide

The __global__and __device__ execution space specifiers cannot be used together,

So, we will see what is a function execution space specifier, that is _ global _ in our previous

context? So, the global execution space specifier declares that a function is a kernel.

What is global? That this function is executed on the device and device means GPU; this

function is callable from the host. So, a function which is called from the CPU and executes in



the GPU that is identified by a function which is executing in the global space. So, it is called
from CPU; it is called from CPU, it is executed in GPU.

So, it spans over the entire space combining CPU and GPU; therefore, it has a global execution
space specifier. Also, in some cases when you do dynamic parallelism, that means CUDA
threads are further calling the next set of CUDA threads; one GPU is calling another GPU or

one GPU is asking some of the jobs to be executed again in the GPU as a function.

Then, we can use this for compute capability greater than 3.2, we can use device to device call
also. So, from one device another device is asked to execute a function that also can have a

global execution space specifier.

A global function must have a void return type and we have discussed that; because we cannot
write data in the CPU memory directly from the GPU memory, it always has to be copied back.
So, it cannot return any value, it cannot return anything which will be a value and return to the
CPU memory. So, it will always return a void return type. Global function, any call to global

function must specify its execution configuration.

If you remember in the last slide, we discussed execution configuration, execution
configuration tells what is the grid size and what is the block size. How many blocks and how

many threads per block will be there, that has to be specified once a global function is called.

So, global function is a function which will run on a GPU called from a CPU or in case of
dynamic parallelization, call from a GPU and run on a GPU. But as the global function will
run on a GPU, it will run in a single instruction multiple thread architecture; therefore, the total
number of threads are to be specified, which can be specified by specifying number of blocks

in the grid that is grid size and number of threads per block that is block size.

So, that has to be specified through execution configuration, when the kernel function is called.
A call to global function is asynchronous and that is important . So, when the function is called;
an asynchronous function will ensure that all the threads are executed, then only the next

statement will be executed by the program.

But in case of a kernel call, it is not ensured that all the threads are executed it launches the
kernels; depending on the GPU scheduler, the threads will be active and they will do the

computation. However, as soon as it asks the GPU to run the program in multiple threads, the



function returns back; | mean the control instruction instance returns back to the CPU and CPU

keeps on working on the next set of instructions.

So, this is an asynchronous call, it does not satisfy the criteria that all the threads are done and
then only the next job will be processed. The CPU can keep on processing the next job, only

once the kernel function is informed to the GPUEs.

So, in case we need a synchronization, in case we need that all the threads are executed, then
only the next step will be done; then we have to put some synchronization barrier, one of them
is CUDA sync threads in CUDA, we will see at some point of time.

The other execution space specifier is device and this is for the function which is executed on
the device and the GPU and callable from the device only. Say for example, you take a kernel
function itself, within the kernel function it needs to call another function. So, it is a function
which we call by the GPU and executed by the GPU, in the same stream of instructions. So,

this is identified as the device execution space specifier.

So, when in the program, a function is given with device execution space specifier; it is a
function which is called by the kernel and will be executed on the GPU only. When global is
given, it is a function which is called by the CPU and will be executed on the GPU; therefore,
it is a kernel function. The global and device execution space specifiers cannot work together;

I mean a function in together cannot be a global function as well as a device function.

Everything is taken from NVIDIA CUDA programming guide.
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Function execution space specifier (cont.)

3, __host__:The __host__execution space specifier declares a function that is:
a. Executed on the host,
b. Callable from the host only.

In case, no execution space is specified, the function is compiled for the host only.

The __global__and __host__ execution space specifiers cannot be used together.
The __device__and __host__ execution space specifiers can be used together however, in which casi

the function is compiled for both the host and the device. .

of
NVIDIA CUDA programming
Quide
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The other specifier is host, what is host? We can understand that when a function is executed
at host and call from the host only. So, CPU calls any function that will be executed on CPU,;
it is not a kernel as CPU c code part calls a function and this function itself works on the CPU

this is called a host execution space specifier.

