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Abstract: Loop fusion is recognized as an effective transformation
for improving memory hierarchy performance. However, unconstrained
loop fusion can lead to poor performance because of increased register
pressure and cache conflict misses. In this paper, we present a cache-
conscious analytical model for profitable loop fusion. We use this model
to tune fusion parameters for different architectures through empirical
search. Experiments on four different platforms for a set of applications
show significant speedup over fully optimized code generated by state-
of-the-art commercial compilers.
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1 Introduction

Loop fusion is recognized as an effective program transformation for improving
memory hierarchy performance of applications. It is used in several commercial
compilers and is gaining increased importance because of the increased usage of
array assignments in languages like Fortran 95. Although fusion is a useful transfor-
mation it is not always profitable. Previous research has shown that unconstrained
application of fusion can sometime lead to performance loss [Ding and Kennedy
(2001); Carr et al. (1994)]. Effects of unconstrained fusion on code size has also
been examined by [Liu et al. (2006)].

Consider the code in Fig. 1. In the first loop nest we compute values of array
b(). These same values are then used in the second loop nest. We can exploit this
locality in b() by performing a two-level fusion. In the fused loop nest, shown in
Fig. 1(b), the two references to array b() are temporally close enough to be put
into a register. Thus, as a result of fusion we can potentially save NM memory
operations. However, there is also outer-loop reuse of a() at references a(i,j-1)

and a(i,j-2) in loop nest l1 that we need to consider. In the unfused version,
the same memory locations in array a() are touched in every iteration of the outer
loop. In the fused version, although we do touch the same locations in a(), the
amount of data that we bring into cache between reuses has increased. In the fused
version, we will be accessing locations in arrays b(), c() and d() before we get
to the reused reference of a(). If the intermediate data between reuses is larger
than the cache capacity then we will incur 2NM cache misses due to the references
to a(). Moreover, by bringing in data from different arrays between reuses we
also increase the likelihood of conflict misses. The occurrence of conflict misses
in the loop nest can be even more damaging to performance because it can lead
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   l1: do j = 1, N                                
           do i = 1, M

              b(i,j) = a(i,j)+a(i,j-1)+a(i,j-2)

           enddo

        enddo

    l2: do j = 1, N

           do i = 1, M

              c(i,j) =  b(i,j) + d(i,j)

           enddo

        enddo

outer-loop reuse of a()

cross-loop reuse of b()

(a) code before fusion

(b) code after two-level fusion

l12: do j = 1, N 

           do i = 1, M 

               b(i,j) = a(i,j)+a(i,j-1)+a(i,j-2)

               c(i,j) =  b(i,j) + d(i,j)

           enddo

        enddo

lost reuse of a()

 saved loads for b()

Figure 1 Example of non-profitable fusion

to lost spatial locality in both c() and d(). Thus, for the code in Fig. 1 fusion
will not yield an overall profit. (Many readers will observe that these issues can
be ameliorated by tiling the loop that results after fusion. Although we do not
analyze the interaction of tiling with fusion in the body of this paper, we discuss
the subject in the final section.)

Fusion can also degrade memory performance by increasing register pressure
for the innermost loop. When fusing loops at the innermost level the register
requirements may increase to the point where a large number of register spills
occur. The cost of these spills may offset any benefits gained by improved locality
in the fused loop. The possibility of exceeding the instruction cache capacity is also
a concern when fusing loops with large instruction counts in the innermost loop
bodies.
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The problem of finding the optimal fusion solution has been shown to be NP-
complete [Darte (1999)]. Hence, for large applications with many fusible loops find-
ing a good fusion solution involves using good heuristics. In this paper, we present a
strategy that combines an architecture-sensitive cost model with empirical tuning
to perform profitable loop fusion. Our cost model considers the size, associativ-
ity and latency of various levels of the cache in determining if it is profitable to
fuse a pair of loops. We incorporate this cost model into a constraint-based fusion
algorithm. We formulate two constraints for the fusion algorithm to ensure that
performance does not degrade as a result of increased pressure on system resources
due to fusion. Finally, we use empirical tuning to tune a set of fusion parameters
which cannot be estimated accurately through static analysis. Although empirical
tuning has received considerable attention from the research community in recent
times [Kulkarni et al. (2004); G.G.Fursin et al. (2002); Agakov et al. (2006)] there
have been only a few that have focused on tuning loop fusion parameters[Zhao et al.
(2005)].

In the sections that follow, we discuss related work, present our analytical model
and demonstrate how it can be used in an empirical tuning system, present a
preliminary evaluation of the model and finally discuss our conclusions and future
work.

2 Related Work

Fusion has been studied in the literature both as a tool for improving data local-
ity and increasing the granularity of parallelism [Kennedy and McKinley (1993)].
In this paper, we look at fusion in the context of improving data locality only.

In its general form the task of finding the optimal fusion solution has been shown
to be NP-complete [Darte (1999)]. Several published algorithms use heuristics to
find good fusion solutions in reasonable time. Lim and Lam use affine transforma-
tions to apply fusion [Lim and Lam (2001)]. Gao et. al. use a max-flow-min-cut
algorithm to partition loop nests into fusible clusters [Gao et al. (1992)]. Kennedy
describes a fast greedy weighted fusion algorithm that runs in polynomial time
[Kennedy (2000)]. In our work, we are less interested in specific algorithms for
performing loop fusion than we are in establishing suitable profitability constraints
for legally fusible loops.

