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Qutline

System Access & Local NVIDIA Toolkit Install

Cloning Repository & Setting Up Environment

A Simple Example: Vector Addition

Jacobi Iteration
« Serial
« Single GPU
« Single GPU (explicit data movement)
*  Multiple GPU (OpenMP + OpenACC)
« Redundant Matrix Multiply

« Dealing with multiple MPI ranks
« Basic annotation of CPU/GPU activities with NVTX
« Unified Memory

« Remote kernel Analysis
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System Access &
Local NVIDIA Toolkit Install

If you want to follow along with the hands-
on portions of this tutorial, you will need

« fo have access to a Summit-like system
« to have alocal install of NVIDIA Toolkit (v10+)




Access to the Ascent Training System

If you do not already have access to Summit, you can use the Ascent training system for
this tutorial. Please visit the following url for instructions on how to do so:

https://www.olcf.ornl.gov/for-users/system-user-quides/summit/summit-user-quide/#obtaining-access-to-ascent

For the Project ID field, please use GEN121
In-Person Attendees Only!

Once you have access, you can login as follows:

$ ssh USERNAMEQ@loginl.ascent.olcf.ornl.gov (This will drop you into /ccsopen/home/USERNAME )
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https://www.olcf.ornl.gov/for-users/system-user-guides/summit/summit-user-guide/

Local Installation of NVIDIA Toolkit (version 10+)

To ensure compatibility, please install NVIDIA Toolkit version 10+. Please visit the
following url to download the toolkit:

https://developer.nvidia.com/cuda-downloads

Make sure to download the appropriate version for your local operating system.

NOTE: You do not need an NVIDIA GPU on your local machine to install the toolkit and
use the profiler.
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https://developer.nvidia.com/cuda-downloads
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D
6.0 GB/s Read
NVM |5 1 GB/s Write

HBM & DRAM speeds are aggregate (Read+Write).
All other speeds (X-Bus, NVLink, PCle, IB) are bi-directional.

Node Overview



Summit Node

(2) IBM Power9 + (6) NVIDIA Volta V100

256 GB 256 GB
(DDR4) (DDR4)
3 17r0cBIs 3 1r0cBis

CPUO CPU 1
| 0(0-3) | | 7 (28-31) | | 14 (56-59) | | 22 (88-91) | | 29 (116-119) | | 36 (144-147) |
| 1(4-7) | | 8 (32-35) | | 15 (60-63) | | 23 (92-95) | | 30 (120-123) | | 37 (148-151) |
| 2 (8-11) | | 9 (36-39) | | 16 (64-67) | 64 GBls | 24 (96-99) | | 31 (124-127) | | 38 (152-155) |
| 3 (12-15) | | 10 (40-43) | | 17 (68-71) | M | 25 (100-103) | | 32 (128-131) | | 39 (156-159) |
| 4 (16-19) | | 11 (44-47) | | 18 (72-75) | | 26 (104-107) | | 33 (132-135) | | 40 (160-163) |
| 5 (20-23) ||1umm)|| 19 (76-79) | |2HWMH)||MU%%%||MUMMH|
| 6 (24-27) | | 13 (52-55) | | 20 (80-83) | | 28 (112-115) | | 35 (140-143) | | 42 (168-171) |

7 I N

GPU 3 |¢m)| GPU 4 |¢ms)| GPU5

. -

16 GB
(HBM2) (HBM2)

16 GB 16 GB
(HBM2) (HBM2)
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Cloning Repository &
Setting Up Environment




Log Into Ascent and Change Directory

@ From the command line:
$ ssh USERNAME(@loginl.ascent.olcf.ornl.gov

( This will drop you into the directory /ccsopen/home/USERNAME )

@ Change to the following directory:
$ cd /gpfs/wolf/genl2l/scratch/USERNAME

On Summit, you should navigate to the corresponding Alpine/GPFS directory for your
project (since you need read/write access from the compute nodes).

E.g. /gpfs/alpine/PROJID/scratch/USERNAME
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Clone Repository and Set up Programming Environment

@ Once in the appropriate directory from step 2, clone the git repository:
$ git clone https://github.com/olcf/nvidia profilers.git

@ cd into directory:

$ cd nvidia profilers

@ Run script to set up environment for the tutorial:

S source environment_ascent.sh

On Summit, source the environment_summit.sh file instead.

At this point, you prompt should look like this:
[USERNAMEQ@loginl: /gpfs/wolf/genl2l/scratch/USERNAME/nvidia profilers]$
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Vector Addition




#include <stdio.h>
#tdefine N 1048576

__global  void add_vectors(int *a, int *b, int *c){

int id = blockDim.x * blockIdx.x + threadIdx.x;
if(id < N) c[id] = a[id] + b[id];

int main () {

size t bytes = N* (int) ;
int *A = (int*)malloc (bytes);
int *B = (int*)malloc (bytes);
cC int *C = (int*)malloc (bytes) ;
0
= int *d A, *d_B, *d C;
O cudaMalloc(&d A, bytes);
O cudaMalloc(&d B, bytes);
<I cudaMalloc (&d_C, bytes);
-
(o) for(int i=0; i<N; i++){
"6 A[i] = 1;
B[i] = 2;
O
> '
<: cudaMemcpy (d_A, A, bytes, cudaMemcpyHostToDevice) ;
[a) cudaMemcpy (d_B, B, bytes, cudaMemcpyHostToDevice) ;
=
() int thr_per blk = 256;
int blk_in grid = ceil( float(N) / thr_per blk );
add_vectors<<< blk_in grid, thr per blk >>>(d A, d B, d C);
cudaMemcpy (C, d_C, bytes, cudaMemcpyDeviceToHost) ;
free (a);
free (B) ;
free (C) ;
cudaFree (d_A) ;
cudaFree (d_B) ;
cudaFree (d_C) ;
return 0;
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CUDA Vector Addition
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#include <stdio.h>
#tdefine N 1048576

__global  void add_vectors(int *a, int *b, int *c){
int id = blockDim.x * blockIdx.x + threadIdx.x;
if(id < N) c[id] = a[id] + b[id];

Vector addition kernel (GPU)

int main () {

size_t bytes = N* (int) ;
int *A = (int*)malloc (bytes);
int *B = (int*)malloc (bytes) ; Allocate memory on CPU

int *C = (int*)malloc (bytes);

int *d A, *d_B, *d C;

cudaMalloc(&d_A, bytes);
cudaMalloc(&d_B, bytes);
cudaMalloc(&d_C, bytes);

Allocate memory on GPU

for(int i=0; i<N; i++) {
Ali] = 1;
B[i] = 2;

}

Initialize arrays on CPU

cudaMemcpy (d_A, A, bytes, cudaMemcpyHostToDevice) ;
cudaMemcpy (d_B, B, bytes, cudaMemcpyHostToDevice) ;

Copy data from CPU to GPU

int thr_per blk = 256;
int blk_in grid = ceil( float(N) / thr_per blk );
add_vectors<<< blk_in grid, thr per blk >>>(d A, d B, d C);

Set configuration parameters and
launch kernel

cudaMemcpy (C, d_C, bytes, cudaMemcpyDeviceToHost) ;

Copy data from GPU to CPU

free (a);
free (B) ;
free (C) ;
cudaFree (d_A) ;
cudaFree (d_B) ;
cudaFree (d_C) ;

Free memory on CPU and GPU

return 0;




Vector Addition Example

$ cd vector addition/cuda
S make

S bsub submit.lsf

From submit.1lsf:

jsrun -nl -cl -gl -al
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Invoke the command line profiler

—s: Print summary of profiling results
(default unless -o is used)

-o: Export timeline file
(to be opened later in NVIDIA Visual Profiler)

%h: replace with hostname

(NOT specific to NVIDIA profilers)

${LSB_JOBID} holds the job ID assigned by LSF

nvprof -s -o vec_add cuda.${LSB_JOBID}.%h.nvvp

./run



Vector Addition Example (nvprof results — text only)

%

From vec_add cuda.JOBID:

==174655== Profiling result:

Type Time (%) Time Calls Avg Min Max Name
GPU activities: 56.25% 463.36us 2 231.68us 229.66bus 233.70us [CUDA memcpy HtoD]
41.59% 342.56us 1 342.56us 342.56us 342.56us [CUDA memcpy DtoH]
2.16% 17.824us 1 17.824us 17.824us 17.824us add vectors(int*, int*, int¥*)
API calls: 99.35% 719.78ms 3 239.93ms 1.1351ms 717.50ms cudaMalloc
0.23% 1.6399%ms 96 17.082us 224ns 670.19%9us cuDeviceGetAttribute
0.17% 1.2559ms 3 418.64us 399.77us 454.40us cudaFree
0.16% 1.l646ms 3 388.18us 303.13us 550.07us cudaMemcpy
0.06% 412.85us 1 412.85us 412.85us 412.85us cuDeviceTotalMem
0.03% 182.11us 1 182.11us 182.11us 182.1lus cuDeviceGetName
0.00% 32.391us 1 32.391lus 32.391us 32.391lus cudaLaunchKernel
0.00% 3.8960us 1 3.8960us 3.8960us 3.8960us cuDeviceGetPCIBusId
0.00% 2.2920us 3 764ns 492ns 1.1040us cubDeviceGetCount
0.00% 1.4090us 2 704ns 423ns 986ns cubDeviceGet
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Vector Addition Example - Visual Profiler

Now, transfer the .nvvp file from Ascent to your local machine to view in NVIDIA Visual Profiler.

From your local system:

S scp USERNAME@loginl.ascent.ccs.ornl.gov:/path/to/file/remote /path/to/desired/location/local
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Vector Addition Example — Visual Profiler

@ File->Import @ Select “Nvprof” then “Next >" Select “Single Process™
then “Next >"
@ NVIDIA Visual Profiler View Window Help ® = @ ® o
® O =+ New Session 3N Select Nvprof profile files
1 Open... %0 L Import profile data generated by nvprof. Import profile data for a

Clone Session

Save Select an import source: ° SNGle prooRss
Save As... Multiple processes
Save All

Command-line Profiler

23 Import... 3|

Import Profile Data for Single Process

@ Select one nvprof profile file containing timeline data and zero or more
addition nvprof profile files containing event and metric values.

Click “Browse” next to “Timeline data
file” to locate the .nvvp file on your local Timeline Options
system, then click “Finish”

Connection: Local > Manage connections...

Timeline data file: Browse...
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Vector Addition Example — Visual Profiler

oom oIII the way out

To zoom in on a specific region, hold Ctrl + left-click and drag mouse (Cmd for Mac)

Left-click the timeline and drag mouse to measure specific activities

]

oy ‘ I NVIDIA Visual Profiler
4 i o+ -t ChirbbA I
§ *vec_add_cuda.h49n16.12095.nvvp 53 l = ]
|.‘9 ms 805| ms 805.‘1 ms 805.|2 ms 805.‘3 ms 805'.4 ms 805.‘5 ms 805.|6 ms 805.‘7 ms 805.|8 ms 805.|9 ms 80§ ms 806.|1 ms
|=] Process "run" (174655)
[=| Thread 288656
- Runtime API cudaMemcpy cudaMemcpy
- Driver API
L Profiling Overhead
[0] Tesla V100-SXM2-16Gl
[=] Context 1 (CUDA)
-7 MemCpy (HtoD) Memcpy HtoD [sync]
7 MemCoy ©ioH) \ Data Transfers
[=] Compute o
L 5 100.0% add_vect.. - Kernel EXGCUfIOﬂ
treams
- Default \ ——— L L ——————————

\

CUDA API activity from CPU process

GPU activity
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I Vector Addition Example — Visual Profiler

NVIDIA Visual Profiler
~Ooere D R@_—“\' |

§ *vec_add_cuda.h49n16.12095.nvwp 2 ="l
|.19 ms 805| ms 805.[1 ms 805.|2 ms 805'.3 ms 805'.4 ms sos.ls ms 805.|8 ms 805'.7 ms 805.|8 ms 805._9 ms 80§ ms 806.|'1 ms

E.

