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HZAA: Related Programming Models:
OpenCL

@ OpenCL Data Parallelism Model
@ OpenCL Device Architecture
@ OpenCL Host Code

— OpenCL was initiated by Apple and maintained by
the Khronos Group (also home of OpenGL) as an
industry standard API

— For cross-platform parallel programming in CPUs, GPUs,
DSPs, FPGAs,...

—OpenCL draws heavily on CUDA

— Easy to learn for CUDA programmers

—OpenCL host code is much more complex and
tedious due to desire to maximize portability and
to minimize burden on vendors
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— An OpenCL “program” is a C program that contains one
or more “kernels” and any supporting routines that run
on a target device

— An OpenCL kernel is the basic unit of parallel code that
can be executed on a target device

OpenCL Program

Misc support
functions

| Kernel A |

| Kernel B |

| Kernel C |

—Integrated host+device app C program
—Serial or modestly parallel parts in host C code

—Highly parallel parts in device SPMD kernel C
code
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OpenCL Parallelism CUDA Equivalent
Concept

host host

device device

kernel kernel

host program host program
NDRange (index space) grid

work item thread

work group block

— Code that executes on target devices

— Kernel body is instantiated once for each work item
— An OpenCL work item is equivalent to a CUDA thread

— Each OpenCL work item gets a unique index
__kernel void wvadd(__global const float *a,
__global const float *b,

__global float *result)

int id = get_global id(0);

result[id] = a[id] + b[id]:;
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—An OpenCL kernel is executed by an
array of work items

—All work items run the same code (SPMD)

—Each work item can call get_global_id() to get
its index for computing memory addresses and
make control decisions

work group 0 work group 1 work group 7

work items Lo 11 |23 a5 e 7] [ [o 1011|1213 1a]15] Lse sz Lol solanlas lepleal

—Divide monolithic work item array into
work groups

—Work items within a work group cooperate via

—~Work items in different work groups cannot
cooperate

—OpenCL counter part of CUDA Thread
Blocks
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OpenCL API Call

Explanation

CUDA Equivalent

get_global_id(0);

global index of the work
item in the x dimension

blockldx.x*blockDim.x+t
hreadldx.x

get_local_id(0)

local index of the work
item within the work
group in the x dimension

threadldx.x

get_global_size(0);

size of NDRange in the x
dimension

gridDim.x*blockDim.x

get_local_size(0);

Size of each work group
in the x dimension

blockDim.x

Work Group
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—Parallel work is submitted to devices by
launching kernels

— Kernels run over global dimension index ranges
(NDRange), broken up into “work groups”, and
“work items”

—Work items executing within the same work
group can synchronize with each other with
barriers or memory fences

—Work items in different work groups can’t sync
with each other, except by terminating the kernel

HZ AL : Related Programming Models:
OpenCL

@D OpenCL Data Parallelism Model
@ OpenCL Device Architecture
@ OpenCL Host Code
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— OpenCL exposes CPUs, GPUs, and other Accelerators
as “devices”

— Each device contains one or more “compute units”, i.e.

cores, Streaming Multicprocessors, etc...

— Each compute unit contains one or more SIMD
“processing elements”, (i.e. SP in CUDA)
OpenCL Device

Compute Unit

) e

Compute Unit

ey e

Compute Device

Compute unit 7 Compute unit A
Private Private Private Private
memory ¥ memory fif memory ¥ memory fif

i F A
Local Local
memory ¥ memory N

h h

‘ Global/iConstant Memory Data Cache ‘

L3 L

W

‘ Global Memory ‘

‘ Constant Memory ‘

Compute Device Memory
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OpenCL Device Memory Types
MemoryType __|Hostaccess _|Doviceaccess | CUDAEquivalont |

global memory

global memory Dynamic allocation;

Read/write access

constant memory Dynamic allocation;

read/write access

local memory Dynamic allocation;

no access

No allocation; no
access

private memory

No allocation;
Read/write access by all
work items in all work
groups, large and slow
but may be cached in
some devices.

Static allocation; read-
only access by all work
items.

Static allocation; shared
read-write access by all
work items in a work
group.

Static allocation;
Read/write access by a
single work item.

constant memory

shared memory

registers and local
memory

OpenCL Context

—Contains one or more devices

—OpenCL device memory objects are
associated with a context, not a specific

OpenCL Context

OpenCL Device
oo|[ool[col[co
mjm]||=j=]|j=j=])j=]=

OpenCL Device
oo|[col[col[co
oOo|o0o|oo|oo
oo|[oO|[oco|[co
oo|oo|oo|loo
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%

A% : Related Programming Models:

OpenCL

@D OpenCL Data Parallelism Model
@ OpenCL Device Architecture
@ OpenCL Host Code

— Contains one or more devices

— OpenCL memory objects are associated with a
context, not a specific device

—clCreateBuffer() is the main data object allocation
function

— error if an allocation is too large for any device in the context

— Each device needs its own work queue(s)

—Memory copy transfers are associated with a
command queue (thus a specific device)

10
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cl int clerr = CL_SUCCESS;

cl _context clctx = clCreateContextFromType (0,
CL DEVICE TYPE ALL, NULL, NULL, &clerr);

size_t parmsz;

clerr = clGetContextInfo(clctx, CL_CONTEXT DEVICES, 0, NULL,
&parmsz) ;

cl _device_id* cldevs = (cl_device_id *) malloc(parmsz) ;

clerr = clGetContextInfo(clctx, CL_CONTEXT DEVICES, parmsz,
cldevs, NULL) ;

cl command queue clcmdqg = clCreateCommandQueue (clctx, cldevs[O0],
0, &clerr);

Kitis licensed by NVIDIA and the University of Illinois under the Creative Commons Attribution-NonCommercial 4.0 International License

const char* vaddsrc = OpenCL kernel source code as a big string
“ kernel void vadd(__global oat *d A, global float *d_B,
__global float *d_C, int N) { \n" [..etc and so forth..]

cl_program clpgm; Gives raw source code string(s) to OpenCL

clpgm = clCreateProgramWithSource(clttx, 1, &vaddsrc, NULL,

&clerr) ;

Set compiler flags, compile source, and
char clcompileflags[4096]; retrieve a handle to the “vadd” kernel

sprintf (clcompileflags, “_cl-mad-enable~—

clerr = clBuildProgram(clpgm, O, NULL, clcompileflags, NULL,
NULL) ;

cl kernel clkern = clCreateKernel (clpgm, “vadd", &clerr);

The GPU Teaching Kitis licensed by NVIDIA and the University of Hlinois under the Creative Commons Attribution-NonCommercial 4.0 International License.

11
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—clCreateBuffer();

— Allocates object in the device Global Memory
— Returns a pointer to the object
— Requires five parameters
— OpenCL context pointer
— Flags for access type by device (read/write, etc.)
— Size of allocated object
— Host memory pointer, if used in copy-from-host mode

— Error code

— clReleaseMemObject()

— Frees object

— Pointer to freed object

—Code example:

—Allocate a 1024 single precision float array
—Attach the allocated storage tod_a

—“d_" is often used to indicate a device data
structure
VECTOR SIZE = 1024;
cl mem d_a;
int size = VECTOR SIZE* sizeof (float);

d a = clCreateBuffer (clctx, size, NULL,
NULL) ;

clReleaseMemObject(d a);

12
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OpenCL Device Command Execution

Applicatio >l Command > Cmd Queue
: Cmd Queue
Command o
|
+
OpenCL Device OpenCL Device
ool (ool ool (oo OOl (ool (ool /oo
o o o |
I o |
OpenCL Context SmmmjmElEn

OpenCL Host-to-Device Data Transfer

—clEnqueueWriteBuffer() ;

— Memory data transfer to device
— Requires nine parameters
— OpenCL command queue pointer
— Destination OpenCL memory buffer
— Blocking flag
— Offset in bytes
— Size (in bytes) of written data
— Source host memory pointer
— List of events to be completed before execution of this command

— Event object tied to this command

13
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—clEnqueueReadBuffer () ;

— Memory data transfer to host
— requires nine parameters
— OpenCL command queue pointer
— Source OpenCL memory buffer
— Blocking flag
— Offset in bytes
— Size of bytes of read data
— Destination host memory pointer
— List of events to be completed before execution of this command

— Event object tied to this command

—Code example:

—Transfer a 64 * 64 single precision float array

—a is in host memory and d_a is in device
memory

clEnqueueWriteBuffer (clcmdq, d a, CL FALSE, O,

mem size, (const void * )a, 0, 0, NULL);

clEnqueueReadBuffer (clcmdgq, d result, CL FALSE, O,
mem size, (void * ) host result, 0, 0, NULL);

14
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—clCreateBuffer and clEnqueueWriteBuffer can be
combined into a single command using special flags.

— Eg:
— d_A=clCreateBuffer (clctxt,
— CL_MEM READ ONLY | CL_MEM COPY HOST_ PTR,

mem 51ze, h™ _A, NULL) ;

— Combination of 2 flags here. CL. MEM COPY HOST_ PTR to be used
only if a valid host pointer is specified.

— This creates a memory buffer on the device, and copies data from
h_A into d_A.

— Includes an implicit clEnqueueWriteBuffer operation, for all
devices/command queues tied to the context clctxt.

float *h A = ., *h B = ..;
// allocate device (GPU) memory
cl mem d A, d B, d C;
d A = clCreateBuffer(clctx, CL_MEM READ ONLY |
CL_MEM COPY HOST PTR, N *sizeof(float), h A,

NULL) ;
d B = clCreateBuffer(clctx, CL_MEM READ ONLY |
CL_MEM COPY HOST PTR, N *sizeof(float), h_B,
NULL) ;

d C = clCreateBuffer(clctx, CL_MEM WRITE ONLY,
N *sizeof(float), NULL, NULL);

15
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clkern=clCreateKernel (clpgm, “wvadd", NULL);

clerr= clSetKernelArg(clkern, O,
sizeof (cl mem), (void *)&d A);

clerr= clSetKernelArg(clkern, 1,
sizeof(cl _mem), (void *)&d B);

clerr= clSetKernelArg(clkern, 2,
sizeof (cl mem), (void *)&d C);

clerr= clSetKernelArg(clkern, 3, sizeof(int),

&N) ;

cl_event event=NULL;

clerr= clEnqueueNDRangeKernel (clcmdq, clkern,

Gsz, Bsz, 0, NULL, &event) ;
clerr= clWaitForEvents(l, &event);
clEnqueueReadBuffer (clcmdq, d C, CL TRUE, O,
N*sizeof (float), h_C, 0, NULL, NULL);
clReleaseMemObject(d A) ;
clReleaseMemObject (d_B) ;
clReleaseMemObject(d C) ;

}

2,

NULL,

16
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HIZ AL : Related Programming Models:
OpenACC

@ Introduction to OpenACC
@ OpenACC Subtleties
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OpenACC

The OpenACC Application Programming
Interface provides a set of

compiler directives (pragmas)
library routines and

environment variables

that can be used to write data parallel Fortran,
C and C++ programs that run on accelerator
devices including GPUs and CPUs

—In C and C++, the #pragma
directive is the method to
provide to the compiler
information that is not specified
in the standard language.

—These pragmas extend the base
language

18



2025Fk

Vector Addition in OpenACC

void VecAdd(float *  restrict_  output, const
float * inputl, const float * input 2, int
inputLength)

#pragma acc parallel loop
copyin(inputl[0O:inputlLength] ,input2[0:inputLengt
hl), copyout (output[0:inputLength])

for(i = 0; i < inputLength; ++i) {

output[i] = inputl[i] + input2[i];

} The GPU Teaching Kit is licensed by NVIDIA and the University of llinois under the Creative Commons Attribution-NonCommercial 4.0 International License.

Simple Matrix-Matrix Multiplication in
OpenACC

. void computeAcc(float *P, const float *M, const float *N, int Mh, int Mw, int Nw)

{
#pragma acc parallel loop copyin(M[0:Mh*Mw]) copyin(N[O:Mw*Nw]) copyout (P[0:Mh*Nw])

1

2

3

4. for (int i=0; i<Mh; i++) {
5 #pragma acc loop

6 for (int j=0; Jj<Nw; j++) {
7 float sum = 0;

8

for (int k=0; k<Mw; k++) {

9. float a = M[i*Mw+k];
10. float b = N[k*Nw+]j];
11. sum += a*b;

12. }

13. P[i*Nw+j] = sum;

14. }

15. }

16. }

=

The GPU Teaching Kit s licensed by NVIDIA and the University of Illinois under the Creative Commons Attribution-NonCommercial 4.0 Intemational License.

19
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1. void computeAcc(float *P, const float *M, const float *N, int Mh, int Mw, int Nw)

2. {

3. #pragma acc parallel loop copyin(M[0:Mh*Mw]) copyin(N[0:Mw*Nw]) copyout(P[0:Mh*Nw])
4. for (int i=0; i<Mh; i++) {

5. #pragma acc loop

S The code is almost

8. for (int k=0; k<Mw; k++) { identical tO the

° float a = MIFMwkl; sequential version,

10. float b = N[k*Nw+j];

1. sum += a*b; except for the tWO

o lines with #pragma at
13. P[i*Nw+j] = sum; - -

14 ) line 3 and line 5.

15. }

16. }

1. void computeAcc(float *P, const float *M, const float *N, int Mh, int Mw, int Nw)

2. {

3. #pragma acc parallel loop copyin(M[0:Mh*Mw]) copyin(N[0:Mw*Nw]) copyout(P[0:Mh*Nw])
4. for (int i=0; i<Mh; i++) {

5. #pragma acc loop

orintj=0 jonws o0 ¢ 1 e #pragma at line 3 tells

6

7. floatsum=0; the compiler to generate

8. for (int k=0; k<Mw; k++) { (s -

9. float a = M[i*Mw+k]; code for the ‘i |00p at line 4
1o foate =Ml through 15 so that the loop
2. 3 iterations are executed at
s e the first level of parallelism
5. ) on the accelerator.

20
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1. void computeAcc(float *P, const float *M, const float *N, int Mh, int Mw, int Nw)

2. {

3. #pragma acc parallel loop copyin(M[0:Mh*Mw]) copyin(N[0:Mw*Nw]) copyout(P[0:Mh*Nw])
4. for (int i=0; i<Mh; i++) {

5. #pragma acc loop

for (int =03 j<Nw; j++) { The copyin() clause and the

6
7. float sum = 0;
8

ror (int k=0; kemw; k++) { - COPYOUL() clause specify

o femasmiwedi o how the compiler should

1. sum += a*b; arrange for the matrix data
el < sum to be transferred between
4.} the host and the accelerator.
15. }

16. }

1. void computeAcc(float *P, const float *M, const float *N, int Mh, int Mw, int Nw)
2.

3. #pragma acc parallel loop copyin(M[0:Mh*Mw]) copyin(N[0:Mw*Nw])
copyout(P[0:Mh*Nw])

4. for (int i=0; i<Mh; i++) {

#pragma acc loop

5

6. for (int j=0; j<Nw; j++) {
7 float sum = 0;

8

for (int k=0; k<Mw; k++) {

9. float a = M[i*Mw+k];
10. float b = N[k*Nw+j];
1. sum += a*b;

12. }

13. PLi*Nw+j] = sum;

14, }

15. }

16. }

21
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—OpenACC programmers can often start

with writing a sequential version and then

annotate their sequential program with
OpenACC directives.

—leave most of the details in generating a kernel,
memory allocation, and data transfers to the
OpenACC compiler.

—OpenACC code can be compiled by non-
OpenACC compllers by ignoring the
pragmas.

—Some OpenACC pragmas are hints to the
OpenACC compiler, which may or may not
be able to act accordingly

—~The performance of an OpenACC program

depends heavily on the quality of the compiler.

—It may be hard to figure out why the compiler
cannot act according to your hints

—The uncertainty is much less so for CUDA or
OpenCL programs

22
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OpenACC Device Model
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HIZMNZE: Related Programming Models:
OpenACC

@ Introduction to OpenACC
@ OpenACC Subtleties

Parallel vs. Loop Constructs

#pragma acc parallel loop copyin(M[0:Mh*Mw]) copyin(N[0:Mw*Nw])
copyout(P[0:Mh*Nw])

for (int i=0; i<Mh; i++) {

is equivalent to:
#pragma acc parallel copyin(M[0:Mh*Mw]) copyin(N[0O:Mw*Nw]) copyout(P[0:Mh*Nw])
{
#pragma acc loop
for (int i=0; i<Mh; i++) {

(a parallel region that consists of a single loop)
The GPU Teaching Kit is licensed by NVIDIA and the University of Illinois under the Creative Commons Attribution-NonCommercial 4.0 International License.

24
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#pragma acc parallel copyout(a) num_gangs(1024)
num_workers(32)

{ -, 1024*32 workers will be created. a=23
) " will be executed redundantly by all

1024 gang leads

— A parallel construct is executed on an
accelerator

—One can specify the number of gangs and
number of workers in each gang

— Equivalent to CUDA blocks and threads

#pragma acc parallel #pragma acc parallel
num_gangs(1024) num_gangs(1024)
{ {

for (int i=0; i<2048; #pragma acc loop gang
i++) {

for (int i=0; i<2048; i++) {

25
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#pragma acc parallel num_gangs(1024) num workers (32)
{
#pragma acc loop gang
for (int i=0; i<2048; i++) {
#pragma acc loop worker
for (int j=0; j<512; j++) {

foo(i,3j):

}

1024*32=32K workers will be created, each executing 1M/32K = 32
instance of foo()

—Statements 1, 3, 5, 6 are redundantly
executed by 32 gangs

#pragma acc parallel num_gangs(32)

#pragma acc parallel num_gangs(32) {
{
Statement 1; Statement 3;
#pragma acc loop gang #pragma acc loop gang
for (int i=0; i<n; i++) { for (int i=0; i<m; i++) {
Statement 2; Statement 4;
} }
Statement 5;
} if (condition) Statement 6;
}

26
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—The iterations of the n and m for-loop
iterations are distributed to 32 gangs

—Each gang could further distribute the
iterations to its workers

—~The number of workers in each gang
will be determined by the
compiler/runtime

#pragma acc parallel num_gangs(32)

{

#pragma acc parallel
num_gangs(32)

{

Statement 3;
Statement 1;

#pragma acc loop gang
#pragma acc loop gang

for (int i=0; i<m; i++) {
for (int i=0; i<n; i++) {
Statement 4;

}

Statement 5;

Statement 2;

if (condition) Statement 6;

27
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—Statements 1, 3, 5, 6
will be executed
only once

—Iterations of the n
and m loops will be
distributed to 32
workers

#pragma acc parallel num_gangs(1)
num_workers(32)

{

Statement 1;

#pragma acc loop worker

for (int i=0; i<n; i++) {
Statement 2;

}

Statement 3;

#pragma acc loop worker

for (int i=0; i<m; i++) {
Statement 4;

}

Statement 5;

if (condition) Statement 6;

—Kernel constructs are
descriptive of
programmer

intentions

—The compiler has a lot of
flexibility in its use of the
information

—This is in contrast
with Parallel, which is
prescriptive of the
action for the compile
follow

#pragma acc kernels
{
#pragma acc loop gang(1024)
for (int i=0; i<2048; i++) {
a[i] = b[il;
}
#pragma acc loop gang(512)
for (int j=0; j<2048; j++) {
c[i] = a[jl*2;

}

for (int k=0; k<2048; k++) {
d[k] = c[k];

}

28
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—Code in a kernel
region can be broken
into multiple
CUDA/OpenCL kernels

—The i, j, k loops can

each become a kernel

—The k-loop may even remain
as host code

—Each kernel can have
a different
gang/worker
configuration

#pragma acc kernels
{
#pragma acc loop gang(1024)
for (int i=0; i<2048; i++) {
a[i] = b[i];
}
#pragma acc loop gang(512)
for (int j=0; j<2048; j++) {
c[i] = a[jI*2;
}
for (int k=0; k<2048; k++) {
d[k] = c[k];
}

HRAR
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HIEAZE: Multi-GPU: OpenMP

® OpenMP

@ Multi GPU Introduction I

@ Multi GPU Introduction II

@ Multi GPU patterns with OpenMP & Cooperative Groups

e A parallel programming model based on the concepts of
multithreading and shared memory

e OpenMP programs consists on annotations written into the
serial code, called directives

eNeeds a compiler with OpenMP support, which will translate the
directives to the actual parallel code

eHighly portable across systems

eLimited to a single computer, however it can handle several
processors

30
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Process parallelism Threaded parallelism

e Uses local memory forcing each e Uses shared memory, enabling all
parallel worker to have its own parallel workers to access the same
memory space. memory space.

e It needs explicit data sharing

: ’ e e |It’s controlled by a main thread, with all
routines creating communication

threads running on a single process.

overhead.
e It’s controlled by a main process. e It can’t scale beyond a single computer.
e It can scale to multiple computers. e Example: OpenMP

e Example: MPI (see Module 18)

\[eTe [-X1]

Thread 0 Thread 1

- Thread 2 Thread 3

e OpenMP is a directive based _Example para"el behavior of

parallel programming model, calling a function inside a
meaning we annotate the code to para"el region.
introduce parallelism. #pragma omp parallel

{

e The directive to create a parallel

foo();

region is:

e #pragma omp parallel

Thread 0 Thread 1 Thread 2

e This pragma is added right before
the block of code to parallelize. foo() foo() foo()

¢ This pragma runs the Visualization of the behavior

instructions inside the code of the para"e| region
block in each parallel thread.

