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Preface

What Is This Document?

ThisBest Practices Gaimlenanual to help devsdes obtain the best performance
from theNVIDIA ® CUDAE architecture usingersion3.1 of the CUDA Toolkit

It presents established optimization technigneesxplais coding metaphors and
idioms that can greatly simppfpgramming for th€EUDA architecture

While the contents can be used as a referenoaliypaushould be aware that
some topics are revisited in different contexts as various programming and
configuration topics are explored. As a result, it is recommended -tivaefirst
readerproceedhrough theguidesequentially. This approach wilagly improve
yourunderstanding of effective programnpuirggcticegnd enablgouto better use
theguidefor referencéater

Who Should Read This Guide?

Vii

Thisguideis intended foprogrammers/ho haveabasic familiarity wittme

CUDA programming envdnment You have already downloaded and installed the
CUDA Toolkitand have written successful programs usifggitiscussions in
thisguideall use the C programming languaggoeshouldbe comfortable

reading C.

Thisguiderefers to and relies oaveral other documents that you should have at
your disposal for reference, all of which are avaitaloleost from the CUDA
wetlsite fttp://www.nvidia.com/object/cuda_develop.hiriThe folleving
documents are especially important resources:

Cc CUDA Quickstart Guide
¢ CUDA Programming Guide

Cc CUDA Reference Manual

Be sure to download the correct manual fo€thBA Toolkit versiorand
operating systeyou are using

CUDAC Best Practices GuideVersion 3.1
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Recommendations andBest Practices

Throughout thiguide specific recommendations are made regandidgsign

and implementation of CUDB.code. These recommendations are categorized by
priority, which is a blend of the effect of the recommendation and its scope. Actions
that presentubstantial improvements for most CUDA applications have the

highest prioritywhile small optimizations that affect only very specific situations are
given a lower priority.

Before implementing lower priority recommendations, it is good practice to make
sue all higher priority recommendations that are relevant have already been applied.
This approach will tend to provide the best resultsdtime invested and will

avoid the trap of premature optimization.

The criteria of benefit and scope for estabgspriority will vary depending on the
nature of the program. In tlyside they represent a typical case. Your code might
reflect different priority factors. Regardless of this possibility, it is good practice to
verify that ndnigherpriority recommerations have beaverlookedefore
undertakindowerpriority items.

Appendix Aof this document lists all the recommendations and best practices,
grouping them by priority and adding soduktianal helpful observations.

Codesamples throughout the guaieit error checking for concisendamduction

code shouldhoweversystematically check the error code returned by each API call
andcheckfor failuresin kernel launches (or groups of kernel launches in the case
of concurent kerneld)y callingudaGetLastError()

Contents Summary

The remainder of thguideis dividedinto the followingsections:

Parallel Computing with CUDA: Important aspects of the parallel
programming architece.

Performance Metrics How shouldperformancée measureth CUDA
apgicatiors and what are the factors that most influence performance?

Memory Optimizations: Correct nemory management is one of the most
effective means of improving performance. This chapter explores the different
kinds of memorgvailable t€UDA applicationsand it explains detail how
memory is handled behind the scenes.

Execution Configuration Optimizations: How to make sure yo@UDA
application igxploiting all the available resouorethe GPU

Instruction Optimizations: Certain operations run faster than ahesing
faster operatiorand avoidinglower onesoften confersemarkablebenefits.

Control Flow: Carelesslgesigned control flow can force parallel code into
serial execution; whereas thoughtfully designgdldeow carhelpthe
hardware perform the maximum amount of work per clock cycle.

CUDAC Best Practices Guide Version 3.1 viii



Getting the Right Answer How to debug code and how to handle differences
in how the CPU an@PU represent floatingoint values
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Chapter 1.
Parallel Computing with CUDA

This chapter reviews heterogeneous computing with CUDA, explains the limits of
performance improvemeatdhelps you choose the right version of CUDA and
whichapplication programming interf#8@1) to use when programing.

1.1

1.1.1

Heterogeneous Computing with CUDA

CUDA C pogrammingnvolves running code on two different platforms
concurrentlyahossystenwith one or more CPUs athe or moralevise
(frequently graphics adaptard) with CUDAenabledNVIDIA GPUSs.

While NVIDIA devices arérequenthassociated with rendering graphics,atey
alsopowerful arithmetic engines capable of running thousands of lightweight
threads in parallel. This capability makes thersuitetl to computations that can
leverage parallelesxition well.

However, the device is based on a distinctly different design from the hast system
and i t Otsoundengiand teealifferences and how trastermine the
performance of CUDA applicaticimsuse CUDA effectively

Differences Between Host and Device

The primary differences occur in threading and memory. access

Threading resourcesExecution pipelines on host systems can support a
limited number of concurrent threads. Setlathavdour quadcore
processors today can run only l6aiseoncurrently32 if the CPUs support
HypefThreading.) By comparison, smealleskecutable undf parallelisnon a
CUDA devicecomprise82 threadéawarp All NVIDIA GPUs cansupportat
least768concurrerly active threadser multiprocesspmd some GPUs
support 1024or moreactive threadser multiprocessgsee Section G.1 of the
CUDA Programming Quidie deviceshat have80 multiprocessors (such as
theNVIDIA ® GeForc@ GTX 280, this leads to more than 30,000 active
threads.

Threads.Threads on &PUare generally heavyweigtitities The operating
system must swap threads on andfaffPUexecution channels to provide
multithreadingapabilityContext switches (when two threads are swapped) are
thereforeslow and expensive. By congaar,threads olisPUsareextremely

CUDAC Best Practices GuideVersion 3.1



Chapter 1.
Parallel Computingwith CUDA

lightweight. In a typical systehgusandsf threads are queued up for work (in
warpsof 32 threadsach. If the GPU must wait oronewarpof threadsit

simply begins executing workamother Becauseeparatecgisers are

allocated tallactive threads, no swapping of registestateneedoccur
between GPU threads. Resources stay allocetsthiioread until it completes
its execution.

