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Abstract. The complexity of modern computing platforms has made it ex-
tremely dif cult to write numerical code that achieves the best possibitope
mance. Straightforward implementations based on algorithms that miningze th
operations count often fall short in performance by at least oner@dmagni-
tude. This tutorial introduces the reader to a set of general technigiraprove

the performance of numerical code, focusing on optimizations foraheater's
memory hierarchy. Further, program generators are discussadway to re-
duce the implementation and optimization effort. Two running examplessaet u

to demonstrate these techniques: matrix-matrix multiplication and the discrete
Fourier transform.

1 Introduction

The growth in the performance of computing platforms in tlstgdew decades has
followed a reliable pattern usually referred to as Mooresm. Moore observed in
1965 [1] that the number of transistors per chip roughly desilevery 18 months and
predicted—correctly—that this trend would continue. In flatadue to the shrinking
size of transistors, CPU frequencies could be increasexlighty the same exponential
rate. This trend has been the big supporter for many perfacendemanding applica-
tions in scienti c computing (such as climate modeling arides physics simulations),
consumer computing (such as audio, image, and video piag¢sand embedded com-
puting (such as control, communication, and signal prangssin fact, these domains
have a practically unlimited need for performance (for egbanthe ever growing need
for higher resolution videos), and it seems that the evatutif computers is well on
track to support these needs.

However, everything comes at a price, and in this case itasrtoreasing dif culty of
writing the fastest possible software. In this tutorial, fweus onnumericalsoftware.
By that we mean code that mainly consists of oating point pomations.

The problem. To understand the problem we investigate Fig. 1, which cnsivarious
Intel architectures from the rst Pentium to the (at the tiofehis writing) latest Core2
Extreme. Thex-axis shows the year of release. Thaxis, in log-scale, shows both the
CPU frequency (in MHz) and the single/double precision tetcal peak performance
(in M op/s = Mega FLoating point OPerations per Second) & thspective machines.



First we note, as explained above, the exponential incieaS@U frequency. This re-
sults in a “free” speedup for numerical software. In otherdgolegacy code written for
an obsolete predecessor will run faster without any exiogiamming effort. However,
the theoretical performance of computers has evolved atarfpace due to increases in
the processors' parallelism. This parallelism comes iesgEforms, including pipelin-
ing, superscalar processing, vector processing and thudtading. Single-instruction
multiple-data (SIMD) vector instructions enable the exeguof an operation on 2, 4,
or more data elements in parallel. The latest generatiomslap “multicore,” which
means 2, 4, or more processing coresist on a single chip. Exploiting parallelism in
numerical software is not trivial, it requires implemeidateffort. Legacy code typ-
ically neither includes vector instructions, nor is it nntlireaded to take advantage
of multiple processor cores or multiple processors. Igeattmpilers would take care
of this problem by automatically vectorizing and parafigly existing source code.
However, while much outstanding compiler research haslsththese problems (e.g.,
[2-4]), they are in general still unsolved. Experience shivat this is particularly true
for numerical problems. The reason is, for numerical proisletaking advantage of the
platform's available parallelism often requires an algori structured differently than
the one that would be used in the corresponding sequentild. d@@ompilers cannot
be made to change or restructure algorithms since doinggaires knowledge of the
algorithm domain.

Similar problems are caused by the computer's memory hibyaindependently of
the available parallelism. The fast processor speeds hade fhincreasingly dif cult
to “feed all oating point execution units” at the necessaage to keep them busy.
Moving data from and to memory has become the bottleneck.nidmmory hierarchy,
consisting of registers and multiple levels of cache, aoragidress this problem, but can
only work if data is accessed in a suitable order. One cachs may incur a penalty of
20-100s CPU cycles, a time in which 100 or more oating poimti@tions could have
been performed. Again, compilers are inherently limitedgtimizing for the memory
hierarchy since optimization may require algorithm restuting or an entirely different
choice of algorithm to begin with.

Adding to these problems is the fact that CPU frequencysgadi approaching its end
due to limits to the chip's possible power density (see Fjgsihce 2004 it has hovered
around 3 GHz. This impliethe end of automatic speedupture performance gains
will be exclusively due to increasing parallelism.

In summary, two main problems can be identi ed from Fig. 1:

— Years of exponential increase in CPU frequency meant freedspp for existing
software but also have caused and worsened the processuwrgnieottieneck. This
means to achieve the highest possible performance, code hasestructured and
tuned to the memory hierarchy.

1 At the time of this writing 8 cores per chip is the best commonly available muéi@PU
con guration.
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Fig. 1. The evolution of computing platform's peak performance versus thBid @equency
explains why high performance software development becomesasiogdy harder.

— The times of free speed-up are over; future performancega@due to parallelism
in various forms. This means, code has to be rewritten ustotpv instructions and
multiple threads and in addition has to be optimized for tleemary hierarchy.

To quantify the problem we look at two representative exaspWhich are among
the most important numerical kernels used: the discretei€ouwansform (DFT) and

the matrix-matrix multiplication (MMM). The DFT is used ass disciplines and is the
most important tool used in signal processing; MMM is thec@likernel in most dense
linear algebra algorithms.

It is well-known that the complexity of the DFT for input sireis O(nlog(n)) due
to the availability of fast Fourier transform algorithmsHFs) [5]. Fig. 2 shows the
performance of four different FFT implementations on aelli@ore platform with four

G op/s. For all implementations, the operations count tineated a$n log,(n), so the
numbers are proportional to inverse runtime. The bottomdimows the performance of
the implementation by Numerical Recipes [6] compiled with best available compiler
(the Intel vendor compiler icc 10.1 in this case) and allmiations enabled. The next
line (best scalar) shows the performance of the fastestiatdrC implementation for
the DFT and is roughly 5 times faster due to optimizationstfiermemory hierarchy.
The next line (best vector) shows the performance when vawtructions are used in
addition, for a further gain of a factor of 3. Finally, for ¢gr sizes, another factor of 2
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Fig. 2. Performance of four single precision implementations of the discretadfdtansform.
The operations count is roughly the same.

can be gained by writing multi-threaded code to use all gsoecores. Note that all
four implementationfiave roughly the same operations cofmta given size but the
performance difference is a factor of 12 for small sizes, arfdctor of up to 30 for
large sizes. The uppermost three lines correspond to causaed by Spiral [7, 8]; a
roughly similar performance is achieved by FFTW [9-11].

Fig. 3 shows a similar plot for MMM (assuming square matrjcedere the bottom line
corresponds to a standard, triple loop implementationeltteg performance difference
with respect to the best code can be as much as 160 timesdiimgla factor of 5-20
solely due to optimizations for the memory hierarchy. Ak timplementations have
exactly the same oating point operations count2n®. The top two lines are from
Goto BLAS [12]; the best scalar code is generated using AT[¥83.

To summarize the above discussion, the task of achievinhigiest performance with
an implementation usually lies to a great extent with thegmommer. For a given prob-
lem, he or she has to carefully consider different algorgthand possibly restructure
them to adapt to the given platform's memory hierarchy arailable parallelism. This
is very dif cult, time-consuming, and requires interdiglinary knowledge about al-
gorithms, software optimizations, and the hardware agchire. Further, the tuning
process is platform-dependent: an implementation opéchfar one computer will not
necessarily be the fastest one on another, since perfoentapends on many microar-
chitectural features including but not restricted to thiade of the memory hierarchy.
Consequently, to achieve highest performance, tuning dhag trepeated with the re-
lease of each new platform. Since the times of a free speatit6 frequency scal-
ing) are over, this retuning has become mandatory if anyopeidnce gains are desired.
Needless to say, the problem is not merely an academic oheneuthat affects the
software industry as a whole.



Fig. 3. Performance of four double precision implementations of matrix-matrikiptication.
The operations count is exactly the same.

Automatic performance tuning. A number of research efforts have started to address
this problem in a new area called “automatic performancéntin14]. The general
idea is to at least partially automate the implementatioth @ptimization procedure.
Two basic approaches have emerged so far in this area: aeldiptiaries and source
code generators.

Examples of adaptive libraries include FFTW [10] for thecdéte Fourier transform

and adaptive sorting libraries [15, 16]. In both cases, ithraties are highly optimized,

and beyond that, have degrees of freedom with regard to theeardivide-and-conquer
strategy (both DFT and sorting are done recursively in thibsaries). This strategy is

determined at runtime, on the given platform, using a sear@thanism. This way, the
library can dynamically adapt to the computer's memorydniehny. Sparsity and OSKI

from the BeBOP group [17-20] is are other examples of sudbraries, used for sparse
linear algebra problems.

On the other hand, source code generators produce algoiritiplementations from
scratch. They are used to generate either crucial compsnantibraries in their en-
tirety. For instance, ATLAS (Automatically Tuned Lineargsbra Software) and its
predecessor PHIPAC [21, 18, 22] generate the kernel cod®lfdk and other basic
matrix routines. They do so by generating many differeniavds arising from differ-
ent choices of blocking, loop unrolling, and instructiodering. These are all measured
and the fastest one is selected using search methods.

FFTW also uses a generator to produce small size DFT ker2g]sHlere, no search
is used, but many optimizations are performed before theahcbde is output. Spiral
[7,24] is a library generator for arbitrary sized lineamséorms including the DFT,
Iters, and others. Besides enumerating alternatives,iamdntrast to other work, Spi-
ral uses an internal domain-speci ¢ mathematical languagaptimize algorithms at
a high level of abstraction before source code is generdieid. includes algorithm
restructuring for the memory hierarchy, vector instrugtipand multi-threaded code



[24-26]. FLAME considers dense linear algebra algorithrd Bnin spirit similar to
Spiral. It represents algorithms in a structural form andwahhow to systematically
derive alternatives and parallelize them [27-29].

Other automatic performance tuning efforts include [1¥#]dparse linear algebra and
[30] for tensor computations.

This new research is promising but much more work is needealitomate the im-
plementation and optimization of a large set of library fimeality. We believe that
program generation techniques will prove crucial for thisaeof research.

Summary. We summarize the main points of this section:

— End of free-speedup for legacy co@RU frequencies have hit the power wall and
stalled. Future performance gains in computers will beinbthby increasing par-
allelism. This means that code has to be rewritten to takargdge of the available
parallelism and performance.

— Minimizing operations count does not mean maximizing perémce Floating-
point operations are much cheaper than cache misses. tHastiesmance requires
code that is adapted to the memory hierarchy, uses vectoudtions and multiple
cores (if available). As a consequence, we have the follgwhoblem.

— The performance difference between a straightforwardémgntation and the best
possible can be a factor of 10, 20, or moféis is true even if the former is based
on an algorithm that is optimal in its ( oating-point) opdi@s count.

— Itis very dif cult to write the fastest possible codehe reason is that performance-
optimal code has to be carefully optimized for the platfarmiemory hierarchy
and available parallelism. For numerical problems, coempitannot perform these
optimizations, or can only perform them to a very limitedesikt

— Performance is in general non-portabl€he fastest code for one computer may
perform poorly on another.

— Overcoming these problenty automation is a challenge at the core of computer
science. To date this research area is still in its infaneye €rucial technique that
emerges in this research area is generative programming.

Goal of this tutorial. The goal of this tutorial is twofold. First, it provides theader
with a small introduction to the performance optimizatidmamerical problems, fo-
cusing on optimizations for the computer's memory hiergréle., the dark area in
Fig. 1 is not discussed. The computers considered in thosiditare COTS (commer-
cial off-the-shelf) desktop computers with the latest mégchitectures such as Core2
Duo or the Pentium from Intel, the Opteron from AMD, and theved”C from Apple
and Motorola. We assume that the reader has the level of ledgelof a junior (third
year) student in computer science or engineering. Thisuded basic knowledge of
computer architecture, algorithms, matrix algebra, arid €bprogramming skills.

Second, we want to raise awareness and bring this topicrdiosee program genera-
tion community. Generative programming is an active eldesearch (e.g., [31, 32]),



but has to date mostly focused on reducing the implementaffort in producing cor-
rect code. Numerical code and performance optimizatior Ima¢ been considered. In
contrast, in the area of automatic performance tuning,qaragyeneration has started to
emerge as one promising tool as brie y explained in thisrfiatoHowever, much more
research is needed and any advances have high impact pbtenti

The tutorial is in part based on the course [33].

Organization. Section 2 provides some basic background information oarignm
analysis, the MMM and the DFT, features of modern computstesys relevant to this
tutorial, and compilers and their correct usage. It alsatides data access patterns that
are necessary for obtaining high performance on modern atgnpystems. Section 3
rst introduces the basics of benchmarking numerical caudthen provides a general
high-level procedure for attacking the problem of perfonc&optimization given an
existing program that has to be tuned for performance. THoisgalure reduces the prob-
lem to the optimization of performance-critical kernel$iigh is rst studied in general
in Section 4 and then in Sections 5 and 6 using MMM and the DF8xamples. The
latter two sections also explain how program generatorseaapplied in this domain
using ATLAS (for MMM) and Spiral (for the DFT) as examples. Wenclude with
Section 7.

Along with the explanations, we provide programming exs@sito provide the reader
with hands-on experience.

2 Background

In this section we provide the necessary background fottiisial. We brie y review
algorithm analysis, introduce MMM and the DFT, discuss ttemary hierarchy of off-
the-shelf microarchitectures, and explain the use of ctarpiThe following standard
books provide more information on algorithms [34], MMM aiablar algebra [35], the
DFT [5, 36], and computer architecture and systems [37, 38].

2.1 Cost Analysis Of Algorithms

The starting point for any implementation of a numericalbpem is the choice of al-
gorithm. Before an actual implementation, algorithm asislybased on the number of
operations performed, can give a rough estimate of the peégioce to be expected. We
discuss the oating point operations count and the degreelsfe.

Cost: asymptotic, exact, and measuredt is common in algorithm analysis to repre-
sent the asymptotic runtime of an algorithmGnnotation afO(f (n)), wheren is the
input size and , a function [34]. For numerical algorithnis(n) is typically determined
from the number of oating point operations performed. T@e1otation neglects con-
stants and lower order terms; for examg¥n® + 100n?) = O(5n%). Hence it is only
suited to describe the performaricend but not theactual performance itself. Further,



it makes a statement only about the asymptotic behaviortte behavior as goes to
in nity. Thus itis in principle possible that a®(n?) algorithm performs better than an
0O(n?) algorithm for all practically relevant input sizes

A better form of analysis for numerical algorithms is to cartgotheexactnumber of
oating point operations, or at least the exact highest otdem. However, this may be
dif cultin practice. In this case, pro ling tools can be usen an actual implementation
to determine the number of operations actually performée. [&itter can also be used
to determine the computational bottleneck in a given imgetation.

However, even if the exact number of operations of an algoriénd its implementation
is known, it is very dif cult to determine the actual runtimAs an example consider
Fig. 3: all four implementations require exacig® operations, but the runtime differs
by up to two orders of magnitude.

Reuse: CPU bound vs. memory boundAnother useful measure of an algorithm is the
degree of reuse. The asymptotic reuse fobgh(n)) algorithm is given byO(f (n)=n)

if n is the input size. Intuitively, the degree of reuse meashiogsoften a given input
value is used in a computation during the algorithm. A higbrde of reuse implies
that an algorithm may perform better (in terms of operatjpessecond) on a computer
with memory hierarchy, since the number of computations idates the number of
data transfers from memory to CPU. In this case we say thaaldg@ithm isCPU
bound A low degree of reuse implies that the number of data tras$fem memory to
CPU is high compared to the number of operations and the peafoce (in operations
per second) may deteriorate: in this case we say that theithigois memory bound

A CPU bound algorithm will run faster on a machines with adastPU. A memory
bound algorithm will run faster on a machine with a faster ragnbus.

2.2 Matrix-Matrix Multiplication

Matrix-matrix multiplication (MMM) is arguably the most ipprtant numerical kernel
functionality. It is used in many linear algebra algorithmugeh as solving systems of
linear equations, matrix inversion, eigenvalue compatesj and many others. We will
use MMM, and the DFT (Section 2.3) as examples to demonstiattenizations for
performance.

De nition. Given ak m matrixA = [&; ] and anm n matrix B = [h; ], the
productC = AB isak n matrix with entries

xn
Cj = Ak D
k=1

For actual applications, usualy = C + AB is implemented instead & = AB.

Complexity and analysis.Given twon  n matricesA; B, MMM computed asC =
C + AB by de nition requiresn® multiplications anch® additions for a total on® =
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O(n®) oating point operations. Since the input data (the mas)deave sizeD(n?),
the reuse is given b@(n3=n?) = O(n).

Asymptotically better MMM algorithms do exist. Strassealgorithm [39] requires
only O(n'°927)  O(n%80%8) gperations. The actual crossover point (i.e., when it re-
quires less operations than the computation by de nitiergtn = 655. However, the
more complicated structure of Strassen's algorithm and/éaker numerical stability
reduce its applicability. The best-known algorithm for MMisidue to Coppersmith-
Winograd and require®(n%376) [40]. The large hidden constant and a complicated
structure have so far made this algorithm impractical fat egpplications.

Direct implementation. A direct implementation of MMM is the triple loop shown
below.

/I MMM - direct implementation
for (i=0; i<m; i++)
for (j=0; j<p; j++)
for (k=0; k<n; k++)
cfilil += afilik] * bIK][il;

BLAS and LAPACK. BLAS (Basic Linear Algebra Subprogram) is a set of standard-
ized basic linear algebra operations, including MMM [4thplementations of BLAS
are provided by packages such as ATLAS and Goto BLAS. BLASimes are used as
kernels in fundamental linear algebra algorithms suchnesli equation solving, eigen-
value computations, singular value decompositions, LAI€tky/QR decompositions,
and others. Such higher level functions are implementedéy APACK (Linear Al-
gebra PACKage) library, [42] using MMM and other BLAS rowmas kernels (see
Fig. 4). The idea behind this two-level design is to redesigd/or re-optimize the
BLAS implementations for new hardware architectures, &vh#lusing LAPACK with-
out a need for modi cation. The performance improvemerdsifthe BLAS implemen-
tation then translate into performance gains for the LAPA®Kary. This design has
proven very successful until the release of multicore systavhich appears to require
a redesign of LAPACK.

