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GPU Lecture Notes

BRIAN RAILING

1 HISTORY

Graphics processing units began as specialized hardware to support the generation of a video signal, and then provide a
richer graphical experience, first supporting GUIs and then further developments mainly support computer games.

Shaders were (and still are) programmable, This piece of programming, then gives a way to execute arbitrary
computations on the hardware. Thus researchers first developed a ‘programming environment’ where a simple scene is
no longer graphical, but each pixel encodes computational inputs. The shaders were written to execute the necessary
computations, so that the output ‘scene’ would contain the computational output rather than an image.

2 COMMON GPU ARCHITECTURE

As GPUs were designed to process graphical scenes, the thousands upon thousands of pixels in a scene are independent
and thus the GPU will handle these independent data elements all in parallel. The individual execution components are
simple compared to a CPU, but placing hundreds or thousands of components together provides significant performance.

3 CUDA PROGRAMMING

With CUDA, we can write a single common program that contains both CPU as well as GPU code. Then at specified
times, the program’s execution can request that certain operations be offloaded to the GPU. The runtime can take care of
passing the necessary code to the GPU, in preparation for launching the execution. CUDA launch sends a set of threads
with the associated data to the GPU scheduler. This scheduler then manages splitting the threads into smaller units
of blocks, which can contain 1 or more warps (see Section 3.1). The individual cores within the GPU receive the next
thread block as resources are available (primarily threads and shared memory) splitting it into warps for instruction
scheduling.

All of the code in Figure 1 is ‘Host’ code running on the CPU as part of a normal C/C++ program. It demonstrates
two of the three general steps for launching a computation on a GPU. First, the code specifies how many threads it
needs to run the computation (see Section 3.2). Next, the (see Section 3.3). Finally, GPU function is called (i.e., launched)
with the special <<< and >>> notation used, and the function parameters supplied. The special notation provides the
two 3-tuples of the threads to use in the computation.

As the GPU is a different architecture from the CPU, there is a clear separation of the host and the device (i.e., GPU)
code. Host code is written as per any other C/C++ program. Device code is placed in separate file(s) and each function
must be tagged with __global__ to indicate that the function will be used to launch a CUDA kernel. Functions can
also be tagged with __device__, which indicates that they are support routines used by CUDA kernels.
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2 Brian Railing

const int Nx = 12;
const int Ny = 6;

dim3 threadsPerBlock(4, 3, 1);
dim3 numBlocks(Nx/threadsPerBlock.x, Ny/threadsPerBlock.y, 1);

// assume A, B, C are allocated Nx x Ny float arrays

// this call will trigger execution of 72 CUDA threads:
// 6 thread blocks of 12 threads each
matrixAdd<<<numBlocks, threadsPerBlock>>> (A, B, C);

Fig. 1. Simple CUDA Example for Launching a Kernel

// kernel definition
__global__ void matrixAdd(float A[Ny][Nx], float B[Ny][Nx], float C[Ny][Nx])
{

int i = blockIdx.x * blockDim.x+ threadIdx.x;
int j = blockIdx.y * blockDim.y+ threadIdx.y;

C[j][i] = A[j][i] + B[j][i]
}

Fig. 2. Simple CUDA Kernel

3.1 Warp

Warps are a unit of scheduling, in that groups of 32 threads share an instruction stream. Each cycle, the core selects
one or more warps (depending on hardware design) that are ready to execute (i.e. not waiting on memory or other
operations) and fetches the next instruction for that warp to execute.

The threads running in a warp are scheduled collectively to run on the execution resources. And so executing, every
thread must fetch and execute the same instruction in each cycle, with only the thread IDs differing (see Section 3.2).
As a consequence, the GPU architecture uses conditional execution and predication bits, as each instruction is executed
by the processing units and the predication bits mask off those instructions whose results are not to be retained.

The GPU must fetch every instruction needed by any of the scheduled threads in that warp. If all of the threads in
the warp are executing the same branches and conditionals, then the fetched instructions compute and retain their
values. However, if some of the threads take different conditionals from others, then both paths must be fetched and
executed. And each path will be masked by the predication bits, so that the useful work is less than the hardware could
provide. This phenomena is known as Branch divergence.

3.2 Thread IDs

The data is mapped to a three dimensional grid, according to the specified execution configuration for the function call.
Many computational kernels need fewer dimensions, in which case the unused dimensions are set to size 1.

