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Abstract with respect to each other; [6] shows that there are programs
that can be optimized best using a mix of loop and data
Intra-iteration data reuse occurs when multiple array transformations.

references exhibit data reuse in a single loop iteration. An  Animportant characteristic of most of the previous loop-
optimizing compiler can exploit this reuse by clustering (in based techniques is that when they evaluate data locality,
the loop body) array references with data reuse as muchthey focus on successive loop iterations and observe how a
as possible. This reduces the number of intervening refer-given array is accessed by these iterations. For example, as-
ences between references to the same array and improvesume a code fragment which consists of a two-level nested
overall execution time and energy consumption. In this pa- loop (i being the outer loop anfibeing the inner loop) and
per, we present a strategy where inter-statement and intra-contains a reference such &$;][i] to a two-dimensional
statement optimizations are used in concert for optimizing row-major array. In evaluating locality of this reference,
intra-iteration data reuse. The objective is to cluster (within previous loop-based techniques consider two successive it-
the loop body) the array references with spatial or temporal erations of the innermost loop. Since for a fixed value of the
reuse. Using four array-intensive applications from image ; loop, two successive iterations of thidoop access two
processing domain, we show that our approach improveselements from different rows, many loop-based optimiza-
the cache behavior of programs by 13.8% on the average. tion frameworks decide that this array reference is not good
from the data locality viewpoint. One of the most com-
monly used techniques for improving locality behavior of a
1 Introduction and Motivation referenpe Iike.this is to ipterchange the ord'er of loops; that
is, making the loop the inner loop. After this transforma-
. ] o tion, for a fixed value of thg loop (now in the outer posi-
The performance c')fdata-mtens.Ne apphcatlo_nsfrom €M- tion), successive iterations of thidoop (now in the inner
bedded image and _\/ldeo processing domains is great.ly af'position) access consecutively-stored elements in memory.
fected by data locality behavior [1]. Most of these applica- |n most cases, such a transformation improves cache local-
tions exhibit regular data access patterns which can be im5ty gramatically. Since such an approach bases its trans-
proved using compiler-directed loop (iteration space) and formation decision on inter-iteration access pattern (i.e., the
array layout (data space) optimizations. The objective of 4¢ccess pattern exhibited by two successive inner loop itera-
these optimizations is to maximize spatial and temporal datasjons), we refer to it agnter-iteration data reuse optimiza-
reuse in the inner loop positions. Loop transformations tjon. “Many locality-oriented loop-level optimizations pro-

achieve this by modifying the execution order of loop iter- osed in the literature fall into this category.
ations. Among commonly-used loop optimizations are uni-

modular transformations (loop permutation, loop skewing,
and loop reversal), iteration space tiling, and loop fusion
[9]. Data transformations, on the other hand, do not mod-
ify loop execution order; instead, they transform memory
layout of a given multi-dimensional array from one form to
another [5, 2]. An example would be transforming mem-
ory layout of a two-dimensional array from row-major to
column-major if doing so improves spatial locality. Loop
and data transformation have advantages and disadvantag

In many array-intensive codes, however, there are also

numerous opportunities to take advantagmtb-iteration
data reuse. An intra-iteration data reuse is said to occur
when there are multiple references to the same array within
the loop and the execution ofingle loop iteratiorleads to
a data reuse among these references. For instance, assuming
a loop with an index, two reference¥ [i] andV[i + 2] ex-
hibit an intra-iteration data reuse. This is because for a given
(iateratiom‘, the two elements accessed through these two ref-
&tences are only two locations apart in memory. Unless
the cache line size is smaller than three array elements or

“This work was supported in part by NSF awards #0093082 and these two elements happen to map onto a cache line bound-
#0103583. ary, these two accesses will map to the same cache line.




