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Abstract factor, and loop order, most compilers would com-
pute these values with analytical models referred to
Empirical software optimization and tuning is an a@s model-driven optimization. In contrast, empiri-
tive research topic in the high performance coneal optimization techniques generate a large number
puting research community. It is an adaptive sysf code variants with different parameter values for
tem to generate optimized software using empiricalan algorithm, for example matrix mulplication. All
searched parameters. Due to the large paramébsse candidates run on the target machine, and the
search space, an appropriate search heuristic is anog that gives the best performance is picked. With
sential part of the system. This paper describes tnis empirical optimization approach ATLASI[S8, 9],
effective search method that can be generally applie#liPAC[10], and FFTW[11] successfully generate
to empirical optimization. We apply this method tdnighly optimized libraries for dense, sparse linear
ATLAS (Automatically Tuned Linear Algebra Soft-algebra kernels and FFT respectively. It has been
ware), which is a system for empirically optimizingshown that empirical optimization is more effective
dense linear algebra kernels. Our experiments on fdhan model-driven optimization[12].
different platforms show that the new search scheme 5 requirement of empirical optimization

can produce parameters that can lead ATLAS 10 96z thodologies is an appropriate search heuristic,

erate a library with better performance. which automates the search for the most optimal
available implementation [8, 9]. Theoretically the
. search space is infinite, but in practice it can be lim-
1 Introduction ited based on specific information about the hard-
ware for which the software is being tuned. For
As CPU speeds double every couple of years followxample, ATLAS bounds NB (blocking size) such
ing Moore’s law[1], memory speed lags behind. Behat 16< NB < min(y/L1,80), where L1 represents
cause of this increasing gap between the speedshs L1 cache size, detected by a micro-benchmark.
processors and memory, in order to achieve high persually the bounded search space is still very large
formance on modern systems new techniques suchaas it grows exponentially as the dimension of the
longer pipeline, deeper memory hierarchy, and hypsgarch space increases. In order to find optimal
threading have been introduced into the hardware dases quickly, certain search heuristics need to be
sign. Meanwhile, compiler optimization techniquesmployed. The goal of our research is to provide
have been developed to transform programs writtangeneral search method that can apply to any em-
in high-level languages to run efficiently on moderpirical optimization system. The Nelder-Mead sim-
architectures[2, 3]. These program transformatiopkex method[13] is a well-known and successful non-
include loop blocking[4, 5], loop unrolling[2], loop derivative direct search method for optimization. The
permutation, fusion and distribution[6, 7]. To seGenetic Algorithm [14] is another well-known tech-
lect optimal parameters such as block size, unrollimggue for optimization. We have applied these meth-
ods to ATLAS, replacing the global search of ATLAS
:This work supported in part by the NSF_undgr CNS-032587gith the simplex method and the GA. This paper will
Kno)'?ve"fs”mem of Computer Science, University of Tennesseg, ,\\; experimental results on four different architec-
*Department of Computer Science, University of Tennessd&l€S t0 compare these search techniques with the
Knoxville and Oak Ridge National Laboratory original ATLAS search both in terms of the perfor-




mance of the resulting library and the time requirdslist and faster. We give the discription of the Nelder-
to perform the search. Mead simplex algorithm [16]:

This paper is organized as follows. In Sec-
tion 2, we briefly introduce the Nelder-Mead sim-
plex method. Section 3 describes the implementa-
tion of the algorithm including modifications suitable
for empirical optimization applications. Experimen-
tal results are presented in Section 4. In Section 5,4 At jteration k, we have:
we describe the generic code optimization system and () < FOE) <--- < F(XK)
experimental results. Related work is presented in
Section 6. Finally, conclusions are provided in Sec- e Step 1, Calculate centroid:

tion 7 k 1w ok
' k=5 )X
"2,

2 Simplex Method o Step 2, Reflection:
XK = XK+ p(xk— xX), wherep > 0

e Initialize a non-degenerate simplex of n+1 ver-
tices orR", compute function value or do a mea-
surement at each vertex, order n+1 vertices by
valuef(x).

To solve the minimization problem:
P S F(X) < F(x) < F(x_,), replace X

min f(x) with x€ and go to next iteration;
Where f : R" — R, and gradient information — Else if f(x¥) < f(x), go to step 3;
is not computationally available, Spendley, Hext, — Elseif f(x) > f(xk_,), go to step 4.

and Himsworth[15] introduced the simplex method,

which is a non-derivative based direct search method® Step 3, Expansion:

In an n-dimension spad®, a simplex is a set of n+1 X§ = X§+ X (% — x§), wherex > 1
vertices, thus a triangle iR? and a tetrahedron iR®.

