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Why Use Performance Models or Tools?

= |dentify performance bottlenecks
= Motivate software optimizations

= Determine when we’re done optimizing

« Assess performance relative to machine capabilities
« Motivate need for algorithmic changes

= Predict performance on future machines / architectures

« Sets realistic expectations on performance for future procurements

« Used for HW/SW Co-Design to ensure future architectures are well-suited for the
computational needs of today’s applications.

= A
4 /\I |

BERKELEY LAB




Computational Complexity

" Assume run time Is correlated mamam e o l e e e
with the number of operations 2111 - s o (5=0;3<N; 3+

(e.g. FP ops)
= Users define parameterize their
algorithms, solvers, kernels

= Count the number of operations

DAX What are the [1] +i A[1;'][k] * BLk]1[j]1;
scaling |
constants?

as a function of those parameters  Frrs: oiogh) in the number of Why did we
] . CG: O(N"33) in the number of d I‘t f d I
. DemonStrate run tlme 1S MG: O(N) in the number of ele epa rom iaea
correlated with those parameters N-body: O(N?) in the number o scaling?

/

g
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Data Movement Complexity

= Assume run time is correlated Operation | Flop’s Data
with the amount of data accessed DAXPY o) ON)
DGEMV O(N2) O(NZ)
(or moved) DGEMM O(N?) O(N2)
= Easy to calculate amount of data o
accessed... count array accesses MG
N-body Which is more

= Data moved is more complex as it
requires understanding cache
behavior...

« Compulsory! data movement (array
sizes) is a good initial guess...

... but needs refinement for the effects of
finite cache capacities

Hill et al, “Evaluating Associativity in CPU Caches”, IEEE 5 /\||$|
Trans. Comput., 19809.
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expensive...

o Performing Flop’s, or \
Moving words from memory
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Machine Balance and Arithmetic Intensity

= Data movement and computation Operation | Flop’s pata A Al (ideal
can operate at different rates ;’(Q‘Exm OS;
= We define machine balance as DGEMM O(N)
the ratio of... FFTs O(logN)
5 _ Peak DP Flop/s o
alance =

Peak Bandwidth N-body

= ...and arithmetic intensity as the
ratio of...

Al

_ Flop’s Performed
Data Moved




Computational Depth

= Sequential CPUs incur latencies Operation | Flop’s Data  Al(i#bal)  Depth
and overheads on memory PAXPY 1 O OO0 ) o)

: : ‘e : DGEMV ) (logN)

discontinuities and function calls DGEMM : O(logN)

= Parallel machines incur similar o 2odt)

overheads on synchronization
(shared memory), point-to-point N-body
communication, reductions, and
broadcasts.

= Thus, we can classify algorithms
by depth (max depth of the
algorithm’s dependency chain)




Distributed Memory Performance Modeling

= |n distributed memory, one communicates by sending messages
between processors.

= Messaging time can be constrained by several components...

 Overhead (CPU time to send/receive a message)

« Latency (time message is in the network; can be hidden)

 Message throughput (rate at which one can send small messages... messages/second)
« Bandwidth (rate one can send large messages... GBytes/s)

= Bandwidths and latencies are further constrained by the interplay of
network architecture and contention

= Distributed memory versions of our algorithms can be differently
stressed by these components depending on N and P (#processors)

- A
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Performance Models

= Many different components can contribute to kernel run time.

= Some are characteristics of the application, some are characteristics of
the machine, and some are both (memory access pattern + caches).

#FP operations Flop/s

Cache data movement Cache GB/s

DRAM data movement DRAM GB/s
PCle data movement PCle bandwidth
Depth  OMP Overhead

MPI| Message Size Network Bandwidth
MPI Send:Wait ratio Network Gap
_____________________________________________________________________________________________________________________________________________________ #MPI Wait's Network Latency ... ...

10




Performance Models

= Can't think about all these terms all the time for every application...

Computational  ______________ o ____._

Complexity I #FP operations Flop/s !

DRAM data movement DRAM GB/s
PCle data movement PCle bandwidth
Depth  OMP Overhead
MPI| Message Size Network Bandwidth
MPI Send:Wait ratio Network Gap
_____________________________________________________________________________________________________________________________________________________ #MPI Wait's Network Latency ... ...

11




Performance Models

= Because there are so many components, performance models often
conceptualize the system as being dominated by one or more of these

components.
ST T T D ~mmemtimme Clm~efe T \ Roofline
i #FP operations Flop/s | Model
'Cache data movement Cache GB/s

DRAM data movement DRAM GB/s |
PCle data movement PCie bandwidth
Depth  OMP Overhead
MPI| Message Size Network Bandwidth
MPI Send:Wait ratio Network Gap

_____________________________________________________________________________________________________________________________________________________ #MPI Wait's Network Latency ... ...

Williams et al, "Roofline: An Insightful Visual Performance Model For Multicore Architectures”,
CACM, 2009. 12




Performance Models

= Because there are so many components, performance models often
conceptualize the system as being dominated by one or more of these
components.

#FP operations Flop/s

Cache data movement Cache GB/s

DRAM data movement DRAM GB/s
PCle data movement PCle bandwidth
Depth  OMP Overhead

MP| Message Size Network Bandwidth
MPI Send:Wait ratio Network Gap
____________________________________________________________________________________________________________________________________________________ #MPI| Wait's Network Latency . ...

Culler, et al, "LogP: a practical model of parallel computation", CACM, 1996. 13




Performance Models

= Because there are so many components, performance models often
conceptualize the system as being dominated by one or more of these
components.

#FP operations Flop/s
Cache data movement Cache GB/s
DRAM data movement DRAM GB/s
PCle data movement PCle bandwidth
Depth  OMP Overhead

- . . S S S S RS S B B S B R S - s S S S S S S B B EEE B B B B B B B B B B ey

" MPI Message Size Network Bandwidth :/LogGP
' MPI Send:Wait ratio Network Gap
_____________________________________________________________________________________________________ #MPIWaltsNetworkLatency

e e o o o E S EE RS S EEm e B B SEE SEm REm B B SEm MEE e B S SEm REm Em B SEm SEm Em B M M e e Ee

Alexandroy, et al, "LogGP: incorporating long messages into the LogP model - one step clos
towards a realistic model for parallel computation”, SPAA, 1995. 14




Performance Models

= Because there are so many components, performance models often
conceptualize the system as being dominated by one or more of these
components.

#FP operations Flop/s
Cache data movement Cache GB/s "
DRAM data movement DRAM GF X\

- MPI Message Size Network B i
MPI| Send:Wait ratio Network“Gay
_____________________________________________________________________________________________________________________________________________________ #MPI Wait's Network Late cy

Bin Altaf et al, "LogCA: A High-Level Performance Model for Hardware Accelerators”, ISCA,
2017. 15
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Performance Models / Simulators

= Historically, many performance models and simulators tracked latencies
to predict performance (i.e. counting cycles)

= The last two decades saw a number of latency-hiding techniques...

« Out-of-order execution (hardware discovers parallelism to hide latency)
« HW stream prefetching (hardware speculatively loads data)
« Massive thread parallelism (independent threads satisfy the latency-bandwidth product)

= Effective latency hiding has resulted in a shift from a latency-limited
computing regime to a throughput-limited computing regime

— A
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Roofline Model

= Roofline Model is a throughput- o
oriented performance model...
 Tracks rates not times

« Augmented with Little’s Law mrowses  Roofline Performance Model

ALGORITHMS
RESEARCH

Roofine is & visually ntutive performance model used 1o bound the performance of various numerical methods and Cperations rnning on
— * - e dtcore, mamycore, of archilectures. Rather than simply using percent-of-peak estimates, the model can be used 1o
concurrency = latency*bandwidt B e e
BeBOP pericemancs igure. One can axaming Bw resultant Rooling figure in order 1o determing both the and inhecent =
LOGAR fmtatons
. ] e Arithmetic Intensity
 Independent of ISA and architecture (applies S Do
Roofine 1otal data movemant (Dytes). A BLAS-1 vecior-vactor increment ( xfile=yf] ) would have & very low arithemetic istensity of 0.0417 (N FLOPS
ScDAC 124N Bytes) and wordd e indepencent of the vector size. Conversely, FFT's perform 5°N*logN Siops for a N-point doubie complex
1 TOPH0 transform. i out of place on a write allocate cache architecture, the transform would move at least 48N bytes. As such, FFT's
to CPUs, GPUs, Google TPUs', etc e T e T
y y ] "o §mit FFT arithmetic imensity 1o perhaps 2 flops per byte. Finally, BLAS3 and N-Body Particle-Particle methods would have
arithmetic intensity grow very quickly,
Facebook 0.1-1.0 ficps per byte Typically < 2 flops per byte O(10) flops per byte
. A A p A

-

A
i

Jouppi et al, “In-Datacenter Performance Analysis of a Tensor Processing Unit”, ISCA, 2017. 18 rT‘-“§‘|
BERKELEY LAB




(DRAM) Roofline

= One could hope to always attain
peak performance (Flop/s)

= However, finite locality (reuse) and
bandwidth limit performance.

CPU

(compute, flop/s)

DRAM Bandwidth

= Assume: " (GBIs)
|dealized processor/caches DRAM
Cold start (data in DRAM) (data, GB)
/‘
#FP ops / Peak GFlop/s

Time = max <

_#Bytes /| Peak GB/s

19




(DRAM) Roofline

= One could hope to always attain
peak performance (Flop/s)

= However, finite locality (reuse) and
bandwidth limit performance.

