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Abstract

Loop fusion and loop shifting are well recognized loop
transformations for memory requirement reduction. State-
of-the-art optimizations with loop fusion and shifting are
based on heuristics without any evaluation of the result-
ing effects during each optimization step. Thus we cannot
guarantee that each step results in a reduced overall mem-
ory requirement. On the other hand, most memory require-
ment estimations at system level are inefficient and slow.
Also the estimation is not started until the optimization is
done. Having to iterate between optimization and estima-
tion is very time consuming. In this paper, we present a stor-
age requirement optimization method which combines the
optimization and estimation processes with the goal to have
continuous estimates during the optimization and hence to
achieve lower memory requirements.

1. Introduction

In today’s embedded systems, the memory hierarchy is
rapidly becoming a major bottleneck in terms of power, per-
formance and area. This is especially the case for embed-
ded multimedia and communication applications, which are
characterized by deep loop nests and multi-dimensional ar-
rays. It has been shown that between 50% and 80% of the
global digital power in an embedded multimedia system is
consumed by data transfer and storage (as opposed to the
computation in processor(s)) [7]. As a result, much effort
has been devoted to memory hierarchy optimization, es-
pecially at system level due to the steadily increasing size
and complexity of integrated circuits. For example, this has
led to the so-called Data Transfer and Storage Exploration
(DTSE) methodology [4, 3] and appropriate tool support
technique developed at IMEC.

An important early system level technique, the loop
transformation technique, is aiming at improving the data
access regularity and locality and removing the system-level
buffers of the application codes. Hence it reduces the over-

all memory size requirement and the access frequency to
big and slow memories. This is vital to area, power con-
sumption, and performance. Improved data access regular-
ity and locality shorten the lifetimes of data elements and in-
creases the memory location reuse ratio since memory loca-
tions can be reused for data elements with non-overlapping
life-times. This in turn reduces the memory size require-
ment. However, current data locality improvement algo-
rithms for memory optimization (e.g., [18, 17, 6]) are based
on heuristics without estimating their effect. It can lead to fi-
nal sub-optimal solutions since optimizing locality may in
some cases actually deteriorate memory usage. On the other
hand, memory estimation (e.g., [19, 9, 10]) has also been
studied but they have so far not been used to guide the opti-
mization.

In this paper, we propose a more efficient memory opti-
mization method when improving data access locality with
loop fusion and shifting. This is done by interactively esti-
mating the memory size requirement during the optimiza-
tion procedure, in order to take into account the mutual
effects of all data locality improvements and achieve the
global memory size optimization. Loop fusion is a code
transformation that takes related loop nests that have the
same iteration space traversal and combines their bodies
into a single loop, enhancing data locality and reducing the
memory requirement. Loop shifting is introduced when fu-
sion is not legal because data dependencies in the fused loop
exist for which statements of one loop iteration depend on
results from statements of the following loop iterations.

The rest of this paper is organized as follows. Section 2
reviews related work. Section 3 details our memory require-
ment optimization and estimation methodology. Subsection
3.1 introduces the dependency graph used and subsection
3.2 describes our algorithm for memory requirement opti-
mization and estimation. The algorithm is illustrated using a
one-dimensional example code. Section 4 holds further dis-
cussion while conclusions are finally drawn in section 5.



2. Previous Work

2.1. Memory minimization and data locality im-
provement

Loop transformations have been studied quite exten-
sively for optimization of parallelism and performance. We
will, however, only concentrate on loop fusion and loop
shifting for memory minimization and locality improve-
ment in this paper. Manjikianet al.[14] only considers loop
shifting as soon as loop fusion is illegal and therefore it can
only reach partial locality improvement. Frabouletet al. [6]
considers minimizing the memory accesses in loop nests by
data temporal locality optimization. They present a polyno-
mial algorithm for memory access optimization in a single
loop and a heuristic based on this algorithm for the multidi-
mensional case and also the maximal dependency distance
minimization for a loop nest. However, it does not guaran-
tee optimal memory access minimization since only the last
accesses to the given array is optimized when several state-
ments read this array. Songet al [17] use a greedy heuris-
tic to incrementally fuse loop nests when the fusion results
in less register spilling and cache misses. Otherwise, the fu-
sion will not be done.

