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| DISCLAIMER

While best efforts have been used in preparing this training, Colfax International makes no
representations or warranties of any kind and assumes no liabilities of any kind with respect to
the accuracy or completeness of the contents and specifically disclaims any implied warranties
of merchantability or fitness of use for a particular purpose. The publisher shall not be held
liable or responsible to any person or entity with respect to any loss or incidental or
consequential damages caused, or alleged to have been caused, directly or indirectly, by the
information or programs contained herein. No warranty may be created or extended by sales
representatives or written sales materials.
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| COURSE ROADMAP

> Module I. Programming
® 01. Intel Architecture and Modern Code — Feb 13
® 02. Xeon Phi, Coprocessors, Omni-Path — Feb 14

> Module II. Expressing Parallelism

* 03. Automatic vectorization — Feb 15 sbiany 2007

® 04. Multi-threading with OpenMP - Feb 16 M T V:I 2 ; z

® 06. Distributed Computing, MPI — Feb 17 5 6 7 8 9 10 11
> Module III. Optimization 12 [43][44 [15| 16 47 1

® 06. Optimization Overview: N-body — Feb 20 ;2 EE--- 2

® 07. Scalar tuning, Vectorization — Feb 21 [T m——

¢ 08. Common Multi-threading Problems — Feb 22
09. Multi-threading, Memory Aspect — Feb 23
10. Access to Caches and Memory — Feb 24
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| HOW SERIES ONLINE

Course page:
colfaxresearch.com/how-17-02
> Slides
> Code
> Video
> Chat

More workshops:
colfaxresearch.com/training
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I GET YOUR QUESTIONS ANSWERED: CHAT

B

m leofernandesmo Hello from Recife/Brazil

= £
gaesansi Hi, Naples, ltaly
info2harish Harish f rom INDIA

hpcfan Hello, from Texas.

radekg1000 Hi, Poznan/Poland

Ezanton hello, Tokyo, JP (v

colfaxresearch.com/how-17-02
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I GET YOUR QUESTIONS ANSWERED: FORUMS

LEARN | FORUMS CONNECT JOIN

Forum

Colfax Cluster

Discussion of Colfax Cluster usage policies, troubleshooting.

Modern Code

Discuss with Colfax Research and colleagues any topics related to
computational science, parallel programming, performance optimization and
code modernization.

Developer Training

Questions about any of the Colfax trainings? Usage of training servers,
experience with specific exercises, inquiries on what's inside, suggestions for
future trainings - post them here.

Colfax News

Subscribe to this forum is you wish to receive updates on new papers,
training events, and other news we may have. Updates here are frequent and

colfaxresearch.com/discussion

RESOURCES
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I HANDS-ON EXERCISES AND REMOTE ACCESS

> All registrants receive an invitation from
cluster@colfaxresearch.com

> Queue-based access to Intel Xeon E5, Intel
Xeon Phi (KNC and KNL)

> Can access the cluster the entire 2 weeks of
the workshop

om/how-17-02 HESOURCES




§2. REFRESH




PERFORMANCE OPTIMIZATION




I COMPUTING PLATFORMS

Intel Xeon Intel Xeon Phi Intel Xeon Phi
Processor Coprocessor, Ist generation Processor, 2nd generation™®

Xeon Phi™ Coprocessor

Xeon Phi™ Processor

* socket and coprocessor versions
Current: Broadwell

Upcoming: Skylake

Knights Landing (KNL)

Multl Core Architecture Intel Many Integrated Core (MIC) Architecture

colfaxresearch.com/how-17-02 PERFDRMANBE UPTIMIZATIUN © Colfax International, 2




I OPTIMIZATION AREAS

Vectorization
is SIMD parallelism used well?

Scalar Tuning Threading

what goes on in the pipeline? M emory do cores cooperate efficiently?

is cache usage maximized or
RAM access streamlined?