LAPACK Static

BLAS Re-implemented or regenerat
for each platform

Fig. 4. LAPACK is implemented on top of BLAS.

Further reading.

— Linear algebraGeneral information about numerical linear algebra carobad in
[35, 38].



10

— BLAS. ATLAS provides an implementation of BLAS, as does Goto BLAStther
information on ATLAS is available in [13, 21, 43]. Details @oto BLAS can be
found at [12, 44].

— Linear algebra libraries. APACK is described in [45, 42]. The distributed memory
extension ScaLAPACK is described in [46, 47]. An alternatypproach is pursued
by PLAPACK [48, 49] and FLAME [28, 27, 50].

2.3 Discrete Fourier Transform

The discrete Fourier transform (DFT) is another numerieshkl of importance in a
wide range of disciplines. In particular, in the eld of sigirprocessing, the DFT is ar-
guably the most important tool used. Even though the DFT sesnrst glance based
on linear algebra, it is in its nature fundamentally diffgr&éom MMM. In particular,

it is never computed by de nition—fast algorithms are alwaysed, instead. The tech-
niques used by these fast algorithms are different fromettlertiques used to speed up
MMM.

De nition. The discrete Fourier transform (DFT) of an input vectoof lengthn is
de ned as the matrix-vector product

y =DFT , x; DFTn:[!rﬁ‘]O ki'<n s !n:eZi:n : i:pil:
In words,! , is a primitive nth root of unity. In this tutorial we assume thatis a
two-power.

Complexity and analysis.Computing the DFT by de nition require®(n?) many op-
erations, and is never done in practice. There exists a nuaofilfi@st algorithms, called
fast Fourier transforms (FFTs), that reduce the runtim®go log(n)) for all sizesn
[5]. Forn = 2K, the FFTs used in practice require betwekrlog,(n) + O(n) and
5nlog,(n) + O(n) many operations. The best known FFT has a cos@‘iuflog2 n+
O(n) [51]. The degree of reuse is her@@og(n)), less than for MMM, which explains
the performance drop in Fig. 2 for large sizes when the waorkit is too large for the
L2 cache.

We defer a detailed introduction of FFTs to Section 6.

Direct implementation. In contrast to MMM, a straightforward implementation of the
DFT is not done by de nition, but performed by a direct implemtation of an FFT. One
example is the so-called iterative radix-2 FFT algorithninaglemented by Numerical
Recipes [6], whose performance was shown in Fig. 2. The sporeding code is shown
below.

#include <math.h>

#define  SWAP(a,b) tempr=a;a=b;b=tempr

void fourl( float +data, int =nn, int =isign)

{ I+ altered for consistency with original FORTRAN.
[ = Press, Flannery, Teukolsky, Vettering "Numerical



* Recipes in C" tuned up ; Code works only when *Nnn is
* a power of 2 */
int n, mmax, m, j, i
double wtemp, wr, wpr, wpi, wi, theta, wpin;
double tempr, tempi, datar, datai,
datalr,datali;
n = x*xnn * 2;

j=0;
for i = 0;i <n;i+=2)
{if (§g>1i{ [+ could use j>i+1 to help
* compiler analysis */
SWAP(data[j], datali]);
SWAP(data]j + 1], datafi + 1]);
}
m = *nn;
while (m >= 2 && j >= m) {
j=m
m >>= 1;
J
J A= m;

}
theta = 3.141592653589795 * .5;

if (*isign < 0)
theta = -theta;
wpin = 0; [+ sin(+-Pl) */
for (mmax = 2; n > mmax; mmax *= 2)
{ wpi = wpin;
wpin = sin(theta);
wpr = 1 - wpin * wpin - wpin  * wpin;
[+ cos(theta *2) =/
theta =*= .5;
wr = 1;
wi = 0;
for (m = 0; m < mmax; m += 2)
{]j=m+ mmax;
tempr = ( double ) wr =*(datalr = data[j]);
tempi = ( double ) wi =«(datali = datafj + 1J]);
for i = m; i < n - mmax * 2, 0 += mmax * 2)
{ /* mixed precision not significantly more
* accurate here; if removing double casts,
* tempr and tempi should be double */
tempr -= tempi;
tempi = ( double ) wr =datali + ( double ) wi =*datalr;

/* don't expect compiler to analyze j > i+1 */
datalr = data[j + mmax * 2];

datali = data[j + mmax * 2 + 1];

datafi] = (datar = data[i]) + tempr;

datali + 1] = (datai = datafi + 1]) + tempi;
datafj] = datar - tempr;
datalj + 1] = datai - tempi;

11
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tempr = ( double ) wr =datalr;
tempi = ( double ) wi *datali
j += mmax * 2;

}

tempr -= tempi;

tempi = ( double ) wr =datali + ( double ) wi =*datalr;

datafi] = (datar = data[i]) + tempr;

datali + 1] = (datai = data[i + 1]) + tempi;

data[j] = datar - tempr;

data[j + 1] = datai - tempi;

wr = (wtemp = wr) * wpr - wi * wpi;

wi = wtemp * wpi + wi * wpr;

Further reading.

— FFT algorithms[52, 36] give an overview of FFT algorithms. [5] uses the Kro-

necker product formalism to describe many different FFToatgms, including
parallel and vector algorithms. [53] uses the Kroneckemfdism to parallelize
and vectorize FFT algorithms.

FFTW.FFTW can be downloaded at [11]. The latest version, FFTW3sssdbed
in [10]. The previous version FFTW2 is described in [9] anddhdelet generator
genfftin [23].

SPIRAL. Spiral is a program generation system for transforms. The spstem
is described in [7] and on the web at [8]. Using Kronecker pictdnanipulations,
SIMD vectorization is described in [54, 24], shared mem@&@¥IP and multicore)
parallelization in [25], and message passing (MPI) in [55].

Open source FFT librarieBFTPACK [56] is a mixed-radix Fortran FFT library.
The GNU Scienti c library (GSL) [57] contains a C port of FFABK. UHFFT
[58,59] is an adaptive FFT library. Numerical Recipes [6htains the radix-2
FFT implementation shown above. FFTE [60] provides a palr&FT library for
distributed memory machines.

Proprietary FFT librarieSthe AMD Core Math Library (ACML) [61] is the vendor
library for AMD processors. Intel provides fast FFT implemegions as a part of
their Math Kernel Library (MKL) [62] and Integrated Perfoamce Primitives (IPP)
[63]. IBM's IBM Engineering and Scienti ¢ Software LibrarfESSL) [64] and the
parallel version (PESSL) contain FFT functions optimizediBM machines. The
vDSP library contains FFT functions optimized for AltiVeEhe libraries of the
Numerical Algorithms Group (NAG) [65] and the Internatibhdathematical and
Statistical Library (IMSL) [66] also contain FFT functiolitst.
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2.4 State-Of-The-Art Desktop and Laptop Computer Systems

Modern computers include several performance enhancingparichitectural features
like cache systems, a memory hierarchy, virtual memory,@Rd features like vector
and parallel processing. While these features usually &seréhe achievable perfor-
mance, they also make the optimization process more comphéx section introduces
several microarchitectural features relevant to writingtfcode. For further reading,
refer to [37, 38].

Memory hierarchy. Most computer systems usen@emory hierarchyto bridge the
speed gap between the processor(s) and its connection tomgamory. As shown in
Fig. 5, the highest levels of the memory hierarchy contamffstest and the smallest
memory systems, and vice versa.

CPU

Registers

~1-2 cycles
smaller larger
faster access L1 Cache slower
more expensive ~8-32 cycles cheaper

L2 Cache
~300 cycles

Memory
~50,000 cycles

Hard Disk

Fig. 5. Memory hierarchy. Typical latencies for data transfers from the CRéhth of the levels
are shown. The numbers shown here are only an indication, and tte¢ aatabers will depend
on the exact architecture under consideration.

A hierarchical memory enables the processor to take adyarghthe memory local-
ity of computer programs. Optimizing numerical programstfie memory hierarchy
is one of the most fundamental approaches to producing e, @and the subject of
this tutorial. Programs typically exhibit temporal and iglanemory locality. Temporal
locality means that a memory location that is referencedgmpgram will likely be ref-
erenced again in the near future. Spatial locality mearistibdikelihood of referencing
a memory location by a program is higher if a nearby locatias vecently referenced.
High performance computer software must be designed sthtb&iardware can easily
take advantage of locality. Thus, this tutorial focuses oiting fast code by designing
programs to exhibit maximal temporal and spatial locaitie

Registers.Registers inside the processor are the highest level of émary hierarchy.
Any value (address or data) that is involved in computatias to eventually be placed
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into a register. Registers may be designed to hold only a sggpe of value (special
purpose registers), or only oating point values (e.qg., lolel=P registers), vector values
(vector registers), or any value (general purpose registéhe number of registers in
a processor varies by architecture. A few examples are gedvin Table 1. When an
active computation requires more values to be held thanetister space will allow,
aregister spilloccurs, and the register contents are written to lower segEmemory
from which they will be reloaded again. Register spills axpensive. To avoid them
and speed up computation, a processor might make use afahtegisters that are not
visible to the programmer. Many optimizations that work ¢imew levels of the memory
hierarchy can typically also be extended to the registasllev

Processor Integer Registers Double FP Registers
Core2 Extreme 16 16
Itanium 2 128 128
UltraSPARC T2 32 32
POWER®6 32 32

Table 1. Sample scalar register space (per core) in various architecturegdditioa to integer
and FP registers, the Core2 Extreme also has 16 multimedia registers.

Cache memory.Cache memory is a small, fast memory that resides betweandire
memory and the processor. It reduces average memory adtesshly taking advan-
tage of spatial and temporal locality. When the processtalilyi requests data from a
memory location (called a cache miss), the cache fetchestanes the requested data
and data spatially close. Subsequent accesses, titbedan be serviced by the cache
without needing to access main memory. A well designed cagbtem has a low miss
to hit ratio (also known as just the miss ratio or miss rate).

Level/Type Size Associativity
L1 Data (per core) 32 KB 8-way set associative
L1 Instruction (per core) 32 KB 8-way set associative
L2 Uni ed (common) 4 MB 8-way set associative

Table 2. Cache system example: Intel Core2 Duo, Merom Notebook processor

Caches, as shown in Fig. 6 are divided into cache lines (alewk as blocks) and sets.
Data is moved in and out of cache memory in chunks equal tarthesize. Cache lines
exist to take advantage of spatial locality. Multiple les/ef caches and separate data and
instruction caches may exist, as shown in Table 2. Cachedmédirect mapped (every
main memory location is mapped to a speci ¢ cache locatiark-way set associative
(every main memory location can be mapped to precikgdpssible cache locations).
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Fig. 6. 4-way set associative cache with cache line size of 4 single precisida (debytes per
oat) per line, and cache size of 128 oats (total cache size is 512 hyTd® gure also illus-
trates the parts of a memory address used to index into the cache. Sthadagmelement under
consideration is 4 bytes long, the two least signi cant bits are irrelevanisrctise. The number
of bits used to address into the cache line would be different for doubtégion oats.

In addition to misses caused due to data being brought imérst time (compulsory
misses) and those due to cache capacity constraints (bap@sses), caches that are
not fully associative can incur con ict misses [67].

Cache

Main memory

Xo X1 X5 X3 X4

CPU request x,
XB X9 X10 Xll X12

— [Xo |X1|X2| X3
Cache line size
= 4 floats

Fig. 7. Neighbor use and reuse: When the CPU requestgo, X1, andxs are also brought into
the cache since the cache line size holds 4 oats.

Since cache misses are typically expensive, writing fadedovolves designing pro-
grams to have low miss rates. This is accomplished using tvpmitant guiding prin-
ciples, illustrated in Fig. 7 and described below:
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— Reuse: Temporal locality.Once data is brought into the cache, the program should
reuse it as much as possible before it gets evicted. In othedsyprograms must
try to avoid scattering computations made on a particulta fiecation throughout
the execution of the program. Otherwise, the same data {adazation) has to go
through several cycles of being brought into the cache abdexjuently evicted,
which increases runtime.

— Neighbor use (using all data brought in): Spatial locality Data is always brought
into the cache in chunks the size of a cache line. This is sed¥ig. 7, where
one data element, was requested, and three others are also brought in singe the
belong to the same cache line. To take advantage of thisigregmust be designed
to perform computations on neighboring data (physicalbselin memory) before
the line is evicted. This might involve reordering loops:; fiastance, to work on
data in small chunks.

These two principles work at multiple levels. For instaramje can be designed to use
and reuse all data within a single cache block, as well asinwith entire cache level.
In fact, these principles hold throughout the memory higrgrand thus can be used
at various cache and memory levels. Depending on the comgutaeing performed,
techniques that use these principles may not be trivial $igdeeor implement.

In scienti ¢c or numerical computing, data typically cortsi®f oating point numbers.
Therefore, it helps to view the cache organization, linad,sets in terms of the number
of oating point numbers that can be held. For instance, thehe shown in Fig. 6 is a
512 byte, 4-way set associative cache with a line size of 16éshyhere are a total of
32 lines (512 bytes / 16 bytes per line), and 8 sets (32 lindm£4 per set). If we note
that each cache line can hold 4 oats (16 bytes / 4 bytes pet), o can immediately
see that the cache can hold a total of 128 oats. This mearngittasets larger than
128 oats will not tin the cache. Also, if we make an initiaktaess to 128 consecutive
oats, there will be a total of 32 cache misses and 96 caclse(kihce 4 oats in a line
are loaded on each cache miss). This gives us a rough estifnidite runtime of such
a set of accesses, which is useful both in designing progeautisn performing sanity
checks.

Cache analysisWe now consider three examples of accessing an array inugsie-
quences, and analyze their effects on the cache.

Consider a simple direct mapped 16 byte data cache with taloecines, each of size
8 bytes (two oats per line). Consider the following code sence, in which the array
X is cache-aligned (that i¥ [0] is always loaded into the beginning of the rst cache
line) and accessed twice in consecutive order:

float  X[8];
for (int j=0; j<2; j++)
for (int i=0; i<8; i++)
access(X[i]);

The top row on Fig. 8 shows the states of the cache after ewerydut of the total of
sixteen) accesses for this example. To analyze the cachyriftcand pattern of this
code sequence, we rst observe that the size of the array &Bs)oexceeds the size of
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Example 1: Sequential access

line0 [XO m|X1h X4 m| X5h X0m| X1h X4 m| X5h

linel X2m| X3 h X6 m| X7 h X2m| X3 h X6 m| X7 h

Example 2: Strided access

line0 (X0 m X4m X1im X5m| [X0m X4m X1im X5m

linel [X2m X6 m X3m X7m| [X2m X6 m X3m X7m

Example 3: Blocked access

line0 (X0 m|X1h X0h|X1h X4 m| X5 h X4h|X5h

linel X2m| X3 h X2h|X3h X6 m| X7 h X6 h|X7h

Fig. 8. Cache access analysis: The state of the complete cache for eachesiastpwn after

every two accesses, along with whether the two accesses resulted iniitsses (shown by h
or m). The two requests just made are shown in black, while the remaiantg qf the cache are
shown in gray. To save space, square brackets are not skobwrefers toX [0].

the cache (4 oats). We then observe that a total of 16 aceem®emade to the array.
To calculate how many result in hits, and how many in missespbserve the cache
access pattern of the code. The pattern is “012345670123466ly the indices of

X accessed are shown). We note that an access to any even ingersesults in that
element and the subsequent element being loaded sincerthieythe same cache line.
Thus, accessini [0] loadsX [0] and X [1] into the cache. We can then compute the
hit/miss pattern to be: “MHMHMHMHMHMHMHMH". So in all, thee are 8 hits and

8 misses.

We now look at another code sequence that again accessesrtb@gay twice (similar
to the last example), albeit with a stride of 2:

float  X[8];
for (int j=0; j<2; j++)
{ for (int i=0; i<7; i+=2)
access(X[i]);
for (int i=1; i<8; i+=2)
access(X[i]);

The middle row on Fig. 8 shows the corresponding cache shatekis example. The
access pattern here is “0246135702461357”. A similar ambhows us that the miss
ratio is even worse: every single access in this patterrtseisua miss (with a total of
16 misses and 0 hits). This example illustrates an impoptaint: strided accesses gen-
erally result in poor cache ef ciency, since they effecliwgmake the cache smaller.”
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Finally, let us consider a third code sequence that agaiesses the same array twice:

float  X[8];
for (i=0; i<2; i++)
for (k=0; k<2; k++)
for (j=0; j<4; j++)
access(X[j+(i *4));

The bottom row on Fig. 8 shows the corresponding cache dtatdisis example. The
access pattern here is “0123012345674567”. Counting tseahd misses, (“MHMH-
HHHHMHMHHHHH"), we observe that there are 12 hits and 4 mis3#fe also note
that if this rearrangement is legal, it is a cache optimizeidion of the original code
sequence. In fact, this rearrangement is an example of lhtile previously mentioned
principles behind optimizing for the memory hierarchy:sewand neighbor use. Un-
like the rst example, the “0123” block is reused here befbeéng evicted. Unlike the
second example, every time an even-indexed element isssxbabe succeeding odd-
indexed element which is a part of the same cache line is algtediately accessed.
Thus, analyzing the cache can help us estimate and impreweatthe performance of
a program.

CPU features.Modern microprocessors also contain other performancarerihg fea-
tures. Most processors contain pipelined superscalaofeoteer cores with multiple
execution units. Pipelining is a form of parallelism wheifedent parts of the proces-
sor work simultaneously on different components of diffé¢liestructions. Superscalar
cores can retire more than one instruction per processok clgcle. Out-of-order pro-
cessing cores can detect instruction dependencies aniderkde the instruction se-
quence for performance. The programmer has to be cognittrgse features in order
to be able to optimize for a particular architecture.