Many researchers have proposed models for performing loop fusion to improve
memory performance. Ding and Kennedy have looked at reducing effective band-
width through loop fusion [Ding and Kennedy (2001)]. Verdoolaege et. al. [Ver-
doolaege et al. (2003)] describe a greedy fusion algorithm for incremental loop
fusion at multiple levels. However, their locality models do not consider input de-
pendences or the costs associated with cache misses. Song et. al. [Song et al. (2001)]
present a model that combines loop fusion, loop alignment and array contraction. In
their model, the primary profitability consideration is reducing bandwidth through
reduced-sized arrays. Although they apply conditions to check for excessive register
pressure and cache capacity, they do not address the issue of conflict misses.

There are two main differences between our approach and the previous work
done in this area. Firstly, unlike previous models our approach uses machine specific
information (e.g. cache line size, associativity) in combination with reuse distances
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in determining if fusion is profitable for a pair of loops. Secondly, we extend our
model to be used in the context of an empirical tuning framework. To our knowledge
fusion has not been applied in this setting.

3 Profitability Model

3.1 Quantifying Reuse in Fusible Loops

Capturing inter-loop reuse: To determine if it is profitable to fuse a pair of loops
we first need to compute the amount of reuse that is exploited as a result of fusion.
Fusion improves locality by merging loops that access the same data. Thus, any
memory location that is accessed in the first loop nest and then re-accessed in the
second loop nest is a candidate for potential reuse. This inter-loop reuse can be
captured in a dependence graph through the use of loop-crossing dependence edges.
A loop-crossing dependence is defined as follows:

Definition 1. Let l1 and l2 be two fusible loop nests where reference r1 accesses
location M in some iteration i in l1 and reference r2 accesses location M ′ in some
iteration j in l2. Then there is a loop-crossing dependence from r1 to r2 if M = M ′.

To quantify reuse in fusible loops we start with the dependence graph for single
loop nests. Then for each pair of adjacent loop nests we add loop-crossing depen-
dence edges between the two dependence graphs. This extended dependence graph
is able to identify points of potential reuse in fusible loops. However, in some cases
the graph might overestimate the amount of reuse exploited by fusion. Consider
the example in Fig. 2. There are two loop-crossing dependences from the reference
to a(i,j) in l1 to a(i,j-1) and a(i,j) in l2. It might appear that by fusing the
loop nests l1 and l2 we will be able to save 2NM memory operations for references
to array a() in l2. However, we note that there is temporal reuse carried by the
outer loop between a(i,j-1) and a(i,j). Since the memory location that is ac-
cessed by a(i,j) in l1 will be accessed by a(i,j) in l2 before it is accessed by
a(i,j-1), the reuse distance we need to consider to quantify reuse in a(i,j-1) is
the distance for the outer loop reuse and not the loop-crossing reuse.

Pruning the dependence graph: To account for the above situation we need to
prune the graph so that the sink of each loop-crossing dependence represents a
potential savings in memory operations. We note that if there are multiple loop-
crossing dependences emanating from the same source reference then all but one of
the loop-crossing dependence edges can be eliminated. The edge that remains is the
one that points to the sink reference that has no incoming dependence edge from
within the loop nest. Similarly, if there are multiple loop-crossing dependences that
have a single reference as their sink we can eliminate all but one of the edges. In
this case, the edge that remains is the one that has a source with no dependence
edges flowing into it from within the loop nest.

In addition to handling the loop-crossing dependences we also need to prune
the dependence graph for each loop nest so that the pruned graph has at most one
predecessor for each reference and that predecessor refers to the most recent use of
the sink. This pruning is essential for our cost model which assumes one predecessor
per sink in order to avoid double counting of cost on particular references. We
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do j = 1, N
do i = 1, M

        d(i,j) = a(i,j)  + b(j)
enddo

enddo

l1:

l2: do j = 1, N
do i = 1, M

        c(i,j) = a(i,j-1) + a(i,j)
enddo

enddo
outer
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Figure 2 Multiple loop-crossing dependences in fusible loops

adopt strategies described by Carr [Carr (1992)] and Allen and Kennedy [Allen
and Kennedy (2002)] to perform this pruning. The strategy involves eliminating all
killed dependences from the graph and in cases of group temporal reuse keeping only
those edges that have the smallest dependence threshold. A typed fusion algorithm
is used in finding name partitions and eliminating redundant input dependences.

Hierarchical classification of reuse: Once we have the pruned dependence graph
we need to augment it to include information about reuse distances and memory
hierarchy levels. The effects of fusion may not be beneficial across all levels of the
memory hierarchy. Fusing a pair of loops may improve locality at some level of
cache but actually hurt locality at other levels. Hence, to improve overall memory
performance we need to be able to quantify reuse that is exploited at each level of
the memory hierarchy.

The reuse classification described by Wolf and Lam [Wolf and Lam (1991)] is
not adequate to deal with multiple levels of the memory hierarchy. To address this,
we introduce a new classification of temporal reuse based on the level at which
locality is exploited. We associate with each sink node in the dependence graph a
value that expresses the level at which the reuse is exploited. This term is called
the reuse level of a reference and we define this formally as follows:

Definition 2. Let Li refer to the memory at level i. Then the reuse level of a
reference r involved in temporal reuse is the smallest k such that

ReuseDistance(r) ≤ Capacity(Lk)

where Capacity(Lk) is the number of lines that can simultaneously occupy the
cache at level k.
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3.2 Accounting for Conflict Misses

Conflict misses can be a big concern for profitable fusion. When fusing loops
we often bring accesses to a number of different arrays within the iterations of
a single loop nest. If the array locations overlap in cache then we must pay the
penalty of increased conflict misses. To account for conflict misses, we extend the
cache associativity model described by Hill and Smith [Hill and Smith (1989)]. We
compute the probability of a cache line being evicted before it is reused based on
the size and associativity of the cache and the reuse distance.

