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Introduction

@ Improve what you can measure, need to identify:

» hotspots: which function takes most of the run item.
» bottlenecks: what limits the performance of the hotspots.

@ Manual timing is difficult
@ Access to hardware counters

CUDA tools:
@ cuda-memcheck to detect invalid memory access
@ cuda-gdb, nsight eclipse to debug a CUDA program.
@ nvprof, visual profiler to profile CUDA programs
@ occupancy calculator

3/32 Prace PTC, GRNET, 22 - 23 May. 2018 www.prace-ri.eu



cuda-memcheck

Detects memory access errors
Run time error detection
Included in CUDA Toolkit
Similar to Valgrind

http://docs.nvidia.com/cuda/cuda-memcheck/
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cuda-memcheck

Errors

@ Memory access
» out of bound or misaligned access to memory
» shared memory hazard checking
Hardware exception errors
Malloc/Free errors
» due to incorrect use of malloc or free
» allocations of device memory which have not been freed
@ Leak errors
» device heap memory leaks
» cudaMalloc allocation leak
@ CUDA API errors
» failure of cuda API call
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cuda-memcheck |

Command-line memory access analyzer

Getting started:
@ compile with —g (host debug info) -G (device)

@ cuda-memchek a.out

= CUDA-MEMCHECK
Mallocing me y
Running unaligned_ el
Ran unaligned kernel: no e
Inval lobal writ

000038 in memcheck demo.cu:6:unaligned kernel(void)
ad (0,0,0) in ble :
0x0d260001 is misalig
d host backtrace up to driver entry point at kernel launch time
Host Frame:/usr/lib/libcuda.so (cuLaunchkKernel + ©x331) [©x138291]
Host Fran ./memcheck demo [@x1al78]
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cuda-memcheck Il

Command-line memory access analyzer

@ global : fordevice global memory
__shared_: for per block shared memory
__local : for perthread local memory

@ the source file and line number

@ information about type of access (read / write)

@ the thread indices and block indices of the thread

@ memory address being accessed and the type of of access error
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cuda-gdb |

Symbolic debugger
@ Debug CUDA appplications running on actual hardware
@ extension of GNU gdb
@ http://docs.nvidia.com/cuda/cuda-gdb/

@ Gui Tools: Nvidia nsight, or DDD (ddd —-debugger cuda-gdb)
Getting started:

@ nvcc -g -G foo.cu -o foo

» forces -00 compilation
» includes debug information

@ Start the execution control: cuda-gdb foo
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cuda-gdb I

@ (cuda-gdb) run: starts application

@ (cuda-gdb) break my kernel : break execution at function name

(cuda—gdb) break vectorAdd
Breakpoint 1 at 0x402cfe

(cuda-gdb) continue: resume the application
(cuda-gdb) kill : kill the application (interrupt 'CTRL-C’)
(cuda-gdb) info locals: print all currently set variables

(cuda-gdb) info cuda devices: obtain list of devices in the system

Dev Description SM Type SMs Warps/SM Lanes/Warp Max Regs/Lane Active SMs Mask
* 0 GF110  sm_20 14 48 32 64 0x00003fff
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cuda-gdb Il

@ (cuda-gdb) info cuda kernels: all active kernels

Kernel Parent Dev Grid Status SMs Mask GridDim  BlockDim Invocation
0 - 0 1 Active 0x00003fff (196,1,1) (256,1,1) vectorAdd()

@ (cuda-gdb) info cuda threads: active CUDA blocks and threads with the
total count of threads in those blocks

Blockldx Threadldx To Blockldx Threadldx Count Virtual PC Filename Line
Kernel 0
* (0,0,0) (0,0,0) (83,0,0) (255,0,0) 21504 0x0000000000818a50 n/a 0

@ (cuda-gdb) cuda kernel 0 block 1,0,0 thread 3,0, 0: switch focus
to any currently running thread
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cuda-gdb IV

[Switching focus to CUDA kernel 0, grid 1, block (1,0,0), thread (3,0,0), device 0, sm

5, warp 0, lane 3]
0x0000000000818a50 in vectorAdd(float const*, float const*, float*, int)<<<(196,1,1)

,(256,1,1)>>> ()