Most such aggressive cores also contain multiple executiits (for instance, oating
point units) for increased performance. This means thavegssor might be able to, for
instance, simultaneously retire one oating point addrnstion every cycle, and one
oating point multiplication instruction every other cy&l It is up to the programmer
and the compiler to keep the processor's execution unitguately busy (primarily via
instruction scheduling and memory locality) in order toi@gh maximum performance.

The theoretical rate at which a processor can perform @ggioint operations is know
as the processortheoretical peak performancé&his is measured in op/s (FLoating
point OPerations per Second). For instance, a processoingiat 1 GHz that can retire
one addition every cycle, and one multiplication every ottycle has a theoretical
peak of 1.5 G op/s. The theoretical peak of a Core2 Extrenoe@ssor operating under
various modes is shown in Table 3.

In practice, cache misses, pipeline stalls due to depeigeiranches, branch mispre-
dictions, and the fact that meaningful programs contaitriistions other than oating
point instructions, do not allow a processor to perform stieoretical peak perfor-
mance. Further, the achievable performance also depentisednherent limitations
of the algorithm, such as reuse. For example, MMM, with aealeggree oD(n) can
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lcore 2cores 4cores

x87 double 6 12 24
SSE2 double 12 24 48
x87 oat 6 12 24
SSE oat 24 48 96

Table 3.Core2 Extreme: Peak performance (in G op/s) for a 3 GHz Core2daxér processor in
various operation modes.

achieve close to the peak performance of 48 G op/s (as seégin3), whereas the
DFT with a reuse degree @(log(n)) reaches only about 50% (as seen in Fig. 2).

In summary, knowing a processor's theoretical peak andgorighm's degree of reuse
gives us a rough estimate of the extent to which a programdcpodentially be im-
proved.

Modern processors also contain two major explicit formsavfielism: vector process-
ing and multicore processing, which are important for wgtfast code, but beyond the
scope of this tutorial.

Further reading.
— General computer architectufdz7, 38].

— CPU/architecture speci 68, 69].

2.5 Using Compilers

To produce fast code it is not suf cient to write and optimémurce code—the program-
mer must also ensure that the code that is written gets cethjpito an ef cient binary
executable. This involves the careful selection and useoofpiler ags, use of lan-
guage extensions, and monitoring and analyzing the congpdetput. Furthermore,
in some situations, it is best to let the compiler know of b degrees of freedom it
has, so it can optimize well. In other situations, it is bestlirect the compiler to do
exactly what is required. This section goes over the conpiteess, what to keep in
mind before, while, and after compiling, and some of the camipitfalls related to the
compiling process.

Variable declaration: memory allocation. Understanding how C handles the alloca-
tion of space for variables is bene cial. C assigns variglite differentstorage class
speci ershy default, based on where in the source code they appeadéfhaalt stor-
age class for a variable can be overridden by preceding ablardeclaration with the
desired storage class speci er.

Variables that are shared among source les useetktern storage class. Global
variables belong to thetatic  storage class, and typically exist in static memory
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(as do extern variables), which means that they exist asdarthe program executes.
Local variables belong to theuto (automatic) storage class, which means that they
are allocated on the stack automatically upon enteringotted block within which they
are de ned, and destroyed upon exit. Tregjister  storage class requests that the
compiler allocates space for the variable directly in théJC&yisters. These are useful
to eliminate load/store latencies on heavily used vargatdeep in mind that depending
on the compiler being used, care should be taken to inigial@iables before usage.

Variable declaration: quali ers. Most compilers provide further means to specify
variable attributes througiuali ers. A const quali er speci es that a variable's value
will never change. Avolatile quali er is used to refer to variables whose values
might be in uenced by sources external to the compiler's\wiealge. Operations in-
volving volatile variables will not be optimized by the coitap, in order to preserve
correctness. Aestrict quali er is especially useful to writing fast code, since it
tells the compiler that a certain memory address will bericetl to access via the
speci ed pointer. This allows for effective compiler opfiration.

Finallyy, memory alignment can also be specied by qualiersSuch
qualiers are specic to the compiler being wused. For ingt@n
_attribute  __ ((aligned(128))) requests a variable to be aligned at the
speci ed 128-byte memory boundary. Such requests allowalites to be aligned to
cache line boundaries or virtual memory pages as desiradlaBiquali ers can be
used to tell the compiler that the address pointed to by a@ois memory aligned.

Dynamic memory allocation. Dynamic memory allocation, usingalloc for exam-
ple, involves allocating memory in theeap and returning a pointer to the allocated
memory. If alignment is of importance, many libraries pdezamemalign function
(the Intel equivalent ismmmalloc ) to allocate memory aligned to a speci ed bound-
ary. The alternative is to allocate more memory than reduiaad to then check and
shift the returned pointer adequately to achieve the requatignment.

Inline assembly and intrinsics. Sometimes, it is best to write assembly code to ac-
cess powerful features of the machine which may not be dlaildia C. Assembly
can be included as a part of any program in C using inline alslseidowever, inline
assembly use must be minimized as it might interfere withpitenoptimizations. Ar-
chitecture vendors typically provide C language extersitmnallow programmers to
access special machine instructions. These extensidies] garinsics, are similar to
function calls that allow the programmer to avoid writingjrie assembly. Importantly,
intrinsics allow the compiler to understand what data andéatrol the programmer is
manipulating, thus allowing for better optimization. As example, Intel's MMX and
SSE extensions to the x86 ISA can be accessed via C intripsiggded by Intel.

Compiler ags. Most compilers are highly con gurable via a plethora of coamd line
options and ags. In fact, nding the right set of compiler tigns that yield optimal
performance is non-trivial. However, there are some balgas to keep in mind while
using a compiler, as listed below. Note that these ideag/dpphost compilers.
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— C standardsA compiler can be set to follow a certain C standard such as C99
Certain quali ers and libraries might need speci ¢ C stardtato work. By switch-
ing to a newer standard, the programmer can typically conicaten more to the
compiler, thus enabling it to work better.

— Architecture speci cationsMost compilers will compile and optimize by default
for a basic ISA standard to maximize compatibility. Machamel architecture spe-
ci ¢ optimizations may not be performed as a result. For anse, a compiler
on an AMD Athlon processor may compile to the x86 standard &fawlt, and
not perform Athlon-speci ¢ optimizations. Instructingeftompiler to compile for
the correct target architecture may result in considenabiéormance gains. Addi-
tional ags may be required for these optimizations. Forregée, gcc requires the
“-sse " ag to include vector instructions.

— Optimization levelsMost compilers usually de ne several optimization levéiatt
can be selected. Determining the optimization level thaldg maximum perfor-
mance is a black art usually done by trial and error. A moreeggive optimization
level doesn't necessarily yield better performance. Ogtittion levels are usually
a shortcut to turn on or off a large set of compiler ags (dissed next).

— Specialized compiler option€ompilers typically perform numerous optimiza-
tions, many which can be selectively turned on or off and goumed through com-
mand line ags. Loop unrolling, function inlining, instrtion scheduling, and other
loop optimizations are only some of the available con gueadptimizations. Usu-
ally, nding the right optimization level is suf cient, busometimes, inspection of
assembly code provides insights that can be used to ne-tongiler optimiza-
tions.

Compiler output. The output of the compiler is usually an executable binasymen-
tioned earlier, the compiler can also be used to producewsiintermediate stages,
including the preprocessed source, assembly code, andjbet code. Sometimes, it
is important and useful to visually inspect the assemblyedodbetter understand both
the performance of an executable and the behavior of the itenmp

Compilers also output warnings, which can be controlledubgh compiler ags. Some-
times, a seemingly innocuous warning might provide exoeilesights into the source
of a bug, which makes these warnings a signi cant debugging t

Optimization reports are an important part of the compiletpat that must be in-

spected. For instance, a vectorizing compiler will infotme programmer of whether
it was able to successfully vectorize or not. A failure toteeize a program that was
expected to be vectorized is a reason for examining the anogarefully, and modify-

ing or annotating the code as appropriate.

In conclusion, it is important for programmers to be knowgeable about the compiler
that they use in order to be able to use the compiler ef cigrthd to ensure that poor
compiler usage does not diminish the results of code dedifprehigh performance.
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Further reading.

— Gnu compiler collection (gccj70].

Intel compiler[71].

2.6 Exercises

1.

Direct implementations. Implement, execute, and verify:
— adirect implementation of MMM (code snippet given in Segtib?2),
— the Numerical Recipes code for the DFT as given in [6],

This code will also be used in the exercises of later sections

. Determining hardware information. In this exercise, you will determine the rel-

evant hardware con guration of your computer. You will usgstinformation in
later exercises.

Determine the following information about your computer:
— CPU type and clock speed
— For each cache: size, associativity, and cache line size
— Size of main memory
— System bus speed
Here are a few tips on how to determine this information:
— Look in the computer's manual.
— Look in the CPU manufacturer's manual.
— To obtain CPU information in Linux, executat /proc/cpuinfo

— To obtain cache information in Linux, search for lines witlhet
word “cache” in the kernel ring buffer. You can do so by typing
dmesg | grep "CPU. =*cache' oOn most systems.

. Loop optimization for the cache. Consider a 2-way set associative cache with

a cache size of 32KB, a cache line size of 32B, and a FIFO (Firdtirst Out)
replacement policy (this means if one of the two candidatdhedines has to be
replaced, it will be the one that was rst brought into the le@c Consider two
single-precision oating point arrays (single precisionat = 4B),A andB with n
elements, where n is much larger than the cache and is a leudfithe cache size.
Further, assume that andB are both fully cache-aligned, i.éA]0] andB [0] map
to the rst position in the rst cache line.

Now consider the following pseudo code snippet:
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for (i from 0 to n-1)
Alll = Al + BIf(i)]

wheref (i) is an index mapping function that reaisat a stride of 8. (If for exam-
ple,B was 16 elements long, then reading it at stride 8 would résultis access
patternif (i) =0;8;1;9;2;10; 3;11; 4, 12;5;13; 6; 14; 7; 15).

Assume an empty cache for each part of this exercise.

(a) (Disregard the code snippet for this part) What is the ebgeenumber of cache
misses incurred by streaming once completely through akrajone in se-
quential order, given the cache parameters above?

(b) (Disregard the code snippet for this part) What is the etggenumber of cache
misses incurred by streaming once completely through @rajone at stride
of 8 given the cache parameters above?

(c) How many cache misses is the given pseudo code snippettexpto incur?
(Assume, for simplicity, that index variables are not cathe

(d) Rewrite the code (without changing the semantics,averall computation) to
reduce the number of cache misses as much as possible. (Askursimplic-
ity, that index variables are not cached).

3 Performance Optimization: The Basics

In this section we will review the basic steps required tceasshe performance of
a given implementation, also known as “benchmarking.” Waufoon runtime bench-
marking as the most important case. (Other examples of beadting includes assess-
ing the usage of memory or other resources.)

For a given program, the basic procedure consists of thegs:st

1. nding the hotspots (hotspots are the most frequenticeter code regions),
2. timing the hotspots, and

3. analyzing the measured runtimes.

It is essential to nd the parts of the program that perform lulk of the computation
and restrict further investigation to theketspots Optimizing other parts of the pro-
gram will have little to no effect on the overall runtime. Irder to obtain a meaningful
runtime measurement, one has to build a test environmergaitin hotspot that exer-
cises and measures it in the correct way. Finally, one hasstsa the measured data and
relate it to the cost analysis of the respective hotspot Waly one can make ef ciency
statements and target the correct (inef cient) hotspofdiother optimization.
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3.1 Finding The Hotspots

The rst step in benchmarking is to nd the parts of the pragravhere most time is
spent. Most development platforms contaipra ling tool. For instance, the devel-
opment environment available on the GNU/Linux platform tedims the GNU gprof
pro ler. On Windows platforms, the Intel VTune tool [72] thplugs into Microsoft's
Visual Studio [73] can be used to pro le applications.

If no pro ling tool is available, obtain rst-order pro lirg information can be obtained
by inserting statements throughout the program that pribtiee current system time.
In this case, less is more, as inserting too many time poiatshmave side effects on the
measured program.

Example: GNU tool chain. We provide a small example of using the GNU tool chain
to pro le a sample program.

Consider the following program:

#include  <stdio.h>

float  functionl()
{ int i; float retval=0;
for (i=1; i<1000000; i++)
retval += (1/i);
return (retval);

}

float  function2()
{ int i; float retval=0;
for (i=1; i<10000000; i++)
retval += (1/(i+1));
return (retval);

}

void function3() { return ; }

int  main()

{ int i
printf("Result: %.2f\n", functionl1());
printf("Result: %.2\n", function2());
if (1==2) function3();
return (0);

}

Our nal objective is to optimize this program. In order to do, we rst need to nd
where the program spends most of its execution time, uging .

As specied in thegprof manual [74], three steps are involved in pro ling using
gprof :

1. Compile and link with pro ling enabled:
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gcc -O0 -Im -g -pg -0 ourProgram ourProgram.c

The resulting executable is instrumented. This means haddition to executing
your program, it will also write out pro ling data when exded. (Note: We use
the-O0 ag to prevent the compiler from inlining our functions aneénorming
other optimizing transforms that might make it dif cult fais to make sense of the
pro le output. For pro ling to provide us with meaningful formation, we would
need to compile at the level of optimization that we intenchtly use, with the
understanding that mapping the pro ler's output back to soeirce code in this
case might involve some effort.)

2. Execute the program to generate the pro le data le

.JourProgram

The program executes and writes the pro le datgrt@n.out .

3. Rungprof on the pro le data le to analyze the pro le data
gprof ourProgram gmon.out > profile.txt
The analysis is now contained jmofile.txt . This le shows you how many times

each function was executed, and how much time was spentinfeaction, and plenty
of other detail. For our example program, we obtain:

% cumulative self self total

time seconds seconds calls ms/call ms/call name

92.68 0.38 0.38 1 380.00 380.00 function2
7.32 0.41 0.03 1 30.00 30.00 functionl

We can see that most of the program runtime was spent in emgduction2 , with
relatively little spent orfunctionl . This tells us that it is most important to optimize
the runtime ofunction2

Further down inprofile.txt , we see thagprof also tells us if the time taken by

a function was spent inside the function or inside other fionccalls made by the
function. Note thatprof can take several other arguments to produce different kinds
of pro ling analyses for the executable, including the nienbf times a certain line in
the source code was executed.

3.2 Timing a Hotspot

Once the hotspots have been found, we need to measure thiginefor further anal-
ysis. Each hotspot must be timed separately with an apg@teptiming routine. The
general idea is the following:

1. Read the current time (start time) from the appropriabe tsource.

2. Execute the kernel/hotspot. Iterate an adequate nunfiltienes to obtain a mean-
ingful value off the time source.
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3. Read the current time (end time) from the appropriate Emece.

. . End time Starttime
4. Execution time of the kernel/hotspot= . —,
Number of iterations

We rst discuss time sources, and reading the time from thi&em we explain how to
write a timing routine to get meaningful results.

Time functions. Depending on the system one is using, a variety of time seuxe
“get the current time” may be available:

— Most Unix systems de ngettimeofday() to portably query the current time (as
de ned in IEEE Std 1003.1).

— ANSI Cde nesctime() andclock() as portable ways of obtaining the current
time.

— On Intel processors, theltsc instruction reads the time stamp counter which
allows near-cycle accurate timing. On PowerPC proceswmfspr instruction
reads the time-base register.

Generally, portable time functions have much less pregiian cycle-counter-based
methods. The pros and cons of various timing methods aesllistlow:

Timer type Advantages Disadvantages
Wall clock; Unix: Simple to use, highly portable Low resolution, does not account
gettimeofday() for background tasks

System timer; Unix: Gives wall clock, user-cpu, andRelatively low resolution
time command system-cpu times

Hardware timestamp High resolution, most precise and>oes not account for background

counter (discussedaccurate system load (effectively, wall

below) clock time), best for kernels with
short runtimes; non-portable

We give a simpli ed example of a timing macro basedrditsc (a hardware times-
tamp counter) for a 32-hit Intel processor to be used withrbtioft VisualStudio:

typedef union
{ _int64 int64;

struct  {_int32 lo, hi;} int32;
} tsc_counter;

#define RDTSC(cpu_c) \

{ _asm rdtsc \
__asm mov (cpu_c).int32.lo,eax \
__asm mov (cpu_c).int32.hi,edx \

}
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The corresponding code sequence in GNU C looks slightlyidifit:

typedef union
{ unsigned long long int64;

struct {unsigned int lo, hi;} int32;
} tsc_counter;

#define RDTSC(cpu_c) \
_asm__ _ volatile__ ("rdtsc" : \
"=a" ((cpu_c).int32.10), \
"=d"((cpu_c).int32.hi))

Timing routine. A timing routine calls the function that is to be timed with@xecut-
ing the original program. The objective is to isolate theletand measure the runtime
of the kernel with the least disturbance and highest acgyrassible. A timing routine
consists of the following steps:

— Initialize kernel-related data structures.

— Initialize kernel input data.

— Call kernel a few times to put microarchitectural comporénto steady state.
— Read current time.

— Call kernel multiple times to obtain an adequately precisleie from the timing
source used.

— Read current time.
— Divide the time difference by the number of kernel calls.

To obtain more stable timing results, one often has to ruripteltimings and take the
average or minimum value.

We give an example timing routine for an MMM function commgtiC = C + AB,
assuming all matrices are squée N. TheRDTSQmacro is de ned above.

double time_MMM(int N, double =*A, double =B, double xC)
{ Il init C
for (i=0; i<N; i++)
C[i] = 0.0;

/I put microarchitecture in steady state
MMM(A,B,C);

/I time

RDTSC(t0);

for (int i=0; i<TIMING_REPETITIONS; i++)
MMM(A,B,C);

RDTSC(t1);

/Il compute runtime in cycles
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return  (double )((t1.int64-t0.int64)/TIMING_REPETITIONS);

Known problems. The following problems may occur when timing numerical ledsn

— Too few iterations of the function to be timed are executetvben the two time
stamp readings, and the resulting timing is inaccurate dp@or timer resolution.