31
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e OpenMP is aware that in many —Serial version of the vector
cases “for” loops are a source sum algorithm:
for introducing parallelism, for(inti=0;i<n; ++i) {

that is why it has special

directives for loops c[i] = a[i] + bli];

e To parallelize a for loop exists }
the directive: —Parallel OpenMP version of the

e #pragma omp parallel for vector sum algorithm:

e This pragma is added right #praama om arallel for
before the for loop to parallelize. P . 9 . _p P .

e An OpenMP compiler will for(inti=0; i <n; ++i) {
identify the pragma and create a c[i] = a[i] + b[i];
program where the loop is }

executed in parallel.

eEach variable used inside the loop has a kind determining if
it’s accessible by other threads: shared, private, firstprivate,
lastprivate

eShared variables are accessible by every thread in the region

ePrivate variables are local to each thread and are not
initialized

eFirstprivate behave similarly to private variables but are
initialized with the value before the parallel region

eUnless otherwise stated, every variable outside the loop will
be considered shared and every inside the loop will be
considered private

32
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e By default every parallel region
will wait until the region is
finished before executing other
instructions. To change this
behavior use the nowait option
when declaring the parallel
region

e #pragma omp barrier specifies
a synchronization point
equivalent to __syncthreads()
in CUDA, the pragma is not
associated to a block of code

#pragma omp parallel for
for(inti =0; i < n; ++i) {
c[i] = a[i] + b[i];

#pragma omp barrier

cl[i]+=i>=17?c[i-1]:0;

e Critical sections:
e Are executed by only one thread
at a time
e Are associated to a block of code

e #pragma omp critical
eSingle sections:

e Are executed by only one thread
of the team
e Are associated to a block of code

e #pragma omp single

inta=0;
intb =0;
#pragma omp parallel num_threads(4)
{
#pragma omp critical
a+=1;
#pragma omp single
b +=1;
}

e a final value is 4, because each thread
executed the section one at a time

e b final value is 1, because only one
thread executed the section
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OpenMP API

e¢OpenMP in addition to the
directives have an API, to
control or obtain certain
runtime parameters.

e As is the case with CUDA,
OpenMP allows users to set
the number of threads, get
the number of threads and
uniquely identify each
thread.

eomp_set _num_threads( int):

e Sets the desired number of threads
to be used by the OpenMP runtime
on subsequent parallel regions.

eomp_get num_threads():

e Returns the number of threads
being used in the parallel region.

eomp_get thread _num():

e Returns a numeric identifier for the
calling thread, with different
threads having different identifiers.

Matrix Vector Multiplication OpenMP example

void tileMultiply(double* A, double* x,

int rid = omp_get_thread num() * tileSize;
for(int r = rid; r < min(rows,
double sum = 0;
for(int ¢ = 0;

c < cols; ++c)

sum += A[r * cols + c] * x[c];
row and x

y[r] = sum;
result
}
}
#pragma omp parallel
{
int tnum = omp_get_num_threads();

int tileSize = (rows + tnum - 1) / tnum;

tileMultiply (A,
multiplication

}

x, t, rows, cols,

tileSize) ;

double vy,

rid + tileSize) ;

int rows, int cols, int tileSize) {
// Get the first row in the tile to compute

++r ) { // Iterate through the rows in the tile

// Accumulate the dot product between r-

// Store the result into the

// Create a parallel region

// Get the number of threads executing the region
// Calculate the number of rows in a tile

// Dispatch the function calculating the
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e OpenMP compilers typically will ignore the OpenMP pragmas unless we
specify the OpenMP flag.

e To use the API functions you need to include in the appropriate file:
e #include <omp.h>
e Examples:

e GCC & Clang: to compile an OpenMP annotated source file we use:
e gcc <file to compile> -fopenmp
e clang <file to compile> -fopenmp

e Additionally if there are multiple OpenMP libraries, you may specify which
version to use, for example —lgomp uses the GNU implementation.

e NVCC: to compile an OpenMP annotated source file we use:

e nvcc <options> -Xcompiler -fopenmp

HIFAZE: Multi-GPU: OpenMP

@ OpenMP

@ Multi GPU Introduction I

@ Multi GPU Introduction II

@ Multi GPU patterns with OpenMP & Cooperative Groups
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Schematic of a Multi GPU system
eThe figure represents a system
with 2 CPU's and 4 GPU's.

eGPU's are numbered from 0 to n-1,
where n is the number of GPU’s.

eThe CUDA driver always starts with
STH RGN  a default active device.

GPU O GPU 1

eThere are two broad types of Multi
GPU communication:

e Through the PCIE bus
e Through NVLINK

CUDA host API calls for Multi GPU's

ecudaSetDevice()

eSet GPU device to use for device
code execution on the active host
CPU 1 thread.

SOl eRequires one parameter:
e An int with the device id number
sovo | oovr B covs | cous eThis function doesn’t affect other
.. .. host threads, meaning that setting

the device on one thread will not set
the device in other host threads. Also
doesn’t affect previous async calls.

CPUO

PCIE
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CUDA host API calls for Multi GPU's

ecudaGetDevice()
eGet GPU device being currently
used by the active host thread.
eRequires one parameter:
e An int pointer to store the device id
ecudaGetDeviceCount()
eGet the number of CUDA-capable
devices in the system.

eRequires one parameter:

e An int pointer to store the device
count

CPUO CPU 1
PCIE PCIE

GPU 0 GPU 1 GPU 2 GPU 3

CUDA host API calls for Memory allocation
with Multiple GPU’s

To allocate or associate memory with a specific device using non-
Managed CUDA-API calls, it’s necessary to call cudaSetDevice()
before doing the allocation call.
ecudaHostAlloc()
e Allocates pinned memory on
the host

e Three parameters

e cudaMalloc()

e Allocates an object in the
device global memory

e Two parameters

e Address of pointer to the

e Address of a pointer to the
allocated memory

allocated object
e Size of the allocated

e Size of allocated object in
memory in bytes

terms of bytes

e Host Alloc flags
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olf the flag cudaDevAttrConcurrentManagedAccess is
set in all devices, then it’s not necessary to call
cudaSetDevice before the cudaMallocManaged call.

olf the flag is not set but devices can access each
others memory, then calling cudaSetDevice before
the cudaMallocManaged call will establish the
context for the managed memory on the active
device.

eWith other devices accessing the data via PCIE at
reduced bandwidth.

olf cudaSetDevice() was called before a kernel launching
call, the kernel will execute in the active device.
olt’s crucial that every non managed memory being used in the
kernel resides in the active device, otherwise an error will
OocCcCur.
olf cudaSetDevice() was called before a
cudaStreamCreate(), then the stream will be associated
with the active device.

eThe synchronization functions: cudaDeviceSynchronize(),
cudaStreamSynchronize() are also affected by
cudaSetDevice(), synchronizing tasks only for the active
device on the active host thread
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Putting it all together, vecAdd

float *m_AO0, float *m_BO, *m_Al, float *m_Bl, int n;

int size = n * sizeof(float);

cudaSetDevice (0) ; // Will set the active device to 0
cudaMalloc((void**) &m_AO0, size); // Will allocate memory on device 0
cudaMalloc((void**) &m_BO, size); // Will allocate memory on device 0
cudaSetDevice (1) ; // Will set the active device to 1
cudaMalloc((void**) &m_Al, size); // Will allocate memory on device 1
cudaMalloc((void**) &m_Bl, size); // Will allocate memory on device 1

// Memory initialization on the Host and memory transfers
cudaSetDevice (0) ; // Set the device for kernel

execution

vecAdd<<<gridDim, blockDim>>>(m_AO,m_BO) ;

cudaSetDevice (1) ; // Set the device for kernel

execution

vecAdd<<< gridDim, blockDim>>>(m_Al,m_B1) ;

cudaFree (m_A0); cudaFree (m_BO) ;

cudaFree (m_Al); cudaFree (m_Bl) ;

The GPU Teaching Kit is licensed by NVIDIA an

HIEAZE: Multi-GPU: OpenMP

@ OpenMP

@ Multi GPU Introduction I

@ Multi GPU Introduction II

@ Multi GPU patterns with OpenMP & Cooperative Groups
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Memory transfers in a Multi GPU setup

e Involves transferring memory regions
from one device to another, e.g. GPUO to
GPU1.

e There are three ways to do it:

CPUO

e Fully explicit memory transfers using
cudaMemcpyPeerAsync, which requires the
specification of the peer devices.

e Partially explicit memory transfers using
cudaMemcpy, relying on the unified address
system.

e Implicit peer memory access performed by
the driver, without the need of explicit
transfers.

e Not all three possibilities are available in
every system.

i tive Commons Attribution-NonCommercial 4.0 International License.

PCIE

GPU 0 GPU 1 GPU 2 GPU 3

Explicit peer memory transfers CUDA host API
functions

e cudaMemcpyPeerAsync()

e Six parameters
CPUO

Pointer to destination region on the

PCIE destination device

Destination device id

Pointer to source region on the source device
GPUO GPU 1 GPU 2 GPU 3

Source device id

Number of bytes copied
e CUDA stream

Transfer between devices is asynchronous
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Example: peer transfer cudaMemcpyPeerAsync

float *AO0, *Al;

int size;

cudaSetDevice(0); // Set active device to 0
cudaMalloc((void**) &AO, size);// Allocate memory on device 0
cudaSetDevice(l); // Set active device to 1

cudaMalloc ((void**) &Al, size); // Allocate memory on device 1

// Initialize region A0 on device 0

cudaMemcpyPeerAsync(Al, 1, AO, 0, size, stream); // Copy the data on A0 on device 0 to the region

Al on device 1

cudaSetDevice (1) ; // Set the device for kernel execution

kernel<<<gridDim, blockDim, 0, stream>>>(Al); // Perform computations on Al
cudaFree (AO) ; // Free A0 region

cudaFree (Al) ; // Free Al region

Explicit peer memory transfers CUDA host API

functions

o If the flag
cudaDevAttrUnifiedAddressing IS set
to 1, then you may copy
regions between devices using
the traditional cudaMemcpy
API function, setting the copy
kind to cudaMemcpyDefault.

e To check if the flag is set you
can use the API function:

e cudaDeviceGetAttribute()

GPU O GPU 1 GPU 2 GPU 3
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Example: peer transfer cudaMemcpy

float *AO0, *Al;

int size;

int unifiedAddr_flag0 0;

int unifiedAddr_flagl = 0;
cudaSetDevice (0);// Set active device to 0
cudaMalloc((void**) &AO, size);// Allocate memory on device 0

cudaSetDevice(l);// Set active device to 1
cudaMalloc ((void**) &Al, size);// Allocate memory on device 1
// Initialize region A0 on device 0

cudaDeviceGetAttribute (unifiedAddr_flag0, cudaDevAttrUnifiedAddressing, 0); // Check if unified

addressing is available on dev 0

cudaDeviceGetAttribute (unifiedAddr_flagl, cudaDevAttrUnifiedAddressing, 1); // Check if unified

addressing is available on dev 0
if( unified_addressing_flag0 == 1 && unified_addressing_flagl == 1 )

cudaMemcpy (Al, AO, size, cudaMemcpyDefault); // Copy the data on A0 on device 0 to the region Al on

device 1
else

// Throw error indicating the copy couldn’t be performed

Implicit peer memory access

e To query if implicit peer memory
access are enabled use:

e cudaDeviceCanAccessPeer:

e Three parameters:

e Int pointer to place to store the flag.

e Device id of device trying to access peer
e Device id of peer device
eThis call is not symmetric, meaning that
if the canAccess flag is set to 1 for

deviceA and deviceB, it may not be set
to 1 for deviceB and deviceA.

‘ommons Attribution-NonCommercial 4.0 International License.
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Enabling and disableing implicit peer memory
access

GPU 1 GPU 2

e cudaDeviceEnablePeerAccess:

e Two parameters:

e Device id to enable access to from the current
active device.

e Int flag set to 0.
e This call is not symmetric.

e Returns error cudaErrorinvalidDevice if not
possible.

e cudaDeviceDisablePeerAccess:

e One parameter:

e Device id to disable access to from the current
device.

e This call is not symmetric.

The GPU Teaching Kit is licensed by NVIT

DIA and the University of Illinois under the Creative Commons Attribution-NonCommercial 4.0 International License.

Example: implicit peer access

float *ptrA;
int deva;

int devB;

int BcanAccessA = 0;

cudaError_t error;

cudaDeviceCanAccessPeer (&§BcanAccessA, devB,

devA memory.

cudaSetDevice (devB) ;
if (BcanAccessA == 0)

error = cudaDeviceEnablePeerAccess (devai,

memory

if (error

kernel<<<gridDim,
from device devB

}

cudaDeviceDisablePeerAccess (devd) ;

not needed.

// Pointer to memory region on device devA

cudaSuccess)

devA) ; // Check if devB can access

// Set the current active device to devB

0); // Enable peer accesses to devA

{

blockDim, 0, stream>>>(ptrA); // Access ptrA on device devA

// Disable peer access to devA, this call is

The GPU Teaching Kit is licensed by NVIDIA and the University of Hlinois under the Creative Commons Atribution-NonCommercial 4.0 International [
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NVLINK

els a proprietary interconnect technology developed by NVIDIA

eProvides higher memory bandwidth communication between
GPUS than PCIE communication

e NVLINK on the Tesla V100 delivers a 300 GB/s communication
data rate, whereas the typical PCIE 3.0 link delivers only 32 GB/s

NVIDIA" NVLink™

HIEAZE: Multi-GPU: OpenMP

@ OpenMP

@ Multi GPU Introduction I

@ Multi GPU Introduction II

@ Multi GPU patterns with OpenMP & Cooperative Groups
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Common parallel patterns in a Multi-GPU
environment

Batch processing: Cooperative patterns:

eExecute the same eTasks need to cooperate
independent task multiple between each other to
times with different data. collectively reach a goal.

Sync
Barrier

Main
Process

o

Batch processing

els an embarrassingly parallel
pattern.

eWith enough data it is usual we
can achieve 100% usage of the

compute resources.

elt’s common on video and image
processing applications, where
we need to apply the same
operation to lots of different data.

Ll
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Batch processing

Typical operations to accomplish batch

processing:
1.Get number of available devices. m
2.Considering the number of devices and
number of desired tasks allocate, initialize
and copy the memory need it by the
algorithm. m
3. Create CUDA streams for each of the tasks

to be executed concurrently.
4.Launch in parallel the kernel.

* Remember to set the device at the beginning
of each group of operations.

The GPU Teaching Kit is licensed by NVIDIA and the University of Ilinois under the Creative Commons Atribution-NonCommercial 4.0 International License.

Batch processing example with OpenMP

int deviceCount;

cudaGetDeviceCount (& deviceCount) ;
std: :vector<cudaStream_t> streams (deviceCount); m
#pragma omp parallel for num_threads (deviceCount) m
for(int dev = 0; dev < deviceCount; ++dev) {
cudaSetDevice (dev) ;

cudaStreamCreate (&streams[i]) ;
// Allocate, Stream4

initialize and transfer memory

}
#pragma omp parallel for num_threads (deviceCount) m‘—‘
for(int dev = 0; dev < deviceCount; ++dev) {
cudaSetDevice (dev) ;

kernel<<<gridDim, blockDim,
streams[i]>>>(..) ;

}

The GPU Teaching Kit is licensed by NVIDIA and the University of Ilinois under the Creative Commons Atribution-NonCommercial 4.0 International License.
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Cooperative patterns

eMight have unavoidable syncing
points causing tasks to wait and
thus wasting compute
resources.

Sync
Barrier

eln some cases even when
massive amounts of input data

it might not reach 100%
resource usage.

elt’s common on applications
with steps to reach a goal like
iterative algorithms.

Cooperative patterns

eWith cooperative patterns there
is no single fit solution like with
batch processing.

eThus the process consists in a Sync

Barrier

loop of:
1. Launching the code in parallel.
2. Profiling it.

3. Analyzing and removing
bottlenecks.
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Syncing patterns on different streams with
OpenMP

std: :vector<cudaStream_ t> streams;

Task A
// Initialization of the streams on each Stream 1

device.

Sync

Barrier
#pragma omp parallel

{

// Launch the different kernels on the
streams.

#pragma omp for num_threads(streams.size())

for (auto& stream : streams)

Sync
Barrier

cudaStreamSynchornize (stream) ;
#pragma omp barrier

}

Multi-GPU Syncing patterns with Cooperative
Groups

eCooperative Groups is a C++-CUDA
high level abstraction to perform
syncing across different parallel
granularities (Threads, Blocks, Grids,
and Devices).

Task A
Stream 1

CUDA
Driver

eMulti-GPU syncing with cooperatives
groups requires:
e Devices with the exact same compute
capability.
e Compute capability of 6 or higher.
e Executing the same kernel across all devices.

Task B
Stream2
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Multi-GPU Syncing patterns with Cooperative

Groups
eTo enable the use of Cooperative Groups we
need to include the file
cooperative_groups.h and use the
namespace cooperative_groups.

Task A
Stream 1

eThe kernels needs to be compiled using
separate compilation and then linked with
the —rdc=true flag.

eYou also need to ensure that MPS is
disabled and
CU_DEVICE_ATTRIBUTE_COOPERATIVE_MULTI_DEVICE_LAUNCH is
set in the device properties using
cuDeviceGetAttriHI?Htkg theAPI fg‘r(_lc\thig(n.w )

Multi-GPU Syncing patterns with Cooperative

G ro u p s typedef struct CUDA_LAUNCH_PARAMS_ st {

CUfunction function; // Kernel to launch.

