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Abstract

The storage requirements in data-dominated signal pringesgstems, whose behavior is described by array-based,
loop-organized algorithmic specifications, have an imgrarimpact on the overall energy consumption, data access
latency, and chip area. This paper gives a tutorial overdawhe existing techniques for the evaluation of the data
memory size, which is an important step during the earlyeste#fgsystem-level exploration. The paper focuses on the
most advanced developments in the field, presenting in metald(1) an estimation approach for non-procedural
specifications, where the reordering of the loop executithiwloop nests can yield significant memory savings, and
(2) an exact computation approach for procedural spedditstwith relevant memory management applications — like,
measuring the impact of loop transformations on the datagé or analyzing the performance of different signal-to-
memory mapping models. Moreover, the paper discussesatypiemory management trade-offs — like, for instance,
between storage requirement and number of memory accetsiesnHinto account during the exploration of the design

space by loop transformations in the system specification.

1 Introduction and Motivation

In many signal processing systems, particularly in the imeltia and telecom domains, data transfer and storage have
a significant impact on both the system performance and th@rmast parameters — power consumption and chip area.
During the system development process, the designer nestfofcus first on the exploration of the memory subsystem
in order to achieve a cost optimized end product [1], [2], [3]

The behavior of these targeted VLSI systems, synthesizexkioute mainly data-dominated applications, is usually
described in a high-level programming language. The cotigisally organized in sequences of loop nests having as
boundaries (typically, affine) functions of the loop iten® The code may contain conditional instructions, whisee t
arguments can be data-dependent and/or data-indeperalatibfal and/or logic expressions of affine functionsofd
iterators). In our target domain, the data structures ari-aimensional arrays whose indexes in the code are affine

functions of loop iterators. The class of specification$wlitese characteristics are often cabdiihespecifications [1].
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Global loop transformations are important system-leveligte techniques, used to enhance the locality of data
and the regularity of data accesses in affine specificatiBeslucing the lifetime of the array elements increases the
possibility of memory sharing, since data with non-ovepiag lifetimes can be mapped to the same physical location.
This leads to the overall reduction of the data storage rements and, hence, of the chip area. Also, due to the
large amounts of data in our targeted applications, botletop-and off-chip memory modules are usually needed.
Improving data locality by global loop reorganization enbes the data reuse opportunities [4], [5], [6]. If thesadae
mapped to the intermediate layer memories in the hieratbbkyoff-chip memory accesses are potentially significantly
reduced, which is critical for system performance and gneampsumption [2]. But this is heavily enabled by the in-
place mapping of the data copies in the intermediate memdrigh is usually quite size-constrained [7]. Hence, size
reduction of the data storage is also crucial for this puep&gveral lower-level techniques are available for suéhea s
optimization but they are too slow to use during the actuatesy-level exploration stage, up front. For that purpose,
we need efficient system-level evaluation or estimatiohri@pes.

This paper provides a tutorial overview on the existing teghes for the system-level evaluation of the data mem-
ory size in signal processing applications, focusing onntlest advanced developments in this research domain. The
paper presents in more detail (but, still, at high level) twore recent, complementary approaches for the evaluation
of the memory size ohon-proceduralind proceduralalgorithmic specifications. The first technique — develoged
the Norwegian University of Science and Technology (NTNUTHndheim, Norway, with the co-operation of the In-
teruniversity Microelectronics Center (IMEC), Leuven,|lgiam — performs an estimation of the data memory size,
where the reordering of the loop execution within loop néstsptimized such that the storage requirements be re-
duced. The second technique — developed at the Universitiimafis at Chicago (UIC), U.S.A., with initial support
from IMEC — performs an exact computation of the minimum dstaage for procedural specifications. This latter
approach has relevant memory management applicationthbkstudy of the impact of loop transformations on storage
requirements and the performance analysis of differentatsoaf mapping multi-dimensional signals to the physical
memories. Moreover, the paper discusses typical memoragement trade-offs — extensively studied at IMEC (like,
for instance, trading the number of memory accesses foizh@$the data memory), that are taken into account during
the exploration — mainly, by loop transformations — of sgstpecifications. Being a tutorial presentation, the paper
does not address lower-level computational aspects (eiidtography is offered to the interested reader); instéad
focuses on the general computation models of the approashekeir applications in the memory management and
system-level exploration methodologies, illustrating doncepts and ideas by several code examples.

The rest of the paper is organized as follows. After an oewwf the past works addressing the memory estima-
tion/computation problem (Section 2), the paper presenteiction 3 two more recent models for the evaluation of
storage requirements. The first approach does an accutiatsn exploring the possibilities of reordering the oo
execution aiming to optimize data locality. The second iégphre performs an exact computation after the loop execu-
tion has already been fixed. Section 4 discusses memory reaneag trade-offs that must be taken into account during
the early high-level design space exploration. Sectionesqmts several experimental results and Section 6 staes th

main conclusions of this comprehensive overview.



2 The Memory Size Computation Problem: A Brief Overview

For several decades, researchers have worked on diffgnamtaches for estimating or computing the minimum memory
size required to execute a given application. Most of thigainivork was done at scalar level due to the register-temsf
behavioral specifications of the earlier digital systemsgterAbeing modeled as clique partitioning problem [8], the
register allocation and assignment have been optimallyesidbr nonrepetitive schedules, when the life-time of adi t
scalars is fully determined [9]. The similarity with the ptem of routing channels without vertical constraints [haf
been exploited in order to determine the minimum registguirements (similar to the number of tracks in a channel),
and to optimally assign the scalars to registers (similéihécassignment of one-segment wires to tracks) in polynomia
time by using thdeft-edgealgorithm [10]. A nonoptimal extension for repetitive anahditional schedules has been
proposed in [12]. A lower bound on the register cost can badat any stage of the scheduling process using force-
directed scheduling [13]. Integer Linear Programming teghes are used in [14] to find the optimal number of memory
locations during a simultaneous scheduling and allocatfdanctional units, registers, and busses. Employingutaic
graphs, [15] and [16] proposed optimal register allocdiesignment solutions for repetitive schedules. A lowentab

for the register count is found in [17] without fixing the sduée, through the use of ASAP and ALAP constraints on
the operations. A good overview of these techniques canuoedfon [18].