We can understand that by default any function is a host function; if it is a global function, we
have to mention it as a kernel. If it is a device function, we have to mention it as with a device
specifier. But if it is a host function, it is by default if you do not specify anything, we just call

the function, it should be a host function.

So, in case no execution space is specified, by default it is compiled for the host and it is called
from the host and runs in the host only. The global and host execution specifier cannot be used
together; I mean the same function cannot be asked to run on both CPU and GPU called from
a CPU. So, they cannot be used together.

But device and host specifiers can be used together; there are certain cases when we can run a
function in both CPU and GPU. So, CPU calls the function, runs in the CPU; GPU calls the
function runs in the GPU, it is possible in certain cases. So, if we summarize it, the execution
space specifiers give; if it is a device and it can return anything for device and host function, it

will be executed on the device called from the device.



So, it is called from the GPU, it is executed in the GPU and it can GPU can write to GPU
memory, GPU function can always write to GPU memory. So, it can return anything float,
double, integer, void it can return anything. A host is called from host executed in the host, it
also can return any value; but a global is called from a host or in certain cases called from a

device under dynamic parallelism and executed on the device.

Now, GPU cannot write to CPU memory; therefore, it should always return a void, these are
the three types of execution space specifier. So, whenever we look into a CUDA program, we
look into the functions and see what is the execution specifier mentioned before that function.

Based on that we identify what type of function it is; is it a simple function called by the CPU
program to run in the CPU, is it a kernel called by the CPU to run in the GPU or is it a function
with GPU kernel calls and is executed on the GPU. Then these three types of functions are
important; these three types of functions are present in the code and they are compiled

separately, the compilations branch out differently.
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Execution configuration for a CUDA kernel it ?/—\

Akernel declared as __global__ void Func(float* parameter) must be called in the main ¢ program
as
Funce<< Dg, Db, Ns, § >>>(parameter);
g

Ex: _global _ void vecAdd(tloat *a, float *b, float *c, int n)

is called as

vecAdd<<<gridSize, blockSized»>(d A, d B, d C, N);

The expression in form of <<< Dg, Db, Ns, § >>> specifies the execution configuration ::'“: ::ﬁ;;;
" Im L)

Dg Is of type dim3 and specifies the dimension and size of the grid. Dg.x, Dg.y and Dg.z ae number of blocks In
respective dimensions, such that Dg.x * Dg.y * Dg.z equals the number of blocks being launched

Db Is of type dim3 and specifies the dimension and size of each block, such that Db.x * Db.y * Db.z equals the
number of threads per block

Ns is of type size_t and specifies the number of bytes in shared memory that is dynamically allocated per block
for this call Ns is an optional argument which defaults to 0;

S 1s of type cudaStream _t and specifies the associated stream; S is an optional argument which defaults to 0,

Well, the next part is the execution configuration. If we see the kernel function; when the
function is called, we have seen that the function is called syntax within a brace. So, we write
the function name when a kernel function is called; function name kernel function means, the

function which is declared as global when we write the function.



So, function when it is called is a written function, then this brace three <<<,three >>> signs
within these certain parameters are passed and then some parameters which are passed for this

function.

Now, an example is that for the vecAdd of the kernel we have looked into this example; when
we call it, we write vecAdd, then grid size, block size and we pass the parameters. The
parameters that will be passing are again parameters on the GPU memory only. So,d _ A, d _

B and d _ C are the variable locations in the GPU memory that we pass here.

Well, so these are the arguments inside the execution space specifier and we can see there can
be four arguments here; D g, D b, N s, S. What are them? The expression in the form of D g,
D b, N's, S specifies the execution configuration. D g is type dim 3, dim 3 is one particular type
of variable in CUDA programming and it is basically a variable with three-dimensional non-
negative integer value. It specifies what are the number of blocks or threads in each dimension
of that.

So, D g is space dim 3 and specifies the dimension and size of the grid. D g x, D g y the first
component, second component and third component are the number of blocks in respective
dimensions. In x direction dimension what are the number of blocks; y dimension what are the
number of blocks; z dimension what are the number of blocks that will be specified by dim 3
Dog.