The simplex contracts to the minimum by repeatedly
comparing function values at n+1 vertices and replac- ] _
ing the vertex with the highest value by reflecting it ~ Else replaceq; with ¢ and go to next ter-
through the centroid of the rest of the simplex ver- ation.

tipes and shrinkirjg. We illustrate the basic idea of the | Step 4, Contraction:

simplex method in Figure 1.

— If £(X5) < f(xX), replaced with x§ and go
to next iteration;

— If F(xK) < £(XX),

3 N X = XK+ y(X — x), where 0< y < 1
w I F(4) < F(XK), replacext with x¢
and go to next iteration;
x Else go to step 5.
X, — Else
2 s XX s X X = XK+ y(xk — xX), where O< y < 1

w I F(4) < £(xK), replacext with x¢
and go to next iteration;
x Else go to step 5.

' X e Step 5, Shrink:
X = x5+ a(xk —xE), where 0< 0 < 1

Figure 1: Original simplex inR? where f(x;) > L ; _
f(x2) > f(x3); Reflectx; throughxc, the centroid of 3 Modified Slmplex Search Algo

Xo andxs, to X;; The new simplex consists of, X3 rithm

andx;.
Empirical optimization requires a search heuristic

Nelder and Mead improved the method bfor selecting the most highly optimized code from
adding more moves and making the search more the large number of code variants generated during



the search. Because there are a number of difféd- EXperiments with ATLAS

ent tuning parameters, such as blocking size, un-

rolling factor and computational latency, the resulting this section, we briefly describe the structure of
search space is multi-dimensional. The direct sear&liLAS and then compare the effectiveness of its
method, namely Nelder-Mead simplex method [13§earch technique to the simplex and GA methods.
fits in the role perfectly.

The Nelder-Mead simplex method is a direct Execuion v
.. - . and Matrix Multiply
search method for minimizing a real-valued function Timing Source Code
f(x) for x € R". It assumes the functiofi(x) is
continuously differentiable. We modify the search
method according to the nature of the empirical OPti; e | | iony s sencn 1IN | e
mization technique: Detection g A Generalor
¢ In a multi-dimensional discrete space, the value
of each vertex coordinate is cast from double optmal
precision to integer.

e The search space is bounded by setfifig =
wherex < |, x > u andl, u, andx € R". The
lower and upper bounds are determined based
on hardware information.

Figure 2: ATLAS with global search

e The simplex is initialized along the diagonal of,
the search space. The size of the simplex is ch%‘-l Structure of ATLAS

sen randomly. Figure 2 depicts the structure of ATLAS [8, 9]. By
running a set of benchmarks, ATLAS detects hard-
e User defined restriction conditions: If a point Viyare information such as L1 cache size, latency for
olates the condition, we can simply skX) = computation scheduling, number of registers and ex-
o, which saves search time by skipping codgience of fused floating-point multiply add instruc-
generation and execution of this code variant. jion,.  The search heuristics of ATLAS bound the
global search of optimal parameters with detected
o Create a searchable record of previous executiRgrdware information. For example, NB (blocking
timing at each eligible point. Since executiogjze) is one of ATLAS’s optimization parameters.
times would not be identical at the same sear@TLAS sets NB’s upper bound to be the minimum
point on a real machine, it is very important t@f 80 and square root of L1 cache size, and lower
be able to retrieve the same function value at tigyund as 16, and NB is a composite of 4. The op-
same point. It also saves search time by not hainization parameters are generated and fed into the
ing to re-run the code variant for this point.  ATLAS code generator, which generates matrix mul-
tiply source code. The code is then compiled and ex-
e As the search can only find the local optimatcuted on the target machine. Performance data is
performance, multiple runs are conducted. Ieturned to the search manager and compared with
search space d®", we start n+1 searches. Therevious executions.
initial simplexes are uniformly distributed along  ATLAS uses an orthogonal search [12]. For an
the diagonal of the search space. With the ingptimization problem:
tial simplex of the n+1 result vertices of previ-
ous searches, we conduct the final search with min f(Xg,X2,- -+, %)
the simplex method.

_ _ Parameters; (where 1<i < n) are initialized with
* After every search with the simplex method, weeference values. From to x,, orthogonal search
apply a local search by comparing performangfes a linear one-dimensional search for the optimal

with neighbor vertices, and if a better one igajue ofx; and it uses previously found optimal val-
found the local search continues recursively. yes forxy,xo, -+, Xn_1.