In this case, even if the first reference experiences a cach@mbedded processing environment where the size of data
miss, the second reference will result in a hit. It should be memory is customized according to the size of data space
noted, however, it may not always be easy to exploit intra- requirements of the application. That is, since the size of
iteration reuse. Consider, for example, a statement such aslata space directly determines the size of the physical mem-
Uil = Wi -1+ Ul+ 1]+ V[i—-2]+W[i+1]in ory, it is very important to minimize the memory require-

a loopi. Here, we have two intra-iteration data reuse op- ments of the application as much as possible. As opposed
portunities: one due to referencBs[i — 1] andW[i + 1] to array padding, our approach does not increase data space
and the other due t&[i + 1] andU[i]. However, between requirements; thus, it is more suitable for embedded envi-
accessedV[i — 1] and Wi + 1] there are two other ar- ronments that process data-intensive applications.

ray references. It is possible that one of these references In this paper, we present a strategy where inter-statement

can cause the cache line holdifig[: — 1] and Wi + 1] and intra-statement optimizations are used in concert for op-
to be displaced from the cache before the reuse occurs. lItimizing intra-iteration data reuse. The objective is to clus-
this is the case, then the second access to dirawill ter (within the loop body) the array references with spatial
bring the cache line in question from main memory to cache or temporal reuse. Using four array-intensive applications,
again. A similar scenario occurs with referenéds + 1] we show that this approach improves the cache behavior of
andU[i] as well. This discussion assumes that the orderour applications by 18.3% on an average.

of accesses for these references (for a given iterajiis The rest of this paper is organized as follows. Section 2
Wi — 1], Uli + 1], V[i — 2], W[i + 1], andU[i]; i.e., presents our representation of a nested loop that references

the usual expression evaluation order in structural languages number of arrays. This is the main representation that our
such as C. On the other hand, if we re-write this statementoptimization strategy operates on. Section 3 gives the de-
asU[i| =W[i— 1+ W[i+ 1]+ V[i—2]+U[i + 1], we tails of our optimization algorithm. Section 4 introduces our
generate an access sequend@of — 1], Wi+ 1], V[i—2], experimental setup and presents preliminary results. Sec-
Uli+1],andU[i]. Note that in this new access sequence, the tion 5 gives a summary of major contributions of this work.
accesses to arrdy’ come one after another. A similar ar-
gument holds for references to arridy We conclude from
this small example thamtra-statement transformatiorcsin
be useful in exploiting intra-iteration data reuse.

2 Code Representation

. . We represent a given nested loop usinBeuse Graph
Let us now consider a loop nest that contains the follow- (RG). A reuse graph is an undirected grapi@(V, &)
|ng.fo_urst§terr21entsl.|nthat_cyrde;f:[z] - U[Z;1]+U.[Z+ %] where eachy; € V represents an array reference in the
V[Q k‘_—V[Z: =2 -1 Ul = 1U[Z] + Ul o ]I+ lﬁ[z Td E) code and each = (v;,v;) € & indicates that two refer-
andk = k + V[i] + V[i + 1] + V[i + 2]. It should be  oh00q venresented hy andv; exhibit intra-iteration data
noted that there is a significant amount of reuse betweenreuse In order for two references represented;tando;
L . 7 J
references to array/’ (and similarly between references to y, haye intra-iteration data reuse, the following three condi-

ar_rayV). However, it Is not clear. mL_JCh of this data reuse g shouid be met. First, the two references should belong
will be exploited at runtime (that is, it would be converted e same array. Second, these references should belong to
&he same uniformly generated reference (UGR} shird,
€the memory locations accessed by these references should

be within the size of the cache line. That is, if these refer-
" n memory | i ndm;, then th ndi-
k= ke VII+Vli+11+VIi+2], the chances for exploting _gont- 23 TS0y dEEIRaienen CE e o0t
reuse become much higher. This is because in this transy,q (hiock) size. As an example, assuming a cache line size
formed version, the statements that access the same aray; 4 glements, row-major memory layouts, and a nest with
are clustered together. This example illustrates ither- two loops ¢ and ), the reference& [i][j] andU[i][j + 1]
statement transformatiorean also be useful in exploiting  gypihit intra-iteration data reuse. On the other hand, under
intra-iteration data reuse. the same assumptiorig[i] andV'[i + 5], W[i] andW[2i],

