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Overview

Most modern compilers operate by applying a fixed
sequence of code optimizations, called a compilation
sequence, to all programs. Compiler writers deter-
mine a small set of good, general-purpose, compila-
tion sequences by extensive hand-tuning over partic-
ular benchmarks. The compilation sequence makes a
significant difference in the quality of the generated
code; in particular, we know that a single univer-
sal compilation sequence does not produce the best
results over all programs [1, 2, 5, 6]. Three questions
arise in customizing compilation sequences: (1) What
is the incremental benefit of using a customized se-
quence instead of a universal sequence? (2) What is
the average computational cost of constructing a cus-
tomized sequence? (3) When does the benefit exceed
the cost?

To answer these questions, we must develop a
good understanding of how quality of the generated
code varies with the choice of compilation sequence
over the entire space of sequences for a given pro-
gram. In particular, we need to know (1) What per-
centage of the set of possible compilation sequences
falls within a specified neighborhood of the true op-
timum sequence? (2) How are these nearly opti-
mal sequences distributed in the sequence space? Do
good sequences cluster in particular regions of the
space? Or are they distributed evenly? (3) Is the
sequence space riddled with shallow local minima?
Can random sampling in the space reliably achieve
near-optimal solutions? More importantly, we need
to know if there are structural properties shared by
compilation sequence spaces for a broad range of pro-
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grams. Knowledge of common structural features
of the space of compilation sequences enables iden-
tification of algorithms that find nearly optimal se-
quences with high probability. The cost of building
customized sequences can then be reliably estimated.
In this paper, we empirically investigate the space
of compilation sequences for a variety of programs.
These include fmin and zeroin, as well as several
programs from the Media and Spec benchmarks. fmin
and zeroin are small enough to permit exhaustive
enumeration of an interesting subspace of compila-
tion sequences. We analyze this exhaustive data to
identify some important properties of the compila-
tion sequence space. About 15% of the sequences
are within 10% of the optimum and about 30% of
the sequences are within 20% of the optimum. There
are many local minima in the sequence space, and
about 80% of the local minima fall within 20% of
the true optimum for both fmin and zeroin. The
minima are clustered, and a graph-theoretic analy-
sis reveals that the clusters are highly non-uniform
in size. These properties suggest that descent algo-
rithms with randomized restarts will be effective in
this space. Indeed, in the compilation subspace of
fmin and zeroin with over 9 million sequences, de-
scent with randomized restarts finds customized se-
quences that are between 1-5% of the optimum after
examining an average of about 25-150 sequences.
We then test the generality of these observations
by evaluating the performance of both descent with
randomized restarts and genetic algorithms on pro-
grams from the Media and Spec benchmarks. For
these programs we do not know the optimal compi-
lation sequence, since it is not feasible to enumer-
ate and evaluate all elements in the full sequence
space. Therefore we compare the performance of a
sequence against that of the universal sequence used
by our compiler. Surprisingly, for the cost of evaluat-



ing between 1500 to 9000 sequences, both randomized
search algorithms find custom compilation sequences
that beat the performance of the universal sequence
by 10-30%. The same number of independent random
probes fail to generate such improvements across the
range of programs we studied. We believe that this
failure is due to the fact that the probability of find-
ing a good sequence in these large spaces is extremely
small.

In sum, we present one of the first empirically
derived cost-benefit tradeoff curves for custom com-
pilation sequences. These curves are for two random-
ized sampling algorithms: descent with randomized
restarts and genetic algorithms. They demonstrate
the dominance of these two methods over simple ran-
dom sampling in sequence spaces where the probabil-
ity of finding a good sequence is very low. Further,
these curves allow compilers to decide whether cus-
tom sequence generation is worthwhile, by explicitly
relating the computational effort required to obtain
a program-specific sequence to the incremental im-
provement in quality of code generated by that se-
quence.

1 Custom compilation sequences

Compilers operate by applying a fixed sequence of
code optimizations, called a compilation sequence, to
all programs. Currently, most effective compilers in-
clude ten to twenty optimizations, drawn from the
hundreds that have been proposed in the literature.
To quote [4]: “Compile-time program optimizations
are similar to poetry: more are written than are ac-
tually published in commercial compilers”. One of
the many reasons that such optimizations are not in-
cluded in a compiler’s arsenal is that they tend to be
special-purpose optimizations that only help a certain
class of programs. Their inclusion in a fixed compi-
lation sequence can hurt most other programs.

To design compilers that effectively use all avail-
able optimizations, we need efficient techniques for

computing program-specific compilation sequences. How-

ever, picking the best compilation sequence for a spe-
cific program, target architecture, and a compilation
objective is hard. There is little theoretical under-
standing of the effect of particular compilation se-
quences on the properties of the compiled code. There
are complex uncharacterized interdependencies be-
tween choices at a given point in the sequence and
choices upstream and downstream of it, e.g., the use
of transform a may eliminate opportunities for trans-
form b downstream, or create situations where the
effect of a later transform c is enhanced.

