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Fundamentals of Accelerated Computing
with Modern CUDA C++




GPU Architecture at a Glance

* What'’s faster? Bus or car?
* The question is not precise enough
* Faster in doing what?

* Bus will take longer to move a few people
* Bus is optimized for moving many people

* Car is optimized for moving a few people
* Car will take longer to move many people
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GPU Architecture at a Glance

GPU

Compute

_100%__
.~ GB/s

*numbers are made up 3 <GnViDiA I



Which Problems Benefit from Bandwidth?

Let’s say we want to simulate 3 cups cooling down to a room temperature
We can abstract this problem a bit, by emulating a “sensor” in each cup
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Which Problems Benefit from Bandwidth?

* Let’s say we want to simulate N objects cooling down to a room temperature
* Can this problem benefit from immense bandwidth provided by GPUs?

* Just like before, the question is not precise enough

* How large is N?

room temperature =

prev temperatures

next tew\pem‘tures
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Normalized Elapsed Time

m CPU (1 thread)

512

m CPU (64 threads)

65.536
Elements

Why GPU Programming?

® GPU
* Single-threaded CPU code is 150x faster than
multi-threaded one (and 200x faster than GPU)
when simulating 512 objects
263.435.456
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Why GPU Programming?

m CPU (1 thread) m CPU (64 threads) m GPU

512

* Single-threaded CPU code is 150x faster than
multi-threaded one (and 200x faster than GPU)

when simulating 512 objects

* But as problem size grows, multi-threaded
code overcomes limitations of a single thread,
making it a better option when simulating 64k
elements

65.536 268.435.456
Elements

Normalized Elapsed Time
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Normalized Elapsed Time

m CPU (1 thread) m CPU (64 threads)

65.536
Elements

Why GPU Programming?

m GPU

268.435.456

* Single-threaded CPU code is 150x faster than
multi-threaded one (and 200x faster than GPU)
when simulating 512 objects

* But as problem size grows, multi-threaded
code overcomes limitations of a single thread,
making it a better option when simulating 64k
elements

* Finally, GPU achieves 10x of multi-threaded
CPU bandwidth, hence it’s the fasted on 268 M

elements
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Agenda

CUDA Made Easy: Accelerating Applications with Parallel
Algorithms

® Lunch Break (30 — 40 mins)

e Unlocking the GPU’s Full Potential: Asynchrony and CUDA Streams

e Break (15 mins)

e Implementing New Algorithms with CUDA Kernels

e Final Assessment (45 minutes)
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CUDA Made Easy:
Accelerating Applications with
Parallel Algorithms




42" 24°
v V
31 22°

Learn 1.2 Execution Spaces as we
accelerate naive cooling simulator and
achieve 16x speedup

Section at a Glance

At (5) (3 ) (o]

Learn 1.3 Extending Algorithms with fancy
iterators to achieve 2x speedup

Learn 1.4 Vocabulary Types as we
transition from naive cooling to
stencil-based simulation

a N\
CUDA4 Core O A
H Host Mewmory Space Dev.ce_ Memory Space
(O O) (O 1) (o 2) oo 2ot 0c oy os o6 o1 os oo ]| || [ee e oo s ea es ‘
CUDA Core 1 IW /‘} .°' .[OJ. ].rld im.J-
/-\_/\/> + + tl‘\rMSt“COP‘Vx:L&/
Device Execution Space

(1, 0) @, 1) (1, 2) J g Host Execution Space p

& J

Learn concept of 1.6 Mlemory Spaces as we
accelerate one of the algorithms by 100x

Learn concept of 1.5 Parallelism as we
accelerate one of the algorithms by 300x
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Independent Cooling

Problem statement

room temperature = 20

prev temperatures | 420 ‘ 24° 50°
next tempem‘tures 31" 22° 35 )

Iy =151 + k(Troom — n—l)
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Transform

float k = 0.5;
float ambient temp = 20;
std::vector<float> temp{42, 24, 50};

auto op = [=](float temp) {
float diff = ambient temp - temp;
return temp + k * diff;

}

Multiple objects cool down independently

Iterative change of state

Computed on CPU (for now)

for (int step = 0; step < 3; step++)

{

print(step, temp);
std::transform(temp.begin(), temp.end(),
temp.begin(), op);

step temp]0] temp|[1] temp|[2]
0 42.0 24.0 50.0
1 31.0 22.0 35.0
2 25.5 21.0 27.5
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Transform

For execution on GPU

r— reSult

auto op = [=](float temp) {
OP( ‘{2 ) —_> 31 float diff = ambient temp - temp;
return temp + k * diff;
};
OP( 24 ) — 22 std::transform(temp.begin(), temp.end(),

temp.begin(), op);

op( 50|) =|35
* applies a given function to the elements of

last — the input range, an¢

* stores the result in the output range

stdiitransform( first last, result, op )
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Transform

For execution on GPU

r— reSul‘t

auto op = [=](float temp) {

OP( 42 ) —> 31 float diff = ambient temp - temp;
return temp + k * diff;
};
OP( 24 ) — 22 std::transform(temp.begin(), temp.end(),
temp.begin(), op);
op(50)—>35 o o
for (inti=0; i < temp.size(); i++) {
templi] = op(templi]);
last ——J\ }

stdiitransform( first las‘t, result, op )
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Compilation

Of a simple C++ simulation

C++ Expression

‘temp[?] + k * Jdiff

J | y

Executable By Executable Bc./ Executable By
x86 CPU ARM CPU GPU
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Compilation

Of a simple C++ simulation

C++ Expression

templi] + k * diff

9++ aarck64-9++ nvee
l main.cpp -0 a.out \ main.cpop -o a.out l main.cpp -0 a.out
v{:ma\o(o“32$$ ‘Fw\a\.rn.'(:32

Executable BL/ Executable Ey Executable Ey
x86 CPU ARM CPU GPU

* NVCC (NVIDIA CUDA Compiler Driver) knows how to turn C++ code into GPU instructions
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Heterogeneous Programming Model

Step 1: Start

Step Offload

Explici‘tly lo\unclr\ing o Function on GPU

———

| Execution starts on CPU

]

_void Bar() {
baz();

No "magic" execution
space switches!

GPU

>void Eaz() {

Step 3: Acceleration

Functions that are invoked on
GPU are executed on GPU!/

3

a\*B-l'c,'
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Software Stack

l; Apphca‘t?on

L Thrust [

—

|

i l l beu++ ) |
‘ CUDA Runtime
—

cuDVN | Il euBLAS

CUB

* Applications utilize libraries to: * CUDA Runtime
* simplify development * Underpins the entire stack
* maximize performance * Provides interface to GPU
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Thrust Overview

Standard Algorithms Containers Function Objects

* thrust::copy * thrust::host vector * thrust::plus

* thrust::sort » thrust::device vector * thrust::less

* thrust::find  thrust::universal vector  thrust::multiplies
Extended Algorithms iterators B pphcation -
» thrust::tabulate  thrust::constant iterator — L zt

* thrust::sort by key * thrust::counting Iterator | 0 CURB JL |
 thrust::reduce by key * thrust::transform iterator H S —

CUDA Runtime

https://nvidia.github.io/cccl/thrust/api.html
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Porting Algorithms to GPU

Using parallel algorithms

std::vector<float> temp{ 42, 24, 50 }; thrust::universal_ vector<float> temp{ 42, 24, 50 },
auto op = [=] (float temp) { auto op =[=] host device  (float temp) {
float diff = ambient_temp - temp; float diff = ambient _temp - temp;

return temp + k * diff;

) }

return temp + Kk * diff;

std::transform(temp.begin(), temp.end(), thrust::transform(thrust::device,
temp.begin(), op); temp.begin(), temp.end(),
temp.begin(), op);
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Porting Algorithms to GPU

Execution space specifier

(auto op = L] (Float t) {\
return t + k * O!I‘FF
k}

&__J
Host Compiler
[ * By default, all functions are compiled for CPU
------------------------------ -: * |f you attempt to invoke this function on GPU, there’ll be
vimadd132ss ] ><
[ 56] no code for it to execute

Executable By CPU
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Porting Algorithms to GPU

Execution space: host & device

(Quto OP — [] (‘Floa\t t) {\ (auto OP = [] __.__.o(e_vice,__.__. (Floa\t t) {\
return ©t + k * Jdiff return £ + k * diff
3

. ___/ U _
v

l Host Compiler Device Comp;ler '
____

L I
rél Fmadd132ss ] X e] ﬁ X FmarnF32

Executable Bt/ GPU

_J
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Porting Algorithms to GPU

Execution space: host-device

( auto op = [] __host_._. __device_._. (‘Floa‘b t) {
return t + k * diff

\_

)

J

|
R

3

' Host Comptler | Device Comptler ]
_/

=

V

4
F Fmadd132ss fma.rn.f32 l
N

Executable By CPU Executable By GPU

|

thrust::universal vector<float> temp{ 42, 24, 50 };

auto op =[=] _host__ __device__ (float temp) {
float diff = ambient temp - temp;
return temp + k * diff;

}

thrust::transform(thrust::device,
temp.begin(), temp.end(),
temp.begin(), op);
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Execution Policy

C++ CUDA C++
std::transform(temp.begin(), temp.end(), thrust::transform(thrust::device,
temp.begin(), op); temp.begin(), temp.end(),

temp.begin(), op);

What is an execution policy for? Consistent interface

* It tells Thrust where to run the algorithm * Allows code reuse between CPU and GPU
thrust::host thrust::device

* Executes algorithms on the CPU (host) * Executes algorithms on the GPU (device).

