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Abstract—This paper describes the application of various candidates are run on the target machine and the one that
search techniques to the problem of automatic empirical coel gives the best performance is picked. This helps to cope with
optimization. The search process is a critical aspect of aottuning differences in CPU characteristics by adapting the tuning t

systems because the large size of the search space and the co . . .
of evaluating the candidate implementations makes it infesible ?ne results obtained. To target a new architecture, thexguni

to find the true optimum point by brute force. We evaluate Process is simply performed on that machine. With this em-
the effectiveness of Nelder-Mead Simplex, Genetic Algotims, pirical optimization approach ATLAS[7], [8], PHIPAC[9]nal

Simulated Annealing, Particle Swarm Optimization, Orthogonal  FFTW/[10] successfully generate highly optimized librarier
search, and Random search in terms of the performance of the jenge, sparse linear algebra kernels, and FFT respectively
best candidate found under varying time limits. . . oL .
One requirement of empirical optimization methodologges i
an appropriate search heuristic, which automates thelséarc
the optimal implementation [7], [8]. Theoretically the sefa
Modern CPU design has been driven by a balance gppace could be infinite, but in practice it can be limited
many factors, such as cost, power consumption, heat, dwabed on specific information about the hardware for which
performance, which leads to many slight differences inrthahe software is being tuned. For example, ATLAS bounds
characteristics — clock speed, the number of cores per chi{B (blocking size) such that6 < NB < min(v/L1,80),
existence of hyper-threading, cache size and assodativithere L1 represents the L1 cache size, detected by a micro-
number of functional units, latencies, etc. Traditionally benchmark. Usually the bounded search space is still very
achieve the best performance, the developer had to hamd-tlarge and it grows exponentially as the number of dimensions
the code with these characteristics in mind and would hairethe search space increases. In order to find optimal cases
to repeat the process for each target architecture. The- hagdickly, certain search heuristics need to be employed. The
tuning process is very time consuming, often non-portablgoal of our research is to provide a general search infras-
and requires the kind of expertise that only a limited numbé&ucture and heuristics that can be applied to many empirica
of programmers possess. Meanwhile, the compiler communitptimization tasks. In this paper, we present the results of
has developed optimization techniques to transform prograapplying several such search techniques to the empirical
written in high-level languages to run efficiently on theseptimization of two dense linear algebra routines using fou
modern architectures [1], [2]. Some of these program tansf different search spaces.
mations include loop blocking[3], [4], loop unrolling[llpop
permutation, fusion and distribution[5], [6]. To selectraae-
ters for transformations such as blocking and unrollingsmo Current empirical optimization techniques such as ATLAS
compilers use analytical models. This is commonly refeteed and FFTW can achieve good performance in part because
as model-driven optimization. While compiler optimizaio the algorithms to be optimized are known ahead of time, so
are certainly beneficial (and require essentially no effimmn problem-specific techniques can be applied. In our research
the user), the compiler models may not be accurate or up-tee would like to address this limitation by applying the
date with the newest hardware, leading to code that does tethniques used in ATLAS to the optimization of arbitrary
achieve peak performance. In contrast with the model-driveode. Since the algorithm to be optimized is not known in
approach, empirical optimization techniques generatagelaadvance, it will require compiler technology to analyze the
number of code variants with different parameter valuesaforsource code and generate the candidate implementatioas. Th
given algorithm, for example matrix multiplication. Allélse ROSE project[11], [12] from Lawrence Livermore National
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Laboratory provides, among other things, a source-toesour I1l. SEARCH SPACE

code transformation tool (LoopProcessor) that can producegefore introducing the search techniques, we discuss the
blocked and unrolled versions of arbitrary C input code. Thgyde to be tuned and the search spaces involved. The two
POET project [13] provides similar functionality excepéthit routines we will optimize are matrix-matrix multiplicatio
takes as input a specification of the valid transformatian agng matrix-vector multiplication (both dense). We starthwi
allows generating parameterized source code as outpwe Sig naive C implementation, which can be fed directly into
the input specification already indicates the valid trams> {he ROSE LoopProcessor or converted by hand to a POET
tions, there is no analysis overhead, thus the code geoeralipecification. Either way, the result will be a transformed C

is much faster than with the ROSE LoopProcessor. For thajplementation, which is compiled with the user’s choice of
reason, the results in this paper were obtained using POEgdmpiler,

but the generated code is essentially the same.
TABLE |
SUMMARY OF THE SEARCH SPACES