Thus, to determine the quality of a sequence, we

have to evaluate it by compiling the program on the
specified architecture and measuring the properties
of the resulting code. This is an expensive process.
Any approach that relies on enumeration or exhaus-
tive search of the combinatorial sequence space is un-
likely to be practical for real programs. Today, most
compilers offer a small number of universal compila-
tion sequences (-01, -02, -03, ...) discovered man-
ually by designers. Universal compilation sequences
do not produce the best results over all programs and
inputs [1, 2, 5, 6, 3]. If given universal sequences are
not a good fit to the program or the architecture,
today’s user has little recourse.

With the ready availability of compute cycles, we
believe that it is time to investigate whether it eco-
nomically feasible for a compiler to calculate a cus-
tomized sequence. Before we identify specific meth-
ods for computing customized sequences, it is impor-
tant to obtain a jquantitative understanding of the
relationship between the quality of a sequence and
the computational effort needed to find it. We know
that finding optimal compilation sequences for pro-
grams has worst case complexity exponential in the
number of optimizations. We do not know theoreti-
cal bounds on the difficulty of finding approximately
optimal solutions, i.e., sequences whose performance
is within a specified neighborhood of the optimum. If
we know the distribution and prevalence of approx-
imately optimal solutions in the space of sequences,
we can make the cost/benefit tradeoff for customiza-
tion.

Thus, our goal is to obtain an understanding of
the structure of the sequence space for particular pro-
grams, architectures and compilation objectives. We
characterize structure of the sequence space by deter-
mining the following properties.

1. What percentage of the set of possible compi-
lation sequences falls within a specified neigh-
borhood of the true optimum sequence? If,
say, the performance of half of the sequences,
fall within 10% of the true optimum, then on
average, two random probes of the space will
suffice to get a good custom sequence, if good
sequences are distributed uniformly. This per-
centage (i.e., half) characterizes the effective-
ness of repeated, independent random sampling
of the sequence space. In Section 2 we derive
the mathematical relationship between the per-
centage of “good” sequences and the number
of independent random probes of the sequence
space.

2. How are these nearly optimal sequences dis-
tributed in the sequence space? Do good se-



quences cluster in particular regions of the space?
Or are they distributed evenly? If good se-
quences are distributed evenly, simple random
sampling might turn out to be the most effective
strategy for searching the space of sequences.

3. Is the sequence space riddled with shallow lo-
cal minima? This property has implications for
the design of search algorithms in the sequence
space as well as the computational effort needed
to find approximately optimal solutions.

Since theoretical characterizations of the sequence
space still elude us, we adopt an empirical approach
to determining its structure. We collect data on the
performance of every sequence in a large subspace
(size 519) of the set of all possible sequences for two
programs on two target architectures. It is impor-
tant to note that this is not the approach we pro-
pose for actually calculating good custom sequences.
This is a surveying mission to map out the landscape
of the sequence space. Our goal is to learn enough
about the space from this surveying effort to develop
effective search algorithms for other programs, ar-
chitectures and compilation objectives. Clearly, our
success depends on how “typical” our initial explo-
ration sites are, and how much commonality there is
among sequence spaces for the unsurveyed programs,
architectures and compilation objectives.

Our experimental plan has two phases. In the first
phase, we select two interesting programs of moder-
ate complexity, a set of five optimizations, and ex-
plore the subspace of all compilation sequences of a
given length (10)! drawn from the five chosen opti-
mizations. These five optimizations are p (peeling
one iteration of a loop), 1 (partial redundancy elim-
ination), o (peephole optimization over logical win-
dows), s (register coalescing via graph coloring), and
n (dead code elimination). These five were the top
transforms found among sequences discovered by a
constrained exploration of the full space of optimiza-
tions. Our exploratory programs are two floating-
point computations, fmin and zeroin. These two
programs are small enough to permit enumeration of
the space of 519 sequences, from which we can obtain
a characterization of the landscape of solutions.

We analyze the data obtained from the exhaustive
survey of fmin and zeroin to develop a clear picture
of the distribution of good sequences in the space. As
detailed in Section 2, for both programs about 15%
of the sequences are within 10% of the optimum and
about 30% of the sequences are within 20% of the op-
timum. There are many local minima in the sequence

1We chose length 10 based on the length of the universal se-
quence in our compiler.

space, and about 80% of the local minima fall within
10% of the true optimum. A graph-theoretic anal-
ysis of the space of good sequences reveals that are
many small isolated clusters of good sequences and a
much larger single cluster for solutions less than 2.6%
of the optimum. The isolated clusters disappear and
solutions that are within z > 2.6% of the optimum
coalesce into one giant cluster. These properties sug-
gest that descent algorithms with randomized restarts
will be effective when we require solutions that are
within 2.6% of the optimum. Multiple retries from
many randomly chosen starting points can reach the
isolated clusters. When the solution clusters coalesce,
simple random sampling is very likely to find good se-
quences. Indeed, in the compilation subspace of fmin
and zeroin with over 9 million sequences, descent
with randomized restarts finds customized sequences
that are between 1-5% of the optimum after exam-
ining an average of about 25-150 sequences. Because
of the way in which the five generating optimizations
were chosen, this space has a much higher percentage
of good sequences in the space. This property is ver-
ified by the fact that about 30-300 independent ran-
dom sampling probes yields sequences that are within
1-5% of optimum for fmin. On larger benchmarks,
and over the full space of transformations, we ex-
pect the fraction of good sequences to be much lower
and simple random sampling techniques to fare much
worse.