As opposed to these works which mostly look at uni-
form dependencies (or even some exceptional non-uniform
dependencies), Verdoolaegeet al.[18] proposes a greedy al-
gorithm for incremental loop fusion. It works with all gen-
eral types of dependencies including uniform, non-uniform
and cyclic dependencies. Initially all iteration domains are
represented as nodes (see Section 3.1 for an explanation
of iteration domain). At each step, only the two nodes for
which the dependency between them involves the highest
number of data elements are considered for fusion. This
process continues until there is just one node left. The tech-
nique achieves a reasonable result within a reasonable time
complexity. In addition to this, much work focus on opti-
mizing the memory system at other design stages. For ex-
ample, [13] improves data locality using affine partitioning.
Greef [8] optimizes memory usage by data layout optimiza-
tion through both inter-array and intra-array in-place tech-
niques. In fact, [18] and the method proposed in this paper
are just an enabling step for the actual memory optimiza-
tion performed in [8].

As shown, heuristics are generally used for loop fusion
and shifting. In fact, [5] has proven that loop shifting for ar-
ray contraction is NP-complete even for acyclic dependency
graphs with uniform dependencies.

2.2. Memory size estimation

Traditionally memory requirement optimization was
scalar-based. Balasaet al. [2] presents one of the first pa-

pers dealing with system level memory size estimation for
applications with arrays. With his approach, arrays are par-
titioned into non-overlapped basic sets. A data-flow graph
is built where the nodes represent basic sets weighted
with the number of scalars in it. The arcs represent depen-
dencies between basic sets weighted with the number of
dependencies. Each basic set can now be treated as a sin-
gle unit. The total storage requirement is found through
a greedy traversal of the data-flow graph. This method
takes into account that signals in different basic sets with
non-overlapping lifetime can share the same memory loca-
tion. It does not take into account the execution ordering,
which gives rise to overestimation.

Compared to this, the work done by Zhaoet al. [19] and
Grun et al. [9] assumes a fixed executing ordering for the
application code. [19] proposes a method that measures the
number of simultaneously alive variables in each iteration.
This counting of live array elements is done by set oper-
ations (union, intersection) which are the whole or parts
of the iteration domains. In [9], the data dependency rela-
tions between the array references in the code are used to
find bounds on the number of array elements produced or
consumed by each assignment. Then, a memory trace as
a function of time is found. The peak memory trace con-
tained within the bounding rectangles yield the total mem-
ory requirement. If the difference of boundaries for the crit-
ical rectangle is too large, the corresponding loop is split
and the estimation is rerun in order to improve the estima-
tion accuracy. In a worst case, a full loop unrolling is re-
quired to achieve a satisfactory estimate, which is unafford-
able.

Finally, the work done by Kjeldsberget al. [10, 11, 12]
is reviewed. The memory size estimation is done when
the execution ordering is only partially fixed. It can sug-
gest the most beneficial execution ordering with regard to
the estimated memory requirement. With this approach, the
size of individual dependencies is estimated. The lifetime
of all the individual dependencies are analyzed and de-
pendencies which are simultaneously alive are identified.
The set of simultaneously alive dependencies requiring the
largest memory requirement decides the total memory re-
quirement. When the execution ordering is not fully fixed,
the estimate results in upper and lower bounds of the mem-
ory requirement.

In summary, the approaches for system-level memory
minimization rely on heuristics that can not always guar-
antee an optimal global solution. Meanwhile, all previous
work of the high-level memory size estimation has been
processed either by itself or separately from an optimiza-
tion procedure. This is not effective to achieve global op-
timization result. It is necessary to combine the two steps
and do interactive estimation and optimization in order to
achieve global memory optimization.



3. Combined Memory Requirement Opti-
mization and Estimation

This memory optimization method is suited for appli-
cations in which contradictive locality improvements may
occur. This means that a possible improvement of locality
for one set of data can have negative effects on the local-
ity for other sets of data. In this case, the previous meth-
ods for memory requirement optimization will certainly not
guarantee optimal results. Our method estimates the opti-
mization effort based on a global view of the memory con-
sumption and performs improvements if the peak memory
requirement can possible be reduced by a shifting of the cor-
responding iteration domains. At this moment, we consider
single assignment code where every array value can only be
written once but read several times. We look at acyclic de-
pendencies with perfect loop nests, which means all state-
ments are in the inner most level.

3.1. Program model

The high level application code is typically described
as a number of statements accessing multi-dimensional ar-
rays. The statements are enclosed in loop nests and possibly
guarded by conditions with all the loop bounds and condi-
tions being affine expressions of loop iterators and struc-
tural parameters. The loop iterators give rise to a multi-
dimensional iteration space, where each iteration node cor-
responds to one iteration of the loop nest. Each statement
in the loop nest has an Iteration Domain (ID), which con-
tains the set of iteration nodes for which the statement is
executed. The IDs can be represented by polytopes (convex
sets bounded by hyperplanes). In this representation, each
dimension corresponds to a loop iterator. For the example
code shown in Fig. 1, the iteration domains A and D are
two sets of iteration nodes for which each statement is ex-
ecuted. As the execution of iteration domain D depends on
the execution of iteration domain A, we say that D is a de-
pendent iteration domain depending on A and there are de-
pendencies between them. The (sub-)set of iteration nodes
of iteration domain A which iteration domain D depends on
is called Dependency Part (DP).