Communication

can coordination in a distributed or
heterogeneous system be improved?

colfaxresearch.com/how-17-02 PERFDRMANEE UPTIMIZATIUN © Colfax International, 2013-2017




§3. MEMORY TRAFFIC TUNING




MEMORY HIERARCHY




I INTEL XEON CPU: MEMORY ORGANIZATION

> Hierarchical cache structure

> Two-way processors have NUMA architecture

CORE

CORE

more cores

Intel Xeon
Package 32 KiB/core ~10 cycles

256 KiB/core 35 MiB/package
~ 30 cycles

~4 cycles

Ll __ L2

cache cache

L1 _ L2

cache cache

Up to 1.5 TiB/package
~200 cycles
~60 GB/s/package

DDR4
RAM

(main memory)

QPI

Up to 1.5 TiB/package
~ 200 cycles
~60 GB/s/package

DDR4
RAM

(main memory)

MEMORY HIERARCHY




I KNC MEMORY ORGANIZATION

> Direct access to < 16 GiB of cached GDDR5 memory on board

> No access to system DDR4, connected to host via PCle

Intel Xeon Phi up to 16 GiB
coprocessor 512 KiBlcore 100 cycles
12 KiBJeore~10 cycles ~174 GB/S smean

~ 3 cycles

intel‘
Xeon Phi” Copracessor up to 768 GiB/socket
I DDR4
~7GB/s RAM
~ 1 microsecond
(host
memo
PCle )
e -

MEMORY HIERARCHY




I KNL MEMORY ORGANIZATION (BOOTABLE)

> On-package high-bandwidth memory (HBM) - MCDRAM
> Optimized for arithmetic performance and bandwidth (not latency)

Intel Xeon Phi | MiB/ile Upto 16 GiB Up to 384 GiB
~100 cycles
Processor 32 kisjcore 17-18 cycles  ~ 480 GB/s (STREAM) ~ 90 GB/s (STREAM)
4-5 cycles
r CORE % -
@  cache
- ll? | E
inte
L2 DDR4
cache RAM
Xeon Phi™ Processor £ L (on-platform
CORE Z=—>
S cache memory)

colfaxresearch.com/how-17-02 MEMDRY HIERARCHY © Colfax Internat




| CACHELINES

> Minimal block of data transferred between memory and cache

> 64 bytes long in Intel Architecture

> Aligned on 64-byte boundaries in memory

8 double precision values
16 single precision values

64 bytes

colfaxresearch.com/how-17-02

CACHE LINE

MEMORY HIERARCHY
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MEMORY RE-USE AND ALGORITHMS




I LOOP WAS VECTORIZED, NOW WHAT?

Ensure unit stride access

Align data

Pad multi-dimensional containers
Eliminate peel loops

Eliminate multiversioning

AR ol N e

Optimize data re-use in caches

Good to Know
Vector FLOPs are cheap compared to memory access.

If your data is served by RAM and not caches, it does not matter if you
have vectorization: you will be bottlenecked by memory access.
colfaxresearch.com/how-17-02 MEMURY RE'USE AND ALGURITHMS © Colfax International, 2013-2017




§ HOW CHEAP ARE FLOPS?
Theoretical estimates, Intel Xeon E5-2697 V3 processor

Performance =28 cores x 2.7 GHz x (256/64) vec.lanes x 2 FMA x 2 FPU =~ 1.2 TFLOP/s

Required DataRate = 1.2 TFLOP/s x 8 bytes = 10 TB/s
MemoryBandwidth =71 x2 x 59.7 = 0.1 TB/s

Ratio = 10/0.1 = 100 (FLOPs)/(Memory Access)

If the Arithmetic Intensity is...
> > 100 (FLOPs)/(Memory Access) — Compute Bound Application
> < 100 (FLOPs)/(Memory Access) — Bandwidth Bound Application

colfaxresearch.com/how-17-02 MEMURY RE'USE AND ALGURITHMS © Colfax International, 2013-2017




I MEMORY ACCESS VERSUS ARITHMETICS IN KNL

Most values in cycles. Lower is better.

Instruction Latency 1/Throughput
Most vector math and FMA 6 0.5

exp2a23, rcp28 and rsqrt28 7-8 2-3
Floating-point division and sqrt | 38 10

Contiguous load 5 0.5

Gather 8 (16) elements 15 (19) 5 (10)

L1 cache access 4-5 0.5—>12TB/s
L2 cache access 13+L1 latency

MCDRAM access 150-160 ns >450 GB/s
DDR4 access 125-140 ns >90 GB/s

colfaxresearch.com/how-17-02 MEMURY RE'USE AND ALGURITHMS
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I ON COMPUTATIONAL COMPLEXITY OF ALGORITHMS

Type Properties Examples

O(N) Each data element is used a fixed Array scaling, image bright-
number of times. Memory-bound ness adjustment, vector dot-
unless the number of times is large. ~ product.