We test this conjecture by evaluating the perfor-
mance of both descent with randomized restarts and
genetic algorithms on fmin, zeroin and svd, as well
as programs from the Media and Spec benchmarks
on the full set of optimizations. For these programs
we do not know the optimal compilation sequence,
since it is not feasible to enumerate and evaluate 13°
elements in the full sequence space?. Therefore we
compare the performance of a sequence against that
of the universal sequence used by our compiler. Sur-
prisingly, after evaluating between 1500 and 9000 se-
quences, both randomized search algorithms find cus-
tom compilation sequences that beat the performance
of the universal sequence by 15-30%. 3000 indepen-
dent random probes are needed to generate similar
improvements across the range of programs we stud-
ied, confirming our belief that the probability of find-
ing a good sequence in these large spaces is extremely
small.

The rest of the paper is organized as follows. In
Section 2, we present the results of our initial ex-
ploratory surveys on fmin and zeroin on the limited

2We use 13 optimizations in these experiments, and consider
compilation sequences of length 9.



subspace. In the next section, we describe our results
for fmin, zeroin, svd and programs from the Me-
dia and Spec benchmarks on the full compilation se-
quence space. In Section 4, we present one of the first
empirically derived cost-benefit tradeoff curves for
customized sequences. These curves are for two ran-
domized sampling algorithms: descent with random-
ized restarts and genetic algorithms. They demon-
strate the dominance of these two methods over sim-
ple random sampling in sequence spaces where the
probability of finding a good sequence is very low.
These curves allow compilers to decide whether cus-
tom sequence generation is worthwhile, by explicitly
relating the computational effort required to obtain
a program-specific sequence to the incremental im-
provement in quality of code generated by that se-
quence.

2 Surveying the compilation sequence
landscape

For our initial survey experiments, we chose fmin
and zeroin, two Fortran programs about 150 lines in
size with around 40 basic blocks. fmin computes the
minimum of a unimodal function by a combination
of golden section search and parabolic interpolation.
zeroin searches for the zero of an input function be-
tween given bounds. Both these functions are part of
several commonly used mathematical libraries.

We selected five optimizations out of the com-
plete set available to our compiler and enumerated
all sequences of length 10 constructed from the five
transformations. The selection procedure was as fol-
lows: we ran a descent algorithm with 100 randomly
chosen starting points on the full sequence space for
these two programs. This process is very fast, re-
quiring on average about 50 sequence evaluations per
restart. We picked the top five optimizations that
occurred in the best sequences we found. The com-
pilation sequence length was limited to ten because
the universal strings in our compiler contain 9 or 10
optimizations. The compilation objective in this ex-
periment is the minimization of dynamic operation
counts.

Collecting data from this enumerative experiment
was challenging, requiring 5'° or 9,765, 625 compila-
tions. Fortunately, the optimization passes on our
compiler are completely reorderable; this is one of
the primary requirements of compilers that can sup-
port such enumerative analyses. Our first attempts
consumed 14 CPU-months and six months of physi-
cal time. We made several improvements to our data
gathering process, and we can now perform the fmin
and zeroin enumeration over the plosn subspace in
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Figure 1: The distribution of dynamic operation

counts for fmin (top) and zeroin (center) in the
plosn subspace. The plot at the bottom shows the
percentage of sequences that are within 2% of the
optimal solution for fmin and zeroin.

about 10 days. Of course, additional hardware can
reduce this time even further, because the enumera-
tion computation is embarrassingly parallel.

Figure 1 shows the distribution of dynamic op-
eration counts for the 5'© compilation sequences of
both fmin and zeroin. Note how discrete the dis-



tributions are, with large gaps in the dynamic oper-
ation counts. For instance, there are no sequences
with operation counts that are between 14-20% of
the optimum. The best sequence for fmin is 41.6%
better than the empty compilation sequence (1002 vs
1716 operations), and the best sequence for zeroin is
42.5% better (832 vs 1446 operations). No sequence
in the plosn subspace does worse than the empty
compilation sequence. This, however, is not the case
on the full sequence space, where it is easy to get re-
sults that are worse by more than a factor of two over
the unoptimized program. The graph at the bottom
of Figure 1 shows that about 15% of the sequences
are within 10% of the optimum, while nearly 30% of
the sequences are within 20% of the optimum. These
statistics suggest that good sequences are not uncom-
mon in the plosn subspace.