RAM. Both the host system and the device have RANhe host system,

RAM s generally equally accessible to all code (within the limitations enforced
by the operating syster@n the device, RAM is dividetually and physically

into different types, each of which has a special purpose and fulfills different
needs. The types$ device RAM are explained in @gDA Programmi&gide

and inChapter 3f this document.

These are the primary hardware differdreteseen CPU hosts and GPU devices
with respect to parallel programmi@ther differencesre discussed as they arise
elsewhere in this document.

1.1.2 What Runs on a CUDAEnNabled Device?

Because of the considerable differences betvedest andhed e vi ce, it ds
importar to partition applications so that each hardware system is doing the work it
does bestThe following issues should be considered when determinimaidat

of an application to run on the device:

The device is ideally suited for computations that can tve numerous data

elements simultaneousiyparallel. This typically otves arithmetic on large

data sets (such as matrices) where the same operdimpeaediormed across

thousands, if not millionef elements at the same time. IHagequirement

for good performance on CUD#e software must use a large number of

threads. The support for ring numerous threads in paral&ives from the

CUDA architectuis use of a | ightweight threadin

There should be some coherence in memory aceckssdaycodeCertain
memory access patterns enable the hardwardetsceagroupsf reads or

writes of multiplelata items o one operation. Data that cannot be laid out so
as to enable coalesgiogthat des dhave enough locality to use textores

L1 efficientlywill not enjoy much of a performarmamefitwhen usd in
computations o€UDA.

To use CUDA, data values must be transferred from the host to the device
along the PCI Express (PCle).blisese transfers are costly in terms of
performance and should be minimiz8defection3.1) This cost has several
ramifications:

The complexity of operations should justify the cost of mdatatp and
from the deviceCode that transfedata forbriefuse bya small number of
threads will see litthe noperformancéenefit The ideal scenaris one in
which many threads perform a substantial amount of work.

For example, transferring two matrices to the devpesfdom a matrix
addition andhentransferring the results back to the haknot realize
much performance benefihe issudere is the number of operations
performed per data element transfeffedtheprecedingrocedure
assuming matrices of sizeN there are Rloperations (additions) andZ3N

CUDAC Best Practices Guide Version 3.1 2



Chapter 1.
Parallel Computingwith CUDA

elements transferred, so thgo ofoperationgo elementgransferedis 13

or O(1). Performance benefits can be more readily achievetisidiatio

is higher. For example, a matrix multiplicatidhe same matrices requires
N3 operations (multiplgdd) sotheratio of operations telemerg
transferred is O(N), in which edbe larger the matrix theate the
performance benefithe types of operatioase an additional factes
additionshave different complexity profitean, for example, trigonometric
functions|lt is important to includie overhead of transfewi datao and
from the device ideterminingvhethermperations should be perfornced
the host or on the device.

Data should be kept on the device as long as pd3sitdase transfers
should be minimizegrograms that run multiple kernels on the skatee
should favor leaving the data on the device between kernel calls, rather than
transferringntermediate results to the host and then sending them back to
the device fosubsequentalculationsSq in the previous example, hibd

two matrices to baldedalreadypeenon the devicas a result of some
previous calculation, or if the results of the addition would be gsatkin
subsequent calculatjiaghe matrix addition should be performed locally on
the deviceThis approach should be used evendfajrthe steps in a
sequence of calculations could be performed faster on tHevkasi
relativelyslowkernel may be advantageous if it avoids one oRGtee
transfersSectior.1provides further detaiiscluding the meaeements of
bandwidthbetween the host and the devieesuswithin the device proper.

1.1.3 Maximum Performance Benefit

High Priority : To get the maximum benefit from CUDA, focus first on finding ways to
parallelize sequential code.

The amount of performancenadit an application wikalizeéoy running on

CUDA depends entirely on the extent to which it can be parallelized. As mentioned
previously, code that cannot be sufficiently parallelized should run on the host
unless doing so would result in excessinsfardetween the host and the device

Amdahl 6s | aw s p e c-udthaecan bé dxmectad byparatielizimg s p e e d
portions of a serial program. Essentially, it states that the maximunp$geefd
a program is
1
0

oy i
1 0)+y5

whereP is the fraction of the total serial execution tikenthy theortion ofcode
that can be parallelized &hds the number of processors over which the parallel
portion of thecoderuns

The largeN is (that is, the greater the number of process@snidler the/N
fraction.It can besimpler to view as a very large number, which essentially
transforms the equation inf> 1 /1 P Now, if% of a program is parallelized,
the maximum speeg over serial codelid (1 z %) = 4.

3 CUDAC Best Practices GuideVersion 3.1



Chapter 1.
Parallel Computingwith CUDA

1.2

1.2.1

For most purposetije key point is that tlggeateP is, the great¢he speedip.

An additional cavestimplicit in this equation, which is the® i a small number
(so not substantially parallel), increasidges little to improve performante

get the largest lift, best practices suggest spending most effort on iCtéasing

is, by maximizing the amount of codé¢ ¢ha be parallelized.

Understanding the Programming
Environment

With each generation of NVIDIA processors, new features are added to the GPU
thatCUDAcan | ever age.
characteristics of tlachitecture

Programmers shoulik awarefawo version numberghe first ishe compute

Consequentl vy,

t s

capabilityandthe second is the version number of the runtime and driver APIs.

CUDA Compute Capability

The @mpum@pabilitgescribes the features of the hardware and reflects the set of
instructions suppted by the device as welbtwer specificationsuch ashe
maximunnumber ofthreads per block amige number of registegser

multiprocessoHigher compute capability versions are supefdetver(that is,

earlieryersionsand sdhey ardackvard compatible

The compute capability thie GPU in thedevicecan be querigarogranmatically
as illustrated ithe CUDA SDK in theleviceQuery sampleThe output for that

program is showin Figure 1.1This information is obtained by calling

cudaGet DeviceProperties()

returns

and accessing the information in the struitture

&t C:\WINDOWS\system32\cmd.exe I

There is 1 device supporting CUDA

Device @:

"Quadro FX 57@"

Major revision number:

Minor» revision number:

Total amount of global memory:

Number of multiprocessors:

Number of cores:

Total amount of constant memory:

Total amount of shared memory per block:
Total number of registers available per block: 8192
Warp size:

Maximum
Maximum
Maximum
Maximum
Texture

number of threads per block:

sizes of each dimension of a bhlock:
sizes of each dimension of a grid:
memory pitch:

alignment:

Clock rate:
Concurrent copy and execution:

Test PASSED

Press ENTER to exit...