Common to all the scalar-based techniques is that they @&k when used by flattening large multi-dimensional
arrays, each array element being considered a separaae stiad nowadays data-intensive signal processing applica
tions are described by high-level, loop-organized, atgaric specifications whose main data structures are typical
multi-dimensional arrays. Flattening the arrays from thecification of a video or image processing application woul
typically result in many thousands or even millions of scala

To overcome the shortcomings of the scalar-based techsiigeeeral research teams have tried to split the arrays
into suitable units before or as a part of the estimation.icBlly, each instance of array element accessing in the code
is treated separately. Due to the loop structure of the dadge parts of an array can be produced or consumed by
the same code instance. This reduces the number of elerhergstimator must handle compared to the scalar-based
methodology. We will now present different published cimitions using this approach, starting with techniques tha
assume a procedural execution of the application code.

In [19], a production time axis is created for each array. sThiodels the relative production and consumption
time, or date, of the individual array accesses. The diffeeebetween these two dates equals the number of array
elements produced between them. The maximum differenaedftar any two depending instances gives the storage
requirement for this array. The total storage requiremenhé sum of the requirements for each array. An Integer
Linear Programming approach is used to find the date diftex®n Since each array is treated separately, only the
internal in-place mapping of an array (intra-array in-plgis considered; the possibility of mapping arrays in-plat
each other (inter-array in-place) is not exploited. By lage mapping we mean the optimization technique where data
with non-overlapping lifetimes can be mapped to the samsiphiymemory locations [20].

Another approach is taken in [21]. The data-dependenctioabetween the array references in the code are used

to find the number of array elements produced or consumeddy &signment. The storage requirement at the end



of a loop equals the storage requirement at the beginningedbbp, plus the number of elements produced within the
loop, minus the number of elements consumed within the |3be. upper bound for the occupied memory size within
a loop is computed by producing as many array elements afhpobgfore any elements are consumed. The lower
bound is found with the opposite reasoning. From this, a nmgrirace of bounding rectangles as a function of time
is found. The total storage requirement equals the peakdingmectangle. If the difference between the upper and
lower bounds for this critical rectangle is too large, betigtimates can be achieved by splitting the corresponding |
into two loops and rerunning the estimation. In the worstecgituation, a full loop-unrolling is necessary to achigve
satisfactory estimate.

Reference [22] describes a methodology for so-called ex&chory size estimation for array computation. It is
based on live variable analysis and integer point countingntersection/union of mappings of parameterized pqgto
In this context, a polytope is the intersection of a finiteafdialf-spaces and may be specified as the set of solutions to
a system of linear inequalities. It is shown that it is onlgessary to find the number of live variables for one statement
in each innermost loop nest to get the minimum memory sizmest. The live variable analysis is performed for each
iteration of the loops however, which makes it computatigrieard for large multi-dimensional loop nests.

In [23], the specifications are limited only to perfectly tezsloops. A reference window is used for each array. At
any moment during execution, the window contains array etgsthat have already been referenced and will also be
referenced in the future. These elements are hence stotbd Incal memory. The maximal window size gives the
memory requirement for the array. If multiple arrays extise maximum reference window size equals the sum of the
windows for individual arrays. Inter-array in-place is sequently not considered.

All the techniques above estimate the memory size assungée memory. [5] performs hierarchical memory
size estimation, taking data reuse and memory hierarcbgatlbn into account. In-place mapping is not incorporated
in the current version, but is indicated as part of futurekvor

In contrast to the array-based methods described so faisisdition, the storage requirement estimation technique
presented in [24] assumes a non-procedural execution afgpkcation code. It traverses a dependency graph based
on an extended data dependency analysis resulting in a mwhben-overlapping array sections (so called basic sets)
and the dependencies between them. The basic set sizesasiddh of the dependencies are found using an efficient
lattice point counting technique [25]. The maximal combirsize of simultaneously alive basic sets found through a
greedy graph traversal gives an estimation of the storagérement.

The techniques described above are mainly used at an eafjndtage to estimate the memory size required for the
final implementation. Optimizations at these early stepsadso the main topic of this paper. In addition to this, much
effort has been focused on performing the final in-placenogition and signal-to-memory mapping. A good overview
of the work in this field can be found in [26]. Although this @apvill not put much emphasis on the later design step
of assigning signals to the physical memory, this mappiraplem will be briefly addressed in Section 3.2.3, as an
application of one of the memory size computation approsichiee next section will present two alternative techniques

that can be used for the system-level evaluation of the detage.



3 Non-Scalar Models for Memory Size Evaluation

This section presents two approaches for the memory sitaatian of loop-organized algorithmic specifications, whe
the main data structures are multi-dimensional arrays.spkeifications are in tr&@ngle-assignmeribrm, that is, each
array element is written at most once (but it can be read dtrampnumber of times).

The first technique assumes that the application code cantépieted in a non-procedural form. It allows any
degree of fixation of the execution ordering, from fully uefik through partially fixed, to fully fixed. To be able to
quickly generate estimates with this limited amount of infation available, certain approximations are used. Wnles
the ordering is fully fixed, it also generates upper and lowamds on the storage requirement. It is, therefore, natura
to use this approach during the early system level desigrsst€he designer can use the bounds as guidance when
making decisions that gradually fix the execution ordering.

The second approach assumes that the application codetteniiri a procedural form. It is, therefore, beneficial
to be used at later design stages when it makes sense to atlosvammputationally hard techniques in order to reach

exact results.

3.1 Estimation Approach for Non-Procedural Specifications

All but the last estimation approach described in Sectioastime a fully fixed ordering. This makes them hard to use
during early system level design steps such as the globafidat transformations and global loop transformations [3].
The number of alternative solutions is huge, each with sedfit execution ordering. It is very time consuming to
evaluate each of these using its fixed ordering. The desigoeld benefit from having size estimates that work with
only a partially fixed execution ordering. In that context,estimate that is not necessarily fully exact is acceptable
Actually, without the ordering being fixed, it is even infdds to come up with one number for the size: in practice, a
range of sizes is possible still. So, we would like to compageight as possible bounds on that available range for a
given amount of freedom in the loop organization.