[=| Process "run" (174655)
|=| Thread 288656
- Runtime API cudaMemcpy cudaMemcpy
- Driver AP|
L Profiling Overhead
[=| [0) Tesla V100-SXM2-16GB
[=] Context 1 (CUDA)
L SF MemCpy (HtoD) Memcpy HtoD [sync] Memcpy HtoD [sync]
L 57 MemCpy (DtoH) Memcpy DtoH [sync]
[~ Compute

cudaMemcpy

// Copy data

// Set execution configuration parameters

// thr_per_blk: number of CUDA threads p
// blk_in_grid: number of blocks i
int thr_per_blk = 256;

int blk_in_grid = ceil( flo

// Launch kernel
add_vectors<<< blk_in_g thr_per_blk >>>(d_A, d_B, d_C);
// Copy data om device array d_C to host array C
cudaMemcpyTC, d_C, bytes, cudaMemcpyDeviceToHost);

Type Time (%) Time Calls Avg Min Max Name
GPU activities: 56.25% 463.36us 2 231.68us 229.66us 233.70us [CUDA memcpy HtoD]
41.59% 342.56us 1 342.56us 342.56us 342.56us [CUDA memcpy DtoH]
2.16% 17.824us 1 17.824us 17.824us 17.824us add vectors(int*, int*, int*)
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Vector Addition Example — Visual Profiler

// Copy data from host arrays A and B to device arrays d_A and d_B
cudaMemcpy(d_A, A, bytes, cudaMemcpyHostToDevice);

§ *vec_add_cuda.h49n16.12095.nvvp 52

9 ms 805 ms 805.1 ms 805.2 ms
[=|] Process "run" (174655)
=| Thread 288656 CUDA API Call
~Runtme AP >

cudaMemcpy(d_B, B, bytes, cudaMemcpyHostToDevice);

// Set execution configuration parameters

!/ thr_per_blk: number of CUDA threads per grid block
!/ blk_in_grid: number of blocks in grid

int thr_per_blk = 256;

int blk_in_grid = ceil( float(N) / thr_per_blk );

// Launch kernel
add_vectors<<< blk_in_grid, thr_per_blk >>>(d_A, d_B, d_C);

// Copy data from device array d_C to host array C
cudaMemcpy(C, d_C, bytes, cudaMemcpyDeviceToHost);

Details about the data fransfer
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=

L Driver API

#ag Overhead
[=] [0) Tesla V100-8

[=] Context 1 (CUDA)

L 57 MemCpy (HtoD)
L 5F MemCpy (DtoH)
Compute

Streams

Actual Data Transfer

\ o e 3

£ Properties &2

Memcpy HtoD [sync]

Start 805.016 ms (805,015,657...
End 805.245 ms (805,245,320...
Duration 229.663 us
Size 4,194 MB
Throughput 18.263 GB/s
Stream Default
¥Memory Type
Source Pageable
Destination Device



Vector Addition Example — Visual Profiler

%

// Copy data from host arrays A and B to device arrays d_A and d_B
cudaMemcpy(d_A, A, bytes, cudaMemcpyHostToDevice);
cudaMemcpy(d_B, B, bytes, cudaMemcpyHostToDevice);

// Set execution configuration parameters

!/ thr_per_blk: number of CUDA threads per grid block
!/ blk_in_grid: number of blocks in grid
int thr_per_blk = 256;

int blk_in_grid = ceil( float(N)

~per_blk );

© *vec_add_cuda.h49n16.12095.nvwp 52

| 805.54 ms

805.{;5 ms

805.§6 ms

805.?7 ms 805.?8 ms 805.

[=| Process "run" (174655)
|=| Thread 288656
L Runtime API|
- Driver API
g Overhead
[=| [0] Tesla V100-SXM2-16GB
[=] Context 1 (CUDA)
L 5F MemCpy (HtoD)
L 57 MemCpy (DtoH)
Compute

= cudalaunchKernel

v add_vectors(int*, int®, int*)

i —

// Launch kernel
add_vectors<<< blk_in_grid, thr_per_blk >>>(d_A, d_B, d_C);

// Copy data from device array d_C to host array C
cudaMemcpy(C, d_C, bytes, cudaMemcpyDeviceToHost);

Details about the kernel execution =

OAK RIDGE
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£l Properties 23

add_vectors(int®, int*, int*)

Queued
Submitted
Start
End
Duration
Stream
Grid Size
Block Size
Registers/Thread
Shared Memory/Block
Launch Type
¥Occupancy
Theoretical
¥ Shared Memory Configuration
Shared Memory Executed
Shared Memory Bank Size

n/a

n/a

805.571 ms (805,570,598...
805.588 ms (805,588,422...
17.824 us

Default

[4096,1,1]

[256,1,1]

16

0B

Normal

100%

0B
4B
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Jacobi lteration — Problem Description

Use Jacobi Iteration to solve 2D Poisson equation
with periodic boundary conditions:

AA(y,x) = e 106 +y)
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Execute a Jacobi Step on the Inner Points

O
O
O

A (iy,ix) = -0.25 * (rhs(iy,ix) — ( Ak(iy,ix=1) + Ac(iy,ix+i) + A (iy-1,ix) + A (iy+1,1x) ) )

QOO0

O
O
O

for (int iy = 1; iy < NY-1; iy++)
{
for( int ix = 1; ix < NX-1; ix++ )
{
Anew[iy][ix] = -0.25 % (rhs[iyl[ix] - ( A[iyl[ix+1]1 + A[iyl[ix-1]
+ A[iy-11[ix] + A[iy+11[ix] ));
error = fmax( error, fabs(Anew[iyl[ix]-A[iyl[ix]1));
}
}
%OAK RIDGE
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Copy Values of Anew to A

for (int iy = 1; iy < NY-1; iy++)

{
for( int ix = 1; ix < NX-1; ix++ )
{
Aliy]l[ix] = Anewl[iy]l[ix]1;
}
¥
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Apply Periodic Boundary Conditions
elelelelole

000000

//Periodic boundary conditions 000000

for( int ix = 1; 1x < NX-1; ix++ ) O““O
{ 000000
ALO1[ix] AL (NY-2)1[ix]1; OOO00O0O0O

A[ (NY-1)1[1ix] A[1]1[ix];

}
for (int iy = 1; iy < NY-1; iy++) _f___l‘

{
Aliy1[0] = A[iyI[ (NX-2)1; 822228
ALiyI[(NX=1)1 = A[iy1[11: \ 00090

}
@@,
Slslstsls’s
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Serial Version

jacobi/1l serial
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Serial Runtime

Compile the code

$ make
pgcc -Minfo -fast -c poisson2d.c
main:
54, Generated vector simd code for the loop
FMA (fused multiply-add) instruction(s) generated
65, Memory zero idiom, loop replaced by call to c mzeroS8
84, FMA (fused multiply-add) instruction(s) generated

90, Generated vector simd code for the loop containing reductions

100, Memory copy idiom, loop replaced by call to ¢ mcopy8
107, Loop not fused: dependence chain to sibling loop
Generated vector simd code for the loop
Residual loop unrolled 2 times (completely unrolled)
112, Loop not fused: function call before adjacent loop
Loop unrolled 8 times
pgcc -Minfo -fast poisson2d.o -o run
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Run the code (on single CPU core)

$ bsub submit.lsf
Job <11536> is submitted to default queue <batch>.

$ jobstat

——————————————— Running Jobs: 1 (1 of 16 nodes, 6.25%) —-—————————————-
JobId Username Project Nodes Remain StartTime JobName

11536 ti4p GEN117 1 8:48 02/24 10:03:14 serial

——————————————— Eligible Jobs: 0 —-—-—---=-=——--——————————————————————————
——————————————— Blocked Jobs: 0 --=-=-=--------—-———————————————————————

$ less serial.l1536
Jacobi relaxation Calculation: 4096 x 4096 mesh

0, 0.250000
100, 0.249940
200, 0.249880
300, 0.249821
400, 0.249761
500, 0.249702
600, 0.249642
700, 0.249583 . .
800, 0.249524 (Enter g to quit/exit less)
900, 0.249464
Elapsed Time (s): 94.9856

jacobi/1l serial



Single GPU Version
jacobi/2 single gpu
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Difference From Serial Version

« Added OpenACC pragmas to inform compiler where to
offload work to GPU

#pragma acc kernels

« Added (optional) serial version to compare with timing and
results of GPU version

// Set to 1 to run serial test, otherwise 0
int serial test = 0;

,OAK RIDGE jacobi/2 single gpu
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Runfime of Single GPU Version

Compile the code Run the code (on single GPU)
$ make $ bsub submit.lsf
pgcc -acc -Minfo=acc -ta=tesla:cc70 -fast -c poisson2d.c
main: $ less single_gpu.JOBID
117, Generating implicit copyin(A[:][:]1,rhs[1:4094]1[1:4094]) Jacobi relaxation Calculation: 4096 x 4096 mesh
Generating implicit copyout (Anew[1:4094]1[1:40947]) Parallel Execution...
118, Loop is parallelizable 0, 0.250000
120, Loop is parallelizable 100, 0.249940
Accelerator kernel generated 200, 0.249880
Generating Tesla code 300, 0.249821
118, #pragma acc loop gang, vector(4) /* blockIdx.y threadIdx.y */ 400, 0.249761
120, #pragma acc loop gang, vector(32) /* blockIdx.x threadIdx.x */ 500, 0.249702
124, Generating implicit reduction(max:error) 600, 0.249642
128, Generating implicit copyin(Rnew[1:4094]1([1:4094]) 700, 0.249583
Generating implicit copyout (A[1:4094]1([1:4094]) 800, 0.249524
129, Loop is parallelizable 900, 0.249464
131, Loop is parallelizable Elapsed Time (s) - Parallel:
Accelerator kernel generated

Generating Tesla code

129, #pragma acc loop gang, vector(4) /* blockIdx.y threadIdx.y */

131, #pragma acc loop gang, vector(32) /* blockIdx.x threadIdx.x */
138, Generating implicit copy (A[:]1[1:40947)
139, Loop is parallelizable

Accelerator kernel generated

Generating Tesla code

139, #pragma acc loop gang, vector(128) /* blockIdx.x threadIdx.x */
144, Generating implicit copy (A[1:4094]1[:1)
145, Loop is parallelizable

Accelerator kernel generated

Generating Tesla code

145, #pragma acc loop gang, vector(128) /* blockIdx.x threadIdx.x */

pgcc -acc -Minfo=acc -ta=tesla:cc70 -fast poisson2d.o -o run

,OAK RIDGE jacobi/2 single gpu
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Runfime of Single GPU Version

Compile the code

$ make
pgcc -acc -Minfo=acc -ta=tesla:cc70 -fast -c poisson2d.c
main:
117, Generating implicit copyin(A[:]1[:],rhs[1:4094][1:4094])
Generating implicit copyout (Rnew[1:4094][1:40947)
118, Loop is parallelizable
120, Loop is parallelizable
Accelerator kernel generated
Generating Tesla code
118, #pragma acc loop gang, vector(4) /* blockIdx.y threadIdx.y */
120, #pragma acc loop gang, vector(32) /* blockIdx.x threadIdx.x */
124, Generating implicit reduction(max:error)
128, Generating implicit copyin(Rnew[1:4094]1([1:4094])
Generating implicit copyout (A[1:4094][1:40947])
129, Loop is parallelizable
131, Loop is parallelizable
Accelerator kernel generated
Generating Tesla code
129, #pragma acc loop gang, vector(4) /* blockIdx.y threadIdx.y */
131, #pragma acc loop gang, vector(32) /* blockIdx.x threadIdx.x */
138, Generating implicit copy (A[:]1[1:40947)
139, Loop is parallelizable
Accelerator kernel generated
Generating Tesla code
139, #pragma acc loop gang, vector(128) /* blockIdx.x threadIdx.x */
144, Generating implicit copy (A[1:4094]1[:1)
145, Loop is parallelizable
Accelerator kernel generated
Generating Tesla code
145, #pragma acc loop gang, vector(128) /* blockIdx.x threadIdx.x */
pgcc -acc -Minfo=acc -ta=tesla:cc70 -fast poisson2d.o -o run
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Run the code (on single GPU)

$ bsub submit.lsf

$ less single_gpu.JOBID
Jacobi relaxation Calculation: 4096 x 4096 mesh
Parallel Execution...