O(N%) Each element is used N®* ! times. A Matrix-matrix  multiplica-
lot of data reuse for @ > 1. Good tion: O(N*?) (N = amount
implementation can be compute- of data in matrix), direct
bound, poor one - memory-bound.  N-body calculation: O(N?)

O(NlogN) Each element is used log N times. Fast Fourier transform,
For small problems - memory- merge sort
bound, for very large problems
transitions to compute-bound

O(logN)  Always memory-bound. Binary search

N = data size

colfaxresearch.com/how-17-02

MEMORY RE-USE AND ALGORITHMS
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I ARITHMETIC INTENSITY AND ROOFLINE MODEL

Roofline model: theoretical peak

L I T T T T T
1000 [ Host system Theor. max performance | 1000
900 [ Coprocessor mmmmmm = 300
800 H - 800
«» 700+ - 700
o 600 |- 1600
(e}
o 500 500
O 400} Theor. max performance | 409
5)
g
S 300 - 1300
£
=l
o 200 {200
[
100 ‘ ‘ ‘ 100

[N
N
IN
©

16 32 64 128 256
Arithmetic Intensity

More on roofline model: Williams et al.

com/how-17-02 MEMURY RE'USE AND ALGURITHMS © Colfax International, 2013-2017
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LOOP PERMUTATION




| PRINCIPLE

Choose loop order to maintain unit-stride memory access

Agordorranze®os| | 200/%01/1202/1203/1210/211/1212/1213/%20/ 221|222/ 223|330 asﬂ_a;@;l

P e S e
A00|391|302(3031210|211|312/213|320|221|%22|323]330/%31|%32 a3;|

(=]
o

[N
mal’

18]
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I EXAMPLE: OVER-SIMPLIFIED MATRIX-MATRIX MULTIPLICATION

o g oA W N =

n-1
C=AB < Cij= Y AiByj
k=0
Before: After:
#pragma omp parallel for 1 | #pragma omp parallel for
for (int i = 0; i < n; i++) 2 |for (int i = 0; i < n; i++)
for (int j = 0; j < n; j++) 3 for (int k = 0; k < n; k++)
#pragma vector aligned 4 | #pragma vector aligned
for (int k = 0; k < n; k++) 5 for (int j = 0; j < n; j++)
Cli*n+jl+=A[i*n+k]*B[k*n+jl;| s Cli*n+jl+=A[i*n+k]*B[k*n+j];
colfaxresearch.com/how-17-02 LUUP PERMUTATIUN
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| PRINCIPLE

> The order of nested loops must be chosen for best locality of data
access

> At -02 and above, the compiler automatically interchanges loops in
some cases

> In other cases, loop interchange must be investigated manually

colfaxresearch.com/how-17-02 LUUP PERMUTATIUN © Colfax International, 2013-2017




LOOP FUSION




§ LOOP FUSION TECHNIQUE

Re-use data in cache by fusing loops in a data processing pipeline

1 |MyDataType* data = new MyDataType(n); 1 |MyDataType* data = new MyDataType(n)
2 2

3|for (int 1 = 0; i < n; i++) 3|for (dnt i = 0; i < n; i++) {

4 Initialize(datal[il); 4

5 5 Initialize(datal[i]);

6 |for (int i = 0; 1 < n; i++) 6

7 Stagel(datalil); 7 Stagel(datalil);

8 8

9 |[for (int 1 = 0; i < n; i++) 9 Stage2(datalil);

10 Stage2(datalil); 0 |}

Potential positive side-effect: less data to carry between stages, reduced memory
footprint, improved performance (see, e.g., this paper).