25 <ANVIDIA I



Execution Policy is Not New

C++ CUDA C++
std::transform(temp.begin(), temp.end(), thrust::transform(thrust::device,
temp.begin(), op); temp.begin(), temp.end(),

temp.begin(), op);

std::transform(std::execution::par, * Execution policy is not a Thrust-specific concept
temp.begin(), temp.end() * If you are familiar with C++ 17 parallel algorithms, Thrust

temp.begin(), op): execution policies are like std::execution
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Execution Policy vs Specifier

execution space specifier (_host

works at compile time
indicates where code can run

doesn’t automatically run code there

device ):

~

\_

Executable B(/ CPU

S

Executable By GPU

27

auto op = [1 __host__ __device__ (Float £) { |
return £t + k * diff
3 - 5
) ~ Q/ )
Host Compile.r Device Compiler
. Y, \_ Y,
oy |
) e )
V‘Fma\o!o“sts ‘Fma\.rn.‘(:32
Y, 0 Y,
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Execution Policy vs Specifier

» execution policy (thrust::host, thrust::device):
* works at runtime
* indicates where code will run

* doesn’t automatically compile code for that location.

~
g p
CPU Executed Bt/ CPU ) GPU
(,——‘—_-; OP(QZ.O‘F); —
oo -\ &p(‘me
s : thrust:host | ) \ Y
’Clo\rus’c::‘trams“:orm(:::‘.‘.‘.‘.:::‘.‘.:::", Firs‘t, last, re.Sul‘t, op),‘ A _
9 : thrust::device E Y i
— e ( ______
Executed on GPU
- = Y
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Execution Policy vs Specifier

» execution space specifier ( host ,

device )indicates
where code can run. It doesn’t automatically run code there.

return £t + k * diff

3

(Quto OP — [] ____,L\OSt_,__, __.__,O!QV;CQ__.__. (‘Floa\t t) {\

- J
» execution policy (thrust::host, thrust::device) indicates { "L )
where code will run. It doesn’t automatically compile code for r ) r R
that location Host COMP?IQV Device COMP?IQF
' N Y N y
R !
s A )
l vfmadd132ss <— fma.rn.f32
e e \_ Y, - J
COMP‘ c t‘Me Executable by CPU Executable by GPU Q]

~
s - ™
CPU Executed by CPU N GPU
= oP(QZ.O‘F); v C—
------------ - 69(4@5
1 \
s : thrust::host : ) \ Y
tkrust::‘tmv\s{:orm(::::::::::::‘::’\, first, last, result, op); \_ A
- Siindiinatins . '
L )
Executed on GPU
= — y

29  <ANVIDIA. I



Execution Policy vs Specifier

Policy

Specifier
~ host ~ device ~ host  device
thrust::host runs on CPU error runs on CPU
thrust::device error runs on GPU runs on GPU
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Exercise: Annotate Execution Spaces

5 minutes

* Replace 7?77 with CPU or GPU

dliz:where_am_I("???");

thrust::universal vector<int> vec{1},
thrust::for_each(thrust::device, vec.begin(), vec.end(),

[]  host device  (int) { dIi::where_am_l("???"); 3}

thrust::for_each(thrust::host, vec.begin(), vec.end(),
[] __host device__ (int) { dIi::where_am_l("???"); 1);

dliz:where_am_I("???");

01.02-Execution-Spaces/01.02.02-Exercise-Annotate-Execution-Spaces.ipynb
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How to Run Exercises

Locate the exercise folder

: File Edit View Run Kernel Tabs NVIDIA Nsight Settings Help

3 LS C X
i/

o Name - Modified
B8 01.01-Introduction 3 min. ago

B 01.02-Execution-Spaces

B 01.03-Extending-Algorithms 4 min.
B 01.04-Vocabulary-Types 4 min.
B8 01.05-Serial-vs-Parallel 4 min.
B 01.06-Memory-Spaces 4 min.
B 01.07-Summary 4 min.
BB 01.08-Advanced 4 min.

ago
ago
ago
ago
ago

ago

01.01.01-CUDA-Made-Easy X @+
B + X

< NVIDIA.

- CUDA Made Easy: Accelerating Applications with Parallel
Algorithms

01.02-Execution-Spaces/01.02.02-Exercise-Annotate-Execution-Spaces.ipynb

™ ok m i W MaikdowR # Python 3 (ipykernel) () =
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How to Run Exercises

Locate the notebook

: File Edit View Run Kernel Tabs NVIDIA Nsight Settings Help

_ + c v "3 01.01.01-CUDA-Made-Easy X | + .
B8 / 01.02-Execution-Spaces / B + X O O » m C » Markdown v # Python 3 (ipykernel) O =

o Name -~ Modified "
B Images 5m ago

— @ Solutions 5m ago «2 nVIDIA
B8 Sources 5m ago z

W 01.02.01-Execution-Spaces.ipy... 5m ago

M] 01.02.02-Exercise-Annotate-EXx...

IO RO S'C-Y¢ Name: 01.02.02-Exercise-Annotate-Execution-Spaces.ipynb

Size: 4.4 KB

- CUDA Made Easy: Accelerating Applications with Parallel
Algorithms

Path: 01.02-Execution-Spaces
M| 01.02.04-Exer sy vy

Modified: 1/5/25, 12:48 PM

Writable: true

01.02-Execution-Spaces/01.02.02-Exercise-Annotate-Execution-Spaces.ipynb
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"

File Edit View Run Kernel

B8 / 01.02-Execution-Spaces /

* C Y

o Name A

5

B Images
B Solutions

B Sources

Tabs

W 01.02.01-Execution-Spaces.ipy...

e (M| 01.02.02-Exercise-Annotate-Ex...

W 01.02.03-Exercise-Changing-E...
" 01.02.04-Exercise-Compute-M...

NVIDIA Nsight

Modified
5m ago
5m ago
5m ago

5m ago

5m ago

5m ago

B + X

How to Run Exercises

Saving code changes

Run the cell to save changes

Settings Help

01.01.01-CUDA-Made-Easy X [®] 01.02.02-Exercise-Annotatc® +

[10] :

M 1 » m C » Code v

Run this cell and advance (¢ )

Exercise: Annotate Execution Spaces

The notion of execution space is the foundation of accelerated computing. In this excercise you will verify your expectation of
where any given code is executed.

Replace all ?7?? with CPU or GPU . After that, run the subsequent cell to verify your expectations.