0, 0.250000
100, 0.249940
200, 0.249880
300, 0.249821
400, 0.249761
500, 0.249702
600, 0.249642
700, 0.249583
800, 0.249524
900, 0.249464

Elapsed Time (s) - Parallel: 127.2326

Why are we slower than serial version??

How can we answer such questions?

jacobi/2 single gpu



Using NVIDIA’'s NVProf Profiler, we see...

$ bsub submit.lsf (jsrun --smpiargs="none" -nl -cl -gl -al nvprof -s -o single gpu.%h.${LSB_JOBID}.nvvp ./run)

? less single gpu.JOBID Do we really need all these data transfers?

==56446== NVPROF is profiling process 56446, command: ./run
==56446== Profiling application: ./run

Jacobil relaxation Calculation: 4096 x 4096 mesh
Parallel Execution...

0, 0.250000
100, 0.249940
200, 0.249880
300, 0.249821
400, 0.249761
500, 0.249702
700, 0 249583 Let’s look at visual output (and compiler output) to
o0 0.289524 see what's going on...
900, 0.249464
Elapsed Time (s) - Parallel: 130.9012

==56446== Profiling result:

Type Time (%) Time Calls Avg Min Max Name
GPU activities: 53.55% 14.4180s 41000 351.66us 1.3110us 382.72us [CUDA memcpy HtoD]
42.84% 11.5335s 33000 349.50us 1.7590us 362.53us [CUDA memcpy DtoH]
2.01% 541.50ms 1000 541.55us 539.6lus 546.0lus main 120 gpu
1.38% 372.18ms 1000 372.18us 369.47us 376.64us main 131 gpu
0.19% 49.8l6ms 1000 49.815us 48.448us 51.231us main 124 gpu red
0.02% 6.1174ms 1000 6.1170us 5.7270us 6.9760us main 145 gpu
0.01% 2.1649%ms 1000 2.1640us 1.8880us 2.8480us main 139 gpu
%9?511}{1)95 jacobi/2 single gpu




Transter .nvvp file from Ascent/Summit to local system

From your local system:

S scp USERNAME@loginl.ascent.ccs.ornl.gov:/path/to/file/remote /path/to/desired/location/local

,OAK RIDGE jacobi/2 single gpu
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Using NVIDIA's Visual Profiler, we see...

[ NON ) NVIDIA Visual Profiler
Co &y =y Qv = 8 FLE R s s A

© *poisson.nvvp

\ 21.75s 21.775s 21.85s 21.825 21.85s

21.875s

[=| Process "run" (115825)
[=! Thread 294416

a... acc_exit_data@pois...

acc_exit_data@pois... acc_enter_da

acc_enter_data...

acc_exit_data@pois...

er_data@poisson2d.c:117

~ OpenACC :
i

— — d

| |
- Driver API | AEREEEEEEE BEEEEE N RN
- Profiling Overhead

[=| [0] Tesla V100-SXM2-16GB

|=| Context 1 (CUDA)
=% MemCpy (HtoD)
L5 MemCpy (DtoH)

|[=| Compute

L 5F 55.8% main_120... |
L SF 38.2% main_131... |
L 5.1%main_124_... |
- 0.7%main_145_... |
L 57 0.2% main_139_... |

One iteration of the while loop

[=| Streams
" Stream 14 PELLLEERT R m et e e cerrerem e Perree e e e terrerrmrrrnntl
Are all of these data transfers necessary?
Let’s look back at the code to see how data should be transferred...
%OAKRIDGE
National Laboratory

acc_enter_data@poisson2d.c:117 acc_exit
NEREREREREREEEN WEN
NENEREREEEEEEEE .
FEErrrrerrrrerel
NN
i
i

jacobi/2 single gpu



Where are arrays actually neededz?

// Main iteration loop
while ( error > tol && iter < iter_max )
{

error = 0.0;

#pragma acc kernels =
for (int iy = 1; iy < NY-1; iy++)

{ for( int ix = 1; ix < NX=1; ix++ ) e AnewliS Updated
¢ Anewl[iy][ix] = -0.25 % (rhs[iyl[ix] - ( A[i)./][ix+1..] + A[iy][ix-J..] — ° A and rhS are nOt updated
F ALy ALy D) * Reduction performed on error

error = fmax( error, fabs(Anew[iyl[ix]-A[iyl[ix]1));

}

J \

#pragma acc kernels

for (int iy = 1; iy < NY-1; iy++) . . . .
{ . A s updated But nowhere in this while

for( int ix = 1; ix < NX-1; ix++ ) S—

. . Anew is not updated loop are Anew, A, Or rhs
X Aliyl[ix] = Anewl[iyl[ix]; needed on the CPU'

\

}

//Periodic boundary conditions
#pragma acc kernels
for( int ix = 1; ix < NX-1; ix++ )

' ALB][ix] AL(NY-2) 1Tix]; . e Als updated

AL(NY-1)1[ix] = A[11[ix]1;

J

}
#pragma acc kernels
for (int iy = 1; iy < NY-1; iy++)

{
TP > + Ais updated

J |

Aliylle]
ALiyI[(NX-1)]

}
if((iter % 100) == 0) printf("%5d, %0.6f\n", iter, error);

iter++;

b

,OAK RIDGE jacobi/2 single gpu
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Single GPU Version with Data Regions
jacobi/3 single gpu data

%OAK RIDGE
National Laboratory




Difference From Initial GPU Version

 Added a data region around while loop

#pragma acc data ...
{

}

o Still have (optional) serial version to compare with fiming and
results of GPU version

// Set to 1 to run serial test, otherwise 0
int serial test = 0;

%1(\1){&5115?(}5 jacobi/3 single gpu data




Runtime of Single GPU Version with Data Directives

Compile the code Run the code (on single GPU)
$ make $ bsub submit.lsf
pgcc -acc -Minfo=acc -ta=tesla:cc70 -fast -c poisson2d.c
main: $ less single_gpu_data.JOBID
112, Generating copyin(rhs[:][:]) Jacobi relaxation Calculation: 4096 x 4096 mesh
Generating create(Anew[:][:]) Parallel Execution..
Generating copy(A[:]1[:]) 0, 0.250000
121, Loop is parallelizable 100, 0.249940
123, Loop is parallelizable 200, 0.249880
Accelerator kernel generated 300, 0.249821
Generating Tesla code 400, 0.249761
121, #pragma acc loop gang, vector(4) /* blockIdx.y threadIdx.y */ 500, 0.249702
123, #pragma acc loop gang, vector(32) /* blockIdx.x threadIdx.x */ 600, 0.249642
127, Generating implicit reduction(max:error) 700, 0.249583
132, Loop is parallelizable 800, 0.249524
134, Loop is parallelizable 900, 0.2494¢64
Accelerator kernel generated Elapsed Time (s) - Parallel:

Generating Tesla code

132, #pragma acc loop gang, vector(4) /* blockIdx.y threadIdx.y */

134, #pragma acc loop gang, vector(32) /* blockIdx.x threadIdx.x */
142, Loop is parallelizable

Accelerator kernel generated

Generating Tesla code

142, #pragma acc loop gang, vector(128) /* blockIdx.x threadIdx.x */
148, Loop is parallelizable

Accelerator kernel generated

Generating Tesla code

148, #pragma acc loop gang, vector(128) /* blockIdx.x threadIdx.x */

pgcc -acc -Minfo=acc -ta=tesla:cc70 -fast poisson2d.o -o run

,OAK RIDGE jacobi/3 single gpu data
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Using NVIDIA’'s NVProf Profiler, we see...

$ bsub submit.lsf (jsrun --smpiargs="none" -nl -cl -gl -al nvprof -s —o single gpu data.%$h.${LSB_JOBID}.nvvp ./run)

$ less single_gpu_data.JOBID
==139388== NVPROF is profiling process 139388, command: ./run
==139388== Profiling application: ./run

Jacobil relaxation Calculation: 4096 x 4096 mesh
Parallel Execution...

0, 0.250000 Much faster with explicit data management!

100, 0.249940

200, 0.249880

300, 0.249821

400, 0.249761 [) . . .

500, 0.249702 ata transfers are no longer dominating run time.
600, 0.249642

700, 0.249583

800, 0.249524

Elapsed Time (s) - Parallel: 1.9883

==139388== Profiling result:

Type Time (%) Time Calls Avg Min Max Name

GPU activities: 55.51% 539.46ms 1000 539.46us 537.53us 542.75us main 123 gpu
38.02% 369.46ms 1000 369.46us 366.65us 373.57us main 134 gpu

4.76% 46.220ms 1000 46.219%us 43.935us 51.040us main 127 gpu red

0.72% 7.0198ms 1016 6.9090us 1.2160us 360.06us [CUDA memcpy HtoD]

0.47% 4.5286ms 1009 4.4880us 1.5990us 359.04us [CUDA memcpy DtoH]
0.35% 3.4053ms 1000 3.4050us 3.0400us 4.4480us main 148 gpu
0.18%5 1.7651ms 1000 1.7650us 1.6320us 2.2080us main 142 gpu

%9?511}{1)95 jacobi/3 single gpu data




Using NVIDIA's Visual Profiler, we see...

S
[ NON | NVIDIA Visual Profiler
+ lE] IIH Ei Sv +‘ -‘ !i ; E E E ISP |Av

‘ *single_gpu_data.nvvp &2 =

F 483.5 ms 483.6 ms 483.7 ms 483.8 ms 483.9 ms 484 ms 484.1 ms 484.2 ms 484.3 ms 484.4 ms 484.5 ms 484.6 ms 484.7

|=| Process "run" (138060)
|=! Thread 294160

L OpenACC acc_compute_construct@poisson2d.c:120 acc_compute_construct@poisson2d.c:131 00—
P llllll-ll_
- Driver API !/  cuMemcpyDtoHAsync (|}  cuSteamSynchronize ||/ Q[{{] |

L Profiling Overhead
[=| [0] Tesla V100-SXM2-16GB - q .
= Context 1 (CUDA) One iteration of the while loop
L 57 MemCpy (HtoD) | |
L5 MemCpy (DtoH) |

= Compute T e 28 gpy .| |1
L ¥ 56.3% main_123... T main, 123gpu —
-7 38.4%main_134...
L 4.7%main_127_... [ main... |
L7 0.4% main_148_.... |
L 0.2%main_142_... |
|=| Streams
" Stream 14 I, main...] [ e ——

We have eliminated the unnecessary data transfers.
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Multiple GPU Version (OpenMP + OpenACC)
jacobi/4 multiple gpu openmp

%OAK RIDGE
National Laboratory




Ditferences from Single GPU Version

« Each OpenMP thread calculates its own loop bounds for its portion of the
domain and uses its own GPU.