The dependency is described as a distance vector (DV),
which measures the dependence distance in each dimen-
sion and is calculated as the difference between the iter-
ator values involved in the dependency. All information
about iteration domains and dependencies can be described
in a Dependency Graph (DG) with the representation of
G = (V, E, DP). V symbolizes the set of all iteration do-
main polytopes< (PSi

) | 1 ≤ i ≤ n > andn is the number
of iteration domains.E symbolizes the set of distance vec-
tors< (DVSiSj

) | 1 ≤ i ≤ n, 1 ≤ j ≤ n, i 6= j, Sj depends

on Si > for all dependencies.DP represents the set of de-

Figure 1. Program example with dependen-
cies

pendency parts< (DPSiSj
) | 1 ≤ i ≤ n, 1 ≤ j ≤ n, i 6= j,

Sj depends onSi >. For the one-dimensional example with
the source code shown in Fig. 1.a, the iteration domain A
and D are represented as polytopePA = {(i)|0 ≤ i ≤ 5}
andPD = {(i)|1 ≤ i ≤ 4} respectively. The dependency
part for dependencies between A and D is [1, 2, 3, 4] (sim-
ply written as [1,4]). The distance vector between A and D
is expressed asDVAD = [0], which is the difference of iter-
ator values in the i-dimension for each dependency between
the depending iteration domain A and the dependent itera-
tion domain D. For more details of the dependence graph,
please refer to [1]. There are normally a number of depen-
dencies between a pair of iteration domains, one for each it-
eration node in the depending domain. From now on, we re-
fer to all dependencies between a pair of iteration domains
as a pair dependency.

3.2. Algorithm description

Before describing our algorithm, some concepts need to
be clarified. The Memory Requirement (MR) for one pair
dependency equals the number of memory locations needed
to save the data elements of the dependency. Since mem-
ory locations can be reused by data elements with non-
overlapping lifetimes, the MR equals the number of itera-
tion nodes visited in the DP before the first dependent it-
eration node is visited. It can be calculated based on DP
and DV. The lifetime of one pair dependency is defined as
a space range of iteration nodes, which is the union of iter-
ation nodes from the dependency part and the dependent it-
eration domain. The total memory requirement of an appli-
cation is caused by the Peak Memory Requirement (PMR)
encountered during its execution. This is the largest sum of
memory requirements for a set of pair dependencies whose
lifetimes are overlapping. Such a set of pair dependencies
are called simultaneously alive dependencies (the concept
has been similarly used in [10, 16]).

Memory requirement estimation and optimization are
integrated in our method and are performed interactively.



Figure 2. Outline of our algorithm for Mem-
ory Optimization together with iterative esti-
mation

Fig. 2 gives an outline of our algorithm. We will now give
some more details regarding the different steps. In step 1
we extract all necessary information from the application
source code and build up the dependency graph. Fig. 3
shows the dependency graph for the example code of Fig. 1.

Figure 3. Dependency graph

In step 2 we fuse all dependent iteration domains into a
common iteration space. If fusion is not legal, iteration do-
mains are shifted to make it legal. In this step, we do not try
to shift dependencies as close as possible. Shifting is only
performed when fusion is not legal as explained above. As
an example, iteration domains D is fused directly with A
while fusing E directly with A and D is not legal. Iteration

domain E is hence shifted during fusion and the correspond-
ing polytopePE is changed fromPE = {(i)|0 ≤ i ≤ 3}
to PE = {(i)|5 ≤ i ≤ 8}. Related dependencies hence
need to be updated. The dependency graph and the depen-
dency diagram at the end of this step are shown in Fig. 4.

Figure 4. Fusing program with corresponding
dependencies

In step 3-1, the memory requirement and lifetime of
each pair dependency are calculated. In our example, the
memory requirements (MR) for each pair dependency are
MRAB = 1, MRAD = 1, MRBC = 1, MRDE = 4,
MRCE = 4 andMRAE = 1 respectively. The lifetimes
(LF) of them are,e.g.,LFAB = [0], LFBC = [0, 3], and
so on. Then, in step 3-2, all sets of simultaneously alive
dependencies are found by intersecting the lifetimes of all
pair dependencies. The memory requirement of each set is
calculated by summing up the memory requirement for all
pair dependencies in the set. The set which consumes the
peak memory requirement among all sets is chosen ascur-
rentPMRset. In this case, the set containing dependencies
{DPBC , DPCE , DPDE , DPAD} causes the peak memory
requirement. The memory requirement of it is 10 mem-
ory elements. Actually, the memory requirement is 9, not
10. This is because dependencyDPDE can reuse the same
memory locations required forDPAD. This kind of overes-
timation will be further discussed in section 4. So the actual
peak memory requirement is 9.