It should be mentioned that some of the problems re- andX [i — 1][j] and X [j][i — 1] do not exhibit intra-iteration

garding not being able to exploit intra-iteration reuse can data reuse.
be alleviated using array padding [7], a compiler optimiza- A reuse graph represents all intra-iteration reuse avail-
tion that reduces the number of conflict misses by paddingable in the nest. Whether this reuse can be converted into
array dimensions (called intra-array padding) and/or aug-locality or not depends largely on the flexibility we have
menting the code by adding dummy arrays (called inter-
array padding). However, it may not be possible to use array Two array references are said to be uniformly generated (or to be-

in Ive this problem entirely. First, there ar m ; )
padd g to solve this p oblem entire y St, there are so eIong to the same uniformly-generated reference set) if they have the same

codes which cannot be 0ptlm|ZEd using array paddlng. SeC'subscript expressions in each array dimension (array index position) up to

any array padding in genefal increases the data SPAace r&onstant term(s) [3]. For example][i — 1][j + 2] andU i + 3][4] are
guirements of the code. This may not be acceptable in aruniformly-generated references, wherd&s:][j] and W [5][i] are not.

ment apart from each other. If the compiler re-orders thes
statements in the loop body &%i] = U[i — 1] + U[i + 1];
Uil =Ul+Uli—2]+U[i+2]; V[i] = V[i—2]—1;and




in ordering the accesses to the references in the code. The
purpose of our optimization strategy is to convert as many ) A
data reuses in the nest as possible to locality. We say that a
data reuse is converted to locality (or it is exploited) if the
reused item is found in the cache. We attempt to achieve
this by clustering (bringing together) the references to the
same array as much as possible. Note that this involves
modifying the access order of array references in the nest
body. Obviously, any such modification is restricted by
intrinsic data dependences in the code and by the expres-
sion evaluation rules of the language used. In order to keep
the problem manageable, we make the following assump-
tions in this work: (i) we assume that no source-level state-
ment is broken into multiple sub-statements; and (ii) we as-
sume that back-end optimizations or the underlying hard-
ware do not modify the execution order of load/store opera-
tions dictated by the expression evaluation rules of the high-
level language used. The reason for the first restriction is
that dividing a given statement into multiple sub-statements
in general entails the use of a temporary array. This, in
turn, increases the data space requirements of the applica-
tion, which is not a desirable approach for many embed-
ded systems. Similarly, we do not perform any statement-
level transformation that increases the number of array ref-
erences in the nest. The second restriction is also reason-
able for embedded systems. In general, the microproces-
sors used in embedded systems are not as powerful as their
general-purpose counterparts. Consequently, many of them
do not have hardware that speculatively re-orders loads and
stores. Also, it is possible to modify the back-end instruc-
tion scheduler such that instruction movements are allowed
only for non-memory operations. Based on this discussion,
in the rest of this paper, we assume that in a given ex-
pression that involves array references, the references are Figure 1. (a) An example reuse graph (RG). (b)
touched from left to right, the * and / operations having  Default execution graph. (c) Different paths in
higher precedence than + and - operations as usual. Obvi- the reduced reuse graph (RRG). (d) Optimized
ously, these precedence relations can be overwritten using execution graph.
parentheses.

Figure 1(a) gives the RG for the following code frag-
ment:

N
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in the code are satisfied. Instead, the objective of our op-

forG=1i <N =1Li++) timization strategy is to maximize the number of satisfied

{U[i] —V[i] -1 reuses 'in a.given loop body. We try to achieve this by us-
WTi) = Wi — 1] + X[i] + W[i] + X[i + 1]; ing a mix of intra-statement and inter-statement transforma-
Vi]=VI[i—1] + Ui + 1]; tions. It should be emphasized that even if two references
X[i] = (X[i + 1] — W[i — 1])/2; to the same array are exactly the same (i.e., they have the

same subscript expressions in each array dimension), we
still need to try to bring them together as they might be far