For our target classes of data-dominated applicationsititelavel description is typically characterized by large
multi-dimensional loop nests and arrays with mostly mastifedex expressions and loop boun@sample 1shows
the code of a simple loop nest. Two statemeBtsandS2 produce elements of two arrays,andB. Elements from
arrayA are consumed when elements of arBagre produced. This gives rise to a flow type data dependenaeba
SlandS2[27]. In this example the array index expressions are kalbtisimple, but the techniques presented in this
section work for any affine and manifest index expressiorstiGn 4.1 discusses preprocessing techniques that can be
employed on the original source code, if this is not the case.
Example 1: for (x=0; x<=5; x++)

for (y=0; y<=5; y++)
for (z=0; z<=2; z++){
S1: AX]yllz] = fi(input);
S2: if (x>=1&& Yy >=2z) B[x][yl[z]=f2(A[x-1][y-z][z]) ;
}
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Figure 1: Iteration space and iteration domains (IDs) fEexample 1

Loop interchange is a transformation with very large impactifetimes of data elements within loop nests. With
the worst-case ordering of the dimension€&Example 1y outermostz second outermost, andinnermost(y, x, z),
the storage requirement for the dependency betvgleand S2is 33 memory locations. For the best case ordering,
(z,x,y), the requirement is 8. For this simple example, the absalutebers are small. The ratio between them is
large, however, and this holds also for large real life exasp

We shall now give an overview of the four steps of our estioratnethodology. It takes available partially fixed
ordering into account to find upper and lower bounds (UB anpidtBhe run-time storage requirement of an application.
The span between the bounds reflects the still unfixed pahneoditdering.

Step 1 Collect data dependency information from application code

Our estimation methodology uses a geometrical model torithesdata, operations and dependencies. The first
part of this step is performed by the Atomium tool [28]. It findhelteration DomaingID) of the statements and the
index expressions of the array accesses in the applicadide. d-ig. 1 shows graphically tliteration spacg27] of the
loop nest inExample 1with the IDs of the two statements. To avoid unnecessaritgplex figures, two-dimensional
rectangles are used. All nodes within a rectangle are pahteo€orresponding ID. For our example, the IDS#has
originally a somewhat complex shape because of the if-elaus= z. When this is the case, we apply a bounding box
simplification. A bounding box iteration domain is a rectalag approximation of the original iteration domain, where
the original can have any convex shape. Fig. 1 shbiys, after this simplification. This is an efficient and approfeia
approximation since most convex shapes in our targetedcagiph domain are rectangular and have regular accesses,
i.e., images, blocks, etc. To avoid too complex addressrgénon, linear addresses are also normally used in the final
implementation of the application. Bounding box based s&@amates will then give results similar to those of the final
implementation.

At eachiteration nodewithin 1 Dg; andl Dgo we assume that stateme®itandS2are executed, respectively. For
1Dg, thisis fully correct, while it is an approximation féiD s, because of the bounding box. Not all elements produced
by Slare read by52 A Dependency PaDP) is therefore defined as shown in Fig. 1 containing thatiien nodes at
which elements are produced that are read by the dependitegrsnt. Note that as long as no data dependencies are

violated, i.e., data is never consumed before it is prodwwedcan visit the iteration nodes in any order we like. This



Figure 2: Dependency vectors (DVs)Example 1

corresponds to a non-procedural interpretation of theiegun code.

We now need to find thExtreme Dependency Vect@DV) for each dependency. For this we can use an efficient
technique introduced by Het al. in [29] that avoids the traditional computationally expeadLP-based solutions.
There is aDependency VectqiDV) from each iteration node writing an array element to iteeation node reading
the same array element. Dependencies are uniform if thdnaa# the same length and direction. Otherwise, they are
nonuniform, as irExample 1Fig. 2 summarizes the three alternative DV lengths andtiines ofExample 1 All DVs
have length 0 in the-dimension. The EDV is the maximal projection among all D¥gach loop dimension. In most
cases, as itxample 1the result of this is one of the actual DVs. If this is not tlese, use of the EDV will result
in some overestimates, as shown in [29]. Alternativelys¢hexceptions can be handled separately during estimation.
In [29], a concept of dMaximal Dependency Vectds introduced that is always one of the existing DVs. To be &bl
use this, a fully fixed execution ordering is required. Thisdnsequently not an alternative here.

The EDV spans ®ependency Vector PolytoBVP), as shown in Fig. 1. Its dimensions are define&panning
DimensiongSD). The remaining dimensions are denokmhspanning Dimension®D). In Fig. 1,x andy are SDs
while zis ND. More details about these concepts can be found in [30].

Step 2 Position DPs in a common iteration space.

The IDs are placed in a common iteration space to enable algggbimation scope even for applications with loops
that are not perfectly nested [31]. A best case and worst casenon iteration space may be necessary to find the
memory size LB and UB for the complete application.

Step 3 Estimate UB and LB on the size of individual dependenciesdas the partially fixed execution ordering.

The size of a dependency between two IDs equals the numbtarafion nodes visited in the DP before the first
depending iteration node is visited. Since one array elém@noduced at each iteration node in the DP, this size squal
the number of array elements produced before the first dépgmadray element is produced that potentially can be
mapped in-place of the first array element.

We will now present a number of guiding principles for theemidg of loops in a loop nest. The size of a dependency
is minimized if the execution ordering is fixed so that its Nd»&l SDs are placed at the outermost and innermost nest
levels respectively. The order of the NDs is of no consege@sdong as they are all fixed outermost. If one or more
SDs are ordered in between the NDs, it is however better teeflee shortest NDs inside the SDs. The length ofiND
is determined by the length of the DP in this dimengib#®|. The ordering of SDs is important even if all of them are
fixed innermost. The SD with the largest Length Ratio (LR)udtide ordered innermost. The LR is defined as follows:

_|DVPy| -1

LR, —
Bi |DPy| — 1



For the special case wheé®WP,| = 1, care must be taken to avoid division by zero. AR;| = oo can still be
assumed, since such dimensions should be ordered innermost

Returning to the dependency betweghandS2in Example 1the LRs for the SDs are easily calculated. For each
dimension we uséDP| and|DVP| as illustrated in Fig. 1. This giveBR, = 1/4 andLR, = 2/5. According
to the guiding principles, thg dimension should consequently be fixed innermost wilecond innermost, and ND
z outermost. If the guiding principles are applied in theipogpite order, we get the worst-case ordering. Using these
guiding principles for best case and worst-case orderimgestimation methodology finds the orderings that will tesu
in the LB and UB storage requirement of individual dependesidAny ordering already fixed will be taken into account.
Starting outermost, the contribution of each nest levéiéadtal dependency size is calculated. If a dimensionésdly
fixed at a given nest level, this dimension is used to caleuls contribution. If not, the dimensions according to the
best case and worst-case orderings are used for LB and Ulai@ns, respectively. When calculating the contribmtio
of a given nest level, we multiplgp; of the dimension fixed here with th®, of all dimensions fixed inside it. Here
Q; = |DVP;| — 1 andP, = |DPy|. The total dependency size is the sum of contributions ofiedt levels. Note
that@; = 0 for all NDs, so they do not contribute to the overall depemgesize except with theif, if they are fixed
inside an SD. Table 1 demonstrates the stepwise calculatidapendency sizes with an unfixed and a partially fixed
execution ordering. The different values 195 and P, can be found from Fig. 1. Note that as the ordering is graguall
fixed, the bounds converge. With a fully fixed ordering they equal. In addition to the LB and UB, the best case

ordering found is reported to the user. The complete algoris described in detail in [30].