Launching a kernel with Multi-
GPU syncing and Cooperative
Groups requires using the API
function:

unsigned int gridDimX; // Grid dimensions.
unsigned int gridDimY;
unsigned int gridDimZ;
. . unsigned int blockDimX; // Block dimensions.
e cudaLaunchCooperativeKernelMulti

Device. unsigned int blockDimY;

unsigned int blockDimZ;

e The first parameter is an array

of CUDA_LAUNCH_PARAMS, unsigned int sharedMemBytes; // Shared memory
where except for kernel params size.
and the stream, all other fields CUstream hStream; // Stream to perform
needs be the same. the work

e The number of devices to use. void **kernelParams; // Kermel parameters

} CUDA_LAUNCH_PARAMS;
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Multi-GPU Syncing patterns with Cooperative
Groups
#include <cooperative_groups.h>

using namespace cooperative_groups;

Task A
Stream 1

void __global__ kernel(...) {
Il Work

multi_grid_group multi_grid =
this_multi_grid();

CUDA

Driver

multi_grid.sync();
Il Work Driver

Driver

}
Il Work

cudaLaunchCooperativeKernelMultiDevice

(---);

HRAR

»Related Programming Models: OpenCL
»Related Programming Models: OpenACC
» Multi-GPU: OpenMP

»Related Programming Models: MPI

> B BE

> HCANNGTE (—)

>R CANNGRE (Z)
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HIZMNZE: Related Programming Models:
MPI

@ Warps and SIMD Hardware
@ Performance Impact of Control Divergence

@ Overlapping Computation with Communication

Frontera — Installed at TACC 9/2019

ACCESS LAYER

Cloud VDI &
Data Access

| Login Nodes ” Deta Mover Nodes ” Gateway & APl Nodes |

COMMERCIAL
CLOUD STORAGE

HIGH SPEED
INTERCONNECT

S3AON ¥i1noA

INFINIBAND

i [ EEWN

RANCH
ARCHIVAL SYSTEM

NVMe Filesystem

Liquid Submerged Subsystem 4PB 1.5TB/sec

4PF Single Precision

360 NVIDIA Quadro RTX 5000 GPUs
submerged in liquid coolant by GRC

' [ te Disk Filesystem,
imary Compu 50PB 300GB/sec A—

Recources

38.7PF Double Precision
8,008 Xeon Nodes

IBM POWER-hosted system
with 448 NVIDIA V100 GPUs
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MPI - Programming and Execution Model

Node Node Node Node

Many processes distributed in a cluster
Each process computes part of the output
Processes communicate with each other
Processes can synchronize

MPI Initialization, Info and Sync

MPI _Init( *argc, **¥*argv)
Initialize MPI
MPI_COMM_WORLD

MPI group with all allocated nodes
MPI_Comm_rank ( comm, *rank)

Rank of the calling process in group of comm
MPI_Comm_size ( comm, *size)

Number of processes in the group of comm

ibution-NonCommercial 4.0 International Licen:
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Vector Addition: Main Process

int main(int arge, char *argv[ ]) {
int vector_size = 1024 * 1024 * 1024;
int pid=-1, np=-1;

MPI_Init(&arge, &argv);
MPI_Comm_rank(MPI_COMM_WORLD, &pid);
MPI_Comm_size(MPI_COMM_WORLD, &np);

if(np < 3) {
if(0 == pid) printf(“Need 3 or more processes\n”);
MPI_Abort( MPI_COMM_WORLD, 1); return 1;

}

Vector Addition: Main Process

if(pid <np - 1)
compute_node(vector_size / (np - 1));
else
data_server(vector_size);

MPI_Finalize();
return O;

}
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MPI Sending Data

MPI_Send( *buf, count,
datatype, dest, tag, comm)

Buf: Initial address of send buffer (choice)

Count: Number of elements in send buffer (honnegative integer)
Datatype: Datatype of each send buffer element (handle)

Dest: Rank of destination (integer)

Tag: Message tag (integer)

Comm: Communicator (handle)

MPI Se - ®
|
MPI_Send(voic L
datatype, dest, tag, comm)

Buf: Initial address of send buffer (choice)

Count: Number of elements in send buffer (honnegative integer)
Datatype: Datatype of each send buffer element (handle)

Dest: Rank of destination (integer)

Tag: Message tag (integer)

.
Comm: Communicator (handle)
.
The GPU Teaching Kit is licensed by NVIDIA and the University of Illinois under the Creative Commons Attribution-NonCommercial 4.0 International License.
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MPI Receiving Data

MPI_Recv( *buf, count,
datatype, source, tag, comm,
*status)

Buf: Initial address of receive buffer (choice)

Count: Maximum number of elements in receive buffer (integer)
Datatype: Datatype of each receive buffer element (handle)
Source: Rank of source (integer)

Tag: Message tag (integer)

Comm: Communicator (handle)

Status: Status object (Status)

The GPU Teaching Kit is licensed by NVIDIA and the University of Ilinois under the Creative Commons Attribution-NonCommercial 4.0 International License.

L PO PO W

Node Node Node Node
| | | |
MPI_Recv( d *buf, int count, MPI_Dataty datatype,
source, tag, comm, *status)

Buf: Initial address of receive buffer (choice)

Count: Maximum number of elements in receive buffer (integer)
Datatype: Datatype of each receive buffer element (handle)
Source: Rank of source (integer)

Tag: Message tag (integer)

Comm: Communicator (handle)

Status: Status object (Status)
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void data_server (unsigned int vector_size) ({
int np, num nodes = np - 1, first node = 0, last node = np - 2;
unsigned int num bytes = vector_size * sizeof(float);
float *input a = 0, *input b = 0, *output = 0;

/* Set MPI Communication Size */
MPI Comm size (MPI_COMM WORLD, &np);

/* Allocate input data */

input _a = (float *)malloc(num bytes);

input b = (float *)malloc(num bytes) ;

output = (float *)malloc (num bytes) ;

if (input_a == NULL || input b == NULL || output == NULL) {
printf ( )
MPI_Abort( MPI_COMM WORLD, 1 );

}

/* Initialize input data */

random data(input_a, vector_size , 1, 10);

random data(input b, vector size , 1, 10);

/* Send data to compute nodes */
*ptr a = input_a;
*ptr b = input b;
for(int process = 1; process < last node; process++) {
MPI Send(ptr_a, vector size / num nodes, MPI FLOAT,
process, DATA DISTRIBUTE, MPI_COMM WORLD) ;
ptr a += vector size / num nodes;

MPI Send(ptr b, vector size / num nodes, MPI FLOAT,
process, DATA DISTRIBUTE, MPI_COMM WORLD) ;
ptr b += vector size / num nodes;
}
/* Wait for nodes to compute */
MPI Barrier (MPI_COMM WORLD) ;

The GPU Teaching Kitis licensed by NVIDIA and the University of Illinois under the Creative Commons Attribution-NonCommercial 4.0 International License.
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Vector Addition: Server Process (lll)

/* Wait for previous communications */
MPI Barrier (MPI_COMM WORLD) ;
/* Collect output data */
MPI Status status;
for (int process = 0; process < num nodes;
process++) {
MPI Recv(output + process * num points /
num nodes,
num points / num comp nodes, MPI_REAL, process,
DATA COLLECT, MPI_COMM WORLD, &status );
}
/* Store output data */
store_output (output, dimx, dimy, dimz);
/* Release resources */
free (input_a);
free (input_b) ;
free (output) ;

The GPU Teaching Kit is licensed by NVIDIA and the University of Illinois under the Creative Commons Attribution-NonCommercial 4.0 International License.

Vector Addition: Compute Process (l)

void compute node (unsigned int vector_size ) {
int np;
unsigned int num bytes = vector_size * sizeof(float);
float *input a, *input b, *output;
MPI Status status;

MPI Comm size (MPI_COMM WORLD, &np);

int server process = np - 1;

/* Alloc host memory */

input_a = (float *)malloc(num bytes);

input b = (float *)malloc(num bytes) ;

output = (float *)malloc(num bytes) ;

/* Get the input data from server process */

MPI Recv(input _a, vector_size, MPI_FLOAT, server_process,
DATA DISTRIBUTE, MPI_COMM WORLD, é&status);

MPI Recv(input b, vector_size, MPI_FLOAT, server_process,
DATA DISTRIBUTE, MPI_COMM WORLD, &status);

e Creative Commons Attribution-NonCommercial 4.0 International License.

The GPU Teaching Kitis licensed by NVIDIA and the University of Illinois under t
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—int MPI_Barrier (MPI_Comm comm)
—Comm: Communicator (handle)

—Blocks the caller until all group
members have called it; the call
returns at any process only after all

group members have entered the call.

—Wait until all other processes
in the MPI group reach the
same barrier Do_stuff();

— All processes are executing Do_Stuff()

Example Code

MPI_Barrier();

— Some processes reach the barrier
and the wait in the barrier Do_more_stuff();
until all reach the barrier

[ Node }[ Node }[ Node }[ Node }
| | | [
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Vector Addition: Compute Process (ll)

/* Compute the partial vector addition */
for(int i = 0; i < vector _size; ++i) ({

output[i] = input_a[i] + input b[i];
}
/* Report to barrier after computation is done*/
MPI Barrier (MPI_COMM WORLD) ;
/* Send the output */
MPI Send(output, vector size, MPI FLOAT,

server process, DATA COLLECT, MPI_COMM WORLD) ;

/* Release memory */
free(input_a);
free (input b);
free (output) ;

HE A A : Related Programming Models
MPI

@ Warps and SIMD Hardware
@ Performance Impact of Control Divergence

@ Overlapping Computation with Communication
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A Typical Wave Propagation Application

Do T =0, Tmax

Insert Source

Review of Stencil Computations

— Example: wave propagation modeling
_ g2y — 19U _ Boundary
v-u vZ ot 0 Conditions

— Approximate Laplacian using
finite differences

aplacian
and Time
Integratiqn

60



2025Fk

Wave Propagation: Kernel Code

/* Coefficients used to calculate the laplacian */

coeff[5];
void wave_ propagation ( *next, *in,
*prev, *velocity, dim)
{
x = threadlIdx.x + blockIdx.x * blockDim.x;
y = threadIdx.y + blockIdx.y * blockDim.y;
z = threadIdx.z + blockIdx.z * blockDim.z;

/* Point index in the input and output matrixes */
n=x+y *dim.z + z * dim.x * dim.y;

/* Only compute for points within the matrixes */
if(x < dim.x && y < dim.y && z < dim.z) {

/* Calculate the contribution of each point to the laplacian */
laplacian = coeff[0] + in[n];

Wave Propagation: Kernel Code

for(int i = 1; i < 5; ++i) {
laplacian += coeff[i] *
(in[n - i] + /* Left */
in[n + i] + /* Right */
in[n - i * dim.x] + /* Top */
in[n + I * dim.x] + /* Bottom

*/
in[n - i * dim.x * dim.y] + /*
Behind */
in[n + i * dim.x * dim.y]);, /*
Front */
}
/* Time integration */
next[n] = velocity[n] * laplacian + 2 * in[n]
- prev[n];

}
}

The GPU Teaching Kitis licensed by NVIDIA and the University of Illinois under t

=
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Stencil Domain Decomposition

—Volumes are split into tiles (along the Z-
axis)

—3D-Stencil introduces data dependencies

<

N N
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Q
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S
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N
N

by NVIDIA and the University o

Wave Propagation: Main Process

int main(int argc, char *argv[]) {
int pad = 0, dimx = 480+pad, dimy = 480, dimz = 400, nreps = 100;
int pid=-1, np=-1;

MPI_ Init(&argc, &argv);
MPI Comm rank (MPI_COMM WORLD, &pid) ;
MPI Comm size (MPI_COMM WORLD, &np) ;

if(np < 3) {
if (0 == pid) printf("Nedded 3 or more processes.\n");
MPI Abort( MPI_COMM WORLD, 1 ); return 1;
}
if(pid < np - 1)
compute node (dimx, dimy, dimz / (np - 1), nreps);
else
data_server( dimx,dimy,dimz, nreps );

MPI Finalize();
return 0O;
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Stencil Code: Server Process (l)

void data_server (int dimx, int dimy, int dimz, int nreps)
{
int np, num comp nodes = np — 1, first node = 0,
last node = np - 2;
unsigned int num points dimx * dimy * dimz;
unsigned int num bytes = num points * sizeof( ) ;
*input=0, *output = NULL, *velocity = NULL;
/* Set MPI Communication Size */
MPI Comm size (MPI_COMM WORLD, &np);
/* Allocate input data */
input = (float *)malloc(num bytes) ;
output = (float *)malloc(num bytes);
velocity = (float *)malloc(num bytes);
if (input == NULL || output == NULL || velocity == NULL)

printf ( ),
MPI_Abort( MPI_COMM WORLD, 1 );
}
/* Initialize input data and velocity */
random data(input, dimx, dimy ,dimz , 1, 10);
random data(velocity, dimx, dimy ,dimz , 1, 10);

Stencil Code: Server Process (ll)

/* Calculate number of shared points */

int edge num points = dimx * dimy * (dimz / num comp nodes + 4);

int int num points = dimx * dimy * (dimz / num comp nodes + 8);
*input send address = input;

/* Send input data to the first compute node */

MPI Send(send address, edge num points, MPI_REAL, first node,
DATA DISTRIBUTE, MPI_COMM WORLD )

send address += dimx * dimy * (dimz / num_comp_nodes - 4);

/* Send input data to "internal" compute nodes */
for (int process = 1; process < last node; process++) {
MPI Send(send address, int num points, MPI_FLOAT, process,
DATA DISTRIBUTE, MPI_COMM_WORLD);
send_address += dimx * dimy * (dimz / num_comp_nodes) ;

}

/* Send input data to the last compute node */
MPI Send(send address, edge num points, MPI REAL, last node,
DATA DISTRIBUTE, MPI_COMM_WORLD);
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Stencil Code: Server Process (ll)

*velocity send address = velocity;

/* Send velocity data to compute nodes */
for (int process = 0; process < last _node + 1; process++) {
MPI Send(send address, edge num points, MPI_FLOAT, process,
DATA DISTRIBUTE, MPI_COMM WORLD) ;
send_address += dimx * dimy * (dimz / num_comp nodes);

}

/* Wait for nodes to compute */
MPI Barrier (MPI_COMM WORLD) ;

/* Collect output data */
MPI_Status status;
for (int process = 0; process < num _comp nodes; process++)
MPI Recv (output + process * num points / num_comp nodes,
num points / num comp nodes, MPI_FLOAT, process,
DATA COLLECT, MPI_COMM WORLD, &status );

The GPU Teaching Kit is licensed by NVIDIA and the University of llinois under the Creative Commons Attribution-NonCommercial 4.0 International License.

Stencil Code: Server Process (lll)

/* Store output data */
store output (output, dimx,
dimy, dimz);

/* Release resources */
free (input) ;
free(velocity) ;

free (output) ;

The GPU Teaching Kit is licensed by NVIDIA and the University of Illinois under the Creative Commons Attribution-NonCommercial 4.0 International License.
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void compute node stencil(int dimx, int dimy, int dimz, int nreps ) {
int np, pid;
MPI Comm rank (MPI_COMM WORLD, &pid);
MPI Comm size (MPI_COMM WORLD, &np);

unsigned int num points = dimx * dimy * (dimz + 8);
unsigned int num bytes num points * sizeof (float);
unsigned int num ghost points 4 * dimx * dimy;

unsigned int num ghost bytes = num ghost points * sizeof(float);

0;
dimx * dimy * (4 + dimz);

int left ghost offset
int right ghost offset

*input = NULL, *output = NULL, *prev = NULL, *v = NULL;

/* Allocate device memory for input and output data */
gmacMalloc((void **)&input, num bytes);
gmacMalloc((void **)&output, num bytes);
gmacMalloc((void **)&prev, num bytes);
gmacMalloc((void **)&v, num bytes);

MPI Status status;
int left neighbor
int right neighbor
int server process

(pid > 0) ? (pid - 1) : MPI_PROC_NULL;

np - 1;

/* Get the input data from server process */
*rcv_address = input + num ghost points * (0 == pid);
MPI Recv(rcv_address, num points, MPI_ FLOAT, server_process,
DATA DISTRIBUTE, MPI_COMM WORLD, &status );

/* Get the velocity data from server process */

rcv_address = h v + num ghost points * (0 == pid);

MPI Recv(rcv_address, num points, MPI_FLOAT, server_ process,
DATA DISTRIBUTE, MPI_COMM WORLD, &status );
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(pid < np - 2) ? (pid + 1) : MPI_PROC_NULL;
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HIZMNZE: Related Programming Models:
MPI

@ Warps and SIMD Hardware
@ Performance Impact of Control Divergence

@ Overlapping Computation with Communication

Stencil Domain Decomposition

—Volumes are split into tiles (along the Z-
axis)

—3D-Stencil introduces data dependencies

i
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CUDA and MPI Communication

— Source MPI process:
— cudaMemcpy(tmp,src, cudaMemcpyDeviceToHost)
— MPI_Send()

— Destination MPI process:
— MPI_Recv()

— cudaMemcpy(dst, src, cudaMemcpyDeviceToDevice)

MPI Process Device
\

MPI Process
N+ 1 Memo

Data Server Process Code (l)

data_server (int dimx, int dimy, int dimz, int nreps) {
int np,
/* Set MPI Communication Size */
MPI Comm_ size (MPI_COMM WORLD, &np) ;

num_comp nodes = np - 1, first node = 0, last node = np - 2;
num_points = dimx * dimy * dimz;
num_bytes = num points * sizeof( ),
*input=0, *output=0;
/* Allocate input data */
input = (float *)malloc(num_bytes) ;
output = (float *)malloc(num_bytes) ;
if (input == NULL || output == NULL) {
printf ("server couldn't allocate memory\n") ;
MPI_Abort( MPI_COMM WORLD, 1 );
}
/* Initialize input data */
random data(input, dimx, dimy ,dimz , 1, 10);
/* Calculate number of shared points */
int edge_num points

float *gend_address input;

The GPU Teaching Kit is licensed by NVIDIA and the University of Illinois under

e Creative Commons Attribution-NonCommercial 4.0 International License.