1
1
268187776 hytes
16

128
65536 hytes
16384 bytes

32

512

512 x 512 x 64
65535 x 65535 x 1
262144 hytes

256 hytes

8.41 GHz

Yes

Figure 1.1 Sample CUDAconfiguration data reported by deviceQuery

CUDAC Best Practices Guide Version 3.1

mp



Chapter 1.
Parallel Computingwith CUDA

The major and minor revision numbers of the compute capability are shown on the
third and fourth lines of Figure 10evice O othis systerhascompute capability
1.1.

More details about the compute capabilities of various &&t&ppendix A of

the CUDA Programming Guidparticular, developers should note the number of
multiprocesors on thdevicethe number of registeasdthe amount ofnemory
availableand any special capabilities of the device

1.2.2 Additional Hardware Data

Certainhardwardeatures are not descrili®dthecomputecapability. For example,

the ability to overlapernel executiowith asynchronous data transfers betwlezn

host andhedevice is available on mbst not allGPUs withcomputecapability

1.1.In such casesallcudaGetDeviceProperties() to determinevhetherthe

device is capable of a certainufeafFor examplehedeviceOverlap  field of the

device property structure indicates whether overlapping kernel execution and data

transfers is possible (displayetié® Concur rent copy and execut
Figure 1.1)ikewisethecanMapHostMemory field indicateg/hetherzerccopy data

transfers can be performed.

1.2.3 C Runtime for CUDA and Drive API Version

The CUDAdriver APl andhe C runtime for CUDAare twoof theprogramming
interfaces to CUDATheir version numbegnableslevelopers to chetke features
associated with these APIs and dexidghermanapplication requires a newer
(later)versiorthan the one currently installed. This is important because the CUDA
driver API ishackwambmpatiltiat not forward compatdd@ing that applicat®

plugins, and libraries (including theu@time for CUDA) compiled against a
particular version of thdeiver API will continue to work on subseqt (later)

driver releases. Howewaaplications, pluins, and libraries (including the C

runtime forCUDA) compiled against a particular version afrtier APImaynot

work onearlier versions of the driver, as illustrated in Figure 1.2.

5 CUDAC Best Practices GuideVersion 3.1
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1.2.4

1.3

Apps, Apps, Apps,
Libs & Libs & Libs &
Plug-ins Plug-ins Plug-ins

///
1.0 1.1 2.0
Driver Driver Driver
Compatible Incompatible

Figure 1.2 Compatibility of CUDA versions

Which Version to Target

When in doubtaboutthe compute capability of therdwarehat will be present at
runtime it is best to assume a compute capability of 1.0 as defingdUDhe
Programming Guedetiorns.1

To target specific versions of NVIDIA hardware @bdA software, use the

iarch , - code, andi gencode optionsof nvcc . Code that contains douigeecision
arithmetic, for exampaphken,136mu sotr thd gcheemp icloentk
capability), otherwise doublecisiorarithmetiowill getdemoted tsingle

precisiorarithmetiqsee Section2.). This and othecompiler switchesre

discussetlurtherin Appendix B

CUDA AP$

The host runtime componeoitthe CUDA software environmeargn be sedonly
by host functions. It provides functions to hatiteollowing:

Device management

Context management

Memory management

Code module management

Execution control

Texture reference management

Interoperability with OpenGL and Direct3D
It compriseswo APIs:

A low-level API called the CUDA driver API

CUDAC Best Practices Guide Version 3.1 6
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A higherlevel API called th& runtime fotCUDA that is implemented on top
of the CUDA driver API

These APIs are mutually exclusive: An application should use one or the other.

TheC runtime foICUDA, wtich is the more commonly used API, eases device
code management by providing implicit initialization, context management, and
module management. The C host code generatad by based on thé runtime

for CUDA, so applications that link to this codstuse th€ runtime fotCUDA.

In contrast, the CUDA driver API requires more @ottks somewhaharder to
program and debug, bubffers a better level of conitrtn particular, it is more
difficult to configure and launch kernels using the CUDArdkPI, since the
execution configuration and kernel parameters must be specified with explicit
function calls instead of the execution configuration gyntaxé J.Nste that

the APIs relate only to host cotlee kernels that are executed on the elavicthe
same, regardless of which API is used.

The two APIs can be easily distinguished, bebauS&IDA driver APl is
delivered through thecuda dynamic library and all its entry points are prefixed
with cu; while theC runtime fotCUDA is deliverethrough theudart dynamic
library and all its entry points are prefixed aviti.

1.3.1 C Runtime for CUDA

TheC runtime forCUDA handles kernel loadiagd settingip kernelparameters
and launch configuraticmeforethekernelislaunched. The implicit code
initialization, CUDA context managgnt, CUDA module management (cidin
function mapping), kernel configuratiamd parameter passarg alperformedby
the C runtime forCUDA.

It comprise$wo principal parts
The lowlevelfunctions(cuda_runtime _api.h ) havea Gstyle interface.