@ (cuda-gdb) cuda kernel block thread: obtain the current focus:

kernel 0, block (1,0,0), thread (3,0,0)

@ (cuda-gdb) info stack: stack trace

#0 0x0000000000818a50 in vectorAdd(float const*, float const*, float*, int)<<<(196,1,1)
,(256,1,1)>>> ()

@ (cuda-gdb) print **variable**: source variables
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Nsight Eclipse Edition

@ full-featured IDE powered by the Eclipse platform
@ build system
@ gui for debugging (using the cuda-gdb)

@ https://developer.nvidia.com/nsight-eclipse-edition
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Profiling

@ is the app running kernels on the GPU at all? ...
@ is it performing excessive memory copies?
@ identify:

Hotspot

An area of code within the program that uses a disproportionately high amount of
processor time.

Bottleneck

An area of code within the program that uses processor resources inefficiently and
therefore causes unnecessary delays.
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CUDA Profiling Tools

NVIDIA Visual Profiler (nvvp)

is a graphical profiling tool that displays a timeline of your application’s CPU and GPU
activity, and that includes an automated analysis engine to identify optimization
opportunities.

Command-line profiling tool (nvprof)

The nvprof profiling tool enables you to collect and view profiling data from the
command-line.
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Getting started:
@ nvprof

==61089== Profiling application: ./matrixMul
Profiling result:
Time Calls Avg Min Max Name
86.906ms 301 288.73us 286.87us 292.83us void matrixMulCUDA<int=32>(float*, float*, float*, int, int)
114.14us 57.070us 39.199us 74.942us [CUDA memcpy HtoD]
74.623us 74.623us 74.623us 74.623us [CUDA memcpy DtoH]

API calls:

Time Avg Min Max Name
341.90ms 113.97ms 264.25us 341.36ms cudaMalloc
82.319ms 82.319ms 82.319ms 82.319ms cudaEventSynchronize
3.5671ms 11.850us 10.844us 111.75us cudalaunch
1.4999ms 8.2410us 197ns 351.92us cuDeviceGetAttribute
1.0689ms 356.29us 148.57us 717.16us cudaMemcpy
742.11us 742.11us 742.11lus 742.1lus cudaGetDeviceProperties
709.69us 471ns 393ns 20.747us cudaSetupArgument
544.07us 181.36us 174.60us 193.24us cudaFree
401.32us 200.66us 193.96us 207.35us cuDeviceTotalMem
271.72us 1 271.72us 271.72us 271.72us cudaDeviceSynchronize
1406.01us 465ns 413ns 2.5240us cudaConfigurecCall
107.085us 53.526us 49.401us 57.651lus cuDeviceGetName
29.004us 29.004us 29.004us 29.004us cudaGetDevice
23.916us 11.958us 1.9860us 21.93Bus cudaEventCreate
15.847us 7.9230us 5.8170us 10.030us cudaEventRecord
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nvprof
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Summary Mode (default): single result line for each kernel
function and each type of CUDA memory copy/set performed by

the application.
Trace -print-gpu-trace:

GPU-Trace mode provides a

timeline of all activities taking place on the GPU in chronological

order.

Profiling ap
Profiling r
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nvprof

Profile anything

@ —-output-profile you can output a data file for later import into
either nvprof or the NVIDIA Visual Profiler.

@ —query-events list measure specific events to check with
—events

@ —query-metrics list available metrics to check with -metrics

@ -analysis-metrics capture all of the GPU metrics that the
Visual Profiler needs for its "guided analysis” mode.

@ —-help help information.

@ http://docs.nvidia.com/cuda/profiler-users-guide/
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nvvp

@ Visualize and optimize performance of a CUDA application
@ timeline view on CPU and GPU

@ import data generated by nvprof

@ guided and unguided analysis

@ https://developer.nvidia.com/nvidia-visual-profiler
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nvvp

Getting started:
@ nvvp -> File -> New Session

Create New Session x
Executable Properties

Set executable properties

Connection: [Local ¢ || Manage connections...|
Toolkit: [cUDA Toolkit 8.0 (fusers/apps/compilers/cuda/8.0.61/bin/) | lManage. ]
File: [ i opt/cuday8.! pl )_Sil i ] [Bmwse...]
Working directory: [Entel working directory [optional] ] [Bmwse...]