00000000
00000000
00000000
00000000
00000000
00000000
CO000000O0
CO000000O0

%OAK RIDGE

National Laboratory

OpenMP Thread 0 = GPU 0
OpenMP Thread 1 = GPU 1

OpenMP Thread 2 = GPU 2

jacobi/4 multiple gpu openmp



Ditferences from Single GPU Version

#pragma omp parallel default(shared) firstprivate(num_ threads, thread num) {}

#ifdef OPENMP )
num_threads omp_get num threads() ;
thread num omp_get_ thread num();

#endif /* OPENMP */

_ Map OpenMP threads
#ifdef OPENACC to available GPUs

int num devices acc_get num devices(acc_device nvidia);
int device_ num thread num % num devices;
acc_set _device num(device num, acc_device nvidia);

#endif /* OPENACC */ e

#pragma omp master N
{
// Set rhs
(int iy = 1; iy < NY-1; iy++)
{
(int ix = 1; ix < NK-1; ix++ ) _ Only the master thread
{
const double x = -1.0 + (2.0%ix/(NX-1)); needs to setf value of rhs
const double y = -1.0 + (2.0*iy/(NY-1));
rhs[iy] [ix] = exp(-10.0* (x*x + y*y)),
}
}
} /* pragma omp master */ —_—

OAK RIDGE . . .
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Ditferences from Single GPU Version

Thread 0’s copy of its rows of A

%

#pragma acc data copy(A[ (iy_start-1):(iy end-iy start)+2] [0:NX]) \
copyin(rhs[iy start: (iy end-iy start)] [0:NX]) \
create (Anew[iy start: (iy end-iy start)] [0:NX])

(on GPU 0)

OAK RIDGE

National Laboratory

CPU copy of A

Thread 1’'s copy of its rows of A

(on GPU 1)

jacobi/4 multiple gpu openmp



Ditferences from Single GPU Version

Thread 0’s copy of its rows of A

%

#pragma acc kernels

{
{

}
}

(int iy = iy_start; iy < iy_end; iy++)
( int ix = ix start; ix < ix end; ix++ )
Anew[iy] [ix] = -0.25 * (rhs[iy][ix] - ( A[iy][ix+1l] + A[iy][ix-1]

+ Aliy-1][ix] + A[iy+1][ix] ))
error = fmax( error, fabs(Anew[iy] [ix]-A[iy][ix]))

(on GPU 0)

OAK RIDGE

National Laboratory

CPU copy of A

After GPUs update their values

of A, the CPU copy is no
longer correct

Thread 1’'s copy of its rows of A

(on GPU 1)

jacobi/4 multiple gpu openmp



Ditferences from Single GPU Version

Recall that boundary conditions must be updated for A matrix as a
whole

But each GPU only has its rows of A
+ So some data must be passed back to CPU

CPU copy of A

0000000000
0000000000
0000000000
0000000000
0000000000
0000000000
0000000000
0000000000
0000000009
R 0000000000

National Laboratory jacobi/4 multiple gpu openmp




Ditferences from Single GPU Version

#fpragma acc update self (A[iy start:1][0:NX], A[(iy_end-1):1][0:NX])

Each thread updates the “shared” CPU copy of A with its “2nd-to-top” row and “2nd-to-boftom” row

Thread 0’s copy of its rows of A

%

(on GPU 0)

0000000000 —
0000000000 —

OAK RIDGE

National Laboratory

CPU copy of A

Thread 1’'s copy of its rows of A
(on GPU 1)

— 0000000000

— 0000000000

jacobi/4 multiple gpu openmp




Ditferences from Single GPU Version

- (0 == (iy_start-1)) ((NY-1) == (iy_end))

58 | ( Z

=0 ( int ix = 1; ix < NX-1; ix++ ) ( int ix = 1; ix < NX-1; ix++ ) -

B 2 { { o]

33 A[0][ix] = A[(NY-2)][ix]; A[(NY-1)][ix] = A[1][ix]; Q

O } } @
} }

Only the threads with (0 == (iy_start-1)) and ((NY-1) == (iy_end)) perform the boundary updates
Thread 0's copy of its rows of A CPU copy of A Thread 1's copy of its rows of A
(on GPU 0) (on GPU 1)

000000000 0000000000
000000000 0000000000
000000000 000000000
000000000 000000000
000000000 000000000

000000000 000000000

000000000 000000000

0000000000 000000000

0000000000 000000000600

000000000 000000000

%OAK RIDGE
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Ditferences from Single GPU Version

#fpragma acc update device(A] (iy_start-1):1][0:NX], A[iy_end:1][0:NX])

Each thread updates its “top” row and “bottom” row from the new values of the CPU copy of A

Thread 0's copy of its rows of A CPU copy of A Thread 1's copy of its rows of A
(on GPU 0) (on GPU 1)

0000000000 — 0000000000

0000000000 0000000000

0000000000 0000000000

0000000000 0000000000
0000000000 — 0000000000
0000000000 0000000000
0000000000 0000000000

0000000000 0000000000
LORKRIDGE 0000000000 — 0000000000

National Laboratory jacobi/4 multiple gpu openmp




Runtime of Multi-GPU Version (with Data Directives)

Compile the code Run the code (on 2 GPUs)
$ make $ bsub submit2.lsf
pgcc -acc -Minfo=acc -ta=tesla:cc70 -mp -fast -c poisson2d.c
poisson2d serial: ... $ less multi_gpu 2omp
main: Single-GPU Execution...
103, Generating implicit copyout (A[:][:],A ref[:][:]) 0, 0.250000
104, Loop is parallelizable 100, 0.249940
106, Loop is parallelizable 200, 0.249880
Accelerator kernel generated 300, 0.249821
Generating Tesla code 400, 0.249761
104, #pragma acc loop gang, vector(4) /* blockIdx.y threadIdx.y */ 500, 0.249702
106, #pragma acc loop gang, vector(32) /* blockIdx.x threadIdx.x */ 600, 0.249642
167, Generating copyin(rhs[iy start:iy end-iy start][:]) 700, 0.249583
Generating create (Anew([iy start:iy end-iy start][:]) 800, 0.249524
Generating copy (A[iy start-1l:iy end-iy start+2][:]) 900, 0.249464
181, Loop is parallelizable Parallel Execution...
183, Loop is parallelizable 0, 0.250000
Accelerator kernel generated 100, 0.249940
Generating Tesla code 200, 0.249880
181, #pragma acc loop gang, vector(4) /* blockIdx.y threadIdx.y */ 300, 0.249821
183, #pragma acc loop gang, vector(32) /* blockIdx.x threadIdx.x */ 400, 0.249761
187, Generating implicit reduction (max:error) 500, 0.249702
200, Loop is parallelizable 600, 0.249642
202, Loop is parallelizable 700, 0.249583
Accelerator kernel generated 800, 0.249524
Generating Tesla code 900, 0.249464
200, #pragma acc loop gang, vector(4) /* blockIdx.y threadIdx.y */ Elapsed Time (s) - Serial: 1.0990,
202, #pragma acc loop gang, vector (32) /* blockIdx.x threadIdx.x */ Parallel: 0.6692,
211, Generating update self(A[iy start][:],A[iy end-1][:]) Speedup: 1.6424
230, Generating update device(A[iy start-1][:],A[iy end][:])
231, Loop is parallelizable
Accelerator kernel generated
Generating Tesla code

231, #pragma acc loop gang, vector(128) /* blockIdx.x threadIdx.x */
pgcc -acc -Minfo=acc -ta=tesla:cc70 -mp -fast poisson2d.o -o run

% OAK RIDGE . . .
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Using NVIDIA's Visual Profiler, we see...

OpenMP Thread 0 (GPU 0)

/

00 NVIDIA Visual Profiler
|/ R oua B R s s A
‘ *multiple_gpu_2omp.nvvp 3 =
P‘I 97..65 ms 21 97..7 ms 21 97..75 ms 21 97..8 ms 21 97.|85 ms 21 97..9 ms 21 97'.95 ms 21 9|8 ms 21 98'.05 ms 21 98;1 ms 21 98‘.1 5ms 21 98;2 ms 21 98.|25 ms 21 9§.3 ms 21 98.|35
Pr%s "run" (14531)
[=] [0)Tesla V100-SXM2-16GB
5 Condext 1 (CUDA) One iteration of the while loop
L S MemCpy (HtoD) | i1
L ¥ MemCpy (DtoH) | I 1
Compute i
[=] Streams
- Stream 25 I I I 1 | i
[=| [ Tesla V100-SXM2-16GB
[=/\gontext 2 (CUDA)
MemCpy (HtoD) | I |
MemCpy (DtoH) I I l
i
O poisson2d serial 1F1L70183.gpu | poisson2ds.. || poisson2d_serial_1F1L70_202_gpu I 1 ([ | i

OpenMP Thread 1 (GPU 1)

OAK RIDGE . . .
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Redundant Matrix Multiply

Each MPI rank is mapped to a GPU and performs the same steps
(hence, redundant):

« Fill 2 NxN matrices with random numbers

» Perform a matrix multiply on CPU

» Perform a matrix multiply on GPU (loop_count times)
« Check for consistency between CPU and GPU results

Each MPI rank prints

« lItsrank ID
 The hardware thread, GPU, and compute node it ran on

« Its total runtime and time spent computing on GPU

%OAK RIDGE
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Multiple MP| Ranks

redundant MM

%OAK RIDGE
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Multiple MP| Ranks

Compile the code

$ make

Run the code
$ bsub submit.lsf $q{OMPI_COMM WORLD RANK} (Replace with MPI Rank|

From subbmit.Isf

jsrun -nl -c42 -g6 -a2 -bpacked:7|nvprof -o mat mul.${LSB JOBID}.%h.%q{OMPI_COMM WORLD RANK}.nvvp|./redundant mm 2048 100 | sort

$ cat mat mul.12233

==127243== Generated result file: /gpfs/wolf/stf007/scratch/t4p/nvidia profilers/redundant MM/mat mul.12233.h4 >1.nvvp
==127242== Generated result file: /gpfs/wolf/stf007/scratch/td4p/nvidia profilers/redundant MM/mat mul.12233.h49nl1620.nvvp
(N = 2048) Max Total Time: 3.524076 Max GPU Time: 0.308476
Rank 000, HWThread 008, GPU 0, Node h49nl6 - Total Time: 3.520249 GPU Time: 0.308134
Rank 001, HWThread 054, GPU 1, Node h49nl6 - Total Time: 3.524076 GPU Time: 0.308476
% OAK RIDGE redundant MM
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Redundant Matrix Multiply — Visual Profiler

@ File->Import @ Select “Nvprof” then “Next > Select "Multiple Process™
then “Next >"
@ NVIDIA Visual Profiler View Window Help ® = @ ® o
® O =+ New Session 3N Select Nvprof profile files
1 Open... %0 L Import profile data generated by nvprof. Import profile data for a

Clone Session

Save Select an import source: SN Prookss
Save As... © Multiple processes
Save All
Command-line Profiler
25 Import... 3
® © Import Nvprof Data
Import Profile Data for Multiple Processes
@ Select nvprof profile files containing timeline data for multiple processes
Click “Browse"” next to “Timeline data file” to Sil-a2i-ae Timeline Options
locate the .nvvp files on your local system,
then click “Finish Connection: = Local B Manage connections...
NOTE: Here you SeleCf mU"ipIe files — The nvprof profile files:
— Browse...
%OAK RIDGE | STEASE.
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IRd d t Matrix Multipl Vi | Profil
© *mat_mul.12234.h49n16.0.nvvp 2 = ]
Os 0.2|55 0.§s 0.255 1|s 1.2|55 1.§s 1.7|55 2.5 2.2}5 2.7.55 2.7|55 3‘5
[=| Process "redundant_mm 20...
[=| Thread 30948
- Runtime A cudaMalloc | | cudafree | cudaEventSynchronize (I
= Driver API M N |
m (LT g
| cudafree | cudaEventSynchronize |

