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Abstract— Multimedia signal processing software typically have to
process large amounts of data. The algorithms often involve the handling
of data arrays in the form of nested loops. Experiments show that
for this kind of applications data transfer (memory access) operations
consume much more power than data-path operations. Our objective is
to reduce memory access related power consumption by reducing the
number of data transfers between processor and memory, or between a
higher (closer to processor) level of memory and a memory at a lower
level using source program transformation. In this paper, we propose a
source-to-source transformation method to improve register usage for
multi-dimensional arrays in nested loops. Significant improvement is
demonstrated through some benchmark programs.

I. I NTRODUCTION

Power consumption has become an increasingly important cost
factor in embedded system designs. One of the reasons is the pro-
liferation of battery powered portable hand-held devices. Moreover,
high power dissipation also means costly packaging and cooling
requirements and lower reliability. Consequently, power-efficiency is
a critical concern when designing an embedded system.

Our specific target of power reduction is multimedia applications.
This kind of applications is data-intensive and access large amounts of
data. Power consumption of these applications is largely contributed
by data transfer and memory access operations [8], [9], [14], [10],
[11]. In contrast, data-path operations consume much less power.
Hence, reducing data memory access will lead to a reduction of power
consumed by the application.

Generally, in a program data are stored as arrays and are often
manipulated inside (nested) loops. Without any optimization to the
source code, redundant access to the arrays often exist and should
therefore be minimized. Our approach to this problem is to perform
high-level source-to-source transformations so that temporally reused
data can be stored in registers instead. However, temporal reuse can
happen in various forms. In order to select and perform suitable
high-level transformations for different kinds of temporal reuse
automatically, a systematic method is required. This paper proposes
such a method that improves the register allocation of subscripted
array variables under normal compilation conditions, with compilers
which use coloring-based register allocators. The major contribution
of our work is that multiple-index subscripted variables are explored
in our method. In contrast, the previous works [7], [6], [12], [13],
[5] restrict array references to be single-index subscripts. This limits
the maximum exploitation of temporal reuse.

II. M ULTIPLE-INDEX SUBSCRIPTEDVARIABLE

Subscripted variable is array reference inside a loop nest (e.g.
x[i][j]). Multiple-index subscripted variable means that an array
reference can have more than one loop index variables in each of
its dimensions (e.g.x[i + j][j] and x[2i − j]). A general form of
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Fig. 1. General form of multiple-index subscripted variable ’x’ in a nest
loop

Multiple-index subscripted variable is illustrated in Fig. 1. The array
referencex[~f(~I)] hasN dimensions inside a loop nest with a depth
of M . In each dimension, a subscript expressionfn(~I) (1 ≤ n ≤ N )
can have maximalM loop index variablesIm (1 ≤ m ≤ M ). That
is to say, the subscript value of thenth dimension of the array is
determined by more than one loop index variables. When it is the
case, the array referencex is said to be a multiple-index subscripted
variable.

A multiple-index subscripted variable generates temporal reuse
if it accesses the same datum in different iterations; this kind of
variables is exploitable in improving register allocation. Those that
fail to generate temporal reuses will not be considered during register
allocation. Whether multiple-index subscripted variable can generate
temporal reuse is determined by both its subscript expressions and
the boundary values of the loop nest. This is explained in more detail
in the section III-A.

Temporal reuse generated by a multiple-index subscripted variable
is referred to self-temporal reuse. However, this is different from the
self-temporal reuse described in [15]. In [15] the self-temporal reuse
of an array reference is generated by invariant loop index variable
only, whereas, the self-temporal reuse here is generated by multiple
loop indices. Fig. 2 gives an example of the two cases. Both reference
x[i] in Fig. 2(a) and referencex[i+ j] in Fig. 2(b) generate temporal
reuses.x[i] is invariant to loop indexj. With the same value ofi,
x[i] accesses the same datum throughout the entire loopj. In this
example,x[i] has 10 instances fromx[0] to x[9]. Every instance
is accessed10 times which is the boundary value of loopj. In
contrast,x[i + j] does not have any invariant loop. Its subscript is a
function of both loop indicesi andj. The temporal reuse generated
by x[i + j] results from both loop indicesi and j. For example,
x[i + j] accesses the instancex[1] twice for (i = 1 j = 0) and



for (i = 0; i < 10; i++)

  for (j = 0; j < 10; j++)

    ... = x[i] ...