If these solutions are distributed randomly, we
can expect repeated random sampling of the space
to yield good customized sequences. Let a good se-
quence be one whose performance is within 2% of the
optimum, and p be the probability that a random se-
quence in the plosn subspace is good. The probabil-
ity of picking a good sequence at the N** probe, after
failing the previous N — 1 times is p(1 — p)Nﬁl. If €
is a bound on the probability of failure to obtain a
good sequence after N independent random probes,
we have

2 N—-1
p+p(l—p)+p(l—p)+...+pl-p)  =1-¢
which can be used to solve for the number of random
samples, N, needed to guarantee a solution within 2%
of the optimum with probability greater than 1 — e.

N<1 loge
log(1 —p)

The number of samples is not a function of the size of
the underlying space, it only depends on the percent-
age p of good solutions in the space, and the probabil-
ity 1 — € of not missing a good solution. For fmin and
zeroin, if we want solutions in the plosn subspace
that are within 10% of the optimum, with proba-
bility greater than 0.999, we need no more than 44
samples. This is borne out by our random sampling
experiments.

The previous bound is computed under the as-

one, i.e., they differ in exactly one position. There
are other possible definitions of neighborhood that
remain to be investigated. All the results presented
in this paper use the Hamming distance of one defi-
nition of neighbor.

We construct a graph whose nodes are sequences
that lie within % of the optimum. We draw an
edge between two sequences in this graph that are
Hamming distance one apart. Clusters are connected
components of this graph. Figure 2 shows the num-
ber and sizes of the clusters in the solution space as a
function of z. For z < 2.6%, there are several isolated
clusters (as many as 42, most of them of size 1), and a
single large cluster. This is illustrated in the bottom
plot of Figure 2. For x < 2.6%, sequences in the large
cluster are on average at a Hamming distance of 6.5
from the smaller isolated clusters. The smaller clus-
ters are within Hamming distance 2.8 of each other.
A dramatic transition occurs in the space of solutions,
after x > 2.6%. All solutions coalesce into one clus-
ter, and there is a sharp increase in the number of
good sequences. We believe there is a phase transi-
tion in the average case complexity of finding a good
sequence in the plosn subspace. This transition oc-
curs around x = 2.6%. The implication of this finding
is that for both fmin and zeroin, the task of finding
a sequence that is within 2.6% of the optimum re-
quires qualitatively different methods than those for
finding sequences over 2.6% of the optimum. For the
“hard” region, algorithms with multiple restarts will
be important to ensure that isolated clusters can be
reached. For the “easy” region, simple random sam-
pling might suffice, because there are so many se-
quences satisfying the goodness criterion, scattered
in the sequence space.

While cluster analysis gives us an overall view of
how good solutions are spread through the space, it
does not tell us how easy it is to reach them from
different starting points in the space. Is there a nat-
ural slope to the terrain which can guide a descent
algorithm to a good solution? How widespread are
local minima in the space? How many of these local
minima are “good” (i.e., within 2% of the optimum)?
For fmin, there are 31,995 local minima, of which 189
are strict. Below x = 2.0, less than 13% of the local
minima are good. Between z = 2.0 and x = 2.6 the
number of good local minima rises sharply from 13%

sumption that good sequences are uniformly distributed to 80%. For x > 2.6%, 80% of the local minima are

in the space. But how exactly are they distributed in
the plosn subspace of fmin and zeroin? We need to
empirically estimate the distribution. The estimation
requires us to define a neighborhood relation among
sequences. We say that a sequence is a neighbor of
another if the Hamming distance between them is

good. This finding suggests a phase transition in the
complexity of the problem around x = 2.6. Below
it, few local minima are good; above it, most local
minima are good. A simple descent algorithm will
be particularly effective for x > 2.6%, and descent
algorithms with multiple randomized restarts will be



necessary for x < 2.6% to overcome the preponder-
ance of poor local minima.