LUDP FUSIUN © Colfax International, 2013-2017
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I EXAMPLE APPLICATION -- PERFORMANCE

Generation of pseudo-random data and statistical analysis before and after loop fusion
300 T

281 ms {@ Host system

[ Intel Xeon Phi Coprocessor
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LOOP TILING




LOOP TILING

Original: Tiled:
for (i=0; i<m; i++) for (3jj=0; jj<n; JI+=TILE)
for (j=0; j<n; j++) for (i=0; i<m; i++)
=...*b[J]; for (j=33j; J<Jj+TILE; J++)
= .. %b[3];
i=0 j=0 . . i=0 j=0
j=1 [ - cached, LRU eviction policy j=1
j=2 [ - cache miss (read from memory, slow) j=2
3=3 [] - cache hit (read from cache, fast) . 3=3
j=4 i=1 3=0
: Cache size: 4 J=1
TILE=4 =2
ic1 =0 (must be tuned to cache size) 0 g;z
j=2 Cache hit rate without tiling: 0% =6
j=3 Cache hit rate with tiling: 50% j=7
j=4 i=1 j=4
| = %
j=6
=7

LOOP TILING




I LOOP TILING (CACHE BLOCKING) -- PROCEDURE

1 for (int i = 0; 1 < m; i++) // Original code:
2 for (int j = 0; j < n; j++)
3 compute(alil, b[jl); // Memory access is unit-stride in j

1 // Step 1: strip-mine inner loop

2 for (int i = 0; i < m; i++)

5 for (int jj = 0; jj < mn; jj += TILE)

4 for (int j = jj; j < jj + TILE; j++)

5 compute(alil, bljl); // Same order of operation as original

1 // Step 2: permute
2 for (int jj = 0; jj < n; jj += TILE)

3 for (int i = 0; i < m; i++)
s for (int j = jj; j < jj + TILE; j++)
5 compute(alil, bl[jl); // Re-use to j=jj sooner

om/how-17-02 LUDP T".ING C fax International, 2013-2017




I LOOP TILING (UNROLL-AND-JAM/REGISTER BLOCKING)

1 for (int i = 0; 1 < m; i++) // Original code:

2 for (int j = 0; j < n; j++)

3 compute(alil, b[jl); // Memory access is unit-stride in j

1 // Step 1: strip-mine outer loop

2 for (int ii = 0; ii < m; ii += TILE)

3 for (int i = ii; i < ii + TILE; i++)

4 for (int j = 0; j < n; j++)

5 compute(alil, bljl); // Same order of operation as original
1 // Step 2: permute and vectorize outer loop

2 for (int ii = 0; ii < m; ii += TILE)

3 | #pragma simd

4 for (int j = 0; j < m; j++)

5 for (int i = ii; i < ii + TILE; i++)

6 compute(alil, b[jl); // Use each wvector in b[j] a total of TILE times

LUDP T".ING rnational, 2013-2017




I LOOP TILING (UNROLL-AND-JAM) -- ALTERNATIVE IMPLEMENTATION

for (int i = 0; 1 < m; i++) // Original code:
2 for (int j = 0; j < n; j++)
3 compute(alil, bl[jl); // Memory access is unit-stride in j

1 // Step 1: strip-mine both loops

2 for (int ii = 0; ii < m; ii += TILE)

3 for (int i = ii; i < ii + TILE; i++)

4 for (int jj = 0; jj < n; jj += VECLEN)

5 for (int j = jj; j < jj + VECLEN; j++)

6 compute(alil, bl[jl); // Same order of operation as original

1 // Step 2: permute middle two loops

2 for (int ii = 0; ii < m; ii += TILE)

5 for (int jj = 0; jj < n; jj += VECLEN)

4 for (int i = ii; i < ii + TILE; i++)

5 for (int j = jj; j < jj + VECLEN; j++)