Source Code
Specification Code Dimension Bounds

Matrix-matrix | i, j, and k loop blocking| 2 - 128
! 1) Unroll Amount 2-128
Timing Driver POET or ROSE | Matrix-matrix | i loop blocking 2-128
Generator Code Generator j loop blocking 2-128
k loop blocking 2-128
, Unroll Amount 2-128
Code Variant Loop order 1-6

Driver Block/Unroll/etc Matrix-matrix | i loop blocking 2-128
j loop blocking 2-128
T k loop blocking 2-128
. Unroll Amount 2-128

Compiler Loop order -

(gee, ice, ete) Compiler flags -

Compiler flags -

4 Compiler flags -

Search Engine Compiler flags
Compiler flags
Compiler flags

Optimal Parameters

Compiler flags
Fig. 1. GCO Framework

Compiler flags
Compiler flags
Compiler flags
Compiler flags
Compiler flags
Compiler flags
Compiler flags

Combined with our search techniques and other infrastruc- Compiler flags
ture, we can use POET (or any other parameterized code : Compiler flags
- L Matrix-vector | i loop blocking

generator) to perform empirical code optimization. To parf
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. . j loop blocking - 128
the evaluations, we have developed a test infrastructae th Unroll Amount - 128
automatically generates a timing driver for the optimized-r Loop order -

tine based on a simple description of the arguments. We refer

to the overall system formed by combining of all these parts Given the same code, we can define the search space in
Generic Code Optimization (GCO). As illustrated in Figure 1, different ways. See Table | for a summary of the search
the code is first fed into POET or the ROSE LoopProcessor fgpaces. For the matrix multiplication case, we have defined
optimization and separately fed into the timing driver gat@ three search spaces. The first search space has two dimgnsion
which generates the code that actually runs the optimizdd cdlocking and unrolling. Having a single blocking dimension
variant to determine its performance. The performancdtesuneans that all loops are blocked at the same amount. The next
are then fed back into the search engine. Based on thesarch space includes separate blocking dimensions|ingrol
results, the search engine will adjust the parameters usedahd loop order. The loop order dimension represents the
generate the next code variant. The initial set of pararmet@ossible reorderings of the loops (e.g. 1 = ijk, 2 = ikj, etc.)
could be estimated based on the characteristics of the haedwlhe last search space for the matrix multiplication case in-
(e.g. cache size) or could be selected based on the rules ofdludes 16 dimensions of compiler flags. For the matrix-vecto
search technique being used. The search engine also decidaKiplication case, we have defined one search space simila
when to stop the search process, whether dictated by the usethe matrix-matrix case. The bounds of each dimension are
(time limits) or dictated by the results (lack of improvertjen sometimes rather arbitrary, but in other cases, the bounds