Completely unfixed x fixed outermost
BC ordering | (z,x,y) (x,2,y)
WC ordering | (y,X,z) x,y,2)
1stnestlevel | LB;=0 LB=UB;=

UB1=Qy-Py-P,=30 Qo Py-P.=18

2nd nest level| LB{=LB;+Q.-P,=6 LB=LB;=18
UB1=UB+Q¢-P.=33 | UB1=UB+Qy -P,=24
3rd nest level | LB=LB;+Qy=8 LB=LB+Q,=20
UB=UB;=33 UB=UB;=24

Table 1: Storage requirement for the cod&kxample Iwith unfixed and partially fixed execution ordering.

Step 4 Find simultaneously alive dependencies and their maximallined sizes- Bounds on total storage require-
ment.

After having found the upper and lower bounds on the size cif é@pendency in the common iteration space, it is
necessary to determine if two or more of them are alive semelbusly. The maximal combined size of simultaneously
alive dependencies over the lifetime of an applicationegithe total storage requirement of the application. Two
dependencies can potentially be alive simultaneouslyeirtbPs overlap in one or more dimensions in the common
iteration space. Depending on whether the overlap occuysfonNDs, for a subset of the dimensions including at
least one SD, or for all dimensions, they will alternate inlgealive, be alive simultaneously for certain execution
orderings, or be alive simultaneously regardless of theseh@&xecution ordering. Similar reasoning can be made for

groups of multiple dependencies. The estimation methagolses a two-step procedure. First, groups of potentially



simultaneously alive dependencies are detected, folldwyesth inspection to reveal those actually simultaneoushg al
for a given partially fixed execution ordering. Details redjag this part of the methodology are presented in [32].

We will demonstrate the benefit of allowing a partially fixediering using a part of the Updating Singular Value
Decomposition (USVD) algorithm [33] used, for instanceh@amforming for antenna systems. The part we investigate
has two major dependencies, each with estimated LB/UB dfQLiflno execution ordering is fixed. For one of these
dependencies there exist restrictions in the code, foraiggven dimension to be fixed outermost. Estimating the
sizes with this partially fixed ordering results in convegyLB/UB of 100/100 for both dependencies. Both are alive
simultaneously, so their combined size is 200. This is fouitkdout having to explore all the alternative orderingseTh
large penalty of fixing this dimension outermost would errage the designer to investigate transformation alteresti
One possibility would be to perform a loop body split, so it dependency without any restrictions could be ordered
optimally. This would then result in a combined size of 10&ct®ns 4 and 5 give more detailed and larger examples
of how this estimation methodology can be a part of a solugjmarce exploration during the global loop transformation

design step.

3.2 Exact Computation Approach for Procedural Specificatims

This section presents a non-scalar method for compuatkagtlythe minimum data memory size in signal processing
algorithms where the code @ocedura) that is, where the loop structure and sequence of instmstinduce the
(fixed) execution ordering. This assumption is based onabigtlat the design entry in present industrial design lsual
includes a full fixation of the execution ordering. Even iistlis not the case, the designer can still explore different
algorithmic specifications functionally equivalent.

The exact computation of storage requirements (minimuaci&mory size) may be necessary in embedded system
applications, where the constraints on the data memonespactypically tighter. It may be useful as well in assessing
the impact of different code (and, in particular, loop) sfmmmations on the data storage. The exact computation
approach allows to address the problem of signal-to-memmagping by providing exact determinations of window
sizes for multi-dimensional signals and their indexes.alynit allows a more precise data reuse analysis [4], [&], [
and, therefore, a better steering of the (hierarchical) orgrallocation [1], [2]. The trade-off will be the longer run
times and the requirement that each possible loop transfilminstantiation has to be evaluated individually. That
makes this approach better suited after the crude pruninigeoystem-level data-flow, and the loop transformation

stage has been finalized, so that only a limited set of optemsins.

An array reference can be typically represented as the irnhga affine vector functiod — T - i 4+ u over a
Z-polytope (its iterator spacey i € Z" | A -i > b }, therefore, dattice [34] which islinearly bounded35]. For
instance, the array referend¢2: — j + 5][3: + 2j — 7] from the loop nest

for (i=2; i<7; i++)
for (j=1; j<-2i+15; j++)
if (j<i+l) -~ A[2i-j+5][3i+2)-7]
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Figure 3: The iterator space and the index space of the agfagenceA[2i — j + 5][3i + 25 — 7].

1 0 2
has the iterator spacg = [ ; } € Z? (1) _i [ ; ] > _} . (The inequalityi < 7 is redundant.)
-2 -1 —15

The A-elements of the array reference have the indices { { i ] = [ § _; ] { ; } + [ _? } ‘ [ ; ] epP }
The points of the index space lie inside tAepolytope{ 2z +y > 17, bz —y > 25, 320 — 2y < 22, x + 4y <
82, =,y € Z}, whose boundary is the image of the boundary of the itergtacesP (see Fig. 3). However, only the
points {,y) satisfying also the divisibility conditior | 22 + y + 4 (that is, 7 divides exactly 2x+y+4) belong to the
index space; these are the black points in the right quaelrdbfrom Fig. 3. In this illustrative example, each poimt i

the iterator space is mapped to a distinct point of the ingexs, but this is not always the case.

3.2.1 The algorithm computing the minimum data memory size

The main steps of the memory size computation algorithm, [36] will be briefly presented below.
Step 1 Extract the array references from the given algorithmicafeation and decompose the array references of
every indexed signal intdisjointlinearly bounded lattices (LBLS).

