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Disclaimer
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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
3

▷ Module I. Programming Models
• 01. Intel Architecture and Modern Code
• 02. Xeon Phi, Coprocessors, Omni-Path

▷ Module II. Expressing Parallelism
• 03. Automatic vectorization
• 04. Multi-threading with OpenMP
• 05. Distributed Computing, MPI

▷ Module III. Performance Optimization
• 06. Optimization Overview: N-body
• 07. Scalar tuning, Vectorization
• 08. Common Multi-threading Problems
• 09. Multi-threading, Memory Aspect
• 10. Access to Caches and Memory
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HOW Series Online
4

Course page:
colfaxresearch.com/how-series

▷ Slides

▷ Code

▷ Video

▷ Chat

More workshops:
colfaxresearch.com/training
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Get Your Questions Answered: Chat
5

colfaxresearch.com/how-series
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Get Your Questions Answered: Forums
6

colfaxresearch.com/forum
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Hands-On Exercises and Remote Access
7

▷ 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
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§2. Refresh



Performance Optimization



Computing Platforms
10
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Optimization Areas
11
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§3. Memory Traffic Tuning



Memory Hierarchy



Intel Xeon CPU: Memory Organization
14

▷ Hierarchical cache structure

▷ Two-way processors have NUMA architecture
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KNC Memory Organization
15

▷ Direct access to ≤ 16 GiB of cached GDDR5 memory on board

▷ No access to system DDR4, connected to host via PCIe
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KNL Memory Organization (bootable)
16

▷ On-package high-bandwidth memory (HBM) – MCDRAM

▷ Optimized for arithmetic performance and bandwidth (not latency)
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Cache Lines
17

▷ Minimal block of data transferred between memory and cache

▷ 64 bytes long in Intel Architecture

▷ Aligned on 64-byte boundaries in memory

CACHE LINE

8 double precision values

16 single precision values

64 bytes
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Memory Re-Use and Algorithms



Loop Was Vectorized, Now What?
19

1. Unit-stride access

2. Data alignment

3. Container padding

4. Eliminate peel loops

5. Eliminate multiversioning

6. Optimize data re-use in caches

for (i = 0; i < n; i++)  A[i] = ...
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vector iteration

Code Path 2:
data aligned from iteration 3,

n is not a multiple of vector length

Code Path 1:
data aligned from iteration 0,
n is multiple of vector length

Remainder loop
(masked 

vector iteration)

vector iteration vector iteration

vector iteration vector iteration vector iteration

Padded at beginning,
vector iteration

vector iteration

Optimization:
padded loop count, aligned data

to regularize vectorization pattern 
Padded at end,
vector iteration

vector iteration vector iteration
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Loop Was Vectorized, Now What?
20

1. Unit-stride access

2. Data alignment

3. Container padding

4. Eliminate peel loops

5. Eliminate multiversioning

6. Optimize data re-use in caches

Vector Arithmetics is Cheap,
Memory Access is Expensive

If you don’t optimize cache
usage, vectorization will not

matter.
You will be bottlenecked by

memory access.
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How Cheap are FLOPs?
21

Intel Xeon Phi processor 7250

68 cores ×1.2 GHz ×8 vec.lanes ×2 FMA ×2 IPC ≈ 2.6 TFLOP/s

2.6 TFLOP/s×8 bytes ≈ 21 TB/s

MCDRAM bandwidth ≈0.48 TB/s

Ratio = 21/0.48 ≈ 43 (FLOPs)/(Memory Access)

▷ > 50 FLOPs/Memory Access — Compute-bound Application

▷ < 50 FLOPs/Memory Access — Bandwidth-bound Application
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Memory Access versus Arithmetics in KNL
22

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 → >12 TB/s
L2 cache access 13+L1 latency
MCDRAM access 150-160 ns >450 GB/s
DDR4 access 125-140 ns >90 GB/s
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On Computational Complexity of Algorithms
23

Type Properties Examples
O(N) Each data element is used a fixed

number of times. Memory-bound
unless the number of times is large.