— Too many iterations are executed between the two time staatings, and the
resulting timing is affected by system events.

— The machine is under load and the load has side effects onghsured program.
— Multiple timing jobs are executed concurrently, and thegifere with one another.
— Data alignment of input and output triggers cache problems.

— Virtual-to-physical memory translation makes timing preducible.

— The time stamp counter over ows and either triggers an migror produces a
meaningless value.

— Reading the timestamp counters requires hundred(s) oésyalhich itself affects
the timing.

— The linking order of object les changes locality of statiorstants and this pro-
duces cache interference.

— The machine was not rebooted in a long time and the operatstgra state causes
problems.

— The control ow in the numerical kernel being timed is datspéndent and the test
data is not representative.

— The kernel is in-place (e.g., the input is a vectoand the output is written back
to x), and the norm of the output is larger than the norm of the tinRepetitive
application of the kernel leads to an exponential growthhef morm and nally
triggers oating-point exceptions which interfere withettiming.

— The transform is timed with a zero vector, and the operatystes is “smart,” and
responds to a request for a large zero-vector dynamic meatiogation by return-
ing a special zero-valued copy-on-write virtual memorygdgead accesses to this
“page” would be much faster than accesses to a page thauslgcllocated, since
this page is a special one maintained by the operating syfsteaficiency.

One needs to be very careful when timing numerical kernaigléoout these problems.
Getting highly accurate, reproducible, stable timing hsdor the full range of problem

sizes is often nontrivial. Note that small problem sizes isaffer from timer resolution

issues, while large problem sizes with longer runtimes mafesfrom the effects of

intervening processes.
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3.3 Analyzing the Measured Runtime

We now know how to calculate the theoretical peak perforraame the memory band-
width for our target platform, and how to obtain the openasicount and the runtime
for our numerical kernel. The next step is to use these towdralperformance analysis
that answers two questions:

— What is the limiting resource, i.e., is the kernel CPU-boundn@mory-bound?
This provides an idea of the various optimization methods ¢an be used.

— How ef cient is the implementation with respect to the limg resource? This
shows the potential performance increase we can expecitghraptimization.

Normalization. To assess the runtime behavior of a kernel as function of ithiglgm
size, the runtime (or inverse runtime) has to be normalizid tive asymptotic or exact
operations count. For instance, FFT performance is ustegigrted in pseudo M op/s.
This value is computed & log, (n)=runtime forDFT ; 5n log,(n) is the operations
count of the radix-2 FFT. For MMM, the situation is easiencs all currently relevant
implementations have the exact operations c@art

Let us now take a look at at Fig. 2. The Numerical Recipes Flogmam achieves al-
most the same pseudo M op/s value, independently of thelprotsize. This means
that all problem sizes run approximately at the same levéhpéf ciency. In contrast,
the best code shows a wide variation of performance, gdéypata much higher pseudo
M opl/s level. In particular, the performance ramps up to 253s and then drops dra-
matically. This means, the DFT becomes more and more efteidth larger problems,
but only up to a certain size. Analysis shows that the breakdmccurs once the whole
working set of the computation does not t into the L2 cachg arore and the prob-
lem switches from being CPU-bound to memory-bound, sineedRT's reuse is only
O(log(n)).

In contrast, Fig. 3 shows that MMM maintains the performaseen for out-of-cache
sizes. This is possible since MMM has a reus©6fi), higher than the DFT.

Fig. 2 shows that performance plots for high-performangaémentations can feature
unanticipated characteristics. That is especially truledfkernel changes behavior, for
instance, if it slowly changes from being CPU-bound to memmyund as the kernel
size is varied.

Relative performance.Absolute performance only tells a part of the story. Congari
the measured performance to the theoretical peak perfaerghows how ef cient the
implementation is. A low ef ciency for an algorithm with safently high reuse means
there is room for optimization.

We continue examining our examples from Fig. 2 and Fig. 3hwhie target machine
being a Core2 Extreme at 3 GHz.

In Fig. 2, Numerical Recipes is a single-core single-pienig87 implementation and
thus the corresponding peak performance is 6 G op/s (sed¢eTah As Numerical
Recipes reaches around 1 pseudo G op/s it runs at about 16be gfeak. Note that if
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SSE (4-way vector) instructions and all four cores are udexpeak performance goes
up by a factor of 16. (see Table 3). The best scalar code aheound 4 G op/s or
about 60% of the x87 peak. The fastest overall code uses SG& emres and reaches
up to 25 G op/s or 25% of the quad-core SSE peak.

In Fig. 2, the overall fastest code reaches and sustaing 4Bdsi op/s or about 85% of
the quad-core SSE2 peak. This is much higher than the DFTIaodlae to the higher
degree of reuse in MMM compared to the DFT.

3.4 Exercises

1. Performance analysisIn this exercise, you will measure and analyze the perfor-
mance of the naive implementations of MMM and the DFT fromrgise 1 in
Section 2. The steps you will need to follow to complete thisreise are given
below. For this exercise, use the hardware con gurationafrycomputer as you
determined in Exercise 2 on page 22.

(a) Determine your computer's theoretical peak performarid¢e theoretical peak
performance is the number of oating point operations theat be done in a
second. This is found by determining the CPU clock speedeaathining the
microarchitecture to look at the throughput of oating pboperations. For
instance, a CPU running at 900 MHz that can retire 2 oatingnpopera-
tions per cycle, has a theoretical peak performance of 180@/sl If the type
of instructions that the CPU can retire at the same rate dedu-MA (fused
multiply add) instructions, the theoretical peak would BO@M op/s (2 mul-
tiplies and 2 adds per cycle = 4 operations per cycle). Ferakércise, do not
consider vector operations.

(b) Measure runtimedJse your implementations of the MMM and DFT as com-
pleted in Exercise 1 on page 22. Use the techniques desadrilfgeiction 3.2
to measure the runtimes of your implementations using at ke different
timers.

(c) Determine performance and interpret results.

— Performance: The performance of your implementation isitsber of
oating point operations per unit time, measured in op/farkhe DFT,
the number of operations should be assusetbg(n).

— Percentage peak performance: This is simply the percenfabeoretical
peak performance. For instance, if your measured code tun2 & op/s
on a machine with a peak performance of 3.6 G op/s, this iewplihat
your implementation achieves 33.3% of peak performance.

2. Micro-benchmarks: mathematical functions. We assume a Pentium compatible
machine. Determine the runtime (in cycles) of the followmamgnputationsx, y are
doubles) as accurately as possible:
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-y=X
—y=7:12%
—y=x+7:12

— y=sin(x);x 2 f0:0;0:2;4:1; 170329
— y =log(x);x 2 f0:00% 1:0000% 10:65; 2762329
—y=exp(x);x2f 1:234e 17;0:101; 3:72;1:234e2X

There are a total of 15 runtimes. Explain the results. Theleark setup should
be as follows:

(a) Allocate two vector doubledN] andy[N] and initialize allx[i] to be one
of the values from above.
(b) Use

for (i=0; i<N; i++)

ylil = f(x[il);

to computey[i] = f(x[i]) , with f()  being one of the functions above
and time thifor loop.

(c) Choose N such that all data easily ts into L1 cache butdlae enough iter-
ations to obtain a reasonable amount of work.

(d) Use the x86 time stamp counter via the interface provigeddtsc.h , as
listed in Section 3.2.

To accurately measure these very short computations, egeltbwing guidelines:

— Only time the actual work, leave everything else (initiatinns, timing related
computations, etc.) outside the timing loop.

— Use the C preprocessor to produce a parameterized implativento easily
check different parameters.

— You may have to run youior(N) loop multiple times to obtain reasonable
timing accuracy.

— You may have to take the minimum across multiple such measmts to ob-
tain stable results. Thus, you might end up with three ndstguk.

— You must put microarchitectural components into steady $tefore the exper-
iment; variables where you store the timing results, thetimoutine and the
data vectors should all be loaded into the L1 cache, sindeecaisses might
result in inaccurate timing results.

— Alignment of your data vectors on cache line sizes or pagessian in uence
the runtime signi cantly.
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— The use of CPUID to serialize the CPU before reading the RDasé&xplained
in the Intel manual produces a considerable amount of oaerhad may be
omitted for this exercise.

4  Optimization for the Memory Hierarchy

In this section we describe methods for optimizations tedat the memory hierarchy
of a state-of-the-art computer system. We divide the dsonsinto four sections:

— Performance-conscious programming.
— Optimizations for cache.

— Optimizations for the registers and CPU.
— Parameter-based performance tuning.

We rst overview the general concepts, and then apply thervikdM and the DFT
later.

4.1 Performance-Conscious Programming

Before we discuss speci ¢ optimizations, we need to enshia¢ dour code does not
yield poor performance because it violates certain proeedfundamental to writing
fast code. Such procedures are discussed in this sectiginifportant to note that
programming for high performance may go to some extent agatandard software
engineering principles. This is justi ed if performancecistical.

Language: C.For high performance implementations, C is a good choicéyrasas
one is careful with the language features used (see beldve)néxt typical choice for
high-performance numerical code is Fortran, which tendsetonore cumbersome to
use than C when dynamic memory and dynamic data structuzaesed.

Object-oriented programming (C++) must be avoided for grenfince-critical parts
since using object oriented features such as operatomagrlg and late binding incurs
signi cant performance overhead. Languages that are nojpded to native machine
code (like Java) should also be avoided.

Arrays. Whenever possible, one-dimensional arrays of scalar vegaould be used.
Assume a two-dimensional arréy is needed whose size is not known at compile
time. It is tempting to declare it as Aor A[J[] but as a consequence, every access
Al results in a sequence of two dependent pointer derefeignointwo loads.

If linearized, only one dereferencing or load per acceseédad (at the expensive of
a simple index computation). If the size Afis known at compile time the compiler
should perform the linearization but it is again safer totdmurself.
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Records.Using an abstract data type implementegdtasct  often prevents compiler
optimization. Further, it may introduce implicit index cpotations and alignment is-
sues that may not be handled well by the compiler. Hence, oatgd struct  and
union data types should be avoided. For example, to representrgeat complex
numbers, vectors of real numbers of twice the size shouldskd,uvith the real and
imaginary parts appearing as pairs along the vector.

Dynamic data structures.Dynamically generated data structures like linked listd an
trees must be avoided if the algorithm using them can be img@hted on array struc-
tures instead. Heap storage must be allocated in large shaskopposed to separate
allocations for each object.

Control ow. Unpredictable conditional branches are computationatjyeasive on
machines with long pipelines. Henoshile loops and loops with complicated ter-
mination conditions must be avoidefdr loops with loop counters and loop bounds
known at compile-time must be used whenever poss#iMétch , ?: , andif state-
ments must be avoided in hot spots and inner loops, as theypeagnslated into con-
ditional branches. For small, repetitive tasks, macrosdretter choice than functions.
Macros are expanded before compilation while the compilestrperform analysis on
inline functions.

4.2 Cache Optimization

For lower levels in the memory hierarchy (L1, L2, L3 data eachLB = translation
lookaside buffer) the overarching optimization goal isd¢age data as much as possible
once broughtin. The architecture of a set-associativeecgily. 6) suggests three major
optimization methods that target different hardware retsbns.

— Blocking: working on data in chunks that t into the respeeticache level, to
overcome restrictions due to cache capacity,

— Loop merging: merging consecutive loops that sweep thralaga into one loop
to reuse data in the cache and hence make the best use of tifiteegsnmemory
bandwidth, and,

— Buffering: copying data into contiguous temporary buffemsovercome con ict
cache misses due to cache associativity.

The actual optimization process applies one or more of titkeses to some of the levels
of the memory hierarchy. It is not always a good idea to applymathods to all levels,
as code complexity may increase dramatically.

Finally, the correct parameters for blocking and/or burffgron the targeted computer
system have to be found. A good approach is to write the prograrameterized, i.e.,
collect all parameters as named constants. Then it is edgyddferent parameter set-
tings by hand or using a script to nd the variant that achssthe highest performance.

Blocking. The basic idea of blocking is to perform the computation itothks” that
operate on a subset of the input data to achieve memory tincHliis can be achieved
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in different ways. For example, loops in loop nests, liketifige loop MMM in Sec-
tion 2.2 may be split and swapped (a transformation calledjiso that the working set
of the inner loops ts into the targeted memory hierarchyelewhereas the outer loop
jumps from block to block. Another way to achieve blockingashoose a recursive al-
gorithm to start with. Recursive algorithms naturally dizia large problem into smaller
problems that typically operate on subsets of the data.digthed and parameterized
well, at some level all sub-problems t into the targeted noeynlevel and blocking is
achieved implicitly. An example of such an algorithm is tleeursive Cooley-Tukey
FFT introduced later in in (3).

Loop merging. Numerical algorithms often have multiple stages. Eachestapesses
the whole data set before the next stage can start, whichupesdmultiple sweeps
through the working set. If the working set does not t int@ttache this can dramati-
cally reduce performance.

In some algorithms the dependencies do not requireahatperations of a previous
stage are completed befoa@y operation in a later stage can be started. If this is the
case, loops can be merged and the number of passes througlorking set can be
reduced. This optimization is essential for implementifghkperformance DFT func-
tions.

Buffering. When working on multi-dimensional data like matrices, ladjig close ele-
ments can be far from each other in linearized memory. Feamt®, matrix elements
in one column are stored at a distance equal to the numberlwfos of that ma-
trix. Cache associativity and cache line size get into conif one wants to hold, for
instance, a small rectangular section of such a matrix inedeading to cache thrash-
ing. This means the elements accessed by the kernel are thapplee same cache
locations and hence are moved in and out during computation.

One simple solution is to copy the desired block into a cartics temporary buffer.
That incurs a one-time cost but alleviates cache thrasfihg. optimization is often
called buffering.

4.3 CPU and Register Level Optimization

Optimization for the highest level in the memory hierarctie registers, is to some
extent similar to optimizations for the cache. Howeversbaheeds to take into account
microarchitectural properties of the target CPU. Currégittend CPUs are superscalar,
out-of-order, deeply pipelined, feature complicated bhaprediction units, and many
other performance enhancing technologies. From a highl-{@eint of view, one can
summarize the optimization goals for a modern CPU as folléwf cient C program
should:

— have inner loops with adequately large loop bodies,
— have many independent operations inside an inner loop body,

— use automatic variables whenever possible,
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— reuse loaded data elements to the extent possible,
— avoid math library function calls inside an inner loop if pilise.

Some of these goals might con ict with others, or are comsé@d by machine parame-
ters. The following methods help us achieve the stated goals

— Blocking
— Unrolling and scheduling
— Scalar replacement
— Precomputation of constants
We now discuss these methods in detail.

Blocking. Register-level blocking partitions the data into chunksadmch the compu-
tation can be performed within the register set. Only ihitads and nal stores but no
register spilling is required. Sometimes a small amounpdlfisg can be tolerated. We
show the blocking of a single loop as example. Consider thengle code below.

for (i=0; i<8; i++)

{ y[2 *i] X[2 0] + x[2 *i+1];

y[2 xi+1] = x[2 *i] - x[2 i+1];
}

We block thei loop, obtaining the following code.

for (i1=0; i1<4; i1++)
for (i2=0; i2<2; i2++)
{ y[4 *i1+2 *i2]
y[4 *il+2 *i2+1]
}

X[A4 *il+2 *i2] + x[4 *il+2 *i2+1];
X[4 *i142 *i2] - X[4 *i1+2 *i2+1];

On many machines registers are only addressable by nametindirectly via other
registers (holding loop counters). In this case, once tha ds into registers, either
loop unrolling or software pipelining with register roati (as supported by Itanium) is
required to actually take advantage of register-blockedmgdation.

Unrolling and scheduling. Unrolling produces larger basic blocks. That allows the
compiler to apply strength reduction to simplify expressiolt decreases the number
of conditional branches thus decreasing potential branispnedictions and condition
evaluations. Further it increases the number of operatiotie basic block and allows
the compiler to better utilize the register le. Howevemtmuch unrolling may increase
the code size too much and over ow the instruction cache. fbHhewing code is the
code above with unrolled inner 1069 .

for (i1=0; i1<4; i1++)

{ y[4 =i1] = x[4 *il] + x[4 *il+1];
y[4 *il+l] = x[4 *il] - x[4 *il+1];
y[4 *il+2] = x[4 *il+2] + x[4 *il+3];

y[4 «i143] = X[4 *il+2] - X[4 *i1+3];
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}

Unrolling exposes an opportunity to perform instructiomesduling. With unrolled
code, it becomes easy to determine data dependencies héatws&ections. Issuing an
instruction right after a preceding instruction that it epéndent upon will lead to the
CPU pipeline being stalled until the former instruction gaetes. Instruction schedul-
ing is the process of rearranging code to include indepdridetructions in between
two dependent instructions to minimize pipeline stalls.

Scheduling large basic blocks with complicated depenasntiay be too challenging
for the compiler. In this case source scheduling may helpr&oscheduling is the
(legal) reordering of statements in the unrolled basic kl@ifferent scheduling algo-
rithms apply different rules, aiming at, e.g., minimizingtdnce between producer and
consumer (which may potentially not be too short), and/arimizing the number of
live variables for each statement in the basic block. It imetimes better to source
schedule basic blocks and turn off aggressive schedulingédgompiler.

The number of registers, quality of the C compiler, and sizéhe instruction cache
limit the amount of unrolling, that increases performaregperiments show that on
current machines, roughly 1,000 operations are the limiteNthat unrolling always
increases the size of the loop body, but not necessarilyh8tauction-level parallelism.
Depending on the algorithm, more complicated loop tramsédions may be required.
One example is the MMM, discussed later.