Feature Intel Pentium 4  Intel Itanium 2 IBM Power 4  Sun UltraSparc

Processor Speed 2.4GH 900MHz 1.3GH 900MHz
L1 Instruction 12KB 16KB 64KB 32KB
L1 Data 8KB 16KB 32KB 64KB
L2 512KB 256KB 1440KB 8MB
L3 N A 1.5MB 128MB N A
FMA no yes yes no
(03] Li nux Li nux AlX 5.1 SunCs 5.9
Conpi | er gce 3.3.3 icc 8 xlc 6 gce 3.2

Table 1: Processor Specifications

4.2 Applying Simplex Search to ATLAS on fitness. In our case, each member of the popu-

. lation is a set of parameters and the fitness of that
We have replaced the ATLAS global search with ﬂ"% mber is evaluated by measuring the performance

mod|f|_ed NeIder-Mead_smpIex Se"’!“’h and (.:onduptg the code generated using those parameters. There
experlr_‘nents on four different architectures: Pentlu@ a wide variety of techniques for performing these
?’ Itt_anlumfzt,h Pow;er 4 aln(tjf Sparc Ultrﬁ' Th? S_[‘_)ebcﬂ;'A operations. For example, [17] lists fifteen alter-
Ications ot these four platiorms are shown in fa Wative crossover and eight different mutation opera-

L Gi | ¢ t of ; the A jons. For an application, the Genetic Algorithm may
Ven values for a Set of parameters, e Al rform very differently with different choices of op-
LAS code generator generates a code variant of

. . : Jators and values for the crossover rate, mutation
trix multiply. The code gets executed with randoml

) X ate, initial population, and selection rate.
generated 1000x1000 dense matrices as input. After _. . . . .
Similar to the integration of the simplex search

executing the sear_ch heuristic, the output is a Setégscribed in section 4.2, we replaced the ATLAS
parameters that gives the best performance for that

. search with the GA search. With the same exper-

platform. Figure 3 shows the performance of the bes
. . . imental setup, we gathered performance data and
matrix multiply code variant selected by each of the . -
. search time on the four platforms. We can see in Fig-
two search methods on four different platforms. Thluc,re 4 and 5 that the GA search took more time on
shows that the simplex method can find parameter
all platforms. Furthermore, the performance of the

with better performance. Figure 4 compares the t yrary generated using the GA search was worse for

tal time spent by each of the search methods on th%st platforms, as shown in Figure 3 and Figures 6

search itself. The Itanium2 search time (for all Sea“mrough 9. As we conducted the GA search experi-

techniques) is much longer than the other platfom?r?ents we observed that a simple random search was
because we are using the Intel compiler, which in ogg efféctive asthe GA search Iﬁ our experimentation
experience takes longer to compile the same piece of . : P '

h we were not able to derive a GA strategy that worked
code than the compiler used on the other pIatforrBs

(gec). Figures 6 through 9 show the comparision 0]gatterthan simplex or the original ATLAS search, but

the performance of matrix multiply on different sized'® cannot say no such strategy exists.

of matrices using the ATLAS libraries generated by

the Simplex search and the original ATLAS search. . L .
5 Generic Code Optimization

4.3 Applying GAto ATLAS Current empirical optimization techniques such as
GA (Genetic Algorithm)[14] is a heuristic searctATLAS and FFTW can achieve good performance
method based on the evolutionary process of survilmcause the algorithms to be optimized are known
of the fittest. It starts with a population of individu-ahead of time. We are addressing this limitation by
als each of which is represented by a gene. The genxtending the techniques used in ATLAS to the op-
can be represented as the implementor chooses, thuization of arbitrary code. Since the algorithm to

it is typically a set of numbers or a string of charbe optimized is not known in advance, it will require
acters. It produces the next generation by meanscoimpiler technology to analyze the source code and
crossover, mutation, and selection of offspring basgénerate the candidate implementations. The ROSE
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Figure 4: Search time