(a)

for (i = 0; i < 10; i++)

  for (j = 0; j < 10; j++)    

    ... = x[i+j] ...

(b)

Fig. 2. Examples of two kinds of self-temporal reuse

(i = 0 j = 1). Furthermore,x[i + j] accesses each instance with
different number of times.x[0] is accessed once for (i = j = 0),
whereas,x[9] is accessed10 times for different value combinations of
i andj. This example shows that multiple-index subscripted variable
generates self-temporal reuse in a different way from loop invariant
reference. Therefore, the self-temporal reuse described in this paper
complements the original concept in [15]. In a more general case
like Fig. 1, the situation will be more complicated. This requires a
systematic approach to detect and exploit multiple-index subscripted
variable.

III. M ETHOD

Conceptually, the exploitation method is simple. It tries to mini-
mize memory access by replacing the frequently used multiple-index
subscripted variables to temporary scalar variables. This data transfor-
mation is called scalar replacement [5]. To enable this transformation,
an systematic approach is developed. The flow of the overall approach
is shown in Fig. 3. The steps in the approach are discussed in the
following sub-sections.

detection loop interchange unroll-and-jam scalar replacement

Fig. 3. The flow of the approach exploiting Multiple-index subscripted
variable

A. Detection Process

Given a program, the compiler should find out not only the
multiple-index subscripted variables but also their ability of generat-
ing temporal reuses. This process starts from the subscript expressions
of an array reference. The subscript expressions can be written in the
form of a matrix called access matrix,H (defined in Fig. 1).

For a loop invariant reference, the access matrix,H, contains one
or more rows of zeros, meaning a loop index is not in any subscript
expression of the reference. This evidence of temporal reuses is
obvious to detect. In contrast, the situation for a more general form
of array reference including multiple-index subscripted variable is
not that direct. For a general form of array reference, its ability of
generating temporal reuses can be found by comparing the rank of its
access matrix with the depth of the loop nest it resides. For a multiple-
index subscripted variable, the rank of its access matrix is computed
by applying Echelon reduction [3]. This rank is used to compare
with the loop nest’s depth less the number of invariant loops, since
a multiple-index subscripted variable can also be a loop invariant
reference. Assuming the number of loops invariant to a multiple-
index subscripted variable isp, the results of the comparison are
shown below.

• When rank(H) = M − p, there is no temporal reuse is
generated by the multiple indices.

• When rank(H) > M − p, this situation should not exist in a
correctly written program. There is no reuse in this case.

• When rank(H) < M − p, the reference might generates
temporal reuses with its loop indices. It should be noticed that,
these temporal reuses are exploitable only when they occur
within the loop bounds~b and ~b′.

When it is found that a reference hasrank(H) < M − p, the
distance vectorshould be computed using Equation 1. Distance vector
measures the distance between multiple accesses to a datum in terms
of loop iterations. Its principle is that self-temporal reuse occurs when
any two instances,x[~f(~i)] andx[~f(~j)], of an array referencex[~f(~I)]
access the same datum at different iterations~i and~j (~i 6= ~j).

∵ ~f(~i) = ~f(~j) and~i 6= ~j

~iH + ~c = ~jH + ~c

(~i−~j)H = ~0

~d =~i−~j

∴ ~dH = ~0 (1)

The distance vectors forx[i] in Fig. 2(a) andx[i+j] in Fig. 2(b) are
[0, 1] and [1,−1] respectively. From the distance vector ofx[i + j],
it can be seen that there is a coupling effect between the values of
the two loop indices. That is to say, whenever loop indexi increases
by 1, loop indexj should decrease by 1. This coupling effect of the
indices generates temporal reuses for exploitation.

B. Loop Interchange And Related Tests

Loop interchange is a loop transformation that permutes the loops
inside a loop nest [2], [3]. It is performs before unroll-and-jam in
the approach. Loop interchange itself is not helpful to reveal reuses
from multiple loop indices. Instead, it is performed for loop invariant
references. Loop invariant reference is exploitable only when its
invariant loop is the innermost loop. Although this paper is to exploit
multiple-index subscripted variable, the occurrence of loop invariant
reference makes loop interchange necessary.