Scalar replacement.In C compilers, pointer analysis is complicated, and usivane
the simplest pointer constructs can prevent “obvious”rjatations. This observation
extends to arrays with known sizes. It is very important fgaee arrays that are fully
inside the scope of an innermost loop by one automatic, Iseatéable per array ele-
ment. This can be done as the array access pattern does rotdapany loop variable
and will help compiler optimization tremendously. As anmxde, consider the follow-
ing code:

double t[2];

for (i=0; i<8; i++)

{ 0] = x[2 *i] + x[2 *i+1];
1] = x[2 *i] - x[2 *i+1];
yl2 xi] = 10] * D2 +1];
y[2 =i+1] = t[0] * D[2*i];

}

Scalarizingt will result in code that the compiler can better optimize:

double 10, t1;

for (i=0; i<8; i++)

{10 = x[2 =*i] + x[2 ~*i+1];
tl = x[2 *i] - x[2 =*i+1];
y[2 *i] =t0 * D[2xi];
y[2 xi+1] = t1  * D[2xi];

}
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The difference is thatd) andtl are automatic variables and can be held in registers
whereas the array will most likely be allocated in memory, and loaded and siore
from memory for each operation.

If an input valuex[i] or precomputed datB[i] is reused it makes sense to rst
copy the value into an automatic variable (or Di, respectively), and then reuse the
automatic variable.

double 10, t1, x0, x1, DO;
for (i=0; i<8; i++)

{ x0 = x[2 =*i];

x1 = x[2 i+1];

DO = D[2+*i];

t0 = x0 + x1

t1 = x0 - x1;

y[2 *i] =t0 = DO;

y[2 xi+1] = t1  * DO;
}

If the value ofy[i] is used as source in operations li{§ += t0 , one should use
scalar replacement fori]

Precomputation of constants.In a CPU-bound kernel, all constants that are known
ahead of time should be precomputed at compile time or lizigigon time and stored

in a data array. At execution time, the kernel simply loadsgrecomputed data instead
of needing to invoke math library functions. Consider thiéofeing example.

for (i=0; i<8; i++)
ylil = x[i] * sin(M_PI * i/ 8);

The program contains an function call to the math libraryhia inner loop. Calling
sin() can cost multiple thousands of cycles on modern CPUs. Hawali¢he con-
stants are known before entering the kernel and thus carelsemputed.

static double D[8];
void  init()
{ for (int i=0; i<8; i++)
D[i] = sin(M_PI * i/ 8);
}

/I in the kernel
for (i=0; i<8; i++)
ylil = x[i] = DIi;

The initialization function needs to be called only oncethé kernel is used over and
over again, precomputation results in enormous savingse lkernel is used only once,
chances are that performance does not matter.
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4.4 Parameter-Based Performance Tuning and Program Genetin

Many of the optimizations for the memory hierarchy discdsabove have inherent
degrees of freedom such as the block size for blocking or dyeed of unrolling the
code. While it may be possible to derive a reasonable estimatfi these parameters,
the complexity of modern microarchitecture makes an exeadiption impossible. In
fact, often the best value may come as a surprise to the pnogea. As a consequence,
it makes sense to perform an empirical search to nd thosarpaters. This means
creating the variants, ideally through a set of script®ulgh parameterized coding (for
instance, de ning all parameters as C preprocessor cossitaa separate header le),
or through other program generation techniques, and miegstineir performance to
nd the best choice. Since the result may depend on the taig¢fiorm, the search
should be repeated for each new platform.

This parameter-based performance optimization is oneeofetbhniques used in recent
research on automatic performance tuning [14].

However, parameter based tuning is inherently not exténgibthe sense that new
forms of code or algorithm restructuring cannot be incoaped easily. Examples could
be transformations for various forms of parallelism. A betolution than parameter-
based tuning may be properly designed domain-speci ¢ laggs used in tandem with
rewriting systems. We will see the difference between thregeapproaches later in
Section 5.4 and 6.6 where we discuss program generationftiviAnd the DFT.

5 MMM

In this section, we optimize matrix-matrix multiplicatigMMM) for the memory hi-

erarchy. We explain the optimizations implemented by th&A&$ [13], and organize
the steps as in Section 4. ATLAS is a program generator for M&d other BLAS

routines and also performs other optimizations not disdisere. It is introduced in
Section 5.4.

Our presentation closely follows the one in Yotov et al. [#hich presents a model-
based version of ATLAS.

For the rest of this section, we will assume the dimensiotiseinput matrices andB
tobeN K andK M respectively, which impliesaN M output matrixC. For
simplicity, we will further assume that various optimizatiparameters are perfectly
divisible by these dimensions whenever such a division ¢@sgary. The computation
considered i€ = C + AB.

Naive Implementation. Matrix-matrix multiplication (MMM), as de ned in Sec-
tion 2.2, is naively implemented using the triple loop shdvatow. We use 2D array
notation (for instanceC[i][j] ) to keep the code more readable. However, in an im-
plementation where the matrix sizes are not known at contipile, one should resort
to a linearized representation ©f A, andB (see Section 4.1).
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/I K, M, N are compile-time constants
double CIN][M], A[N][K], BIK][M];
/I Assume C is initialized to zero
for (i=0; i<N; i++)
for (j=0; j<M; j++)
{ for (k=0; k<K; k++)
} Clilll += Alilk] * BIKI[L;

The C language stores two-dimensional arrays in row-majbero Therefore, a cache
miss to a (memory aligned) matrix element causes that eleaneiadjacent elements in
the same row being loaded into one cache line of the cach&igeg). Thus, accessing
a large matrix by rows is cache ef cient, while accessingyitblumns is not.

K M M

—k— —j— —j—

|
| I |

A B C

Fig. 9. Data access pattern for the naive MMM.

Fig. 9 illustrates the data access pattern of the naive ingfgation. From this gure,
we see the output locality of the computation: all accesse=ath element i€ are
consecutive, an@ is completed element by element, row by row. However, urddlss
input and output arrays t into the cache, the naive impletagan has poor locality
with respect tA andB .

We analyze the naive implementation by counting the numbe&ache misses. We
assume a cache line size of 64 bytes, or 8 (double precismat)ng point values, and
thatN is large with respect to the cache size. To compute the rstyan C, we need
to access the entire rst row & and the entire rst column oB. Accessing a row of
A results inN=8 misses (one for each group of 8) due to the row-major storadgr,0
while accessing a column & results in a fullN misses, yielding a total ©®=8)N
misses for the rst entry irC.

To analyze the computation of the second entrg€ pive rst observe that the parts 8f
andB that will be accessed rstare notin the cache. Thatis, sifhée much larger than
the cache, the rst few elements of the rst row Afwere in cache but were eventually
overwritten. Similarly, the rst elements of the secondwoh of B were already in
cache (each element shared a cache line with its neighbbeingt column) but also
have been overwritten. This is illustrated in Fig. 10, whstlows in gray the parts &f
andB that are in cache after the rst entry 6fis computed. Consequently, the number
of misses involved in computing the second entry (and evebgaquent entry of),
produces als@@=8)N misses. Therefore, the total number of misses generatduidy t
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K 1.coumn M M

1. row

A B C

cache line length

Fig. 10. The state of the cache at the end of computation of the rst eleme@t @mall black
square) is shown. Areas of the input matrices marked in gray are cestulent at this point. The
next element o€ to be computed is shown as small white square.

algorithm (for theN 2 entries inC) is (9=8)N 3. In summary, there is no reuse and no
neighbor use, a problem resolved to the extent possibledgyitimizations in the next
sections.

5.1 Cache Optimization

Blocking. One of the most important optimizations for MMM (and line&gebra prob-
lems in general) is blocking, as introduced in Section 4l@cBng involves performing
the addition and multiplication operations btocksof the original matrix, instead of
individual elements. The idea is to increase locality bytrieting the computation at
any point to work on small chunks that t entirely into the bac We will also see
that blocking essentially increases reuse and neighbothseoncepts previously pre-
sented in Section 2.4.

The compiler loop transformation that implements blockiagknown astiling [76,
13, 75]. Blocking or tiling the MMM for each level of the menyohierarchy involves
adding three more nested loops to the basic triple loop imefgation. The code for
the MMM blocked for one memory level with block sidgs follows.

/I MMM loop nest (j, i, k)
for (i=0; i<N; i+=NB)
for (j=0; j<M; j+=NB)
for (k=0; k<K; k+=NB)
/I mini-MMM loop nest (i0, jO, kO)
for (i0=i; i0<(i + NB); i0++)
for (j0=j; j0<(j + NB); jO++)
for (kO=k; kO<(k + NB); kO++)
C[i0][j0] += A[i0][k0] + B[KO][j0l;

Fig. 11 shows the data access pattern of blocking for theecalte three additional
innermost loops cause each matrix to be divided into blo€lsize Ng  Npg . Notice
the similarity in the access pattern to the naive implentemaexcept at the block level
instead of at the element level.
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A B C

Fig. 11.Blocking for the cache: mini-MMMs.

We now analyze this version of the MMM to determine the impatthe number of
cache misses. We assume that the block size is larger thaathe line size, and for
now that several blocks can tinto the cache. This impliest iccessing a block results
only in N2 =8 misses, regardless of the access sequence.

Computing the rstblock of C requires the rst block row ofA, and the rst block
column of B. This results in(N3=8 + N2=8)(N=Ng) cache misses. Similar to the
reasoning used in the analysis of the naive version, competich block oC results
in the same amount of misses, and therefore, the total nuoflyeisses generated by
this algorithm (for th N=Ng )? blocks inC) is N 3=(4Ng ), which is signi cantly less
than the(9=8)N 2 misses in the naive version.

We call the smaller blocks operations mini-MMMs, followifigp]. Ng is an optimiza-
tion parameter that must be chosen such that the workingfgaeanini-MMM ts
entirely into the cache. A simple translation of our assuompthat blocks from the two
input and output matrices (owrorking se} t into a fully associative cache is expressed
by the following equation3N2  Cs, whereCs is the cache size. ATLAS determines
Ng by searching and trying different arbitrary values and pigkhe one that results
in the best performance.

In contrast, [75] use a model based approach, and chdgsdsased directly on cache
parameters. Their careful examination of the data accas=rpaf the blocked MMM
reveals that the working set at a ner granularity consisily @f a single element in
C (since each element i@ is reused completely by the innermd$t loop before it
moves on to the next element), a single rowAofsince a row is fully reused before
the program moves on to the next row), and the erBireTherefore, the following
relationship needs to holcmg + Ng +1 Cs. Thus, a good choice fddg is the
largest value that satis es this inequality.

Blocking for MMM works because it increases cache reuse aighbor use, our guid-
ing principles discussed in Section 2. Cache reuse is inetkbecause once a block is
brought into the cache, it is used several times before bmregwritten. Neighbor use

is increased for the input matrE, since all elements in the cache line are used before
eviction.

Typically, MMM is blocked for the L1 cache but blocking foraH.2 cache may be
superior in certain cases [75].
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An additional optimization that can be done for the cache Extchange theand thej
loops, depending upon the relative sizes ofAhandB matrices.

Loop merging. Loop merging is not applicable to the MMM.

Buffering. Buffering (also known as copying) for MMM is applicable farge sizes.
The basic idea behind buffering is to copy tiles of the inpudl autput matrices into
sequential order in memory to minimize cache con ict misgesd TLB misses if the
matrices span multiple pages), inside each mini-MMM. THWng code illustrates
buffering. The matrix B is fully buffered at the beginninghse it is accessed in full
during each iteration of the outermadbop. Vertical panels of\ are used during each
iteration ofj, and are buffered just before theoop begins. Finally, in some cases,
it might be bene cial to copy a single tile a before thek loop, since a single tile
is reused by each iteration of tlkeloop. Note that the bene ts of buffering have to
outweigh the costs, which might not hold true for very smaNery large matrices.

/I Buffer full B here
for (i=0; i<M; i+=NB)
/I Buffer a panel of A here
for (j=0; j<N; j+=NB)
/I Copy a block (tile) of C here
for (k=0; k<K; k+=NB)
/I mini-MMM loop nest as before (i0, jO, kO)

5.2 CPU and Register Level Optimization

We now look at optimizing the MMM for the CPU. We continue withr MMM exam-
ple from the previous section.

Blocking. Blocking for the registers looks similar to blocking for thache. Another
set of nested triple loops is added. The resulting code iwstelow:

/Il MMM loop nest (j, i, k)
for (i=0; i<N; i+=NB)
for (j=0; j<M; j+=NB)
for (k=0; k<K; k+=NB)
/I mini-MMM loop nest (i0, jO, kO)
for (i0=i; i0<(i + NB); i0+=MU)
for (jO=j; jo<( + NB); jO+=NU)
for (kO=k; kO<(k + NB); kO+=KU)
/I micro-MMM loop nest (jOO, i00)
for (k00=kO; k00<=(k0 + KU); kOO++)
for (j00=j0; j00<=(0 + NU); jOO++)
for (i00=i0; i00<=(@i0 + MU); i00++)
CJi00][j00]+=A[i00][k00] * B[KOO][jO0];

Note that the innermost loop nest now has the loop dkder, this is explained later.
As Fig. 12 shows, each mini-MMM is now computed by blockingnto a sequence
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Fig. 12. mini-MMMs and micro-MMMs (from [75]).

of micro-MMMs. Each micro-MMM multiplies aiM 1 block of A by al Ny
block of B, with the output being & Ny block of C. At this level of blocking,
we have a degree of freedom in choosiig andNy (TheK y parameter controls the
degree of unrolling, and is discussed soon). These paresnatest be chosen so that a
micro-MMM ts into register space (thus avoiding registgilks).

ATLAS searches over arbitrary values for these parameterhoose the ones that
result in the fastest code. In [75], with a reasoning thatrslar to the one used in
choosingNg in the previous section, selects these parameters basda ameguality
My + Ny +(My  Ny) Ng, whereNg is the number of data (integer or oating
point) registers. This equality is then further re ned.

Locality is not the only objective of blocking for registguasce. Note that in the code
above, the micro-MMM have a loop orderkif . While this reduces output locality, it
also provides better instruction level parallelism (adl kh, N addition/multiplication
pairs are independent) when combined with loop unrollirsgaésed next.

Unrolling and scheduling. Loop unrolling and scheduling, as discussed in Section 4.3,
can be used to further optimize MMM. We unroll the two innestn@ops to get
My Ny additions and multiplications. Note that these instrudiare of the form
C+ = AB.As mentioned in[21], such an instruction will not executdh@n machines
without a fused multiply-add unit, since the addition is elegent on the multiplication,
and will cause a pipeline stall until the multiplication israpleted. Thus, it may be
bene cial to separate the addition and the multiplicatige@tions here, and schedule
them with unrelated intervening instructions to minimizeghine stalls.

Thek0Oloop can also be unrolled completely to reduce loop overh€gdcontrols the
degree of unrolling, and is chosen so that the fully unroléep body (of thekO loop)
still ts into the L1 instruction cache.

Scalar replacement.When the innermost loops are unrolled, each array element ap-
pears multiple times in the unrolled code. For the reasossudsed earlier in Sec-
tion 4.3, replacing array references by scalar variablasolled code enables com-
piler optimizations to work better. As the MMM has a good reuatio, references to
input arrays are also replaced by rst copying the value to@atic variables and then
reusing the automatic variable.
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Precomputation of constants.Since the MMM does not have constants that can be
precomputed, this optimization does not apply.

5.3 Parameter-Based Performance Tuning

The above discussion identi es several parameters thabearsed for tuning. ATLAS
performs this tuning automatically by generating the vagsaand selecting the fastest
using a search procedure.

Blocking for cache.Ng is the main optimization parameter used to control the block
size of the mini-MMMs. If several levels of blocking are desl, additional blocking
parameters arise.

Blocking for registers. When blocking for the registerd/y, andNy are the main
tunable parameters, and must be chosen such that the midid-Nbes not produce
register spillsK y speci es the degree of unrolling and should be chosen ag lasg
possible without over owing the instruction cache.

Besides that, several other parameters can be identi eghéofiormance tuning and
platform adaptation [21, 75].

5.4 Program Generation for MMM: ATLAS

The parameters shown in the previous section are only a soiadet of all the parame-
ters that can be used to tune the MMM. In theory, searchingtbeespace of all tunable
parameters will lead to the fastest code. Obviously, sugaech would take an imprac-
tical amount of time to complete due to the vast search sgdeebest approach in this
scenario is to prune the search space in a reasonable wayp aotibbmate the search
over the remaining space. This in essence is the approdowéal by ATLAS [21],
which is brie y discussed in this section. In terms of thedaage previously used in
this tutorial, ATLAS generates a mini-MMM with the highestrformance, which is
then used as a kernel in a generic MMM function.

Mflopls Compile

Execute

Measure

Lisize | —__NB I
Detect —MU, NU, KU MiniMMM
NR ATLAS xFetch ATLASMINHY] -

RENGREE MulAdd__ Search Engine MulAdd ) Code Generator Source

Parameters ——  —» g Lautenc
—Latency o

Fig. 13. Architecture of ATLAS (from [75]).
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Fig. 13 shows the architecture of ATLAS. When ATLAS is rsttalied on a platform,

it runs a set of micro-benchmarks to determine a set of hamlparameters, including
the L1 cache size and the number of registégs These parameters are then used to
prune the originally unbounded search space to a nite off¢.AS then proceeds by
searching the space of possible mini-MMMs using a feedbaog.lIn this feedback
loop, a search engine decides on the parameters that spetiifiyi-MMM, the corre-
sponding code is generated, its performance evaluatedhanakext set of parameters
is tried.

Since the search space is too large, ATLAS use®rdmogonal line searctto nd
the optimal values for the set of parameters it searches @Green a functiony =

solving asequencef n 1-dimensional optimization problems, where each problem c
responds to one of the parameters. When optimizing far, the set of optimal values
already found fox :::X; 1 are used, andeference valueare used for the remaining
parameters;.1 :::Xn. ATLAS provides the parameter sequence, and ranges and ref-
erence values for each of the parameters, using a combinattiouilt-in defaults and

the determined microarchitectural parameters.

It has been shown that a suitably designed model, based otaidedaunderstanding
of the microarchitecture, can replace the search in ATLASithhthe best parameters
deterministically [75].