Array scaling, image bright-
ness adjustment, vector dot-
product.

O (Nα) Each element is used Nα−1 times. A
lot of data reuse for α > 1. Good
implementation can be compute-
bound, poor one – memory-bound.

Matrix-matrix multiplica-
tion: O

(
N3/2

)
(N = amount

of data in matrix), direct
N-body calculation: O

(
N2

)
O(N logN) Each element is used logN times.

For small problems – memory-
bound, for very large problems
transitions to compute-bound

Fast Fourier transform,
merge sort

O(logN) Always memory-bound. Binary search

N = data size

colfaxresearch.com/how-series Memory Re-Use and Algorithms © Colfax International, 2013–2017



Arithmetic Intensity and Roofline Model
24
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More on roofline model: Williams et al.
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Loop Permutation



Principle
26

Choose loop order to maintain unit-stride memory access

a00 a01 a02 a03
a10
a20
a30

a11 a12 a13
a21 a22 a23
a31 a32 a33

a00 a01 a02 a03
a10
a20
a30

a11 a12 a13
a21 a22 a23
a31 a32 a33

a00 a01 a02 a03 a10 a20 a30a11 a12 a13 a21 a22 a23 a31 a32 a33

a00 a01 a02 a03 a10 a20 a30a11 a12 a13 a21 a22 a23 a31 a32 a33

Compiler may or may not be able to automate loop permutation.
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Example: Over-simplified Matrix-Matrix Multiplication
27

C = AB ⇔ Cij =
n−1∑
k=0

AikBkj

Before:

1 #pragma omp parallel for
2 for (int i = 0; i < n; i++)
3 for (int j = 0; j < n; j++)
4 #pragma vector aligned
5 for (int k = 0; k < n; k++)
6 C[i*n+j]+=A[i*n+k]*B[k*n+j];

After:

1 #pragma omp parallel for
2 for (int i = 0; i < n; i++)
3 for (int k = 0; k < n; k++)
4 #pragma vector aligned
5 for (int j = 0; j < n; j++)
6 C[i*n+j]+=A[i*n+k]*B[k*n+j];

colfaxresearch.com/how-series Loop Permutation © Colfax International, 2013–2017



Principle
28

▷ For best spatial locality, order loops to get unit-stride

▷ At -O2 and above, the compiler may interchange loops

▷ In complex cases, investigate loop interchange manually

▷ May need to re-design data containers to get unit stride

colfaxresearch.com/how-series Loop Permutation © Colfax International, 2013–2017



Loop Fusion



Loop Fusion Technique
30

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

1 MyData* data = new MyData(n);
2

3 for (int i = 0; i < n; i++)
4 Initialize(data[i]);
5

6 for (int i = 0; i < n; i++)
7 Stage1(data[i]);
8

9 for (int i = 0; i < n; i++)
10 Stage2(data[i]);

1 MyData* data = new MyData(n);
2

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

5 Initialize(data[i]);
6

7 Stage1(data[i]);
8

9 Stage2(data[i]);
10 }

Potential positive side-effect: less data to carry between stages, reduced memory
footprint, improved performance.
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Example Application -- Performance
31

Unoptimized
(disjoint loops)

Optimized
(fused loops)

0

50

100

150

200

250

300

Ti
m

e,
 m

s 
(lo

w
er

 is
 b

et
te

r)

233 ms

180 ms

281 ms

135 ms

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

Host system
Intel Xeon Phi Coprocessor

See labs/4/4.09-memory-loop-fusion-statistics/
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Loop Tiling



Loop Tiling: Cache Blocking
33
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Loop Tiling (Cache Blocking) -- Procedure
34