are dictated by the capabilities of the code generator or taedifferent unrolling amounts. We found two events that had
characteristics of the code being tuned. a correlation with the drops in performance. First, Figure 3
The two dimensional search space for the matrix-matrshows the number of branch mispredictions. As previously
case was chosen to be feasible to exhaustively search so thahtioned, when the unroll amount becomes larger than the
we can compare the results of the search techniques with bieck size, it falls into the clean-up loop, which corresgsn
real optimum point within the search space. The platformith the drop in performance at unroll amount 81, but it does
used for the experiments is a 2.66GHz Intel Xeon X535%0t correspond with the area of low performance from unroll
running Fedora Core 6 (kernel 2.6.22-10-perfctr), PAPI®B.6 amounts 3 to 20. However, we found a second event that does
and using gcc 4.1.2 for all compilations. Although the CPU isorrespond with that area. Figure 4 shows the number of times
guad-core, we are only tuning single-threaded performancdhe Reservation Station (RS) is full. The RS is responsible
for buffering instructions until they can be sent to one of
M Ml o el Yeon XS355: 266Kz the functional units. So, a high number of RS Full events
can signify pipeline stalls due to cache misses or due to poor
instruction scheduling. Our measurements did not indieate
correlation with cache misses, so the performance dropseem
to be a result of the interaction between the way we are
transforming the C code and the compiler used to generate
the executable. To verify this, we ran the unroll tests with
different compilers, as shown in Figure 5. The interestimgg
is that gcc 4.3 and icc 9.1 do not exhibit the same drop in
performance above unroll amount 80 as gcc 4.1 does. Perhaps
these compilers are better at optimizing the simple clgan-u
loop than the big unrolled loops, although for smaller uhrol
amounts, there is a performance benefit. This illustrates an

i I
““““‘“v|ﬁ‘?ﬁﬁ‘l‘i‘}ﬁi‘f\i'iiﬁi‘lﬁ'!i‘lﬁ\i\i‘ﬁ\‘ﬁ'lmuu;‘ﬁi‘l‘ﬁi‘l‘a'l'ummuuul|mnmummummu _
D

Blocking important point about empirical tuning - as much as you are
Unroling tuning for the architecture, you are also tuning for the cibenp
as well.

Fig. 2. Two-dimensional Search Space of Matrix Multiply
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Figure 2 shows the results of running an exhaustive search o7
over both dimensions of our search space (block sizes up to ‘;
128 and unrolling up to 128). The x and y axes represent 257,
block size and unrolling amount, while the z axis represent§
the performance in Mflop/s of the generated code. The code **”
being optimized is an implementation of square matrix-matr
multiplication (N=400). The dimension size is relativeimall
to allow faster evaluations at each point while being largé
enough to ensure repeatable timings. In general, we see tEle
best results along the blocking axis with a low unrolling
amount as well as along the diagonal where blocking and
unrolling are equal, but there are also peaks along areaewhe .
the block size is evenly divisible by the unrolling amounieT L L
best performance was found with block size 80 and unrolling
amount 2. This code variant ran at 1459 Mflop/s compared to

778 Mflop/s for the naive version compiled with gcc. _ )
Examining the plot, we notice two obvious characteristics, hile the exhaustive search we have done can reveal a lot

First, the triangular area on the right is typically low and’f |n.terest|ng things about the sear_ch Space, It Is not l-;sual
flat. This area represents all the points where the unroIIilf@aS'bl_e due_to the large amount of time required, espgaal
amount is larger than the block size. A possible reason tH&W d|menS|o.ns are added to the sear-ch space. Consequently
performance is relatively low in this area is because !l research involves investigating various search tegfes

unrolled portion will not be used when the unroll amourif find an optimal set of parameters without performing an
is larger than the block size. It falls through to the clegn-ifxhaustive search.

loop, which is not unrolled at all in the source. The second
glaring characteristic of the plot is the trough running@dhe
blocking dimension. To investigate this, we picked one kloc Essentially in GCO, we are trying to solve an optimization
size (80) and measured various CPU performance countpreblem of the function:
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Fig. 3. DGEMM Branch Misses
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RS (Reservation Station) Full Events in DGEMM (Block Size 80) Vertex Wlth the hlghest Value by ref|eCtIng It through the
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T — centroid of the rest of the simplex vertices and shrinking. W
20108 [} 1500 illustrate the basic idea of the simplex method in Figure 6.
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DGEMM (Block Size 80) Unrolling with Different Compilers
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1800 [ Geeaso o | Fig. 6. Original simplex inR2 where f(x1) > f(x2) > f(z3); Reflect
X Intel icc 9.1.043 ------
: x1 throughz., the centroid ofry andxs, to z,-; The new simplex consists
1700 ¢ M 1 of 2o, 3 and z-.
1600 %5{;( ’@{x%*@“% fs
1500 WHM*WW% _— Nelder and Mead improved the method by adding more

moves and making the search more robust and faster. We give
the description of the Nelder-Mead simplex algorithm [16]:

« Initialize a non-degenerate simplex of n+1 vertices on
R™, compute function value or do a measurement at each
vertex, order n+1 vertices by valy&z;).