Each edge in this graph (calleeuse edgeindicates that ~ apartin the loop body. Note that the references in this ex-
the connected references should be accessed successivenple are touched (in execution) in the following order:
after the transformation. If, after the transformation, the __ ] ) ] ] ] ] ) ]
two references connected by an edge in the reuse graph ar¥ [i], U], W[i=1], X[a], W[i], X[i+1], Wa], V[i=1], U[i+1],
accessed successively, we say that the corresponding reuse . . . .
is satisfied (i.e., the reuse between the two references in VI, XTi+ 1), Wi — 1, XTal.
guestion is exploited). Obviously, in many cases, it may In the remainder of this paper, we refer to such a reference
not be possible to transform the code such that all reusessequence aaccess patteror access orderin this access



pattern, there are total 12 transitions between references. Itepresented by;’ is touched just before the reference rep-
should be noted, however, that no transition in this patternresented by;’ during execution. The graph in Figure 1(b)
exhibits data locality; that is, no two array references that shows the original (unoptimized) execution graph for our
exhibit data reuse are accessed in sequence. In the rest afxample.

the paper, a transition, say, from a referef& — 1] to Let us now compare the graps in Figures 1(a) and (b).
a referenceX[i] is denoted usingV|[i — 1] — XJi]. It Recall that we indicated in the previous section that the orig-
should also be noted that the loop body itself contains manyinal code fragment in our example does not exhibit any lo-
data reuses. Our optimization strategy detailed in the nextcality. A comparison of these two graphs gives us a clue as

section transforms this code to the following code: to why this is so. Each edge in Figure 1(a) indicates that
. . . (for exploiting data reuse) the associated references (nodes)
for(i=1i<N-15i++) should be brought together (i.e., in execution, they should
{ ) be touched one after another). Ideally, we should have the
‘(i[’,] - g[’,] _11? —— same edge in the execution graph. Put it another way, if
W[g]_— X[’H:L];[i flit],W[i 1+ WL we have an edge between two nodes in the reuse graph and
e T . ' do not have the corresponding edge in the execution graph,
X[ =W}i—-1 - X[i+1])/2; , L :
} this means that we are not exploiting the corresponding data

reuse; thatis, we are not converting the data reuse into local-
Now, the new access pattern is: ity. Then, we can re-express the problem of intra-iteration
data reuse optimization as one of

transforming loop body such that the number
of edges in the reuse graph with corresponding
edges in the execution graph will be maximized.

We say that an edge in the reuse graph is satisfied if there is a
corresponding edge in the execution graph. There might be
several reasons for an edge not being satisfied. For example,
the expression evaluation rules of the language may prevent
two variables (that are connected by a reuse edge) from be-
ing brought together. Data dependences in the code may
also prevent two statements from being brought together.
Our optimization strategy tries to derive an execution graph
from a given reuse graph such that the number of satisfied
edges is maximum and all data dependences and expression
evaluation rules are preserved.

We first divide a given reuse graph into levels. Each level
corresponds to a statement in the source code. As an exam-

Vi, U[i], U[i+1], V[i-1], V]3], X [i], X [¢+1], W[i—1], WTi],

Wi, Wi — 1], X[i + 1], X[i].

In this transformed access pattern, 7 out of 12 transitions
exhibit locality. These transitions atéfi] — Ui + 1];
V[i—1] = V[i|; X[i] = X[i +1]; W[i — 1] - W[i];
Wil = Wi]; W[i] = W[i—1];andX[i+1] — X[i]. The
next section explains how we obtain this optimized code
from the original one.

It should be emphasized that intra-iteration data reuse
might come in forms that are quite different from traditional
reuse. For example, assume a two-level nested loop, wher
i is the outer loop and is the inner loop, that contains ref-
erenced/[j][i], U[j][i — 1], U[j][¢ — 2], andU[j][i — 3] to a
two-dimensional row-major array. Considering each ref-
erence in isolation, a classical optimization algorithm can
decide that no references in this code exhibit data reusep|e the first level (level one) in Figure 1(a) contains the

This is because for a fixed value gfthe successive itera- nodesU[i] and V'[i], whereas the second level (level two)
tions of loop; access different rows of the array. However, o< the node®y [1] 'W[i — 1], X[i], W[i], and X[i + 1].