= dimx * dimy * (dimz / num _comp nodes + 4);
int int num points = dimx * dimy * (dimz / num_comp_nodes + 8);
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/* Send data to the first compute node */
MPI Send(send address, edge num points, MPI FLOAT, first node,
0, MPI_COMM WORLD ) ;

send address += dimx * dimy * (dimz / num comp nodes - 4);
/* Send data to "internal" compute nodes */
for( process = 1; process < last node; process++) {

MPI Send(send address, int num points, MPI FLOAT, process,
0, MPI_COMM WORLD) ;
send address += dimx * dimy * (dimz / num comp nodes) ;

/* Send data to the last compute node */
MPI Send(send address, edge num points, MPI FLOAT, last node,
0, MPI_COMM WORLD) ;

The GPU Teaching Kit is licensed by NVIDIA and the University of Illinois under the Creative Commons Attribution-NonCommercial 4.0 International License

void compute node stencil(int dimx, int dimy, int dimz, int nreps ) {
int np, pid;
MPI Comm rank (MPI_COMM WORLD, &pid);
MPI Comm size (MPI_COMM WORLD, &np);
int server process = np - 1;

unsigned int num points dimx * dimy * (dimz + 8);
unsigned int num bytes num points * sizeof(float);
unsigned int num _halo points 4 * dimx * dimy;

unsigned int num halo bytes = num halo points * sizeof (float);

/* Alloc host memory */
float *h_input = ( *)malloc (num_bytes) ;
/* Alloca device memory for input and output data */

float *d_input = NULL;
cudaMalloc ( ( **)&d _input, num bytes );

*rcv_address = h_input + num halo points * (0 == pid);
MPI Recv(rcv_address, num points, MPI_FLOAT, server_process,

MPI ANY TAG, MPI_COMM WORLD, &status );
cudaMemcpy (d_input, h_input, num bytes, cudaMemcpyHostToDevice) ;
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void launch_kernel (float *next, float *in, float
*prev, float *velocity,
int dimx, int dimy, int dimz)
{
dim3 Gd, Bd, Vd;

Vd.x = dimx; Vd.y = dimy; Vd.z = dimz;

Bd.x = BLOCK DIM X; Bd.y
BLOCK_DIM Z;

BLOCK DIM Y; Bd.z =

Gd.x = (dimx + Bd.x - 1) / Bd.x;
Gd.y (dimy + Bd.y - 1) / Bd.y;
Gd.z (dimz + Bd.z - 1) / Bd.z;

wave propagation<<<Gd, Bd>>>(next, in, prev,
velocity, Vd4d);

}

— int MPl_Sendrecv(void *sendbuf, int sendcount, MPI_Datatype
sendtype, int dest, int sendtag, void *recvbuf, int recvcount,
MPI_Datatype recvtype, int source, int recvtag, MPI_Comm
comm, MPI_Status *status)

— Sendbuf:Initial address of send buffer (choice)

— Sendcount: Number of elements in send buffer (integer)
— Sendtype: Type of elements in send buffer (handle)

— Dest: Rank of destination (integer)

— Sendtag: Send tag (integer)

— Recvcount: Number of elements in receive buffer (integer)
— Recvtype: Type of elements in receive buffer (handle)

— Source: Rank of source (integer)

— Recvtag: Receive tag (integer)

— Comm: Communicator (handle)

— Recvbuf: Initial address of receive buffer (choice)

— Status: Status object (Status). This refers to the receive operation.
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float *h_output = NULL, *d output = NULL, *d _vsq = NULL;
float *h_output = (float *)malloc(num _bytes) ;
cudaMalloc ((void **)&d output, num bytes )

float *h_left boundary = NULL, *h right boundary
float *h_left halo = NULL, *h right halo = NULL;

NULL;

/* Alloc host memory for halo data */

cudaHostAlloc ((void **)&h left boundary, num halo bytes, cudaHostAllocDefault);
cudaHostAlloc((void **)&h right boundary,num halo bytes, cudaHostAllocDefault)
cudaHostAlloc((void **)&h left halo, num _halo bytes, cudaHostAllocDefault);
cudaHostAlloc((void **)&h right halo, num_halo bytes, cudaHostAllocDefault);

/* Create streams used for stencil computation */
cudaStream t stream0, streaml;

cudaStreamCreate (&stream0) ;

cudaStreamCreate (&streaml) ;

The GPU Teaching Kit is licensed by NVIDIA and the University of Illinois under the Creative Commons Attribution-NonCommercial 4.0 International License
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MPI_Status status;
int left neighbor
int right_neighbor

(pid > 0) ? (pid - 1) : MPI_PROC_NULL;
(pid < np - 2) ? (pid + 1) : MPI_PROC_NULL;

/* Upload stencil cofficients */
upload _coefficients (coeff, 5);

int left_halo_offset
int right_halo_offset
int left_stagel offset
int right_stagel_offset
int stage2 offset

= 0;
= dimx * dimy * (4 + dimz);
0;

dimx * dimy * (dimz - 4);
num_halo points;

MPI Barrier( MPI_COMM WORLD ) ;
for(int i=0; i < nreps; i++) {
/* Compute boundary values needed by other nodes first */
launch_kernel (d_output + left_stagel_offset,
d _input + left stagel offset, dimx, dimy, 12, stream0);
launch_kernel (d_output + right stagel offset,
d_input + right stagel offset, dimx, dimy, 12, stream0);

/* Compute the remaining points */
launch kernel (d_output + stage2 offset, d_input + stage2 offset,
dimx, dimy, dimz, streaml)

/* Copy the data needed by other nodes to the
host */
cudaMemcpyAsync (h _left boundary, d output +
num halo points,
num halo bytes, cudaMemcpyDeviceToHost,
stream0 ) ;
cudaMemcpyAsync (h_right boundary,
d output + right stagel offset +
num halo points,
num halo bytes, cudaMemcpyDeviceToHost,
stream0 ) ;
cudaStreamSynchronize (stream0) ;

The GPU Teaching Kitis licensed by NVIDIA and the University of Hlinois under the Creative C ion-NonCommercial 4.0 International License.
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— int MPl_Sendrecv(void *sendbuf, int sendcount, MPI_Datatype
sendtype, int dest, int sendtag, void *recvbuf, int recvcount,
MPI_Datatype recvtype, int source, int recvtag, MPI_Comm comm,

MPI_Status *status)

Sendbuf:Initial address of send buffer (choice)
Sendcount: Number of elements in send buffer (integer)
Sendtype: Type of elements in send buffer (handle)
Dest: Rank of destination (integer)
Sendtag: Send tag (integer)

Recvcount: Number of elements in receive buffer (integer)
Recvtype: Type of elements in receive buffer (handle)
Source: Rank of source (integer)

Recvtag: Receive tag (integer)

Comm: Communicator (handle)

Recvbuf: Initial address of receive buffer (choice)

Status: Status object (Status). This refers to the receive operation.

/* Send data to left, get data from right */

MPI Sendrecv(h_left boundary, num halo points, MPI_ FLOAT,
left neighbor, i, h_right halo,
num halo points, MPI_FLOAT, right neighbor, i,
MPI COMM WORLD, &status );

/* Send data to right, get data from left */

MPI Sendrecv(h_right boundary, num halo points, MPI_FLOAT,
right neighbor, i, h left halo,
num halo points, MPI_FLOAT, left neighbor, i,
MPI COMM WORLD, &status );

cudaMemcpyAsync (d_output+left halo offset, h left halo,
num halo bytes, cudaMemcpyHostToDevice, stream0)

cudaMemcpyAsync (d_output+right ghost offset, h_right_ghost,
num halo bytes, cudaMemcpyHostToDevice, stream0 );

cudaDeviceSynchronize () ;

float *temp = d_output;

d output = d input; d _input = temp;

The GPU Teaching Kitis licensed by NVIDIA and the University of Hlinois under the Creative Commons Attribution-NonCommercial 4.0 International License.
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Compute Process Code (VI)

/* Wait for previous communications */
MPI Barrier (MPI_COMM WORLD) ;

*temp = d_output;
d output = d_input;
d _input = temp;

/* Send the output, skipping halo points */
cudaMemcpy (h_output, d_output, num bytes,
cudaMemcpyDeviceToHost) ;
*send address = h _output + num _ghost points;
MPI Send(send address, dimx * dimy * dimz, MPI_REAL,
server process, DATA COLLECT, MPI_COMM WORLD) ;
MPI Barrier (MPI_COMM WORLD) ;

/* Release resources */

free(h_input); free (h_output);

cudaFreeHost (h_left ghost_own); cudaFreeHost (h_right ghost own);
cudaFreeHost (h_left ghost); cudaFreeHost(h right ghost);
cudaFree( d_input ); cudaFree( d_output );
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Data Server Code (lll)

/* Wait for nodes to compute */
MPI_Barrier (MPI_COMM WORLD) ;

/* Collect output data */
MPI Status status;
for (int process = 0; process < num _comp nodes; process++)
MPI Recv(output + process * num points / num comp nodes,
num_points / num comp nodes, MPI REAL, process,
DATA COLLECT, MPI_COMM WORLD, &status );

/* Store output data */
store_output (output, dimx, dimy, dimz);

/* Release resources */
free (input) ;

free (output) ;
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—Point-to-point communication

—Send and Receive

—Collective communication
—Barrier
—Broadcast

—Reduce
—Gather and Scatter

HRAR

»Related Programming Models: OpenCL
»Related Programming Models: OpenACC
» Multi-GPU: OpenMP

»Related Programming Models: MPI
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B EFPyTorchiVIZ4HATHBE ZBAIIES FRITII%, £E58mTH%. TEEHB. FL

N
& BzitH GEERD

NEFREBENGHEARINGEIRE, FINEZHAEZETH, 2BE3¥PyTorchillZEA+FHCUDAKOE

BAFRBATLIER HFRED, BHTIUE, BRIERSE.

& THRiT#

BEMAIRIER, BaEREINZMATRICUDAROZEAFBAIKIER RO, S REFTaIIIZRA

AREBRE, AN ERBITEHIREOHMA.

& FII#

FEFLEMNINEGMA, NPURNEOXZHFRL. GPUSNPURNRBRESFHNE—E TR, ARFHET
WA KIBIZIL, EEREERBAILERS ERIIITIIE.
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RELER &)l 4k

HUAWEI

*%&ax *%Ewﬂ T REE iz
Hl i 7

¢ PyTorch#Z=8iTR——BziER GEEFEAZR)
1\ Y:Ei)llﬁﬁfﬂzliﬁpm“ﬂﬂ

from torch_npu.contrib import
transfer to_npu

2. PUTINGHIARR, SBEEDAIFFMREOSHR, BEITIE:

patch_cuda()
device_wrapper(torch, torch_fn_white_list)

device_wrapper(torch.Tensor, torch_tensor_fn_white_list)

torch.Tensor.cuda = torch.Tensor.npu

torch.cuda.DoubleTensor = torch.npu.FloatTensor

device_wrapper(torch.nn.Module, torch_module_fn_white_list)

|tcrch.ﬁn.ﬁodule.:uca = torch.nn.Module.npu

|tcrcn.GistribLtEd.init,Dro:ess,grauD = wrapper_hccl{torch.distributed.init_process_group)

IDREN—:

DizF A H
PyTorch1.8.10 E
hRZR

QW LUBS & FHIA
BITRREBEER T
Zx# (.pth.tar) ,
RFNMR R Z FITH
WIZRRR T

REGER &)l

~

HUAWEI
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REER FEE TEREV iz
B it it T

¢ PyTorchiZ&8iIH——T AiFH

1. REMAH::

pip3 install pandas
pip3 install libcst
pip3 install jedi

2. EANEIBITAEMAERRE:

cd CANN# &% H%/ascend-
toolkit/latest/tools/ms_fmk_transplt/

3y PUTHIAREBIES:

./pytorch_gpu2npu.sh -i [RIGHIAER -0 AT HBERBERE v R
R ZASEZERR AR [-r B E X HMjson3CH8812] [-s] [-sim] [-m]
[distributed -t BFFpEEIE R -m YILGH AN O]

WIEBH

4 BHATE B RIABIA ST ER S R BE1E
-0: BIAREBER LR

v: FHEBMARPyTorchhi A

BLBEN—: REUTB &L

4. EANEAEIBERHMLRE, ERERIH:

— xxx_msft/xxx msft multi // IBERHEEF
WA HEEBER /| SEBTEREE—K
msFmkTranspltlog.txt // BIZAEHBEIEHEXH
cuda_op_list.csv /15 fcudaBEFFIR
unknown_api.csv || ZFHIERESEAPISIE
unsupported_api.csv [/ ZFFHIAPIFIZR
change_list.csv /] fEBIBR X
run_distributed_npu.sh // Z+EzFshellfiz
ascend_function /] RBA T BB R ZFHAPIINEE,

ERERFNETHER

z
~

HUAWEI

HRER Y& T REE iz
i i i 7

BEREARE

Al Core
— ZkBEAEIA —
FEEEET —1 g > LOCE R
-
o # — m@mamios ——
' ®
il & i L
5 £ % I
i ~— f—tE e
HEg  SAF iy — BR%F
3 e 8 SRS 2
e 2% b — EREE
Sk B0 — msEE — G5 — memMER ——— mEcEgel SHEsER
-G Wl ———— LT
b e
SHE(L 2B E/HBMDDR) B

BERET FHET HEER

> BB EROPREEITESETCUBE, (XXHFP16, FkL:
O TFTFPI2M M EHE S ERARET HH T Vector, MREZEERE;
QOEREFHT VectorNXHRIBHIEFP16, AREFRIBEIHALMIE]

> HTPyTorchHIBUNZ R BHEE AFP32, EAETBEMRE. NETF

waEl, RABRAEE.

BLBEN—: REUTB &L

1. S Atorch_npudHIAMPHRHR :

from torch_npu.npu import amp

2\ ERE, MUSENZE, EXAMPIgEFIGradScaler:

model = CNN().to(device)

train_dataloader = Datal.oader(train_data, batch_size=batch_size)
# EXDataLoader

loss_func = nn.CrossEntropyLoss().to(device) # &NXIR%KEE
optimizer = torch.optim.SGD(model.parameters(), Ir=0.1) # EX
ik zs

scaler = amp.GradScaler() # FE#E8, MUBENZE, EX
GradScaler

3. EIIZGREFRIMAMPINEEE X BT BAMP:

for epo in range(epochs):
for imgs, labels in train_dataloader:
imgs = imgs.to(device)
labels = labels.to(device)
with amp.autocast():
outputs = model(imgs) # AfETE
loss = loss_func(outputs, labels) # REFEITE
optimizer.zero_grad()
# TR EMEIERIERossHE . SHEMH
scaler.scale(loss).backward() # loss#EmFH & [E15i%
scaler.step(optimizer) # B#HE# (Bzfunscaling)
scaler.update() # ET#7SLoss ScaleE#iloss_scalingZ##
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- B—1RENGPU (S CPU)H1EZINPUF 7] BE 7745 B T ()

- E—RARITER (RE . BF3ug&iER)H s EEREE TReE

O AfAEALAE B (5] R ?

2025Fk

BLBEN—: REUTB &L

- MEENPUS R HHEFIHEHESGPU(CPU) SR FMEFIHEH{E, #ITEMEM

- MEAERRREERETRMANE FIHERE, HITEREM

ER—RBFFEFER GRS, FLEEMEFHEXAEEERREEZEI . EICANNKEL THEL T Aptdbg ascend, &
@#EPyTorch#& & i Ahook, HUALXESHHEFENITEREIRE, BEIEEEMEE. SREHHEITRILEE,

LR
il

TEREV iz
i T

N
B f

CPU/GPUIEST

NPUEST
| RMRESA. &F
: ERINBENEED input
SRR
convld

FHELL

TNt N
Efthook vL conv2d
THEMLE J
vl relu
TR

max_pool2d

|

FHERL

output

-

linear

output

ptdbg_ascendi@id 7ERA F17E Ahook, FRERXTELITEE
BEFRRIEEES R EIHER A S .

from torch_npu.hooks import set_dump_path, seed_all,

BLBEN—: REUTB &L

register_acc_cmp_hook
from torch_npu.hooks.tools import compare

# 3HZML&iIThookiE AFNEEdump
module = ModuleOp()

register_acc_cmp_hook(module) # xH&HF X forwarfibackward#Jhooks

seed_all()
x = torch.randn(2, 2)

# cpubit®, dump#iiE
set_dump_path("./cpu_module_op.pkl")
out = module(x)

loss = out.sum()

loss.backward()

# npubit®, dump#iE
set_dump_path("./npu_mpdule_op.pkl")
module.npu()

X = x.npu()

out = module(x)

loss = out.sum()

loss.backward()

# Sttbdump HRIEEBRE, ERcsve

compare("./npu_module_op.pkl", "./cpu_module_op.pkl",

"./module_result.csv")
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| RENNATAUE, A AR LB PyTorchi2 (i QR FFREICHE (pth3zfHApth.tarsct) AFHELMERE,; SUHRESHONNXRE, :
| ARBEATC TRREZ R AERF BATLIERE . omX R TEL . :
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| ;TR : 1D ATCEER | Ascend CLIAST
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-

TELHERE:
FEAVERAHATHIE, ELETHEELHEBTR, FTRERET PyTorchiEZL i IRE R FIZ I T/E R BATRLIERE |,
THRHEITIEBSER, ERTRRS MRS

BRI,
EFRAMEZRIUNIZFHRE, BIATCT R HIEHAFBAILIERS TRBLIER, AREMEHPUTHE. BR
TSRS, HASTREER, JUBSERRE L.
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HRAR: £HCANNGEE (2D

> F AT BT 5
> FABAIFIITT H I CANN

>CANNKEEES
VIREIE R &I
VEIBENAFL
vEFRL

>Ascend C EFHEANI]
vVEFERE &
v’ Ascend CEFiRIZE M
v'Ascend CEFHEGIH#E
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RUHEESKRT R, BhFLESIHEENH

SETHEIRANN S AR, CANNIEMTERMTA#MG—&O, RAFLMEBITHR

188 E4S 2 R B RIEMRAL 3FEBE
> >
AMCT ATC & AOE AscendCL

B R RS, CHRBNES STRGIRBILRTE, RFE B G—FEEO, BRASHEES

z
~

HUAWEI

AMCTHRE E4H——E X

RMRBEHFTEAMCT, ZFEKL. BERR. KESH, HERRENBIESMNITES, B TEMRE

FERLEE:

TR N R T &

RN AL

HL—EN:
FERIE (weight) iR (activation) MiZSiEH#H
HEER, EREMEERAMEER, ROBEMTES.

B HRE:
SRR T SRS B LA
-|max]| 0.0} +|max]|
N FaY FANN Fa E
f//
27
Original data

Quantized data

min |max|

o XEMEMERERNERHITEN
s XFNGEEL. SHRRMIILG

o KEFRIHAESRI H A QATR A

- ZRETEENEHMEN

- Rt iTA R Mpython APISFR

AMCTEHAERE:

inputs weights

AMCT

floak float oo}
¥ o §/9 B

(5] o

Conv —

float

outputs

inference: quantize
EraieR Jtrain factor
v
Caffe/TensorFlow/MindSpore/
PyTorchjonnxruntime
gt

inputs

float

Quant

ints

weights_q

ints

Conv

int32

Dequant

fioat

outputs

joildn
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AMCTRB E 4 ——k B o B AR

RHEBEHFTRAMCT, XFEN. BERR. KENMR, BREENEEENHESE, RITEME

HHARKES#:

SHERtensor, H—PABREURFH RIS
0, NTREEHSENTHE. KESRLER, B
BEF IS RIEEENEE .

B -

o SR BAIAIERSM, EEEMNERNRHITHR
+ ¥ ##TensorFlow/PyTorch/CaffeZAiikiESE

7/

data
v
Conv2D

W<64x64x3x3>

BiasAdd

KBS RRIEE

TR N R T &

A RHH :

BT EER, EERHES EF RO NE
M&H, AMESRSHEMITEEE/PHREER
B, mhmSAEENGLEURIEREEE .

AT
c REBERR, REEEEMHENRENEE
+ ¥##TensorFlow/PyTorchZaiimHEsE

data
a
- )
W<32x64x3x1>
Wi %
O(:z wESE | —>
Conv2D “ i
W<B4x32x1x3> o
TensorFlowiFiE 1 -
BiasAdd
W R
AMCTH R R Rt ERE
2 HUAWEI

ATCHERYIF

RMRBEIR T BATC, IS HFESRREE RGN F BAILERomRE

R LBEATC:

SHFFFRIEZREI 4R AER (NCaffe. TensorFlows) ,
REEIRTERBAILIERS HHETE, SEAFERAATCTREH
IRIEZR AP 4EAR BYE 10 A IE R A BBAIMIE SR M omiE R,

&b i
UJ Ebaﬂ"@ :
Caffe TensorFlow ONNX MindSpore %;&%£§¥
v v v
Caffe Parser TF Parser ONNX Parser ATCTH
1 I ]
.
H—PEEIR Graph
|
- GrphOptmizer
- EgE - BiFS - Bk - BRE | 2EFES
v
BEE
(.om)
|
¥ ¥
TR WTRETFRIE

ERHE:
- EREEBRRT, HEESHIERERARRIER R BAILE

« ERETHITHRT, X¥FHAscend IREXHRE FHATH

o FHRBIMBEZNEN, HITEFREMRK. NEREEH AER

RN AL

FRHomiE R

atc --framework=0 --soc_version=${soc_version}
--model=$HOME/mod|resnet50.prototxt
-weight=$HOME/mod/resnet50.caffemodel
--output=$HOME/module/out/caffe resnet50

(sont& =) d# AE AL 7 AT IR RS om iR EY

atc --singleop=$HOME/singleop/gemm.json --
output=$HOME/singleop/out/op_model --
soc_version=${soc_version}

RMRAERE
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SHEFTHTRAREE. MSNEERIMN, HrEMR AOE®AEW KR
BESFT, NTHZABERBRMNE T E M. .
SRR T T i
. LTEEMBGN ERIATCTR) . ZHBETER
- LEFITIE 7ains
- ERARBIEAIRER, FEIBRERENTR S A e (1..0) mapssaes

I

RENEFAIAE
HHET1
S SEEFTEREPEAT TUNE

HIRMIEL - - - BTACER T BSAOERH T
3

=

RERTEAERERE? RERTES
HEHTL { ==
e BEnaE e
wee [ 1 e = s
! 7
HEmE - - - AR s EEmERET

EEPEERYE

RN AL

RN A&

AEREREMEEINNGRUTHZE, RNATUETIER, EHACLIEHBNAPIET L REMEMENH, B
FTRBBIRN, ElffR 7 EFIEE.
/ EgF N

b %
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HEZE N I A& i dE

—_ ;ﬁgﬂiiﬁ: RBFERE
CUHET & TN FIE(TER
.
SIS
Z. FRIFESIF: FRIBRAH
WEFE AR ISR
u;m%mas fpitn, #iE
546, BRI B
Fx, BEDESE, B BRftEaR
BRI RS iED . |
FENA
RFTTA
=. tEERBER:
EFENAN, EEE
SOIRER, FHLH
. GERIA. K
E RS, BRI,
Enl

SEHDE AR
EEFTRING
EEETING
BERNIAH ACL#MAH
v v
HiFEWEIDevice IETEIRERRE
v v
TS HIRFAANR AR R
v v
foicdtizsE ] IRREIR R
v +
HIREE BEFERMEL
+

. WIEBITHR: GFEERESR, STHA

M. FEREA:
1. BRI SIEACLAMAL, EITEEH

. B#3E MHostf&#iZ| Device.