# Python 3 (ipykernel) O =

%swritefile Sources/no-magic-execution-space-changes.cu B ™M™ vV & F

#include "dli.h"

int main() {
dli::where_am_I("P??2");

thrust::universal _vector<int> vec{l};
thrust::for_each(thrust::device, vec.begin(), vec.end(),
'l __host device_ (int) { dli::where_am I("???"); });

thrust::for_each(thrust::host, vec.begin(), vec.end(),
'l __host device (int) { dli::where_am I("???"); });

dli::where_am I("???");

}

Overwriting Sources/no—-magic-execution-space-changes.cu

'nvcc -0 /tmp/a.out -—-extended-lambda Sources/no-magic-execution-space-changes.cu # build executable
I/tmp/a.out # run executable
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How to Run Exercises

Run the code

Run the cell to execute the code

File Edit View Run Kernel Tabs NVIDIA Nsight Settings Help

"

P % C Y % 01.01.01-CUDA-Made-Easy X  [®] 01.02.02-Exercise-Annotatc® + o¢
(N O b : i =
BB / 01.02-Execution-Spaces |/ B + X un - ce“andvance . Code v Python 3 (ipykernel) OO
o Name - Modified =
B Images 5m ago Exercise: Annotate Execution Spaces
— @ Solutions 5m ago
The notion of execution space is the foundation of accelerated computing. In this excercise you will verify your expectation of
B8 Sources 5m ago
, , where any given code is executed.
* "™ 01.02.01-Execution-Spaces.ipy... 5m ago
® (W] 01.02.02-Exercise-Annotate-EXx... Replace all ??? with CPU or GPU . After that, run the subsequent cell to verify your expectations.
M| 01.02.03-Exercise-Changing-E... 5m ago
M| 01.02.04-Exercise-Compute-M... 5m ago | %swritefile Sources/no-magic-execution-space-changes.cu

#include "dli.h"

int main() {
dli::where_am I("???2");

thrust::universal vector<int> vec{l};
thrust::for_each(thrust::device, vec.begin(), vec.end(),
'l __host device (int) { dli::where_am_I("??27?"); });

thrust::for_each(thrust::host, vec.begin(), vec.end(),
'l __host device (int) { dli::where_am_I("???"); });

dli::where_am _I("??7?");

}

Overwriting Sources/no—-magic-execution-space-changes.cu

[11]: !nvcc -o /tmp/a.out --extended-lambda Sources/no-magic-execution-space-changes.cu # build executable
I/tmp/a.out # run executable
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Exercise: Annotate Execution Spaces

Solution

dli:zwhere am 1("CPU"). Program always starts on CPU

01.02-Execution-Spaces/01.02.02-Exercise-Annotate-Execution-Spaces.ipynb
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Exercise: Annotate Execution Spaces

Solution

dii:zwhere am I("CPU™");

thrust::universal vector<int> vec{1},
thrust::for each(thrust::device, vec.begin(), vec.end(),

[1 host device (int) { dIi::where_am_I("GPU"); 3}

thrust::device execution policy leads to execution on GPU

01.02-Execution-Spaces/01.02.02-Exercise-Annotate-Execution-Spaces.ipynb
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Exercise: Annotate Execution Spaces

Solution

dii:zwhere am I("CPU™");

thrust::universal vector<int> vec{1},
thrust::for each(thrust::device, vec.begin(), vec.end(),

[1 host device (int) { dIi::where_am_I("GPU"); 3}

thrust::for_each(thrust::host, vec.begin(), vec.end(),
[] _host device _ (int) { dIi::where_am_I("CPU"); 1);

thrust::host execution policy leads to execution on CPU

01.02-Execution-Spaces/01.02.02-Exercise-Annotate-Execution-Spaces.ipynb
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Exercise: Annotate Execution Spaces

Solution

dii:zwhere am I("CPU™");

thrust::universal vector<int> vec{1},
thrust::for each(thrust::device, vec.begin(), vec.end(),

[1 host device (int) { dIi::where_am_I("GPU"); 3}

thrust::for_each(thrust::host, vec.begin(), vec.end(),
[] _host device _ (int) { dIi::where_am_I("CPU"); 1);

dIi::where_am_I("CPU"); Device execution space doesn’t “leak” out of algorithms

01.02-Execution-Spaces/01.02.02-Exercise-Annotate-Execution-Spaces.ipynb
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Exercise: Change Execution Space

5 minutes

* Modify Thrust algorithm to run on GPU

thrust::for _each(thrust::host, vec.begin(), vec.end(), [] _ _host _ (int val) {

std::printf("printing %d on %s\n", val, dli::execution_space());

3}

01.02-Execution-Spaces/01.02.03-Exercise-Changing-Execution-Space.ipynb
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Exercise: Change Execution Space

Solution

thrust::for_each(thrust::host, vec.begin(), vec.end(), [] __host  (int val) {

std::printf("printing %d on %s\n", val, dli::execution_space());

3}

Use thrust::device to tell Thrust that you want algorithm to run on GPU

thrust::for_each(thrust::device, vec.begin(), vec.end(), [| _ device (int val) {
std::printf("printing %d on %s\n", val, dli::execution_space());

3}
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Exercise: Change Execution Space

Solution

thrust::for each(thrust::host, vec.begin(), vec.end(), [] host (int val){

std::printf("printing %d on %s\n", val, dli::execution_space());

3}

Use device to tell NVCC that you need a function to be compiled for GPU

thrust::for_each(thrust::device, vec.begin(), vec.end(), [| _ device (int val) {

std::printf("printing %d on %s\n", val, dli::execution_space());

3}
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a0 4 4 4 || 2 a0
- \ J q.) J
\
1. sort

0

a0

Q0

E

Median

CPU version

* Median is a number which is larger and less

than half of elements

* To compute median, we can sort the data and

then return the middle element

* For simplicity, we’ll only cover odd number of
elements

float median(thrust::universal vector<float> vec)

{

J

std::sort(vec.begin(), vec.end());

return vec|vec.size() / 2];
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Exercise: Port to GPU

5 minutes

* Modify code to GPU-accelerate median computation

float median(thrust::universal vector<float> vec)

!

std::sort(vec.begin(), vec.end());
return vec|vec.size() / 2];

J

int main()

{for (int step = 0; step < 3; step++)
{float median_temp = median(temp);
}

J

01.02-Execution-Spaces/01.02.04-Exercise-Compute-Median-Temperature.ipynb
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Exercise: Port to GPU

Wrong solution

__device
float median(thrust::universal_vector<float> VeC) o ExecutiOn Speciﬁer doesn’t make the
\ function run on GPU, only compile code
std::sort(vec.begin(), vec.end()); for it
return veclvec.size() / 2];
j * No reason to GPU-accelerate a single
nt main() division
{
for (int step = 0; step < 3; step++ : :
: (int step P P*) > Parallel algorithms are invoked from
float median_temp = median(temp); CPU
}
}
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Exercise: Port to GPU

Solution
float median(...) float median(...)
{ {
std::sort(vec.begin(), vec.end()); — thrust::sort(thrust::device, vec.begin(), vec.end());
return vec|vec.size() / 2]; return vec|vec.size() / 2];

J J

GPU-accelerating standard algorithms should be as easy as:
» switching std:: to thrust::, and

* adding an execution policy
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Extending Standard Algorithms

Compute max difference between two vectors

42 42 - 11

= 24 - - 2 — 15

50 50 -
a D a - b

Max( o

There’s no standard algorithm for every use case
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Extending Standard Algorithms

Compute max difference between two vectors

thrust::universal vector<float>
unnecessarily materialized_diff(a.size()); 4 2 ‘{ 2 - 11

/[ compute abs differences
thrust::transform(

thrust::device, 2‘{ a —
a.begin(), a.end(), // first input sequence

b.begin(), // second input sequence

unnecessarily _materialized_diff.begin(), 5 O 5 O - 15

[] host device (float x, float y) {
return abs(x - y);

});
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Extending Standard Algorithms

Compute max difference between two vectors

thrust::universal vector<float>

unnecessarily materialized diff(a.size()); Q 2 31 ‘{2 - 31 11

/[ compute abs differences
thrust::transform(

thrust::device, 24 22 - 24 .
a.begin(), a.end(), // first input sequence
b.begin(), // second input sequence
unnecessarily _materialized_diff.begin(), 50 35 50 -

[] host device (float x, float y) {
return abs(x - y);

D; a b a -

/[ compute max difference

return thrust::reduce(
thrust::device,
unnecessarily _materialized_diff.begin(),
unnecessarily _materialized_diff.end(),
0.0f, thrust::maximum<float>{});

49 <ANVIDIA I



Counting Memory Accesses

reads a &b = 2N

writes diff = VN
E\

& =

* Algorithm starts with allocation, which is already suboptimal
* After that, transform reads 2N elements and writes N diffs
* After that, reduction has to read N differences and return max

* If you had to implement this algorithm, would you write it this way?

