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GPUs and CUDA programming 2

Most of these slides were taken from 
a NVIDIA corporation tutorial for CUDA 

programming in C

CS 516 Compilers and 
Programming Languages II
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Annoucements

2

Homework 1 and 2 hard deadlines: Monday, March 9

Spring break: March 14 - 22

First project is out! Deadline is Wednesday, March 25

Paper assignments so far:
Jonathan: Uncertain<T>
Shaleen: Polyhedral parallelization
Philip: What’s Next

Please sign up.

First class with student presentations: Friday, March 27
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Heterogeneous Computing

§ Terminology:
§ Host The CPU and its memory (host memory)
§ Device The GPU and its memory (device memory)

Host Device
3
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Heterogeneous Computing

#include <iostream>
#include <algorithm>

using namespace std;

#define N          1024
#define RADIUS     3

#define BLOCK_SIZE 16

__global__ void stencil_1d(int *in, int *out) {
__shared__ int temp[BLOCK_SIZE + 2 * RADIUS];
int gindex = threadIdx.x + blockIdx.x * blockDim.x;

int lindex = threadIdx.x + RADIUS;

// Read input elements into shared memory
temp[lindex] = in[gindex];

if (threadIdx.x < RADIUS) {
temp[lindex - RADIUS] = in[gindex - RADIUS];

temp[lindex + BLOCK_SIZE] = in[gindex + BLOCK_SIZE];
}

// Synchronize (ensure all the data is available)
__syncthreads();

// Apply the stencil
int result = 0;

for (int offset = -RADIUS ; offset <= RADIUS ; offset++)
result += temp[lindex + offset];

// Store the result
out[gindex] = result;

}

void fill_ints(int *x, int n) {
fill_n(x, n, 1);

}

int main(void) {
int *in, *out;              // host copies of a, b, c

int *d_in, *d_out;          // device copies of a, b, c
int size = (N + 2*RADIUS) * sizeof(int);

// Alloc space for host copies and setup values
in  = (int *)malloc(size); fill_ints(in,  N + 2*RADIUS);

out = (int *)malloc(size); fill_ints(out, N + 2*RADIUS);

// Alloc space for device copies
cudaMalloc((void **)&d_in,  size);
cudaMalloc((void **)&d_out, size);

// Copy to device
cudaMemcpy(d_in,  in,  size, cudaMemcpyHostToDevice);

cudaMemcpy(d_out, out, size, cudaMemcpyHostToDevice);

// Launch stencil_1d() kernel on GPU
stencil_1d<<<N/BLOCK_SIZE,BLOCK_SIZE>>>(d_in + RADIUS, 

d_out + RADIUS);

// Copy result back to host
cudaMemcpy(out, d_out, size, cudaMemcpyDeviceToHost);

// Cleanup
free(in); free(out);

cudaFree(d_in); cudaFree(d_out);
return 0;
}

serial code

parallel code

serial code

parallel fn
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Simple Processing Flow

1. Copy input data from CPU 
memory to GPU memory

PCI Bus
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Simple Processing Flow

1. Copy input data from CPU 
memory to GPU memory

2. Load GPU program and execute,
caching data on chip for 
performance

PCI Bus
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Simple Processing Flow

1. Copy input data from CPU 
memory to GPU memory

2. Load GPU program and execute,
caching data on chip for 
performance

3. Copy results from GPU memory 
to CPU memory

PCI Bus
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Parallel Programming in CUDA C/C++

• But wait… GPU computing is about 
massive parallelism!

• We need a more interesting example…

• Vector addition

a b c

8
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COMBINING THREADS
AND BLOCKS

Heterogeneous Computing

Blocks

Threads

Indexing

Shared memory

__syncthreads()

Asynchronous operation

Handling errors

Managing devices

CONCEPTS

9
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Combining Blocks and Threads

• We’ve seen parallel vector addition using:
® Many blocks with one thread each
® One block with many threads

• Let’s adapt vector addition to use both blocks and threads

• Why? We’ll come to that…

• First let’s discuss data indexing…

10Lecture 13
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0 1 72 3 4 5 6 7 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6

Indexing Arrays with Blocks and Threads

• With M threads per block a unique index for 
each thread is given by:
int index = threadIdx.x + blockIdx.x * M;

• No longer as simple as using blockIdx.x and
threadIdx.x

®Consider indexing an array with one element per 
thread (8 threads/block)
threadIdx.x threadIdx.x threadIdx.x threadIdx.x

blockIdx.x = 0 blockIdx.x = 1 blockIdx.x = 2 blockIdx.x = 3

11
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Indexing Arrays: Example

• Which thread will operate on the red element?

int index = threadIdx.x + blockIdx.x * M;
=      5      +     2      * 8;
= 21;

0 1 72 3 4 5 6 7 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6

threadIdx.x = 5

blockIdx.x = 2

0 1 312 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

M = 8

12Lecture 13
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Vector Addition with Blocks and Threads

• What changes need to be made in main()?