. BEfEME|Devicelm, AREIRE. HEHF

. BUTHREEE
. AREERAMERNER, THEEHITH

. TERIRABLSRG, FRAEHREITER

TR N R T &

RS BRTAIE SRS, RAHEIE S
RERTE, BEFEENBELE.

BRAE, THRELITHIRMAIE, i
YUV420 SPHRERBIEF, EAEEHEIERM
Ao

BELE, flaxFERSENAE, B
BELENEBERPERRAEEENE
RN, FEEIKEELE CARRET)
[El{&45 R 2 Host.

%iE, miERacl.finalize## OSEIMACLER]
sat.

2 HUAWEI

HIEN A %---BROE

EFLNAE, FELCEZER, FHAB
S GEBIAR., E R REE, REH
%, WTEASE LA

FApp& TR
—— model I/ EE R TFRRE
—— 30000
— data
—xxxjpg 1 I S
inc HEER T BRI
——x0ch
——out N ZERTHFHELHER

src

F—— x0cjson 1 READa LB E S
— CMakeLists.txt // RiIFME
——00.cpp A I

EHITHIEN A AHT, ATASEF I CANNESI RIS, fln, ETHERSEN
REHERENT, FARHINM json3ft, HITATERFLER. pyXt, EitAE

BB R HFERELRI N AR L RS REE.

resnetse_firstapp

I— data

| }— dog1 1824 683.jpg

— model

| I— resnetse. caffemodel

| I— resnetse. prototxt

'7 script

| b transferric.py

— src
|

main.cpp

b— cMakelists.txt
—

/

-~

// Reshet-SeREEATFMII BRI+ (* . caffemodel)
/1 EET P HESREER . EEERT

// Resiet-Sefts FHER T (. prototxt)

/ EE T RESRTER, BEEEET

/1 R E R TRAEE N SR ERAIER
/f BIEE . jpeFEE T bin, EIRLEER M 1024% 68300 HigRgRI 2247224

/1 HREME

/7 EEEL BRSZEERIEaN

MEEER, FRTAHESHERER, HEEZERT

RN AL

2 HUAWEI
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IR %&---MAFF 43O AscendCL

i
| AscendCL (Ascend Computing Language) E—ERTHERBTE AL REHREMEHE

) | FCETAPIEHAPAFLREMENSENE, BTRMEHEN, BRI XS AR
______________________________ | EEEMAAscendCLIBHIEOF LA, ATLUELE =512 @MACLED, AIUEAHACL
| s SIE =l

1+ 8#E (Al Core/Al CPU)

I
TS (APPS) | 1
} ) | R FARCIESAPLE, 2IE61E: !
I

gohiEe RSB =HlbE i Device &2 :
i A S i 1 |- Contextii® |
1‘ AscendCL ( Ascend Computing Language ) : i . Stre. am-’—"é—"-fg :

| | e
(DD EE | e |
‘ | . L, |
| EAEEE (Runtime) KRR (EHWBRRE) | | REMBSHIT |
] | Lo BFMBSHT |
} ARRAEER | : |
| [ | o BRREELE !
! i i : I
| |
I
I
I
|

- Host: Host#s5DevicetfiE#ZMX86/k%52. ARMARSE, SF|ADevicetRtfINN (Neural-Network ) 1+8&EH, FERLS.

- Device: Devicetg &% T HBAIIERMBEHILE, AHosHEHNNITHEE N, EHEHES M Device, 4 DeviceZ EMNANERBETEELE.

- Context: EIETHANRNEHEL (BEStream. Event, &&MNFH) , TEIContextiEventRT£mE, TEEMREIPFHFXR.

- Stream: FAF#HIP—LBSRIENPITIIF, WHIRIZRBEAEFPONREERINFEDevice EHIT. ETFStreamhkernel I TANHIIE (L1658 55 LI
Hostiz&#1E. Host5DeviceB]H¥#EL4. DeviceNHIBEHIT.

- Event: X##AAscendCLEEOE P Streamz [Bf1E%, BFERIPHost5Devicex [EiI1ES . El—1Device EHZMES.

2 HUAWEI

YETE N T &

YETE N F

HEZE N FH I 4 RO AE SR

11 1L.EX—NEFENRUHES, AFAscendCLAAK, BITEBRERRIE (BEHTHRES)

InitResource();

/] 2. BEX—MREUNEE RS, MERER S XERE, BT REHEEER
const char *modelPath = "../model/resnet50.om";

LoadModel (mdoelPath);

HiR IR SALTE > [ 3. EX—MEE R BURNRE, FURERBIEEAAE, HiEH2Devicefll, AT EEHEEE

|
|
|
|
|
|
|
|
FEAE '
|
|
|
|
|
|
|

HIREAL TR i /1 4. BX =R RS, ATHITHE
\}’Inference();

/1 5. X — MR REGELIBRRE, AFELG EREMNRERNtops BEENEIRS

rintResult();

/1 6. EX—MREVENA R E, EFE S 5 EAIRE

nloadModel();

[1 7. BB, BTRRAT. HEIEREXHNEIRRE, PBHLERETE

nloadPicture();

/] 8. EX—NEREEMIANAEL, B FAscendCLEMKK, BITERERREN GEEHHEES)

DestroyResource();

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
IEEHEE const char *picturePath = "../data/dogl_1024 683.bin"; !
\\ioadPiCture (picturePath); !
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
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TR N R T &

HEIE N B I & - R

FEENL :EFHAscendCLED;?ﬁF_‘ZFHHTL Wi A aclinit#E O #1TAscendCL#IIA K, BN RELSSBEEREATRFEMNALLE,
| EMSHHA B SR,
BRI & ALTE | BIEEITEIE AR, FikMDevice. Context. StreamMIfFKKRERE, H+, lEContext. StreamiiR 7 AR GIE

o i3 fllZFContextFIStream: E&E R, RERZEZBNNE, BRLET, ESLEMET, SMELIEHEAIOA

|
|
|
| B0, ERGRERTR: !

N | !
RENEIE | ContextsiBiAStream, BRiAStream s {E SR ITIRFEUR FHRIERGLASHE IR . |
| |

| |

o BN Bl ContextFiStream: HEFRER, EESKE, EAXEFENNA, BETIRSEFVAEME. A4,
4737 5 A2 7 | it

— aclinitEOMAS BRE B HAERS, EREXHFTESATHEL, HiESF0RE .

[/ HERbEY. FRIRAER BRI, MEXTHUTCHAER BR, i, SELROATHITHFREoutE
FT, s, BEroutBRM E—RKER

const char *aclConfigPath = "../src/acl.json";
/| AscendCLAISL, EATEIRMREE GREHH aclError ret = acllnitGEelCerRE A
&)
void InitResource() ZNIVENRAFRERESHF, Mg Anullptr
{
aclError ret = aclInit(nullptr);
) ret = aclrtSetDevice(deviceld ); Device. Context. Streameis:

aclrtSetDevice(deviceld);

aclrtCreateContext(context, deviceld);

aclrtCreateStream (stream);

BAVENATSREXARSESHNERE, RABEMAContext, StreamiIiFx, ERFH#HTEN LI
®

RN AL

HEIR N T % - B R i & AL

FRAAL | SRR S HRE O BR AR !
| 1. Hi5M7%: Host bR EEAEAEDaclrtMallocHost, Device A7 EIEAI{EREDaclrtMallocskaclrtMallocHost |
HIR AL S AN 2. BEIEEANE: HAPBITERRIBRENRFHENSE :
I 3. BIEAEEHSIERER: ESREEHEREDaclrtMemcpy (3 FHostREI¥REH. DeviceMRI%IBER . Hosts |
i | Devicoz Missfe, AN RAWFENOEOSH, CANERE R R, ) |
/] BRiERTE, FRAC/C++HiREEREIFMXEFIZARE
BRI void ReadPictureTotHost(const char *picturePath) /] BiEDevicelUINTE, BLUEHINENT
{ S O SRS EIDevice
Al void CopyDataFromHostToDevice ()

string fileName = picturePath;

ifstream binFile(fileName, {

ifstream::binary); aclError ret =

binFile.seekg(0, binFile.end); aclrtMalloc(&pictureDeviceData, P R S E B iR
pictureDataSize = binFile.tellg(); ‘ pictureDataSize, AHosti7, BEHI3
binFile.seekg(0, binFile.beg); FACL LB ILALILOIE_BIOIE 2 IPTIESN: Device®7, FTH(THIE

ret =

aclError ret =
aclrtMemcpy(pictureDeviceData, ‘

aclrtMallocHost(&pictureHostData,
pictureDataSize, pictureHostData,

pictureDataSize); Bt

binFile.read((char*)pictureHostData, pictureDataSize, aclmdlLoadFromFile}s&
pictureDataSize); ACL_MEMCPY_HOST TO_DEVICE); ST 2 B A R b
} binFile.close(); } s@ HUAWEI
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ARAE | BB ASCondCLI DA (TN, BELHIMUEORBIIESH AR LHIE:
KR AL S AN | ® fEMacimdlDesc R BIMIBHRIHAERIR AR, NN MMLE M, SEE), Format, #EESF.
| ® fEMaclDataBuffer B EHRRIA S MAN A AEIE, READ.
IREVHERS i ® {FfaclmdlDataset R FMIEAER AN HHEIRE.
KIEEALE -
aclmdlDataset Qe SEi e
RIRFE aclDataBuffer
HEERORNBLE
buffer address el Sl
buffer size HRE NSRRI
aclmdiGetinputSizeByindex
aclmd\GeIOutp‘mSizeBylndex
aclDataBuffer hﬁmgm},ﬁmﬁﬁ%
buffer address '
@J%ﬁéﬁiﬁ)ﬁgdﬂwﬁﬁ‘lﬁﬁ

aclCi rsaI:DalaBuﬂsr
buffer size | GREEROREESIRS :

[
— — — 4 acimdiGetinputNameByindex |

Iz
g
=
2
%
z
5
2
=z
i
=
3
o
=
2
]

,,,,,,,,,,,,

falacimdiDataseteriF
...... aclDataBuffer
acimdlAddDatasetBuffer

HEZE N FH T 4 - 1R B HETE

[ BEREPRE—MRAT— DML
aclmdlDataset *inputDataSet;
aclDataBuffer *inputDataBuffer;
aclmdlDataset *outputDataSet;
aclDataBuffer *outputDataBuffer;
aclmdlDesc *modelDesc;

LERFESMA BIHE, @
aclmdlDatasets 7m0
aclDataBufferff, AiBRIAF HE,
AILASEIRBN . I A B AR, BRI
A A FRET XY R AYind ex ISR
R

S HuAWEI

YETE N T &

YETE N F

HETE N I &% - 1R B HE T

ABAIAH | AR R S
P | s R, EEBEERacimdlGetDesciE N AREEAT RIS

EEHAERIAA . MERELE, BERID. MARMBL S acimdExecutelE OHITHID

o i ——_——————
IRELEE void CreateModelInput()

{
HiREAHE [/ Bl3ZaclmdlDatasetKB I HIE, FIAERHEIRAIMAN
inputDataSet = aclmdlCreateDataset();
BiEREW inputDataBuffer = aclCreateDataBuffer(pictureDeviceData,
pictureDataSize);

aclError ret = aclmdlAddDatasetBuffer(inputDataSet, inputDataBuffer); 1] PATHEER

}
|| AERFERHEIR A4 L BORLE
void CreateModelOutput()
{
(1 BIZEFHIREVURE IR E R
modelDesc = aclmdICreateDesc();
aclError ret = aclmdlGetDesc(modelDesc, modelld);
[/ BlaclmdlDatasetXEI MR, FHIRIEEIEIRAIH L
outputDataSet = aclmdlCreateDataset();
|| FREVERSA L BIRE SAMREX ), B{IAByte
outputDataSize = aclmdlGetOutputSizeByIndex(modelDesc, 0);
/] BIEIHAE
ret = aclrtMalloc(&outputDeviceData, outputDataSize,
ACL_MEM_MALLOC_HUGE_FIRST);
outputDataBuffer = aclCreateDataBuffer(outputDeviceData,
outputDataSize);
ret = aclmdlAddDatasetBuffer(outputDataSet, outputDataBuffer);
1

void Inference()
{
CreateModellnput();
CreateModelOutput();
aclError ret =
aclmdlExecute(modelld, inputDataSet,
outputDataSet);
}

2 HUAWEI
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HEIE N B I % ---BiR R A

HRANA :’Fﬁﬂﬁﬂﬂ’ﬁﬁﬂﬂ%ﬁﬁiﬁfﬁﬂ‘%ﬂ@w{%*. BT ROERR 2N E HE T 1000M4E X RMEERE, SIMTENHRIFRK, |
v | ATUET B X, RELHITENIRE R SR B EERNARRS. SilidaclrtMallocHosteRiEHost%E, Bidd :
MR & AT | aclrtMemcpy#§Device LKL R N EHost, REHITHFMET. |
i~ /] L ERENRE R tops BIEE M AFIHRS
RENEIE void PrintResult()
{
RiREAE aclError ret = aclrtMallocHost(&outputHostData, outputDataSize);

ret = aclrtMemcpy(outputHostData, outputDataSize, outputDeviceData, outputDataSize,
ACL_MEMCPY_DEVICE_TO_HOST);

float* outFloatData = reinterpret_cast<float *>(outputHostData);

map<float, unsigned int, greater<float>> resultMap;
for (unsigned int j = 0; j < outputDataSize / sizeof(float);++j)

{

resultMap[*outFloatData] = j;

outFloatData++;
}
int cnt = 0;
for (auto it = resultMap.begin();it != resultMap.end();++it)
{

if(++cnt > 5)

{

break;

printf("top %d: index[%d] value[%lf] \n", cnt, it->second, it->first);

}

IR N A&

HEZE N FH T % - BT IR IR

FRAIIR L OtER @AFER
TSRS RS, EBEtacimdlUnloadiE BREHE, FERMUEEZRESRIFENRARLERNE.
% i 1
SRR G OENEARAY, FHESaclmdlDescH R MIERITY /1 RERPITE SHERMETRARR OB, Br LA
R BIEE, BHSRET TN ENT. {01 UnloadPicture0
aclError ret =
HiRELE /] EEER ‘ aclrtFreeHost(pictureHostData);
q pictureHostData = nullptr;
\{IOId UnloadModel( ret = aclrtFree(pictureDeviceData);

pictureDeviceData = nullptr;

B aclDestroyDataBuffer(inputDataBuf

c);

) fer);
} aclmdlUnload(modelld); inputDataBuffer = nullptr;

aclmdlDestroyDataset(inputDataSe

);
QETHIFEM&AscendCLEHEL. inputDataSet = nullptr;
FANEABERLE, BE—RBHETEBAR. EMERHT ——
AscendCLEIFREEAZ G, SiE#ZRE a1, FHMaclFinalizei#EQ aclrtFreeHost(outputHostData);

outputHostData = nullptr;
ret = aclrtFree(outputDeviceData);

_ outputDeviceData = nullptr;

LI AscendCLEHA I

/I AscendCLE#A, EITERERBH GEEHHERE) ety Deibal syt o Dl

void DestroyResource() uffer);

{ outputDataBuffer = nullptr;
aclError ret = aclrtResetDevice(deviceld_); aclmdlDestroyDataset(outputDataS
aclFinalize(); et);

} outputDataSet = nullptr;

}
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HEIEN A & ---REEITR A

[}
| ATCTR: K FHERIMEEERE (SACaffe, TensorFlowss) MURBHFJsonctt, HRmMABAILIERFMNBEARL. iz = ROHREIR
' H)l BHrmg, HErae, BASESR. EIRTAUSSHEFRENNL. WERREER. AFERLLSE,

Caffe TensorFlow ONNX MindSpore &F Ascend IREEX

MBI FHIA
: ; ) ATCIR
Caffe Parser TF Parser ONNX Parser
¥ ¥
F—i@EIR Graph
Graph Optmizer v
> EEE >  ERS > B >  EEE BEFHEEF
\
BEER
(.om)
¥ ) Y
NTHER RITFREFIIE
ATCIRInaEARAE

® FiFELRMEHERDZdParserfi@iig, kAP EZSIR Graph.

Q@ FESIRETEES, ERS, BN, BRFZ—RIRERE, EREEFBAMERNEEEN,

@ HiMELER FERIREIER, BEidAscendCLEOMSHERSCHEE. T RUSTFRIELRMAEE
RIS FHERSEREjson X HES, WA NEREFRERMNEEREITATCHEjson .

@ Ascend IREXMBETHANH (jsontgX) EFATCT AR TREFHITR, HFREEFBAIL
ERNEHTEEELY, R LEBRRTE, EidAscendCLEOMS AT FRESHATRIES
BErmee.

WS

EREE
SRR FEAL L (sonta) S

ATCIRERRREE

ATCI RERRE:

O ERATCTRZA, EEEFRFHERBATCHRAA.
O ESEHTRRNENN S HFRRt, 3 EEBIF R,
O ERATCTRMITRARER, FEBBXSHN, RIBFERE

EREH{TAIPPECE.

AR EIR T AR R R T I

YETE N T &

L

1ZEATCIA
2. REHERE

- AIPPRE

2 HUAWEI

HEIEN A & ---REEITR A

ERH A model B3R BUTU T & SHHTREI S, 15 RERES o B RSATSIEES AEIR R % omiERIST (I CaffelE42EE! ),
i)
‘ atc --model=model/*.prototxt --weight=model/*.caffemodel --framework=0 --output=model/*

--soc_version=Ascend310

MATIR B A% ——> —-model: FIAMEERTHIRESTHE (5. prototxt)
--weight: FRIEMERBINEHIRE SR (*.caffemodel)

‘ —framework: FRIAML&ERIELESE (0: Caffe, 1: MindSpore, 3: TensorFlow, 5:0NNX)
—-output: FHEEHRENEERENERURIHE
MR E B HNdataBF - soc_version: iEEARELIRITRBAIIEERHIRA
BB IERIAR > REGHRRHIEMIA CMakeLists. txt, NEBXSY, TEACLIE
‘ export DDK_PATH=${INSTALL DIR}, CANN##%%H
WEINETE — export NPU_HOST_LIB=${INSTALL_DIR}/{arch- os}/devhb archFn B ERGRME, {os}RRIRIE
3 M

- s = cmake ../../../src -DCMAKE_CXX COMPILER=g++ -DCMAKE_SKIP_RPATH=TRUE
BREEFERTRIE = TF g SR

“....]..]src”FrCMakeLists.txt3X AR B F

.