To determine whether loop interchange is necessary, the method
does the followings. It finds out all the invariant loops, which are
legal to shift to the innermost loop, in a loop nest. Then it selects
one of the invariant loops. By assuming that loop as the innermost
loop, it computes the amount of exploitable reuses. The invariant loop
that generates maximum number of reuses will be chosen to be the
innermost loop if it is not yet the innermost. If invariant loop does
not exist in the loop nest, no loop interchange and related tests will
be performed.

C. Unroll-And-Jam

Unroll-and-jam is a kind of loop transformation technique that
unrolls a loop body several times [6], [13]. It can be used in
conjunction with scalar replacement to improve register allocation [5],
since it reveals the reuses carried by the loop indices. As mention in
section III-A, the distance vector of reuse generated by multiplex-
index subscripted variables reveals coupling effects between loop
indices. Thus, when applying unroll-and-jam, multiple loops should
be unrolled to expose this kind of reuses. Although unrolling multiple
loops does not cause any legality problem, jamming the unrolled loop
body into the innermost loop is not always legal. For an outer loop,
unroll-and-jam is allowed when the outer loop can be interchange to
the innermost loop.

The most important problem in unroll-and-jam is to determine the
unrolling vector of the loop nest. For loop nest with depthM , the



For every loop carrying legal temporal reuses, its unrolling factor v is initialized to the corresponding 

mt . The minimal ratio R
min

 is initialized to 1. The optimum unrolling factor v
opt

 is initialized to tm.

Assuming there are L loops carrying legal temporal reuses, 

for m=1, to L

         for mm tv to max
mv

          compute the number of reuses, Ne.

                compute the number of registers, Nr.

               if (Nr < the number of registers available) 

                   break; 

  endif. 

                compute the total number of memory accesses ,Na.

                compute the number of memory access ratio R.

                if (R < R
opt

  ||  ((R==R
opt

) && ( )......()......( 2121
opt

L

opt

m

optopt

Lm vvvvvvvv )))

                   R
opt

 = R.

                   Optimal unrolling vector is assigned with the current unrolling vector. 

  endif 

             endfor 

        endfor 

Fig. 4. Iterative algorithm of searching optimal unrolling vector

unrolling vector is defined as~v = [v1 v2 . . . vm . . . vM ]. With
the understandings of the multiple-index subscripted variables, we
develop a parameter estimation model to determine the unrolling
vector for loop nests containing multiple-index subscripted variables.
This estimation model has taken into account the distance vectors of
the reuses, the boundaries and the incremental step size of the loop
nest, and the number of available registers. In our model the extended
code size from unroll-and-jam is not considered, since this is not
purpose of this paper. However, further consideration on extended
code size should be incorporable into our method without much
modification.

1) Parameters To Estimate:The optimal unrolling vector not only
reveals a significant amount of reduction in memory access but also
avoids register spilling. To find such an optimal unrolling vector for
a given loop nest, measurements are needed. The measurements take
both the effect of scalar replacement and the effect of unroll-and-jam
into account. The details are listed below.

• The total number of reuses exposed by unroll-and-jam,Ne.
Reuse is the ’read’ after the first access.

• The number of scalar variables required by scalar replacement,
Nr. The number of registers required cannot be greater than
the number of available registers. This is a condition to prevent
register spilling.

• The total number of memory accesses after the optimization,
Na. This computes the total number of memory accesses after
scalar replacement in round robin fashion.

• The ratio of the memory accesses after and before the optimiza-
tion, R. This parameter reflects the effect of optimization. This
is the objective to minimize.

2) Unrolling Vector: The algorithm for selecting an optimized
unrolling vector based on the parameter estimations is presented in
Fig. 4. In Fig. 4, the first step is to do some initialization work for
the iterative searching of the optimal unrolling vector. It initializes
both the temporary unrolling vector (for searching) and the default
optimal unrolling vector to the original incremental step size vector
~t. During the search, it performs the parameters estimation for every
possible unrolling vector. The unrolling vector leading to minimal
memory accesses under the register restriction will be chosen. If there
is more than one such unrolling vector, the one with smaller code
size will win. If no unrolling vector satisfies the register restriction,
the original incremental step size is the optimal unrolling vector.

for (i = 0; i < 9; i += 3) 