Assume the following definitions:

r1 and r2 = references to the same cache line

m = reuse distance between r1 and r2

s = number of sets in cache

a = associativity

If we assume that each line from m is equally likely to be mapped to any of the
sets then

Pr[a lines landing in line occupied by r1] = Pr[conflict miss on r1]

=
m∑

i=a

(
m

i

) [
1
s

]i [
s − 1

s

]m−i

= 1 −
a−1∑

i=0

(
m

i

) [
1
s

]i [
s − 1

s

]m−i

Now, we introduce a tolerance term T that expresses how high a probability of a
conflict miss we are willing to accept. We then have,

T ≥ Pr[conflict miss on r1] = 1 −
a−1∑

i=0

(
m

i

) [
1
s

]i [
s − 1

s

]m−i

Let us define E(a, s, T ) as the maximum integral reuse distance m such that
Pr[conflict miss on r1] ≤ T . Given a tolerance term T and the size and as-
sociativity of a cache at level k we can express a formula for effective cache capacity
(ECC) as follows

(1) ECC(Lk) = E(ak, sk, T )

where, sk and ak refer to the size and associativity of the cache at level k. Using
this model of effective cache capacity we can adapt the definition for the reuse level
of a reference to take conflict misses into account.

Definition 3. Let Li refer to the memory at level i. Then the reuse level of a
reference r involved in temporal reuse is the smallest k such that

ReuseDistance(r) ≤ ECC(Lk)
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3.3 Estimating Profitability

With reuse information and the heuristics for conflict miss in place we are now
able to estimate the profitability of fusing a pair of loops. For each loop-crossing de-
pendence in the pruned graph we want to determine how many memory operations
are saved as a result of placing the source and the sink within the same iteration
of the fused loop.

Assume the following definitions:

l1 and l2 = candidate loops for fusion that have the same nesting depth

D = set of loop-crossing true and input dependences between l1 and l2

C = set of dependences carried by either l1 or l2

ReuseLevel{pre,post}(d) = reuse level of d before and after fusion

Lk = cache at the kth level where 0 ≤ k ≤ L, L0 refers to the register level
and LL refers to main memory

cost(Lk) = cost of a miss access to Lk

Then for each d ∈ D we assign a weight w based on the following condition:
if ReuseLevelpre(d) > ReuseLevelpost(d)
then

w(d) =
ReuseLevelpre(d)−1∑

i=ReuseLevelpost(d)

cost(Li)

else

w(d) = 0

Then total weight is just ∑

d∈D

w(d)

Computing the number of memory operations saved from loop-crossing depen-
dences, by itself, is not enough to determine if fusion is profitable. As illustrated in
the example in Fig. 1, in some cases fusion may reduce locality within loop nests:
when fusing two loops the reuse distance of any carried dependence increases if that
reuse is also not involved in a loop-crossing dependence. We need to account for
all such cases where fusion might lead to loss of potential reuse.

For each c ∈ C we need to compute the cost based on the following condition:
if ReuseLevelpre(c) < ReuseLevelpost(c)
then

w(c) =
ReuseLevelpost(c)−1∑

i=ReuseLevelpre(c)

cost(Li)

else

w(c) = 0

Then total cost is ∑

c∈C

w(c)
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Hence, the final formula for computing the weight between two fusible loops is:

W (l1l2) =
∑

d∈D

w(d) −
∑

c∈C

w(c)

3.4 Resource Constraints

A detailed analysis of the savings in memory operations does not guarantee
beneficial fusion. There are several factors that can affect fusion that are not
captured by the model we presented for computing weights. Most of these factors
have to do with the resource requirements of the fused loop. If the requirements
for a particular resource is higher than what is available to the program then the
benefits of improved locality through fusion may not be realized. In this section, we
establish a set of constraints that need to be considered by a constrained weighted
fusion algorithm [Ding and Kennedy (2000)].

(i) Register Pressure: If the number of required registers for the fused loop body
is more than what is available then we have to pay the price for spill costs.
To account for register pressure we enforce the following constraint:

RegisterPressure(lf) ≤ Register Set Size

where lf refers to a fused loop nest. We use the methods presented by Carr
[Carr (1992)] to estimate register pressure in a loop body. Information about
the number of registers available to the program is collected before compila-
tion.

(ii) Instruction Cache Capacity: If the number of instructions in the fused body
exceeds the size of the instruction cache then we must pay the penalty of
fetching those instructions from memory. Again, this phenomenon should be
considered when fusing two loops.

Instructions(lf ) ≤ Capacity(Ik)

where lf refers to a fused loop nest and Ik is the instruction cache at level k.

Note that, although data cache capacity is another critical resource requirement
for a program, we do not include it as a constraint here. When using our cost model
with a weighted fusion algorithm the weights of the individual edges account for
the data cache miss costs. Thus, we need not consider the total data requirements
of the fused loop as a separate constraint.

3.5 Using the Model with a Greedy Fusion Algorithm

The fusion model and the resource constraints that we formulated can be in-
corporated into a constrained weighted fusion algorithm. We choose the pair-wise
greedy fusion algorithm as described by Ding and Kennedy [Ding and Kennedy
(2000)]. In this algorithm, fusion is formulated as a graph clustering problem in
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which the vertices represent loops in the program and the weights represent the
amount of benefit obtained by fusing the endpoints. At each step, the algorithm
picks for fusion the heaviest prime edge in the graph whose endpoints can be fused
without exceeding the resource constraints. After each fusion operation, weights are
recomputed and the graph is updated with new successor, predecessor and prime
edge information.

The chief issue that needs to be considered in incorporating our model with
the greedy algorithm is the cost associated with recomputing the weights at every
step. Since we perform a detailed analysis in calculating the benefits of fusing two
loops we need to annotate the graph with more information to make the reweighing
process more efficient.