7

b

2 HUAWEI
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HRAR: £HCANNGEE (2D

> ABAIEMSEGHES
> FBAIRMTE IR CANN
>CANNXEEES
vVIRRIT B &IIIZR
VRN A4
vETRFX
>Ascend C EFHEZAIT]
vVETFEREE

v’ Ascend CE FiRIZER
v’ Ascend CEFHEG# R

HARE T — HFEHREME SN

Caffe%%
|/ data ]
L
Convolution
BatchNorm
Scale

REZFIEXR—MMTESR AR, KO RelU
XL EHTHETF (Operator, BHOP) . l
ERMEERS, EFHREHEAMTEE ‘;°:"‘:h']”t'°“
atc orm
i, BEMEERATEH—IHSIETFHHE Scalc
ZHAK RelU
Convolution
BatchNorm
Scale
RelLU

TensorFlowfd£%

BTEAHS

input

l

l

Conv2D

filter <3x3x3x32>

!

FusedBatchNormV3

scale <32>
offset<32>
mean <32>
variance <32>

l

I LeakRelu I

!

Pad

padding <4x2>

2 HUAWEI
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HHARET — HTHBFEEN

AHFESE, — MR EEEHEE RS0 XY, #MAET. I XHH, SHEMEHHT
%—Iﬂ%{’ﬁﬁﬂﬂuwﬁz—/ﬁ%?, tbann EF, TERDPEFEH.
WEF: tanh. ReLU. sigmoid%.

—— tanh 1.0 f(y) I
U To)=v h
73 =0 y
_fx ifx>0 |
101 ReLU(x) - {0 ffX <0 0’910 -5 (') 10
Tanh R ¥ &% ReLUR #E % Sigmoid éﬁl‘é‘l{%

2 HUAWEI

HLGEEEFLAENET —

—RERT, FRELFEACHRET, BEBIUTHR, FREFELRETEENETHFL:

® JIZIHFMERIART, BEI T AIFNET
o MFFMET, KIRNEFMHERE, BEHFL— I SMEE FERMERENET
o EEEHTITHREANENET

flgn, $N—NAEEMA, HAVENSERBFEIRERDERATREMEHEANES MR, WAUER—MERERENET (Hm

ArgMax) , BEFRFIUEEREAscendCLED AR LE FLIXHEIBLE RN ELIE.

2 HUAWEI
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ﬁ?%ﬁ*ﬂ%@
%?Emﬁ@ I IE\EL:

HITEFHAA, BASTE THRETFHEINELER .

B BEF&MR (Name) Data |
HFZMATHREMNETFHENET, A—MNEFETHEREEREE— MEEFRR “_I—
Convl, Pooll, Conv2#2LtMEHHWEFZIR, HFConvl 5Conv2EFHIZEEN Corv1 |
Convolution, FRHHM—KEREE. T

m HEFHE (Type) Pooll |
MEPBE— N NEFRBEEFREFTETFSSLE, HEXEEFHIIEERR. £—1 I
Rk E—KBNE T TaEES, HIIEEREHNConv] lETSConv2ETHIKEH Conv2 |
AConvolution.

B BIERF{ (Tensor)

LBAKE
TensorRFHEFMARBESHEEBENESSR, WAERR, EFENESDHITE, SEHA vl
iR, EFTER, USBNNNEERL. SMARETFRIRENESRENAKE l;ﬁ.}ﬂ:@;@
(Tensor) .
2 HUAWEI

HFEARES
HFRAHS — Tensor =

# 2 (Tensor) REEMETFHMANBIESHLHIENERE, MikEIART (TensorDesc) EXITHMINBIESH
HEURIIER, SkEHATHEEEHESNTES:

B EX

#Z# (name) AT X Tensori#{T&35|, FETensorfinameEZIRIEFME—.

4K (shape) TensorfIF4k, tban (10,) z& (1024, 1024) s;& (2, 3, 4) %,
feak: (i1, i2,...in), EHAilBinthIEEH

HIBAA (dtype) e E Tensorst R A IEAAL,

B4n: floatle, float32, int8, int16, int32, uint8, uint16, boolZ:.
AR ERIEZ HNRIELELRE,
HEAMERX (format)  |BURmiERHME R, =X T RISRIENERE.

2 HUAWEI
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HFEXB2 — Shape

THE2 AT B ERR PR R BRI

m 4R (shape)

SKERMAK, LUDO, D1, ... ,Dn-D)MERARR, DOZIDnEESHIEEH.

MR (3,4) RRE—HUBINM TR, BHBANTR, B—31T4FIMNERE KA.

ERRONMESHEZONMET, BREXDKERZVUENKE. RKNE- I TREEFSKERIENTESHELD
nE, BRHNEZ N RERBKETNCOTFERBE-NPRESTFEILITE, KILLKE.

BrEAG

EUE
KE N
1 0,)
[1,2,3] (3)
[[1,21,[3.4]] (2,2)
[[[1,21,[3,4]1, [[5,6],[7,8]1]1] (2,2,2)
2 HUAWEI

| HTEAES
HITHETAMELGZ: RIEFSHEE ( SPMD ) MfKk&EHT

PN 6 i i

3 2 — #1E1AHET1,T2,T3 ——> 0
1

Z 6 — 3122 A018T1,T2,T3 — 4
5

e BN
9

SPMD #EHITIHERE
- BR—@E#HE, EIETERNRER

c BELERERTIS, BUSEHRESRS
KRBT EIHIRALIE

s BSMHEEMNECHBES RHTINES
T1. T2. T3HA IR

HNEHE W
& &
HIE1ANE | M2 ANE | e e
T1 b7l T2 5l 3
8 (76 5 4 3 2 il 0

MIKEFHTIRIE
- BE—HiERE
o WEURHITIIS

« BAOHEHAEMANEET R, MRMABESRRIM—NME
SHIALIE

2 HUAWEI
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CANNETRAINANER

NEFRIAIR A BTE » ATEE »» AT R

e U - »
432 I mramEn wvAE 5767 WRCAE
DHEFHFIBE  Python/C++48F% Auto ScheduleEzhiE  AOEEREEM
BEETFFEER MEHEF R R IR
HIRE5E R GECANNF SR BAETHHEEERHEEER EAETHMETHBEER

z
~

HUAWEI

EEETFHIHTEEETHEER

BT
ft 2 EAscend C EF

Ascend CRCANN#METHLIZRHLNREIZES, BEESZEEOHR. BEHITIHE.
TEIFRFRERAR, MARSETFHFLYER, WHAIFALERBEATREF I A MEEHEMT
HE. [FHAscend CHIZIEE A RXMETHIFRZ HAscend CEF.

f£MAscend CH&XBEXEFHME:
v C/C++RiB4wiE, RALERAFHNFALIIR
v RIERBERREHES, FETNRESTFLEYE
v ZRFAPIFE, NEREIRE, RMZASEY
v ZEEIEIR, CPUMBERINPUMIAITH, AIHEECPUMIEILK

2 HUAWEI
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BEERATMEFR (NPU) , ATRASEERARAR ML T S NE

ASCENIU U BT ITRE

Host
BR %5 7%
PCIE
AICORE#%:1>0 AICORE#%>1
GlobalMem (DDRAE)

AICOREZNPUFHIHEZ L, NPUNEREZANAICORE. S/ AICOREHE T %#ZCPUM—Mxil

2 HUAWEI

Al CoreAEBHITIHE MR (1)

Ascend C EFiz{T7EAI Core k£, Al Core2FBAIKLIESREHHIHEZ L. —MATAIEREAEAE %A Core, Al Core

TEESHHEERT, FHET. RTATFROEN

BT =ZMEMTEER
® Scalarit®# 5T MITHHITE ., BIFE
FISREBWETE, HIERETE., EK
HE., HEME. FSESLGANEE
THIT
® Cubeit®&iE: AFPITEKEE
® Vectorit®&it: fiiiTEREH

Al Core

BFELF

B
HIER
BFES

|

PN -
o DMAIZEETT

‘ Local Memory

Global Memory ( DDRA? )

ASCEIIU U BT ITARE
]

\_MTE3 (HuEfllit $5%)

WIZ B T fa=7%EGlobal Memory
FLocal Memoryz [EifiE#1E, &
EWEBTMTE2 (Memory
Transfer Engine, #iEMAETT) ,

TR B TT AAT CoreflyMIERTENE, SRR
J3Local Memory;
5t#E33 R, Al CorefishEBFMERRZ
#3Global Memory;

Al Core BRI TITH IS R EE

HUAWEI

2
~
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Al Core I BHITITE MR (2)

RLHEOSR

ScalaritE# tiBE S F5, HBEEITE.
EMFITE, BERCSESAFENNETHNIES
M3, mEitERT. EEITERT. BFERE
BRREHHTIITEREINES

BCETRSFERBXR, ATRIEFFKES
PAZIEI B 45 S R RIEFRENIZ B X ZH1T, Scalar
HEETHS BN BT TAELES

HEBER
DMAMN Bt #FEMEEI Local Memory,
Vector/CubeitE B T HEITE, HiLitE
#R 5O Local Memory, DMA#H 8 Ti0Ab18
TR EMIZEEIGlobal Memory

L

Al Core

HFESHFD . B8O
— HER

BEES

cache

s

Local Memory =

Global Memory ( DDRA#F )

Al CoreEBHITIH B EMMK REE

2 HUAWEI

ASCENIU U BT ITRE

HIBER——RKERREER

Ascend CHIFEREZ—MHRAKEXMNEEER, BEFZANLERERF, SRS MRKES, BEIAT
(Queue) FEREFEIREMEY, HRIZ—HAFEERR (Pipe) %’IE&',,]&MEEW?%

Stage1:Copyin
HMAEEEN GlobalAFEEEILocalAFE

i

Stage2:Compute
fEFLocal A FEER Tt E

l

Stage3:CopyOut
T EEEE ML ocalBIFRHERICloballE

REREEXMESRIT

Stage1:Copyin
HIAHIEM GlobalFBERILocaliiF

!

Stage2:Split
HiET

!

Stage3:Compute
{EFLocalR{FsERiTitE

l

Staged:Aggregate
HIRILE

l

Stageb:CopyOut
HEERMLocalAF=EIGlobalRE

SRR E SR
2 HUAWEI

ASCEIIU U BT ITARE
]
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R E%IE —— double buffer#

double bufferi@d K EME S EEHEHTRITURBEBREH EH KR XEESNEFRE, REARSXEHTERTHTIANE.
14 Tensor[E—RTEI REEFHITIMN . TEMME=DRKESHH—D, HEBEDMRKESSROES 2T FIdeKES

BB FAIBHEIE—S A=, tkiTensorl, Tensor2

o YHEREHES T Tensorl#{TComputelt, Tensor2@ U 1TCopyInkI{ESS

o YREHEBITTensor2i#iTComputelt, TensorlA#ITCopyOutt{Es

o YHEREHES T Tensor2i#{TCopyOuth?, Tensorl A UAITCopyInBIfES

ik, HEMNEHREFAETHEZESSIMHAT, BHATREHRSUENER

Copyln

o |  S—
> ] > [\ CopyOut Tensr:r1< |

Tensor > Compute Copyln S ——————— Compute
Copyout | :
/ E— CopyOut Tensorzrs
N <_ -

Double Buffer FH¥#E#IE SVectoritMitiz

z
~

HUAWEI

% BRAPIE %

Ascend CEFRAMMECHHEEM—HLEAPIAITHRIE, XEAPIZTEGASUTI/LHM:

° 'é:lj‘%?éAPI, BIERETTHEAPL, EETHEAPL. FEMTHEAPI, S3LMiFMAScalaritE#5T. VectoritE# T, CubeltERTMITIHE
YINEE .

o HIRWHEAPI, LidtHEAPIE TLocal Memory#iB#HITITE, FABIEEE SN Global Memory##iz ZLocal Memory, B{ERITE
EOEMRITE, &EMNLocal MemoryiH ZGlobal Memory. #{THtzidI2MIZE Oz AHIERBED, ttinDataCopyiZEO.

o HNEEEAPI, ATFHEEEARE, tkiAllocTensor, FreeTensorfM.
° E%}l:]}::‘fAPI, RIS EEEFES, HMEnQue. DeQuelE. ZXRIAPI, Jr&E T E L EMNBTIBEE, (565 8MAPTHEDE
AITERR .

Ascend CIAPIfY 50-3%%, BEERHIES, APIEANBHAERR, ZAMERE. ATLUREBEFEEFEAENAPL, ERARBHEZENSR
BEOREZEEZEFZE, EAEBHRENRAIZEOHITERNEELMAMMEEARN. UKXKETHHELAPLAA:

|OEB #ORE

0 MEERFINTRAP, RSREEEME, HHNEGMEEHIBlock stride, Repeat stride, MaskBIE{E. Block stride, Repeat stride, MaskEHITFANBBESLOREDERS
#iseR,

1R sliceit HAPI, BRSHEEPHDRITREDE, BEFAERZHREO.

245 HHRRFHNERSEHTHTEFEESABRRMEY, BR—HtensorfEEZITHOIEL.

3% EEGER, HiE -0 & < >, <=, > ==, 1=, THHESHISLEL,

2 HUAWEI
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ASCUHU U AT ITRE

Ascend CIRHZFEBIR A, B7EcpullltlE— P npufiERIFELIE M EITH, AR#TLSIEEESR.
HEIHWEFRE A U EcpulsliFidEE, npulslifiditae.

CPUSEAIR

1, BITIEEEASSERT, ¥ISEBHEFIECHIEREMER, MESKBIR, /OBEBUES, ZTRTIHH

ESF

2. JEAgdbELEXEFHERE, tWAIUEREhERSSprintf(...) R EHERNEL .

NPUEER
AME A T EREESS A Eprofiling#iE, #H1TMH 8EE 4T

Ascend CHFFFE—HFF LRI

BFoh
ZERETE N roToT T T a2
l | Copyln :
| "
REE RS TS T { ! Compute :
[
[ CopyOut ‘
|

2 HUAWEI
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BHrga

%§ﬁ$2 - E%ﬁ*ﬁ (OpType) Add
name shape data type format
BHF@AN X (8, 2048) half ND
y (8, 2048) half ND
Bt z (8, 2048) half ND
n PHEFHORFRIAR LT EIBE HERE add_custom

AddEFHEFRERXA: Z=%+Y, HEEE: AAREFTEARAIF LEH, RAEEATEROTRANMUEEE, 58
RELER, BiRHBIINAREME

m FREBI A6
AAdEFERMAN: X575, REHNZ. WNEIREE D half, HHBREERSHNEIELEMEE. WX #HEEshape(8,
2048), #itishape5iiAshapetfE]. MABIEHAAERHND

B HEETFIIAEED

BRANBFMEBNBERE, FRBERBED: DataCopy=il

BREREUHEHNMERE, FRAXENEIES: AddII

£ LocalTensorfz i, EHAQueueEIEITI, <EMAE|EnQue (FFTensorIABAF) « DeQue (#Tensor ABAFIERL)
ZE0.

B BEZKBEBHRMSH
BEMZERE, Wadd custom. RIF@NAL, HEZRBEINMASY, 5, z
x, yAMINTEGlobal Memory FRIAE#bIE, ZAHiH 7EGlobal Memory #9175 itk

Ascend CHFFE—HEREN

¥%5 % (Kernel Function) 2Ascend CEF&&MSIMAAD. ExEEH+H, FEAE—ME
PUTHIR B E E#H I TROBIR G ) A B iRE, SHZRBHOARR, ZMZEMITHEERZ R K,
BEEHEENSH, HITHIT.

extern "C" _global__ _ aicore__ void add_custom{GM_ADDR x, GM_ADDR y, GM_ADDR z)
{

KernelAdd op;

op.Init(x, y, z);

op.Process();

}

MRS ELLREE, —itlextern “C” __global__ __aicore__ void BENXEERHEZGRANL, B
A2....., Hth1, #|WH2......) BEK,

2 HUAWEI
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Ascenu U FT T
a7

Ascend CHTHR—BHRB AR

ZERHHEMERRC/C++REAMBEAN—MT R, ERAAREART<<<..>>>XMIEEFRA,
RMEZEHOHITEE . PAZARFNATENPUNSGRIERHEA, CPUNRIFIEZIRAIZFATS.

BZEHREARRZRRLSH, RRBNFRASERE, EHCIZIRELSENR, RTRGER T & ke H)
FHRREFFHFRAREENITRE.

#ifndef CCE_KT TEST _

// call of kernel function

void add_custom_do(uint32_t blockDim, void* 12ctrl, void* stream, uint8_t* x, uint8_t*y,
uint8_t* z)

{

}
#endif

add_custom<<<blockDim, 12ctrl, stream>>>(x, y, z);

z
~

HUAWEI

AScellu U FT 1M
a7l

Ascend CHFFE—HTFLHA

Jclass Kernelldd {

public:
_ aicore (er'\aladdt) {}

/7 s A FRIR L FE R ERAE
-] alcore id Init(GM ADDR x, GM_ADDR y, GM_ADDR z){

| sr FIEE =
F }

/) BLaE THETEE, AAALAERAE$CopyIn. Compute. CopyOutEREREE THI=FifkKEEE
-] aicore ne wold Process(){

/r EFELAERED

F }

K CopyInBTERATIEE, W LProcessEHENEA
_¥oid CopyIn(int32_t progress)({

% ComputeBTER AT AR, HWiZE-LiProcessERENER

4] _ alcore_ ne vold Compute(int32_t progress){
:Zcrrp';te_.'ﬂﬁ;ﬂ;
F }
/f BEEE, TEACopyoucHT BRALE, #iZLProcessEEIAR
4] _ aicore__ vold CopyOut(int32_t progress){
/ Copy e
F }
private:
TPipe pipe: //PipeAITEEEWE
TQue<QuePosition: :VECIN, BUFFER NUM> inQueueX, 1'10.1&.1&‘{ VO P
TQue<QuePosition: :VECOUT, BUFFER_NUM> outQueusl P kil
GlobalTensor<half> xGm, yGm, zGm; f _—'Ei'ﬁ /\:§ mGlobal Memory

2 HUAWEI
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Ascenu U FT T
a7

WTZHE — 2R

ERAZEMTHE, FERRETR, KRBT MEIFREELENZEGlobal Memory RN ZFHF itk

HIRERKE TOTAL LENGTHA8* 2048, FEHHEEISMZLEIT, BN EAEMEEAX/NBLOCK LENGTH32048.
block idx}#% 381D, (_gm _ half*)x + block idx * BLOCK LENGTHENV&S| A block idxHitZHIMi N #IE#EGlobal
Memory EHIA 7R it

constexpr TOTAL LENGTH = 3 * 2043; [/ TFEH Nshape

constexpr USE_CORE_NUM — 2; ZAE ) )
constexpr BLOCK_LENGTH = TOTAL LENGTH / USE_CORE_NUM: EiELEEIENTE
constexpr TILE NUM = ©: 18 FiEEEE

BEUFFER NUM = 2
TILE LENGTH = BLOCK LENGTH / TILE NUM / BUFFER NUM; // =

ENE LI, ERAfL

z
~

HUAWEI

AScellu U FT 1M
a7l

HEFRE — Init

MR ERTETRATARE:
1. EEHANEHGlobal TensorfyGlobal Memory A 77tk
2. BiZPipe N FEEIN R AMAHI L Queue N ELHE

/7 FIEECERE. ERATFELERRE

_ aicore inline woid Init(GM ADDR =, GM ADDR y, GM ADDR =z){
/1 BB —vlock_iaitE ik DTS SR BATHIE AT AL EAA
GM ADDE xGmOffset = x + BLOCK LENGTH * GetBlockIdx():
GM ADDR yGmOffset y + BLOCK LENGTH * GetBlockIdx()/
GM ADDR zGmOffset z + BLOCKE LENGTH * GetBlockIdx():

// fEHclobalTensor IE AT T iz BT

xGm. SetGlobalBuffer ((_ gm  half*)xGmCffset, BLOCK LENGTH);

yGm. SetGlokbalBuffer ((_ gm  half*)yGmOffset, BLOCE LENGTH)

zGm. SetGlokbalBuffer ( t_grr._ half*)zGmCffset, BLOCK LENGTH) ;

/ AEENEA ST RATF, AFRDAERSEEEMNIRTETH « ERI IR SAFT
pipe.InitBuffer (inQueusX, BUFFER NUM, TILE LENGTH * sizeof(half)):;

pipe.InitBuffer (inQueusY, BUFFER NUM, TILE LENGTH * sizeof(half)):

pipe.InitBuffer (outQueusZ, BUFFER_NUM, TILE_ LENGTH * sizeof (half));

2 HUAWEI
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ASCElU U F T 1F11F
a7

WTEHHE — Process

#EProcessEHM), BAEFRAMKXBHTHICOpyIn, Compute, CopyOut="firk(Es,
N REZE R MBI E

1 B AR,
_ aicore 1
11 B
CONStexpr 4
for (int32 ¢t i =
CopyIn{i):
Compute (i) ;
CopyCut (1) ;

; 1 < loopCount; i++} {

z
~

HUAWEI

AScellu U FT 1M
a7l

HFLHA — Copyln

CopyInE#HEESTHUTHE:
1. {#f@DataCopyiZOi%GlobalTensor##E# N #|LocalTensor.
2. fEAEnQuei$LocalTensorii\VecIlnfiQueuet .,

aicore inline woid CopyIn(int32 T progress}{

i us ElLocalTensor. F T HAEEE
LocalTensor<half> xLocal = inQueueX.fllocTensor<half>()
LocalTensor<half> yLocal = inQueuweY.RAllocTensor<halfs>():

DataCopy (xLocal, xGm[progress * TILE LENGTH],
DataCUpytyLDcal yGrr[pIUgIEss * TILE _LENGTH],
EEEHNEHE M LocalTensor i

TILE LENGTH);
TILE LENGTH) ;

I Moueus. FERGETRENERE
1'10.1&.1&}{ EnQue (xLocal}) ;

inQueueY.EnQue (yvLocal) ;

HUAWEI
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ASCElU U F T 1F11F
a7

ST — Compute

Compute BB EETERIATHE:

1. #HADeQueMVecInHh Bl H LocalTensor.