The highlevelfunctions(cuda_runtime.h ) havea C++style interface built on
top of the lowevelfunctions

The functions that make up this API are explained @UBA Reference Manual

1.3.2 CUDA Driver API

The driver APIs a lowetevel API than the runtime API. When compared with the
runtime API, the driver API has these advantages:

No dependency on the runtime library

More control over devices (for example, only the driver API enables one CPU
thread to control multipl@PUs seeChapter 8

No C extensions in the host codethehost code can be compiled with
compilerother thamvee and the host compilerdalls bydefault

Its primary disadvantages, as mentiongettionl.3 areas follows:
Verbose code

7 CUDAC Best Practices GuideVersion 3.1
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Greater difficulty in debugging

A key point is that for every runtime API function, there is an equivalent driver API
function. The driver API, however, includes other functions missing in the runtime
API, suchas those for migrating a contie@tn one host thread to another

For more information on the driver AR#fer toSection 3.3 of th€UDA
Programming Guide

1.3.3 When to Use Which API

The previous sectidists some of the salient differences between theRiso A
Additional considerations inclutie following

Driver APldonlyfeatures
Context management
Support for 1&it floatingpoint textures
Access to the MCL image processing library

In most cases, these points tenstéer developestranglytoward o API. In
casewhere they do not, favor the runtime API because it is higher level and easier
to use. In additiorpecauseuntime functions all have driviP| equivalents, it is

easy to migrate runtime code to the driver API should that later becessamec

1.3.4 Comparing Code for Different APIs

To illustrate the difference in code between the runtime and driver APls, compare
Listings 1.1 and 1.2, which are examples of a vector addition inveviaicing are
added.

const unsigned int cnBlockSize = 512;
const unsigned int cnBlocks = 3;
const unsigned int cnDimension = cnBlocks * cnBlockSize;

/I create CUDA device & context
cudaSetDevice( 0 ); /I pick first device

/[ allocate host vectors

float * pA = new float[cnDimension];

float * pB = new float[cnD imensiony;
float * pC = new float[cnDimension];

/I initialize host memory
randominit(pA, cnDimension);
randomlnit(pB, cnDimension);

// allocate device memory

float *pDeviceMemA, *pDeviceMemB, *pDeviceMemC;

cudaMalloc((void **)&pDeviceMemA, cnDimension * sizeof(float));
cudaMalloc((void **)&pDeviceMemB, cnDimension * sizeof(float));
cudaMalloc((void **)&pDeviceMemC, cnDimension * sizeof(float));

/I copy host vectors to device

cudaMemcpy(pDeviceMemA, pA, cnDimension * sizeof(float),
cudaMemcpyHostTo Device);

cudaMemcpy(pDeviceMemB, pB, cnDimension * sizeof(float),
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cudaMemcpyHostToDevice);

vectorAdd<<<cnBlocks, cnBlockSize>>> (pDeviceMemA, pDeviceMemB,
pDeviceMemC);

/I copy result from device to host
cudaMencpy ((void *) pC, pDeviceMemC, cnDimension * sizeof(float),
cudaMemcpyDeviceToHost);

delete[] pA;
delete[] pB;
delete[] pC;

cudaFree(pDeviceMemA);
cudaFree(pDeviceMemB);
cudaFree(pDeviceMemC);

Listing 1.1 Host code for adding two vectors using the C runtime for
CUDA

Listing 1.1 consists 27 lines of code.isting 1.2 shows the same functionality
implemented using the CUDRIAver API.

const unsigned int cnBlockSize = 512;
const unsigned int cnBlocks = 3;
const unsigned int cnDimension = cnBlocks * ¢ nBlockSize;

CUdevice hDevice;
CUcontext hContext;
CUmodule hModule;
CUfunction hFunction;

/I create CUDA device & context

culnit(0);

cuDeviceGet(&hContext, 0); // pick first device
cuCtxCreate(&hContext, 0, hDevice));

cuModuleLoad(&hModule, fivect or Add. cubino) ;
cuModuleGetFunction(&hFunction, hModule, "vectorAdd");

/I allocate host vectors

float * pA = new float[cnDimension];
float * pB = new floatcnDimension];
float * pC = new float[cnDimension];

/l initialize host memory
randominit(pA, ¢ nDimension);
randominit(pB, cnDimension);

// allocate memory on the device

CUdeviceptr pDeviceMemA, pDeviceMemB, pDeviceMemC;
cuMemAlloc(&pDeviceMemA, cnDimension * sizeof(float));
cuMemAlloc(&pDeviceMemB, cnDimension * sizeof(float));
cuMemAlloc(&pDevi ceMemC, cnDimension * sizeof(float));

/I copy host vectors to device
cuMemcpyHtoD(pDeviceMemA, pA, cnDimension * sizeof(float));
cuMemcpyHtoD(pDeviceMemB, pB, cnDimension * sizeof(float));

Il set up parameter values

cuFuncSetBlockShape(cuFunction, cnBloc kSize, 1, 1);
#define ALIGN_UP(offset, alignment) \
(offset) = ((offset) + (alignment) T 1) & ~((alignment) T 1)

CUDAC Best Practices GuideVersion 3.1



Chapter 1.
Parallel Computingwith CUDA

int offset = 0;

void* ptr;

ptr = (void*)(size_t) pDeviceMemA;

ALIGN_UP(offset, __alignof(ptr));

cuParamSetv( cuFunction , offset, &ptr, sizeof (ptr));
offset += sizeof(ptr);

ptr = (void*)(size_t ) pDeviceMemB;

ALIGN_UP(offset, __alignof(ptr));

cuParamSetv( cuFunction , offset, &ptr, sizeof(ptr));
offset += sizeof(ptr);

ptr = (void*)(size_t ) pDeviceMemC;
ALIGN_UP(offset, __alignof(ptr));

cuParamSetv( cuFunction |, offset, &ptr, sizeof(ptr));
offset += sizeof(ptr);

cuParamSetSize( cuFunction , offset);

/I execute kernel
cuLaunchGrid(cuFunction, cnBlocks, 1);

/I copy the result from device back to host
cuMemcpyDtoH((void *) pC, pDeviceMemC,
cnDimension * sizeof(float));

delete[] pA,;
delete[] pB;
delete[] pC;

cuMemFree(pDeviceMemA);
cuMemFree(pDeviceMemB);
cuMemFree(pDeviceMemC);

Listing 1.2 Host code for adding two vectors using the CUDA driver API
Listing 1.2 contairi0lines of code angerforms several lowkavel opeations

than the runtime APThese additional calls are evident in several places, especially
the setup necessary in the driver API prior to the kernel call.
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When attempting to optimigdJDA code, ipays to know how to measure
performance accurately and to understand the role that bandwidth plays in
performanceneasurement his chapter discus$®w tocorrectlymeasure
performancesing CPU timer@nd CUDAeventslt then explores how bandwidth
affects performance metrics and howitigatesome of the challenges it poses.