Figure 4(b) shows the result of this decomposition for thgirBensional signal in the illustrative example from
Fig. 4(a). The graph displays the inclusion relatioms:§) between the lattices oA (nodes). The 4 “bold” nodes are
the 4 array references of signdilin the code. (The delay operator “@” indicates inputs or aigproduced in previous
data-sample executions of the code, and the following agmisignifies theaumberof such previous executions. The
delayed array references do not affect this decompositem but the next steps take into accountdéayedsignals
since they must be kept alive during sevéirakiterations.) The nodes are also labeled with the size ofdhesponding
LBL —that is, the number of lattice points (i.e., points mayinteger coordinates) in those sets. Tiusion graphis
gradually constructed by partitioning analytically théiad (four) array references usirigtersectionsanddifferences

of lattices [37]. While the intersection of two non-disjoiBLs is an LBL as well [35], the difference is not necessaril
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AlX]Y] AlX]Y]

O0<=x<=8 1<=x<=9
0<=y<=528 0<=y<=528
optDelta[0] =0 ; /I A[10][529] : input
for (j=16 ; j<=512 ; j++) 528

for (k=0 ; k<=8 ; k++) A[X][y]
for (i=j-16 ; i<=j+16: i+0) A
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Figure 4: (a)Example 2 (the kernel of a motion detection algorithm [1], where= 4, n = 16, M = 5, N = 512).
(b) Decomposition of the index space of signal A into disjdimearly bounded lattices (LBLSs); the arcs in the graph
show the inclusion relations between LBLS. (c) The panitig of A's array space according to the decomposition (b).

an LBL — and this latter operation makes the decompositiiicdit. In this example A1 N A2 = A3 and Al — A3,

A2 — A3 are also LBLs (denoted4, A5 in Fig. 4(b)). However, the differencé3 — A10 is not an LBL due to the
non-convexity of this set. Atthe end of the decompositiba,rtodes without any incident arc represent non-overlgppin
LBLs (they are displayed in Fig. 4(c)). Every array refeitthe code is now either a disjoint LBL itself (lik&10
andA11), or a union of disjoint LBLs (e.g41 = A4U A3 = A4U ;" A4))

When the affine vector functian— T-i+u is a one-to-one mappirdlike in Fig. 3, where each of the 21 iterator
vectors —represented by black points in the iterator spé&cmapped to a distinct pointin the index space), the LBL size
computation reduces to the computation of the number aéégioints (i.e., having integer coordinates) i-polytope.
(See again Fig. 3, where instead of counting the black paintise right quadrilateral containing holes, we count the
black points in the left quadrilateral without any hole ibfpnormalization was performed in advance.) Otherwise, the
problem reduces to counting the points in a projection of lgtppe [38], [39], as explained and exemplified in [25].
Counting the lattice points in a polytope can be done in sgweays: there are methods based on Ehrhart polynomials
like, for instance, [40], [41], or even much simpler — adagtthe Fourier-Motzkin technique [42], [43]. For reason
of scalability, we use a computation technique based oné¢herdposition of a simplicial cone into unimodular cones
[44], approach exemplified in [36].

Step 2 Determine the memory size at the boundaries between thkshbdcode.

After the decomposition of the array references in the fjpation code, a lifetime analysis on the polyhedral

partitions of the signals finds the blocks of code (e.g., n€kiops) where each of the disjoint lattices is produced and

consumed (i.e., used as part of an operand for the last tiBesed on this information, the memory size at the block

IThis occurs, for instance, when the rank of maffiis equal to the number of its columns, as proven in [25].
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Figure 5: (a) Memory trace of a 2-D Gaussian blur filter altjon (V- = 100, M = 50). The global maximum is at
the point (x=5, y=5,005), therefore the minimum data mensizy is 5,005 locations. (b) A detail of the memory trace
where the “horizontal Gaussian blur” ends and the “ver@alissian blur” begins.

boundaries can be computexrlactly since the storage requirements of LBLs are already knoam 8tep 1

Step 3 Compute the maximum storage requirement inside each block.

This operation is based on the computatiomafzimum iterator vectors relative to the lexicographic order. Taki
the set of iterator vectors mapping a given array elementamsdming the loops normalized (i.e., all the iterators
are increasing with the step 1), the maximum iterator vegilds the iteration in the loop nest when the element is
consumed and, hence, the data storage decreases. Agtadllgf the LBLs produced or consumed in the block can be
conveniently ignored if their effect on the memory variatean be taken into account without generating the scalays th
cover and computing their maximum iterator vectors. Fotainse, in the first loop nest &xample Asee Fig. 4(a)), it
can be proven that each iterator vedtok ] corresponds to a unique produced scélatta[4][5][33 * k+i — j + 17]
and a unique consumed scalaeltal4][j][33 « k + i — j + 16]. The effect of the two array references on the memory
variation is +1-1=0 in each iteration and, therefore, th@serands can be ignored. It can be shown that the storage

requirement oExample 2s 10,582 locations, the maximum occupancy occurring irfitseloop nest.O

3.2.2 Evaluating the impact of loop transformations on the dta storage

The tool implemented based on the algorithm computing thermim data storage — described in Section 3.2.1 — can
be easily adapted to generate the data memory variationgithie execution of the application code. The memory
trace generated in Fig. 5 shows the variation of the storageglthe execution of a 2-D Gaussian blur filter algorithm
from a medical image processing application which extrectgours from tomograph images in order to detect brain
tumors. The abscissae are the numbers of datapath inetrsidti the code; the ordinates are the memory locations in
use. While the first graph represents the entire trace, tensgraph is a detailed trace in the interval [23800, 24900]
which corresponds to the end of the “horizontal Gaussiari hld the start of the “vertical Gaussian blur.”

The computation of the minimum data storage is also usefalvaluating the impact of different code (and, in
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Figure 6: (a)Example 3 Memory traces showing the effect of loop interchange orstbeage requirement: (b) The
memory trace of the code. The minimum data storage (cornespg to themaximumvalue of the memory variation)
is 125,193 locations. (c) A detail of the memory trace in hbbrhood of the global maximum. (d) Memory trace of
the code after loop interchange. The minimum data storagelys576 locations.

particular, loop) transformations on the data storage.istance, the minimum memory size needed for the execution
of Example ¥rom Fig. 6(a) is 125,193 locations — as computed by the sofvool. The trace of the memory variation

is displayed in Fig. 6(b) and a detail containing the globakimum is shown in Fig. 6(c). Different variants of code
of a same application can be compared one against anotherags point of view, without the need of performing

a proper memory allocation for each variant — a significantlgre expensive solution. In particular, the memory
size computation tool implementing the algorithm in Satt®2.1 can be used to evaluate the loop ordering strategy
described in Section 3.1. IBxample 31 is the only spanning dimension (SD). According to the guidiminciples

of Section 3.1, the loops should hence be ordered with dlienension innermost. This is substantiated by our size
computation. By interchanging the loops, the storage requént decreases drastically with over 99.5% (to only 576

locations), the new trace being the graph shown in Fig. 6(d).
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|| Example 3 | Array A | ArrayB | Array C [ Array D | ArrayE [ Total ||
Number of array elementg§ 32,640 | 51,040 | 73,536 | 100,128 | 130,816| 388,160
Minimum array windows || 12,352 | 19,280 | 27,744 | 37,744 | 49,280 || 146,400
Mapping array windows 16,384 | 25,600 | 36,864 | 50,176 | 65,536 || 194,560

Table 2: Evaluation of a signal-to-memory mapping mode] {86 Example JFig. 6(a)).