Por Gnt 1= 0; 1 L W, i++) §
float ar =aLiJ; // read
float br = LLT; // read
I LI] = abslar - br); // wirte
¢

reads dift = N

()}

Mloat max = 0.08;

for Gnt i = 0; i L WV, i++) ¢

float AiPRr = difF L],
max = AifFr > max 7

AP max;

// read
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Counting Memory Accesses

re.ao(s a & b = 2N

writes diff = N reads diff = N
[ o |

/ For Gnb i = 051 € Ky ies) ¥ Moot max = 0.0,
float ar =2 Li]; // read

for Gnt 1 = 0; 1 K N; i+4) §

float br = LLJ; // read float diffr = diff L], // read
At LI] = abslar - Br); // wirte max = iffr > max ?

¢ AfFr : mox;

| $

* Algorithm starts with allocation, which is already suboptimal
e After that, transform reads 2N elements and writes N diffs
* After that, reduction has to read N differences and return max

* If you had to implement this algorithm, would you write it this way?
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Preferred Implementation

reads a &b = 2N

writes diff = N
E\

& =

for Gnt i = 0; 1 N, i+4) ¢
float ar =aLi]; // read
float br = LLI; // read
A LI] = abslar - br); // wirte
¢

reads a &b = 2N

.

Nloat max = 0.08;

for Gnt 1 = 0; i L W; i++) § l

Rloat ar =2LT; // read
float br = LLI1; // read
float PP = abslar - br);
max = difFr > max 7

AP M}

reads dift = N

GG T

3N

‘Ploa\‘t MAX = OO‘P,
for Gnt i = 0; 1 L N, i++) ¢
Rloat difRr = L LI, // read

max = diffr > max 7

AfPr : max;

* In C++, we could write a simple loop

* |t'd read 2N elements and avoid writing

temporaries back into memory

* That'd give us 2x less memory accesses

* Which should result in better performance

* How can we achieve this with algorithms?
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Pointers

std::array<int, 3> a{0, 1, 2};
int *ptr = a.data(); // points to a[0]

std::printf("pointer[0]: %d\n", ptr[0]); // prints O
std::printf("pointer[1]: %d\n", ptr[1]); // prints 1
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Pointers

A very simple mental model for pointers is something that:
* Stores a physical memory address

* Enables array-style access to the pointed elements through the
subscript operator

nt *ptr = 0x0O

int val = 0 ‘é——'ptr[O]

int val = 1 otr[1]
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Pointers Interface

std::printf("pointer[0]: %d\n", ptr[0]);
std::printf("pointer[1]: %d\n", ptr[1]);

Subscript operator(}

* Provides array-style element access
* C++ allows overloading of subscript operator(]

* That’s how indexing works in vectors vec[42]

struct vector

{
Int operator{](inti = 42)

!

return *(data() + i);

J

}- 55 <ANVIDIA. I
J



Simple Counting Iterator

counting_iterator It;

std::printf("it[0]: %d\n", it[42]);

* We can overload subscript operator(} Mental Model

. . . struct counting_iterator
* But instead of accessing physical memory, we {

can, say, return the incoming index
Int operator{](inti = 42)

{
return I; <—|

}
}
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Simple Counting Iterator

Pointers lterators

struct counting_iterator

!
: Int operatorf](int |
* Subscript operator leads to memory accesses { ’ Jinty
return i;
J
H
std::array<int, 3> a{0, 1, 2},
int *ptr = a.data(); N counting_iterator it; 0
std::printf("pointer[0]: %d\n", ptr[0]); // prints O std::printf("it[0]: %d\n", it[0]); std::printf("it[1]:
std::printf("pointer[1]: %d\n", ptr[1]); // prints 1 %d\n", it[1]);
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Simple Counting Iterator

Iterators: Mental Model:
. . L struct counting_iterator
Provide pointer-like interface {
Generalize pointers by overloading operators '{”t operator[J(int 1)
Not restricted to raw memory addresses return i
)
Let’s implement integer sequence as an iterator 2
counting_iterator It; lterators:
std::printf("it[0]: %d\n", it[0]); // prints O Lead to same funCt'Ona.l behavior
std::printf("it[1]: %d\n", it[1]); // prints 1 Reduce memory footprint
Reduce memory traffic which improves
performance
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Simple Transform lterator

sequence Mental Model:

struct transform iterator

!

int *a;

int operatorf](int 1)

{

return afi] * 2;
)
};

Transform iterator applies a function before returning std::array<int, 3> a{ 0, 1, 2

a value transform_iterator it{a.data()};

std::printf("it[0]: %d\n", it[O]); // prints O std::printf("it[1]: %d\n",
it[1]); // prints 2
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Simple Zip Iterator

Mental Model:

o b {struct Zip iterator
). Int *a;
— +* int *b;
- % = = F - std::tuple<int, int> operatorf](int i
ob | o
—— == return {a[i], b[i]};
}
I3

std::array<int, 3> a{ 0, 1,

2}
std::array<int, 3> b{ 5, 4, 2 };

zip_iterator it{a.data(), b.data()};

std::printf("it[0]: (%d, %d)\n", std::get<0>(it[0]), std::get<1>(it[0])); // prints (O, 5)

Zip iterator allows you to combine multiple sequences
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You can nest iterators!

Combining Input Iterators

b

Mental Model:

struct transform iterator

{

ZIp Iiterator zip;

int operator ](int 1)
{
auto [a, b] = ziplil;
return abs(a - b);

}
3

std::array<int, 3> a{ 0, 1,

2 };
std::array<int, 3> b{ 5, 4, 2 };

zip_iterator zip{a.data(), b.data()};

transform_iterator it{zip}

std::printf("it[0]: %d\n", it[0]);
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Thrust Fancy lterators

sequence a seq uence b

seq Uuence
H T_J

S ) thrust::make zip iterator(a.begin(), b.begin())

thrust::make_transform_iterator(

a.begin(),
[l host device (inta){ |’ 1 :|
return a * 2 s
1) thrust::make counting_iterator(1)
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Thrust Fancy Iterators

(= =

1]

\ — -,
auto begin = thrust::make_counting_iterator(1);
auto end = begin + 42;
thrust::for _each(thrust::device, begin, end, print);

/[ prints: 12 3 ... 42
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Thrust Fancy lterators

thrust::universal_vector<int> vec = {1, 2, 3, ...}; seq UCNCEC

auto begin =
thrust::make_transform_iterator(

vec.beqin(),

[] host device (int value) {
return value * 2;

});

auto end = begin + 42;

thrust::for _each(thrust::device, begin, end, print);

/[ prints: 246 8 ... 84
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Thrust Fancy lterators

sequence a sequence b

{ "’* ' ;’*3;,*‘ 7 e %‘w; ‘f’" ’ B ’:*’ff;ﬁ Ve “%'

Lz \ | j ‘ ?‘ :

& ‘ ‘ G . f % |
} g I &

l | &

*tb% R . 59»# g R #,31 L i - fcj . » >

l‘y5’ N 7 - - | Lf—‘#j;

l{ N 28 N

{ \ ! 1 H
* 2 |

, - 4 H

\ | ] !

'\ 7 \ Y/,

thrust::universal vector<int>a = {0, 1, 2};

thrust::universal vector<int> b = {5, 4, 2};

auto begin = thrust::make_zip_iterator(a.begin(), b.begin());
auto end = begin + 42,

thrust::for _each(thrust::device, begin, end, print);

// prints: (0, 5) (1, 4) (2, 2)
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Using Thrust Fancy lterators

auto zip it = thrust::make_zip_iterator(a.begin(), b.begin());
auto transform it =

thrust::make transform_iterator(zip it, [] _ host device (thrust::tuple<float, float> t) {

return abs(thrust::get<0>(t) - thrust::get<1>(t));

3}
o (5 >
Now computation happens upon
accessing transform iterator:

» ZIp It[i] returns tuple

» transform it[i] returns diff
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Counting Memory Accesses

reads a &b = 2N

writes diff = N
@\

! transform };

' float ar =°‘[.i]; // read

float br = LL; // read
it LI] = abslar - br); // wirte
¢

reao(s QA & b = 2N

/ Ploatt move = 0.0F;
‘ for Gnt i = 0; 1 L WV, i++) ¢

float diffr = transPorm__itLid; =

max = hfFr > max 7
AFFr : max;

‘ ¢

IifFE )

reads diff = N

(ke )

float max = 0.08;
for Gnt i = 0; i d N; i++4) €
Rloat diffr = AHF LI, // read

max = diffr > max 7

AfFr : max;