E

Enter command-line arguments

[ Profile child processes

Environment: Name Value
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Overview

L wosvewee ___________Scleciion -
File View Window Run Help
Timeline o s —

I SERCRCY
§ *Newsessionl 33
| o1s 0155 02s 0255 035 0355 [0] Quadro M5000

= Process "matrixMur” (168377) GPU UUID GPU-345fc]
= Thread 3333887776  Duration
* Runtime API cudaMalloc 2 Session 369.701 m{
* Driver APl v Overlap
- Profiing Overhead & 0%
® 0%
= Context 1 (CUDA) v Attributes

7 MemCpy (HtoD) Compute Capabi 5.2

¥ MemCpy (DtoH) < Maximums

=l Compute Threads perB 1024
¥ 100.0% void mat... Threads per M 2048

= streams Shared Memo, 48 KiB

<[ A\ Shared Memo: 96 KiB__ |5

- 3 w = o)

TS Analysis 22 B GPU Details & Console [ Settings

GUIBE-: resuts

1. CUDA Application Analysis

The guided analysis system walks you through the various H
L Analysis Results
| the compute and data movement capabiltties of the GPU.
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[=| Thread 1242126112
- Runtime API
- Driver API

0.1s 0.2 s 0.3 s 0.4 5

© Profiling Overhead
[=| [0] Quadro M5000
= Context 1 (CUDA)
=5 MemCpy (HtoD)
- 5F MemCpy (DtoH)
[= Compute
- 100.0% void matr...
[=] streams
" Default

Memcopy —> |
]

Compute — m—
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Analysis

Cm Analysis 32 4 GPU Details E Console [y Settings

©= ¢ GUIDED~

1. CUDA Application Analysis

[ Analysis 32 B4 GPU Details El Console T Settings

| UNGYIDED:

void matrixMulCUDA<int=32>(float*, float*, float*

The guided analysis system walks you through the various
analysis stages to help you understand the optimization
opportunities in your application. Once you become familiar
with the optimization process, you can explore the individual
analysis stages in an unguided mode. When optimizing your
application It Is important to fully utilize the compute and data
movement capabilities of the GPU. To do this you should look at
your application's overall GPU usage as well as the performance
of individual kernels.

[

[, Examine GPU Usage

]

Kernel Performance Limiter

Kernel Latency

Kernel Compute

Kernel Memory

Global M

y Access Pattern

Determine your application's overall GPU usage. This analysis requires
an application timeline, so your application will be run once to collect it
if it is not already available.

Shared Memory Access Pattern

[ [, Examine Individual Kermnels

Determine which kernels are the most performance critical and that
have the most opportunity for improvement. This analysis requires
utilization data from every kernel, so your application will be run once
ta rallact that data if it is nat already auailahls

Divergent Execution

Kernel Profile - Instruction Execution

22/32
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Examine Kernels

@ Analysis 58 B4 GPU Details E Console [ Settings

I
& | i}, Export PDF Report: Resuln

i Kernel imization Priorities

1. CUDA Application Analysis

The following kemels are ordered by optimization importance based on execution time and achieved occupancy.

Optimization of higher ranked kemels (those that appear first in the list) is more likely to improve performance
ta lower ranked kernels.

2. Performance-Critical Kernels

The results on the right show your application’s kernels ordered =

by potential for performance improvement. Starting with the Rank [Description |
kernels with the highest ranking, you should select an entry

from the table and then perform kernel analysis to discover
additional optimization opportunities.

100 [ 301 kernel instances ] void matrixMulCUDA<int=32>(float*, float*, float*, int, int)

) Perform Kemnel Analysis ]

Select a kemnel from the table at right or from the timeline to enable
kermel analysis. This analysis requires detailed profiling data, so your
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Utilisation

Result:

1 ‘ s}, Export PDF Report

1. CUDA Application Analysis

i Kernel Is Bound By Memory Bandwidth

For device "Quadro M5000" the kemel's compute utilization is significantly lower than its memory ization. These

al Kernels utilization levels indicate that the performance of the kemel is most likely being limited by the memory system. For this
kernel the limiting factor in the memory system is the bandwidth of the Shared memory.