3.2.3 Mapping multi-dimensional arrays into the data memoy

The minimum data storage representsttbt lower boundor which the execution of the code is still possible. How-
ever, in practice, this amount of storage is difficult to feéalthough still possible!) since it would require a comple
hardware for address generation. Instead, industriabdess apply more regular signal-to-memory mapping tech-
niques to compute the physical addresses in the data mewrahefarray elements in the application code. Academic
researchers have studied the mapping models as well, atmiittgd better trade-offs. These mapping models actually
trade-off an excess of storage for a less complex addressajem hardware.

Several signal-to-memory mapping techniques have begropea (an overview is given, for instance, in [26]), but
none of these research works could provide consistentnivtion onhow effective the mapping models atieat is,
how large is the oversize of their resulting storage amoftat enapping in comparison to the minimum data storage.
The effectiveness of the mapping models are assessedataiyely, comparing the storage resulted after applying the
mapping model either to the total number of array elements, the storage results when applying a different mapping
model [45], [46], [26]. Thisrelative evaluation is not sufficient though, since it does not giveexige picture on the
absolutequality of the model.

The computation approach described in Section 3.2.1 carrdite not only the minimum data storage, but, in
addition, it can find out the minimum windows for each arrayhie application code, that is, the maximum number
of each array’s elements that are simultaneously alive.if&tance, the signall from Example 3n Fig. 6(a) needs
a minimum window of 12,352 memory locations since there amaa@st 12,3524-elements simultaneously alive (as
computed by the tool based on the algorithm presented indBe®2.1). The minimum windows (or the optimatra-
array in-place mapping [1]) of all the signals Bxample 3 together with the number of array elements in a static
allocation, are shown in Table 2. However, since the elemehthe arraysi, ... , E' can share the same locations if
their lifetimes are disjoint, the minimum storage requiesins, actually, 125,193 locations, an amount smaller than
sum of the minimum windows of the five arrays in the code — that46,400. This is also called the optirrakr-array
in-place mapping [1].

To illustrate the analysis of effectiveness of a mappingaagh [47], let us consider the mapping model proposed
in [45] that computes storage windows for each array in thdecinvestigating all the possible linearizations of the
array; for each linearization, the largest distance betvtwe live elements is computed. This distance plus 1 is tie& da
storage allocated for the array — according to [45]. Forinsg, the linearizations considered for a 2-D array arertbe o
obtained by concatenating the rows, or concatenating thuenets, in the increasing or decreasing order of the indexes.
When applied to the codexample 3the mapping model [45] yields a storage window of 16,384dions since, e.g.,

the elementsi[0][127] and A[128][126] are simultaneously alive, and their distance in the rowdw-concatenation is
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128x128-1=16,383. Therefore, an allocation steered by thisaheduld require for signal 32.64% more storage
than really necessary (i.e., 12,352). All the array windgietded by the mapping model [45] are displayed in the last
row of Table 2. In conclusion, the model [45] would allocag 560 memory locations for the entire code, therefore,
32.9% more storage than the optimal memory sharing withih @aray (146,400 locations) and 55.41% more storage
than the absolute minimum requirement (the overall optshaking) of 125,193 locations.

Note that, according to the estimation approach describ&ection 3.1, the storage requirement of the procedural
code inExample 3is 194,560 memory locations, which is exactly the resulantgd above after the array mapping
when DeGreef’'s model [45] was applied. The explanationas the estimation approach is anticipating the memory
allocation, it does not attempt to minimize the data mem8oy.the two approaches in Sections 3.1 and 3.2 are actually

complementary to each other.

4 Trade-offs in the Storage Exploration Methodology

Recent advanced multimedia systems use a large amountabttaaige and transfers. This memory and bus usage
consumes major parts of the energy in an embedded systenyrdamto initially bad data locality. The systematic
Data Transfer and Storage Exploration (DTSE) methodol@yygduces the energy consumption and optimizes global
memory accesses by refining and improving the source coderingmtation.

Global Loop Transformations (GLT) form a major step in thiSSE methodology. They improve the initial bad data
locality and thus enable subsequent optimization steps stéps before GLT (pre-GLT) reduce redundant data transfer
and expose the freedom (e.g., by inlining) for the GLT stepeyftrade-off data memory size vs. other parameters of
the application. For instance, selective function inlinjd8] creates more opportunities to data memory size réstuct
However, it increases the required instruction memory.sidee GLT step changes the global execution ordering of
the application and thus improves locality of the array ases. This results in later data memory size reduction.
However, it potentially sacrifice other parameters of thpliaption, like the instruction memory size, control-flow
complexity, number of memory accesses, etc. To evaluagetata memory size related trade-offs, we need the
fast and accurate storage size estimators that have bemrssisl in Section 3. These estimators can yield important
feedback on the quality of the steering (either automatimanual) for both the GLT and pre-GLT trade-offs. This
is shown in Fig. 7 where the trade-off oriented loop transfation structural outline and the relation to memory size
estimation is presented.