CPU

(compute, flop/s)

DRAM Bandwidth

= Assume: | (GBS
|dealized processor/caches DRAM
Cold start (data in DRAM) (data, GB)
Time _ 1/ Peak GFlop/s
= max =<
#FP ops _#Bytes | #FP ops / Peak GB/s

20




(DRAM) Roofline

= One could hope to always attain
peak performance (Flop/s)

= However, finite locality (reuse) and
bandwidth limit performance.

CPU

(compute, flop/s)

DRAM Bandwidth

= Assume: | &%
|dealized processor/caches DRAM
Cold start (data in DRAM) {data, GB)
~
#FP ops _ - Peak GFlop/s
Time _(#FP ops | #Bytes) * Peak GB/s

21




(DRAM) Roofline

= One could hope to always attain
peak performance (Flop/s)

= However, finite locality (reuse) and (COSUEE;,D,S)
bandwidth limit performance. | oram Banduwidh
= Assume: | &5
* |dealized processor/caches DRAM
+ Cold start (data in DRAM) {data, GB)
/‘
Peak GFlop/s

GFlop/s = min<

_Al * Peak GB/s

Note, Arithmetic Intensity (Al) = Flops / Bytes (as presented to DRAM )

— A
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(DRAM) Roofline

* Plot Roofline bound using
Arithmetic Intensity as the x-axis

= Log-log scale makes it easy to Peak Flop/s
doodle, extrapolate performance
along Moore’s Law, etc...

= Kernels with Al less than machine
balance are ultimately DRAM
bound (we’ll refine this later...)

Attainable Flop/s

DRAM-bound i Compute-bound
I

Arithmetic Intensity (Flop::Byte)

23




Roofline Example #1

= Typical machine balance is 5-10

flops per byte...
«  40-80 flops per double to exploit compute capability Peak Flop/s
« Artifact of technology and money o
*  Unlikely to improve E‘
LL
Q@
®)
s
= Consider STREAM Triad... S
#pragma omp parallel for
for(i=0;i<N;i++){
z[i] = x[i] + alpha*Y[i];
}
. _ 0.083
*  2flops per iteration Arithmetic Intensity (Flop:Byte)

« Transfer 24 bytes per iteration (read X|i], Y[i], write Z[i])
« Al =0.083 flops per byte == Memory bound

~
(l

24 cecee
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Roofline Example #2

= Conversely, 7-point constant

coefficient stencil...
« 7 flops Peak Flop/s
« 8 memory references (7 reads, 1 store) per point *
Cache can filter all but 1 read and 1 write per point 13-
« Al =0.44 flops per byte == memory bound, z . Gflop/s < Al * DRAM GB/s
but 5x the flop rate 'fg :
#pragma omp parallel for E§ :
for(k=1;k<dim+1;k++){ Z 7 N0
For(jolsiedimelsirad i < | /-point
for(i=1;i<dim+l;i++){ ' Stencil
int ijk = 1 + j*jStride + k*kStride; |
new[ijk] = -6.0%oTd[ijk ] .
old[ijk-1 ] : >
Td[1jk+1 ]
gw[H‘l:J-ertride] 0.083 0.44
old[ijk+jstride] Arithmetic Intensity (Flop:Byte)

old[ijk-kstride]
old[ijk+kStride];

~
(l

25 )
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Hierarchical Roofline

= Real processors have multiple levels of
memaory
 Registers
« L1,L2, L3 cache
« MCDRAM/HBM (KNL/GPU device memory)
 DDR (main memory)
NVRAM (non-volatile memory)

= Applications can have locality in each
level
= Unique data movements imply unique Al’'s

= Moreover, each level will have a unique
bandwidth

— A
26 l::|>| |"'|
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Hierarchical Roofline

= Construct superposition of
Rooflines...

= Measure a bandwidth Peak Flop/s

= Measure Al for each level of memory @
. o
« Although an loop nest may have multiple %
Al's and multiple bounds (flops, L1, L2, ... o
DRAM) .. -% DDR Bound
= DDR AI*"BW <
. ... performance is bound by the < MCDRAM AI'BW
minimum

= A
27 oo
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Hierarchical Roofline

= Construct superposition of
Rooflines...
= Measure a bandwidth .  Peak Flop/s

= Measure Al for each level of memory @

* Although an loop nest may have multiple %
Al's and multiple bounds (flops, L1, L2, ... S
DRAM)... S

. ... performance is bound by the <
minimum DDR bottleneck

pulls performance
below MCDRAM
Roofline

etic Intensity (Flop:Byte)

= A
28 lﬁhl |'“|
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Hierarchical Roofline

= Construct superposition of
Rooflines...

= Measure a bandwidth Peak Flop/s

= Measure Al for each level of memory @
* Although an loop nest may have multiple %
Al's and multiple bounds (flops, L1, L2, ... S MCDRAM bound
DRAM). . S oD e
. ... performance is bound by the <
minimum

= A
29 lﬁlhl |'"|
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Hierarchical Roofline

= Construct superposition of

Rooflines... I
= Measure a bandwidth Peak Flop/s
= Measure Al for each level of memory @
. o
* Although an loop nest may have multiple %
Al's and multiple bounds (flops, L1, L2, ... S
DRAM)... g o
- ... performance is bound by the = S bottlenack pulls
minimum performance below
DDR Roofline
Arithmetic Intensity (FlopByte

— A
30 ::hl |"'|
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NUMA Effects

= Cori's Haswell nodes are built
from 2 Xeon processors (sockets)

 Memory attached to each socket (fast) Peak Flop/s

* Interconnect that allows remote memory
access (slow == NUMA)

* Improper memory allocation can result in
more than a 2x performance penalty

Attainable Flop/s

CPUO = CPU1

cores 0-15 cores 16-31

~50GB/s ~50GB/s

DRAM| |DRAM

— A
31 rr/r—n\nl |"'|
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Data, Instruction, Thread-Level Parallelism...

= Modern CPUs use several techniques to increase per core Flop/s

Fused Multiply Add

« W=X'y+ZzisSgcommon
idiom in \ney” algebra

J shains the

muiply and add in a
single pipeline so that it
can complete FMA/cycle

=
b
rrrrrrr |" |

Vector Instructions

Many HPC codes apply
the same operation to a
vector of elements

Vendors provide vector
Instructions that apply
the same operation to 2,
4. 8, 16 elements...

x [0:7] *y [0:7] + z [0:7]

Vector FPUs complete 8
vector operations/cycle

33

Deep pipelines

The hardware for a FMA
IS substantial.

Breaking a single FMA
up into several smaller
operations and pipelining
them allows vendors to
increase GHz

Little’s Law applies...
need FP_Latency *

FP_bandwidth
Independent instructions

BERKELEY LAB



Data, Instruction, Thread-Level Parallelism...

If every instruction were an ADD
(instead of FMA), performance
would drop by 2x on KNL or 4x
on Haswell

Similarly, if one had no vector
instructions, performance would
drop by another 8x on KNL and
4x on Haswell

FP Divides can be even worse.

Lack of threading will reduce
performance by 64x on KNL.

34

Attainable Flop/s

Add-onlyANo FMA)

Peak Flop/s

Ng\vectorization
\ ¥ 4

Poor vectorization
pulls performance
below DDR

Arithmetic Intens

Roofline




Superscalar vs. instruction mix

= Define in-core ceilings based on

: : : 0
Instruction mix...
" e.qg. Haswell Peak Flop/s -

e 4-issue superscalar 3 5% FP
* Only 2 FP data paths E, 12% FP
* Requires 50% of the instructions to be FP ‘E

to get peak performance ;z“

Arithmetic Intensity (Flop:Byte)
35 o
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Superscalar vs. instruction mix

= Define in-core ceilings based on

: : : 0
Instruction mix...

= e.g. Haswell Peak Flop/s . 0o. Ep
e 4-issue superscalar 3 50% FP
« Only 2 FP data paths ° 25% FP
* Requires 50% of the instructions to be FP ‘E

to get peak performance ;:5

= e.g. KNL
*  2-issue superscalar Arithmetic Intensity (Flop:Byte)
« 2 FP data paths
* Requires 100% of the instructions to be

~___ FPtogetpeak periormance
36 o
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Superscalar vs. instruction mix

= Define in-core ceilings based on

: : : 0
Instruction mix...
" e.qg. Haswell Peak Flop/s 100% FP
e 4-issue superscalar 3 50% FP
« Only 2 FP data paths ° 25% FP
* Requires 50% of the instructions to be FP ‘E
to get peak performance ;:5
-FP instructi
= e.g. KNL can sap instruction
. issue bandwidth and
e 2-ISSue superscalar Arithmetic Intensity pll;(lell g:vﬁ;;z?igce
« 2 FP data paths
* Requires 100% of the instructions to be
~___ FPtogetpeak periormance
37 woryf
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Locality Walls

= Naively, we can bound Al using

: 1
only compulsory cache misses

Peak Flop/s

L

(OX

[

L

Q

O
= <
£ No vectorizajcZ
< 2
a
£
@)
O

Arithmetic Intensity (Flop:Byte)
Al = #Flop's
Compulsory Misses
39 eee
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Locality Walls

= Naively, we can bound Al using

: 1
only compulsory cache misses
= However, write allocate caches Peak Flopls
can lower Al 2 oA
- &
o Q.O
E > o =
g No vectdrigajo
< =13
e|a
2lz
Ak
Arithmetic Intensity (Flop:Byte)
Al = #Flop's
Compulsory Misses + Write Allocates
40 il
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Locality Walls

= Naively, we can bound Al using

: 1
only compulsory cache misses
= However, write allocate caches Peak Flop/s
can lower Al 8 ) i o
. . i )
= Cache capacity misses can have o 3
© 2} () —
= © T
a huge penalty & = No vectcrigatloa‘
< —%‘ R
g £
g Z (3
Arithmetic Intensity (Flop:Byte)
Al = #Flop’s
Compulsory Misses + Write Allocates + Capacity Misses
4 2l
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Locality Walls