Threads are launched in blocks, which are further composed of warps. Threads often need to compute the reverse
mapping to determine their exact three dimensional identifier. For each dimension, the grid is split into a sequence
of blocks, each containing the same number of threads for that dimension. Thus each thread receives two identifiers,
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blockIdx.x * blockDim.x + threadIdx.x

Fig. 3. Mapping a thread to a unique identifier

blockIdx and threadIdx, which are global variables set by the CUDA runtime. The first identifies which block in
the grid this thread belongs. The later identifies which thread within that block, so threadIdx ranges from 0 to
blockIdx - 1. Each identifier is a 3-tuple: x, y, and z. For a given dimension, we can use the formulation in Figure 3 to
uniquely identify the thread in one dimension. By this calculation, the two components (blockIdx and threadIdx) are
together accessing a two dimensional array, as each dimension of the grid is split into blocks, each composed of threads.

Threads do not have to map 1:1 to the input data. While GPUs achieve the best performance through many thousands
of individual work items, at a certain point it can instead be advantageous to combine redundant calculations so that
the thread processes several elements of the input data.

3.3 CUDA Memory Model

The GPU is (generally) a different device in the system from the CPU, and it has its own dedicated memory space 1.
This memory can be specifically designed for the memory access characteristics of high performing GPU computations,
such as highly concurrent, strided accesses, as well as historically containing the data for rendering graphical scenes.

More specifically there are three memories on the GPU: device, per-block shared, per-thread private.
Given that the GPU has separate memory from the CPU, we need to use separate functions to manage that memory.

cudaMalloc and cudaFree are equivalents to the similarly named C functions; however, cudaMalloc populates the
‘pointer‘ rather than providing it as a return value. Thus the signature is cudaMalloc(*ptr, size).

cudaMemcpy is similar to the C routine by taking in two pointers and the count of bytes to copy; however, given
that the pointers could each contain any address, this call cannot directly distinguish which address is device and
which is host and therefore, while it knows a source and destination, these locations cannot solely be located within
the multiple memory spaces without additional information. Thus, this information is passed as a separate parameter,
either cudaMemcpyHostToDevice or cudaMemcpyDeviceToHost.

Per-thread private is also termed registers. This is a limited resource that can constrain launches of thread blocks.
Usually not an issue, but kernels that have significant unrolling of code can reach these limits. You can use the
--resource-usage flag to nvcc to see the resources required by the compiled code. Registers are a hardware limited
resource, where using too much can limit the number of thread blocks that can be launched to a multiprocessor.

3.4 Shared Memory

Shard memory is a smaller region available on each core that is faster to access, much like hardware memory caches;
however, given that GPUs often stream across large datasets with little locality, this memory region does not automati-
cally populate based on memory accesses. Instead, the shared memory is software-managed, such that the program
specifies how much space it needs and explicitly performs the load and store operations involving this region.

Just as increasing the size of thread blocks beyond a certain point will result in compiler errors, so will the code fail
to compile if there is too much shared memory statically requested. In both cases, if the requested resources exceed the
limits for the targeted CUDA compute level, then the program would not be able to run.

1There are some systems that have Unified Memory, where the CPU and GPU share the DRAM.
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4 Brian Railing

3.5 Atomic Programming

When any thread in a warp invokes __syncthreads(), that warp will not continue executing until all warps in its
threadblock have also invoked this function. A common design practice is to have the threadblock populate shared
memory with the necessary values and then wait for the other warps to complete this step using __syncthreads().
After the call returns, we have a guarantee

3.6 Memory Banking

Banking is a technique whereby multiple partitions of the address space can be accessed independently in the same
cycle(s). On GPUs, there is the strong expectation that any computation will be split into warps of 32 threads, so every
memory operation will entail accessing as many as 32 different locations in memory. As such, the address space is
partitioned so that each successive 32-bit word maps to the next of the 32 different banks. Effectively, the specific bank
is determined by the address: bankID = (Address >> 2) % 32, and not by thread ID or any other identifier.

Each bank can access 1, 32-bit word at a time. Thus, if the warp’s threads access data in 32 different banks. Or if
more than one thread accesses the same location in one of the banks, then the memory can operate at full capacity.

On the other hand, if multiple threads access the same bank and are requesting different memory locations, then
there is bank conflict and the bank must serialize the memory accesses. Similar to branch divergence, the threads in the
warp must now stall some multiple of the bank access time, and the memory system is not operating at full capacity.
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