Naive solution

N\

* Version with iterators accesses 2x less memory
* How does this affect performance?

nt o QPO\tOPU(m't \) {

# ; o C 4
Ploat ar =°‘[§J; // read

float br = L1, // read
retum abs(a - b);

Fancy lterators

N\

1
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Extending Standard Algorithms

1
0,9
Q
E 0,8
= 0,7
@
N0
© 05 ® Materialize
S
S 04 W Fancy
<= 0,3
0,2
0,1
0
1048576 2097152 4194304 3388608 16777216 33554432 67108864 134217728 268435456
# elements
* Version with iterators takes 2x less time to execute * Version with iterators needs 30% less memory
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Exercise: Computing Variance

10 minutes

» change the code below so that dereferencing squared differences returns (x[i]
- mean) * (x[i] - mean)

float variance(const thrust::universal vector<float> &x, float mean)

{

auto squared differences = ...

return thrust::reduce(
thrust::device, squared_differences, squared_differences + x.size()
) [ X.size();

J

A

N

01.03-Extending-Algorithms/01.03.02-Exercise-Computing-Variance.ipynb
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Exercise: Computing Variance

Solution

float variance(const thrust::universal vector<float> &x, float mean)

{
auto squared_differences = thrust::make transform iterator(
X.begin(), [mean] _ host device (float value) {
return (value - mean) * (value - mean);
});

return thrust::reduce(
thrust:..device, squared_differences, squared_differences + x.size()
) | X.size();

J
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Heat Equation

Let’s implement an actual heat
equation simulator

Neighbors now affect next state of
a given cell

This pattern is called stencil

We’'ll organize cells into a two-
dimensional matrix

§
’
o
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Implementing Stencil Pattern

» Don’t worry about the exact formula j /
* |nstead, consider access pattern / )(
1)
J
AL

- §
1
[
\
-
e’
P
\

9%

i ®--
float d2tdx2 = in_ptr[row * width + column - 1] f ' G
- in_ptr[row * width + column] * 2 %)
+ In_ptrfrow * width + column + 1]; / Gl
float d2tdy2 = in_ptr{(row - 1) * width + column] e
- in_ptr[row * width + column] * 2 Gl

+ In_ptr[(row + 1) * width + column];

return in_ptr[row * width + column] + 0.2f * (d2tdx2 + d2tdy2);
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Implementing Stencil Pattern

 Don’t worry about the exact formula k /
* |nstead, consider access pattern /
* We need values from left and right %ﬁ

NN

(i
Paneey --(;-'-j-)--
%) /
. . (' J
float d2tdx2 = in_ptr[row * width + column - 1]
- in_ptrfrow * width + column] * 2 ¥
+ in_ptrfrow * width + column + 1]; (¥
float d2tdy2 = in_ptr[(row - 1) * width + column] Y
- in_ptr[row * width + column] * 2 Gl

+ In_ptr[(row + 1) * width + column];

return in_ptr[row * width + column] + 0.2f * (d2tdx2 + d2tdy2);
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Implementing Stencil Pattern

 Don’t worry about the exact formula
* |nstead, consider access pattern
* We need values from left and right
* We need values from top and bottom

NN

float d2tdx2 = in_ptr[row * width + column - 1]
- in_ptrfrow * width + column] * 2
+ In_ptr[row * width + column + 1];
float d2tdy2 = in_ptr[(row - 1) * width + column]
- in_ptrfrow * width + column] * 2
+ in_ptr[(row + 1) * width + column];

return in_ptr[row * width + column] + 0.2f * (d2tdx2 + d2tdy2);
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Implementing Stencil Pattern

 Don’t worry about the exact formula

* |nstead, consider access pattern
* We need values from left and right
* We need values from top and bottom
* We need value of the current cell

NN

float d2tdx2 = in_ptr[row * width + column - 1]
- in_ptr[row * width + column] * 2
+ In_ptr[row * width + column + 1];
float d2tdy2 = in_ptr[(row - 1) * width + column]
- in_ptr[row * width + column] * 2
+ In_ptr[(row + 1) * width + column];

RN

return in_ptrfrow * width + column] + 0.2f * (d2tdx2 + d2tdy2);
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Boundary Conditions

* QOur grid is not infinite

* Not all cells have neighbors

* Let’s handle boundary conditions
* Cells on boundary will be constant

if (row >0 && column > 0 && row < height - 1 && column < width - 1) {
float d2tdx2 = in_ptr[row * width + column - 1]
- in_ptrfrow * width + column] * 2
+ In_ptr[row * width + column + 1];
float d2tdy2 = in_ptr[(row - 1) * width + column]
- in_ptrfrow * width + column] * 2
+ In_ptr[(row + 1) * width + column];

return in_ptr[row * width + column] + 0.2f * (d2tdx2 + d2tdy2);
} else {

return in_ptrfrow * width + column];

J
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Implementing Stencil Pattern

We can now:
* capture pointer to previous temperatures,
* and transform cell indices to new values

auto cell indices = thrust::make_counting _iterator(0);

thrust::transform(
thrust::device, cell _indices, cell indices + in.size(), out.begin(),
[in_ptr, height, width] _ host device  (intid) {

int column = id % width; : : : :
nt row = id / width: Convert the single, flattened cell index into 2D coordinates

if (row >0 && column > 0 && row < height - 1 && column < width - 1) {
float d2tdx2 = in_ptr[row * width + column - 1]
- in_ptrfrow * width + column] * 2
+ In_ptr[row * width + column + 1];
float d2tdy2 = in_ptr[(row - 1) * width + column]
- in_ptrfrow * width + column] * 2
+ In_ptr[(row + 1) * width + column];

return in_ptr[row * width + column] + 0.2f * (d2tdx2 + d2tdy2);
} else {
return in_ptr[row * width + column];

}
1);
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Converting Thrust Pointers to Raw Pointers

void simulate(int height, int width,
const thrust::universal vector<float> &in,
thrust::universal vector<float> &out)

{
const float *in_ptr = thrust::raw _pointer cast(in.data()); Get raw pointer from Thrust container

auto cell _indices = thrust::make_ counting_iterator(0);

In_ptr
std::vector<int> vec(42); thrust::universal vector<int> vec(42);
int *data = vec.data(); thrust::cuda::universal pointer<int> data = vec.data();
int *ptr = thrust::raw_pointer cast(vec.data());
std::vector::data() thrust::universal vector:.data()
* returns a raw pointer * Returns a typed iterator
* Because some interfaces * You can convert it to a raw pointer with
require raw pointers thrust::raw pointer cast
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Implementing Stencil Pattern

100

200

0 200 400 600 800 1000

Let’s simulate an empty oven:
Heating elements on top and bottom
Cold walls on left and right
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Thrust is not limited to standard algorithms

Tabulate applies operator to element indices and

stores result at this index

This is essentially equivalent to transformation of

counting iterator

When there’s a specialized algorithm, prefer it, since

it’ll likely perform better

Tabulate

tl‘\rust::‘ta\'oula\te( first , las‘t | OP )
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Using Tabulate

void simulate(int height, int width,
const thrust::universal vector<float> &in,
thrust::universal vector<float> &out)

1
const float *in_ptr = thrust::raw_pointer_cast(in.data());
thrust::tabulate( : :
thrust::device, out.begin(). out.end() Tabule.ate S equivalent to transform of
[in_ptr, height, width] __host device__ (intid) { counting i1terator

int column = id % width:
int row = id / width;

if (row >0 && column > 0 && row < height - 1 && column < width - 1) {
float d2tdx2 = in_ptr[row * width + column - 1]
- in_ptrfrow * width + column] * 2
+ In_ptr[row * width + column + 1];
float d2tdy2 = in_ptr[(row - 1) * width + column]
- in_ptrfrow * width + column] * 2
+ In_ptr[(row + 1) * width + column];

return in_ptr[row * width + column] + 0.2f * (d2tdx2 + d2tdy2);
} else {
return in_ptr[row * width + column];