2.\ f£MAscend CEOAdATEHKREITE

3. FHEnQuelgitE4 R LocalTensori A EVecOuthiQueue .
4. FMFreeTensorfZ M B AR LocalTensor.

El __aicore
/W

void Cnmp;te: nt3Z_t progress){
HER B R
LocalTe1sor half> xLocal = inQueueX.DeQue<half>()
LocalTensor<half> yLocal = 110;EJEY DEQJE<1alf>t}
/7 M Houeuesr Bl LocalTensor, FAT#HETHE
LocalTe1sor<ﬂalf> zLocal = DJEQJEJEZ AllocTensor<half>() ;
// EITE R REE
RddtzLocal, xLocal, yLocal, TILE LENGT&}

755 % HEFE fLocalTensor BUNS Housue
EnQue<half>(zLocal) ;
// FEMH MNLocalTensor
inQueueX.FreeTensor (xLocal) ;
inQueueY.FreeTensor (yLocal) :

z
~

HUAWEI

AScellu U FT 1M
a7l

HTFLHA — CopyOut

CopyOutZ#FERTHIUATHAE:

1. £ADeQueiZOMVecOuttiQueued Bl H LocalTensor.

2. {#MDataCopyiE¥4LocalTensor# i F|GlobalTensor.kt.
3. {£AFreeTensori§ A~ BfE A LocalTensori# TEIIL.

__aicore inline vol d CopyOut (int32 t progress){
£ iriﬂ_' HLocalTensor
LDcalTensDr<Half> zLocal = outQueucsZ. DeQae<Half>t}
/ BRI/ ENBIprogress MERSS5EEMNTRAETTE0rES SEEF A EEMAL, BifpacacopyiliLocalTensor EREERTIA

DataCnpy:sz[pIngress * TILE LENGTH], zLocal, TILE . LENGTH)

DJtQaedeZ FreeTensor (zLocal) ;

2 HUAWEI
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Frbe .:\_|
AddEFEKIW
CopyInf¥%%: ¥%Global Memory LRI\ Tensor xGmHyGnifgiz ZLocal Memory, 9 3Ef#ExLocal, yLocal

Computef®%: ¥xLocal, yLocaBpATIERAE, HHEEREMHEzLocalh
CopyOutiE%: 8t #3E M zLocafiz Z Global Memory_t it Tensor zGms

Copyln, ComputefE%8iEid VECIN\FinQueueX, inQueueY#ITBIEFIEL
Compute, CopyOutiE%Ia)i@iE VECOUTW\FoutQueue A Ti@iEFEE

PIpeNBFEEBMNRIMEZBXEFRENALE. IGRNTEFAZINRNESE—HITER
Stage:Copyln :> Stage2:Compute :‘> Stage3:CopyOut

| |

xGm yGm | ‘ zZGm
R Global Memory .

DataCopy| DataCopy l I DataCopy
| |
| Local i |
N ocal Memory N
| |
i E= i
' Alloc Memory for Queue .
: 4o :
| - e - I
EnQue DeQue i
yLocal inQueueY .
n Compute — EnQue DeQue

| * zlocal ‘k outQueueZ zlocal
EnQue DeQue 1
xLocal xLocal H
1

E8 REAJIEFH LM

~

HUAWEI

HEFEE — CPUBER

int32_t main(int32_t argc, char* argv[])

1
ff BN E A TE A
const size t inputCutputHum = 2 * 2043;
// BEEEIRRMIATRD
size t inputCutputByteSize = inputCutputNum * sizeof(uintlé c):
(¢ E5EEMTERS -
_t*)tik2::GmAlloc(inputCutputByteSize) ;
_t*)tik2::GmiAlloc(inputCutputByteSize) ;
t*)tik2: :GmAlloc (inputCutputByteSize) ;
MIHEIRIEESE, ATHEESEE, EAERBET iU
tlé t input_x [inputOutputWum] = {1,2,3,4};
ntlé t input ¥y [inputCutputNum] = {5,%5,7,8};
iE HE A SRR AT
{ _t *)input x;
{ *)input_y
E oz
ICPU RUN KEF{add custom, blockDim, x, ¥, Z}:
i/ ERIIMZEEEARRIESED
uintlé t *result = ntlé t *)z;
/¢ FTENHER, BRI RESMTEEBEEER
4: i+ q
i "<< result[i]:
tik2::GmFree ( (void #*)x);
tik2::GmFree ( (void *)y):
tik2: :GmFree ( (void *)z):
return
1

~

HUAWEI
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T EE, — NPURER
1

T main(int3z_t arge, char* argv(l)
ize_t inputByteSize = @ * * sizeof( )i .
ize t outputBytesize = i * aizeotln CRITI. __global__ _ aicore_ d add_custom(GM ADDR x, GM ADDR y, GM ADDR z)

t blockDim = 27

CHECK_ACL (aclInit(nullptr)); L

rnelidd op;
op.Init(x, vy, 2)!
op.Process();

aclrcContext context;
_© deviceld = 07
CHECK ACL(aclrtSetDevice (deviceId)): 4 |
. ACL(aclrtCreateContext (&context, deviceld)):
aclrtStream stream = nullptr:
. ACL(aclrtCreateStream(&stream)) :
_t #xHost, *yHost, *zHost:
t #xDevice, *yDevice, #zDevice:

fEHAcLB O 9 BHost LA add_custom<<<blockDim, 12ctrl, stream>>>(x, ¥, z):
CHECK_ACL (aclrtMallocHost ((void*) (&xHost), inputByteSize)): }
CHECK_ACL (ac1rtMallocHoSt ((voids+) (&yHost), inputByteSize)):
ACL(aclrtMallocHost ((void**) (&zHost), outputByteSize)):
// ERacLE O 5l A
a*+) exDevice, inputByteSize, ACL MEM MALLOC HUGE FIRST)):
a*+) &yDevice, outputByteSize, ACL MEM MALLOC HUGE FIRST)):

A5 R R

t blockDim, void* 12ctrl,

oid* stream,

£

a*¥) &zDevice, ACL_MEM MALLOC_HUGE_FIRST)):
I SER, Xt
14,3,2,11;
= {5,8,7,%};

CHECK_ACL{aclrtMemcpy(xDevice, inputByteSize, xHost, inputByteSize, ACL MEMCPY HOST_TO_DEVICE)):
CHECK_ACL(aclrtMemcpy(yDevice, inputByteSize, yHost, inputByteSize, ACL MEMCPY HOST_TO_DEVICE)):
// ERNREEE
add_custom do(blockDim, nullptr, stream, xDevice, yDevice, zDevice):
CHECK_ACL( hronizeStream(stream)) :
D. i HBlrostfll AT

CHECK_ACL(aclrtMemcpy (zHost, outputByteSize, zDevice, outputByteSize, ACL MEMCPY DEVICE_TO_HOST)) :

3 n © *)zHost:

= 3742738

uintlé t #*result
i TTETHER

for(size t 1 =

CHECK_ACL (aclrtFree (xDevice))
CHECK_ACL (aclrtFree (yDevice)) :

CHECK_ACL (aclrtFree (zDevice)) :
CHECK_ACL (aclrtFreeHost (xHost))
CHECK_ACL (aclrtFreeHost (vHost))
CHECK_ACL (aclrtFreeHost (zHost))

CHECK_ACL (aclrtDestroyStream(stream)) ;
CHECK_ACL (aclrtDestroyContext (context)) ;
CHECK_ACL (aclrtResetDevice (deviceId)) :
CHECK_ACL(aclFinalize());

return

2 HUAWEI

HBEHE: £HCANNERE (=)
> ABAIEMSESEES
> A BAIRATHEZEACANN
>»CANNXEEES
VIERITERB &%
VIFER AT
VEFFE

Ascend C EFHENI
vEFERES
v’ Ascend CEF4miZE A
v’ Ascend CEFHEGI 3R
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HARE T — EFEHEME PN

FEZIEER—NMMTERTAER, HIHR
XEHESBTHETFT (Operator, FHOP) .
EMERER S, BTN ERETSNITEE
g, BEMEERSRE— NS INE TR
‘HRR.

Caffef£%

[ data

)

!

Convolution

BatchNorm

Scale

RelLU

l

Convolution

BatchNorm

Scale

RelLU

/

Convolution

BatchNorm

Scale

RelLU

257

TensorFlowl4&

( input

l

2025%k

BrEAG

Conv2D

filter <3x3x3x32>

!

FusedBatchNormV3

scale <32>
offset<32>
mean <32>
variance <32>

!

I LeakRelu I

!

Pad

padding <4x2>

2 HuAWEI

HARET — EFHBFEEX

ERFTE, —PMRETE DR E EHRETO: XY, HMMAETF. XMW, HEMRBHT

E—THRESTUANR—MET, HONSET, FTERSBTE.

ZNETF: tanh. ReLU. sigmoid%.

- y FoNt
Jo) =y
0.5
fo)=0 ¥y
od]
O
Tanhef # &% ReLUE #HE%

258

BTEAHS

-5 o

Sigmoid i % El&

2 HuAWEI
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FLIRFEALKBENET

—RERT, ARELXFBCHLXET, BHBEIUTER, FLEFEEZREITEENHETHFL:

® JIZIHFMERIART, BEITAIFNET

o WMLFMEY, KMRANETFHERE, BEHA LI ST FERMREEENET

o EEEHIBHKEADENET

flgn, $N—NAEEMA, FAVENSERBFERERDERTREMEHEANES MR, WAULR—MERERENET (Hm

ArgMax) , BEFFEERITAscendCLIEDQAMA L E TSI IR RN ELIE.

259

BrEAG

&2 HUAWEI

BFELAHS — 2K

HITETH AR, BAFTETHETHINERHS

B ETEFH (Name)
BEF2MATHRENEIHENET, F—MNEFETHEREEREE—. MEEFRR
Convl, Pooll, Conv2#2ItMEFHEFZIR, HFConvl 5Conv2EFRIZEE N
Convolution, RRAHIM—REHEZE.

B HTHA (Type)
MEFE—NEFRBEFREHITEFLUNLE, HREEXEEFHSSINZERER. £—
MEFR—RBWE T REFEES], flnARPERAIConvIHEFS5Conv2EFRIEEIES
J3Convolution.

B ¥IEAEE (Tensor)

Tensor@ F i E FMABBESBLBIENSRE, MAERR, EFENZTHIITE, FEBA

wiE, EFIITER, CEBEMRNERGY. XMEASETHIENESRENAKE
(Tensor) .

260

&2 HUAWEI

BTEAHS

Data |

K[

Conv1

i

Pool1

o)
e
2
~

| At
Convl

| R
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HFEAKR#ES — Tensor

k& (Tensor) REMETFMAKESHLBBENES,
HEBIREOHE, KERATORBESNESNTRENM:

Tk EHIAT (TensorDesc) EXABIESH

BrEAG

B

EX

£Z# (name)

AT %fTensori#{T& 35|, A~ETensorfnameEZ{R#FMHE—.

FIk (shape)

Tensorfifistk, tbtn (10,) siE (1024, 1024) =& (2, 3, 4) %.
B (i1, 12,..0in), HAilHlinkEEH

HIEER (dtype)

s ETensordt RAVBIELE,

B4n: floatle, float32, int8, int16, int32, uint8, uint16, boolZ:.
AR ERIEXFHEIEXELE,

HRAMAE (format)

HARRIEHER AR T, EXTRISBURN4E.

261

2 HuAWEI

HFEAXE 2 — Shape

TEANNBKERAFT R RFIEEHH RN,

m iR (shape)

KERMR, LU(DO, D1, ... ,Dn-1)BFNF*RR, DOZIDn2EEMIEEY.
MK (3, 4)RRE—HBINTER, EZHBLANTER, B—3TATIAEMRHLE.

ERRONMESHESZOINT, BRRXNTKER

LHRKE. BRNE—NMTZEBEKERIENTESHEILD

E, BANENREZZBKEFNTOTFRBE_NPESHENLNTE, KILHKHE.

5l
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KE FI2N

1 0,
[1,2,3] @3,
[[1,2],[3,4]] (2,2)
[[[1,2],[3.4]], [[5,61.[7.8]]] (2,2,2)

BTEAHS

2 HuAWEI
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HITHEFRMERGZ: BEF

DN 6 i i

3 2 — el SUEEE T2 05
il

0

Z 6 — BifE2, 48 T1,T2,T3 ——> 4
5

10 —» #7823, 40ETIT2,T3 —» 8
9

SPMD ##EHITITEIFEIE
- BEi—@RE, eNETEENER

o BEFLERETS, BUSEEES RS
KRBT EIHIRAIE

2025%k

BrEAG

¥ ( SPMD ) FMFRKEHIT

DN 6 i B i

e *VBT\—P

7

BA

bi::]
H#HI21,4038 1=
i el

b
HFE2, 4038 1= #HFE3, b3
B 3 .

8|7 |6 5 4 3 2 1 0

MK FHTIRIE
- EE—EE
© REMIBHTHIS
- EMEIRHABFANKEIE, TRARESHRH—ME

s BOMABEMNBCSHRES RHITINMES

T1, T2. T3f4rE SHoseE

263

2 HUAWEI

HRAR: £HCANNGEE (2D

> F AT BT 5
> FABAIFIITT H I CANN

>»CANNXEEES
VIERITERB &%
VN AFA
vEFRE

>Ascend C ETFHEZAIT]
vVEFERE &
v'Ascend CEFImiZEM,
v’ Ascend CE TG
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CANNHEFRAINHBEAR

MNEFEIAINA BTE » ATE%: »» AT
e U - »
L EEIT 2 4 HE B EhiL Btk /
DHEFHFIBE  Python/C++48F% Auto ScheduleEzhiE  AOEEREEM
BEETFFEER MEHEF R R IR
BT ARGS R GECANNF SR BAETHHEEERHEEER EAETHMETHBEER

265

EEETFHIHTEEETHEER

ASCELNU URT ZHIEE
1l

&2 HUAWEI

ft42Ascend C EF

Ascend CECANNStMEFFLIARELNHITES, BISREOHR. BEHITIHE.
FERAFIREAR, RARSETHALUER, WHAIFLEREIATRE T LFREBMN

EE . F£FHAscend CHRIZIES A ANETHNFRZ IAscend CE T,

fFMAscend CH&XBEXEFHME:
v C/C++RiB4wiE, RALERAFHNFALIIR
v RIERBERREHES, FETRRSTLNE
v ZRFAPIFE, NEREIRE, RMZASEY
v ZEEIEIR, CPUMBERINPUMIAITH, AIHEECPUMIEILK

266

ASCELIU URT ZHIEE
]

&2 HUAWEI
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ASCELNU URT ZHIEE
]

BEERAIMEF (NPU) , ATLRASCEI AR MG E IR
Host
BR 52
PCIE

Device AIfnsE-E (NPU)
AICORE#:11>0 AICORE#:1>1

GlobalMem (DDRAE)

AICOREZNPUFHIITE#IL, NPUAZEZNAICORE. ENMAICORERYFZ#%CPUR— ML
267 &2 HUAWEI

Al CoreABBHH{TIHH E MK (1)

Ascend C EFiz{T7EAI Core k£, Al Core2FBAIKLIEREHHIHEZ L. —MATIEREAEAE % AIL Core, Al Core
FESHERAR., FEET. BERTFHOAEY

KmﬁiiﬁﬁEGlobal Memory

K i ~ B \ Al Core B \ FLocal Memoryz [EifiE#1E, &
1+§$n@ﬁ?:%¢£=ﬁ%ﬁ%ﬁﬁ;ﬁ e . S@ERTMTE2 (Memory
® Scalarit®# 5T MITHHITE ., BIFE FEES Transfer Engine, ¥iEMA£T) |

FEREWHELE, HERETE, BE |
HE. BERE. RSESRIRTEE
THAT

® Cubeit®#i: HIFPUTEMRER

kMTES (BB 8T

L ¥
Qi DVAEST T2 7T AT CorefIPIERAEhE, Hifk

\. Vectorit M : fsiThmEEs J
1 1| J3Local Memory;
| e | _— SHHERIEL, Al CorefIsMBEHIRZ
¥ #3Global Memory;

‘ Global Memory ( DDRA? ) ‘

Al Core BRI TITH IS R EE

268 &2 HUAWEI
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Al Core I BHITITE MR (2)

RLHEOSR

ScalaritE# tiBE S F5, HBEEITE.
EMFITE, BERCSESAFENNETHNIES
M3, mEitERT. EEITERT. BFERE
BRREHHTIITEREINES

BCETRSFERBXR, ATRIEFFKES
PAZIEI B 45 S R RIEFRENIZ B X ZH1T, Scalar
HEETHS BN BT TAELES

HEBER
DMAMN Bt #FEMEEI Local Memory,
Vector/CubeitBE# T BIBITE, HILIHE
#R 5O Local Memory, DMA#H 8 Ti0Ab18
TR EMIZEEIGlobal Memory

269

2025Fk

L

Al Core

BriESFS

.

cache

> FEOR

o AN

HiER

BEES

s

Local Memory

Global Memory ( DDRA#F )

Al CoreEBHITIH B EMMK REE

2 HuAWEI

ASCELNU URT ZHIEE
]

HIBER——RKERREER

Ascend CHEIFSERAZE—MRALRXMBREER, BEFHRANLERERF

(@ww)%&ﬁ%ﬁﬁ%ﬂﬁi,#ﬁﬁﬁ—%ﬂﬁ%ﬂﬁﬂ(mw)%ﬂﬁw@ﬁﬁmﬁo

Stage1:Copyin
HMAEEEN GlobalAFEEEILocalAFE

i

Stage2:Compute
fEFLocal A FEER Tt E

l

Stage3:CopyOut
T EEEE ML ocalBIFRHERICloballE

REREEXMESRIT

270

Stage1:Copyin
HIAHIEM GlobalFBERILocaliiF

!

Stage2:Split
HiET

!