« At iteration k, we have:

faf) < flaf) <o < flaf)

0 10 20 30 40 50 60 70 80 % 100 . Step 1, Calculate centroid:
n
o Step 2, Reflection: =

Unroll Amount
Fig. 5. DGEMM Performance for Different Compilers
ak =2k 4 p(z¥ — 2F), wherep > 0

[y, 2z, ) —If f(zk) < f(zF) < f(zk_,), replacez® with z*
and go to next iteration;
— Else if f(zF) < f(:co) go to step 3;
— Else if f(z¥) > f(z¥_,), go to step 4.
ansmn
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The parameters; throughz,, represent the code generation
options, such as block size and unrolling amount. Typically
these are integer values, but in some cases could be real
numbers. The value of the function is the performance of the* St€p 3, EXp

code generated using that set of parameters. Performance ca wf = af + x(af — xg), wherex > 1

be evaluated in many ways, but the results presented in this — If f(zF) < f(zF), replacerfl with 2% and go to next
paper are based on using PAPI [14] to measure floating point iteration;

operations per second. — Else replacer® with z* and go to next iteration.

« Step 4, Contraction:
= If f(z7) < f(2p),
o =k + (2% — 2¥), where0 < v < 1
x If f(zF) < f(2F), replacez® with 2F and go to
next iteration;
min f(x) x Else go to step 5.
— Else

A. Nelder-Mead Smplex Method

Spendley, Hext, and Himsworth [15] introduced the simplex
method, which is a non-derivative based direct search ndetho
to solve the minimization problem:

where f : R" — R, and gradient information is not compu- k X X X
tationally available. In an n-dimension spaRe a simplex is oy = we +y(r, —ac), where0 <y <1
a set of n+1 vertices, thus a triangleR? and a tetrahedron « If f(zf) < f(a3;), replacezy; with =} and go to
in R3. The simplex contracts to the minimum by repeatedly next iteration,

comparing function values at n+1 vertices and replacing the + Else go to step 5.



o Step 5, Shrink: There is a wide variety of techniques for performing these
ok =ak + o2k — 2k), where0 < o < 1 GA operations. For example, [17] lists fifteen alternative
. _ crossover and eight different mutation operations. Fowvaryi

B. Genetic Algorithm application, the GA may perform very differently with dif-

The Genetic Algorithm (GA) is a search method based g&rent choices of operators and values for the crossover rat
the evolutionary process of survival of the fittest. It ftanith  mytation rate, initial population, and selection rate.
a population of individuals, each of which is representedby
gene. The gene can be represented as the implementor chodseSimulated Annealing
but it is typically a bit field, a set of numbers, or a string of Simulated annealing [18] is a search heuristic based on the
characters. In our case, each member of the population isamealing of substances such as metals. Since its intioduct
array of parameters and the fitness of that member is evaluatehas been used in a variety of applications, including cir-
by measuring the performance of the code generated usingt layout and classical optimization problems like tiavg
those parameters. salesman. In the annealing process, the substance undergoe