They say we can write dim 3 ,D g and these three numbers that will specify that, this is the grid
size here. Then this D g is passed as grid size in the kernel call. Therefore, the total number of
blocks will be in x direction and the number of blocks is D g. x , D g. y, D g. z their

multiplication will be the total number of blocks.

Similarly, D b is also a similar variable, variable of dim 3 and it specifies the dimension of size
and each block. So, D b .x, D b. y, D b. z will equal the total number of blocks. So, we can see
that if we launch a kernel, which will launch a grid; each kernel will launch an associated grid.
Inside the grid we write, for to specify the grid size we write D g 2, 2, 1; therefore, 2 blocks in
x direction, 2 blocks iny direction and z direction only 1 block. So, total 4 blocks will be there
and D b that is the block size we write 4, 2, 2.

So, 4 threads in each block there will be 4 threads in x, 2 threads in y and 2 threads in z

dimension. So, once we declare this dim 3 D g and D b value; when we pass D g and D b, this



particular grid block arrangement will be passed to the kernel. So, how many threads will be
launched by the kernel? 4 blocks will be launched by the kernel and each block will have 16

threads. So, 64 threads will be launched by the kernel.

Then there are also certain arguments N s and S. N s is of type size, it specifies the size of the
shared memory variable that will be dynamically allocated per block for the call. So, you know
that shared memory and L1 cache both are on chip memories and they share the same space in

modern GPU architecture.

In case we need some shared memory variable; shared memory means, this shared memory is
little different than what we discussed about shared memory and distributed memory

architectures.

This shared memory is the on-chip memory, a memory which is shared by the cores present on
a streaming multiprocessor. So, when a block will be active on a particular streaming
multiprocessor, it can utilize some of the on-chip memory which will be very fast access, we

will look into shared memory programming later.

So, Ns say tells what is the size of the shared memory in byte that this programmer can specify.
If nothing is specified for this case, only D g and D b is specified; Ns is not specified, it takes

it to be 0, there are no shared memory variables that can be declared here.

S is the associated stream, identifies the stream; this will not discuss at this stage, but in a
CUDA kernel you can launch multiple streams of instruction. And how many streams of
instruction that will be launched that can be specified by S and that many streams will be
launched. But if we do not specify anything; S will be 0, only one stream will be active. So, if

we do not specify any of these numbers, they will be assigned to this default value.

So, let us see about the dim 3 variables.
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Grid and block size specification- dim3

This type is an integer vector type that is used to specify dimensions (of grid, blocks),
This is a CUDA-defined structure of unsigned integers.

When defining a variable of type dim3, any component left unspecified is initialized to 1. \’JJ" V‘-‘)\

Example:

dim) gridsize(?, 8, 2); // Grid -- 8 x & x 2 blocks

dim} blocksize(32, 16, 4); // Block - 72 % 1% x 4 threads per block Total h'”'“hr“d in

myKernel<<<gridsize, blocksize»»>(...); - gri yldsllexhlucksue
Py

2
dimd gridsizedlé, 16); // Grid =- 16 x 16 ( x 1) blocks 6] N U A
din3 blocksize(i2, 12); /f Block ===32 % 32°T 1} threads per block | 2D grld& locks
myKernelecsgridsize, blocksized»>(...): |

\ By

AWENLY

gridsizes): 10 grid & blocks

blocksizes] ._é |
myKernel<<<grid, blocks»>»(...); // 32 blocks, 1024 threads per block

Grids and blocks can be of any dimension between 1-3

The dim 3 is an integer vector type which is used to specify dimension of grids and blocks.
This is a CUDA defined structure of unsigned integers. When defining a variable of time dim

3, any component we do not specify is initialized to the value 1.

So, dim 3 typically will take 3 in non-negative integer values; say for grid size it will give us
the number of blocks in grade in x, y and z direction. If we do not specify all these three values;
if we only specify one value, it will take that in x direction and y and z will be initialized to
one will not, it will consider that there is no other block in y and z direction.