Stage3:Compute
{EFLocalR{FsERiTitE

l

Staged:Aggregate
HIRILE

l

Stageb:CopyOut
HEERMLocalAF=EIGlobalRE

IR AESRIT

, TRENRIKES, 1T RA 5

2 HuAWEI

ASCEILIU URT SMIEZE
11
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R E%IE —— double buffer#

double bufferi@id K EME S KEHEHTRITURBRBREH EH KR XEESNEFRE, REARSXEHTERTNTANE.
14 Tensor[E—RTEI REEFHITIMN . TEMME=DRKESHH—D, HEBEDMRKESSROES 2T FIdeKES

BB FAIBHEIE—S A=, tkiTensorl, Tensor2

o YHEREHES T Tensorl#{TComputelt, Tensor2@ U 1TCopyInkI{ESS

o YREHEBITTensor2i#iTComputelt, TensorlA#ITCopyOutt{Es

o YHEREHES T Tensor2i#{TCopyOuth?, Tensorl A UAITCopyInBIfES

ik, HEMNEHREFAETHEZESSIMHAT, BHATREHRSUENER

Copyln

o |  S—
> ] > [\ CopyOut Tensr:r1< |

Tensor > Compute Copyln S ——————— Compute
Copyout | :
/ E— CopyOut Tensorzrs
N <_ -

Double Buffer FH##E#iE 5Vectorit Midi2
27 &2 HUAWEI

£ 2 HAPIE & |

Ascend CEFRAMMECHHEEM—HLEAPIAITHRIE, XEAPIZTEGASUTI/LHM:

° 'é:lj‘%?éAPI, BIERETTHEAPL, EETHEAPL. FEMTHEAPI, S3LMiFMAScalaritE#5T. VectoritE# T, CubeltERTMITIHE
YINEE .

o HIRWHEAPI, LidtHEAPIE TLocal Memory#iB#HITITE, FABIEEE SN Global Memory##iz ZLocal Memory, B{ERITE
EOEMRITE, &EMNLocal MemoryiH ZGlobal Memory. #{THtzidI2MIZE Oz AHIERBED, ttinDataCopyiZEO.

o HNEEEAPI, ATFHEEEARE, tkiAllocTensor, FreeTensorfM.
° E%}l:]}::‘fAPI, RIS EEEFES, HMEnQue. DeQuelE. ZXRIAPI, Jr&E T E L EMNBTIBEE, (565 8MAPTHEDE
AITERR .

Ascend CIAPIfY 50-3%%, BEERHIES, APIEANBHAERR, ZAMERE. ATLUREBEFEEFEAENAPL, ERARBHEZENSR
BEOREZEEZEFZE, EAEBHRENRAIZEOHITERNEELMAMMEEARN. UKXKETHHELAPLAA:

|OSKH #ORE
0 MEERFINTRAP, RSREEEME, HHNEGMEEHIBlock stride, Repeat stride, MaskBIE{E. Block stride, Repeat stride, MaskEHITFANBBESLOREDERS
#iseR,
1 sliceit HAPI, BRSHMIFPNTAITR DR, ZWFEFZH1RED.
245 HUBSFIINESMERTIHTBHEESABNEMFY, BR—EtensorfliELiIH R,
3 EEFER, T -5 & < >, <=, 0 == =, TH2RIESHIEHTR,
272 &2 HUAWEI
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S
SIS :
ZEAE A

Ascend CieftZFEBIX77E, Bl7EcpufllfiZ— P npulIERHRINERIHEITA, RRETILSEEER.
MREIMEF RS A AFEcpulgiEil B A, npuldlifititae.

CPUHIEIR
1. BITFEEEASSERT, #SEBEFIESHIERFERAEIR, MESHEBIR, HSHBMNES, ZHAAEN

o

2. JEAgdbELEXEFHERE, tWAIUEREhERSSprintf(...) R EHERNEL .

NPUHEIR
AI{E A TERBEST A Eprofiling#4E, 1T RERE @M

273 2 HUAWEI

HRAR: £HCANNGEE (2D

> F AT BT 5
> FABAIFIITT H I CANN

>CANNXKERES
VIR &%
VBN A&
vEFHE

>Ascend C EFHEAIT]
vVETFEEES
v’ Ascend CEF4miZE A
v’ Ascend CEFHEG i3
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Ascend CHFHE—WTHLRE
BEOH
ZEREEN CTT T T T T T g
l ! Copyln :
| |
RIEEEHE e THE T | Compute :
l '
! CopyOut }
[ |
REETIIRE
275 2 HuAWEI
e Sitl
= (=] Add
XERE — BT (OpType)
name shape data type format
SR PN X (8, 2048) half ND
y (8, 2048) half ND
Bt z (8, 2048) half ND
" PEETRRERAR R HiBE BERE add_custom

AdAEFHIHFRERR: Z=3+y, HHEE: AAREFTEARNI R LEH, RAREAHEEZOTRBNNEEE, 5E
RALER, BIRLBISMNDFE

LI DL
AdAEFERMAN: T 57, WHAZ . BABRER A alf, WERIRELRSHNBIELRER. WAZFFEEshape(8,
2048), Hiishape5iiAshapetflEl. MABIEHH LR AHND

B HEETFIIAEED

BRAINRTF BRI EIERE, FEREEMIEIEND: DataCopyil

WRRETENMZERE, FRRENEES: AddI

£/ LocalTensorz ¥ #E, FAQueueEET, KEMABEnQue (ETensori AT « DeQue (3% Tensor \BAFIELH)
FEO.

B RBEZRBBHEMSY
BEXKER®, Madd custom. RFENEE, HEREHAEIIAEY, 5, 2z

x, yAMINTEGlobal Memory R AF#bLE, ZAMH#EGlobal Memory LRI A #F ik
276 2 HuAWEI
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Ascend CHTHE—HRBEN

¥%5 % (Kernel Function) 2Ascend CEF&&MSEMAAND. EZERH+H, FEAE— ML
PUTHIR B E E#H I TROBIR G ) A B iRE, SHZRBHOARR, ZMZEMITHEERZ R K,
BEAEMERNSH, HITHIT.

extern "C" _global_ _ aicore__ void add_custom{GM_ADDR x, GM_ADDR y, GM_ADDR z)
{

KernelAdd op;

op.nit{x, y, z);

op.Process();

}

BERHEEELREE, —fklextern “C” __global__ _ aicore_ void BEXBRHRGANL,
A2......, #itl, #Wd2......) BEK,

277 2 HuAWEI

Ascend CHFFE—%ERER

ZERHHAREARC/C++REAMBEAN—MT R, ERRREARMT<<<..>>>XMIEEFR,
KMEZEHOHITEEE . NZARFNAIENPUNSGRIERAA, CPUNRIFEIEIRAIZATS.

BREHHBERRRSHN, RRBNFRAERE, EHIZIRELSENE, ATRUER AT & ke S
FHIRIEFF AR EITREE

#ifndef CCE_KT TEST _
// call of kernel function
void add_custom_do(uint32_t blockDim, void* 12ctrl, void* stream, uint8 t* x, uint8 t*y,

uint8 t* z)
{
add_custom<<<blockDim, 12ctrl, stream>>>(x, y, z);
}
#endif
278 2 HuAWEI
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ASCENIU U FT 111+
a7

Ascend CH-THE—NTLHE

“lcla=zs Hernelldd {
public:
alcore inline Kernelfdd(){
77 b EL, eRAFmRE {TET%ET'E
-] _ aicore inline void Init(GM ADDR x, GM ADDR vy, GM ADDR =z){
[ FIERLEEEE

L

/i BLAERL, THEFEFE, BRAEMRAFEL CcopyIn. Compute. Copyour AR EE FHI=JiRARERE
-] _ aicore inline woid Prmcesst}{
/1 EFBLAERHEN
r }
private:
1/ BNEEL, TRcopyInfTEAALE. i LProcessHEEA
] _ aicore  inline woid CopyIn(int32_t progress){

// CopyInEREIEI
¥
ff BB, TlcompuceBiBERIAE, W CrrocessEEEA

] _ aicore  inline void Compute(int32_t progress){

// ComputeEFISEIL

r ¥
// BHEE, STRCopyoucH T ERATEE, W LrrocessEHEAR
| _aicore  inline wvoid CopyCut(int32 t progress){
// Copyout BETZEHL
i }
private:

TPipe pipe; //PipeATFEEWNE

TQue<QuePosition: :VECIN, BUFFER NUM> inQueueX, inQueueY; //ﬁ‘/\ﬂ OJeJeE"j ‘-E"T§ OJePCEJth'ﬁj}‘V‘ECI}I
TQue<QuePosition: :VECOUT, BUFFER_NUM> outQueueZ; //¥IHEHEoueu=f\FIEEWNHE. CuePositiongvECOUT
GlobalTensor<half> xGm, vGm, zGm; //BEEHAHIHclobal Merruyﬂﬁﬁ’ﬂfﬂ:ﬂﬁ“’f? HFxcm, yom ¥, zonfoHH

ol B
279 &2 HUAWEI
ASCENIU U FT 11911+
e
HrEx — Hi

FREEZHTIHE, SEFRETRE, RS MIIREELENEGlobal Memory FHIAF R it
HAREEINKE TOTAL LENGTHA8* 2048, FHHEEI8MZLEET, M EAEBMNEIBEX/NBLOCK LENGTH32048.
block idx}¥MiB4EID, (_gm _ half¥)x + block idx * BLOCK LENGTHENZE 3| Ablock idxtI#E i N #3E7EGlobal
Memory FHIR7E fmF5 bk

constexpr inc32_t TOTAL LENGTH = & * 2045; // BEFE¥Ei\snape

constexpr int32_t USE_CORE NUM = &: fr EEEAE

constexpr int32_t BLOCK LENGTH — TOTAL LENGTH / USE_CORE NUM: /O ET B LIEESEN TR

constexpr int32 _t TILE NUM = o; /BB EEESIET 4

constexpr int32_t BUFFER NUM = 2; // double bufferf WENESRA TSN, BRafk
constexpr int32_t TILE LENGTH = BLOCK_LENGTH / TILE NUM / BUFFER NUM: // ERESEZEENIETE T

260 &2 HUAWEI
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FTEEHE — Init

M RBEESTRIUATAHE:
R EH L Global TensorfiGlobal Memory R #F it
2, BiEPipeNEEEM R AMARLE Queue N EEAE

/ FIEELEE *"\i»;T%*riia AR SRl
_ aicore id Init(GM ADDR =, GM ADDR ¥, GH ADDR z) {
/ I —bloc k AT ERSEESES EEEHE AT R
GHikDDR xGmOffset = x + BLOCK LENGTH * GetBlockIdx():
GM ADDR yGmCffset = vy + BLOCK LENGTH * GetBlockIdx():
GM ADDE zGmOffset = z + BLOCK LENGTH * GetBlockIdx():

/ fEFiGlobalTensox TR E & LIZE IR

xGIr SetGlobalBuffer((__gm  half*)xGmOffset, BLOCKE_LENGTH) ;
vGm. SetGlobalBuffer ((__gm  half*)yGmOffset, BLOCK _LENGTH) !
zGm. SEtGlobalQJffeItt [=1: ﬂalfi}an‘Offset., ?LOEH LENGTH) ;

// AEENEI S o TR AR, AFERIAER
pipe.InitBuffer (inQueusX, BUFFER_NUM, I‘I]’.E_LENGI‘-] & slzeofhalf}} H
pipe.InitBuffer (inQueueY, BUFFER_NUM, TILE LENGTH * sizeof(half)):
pipe.InitBuffer (outQueusZ, BUFFER NUM, TILE LENGTH * sizeof (half));

281

EENFEARETN - ERIIESAFTE

Ascenu U FT T
a7

2 HuAWEI

HTFLHA — Process

fEProcessiR A, HNEMEARALXEE FHCopyln, Compute, CopyOut=/RKkKES,

ST EENLIE B L SR TEE

d Process(){

TiZEEHETEINE / B
2_t loopCount = TILE NUM ¥
7 i < loopCount; i++) {

CapyIn_ti} 5
Compute (i)
CopyOut (i) :

282

/i BLGEFRS, EMEFEE, AEALERAEH CopyIn. Compute. CopyOutFERIKEE FHI=HFAKHEES

AScellu U FT 1M
a7l

2 HuAWEI
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ASCElU U F T 1F11F
a7

WTEHE — Copyln

CopylnEFHEFETERUTAE:
1. {¥HDataCopy#Z 0¥ GlobalTensor##z# Nl Z|LocalTensor.
2. {#AEnQuei¥LocalTensorii\VecInfiQueueH.

_ aicore inline woid CopyIn(int32 t progress){

; ME 4+HBCLocalTe BT E
LocalTensor<half> xLocal nQueueX.AllocTensor<half>() -
LocalTensor<half> yLocal = inQueueY.AllocTensor<half>();
DataCopy (xLocal, xGm[progress * TILE_LENGTH], TILE_LENGTH) :
Dat,al:opyty]'_ocal, yGrr[p:rogress + TILE ]'.ENGT-I], TILE LENGTH) ;

EEE A EIE N LocalTensor Bl A Quene, FERITIBIENIRIE
l‘lQJEJEX EnQue (xLocal) ;
inQueueY.EnQue (yLocal) :

SO

263 2 HuAWEI

AScellu U FT 1M
a7l

HFELHE — Compute

Compute R T ETHMUATHRE

1. €EADeQueMVecIn#H Bl LocalTensor.

2.\ fEMAscend CEOAddTEHREITE.

3. FHEnQuelsitE s RLocalTensoriiA\EVecOutfiQueuet .,
4. fEMFreeTensorF M B AR LocalTensor.

E _ aicore line void Compute(int3Z t progress){
¢ M oueuePEL B N\ 142
LocalTensor<half> xLocal = inQueueX.DeQue<half>()
LocalTensor<half> vLocal = inQueueY.DeQue<half>():
/7 MErHoueuesr BlLocalTensor, AT HENEE
T_DCE.lTE'lSUI< lf> zLUcal = U.:U:.Q.JE.;LEZ BllocTensor<half>() ;
/ iBitiERarr —L FIE
Addtz]’.ocal xLocal, yLocal, TILE LENGTH) :
B % L HE A Local Tenaor BN B cucue

o.zt.Q.:le.zEZ E101e<1alf>tz]'_acal}:

/ FERTH A LocalTensor
inQueueX.FreeTensor (xLocal) ;
inQueusY.FreeTensor (yLocal) ;

204 2 HuAWEI
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WTEHME — CopyOut

CopyOutEHFETTRUATHE:

1. {#MADeQuetEOMVecOut#IQueue+ Bl LocalTensor.

2. {#MDataCopyiE ¥4 LocalTensor# N F|GlobalTensor.t.
3. {£AFreeTensori§ A~ BfE A LocalTensori# TEIIL.

__aicore inline void CopyOut{int32_t progress){
77 NEHoneve B HirocalTensor
LocalTensor<half> zLocal = outQueueZ.DeQfue<half>():
/7 REBENMIprogress MERSZ5EENMELET T E L SEIMERAIFHEMEL. EidpatacopyiBLocalTensor ERFTIEAA
DataCopy (zGm[progress * TILE LENGTH], zLocal, TILE_LENGTH) ;
/¢ Bl HLocalTensor
outQueueZ.FreeTensor (zLocal) ;

285

2 HuAWEI

ke =
AddE T2
CopyInf¥%%: ¥Global Memory LRI\ Tensor xGmHyGnifgiz ZLocal Memory, 9 3Ef#ExLocal, yLocal

Computef®%s: XtxLocal, yLocaBpTINERRME, HHEEREFMEEzLocaldh
CopyOuti®%: it #3E M zLoca iz Z Global Memory_E##iti Tensor zGm

Copyln, Computeft%iai@id VECIN\FinQueueX, inQueueY#iTBIEFIREE
Compute, CopyOutEsI8i&id VECOUTM\YoutQueueZiftiTiBIEHE £

PipeRHEERNEIHMESBREFERAFNANE. [RNEEFERINAFEE—HITER

Stage1:Copyln Y Stage2:Compute > Stage3:CopyOut

| 1

xGm yGm i 1 zGm
: Global Memory .

DataCopy| DataCopy I [ DataCopy
| |
| I i |
. Local Memory .
| |
[ o i
. Alloc Memory for Queue .
: 440 !
| - - |
EnQue DeQue i
yLocal inQueueY yLocal .
. Compute —— EnQue DeQue

| * zlocal j‘\ outQueueZ zlocal
EnQue DeQue 1
xLocal inQueueXx .
i

286
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JTEH, — CPURIEHR,

t32_t main(
1
i IR B T
const size t inm E.O.:ltp.:ltNJm‘ = * H
(f BEEZERBIATR
nputCutpuctByteSize =
iy
::Gmalloc{inputCutputByteSize) ;
2::GmAlloc{inputCutputByteSize) ;
= .GrfAlA.DC tl'\pat,O.Jthtot.eSlze] H
A RE T a1 208
tlé_t input_x [inputOutputNum] = { :
[l‘)thOJEp.JtNJIl‘] = {5,6,
" = t *J:L'np.:lt X7
¥ 7 *)an.;lc_y.
} -,
tik2::GmFree((void #*)x)
tik2 id *)y);
tik2: :GmFree ((void ¥*)=z);
return ©;
1
287

= "< result[i];

2 HuAWEI

t inputByteSize
t outputByteSize
_t blockDim = &
CHECK_ACL (ac1Init (nullptr)) ;
aclroContext context;

CHECK_ACL (aclrtSetDevice (deviceld)) :
CHECK_ACL{(aclrtCreateContext (&CORLEXT,
aclrtStream stream = nullptr;
CHECK_ACL (aclrtCreateStream(&stream));
© #*xHost, *yHost, *zHost;

© uDevics, *yDevice, *zDevice;

deviceld)):

*) (&xHost), inputByteSize)):
*) (&yHost), inputByteSize)):
*) (&zHost), outputByteSize));

B ACL(aclrtMalloc ( (wois
CHECK_ACL (aclrtMalloc ((voi
ACL (aclrtMalloc ( (voi

#+4) xDevice,
#4) kyDevice,
#) kzDevice,

inputByteSize, ACL MEM MALLOC HUGE FIRST)):

outputByteSize, ACL MEM MALLOC HUGE FIRST)):

outputByteSize,
i H

ACL MEM MALLOC_HUGE_FIRST)):
2 SR

_t input_x [inputOutputNum]
t input_y [inputOutputNum]

cHECK REL(aclr:Hemcp)VExDev:L:E, inputByteSize, xHost, inputByteSize,
CHECK _ACL (aclrclMemcpy (yDevice, inpucByteSize, yHost, inputByteSize,

add custom_ 4o (plockDim, mullptr, stream, xDevice, yDevice, zDevice) :
CHECK_ACL (aclrtSynchronizeStream(stream)):
ATF

CHECK_ACL (aclztMemcpy (zHost, outputByteSize, zDevice, outputByteSize,
T16 t #result = ( © *)zHost:
*] BT T ERE

\x = "<< input_x[i] <<" \y = "<< input_

_ ACL(aclrtFree (yDevice)) :
CHECK_ACL(aclrtFree(zDevice)) :
CHECK_ACL(aclrtFreeHost (xHost)) :
_ACL(aclrtFreeHost (yHost)) :
CHECK_ACL(aclrtFreeHost (zHost)) :
CHECK_ACL(aclrtDestroyStream(stream)) :
_ACL (aclrtDesTroyCOnTExt (COntext)) ;
CHECK_ACL(aclrtResetDevice (deviceld)) ;
CHECK_ACL(aclFinalize()):

return O:

288

__global__ _ aicore

Rernelhdd op;
op.Init(x, v,
op.Process();

z);

void add custom(GM ADDR %, GM_ADDR y,

GM_ADDR z)

1178 1 PR

© blockDim,

add_custome<<blockDim, l2ctrl,

voids 12ctrl,

streams>>(x,

void* stream,

T+ X,

T z)

¥, z):

ACL_MEMCPY_HOST_TQ_DEVIGE)} ;
ACL_MEMCPY_HOST_TQ_DEVIGE)};

ACL_MEMCPY_DEVICE_TO_HOST)) ;

<< result[i];

A~

5
o
EX

2 HUAWEI
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