• Use the built-in variable blockDim.x for threads per block
int index = threadIdx.x + blockIdx.x * blockDim.x;

• Combined version of add() to use parallel threads and parallel 
blocks

__global__ void add(int *a, int *b, int *c) {
int index = threadIdx.x + blockIdx.x * blockDim.x;

c[index] = a[index] + b[index];
}

13
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Addition with Blocks and Threads: main()
#define N (2048*2048)
#define THREADS_PER_BLOCK 512
int main(void) {

int *a, *b, *c; // host copies of a, b, c
int *d_a, *d_b, *d_c; // device copies of a, b, c
int size = N * sizeof(int);

// Alloc space for device copies of a, b, c
cudaMalloc((void **)&d_a, size);
cudaMalloc((void **)&d_b, size);
cudaMalloc((void **)&d_c, size);

// Alloc space for host copies of a, b, c and setup input values
a = (int *)malloc(size); random_ints(a, N);
b = (int *)malloc(size); random_ints(b, N);
c = (int *)malloc(size);

14
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Addition with Blocks and Threads: main()

// Copy inputs to device
cudaMemcpy(d_a, a, size, cudaMemcpyHostToDevice);
cudaMemcpy(d_b, b, size, cudaMemcpyHostToDevice);

// Launch add() kernel on GPU
add<<<N/THREADS_PER_BLOCK , THREADS_PER_BLOCK>>>(d_a, d_b, d_c);

// Copy result back to host
cudaMemcpy(c, d_c, size, cudaMemcpyDeviceToHost);

// Cleanup
free(a); free(b); free(c);
cudaFree(d_a); cudaFree(d_b); cudaFree(d_c);
return 0;

}

15
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Handling Arbitrary Vector Sizes

• Update the kernel launch:
add<<<(N + M-1) / M,M>>>(d_a, d_b, d_c, N);

• Typical problems are not friendly multiples of blockDim.x

• Avoid accessing beyond the end of the arrays:

__global__ void add(int *a, int *b, int *c, int n) {

int index = threadIdx.x + blockIdx.x * blockDim.x;
if (index < n)

c[index] = a[index] + b[index];
}

16
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Why Bother with Threads?

• Threads seem unnecessary
® They add a level of complexity
® What do we gain?

• Unlike parallel blocks, threads have mechanisms to:
® Communicate
® Synchronize
® Share hardware (register sets, “shared” memory)

• To look closer, we need a new example…

17
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Review

18

• Launching parallel kernels
® Launch N copies of add() with add<<<N/M,M>>>(…);
® Use blockIdx.x to access block index
® Use threadIdx.x to access thread index within block

• Allocate elements to threads:

int index = threadIdx.x + blockIdx.x * 
blockDim.x;
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COOPERATING 
THREADS

Heterogeneous Computing

Blocks

Threads

Indexing

Shared memory

__syncthreads()

Asynchronous operation

Handling errors

Managing devices

CONCEPTS

19
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1D Stencil

• Consider applying a 1D stencil to a 1D array of 
elements
®Each output element is the sum of input elements 

within a radius

• If radius is 3, then each output element is the 
sum of 7 input elements:

radius radius

20
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Implementing Within a Block

• Each thread processes one output element
®blockDim.x elements per block

• Input elements are read several times
®With radius 3, each input element is read seven 

times

21
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Sharing Data Between Threads

• Terminology: within a block, threads share 
data via shared memory

• Extremely fast on-chip memory, user-
managed

• Declare using __shared__, allocated per 
block

• Data is not visible to threads in other 
blocks

22
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Implementing With Shared Memory

• Cache data in shared memory
– Read (blockDim.x + 2 * radius) input elements from 

global memory to shared memory
– Compute blockDim.x (here 16) output elements
– Write blockDim.x output elements to global memory
– Each block needs a halo of radius elements (here 3) 

at each boundary

halo on left halo on right

23
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__global__ void stencil_1d(int *in, int *out) {
__shared__ int temp[BLOCK_SIZE + 2 * RADIUS];
int gindex = threadIdx.x + blockIdx.x * blockDim.x; // global index
int lindex = threadIdx.x + RADIUS;                  // local index

//.                  
// Read input elements into shared memory
temp[lindex] = in[gindex];
if (threadIdx.x < RADIUS) {
temp[lindex - RADIUS] = in[gindex - RADIUS];
temp[lindex + BLOCK_SIZE] = 

in[gindex + BLOCK_SIZE];
}

24

Stencil Kernel
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// Apply the stencil
int result = 0;
for (int offset = -RADIUS ; offset <= RADIUS ; offset++)

result += temp[lindex + offset];

// Store the result
out[gindex] = result;

}

Stencil Kernel

25
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Data Race!