L Profiling Overhea
|=| Process "redundant_mmM20...
|=] Thread 30
~ Runtime AP
L Driver API
- Profiling Overhead
[=I [0] Tesla V100-SXM2-1
|=] Context 1-127645 (CUD.
L SF MemCpy (HtoD)
57 MemCpy (DtoH)
Compute
I

Streams

[=| [1] Tesla V100-SXM2-16GB

|=] Context 1-1276486 (CUDA)

L 5F MemCpy (HtoD)

L 5F MemCpy (DtoH)
Compute
Streams

I
|
TN ST N

2 MPI Processes

%OAK RIDGE
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Multiple MP| Ranks

Run the code From submit.Isf

$ bsub submit named.lsf jsrun -nl -c42 -g6 -a2 -bpacked:7 \

nvprof -s -o mat mul.${LSB JOBID}.%h.%q{OMPI COMM WORLD RANK}.nvvp \
--context-name "MPI Rank %q{OMPI_COMM WORLD RANK}" \
--process-name "MPI Rank $q{OMPI_COMM WORLD RANK}"|./redundant mm 2048 100 | sort

Name the Process and CUDA Context

$ cat mat mul.12240

==144939== Generated result file: /gpfs/wolf/stf007/scratch/td4p/nvidia profilers/redundant MM/mat mul.12240.h49nl16.0.nvvp
==144938== Generated result file: /gpfs/wolf/stf007/scratch/td4p/nvidia profilers/redundant MM/mat mul.12240.h49nl6.1l.nvvp

(N = 2048) Max Total Time: 3.634345 Max GPU Time: 0.311632

Rank 000, HWThread 024, GPU 0, Node h49nl6 - Total Time: 3.634345 GPU Time: 0.311632
Rank 001, HWThread 053, GPU 1, Node h49nl6 - Total Time: 3.622655 GPU Time: 0.310216

¥0AK RIDGE redundant MM
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I Redundant Matrix Multiply — Visual Profiler

“mat_mul 12240.h49n16.0.nvvp 23
Os 0.2|55 0.|55 0.7|55 1|s 1.2§s 1;|55 1;7‘55 2.5 2;2‘55 2.§s 2;7|55 3|s

[=| Process "MPI Rank 1" (1449...
|=| Thread 30948
L Runtime Al
- Driver API
L Profiling Overhea
[=] Process "MPI Rank 0"
[=| Thread 30! 8
- Runtime API
- Driver API \
L Profiling Overhead
[=] [0] Tesla V100-SXM2-1 &B
=] Context MPI Rank O (CUDN
LY Mem(&(HtoD)
=57 MemCpy (3%H)
Compute \
Streams \
[=] [1) Tesla V100-SXM2-16GB ¢
[=] Context MPI Rank 1 (CUDA)

L SF Mem toD)

L 5F MemCpy (Dtol
Compute
Streams

cudaMalloc I |
|
im Il (I S

_________________cudaMalloc | I _______cudaFree | cudaEventSynchronize |Jll
11— |
m I LT R

2 MPI Processes, but now we can tell which is associated with
visual profiler sections
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Multiple MPI Ranks (annotating with NVTX]

redundant MM nvtx
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Redundant Matrix Multiply — Visual Profiler + NVTX

#include <nvToolsExt.h> /¥ e e
Fill arrays on CPU

// Color definitions for nvtx calls | e - */

#define CLR RED OxFFFF0000

#define CLR BLUE O0xFFOOOOFF

#define CLR_ GREEN 0xFF008000 RANGE_PUSH ("Initialize Arrays (CPU)", CLR_BLUE) ;

#define CLR YELLOW OxFFFFFFO00

#define CLR CYAN OxFFOOFFFF

#define CLR MAGENTA OxFFFFOOFF // Max size of random double

#define CLR_GRAY OxFF808080 double max_value = 10.0;

#define CLR PURPLE O0xFF800080

// Set A, B, and C
// Macro for calling nvtxRangePushEx (int i=0; i<N; i++){

#define RANGE PUSH (range_title,range_color) { \ (int j=0; j<N; j++){
nvtxEventAttributes t eventAttrib = {0}; \ A[i*N + j] = (double)rand()/(double) (RAND MAX/max value) ;
eventAttrib.version = NVTX VERSION; \ B[i*N + j] = (double)rand()/(double) (RAND MAX/max_value) ;
eventAttrib.size = NVTX_EVENT ATTRIB_STRUCT SIZE; \ C[i*N + j] = 0.0;
eventAttrib.messageType = NVTX MESSAGE TYPE ASCII;\ }
eventAttrib.colorType = NVTX COLOR ARGB; \ }
eventAttrib.color = range color; \
eventAttrib.message.ascii = range_title; \
nvtxRangePushEx (&eventAttrib) ; \ RANGE_POP;
} ——“——————
// Macro for calling nvtxRangePop
#define RANGE POP {\
nvtxRangePop () ; \
}
And added the following NVIDIA Tools Extension library to the Makefile:  -1nvToolsExt
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Multiple MP| Ranks

=

Compile the code

$ make

— Same process as previous version of the code
Run the code

S bsub submit.lsf
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I Redundant Matrix Multiply — Visual Profiler

© *mat_mul_nvtx.12243.h49n16.0.nvvp &2 -

Os 0.2|55 0.5s 0.}"53 1s 1.2.55 1.5s 1.7|55 2s 2.2‘55 25s 2.255 3s

[=] Process "MPI Rank 0" (1483...
[=| Thread 310816

- Runtime API cudaMalloc | | cudafree [ cudaEventSynchronize |Il
- Driver API | ||||| I I
Markers and Ranges ocate array g Initialize Arrays (CPU) CPU DGEMM CUBLAS

GPU DGEMM (loop_cou... | |

- Profiling Overhead im I LU T T

|=| Process "MPI Rank 1" (1483...
[=| Thread 310816

- Runtime AP! —— . ———— [ |
- Driver AP| | ||||| II I

MatKers anciRanges [ Allocatearrays(CPU&GPU) | Initialize Arrays (CPU) CPU DGEMM DOBERS

- Profiling Overhead m I (0

=] [0] Tesla V100-SXM2-16GB
=] Context MPI Rank 0 (CUDA)
7 MemCpy (HtoD) I \
= ¥ MemCpy (DtoH) |
Compute ————
Streams
=/ [1] Tesla V100-SXM2-16GB
[=] Context MPI Rank 1 (CUDA)
L 7 MemCpy (HtoD) | |
=57 MemCpy (DtoH) |
Compute
Streams

GPU DGEMM (loop_coun... | |

Now we have a beftter (and fuller) mapping to what is
happening in our code.
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Multiple MPI Ranks (Unified Memory)

redundant MM UM
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Redundant Matrix Multiply — Visual Profiler + UM + NVTX

RANGE_PUSH ("Allocate CPU and UM arrays", CLR_YELLOW) ;

// Allocate memory for C_cpu on CPU
double *C_cpu = (double*)malloc (N*N* (double)) ;

// Allocate memory for A, B, C for use on both CPU and GPU
double *A, *B, *C;

cudaErrorCheck ( cudaMallocManaged (&A, N*N* (double)) );
cudaErrorCheck ( cudaMallocManaged (&B, N*N* (double)) );
cudaErrorCheck ( cudaMallocManaged (&C, N*N* (double)) );
RANGE_POP;

// No explictit data transfer

// No explictit data transfer

required for arrays allocated with cudaMallocManaged

required for arrays allocated with cudaMallocManaged

Then use the common pointers on both CPU and GPU
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Multiple MP| Ranks

=

Compile the code

$ make

— Same process as previous version of the code
Run the code

S bsub submit.lsf
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Redundant Matrix Multiply — Visual Profiler

0.2]55 O.T‘:s 0.7|55 1|s 1.2|55 1.§s 1.7‘55 2‘5 2.2’755 2.§s 2.7.55 3.5 3.2|55 3.§s
Process "MPIRank 1" (67517)
[=| Process "MPI Rank 0" (67516)
[=| Thread 310560
- Runtime API [ cudafree || cudaEventSynchronize [N
L Driver API ||||| . l

Initialize Arrays (CPU)

Markers and Ranges
L Profiling Overhead
[=] Unified Memory
- 5F CPU Page Faults
[=| [0] Tesla V100-SXM2-16GB
[= Unified Memory
L 5F Data Migration (DtoH)
L 5F GPU Page Faults
L ¥ Data Migration (HtoD)
[=] Context MPI Rank O (CUDA)
L 57 MemCpy (HtoD)
[=] Compute
L 5F 100.0% volta_dg...
[=| Streams
- Stream 7
[1]Tesla V100-SXM2-16GB

CPU DGEMM GPU DGEMM (loop_cou...

U WO E 0 O
CPU Page Faults —i

D2H Data Migration

CPU Page Faults >

(initially, allocations are not backed by physical memory)

GPU Page Faults
H2D Data Migration
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Redundant Matrix Multiply — Visual Profiler

‘ 3.1|55 3.|2s 3.2|55 3.?5 3.%55 3.?5 3.4|55 3.|55 3.5|5

Process "MPI Rank 1" (67517)
|=| Process "MPI Rank 0" (67516)
[=|] Thread 310560

L Runtime API [— cudaEventSynchronize [ |
L Driver API

Markers and Ranges GPU DGEMM (loop_count times)
L Profiling Overhead 1 B
=] Unified Memory
- CPU Page Faults
[=| [0] Tesla V100-SXM2-16GB
[=| Unified Memory
L 5 Data Migration (DtoH)

Data Migration (DtoH) Data Migration (DtoH)
L 5 GPU Page Faults ' age Faults GPU Page Faults
L 5 Data Migration (HtoD) Data M|grat|on (HtoD) Data Migration (HtoD)
|=| Context MPI Rank O (CUDA)
=57 MemCpy (HtoD)
=l Compute e ———— —————
-7 100.0% volta_dg... e —————n——e—an———————
|= Streams
- sweam? [volta_dgemm_6ax6ann |
[1]) Tesla V100-SXM2-16GB

When data is needed on GPU (for the first GPU DGEMM), When data is needed on CPU (to compare CPU/GPU results),
GPU page faults trigger data migration from CPU to GPU. CPU page faults trigger data migration from GPU to CPU.
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Redundant Matrix Multiply — Visual Profiler

|=| Unified Memory

[= [0] Tesla V100-SXM2-16GB
|=] Unified Memory

[=| Context MPI Rank O (CUDA)

[1] Tesla V100-SXM2-16GB

\ 3.13s 3.14s 3.15s 3.16s 3.17s 3.18s 3.19s
Process "MPI Rank 1" (67517)
|=| Process "MPI Rank 0" (67516)
|=| Thread 310560
- Runtime AP! M ———— |

- Driver API
Markers and Ranges

= Profiling Overhead [P — [ Instrume... ||l |

L 5F CPU Page Faults

L 5F Data Migration (DtoH)

L 5F GPU Page Faults GPU Page Faults GPU Page Faults
L 5F Data Migration (HtoD) Data Migration (HtoD) Data Migration (HtoD)

L 5F MemCpy (HtoD) |

[=] Compute volta_dgemm_64x64_nn \olta_... volta_... volta_...
L 57 100.0% volta_dg... volta_dgemm_64x64_nn volta_... volta_... volta_...
[= Streams
L Stream 7 volta_dgemm_64x64_nn volta_... volta_...