if we focus on a single iteration only, these references ex- For a given statement (level), we also mark each reference
hibit intra-iteration data reuse assuming a cache line sizeas either left-hand-side refer,ence (or LHS node) or right-
of four array elements. In other words, even if the succes- .. 4 side reference (or RHS node). In our example, in the
sive iterations of inner loop does not take advantage of agiatement in the third levaf|i] is a LHS reference whereas
cache line, execution of a given loop iteration does. Now, Vi — 1] andU[i + 1] are RHS references. Then, we elimi-
supposing that we are not able to apply loop interchange to, 5i6 some edges from the reuse graph if we detect that there
this code for ir_‘nproying it_s cache behavior, we can still take is no way of satisfying them. For example, since we assume
advantage of intra-iteration reuse. that no statement in the original code will be divided into
multiple sub-statements, there is no way to satisfy a reuse
3 Optimization Algorithm edge from a RHS reference in levgto a RHS reference
in level k, wherek # j. Similarly, an edge from a LHS
Our starting point is a reuse graph such as the one in Fig-"eference; to another LHS referenag cannot be satisfied
ure 1(a). Using the nodes in the reuse graph we also definéinless there is no RHS reference in the level thatelongs
an execution grapEG (', £') which shows the (reference) to. In add_ltlon, an edge from a RHS reference to a LH.S
access pattern in the loop body. For a gie@(V, £), the referenzc;e in another level should be dropped from consid-
nodes in the correspondidg(V', £') are the same nodes  €ration Finally, a reuse edge from to v; is eliminated
in RG; that is,)V' = V. An edgee’ = (v;',v;') € £ be-
tween two nodes;’,v;' € V' indicates that the reference 2However, this edge may still need to be maintained if it is possible to




if satisfying that edge would violate a data dependence or
an expression evaluation rule. These four reasons, namely,
(i) an edge from a RHS reference to another RHS reference
in a different statement, (ii) an edge from a LHS reference
to another LHS reference in a statement with a non-empty
RHS, (iii) an edge from a RHS reference to a LHS reference
in a different level, and (iv) an edge that violates a data de-
pendence, may significantly reduce the number of edges to
be considered in the rest of the optimization process. In our
example reuse graph in Figure 1(a), the edge [ in
level two to X [i + 1] in level four is eliminated due to rea-
son (i). Similarly, the edge frofi 7] in level one tol/[i] in
level three is eliminated due to reason (iii). The edge from
X[i]in level four toX[é] in level two is eliminated as taking
this edge would break a data dependence (reason (iv)).
After eliminating as many edges as possible from the an intra-statement transformation. Considering reuse edge
reuse graph, the rest of our approach works on this reducedll), we can see that satisfying this edge requires that nodes
reuse graph (RRG). In a sense the edges in a given RRAJ/7 andU8 should be accessed one after another. Combin-
represenexploitable data reusethat is, the reuses that can ing this requirement with that coming from edge (1), we see
actually be converted into locality. Once an RRG has beenthat variable$/8 andU 7 should be accessed in this order on
built, our approach proceeds as follows. It first determinesthe RHS of the original statement three. Consequently, the
all paths in the RRG. Note that a path in RRG is impor- reuse edge (Ill) does not carry any additional information.
tant as it represents a reuse chain; that is, a sequence ofhis is because what this edge implies ttiatshould be the
references with data reuse. Given a path, if it is possible last variable accessed on the RHS, but this fact has already
to transform the code (i.e., to come up with an execution been deduced from edges (I) and (ll). Satisfying edge (IV)
graph) such that all reuses in a given path are satisfied, themmplies thatU4 should be the first variable accessed on the
we can expect a good cache behavior at runtime. There ardRHS of the second statement and that this statement should
two potential problems here. First, it may not be possible to immediately follow the original third statement. To sum-
satisfy all reuses in a given path. Given a path, our approackmarize, by considering the first path in the figure, we have
tries to satisfy as many reuses as possible. Second, therdecided that the third statement should immeditely follow
might be multiple paths in the RRG. Therefore, we need to the first statement and the second statement should follow
prioritize paths; in other words, we need to determine an the third statement, determined the complete reference ac-
order for processing paths. Our current implementation or- cess pattern for the third statement, and concluded tHat
ders the paths according to their lengths; that is, the numbershould be the first reference accessed in the second (original
of reuse edges they contain, and starts processing them witlorder) statement. Next, we move to analyzing the second
the longest path. The reason for this is that longer the path path. This path contains only a single edge (edge (V)), and
more potential reuse it represents. satisfying it means thd’3 should be the last variable ac-
When analyzing paths, our approach also builds the op-cessed on the RHS of this statement. Combining this infor-
timized execution graph. More specifically, in processing mation with the information coming from analyzing edge
a path, our approach performs all intra-statement and inter-(IV), we can conclude that the variable access order on the
statement transformations to maximize the number of sat-RHS of the original second statement shouldlbg U5,
isfied reuse edges. To illustrate what kinds of transforma- U3 (from left to right), as opposed to the original ordés,
tions might be necessary under different circumstances, letV4, U5. Note that this implies an intra-statement transfor-
us consider the RRG fragment depicted in Figure 2. This mation; more specifically, a combination of commutativity
figure also shows two separate paths. The first path contain@nd associativity transformations.
the edges (1), (1), (lll), and (IV), whereas the second path o )
contains the edge (V). Our approach first considers the first However, even considering only the exploitable reuses,
path as it is longer than the other. Let us first focus on the We may not be able to satisfy all of them. This is because
edge (1). Satisfying this edge means that the third statemengatisfying an exploitable data reuse may prevent another
should be the statement that immediately follows the first €xploitable reuse from being satisfied. Our approach pro-
statement. Note that this implies an inter-statement transfor-c€sses the edges in a given path one-by-one. When it faces
mation. Satisfying this edge also implies that the nbide a confllct, it just omits the edge that creates the conflict, and
should be the first reference (that is, the leftmost one) ac-continues with the rest of the path. We have found that this
cessed on the RHS of the statement. Note that this indicate@PpProach is easy to implement and performs very well in
practice. Returning to our example in Figure 1, Figure 1(c)
shows the paths in the RRG. Figure 1(d), on the other hand,
interpret it as an edge from the LHS reference to the RHS reference. illustrates the optimized execution graph.