= Naively, we can bound Al using
only compulsory cache misses

= However, write allocate caches
can lower Al

= Cache capacity misses can have
a huge penalty

» Compute bound became
memory bound

Al = #Flop’s
Compulsory Misses + Write Allocates + Capacity Misses

Attainable Flop/s

O
"%
es

Peak Flop/s
o FMA

56
G

Caricity Miss
pd
07
cate

\+//\/.
>
<
S

Arithmetic |

42

A
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General Strategy Guide



General Strategy Guide

= Broadly speaking, there are three

. . A
approaches to improving
perfOrmanCe: Peak Flop/s
g
L
L)
Z
Arithmetic Intensity (Flop:Byte)
44 Rl
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General Strategy Guide

= Broadly speaking, there are three

. . 0
approaches to improving
perfOrmanCe: Peak Flop/s
= Maximize in-core performance g
(e.g. get compiler to vectorize) P
Z
Arithmetic Intensity (Flop:Byte)
45 woryf
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General Strategy Guide

= Broadly speaking, there are three
approaches to improving
pe rformance: Peak Flop/s

= Maximize in-core performance
(e.g. get compiler to vectorize)

= Maximize memory bandwidth
(e.g. NUMA-aware allocation)

Attainable Flop/s

Arithmetic Intensity (Flop:Byte)

46




General Strategy Guide

= Broadly speaking, there are three

approaches to improving I

pe rformance: Peak Flop/s
= Maximize in-core performance g

(e.g. get compiler to vectorize) P
» Maximize memory bandwidth < <

(e.g. NUMA-aware allocation) < 2

. . £

= Minimize data movement M K

(increase Al) Arithmetic Intensity (Flop:Byte)

47
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Constructing a Roofline Model
requires answering some
questions...



Questions can overwhelm users...

Properties of the
target machine

Fundamental
properties of the
kernel constrained
by hardware

Properties of an
(Benchmarking) application’s execution

(Instrumentation)
(Theory)

49
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To answer these
questions, we need
tools...




Node Characterization?

Cori/ KNL

= “Marketing Numbers” can be

deceptive... o re

+ Pin BW vs. real bandwidth

« TurboMode / Underclock for AVX o s o | SUMmMItDev / 4GPUs

« compiler failings on high-Al loops. 046 6ELOP500 (V)
= LBL developed the Empirical

Roofline Toolkit (ERT)...

« Characterize CPU/GPU systems

 Peak Flop rates

« Bandwidths for each level of memory o

« MPI+OpenMP/CUDA == multiple GPUs

https://crd.Ibl.gov/departments/computer-science/PAR/research/roofline/

— A
51 Y
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Instrumentation with Performance Counters?

= Characterizing applications with performance counters can be
problematic...

x Flop Counters can be broken/missing in production processors
x Vectorization/Masking can complicate counting Flop's

x Counting Loads and Stores doesn’t capture cache reuse while counting
cache misses doesn’t account for prefetchers.

x DRAM counters (Uncore PMU) might be accurate, but...
x are privileged and thus nominally inaccessible in user mode

x may need vendor (e.g. Cray) and center (e.g. NERSC) approved
OS/kernel changes

52




Forced to Cobble Together Tools...

= Use tools known/observed to work on NERSC’s -
Cori (KNL, HSW)...  NERsC.

A s Qiw
- i -
Powering
WOME  ASOUT SDIEMCEATNERSC SYSTEMS Qi Qi NEWSGPUBLCATIONS RGD EVENTS UMESTATUS  TIMELINE
FOR USERS e

vory Since 1974

At MEASURING ARITHMETIC INTENSITY

 Used Intel SDE (Pin binary instrumentation +
emulation) to create software Flop counters

« Used Intel VTune performance tool (NERSC/Cray

rato (F/H). T sooicason note provides & methodokogy 4or determinng arifymetic rderaty Using iner's Software Deveicoment
Bmwiatar Toolkit [SOR) and YTene Ameiifier (VTene) 10k A tutoral on wsing SOF on Bciaon can be found hars, and a honal
00 wsng Viune can be found hare. This memod can a0 De Used 1o determing arthmete ety S use i the Aoofine
Performance Model

horcally, procesecs marscturers have peowided courters for FLOMS andior Bytes and profing oo 10 suppont e P8
calculaion. 5ome MOdem (IOCeSON sch & Inters iy Bridge (weed in Ecieon) and Haswsl fused in Cor Phase 1) do not

wiers for FLOPS. However, ¥ - e e g pont ™ " o el
mamory acoesses, and Vine can be weed ! data acomsses uncom (o#-chio DRMAM DIV
i rstrcton veceg partic ograen W, Caphures dynam e
ratrct i, Instruction categeny and xerwon roupIng Geveloped & methodoiogy Yo calculating FLOPY
With SOE. % genersl the Solowing uses e e ] o
Ectucn and Con Prase |
rete provoes e by cachume races o vy soger
real apphcat pth SO and Vine that can use lge amounts of disk K580 oratied
few metes XAy e Vaoes ¢ ractatie a -

» Accurate measurement of Flop’s (HSW) and
DRAM data movement (HSW and KNL)

> Used by NESAP (NERSC KNL application e
readiness project) to characterize apps on Cori... | T [ m—

http://www.nersc.gov/users/application-performance/measuring-arithmetic-intensity/

NERSC is LBL's production computing division

CRD is LBL's Computational Research Division :}l b
NESAP is NERSC’s KNL application readiness project 53 | I
LBL is part of SUPER (DOE SciDAC3 Computer Science Institute) SRS




Initial Roofline Analysis of NESAP Codes

MFDn

10000
1000
£ e==Roofline Model
m O 100 = wo/FMA
Ll _—
I G} i 1 RHS
- 10 A 4RHS
¢ 8RHS
N 1 T T 1
0.01 0.1 1 10
Arithmetic Intensity (FLOP/byte)
10000
1000
£ e==Roofline Model
J g 100 AN = *wo/FMA
(U) L
Z 0 L 1 RHS
\¢ A 4RHS
¢ 8RHS
1 T T 1
0.01 0.1 1 10

Arithmetic Intensity (FLOP/byte)

10000

1000

100

GFLOP/s

10

1

10000

1000

GFLOP/s
[
[=}
o

EMGeo

e==Roofline Model

= =wo/FMA

i Original
A SELL
& SB
=l SELL+SB
0.1 1 1'0 © nRHS+SELL+SB
Arithmetic Intensity (FLOP/byte)

e==Roofline Model

= =wo/FMA

i Original
A SELL
& SB
=l SELL+SB
0.1 1 1'0 © nRHS+SELL+SB
Arithmetic Intensity (FLOP/byte)
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10000

1000

PICSAR

«e==Roofline Model

= *wo/FMA
A i Original
W A w/Tiling
| | ¢ w/Tiling+Vect
0.1 1 10

Arithmetic Intensity (FLOP/byte)
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Evaluation of LIKWID

= LIKWID provides easy to use wrappers - AR o S haractarization
for measuring performance counters... =0
512 EmDRAM ||
v Works on NERSC production systems _ ——Roofline
» 2
v Minimal overhead (<1%) g ”
. . . . = 128
v' Scalable in distributed memory (MPI-friendly) =
v' Fast, high-level characterization '§ o
x No detailed timing breakdown or optimization advice @
x Limited by quality of hardware performance counter 16
implementation (garbage in/garbage out) - .
» Useful tool that complements other S T
tools BEREEEEDRE
r T £ 3 o

https://github.com/RRZE-HPC/likwid ~y
55 il
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Need an integrated solution...

= Having to compose VTune, SDE, and plotting tools...
v worked correctly and benefited NESAP’s application readiness
x forced users to learn/run multiple tools and manually parse/graph the output
x forced users to instrument routines of interest in their application
x lacked integration with compiler/debugger/disassembly

= LIKWID was...

v fast and easy to use
x Suffered from the same limitations as VTune/SDE

= ERT...

v Characterized flops, and bandwidths (cache, DRAM)
v Interoperable with MPI, OpenMP, and CUDA
XRequ”'eduserstgmanua”yparse/mcorpgratetheQutput .................................................................................................................................................................

— A
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* |ncludes Roofline Automation...
v Automatically instruments applications

(one dot per loop nest/function)

v CompUteS FLOPS and Al for each B o e g
funCthn (CARM) s ® 72 B @ O Start Survey Analysis |v| & @

Welcome | €000 X Start Survey Analysis
E] Start Trip Counts and FLOP Analysis o]
/ AVX-5 1 2 S u p po rt th at I n CO rpo rates m aS kS FILTER:E; Start Memory Access Patterns Analysis  Threads v|| Loads an
mmary N Start Dependencies Analysis '
/ I t t d C h S ] I t 1 - &‘P ‘ ® Su(r;:i:‘— Start Suitability Alnalysis . ‘ Use Single TthRoofs P
(4] erformance > ey - ¥ N
niegrate dacne simuiator o ) pewy - ) o e
N = N = ) o O‘ @ t:’E‘“‘ifﬁ‘?,_’;?;'.} ’”3’
(hierarchical roofline / multiple Al’s) 4] .
0.14i
0.01- " - . : - : , -
. 0.001 0.01 0.1 1 10 100 1000 10000  1.0e+5 1
v Automatically benchmarks target system | setvnete e
( .y [ Source ITopDown I Code Analytics | Assemnbly |9Recommendations & Why No Vectorization?
calculates ceilings)
Address | Line Assembly Total Time % Self Time
. . . . . . |function ) 0x4107d0 Block 1: 146029716
v Full integration with existing Advisor COOENER DI e 06
0x4107d4 492 sub $0x210, %rsp

capabilities
http.//www.nersc.gov/users/training/events/roofline-training-1182017-1192017

Technology Preview, not in official product roadmap so far.