6 compute(alil, bl[jl); // Use each wvector in b[j] a total of TILE times

om/how-17-02 LUDP T".ING C fax International, 2013-2017




CACHE-OBLIVIOUS RECURSION




| PRINCIPLE

=0,1,2, ... ,n-1 . =0,1.2, ... ,;n-1 ‘
o+ 2 134567 2|8 [io]32]34]40]42
8+9-f1oft 12131145 113 o1 ]33]35]41]43
_lte 78 fiof20 21 122423 -l [4 16 12]14]36]38/44] 46
varna | [24125126127128129 130431 53173155739 [45] 47
: — - : e —1=
< 324331341 3536137138139 o [ 16118 24264815056 58
| [40441 42143 [44 45 46147 T)[17119 | 25127} 491 51 [57]59
48491 50|51 [52{53 (54|55 2022/ 2813052154/ 607 62
V156 ]57]58]59]00]61]62]63 11 21]28 [29]31]53]55 61]63
Vector b [ I I I I I I I ] [ I T I I I I I ]
—_—— —
— == — ==
Access pattern & —::::—*—»_. g ;:’_—
to vector b = _'—>—>_._,:::::: 2 =—-==
o — — . T ==
T —— = =_
- — ., —_—
Tiled Algorithm (serial order) Recursive (serial order)
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EXAMPLE 1: MATRIX TRANSPOSITION, TILING




LOOP TILING EXAMPLE: MATRIX TRANSPOSITION

B=AT &  By=4A;

[ —cacHELNES [1[] — MATRIX ELEMENTS
8 || 9|[10][11]]12][13][14] [15 sl LI I L Il
16 17| 18] | 19 o] |21]| 22| |23 | 24 | 25 (G| H|H| NN Il
2 WRITING.TO
FROM “*MANY CACHE LINES
ONE CACHE LINE 20 ATTER
AD) 21
B
23
I-
2
—
- 9 ||25]
READING FROM [ | [0 WRITING TO
MANY CACHE LINES | [ o
(“GATHER") —
—
13
—
0
—
- 15
ORIGINAL MATRIX TRANSPOSED MATRIX

See also this paper.
colfaxresearc! wW-17-02 EXAMPLE I: MATHIX TRANSPUSITION! TII-ING © Colfax International, 2013
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I MATRIX TRANSPOSITION

Before: After:

1 | #pragma omp parallel for 1 |const int tile = 200;

2 |for (int i = 0; i < n; i++) 2 [if (nY%tile !'= 0) exit(1l);
3 for (int j = 0; j < m; j++) 3

4 Bli*n + j] = A[j*n + i]; s | #pragma omp parallel for

5 [for (int 1i=0; ii<n; ii+=tile)
6 | for (int jj=0; jj<n; jj+=tile)

7 for (int i=ii; i<ii+tile; i++)

8 for (int j=jj; j<jjttile; j++)

9 Bli*n + j] = A[j*n + il;
colfaxresearch.com/how-17-02 EXAMPI—E IMATRIXTRANSPUSITION, TII-ING © Colfax International, 2013-2017




EXAMPLE 2: MATRIX-VECTOR MULTIPLICATION, TILING




© ® N G R W N =

EXAMPLE: MATRIX-VECTOR MULTIPLICATION

n
ci=)Y Agb, i=0,1,..., (m-1). (1)
j=0

void Multiply(const double* const A, const double* const b,
double* const c, const long n, const long m){

assert(n’64 == 0);
#pragma omp parallel for

for (long i = 0; i < m; i++)
#pragma vector aligned

for (long j = 0; j < n; j++) // Each wvalue of A[i*n+j] is used only once
c[i] += A[i*n+j] * b[jl; // Each wvalue of b[j] ts used a total of m times

}

Non-optimal performance due to inefficient cache use

colfaxresearch.com/how-17-02 EXAMPI—E 2: MATRIX-VEETOR MUI-TIPI-ICATIUNv TILING © Colfax International, 2013-2017




APPLYING TILING

const long jTile = 4096L; assert(n’jTile == 0);
#pragma omp parallel
{
double temp_c[m] __attribute__((aligned(64)));
temp_c[:] =0;
#pragma omp for
for (long jj =0; jj < n; jj+=jTile) // Loop Tiling in j
for (long i = 0; i < m; i++)
#pragma vector aligned
for (long j =jj; j < jj+jTile; j++)
temp_c[i] += A[i*n+j] * b[j];

for(long i = 0; 1 < m; i++) { // Reduction
#pragma omp atomic
clil+= temp_c[il;