We construct the pruned dependence graph with reuse information as described
previously. We then group the references within each loop nest and label the
subgraphs as supernodes. We compute the weights between each pair of fusible
loops according to the procedure described in Section 3.3. We connect each pair of
supernodes using these weights. Hence, each pair of supernodes has only one edge
connecting them that represents the net gain from fusing the two loops.

Now, the pair-wise fusion algorithm can proceed normally on the supernodes
and the edges between them. After fusing a pair of loops, edge weights between
supernodes have to be updated and the loop-crossing dependence edges adjusted.
For this step, we need to examine each loop-crossing dependence coming into and
going out of the fused loop nest. The edges within the supernodes representing
outer-loop reuse also have to be examined. We note however, that the number of
edges in both cases is bounded above by the number of arrays in the loop. Hence, the
complexity of a reweighing operation will be O(A) where A is the number of arrays
in the program. Having the complexity of the update operation bounded by the
number of arrays ensures that the fast greedy algorithm will be able to maintain its
original asymptotic time bound, in spite of the more detailed profitability analysis.

3.6 Parameterizing the Model

Even the most detailed analytical models may not produce the optimal fusion
solution. Profitable fusion depends on a number of architectural features and it is
often difficult to determine a priori how these features will interact with the fusion
choices. For example, using the model presented in Section 3.3 we may be able to
make a prediction about the possibility of conflict misses but we cannot say how
good our prediction is until the program is actually run on the target machine.
Similar uncertainties remain in measuring register pressure and cache footprints.
Our approach to dealing with these uncertainties is the use of empirical tuning.
In this section, we show how the analytical model that we have presented in this
paper can be parameterized and used in an empirical tuning framework.

The basic idea behind our algorithm for empirically tuning fusion parameters
is to identify key architectural parameters (e.g. available registers) that impose
constraints on fusion choices. Then, for each such parameter P , we introduce a
tolerance term T and construct a function that computes the effective size of P

based on the given value of T .

P ′ = EffectiveSize(T, P, ...) s.t. P ′ ≤ P
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The rationale for using the concept of effective size is that generally the amount
of resources that can be exploited by a program is some fraction of the resources
that is actually available on the target machine. For example, the effective cache
size at a particular level is reduced by the possibility of conflict misses, as we
shall see below. Hence, to apply resource-dependent transformations (i.e. fusion)
profitably, we need to use analytical models that can estimate how much of a given
resource is available to the program. However, the amount of resource available is
determined by a host of factors. For example, the fraction of cache we can exploit
depends on the size and associativity of the cache, the number of different arrays
we access in the program and also the size of each of those arrays. A static model
that attempts to capture all these parameters is unlikely to be totally accurate for
all architectures. The goal of our tuning strategy is to correct for these inaccuracies
in the analytical model.

Fig. 3 gives an abstract algorithm for our tuning strategy. For each tuning
parameter in the search space, we start off conservatively with a low tolerance term
and increase the value of T at each subsequent iteration. We stop the iterative
process either when performance degrades or when we have reached the availability
threshold of a particular resource. Since at each step we only relax some fusion
constraint, it is easy to show that the set of fused loops grows monotonically during
the tuning process. Because of this property we choose a search strategy that is
sequential and orthogonal. For n resources we have an n-dimensional search space
where the size of each dimension is the range of tolerance values for a particular
resource. For each dimension we perform a sequential search. When searching in a
particular dimension we use reference values for all other dimensions.

Our current search model includes three resources: data cache capacity, reg-
ister pressure and instruction cache capacity. Although these three resources are
somewhat similar they interact with fusion choices in different ways and hence con-
stitute individual search dimensions. We discuss the tolerance terms and feedback
parameters for each of these resources next.

(i) Effective Data Cache Capacity: We compute the effective cache capacity using
Eq. 1. Intuitively, Eq. 1 tells us what fraction of the cache we can use so that
there is T probability of a conflict miss between two accesses to the same
memory location. So, in this case we have

Effective D-Cache Capacity = E(a, s, T )

where E(a, s, T ) is obtained from Eq. 1. We start off with a low value for T

(T < 0.02) and at each step increment T by 0.05 and measure the number
of data cache misses at different levels. We stop the search in this dimension
when we reach a T for which the number of cache misses increases.

(ii) Effective Register Set: We use the register pressure constraint to moderate
register pressure in the fused loop. For this constraint, we have the following
equation for T :

Effective Register Set = ⌈T × Register Set Size⌉ where 0 ≤ T ≤ 1

For our experiments, the value of T for the register pressure constraint ranges
between 0.5 and 1.0. The increment value is 0.1. Feedback parameters we use
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/* src is source of program to be tuned */
/* T is the set of tolerance values */
/* numDims is number of dimensions in the search space */

T ← InitTolerance()
curV ariant← DoCostAnalysis(src, T )
execT ime← CompileRunMeasure(curV ariant)
bestT ime← execT ime

bestV ariant← curV ariant

for i = 1 to numDims do
repeat

/* increase tolerance and generate new program variant*/
repeat

T ← IncTolerance(T, i)
curV ariant← DoCostAnalysis(src, T )
numInc++

until curV ariant 6= bestV ariant

execT ime← CompileRunMeasure(curV ariant)
/* keep track of best execution time and best program variant */
if (execT ime ≤ bestT ime) then

bestT ime← execT ime

bestV ariant← curV ariant

else
T ← DecTolerance(T, i, numInc)

end if
until (execT ime > bestT ime)
/* stop search in this dimension when performance no longer im-
proves */

end for

Figure 3 Algorithm for empirically tuning loop fusion parameters

here are total loads and cycle count. Both parameters serve as good indicators
about the occurrence of register spills.