= A
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Hierarchical Roofline vs.
Cache-Aware Roofline

...understanding different Roofline
formulations in Advisor



There are two Major Roofline Formulations:

= Hierarchical Roofline (original Roofline w/ DRAM, L3, L2, ...)...

Williams, et al, “Roofline: An Insightful Visual Performance Model for Multicore Architectures”, CACM, 2009
«  Chapter 4 of “Auto-tuning Performance on Multicore Computers”, 2008
«  Defines multiple bandwidth ceilings and multiple Al's per kernel

Performance bound is the minimum of flops and the memory intercepts (superposition of original, single-metric Rooflines)

= Cache-Aware Roofline

 llic et al, "Cache-aware Roofline model: Upgrading the loft", IEEE Computer Architecture Letters, 2014
 Defines multiple bandwidth ceilings, but uses a single Al (flop:L1 bytes)

« As one looses cache locality (capacity, conflict, ...) performance falls from one BW ceiling to a lower one at constant Al

= Why Does this matter?

. Some tools use the Hierarchical Roofline, some use cache-aware == Users need to understand the differences
« Cache-Aware Roofline model was integrated into production Intel Advisor

«  Evaluation version of Hierarchical Roofline’ (cache simulator) has also been integrated into Intel Advisor

Technology Preview, not in official product roadmap so far.

-~
i
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Hierarchical Roofline

"
b
rrrrrrr | I

Captures cache effects

Al is Flop:Bytes after being filtered by
lower cache levels

Multiple Arithmetic Intensities
(one per level of memory)

Al dependent on problem size
(capacity misses reduce Al)

Memory/Cache/Locality effects are
observed as decreased Al

Requires performance counters or
cache simulator to correctly measure Al

60

Cache-Aware Roofline

Captures cache effects

Al is Flop:Bytes as presented to the L1
cache (plus non-temporal stores)

Single Arithmetic Intensity

Al independent of problem size

Memory/Cache/Locality effects are
observed as decreased performance

Requires static analysis or binary
instrumentation to measure Al

BERKELEY LAB



Example: STREAM

= L1 AlI... #pragma omp parallel for
° 2ﬂ0ps 'FOI"('I=O;'I<N;'I++){
2 x 8B load (old) }

1 x 8B store (new)

z[1] = X[1] + alpha*Y[1];

= 0.08 flops per byte
= No cache reuse...

lteration i doesn’t touch any data associated with
iteration i+delta for any delta.

= ... leads to a DRAM Al equal to
the L1 Al

— A
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Example: STREAM

Hierarchical Roofline

,T

| Peak Flop/s

Performgnce IS bound to

the minimum of the two
v

Intg{rcepts. .

Al , *L1 GB/s

Alpram ¥ DRAM GB/s

Attainable Flop/s

«— Multiple Al’s....

: 1) Flop:DRAM bytes

. 2) Flop:L1 bytes (same)

' >
0.083

Arithmetic Intensity (Flop:Byte)

Cache-Aware Roofline

Attainable Flop/s

,T

| Peak Flop/s

Observed performance
IS gorrelated with DRAM
bandwidth

—— Single Al based on flop:L1 bytes

' >
0.083

Arithmetic Intensity (Flop:Byte)

~
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Example: 7-point Stencil (Small Problem)

= | 1Al.. #pragma omp parallel for
for(k=1; k<dim+1;k++){
« 7 flops for(3=1;j<dim+1;j++){
« 7 x8B load (old) for(i=1;i<dim+1;i++){
. int 1Jjk = 1 + jJ*jStride + k*kStride;
1 x 85 store (new) new[ijk] = -6.0%01d[1 3k ]
« =0.11 flops per byte old[ijk-1 ]
- some compilers may do register shuffles to reduce the old[ijk+1 ]
number of loads. old[1jk-jStride]
old[1jk+jStride]
= Moderate cache reuse... o1d[1jk-kstride]

old[1jk+kStride];

« old[ijk] is reused on subsequent iterations of i,j,k

« old[ijk-1] is reused on subsequent iterations of i.
« old[ijk-jStride] is reused on subsequent iterations of |.
« old[ijk-kStride] is reused on subsequent iterations of k.

= ... leads to DRAM Al larger than
the L1 Al

-
(l
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Example: 7-point Stencil (Small Problem)
Hierarchical Roofline Cache-Aware Roofline

! | Peak Flop/s Peak Flop/s

2] : ; 2]
a ! ! a
R | : O
e , e
Q : ! Q
'czu ! ' Performance bound is 'czu
© : | sthe minimum of the two ©
< |/ WL <

: Multiple Al’s....

«— 1) flop:DRAM ~ 0.44

& ' 2) flop:L1 ~0.11
0.11 0.44 g 0.11 g
Arithmetic Intensity (Flop:Byte) Arithmetic Intensity (Flop:Byte)

— A
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Example: 7-point Stencil (Small Problem)

Hierarchical Roofline Cache-Aware Roofline
A A

Peak Flop/s Peak Flop/s

ObsewedAnce

is betwéen L1 and DRAM lines
some cache locality)

Fjerformance bound is
the minimum of the two

Attainable Flop/s
Attainable Flop/s

: Multiple Al’s....
“— 1) flop:DRAM ~ 0.44
— 2) flop:L1 ~ 0.11

0.11 0.44
Arithmetic Intensity (Flop:Byte) Arithmetic Intensity (Flop:Byte)

>
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Example: 7-point Stencil (Large Problem)

Hierarchical Roofline Cache-Aware Roofline
A A

Peak Flop/s Peak Flop/s

ObsewedAnce

is closef to DRAM line
y .
less cache locality)

Capacity misses reduce
DRAM Al and performance

D Eg;\ Multiple Al's. ...

«— 1) flop:DRAM ~ 0.20
2) flop:L1~0.11

' >
0.11 0.20

Arithmetic Intensity (Flop:Byte) Arithmetic Intensity (Flop:Byte)

Attainable Flop/s
Attainable Flop/s

— A
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Example: 7-point Stencil (Observed Perf.)

Hierarchical Roofline Cache-Aware Roofline
A A

Peak Flop/s Peak Flop/s

ObsewedAnce

is closef to DRAM line
y .
less cache locality)

Actual observed performance

£ . o is tied to the bottlenecked resource
| and can be well below a cache

i Roofline (e.g. L1).

Attainable Flop/s
Attainable Flop/s

0.11 0.20

— A
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Example: 7-point Stencil (Observed Perf.)

Hierarchical Roofline Cache-Aware Roofline
A A

| Peak Flop/s | Peak Flop/s
3 I 3 I
o ) [s) I
TH : ™ I
2 | 2 Obsewe/d performance
© : © is closef to DRAM line
T . Actual observed performance © 1&ss cache locality)
< ./ is tied to the bottlenecked resource <

( _______
. and can be well below a cache
o  Roofline (e.g. L1). '« Single Al based on flop:L1 bytes
O , > >
0.11 0.20
Arithmetic Intensity (Flop:Byte) Arithmetic Intensity (Flop:Byte)

— A
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Example of Roofline
In Practice




Sparse Matrix Vector Multiplication

 What's a Sparse Matrix ?

Most entries are 0.0
Performance advantage in only storing/operating on the nonzeros
Requires significant meta data to reconstruct the matrix structure

 What's SpMV ?
Evaluate y=Ax where A is a sparse matrix, x & y are dense vectors

* Challenges

Very low arithmetic intensity (often <0.166 flops/byte)
Difficult to exploit ILP (bad for pipelined or superscalar),
Difficult to exploit DLP (bad for SIMD)

]
|
[ L]
]
[ ]
|
|
ENEEEEEEEEEEEEEE <
ENEEEEEEEEEEEEEE<
> > >
<
- =
— —+
o
<w -hos
— o o
-3 < 3 CcA
— o T3
~ =1
I + =M O
—
f
—
i
=
[\
~
—
fa
—
=
|
[\
e

(a) (b) (c)

algebra conceptualization CSR data structure CSR reference code

~
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Roofline model for SpMV

. : Intel Xeon E5345 Opteron 2356
* Double precision roofline models | (Clovertown) =02 | Barcslona) e
* |n-core optimizations 1..i g "SR 2 o
¢ DRAM Opt|m|zat|0ns 1] S 0 .%;HLP = 10 wlout ILP
;c*z% i s‘\\u dd imbalance ;c*z% | iadd imbalance
InCoreGFlops; R BRI v
GFlops; :(Al) = min{ ' 2 2
Ps;;(Al) StreamBW, * Al 1 1
e Vs Uy Yy 1 2 4 8 e Vg Wy Yy 1 2 4 8
flop:DRAM byte ratio flop:DRAM byte ratio
P : Sun T2+ T5140 IBM QS20
o
FMA is inherent in SpMV (place " (Victoria Falls) | Cell Blade
64 64
at bOttOm) é_ 39 é_ 32 peak DP
g 6 peik oP g 6 (wout SIMD
3 4 y&/ 290 ¢ 3 4 wlout ILP
‘© 12% FP w© ~
% 4 }f} % 4 ;;/pr_/ ___________ \!\/_/Q_L‘I_t_EM_A_
2 2
1 1
e Vs Wy Yy 1 2 4 8 e Vs Wy Yy 1 2 4 8
.............................................................................................................................................................................................................................................................. flop:DRAMbyteratio ... ... flop:DRAMbyteratio .. ... ... ...