To determine whether are there natural gradients
in the space, we measure the average number of steps
taken by descent algorithms. Figure 4 documents the
number of steps taken by a descent algorithm with 50
randomized restarts. The algorithm generates neigh-
bors randomly and makes a downhill move as soon
as a neighbor with a lower value is generated. The
algorithm examines at most 10% of the neighbors.
If it is unable to find a “better” neighbor after ex-
amining 10% of the neighbors, it stops and declares
the sequence to be a local minimum. The character-
istics of the descent algorithm are chosen based on
the properties of the space we have determined thus
far. To avoid getting trapped in poor local minima,
especially for regions in z < 2.5% we need multi-
ple restarts. The choice of 50 for this parameter was
made empirically as the best tradeoff between the
quality of final solution and the computational effort
needed. For z > 2.5% far fewer restarts are needed.
The number of neighbors for a sequence in this space
is 40 (4 choices for each of 10 positions in a sequence).
A greedy descent algorithm needs to examine all 40
before deciding on the next step. Figure 4 shows the
distribution of the number of better neighbors for all
510 sequences. It also shows the probability of miss-
ing a better neighbor if we examine only 10% of the
neighbors (i.e., 4 sequences) at each step. Again, the
choice of the 10% termination criterion is a trade-
off between cost of evaluation of sequences and the
loss due to premature termination of a descent run.
Interestingly, the average number of steps taken by
this randomized local search algorithm for both fmin
and zeroin is 1.9. The peak of the steps distribu-
tion in Figure 4 occurs at zero! This suggests that
the space is pock marked with local minima and that
our descent algorithm lands in one at the very start,
25% of the time. There are very few long descent
runs in the space; the algorithm stops descending af-
ter less than two steps on average. A visualization
of the much smaller space of sequences of length 4
(of size 5%) is shown in the top plot of Figure 3. It
confirms the findings of our descent algorithm in the
larger space: (1) the presence of many local minima,
and (2) the lack of long descent runs in the space.
The lower plot in Figure 3 is an ordered view of the
space of all sequences of length 4. The sequences are
sorted according to dynamic operation count, and the
axis labels reflect the sort order. However, the axis
labels reflect no consistent ordering on plosn. The
sorted view does shows that deep local minima are
surrounded by shallow minima. Therefore search al-
gorithms need mechanisms to escape these poor local
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Figure 2: The top plot shows the number of clusters
in the solution space of fmin as a function of the
quality of the solutions. Solution quality is measured
in terms of percentage from the optimal solution. The
plot in the center shows the variation in cluster sizes
as a function of solution quality. The bottom plot is
a scale representation of how clusters other than the
single giant cluster in the space, vary with solution
quality. All the isolated clusters vanish at z = 2.6%.
We believe this is a phase transition in average case
complexity for this problem. The plots for zeroin
are very similar.
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Figure 3: A visualization of the dynamic operation
counts associated with all sequences of length 4 in
the plosn subspace for fmin.

minima.

Our survey of the landscape of the plosn subspace
for fmin and zeroin offers one of the first computa-
tional glimpses of the space of compilation sequences.
A predictive analytical theory of the impact of a se-
quence on these two programs has to capture the
shape of the surface shown in Figure 3. Our empirical
analysis shows that there are many local minima in
the space, and that randomized restarts can overcome
shallow local minima. The terrain is very rough, and
most descent runs are short. Starting points mat-
ter for local search algorithms; deep local minima are
reachable only if the starting points are very close to
those minima. There is a sharp phase transition in
this space. The problem of finding solutions that are
within 2.6% of the optimum is qualitatively harder
than the problem of finding solutions that are greater
than 2.6% of the optimum. These properties need to
be taken into account in the design of effective search
algorithms for this space.

We conjecture that a descent algorithm with ran-
domized, bounded neighbor selection (at most 10% of
neighbors examined per step) with multiple random-

Distribution of the number of steps
fmin+plosn

30.00%

25.00%

20.00% -

5.00% -

% of restarts
-

10.00% —

5.00% T —

0.00%

.
5 6 7

# of steps

0 1 2 3 4 8 9 10 11 12

Distribution by the number of lower neighbors
fmin + plosn, strings of length 10

8.00%

7.00%

6.00% HH

5.00% = =l="s's = = miml

4.00% HHH

- W .
0000 111 I [ [T
o F

R I I S T I I

hbor by 4 probes (10% of 40 neighbors) - 23.4% total areal
r by 4 probes (10% of 40 neighbors) - 76.6% total area

Figure 4: The behavior of descent algorithms for
fmin.

ized restarts is a cost- effective algorithm for finding
good sequences in the plosn subspace for fmin and
zeroin. Since descent runs are about two steps long
and each step evaluates no more than 4 neighbors,
we expect each run of our descent algorithm to use
8 sequence evaluations. The total cost is then 8 x R,
where R is the number of randomized restarts for the
algorithm. Figure 5 shows the results of the perfor-
mance of this algorithm against a repeated indepen-
dent random sampling algorithm for fmin and zeroin
on the plosn subspace. The top plot of Figure 5
shows the dramatic drop in the number of needed
restarts as x exceeds 2.6. Recall that x = 2.6 rep-
resents solutions which are within 2.6% of the true
optimum. Between 2.8 to 6.1 restarts suffice, com-
pared to 924 for x = 0.5%. This data reaffirms
the phase transition phenomenon we noted earlier.
The bottom plot of Figure 5 shows that random-
ized descent outperforms simple random probing for
x < 1%. Beyond z = 1%, the number of good so-
lutions in the space is large enough to make descent
not worthwhile. We expect this phenomenon to gen-
eralize to other sequence spaces and programs. When
a sequence space is rich in high quality solutions for
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space.

a particular program, simple random probing is the
most cost-effective alternative. When the density of
good solutions falls below a critical threshold, ran-
domized descent is the algorithm of choice for com-
puting customized sequences.