}r3

T — EXAMPLE 2: MATRIX-VECTOR MULTIPLICATION, TILING

© Colfax International, 2013-2017



CACHE BLOCKING + STRIP-MINE AND COLLAPSE

const long iTile = 64L; assert(m’%iTile == 0);
const long jTile = 4096L; assert(n’jTile == 0);
#pragma omp parallel
{
double temp_c[m] __attribute__((aligned(64))); temp_c[:] =0;
#pragma omp for collapse(2)
for (long ii = 0; ii < m; ii += iTile)
for (long jj = 0; jj < n; jj += jTile)
for (long i = ii; i < ii+iTile; i++)
#pragma vector aligned
for (long j =jj; j < jj+jTile; j++)
temp_c[i] += A[i*n+j] * b[j];

for(long i = 0; i < m; i++) {
#pragma omp atomic
c[i]+= temp_c[il;

}r3

T — EXAMPLE 2: MATRIX-VECTOR MULTIPLICATION, TILING

© Colfax International, 2013-2017



EXAMPLE 3: MATRIX-VECTOR MULTIPLICATION, RECURSION




I EXAMPLE: MATRIX-VECTOR MULTIPLICATION

1 |void RecursMultiply(const double* const A, const double* const b,
2 double* const c, const long n, const long m, const long lda){
3 const long jThreshold = 8192L; assert(nJjThreshold == 0);

4 const long iThreshold = 64L; assert(m/iThreshold == 0);

5 if ((m<=iThreshold) && (n<=jThreshold)) { // Recursion threshold
6 // .... Base Case: Compute the result instde the tile ... //

7 } else { // Recursive divide-and-conquer

8 if (m*jThreshold > n*iThreshold) { // Split i-wise

9 double c1[m/2] __attribute__((aligned(64)));

10 | #pragma omp task

11 { RecursMultiply(&A[0*1da + 0], &b[0], c1, n, m/2, 1da); }

12 double c2[m/2] __attribute__((aligned(64)));

13 RecursMultiply (%A [(m/2)*1da + 0], &b[m/2], c2, n, m/2, 1lda);
14 | #pragma omp taskwait

15 c[0:m/2] += c1[0:m/2]; c[m/2:m/2] += c2[0:m/2]; // Reduction
16 } else { // .... Split j-wise .... // }

7 |} }

colfaxresearch.com/how-17-02 EXAMPI—E 3: MATRIX-VECTDR MULTIPLICATIUN! RECURSIUN © Colfax International, 2013-2017




I PERFORMANCE OF MATRIX VECTOR MULTIPLICATION

Memory Traffic Optimization in Matrix-Vector Multiplication

50 T T
B3 Host System
M Intel Xeon Phi Coprocessor
42.1+0.2

400 j
E 35.6+0.1
5
£
2 32.5+0.2
E 30.7+0.7
=0 30 1
<
S
Q
d 21.2+0.3
] . 20,
g 20f 19.2£0.1 203 £ 0.2 1
=
g 16.0 0.1
S
5
~

10r 1

Unoptimized Tiled j-loop Tiled i- Recursive
and j-loops Cache-Oblivious Method
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BANDWIDTH TUNING




I STREAM BENCHMARK

500 Memory benchmark on Intel Xeon Phi processor 7210

_ B&3  On-platform memory (DDR4)
> InduStry Standard tOOI for [T On-package high-b:',ldwidth memory (MCDRAM)
memory bandwidth 00 '

measurement

> 4 tests: COPY, ADD, SCALE
and TRIAD

> Download from Dr. John
McCalpin’s site:
www.cs.virginia.edu/stream/

447

400+

300

230

2001

STREAM TRIAD Bandwidth (GB/s)

1001 90

32

Out-of-the-box Optimized
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https://www.cs.virginia.edu/stream/

I STREAM BENCHMARK TUNING

> KNL: Compile with -xMIC-AVX512 (see also HOW Series “KNL”)
> Set large enough array size: -DSTREAM_ARRAY_SIZE=64000000
> Set 1 thread per core (-1 for offload)

> Xeon CPU: set affinity “scatter” (default on Xeon Phi)

> KNC: Tune prefetching (learn more)

In addition, secret sauce for your own STREAM-like application:

> Parallel first touch (see Session 8 of the HOW Series)