(iii) Effective Instruction Cache Capacity: The instruction cache constraint is
dealt separately since we do not compute reuse distances for instructions
and we are mainly concerned with capacity misses. So, in this case we have:

Effective I-Cache Capacity = ⌈T × Capacity(I-Cache)⌉ where 0 ≤ T ≤ 1

The range and increment values of T in this case are identical to values used in
the register pressure constraint. For feedback, we measure instruction cache
misses directly.

4 Evaluation

We implemented our cost model and search algorithm in a performance-based
autotuning framework [Qasem et al. (2004)]. In this section, we present an eval-
uation of our analytical model on several different architectures. We compare our
strategy with fusion strategies used by some of the most successful commercial and
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Table 1 Benchmarks

Program Description LOC Fusible
Loops

adi Finite difference method for solving parabolic dif-
ferential equations [Netlib (Netlib)]

76 7

advect3d 3D advection for weather modeling [Wicker
(Wicker)]

403 24

erle Differential equation solver [Eidson and Er-
lebacher (1994)]

686 24

liv14 1D Particle in cell (Livermore Loops) 47 3
liv18 2D Explicit hydrodynamics fragment (Livermore

Loops)
130 6

mgrid Multi-grid solver (SPEC FP2000) 344 14
impact3D Plasma fluid dynamica simulation[Sakagami et al.

(2002)]
1122 45

research compilers in use today. Also, since our fusion strategy has a search com-
pononent, we provide a direct comparison of our strategy with iterative compilation
on two paltforms.

4.1 Test Suite

Our experimental testbed includes seven programs collected from various sources.
Table 1 provides a brief description of each program, along with the source, lines of
code (LOC) and the number of fusibles loops. Our test suite includes both small
benchmark kernels (e.g., liv14) and larger real-world applications (e.g., erle). The
programs in our test suite all exhibit different types of reuse patterns and provide
ample opportunities for applying loop fusion and this has been the primary reason
for their inclusion in the testbed. As we discussed earlier, our analytical model is
based on the hypothesis that opportunities for applying loop fusion does not nec-
essarily imply that fusion will be profitable. Hence, programs with multiple fusible
loops with different reuse patterns provide a good platform for evaluating our ana-
lytical model. Moreover, programs such as liv18 and adi are included in the test
suite because they have been used in earlier studies on loop fusion and thus serve
as benchmark programs for this particular optimization.

We do not provide results from a standard benchmark suite such as SPEC for
two reasons. First, our framework is only capable of handling Fortran code and
this rules out several programs in the SPEC benchmark suite. Among the Fortran
programs in SPEC, only mgrid provides opportunities for applying loop fusion
directly. For all other programs, fusion can only be applied after procedure inlining
or some other optimization has been performed. Hence, for most SPEC programs,
applying our model does not cause any change in performance. Of course, not
having support for C programs and not being able to perform inlining is a limitation
of our framework and this is an issue we plan to pursue in future.

4.2 Platforms

We present results of running experiments on eight different platforms. The
chosen platforms display wide variation in the number of floating-point registers,
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Table 2 Platforms

Core 2 Duo Opteron Dual Core
CPU 2.33 GHx Core 2 Duo 2.2 GHz Dual Core Opteron 275
FP Regs. 128 32
L1 16 KB, 64 B/line, 4-way 32 KB, 32 B/line, 2-way
L2 4 MB, 64 B/line, 4-way 1 MB, 64 B/line 2-way
TLB 128 entries, 16 K/p, Full 1088 entries, 4 K/p, Full
Compiler Intel 10.1, Open64 4.1 Intel 10.1, GCC 4.1.2

Itanium MIPS
CPU 900 MHz Itanium2 300 MHz R12000
FP Regs. 128 32
L1 16 KB, 64 B/line, 4-way 32 KB, 32 B/line, 2-way
L2 256 KB, 128 B/line, 6-way 8 MB, 128 B/line 2-way
L3 1.5 MB, 128 B/line, 8-way -
TLB 128 entries, 16 K/p, Full 128 entries, 16 K/p, Full
Compiler Intel 8.1 MIPSPro 7.3.1

Alpha Opteron
CPU 667 MHz Alpha 21264A 1.5 GHz AMD Opteron 242
FP Regs. 32 8
L1 64 KB, 64 B/line, 2-way 64 KB, 64 B/line, 2-way
L2 8 MB, 64 B/line 1 MB, 64 B/line
TLB 128 entries, 8 KB/p, Full 1088 entries, 4 KB/p, Full
Compiler Compaq 5.5 GNU Fortran 3.3.4

PowerPC Pentium III
CPU 2.5 GHz G5 800 MHz PIII
FP Regs. 32 8
L1 32 KB, 128 B/line, 2-way 16 KB, 32 B/line, 4-way
L2 512 K, 128 B/line 256 K, 32 B/line, 8-way
TLB 1024 entries, 4K/p, 4-way 8 entries, 4 M/p, 4-way
Compiler IBM XL 8.1 Intel 9.1

Table 3 Compiler flags used on different platforms

Compiler Flags for baseline version
Intel 10.1 -O3 -ipo -mP2OPT hlo fusion=F -132
Open64 4.1 -O3 -extend source -mtune=TARG -LNO:fusion=0
GCC 4.1.2 -O3 -ffixed-line-lenght-132
GNU Fortran 3.3.4 -O3 -m64 -march=opteron -ffixed-line-length-132
MipsPro 7.3.1 -O3 -R12000 -OPT:Olimit=0 -TARG:platform=IP27 -LNO:fusion=0
Intel 8.1 -O3 -tpp2 -ipo -static -mP2OPT hlo fusion=F -132
Compaq 5.5 -O4 -align dcommons -math library fast -arch EV67 -tune EV67
IBM XL 8.1 -O4 -qarch=g5 -qcache=auto -qhot -qipa=level=2 -qtune=g5 -qfixed=132

cache organization and TLB characteristics. Our experimental platforms include
both new and old architectures. Although results on some of the older platforms
may not be particularly significant, they do illustrate how adaptible our strategy is
to different architectural configurations. Hence, these platforms serve as a good ba-
sis for evaluating our tuning strategy. The memory configuration for each platform
is presented in Table 2.
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4.3 Experimental Setup

We apply our analytical model to each program and use a source-to-source code
transformer to restructure the code with the desired fusion configuration. The
transformed source is then compiled using the native compiler on the target plat-
form. To avoid conflicts with the optimization strategies of the back-end compiler,
transformed programs are compiled with fusion turned off whenever possible. Op-
tions used to compile the base line version of the programs on different architectures
are listed in Table 3. We compare the benefits of using our analytical model over
models used by the native compiler on each platform.