Discussion.ATLAS has been very successful in generating very fast MMMector
many architectures and has been widely used. In fact, ATl its predecessor
PHIPAC [22], were the rst efforts on automatic performartaaing in the area of nu-
merical computing; as such, it raised awareness to thedsirg dif culty of deciding
on coding choices and achieving high performance in gemerahachines with deep
memory hierarchies. As we have seen, in this case, usinggrogeneration is crucial
to ef ciently evaluate the many possible choices of pararset

However, since ATLAS is based on (properly chosen) paramétes not clear how to
extend its approach to novel architectural paradigms ssefeetor instructions, multi-
core processing, or others. To date, these are not supdoyrt8@LAS. We argue that
the reason is the lack of an internal domain-speci c langutitat can express all the
necessary transformations at a higher abstraction levéthsalso enables the inclusion
of new transformations. This is the approach taken by Smargkogram generator for
the domain of linear transforms discussed later in Sectién 6

5.5 Exercises

1. Mini-MMM. The goal of this exercise is to implement a fast mini-MMM toltiu
ply two squardNg  Ng matrices Ng is a parameter), which is then used within
an MMM,

(a) Based on de nitionUse your naive implementation of the MMM as mini-
MMM (code from Exercise 1 in Section 2.
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(b) Register blockingBlock into micro MMMs withMy = Ny =2; Ky = 1.
The inner triple loop must have th& order. Manually unroll the innermost
i andj loops and schedule your code to perform alternating actditend
multiplications (one operation per line of code). Perforcalar replacement
on this unrolled code manually.

(c) Unrolling. Unroll the innermosk loop by a factor of 2 and 4Ky = 2;4,
which doubles and quadruples the loop body) and again darsegdlacement.
Assume that 4 divideNlg .

(d) Performance plot, search for best block siPetermine the L1 data cache size

C (in doubles, i.e., 8B units) of your computer. Measure tthq:%ngnce (in
M op/s) of your four codes for allNg with 16 Ng  min(80; C) with

4 dividingNg . Create a plot with the x-axis showiig , and y-axis showing
performance. The plot should contain 4 lines: one line fohe# the programs
(MMM by de nition, register blocking, and unrolling by a féar of 2 and 4).
Discuss the plot, including answers to the following questi whichNg and
which code yields the maximum performance? What is the ptagerof peak
performance in this case?

Loop order.Does it improve if in the best code so far you switch the outesim
loop order fromijk tojik ? Create a plot to show the answer.

(e

~

() Blocking for L2 cacheConsider now your L2 cache instead. What is its size
(in doubles)? Can you improve the performance of your faswde so far by
further increasing the block sizdg to block for L2 cache instead? Answer
through an appropriate experiment and performance plot.

2. MMM.

(@) Implement an MMM for multiplying two squafd N matrices assuming
Ng dividesN, blocked intoNg Npg blocks. Use your best mini-MMM code
from Exercise 1.

(b) Create a performance plot comparing this implemematitd the implementa-
tion based on de nition above for an interesting rang®&ofup to sizes where
the matrices do not tinto the L2 cache). Plot the siteon thex-axis, against
the performance (in M op/s or G op/s) on the-axis.

(c) Analyze and discuss the plot.

6 DFT

In this section we describe the design and implementati@ahigh-performance func-
tion to compute the FFT. The approach we must take is diffdrem the one taken to
optimize the MMM in Section 5: we do not start with a naive ieplentation that is
transformed into an optimized form, but design the code feenatch. This is due to
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the more complex structure of the available FFT algorithNate that, in contrast to
MMM, an implementation based on the de nition of the DFT ig sompetitive.

The rst main problem is the choice of a suitable FFT algarithsince many differ-
ent variants are available that differ vastly in structirenakes no sense to start with
the wrong FFT algorithm and optimize the implementatiom st step. In particular,
when targeting a machine with a memory hierarchy, startiegoptimization with the
iterative radix-2 FFT used in Numerical Recipes (Secti@®) B. suboptimal since it re-
quireslog, (input sizd§ many sweeps through the input data, which results in podrecac
locality. Further, no unrolled and optimized basic blocksgd for optimal register per-
formance.

In our discussion below we design a recursive radix-4 FFTlementation. Generaliza-
tion to a mixed-radix recursive implementation is relagva&raightforward in concept,
but technically complex. The optimization steps takencfelto a large extent the de-
sign of FFTW 2.x [9]. FFTW uses a program generator in addjtto automatically

implement optimized unrolled basic blocks [23].

In all our DFT code examples the (complex) data is assumed sidved in interleaved
complex double-precision arrays (alternating real andjimay parts of the vector el-
ements). We pass around pointers of tgpeble , and two neighboringlouble ele-
ments are one complex number. All strides are relative topdexmumbers.

6.1 Background

In this section we provide background on the DFT and FFTs. ¥aa these algo-
rithms using the Kronecker product formalism. We start wéstating the DFT de ni-
tion from Section 2.3. For code readability we denote the sizthe input vector with
N . As usual, matrices are written As= [ ax. ], whereay.- are the matrix elements. An
index range fok; " may be given in the subscript.

De nition. The discrete Fourier transform (DFT) of a complex input @egtof length
N is de ned as the matrix-vector product

y=DFT nX; DFTN =[1§o wen 5 !n=¢€ 2™

Kronecker product formalism. We describe fast algorithms for the DFT using the
Kronecker product formalism [5]. There are several reasonssing this formalism:
First, the representation is visual and index free and hexamable by humans. Second,
it is easy to translate algorithms expressed this way djrécto code, as we shall
see later. Third, in this representation, algorithm vasaare easily obtained by both
inserting recursions into each other and manipulatingralyns tomatchthem to a
speci ¢ hardware architecture. For instance, the algoritcan be mapped to vector
and multicore architectures this way [26, 25].

These are also the reasons why the program generator Spiphihed in Section 6.6)
uses this formalism as its internal domain-speci ¢ langaiag
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We de nel, asthen nidentity matrix. The tensor (or Kronecker) product of megs
is de ned as
A B =[a B]k;\ with A =[ax ]k;\ :

In particular, 2 3
A
A
In A= i
A
is block-diagonal. We also introduce the iterative direohs
2 3
Ao
M1 A
Aj = . ;
i=0 -
An 1

which generalizes, A.

We visualizel , A below; the fourAs are shown with different shades of gray.

A

Now we look at the tensor produét |,,. This matrix also contains blocks ofA, but
they are spread out and interleaved at strid&his is best understood by visualization:
the equivalent of (1) is

A la= 2)

where we assume thdt is 4 4. All elements with the same shade of gray taken
together constitute ong&, so the matrix again contains foArs. The pattern shows that
multiplying (2) to an input vectox is equivalent to multiplyingA to four subvectors of
X, extracted at stride 4, and writing the result into the samoations.

The stride permutation matrix?" permutes an input vectarof lengthmn as
in+j7"im+i; 0 i<m; 0 j<n

If X is viewed as am m matrix, stored in row-major order, thari" performs a
transposition of this matrix.
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Recursive FFT.Using the above formalism, the well-known Cooley-Tukey R#Tts
recursive form can be written as a factorization of BfeT y matrix into a product of
sparse matrices. That is, fbr = mn,

DFTmn =(OFT m 10)Dmn (Im  DFT,)LM": (3)
HereD ., is the diagonal “twiddle” matrix de ned as

™ 1
Dmn = diag(! r?m;!r%nn;:::;!r%nl)j: (4)
j=0
Equation (3) computes a DFT of simen in four steps. First, the input vector is per-
muted byL 1" . Secondm DFTs of sizen are computed recursively on segments of the
vector. Third, the vector is scaled element wisethy., . Lastly,n DFTs of sizem are
computed recursively at stride.

The recursively called smaller DFTs are computed similariiil the base case = 2
is reached, which is computed by de nition using an additmal a subtraction:

DFT, = : (5)

In summary, (3) and (5) are suf cient to compute DFTs of agbly two-power sizes.
To compute DFTs of other sizes, other FFT algorithms areired(5].

Algorithms and formulas. There is a degree of freedom in applying (3) to recursively
compute a DFT, namely in factoring the given DFT input sizeFor instance one can
factor8! 2 4! 2 (2 2)using two recursive applications of (3). The complete
FFT algorithm for this factorization could then be writtenthae followingformula

DFTg=(DFT 2 14)Dga Iz (DFT, 15)Dap(lz DFT2)L3 L5 (6)

Direct implementation. A straightforward implementation of (3) can be easily ob-
tained since the occurring matrix formulas have a direerpretation in terms of code
as shown in Table 4. The implementation of (3) would henceetaur steps corre-
sponding to the four factors in (3).

Observe in Table 4 that the multiplication of a vector by asterproduct containing
an identity matrix can be computed using loops. The workietgfer each of then
iterations ofy = (1, Ap)x (see (1)) is a contiguous block of simeand the base
address is increased ybetween iterations. In contrast, the working sets of sizef
then iterations ofy = (A 14h)x (see (2)) are interleaved, leading to stridevithin
one iteration and a unit stride base update across itegation

Cost analysis.Computing the DFT using (3) requires, independent of theinson
strategyn log,(n) + O(n) complex additions angn log,(n) + O(n) complex multi-
plications.

The exact number of real operations depends on the chogenifations ofn and is at
most5n log, (n) + O(n).
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formula code
t[0:1:n-1] = B(x[0:1:n-1]);
y[0:1:n-1] = A(t[0:1:n-1];)
for (i=0;i<m;i++)
yli *n:l:i *n+n-1] =
AX[i *n:Li *n+n-1]);

Yy = (AnBn)X

y=(Im An)X

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

y=(An ln)x yli:ni+m-1] =
A(X[i:n:i+m-1]);
Lo for (i=0;i<m;i++)
Y= s An X Ui wnind] =
A(, x[i  *n:l:i  *n+n-1]);
Y = Dimn X for (i=0;i<m *n;i++)

ylil = Dmn[i]  *x[i;
for (i=0;i<m;i++)
y=Lm"x for (j=0;j<n;j++)
yli+m *j]=x[n  *i+];

Table 4. Translating formulas to cod&.denotes the input andthe output vector. The subscript
of A andB speci es the size of the (square) matrix. We use Matlab-like notatifins:e]
denotes the subvector gfstarting at, ending aie and extracted at stride.

Iterative FFTs. The original FFT by Cooley and Tukey [77] was not the recusilgo-
rithm (3), but an iterative equivalent and fdr = 2". It can be obtained by expanding
the DFT recursively always using the factorizatidn=2 N=2, and then rearranging
the parentheses and fusing adjacent permutations. Thitissthe iterative FFT

|

YK
DFTy = (I + DFT, Iy=2)DRi Rw; 7)
i=1

where theDﬁ;i are diagonal matrices arRly is the bit-reversal permutation [5]. Nu-
merical Recipes implements a variant of (7), shown in Se@ig.

6.2 Cache Optimization

In this section we derive the recursive skeleton and thedtepeci cation for our DFT
implementation.

Blocking. Blocking a DFT algorithm is done by choosing the recursivelép-Tukey
FFT algorithm (3) as starting point instead of the iteraffel used by the Numerical
Recipes code in Section 2.3. The block size is the choaéix m in (3), which is a
degree of freedom. We assume a radix-4 implementationMith 4", i.e., we factor
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N =4 4" 1 The corresponding recursion is
DFT4 = (DFT 4 40 1)Dggn 1(ls DFT4 1)LG: (8)

We visualize (8) below fon = 2. We see four stages, corresponding to the four factors
in the matrix factorization.

DFT 4 Ig4 Das I, DFT 4 L

stride 4
DFT 36 = 0 ©)
stride 1

Forn > 1 our implementation will recursively apply (8) to the terBT 4» : in the
right side of (8). The termBFT 4 are recursion leaves and not implemented using (8).
We will discuss their implementation in Section 6.3.

This recursion igight-expandedg-the rst stage gets recursively expanded while the
second stage uses radix-4 kernels. Right-expanded reeumgplementations have su-
perior data locality as only a small amount of temporaryaderis needed and the
second stage can be implemented in-place.

Loop merging. A naive implementation of (8) leads to a recursive functidthviour
stages (corresponding to the four matrix factors) and thussweeps through the data.
However, the stride |oermutatiduﬁn is just a data reordering and thus is a candidate for
loop merging. Similarly, the twiddle factor matriX,.4» : is a diagonal matrix and can
be merged with the subsequent stage.

We now sketch the derivation of a recursive implementatig@) We partition (8) into
two expressions as

DFT4 = (DFT4 lg :)Daan : (Is DFTam LY ;  (10)

which become two stages (instead of four) in the recursietian
void DFT(int N, double =+Y, double =*X);

that implements (8).

Forn = 2 we visualize the merging of the stride permutation with ti@eent tensor
product,DFT 4 |4, in (11) below. The merging of the diagoriah.4 with the adjacent
tensor product, DFT 4 cannot easily be visualized.

DFT 4 Ig4 Dy (4 DFT 4)L3®

DFT 16 = (11)
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The rst stage of (10)y = (14 DFT 4 1)Lf‘{" X, is handled as follows. According

to Table 4, the tensor produtj DFT 4 : alone is translated into a loop with 4
iterations. The same is true f¢t4 DFT 4 1)L4"; only, as (11) shows, the input
is now read at stridd but the output is still written at stride 1. This means that th
corresponding DFT function needs to have the stride as aitiud parameter and

has to be implemented out-of-place, ixandy need to be different memory regions.
Hence it is of the form

void DFT_rec( int N, int n, double =*Y, double =*X, int s)

We pas: together withN to avoid computing the logarithm.

Now the functionDFT above just becomes a special cas®BfT_rec and can hence
be implemented using a C mactod4() , computes from4"):

#define  DFT(N, Y, X) DFT_rec(N, log4(N), Y, X, 1)

ForN =4, we reach the leaf of the recursion and call a base case Karmation.
void DFT4_base( double =*Y, double =X, int s);

The second stagg, = (DFT 4 40 1)Dg4n 1X, rst scales the input by a diagonal
matrix and then sweeps withFT 4 kernel over it, applied at a stride. More precisely,
DFT 4 operates ol; , Xj+an 1,Xj42 an 1, andXj,3 4 1, Wherej is the loop iteration
number.

Again, we merge these two steps, this time by replacin@€ ;s iINDFT 4 14 1 by
DFT 4 Dj,whereD; isa4 4diagonal matrix containing the proper diagonal elements
from D440 1. Inspection shows th&; (as a function of the problem siZ8) is given
by o

D; =diag(! $n;!h ;! 25t Py, 0 j< a4 b (12)
Hence, the function implementing= (DFT 4 D;)x also needs a stride as parameter,
andj to compute the elements B . Also, it can be in-place since it reads from and
writes to the same locations of input and output vector. ldentakes the form:

void DFT4_twiddle( double =Y, int s, int n, int Jj);

The nal recursive function is given below. There are somdrads multiplications by
2, required to implement arrays of complex numbers as afcdy@/ice the size) of real
numbers.

/I recursive radix-4 DFT implementation
/I compute the exponent

#include  <math.h>
#define  log4(N) ( int )(log(N)/log(4))

/I top-level call to DFT function
#define  DFT(N, Y, X) DFT_rec(N, log4(N), Y, X, 1)
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/I DFT kernels
void DFT4_base( double =*Y, double =X, int s);
void DFT4_twiddle( double =Y, int s, int N, int j);

/I recursive radix-4 DFT function

/Il N: problem size

/I 'Y: output vector

/I X: input vector

/I s: stride to access X

void DFT_rec( int N, int n, double +Y, double =*X, int s)
{ int j;

if (N==4)
/'Y = DFT_4 X
DFT4_base(Y, X, s);
else {
II'Y = (I_4 x DFT_N/4)(L'N_4) X
for (j=0; j<4; j++)
DFT_rec(N/4, n-1, Y+(2 *(N/4) =*j), X+2 +*jxs, s *4);
II'Y = (DFT_4 x I_{N/4})(D_N,4) Y
for (j=0; j<N/4; j++)
DFT4_twiddle(Y+2 =j, N/4, n, ));

Buffering. The kerneDFT4_twiddle accesses both input and output in a stride. For
large sizedN = 4", this stride is a large two-power, which means that all eleime
accessed by the kernel are mapped to the same set in the saettdd. 6). If the cache
does not have suf cient associativity, cache thrashinguoscNamely, each iteration
of the DFT4.twiddle loop has to loadt cache lines and all these cache lines get
evicted before the next iteration of tbé-T4_twiddle  loop can use the already loaded
remaining cache lines.

Buffering alleviates these problems to a certain degreeinitial and nal copy op-
eration introduce overheads, but all intermediate stepsdane on contiguous data,
preventing cache thrashing.