The initial population is usually generated randomly, buf series of heating and cooling cycles to alter its internal
could be initialized with specific areas of the search spacestructure, which results in a change in the characterisfitise
mind if the problem characteristics are known in advance. material (e.g. making it less brittle). In simulated aniegl
GCO, we start with a random population of 40 candidates. Tkite heating and cooling phases are simulated by means of a
number is relatively small due to the time required to evi@uaglobal “temperature” setting. When the temperature is high
each point. If it is too big, we could run out of time beforehe system is more likely to allow a change in state, simiar t
the GA is allowed to evolve much. Given a longer time limitthe movement of atoms in the heated material. As it gradually

the population size can be increased. cools, the system should converge to a state of minimum
energy. In terms of GCO, that means high temperatures
Crossover Operation encourage moving to a new part of the search space and
choosing new code generation parameters. During the @polin
‘16‘ 3# Zd lé é ‘40‘ 96‘ 1# 4%1 # phase, it should become less likely to move, thus converging

on the code variant with the best performance.
As with the genetic algorithm, simulated annealing has a

‘ 16‘ 3# 1# 4% # number of configurable aspects, which can affect the perfor-
mance of the search process.
Mutation Operation « The annealing schedule determines how the tempera-
ture is adjusted throughout the simulation. In [18], it
‘64‘ 6‘ 1é 9? i 64‘ 6‘ 1# 8%3 i is described as a process of moving from a melted

state towards a freezing state such that each intermediate
temperature is held long enough for the state to reach
equilibrium. For GCO, we implement a straightforward
Fig. 7. GA Operations annealing schedule by reducing the temperature as the
search time limit decreases.
After .the_ initial population is evaluated, each successive, The acceptance probability is a function that determines
generation is formed by means of several operators. the probability of accepting a new configuration. In GCO,
« The crossover operator merges two genes to produce an rather than using a probabilistic function, we use a
offspring gene, similar to reproduction in nature. Since threshold function.
the genes are represented as arrays of parameters, we The neighbor selection function chooses the next poten-
split two genes at a random point in the array and form tial configuration. In GCO, we choose neighbors some-
a new gene from the beginning of one array and the end what randomly, except that as the temperature decreases,
of the other (see Figure 7). the choices will be closer to the current point.
« Themutation operator affects a single member of the pop- ) L
ulation and produces a mutated version of that memb&. Particle Swarm Optimization
With a low probability, we choose a member and alter Particle Swarm Optimization has its origins in the simula-
one of the parameters slightly (see Figure 7). tion of social behavior, particularly the flocking or swanmi
« The selection operator is responsible for the “survival ofpatterns of birds [19]. For example, it appeared that thinoug
the fittest” aspect of the GA. After each generation, gome form of social cooperation, many birds were able to flock
decides which members will be carried over to the nexbgether and converge on a food source even with no prior
generation. We choose the members with the best pknowledge of its location. As applied to the optimization of
formance, excluding the lowest performing members ® function, PSO consists of a population of particles flying
make room for the new members generated via crossoti@rough hyperspace, each one represented by a position and
and mutation. velocity. The particle retains a memory of the best position



it has visited, but it is also aware of the best position fourgkarch engine reverts to random search. The determination i

by neighboring particles and the best position found by amyade by estimating the average time required per evaluation

other particle (i.e. the current global best). The partice

simultaneously drawn towards the global and local besttpoir%: - Random

based on some magic numbers that define the relative strengtth random search, each point is chosen completely at

of the different attractions. random and its performance has no impact on subsequent
In GCO, we define the initial population randomly, withselections. Random search is used as a baseline to which

the number of members being based on an estimate of @ compare the other search techniques. To be considered

number of evaluations that can be done before the time lingffective, a search heuristic should be able to do better ¢ha

is exceeded. If the population is too large for the time limifandom number generator.

the particles will not have a chance to move around much. In

our implementation, we do not have multiple neighborhoods ] )
— the whole population is essentially one neighborhood. At To evaluate the various search techniques, we performed

each iteration, the performance of every particle is evatlia searches of the spaces described in Section Ill. Unless-othe

and the velocities are updated based on the results acgordifise specified, the experiments were performed on a 2.66GHz
to the following formula. Intel Xeon X5355 running Fedora Core 6 (kernel 2.6.22-

10-perfctr), gcc 4.1.2, and PAPI 3.6.0. Each point on the
graphs presented here represents the average of 10 runs of
each search technigue within the specified run-time canstra
t (either limited by time or by the number of evaluations to be
performed).