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

1 // Step 1: strip-mine inner loop
2 for (int i = 0; i < m; i++)
3 for (int jj = 0; jj < n; jj += TILE)
4 for (int j = jj; j < jj + TILE; j++)
5 compute(a[i], b[j]); // 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++)
4 for (int j = jj; j < jj + TILE; j++)
5 compute(a[i], b[j]); // Re-use to j=jj sooner
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Loop Tiling: Register Blocking
35
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Loop Tiling (Unroll-and-Jam/Register Blocking)
36

1 for (int i = 0; i < m; i++) // Original code:
2 for (int j = 0; j < n; j++)
3 compute(a[i], b[j]); // 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(a[i], b[j]); // 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 < n; j++)
5 for (int i = ii; i < ii + TILE; i++)
6 compute(a[i], b[j]); // Use each vector in b[j] a total of TILE times
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Loop Tiling (Unroll-and-Jam) -- Alternative Implementation
37

1 for (int i = 0; i < m; i++) // Original code:
2 for (int j = 0; j < n; j++)
3 compute(a[i], b[j]); // 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(a[i], b[j]); // Same order of operation as original

1 // Step 2: permute middle two loops
2 for (int ii = 0; ii < m; ii += TILE)
3 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(a[i], b[j]); // Use each vector in b[j] a total of TILE times
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Cache-Oblivious Recursion



Principle
39
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Example 1: Matrix Transposition, Tiling



Loop Tiling Example: Matrix Transposition
41

B = AT ⇔ Bij = Aji

  

0 1 2 43 5 6 7 8 9 10 1211 13 14 15 0 16

2 18

16 17 18 2019 21 22 23 24 25 ... 1 17

3 19

4 20

5 21

6 22

7 23
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9 25
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ORIGINAL MATRIX

— MATRIX ELEMENTS— CACHE LINES

READING FROM
ONE CACHE LINE

(STREAMING READ)

WRITING TO
MANY CACHE LINES

(“SCATTER”)

WRITING TO
ONE CACHE LINE

(STREAMING WRITE)

READING FROM
MANY CACHE LINES

(“GATHER”)

TRANSPOSED MATRIX

See also this paper.
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Matrix Transposition
42

Before:

1 #pragma omp parallel for
2 for (int i = 0; i < n; i++)
3 for (int j = 0; j < n; j++)
4 B[i*n + j] = A[j*n + i];

After:

1 const int tile = 200;
2 if (n%tile != 0) exit(1);
3

4 #pragma omp parallel for
5 for (int ii=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<jj+tile; j++)
9 B[i*n + j] = A[j*n + i];

colfaxresearch.com/how-series Example 1: Matrix Transposition, Tiling © Colfax International, 2013–2017



Example 2: Matrix-Vector Multiplication, Tiling



Example: Matrix-vector Multiplication
44

ci =
n∑

j=0
Aijbj, i = 0, 1, . . . , (m−1). (1)

1 void Multiply(const double* const A, const double* const b,
2 double* const c, const long n, const long m){
3 assert(n%64 == 0);
4 #pragma omp parallel for
5 for (long i = 0; i < m; i++)
6 #pragma vector aligned
7 for (long j = 0; j < n; j++) // Each value of A[i*n+j] is used only once
8 c[i] += A[i*n+j] * b[j]; // Each value of b[j] is used a total of m times
9 }

Non-optimal performance due to inefficient cache use
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Applying Tiling
45

1 const long jTile = 4096L; assert(n%jTile == 0);
2 #pragma omp parallel
3 {
4 double temp_c[m] __attribute__((aligned(64)));
5 temp_c[:] =0;
6 #pragma omp for
7 for (long jj =0; jj < n; jj+=jTile) // Loop Tiling in j
8 for (long i = 0; i < m; i++)
9 #pragma vector aligned

10 for (long j =jj; j < jj+jTile; j++)
11 temp_c[i] += A[i*n+j] * b[j];
12

13 for(long i = 0; i < m; i++) { // Reduction
14 #pragma omp atomic
15 c[i]+= temp_c[i];
16 } } }
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Cache Blocking + Strip-Mine and Collapse
46