As an example, buffering is performed on the second loop@ptleceding code, lead-
ing to the following code. We assume a cache line size®tomplex numbers (= 4
doubles). (IfLS is larger than the radix size, one needs special cases fa sernr-
sion steps.) To implement buffering, we rst split theloop intoN/(2 *LS) LS
iterations. We add copying to the body of tbetertiled j1 loop. Our copy operation
handles cache lines and thus data for multiple DFTs. In qdai, we copy 4 sets of
LS consecutive complex elements (4 cache lines) into a lod&bThe inner tiled2
loop performd.S DFTs on the local contiguous buffer. The large, performateggrad-
ing complex stridet” ! in the originalj loop gets replaced by a small complex stride
LS inthej2 loop at the cost of two copy operations that copy whole caictes] The
threshold parametéh controls the sizes for which the second loop gets buffered.
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/I cache line size = 2 complex numbers (16 bytes)
# define LS 2

/I recursive radix-4 DFT function with buffering
/I N: problem size
/I 'Y: output vector
/I X: input vector
/I 's: stride to access X
/I th: threshold size to stop buffering
void DFT buf rec( int N, int n, double *Y, double =*X, int s, int th)
{ int i, j, j1, j2, k;
Il local buffer
double buf(8 *LS];

if (N==4)
II'Y = DFT_4 X
DFT4_base(Y, X, s);

else
{ /'Y = (L4 x DFT_{N/4})(L'N_4) X
if (N > th)

for (j=0; j<4; j++)
DFT_buf rec(N/4, n-1, Y+(2 *(N/4) *j), X+2 =*j=xs, s *4, th);
else
for (=0; j<4; j++)
DFT_rec(N/4, n-1, Y+(2 *(N/4) *j), X+2 =*j=*s, s *4);

II'Y = (DFT_4 x |_{N/4})(D_{N,4}) Y, buffered for LS
/l'j loop tiled by LS
for (j1=0; j1<N/(4 *LS); j1++)
{ Il copy 4 chunks of 2 *LS double to local buffer
for (i=0; i<4; i++)
for (k=0; k<2 =*LS; k++)
buf[2 *LS*xi+k] = Y[(2 *LSxj1)+(2 *(N/4) =*i)+K];

/I perform LS DFT4 on contiguous data
/I buf = (DFT4 Dj x I_LS) buf
for (j2=0; j2<LS; j2++)
DFT4_twiddle(buf+2 *j2, LS, n, jl * LS+j2);

/I copy 4 chunks of 2 *LS double to output
for (i=0; i<4; i++)
for (k=0; k<2 *LS; k++)
Y[(2 *LS*j1)+(2 = (N/4) +i)+k] = buf[2 * LS* i+K];
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One can perform a similar buffering operation on the ing@or the call toDFT_rec ,
as X is accessed at a large stride. This buffering must take @acspecial case for
N =16 in DFT_rec and requires a third variant of the recursive functizifT_rec .

6.3 CPU and Register Level Optimization

This section describes the design and implementation ohopd DFT base cases (ker-
nels). We again restrict the discussion to the recursivix+&drFT algorithm. Exten-
sions to mixed-radix implementations requires differemiriel sizes, all implemented
following the ideas presented in this section. High-perfance implementations may
use kernels of up to size 64 [23, 78].

Blocking. We apply (3) to theDFT 4:
DFT4=(DFT 5 13)D42(lo DFT,)L%: (13)

As (13) is a recursive formula, an implementation based @) {@ automatically
blocked.

Unrolling and scheduling. We implement (13) according to the rules summarized in
Table 4. We aim at implementing recursion leafs. Thus the gaskds to be unrolled.
Due to the recursive nature of (13), kernels derived from) 18 automatically reason-
ably scheduled.

For DFT kernels, larger unrolled kernels lead to slightlssieperations, as more twid-
dle factors are known at optimization time and one can takiebadvantage of trivial
complex multiplications. However, larger kernels do natré@ase the available instruc-
tion level parallelism as much as in MMM, since the DFT data is more complicated
and imposes stronger constraints on the operation ordering

Scalar replacement.We next apply scalar replacement as described in Section 4.3
Every element in the input arrayis only referenced twice, and every location of the
output arrayy is written once. Hence, we only replace the temporary arrhy scalar
variables, but do not replace accessex amdY. Experiments suggest that this strategy
is suf cient for obtaining maximum performance. This leadghe following code for
DFT4_base . From the discussion in Section 6.2 we know that this fumclimds at
complex strides from * X and writes at unit stride teY. We obtain the following code:

/I DFT4 implementation
void DFT4_base( double =Y, double *X, int s)
{ double t0, t1, t2, t3, t4, t5, t6, t7;

t0 = (X[0] + X[4 *s]);

t1 = (X[2 *s] + X[6 *s]);

t2 = (X[1] + X[4 +*s+1]);

t3 = (X[2 s+l] + X[6 =*s+1]);
t4 = (X[0] - X[4  *s]);

t5 = (X[2 *s+1] - X[6 =*s+1]);
6 = (X[1] - X[4  *s+1]);
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t7 = (X[2 *s] - X[6 =*s]);

Y[0] = (10 + t1);
Y[1] = (2 + t3);
Y[4] = (10 - t1);
Y[5] = (t2 - t3);
Y[2] = (t4 - t5);
Y[3] = (6 + t7);
Y[6] = (14 + t5);
Y[7] = (6 - t7);

}

Precomputation of constants. The kernel DFT4 twiddle  computesy =
(DFT 4 Dj)x, which contains multiplication with the complex diagof! as de ned

in (12). The entries oD; are complex roots of unity (twiddle factors) that depend on
the recursion level and the loop coungterComputing the actual entries Df; requires
evaluations ofin kW andcoskW for suitable values ok andN , which requires expen-
sive calls to the math library. Hence these numbers shouftdzmputed.

We introduce an initialization functiomit DFT  that precomputes all diagonals re-
quired for sizeN and stores pointers to the tables (one table for each recusiel) in
the global variablelouble ** DN as shown below.

#define Pl 3.14159265358979323846
/I twiddle table, initialized by init_ DFT(N)
double *+ DN;

void init DFT( int N)
{ int i, j, k, size_ Dj = 16, n_max = log4(N);
DN = malloc( sizeof (double ) x(n_max-1));

for (j=1; j<n_max; j++, size_Dj * =4)
{ double *Dj = DNI[j-1] = malloc(2 *sizeof (double ) *size_Dj);
for (k=0; k<size_Dj/4; k++)
for (i=0; i<4; i++)
{ »(Dj++) = cos(2 *Plxixk/size_Dj);
*(Dj++) = sin(2 =Pl =i xk/size_Dj);
}
}
}

The functionDFT4_twiddle is shown below.

/I C macro for complex multiplication
#define  CMPLX_MULT(cr, ci, a, b, idx, s) \

{ double ar, ai, br, bi; \
ar = a2 *s+idx]; ai = a[2 *S* jdx+1]; \
br = b[2 *idx]; bi = b[2 *idx+1]; \
cr = ar *br - ai *bi \
ci = ar *bi + ai *br; \
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/I DFT4 =D_j implementation
void DFT4_twiddle( double =Y, int s, int n, int j)
{ double t0, t1, t2, t3, t4, t5, t6, t7,
X0, X1, X2, X3, X4, X5, X6, X7;
double +*Dj;

/I complex multiplications from D_N
Dj = DN[n-2]+8 «j;

CMPLX_MULT(X0, X1, Y, Dj, 0, s);
CMPLX_MULT(X2, X3, Y, Dj, 1, s);
CMPLX_MULT(X4, X5, Y, Dj, 2, s);
CMPLX_MULT(X6, X7, Y, Dj, 3, s);

/I operations from DFT4

t0 = (X0 + X4);
t1 = (X2 + X6);
t2 = (X1 + X5);
t3 = (X3 + X7);
t4 = (X0 - X4);
t5 = (X3 - X7);
6 = (X1 - X5);
t7 = (X2 - X6);

Y[0] = (10 + t1);
Y[1] = (2 + t3);
Y[4+*s] = (10 - t1);

Y[4 *s+1] = (12 - t3);
Y[2*s] = (4 - t5);
Y[2 xs+1] = (16 + t7);

Y[6+s] = (4 + t5);
Y[6 *s+1] = (16 - t7);

6.4 Performance Evaluation

We now evaluate the performance of the recursive radix-4 &&fived in this section
and compare it to the Numerical Recipes and the sequertalhrs(single core, x87)
version of FFTW 3.1.2. All implementations are run on a stngre of a 2.66 GHz In-
tel Core2 Duo, with a theoretical scalar peak performance3# G op/s. We compile
all implementation with the Intel C++ compiler 10.0 with apts “/O3 /QxT” to obtain
maximum optimization. The radix-4 implementation was edjilirectly from the code
listings above. The Numerical Recipes FFT implementatsoim isingle-precision and
inplace while both our radix-4 FFT and FFTW are double-sieci and out-of-place.
This gives a slight performance advantage to the Numeriealg®s FFT implementa-
tion.

Fig. 14 shows the performance results for the three FFT imeleations. We see that
Numerical Recipes reaches about 1 G op/s and drops shaoph60 M op/s when
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the memory footprint for the problems is too large for the la2te. The radix-4 FFT
implementation we derived in this tutorial reaches aboutdb{ for problem sizes that
t into the L2 cache. For larger sizes the performance dropsrdto about 1 G op/s.
FFTW 3.1.2 in sequential scalar mode shows the upper bounmidotically achievable
performance when using x87 instructions and a single céif€Wrreaches about 2.5-3
G op/s for cache-resident sizes and 1.6 G op/s for out-af:he sizes.

DFT on 2.66 GHz Core2 Duo (32-bit Windows XP, Single Core, x87)

performance [Gflop/s]

35

FFTW 3.1.2

(double-precision, out-of-place)
3.0

25

Recursive Radix-4 FFT
(double-precision, out-of-place)

2.0
15
1.0
0.5
0.0 r

T T T T T T T T T
2 4 6 8 10 12 14 16 18 20 22 24
log ,(input size)

Fig. 14.Performance results for three FFT implementations on a 2.66 GHz lotePMuo. All
implementations are sequential and scalar (single core, x87). Highettés.b

Analysis of the above data can be summarized as follows.

— The recursive radix-4 FFT is twice as fast as Numerical Recfpr in-cache sizes
and about 6 times faster for out-of-cache sizes.

— The radix-4 FFT implementation reaches more than two thifdke performance
of scalar FFTW. The performance difference is mainly dueR®\W's larger basic
block sizes (codelets), its ability to choose differenticad at different recursion
steps, and a few additional loop optimizations.

— There is still a lot of room for further improvement usingdtg SSE instructions
and both cores (see Fig. 2).

In addition, our experiments show that buffering does nodpce any performance
gain in this case, since the cache associativity on the Caneiitecture is 8, which is
large enough for a radix-4 kernel.



59
6.5 Parameter-Based Performance Tuning

We now discuss the parameters in our DFT implementationdéatbe tuned to the
memory hierarchy.

Base case size$he most important parameter tuning is the selection of bases. To
allow for multiple base casd3FT_base andDFT _twiddle , the program structure
must become more complex, as a data structure describimgdhesion and containing
function pointers to the appropriate kernels replaces wte garameterdN andn in
DFT_rec . The resulting program would be very similar to FFTW 2.x.

After this infrastructural change the system can apply amgfionDFT_twiddle in
the second stage of the recursion and any fundiiéii_base as recursion leaf. The
tuning process needs to nd for each recursion step the Kghtel size. FFTW uses
both a cost estimation and runtime experiments based omdgrmogramming to nd
good parameter choices [10]. Showing the full implemeateis beyond the scope of
this tutorial.

Threshold for buffering. The second parameter decides the sizes for which buffering
should be applied. This depends on the cache size of the tagyghine, as buffering
only becomes bene cial for problem sizes that are not regidethe L2 cache.

Buffer size. Finally, we need to set the buffer size based on the cachesitieeof the
target machine to prevent cache thrashing. The cache lirecan be either looked up
or found experimentally.

6.6 Program Generation for DFT: Spiral

Spiral [7] is a program generator for linear transformsah generate optimized xed-
size and variable-size code for the DFT, the Walsh-Hadarrargform (WHT), the
discrete cosine and sine transforms, nite impulse respdfi$R) Iters, the discrete
wavelet transform, and others. Spiral builds on the Kroeepkoduct framework for the
DFT, described in Section 6.1, but extends it to the wholealorof linear transforms.
Further, Spiral automates the optimization process adlin Sections 6.2—6.5 as well
as many other optimizations including various forms of peliaation [54, 26, 79, 80].
The fastest FFT implementation shown in Fig. 2 is generasgtyuSpiral.

In contrast to ATLAS, Spiral is not based on searching a patarized space, but on a
domain-speci c language (DSL) that enables the enumaratiml systematic optimiza-
tion of algorithms. More speci cally, there are two key idaanderlying Spiral:

1. Mathematical, structural, declarative DSSpiral uses a DSL to describe algo-
rithms. The DSL is called SPL [81] and is directly derivednfraghe transform
domain: it is precisely (an extension of) the Kronecker falism described in
Section 6.1. The language describes only the structuregofitims and is hence
declarative. This property enables structural algorithminoizations including par-
allelization that is not practical to perform on C code.
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2. Optimization through rewritingSpiral uses rewriting systems [82] for both the gen-

eration of alternative algorithms and the structural ojtation of algorithms at a
high level of abstraction. The rewriting rules for the fomaee divide-and-conquer
algorithms speci ed as in (3) and for the latter, they arewnanatrix identities.

Architecture. The input to Spiral is a formally specied transform (for tasce,
DFT 3g4); the output is a highly optimized C program implementing thansform.
These highly optimized programs may use language extensiosoftware libraries to
access special machine features like multiple cores or SW@or instructions. We
show the architecture of Spiral in Fig. 15 and discuss itwelo

DSP transform (user specified)

|

Algorithm Formula Generation controls

Level Formula Optimization

algorithm as formula
in SPL language

Implementation Implementation controls

ey
o
I
Level Code Optimization 8

C/Fortran
implementation

Evaluation Compilation

erformance
Level :

Performance Evaluation

|

optimized/adapted implementation

Fig. 15.The architecture of Spiral (from [7]).

— Algorithm level.This stage is responsible for generating and optimizingrétyms

for the speci ed transforms.

Formula generation A transform like DFT zg4 is considered to be a non-
terminal. Spiral usebreakdown rulego describe recursive algorithms for lin-
ear transforms. For example, (3) and (7) are breakdown exigessing larger
DFTs in terms of smaller DFTs. Base cases terminate the siecurfor in-
stance, (5) is the DFT base rule.

A rewriting system recursively applies breakdown rulesh® $peci ed trans-

form to produce alternative algorithms represented as S@tessions, also
called formulas.

Formula optimizationFormulas are structurally optimized, also using a rewrit-
ing system. Loop fusion is performed using rewriting ruldsch essentially
perform the same reasoning and restructuring as descritfeeldtion 6.2. The
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loop fusion by rewriting requires the extension of SPL to arenpowerful
language called -SPL [24]. Further, rewriting is used for various forms of
parallelization including the ef cient mapping to multgbrocessor cores or
SIMD vector instructions. The next section will provide raatetails on this
topic.

— Implementation leveBpiral contains a special-purpose compiler that trarsfate
mulas into code. The compiler is based on (an extension dfeTa Moreover, it
performs all kernel-level optimizations described in 88t6.3. Depending upon
an unrolling threshold, subformulas smaller than the tiokbare treated as ker-
nels, while larger formulas are implemented using loops.

— Evaluation levelThis stage is responsible for compiling and measuring théme
of the generated code.

— Search.The measured runtime guides Spiral in picking a new cangiftamula
by changing the breakdown of the non-terminal. The feedt@ml is guided by a
search strategy, usually a form of dynamic programming.mb@ purpose of the
search is adaptation to the platform's memory hierarchy.

Structural optimization through rewriting. A core component of Spiral's optimiza-
tion process is the structural optimization of formulasngsa rewriting system. As
brie y discussed above, two major optimization goals arkiewed through rewriting:

1) loop merging [24], and 2) the mapping of algorithms to palarchitectures like

multicore CPUs or SIMD vector extensions [54, 26]. Loop nieggds beyond the scope
of this tutorial as it requires the introduction of a new laage, -SPL. Thus, we only

brie y discuss the mapping to parallel architectures.

Analysis of the access pattern of tensor products showsdéhntin tensor products can
be mapped very well to some architectures but only poorlyhers. As example, in (3)
the construct

Im DFT, (14)
has a perfect structure fon-way parallel machines with either shared or distributed
memory. However, implementing it with SIMD vector instriacts introduces consid-
erable overhead [54]. Similarly, the construct

DFTm In (15)

has a perfect structure forway vector SIMD architectures. However, implementing
it on shared memory machines leads to false sharing, whildistnbuted memory
machines tiny messages would be required, which degradtsmpance.

Using algebraic identities [53] one can change the streatfiformulas. For instance,
the identity
DFTq In=L0"(In DFTp)L" (16)

replaces a vector formula by a parallel formula and intreduevo stride permutations.
Spiral uses a rewriting system to perform formula manipoiet like (16), using a tag-

ging mechanism to steer the manipulation toward the naifola optimized for a
certain architecture. Spiral's rewriting system consigttree main components.
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— Tagsencode target architecture types and parameters. Thegicdigh-level in-
formation about the target architecture. For instanceabpses the tags “véc)”
for SIMD vector extensions (encodes the vector length of the architecture) and
“smp(p; )" for shared memorygis the number of processors andhe length of
cache lines).

— Base casedescribe formula constructs that are guaranteed to be rdagbpeently
to the target hardware. Spiral uses special operator ‘ariarencode base cases.
For instance, @-way parallel base case is denoted by the tagged operatdr “
A, isanyn n matrix expression.

— Rewriting rulesencode formula manipulation identities, but in additionék” the
target machine and thus deduce the “right” parameters totitles with degrees
of freedom. For instance, the identity (16) is translated the rewriting rule

ﬂz_ll}! |—{n§n} o k(lnp  Am) |—{n1;n}

smi(p; ) smu(p; ) smp(p; )

This rule has the additional knowledge of the target systgmcessor count, and
utilizes this knowledge when applying the helper identity

The stride permutatioris?" andL ™ will be handled by further rewriting.

For every type of parallelism, these three components atedatb Spiral to enable the
corresponding structural optimization. In addition, gvelass of target machines may
require a small extension of the SPL compiler to translagged operators into target
code. For instance, “” will be translated into OpenMP parallel for loops, when@pi
generates shared memory code using OpenMP.

Discussion.Spiral fully automates the process of optimizing lineansfarms for a
large class of state-of-the-art architectures. The codererates is competitive with
expertly hand-tuned implementations and often outper$aimse. The key is Spiral's
domain-speci ¢, declarative, mathematical language sxdbe algorithms. Spiral's al-
gorithm (breakdown rule) database contains the algorittkmowledge of more than a
hundred journal papers on transform algorithms. Spireleriting system is the key to
structural optimization and parallelization of algoritenwVith this approach it is possi-
ble to re-target Spiral to new parallel platforms. So far&@uccessfully generated (at
least prototypical) fast implementations for SIMD vectatemsions, multicore CPUs,
cluster computers, graphics processors (GPUs), and th8Eg@rocessor. In addition,
Spiral generates hardware designs for eld-programmahte grrays (FPGAs), and
hardware-software partitioned implementations.