In the discussion that follows, we use the following terms to refer to the different
optimization strategies:

baseline no fusion
native fully optimized version generated by native compiler
model-based analytical model described in this paper
model+search analytical model with search
simple fusion of all loops that share data

We should note, that in many instances our analytical model proved good enough
and no tuning or search was necessary. In such cases, the cost of doing the code-
restrucuturing at the sorce-code level is minimal. In no instance did the code
transformation add more than 5% overhead to the overall compilation time. In
situations where search is necessary, however, the overall tuning process is orders
of magnitude slower than regular compilation. This of course, is an impediment
for all autotuning systems. The long tuning times are generally dominated by
program execution time and our experiments were no exception in this ragard.
Since autotuning methods are fundamentally different from traditional compilation,
comparing tuning time (or performance) between these two approaches is generally
not that instructive. Hence, in this section, when comparing performance with
the native compilers we only report performance obtained through the analytical
model. We compare the full-blown model-guided search strategy with an iterative
compilation method that uses random search.

4.4 Results

This section presents and discusses experimental results on each of the the eight
platforms.

4.4.1 Core 2 Duo

Fig. 4 shows profitability of applying our analytical model to a set of seven ap-
plications on the Core 2 Duo. We observe that applying our fusion model yields
at least a 10% speedup on three applications. For some of the other programs the
speedup is not that significant. Among the programs tested on this platform, only
advect3d required any search. In this case, our model selected a fusion configu-
ration for advect3d which caused severe conflicts in the L2 cache which lead to
performance loss. However, this loss was subsequently recovered through empirical
search. Fig. 4 also shows the effect on performance when fusion is applied without
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Figure 4 Performance improvement on Core 2 Duo
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Figure 5 Comparison with native compilers on Core 2 Duo

any heuristic. We notice that on this platform, indiscriminate fusion leads to sub-
optimal performance for two programs : erle and liv18. For liv18, the situation
is particulalry bad since performance dips below the baseline.

We compare performance of our analytical model with performance of the fusion
strategies of the Intel and Open64 compilers in Figs. 5(a) and (b), respectively. We
observe that except for adi our model is able improve on the performance obtained
by native compilers. On adi we had a situation where our fused loops were left
un-optimized by the back-end of the open64 compiler. This lead to poor register
reuse for the innermost loops which caused the performance loss. Open64 com-
piler’s fusion heuristic - based on the MIPSpro heuristic - fuses loops aggressively.
Although the model is very detailed and effective it does not take into account con-
straints imposed by architectural resources. Hence, in some situations it over-fuses
loops (e.g., advect3d, liv14) which can have a negative impact on performance.
Although we do not have access to the Intel compiler source, it appears that this
compilers also suffers from over-aggressive fusion in some cases.

Since advect3d is one of the applications where our model performed poorly,
we take a closer look at its fusion search space. Fig. 6(a) shows the search space
for different configurations of the innermost loops in advect3d. As expected, the
performance curve for the different fusion configurations is rather jagged with about
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Figure 6 Fusion search space and comparison with iterative compilation Core 2 Duo
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Figure 7 Performance improvement on Opteron Dual Core

a 12% variation between the worst and best value. Most of the bad values in this
search space correspond to fusion configurations where the register pressure of the
fused loops causes a significant number of spills. We used a random search based
iterative compiler to explore the fusion search space of advect3d. The performance
results of model+search and iterative is depicted in Fig. 6(b). We observe that
model+search yields about a 2% performance improvememnt over iterative. But
more importantly, model+search arrives at this value after only three evaluations
whereas iterative is allowed to run for 50 iterations. In the world of aututuning,
where the number of program evaluations is one of the biggest bottlenecks, this
savings in tuning time will prove significant.

4.4.2 Opteron Dual Core

Performance results for seven applications on the Opteron Dual Core are pre-
sented in Fig. 7. When applying our analytical model we observe significant speedup
on a number of applications. In particular, the performance improvement on adi is
quite large. We also observe that on three applications simple causes performance
degradation. For advect3d, the performance loss is attributed to increased register
pressure whereas for impact3d and erle the performance loss is to due conflicts in
the level 1 cache. Again, the performance loss on advect3d is quite severe. simple
almost doubles the execution time on advect3d.
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Figure 9 Fusion search space and comparison with iterative compilation on Opteron
Dual Core

Fig. 8 compares model-based with the fusion strategy of the Intel compiler. As
we can see, model-based outperforms the Intel compiler on each program. The
biggest wins come from adi and liv18. Interestingly, the Intel compiler’s poor
showing on adi was not due to an incorrect fusion choice but rather due to an
unprofitable application of loop interchange. It appears that in order to fuse more
loops, the Intel compiler decided to interchange one of the loops that resulted in the
loss of spatial locality. This resulted in a huge loss in performance. The results on
adi do not directly pertain to the strength of our analytical model. It does, however,
reiterate the need for awareness of other interacting transformations when applying
loop fusion.