{

    for (j = 0; j < 9; j += 3) 

    { 

        … = x[i + j] …; 

        … = x[i + j + 1] …; 

        … = x[i + j + 2] …; 

        … = x[i + j + 1] …; 

        … = x[i + j + 2] …; 

        … = x[i + j + 3] …; 

        … = x[i + j + 2] …; 

        … = x[i + j + 3] …; 

        … = x[i + j + 4] …; 

    } 

… = x[i + 9] …; 

… = x[i + 10] …; 

… = x[i + 11] …; 

}

for(j = 0; j < 10; j++) 

{

    … = x[9+j] …; 

}

(a) Unroll-and-jam

for (i = 0; i < 9; i += 3) 

{

    x3 = x[i]; 

    x4 = x[i + 1]; 

    for (j = 0; j < 9; j += 3) 

    { 

        x0 = x3; 

        x1 = x4; 

        x2 = x[i + j + 2]; 

        x3 = x[i + j + 3]; 

        x4 = x[i + j + 4]; 

        … = x0 …; 

        … = x1 …; 

        … = x2 …; 

        … = x1 …; 

        … = x2 …; 

        … = x3 …; 

        … = x2 …; 

        … = x3 …; 

        … = x4 …; 

     } 

 … = x[i + 9] …; 

 … = x[i + 10] …; 

     … = x[i + 11] …; 

}

for(j = 0; j < 10; j++) 

{

    … = x[9+j] …; 

}

(b)scalar replacement 

Fig. 5. Scalar replacement in round robin fashion after unroll-and-jam

D. Scalar Replacement

Scalar replacement replaces subscripted variables (array refer-
ences) by temporary scalar variables to effect reuse [5]. Scalar
replacement is the last transformation in the method, which is
performed after unroll-and-jam. This transformation increases the
register usage for most normal compiler with coloring-based reg-
ister allocators and is the most effective way of reducing memory
operands [14]. Register operand also has shorter running times due
to elimination of potential stalls and cache misses.

When applying scalar replacement, there are few things to con-
sider. Firstly, legality should always be taken into account. Scalar
replacement is performed on variables having true dependence (read-
after-write) or input dependence (read-after-read). When the reuse
is true dependence, it should be ensure that there is no data up-
date between the ’write’ and the ’read’ of the datum. When the
reuse is input dependence, scalar replacement will not cause any
legality problem. For multiple-index subscripted variables, the reuse
generated by multiple loop indices is self-temporal reuse, which is
always input dependence. Hence, there is no legality problem during
scalar replacement. Secondly, when performing scalar replacement
after unroll-and-jam, the temporary scalar variables are used in round
robin fashion. For example, the code in Fig. 2(b) is optimized and
shown in Fig. 5. In Fig. 5(a) unroll-and-jam is performed to expose
the temporal reuses generated by the multiple-index subscripted array
referencex[i+j]. Both loopi and loopj are unrolled by an unrolling
factor of 3. The temporal reuses are the references having the same
subscripts, which are then reduced by scalar replacement as shown
in Fig. 5(b). Scalar replacement is applied in round robin fashion by
introducing temporary variablesx0, x1, x3 andx4. The assignments
of x3 to x0 and x4 to x1 clear the data inx3 and x4, thus x3
and x4 can be loaded with new values. To enable the round robin
fashion,x3 andx4 are initialized in the outer loop. In the outer loop,
there is no data passing betweenx3 and x4, since the distance of
two array references carried by loopi is 1, which is less than the
incremental step size3. Hence, the round robin fashion is not applied
in the outer loop. This example shows that scalar replacement in the
round robin fashion greatly reduces the number of array references.
This is because the data with lifetime across iterations are passed
through scalar variables.



TABLE I
BENCHMARK FROM HLSYNTH95/MEMORY

Benchmark Description
Compression An image compression scheme
Laplace A Laplace algorithm to perform edge

enhancement
LowPass A low-pass filter to an image
SOR A Successive Over-Relaxation (SOR)

algorithm
Wavelet The Daubechies 4-Coefficient Wavelet

filter

E. Complexity

The algorithm has to first detect the distance vectors in a loop
nest. Specifically, the process of searching multiple-index subscripted
variable is found inO(n) time, n is the number of subscripted array
references. After the detection process, the algorithm performs the
test for loop interchange. This test is usually fast and requiresO(M)
time, M is the depth of the loop nest. Following loop interchange,
the algorithm searches the loop index space for optimal unrolling
vector based on the parameter estimations. This process requires time
O(MK), M is the depth of a loop nest, andK is the number
of iterations in a loop. In practice, the algorithm runs surprisingly
fast. This might be due to the acceptable complexity of practical
applications.