2.1

2.1.1

11

Timing

CUDA callsand kernel executionan be timg usingeither CPU or GPU timers.
Thissectiorexaminethe functionality, advantages, and pitfalls of both approaches.

Using CPU Timers

Any CPU timer can be used to measure the elapsed time of a CldDkecad|
executionThe details of various CPU timing approaches are outside the scope of
this document, butevelopershould always be aware of the resolution their timing
cdls provide.

When using CPU timers, it is critical to remember that many S8RBOAnctions

are asynchronouhat isthey return control back tthe callingcPU thread prior to
completing theiwork. All kernel launches are asynchrqramasememorycopy
functionswith the Async suffixon thaér name. Thereforefo accurately measure

the elapsed time for a particular call or sequence of CUDA calls, it is necessary to
synchronize the CPU thread with the GPU by calkiaghreadSynchronize()
immediatelypefore starting and stopping the CPU timer.

cudaThreadSynchronize() blocks thecallingCPU thread until all CUDA calls
previously issued by the thread are completed.

Althoughit is also possible to synchronize the CPU thread with a particular stream
or evat on the GPU, these synchronization functions are not suitable for timing
code in streanther than the default streanmaStreamSynchronize() blocks

the CPU thread until all CUDA calls previously issued into the given stream have
completedcudaEvent Synchronize()  blocks until a given eventa particular
streamhas been recorded by the GBBcausthe driver may interleave execution

of CUDA calls fronother nondefaulistreams, calls in other streams may be
included in the timing.
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Because the defagtreamstream Qexhibits synchronous behavior (an operation
in the default stream can begty after all preceding calls in any stream have
completedand nosubsequerdperation in any stream can begin until it finishes)
these functionsan be usetliably for timing in the default stream.

Be aware that CPid-GPU synchronization points such as those mentioned in this
sectionmplya st al | in the GPUOs processing pipe
sparingly to minimize their performance impact.

2.1.2 Using CUDA GPU Timers

The CUDAevent APlprovides calls thateate and destroy events, record events
(via timestampandconvert timstampdifferencsinto a floatingpoint valuen
millisecondsListing2. lillustrates their use.

cudaEvent_t start, stop;
flo at time;

cudaEventCreate(&start);
cudaEventCreate(&stop);

cudaEventRecord ( start, O );

kernel<<<grid,threads>>> ( d_odata, d_idata, size_x, size_y,
NUM_REPS);

cudaEventRecord ( stop,0 );

cudaEventSynchronize  ( stop );

cudaEven tElapsedTime( &t ime, start, stop );
cudaEventDestroy( start ) ;
cudaEventDestroy( stop );

Listing 2.1 How to time code using CUDA events

HerecudaEventRecord()  is used to place theart andstop events into the

default streapstream OTrhe device will reed a timestamp for the event when it
reaches that event in the streBhecudaEventElapsedTime () functionreturns
thetimeelapsed betwedme recording of the@art andstop eventsThis value is
expressed in milliseconds and has a resolution of apgiabxihalf enicrosecond.

Like the other calls in this listing, their specific operation, parameters, and return
values are described in @1¢DA Reference MamN@k that the timings are
measured on the GPU clock{lse timing resolution aperatingsystem

independent.

2.2 Bandwidth

Bandwidtfi the rate at which data can be transf@riedne ofthe most

important gating factefor performanceAlmost all changes to code should be
made in the context of how they affect bandwidth. As descriDedgter f this
guide bandwidth can be dramatically affected by the choice of memory in which
datais storel, how the dates laid outandthe order in which it @sccessed, as well

as othefactors.
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To measure performance accuratayuseful to calculate theoretical effettive
bandwidth. When tHatter is much lower than the forpeesign or
implementation detadrelikelyto reducebandwidth and it should be the primary
goal of subsequent optimization effartsicreasé.

High Priority : Use the effective bandwidth of your computation as a metric when
measuring performance and optimization benefits.

2.2.1 Theoretical Bandwidth Calculation

Theoretical bandwidtan becalculatedising hardware specifications avaiiable
the poduct literature. For examplee NVIDIA GeForceGTX 280uses DDR
(double data rate) RAM wilmemoryclockrateof 1,107 MHzanda 512bit wide
memory interface

Using these daiiems the peak theoretical memory bandwidth oRNNEDIA
GeForceGTX 280 is141.6 GB/sec:

(1107 x 10 x ( 512/8 ) x2) / 109 = 141.6 GB/sec

In this calculation, thmemoryclock rate is converted inHiz, multiplied by the

interface width (divided by 8, to convert bits to bytes) and multiplied by 2 due to the
doubledata ate. Finally, this product is divided tAtd @onvert the result to
GB/sec(GBps)

Note that some calculations ug®2 instead ofL® for the final calculation. In
such a case, the bandwidth would be 131p8 G importantto use the same
divisa when calculating theoretical affdctivebandwidth so that the comparison
is valid.

2.2.2 Effective Bandwidth Calculation

Effectivebandwidth is calculategitiming specific program activitéasd by
knowing howdatais accessed by the progrdim do so, ge this equation

Effective bandwidth = (( B, + Bw )/ 109) / time

Here the effective bandwidth is in units of @888 is the number of bytes read
per kernelBy, is thenumber of bytes writtgrer kernelandtime is givenin
seconds.