}
3}
}
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Code Reuse

__host device__ * We'll have to map flattened cell index into
std::pair<int, int> row col(int id, int width) :
{ 2D coordinates more than once
return std::make_pair(id / width, id % width);
J * This means it’s time to follow Don’t Repeat
Yourself (DRY) principle and extract
thrust::tabulate( common code into function

thrust::device, out.begin(), out.end(),

[in_ptr, height, width]  host device (intid) { _
auto [row, column] = row col(id, width): * To return both row and column from this

function we could use std::make pair

82 <ANVIDIA I



Code Reuse Issue

__host device__ * We'll have to map flattened cell index into
std::pair<int, int> row col(int id, int width) :
{ 2D coordinates more than once
return std::make_pair(id / width, id % width);
J * This means it’s time to follow Don’t Repeat
Yourself (DRY) principle and extract
thrust::tabulate( common code into function

thrust::device, out.begin(), out.end(),

[in_ptr, height, width]  host device (intid) { _
auto [row, column] = row col(id, width): * To return both row and column from this

function we could use std::make pair

» But std::make pairis a host function!

callinga _ host  function(" std::make pair ") froma _ host device Does this mean we have to re-implement
function(” row_col ) Is not allowed. every vocabulary type we might need for
CUDA?
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Vocabulary Types in libcu++

Compound Types Optional and Alternatives Math

» cuda::std::pair * cuda::std::optional * cuda::std::complex

* cuda::std::tuple * cuda::std::variant * cuda::std::mdspan
Synchronization CUDA Extensions B pplcation .
» cuda::std::atomic * cuda::atomic - L et

* cuda::std::atomic ref * cuda::atomic ref | 9‘ cCUB J\ '

» cuda::std::atomic flag » cuda::atomic_flag H e ) J

CUDA Runtime u

https://nvidia.github.io/cccl/libcudacxx
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Vocabulary Types

~_host device
cuda::std::pair<int, int> row_col(int id, int width)
{
return cuda::std::make_ pair(id / width, id % width);
J

thrust::tabulate(
thrust::device, out.begin(), out.end(),
[in_ptr, height, width]  host device (intid) {
auto [row, column] = row_col(id, width);

* |nstead of re-implementing vocabulary types

 Just add cuda::in front of a standard type and you get a
version that works on both CPU and GPU
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Vocabulary Types

Pair is not the only vocabulary type that
can improve our simulator

Consider how we had to manually flatten
2D coordinates

This approach is:
error prone

not productive float d2tdx2 = in_ptr[row * width + column - 1]
- in_ptr[row * width + column] * 2
+ In_ptrlrow * width + column + 1];
float d2tdy2 = in_ptr[(row - 1) * width + column]
- in_ptr[row * width + column] * 2
+ In_ptr[(row + 1) * width + column];
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mdspan

Disadvantages of manual linearization become more apparent as number of dimensions increases

// Inp[b][n][0][nh][d] float g = inp(b, n, O, nh, d)

INnt inp 1dX =
There’s a standard type that can turn

comment on the left into actual code at
no performance cost

(b*N*3*NH~*d)
+ (Nn*3*NH ™ d)
+  (0*NH*d)
+ (nh * d)
+ d;

float g = inp[inp 1dx]);
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mdspan

cuda::std::mdspan
* a multidimensional view of a sequence, that

* helps write clean code, and

* helps avoid bugs
* in linearization of multidimensional indices

* by coupling dimensions with the view itself
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mdspan

1D array

cuda::std::array<int, 6> sd{0, 1, 2, 3, 4, 5}; @ @ @
[Let’s start with a 1D array that we’d like to view as 2D matrix
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mdspan

1D array

JEB) W
cuda::std::array<int, 6> sd{0, 1, 2, 3, 4, 5}; @ - ?

I

l

l
cuda::std::mdspan md(sd.data(), 2, 3); '
\ (. N\
—> 01,1012 |
,{ 3 | .’7«\' ,(—5\l<~’
Constructor cuda::std::mdspan of accepts: b “ =N
* raw pointer, (thrust::raw pointer cast will be handy) ZD .
— - View

* height of the matrix
*in the case of 2D matrix

* width of the matrix
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mdspan

cuda::std::array<int, 6> sd{0, 1, 2, 3, 4, 5};
cuda::std::mdspan md(sd.data(), 2, 3);

std::printf("md(0, 0) = %d\n", md(0, 0)); // O
std::printf("md(1, 2) = %d\n", md(1, 2)); // 5

You can then access the underlying sequence with ~

operator() by providing:

* Row index | |
*in the case of 2D matrix

* Column index
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mdspan

cuda::std::mdspan::size()
- Returns product of extents 1D eray

IEE31E
cuda::std::array<int, 6> sd{0, 1, 2, 3, 4, 5}; @ “ ¢

l

!

cuda::std::mdspan md(sd.data(), 2, 3);

std::printf("md(0, 0) = %d\n", md(0, 0)); // 0 ‘-_>| O | ' 1} I 2 1
std::printf("md(1, 2) = %d\n", md(1, 2)); // 5 (Y S-Sy B S

|
|
.7 N |
l

N (=N 7= N N
std::printf("size = %zu\n", md.size()); // 6 , 3 | = | ) 5 l<___

N Y G

2D view

You can query total number of elements with . size()
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mdspan

cuda::std::mdspan::extent(r)
> Returns extent at rank index r 1D QYTQ(/

cuda::std::array<int, 6> sd{0, 1, 2, 3, 4, 5} @ @ @
|
!

|

cuda::std::mdspan md(sd.data(), 2, 3); |
std::printf("md(0, 0) = %d\n", md(0, 0)); // O ‘-_.>'( O | |, 1} ( 2 | |
std::printf("md(1, 2) = %d\n", md(1, 2)); // 5 Y S-S S R |
(N7 ™™™ ’

std::printf("size = %zu\n", md.size()); // 6 | , | &
std::printf("height = %zu\n", md.extent(0)); // 2 ' 3 ‘ G ' ° <
std::printf("width = %zu\n", md.extent(1)); // 3

“ o=’ W]

2D view

You can also query:

*  The height of the matrix with .extent(0)
* The width of the matrix with.extent(1)
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Exercise: mdspan

6 minutes

» Use cuda::std::mdspan instead of raw pointers

const float *in_ptr = thrust::raw pointer cast(in.data());

thrust::tabulate(
thrust::device, out.begin(), out.end(),
[in_ptr, height, width] _ host device  (intid) {
auto [row, column] = row_col(id, width);

if (row > 0 && column > 0 && row < height - 1 && column < width - 1) {
float d2tdx2 = in_ptr[(row) * width + column - 1]
- in_ptrfrow * width + column] * 2
+ in_ptr[(row) * width + column + 1];
float d2tdy2 = in_ptr[(row - 1) * width + column]
- in_ptrfrow * width + column] * 2
+ in_ptr[(row + 1) * width + column];

return in_ptrlrow * width + column] + 0.2f * (d2tdx2 + d2tdy2);

} else {
return in_ptr[row * width + column];

}
3}

h
01.04-Vocabulary-Types/01.04.02-Exercise-mdspan.ipynb
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Exercise: mdspan

6 minutes

» Use cuda::std::mdspan instead of raw pointers

cuda::std::mdspan::extent(r)

1D array

olalalelala

* Returns extent at rank index r

cuda::std::array<int, 6> sd{0, 1, 2, 3, 4, 5}, |
cuda::std::mdspan md(sd.data(), 2, 3); : e N i N el '
I

o) i | ‘—>|O'|1'|2'
std::printf("md(0, 0) = %d\n", md(0, 0)); // 0 Cad wd U l
std::printf("md(1, 2) = %d\n", md(1, 2)); // 5 ’

(T N ™ N ™ N
std::printf("size = %zu\n", md.size()); // © I 3 )' | . ) | ) I,<~
std::printf("height = %zu\n", md.extent(0)); // 2 =N = -

std::printf("width = %zu\n", md.extent(1)); // 3
-
2D view

01.04-Vocabulary-Types/01.04.02-Exercise-mdspan.ipynb
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Exercise: mdspan

Solution

cuda::std::mdspan temp _in(thrust::raw_ pointer cast(in.data()), height, width);

thrust::tabulate(
thrust::device, out.begin(), out.end(),
[temp In]  host device (intid) {
int column = id % temp_in.extent(1);
introw =id/temp in.extent(1);

if (row >0 && column > 0 && row < temp_in.extent(0) - 1 && column < temp _in.extent(1) - 1) {
float d2tdx2 = temp in(row, column - 1) - 2 * temp_in(row, column) + temp_in(row, column + 1);
float d2tdy2 = temp _in(row - 1, column) - 2 * temp_in(row, column) + temp_in(row + 1, column);

return temp_in(row, column) + 0.2f * (d2tdx2 + d2tdy2);
}

else {
return temp_in(row, column);