IV. PERFORMANCEEVALUATION

Our proposed method is applied to five benchmark pro-
grams taken from the High-level Synthesis Design Repository
((HLSynth95/memory) [1] listed in Table I. All the programs involve
array accesses inside nested loops.

Performance of our method is measured in terms of

1) the accuracy of the measurements. This ensures that the optimal
unrolling vector is found correctly.

2) the percentage of temporal reuses exploited.

A. Accuracy

Accuracy refers to the reliability of the measurements for an
unrolling vector. Measurements provide an estimation of the practical
situation. Accurate measurements should be close enough to the
practical situation during unroll-and-jam. To see how close our
measurements are to the practical situation, we compare the estimated
access ratioR with the practical access ratioR from the execution
of the transformed program in a simulator [4].

The estimation is restricted by the number of available registers.
For the sake of evaluation, the number of registers is arbitrarily set to
10. However, the principle can be applied to other values depending
on the number of registers in a particular processor. For each program,
we follow the procedure in section III to perform loop interchange
(if any), unroll-and-jam and scalar replacement. For the unroll-and-
jam, the program is transformed for each possible unrolling vector.
By executing the transformed program in the simulator, we have
the practical access ratio. Experiments show that estimated access
ratio matches the practical access ratio with a high accuracy. For
example, Table II shows the experimental results of the benchmark
‘Compression’. This proves that the measurements in section III-C
accurately estimate the effect of the transforms.

B. Exploitation Rate

The effectiveness and flexibility of the procedure are now exam-
ined. This is done by computing the percentage of temporal reuse

TABLE II
COMPARISON OF ACCESS RATIOS FORCOMPRESSION UNDER

10-REGISTER RESTRICTION

[v1 v2] Estimated R Practical R
[2 2] 0.6370 0.6520
[2 3] 0.6040 0.6201
[3 2] 0.6040 0.6201

TABLE III
EXPLOITATION RATE UNDER 10-REGISTER RESTRICTION

Prog. Opt.~v Reg.
Used

Rideal RPrac Expl.
Rate
(%)

Comp. [2 3] 8 0.4041 0.6201 66
Lapl. [1 3] 9 0.2041 0.6081 49
LowP. [1 3] 9 0.2041 0.6081 49
SOR [2 3] 10 0.7534 0.8653 55
Wave. 6 10 0.5208 0.5833 87

exploited in a program using (2).

ExploitationRate =
1−Rprac

1−Rideal
× 100% (2)

whereRprac is the practical memory access ratio after and before the
optimization.Rideal is the ideal memory access ratio. The ideal case
happens when there are sufficient registers to store all the data having
temporal reuses. The ideal access ratio is inherent to computations
and does not depend on the way a program written.

Evaluation is performed on the benchmarks under the10-register
restriction. The results are shown in Table III. The second column in
the table is the optimal unrolling vector selected by the procedure.
The third column is the number of registers actually used during
the optimization. The results in the last column show that the
exploitation rate varies from 49% to 87% for different benchmarks.
This is because the exploitation rate is determined by the data
dependences in a particular program and the number of available
registers. Low exploitation rate can be due to data dependences
preventing transformations and/or limited number of registers. The
last two columns in Table III show that significant improvements to
data intensive applications have been achieved by our method.

V. CONCLUSION

An automated method for reducing the number of memory access
by transforming the source code of a data intensive program is
proposed in this paper. This method has the advantage that the
exploration space is broadened compared with previous works by
considering temporal reuse generated by multi-index subscripts. Sec-
ond, this approach performs a sequence of high-level compiler tech-
niques to exploit maximum amount of temporal reuses under register
restriction. Third, the measurements designed in our approach give
an accurate estimation of the practical effect. Experimental results on
a number of benchmarks confirm that significant improvements can
be achieved for data intensive programs using our method.
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