2. Performance-Cri

3. Compute, Bandwidth, or Latency Bound

The first step in analyzing an individual kernel is to determine if
the performance of the kernel is bounded by computation,
memory bandwidth, or instruction/memory latency. The results
at right indicate that the performance of kernel "void
matrixMulCUDA<int=32>" is most likely limited by memory
bandwidth.

[ [} Perform Memory idth Analysis. ]

The most likely bottleneck to performance for this kemel is memory
bandwidth se you should first perform memory bandwidth analysis to
determine how Itis limiting performance.

l [y Perform Compute Analysis ]

[ iy, Perform Latency Analysis ]

Compute and instruction and memory latency are likely not the primary
performance bottlenecks for this kernel, but you may still want to
perform those anaiyses Compute
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Memory Bandwidth analysis

[ Analysis 52 4 GPU Details El Console [y Settings

[}, Export PDF Report

1. CUDA Application Analysis

Result:

2. Performance-Critical Kernels

3. Compute, Bandwidth, or Latency Bound

4. Memory Bandwidth

Memory bandwidth limits the performance of a kernel when one
or more memories in the GPU cannot provide data at the rate
requested by the kernel. The results at right indicate that the
kernel is limited by the bandwidth available to the shared
memory.

[ [ Rerun Analysis ]

If you modify the kernel you need to rerun your application to update
this analysis

& GPU Utilization Is Limited By Memory Bandwidth
The following table shows the memory bandwidth used by this kernel for the various types of memory on the
device. The table also shows the utilization of each memory type refative to the maximum throughput supported
by the memory. The results show that the kernel's is limited by the available
from one or more of the memories on the device.
Optimization: Try the following for the memory with high bandwidth utilization.
Shared Memory - IFpasslbIe use 64-bit accesses to shared memory and 8-byte bank mode to achieved
2x throughput.
L2 Cache - Align and block kemel data to maximize L2 cache efficiency.
Unified Cache - Reallocate texture data to shared or global memory. Resolve alignment and access
pattern issues for global [oads and stores.
Device Memory - Resolve alignment and access pattern issues for global loads and stores.

System Memory (via PCle) - Make sure performance critical data is placed in device or shared memory. More...
I | Transactions | Bandwidth utilization
Shared Memory
Shared Loads 3072000 [1,358.156 GB/s
Shared stores 128000 56.59 GB/s
1

Shared Total 3200000 1414740 Ge/s | NEEG_——-— e TR
L2 Cache
Reads 512071 | 56.598 GB/s
Writes 25606 2.83GB/s

== 1
Total 537677 | s9428GBfs || = T T i
Unified Cache
Local Loads 0 0B/s
Lncalsr n nr
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Help

o Help ¢ Bwadldes -
[% contents %7 search |
2.4.4. GPU Det:

Related Topics (l Bookmarks i Index
s View

The GPU Details View displays a table of information for each memory copy and kernel execution in the profiled application. The following figure shows
the table containing several memcpy and kernel executions. Each row of the table contains general information for a kernel execution or memory copy.
For kernels, the table will also contain a column for each metric or event value collected for that kernel. In the figure, the Achieved Occupancy column
shows the value of that metric for each of the kernel executions.

Memcpy HtoD [async] 518.069 ms. 46.528 s n/a nai n n/a n/al 256KB| 5.25GB/s naj |2
Memcpy HtoD [async] 518.205ms|  46.367 s na na| na na na| 256KB| 5.27 GB/s nal |
VecEmpty(void) 518.704 ms 32ps] [1L,11]]  [1,11]] 6 0 0 na na 0016 |
VecThen(int*, int¥, int*, int) 51875ms| 219295ps| [11,1] [111]] 12 0 0 na na 0.016
Vec50(int*, int, int*, int) 518.971ms| 108.319ps, [111])  [111]] 12 0 0 na 0.016
Veclof32(int, int*, int*, int) | 519.081ms| 108.095ps| [111]} [1,11]] 12 0 0 na 0.016
Veclof32x(int*, int*, int*, int)} 519.191ms! 1049ms [111]} [1,11]] 12 0 0 na 0.016
Vec32of32(int?, int®, int, int) | 520242ms| 1082675, [LL1]  [L11]] 12 0 0 na 0016,
<C ¥ S

You can sort the data by column by left clicking on the column header, and you can rearrange the columns by left clicking on a column header and
dragging it to its new location. If you select a row in the table, the corresponding interval will be selected in the Timeline View. Similarly, if you select a

kernel or memcpy interval in the Tim e View the table will be scrolled to show the corresponding data.