So, if nothing is specified, it will stick to the initialized value of 1. So, we can see some of the
examples; if | write dim 3 grid size 8, 8, 2; dim 3 block size 32, 16, 4; then grid size means that
there are 8 grids in 8 blocks in x direction, 8 blocks in y direction and 2 blocks in z direction.
So, the total number of blocks is 8 *8* 2. In each block there are 32 threads in X, 16 threads in

y and 4 threads in z.

So, when we call the kernel it is launched by 8 * 8 *2 blocks and each block launches 32 *16*
4 threads. We can see another example for a 2 D grid and block; we write that dim 3 grid size
16 *16. So, each grid launches 16 into 16 blocks and in z direction nothing is specified; so, by
default there is only 1 block in z direction, no other block in z direction. So, 2 D arrangement
of blocks.



Similarly, it launches 2 D arrangements of threads per block. If only grid size is specified as
only one scalar, block size is also a scalar. So, it launches 32 blocks and then block size is 1024.
So, each block says 1024 threads. So, it is as simple as that. So, you have to define these two
arguments grid size and block size before calling the kernel and pass them in the kernel.

The dimensions of grids and blocks can be anything between 1 to 3; we can see there can be 1
degree, there can be 2 degrees, there can be 3 degrees. Similarly threads per block also can be
arranged can be 1 D, 2 D and 3 D. The total number of threads launched in a grid will be grid
size * block size. Number of blocks in a grid, this is the grid size is the number of blocks and

this is number of threads per block.

What is the grid? Kernel launches a grid of thread. So, the total number of threads constitute a
grid and this is arranged in blocks; a grid can be decomposed in multiple blocks and then these
blocks can be multiplied and decomposed in multiple threads.

Total number of grids is grid size and block size and number of threads is grid size and block

size, that is the number of threads inside a grid or number of threads when a kernel is launched.
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Blocks and threads

-
Threads are organized in blocks of the grid. k0 0 WU B0
Kernel launches all threads in a grid following an SIMT model. ﬂ ﬁ i

The kernel function is executed as gridsize x blocksize number of times in
that many threads

It is required to find global id of a thread from its local id in a block and
the id of the block in the grid.

Blocksize and gridsize information is available in the execution
figuration myKernel<<<gridsize, blocksi ()

Local thread id is given as threadldx.x, threadldx.y & threadldx.z
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Block dimension (number of threads in each dimension in a box) is given

as: blockDimx.x, blockDimx.y, blockDimx.z

Source;
NVIDIA CUDA progromming guide,

Block id in the grid is given as: blockidx.x, blockldx.y & blockidx.z

We can quickly see an example that, threads when we launch a grid number and the number of
blocks is launched, and when we launch in each block there are a number of threads. So, all of
them are launched together; the total number of thread blocks are threads, the total number of

threads that is the number of threads per block * the number of blocks they are launched.



Kernel launches all threads in a grid. So, threads are organized in blocks of grids; the kernel
launches all threads in a grid following an SIMT model. Single instruction, the instruction is

the same for all the number of threads.

The kernel function is executed into grid size into block size numbers in that many threads. So,
each thread is executing the kernel function. So, the total number of threads is the total number
of executions of kernel functions; but each kernel function is operating on a different thread
location. Different thread is tagging with different locations of the memory, because it is again
single instruction multiple threaded, single instruction multiple data model. So, the same
instruction is being passed, but each instruction is looking into different locations of the

memory. So, each of these threads has to be tagged with a particular location in the memory.

So, this is device memory, say, this will look into a particular location of the memory, this will
be tagged to a particular location of the memory so on; each thread will take care of a particular
location of the memory. So, it is important to find the global id of the thread from the local id;

local id means that, local id of the thread is the id of the thread inside the block.