3 Exploring the full sequence space us-
ing randomized search

The complete mapping of the plosn subspace for
fmin and zeroin is useful only to the extent that
it provides algorithmic insights for effectively search-
ing the full compilation sequence space for other pro-
grams. We conjecture that the general characteristics
of these smaller spaces are universal. In particular,
we expect the full space to have many many more
shallow local minima. We also expect the probabil-
ity of a random sequence being very close to optimal
to be much much lower. We believe there will be
phase transitions in the complexity of finding solu-
tions within a particular percentage of the optimal;

Bench- # of Src | ILOC 7# of

mark Src | proc. | lines lines blocks
adpcm-c Media C 1 192 479 37
adpcm-d | Media C 1 168 424 30
g271-c Media C 16 965 4066 268
tomcatv Spec For 1 192 2599 78
svd fmm For 1 351 2493 185
zeroin fmm For 1 125 332 39
fmin fmm For 1 160 434 59

Table 1: A list of the benchmark programs studied
in this paper. The last three are implementations
of numerical routines from Forsythe, Malcolm and
Moler’s classic text.

but the lack of knowledge of true optima make this
analysis difficult for the present.

We attempt to verify these expectations by ex-
ploring the full space of optimization sequences for
fmin, zeroin, svd, and some programs from the Me-
dia and Spec benchmarks. We use two different ran-
domized local search algorithms: randomized descent
with restarts as well as a genetic algorithm. The
complete set of benchmarks in described in Table 1.
There is considerable diversity in size and complex-
ity in our test suite. For these programs, our com-
parison basis is the performance of the universal se-
quence used by our research compiler, since optimal
sequences are unknown.

The descent algorithm uses 50 restarts and never
examines more than 10% of its neighbors per descent
step. The genetic algorithm we used was derived af-
ter some experimentation to find good parameter set-
tings. We use populations of 50 and 100 sequences, a
two-point random crossover, fitness proportional se-
lection, and fitness scaling to exaggerate small im-
provements late in the search. We use 10% elitism,
allowing 10% of the top sequences to survive without
change for the succeeding generation. The mutation
probability is 0.01. A unique feature of our GA is the
mutate-until-unique operation. If the selection and
crossover process yields a sequence that has already
been generated in the current run of the GA, we mu-
tate the sequence until a new one appears. This opti-
mization cuts down wasteful exploration of the same
sequence more than once in a run of the GA. Each
GA runs for 100 generations.

Table 2 shows the results on fmin and zeroin.
The dynamic operation count for fmin using the uni-
versal sequence is 1136, while that for zeroin is 978.
Note that the optimal sequences in the plosn sub-
space for fmin and zeroin yielded counts of 1002 and
832 respectively. Both the descent algorithm and the
GAs find custom sequences that are 25% better than
the performance of the universal sequence for fmin




fmin
dynops | cost | sequence
univ. seq 1,136 1 rvzcodtvzcod
GA 50 25.9% 4550 | ozdpvsncd
GA 50 26.2% 4550 | popppvdsn
GA 50 26.1% 4550 | opvedlsnd
GA 100 26.2% 9110 | pvcopldsn
GA 100 26.1% 9110 | polvcdscn
GA 100 26.2% 9110 | ppvoclsdn
HC 50 10% | 24.7% 1435 | npclvosnd
HC 50 10% | 25.7% 1355 | ppcolsndn
HC 50 10% | 25.6% 1315 | popvgdzsn
R300 10.4% 300 pusttvosn
R3000 23.9% 3000 | smtzodlsn
zeroin
dynops | cost | sequence

univ. seq 978 1 rvzcodtvzcod
GA 50 30.1% 4550 | posvpscdn
GA 50 28.3% 4550 | lospdpnzs
GA 50 30.1% 4550 | popvdsend
GA 100 30.1% 9110 | ppvocdscn
GA 100 30.1% 9110 | popvcdsnd
GA 100 30.3% 9110 | ppnovecsdn
HC 50 10% | 28.6% 1443 | onppvsdnn
HC 50 10% | 29.4% 1265 | pnvlcosdn
HC 50 10% | 27.7% 1145 | pcosndzss
R300 14.8% 300 pnsttvosn
R3000 23.5% 3000 | smtzodlsn

Table 2: The performance of our descent algorithm
with 50 restarts (HC 50), GAs with population size
50 and 100, and independent random sampling with
300 and 3000 probes (R300 and R3000) for fmin and
zeroin on the full compilation sequence space of size
913, Each run yields a different sequence suggesting
the existence of isolated clusters of equivalent solu-
tions. The Hamming distance between solutions is
often as high as 8!

(840 operations) and zeroin (684 operations). This
comes at a cost of 4550 sequence evaluations for GAs
with population size 50 and 9110 sequence evalua-
tions for GAs with population size 100. In contrast,
the descent algorithm with 50 restarts examines 1350
sequences on average for both these programs. For
fmin, each descent step explores between 3.5 to 4.6
neighbors, and each run is between 4.1 to 5 steps
long. There are longer descent runs in the full space,
and the number of neighbors explored is on average
almost twice that in the plosn subspace. Repeated
random sampling with 300 probes yields sequences
that are 10.4% better, while 3000 probes produce se-
quences that are almost as good as the ones found by
the descent algorithm and the GAs. Note that the
descent algorithm dominates repeated random sam-
pling in this space, suggesting that the probability of
finding a good solution at random is extremely low.
There is considerable diversity in the sequences found