~
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Roofline model for SpMV

(overlay arithmetic intensity)

Intel Xeon E5345 Opteron 2356

* Two unit stride streams 2 | Glovertown) s> 2 | (Barcelona)  peskor
» o4 wiout AIMD o W/m
* |nherent FMA 2 SR
o) o)
16 16
¢ NO ”_P = . .%;HLP 2 ) wlout ILP
e No DLP g, updad imbalance g, G/ peliadd Imbalance
" 0 2 2 S
. FPis 12-25% 1 |
- ] e s My Yy 1 2 4 8 e s My Yy 1 2 4 8
¢ Nalve COmpU|SOry flop.byte < flop:DRAM byte ratio flop:DRAM byte ratio
O 166 128 Sun T2+ T5140 128  IBM QS20
- (Victoria Falls) Cell Blade
64 64
® ®
& % k DP g %
n ea n -4
o 16 p250/ = > 16 | No naive SPE
o] 0 Q0 . n
(] (]
£ e /@/ % £ ° implementation
T 4 T 4
2 . 2
|
1 - 1
Ve s My Yy 1 2 4 8 Ve s My Yy 1 2 4 8
.............................................................................................................................................................................................................................................................. flop:DRAM byteratio................... flop:DRAMbyteratio .. .. ...

~
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Roofline model for SpMV

(out-of-the-box parallel)

Intel Xeon E5345 Opteron 2356

* Two unit stride streams | (Clovertown) w0z ™ | (Barcelona) seskor
 |nherent FMA g - o
o o
 NolILP é 1: ‘.%;“LP é 1: wiout ILP
° NO DLP % . ful/édd imbalance % . £ Apdi/add imbalance
+ FPis 12-25% f N
. Ve Vg Wy Uy 1 2 4 8 Ve Vg Wy Uy 1 2 4 8
¢ Nalve COmpU|SOry flop.byte < flop:DRAM byte ratio flop:DRAM byte ratio
Sun T2+ T5140  IBM QS20
0'166_ o o 122 (Victoria Falls) 123 Cell Blade
* For simplicity: dense matrix in 2 2
o= peak DP % o
sparse format s 1 smurp 3 0| Nonaive SPE
£ e /@/ % £ ° implementation
® 4 ® 4
2 II 2
11/16 1/8I1/4 1, 1 2 4 8 11/16 g Y, Yy 1 2 4 8
.............................................................................................................................................................................................................................................................. flop:DRAM byteratio. ... flop:DRAMbyteratio .. ... . .

~
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Roofline model for SpMV

(NUMA & SW prefetch)

* compulsory flop:byte ~ 0.166
 utilize all memory channels

attainable Gflop/s

attainable Gflop/s

128
64
32
16

8

4

2

1

128
64
32
16

8

4

2

1

Intel Xeon E5345
(Clovertown) peakDP
W/ou{[ MD)

Q
S
‘ S w/out ILP

ul/add imbalance

Ve Vg Yy Yy, 1 2 4 8
flop:DRAM byte ratio

Sun T2+ T5140
(Victoria Falls)

peak DP
25% FP

12% FP

Ve Vg Vo 1y 1 2 4 8

attainable Gflop/s

attainable Gflop/s

128
64
32
16

8

4

2

1

128
64
32
16

8

4

2

1

Opteron 2356

(Barcelona) peakDP

w/ D

w/out ILP

I/add imbalance

Vg g Yy Yy 1 2 4 8
flop:DRAM byte ratio
 IBM QS20
Cell Blade
No naive SPE
implementation
Vg g Yy Yy 1 2 4 8

~
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Roofline model for SpMV

(matrix compression)

Intel Xeon E5345 Opteron 2356
° Inherent FMA 12 (Clovertown) peak DP 12 (Barcelona) peakDP
" : - » o4 w/out IMD @ o W/m
* Register blocking improves ILP, g SR w
. o) o)
DLP, flop:byte ratio, and FP% of : " % 2 "
- . & : & vl/add imbalance
Instructions 5 4 mpadimeelenee g g
2 2
1 1 :
g Vg W Yy 1 2 4 8 s Vg YW Yy 1 2 4 8
flop:DRAM byte ratio flop:DRAM byte ratio
128 Sun T2+ T5140 128 IBM QS20
(Victoria Falls) Cell Blade
64 64
S 3 s peak DP
§ 6 peak DB § 6 (v/out SIMD
3 4 / 25% FP 2 4 ‘/ wiout ILP
g | & s, / ____________ wiout FMA
e N4
1 ) 1 |

Ve Vg Vo 1y 1 2 4 8 Ve Vg Vo N, 1 2 4 8

~
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Roofline on CPUs and GPUs

= |[n 2010, we began to use Roofline to compare CPU and GPU
performance for a variety of double-precision kernels
* Flop/s were theoretical book values;
« Memory bandwidth from STREAM or SHOC
Al was based on compulsory data movement

° Opt|m|zed kernel performance 1024 Xeon X5550 (Nehalem) 1024 NVIDIA C2050 (Ferr[u) 3
. . 512 512 ~
was well-correlated with Roofline e . s -
for both platforms. 128 LT 128 Qriave o
. . . 64 ‘ 5 ]-_@GEMM 64 O .
« Some irregular applications (PIC) - -
‘ 31, 27pt Stencil ‘ 7pt Qmil
underperformed and motivated 1 t'é | e R
8 SpM‘é/ i TC/pushi 8 Spl\:,' ;,
Further StUdy. 4 /,' ‘/ TClchargel 4 ’:\Q,,’/qmcharge:
2 @ 2 |
e Usg Mg Vg g Y 12 4 8 16 32 Va2 e e Uy Vo 12 4 8 16 32
— A
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Questions?
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Backup
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Intel Advisor:

Introduction and General Usage

*DRAM Roofline and OS/X Advisor GUI: These are preview features that may or may not be
iIncluded in mainline product releases. They may not be stable as they are prototypes incorporating

very new functionality. Intel provides preview features in order to collect user feedback and plans
further development and productization steps based on the feedback.



Intel Advisor

» |Integrated Performance Analysis Tool
« Performance information including timings, flops, and trip counts
* Vectorization Tips
 Memory footprint analysis
« Originally used the Cache-Aware Roofline Model
« All connected back to source code

= CRD/NERSC began a collaboration with Intel

 Ensure Advisor runs on Cori in user-mode

« Push for Hierarchical (Integrated) Roofline

« Make it functional/scalable to many MPI processes across multiple nodes
« Validate results on NESAP, SciDAC, and ECP codes

NESAP is NERSC’s KNL application readiness project = A
SciDAC is the DOE Office of Science’s Scientific Discovery thru Advanced Computing program 80 rf/f-hl |'"|
ECP is the DOE’s Exascale Computing Project BERKELEY LAB




Intel Advisor (Useful Links)

o0 < Al Softmare nowl oM

B a c kg ro u n d Vectorization and Threading are Crucial to Performance

On modem processons, & s becoming crucil 1 both vecierize (use AVX® or SIMD* instructions

and thread software 1 o
P 10 187X faster han unthren

= https://software.intel.com/en-us/intel-advisor-xe

veaced o veckrized And Il Gap 13 Growrg wih ever

= https://software.intel.com/en-us/articles/getting-started-with- - g | - —
intel-advisor-roofline-feature :

Powering Scientific Discovery Since 1974

=  https://www.youtube.com/watch?v=h2QEM1HpFgg e ,,’;{ e e e e e

(oenamed e en s wevimens Sancy Srioge vy Breage o twr

e bt s vt b e 8 00) Sy M b e Vo b e @y o e

ADVISOR

Introduction
e Acvacr provioes tws workfows % et wsase Tt Forvan, C ans oo | TABLE OF CONTENTS
sppications can make e most of today's processons: 1 it

2 Using rtel Adveoer on Edeor and
Cort
* Vectortzaton Adviscr Certfes Cops that wil Dereft most YoM veciorzation, 2 ne
Sonciien what s DIOGKING #ectve Vectonzason, fnds the beneft of anematve Ot b il A
G0 DI, W) oo T Corfderce Tl veClor2aon 1 safe 4 Uning e Adviser GUL
5 Roofine 1eel e Con
+ Threading Adviscr & wsed for freading desgn and DORYDING and 10 SPahTS. & Dowsesds
Gesgn, fune, and check Twwading Sewgn ODEONE WIROW SnGtng nomTal
GO VeI T e

Running Advisor on NERSC Systems

=  http://www.nersc.gov/users/software/performance-and-
debugging-tools/advisor/

For mom Information on intel Advisor vt Jntel

Using Intel Advisor on Edison and Cori
To lurch Adviacr, e Lusts Fie Systern should Be used nstend of OIS Etter B commmand Ine ook, “sdviseof* or e GV

can e wsed. We recommend you 13 Use e command ne 100, macee<l’, 10 colect dats via batch obe, and hen dpley
remty using e GUA “rague-gul”, 0n & loghn node on Edieon

Compliing Codes to Run with Advisor
19D COUNtS And MeMOry C0ess Patiems? Have | vecionzed efficiently wih the letey
| using chder SIMD netnctions?

g e » = otder 33 COMEe the o8 10 work with Advisor Sorme 83Anonal fags need 10 be Lsed

Vectorization Optimization: Guldance to Speed up your Appll

Cray Compler Weapper (M, ce, O0)

Whan Using the Cray compier wiappen 15 compile codes 10 work wih Asviecr, e '-g' and the -dyramic’ flags shoukd be used
118 FOOMEenced That & Srmmum Optesaation vl of 2 Shoukd De wead S COMOING Coses Tt wil D analyaed using e
Advace To compee & C code for MM s wed a8 OperiV®. uae e folowry comvrard

! gc -g -dynamic -opermp -0) -0 mycode.exe mycode.c

Fre, [ g OBOM 18 e 10 A8l ADVIOr 1) MSOCINE SOESSEs 15 SOUNCE s, M0 TN YTV SON0N & Aee0ed %) tule
dynarmicaly irked acplcatons Witk T compler wraspens on Edeos he compler weappen, i, o2, and OC. ink spications
watcaly by celast)

WP e yrarmes ot e boweg emr & Qareraes

1% motule lose seviver

1N CC f -OPErmY -0 MYCOOs. exe Wycode.C

TR aren on Lo B atvinech cocollect survey coproject-gir faypro] Imycode ene {
Doavinel Errars Binary file of the asalysis Targel goes nat contaln symbols required for profilie

~
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Using Intel Advisor at NERSC

= Compile...

use ‘-g’ when compiling

= Submit Job...