For example, to capute the effective bandwidth of a 2048 x 2048 roafyxthe
following formula could be used:

Effective bandwidth = ((20482x 4 x 2)/10°) / time

The number of elemesis multiplied by the size of each element (4 bytes for a

float), multiplied by @ecause of the readdwrite), divided bg® (or 1,024) to

obtain GB of memory transferred. This number is divided by the time in seconds to
obtain GBs
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2.2.3 Throughput Reported by cudaprof

Thememory throughputportedn thesummarytable of cudaprothe CUDA
Visual Profilerdiffersfrom the effective bandwidtitained byhe calculatiom
Section2.2.2in several regpts.

The firstdifference is that cudapmkasurethroughputising a subset tfe
G P U mudtiprocessarand then extrapolates that number to the entire Giab
reportinganestimate of thdata throughput

The £condand more important difference is thatausthe minimum memory
transaction size is larger than most word sizesgtherythroughputeported by
theprofilerincludeghe transfer oflata not usebly the kernel.

The effective bandwidth calculatio®ection2.2.2 however, includes only data
transfers that are relevant to the algorithm. As such, the effeudivedtiawill be
smaller than the memory throughput reported by cudapddé the number to use
when optimizing memory performance.

However, itds Iimportant to note that bot h
throughputshowshow closghe code ito the hardware limiand the comparison

of the effective bandwidth with the profiler number presents a good estimate of

how much bandwidth is wasted by suboptimal coalescing of memory accesses.
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Memory optimizations are the most inigpat area for performance. The goal is to
maximize the use of the hardware by maximizing bandwidth. Bandwidth is best
served by using as much fast memodyas little sloaccess memoag possible.
This chapter discusses the varkingsof memory onfe host and device and how
best to set up data items to use the memory effectively.

3.1

15

Data Transfer Between Host and Device

The peakbandwidth btween the device memory and the @Rbuch higher
(141GBpsonthe NVIDIA GeForceGTX 28Q for examplethan thepeak
bandwidth between host memory and device m¢&GBpsonthePClex16
Gen2. Hencefor best overall application performaitde importantto minirrize
data transfer between the host and the device, gweaméans running kernels
the GPUthatdo notdemonstrate arspeeelp compared with running them on
the host CPU

High Priority : Minimize data transfer between the host and the device, even if it
means running some kernels on the device that do not show performance gains when
compared with running them on the host CPU.

Intermediate data structures should be created in device memory, operated on by
the device, and destroyed without ever being mapped by the host or copied to host
memory.

Also, because of the overhead associated withaethrirbatching many small
transfers into one larger transfer performs significantly better than making each
transfer separately.

Finally, higher bandwidtietween the host and the deiscachieved when using
pag®ckefbr pinngdnemory, as discudse theCUDA Programming Garak
Section3.1.10f this document
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3.1.1 Pinned Memory

Pagdocked or pinned memory transfers attain the highest banbletisiden the
host and the devic®n RCle x 16 Gen2 cards, for example, pinned nngicean
attaingreater than 6Bpstransfer rates.

Pinned memory is allocateingthe cudaMallocHost() ~ Or cuda Host Alloc()
functiorsin the runtime ARIThebandwidthTest.cu  program in the CUDA SDK
shows how to usedhefunctiors as well asow tomeasurenemory transfer
performance.

Pinned memory should not be overused. Excessive use can reduce overall system
performancéecauspinned memory is a scarce resouttogr much is too much

is difficult to tell in advance, so as with all optimizationtaesgiplications and

the systems they run on for optimal performance parameters.

3.1.2 Asynchronous Transfers and Overlapping
Transfers with Computation

Data transfies betweethehost andhedevice usingudaMemcpy() are blocking
transfersthat is,control is eturned to the host thread only after the data transfer is
complete. TheudaMemcpyAsync() functionis a norblocking variant of

cudaMemcpy() in whichcontrol is returned immediately to the host thiea

contraswith cudaMemcpy() , theasynchronousandger versiorrequirgsnned host
memory (segection3.1.), andt contains an additional argument, a stream ID. A
streais simply a sequence of operations that are performed in order on the device.
Operations in different streaoan be interleaveahd in some cases overlafpad
propertythatcanbe used thide data transfebgtween the host and the device

Asynchronous transfezaableoverlapof data transfers with computatiartwo
different ways. On all CUDénabledlevics, it is possible to overlap host
computation with asynchronous data tranafetwith device computationsor
examplel.isting 3.-demonstrates how host computation in the routine
cpuFunction()  is performedvhiledata is transferred to the device aketiael
using the device is executed

cudaMemcpyAsync(a_d, a_h, size, cudaMemcpyHostToDevice, 0);

kernel<<<grid, block>>>(a_d);
cpuFunction();

Listing 3.1 Overlapping computation and data transfers

The last argument to th@laMemcpyAsync() function is thestream ID, which in
this case uses the default stream, streeme @ernel also uses thefaultstream,
andit will not begin execution tiirthe memory copy completdgereforeno
explicit synchronization is needgecausthe memory copy arkde kemelboth
return control to the hoshmediatelythehost functiorcpuFunction()  overlaps
their execution.

In Listing 3.1the memory copy and kernel execution occur sequedtialgvices

that are capable of 60¢dne®ovpriaeelbdbpy and
executioron the devicwith data transfers betweitre host andhe device

Whether a device has this capaislitydicated bthedeviceOverlap  field of a

CUDAC Best Practices Guide Version 3.1 16



17

Chapter 3.
Memory Optimizations

cudaDeviceProp  variable (or listed in the output of the deviceQuery SDKejampl
On deviceshat havehis capabilitythe overlap once again requires pinned host
memory, andn additionthe datatransfer and kernelust use differentorn-
defaultstreamgstreams with nerero stream IDsNon-defaultstreams are
required for ts overlapbecause memory copy, memory set functionkeamel

calls that use the default streaninbagly after all preding calls on the device (in
any stream) have completed, and no operation on the device (in any stream)
commenceuntil theyarefinished.