adpcm-c

dynops cost | sequence
univ. seq 13,299,679 | 1 rvzcodtvzcod
GA 50 32.0% 4550 | ppnzpcnls
GA 50 32.0% 4550 | pppnclnds
GA 50 32.4% 4550 | ropcvspnd
GA 100 32.0% 9110 | ppppcenlsn
GA 100 32.0% 9110 | pnppcznds
GA 100 32.0% 9110 | nppcldlns
HC 50 10% | 32.0% 1435 | pppcnllns
HC 50 10% | 32.0% 1355 | ppnncglns
HC 50 10% | 30.9% 1315 | dpnclnpms
R300 28.0% 300 pusttvosn
R3000 30.9% 3000 | nsszsncds

adpcm-d

dynops cost | sequence
univ. seq 11,124,502 | 1 rvzcodtvzcod
GA 50 30.6% 4550 | rpvposcdn
GA 50 30.6% 4550 | ropcvdpsn
GA 50 30.6% 4550 | ropvpscnd
GA 100 30.6% 9110 | prpocldsn
GA 100 30.6% 9110 | rppvoscnd
GA 100 30.6% 9110 | rppocvsnd
HC 50 10% | 30.0% 1459 | pnrzptcsn
HC 50 10% | 28.4% 1171 | ncdpplsps
HC 50 10% | 30.6% 1459 | przopcsnd
R300 27.0% 300 pusttvosn
R3000 30.0% 3000 | rgrvcgsnc

Table 3: The performance of our descent algorithm
with 50 restarts (HC 50), GAs with population size 50
and 100 (3 runs each), and independent random sam-
pling with 300 and 3000 probes (R300 and R3000) for
adpcm-coder and adpcm-decoder on the full compi-
lation sequence space of size 9'3. Each run yields
a different sequence suggesting the existence of iso-
lated clusters of equivalent solutions. The Hamming
distance between solutions varies from 4 to 8.

across different runs of the same algorithm. This in-
dicates that there are isolated clusters of equivalent
solutions in the space, just as in the reduced plosn
subspace for values for x under 2.6.

Table 3 shows results for the adpem coder and de-
coder programs. The universal sequence produces dy-
namic operation counts of 13,299,679 and 11,124,502
respectively. Both the GAs and the descent algo-
rithm find sequences that are between 30 to 32% bet-
ter than our universal sequence. The cost for the de-
scent search is about 1400 sequences, while the GAs
have costs of 4550 (for GA 50) and 9110 (for GA
100). The Hamming distance between solutions on
different runs is smaller for this benchmark, leading
us to believe that the solutions that are within 30%
of the universal sequence are in distributed among
one or a few giant clusters. Further, the probability
of a random sequence being as good as the universal
sequence is higher in this space because 300 random



g721-c
dynops cost | sequence
univ. seq 427,503,692 | 1 rvzcodtvzcod
GA 50 15.8% 4550 | npepdznls
GA 50 15.2% 4550 | pspnpedls
GA 50 15.6% 4550 | nczcppsnd
GA 100 15.7% 9110 | npzppcnsd
GA 100 16.8% 9110 | pcpdppvsn
GA 100 15.8% 9110 | ncppznpds
HC 50 10% | 15.3% 1134 | pcnpldpns
HC 50 10% | 14.3% 1309 | cpncldncs
HC 50 10% | 13.9% 1336 | rzcopvdns
g721-d
dynops cost | sequence
univ. seq 782,146,492 | 1 rvzcodtvzcod
GA 50 16.62% 4550 | ppcpdvpsn
HC 50 10% | 14.9% 1827 | pvpsncdgs
HC 50 10% | 15.5% 1607 | pppcnpvsd
HC 50 10% | 14.1% 1669 | pnpvendps

Table 4: The performance of our descent algorithm
with 50 restarts (HC 50), GAs with population size
50 and 100 for g721-coder and g721-decoder on the
full compilation sequence space of size 9'3. We have
not completed the experiments with 300 and 3000 in-
dependent random probes (R300 and R3000). Each
run yields a different sequence suggesting the exis-
tence of isolated clusters of equivalent solutions. The
Hamming distance between solutions varies between
6 to 8.

probes perform as well as the local search algorithms.
It would be interesting to determine whether there
are solutions that are more than 32% better than the
universal sequence, and how they are distributed in
the space

Table 4 shows our current results for the g721
coder and decoder programs in the Media benchmark.
The universal sequence produces dynamic operation
counts of 427,503,692 and 782,146,492 respectively.
The descent algorithms yield solutions that are be-
tween 14% to 16% better for the same costs as for
all the previous benchmarks. The larger Hamming
distance between equivalent solutions again suggests
the presence of isolated clusters in the solution space.
It also indicates that the probability of a random se-
quence being better than the universal sequence is
very low. This conjecture will be vindicated when
we complete our random probe experiments for this
benchmark.