While Spiral focuses on transforms, the basic principlesudyihg it may be applicable
to other numerical problem domains.
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6.7 Exercises

1. WHT: Operations count. The Walsh-Hadamard transform (WHT) is related to the
DFT but has a simpler structure and simpler algorithms. TheTWétle ned only
for 2-power input sizedl = 2", as given by the matrix
WHT on = li)FT 2 DFT& o DFT?;

n factors

whereDFT ;, is as de ned in (5).

(@) How many entries of the WHT are zeros and why? Determinenthmsber
of additions and the number of multiplications required wltemputing the
WHT by de nition.

(b) The WHT of an input vector can be computed iteratively aursively using
the following formulas:

Y 1

(Ion i 1+ DFT, 1) (iterative) a7
i=0
WHT 2n = (DFT 2 1o 1)(I2 WHT o 1) (recursive) (18)

WHT 20

(c) Determine the exact operations counts (again, additaomd multiplications
separately) of both algorithms. Also determine the degfeeuse as de ned
in Section 2.1.

2. WHT: Implementation.
(a) Implement a recursive implementation of the WHT basedl8. (

(b) Implement the triple loop (iterative) version of the WH3ing (17). Create a
performance plot (size versus M op/s) for siz2%s-22° comparing the iterative
and the recursive versions. Discuss the plot.

(c) Create unrolled WHTSs of sizes 4 and 8 based on the recUMiVE algorithm.
(The number of operations should match the cost computedencise 1c on
page 63).

(d) Now implement recursive radix-4 and radix-8 impleméotss of the WHT
based on the formulas

WHT 0 = (WHT 4 lon 2)(la WHT o 2) (radix-4)
WHT 2» = (WHT g o s)(Is WHT o ) (radix-8)

In these implementations, the left hand side WHT (of size 4)sh®uld be
your unrolled kernel (which then has to handle input datasdtiee) called in
a loop; the right hand side is a recursive call (also callegl limop). Further, in
both implementations, you may need one step with a diffenatik to handle
all input sizes.
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Measure the performance of both implementations, agaisites2'—22° and
add it to the previous plot (four lines total).

(e) Try to further improve the code or perform other intaresexperiments. For
example, what happens if one considers more general dgwibased on

WHT o = (WHT 2i | on i )(l 2i WHT on i )

The unrolled code could be the WHT on the left hand side of tlwwalequa-
tion. Alternatively, one could run a search to nd the begtixan each step
independently.

7 Conclusions

Writing fast libraries for numerical problems is dif cult drrequires a thorough under-
standing of the interaction between algorithms, softwanel, microarchitecture. Look-
ing ahead, the situation is likely to get worse due to themneshift to parallelism in

mainstream computing, triggered by the end of frequenclrgcaNe hope this guide
conveys the problem, its origin, and a set of basic methoudsite fast numerical code.

However, problems also open research opportunities. ;1dase the problem is the
need to automate high performance library developmentf @ulfichallenge that, in
its nature, is at the core of computer science. To date tlisl@m has been attacked
mostly by the scienti c computing and compiler communitgdethe list of successes is
still short. We believe that other areas of computer sci@eesl to get involved, includ-
ing programming languages, and in particular domain-spéanguages, generative
programming, symbolic computation, and optimization arathine learning. For re-
searchers in these areas, we hope that this tutorial cae asran entry point to the
problem and the existing work on automatic performancentyni

Acknowledgment

This work was supported by DARPA through the DOI grant NBC5@09 and the
ARO grant W911NF0710416, by NSF through awards 0325687 a@d386, and by
an Intel grant.

References

1. Moore, G.E.: Cramming more components onto integrated circuitadiRgs in computer
architecture (2000) 56-59

2. Meadows, L., Nakamoto, S., Schuster, V.: A vectorizing, softwapelining compiler for
LIW and superscalar architecture. In: Proceedings of Risc. (1992)



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

65

Group, S.S.C.: SUIF: A parallelizing & optimizing research compil&chnical Report
CSL-TR-94-620, Computer Systems Laboratory, Stanford Uritygfiglay 1994)

. Franke, B., O'Boyle, M.F.P.: A complete compiler approach to-gat@llelizing C programs

for multi-DSP systems. |IEEE Trans. Parallel Distrib. S§§3) (2005) 234-245

. Van Loan, C.: Computational Framework of the Fast Fourier Toams SIAM (1992)
. Press, W.H., Flannery, B.P., A,, T.S., T., V.W.: NumericatiRes in C: The Art of Scienti ¢

Computing. 2nd edn. Cambridge University Press (1992)

. Ruschel, M., Moura, J.M.F., Johnson, J., Padua, D., Veloso Sihger, B.W., Xiong, J.,

Franchetti, F., Ga¢, A., Voronenko, Y., Chen, K., Johnson, R.W., Rizzolo, N.: SRL:
Code generation for DSP transforms. Proceedings of the BEER (2005) 232—-275 Special
issue on Program Generation, Optimization, and Adaptation.

. Website: Spiral (199&)ttp://www.spiral.net .
. Frigo, M., Johnson, S.G.: FFTW: An adaptive software architectar the FFT. In:

Proc. IEEE Int'l Conf. Acoustics, Speech, and Signal Processi@g$SP). Volume 3.
(1998) 1381-1384

Frigo, M., Johnson, S.G.: The design and implementation of FET®8ceedings of the
IEEE 93(2) (2005) 216—-231 Special issue on Program Generation, OptimizatidnAdap-
tation.

Website: FFTWhttp://www.fftw.org

Goto, K., van de Geijn, R.: On reducing TLB misses in matrix multiplicaiAME work-
ing note 9. Technical Report TR-2002-55, The University of Texasuatin, Department of
Computer Sciences (Nov. 2002)

Whaley, R.C., Dongarra, J.: Automatically Tuned Linear Algetotiv@re (ATLAS). In
Proc. Supercomputing. (1998)

Moura, J.M.F., Bschel, M., Padua, D., Dongarra, J.: Scanning the issue: Spesial &
program generation, optimization, and platform adaptation. Proceedfitiys IEEE, special
issue on Program Generation, Optimization, and Adapt&8gp) (2005) 211-215

Bida, E., Toledo, S.: An automatically-tuned sorting library. SofewBractice and Experi-
ence37(11) (2007) 1161-1192

Li, X., Garzaran, M.J., Padua, D.: A dynamically tuned sortingfarIn: Proc. Int'l Sym-
posium on Code Generation and Optimization (CGO). (2004) 111-124

Im, E.J., Yelick, K., Vuduc, R.: Sparsity: Optimization framewfwksparse matrix kernels.
Int'l J. High Performance Computing Applicatiod$(1) (2004) 135-158

Demmel, J., Dongarra, J., Eijkhout, V., Fuentes, E., Petitet,udlu¥, R., Whaley, C., Yelick,
K.: Self adapting linear algebra algorithms and software. Proceediniye 0EEE 93(2)
(2005) 293—-312 Special issue on Program Generation, Optimizatididaptation.
Website: BeBORttp://bebop.cs.berkeley.edu/

Vuduc, R., Demmel, J.W.,, Yelick, K.A.: OSKI: A I|brary of autotizally tuned sparse
matrix kernels. In: Proc. SciDAC. Volume 16 of Journal of Physicenférence Series.
(2005) 521-530

Whaley, R., Petitet, A., Dongarra, J.: Automated empirical optimizatfsoftware and the
ATLAS project. Parallel Computing7(1-2) (2001) 3—-35

Bilmes, J., Asanogj K., whye Chin, C., Demmel, J.: Optimizing matrix multiply using
PHIPAC: a Portable, High-Performance, ANSI C coding methodologyPtoc. Int'l Con-
ference on Supercomputing (ICS). (1997) 340-347

Frigo, M.: A fast Fourier transform compiler. In: Proc. Pragmaing Language Design and
Implementation (PLDI). (1999) 169-180

Franchetti, F., Voronenko, Y.{Bchel, M.: Formal loop merging for signal transforms. In:
Proc. Programming Language Design and Implementation (PLDIP52815-326
Franchetti, F., Voronenko, Y.UBchel, M.: FFT program generation for shared memory:
SMP and multicore. In: Proc. Supercomputing. (2006)



66

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.
36.

37.

38.

39.

40.

41.

42.

43.
44,
45,
46.

Franchetti, F., Voronenko, Y.{IBchel, M.: A rewriting system for the vectorization of signal
transforms. In: Proc. High Performance Computing for Computati8oience (VECPAR).
(2006)

Bientinesi, P., Gunnels, J.A., Myers, M.E., Quintana-Orti, Bh,d@Geijn, R.: The science
of deriving dense linear algebra algorithms. ACM Trans. on Mathem&iofiware31(1)
(2005) 1-26

Gunnels, J.A., Gustavson, F.G., Henry, G.M., van de Geij,: RELAME: Formal linear
algebra methods environment. ACM Trans. on Mathematical Soft24g (2001) 422—-455
Quintana-Orti, G., Quintana-Orti, E.S., van de Geijn, R., Van Z&, Ehan, E.: Program-
ming algorithms-by-blocks for matrix computations on multithreaded arctoites, submit-
ted for publication

Baumgartner, G., Auer, A., Bernholdt, D.E., Bibireata, A., @ifalla, V., Cociorva, D., Gao,
X., Harrison, R.J., Hirata, S., Krishanmoorthy, S., KrishnanL8m, C.C., Lu, Q., Nooi-
jen, M., Pitzer, R.M., Ramanujam, J., Sadayappan, P., SibiryakovSynthesis of high-
performance parallel programs for a class of ab initio quantum chemigidels. Proceed-
ings of the IEEED3(2) (2005) 276—292 Special issue on Program Generation, Optimization
and Adaptation.

Czarnecki, K., Eisenecker, U.: Generative Programming: disthTools, and Applications.
Addison-Wesley (2000)

Lammel, R., Saraiva, J., Visser, J., eds. &immel, R., Saraiva, J., Visser, J., eds.: Generative
and Transformational Techniques in Software Engineering, Int'l @emSchool, GTTSE
2005, Braga, Portugal, July 4-8, 2005. Revised Papers. Volumg dflhecture Notes in
Computer Science., Springer (2006)

Rischel, M.: How to write fast codehttp://www.ece.cmu.edu/ pueschel/
teaching/18-645-CMU-spring08/course.html (2008) Course 18-645, Electri-
cal and Computer Engineering, Carnegie Mellon University.

Cormen, T.H., Leiserson, C.E., Rivest, R.L., Stein, C.: thimbion to algorithms. MIT
Press, Cambridge, MA, USA (2001)

Demmel, J.W.: Applied numerical linear algebra. SIAM (1997)

Tolimieri, R., An, M., Lu, C.: Algorithms for discrete Fourier traoshs and convolution.
2nd edn. Springer (1997)

Hennessy, J.L., Patterson, D.A.: Computer Architecture: An@aséive Approach. Morgan
Kaufmann (May 2002)

Bryant, R.E., O'Hallaron, D.R.: Computer Systems: A ProgramsrPerspective. Prentice
Hall (2003)

Strassen, V.. Gaussian elimination is not optimal. Numerische Mattei3) (1969)
354-356

Coppersmith, D., Winograd, S.: Matrix multiplication via arithmetic pesgions. Journal
of Symbolic Computatio® (1990) 251-280

Blackford, L.S., Demmel, J., Dongarra, J., Duff, I., Hamling, S., Henry, G., Heroux, M.,
Kaufman, L., Lumsdaine, A., Petitet, A., Pozo, R., Remington, K.al&f R.C.: An updated
set of Basic Linear Algebra Subprograms (BLAS). ACM Trans. orihidmatical Software
28(2) (2002) 135-151

Anderson, E., Bai, Z., Bischof, C., Blackford, S., DemmelDbngarra, J., Du Croz, J.,
Greenbaum, A., Hammarling, S., McKenney, A., Sorensen, DPABK Users' Guide. 3rd
edn. SIAM, Philadelphia, PA (1999)

Website: ATLAShttp://math-atlas.sourceforge.net/ .

Website: Goto BLASittp://www.tacc.utexas.edu/general/staff/goto/

Website: LAPACKhttp://www.netlib.org/lapack/

Website: ScaLAPACHKttp://www.netlib.org/scalapack/



47.

48.
49.

50.

51.

52.

53.

54.

55.

56.
57.
58.

59.
60.
61.
62.
63.
64.
65.
66.
67.
68.

69.

70.

71.

72.
73.

67

Blackford, L.S., Choi, J., Cleary, A., D'Azevedo, E., Deninde, Dhillon, I., Dongarra, J.,
Hammarling, S., Henry, G., Petitet, A., Stanley, K., Walker, D., WhaRe€.: ScaLAPACK
Users' Guide. Society for Industrial and Applied Mathematics, Philada]tA (1997)
Website: PLAPACHKhttp://www.cs.utexas.edu/users/plapack/ .
Chtchelkanova, A., Gunnels, J., Morrow, G., Overfelt, J., darGeijn, R.: Parallel im-
plementation of BLAS: General techniques for level 3 BLAS. Conawye Practice and
Experienced(9) (1997) 837-857

Website: FLAMEnttp://www.cs.utexas.edu/users/flame/

Johnson, S.G., Frigo, M.: Amodi ed split-radix FFT with fewer anmtxhtlc operations. IEEE
Trans. Signal Processirid(1) (2007) 111-119

Nussbaumer, H.J.: Fast Fourier Transformation and Convolétigorithms. 2nd edn.
Springer (1982)

Johnson, J.R., Johnson, R.W., Rodriguez, D., Tolimieri, Rmethodology for designing,
modifying, and implementing FFT algorithms on various architectures. ultrSystems
Signal Processing(4) (1990) 449-500

Franchetti, F., Bschel, M.: Short vector code generation for the discrete Fouriesftanm.
In: Proc. IEEE Int'l Parallel and Distributed Processing Symposiupb@S). (2003) 5867
Bonelli, A., Franchetti, F., Lorenz, J.iigchel, M., Ueberhuber, C.W.: Automatic perfor-
mance optimization of the discrete Fourier transform on distributed mermmputers.
In: Proc. Int'l Symposium on Parallel and Distributed Processing appliéations (ISPA).
(2006)

Website: FFTPACHKttp://www.netlib.org/fftpack/

GNU: GSLhttp://www.gnu.org/software/gsl/ .

Mirkovi¢, D., Johnsson, S.L.: Automatic performance tuning in the UHFFT rjbran:
Proc. Int'l Conf. Computational Science (ICCS). Volume 2073 of LSNCSpringer (2001)
71-80

Website: UHFFhttp://www2.cs.uh.edu/ mirkovic/fft/parfft.htm

Website: FFTHhttp://www.ffte.jp .

Website: ACMLhttp://developer.amd.com/acml.jsp .

Website: Intel MKL http://www.intel.com/cd/software/products/
asmo-na/eng/307757.htm

Website: Intel IPP http://www.intel.com/cd/software/products/
asmo-nal/eng/perflib/ipp/302910.htm .

Website: IBM ESSL and PESSlhttp://www-03.ibm.com/systems/p/
software/essl.html

Website: NAGhttp://www.nag.com/

Website: IMSLhttp://www.vni.com/products/imsl/ .

Hill, M.D., Smith, A.J.: Evaluating associativity in CPU caches. |EEBNE. Comput.
38(12) (1989) 1612-1630

Intel Corporation: Intel 64 and IA-32 Architectures OptimizationdRefice Manual. (2007)
http://www.intel.com/products/processor/manuals/ind ex.htm .
Advanced Micro Devices (AMD) Inc.: Software Optimization Guide AMD Athlon 64
and AMD Optero Processors. (200Bitp://developer.amd.com/devguides.

isp .

GNU: GCC:optimization optionshttp://gcc.gnu.org/onlinedocs/gcc/
Optimize-Options.html

Intel: Quick-reference guide to optimization with intel compilers verdion http://
cache-www.intel.com/cd/00/00/22/23/222300 n_222300.pdf

Intel: Intel VTune

Microsoft: Microsoft Visual Studio



68

74. GNU: Gnu gprof manuddttp://www.gnu.org/software/binutils/manual/
gprof-2.9.1/html n_mono/gprof.html

75. Yotov, K., Li, X., Ren, G., Garzaran, M.J., Padua, D., Pind&li,Stodghill, P.: Is search
really necessary to generate high-performance BLAS? Proceatfitigs|EEE93(2) (2005)
358-386 Special issue on Program Generation, Optimization, and Aidapta

76. Wolfe, M.: lteration space tiling for memory hierarchies. In: SIAMnEerence on Parallel
Processing for Scienti c Computing. (1987)

77. Cooley, J.W., Tukey, J.W.: An algorithm for the machine calculatibnomplex Fourier
series. Math. of Computatidl® (1965) 297—-301

78. Ruschel, M., Singer, B., Xiong, J., Moura, J.M.F., Johnson,adu@, D., Veloso, M., John-
son, R.W.: SPIRAL: A generator for platform-adapted libraries ohaigprocessing algo-
rithms. Int'l Journal of High Performance Computing Applicatidi@1) (2004) 21-45

79. D'Alberto, P., Milder, P.A., Sandryhaila, A., Franchetti, F., Hd€., Moura, J.M.F., #schel,
M., Johnson, J.: Generating FPGA accelerated DFT libraries. lie: Bganposium on Field-
Programmable Custom Computing Machines (FCCM). (2007)

80. Milder, P.A., Franchetti, F., Hoe, J.C.udthel, M.: Formal datapath representation and

manipulation for implementing DSP transforms. In: Proc. Design Automationference
(DAC). (2008)

81. Xiong, J., Johnson, J., Johnson, R., Padua, D.: SPL: A égggand compiler for DSP
algorithms. In: Proc. Programming Language Design and ImplememtéRioDI). (2001)
298-308

82. Dershowitz, N., Plaisted, D.A.: Rewriting. In: Handbook of Auté@tReasoning. Vol-
ume 1. Elsevier (2001) 535-610