In the flow chart in Fig. 7 we distinguish four types of tradéso pre-GLT, GLT, Other Loop Transformations
(LT), andCode generation trade-off§ hese four categories of trade-offs appear in the ordehicthey occur in the
DTSE methodology [2]. The relation between memory sizaerestion and those trade-offs is depicted by the arrows
pointing to the trade-offs. A solid arrow means a strongtiata i.e., the memory size estimation is an important part
of that trade-off. The dashed arrow depicts a weak relatien,the memory size estimation could be present in that
trade-off, however the importance of the estimation is roy\significant. Since the pre-GLT and GLT trade-offs will
be addressed in separate subsections due to the imporfameenory size estimation in those trade-offs, we are going

to briefly discuss below the two remaining trade-offs digpthat the bottom of the flow diagram (Fig. 7).
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Figure 7: Memory size estimation as part of the trade-offraed loop transformation (LT) flow chart (GLT stands for
Global Loop Transformations

Trade-offs w.r.t. the data memory size appear, especiatgn we enlarge the exploration space or change the
execution ordering. After GLT, the global execution ordgris fixed and, hence, less opportunities remain. In pdaticu
in the subsequent steps of the DTSE methodology also otbprttansformations (LT) are applied to improve, e.g., the
performance and bandwidth related aspects [49], [50]. & ke transformations do not have such a big impact on the
data memory size as the GLT. Due to that, the high-level mgmstimators are not needed that badly in this phase and,
hence, are not used so often. Still, they can he helpful alfts phase as suggested by the dashed arrow in Fig. 7. Also
at the end during the code generation from the geometricdkinmteresting trade-offs exist. During this phase when
also the local execution ordering is fixed, we trade-off théecsize, the complexity of the control-flow, and the number
of empty iterations for the same geometrical model reptasienm from which different codes can be generated. These
trade-offs have already been discussed by the authorsmgpdki code generators from geometrical model [51], [52].

Moreover, they do not affect the data memory size, so we sballiscuss this phase further.

4.1 pre-GLT trade-offs

The GLT are performed on the geometrical model which is useddst of the research in the field of loop transforma-
tions [53], [54], [55], [56], [57], [58]. However, the modehposes strict limitations on the input code. It can deaj/onl
with static control parts [59]. The static control part is aximal set of consecutive statements withasiile loops,
where loop bounds and conditionals may only depend on iamtgiwithin this set of statements. These invariants
include symbolic constants, formal function parameteid surrounding loop counters. Also, the geometrical model
requires pointer-free code in one function [2]. The partthefcode that do not fulfill these strict conditions cannot be
modeled in the geometrical model and thus cannot be tramsfibr To extend the exploration scope of the global loop
transformations, different preprocessing techniqués, delective function inlining [48], pointer analysis armheer-
sion [60], [61], dynamic single assignment conversion [@&lvanced copy propagation [63], hierarchical rewriti?ig [
and scenario creation [64], [65], [66], have been propo$éése techniques often require trade-offs between the free
dom they allow for loop transformations and extra cost yoteha pay (e.g., code size). These pre-GLT trade-offs are
orthogonal [67] to the GLT trade-offs which will be discudge the next subsection, i.e., the constraints createshduri

the decisions in the pre-GLT trade-offs are propagated andtrain the GLT trade-offs.
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4.2 GLT trade-offs

After preparing the application to be parsed for the geoic@tmodel analysis, we can perform the GLT on this model.
The GLT change the execution order of the application arecaffata memory size, instruction memory size, control-
flow complexity, number of memory accesses, etc.

In-place optimization reuses space in the memory of thestatature or data structure elements that are not needed
any more for the future production of structures or elempt8s The closer the production and the consumption of the
data structure or data structure elements in the progranbetter the in-place optimization step can be applied. Data
reuse optimization aims at placing a local copy of the pathefarray which will be used (consumed) several times,
closer to the data path [4]. The closer the consumptionsapthgram, the better the data reuse will be. However, the
close consumption for improved data reuse can cause badde-pptimization for some arrays and vice versa. The
good data reuse causes reduction in the number of memorgsascand the bad in-place causes larger data memory
size. This results in trade-offs between the number of mgraccesses and the data memory size. An example of this
trade-off, combined with using memory size evaluation téghes from Section 3, is given in Section 4.3.

The trade-off in the previous paragraph has targeted thee gt of the application. Till now we did not look at
the control part of the application. The code after GLT, wothtimal locality and thus minimal data memory size,
contains several compleikconditions due to the irregular access. However, highiefftccode should not contain too
complex control flow since it will slow down the application the processor. Especially on VLIW processors this can
cause much overhead because, due to the conditions, thedaoghave a problem with the crucial software pipelining
substep. The rich control flow in the application can creatloead if good branch prediction or guarded execution is
missing in the processor data path hardware. The extraatdioiv is mainly present because of fusion and shifting of
the loops to obtain optimal locality and to still satisfy flev dependencies. Fortunately, this control flow overhead ¢
be reduced by not fusing all the loops that are required fangg locality. This will cause some growth of the memory
size requirements, resulting in a data memory size vs. oldtaw complexity trade-off. This trade-off can be combined
with the trade-off between intra in-place and data reuseeawill show in Section 4.3 for a real-life application. Note,
that the memory size evaluation techniques from Sectior 8arcial when steering or providing early feedback to the

designer w.r.t. those complex memory oriented trade-offs.

4.3 The GLT trade-off educative demonstrator

During all trade-offs discussed in the previous subsesttbe memory size estimation is beneficial. We shall demon-
strate it first on the simple example of trade-off betweemagte size and number of memory accessdsxample 4
Later, in Section 5.2, we provide also results for a real-#fst-vehicle.

In the simple example, three 4x5 arrays are presAnB andC, embedded in three loop nests. In the first loop
nest, array#\ andB are produced (written) resulting in 2x4x5, i.e., 40 accessethe second loop nest, arraysnd
B are consumed (read) and ari@ys produced (written). This results in 3x4x5, i.e., 60 asess In the last loop nest,
arrayC is consumed (read) resulting in 1x4x5, i.e., 20 accessany8A andB are still used later. Thus, the memory

locations of array#\ andB cannot be reused by arr&y i.e., arraysA andB cannot be in-placed (inter array in-place,
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see Section 2) with arra. The maximal number of simultaneously alive elements, fiegjuired storage size) is 3x20,
i.e., 60 (between the second and the third loop nest). Thalimplementation requires thus 120 memory accesses and
a storage size of 60 locations. The information about ssize can be obtained using the memory size evaluation
techniques in Section 3. To obtain a better implementakimp reverse and fusion are used. Note that it is not possible
to fuse all the three loop nests because of the reversedtier@par in the second loop nest. To reverse the execution of
the third loop nest is not possible due to other constraints.
Example 4int A[4][5], B[4][5], C[4][5];
for (i=0; i<4; i++)
for (j=0; j<5; j++) {
Al = -
Bl = -
}
for (i=0; i<4; i++)
for (j=0; j<5; j++) {
C[3-][4-]] = f(ALI][].BOIOD):
}
for (i=2; i<6; i++)
for (j=1; j<6; j++) {
-+ = C[i-2][j-1];
}
/* A & B arrays still used */

First, we assume the fusion of the first two loop nests. Thencan assign the computed values of ariayndB
into two temporary variables and use these variables if(ithtg int) function. ArraysA andB still have to be produced,
because they are used later. This means the whole consunopioandB in the second loop nest was saved, i.e., 40
accesses. Thus, the number of memory accesses has beeadr&nl8®. The storage size still remains 60 locations
since this fusion has not affected the array lifetimes.