§ The stencil example will not work…

§ Suppose thread 15 reads the halo before thread 0 has 
fetched it…

temp[lindex] = in[gindex];

if (threadIdx.x < RADIUS) {

temp[lindex – RADIUS = in[gindex – RADIUS];
temp[lindex + BLOCK_SIZE] = in[gindex + BLOCK_SIZE];

}

int result = 0;
result += temp[lindex + 1];

Store at temp[18]

Load from temp[19]

Skipped, threadIdx > RADIUS

26
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__syncthreads()

• void __syncthreads();

• Synchronizes all threads within a block
– Used to prevent RAW / WAR / WAW hazards

• All threads must reach the barrier
– In conditional code, the condition must be uniform across the 

block

27
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Stencil Kernel

__global__ void stencil_1d(int *in, int *out) {
__sha__shared__ int temp[BLOCK_SIZE + 2 * RADIUS];
int gindex = threadIdx.x + blockIdx.x * blockDim.x;
int lindex = threadIdx.x + radius;

// Read input elements into shared memory
temp[lindex] = in[gindex];
if (threadIdx.x < RADIUS) {

temp[lindex – RADIUS] = in[gindex – RADIUS];
temp[lindex + BLOCK_SIZE] = in[gindex + BLOCK_SIZE];

}

// Synchronize (ensure all the data is available)
__syncthreads();

28
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Stencil Kernel

// Apply the stencil
int result = 0;
for (int offset = -RADIUS ; offset <= RADIUS ; offset++)

result += temp[lindex + offset];

// Store the result
out[gindex] = result;

}

29
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Review (1 of 2)

• Launching parallel threads
® Launch N blocks with M threads per block with kernel<<<N,M>>>(…);
® Use blockIdx.x to access block index within grid
® Use threadIdx.x to access thread index within block

• Allocate elements to threads:

int index = threadIdx.x + blockIdx.x * blockDim.x;

30
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Review (2 of 2)

• Use __shared__ to declare a variable/array in shared 
memory
® Data is shared between threads in a block
® Not visible to threads in other blocks

• Use __syncthreads() as a barrier
® Use to prevent data hazards

31
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Remarks

32

A Warp is the basic unit of 32 threads in a block that execute the same 
instruction in a synchronized (SIMD – single instruction, multiple data, / 
SIMT – single instruction, multiple threads) fashion. Warps are the basic
scheduling units. 

Warps can be scheduled independent of each other to deal with load 
imbalance issues. “Strict” SIMD machines (vector machines) would use 
masks for each instruction (guarded execution), so everybody does the 
instruction but only for the “thread” for which the mask evaluates to  
true will the results be used. Note: diverging control flow is “bad” for 
SIMD performance, however can be hidden in SIMT.

Synchronization among blocks is only explicitly possible in newer CUDA 
architectures (Pascal). Otherwise, if synchronization is needed among 
blocks, you have to write different kernels, and call kernels sequentially 
from the host.



516 spring 20 © NVIDIA Lecture 13

Remarks (cont.)
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Threads in the same thread block run on the same streaming multiprocessor 
(SM) which does its own scheduling. Newer CUDA versions allow up to 1024 
threads in a thread block, up from 512.

All threads assigned to a block share available register sets equally (fixed 
partition based on number of threads). SM can context switch warps at 0 cost.  

Tradeoff (occupancy : ration of assigned #threads to max 
possible #threads)

more threads => more opportunities to hide latency 
more threads => fewer registers available for each individual thread

(potential lower single thread performance)
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MANAGING THE 
DEVICE

Heterogeneous Computing

Blocks

Threads

Indexing

Shared memory

__syncthreads()

Asynchronous operation

Handling errors

Managing devices

CONCEPTS
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Coordinating Host & Device

• Kernel launches are asynchronous
® Control returns to the CPU immediately

• CPU needs to synchronize before consuming the results

cudaMemcpy() Blocks the CPU until the copy is complete
Copy begins when all preceding CUDA calls 
have completed

cudaMemcpyAsync() Asynchronous, does not block the CPU
cudaDeviceSynchro
nize()

Blocks the CPU until all preceding CUDA calls 
have completed

35
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Introduction to CUDA C/C++

• What have we learned?
® Write and launch CUDA C/C++ kernels

§ __global__,  blockIdx.x,  threadIdx.x,  <<<>>>
® Manage GPU memory

§ cudaMalloc(),  cudaMemcpy(),  cudaFree()
® Manage communication and synchronization

§ __shared__,  __syncthreads()
§ cudaMemcpy() vs cudaMemcpyAsync(),  

36