Figure 2. A reuse graph fragment and two
paths.




W C-Opt O1-Opt W IC-Opt

Benchmark Total Reuses Satisfied Reuses 50

‘ Name ‘ Original | C-Opt I-Opt | IC-Opt 45 1
wave 78 94 | 24 (31%) | 31 (33%) 40
splat 123 161 | 71 (58%) | 97 (60%) 35 |
3D 56 69 | 12 (21%) | 15 (22%) 20 |
dfe 109 138 | 27 (24%) | 43 (31%)

)
o o o

Figure 3. Total and satisfied intra-iteration
data reuses in unoptimized and optimized
codes.
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Figure 4. Percentage improvements in cache

4  Experimental Setup and Results misses (with respect to Original).

We tested the effectiveness of our algorithm using four
array-intensive programs from the image processing do-
main: wave, splat , 3D, anddfe . wave is a wavelet All results presented in the rest of this paper peg-
compression code that targets specifically medical applica-centage improvementsver the Original version. For each
tions. splat is a volume rendering application which is  code, we performed experiments with two different input
used in multi-resolution volume visualization through hier- sjzes (total size of image data in the code): small and large.
archical wavelet splatting3D is an image-based modeling The small input sizes fowave, splat , 3D, anddfe are
application that simplifies the task of building 3D models 560 KB, 1.4MB, 2.2MB, and 882KB, respectively. The cor-
and scenes. Finallgfe is a digital image filtering and en-  responding values for the large inputs are 1.4MB, 2.6MB,
hancement code. These C programs are written so that theg oMB, and 1.2MB in that order.
can operate on images of different sizes. All results are ob-  Before presenting cache miss and execution time results,
tained assuming an 8KB data cache with a hit latency of 2\ye give in Figure 3 the number of data reuses in each ver-

cycles and a miss latency of 75 cycles. ) sion of each code, assuming that a cache line can hold
We generated four different versions of each code in our gjght array elements. The values in columns two and three
experimental suite: give the number of data reuses in the Original and C-Opt
e Original: This is the original (unoptimized) Versions, respectively. The values in the fourth and fifth