Listing 3.4llustrates the basic technique

cudaStreamCreate(&streaml);

cudaStreamCreate(&stream?2);

cudaMemcpyAsync(a_d, a_h, size, cudaMemcpyHostToDevice , Streaml);
kernel<<<grid, block, 0, stream2>>>( otherData_d);

Listing 3.2 Concurrent copy and execute

In this codetwo streams are creatt usedh the data transfer and kernel
executions as specified in the last argumentscafidiemcpyAsync call andhe

kernel ds execution configuration

Listing 3.2demonstratehowto overlap kernel exgtion with asynchronous data
transferThistechniquesould be usedhenthe data dependency is such that the
data camebroken into chunks and transferred in multiple stages, launching
multiple kernels to operate on each chunk as it alrstess 3.3 and 3.3b
demonstrate this. Thpyoduce equivalent results. The first segment shows the
reference sequential impleméatatvhich transfers and operates on an array of N
floats(where N iassumed to bevenly divisible by nThreads)

cudaMemcpy(a_d, a_h , N*sizeof(float), dir);
kernel<<<N/nThreads , nThreads >>>(a_d);

Listing 3.3a Sequential copy and execute

Listing 3.3lshows how the transfer and kernel execution can be broken up into
nSteams stageshis approachermits some overlapping of the datssfearand
execution

size= NF¢sizeof(float) InStreams;
for (i=0; i<nStreams; i++) {
offset = i*N/nStreams;
cudaMemcpyAsync(a_d+offset, a_h+offset, size, dir, streamli]);

}

for (i=0; i<nStreams; i++) {
offset = i*N/nStreams;
kernel<<<N/(nThreads*nStream s), nThreads

0, stream[i]>>>(a_d+offset);

}
Listing 3.3b Staged concurrent copy and execute

(In Listing 3.3b, it iassum@that N is evenly divisible biyhreads *nStreams .)
Becausexecution within a stream occurs sequentially, none ofriéks kell

launch until the data transfers inrthespective streams compl@arent
hardwarean simultaneougtyocesanasynchronous data transfer exelcute
kernels(t should be mentiondtiat it is not possible to overlap a blocking transfer
with an asynchronous transfegcauséhe blocking transferccurs in the default
streamandso itwill not begin until all previous CUDA calls completell not
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3.1.3

allow any other CUDA call to begin until it has compl&etiagram depicting the
timeine of execution for the twomde segmenis shown in Figure 34and
nStreams =4 for Listing 3.3bs shown in the bottom half

Copy data [

Execute I
Copy data I N N

Execute I N N

Figure 3.1 Comparison of timelines for sequential (top) and concurrent
(bottom) copy and kernel execution

For this exampJét isassumed that the data transfer and kernel execution times are
comparable. In such cases, and when the executifte)tereeeds the transfer
time(tr), a rough gimate for the overall timetis+ tr/nStreanfer the staged

version versus + tr for the sequential versidhthe transfer time exceeds the
execution time, a rough estimate for the overall ttme tignStreams

Zero Copy

Zero copya featuréhat was added urersion 2.2 of theUDA Toolkit. It enables
GPU threads to directlaccess host memory. For this purpose, it requéygsed
pinned(hon-pageablememoryOn integrated GPUs, mapped pinned meifsory
always a performangainbecausé avoic superfluous copiesintegrated GPU
and CPU memory are physically the samdistrete GPUsnappedcinned
memory is advantageaudyin certain caseBecausthe data is not cached on the
GPUon devices of compute capability thapped pinned memory should be read
or written only once, and the global loads and stores thatde®dta the memory
should be coalescecderdcopy can be used in place of strdanauskernel
originated data transfers autoradlfioverlap kernel execution without the
overhead of setting up and determining the optimal number of streams.

Low Priorit y: On version 2.2 of the CUDAToolkit (and later), use zero-copy operations
on integrated GPUs

Thehost coden Listing 3 shows how zero copy is typically set up

float *a_h, * a_map;

é

cudaGetDeviceProperties(&prop, 0);

if ( !prop.canMapHostMemory)
exi t(0);
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cudaSetDeviceFlags( cudaDeviceMapHost);

cudaHostAlloc  ( (void **)&a_h, nBytes, cudaHostAllocMapped);
cuda Host GetDevicePointer  ((void **)&a_map, (void *)a_h, 0);
kernel<<<gridSize, blockSize>>>(a_map);

Listing 3.4 Zero-copy host code

In this code, thean MapHostMemory field of the structure returnég
cudaGetDeviceProperties ( is usedd check thathe device suppontsapping
host memory t o t hlagdbekedimeneody snappithdsr e s s
enabled by callingdaSetDeviceFlags () With cudaDeviceMap Host . Note that
cudaSetDeviceFlags () must be called prior to settingeside or making a

CUDA call that requires state (that is, essentially, before a context isRagated).
locked mapped host memory is allocas@thcudaHostAlloc()  , and the pointer

to the mapped device address space is obtatieeifunction

cuda Host GetDevicePointer() .In thecode in Listing 3.4ermel () can

reference the mapped pinned host memory usipgitiiera_map in exactly the
same was as it would ifnap referred to #ocation indevicememory

3.2

19

To Host

’\

Device Memory Spaces

CUDA devicsuse severatemory spacewhich have different characteristics that
reflect their distinct usages in CUDA applications. These nsgraceinclude
global, locakharedtextureand registeras showin Figure32.

Device

GPU

Multiprocessor

Multiprocessor

Multiprocessor
Registers

Shared Memory

Figure 3.2 The various memory spaceson a CUDA device

Of thesedifferentmemory spaceglobabnd texture memparethe most

plentiful see Section G.1 of t8&DA Programming Giadée amounts of

memory available in amemory space at each compute capabilityGéniah|

local and texturenemory have the greatest access latency, followed by constant
memory registersaand sharethemory

Thevarious principataits of the memory types are showhahble3.1

CUDAC Best Practices GuideVersion 3.1

space



Chapter 3.
Memory Optimizations

Table 3.1 Salient features of device memory

Memory | Location Cached | Access Scope Lifetime
on/off chip

Register | On n/a R/W 1 thread Thread

Local Off A R/W |1 thread Thread

Shared On n/a R/W All threads in bloc| Block

Global Off A R/W All threads + host | Host alle@ation

Constant | Off Yes R All threads + host | Host allocation

Texture | Off Yes R All threads + host | Host allocation

ACached ply on deices of compute capability.2.0

In the case of texture access, if a texture reference is bound to a lireesaof(and
version 2.2 of th€UDA Toolkit, pitchtlinear) array in global memdhen the

device code can write to the underlgimgy Reading from a texture while writing

to its underlying global memory array in the same kernel launch should be avoided
becausthe texture caches are reatly and are not invalidated when the associated
global memory imodified.