});
}
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Best Practice: Give Domain-Specific Names

using temperature grid _f = cuda::std::mdspan<float, cuda::std::dextents<int, 2>>;

using temperature grid _d = cuda::std::mdspan<double, cuda::std::dextents<int, 2>>;

void simulate(int height, int width,
thrust::universal vector<float> &in,
thrust::universal vector<float> &out)

{

temperature grid ftemp(thrust::raw_pointer cast(in.data()), height, width);

» Actual cuda::std::mdspan type is more involving * It’s recommended to give your
because it allows you to pass static information cuda::std::mdspan a domain-specific

about some extents type aliases




Best Practice: DRY

__host device
float compute(int cell id, temperature grid f temp)

!

iNnt heaicanht — temn aviant/(N):-

*  Extract commonly used functions, just like you would in standard C++

return temp(row, column);

J
J

temperature grid _f temp(thrust::raw_pointer cast(in.data()), height, width);

thrust::tabulate(thrust::device, out.begin(), out.end(), [=]__host device (intid) {
return compute(id, in);

J
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Serial vs Parallel

mo(sPom vector

Let’s compute total temperature in each row




Serial vs Parallel

MOQSPOM

(8]

©, 0) © 1) ©, 2)

thrust::tabulate(
thrust::device, sums.begin(), sums.end(),

[=] host device (int row id) {

float sum = 0;
for (int col = 0; col < width; col++) {

sum += temp(row, col); +- +
}

return sum; (1, O) (1, 1) (1, 2)
};

* We can use tabulate again, and iterate each row in the unary operator

* But would that be a good solution?
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Serial vs Parallel

CUDA Core O
M 5
thrust::tabulate( CUDA Core 1
thrust::device, sums.begin(), sums.end(), \/\/\/>
[=]__host device__ (int row_id) {
float = 0;
oa.sum | CUDA Core 2
for (int col = O; col < width; col++) { . L . D
sum += temp(row, col); T o — / a9 Y, 0'(: GPU
N 0
}
eturn sum: CUDA Core 10000 s idle

”~ = -
}) I _ -~ ’/ ~ o //

* Code on GPU does not magically become parallel
* This means that the code in lambda function is serial
* This prevents GPU from doing what it’s good at — massive parallelism
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Serial vs Parallel

(5]

[0]
* Observe how all values we want to reduce have

— @ common row

* Another non-standard Thrust algorithm is a
generalization of reduction called:

— thrust::reduce by key
e (0] (o] (o) ) ) @)

* |t reduces values in groups of consecutive keys

~-QEEOEE ===

“““““““““““ *  This algorithm provides better parallelism than
N i g — our solution, because it’d associate many
threads with each row
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Serial vs Parallel

thrust::universal vector<float> row ids(height * width);
thrust::tabulate(

row_ids.begin(), row_ids.end(),

[=]__host device__ (int i) { return i/ width; });

We can materialize keys using tabulate

Key is essentially a cell index divided by the number of columns
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Serial vs Parallel

thrust::universal vector<float> row ids(height * width);
thrust::tabulate(
row_ids.begin(), row ids.end(),

*  Apart from aggregates, reduce by ke
=] _host___ device_(inti){ return i / width; }) D geres y key

provides keys as output

thrust::universal_vector<float> sums(height);

* We are not interested in them
thrust::reduce by key(

thrust::device, . . _
*  We can save bandwidth using discard

Iiterator

row_lids.begin(), row_ids.end(), // input keys
temp.begin(), /[ iInput values
thrust::make discard iterator(), // output keys
sums.begin()); // output values
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Serial vs Parallel

thrust::universal vector<float> row ids(height * width);
thrust::tabulate(
row_ids.begin(), row ids.end(),

e Apart from aggregates, reduce by ke
=]_host___ device_(inti){ return i / width; }) D geres y key

provides keys as output

thrust::universal vector<float> sums(height);

e We are not interested in them
thrust::reduce by key(

thrust::device, . . .
*  We can save bandwidth using discard

Iiterator

row_ids.begin(), row _ids.end(), // input keys
temp.begin(), /[ Input values
thrust::make discard iterator(), // output keys
sums.begin()); /[ output values

N\
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Discard Iterator

struct wrapper

!

void operator=(int value)

{

/] discard value

}
}

struct discard Iterator

!

wrapper operator[](int i) { return {}; }
thrust::make discard _iterator() };

int main()
* We can even discard the value . . .
discard _iterator it{};
* This iterator is helpful when you don’t need some it[0] = 103
of the algorithm’s outputs 1] =20

c% }

0
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Speedup

140

120

100

30

60

40

20

1048576

tabulate vs reduce by key

2097152

4194304 3388608 16777216

# columns

* Reduce by key is 100x faster

I I | | | I I -

33554432

67108864
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2N

Q

2N

Exercise: Segmented Sum Optimization

10 minutes

* Use counting and transform iterators to generate row indices without
materializing them in memory

auto row _ids begin=// ... ;

auto row _ids_end = row_ids begin + temp.size();

thrust::universal vector<float> sums(height);
thrust::reduce by key(thrust::device,
row_ids_begin, row Iids_end,

temp.begin(), thrust::make_discard_iterator(),
sums.begin());

01.05-Serial-vs-Parallel/01.05.02-Exercise-Segmented-Sum-Optimization.ipynb
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Exercise: Segmented Sum Optimization

Solution

auto row _ids begin = thrust::make transform iterator(
thrust::make counting _iterator(0),
[=]___host device (inti) {
return 1 / width;

});

auto row ids end =row ids begin + temp.size();

thrust::universal vector<float> sums(height);

thrust::reduce by key(thrust::device,
row_ids begin, row ids end,
temp.begin(), thrust::make discard _iterator(),
sums.begin());
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Speedup

400

350

300

250

200

150

100

50

Serial vs Parallel

1048576 2097152 4194304

* Reduce by key is 100x faster

38388608

# columns

16777216 33554432 67108864

* Fancy iterators + reduce by keys is 300x faster
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Transform Output Iterator

struct wrapper {

int *ptr;
void operator=(int value) { *ptr = value / 2; }
};
struct transform_output_iterator {
int *a;
Seq uence wrapper operator[](int i) { return {a + i}, }
thrust.:make transform_output _iterator( g
a.beqin(),
[] host device (int a) { std::array<int, 3> q{ 0, 1, 2 2
transform_output_iterator it{a.data()};
return a/ 2;
1) it[0] = 10;

it[1] = 20;
*  Concept of iterators is not limited to input
std::printf("a[0]: %d\n", a[0]); // prints 5
std::printf("a[1]: %d\n", a[1]); // prints 10

N * With another level of indirection, we can transform

N

values that are written into transform output
Iiterator 111 <JNVIDIA I




2N

\

2N

Exercise: Segmented Mean

10 minutes

* Use transform output iterator to compute row mean

struct mean_functor {
___host device  float operator()(float x) const {
return x / width;

}
}

thrust::universal vector<float> means(height);
auto means output = ...

thrust::reduce by key(thrust::device, row_ids begin, row ids_end,
temp.begin(), thrust::make discard _iterator(),
means_output);

01.05-Serial-vs-Parallel/01.05.03-Exercise-Segmented-Mean.ipynb
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Exercise: Segmented Mean

Solution
struct mean_functor {
~_host device float operator()(float x) const {
return x / width;
)

}

thrust::universal vector<float> means(height);
auto means_ output =
thrust::make_transform_output_iterator(means.begin(), mean_functor{});

thrust::reduce by key(thrust::device, row ids begin, row ids end,
temp.begin(), thrust::make discard iterator(),
means_output);
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Memory Spaces

Problem statement

thrust::universal vector<float> prev = dli::init(height, width);
thrust::universal vector<float> next(height * width);

for (int write_step = 0; write_step < 3; write_step++)

{

J

dli::store(write_step, height, width, prev);

for (int compute_step = 0; compute_step < 3; compute_step++) {

J

dli::simulate(height, width, prev, next);
prev.swap(next);

* Why does computation step take 100x longer after storing?

simulate 0.00016 s
store

simulate 0.03123 s

simulate 0.00018 s

simulate 0.00018 s
store

simulate 0.02954 s

simulate 0.00016 s

simulate 0.00016 s
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Memory Spaces