% salloc
_Or'_
#SBATCH

Benchmark...

% module load advisor

% srun [args] advixe-cl -collect survey -no-stack-stitching -project-dir $DIR -- ./a.out [args]

% srun [args] advixe-cl -collect tripcounts -flops-and-masks -callstack-flops -project-dir $DIR -- ./a.out [args]

= Use Advisor GUI...

% module load advisor

% advixe-gui $DIR

~
(l
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N NoMachine - NERSC

() /global/cscratchl/sd/tkoskela/dram_roofline/stencil/advi.stencil.aug2.16 - Intel Advisor <@cori05> <2>

File View Help

®®

Welcome ¢
@ Getting Started
Welcome to Intel Advisor 2017
Vectorization Optimization and Thread Prototyping
Current project: advi.stencil.aug2.16
Show My Result New Project...
& Configure Project... Open Project...
Open Result
Recent Projects:
> advi.dram.stencil.aug2.16
.............................................. i - 9 .

~S
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LN NoMachine - NERSC
& © /global/cscratchl/sd/tkoskela/dram_roofline/stencil/advi.stencil.aug2.16 - Intel Advisor <@cori05> <2> M ®

File View Help

Welcome ' €000 (read-only) x ’ .
E‘ “lapsed time .‘ Vectorized ’M‘E

FILTER: m\ | INTEL ADVISOR 2017

@ Summary % Survey & Roofline @ Refinement Reports

® Program metrics

Elapsed Time 50.50s
Vector Instruction Set AVX Number of CPU Threads 16
Total GFLOP Count 753.95 Total GFLOPS 14.93

Total Arithmetic Intensity © 0.12

® Loop metrics

Total CPU time 806.22s I 100.0%
Time in 5 vectorized loops 641.62s [[NENEGEGEEEEE 79.6%
Time in scalar code 164.60s [ 20.4%

® Vectorization Gain/Efficiency
Vectorized Loops Gain/Efficiency © 3.81x [958 |

Program Approximate Gain “ 3.23x

® Top time-consuming loops”

Loop Self Time"” Total Time"” Trip Counts”
“ [loop in bench_stencil_ver2$omp$parallel_for@102 at stencil_v2.c:108] 160.035s 160.035s 31;3;2;3
“ [loop in bench_stencil_ver3$omp$parallel_for@146 at stencil_v2.c:152] 159.953s 159.953s 32;2
'[Ioop in bench_stencil_verd$omp$parallel_for@193 at stencil_v2.c:201] 159.595s 159.595s 130

“ [loop in bench_stencil verl$omp_§parallel for@62 at stencil_v2.c:65] 159.307s 159.307s 31;3;2;3
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% Survey & Roofline '@ Refinement Report

i i FLOPS
= Al il el ¥ Vector Issues Self Time Total Time Type
Loops GFLOPS v

B®[loop in bench stencil verd$... \159 5955[]\ 159. 5955I:]]Vectonzed (Body) \2‘3.083

:#7 [loop in bench_stencil_ver3$... @ 1 Ineffective peeled/... 159.953sM 159.953slM Vectorized (Body; Re... 16.274 md
#" [loop in bench_stencil ver2$%... @ 1 Ineffective peeled/... 160.035sHl 160.035sll Vectorized (Body; Peel... 15.662
mo [loop in bench_stencil verl$... @ 1 Ineffective peeled/... 159.307sH 159.307sHM Vectorized (Body; Peel... 10.218 0
iw»o[Ioop in bench_stencil_ver0%... ¢ 1 Potential underutil... 157.994sH 157.994sIM Scalar 9.009 ==

sy
S
"
—
-
m

File: stencil_v2.c:108 bench_stencil_ver2$omp$parallel_for@102

Lin. Source Total Time = % | Loop/Function Time % | Traits

1Us = TOT{LLLE=U; LLLE<] T LLESTKI LLES; LLLetTr){ ' U.U10S|

104 int kLo = 16*(tile/jTiles);

105 int jLo = 16*(tile%jTiles);

106 & for(k=kLo; k<klLo+16; k++){ 0.008s

107 @ for(j=jLo;j<jLo+16; j++){ 0.092s|

108 © for(i=0; i<dim; i++){ | 1.500s 160.0355 mm——

109 int ijk = i + j*jStride + k*kStride;

110 new[ijk] = -6.0%old[ijk ] 26.216s| FMA
- ' Selected (Total Time): 1.500s

——
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@ Summary % Survey & Roofline @ Refinement Reports

. ' FLOPS
3 HEIE Altga Ll & v Vector Issues Self Time Total Time Type
3 Loops GFLOPS v Al
- [loop in bench_stencil verd...| [ 159.595sH 159.595sHM Vectorized (Body) 23.083 0.117
= :®" [loop in bench_stencil_ver3...[ [] @1 Ineffective peeled/... 159.953sM 159.953sHM Vectorized (Body; Re... 16.274Em8  0.117
# " [loop in bench_stencil ver2.... [ ] @1 Ineffective peeled/... 160.035sHl 160.035sHll Vectorized (Body; Peel... 15.662 0.117
# [loop in bench_stencil verl..., [ @1 Ineffective peeled/... 159.307sl 159.307sHM Vectorized (Body; Peel... 10.218 3 0.117
«O[loop in bench_stencil_v... 1 Potential under... |157.994s(157.994s[]|Scalar
O J
* Source Top Down | Code Analytics | Assembly | v Recommendations | & Why No Vectorization?
. , . FLOPS
Function Call Sites and Loops Total Time % Total Time Self Time Type
GFLOPS
= INTERNAL_ 26 src_z_Linux_util cpp 2d702c13::[OpenM 93.8% I 755. 8435 0. 0005[ Function 0.998
=G [loop in _INTERNAL 26 SIC_Z_ INItRNAL 26 0.998
= __kmp_launch_thread B : . 0.998
=& [loop in __kmp_launch_thread at kmp_runtime.cpp:565, 93.8% Il 755.843s 0.000s( Scalar 0.998
=[OpenMP dispatcher] 93.3% N 752.000s 0.000s!  Function 1.003
+bench_stencil_ver2$omp$parallel_for@102 18.7% M 150.903s 0.120sl Function 1.083
+bench_stencil ver3somp$parallel for@146 18.7% 1 150.471s 0.000s([  Function 1.097
+bench_stencil verd$omp$parallel_for@193 18.6% M 149.989s 0.000sl  Function 1.540
[hanch ctaoncil siovld avand navallal faranGD 10 604 W 1A0TAD e [AWATATATS Cisnetion (AT

& Advixe-qui
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FILTER:
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NoMachine - NERSC

All Modules ~

All Sources ~

Loops And Functions ~|| All Threads ~

INTEL ADVISOR 2017

8 FHE Eunctlon Celll=lim et & @ Vector Issues Self Time Total Time Type FLoPS

o 0o0ops GFLOPS ~ Al

- [loop in bench_stencil ver4 ... = 159.595sH 159.595sHM Vectorized (Body) 23.083 0.117

= :®" [loop in bench_stencil_ver3...[ [] @1 Ineffective peeled/... 159.953sM 159.953sHM Vectorized (Body; Re... 16.274Em8  0.117
# " [loop in bench_stencil ver2... ¢ 1 Ineffective peeled/... 160.035sHl 160.035sHl Vectorized (Body; Peel... 15.662 0.117
# [loop in bench_stencil verl..., [ @1 Ineffective peeled/... 159.307sHl 159.307sHM Vectorized (Body; Peel... 10.218 3 0.117
O [loop in bench_stencil_v... [ @1 Potential under... 157.994sl 157.994s M Scalar 9.009 1 0.117
T j

Source | Top Down | Code Analytics | Assembly |Q Recommendations |a Why No Vectorization? |

Loop in
bench_stencil_ver0O$omp$parallel_for...
at stencil_v2.c:29

Average Trip Counts: 512

Instruction Mix"

Memory:5 Compute:9  Mixed :
(5 157994S 4 Other:4 Number of Vector

Scalar Total time

157.994s

Qalf timae

Registers: 9

©

©

GFLOPS: 9.00873 ©

Code Optimizations ®

Compiler: Intel(R) C Intel(R) 64
Compiler for applications running on
Intel(R) 64,