V. EXPERIMENTAL RESULTS

Vi1 = w - v; + ¢1 - 11 - (BestPlipear — Pti)
+co - 1o - (BestPtgiobar — Pt;)
Pty = Pt; +vi1
Whereuw; is the velocity of particle, Best Pt,cq is the bes
point seen by particlé, BestPtg004 IS the best point seen by
any other particler; andr, are random numbers uniformly
distributed betweer0.0,1.0), w is a weight to influence the .5

Average DGEMM Performance Found in 2 Dimensional Search Space

T T T T " T
Simulated Annealing —+—

importance of the previous velocity, and andc, are weights . Genetic Algorfm -
. . . r Orthogonal ---* <

to influence the importance of the best point seen by the e anaom =~
1480 Simplex ---e-- -

particle versus the best point seen globally.

Although we did not experiment with tweaking the magic
numbers, we did have to try a few techniques for handling s
points that stray out of bounds. There are several techgiqué so
described in [20]. You could let the point stay out of bounds, 1440
but give the resulting performance an artificially bad value
(such as infinity) or simply place it back in the search space
randomly. We experimented with placing the point on the
boundary where it exited the search space, but they tended»
to get stuck, so we ended up making them “bounce” a bit off 00 " o - " -
the bound back into the search space. Number of Evaluations Performed

Fig. 8. Average DGEMM Performance Found in 2 Dimensionalr&ea
Space
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E. Orthogonal

In orthogonal search, one dimension is optimized while First we examine the results of tuning matrix multiply
keeping the other dimensions constant. Then each suceessivthe two dimensional search space. The methodology is
dimension is optimized while retaining the best values fa bit different in this case compared to the others that will
the preceding dimensions. Naturally the main problem e presented. Since we had already performed an exhaustive
determining the order in which the dimensions are optimizesearch of this space, we decided to run the searches on the dat
In some systems such as ATLAS, the meaning of eatfat had already been collected. This would allow comparing
dimension is known ahead of time, so the order can be bathd best case found by the search to the absolute best point
on experience and reasoning about the interactions betw@erihe search space, which turned out to be 1459 Mflop/s.
the transformations. The GCO search engine does not knbaoking at Figure 8, above 600 evaluations, the orthogonal
what the dimensions represent, so it just optimizes them search consistently hits the maximum point. The others are
the order specified by the user. If the time limit has not beenbit worse, but only by a few percent. Even random search
exceeded, the search can start over at the first dimensdwes quite well. We speculated that random performs well
using all the previous best values. If the search converdescause there are a lot of points that perform fairly close to
on one set of parameters and there is still time remainirthe global maximum. To verify this, we plotted a histogram
it starts a new iteration with randomly chosen parametérs.df the performance of all the points in the two dimensional
there is not enough time to complete an entire iteration ef tisearch space, shown in Figure 9. There are 182 points out of
orthogonal search (i.e. one pass through each dimenskan), the total 16129 points which have a performance within 5% of



the max'mum. SO If we thlnk Of It as a blnomlal experlment, Average DGEMM Performance Found in 5 Dimensional Search Space

2150 T T T

the probability of finding at least one point within 5% of the " simulsted Arnealing ——
maximum by doing 100 evaluations would be around 68%, zw | paricle Sharm 3 1
which closely matches our observations (7 of the 10 runsdoun | | simplex o= |
points within 5% of the maximum). By the time we reach 500

evaluations, the probability is over 99%. Therefore, it egus 2000 | g

that this two dimensional search space is a relatively easy 0¢
to search and even a random search is likely to give good
results. 1900 -
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Fig. 10. Average DGEMM Performance Found in 5 Dimensionar&e
Space

Num Cases

setting, so changing it does not improve the performancenEv
when more iterations can be done, it does not improve much
because it retains the bad value picked in the first iteration
To measure the effect of the dimension ordering, we ran a
quick experiment in which we sorted the dimensions based
o i h.. - ... i - on size so that the loop order dimension came first. Running

e the orthogonal search again with a time limit of 15 minutes

produced an average performance of 1000.2 Mflop/s versus

Fig. 9. Histogram of Matrix Multiply Performance (ExhawstiSearch)  774.7 Mflop/s for the unordered dimensions.