3.2.1 Coalesced Access toGlobal Memory

High Priority : Ensure global memory accessesare coalescedwhenever possible.

Perhaps the single most important perfoo®eonsideratiom programming for
the CUDA architecturés coalesogglobal memory accesses. Global melvadg
and storebythreads of hdf warp(for devices of compute capability) dnof a
warp (for devices of compute capabilityé&t®yroakred by the devigdo as few
as one transactiovhencertainaccesgsequirements are met.

To undertand these access requiremeidabal memorghould be viewdd terms

of aligned segments of 16 and 32 wéidsre3.3 helps explainoalescingf a héf

warp of 3zbit words, such as floatsshowsglobal memorgsrows of 64oyte

aligned segments (16 floatsjo rows of the same color represent sbyg8

aligned segment. A half warp of thre¢hatkaccesses the global memory is indicated
at the baiom of the figure Note that this figure assumes a device of compute
capability 1.x.
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} 64B aligned segment

} 128B aligned segment

Half warp of threads

Figure 3.3 Linear memory segments and threads in a half warp

Theaccessequirements for coalescing depend on the compute capability of the
device:

On devices ofompue capability 1.0 or 1.1, theh thread in a half warp must
accesthek-th word in a segmeatigned to 16 times the size of the elements
beingaccessedowevemot all threads need to participate.

On devicesf computecapability 1.2 dr.3 coalesog is achieved for any
pattern ofaccessdbat fits into a segment size of 32 bytes-fotr Words,
64 bytes for 1éit wordsor 128 bytes for 32nd 64bit words. Smaller
transactions may be issued to awaistingpandwidthMore precisely, the
following protocol is used to issue a memory transaction fomatpalf

Find the memory segment that contains the address requested by the lowest

numbered active thread. Segment size is 32 bytdstfda, 64 bytes for
16-bit data, and 128 bytes for, &2, and 12&it data.

Find all other active threads whose requested address lies in the same
segment, and reduce the transaction size if possible:

If the transaction is 128 bytes and only the lower or upper half is used,
reduce the transaction size thgs.

If the transaction is 64 bytes and only the lower or upper half is used,
reduce the transaction size to 32 bytes.

Carry out the transaction and mark the serviced threads as inactive.
Repeat until all threads in the half warp are serviced.

On device of compute capability 2a.0emory accesses by the threads of a
warp are coalesced into the minimum number-catldinesized aligned
transactions necessary to satisfy all threads; see Section G.€2DAthe
Programming Guide

These concegptare Iustratedn the following simple examples.

A Simple AccessPattern

The first and simplest cadecoalescing can behievedyany CUDAenabled
device: th&-th thread accesses kth word in a segmerhe exceptiois thatnot
allthread need topaticipate (Sed-igure3 4. Note that this figure assumes a device

of compute capability 1.x, but that the figure would be much the same except twice

as wide for devices of compute capability 2.0.)
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Figure 3.4 Coalesced accessn which all threads but one access the
corresponding word in a segment

This access pattern results in a singbyté4ransaction, indicated by the red

rectangle. Note that even though one word is not requested, all data in the segment
arefetched. If accesses by threadee permtedwithin this segment, still one 64

byte transaction woulte performedby a device with compute capability 1.2 or

higher, but 16 serialized transactions waufgerformed bg device with compute
capability 1.1 oower

3.2.1.2 A Sequential but Misaligned Access Pattern

If sequentighreads in a half waggcessmemory that isequential but not aligned
with the segments, then a separate transactiosfoFsedich element requested on

a devicavith compute capability 1.1 omler On a devicwith computecapability

1.2 or higher, several different scenadnsarisdepending on whethall

addresses for a half warpviathin asingle128byte segment. If thaldresses fall
within a 12&yte segment, then a single i@ transactiois performedas

shown in Figure3.5. Again, this figure assumes a device of compute capability 1.x

| |
EITITIITT]

Figure 3.5 Unaligned sequential addresses that fit within a single 128-
byte segment

If a half warpccessanemory that isequential but split across two-bge
segmers, then two transactioaseperformed In the following casi#lustrated in
Figure36, one 64byte transaction and onel82e transactioresult Again, this
figure assumes a device of compute capability 1.x.
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Figure 3.6 Misaligned sequential addresses that fall within two 128-byte
segments

Memory allocated through the runtime ABth asiacudaMalloc() , is
guaranteed to be aligned to at least 256 bytes. Therefore, ceos#itgthread
block sizg such as multiples of 16, facilitates meauwmgsses by half warps that
are aligned to segments. In addition, the qualifigiga_ (8) and

_align__(16)  can be used when defining structures to ensure alignment to
segments.

3.2.1.3 Effects of Misaligned Accesses

It is easynd informativéo explore theamifications of misaligned accesses using a
simple copy kerneduchasthe one irListing 3.

__global__ void offsetCopy(float *odata, float* idata, int offset)

int xid = blockldx.x * blockDim.x + threadldx.x + offset;
odata[xid] = idata[xid];
}

Listing 3.5 A copy kernel that illustrates misaligned accesses

In Listing 35, data is copied from the input artaya  to the output array, both of
which exist in global memory. The kernel is executed within a loop in htisitcode
varies the parametgriset from 1 to 32.Kigures & and 36 correspond to

offsets of 1 and 17, respectively.) The effective bandwidth for the copy with various
offsets oran NVIDIA GeForceGTX 280 (ith compute capability 1.3) asnl

NVIDIA GeForce GTX 880@ompute capabiitl.0)are showin Figure 3.
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