code. columns, on the other hand, show the number of reuses sat-

isfied when I-Opt and IC-Opt versions are used. The values
e C-Opt:  This is a classical data locality optimiza- in parantheses give the same values as fractions of the cor-
tion approach based on iteration and data space transresponding values in the second and third columns. It can
formations. Specifically, for each nest, it first uses ag- be observed from this table that, in both the cases, using our
gressive loop transformations to optimize temporal lo- optimizarion strategy satisfies a large percentage of intra-
cality; and then, for array references without temporal jteration reuses. Although these results (static measures)
locality, it uses data transformations (layout modifica- are encouraging, it is also important to measure the impact
tions) for optimizing their spatial locality. A detailed of our approach on dynamic quantities such as cache misses
description of this approach is outside the scope of this and execution times.
paper and can be found elsewhere [4]. Figure 4 gives improvements in data cache misses with
respect to the Original version. We see that on the av-
erage C-Opt, I-Opt, and IC-Opt reduce cache misses by
18.3%, 13.8%, and 37.8%, respectively. From these re-
sults, we can make the following observations. First, intra-
iteration reuse optimization strategy is very successful (even
if it is not accompanied by any other locality optimization
scheme) and generates reductions in the number of misses.
Second, our approach is even more effective in optimizing
e IC-Opt: This is a strategy that combines the C- locality of already optimized codes. This is because the
Opt and I-Opt. In our current implementation, it first optimized codes have more reuse edges and consequently
applies C-Opt and then uses I-Opt to improve cache present more opportunities for our intra-iteration optimiza-
locality further. Note that comparing the performance tion strategy. Third, we observe that the effectiveness of
of this version with that of C-Opt indicates how effec- our strategy increases with the increased input size as larger
tive our approach is in optimizing intra-iteration reuse image arrays place more pressure on data cache and create
in optimized codes. more optimization opportunities. Figure 5 gives the corre-

e |-Opt: This is the intra-iteration data reuse op-
timization approach presented in this paper. It does
not apply any other loop or data transformation for
enhancing cache behavior. Note that comparing the
performance of this version with that of the Original
version shows us how effective our approach is in op-
timizing intra-iteration reuse in unoptimized codes.
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Figure 5. Percentage improvements in execu-
tion times (with respect to Original).
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Figure 6. Array padding results.

sponding (percentage) improvements in execution times. It
can be seen that the trends in this figure are very similar to
those given for cache misses, indicating that cache locality
is the primary factor determining the execution efficiency of

these array-dominated codes. The average (across all codes)

improvements due to C-Opt, I-Opt, and IC-Opt versions
are 13.1%, 10.3%, and 28.1%, respectively. Among our
codes, onlysplat is able to take advantage of loop fusion.

The values reported above for this benchmark when the

IC-Opt version is used has been obtained using a straight-

forward scheme where the compiler first uses loop fusion
(along with other optimizations) and then utilizes our intra-
iteration optimization algorithm.

We now compare our approach to array padding. The
first two bars for each code in Figure 6 give the percent-

age improvements in both the cache misses and execution

times (with respect to Original) when array padding is used
in conjunction with the C-Opt version. We observe that the
average improvements in cache misses and execution time

are 25.0% and 17.5%, respectively. Note that these values

are lower than the corresponding values for the IC-Opt ver-

sion, showing that our strategy is more successful than array

padding in eliminating conflict misses. In addition, array

padding has an important drawback as far as embedded SYS-[9]
tems are concerned. It can significantly increase the overall

in Figure 6 shows this as percentage increase with respect
to the IC-Opt version. We can see that the average increase
in data space size is 14.3%. This is not a desirable result
for embedded systems as application data requirements are
typically the prime factor which determine the size of the

physical memory. That is, an increase in data space size
reflects on as an increase in area cost and dollar amount.

5 Conclusions

This paper presents a strategy for improving data reuse
in executing a single iteration of a given loop nest. Our
approach represents the potential intra-iteration data reuse
in loop body as a reuse graph and determines the order in
which the array references should be touched using a strat-
egy based on path detection. Our preliminary results using
a set of array-intensive image processing applications in-
dicate that our approach is very successful in practice. In
particular, when used in conjunction with classical locality-
oriented compiler optimizations, it was able to improve
overall execution time by as much as 39%.
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