rately fed into the timing driver generator which gen-

erates the code that actually runs the optimized code
project[18, 19] from Lawrence Livermore NationaVariantto determine its execution time. The results of
Laboratory provides, among other things, a souraée timing are fed back into the search engine. Based
to-source code transformation tool that can produoa these results, the search engine may adjust the pa-
blocked and unrolled versions of the input codeameters used to generate the next code variant. The
Combined with our search heuristic and hardware iimitial set of parameters can be estimated based on the
formation, we can use ROSE to perform empiricgharacteristics of the hardware (e.g. cache size).
code optimization. For example, based on an auto- Figure 11 shows the results of running an ex-
matic characterization of the hardware, we will dire(ﬁ{austive search over both dimensions of our search
their compiler to perform automatic loop blocking agpace (block sizes up to 128 and unrolling up to 128).
varying sizes, which we can then evaluate to find thghe code being optimized is a naive implementation
best block size for that loop. To perform the evawf matrix-vector multiply. In general, we see the best
lations, we have developed a test infrastructure thakults along the diagonal, but there are also peaks
automatically generates a timing driver for the optialong areas where the block size is evenly divisi-
mized routine based on a simple description of tiige by the unrolling amount. The triangular area on
arguments. the right is typically low because when the unrolling

Figure 10 shows the overall structure of thamountis larger than the block size, the unrolled por-

Generic Code Optimization system. The code is feidn will not be used. After running for over 30 hours
into the loop processor for optimization and sepan a 1.7 GHz Pentium M, the best performance was
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found with block size 11 and unrolling amount 11.
This code variant ran at 338 Mflop/s compared to 231
Mflop/s for the version compiled with gcc.

Of course, due to the large amount of time re-
quired, this kind of exhaustive search is not feasible

especially as new dimensions are added to the seatghiistical point of view, the probability of randomly
space. Consequently we are investigating the simpigxqing better performance than the simplex average
method as a way to find an optimal set of parametgigse (294 Mflop/s) is 0.079% and the probability of
without performmg an exhaustive search. The Siffandomly finding better performance than the sim-
plex search technique works the same in this apRlirex worst case (273 Mflop/s) is 2.84%. While the
cation as it does when applied to ATLAS except i§implex technique generally results in a code variant
this case we only have two parameters. To evalug{fh, less than optimal performance, the total search

the effectiveness of the simplex search technique, yge is only 10 minutes compared to over 30 hours
performed 10,000 runs and compared the results Wih} the exhaustive search.

the true optimum found during the exhaustive search.

On average, the simplex technique found code vari-

ants that performed at 294 Mflop/s, or 87% of th6@ Related Work

true optimal performance (338 Mflop/s). At best, the

simplex technique can find the true optimum, but th@bere are several projects that adopt an automatic
only occurs on 8% of the runs. The worst case wagrformance tuning strategy to produce highly opti-
273 Mflop/s, or 81% of the true optimum. From anized libraries, but with different approaches to the

Figure 10: GCO Framework



tion system, we have found that the simplex method
converges relatively fast and produces good results
for both.

Pentium M 1700 MHz MatrixVector Mutiply

7 Conclusion

Empirical optimization has been shown to be an ef-
fective technique for optimizing code for a particular
platform. Since the search heuristic plays such an im-
portant role in the system, existing empirical tuning
software such as ATLAS [8, 9], PHIPAC [10], and
FFTW [11] each have their own search strategy. Our
research provides a generic way to search for the op-
timal parameters and it could be extended to Direct
Search Methods such as pattern search methods and
methods with adaptive sets of search directions [21].
This paper has demonstrated the effectiveness
of the simplex search strategy with ATLAS and the
Figure 11: Exhaustive Search of Matrix-Vector Mul—Generic que Optimizatiqn SVSte”_" butin th_e future,
tiply Code we _would like to evaluate_lts effectiveness with _other
tuning systems. Also, while the GA approach did not
turn out to be as effective, it has the advantage of be-

heuristic search. PHIPAC[10] is a methodology fdPg naturally parallellizable. We are planning to im-
developing High-Performance linear algebra librariédeément a parallel version of the GA to be run on a
in ANSI C. It searches for the optimal block size§luster of identical machines.

starting from register level (LO cache), then L1 cache,

L2 cache, and SO on. A random search strategy]j?eferences

used for searching the LO search space and a sim-

ple heuristic—t_)ased seargh is usgd for the other Igvel&] Gordon E. Moore.
ATLASI8, 9] is an empirical tuning system, which
generates an optimized BLAS library. ATLAS first
bounds the search space based on hardware informa-
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tion detected by microbenchmarks. It then uses af?]
orthogonal search, which starts with an initial set of
parameters and searches for the optimal value for one
parameter at a time and keeps the rest unchanged. 1{3
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discrete Fourier transform (DFT). Its search strategj4]
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