The iteration domains are categorized as fixed iteration
domain or unfixed iteration domain. The fixed iteration do-
mains can not be shifted. An unfixed iteration domain is a
shiftable iteration domain (SID) if it can be placed at dif-
ferent positions in the iteration space while still keepingall
dependencies legal at the end of fusion and shifting. Other-
wise, it becomes a fixed iteration domain. The freedom of
a shiftable iteration domain indicates the range in the iter-
ation space to where it can be legally shifted. The iteration
domain that does not depend on any other iteration domains
and whose first iteration node has the smallest value is de-
fined as the fixed input iteration domain. The iteration do-
main that no other iteration domains depend on and whose
last iteration node has the largest value is defined as the
fixed output iteration domain. If there are more than one in-



put iteration domain having identical smallest first iteration
node, they are all fixed input iteration domains. The same
case goes for fixed output iteration domains. In the exam-
ple, iteration domains A and E are fixed input and output
iteration domains respectively. B, C and D are unfixed iter-
ation domains.

In step 4-1, we do both As Soon As Possible (ASAP) and
As Late As Possible (ALAP) placements for all unfixed iter-
ation domains in order to find the shiftable iteration domains
and their freedom. When doing ASAP placement, we try to
shift all unfixed iteration domains as close as possible to the
fixed input iteration domains, following the data flow pro-
cedure. Thus we get the earliest possible start positions of
these unfixed iteration domains. For ALAP placement, all
the unfixed iteration domains are shifted as close as possi-
ble to the fixed output iteration domains, following the op-
posite data flow procedure. This results in the latest pos-
sible start position of these iteration domains. The earliest
and latest start positions defines the freedom to where the
unfixed iteration domains are allowed to be shifted. These
ASAP and ALAP scheduling have similarly been used in
[15] but they are only used for scalar-based memory op-
timization. In the example, B, C and D are shiftable iter-
ation domains and their freedom are [0, 4], [0, 4] and [1,
5] respectively. All of them are initialized as unshifted. The
variableUnshiftedSIDsetcontains all unshifted iteration do-
mains{B, C, D}. In step 4-2 we find the shiftable itera-
tion domains{B, C, D} that thecurrentPMRsetcontains
and assign them toLIST.

In step 5 the core optimization and estimation are per-
formed interactively.FurtherImprovementis initialized to
be True. The while loop is executed as long as both con-
ditions are true. The shiftable iteration domain having the
largest absolute weight value is selected from theLIST. The
weight is calculated based on the formula below. This for-
mula is used to decide which shiftable iteration domain
should be considered for shifting first and also in which di-
rection it should be shifted. A positive weight value indi-
cates that the domain has potentially bigger shifting ben-
efit in the direction towards the fixed output iteration do-
main while a negative weight value indicates bigger shift-
ing benefit in the opposite direction. This is because the
positive weight value indicates stronger dependency rela-
tions betweenN and the iteration domains that depends on
N and may give rise to a larger memory requirement reduc-
tion possibility when shifted in this direction. The same rea-
soning goes for negative weight values.

weight = ΣDPSNj ∗ MRNj ∗ |DVNj + 1|

− ΣDPSiN ∗ MRiN ∗ |DViN + 1|

(1 ≤ i ≤ n, 1 ≤ j ≤ n, i 6= j)

In this formula,j indicates the iteration domain that de-

pends on iteration domainN. i indicates the iteration domain
that N depends on.DPSNj andDPSiN mean the size of
the dependence part for the dependencies involved.MRNj
andMRiN mean the memory requirement for the pair de-
pendencies involved.ΣDPSNj ∗MRNj ∗ |DVNj + 1| rep-
resents the sum of weights for all the dependencies that
depends on the iteration domainN. ΣDPSiN ∗ MRiN ∗
|DViN + 1| represents the sum of weights for all the de-
pendencies that the iteration domainN depends on. That
means, for any shiftable iteration domainN, we calculate
the weights individually in two directions: backwards to the
fixed input iteration domain and forwards to the fixed output
iteration domain. Three parameters are involved in the cal-
culation of weight, the size of dependency part (DPS), the
memory requirement (MR) and the distance vector (DV) for
every pair dependency involved. These three parameters is
chosen with the following reasoning:

• With a bigger dependency part (DPS), a shifting of an
iteration domain can result in bigger memory require-
ment change.