In Fig. 9(a) we take a look at the advect3d fusion search space on the Opteron
Dula Core. We compare the performance of model+search with iterative in
Fig. 9(b). As was the case on the Core 2 Duo, we notice a rough performanc
curve for the advect3d fusion search space. And again, model+search handily
outperforms iterative. Although there is not much difference in terms of the
performance achieved by each strategy, model+search requires about 10% of the
time required by iterative to get to the desired value.
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4.4.3 Itanium

Performance results on the Itanium for four applications are presented in Figs. 10
and 11. These results show that model-based is quite effective on this platform.
The Itanium has a large number of floating-point registers, which allows us to
fuse loops more aggressively to improve cache locality without incurring the cost
of excessive registers spills. In fact, on this platform, the fused loop structures
generated by model-based is the same as those generated by simple for all four
applications. Thus, we do not see any performance difference between these two
strategies.

Itanium is the only platform where fusing all 24 loops in advect3d into one
single loop nest turns out to be profitable. This aggressive fusion does create a
large inner loop body but because of the larger register set, the machine is able to
withstand the high register pressure. Thus, we see the most significant performance
improvement for advect3d on this platform. model-based achieves locality at both
level two and level three cache and also improves register reuse as indicated by the
fewer number of loads in Fig. 10(a).

On liv18, model-based achieves improved locality for both cache levels but
incurs 20% extra loads. This result is somewhat surprising since the register pres-
sure for the fused loop nest in liv18 is estimated to be much less than the register
pressure of the fused loop nest in advect3d. On closer inspection of the code, we
discovered that the native compiler unrolls the fused loop nest in liv18 by several
factors which creates a much larger inner loop body than that of advect3d. Our
cost model does not account for register pressure when the loop is unrolled. Hence,
model-based is unable to prevent the increase in the number of loads in this case.
Although this does not result in overall performance loss for liv18, the effect of
unrolling on fused loop nests needs to be considered for improved profitability.

Performance of native on this platform is at par with model-based for both
advect3d and mgrid. However, the fusion strategy of native results in performance
loss for erle, whereas model-based achieves a 15% speedup on this application.

4.4.4 MIPS

Figs. 12 and 13 show performance results for four applications on the MIPS.
On this platform, the most significant improvement is observed for liv18. In this
case, model-based decides to fuse all three loops to the innermost levels. The
MIPSpro compiler, by contrast, refrains from fusing the third loop nest. It is not
totally clear as to why the MIPSpro compiler decides not to fuse the third loop nest.
We speculate this may be due to alignment issues or because of a heuristic used
in the compiler to account for register pressure. For this benchmark, the initial
fusion configuration recommended by our cost model is less aggressive. Because
of the possibility of increased register pressure and conflicts in the L1 cache, our
cost model suggests performing outer-loop fusion for all three loops and then fusing
only the last two loops to the innermost levels. However, the empirical search in
our strategy determines that the loss due to increased loads is more than offset by
the benefits from reduced cache misses when we perform a more aggressive fusion.
Hence, on this platform model-based fuses all three loop nests to the innermost
levels. Thus, this is one instance where empirical search is able to achieve additional
gains from loop fusion.
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Figure 10 Memory performance on Itanium

0.70

0.85

1.00

1.15

1.30

1.45

advect3d erle liv18 mgrid

Sp
ee

du
p

ov
er

ba
se

lin
e

model-based simple native

Figure 11 Performance improvement on Itanium

On advect3d and erle, native performs worse than base. For advect3d,
native does an overly aggressive fusion resulting in a large inner loop body which
causes a number of register spills and also introduces conflicts in the L2 cache. On
the other hand, model-based refrains from fusing some of the loops because of the
register pressure constraint.

On mgrid, model-based shows only marginal improvement over base. On this
application, native is able to get higher performance than model-based. Inspect-
ing the code generated by the MIPSpro compiler, we found that it performs a more
aggressive fusion for mgrid, increasing both register pressure and the possibility of
conflict misses within the fused loop nest. However, the MIPSpro compiler then
applies tiling to the fused loop nest to improve locality for the cache. This com-
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Figure 12 Memory performance on MIPS

bined transformation strategy is effective in improving the memory performance
for mgrid. We observe a similar situation with advect3d where MIPSpro applies
tiling to the fused loop nest. However, in that case, tiling is not able to mitigate
the excessive register pressure caused by fusion. In fact, for advect3d, applying
tiling to the fused loop nest further aggravates the loss in performance. These re-
sults emphasize the need for considering the interaction of loop fusion with other
program transformations. We address this issue in the concluding section of this
paper.

Note that, for both advect3d and erle there is a significant increase in the
normalized count of level one I-cache misses for native. However, in absolute
terms the total number of I-cache misses is quite small. Thus, the relative increase
of I-cache misses does not have a significant impact on performance for either of
these applications. In fact, none of our experiments produce a situation where the
number of I-cache misses is large enough to have a major impact on performance.

4.4.5 Alpha

Figs. 14 and 15 show performance results on the Alpha. Although model-based

outperforms native on all programs, it performs worse than base on erle. This
loss in performance comes because of the large number of TLB misses incurred
when fusing two of the loops in erle. Since our model does not have an explicit
constraint designed to account for TLB pressure, model-based is unable to prevent
this unwise fusion choice. Although most locality enhancement strategies are easily
extended to the TLB, there are situations when we need to consider the effects on
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Figure 13 Performance improvement on MIPS

TLB separately. The two loop nests in erle is one such case. In future, we plan to
incorporate a constraint in our model to prevent TLB conflicts.