> Essential element — streaming stores: discussion
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https://colfaxresearch.com/how-knl/
http://colfaxresearch.com/terabyte-ram-servers-memory-bandwidth-benchmark-and-how-to-boost-ram-bandwidth-by-20-with-a-single-command/
https://software.intel.com/en-us/articles/optimizing-memory-bandwidth-on-stream-triad
http://colfaxresearch.com/how-series-archive/
https://software.intel.com/en-us/forums/intel-many-integrated-core/topic/394108

I USING HIGH-BANDWIDTH MEMORY (MCDRAM] IN KNL
Option 1 : cache/hybrid mode

> Treatitas LLC

> Data locality techniques

Cache Mode

- l H
> Miss latency 2x the direct DDR4 access

Option 2 : flat mode
CPU
DDR4

> Application fits in 16 GiB? numactl

Flat Mode

: . NUMA
> More than 16 GiB data? Use special NODE 0
allocators (e.g., memkind) NUMA
nopr: | (ICDRAN)
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I BINDING TO NUMA NODES WITH numactl

> libnuma - a Linux library for fine-grained control over NUMA policy
> numactl — a tool for global NUMA policy control

vega@lyraj, numactl --hardware
available: 2 nodes (0-1)
node O cpus: 0 1 2 3 45 12 13 14 15 16 17
node 0 size: 65457 MB
node 0 free: 24426 MB
node 1 cpus: 6 7 8 9 10 11 18 19 20 21 22 23
node 1 size: 65536 MB
1 free: 53725 MB
node distances:
node 0 1
0: 10 21
1: 21 10
vega@lyraj, numactl --membind=<nodes> --cpunodebind=<nodes> ./myApplication

node

om/how-17-02 BANDWIDTH TUNING nternational, 2013-2017




HBM IN KNIGHTS LANDING

> Finding HBM (MCDRAM) in an Intel Xeon Phi processor x200 (KNL):

user@knly, # In Flat mode with All-to-All or Quadrant
user@knl) numactl -H

available: 2 nodes

node
node
node
node
node
node

0

0
0
1
1
1

cpus: 0 1 2
size: 98207
free: 94798
cpus:

size: 16384
free: 15991

(0-1)

3456789 10 11 12 13 14 ...
MB

MB

MB
MB

249 250 251 252 253 254 255

> Binding the application to HBM (Flat/Hybrid)

user@knly, numactl --membind 1 ./runme

/...

Application

running in HBM ... //

.com/how-17-02
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§4. REVIEW AND WHAT'S NEXT




| SUMMARY

Memory Optimization:

1. Datare-use in caches: increase arithmetic intensity
1.1 Loop permutation: achieve unit-stride access
1.2 Loop fusion: re-use data as soon as possible
1.3 Loop tiling: cache blocking and unroll-and-jam
1.4 Cache-oblivious recursion: portable

2. Access to main memory:

2.1 1 thread/core, “scatter” affinity

2.2 “Secret sauce” compiler arguments for KNC

2.3 First-touch allocation in NUMA systems

2.4 High-bandwidth memory (HBM) in KNL: numactl or memkind
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§95. SUMMARY




I WHAT WE LEARNED

Session 1 Intel Architecture, Colfax Cluster

Session 2 Programming Xeon Phi: native, offload, HBM, OPA
Session 3 Expressing vectorization

Session 4 Expressing thread parallelism (OpenMP)

Session 5 Distributed computing (MPI)

Session 6 Optimization overview (N-body)

Session 7 Optimizing scalar component and vectorization
Session 8 Optimizing multi-threading (common errors)
Session 9 Optimizing multi-threading (memory aspect)

Session 10 Optimizing memory access

colfaxresearch.com/how-17-02 SUMMARY © Colfax International, 2013-2017




YOUR TURN

Spread the word:

THE "HOW" SERIES TRAINING

DEEPDIVE

Tell your story:

MC2 SE

LEARN HOW THEY DIDIT |

Scientists, engineers and developers are achieving breakthr

WITH CODE MODERNIZATION EXPERTS computational performance through code modernization:

Join us and hear experts discuss performance optimization
methods used in real-life applications in the all-new
Modern Code Contributed (MC? Talks - a series of free webin

Learn from the experts - register now >
*10x 2-hour sessions | 24-hour 2-weeks remote access to a system

HowSeries.com MC2Series.com
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