1 const long iTile = 64L; assert(m%iTile == 0);
2 const long jTile = 4096L; assert(n%jTile == 0);
3 #pragma omp parallel
4 {
5 double temp_c[m] __attribute__((aligned(64))); temp_c[:] =0;
6 #pragma omp for collapse(2)
7 for (long ii = 0; ii < m; ii += iTile)
8 for (long jj = 0; jj < n; jj += jTile)
9 for (long i = ii; i < ii+iTile; i++)

10 #pragma vector aligned
11 for (long j =jj; j < jj+jTile; j++)
12 temp_c[i] += A[i*n+j] * b[j];
13

14 for(long i = 0; i < m; i++) {
15 #pragma omp atomic
16 c[i]+= temp_c[i];
17 } } }
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Example 3: Matrix-Vector Multiplication, Recursion



Example: Matrix-Vector Multiplication
48

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(n%jThreshold == 0);
4 const long iThreshold = 64L; assert(m%iThreshold == 0);
5 if ((m<=iThreshold) && (n<=jThreshold)) { // Recursion threshold
6 // .... Base Case: Compute the result inside 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*lda + 0], &b[0], c1, n, m/2, lda); }
12 double c2[m/2] __attribute__((aligned(64)));
13 RecursMultiply(&A[(m/2)*lda + 0], &b[m/2], c2, n, m/2, lda);
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 .... // }
17 } }
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Performance of Matrix Vector Multiplication
49
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Bandwidth Tuning



STREAM Benchmark
51

▷ Industry-standard tool for
memory bandwidth
measurement

▷ 4 tests: COPY, ADD, SCALE
and TRIAD

▷ Download from Dr. John
McCalpin’s site:
www.cs.virginia.edu/stream/
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 Memory benchmark on Intel Xeon Phi processor 7210

 On-platform memory (DDR4) 
 On-package high-bandwidth memory (MCDRAM) 
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STREAM Benchmark Tuning
52

▷ 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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Streaming Stores
53

▷ Bypass cache, write to RAM

▷ Save cache for other data

▷ #pragma vector nontemporal
▷ -qopt-streaming-stores=always
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Using High-Bandwidth Memory (MCDRAM) in KNL
54

Option 1 : cache/hybrid mode

▷ Treat it as LLC

▷ Data locality techniques

▷ Miss latency 2x the direct DDR4 access

Option 2 : flat mode

▷ Application fits in 16 GiB? numactl
▷ More than 16 GiB data? Use special

allocators (e.g., memkind)
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Binding to NUMA Nodes with numactl 55

▷ libnuma – a Linux library for fine-grained control over NUMA policy
▷ numactl – a tool for global NUMA policy control

vega@lyra% numactl --hardware
available: 2 nodes (0-1)
node 0 cpus: 0 1 2 3 4 5 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
node 1 free: 53725 MB
node distances:
node 0 1

0: 10 21
1: 21 10

vega@lyra% numactl --membind=<nodes> --cpunodebind=<nodes> ./myApplication
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HBM in Knights Landing
56

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

user@knl% # In Flat mode with All-to-All or Quadrant
user@knl% numactl -H
available: 2 nodes (0-1)
node 0 cpus: 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 ... 249 250 251 252 253 254 255
node 0 size: 98207 MB
node 0 free: 94798 MB
node 1 cpus:
node 1 size: 16384 MB
node 1 free: 15991 MB

▷ Binding the application to HBM (Flat/Hybrid)

user@knl% numactl --membind 1 ./runme
// ... Application running in HBM ... //

colfaxresearch.com/how-series Bandwidth Tuning © Colfax International, 2013–2017



§4. Review and What's Next



Summary
58

Memory Optimization:

1. Data re-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

colfaxresearch.com/how-series Review and What's Next © Colfax International, 2013–2017



§5. Summary



What We Learned
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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
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Spread the word:

HowSeries.com

Tell your story:

MC2Series.com
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