The time for the 15 GPU DGEMM is increased due to page faults and data migration, while subsequent calls are not

since data is already on the GPU
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¥ Redundant Matrix Multiply — Visual Profiler

3'1.35 3'1.45 3.1]55

3.1]7 s

3.1]8 s

3.1]9 s

3.2.2 s

Process "MPI Rank 1" (67517)
|~ Process "MPI Rank 0" (67516)
|=] Thread 310560
L Runtime API|
- Driver API
Markers and Ranges
L Profiling Overhead
[=] Unified Memory
L 5F CPU Page Faults
|=| [0] Tesla V100-SXM2-16GB
[=] Unified Memory
L SF Data Migration (DtoH)
L 5F GPU Page Faults
L 5F Data Migration (HtoD)
|=] Context MPI Rank O (CUDA)
L 5F MemCpy (HtoD)
[=] Compute
- 5F 100.0% volta_dg...
[=] Streams
- Stream7
[1]Tesla V100-SXM2-16GB
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1 [Instrume.. | f |

GPU Page Faults
Data Migration (HtoD)

Groups of

page faults
for a given
time period

= Properties 52 =g

GPU Page Fault groups

The segment mode is used for this timeline. In this mode the timeline is split into equal width segments and
only aggregated data values for each time segment are shown.

Start 3.1395(3,138,706,395 ns)
End 3.1755(3,174,783,480 ns)
Duration 36.077 ms (36,077,085 ns)
Virtual Address Range 0x200080000000 - 0x20...
GPU Page Faults 14022

GPU Page Fault groups 105

Duration of GPU page faults 26.821 ms

Process 67516

The time taken to resolve GPU page faults within the segment
0-10% [0-3.608 ms]

10-20% [3.608ms-7.215 ms]
20-30% [7.215ms - 10.823 ms]
30-40% [10.823 ms-14.431 ms]
40-50% [14.431 ms- 18.039 ms]
50-60% [18.039 ms-21.646 ms]
60-70% [21.646 ms - 25.254 ms]
70-80% [25.254 ms - 28.862 ms]
80-90% [28.862 ms-32.469 ms]

90-100% [>32.469 ms]

volta_dgemm_64x64_nn
volta_dgemm_64x64_nn

volta_dgemm_64x64_nn

£l Properties £2

Data Migration (HtoD)

The segment mode is used for this timeline. In this mode the timeline is split into equal width segments and
only aggregated data values for each time segment are shown.

Start
End
Duration
Size
¥ Throughput
Min
Max

volta_... volta_... volta_...
volta_... volta_...

volta_... volta_... volta_...

Virtual Address Range
Duration of HtoD data migrations

Process

The time taken for data migrations from host to device within the segment

0-10%
10-20%
20-30%
30-40%
40-50%
50-60%
60-70%
70-80%
80-90%

90 - 100 %

[0 - 3.608 ms]

[3.608 ms - 7.215 ms]
[7.215 ms - 10.823 ms]
[10.823 ms - 14.431 ms]
[14.431 ms - 18.039 ms]
[18.039 ms - 21.646 ms]
[21.646 ms - 25.254 ms]
[25.254 ms - 28.862 ms]
[28.862 ms - 32.469 ms]
[>32.469 ms]

volta_... volta_...

volta_... volta_...

GPU Page Faults
Data Migration (HtoD)

. volta_... volta_... volta_...

3.139 5 (3,138,706,395 ns)
3.175s(3,174,783,480 ns)
36.077 ms (36,077,085 ns)
65.012 MB

18.124 GB/[s
41.98 GBfs
0x200080000000 - 0x20...
2.305 ms

67516

volta_... volta_...

volta_... volta_...

volta...
volta...

volta...

VO
VO

VO
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Kernel Analysis — Gathering Details Remotely

1. Gather a timeline for a short run.

$ Jsrun --smpiargs="none" -nl -cl -gl -al nvprof -fo
single gpu data.timelinelOO.nvprof ./run

2. Gather matching “analysis meftrics” (Runfime will explode due
to each kernel being replayed multiple times.

$ jsrun --smpiargs="none" -nl -cl -gl -al nvprof --analysis-metrics -fo
single gpu data.metriecsl00.nvprof ./run

If you cannot shorten your run any longer, it's possible to use the
--kernels opfion to only replay some kernels, but guided analysis
may not work as well.
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Kernel Details — Import into Visual Profiler

@ File->Import @ Select “Nvprof” then “Next >" Select “Single Process™
then “Next >"
@ NVIDIA Visual Profiler View Window Help @ = @ ® o
® O =+ New Session 3N Select Nvprof profile files
[~ j Open... %0 Import profile data generated by nvprof. Import profile data for a

Clone Session

Save Select an import source: o SNGle prooRss
Save As... Multiple processes
Save All

Command-line Profiler

23 Import... 3|

§ Import Nvprof Data O X

Import Profile Data for Single Process

Select one nvprof profile file containing timeline data and zero or more addition nvprof profile files containing
@ event and metric values.

Profile Files  Timeline Options

Click “Browse” next to “Timeline data

o : Connection: | Local v M ctions...

file” to locate the .nvprof file on your e = e

local sys’rem, then do the same for Timeline data file: | C:\Users\jlarkin\OneDrive - NVIDIA Corporation\2019\Profilers TutoriaI\single_gpu_data.timeline100.nv| Browse...

1] T M 1 M ) )
“Ev.e?]’rn/lv\e’mc data files,” then click Event/Metric data files:

INis C:\Users\jlarkin\OneDrive - NVIDIA Corporation\2019\Profilers Tutorial\single_gpu_data.metrics100.nvprof [Browse...i

= .

%OAK RIDGE  Remove |
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Visual Profiler Import — Common Warning

§ Dropped Invalid Data X

. Thestart and end timestamps on 9 kernels, memcpys, and other collected profile
LIA data are invalid. Those profiling records have been dropped and will not be displayed
in the timeline

)

—

This warning is very common when importing both fimelines and
metrics, particularly on very short runs. It can be safely ignored.

%OAK RIDGE

National Laboratory




Visual Profiler — Guided Analysis

‘ NVIDIA Visual Profiler
File View Window Run Help
CEE Wy K- RQAQE|FRILEL[A-

‘ *single_gpu_data.timeline100.nvprof &3 ’

[o H 0.1s 02s 03s 04s 05s 06s 07s 08s 09s 1s
1 1 1

[=] Process “run” (176968)
[=| Thread 294448

- OpenACC -ll.l.lllll

ML LI
- ormer T oevceprmancoetan I [T 1111 ] ]| copevicebrmancork.|

- Profiling Overhead ”l |I | " | ||
[=] 0] Tesla V100-5XM2-16GB
[=] Context 1 (CUDA)

L 7 MemCpy (HtoD) (0L (1L
L 7 MemCpy (DtoH) (NNEERIEEN

—is pjs = s ju & |8 |8 |

T Analysis £2 | [ GPU Details (Summary) | 4 CPU Details | [T OpenACC Details | ] OpenMP Details| EJ Console | T Settings| N.. = O |[E properties 52 =

= E @ ‘ [ Export PDF Repaort Results

1. CUDA Application Analysis Select or highlight a single interval to see properties

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

S.I.O r.I. WI.I.h O hlg h_ compute and data movement capabilities of the

GPU. To do this you should look at your

level overview of performance of individual kemets, -
application

performance.

E |1, Examine GPU Usage i

ot - e =BoDLL TR S e
reguires an application timeline, so your application will be run
once to collect it if it is not already available.

|1l Examine Individual Kernels

Determine which kernels are the most performance critical and
that have the most opportunity for improvement. This analysis
requires utiization data from every kernel, so your application will
e run once to collect that data if it is not already available.

%OAK RIDGE v
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Visual Profiler — Guided Analysis

‘ NVIDIA Visual Profiler - O X

File View Window Run Help

e WS- RQAA|E|F R|LEL[A

© *single_gpu_data.timeline100.nvprof &2 ’ = 8
[o H O.? s 0'.2 H O.? H O.llt s 0.|5 s 0.|6 s 0.I7 H O.I8 H 0.|9 s 1.5

[=] Process “run" (176968) A

[=| Thread 294448

e EEIEEEEEINEE
ML LI
- ormer T oevceprmancoetan I [T 1111 ] ]| copevicebrmancork.|

- Profiling Overhead ”l |I | " | ||

=] [0] Tesla V100-5XM2-16GB J_ LA RIHEYn
[=| Context 1 (CUDA)

L 7 MemCpy (HtoD) NN RERIEN
L 7 MemCpy (DtoH) (NNEERIEEN

— - . Eleaisle mliis s} v
IS Analysis 52 | B GPU Details (S )‘Etj CPU DetailsME] OpenACC Details‘@ OpenMP Details‘ =] Console‘f@ Settings‘ S, = O || E Properties &2 = B8
. Most applications . Results
] W|” see These \ ' & Low Memcpy/Kernel Overlap [ 0 ns /293122 ms = 0% ] * pelector highlight a single interval to see properties
| The percentage of time when memcpy is being performed in parallel with kernel is low.
2. Check Overall GPU Usage v

. - A & Low Kernel Concurrency [ 0 ns / 97.2522 ms = 0%]
The analysis results on the right indicate potential ) ) ) )
problems in how your application is taking advantage The percentage of time when two kernels are being executed in parallel is low.
of the GPU's available compute and data movement

capabilities. You should examine the information & Low Memcpy Throughput [ 6.775 MEB/s avg, for memcpys accounting for 3.5% of all memcpy time |
provided with each result to determine if you can . N ) o . ’ A|SO COm mon, mOy
make changes to your application to increase GPU The memory copies are not fully using the available host to device bandwidth. . .
| tilization — — indicate usage of
& Low Memcpy Overlap [ 0 ns /20515 ms = 0% ] N Iﬂned memo &
E il Examine Individual Kernels The percentage of time when two memory copies are being performed in parallel is low. U p ry
P — S synchronous data
additional optimization opportunities. & Low Compute Utilization [ 57.2522 ms / 87720252 ms = 11.1% ] .
The multiprocessors of one or more GPUs are mostly idle. co ples
May indicate / i Compute Utilization
INSU ff|C|e n'l' The device timeline shows an estimate of the amount of the total compute capacity being used by the kernels ex
amount of work. i NVLink Analysis

The following NVLink topology diagram shows legical NVLink connections between GPUs and CPUs. A logical N v
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Visual Profiler — Guided Analysis

‘ NVIDIA Visual Profiler — O
File View Window Run Help
g~ BHS-RQAQ(H[F R[ESL|A~
‘ *single_gpu_data.timeline100.nvprof &3 ’ =
[o H 0.] s O.IZ H 0.I3 H O.llt H 0.|5 s 0.|6 s 0.I7 H 0.I8 H 0.|9 H 1.5
[=] Process “run" (176968)
[=| Thread 294448
EIEERERINEN
- OpenACC
M il
- Driver API cuDevicePrimaryCtRetain UL L L L]l cuDevicePrimanCoR..]
- Profiling Overhead ”l |I | " | ||
=] [0] Tesla V100-5XM2-16GB LI JCCAMICMICADR
[=] Context 1 (CUDA)
-7 MemCpy (HtoD) 0 ([T
- MemCpy (DtoH) (NN EANEN
— - z e =lsis =) isls]
T Analysis £2 | [ GPU Details (Summary) | 4 CPU Details | [T OpenACC Details | ] OpenMP Details| EJ Console | T Settings| N.. = O |[E properties 52 =
ElE ¢ ‘ [i) Export PDF Report Results
1. CUDA Application Analysis & Low Memcpy/Kernel Overlap [ 0 ns / & | Select or highlight a single interval to see properties

The percentage of time when memcpy is being performed in parallel with kernel is low.
2. Check Overall GPU Usage :

) N . & Low Kernel Concurrency [ 0 ns /97.2522 ms = 0%
The analysis results on the right indicate potential ) ) ) )
problems in how your application is taking advantage The percentage of time when two kernels are being executed in parallel is low.

of the GPU's available compute and data movement

capabilities. You should examine the information & Low Memcpy Throughput [ 6.775 MB/s avg, for memcpys accounting for 3.5% of all memcpy time |
provided with each result to determine if you can ) . ) ) )
N ex.l. zo0m Iﬂ on make (:La:ges to your application to increase GPU : The memory copies are not fully using the available host to device bandwidth.
IndIVIdUC” kernel \ E A ——— ; & lowMemcpy(.)verlap[Dns 3.3515:11:—.0?.:‘] . . .
Op_I_ImIZO_I_IonS L : I'_'& jm":e navi :'3 €Ineis ‘ The percentage of time when two memory copies are being performed in parallel is low.

additional optimization opportunities. & Low Compute Utilization [ 97.2522 ms / 27780852 ms = 11.1% ]

The multiprocessors of one or more GPUs are mostly idle.

i Compute Utilization

The device timeline shows an estimate of the amount of the total compute capacity being used by the kernels ex

i NVLink Analysis
The following NVLink topology diagram shows legical NVLink connections between GPUs and CPUs. A logical N v
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Visual Profiler — Guided Analysis

This table ranks
the kernels by
bang for buck,
click the top one.