• If the current memory requirement (MR) is big, it has
a bigger potential for optimization.

• When the distance vector (DV) is bigger, the shifting
effect is potentially bigger

All three parameters may affect the results of a shifting.
Besides, there are also mutual relationships between them.
For example, the dependency having bigger distance vec-
tor and bigger dependency part requires bigger memory re-
quirement. The memory requirement will decrease as soon
as the associated iteration domain is shifted in the corre-
sponding direction. The reasoning behind the multiplication
with |DV + 1| instead of just DV is that it is necessary to
take into account dependencies having zero distance vector.
Simply ignoring them for dependencies having different de-
pendency parts will give a loss in accuracy. A more detailed
investigation of the consequences of alternative weight cal-
culations is a part of our future work.

The weight for shiftable iteration domains B, C and D
are 0, 95 and 76 respectively. C is consequently chosen for
shifting towards the fixed output iteration domain. We find
that the peak memory requirement is reduced from 9 to 7
when SID C is shifted fromPC = {(i)|0 ≤ i ≤ 3} to
PC = {(i)|5 ≤ i ≤ 8}. The related dependencies need to
be updated as a result of the shifting.SIDC is hence marked
shifted and is removed fromUnshiftedSIDsetin step 5-2.
UnshiftedSIDsetnow just contains{B, D}. Since thecur-
rentPMRsetstill contributes to the peak memory require-
ment after the shifting of C, steps 5-2-1 and 5-2-2 are not
executed andSID C is removed fromLIST. NeitherLIST
nor UnshiftedSIDsetare empty, so the while loop contin-
ues. In the second iteration,SID D is chosen but it does



not improve the peak memory requirement with any possi-
ble shifting. After this iteration,LIST = {B} andUnshift-
edSIDset= {B, D}. During the third iteration of the while
loop,SID B is tried but it does not improve the peak mem-
ory requirement either. ThenLIST = {} andUnshiftedSID-
set= {B, D}. As LIST == {}, the variableFurtherImprove-
ment= False and the while loop terminates.

The final peak memory requirement of 7 is the optimized
total memory requirement. The final dependency diagram
and corresponding code are shown in Fig. 5.

Figure 5. Fused program with corresponding
dependencies

4. Discussion

We will now discuss some future extensions that can re-
duce the time complexity and improve the optimization ac-
curacy.

As indicated in the previous Section, dependen-
ciesDPAD andDPDE can reuse a memory location. This
is due to the fact that when D depends on A and E de-
pends on D, the memory location used forDPAD can im-
mediately be reused forDPDE . This is the case when both
DPAD andDPDE are uniform dependencies. It would be
complex in the case any ofDPAD andDPDE are not uni-
form. But it is still possible to remove such overesti-
mates.

As described , the simple way to calculate the memory
requirement for a set of simultaneously alive dependencies
is to sum up the memory requirement of all pair dependen-
cies in the set. With such a simple approach, overestimation
may occur when there is a case where two or more pair de-
pendencies depends on the same iteration domain and their
dependency parts are overlapping. If all these pair depen-
dencies are uniform dependencies, overestimation can be
removed by just taking the union of the sets of iteration
nodes visited in the dependency part before the first depen-
dent iteration nodes of the pair dependencies are visited.

As it is an NP-problem to decide the order in which
shiftable iteration domains should be considered for shifting

and to where they should be shifted, a greedy algorithm is
used to select one iteration domain at a time. This algorithm
will not detect a case in which no single shift decreases the
peak memory requirement. In order to reduce the computa-
tion costs we currently only consider a limited number of
places when trying to shift iteration domains around. As a
result, our method can not always guarantee an optimal so-
lution. It is expected to achieve good optimization result,
based on the global view, by interactively estimating the
possible memory optimization effects. Besides, our method
could possibly improve optimizations of other approaches,
i.e., [18, 17, 10] by using their results as input. The method-
ology can work for applications with non-uniform depen-
dencies as illustrated.

For future work, it would also be useful to remove the
limitations of the code format requirement to a more gen-
eral case. As a larger benefit can be gained through memory
requirement optimization of multi-layer memory architec-
tures, we are currently looking at these issues based on this
work.

5. Conclusion

This paper presents a technique for memory requirement
optimization with loop fusion and loop shifting, which will
result in the globally reduced memory requirement. Com-
pared to previous work, the technique combines the mem-
ory requirement estimation interactively with the optimiza-
tion efforts in order to achieve a globally optimized result.
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