Version: 17.0.2.174 Build 20170213
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8 FHE Eunctlon Celll=lim et & @ Vector Issues Self Time Total Time Type FLoPS
o 0o0ops GFLOPS ~ Al
- [loop in bench_stencil_ver4 ... 159.595sH 159.595sHM Vectorized (Body) 23.083 0.117
= :# " [loop in bench_stencil_ver3 ... @ 1 Ineffective peeled/... 159.953sl 159.953sIM Vectorized (Body; Re... 162743  0.117
# " [loop in bench_stencil ver2... ¢ 1 Ineffective peeled/... 160.035sHl 160.035sHl Vectorized (Body; Peel... 15.662 0.117
# " [loop in bench_stencil verl... ? 1 Ineffective peeled/... 159.307sH 159.307sHl Vectorized (Body; Peel... 10.218 0 0.117
<O [loop in bench_stencil_v... [ @1 Potential under... 157.994sl 157.994sHl Scalar 9.009[= 0.117
T |
" Source Top Down | Code Analytics | Assembly | ¥+ Recommendations | & Why No Vectorization?
|
Address Lin. Assembly Total Time . % Self Time | % Traits
|body » 0x401690 Block 1:
0x401690 34 vmovsdq (%rbp,%rdx,8), %xmml 0.996s | 0.996s [
0x401696 31 leal (%rl13,%rl2,1), %rlld 1.728s| 1.728s|
0x40169b 31 movsxd %rlld, %rll 1.008s | 1.008s |
0x40169e 29 inc %rlod 1.794s 1.794s
0x4016al 36 vmovsdq (%rbp,%rdi,8), %xmm2 0.944s| 0.944s|
0x4016a7 29 add %r8, %rdx 49.773s | 49.773s |
0x4016aa 29 add %r8, %rdi 1.456s 1.456s
Selected (Total Time): Os
S —
== @ Advixe-qui Tl cori

>

A
rreeeee '"l

BERKELEY LAB



00 NoMachine - NERSC
& ) /global/cscratchl/sd/tkoskela/dram_roofline/stencil/advi.stencil.aug2.16 - Intel Advisor <@cori05> <2> ——— ~ ®

File View Help

J Welcome €000 (read-only) x .

@i | Elapsed time: 50.50s |¥

FILTER:| All Modules ~|| All Sources ~|| Loops And Functions ~|| All Threads ~

@ Summary % Survey & Roofline @ Refinement Reports

% Performance (GFLOPS) R \g] [ | 1 Use Single-Threaded Roofs @ | [ Show Hierarchical Data =
2 1000 I B D o T % o o i ?--
= , L R -DPVector FMA Peak:-843.06 GFLOPS
GBlsec.'~ - B e ’  q s : 2
100 ;551601221 DF Vactr ARH P paki?39.25 GELBBS?
L1 gandW_‘ PRl 01 ‘;‘63’5 B e i e < TRttt o s & = SESEEEE R
1012 pant .- 50216 QB_’?? — g Performance: 116.2 GFLOPS
-\;3 Bandw'\d w2 'ﬁvélgs GBIseC. ... Arithmetic Intensity: 0.16 FLOP/Byte >
1{pRAM gandwidth: - +
0.01 0.1 1 10
Self Elapsed Time: 10.004 s Total Time: 159.595 s Arithmetic Intensity (FLOP/Byte)
Source | Top Down | Code Analytics | Assembly | v Recommendations | & Why No Vectorization?
Lin. Source Total Time | % Loop/Function Time % Traits
ZUU #pragma vecLor nontemporat ‘
201 © for(i=0; i<jStride; i++){ 3.6365 159.5955 mumm—m I
Selected (Total Time): 3.636s
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- A\ #5%,  U.S. DEPARTMENT OF
> BERKELEY LAB @ ENERGY

BERKELEY LAB LAWRENCE BERKELEY NATIONAL LABORATORY

Intel Advisor:

Stencil Roofline Demo*

*DRAM Roofline and OS/X Advisor GUI: These are preview features that may or may not be
iIncluded in mainline product releases. They may not be stable as they are prototypes incorporating

very new functionality. Intel provides preview features in order to collect user feedback and plans
further development and productization steps based on the feedback.



7-point, Constant-Coefficient Stencil

= Apply to a 5123 domain on a single NUMA node (single HSW socket)
= Create 5 code variants to highlight effects (as seen in advisor)

verQ. Baseline: thread over outer loop (k), but prevent vectorization
#pragma novector // prevent simd
int ijk = i*iStride + j*jStride + k*kStride; // variable iStride to confuse the compiler

ver1. Enable vectorization

int 1jk = 1 + j*jStride + k*kStride; // unit-stride inner Tloop
ver2. Eliminate capacity misses

2D tiling of j-k iteration space // working set had been O(6MB) per thread
ver3. Improve vectorization

Provide aligned pointers and strides

ver4. Force vectorization / cache bypass
__assume(jstride%8 == 0); // stride by variable is still aligned
#pragma omp simd, vector nontemportal // force simd; force cache bypass

~
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File View Help
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E a Vv(tol ized N()t Vectorized E

% Survey & Roofline '@ Refil

All Modules ~|| All Sources ~|| Loops And Functions ~|| All Threads ~ INTEL ADVISOR 2017

) , Q _ T. FLOPS w Vectorized Loops
= Function Call Sites and Loops Self Time ST, - -
I Ti. " GFLOPS~ N vector|... Efficiency GainEs...

= [loop in bench_stencil_verd$o... 159.595sH 15.V. 23.083 . AVX2
:#7 [loop in bench_stencil_ver3$o... ¢1159.953sH 15.V. 16.274 8 . AVX2
+ " [loop in bench_stencil ver2%o... ¢1160.035sH 16.V. 15.662 I . AVX2
# " [loop in bench_stencil verl$o... ©1159.307sH 15.V. 10.218m . AVX2
B#® [loop in bench_stencil_vero0... 1157.994s( ]| 1.S.| 9.009

pe
-
-
—
o
=

File: ste stencil_v2.c:29 bench_stencil verosompsparallel for@25

25 #pragma omp parallel for 9.890s1
26 © for(k=1;k<dim+1;k++){
27 B for(j=1; j<dim+1; j++){

28 #pragma novector

29 8 for(i=1;i<dim+1;i++){ 102.403s mmm 157.994s mm——

30 int ijk = i*iStride + j*jStride + k*kStride;

31 new[ijk] = -6.0%old[ijk ] 53.651s M FMA
32 + old[ijk-iStride]

~ Selected (Total Time):  102.403s

Lin. Source Total Time % Loop/Function Time % Traits |
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FILTER:| All Modules ~|| All Sources ~|| Loops And Functions ~|| All Threads ~

@ Summary % Survey & Roofline @ Refinement Reports

2 Performance (GFLOPS) R g Use Single-Threaded Roofs @ Show Hierarchical Data =
2 1000 - e e S -
. = -DPVector FMA Peak:-843:06 GFLOPS'
GBlsec 2 & 8-> _ 2
100- o 55160 oy _ DP Vectqr ARH P paki?49.35 BELBRS?
Ll gan : i A 2] O e = _eee= i
10 ;Lisaind jidth 216 GB_’SQC’? . g
. pandwidth 5 GBIseC _
L3 Ball™ 8850
e dwid h: 20" bench_stencil_ver0$omp$parallel_for@25 stencil_v2.c:29
1{pRAM Zabeiis Performance: 9.01 GFLOPS
_ _ L1 Arithmetic Intensity: 0.12 FLOP/Byte |
0.01 'R Self Elapsed Time: 10.012 s 10
Self Elapsed Time: 10.012 s Total Time: 157.994 s Total Time: 157.994 s _ P/Byte)

Source | Top Down | Code Analytics | Assembly | - Recommendations | @ Why No Vectorization?

Lin. Source Total Time % Loop/Function Time % Traits
28 #pragma novector
29 © for(i=1; i<dim+1; i++){ 102.403s = 157.994s mummm

Selected (Total Time): 102.403s
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Welcome €000 (read-only) x .

@ | Elapsed time: 50.50s |¥ Not Vectorized

FILTER:| All Modules ~|| All Sources ~|| Loops And Functions ~|| All Threads ~

@ Summary % Survey & Roofline @ Refinement Reports

2 Performance (GFLOPS) R g Use Single-Threaded Roofs @ Show Hierarchical Data =
pe
< 1000 B e ) S ———————— e ———— sl ceccccccccccccccanaa oy — mypppp——— = -
L. = -DPVector FMA Peak:-843:06 GFLOPS'
GB'SeC,: = = R : q 3
100 a8 2 | D Vactor AR Peakie19:28 GFLBBS?
L1 Ban o WL —_ae=emT 2
10 «\_2 Bgt\d ‘dth 02.16 GB_lsgc' - 8
- pandwidth BlseC _
L3 Ba 8850 . .
e dwid h: 20" bench_stencil_ver1$omp$parallel_for@62 stencil_v2.c:65
1{pRAM BE==e Performance: 10.22 GFLOPS
_ _ L1 Arithmetic Intensity: 0.12 FLOP/Byte |
0.01 'REE Sclf Elapsed Time: 10.206 s 10
Self Elapsed Time: 10.206 s  Total Time: 159.307 s Total Time: 159.307 s _ P/Byte)

Source | Top Down | Code Analytics | Assembly | - Recommendations | @ Why No Vectorization?

Lin. Source Total Time % Loop/Function Time % Traits
64 H for(j=1; j<dim+1; j++){ 0.020s| I
65 © for(i=1; i<dim+1; i++){ 0.684s 159.307s s

Selected (Total Time): 0.684s
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Welcome €000 (read-only) x .

@ | Elapsed time: 50.50s |¥ Not Vectorized

FILTER:| All Modules ~|| All Sources ~|| Loops And Functions ~|| All Threads ~

@ Summary % Survey & Roofline @ Refinement Reports

2 Performance (GFLOPS) R g 5 Use Single-Threaded Roofs @ Show Hierarchical Data =
E 1000‘ = s e b = 2 e e o 2 --
Y. . -DPVector FMA Peak:-843.06 GFLOPS
GBlse - = =22 | 2
100 gt 551691 - DP Vectqr AR P pakic?49:25 BELBPS?
L1 BandWIST- &0 -6BISE . |
2 Ba'ndW‘?j,ﬂ 6 66‘59,8 8
0% 3 ée;ndw\dth % 5-GB’SQC :
oo - ) qwidth 1288 ‘ bench_stencil_ver2$omp$parallel_for@102 stencil_v2.c:108 |
1 {pRAM BAT-oe Performance: 15.66 GFLOPS
_ _ L1 Arithmetic Intensity: 0.12 FLOP/Byte -
0.01 0.1 Self Elapsed Time: 10.438 s 10
Self Elapsed Time: 10.438 s Total Time: 160.035 s Total Time: 160.035 s _ lyte)

Source | Top Down I Code Analytics | Assembly |~J Recommendations | @ Why No Vectorization?