The next case we will examine is the five dimensional search Average DGEMY Performance Found in 4 Dimensional Search Space
space for matrix multiply. As summarized in Table I, this ' ' ' " Simulated Anresling ——
search space has separate blocking dimensions, an ugrollin s - parice Soarm 5 1
dimension, and a loop order dimension. There is very little | Simplex o=~ |
separation between the various search techniques in thés ca & s

as shown in Figure 10. Only Particle Swarm Optimization 9o 1
appears to have a consistent advantage, but even that é quit :
small (on the order of a few percent). We do not have &
visualization of this search space since it is not feasible t o =7

exhaustively search it, but one possible reason PSO dosés a bi

900 |

gof e T R

better here is because the swarming activity tends to peduc S

a better local search around the maximum points. mofr 1
The four dimensional matrix-vector multiply case is very . ) ) ) ) )

similar to the five dimensional matrix multiply case just 0 s 10 s » » %

Search Time in Minutes

discussed. As Figure 11 shows, PSO does well and mOStF%f. 11. Average DGEMV Performance Found in 4 Dimensionar&e

the others are grouped together. The main difference in tiigace

case is the poor performance of the orthogonal searchrissta

off doing well because for short time limits, it estimateatth Since we were not getting much separation between the
full orthogonal search is not possible, so it reverts to cand various search techniques, we decided to try to vastly asere
search. Thus for the 1 and 5 minute searches, the results theesearch space to make it more difficult. We had already used
almost identical to the random search results. At 15 minutell the available code transformation options, so we added 1
and above, there is enough time to do at least one iteratidimensions of compiler optimization flags to the mix. Most
of the orthogonal search, but it picks a bad value for the last these dimensions are small — either the feature is enabled
dimension, which only has two values (representing the logp disabled — but some of them have a range of values (e.g.
order). It starts the search with the last dimension set ¢o tbhptimization level 0, 1, 2, 3). From Figure 12, we can see
lower bound and optimizes the first three dimensions basedtbat we did not get the separation we were hoping for. The
that. So, by the time it reaches the last dimension, the puavi orthogonal search still shows some suffering because of the
dimensions have been optimized to work well with the curresmall discrete dimensions at the end of the search space.



Simplex can be a little erratic for low time limits (espetyal library for computing the discrete Fourier transform (DFIT
when the number of dimensions is high) because it may rsstarch strategy is called dynamic programming, which takes
be able to complete at least one full iteration of the Simpleadvantage of the recursive nature of the problem and sakitio
algorithm within the allotted time. Unlike orthogonal selar of smaller problems can be used to construct solutions gétar
we do not have an easy prediction of the number of evaluatigm®blems. SPIRAL[21] generates highly optimized code for
that Simplex will need to do, so we cannot determine when broad set of digital signal processing transforms. It uses
it would be beneficial to revert to random search for lowlynamic programming primarily, but when that fails, it has
time limits. After some experimentation, it turns out thaseveral other methods to fall back on (e.g. genetic algosth
most of the flags have very little effect on the performancand random search). A genetic algorithm approach has also
so that is probably why the search techniques are groupsekn used for selecting the best sequence of optimizations
together once again. The promising aspect of this expetimapplied within a traditional compiler [22] and for optinmig

is that the performance is up to almost 2400 Mflop/s witthe set of flags to specify [23].

the optimization flags, versus 2000 Mflop/s without them (the Other research has focused on deriving a mathematical
previous experiments were all done using onlgB). Most model for ATLAS [24] and achieved performance nearly as
of that gain came from thef unrol | -1 oops flag, but it good as the empirically optimized version on certain platfe.