Table 5 shows the results we have thus far for the
tomcatv program in the Spec benchmark. The uni-
versal sequence produces a dynamic operation count
of 220,050,992. The genetic algorithm finds a giant
cluster of solutions that are 15% better than the uni-
versal sequence. Our descent algorithm fails to find
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tomcatv
dynops cost | sequence
univ. seq 220,050,992 | 1 rvzcodtvzcod
GA 50 15.0% 4550 | rcpodvlsn
GA 50 15.0% 4550 | rpcodpvsn
GA 50 15.0% 4550 | rpcvosdpn
GA 100 15.0% 9110 | rcvospned
GA 100 15.0% 9110 | rvcovdspn
HC 50 10% | 12.0% 1776 | oldtdvspn
HC 50 10% | 10.0% 1798 | orvozndps
HC 50 10% | 13.0% 1727 | roldczpsn

Table 5: The performance of our descent algorithm
with 50 restarts (HC 50), GAs with population size
50 and 100 for tomcatv on the full compilation se-
quence space of size 9'3. We have not completed the
experiments with 300 and 3000 independent random
probes (R300 and R3000). Each run yields a different
sequence suggesting the existence of isolated clusters
of equivalent solutions. The Hamming distance be-
tween solutions varies between 4 to 8.

that cluster, and ends up in sequences located in iso-
lated clusters whose performance is between 10-13%
better than the universal sequence. The cost of the
descent algorithm is about 1750 probes on average;
while that of the GAs is 4550 (for GA 50) and 9110
(for GA 100). We have not completed the indepen-
dent random probes experiments, but based on the
results of the GA, we expect the 3000 probe exper-
iment to find solutions as good as the ones the GA
finds.

Table 6 shows the results for the svd program.
The universal sequence produces a dynamic operation
count of 5601. The descent algorithm finds solutions
that are 28-30% better for an average cost of 1650 se-
quence evaluations. The Hamming distance between
the solutions found by the three descent experiments
suggests that there are isolated clusters of equivalent
solutions in the space. For this benchmark GAs do a
little better, yielding solutions that are 32-36% bet-
ter than the universal sequence for costs of 4550 and
9110 evaluations, depending on the population size.
Analysis of the sequences generated suggests that the
GAs have found a very large cluster in the space (the
Hamming distance between GA solutions is smaller).

Our randomized local search algorithms and in-
dependent random probes find solutions that are be-
tween 15-30% better than that produced by our uni-
versal sequence for a range of benchmarks. The per-
formance of our local search algorithms reveals signif-
icant details about the distribution of good solutions
in the full transformation space.



svd
dynops | cost | sequence
univ. seq 5601 1 rvzcodtvzcod
GA 50 32.0% 4550 | vodptvdsn
GA 50 36.0% 4550 | odvtdpvsn
GA 50 36.0% 4550 | odvtdpvsn
GA 100 32.0% 9110 | vtpovdvsn
GA 100 33.0% 9110 | covdtpsnd
GA 100 29.0% 9110 | vtopscnds
HC 50 10% | 30.0% 1622 | otppvdsns
HC 50 10% | 26.0% 1663 | pnpvsonsd
HC 50 10% | 28.0% 1763 | popvdzsnp

Table 6: The performance of our descent algorithm
with 50 restarts (HC 50), GAs with population size
50 and 100 for svd on the full compilation sequence
space of size 9'3. We have not completed the experi-
ments with 300 and 3000 independent random probes
(R300 and R3000). Each run yields a different se-
quence suggesting the existence of isolated clusters of
equivalent solutions. The Hamming distance between
solutions varies between 4 to 8.

4 The economics of custom sequence
design

Figure 6 summarizes the discussion in the previous
section and presents the cost/benefit analysis for cus-
tom sequence design. GAs with a population size of
100 do not appear to be cost-effective, they yield solu-
tions that are similar in quality to GAs with popula-
tion 50. For almost all programs, randomized descent
with restarts strikes the right cost/benefit tradeoff as
compared to GAs with population 50 and 3000 in-
dependent random probes. 300 independent random
probes fails to yield solutions of sufficient quality for
all but adpcm coder and decoder, which suggests that
this set of programs has a sequence space rife with
good solutions. For such spaces, the cost of descent
is not worth the expected payoff. For all other pro-
grams, the probability of a random sequence being
as good as the universal sequence appears extremely
low, since randomized descent dominates both GAs
and independent random sampling.

In conclusion, this paper presents empirical data
on the structure of the sequence space for several in-
teresting programs. Exhaustive enumeration of the
plosn subspace yields insights into the difficulties in
analytically characterizing the impact of sequences
on particular programs. It suggests design criteria
for search algorithms for the full sequence space for
realistic benchmark programs. Our experimental re-
sults on the full sequence space indicate that lessons
from the exploratory survey do have utility beyond
the particular programs we investigated. We also
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Figure 6: The cost-benefit tradeoff curve for two local
search algorithms: randomized descent with restarts
(HC) and genetic algorithms (GA) compared to inde-
pendent random probing of the sequence space for the
benchmarks studied in this paper. The cost-effective
algorithms occupy the lower right hand corner of the
figure.

show some of the first empirical economic tradeoff es-
timates to guide compilers in deciding whether or not
to generate custom compilation sequences for specific
programs.
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