Global id is id of the thread inside the whole grid. So, it is important to find out the global id
of the thread from the local id in the block and the id of the block in the grid, in which block it
is residing and what is the local id of the thread within that block. Block size and grid size
information are available in the execution configuration kernel. So, you always specify block

size and grid size.

Now, local thread id is given, if it is a 3-D block distribution by thread id x. x , thread id x. y
and thread id x. z. This is the id of a thread; this coordinate gives the id of the thread in the
local block. The block dimension which is passed through the grid size argument blockDim

x.X, blockDim x . y and blockDim x. z.

Block id is given by this. These are the built-in functions when we call from the kernel, it

returns the values of the local block id, the dimension of the blocks and the local thread id.
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Blocks and threads (cont.)

In the example problem of matrix addition, 2D thread id-s are used as pointers to matrix elements in the
kernel function
// Ketrnel definition
global _ void MatAdd(float A(N)(N), float BIN)(N],
float CIN (N))

(
int i = threadldx.x;
int j = threadldx.y;
CLLI(Y) = ALLD(3) + BLSD03):
)

int main()
{

// ¥ernel invocation with one block of N * N * 1 threads
int numBlocks = 1;

dim3 threadsPerBlock(N, N);

Mathdd<<<numBlocks, LhreadsPerBlock>>(A, B, C);

)

We will work on thread algebra in detail in subsequent classes

Using this we can constitute what is the global id of the thread. So, using this set of information,
we can constitute global id. How global thread id is important, we can see an example of matrix
addition. So, two matrices A and B will be added and we will get C. Now, we pass the number
of blocks and number of threads per block. Then we said that the number of blocks is one only;

so, one block is launched and all the threads are in the same block.

So, the question can be I mean; if multiple blocks are launched, then finding the global id is
difficult. Why do we still launch multiple threads? This is due to the fact that there are multiple
streaming processors in the GPU and one SM can launch one block at a time; if there are
multiple blocks assigned to one streaming multiprocessor, there will be some sequentiality

between them.

So, we launch multiple threads, because all the streaming multiprocessors can be active which
can launch one on its own, more parallelization can be given. But let us see the example: one
block is launched and each block has N by N thread structure. So, we find out what is the x id
of the thread, what is the y id of the thread; and this i and j we put as a pointer of the memory
of the matrix location, and use this to find the matrix addition. This is called thread algebra; we
look into this thread algebra in detail in the next class that, how we can use the local ids of the
thread for multi-dimensional block and thread structure and use them efficiently to point to the

memory of the array or matrix which will be operated by the kernel call.



(Refer Slide Time: 34:38)

Device memory management in CUDA

CUDA provides functions for allocating and managing device (GPU) memory from
the host CPU.

Two important functions are: cudaMalloc() and cudaFree().

Syntax:

cudaMalloc(void **devPtr, size_t count);

cudaMalloc() allocates memory of size count in the device memory and updates the device
pointer devPtr to the allocated memory.

cudaFree(void *devPtr);

cudaFree() deallocates a region of the device memory where the device pointer devPtr point

They are comparable to malloc() and free() in C, respectively.

The next important part we understand that, when we write a GPU program; we cannot directly
talk to the GPU memory, it is CPU who allocates GPU memory through cudaMalloc
and copies data from CPU to GPU and copies back data from GPU to CPU through

CUDAmMemcpy commands.

So, GPU memory in CUDA is managed from the CPU only; the only thing is that the
operations in the memory is done through GPU code. But memory allocations and reading from
that memory is done by the GPU only. So, device memory management is an important part of
a CUDA code; CUDA provides functions for allocating and managing device or GPU memory
from the host CPU.

Two important functions are cudaMalloc and cudaFree; syntax is cudaMalloc, then the void
location address of the memory in the device and the size of that memory. When we do that,
cudaMalloc is being executed by the CPU, but it allocates the memory in the GPU. It allocates
the memory of size count in the device memory and updates the device pointer that device
pointer location with that allocated memory. So, it allocates some memory space in the device

memory.