)

GPU

Cow\Pute
- 100% 1000*
<" GB/s . < GB/s

GPU has dedicated memory optimized for higher bandwidth
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Memory Spaces

| | CPU GPU
* Universal vector relies on managed Host Mewmory Space
WA a

memory Device Memory Space

gt TED =N en ea» eE» eaw oEp oEn e e euw Smw eaw GEw eaw e ew a» o _— = eon loow e GES GE) GE) GED GED eI GEd e’ GED GED GED GED GED GE e Gy

* Managed memory abstracts away the '. thrustiuniversal_vector

fact that GPU and CPU have distinct 7 ‘/////:—/j '7//////’ m m

vec[1]

~_-_-_-—-——-——--———--———————--——--—-————--—f

* |Implicit memory transfer between
memory spaces happens upon accessing
memory

Gy e ar oD GED G I GED GED GED GEP I I I GED GED N GED G

’--—-—--———
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Memory Spaces

\ ace

Host Memory Space C
0x x2 0x3 oxu 0Ox5 Ox6 0Ox7 Ox 0x0 0x1 0x2 Ox3 0 Ox6
A —:::—-.....‘
______________ | uvec[0]
’’’’’ — =

M= -
7| e
//%%//% [ qvecton (el

Devi

e Memory Space
x4 Ox5 Ox7 Ox8 0x9
.»
-

f
i




Memory Spaces

* Different containers allow you to be
explicit in where you want memory

Host Mewory Space
Ox0 Ox1 Ox2 Ox3 Oxy4 Ox5 Ox6 Ox7 Ox8 Ox9

—--—--———-—-————_—--

. thrust::host_vector

Y

* Host vector:
* constructed on host
* allocates memory in host space
* device cannot access it

* Device vector:

* constructed on host
Nemmmmm e mmmmmmm e * allocates memory in device space
* host cannot access it

‘———-————-—-——-———’

| vee[07 || Wee[1]

I
!
b
I
[
I
I
I
[
I
[
[
l
[
[
I
I
[
!
\

Device Memory Spa\ce
Ox0 Ox1 Ox2 Ox3 Ox4y x5 Ox6 Ox7 0x8 Ox9

thrust::device_vector !

P

dvec[ O]

l
I
I
|
I
I
I
I
[
I
I
I
I
l
I
!
I
|
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Memory Spaces

CPU GPU

Host Mewmory Space Device Mewmory Space

Ox5

0x7 Ox8 0x0 Ox1 0x2 0x3 Ox4 Ox5 0x6 Ox7 0x8 0x9

Host Execution Space Device Execution Space

You can use copy algorithm to explicitly copy between memory spaces
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Use thrust::host vector and thrust::device vector instead of thrust::universal vector

Exercise: Use Explicit Memory Spaces

12 minutes

thrust::universal vector<float> prev = dli::init(height, width);
thrust::universal vector<float> next(height * width);

for (int write_step = 0; write_step < 3; write_step++)

{

}

dli::store(write _step, height, width, prev);

for (int compute_step = 0; compute_step < 3; compute_step++) {
dli::simulate(height, width, prev, next);

J

prev.swap(next);

01.06-Memory-Spaces/01.06.02-Exercise-Copy.ipynb

simulate 0.00016 s
store

simulate 0.03123 s

simulate 0.00018 s

simulate 0.00018 s
store

simulate 0.02954 s

simulate 0.00016 s

simulate 0.00016 s
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Exercise: Use Explicit Memory Spaces

Solution

* All compute steps now take the same time to run

thrust::device vector<float> d_prev = dli::init(height, width);
thrust::device vector<float> d_next(height * width);
thrust::host vector<float> h_prev(height * width);

for (int write_step = 0; write_step < 3; write_step++)

{

J

thrust::copy(d_prev.begin(), d _prev.end(), h_prev.begin());
dli::store(write_step, height, width, h_prev);

for (int compute step = 0; compute_step < 3; compute_step++)

{

J

dli::simulate(height, width, d _prev, d next);
d_prev.swap(d_next);

simulate 0.00019 s
store

simulate 0.00018 s

simulate 0.00017 s

simulate 0.00017 s
store

simulate 0.00024 s

simulate 0.00016 s

simulate 0.00016 s
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Use NVCC compiler

Y

g++

main.cpp -0 a.out

Y

v

l v{:w\a\o!o(132$$ ' [

Executable By
x86 CPU

Takeaways

C++ Express?on

(

\_

‘temp[?] + k * Jdiff

U

N

Executable B(/
ARM CPU

———
F—__ f—%
i aarchéq-g'l"l' nvee
\ main.cpp o a.out main.cpe -0 a.out |
. !
)
lea\.‘F32 ‘Fma.rn.‘(:?)z ]
J

Executable By
GPU
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Takeaways

Use NVCC compiler

— —
Appl?cation
Use accelerated libraries as much as possible: ” e —
* Thrust for general-purpose parallel algorithms | L Thrust “
© ' | —
cuSPARSE for linear algebra E on DV || cuBLAsS
* VlatX for array-based numerical computing “ F J
* etc. ﬂ l.bcu++ ] { j|= J [

‘ CUDA Runtime "
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Takeaways

(auto op = [1 __host__. __device_._. (Float t) {\
. urn k * diff
Use NVCC compiler k}"e" mes
Y,
1
v v
Use accelerated libraries as much as possible: ( Host Compiler ] [ Device Compiler ]
J /
e Thrust for general-purpose parallel algorithms [ [ modd 3 2< jéﬂ [ € €32 }
. Compile Tim
e cuSPARSE for linear algebra P& € Executable by CPU Executable by GPU
. IVIatX for array-based numerical COmputing ............................................................................................................. ( \ [
4
N secu GPU
o otc. Runt\w\e CPU Executed by CPU - /
" thrust (- host | @zooﬁ_g
4 ' thrustithost : )
tlo\rust::‘troms'Form(:::‘.‘.::‘.‘.:'.::'.’\, first, last, result, op); -~ A J
Use host device execution space specifiers: N  Phrustiidevice y
I ) - )
* to specify where given function could be executed . Executed on GPU .

Use thrust::host and thrust::device execution policies:

» to specify where given thrust algorithm will be executed
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Takeaways

Use NVCC compiler Avoid serialization as much as possible

Use accelerated libraries as much as possible:

* Thrust for general-purpose parallel algorithms w . . .
* cuSPARSE for linear algebra CUDA Core 1 Go 6 G2
e MatX for array-based numerical computing —
e efcC. CUDA Core 2 \
P PTG,
T .7 a9.8% of GPU
Use host device execution space specifiers: CUDA Core 10000 is idle

e to specify where given function could be executed

Use thrust::host and thrust::device execution policies:

e to specify where given thrust algorithm will be executed
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Takeaways

Use NVCC compiler

Use accelerated libraries as much as possible:

e Thrust for general-purpose parallel algorithms
e cuSPARSE for linear algebra

e MatX for array-based numerical computing

® efcC.

Use host device execution space specifiers:

e to specify where given function could be executed

Use thrust::host and thrust::device execution policies:

e to specify where given thrust algorithm will be executed

Use explicit memory spaces

s

/

}
|
|
|
|
l
]
|
]
!
l
]
|
]
|
|
|
|
|
\

CPU

Host Memory Spa\ce

) )

‘tlf\rust l«ost ve.ctor ‘

-—--—------

Avoid serialization as much as possible

~

/

|
|
!
|
[
!
|
[
I
!
I
|
|
|
l
|
|
|
\

N

\

GPU

Device Memory Space

/ ()

dvec[0] | | dvee]1]

L_L_;_;_;_i_i_;_i_;
l tl«mst device_vector !

rororoToTTTTToToToT

--—-------
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Takeaways

Use NVCC compiler Avoid serialization as much as possible

Use accelerated libraries as much as possible: Use explicit memory spaces

e Thrust for general-purpose parallel algorithms

e cuSPARSE for linear algebra When existing libraries do not cover your use cases
e MatX for array-based numerical computing » Use fancy iterators to extend them
e etc.

Use host device execution space specifiers:

e to specify where given function could be executed ¥ _ ¥ —____-- ——-—==5

Use thrust::host and thrust::device execution policies: abs(0 - 5)

e to specify where given thrust algorithm will be executed ‘ v

127 <ANVIDIA. I



Break

35 minutes
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