Click here to
deep dive on the
selected kernel.

%OAK RIDGE
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‘ NVIDIA Visual Profiler

2. Performance-Critical Kernels

The results on the right show your application’s

= O X
File View Window Run Help
g~ WS- RQAA(E|F R|LEL[A
© *single_gpu_data.timeline100.nvprof &2 | = 8
[o H 0.] s O.IZ H 0.? H 0.«]1 H O.T‘» s 0'.6 s 0.l7 H 0'.8 H 0.? H 1.5
[=] Process “run” (176968} A
[=| Thread 294448
e CT
0 T N
- Driver API cuDevicePrimaryCoetain L L L] I cuDevicePrimanCoR..|
L Profiling Overhead ||| |I | " | ||
=] [0] Tesla V100-5XM2-16GB L0 AN
[=] Context 1 (CUDA)
- MemCpy (HtoD) 0T
- 7 MemCpy (DtoH) (NN EAEEN y
— - p e = isis =)]sls]
C% Analysis 2 | I GPU Details (Summary) | i CPU Details | [T OpenACC Details | ] OpenMP Details| EJ Console | T Settings| N.. = O |[E properties 52 =g
ElE ¢ ‘ [ Export PDF Report Results
1. CUDA Application Analysis i Kernel Optimization Priorities Select or highlight a single interval to see properties

The following kernels are ordered by optimization importance based on execution time and achieved occupancy.
Optimization of higher ranked kernels (those that appear first in the list) is more likely to improve performance
compared to lower ranked kernels.

kernels ordered by potential for performance
improvement, Starting with the kernels with the

i ou should select an entry from the
table and then pe is to discover
additional optimization opportunities.

Perform Kernel Analysis

Selecta karnzlfrom the ableat right or from tha timeline to erable

Rank Description
100 [ 100 kernel instances ] main_123_gpu
66 [ 100 kernel instances ] main_134_gpu
37 [ 100 kernel instances ] main_127_gpu__red
5 [100 kernel instances ] main_148_gpu
2 [ 100 kernel instances ] main_142_gpu

kernzlamalysis. Thisaraly uires detailed profiling data, so your
apphzationwill b= runonce to collect that data for the kernzl if it i not

already avaibble

~

E |1, Perform Additional Analysis i

e
potentizl performance problems. After running this analysis, select any
of the new resuits at right to highlight the individual kernels for which
the analysis applies.




Visual Profiler — Guided Analysis — Bandwidth Bound

‘ NVIDIA Visual Profiler — O X

File View Window Run Help

= & MR- RQAR|E|F RILKEE|A~

§ *single_gpu_data.timeline100.nvprof &2 ’ = 8
MOS 0.1s 02s 03s 04s 05s 06s 07s 08s 09s 1s

[=] Process “run” (176968} A
[=| Thread 294448

- OpenACC

- Driver API
L Profiling Overhead
[=| [0] Tesla V100-SXM2-16GB
[=] Context 1 (CUDA)
L5 MemCpy (HtoD)
L ¥ MemCpy (DtoH)

EEEEEEDNNE| w

M o~

[l Analysis &2 ’& GPU Details (Summary) | [E1 CPU Details | [T4] OpenACC Details | (T3] OpenMP Details‘ =] Console‘ Ca Settings‘

N. — O [|EProp.. 82| T 8
= El @ ‘ il Export PDF Report Results
1. CUDA Application Analysis i Kernel Performance Is Bound By Memory Bandwidth —
For device "Tesla V100-SXM2-16GB" the kernel's compute utilization is significantly lower than its memory utilization. These Select or highlight a
. . . 2. Performance-Critical Kernels utilization levels indicate that the performance of the kernel is most likely being limited by the memory system. For this kernel the single interval to see
Th IS bOX W|” eSh ma Te limiting factor in the memory system is the bandwidth of the Device memory. properties

3. Compute, Bandwidth, or Latency Bound

the performance =
. . The first step in analyzing an individual kernel is to o)
||m|1'e|’ Of yOUI’ kerne| 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 "main_123_gpu’ is most likely limited by memory

bandwidth.
70
. . E |l Perform Memory Bandwidth Analysis i < - B Memory operations
C“C k here TO d ve =T f ‘_,-f EToTE TYETRE I TEoTy x E 50 I Control-flow operations
50 you should first perform memory bandwidth analysis to determine how itis = : : :
d e e p er O n Th O T limiting performance. - 40 Il Avithmetic operations
- B remory (Device)
|pe r-I.!:O rmance [yl Perform Compute Analysis 0
imiter

|1l Perform Latency Analysis

Compute and instruction and memory latency are fikely not the primary
performance bottlenacks for this kernel but you may still want to perform those

% OAK RIDGE analyses. ) Compute Memory [Device) v < >
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Visual Profiler — Guided Analysis — Bandwidth Bound

© NVIDIA Visual Profiler - O x

File View Window Run Help

e WS- RQAA|E|F R|LEL[A

© single_gpu_data.timeline100.nvprof &3 ’ = 8
[o H O.? s O.IZ H O.? H O.llt s 0.|5 s 0.|6 s 0.l7 H O.I8 H 0.|9 s 1.5

[=] Process “run” (176968} A

[=| Thread 294448

- OpenACC
v
TG Analysis £2 | I GPU Details (Summary) | 4 CPU Details | [T OpenACC Details | 5] OpenMP Details| EJ Console | T Settings| N. = O |[BProp.. 2| = B
HIEE ‘ sl Export PDF Report Results
~
1. CUDA Application Analysis & Global Memory Alignment and Access Pattern
Memory bandwidth is used most efficiently when each global memory load and store has proper alignment and access pattern. The ar Select or highlight a
2. Performance-Critical Kernels per assembly instruction. single interval to see
N T i e et Optimization: Select each entry below to open the source code to a global load or store within the kemel with an inefficient alignment or BIOESIHES
access pattern. For each load or store improve the alignment and access pattern of the memory access.
4. Memory Bandwidth
Memory bandwidth limits the performance of a kernel when v Line/File poisson2d.c - \gpfs\wolf\gen110\scratch\j2k\nvidia_profilers\jacobi\3_single_gpu_data
?ar;: :’e’ Tj‘:;:ergeb’"‘;::skie"r;:f ?::jrzz:Ir;?taf:iov::ein%ai?ataetttr?aet 126 Global Load L2 Transactions/Access = 9, Ideal Transactions/Access = 8 [ 4712194 L2 transactions for 524032 total executi
the ker?'nel is Iimityed by the b.andwidth availagle to the device 126 Global Load L2 Transactions/Access = 9, Ideal Transactions/Access = 8 [ 4712194 L2 transactions for 524032 total executi
memory. 126 Global Load L2 Transactions/Access = 9, |deal Transactions/Access = 8 [ 4712194 L2 transactions for 524032 total executi
Th IS IS 'I'h e f| N Ql Se'l' Of 5 : 126 Global Store L2 Transactions/Access = 9, Ideal Transactions/Access = 8 [ 4712194 L2 transactions for 524032 total executi
H H erun Analysis 126 Global Load L2 Transactions/Access = 9, Ideal Transactions/Access = 8 [ 4712194 L2 transactions for 524032 total executi
suggestions for this B — : ' : ; :
If you madify the kernel you need to rerun your appliation to update this amaisis 127 Global Load L2 Transactions/Access = 9, Ideal Transactions/Access = 8 [ 4712194 L2 transactions for 524032 total executi

kernel.

& 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 sh
utilization of each memory type relative to the maximum throughput supported by the memory. The results show that the kernel's per
is potentially limited by the bandwidth available from one or more of the memories on the device.

Optimization: Try the following optimizations for the memory with high bandwidth utilization.

Shared Memory - If possible use 64-bit accesses to shared memory and 8-byte bank mode to achieved 2x throughput.

L2 Cache - Align and block kemnel data to maximize L2 cache efficiency.

Unified Cache - Reallocate texture data to shared or global memory. Resolve alignment and access pattern issues for global
loads 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. v
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Visual Profiler — Guided Analysis — Latency Bound

Low Compute &
Memory utilization
points to being
latency bound.

Now a latency
analysis is
suggested
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© NVIDIA Visual Profiler
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‘ *single_gpu_data.timeline100.nvprof &3 ’

[Os 0.1s

[=] Process “run” (176968}
[=] Thread 294448

- OpenACC

- Driver API
L Profiling Overhead
[=] [0] Tesla V100-SXM2-16GB
[=] Context 1 (CUDA)
L5 MemCpy (HtoD)

v

[ Analysis &3 ’B GPU Details (Summary) | (£ CPU Details | [T4] OpenACC Details | [Tz OpenMP Details‘ =] Console‘ Ca Settings‘ .

E Prop.. 22| = O

ElE ¢ ‘ LIt} Export PDF Report

1. CUDA Application Analysis
Sy

e-Critical Kernels

3. Compute, Bandwidth, or

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 "main_127_gpu__red" is most likely limited by
instruction and memory latency.

E |l Perform Latency Analysis i

The most likely bottieneck to performance for this kernel s instruction and
memory latency so you should first perform instruction and memory latency
analysis to determine how it is imiting performance.

|1y, Perform Compute Analysis

|y, Perform Memory Bandwidth Analysis

Compute and memory bandwidth are fikely not the primary performance
pottlenacks for this kernel but you may still want to perform those analyses.

Rerun Analysis

Results

i Kernel Performance Is Bound By Instruction And Memory Latency

This kernel exhibits low compute throughput and memory bandwidth utilization relative to the peak performance of "Tesla
V100-SXM2-16GB". These utilization levels indicate that the performance of the kernel is most likely limited by the latency of
arithmetic or memory operations. Achieved compute throughput and/or memory bandwidth below 60% of peak typically indicates
latency issues.