On this platform, native performs much worse than base. However, all of this
loss in performance is not attributed to poor fusion choices of the native compiler.
The Compaq compiler does not provide specific control over the application of loop
fusion. Thus, to avoid conflicts with the fusion strategy of the native compiler we
compile the baseline version at a lower optimization level. The lower level of opti-
mization turns off loop fusion along with some other loop transformations. Hence,
the poor performance from native is a result of unwise fusion choices as well as
negative effects of loop fusion’s interaction with other optimizations. Without fine-
grain control over the application of transformations, it is difficult to determine
exactly what transformations contribute to the performance loss. However, inspec-
tion of the optimized code suggests that there is negative interaction between loop
fusion and tiling which causes a large number of TLB misses on this platform.
Thus, as was the case on the MIPS, fusion profitability is majorly influenced by the
choices made in tiling the fused loops.

4.4.6 Opteron

Performance results for the Opteron are presented in Figs. 16 and 17. Our strat-
egy is the least effective on this platform. One of the reasons why model-based is
not as effective is because of the limited number of registers on the target machine.
The Opteron has only 8 x87 floating-point registers, which imposes a severe restric-
tion on the size of the fused loop body. Because of this constraint, model-based
is able to fuse only outer-level loops in advect3d and liv18, sacrificing potential
benefits in cache. Indeed, our empirical search reveals that fusing any more loops
in either of these two programs results in performance loss. This is further verified
in the poor performance shown by simple on these two applications.

Another factor that might explain the lower performance on the Opteron is the
choice of the back-end compiler. We were unable to obtain a commercial compiler
for this platform at the time of running these experiments. Hence, we use the GNU
Fortran compiler as the back-end compiler on this machine. It is possible that the
register allocation strategy of the GNU Fortran compiler is unable to exploit some
of the register reuse enabled through loop fusion. Note, since the GNU Fortran
compiler does not have a loop fusion strategy, we compile both base and native
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Figure 14 Memory performance on Alpha
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Figure 15 Performance improvement on Alpha

with the same compiler options. Because of this, there is no performance difference
between base and native on this platform.

4.4.7 PowerPC

Figs. 18 and 19 show performance results on the PowerPC. We observe sig-
nificant performance improvement for both advect3d and liv18. For advect3d,
native decides to fuse only two loop nests all the way through, leaving the other
six loop nests untouched. On the other hand, model-based performs a more ag-
gressive fusion and is able to exploit more register reuse. Although there is some
loss in locality in the L1 and L2 caches, this loss is offset by the gains obtained from
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Figure 16 Memory performance on Opteron
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Figure 17 Performance improvement on Opteron

the large reduction in the number of loads. For liv18, we observe improvement in
terms of both register reuse and improved cache locality.

4.4.8 Pentium III

Fig. 21 shows the performance results on Pentium III. Although Pentium III,
like the Opteron, has only 8 floating-point registers, model-based is still able to
achieve significant performance improvement on this platform. One factor that
contributed to this speedup is the improved locality in the L2 cache . The lim-
ited number of registers prevents model-based from fusing loops at the innermost
levels. However, the outer-loop fusion applied by model-based is effective in ex-
ploiting locality at the level two cache. We do not observe similar improvements
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Figure 18 Memory performance on PowerPC
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Figure 19 Performance improvement on PowerPC

for the Opteron because it has a much larger L2 cache with 16-way associativity
and thus exhibits good locality even for the unfused program variants.

4.4.9 Summary

The experimental results show that a cache-conscious analytical model combined
with empirical search can lead to profitable fusion on a range of architectures. In
many cases, improved performance can be achieved without the aid of empirical
search. The results suggest that there is a need for fusion heuristic that imposes
resource constraints on the fused loops. Our constraint-based fusion model performs
better than the fusion heuristics used by the native compilers on each platform.
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Figure 20 Memory performance on Pentium III
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Figure 21 Performance improvement on Pentium III

The experimental results also expose several key aspects of fusion profitability.
We observe that fusion is more profitable for machines that have larger register
sets. The average speedup obtained on the Itanium with its 128 registers is almost
twice as much as that of the Opteron which has only 8 registers. We also observe
that fusing of outer loops helps improve locality in cache. Thus in cases where
limited number of registers prevents fusing of loops at the innermost level, it is
still profitable to fuse loops at the outer levels. A more subtle aspect of fusion
profitability revealed by the experimental results, is the interaction of loop fusion
with other transformations. In particular, tiling can have a major impact on fusion
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profitability. In some situations, tiling is able to mitigate some of the performance
loss caused by aggressive loop fusion. In other cases, tiling interacts negatively with
fusion and causes further performance loss. To address this issue, we have begun
work on a cost model that captures the complex interaction of tiling and loop fusion
and exposes key architectural parameters for empirical tuning.

5 Conclusions and Future Work

In this paper, we have presented a cache-conscious analytical model for estimat-
ing the profitability of loop fusion and a strategy for parameterizing the model for
use in an empirical tuning framework. Experimental results in Section 4 suggest
that model-driven empirical search can help improve application performance by
making the right fusion choices for different architectures.

Experimental results from Section 4 also emphasize the need for considering in-
teractions between optimizations for overall improvement in memory performance.
In particular, there are complex interactions between tiling and fusion that need to
be considered to make fusion profitable. By merging loop bodies fusion can increase
the working set size of a loop nest and force the selection of a smaller tile size. A
smaller tile size might result in lost reuse in the inner loops. If arrays are not aligned
at cache line boundaries (generally the case) then a smaller tile size may result in
lost reuse in outer loops as well. In such cases, it may be profitable to tile the
two loop nests separately. We are currently working on a profitability model that
considers these complex interactions between tiling and fusion to improve overall
memory performance. In addition, this model employs a more accurate estima-
tor for effective cache capacity that takes the effects of tiling and array allocation
strategies into account.
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