Lin. Source Total Time % Loop/Function Time % Traits

107 for(j=jLo;j<jLo+16; j++){ 0.092s|

108 © for(i=0; i<dim; i++){ 1.500s 160.035s
Selected (Total Time): 1.500s
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@ | Elapsed time: 50.50s |¥ Not Vectorized

FILTER:| All Modules ~|| All Sources ~|| Loops And Functions ~|| All Threads ~

@ Summary % Survey & Roofline @ Refinement Reports

2 Performance (GFLOPS) R g 5 Use Single-Threaded Roofs @ Show Hierarchical Data =
E 1000‘ = e e b = 2 e o 2 --
Y. . -DPVector FMA Peak:-843.06 GFLOPS
GBIse : E ey | 3
100 g 551601 2= - DP Vegtqr Add P paki?39:25 BELBBS?
L1 BandWiEoo s 77681 7 : |
1012 B_a“‘.j: :d 0218 65.’59«; 2 g
= naWw GBIS :
hors o < width 28.85 2 bench_stencil_ver3$omp$parallel_for@146 stencil_v2.c:152 |
1 {pRAM BATooeo Performance: 16.27 GFLOPS
_ _ L1 Arithmetic Intensity: 0.12 FLOP/Byte -
0.01 R Sclf Elapsed Time: 10.144 s 10
Self Elapsed Time: 10.144 s Total Time: 159.953 s Total Time: 159.953 s , Byte)

Source | Top Down I Code Analytics I Assembly |~J Recommendations | @ Why No Vectorization?

Lin. Source Total Time % Loop/Function Time % Traits

151 ¢ for(j=jLo;j<jLo+16; j++){ 0.016s|

152 ® for(i=0; i<jStride; i++){ 0.708s 159.953s mammm I
Selected (Total Time): 0.708s
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@ Summary % Survey & Roofline @ Refinement Reports

2 Performance (GFLOPS) R g Use Single-Threaded Roofs @ Show Hierarchical Data =
pe
< 1000 -
<
~: 2
GBIseC .
100 - 4t 551601 2= 2
L1 BandWIC=E a6 BISE
10112 pandwic™ o2 16 GBISSS
2 gandwidt g5 GBIS
= Jwidth E bench_stencil_ver4$omp$parallel_for@193 stencil_v2.c:201
1{pRAM B2T Performance: 23.08 GFLOPS
_ _ L1 Arithmetic Intensity: 0.12 FLOP/Byte
0.01 0.1 Self Elapsed Time: 10.004 s
Self Elapsed Time: 10.004 s  Total Time: 159.595 s Total Time: 159.595 s

Source | Top Down | Code Analytics | Assembly | - Recommendations | @ Why No Vectorization?

Lin. Source Total Time % Loop/Function Time % Traits

200 #pragma vector nontemporal

201 © for(i=0; i<jStride; i++){ 3.636s 159.595s mammm I
Selected (Total Time): 3.636s
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FILTER:| All Modules ~|| All Sources ~|| Loops And Functions ~|| All Threads ~

5 Summary % Survey & Roofline ®i Refinement Reports o JdB 4 e 4
%1 Performance (GFLOPS) R QM « = I Use Single-Threaded Roofs @ | « Show Hierarchical Data —
c — .
) B ? - _ _— ector F A Pes 1688.18 - P
< 1688.18 - } v e +4 GBISEC 4 - S PE—— R s S oo i e RPN 3
~< ¢ P PPEE et A0 01 GBIseC____ PR 2oL T Y LN T I | oo e ——————— e & Gopmiepdllh ot T . el el i AN
& =B o8 o _ Coe?
= 0_ =
L 4 —
@ [loop in bench_stencil_ver0$Somp$parallel_for@25 at stencil_v2.c:26] ‘
Total Performance: 5.45 GFLOPS o
0.66 - Total L1 Arithmetic Intensity: 0.17 FLOP/Byte
0.05 Self Elapsed Time: 0.000 s 5
E Self Elapsed Time: 0.000 s Total Elapsed Tim el A sity (FLOP/Byte)

Source | Top Down | Code Analytics | Assembly | - Recommendations | @ Why No Vectorization?

Total Time % Loop/Function Time % Traits l

Lin. Source
24 ¥ while(ElapsedTime < TIME){
25 #pragma omp parallel for
159417.000ms s

26 © for(k=1;k<dim+1;k++){

27 © for(i=1;j<dim+1;j++){
Selected (Total Time): Oms
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%4 Performance (GFLOPS) R Q" « X P~ Use Single-Threaded Roofs @ |« Show Hierarchical Data =
c — .

) B ? B B s actor FMA Pez 158818 - P

< 1688.18 - | : e+4 GBISEC , - e P R e ——— RS
< §-=zz=2727 e 01 3BIseC __ g .--mntiT Risssaneii g A ez SN v At S lh s P L it Al

- & 2l T o e e et e ?
= : e

[loop in bench_stencil_veri$SompS$parallel_for@62 at stencil_v2.c:63]
Total Performance: 10.18 GFLOPS
0.66 - Total L1 Arithmetic Intensity: 0.17 FLOP/Byte
0.05 Self Elapsed Time: 0.000 s

Self Elapsed Time: 0.000 s Total Elapsed Tim| Mt tl
Source | Top Down | Code Analytics | Assembly | - Recommendations | @ Why No Vectorization?

Total Time % Loop/Function Time % Traits |

Lin. Source

61 ¥ while(ElapsedTime < TIME){

62 #pragma omp parallel for l
159453.000ms s

63 © for(k=1;k<dim+1;k++){

64 © for(i=1;j<dim+1;j++){
Selected (Total Time): Oms
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) B ? a _ _— ector F A Pez 1688.18 - P
< 1688.18 - ) v e+4 GBISEC , - — —— R s S oo i e RPN 3
=< S -=zzCo = 529 01 GBISEE. . g-<-===22500T 0 Tieensnnnnnnn e mna s S Se e e ——————— e 4 i 2o VIO
P ' ’) - B ay » __‘ |y - » ?
= ?_ =
e | —
[loop in bench_stencil_ver2Somp$parallel_for@102 at stencil_v2.c:103]
Total Performance: 15.28 GFLOPS .
0.66 - Total L1 Arithmetic Intensity: 0.28 FLOP/Byte
0.05 Self Elapsed Time: 0.008 s
E Self Elapsed Time: 0.008 s Total Elapsed Time: 9.964 s kel b e)

Source | Top Down | Code Analytics | Assembly | - Recommendations | @ Why No Vectorization?

Total Time % Loop/Function Time % Traits

Lin. Source

101 ® while(ElapsedTime < TIME){

102 #pragma omp parallel for schedule(static,1) 16.002msH I
103 © for(tile=0; tile<jTiles*kTiles; tile++){ 159651.000ms

104 int kLo = 16*(tile/jTiles); Divisi...
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[loop in bench_stencil_ver3$Somp$parallel_for@146 at stencil_v2.c:146]
Total Performance: 15.67 GFLOPS -
0.66 - Total L1 Arithmetic Intensity: 0.28 FLOP/Byte
0.05 Self Elapsed Time: 0.000 s

Total Elapsed Time: 9.926 s

E Self Elapsed Time: 0.000 s Total Elapsed Time: 9.926 s
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Lin. Source Total Time % Loop/Function Time % Traits
144 StartTime = omp_get wtime();

145 B while(ElapsedTime < TIME){

146 © #pragma omp parallel for schedule(static,1) 43.998ms . 159807.000ms mmmmm l

147 8 for(tile=0;tile<jTiles*kTiles;tile++){
Selected (Total Time): 43.998ms
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[loop in bench_stencil_ver4dSomp$parallel_for@193 at stencil_v2.c:193] '
Total Performance: 18.98 GFLOPS

0668 Total L1 Arithmetic Intensity: 0.41 FLOP/Byte
0.05 Self Elapsed Time: 0.000 s
E Self Elapsed Time: 0.000 s Total Elapsed Time: 9.956 s Total Elapsed Time: 9.956 s
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191 StartTime = omp_get wtime();

192 B while(ElapsedTime < TIME){

193 8 #pragma omp parallel for schedule(static,1) 8.004ms 160161.000ms l

194 for(tile=0; tile<jTiles*kTiles; tile++)q{
Selected (Total Time): 8.004ms
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Little’'s Law

Applied to Memory Applied to FPUs
= Consider a CPU with 100GB/s of = consider a CPU with 2 FPU’s each with a
bandwidth and 100ns memory latency. 4-cycle latency.

= Little's law states that we must express = Little’s law states that we must express 8-
10KB of concurrency (independent way ILP to fully utilize the machine.
memory operations) to the memory

subsystem to attain peak performance - Solution #1: rely on 00O to find

parallelism across loop iterations.
= Solution #1: use multiple cores orthreads . gg|ytion #2: unroll/jam the code to

to satisfy the requisite MLP. express 8 independent FP operations.
" Solution #2: express the memory access . Note, simply unrolling dependent
pattern in a streaming fashion in order to operations (e.g. reduction) does not
engage the prefetchers. increase ILP. It simply amortizes loop
overhead.
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