100

5 60% B remory operations

E 50 I Control-flow operations

§ Il Arithmetic operations
407

B remory (Device)

102 _

Compute Memory (Device)

Select or highlight a
single interval to see
properties
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© NVIDIA Visual Profiler - O x

File View Window Run Help

e WS- RQAA|E|F R|LEL[A

© single_gpu_data.timeline100.nvprof &3 ’ = 8
[o H 0.} s O.IZ H 0.? H 0.11 s 0.|5 s O.|6 s O'.7 H O.I8 H 0.|9 s 1.5

[=] Process “run” (176968} A

[=| Thread 294448
- OpenACC

- Driver API
- Profiling Overhead
[=] [0] Tesla V100-SXM2-16GB
[=] Context 1 (CUDA)

L5 MemCpy (HtoD) v
C% Analysis £2 | [ GPU Details (Summary) | 4 CPU Details | (T3] OpenACC Details | [z OpenMP Details| EJ Console | T Settings| N. = O |[BProp.. 2| = O
HIEE ‘ sl Export PDF Report Beanlts
1. CUDA Application Analysis & Grid Size Too Small To Hide Compute And Memory Latency
. The kernel does not execute enough blocks to hide memory and operation latency. Typically the kernel grid size must be large enough Select or highlight a
2. Performance-Critical Kernels 4 to fill the GPU with multiple "waves" of blocks. Based on theoretical occupancy, device "Tesla V100-SXM2-16GB" can simultaneously single interval to see
) execute 8 blocks on each of the 80 SMs, so the kernel may need to execute a multiple of 640 blocks to hide the compute and memory properties
, 3. Compute, BandwndtW latency. If the kernel is executing concurrently with other kernels then fewer blocks will be required because the kernel is sharing the
The kerﬂe| doeSﬂ T dO SMs with those kernels.
4. and Memory Latency o
enouvu g h Work for ‘I’h e — Optimization: Increase the number of blocks executed by the kemel. More...
Instruction and memory latency limit the performance of a A )

G P U . kernel when the GPU does not have enough work to keep
busy. The results at right indicate that the GPU does not
have enough work because the kernel does not execute
enough blocks.

E |1, Examine Occupancy ;

Occupancy is 2 measure of how many warps the kernel has active on the GPU,
relative to the maximum number of warps supported by the GPU. Theoratical
oCcupancy provides an upper bound while achieved occupandy indicates the
kernel's actual occupancy. For this kernel, examining occupancy may not be
uzeful until you modify the kernel to execute more blocks because occupancy
analysis 3ssumes there are enough blocks to fill the GPUL

i1y, Show Kernel Profile - PC Sampling

The kernel profile shows the samples of various stall reasons collected at each
pc of the assembly instruction. Using this information you can pinpoint portions
of your kernel that are having high Iatency due to stall for 3 particular reason For

%0 AK RIDGE this kernel, examining stalls may not be useful until you modify the kernel to v < >
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Visual Profiler — Guided Analysis — Latency Bound

In other cases an
occupancy analysis
may be performed.

%OAK RIDGE
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‘ NVIDIA Visual Profiler — O X
File View Window Run Help
g~} Wy K- RQAQE|FRILEL[A~
‘ *single_gpu_data.timeline100.nvprof ‘ ‘ *vec_add_cuda.timeline.nvprof &2 = 8
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- Profiling Overhead
=] [0] Tesla V100-SXM2-16GB ‘
[=] Context 1 (CUDA)
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[l Analysis &2 | [ GPU Details (Summary)’Eti CPU Details | [T#] OpenACC Details | [T5) OpenMP Details | & Console | T Settings‘ N. — O [|EProp.. 82| T 8
HIEE ‘ lslyy Export PDF Report Becnlts
A
1. CUDA Application Analysis i Occupancy Is Not Limiting Kernel Performance add_vectors(int®, int*,...
The kernel's block size, register usage, and shared memory usage allow it to fully utilize all warps on the GPU. More... Queued
2. Performance-Critical Kernels - - - A e - .
Variable Achieved Theoretical Device Limit brld Size: [ 4096,1,1 ] (4096 blocks)Block Size: [ 256,1 Submitted
3. Compute, Bandwidth, or Latency Bound Occupancy Per SM :tadrt
n
4. Instruction and Memory Latency Active Blocks 3 2 * ————— ] Duration
d memory latency limit the performance of a A - - - Stream
kernel when t s not have enough work to keep Active Warps 53.8 64 64 - - . Grid Size
imi 0 9 18 2 36 45 54 64
busy. The performance of |a ed kernels can often Block Si
be improved by increasing occupancy. is a - ock Jize
measure of how many warps the kernel has active on st i 2035 0 512 1024 1536 2048 Registers/Thread
GPU, relative to the maximum number of warps supported by
the GPU. Theoretical occupancy provides an upper bound Occupancy 84.1% 100% 100% == D = 2 Ao Shared Memory/Blc
while achieved occupancy indicates the kernel's actual = = = = ___| Launch Type
occupancy. Warps v Occupancy
Achieved
I : ! - 1
E |1l Examine Occupancy ; Threads/Block 256 1024 2% 2 s 04 Theoretical
QOccupancy is 2 measure of how many warps the kernel has active on the GPU — ] v Shared Memory Cor
relative to the maximum number of warps supported by the GPU. Theoratical Warps/ Block 8 32 0 4 0 1') 1.6 0 2 4 30 3' b) 4
occupandy provides an upper bound while achieved occupandy indicates the - - - - - - - Shared Memory
kernels actusl occupany. Block Limit 3 32 F ————— 1 Shared Memory
|1, Show Kernel Profile - PC Sampling Registers
ot e e o e e it o oan arenos sone ¥ | | Reicters/Thread 16 g | | : : : A >




Visual Profiler — Guided Analysis — Compute Bound

High compute
utilization indicates
the kernel is compute
bound.

Now a compute
analysis is
suggested
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=] Thread 310560 |
L Runtime API
L Driver API |
[=] Markers and Ranges
- Default Domain ‘
- Profiling Overhead
=] [0] Tesla V100-SXM2-16GB ‘
[=] Context MPI Rank 0 (CUDA)

© NVIDIA Visual Profiler - O X

File View Window Run Help

=1 BWRS-RQAQ|BE|F R|[ESL|A-

© *mat_mul_nvixtimeline.0.nvprof &2 ‘ = 8
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[=] Process "MPI Rank 0" (180175) . A

_.-l

v

2 GPU Details (Summary) ’ [E4 CPU Details | [T5) OpenACC Details | [T] OpenMP Details| & Console| T Settings‘

¢

[ Analysis &3

=l = ‘ |1lyy Export PDF Report
1. CUDA Application Analysis

—y
wa Kernels

3. Compute, BMWM

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 “volta_dgemm_64x64_nn" is most likely limited by
compute,

E |l Perform Compute Analysis i

The most likely bottleneck to performance for this kernel is compute 0 you
should first perform compute analysis to determine how it is limiting
performance.

|1y, Perform Latency Analysis

|1y, Perform Memory Bandwidth Analysis

Instruction and memory Iatency and memory bandwidth are likely not the
primary performance bottienacks for this kernel, but you may still want to
perform those analyses.

Rerun Analysis v

Results

8 || E Prop... &2 \i

i Kernel Performance Is Bound By Compute

1002

Wilization

Function Unit (Double)

For device "Tesla V100-SXM2-16GB" the kernel's memory utilization is significantly lower than its compute utilization. These utilization
levels indicate that the performance of the kernel is most likely being limited by computation on the SMs.

Memory [Texture]

Select or highlight a
single interval to see
properties
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© NVIDIA Visual Profiler - m] X
File View Window Run Help
g~ WS- RQAQ[E|F R|LEE[A
© *mat_mul_nvixtimeline.0.nvprof &2 ‘ = 8
lO H 0.25s 05s 0.7|5 H 1.5 1.2|5 H 15s 1755 2.5 2.2|5 H 2.? s 275s 3s
1 1 1 1 1 1
[=] Process "MPI Rank 0" (180175) A
[=] Thread 310560
~ Runtime API v
5 Analysis 52 | I GPU Details (Summary) | CPU Details | [T2] OpenACC Details | [Tz OpenMP Details| EJ Console| (i Setings | N, © O |[Eprop.. 2| = B
ElE ¢ \ Llt] Export PDF Report Results
A
Different types of instructions are executed on different function units within each SM. Performance can be limited if a function unit Select or highlight a
2. Performance-Critical Kernels is over-used by the instructions executed by the kernel. The following results show that the kernel's performance is potentially single interval to see
) limited by overuse of the following function units: Double. properties
3. Compute, Bandwidth, or Latency Bound Load/Store - Load and store instructions for shared and constant memory. T
4 R Texture - Load and store instructions for local, global, and texture memory.
. [TIEE ESTIEES Half - Half-precision floating-point arithmetic instructions.
GPU compute resources limit the performance of a kernel when Single - Single-precision integer and floating-point arithmetic instructions.
those resources are insufficient or poorly utilized. Compute Double - Double-precision floating-point arithmetic instructions.
resources are used most efficiently when instructions do not Special - Special arithmetic instructions such as sin, cos, popc, etc.
overuse a function unit. The results at right indicate that Control-Flow - Direct and indirect branches, jumps, and calls.
compute performance may be limited by overuse of a function
unit. /
This kernel performs @ netction Bxecution
| profile shows the execution count, inactive threads, and predicated
| OT Of d O U b | e - threads for 2ach source and 3s3embly fine of the kernel Using this information you High
el can pinpoint portions of your kernel that are making inefficient use of compute
p re C IS I O n m O T h . resource due to divergence and predication. g
Rerun Analysis —='
S e
If you madify the kernzelyou need to rerun your appliation to update thisama sis ﬁ Med
N
5
Low
LoadiStore Texture Half Single Double Special  Control-Flow
1 _Instruction Execution Counts
The following chart shows the mix of instructions executed by the kernel. The instructions are grouped into classes and for each
%OAK RIDGE class the chart shows the percentage of thread execution cycles that were devoted to executing instructions in that class. The VL€ >
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"Poor Man’s” Guided Analysis

e« Sometimes you can get enough information from a simple
nvprof run to get you started.

o Utilization will be shown as a scale from 1 (Low) to 10 (Max)

$ jsrun -nl -cl -gl -al nvprof -m dram utilization,12 utilization,double precision_fu utilization,achieved occupancy ./redundant mm

2048 100

==13250== NVPROF is profiling process 13250, command: ./redundant mm 2048 100 Id : . MEE "
— eally, something will be “High

==13250== Some kernel(s) will be replayed on device 0 in order to collect all events/metrics. Y 9 9

or “Max”. If everything is “Low”,
check you have enough work
and check occupancy.

==13250== Profiling application: ./redundant mm 2048 100

(N = 2048) Max Total Time: 10.532436 Max GPU Time: 8.349185

Rank 000, HWThread 002, GPU 0O, Node h49nl6 - Total Time: 10.532436 GPU Time: 8.349185
==13250== Profiling result:
==13250== Metric result:
Invocations

Device "Tesla V100-SXM2-16GB (0)"

Metric Name Metric Description Min Max Avg

Kernel: volta dgemm 64x64 nn
100 dram utilization Device Memory Utilization Low (1) Low (2) Low (1)
100 12 utilization L2 Cache Utilization Low (2) Low (2) Low (2)
100 double precision fu utilization Double-Precision Function Unit Utilization Max (10) Max (10) Max (10)
100 achieved occupancy Achieved Occupancy 0.114002 0.120720 0.118229
%OAK RIDGE
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Summary
 How to generate text and visual output using the NVIDIA profilers

The workflow for using the NVIDIA profilers on Summit
« Generate visual output remotely
« Scp visual output to local machine
« Explore using NVIDIA Visual Profiler on local machine

A simple example of how the text+visual profiles might be used when
porfing an application to run on GPUs

How to profile multiple MPI ranks (when not too many!)

How to insert simple annotations into visual profiles using NVTX
 How to interpret Unified Memory results in the visual profiler

« How to perform remote kernel analysis
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