Malloc allocates the memory in the CPUs RAM sorry, cudaMalloc allocates in the GPU RAM.
Once the operations are done; if you have to free the memory that is cudaFree; cudaFree of the

memory location it deallocates the region of the device memory. They are compatible with



malloc and free; these operate on the CPU memory and these are on the GPU memory, but
both are executed by the CPU.

So, CPU manages GPU memory through CUDA command.
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Data transfer in a CUDA program

CUDA program requires data transfer from host to device memory and associated
workflow

CUDA program requires data transfer from host to device and device to host and the associated
workflow, because CPU cannot directly write to the GPU memory or GPU cannot write to the
CPU memory. It has to be a data transfer; they are two different physical and virtual memory
locations, therefore there has to be a data transfer across these memory locations.

So, when we run a simple CPU program, the CPUs RAM reads from the main file system and
then CPUs registers read from the RAM and then operates on the variable and again writes
back on the RAM. But when we look into a CUDA program model, the CPUs RAM reads from
the main file system | O system and then it copies the memory to the GPUs RAM. GPU
processors read from the device RAM ,GPUs RAM and changes that memory and then it is
copied back. So, there is a copying to the device and then again it is copied back to the CPUs
RAM that is the process.
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Data copying in CUDA

cudaMemcpy(void *dst, void *src, size_t nbytes, enum cudaMemcpyKind direction);
src is the pointer to data to be copied and dst is the pointer to the destination
blocks CPU thread (returns after the copy is complete)

doesn't start copying until previous CUDA calls complete

direction specifies locations (host or device) of src and dst

cudaMemcpyHostToDevice
cudaMemcpyDeviceToHost
cudaMemcpyDeviceToDevice

Example

The copying command is cudaMemcpy; cudaMemcpy says that, what is first you have to give
the destination address, then source address, then size. Then the argument of cudaMemcpy kind
which gives the direction, it is copied from CPU to GPU or GPU to GPU, device to host or

host to device.

This direction is which direction this copy is done; is CPU copying to GPU or GPU is coping
back to CPU. So, src is the pointer to be the data to be copied and the dst is the pointer to be
destination; first comes destination address, then comes source address. Destination and source
do not lie on the same device; because then you do not need cudaMemcpy, destination either
lies in CPU source in GPU or destination in GPU and source in CPU. So, destination and source

lie in the different devices.

Interestingly this is a blocking thread, so this can act as a synchronization step; after your
CUDA kernels are over, unless cudaMemcpy is executed, none of the executions can flow .
CPU cannot do anything else, none of the executions can flow. So, this will be seen later this
is acting as a thread synchronization or a barrier after the GPU calls. It does not start until
previous CUDA calls are complete. So, all the threads have to come into an end; then only it

will start.

This direction can be host to device, CPU to GPU, device to host, GPU to CPU and in certain
cases device to device; for dynamic parallelism cases one GPU to another GPU, device to

device.



An example is that, in our code we have copied host memory A to device memory A and the
direction is host to device; host memory B to device memory B direction host to device. Then
after we calculated C is equal to A plus B, the device vector C is copied to the host vector C
and the direction is device to host.

That syntax is given and this is extremely essential; because unless you are not using a unified
memory access pattern, these memories are different and we always have to copy from CPU
to GPU and GPU to CPU.
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» https://docs.nvidia.com/cuda/cuda-c-programming-guide/index.html

» https://docs.nvidia.com/cuda/index.html

» Presentations and documentations from NVIDIA
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1. CUDA installation and compilation discussed
2. Sample program for vector addition shown
3. Execution configuration for kernels and thread identifiers introduced

. Device memory management and memory copying shown



Well, these are the references, mostly it is taken from in NVIDIA’s CUDA lecture manuals.
We have looked into CUDA installation and compilation. A sample program for vector

addition is shown.

Execution configuration kernels and thread identifiers are introduced; how to do very simple
rudimentary form of thread algebra that, how global thread ids are to be found out and how a
thread can be related with a memory location that is discussed, and then device memory

management and memory copying is shown.