is interesting to note that the selection of compiler flag®al There has also been some research on combining analytic
affects the selection of the best code generation paraspetenodels with an empirical search. In [25], an analytic model
so we found that it is useful to tune them in conjunction witbf ATLAS was refined with an empirical search, leading to

each other. shorter search time than ATLAS with higher performance than
the purely analytic approach. Our goal, however, is to dgvel
s500 Average DGEMM Performance Found in 21 Dimensional Search Space a generlc tun|ng and Search Infrastructure that |S ad@mbl
S enete Algortr a variety of different applications.
2450 1 Particc):Ir;hggv(;\r;;I ) ; b
i VIl. CONCLUSION

2400 + —

In this paper, we have examined a variety of search
heuristics and applied them to several practical empirical
tuning tasks. The experiments have demonstrated that for
a very modest investment in search time (15-30 minutes),
the performance can be more than tripled compared to the
naive C implementation. As the code generators for auiomat
empirical tuning become more sophisticated and the search

2350

2300

Mflop/s

2250

2200

2150

200 | . spaces consequently grow, having effective search teabsiq
2050 ‘ ‘ ‘ ‘ ‘ will become increasingly important.
0 s o s 2 » % The strength of random search (and our subsequent exami-
earch Time in Minutes ) ) 3 ) .
Fig. 12. Average DGEMM Performance Found in 21 Dimensioredrgh _nat_lon of the distribution of performance m_ the S_earCh_ S_D)aC
Space indicates that the search spaces are not incredibly diffieul

there are many points with performance within 5% of the
true maximum. Even trying to artificially make the search
VI. RELATED WORK more difficult by adding many dimensions of compiler flags

There are several projects that adopt an automatic pdid not result in a big distinction between the random search
formance tuning strategy to produce highly optimized liand other methods, although as we mentioned, many of those
braries, but with different approaches to the heuristiimensions were probably not very influential. PSO had a
search. PHIPAC[9] is a methodology for developing Highelear (though modest) advantage in some of the experiments,
Performance linear algebra libraries in ANSI C. It search@g®ssibly because the swarming provides a kind of local searc
for the optimal block sizes starting from register level (LOunctionality towards the end of the cycle. Another obsgora
cache), then L1 cache, L2 cache, and so on. A random seasclthat some of the dimensions have their best performance
strategy is used for searching the LO search space andheamr the bounds and PSO tends to search these areas well
heuristic-based search is used for the other levels. ATZAS[due to the way it handles the positioning of particles that
[8] is an empirical tuning system which generates an optihizgo out of bounds. In other cases, the orthogonal search had
BLAS library. ATLAS first bounds the search space based @m advantage, but it suffered when the dimensions were not
hardware information detected by microbenchmarks. It themdered well.
uses an orthogonal search, which starts with an initial setWe have not spent much time trying to tweak the search
of parameters and searches for the optimal value for oskategies, so it is possible that with more effort, we could
parameter at a time and keeps the rest unchanged. After egeh more of an improvement over random search. Since
one-dimensional linear search, the selected parametae vahe tweaks could work well for certain search spaces, but
will be preserved. FFTW[10] generates a highly optimizebe worse on others, it would be worthwhile to do more



experiments to determine a good set of general parametdrs thi] Q. Yi and D. Quinlan, “Applying Loop Optimizations to @ézt-oriented
would work well for many tuning problems. Based on some
initial experiments, a modified orthogonal search thatsstbre
dimensions based on size could be a strong technique. We [@2g D. Quinlan, M. Schordan, Q. Yi, and A. Saebjornsen, ‘Glfication and
also interested in looking into hybrid and adaptive techag]

The orthogonal search is a rudimentary example — it can adapt

to the search time limit by falling back on random search whéets]
it estimates that a full iteration cannot be completed. Hmxe

perhaps we could use one search to “prime” another o
switch techniques in mid-stream, or combine search teci@siq

in other ways.
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