If you hover the mouse over a column header, a tooltip will display the data shown in that column. For a column containing event or metric data, the
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Profliling MPI+CUDA Applications

http://docs.nvidia.com/cuda/profiler-users-guide/index.html#mpi-nvprof

Collect data with nvprof

Start the nvprof with the mPI launcher to generate output profile for each process.
string %q{ENV} can be used to name the output file
openpi: OMPI_COMM WORLD_ RANK , intelmpi: PMI_RANK, slurm: SLURM _PROCID

srun nvprof —o output.%h.%p.%q{SLURM_PROCID} <GPU_EXECUTABLE>

mpirun —np 2 nvprof —o simpleMPI.%q{PMI_RANK}. nvprof ./simpleMPI

Running on 2 nodes

==80284== NVPROF is profiling process 80284, command: ./simpleMPI

==80286== NVPROF is profiling process 80286, command: ./simpleMPI

Average of square roots is: 0.667279

PASSED

==80286== Generated result file: /users/staff/nikoloutsa/opt/cuda/8.0/samples/0_Simple/
simpleMP1/simpleMPI.1. nvprof

==80284== Generated result file: /users/staff/nikoloutsa/opt/cuda/8.0/samples/0_Simple/
simpleMP1/simpleMPI.0. nvprof
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Profiling MPI1+CUDA Applications

Analyzing profiles with nvvp
Import Multi-Process nvprof Session

NVIDIA Visual Profiler = x

File View Window Run Help
DRE B85S - Qad xEzze A

# & *simpleMP1.0.nvprof 52 = w |
@ o04s 04255 oass 0755 035 ososs || B
B SThesd 3211291456 5}
o - mmmesn

 Orver APt
& - proiing overhead = |

1= Process "simpleMPI" (80286)
= Thread 3689519936
* Runtime APl
 Driver APl

 profing Overhead L0 - L[}

= Context 1-80264 (CUDA)
7 MemCpy (HtaD) i

57 MemCpy (DtoH) [ ]
= Compute |
7 50.0% SmploMPIK. |

& streams

* stream 7 ]

= Context 180286 (CUDA)

57 MemCpy (HtaD) 1

7 MemCpy (Dtot)
= h
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Occupancy

The multiprocessor occupancy is the ratio of active warps to the
maximum number of warps supported on a multiprocessor of the GPU
(check deviceQuery)

Keeping the hardware busy helps the warp scheduler to hide latencies.

Higher occupancy does not always equate to higher performance-there
is a point above which additional occupancy does not improve
performance. However, low occupancy always interferes with the ability
to hide memory latency, resulting in performance degradation.

threads per block should be a multiple of warp size
a minimum of 64 threads per block should be used

128-256 threads per block is a good starting point for further
experimentation
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Occupancy

Each multiprocessor on the device has a set of N registers
available for use by CUDA program threads. These registers are a
shared resource that are allocated among the thread blocks
executing on a multiprocessor. The CUDA compiler attempts to
minimize register usage to maximize the number of thread blocks
that can be active in the machine simultaneously. If a program tries
to launch a kernel for which the registers used per thread times the
thread block size is greater than N, the launch will fail.
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Occupancy Calculator

@ /apps/compilers/cuda/8.0.61/tools/CUDA Occupancy
Calculator.xls

@ cudaOccupancyMaxPotentialBlockSize Returns grid and block
size that achieves maximum potential occupancy for a device function.

® https://docs.nvidia.com/cuda/cuda-driver-api/group
_CUDA__ OCCUPANCY.html

CUDA Occupancy Calculator

H v ks 3
(Don't edit anything below ths line) B =
-
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/apps/compilers/cuda/8.0.61/tools/CUDA_Occupancy_Calculator.xls
/apps/compilers/cuda/8.0.61/tools/CUDA_Occupancy_Calculator.xls
https://docs.nvidia.com/cuda/cuda-driver-api/group__CUDA__OCCUPANCY.html
https://docs.nvidia.com/cuda/cuda-driver-api/group__CUDA__OCCUPANCY.html

Thank you :)
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