Another option is to fuse the last two loop nests. Before,thakverse has to be applied on the second loop nest.
After the lifetime exploration of arrag by a memory size evaluation technique from Section 3, we ederahine that
only some elements of this array have to be simultaneouslg.allhe number of these elements is computed by a
memory size evaluation technique from Section 3, and isgytmrbe 6 instead of 20. This results in an overall storage
size of 46, instead of the original 60 locations. Note thatriimber of memory accesses does not change, only some
memory locations are accessed several times after appiyimng) in-place optimizations.

To summarize, the initial implementation requires a datenony size of 60 locations and 120 data memory accesses.
After the loop fusion of the first two loop nests, the numben@mory accesses has decreased to 80 data memory
accesses. Another interesting option is the loop fusiormeflast two loop nests. This decreases the required data

memory size to 46 locations. Neither solution is the best @he fusion of the first two loop nests is better for number
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of memory accesses; the fusion of the last two loop neststtertfer the data memory size. These two solutions
represent two points on the optimal Pareto curve [68] tlatds-off the number of memory accesses and the storage
size. Storage size estimators are crucial for the evaluatidhe possible solutions and, also, to provide important

feedback for the trade-off steering (either automatic onuad) techniques.

5 Experimental Results

This section provides quantitative results, allowing ttidraunderstand the complementarity of the techniquesidssx
in this paper. First, we provide the experimental resultsviemory size estimation and optimization for a number of
real-life benchmarks. This is followed by a case study ofdifferent trade-offs during GLT which have been discussed

in Section 4.

5.1 Experimental results for memory size estimation and opinization

In this subsection, we present several experiments witrethoftware tools:

(1) K2 is a tool computing exactly the minimum data memorg stdeveloped at the University of lllinois at Chicago,
whose model was presented in Section 3.2;

(2) STOREQ is a memory size estimation tool, developed altiravegian University of Science and Technology,
Trondheim, Norway, whose model was discussed in Sectign 3.1

(3) MC is a Memory Compaction tool from the DTSE design flone(Section 4), developed at the Interuniversity
Microelectronics Center (IMEC), Leuven, Belgium.

MC performs low-level storage order optimization of mutimensional data [45], which is normally the last step
in the DTSE design flow. This hence gives examples of readernaplementations, using advanced techniques that
perform a trade-off between memory size and address andcoodglexity.

In order to make possible the comparative evaluation oftheshniques, application codes were considprede-
dural, therefore the execution ordering was entirely fixed, adiedby the code organization. The selected benchmarks
are either algebraic kernels or applications from digighal processing: (1) a real-time regularity detectioroaliym
used in robot vision; (2) Durbin’s algorithm for solving Tz systems withV unknowns; (3) a 2-D Gaussian blur
filter from a medical image processing application whichraots contours from tomograph images in order to detect
brain tumors; (4) a motion detection algorithm used in thasmission of real-time video signals on data networks [1];
(5) the kernel of a motion estimation algorithm for movingesits (MPEG-4).

Table 3 summarizes the results of our experiments. The STD&H MC tools have been run on a Linux server
with a Dual 2.4 GHz Xenon Processor and 3 GB RAM. K2 was run o@ avith a 1.85 GHz Athlon XP processor and
512 MB memory? Columns “# Array Refs.” and “# Scalars” display the numbdraroay references and, respectively,

scalar signals (array elements) in the application codes.ekch of the three tools, column “Memory” displays the

2The difference between the two testing platforms does riettih a significant way the relative differences betweeming times. According
to [71], the former platform may be slightly faster (no mdnar 10-15%) than the latter, especially for applicationsl@ting the presence of the
dual processor. The less amount of RAM of the second plattiwes not affect the performance of the K2 tool since this tsamwitical resource.
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Application # Array | # Scalars K2 STOREQ MC
(parameters) Refs. Memory | CPU || Memory | CPU || Memory | CPU
Regularity detection
(MaxGrid=8, L=64) 19 4,752 2,304 0.8 4,153 2.2 3,706 1.3
Durbin algorithm
(N=500) 27 252,499 1,249 15 2,002 25 1,502 40.4
2-D Gauss blue filter
(N=800,M=600) 20 5,260,027| 480,005| 137 || 958,809 | 2.0 958,805 | 2.2
Motion detection
(M=N=32, m=n=4) 72,543 2,740 2 2,770 1.6 2,741 1.4
(M=N=120, m=n=8) 11 3,749,063 33,284 16 33,398 1.8 33,285 | 7.9
MPEG-4 motion estimatior] 68 265,633 2,465 18 3,399 2.0 3,396 1.6

Table 3: Experimental results

storage requirements obtained (numbers of memory locgtimnd column “CPU” shows the corresponding running
times in seconds.

Table 3 shows that both STOREQ and MC are usually much fdstarthe exact computation approach (although the
running times of the latter are still reasonable). This isumexpected: performing exact computations typicallylieg
a higher computational effort. Sometimes, the amount oftimahéil computations can prove to be very significant, as
in the case of the 2-D Gaussian blur filter application. Thipgens mainly when the data storage has relative small
variations during the code execution, preventing the pryimiechanism of the tool to work efficiently. As exemplified
in [37], the tool K2 detects and eliminates from further gsi the blocks of code where the local maxima cannot
exceed the overall storage requirement. This “pruningédgaip the tool, concentrating the analysis on those partion
of code where the memory increase is likely to happen. Caresdty, the tool is slower for applications having very
many local maxima of storage variation, as it happens duhiegxecution of the 2-D Gaussian blur filter application
(see the left part of the memory traces in Fig. 5). On the dihad, the more computationally-expensive exact technique
can be used to obtain the exact minimum data storage (ablbof Hze values found by the estimation tools) and precise
memory traces, like the ones in Fig. 5, allowing to identifg parts of the application code requiring more storage.

The minimum storage requirements are difficult to use in frakallocation problems (typically requiring sig-
nificantly more complex hardware for address generationf pérforms a trade-off between memory size and the
complexity of the address generation hardware. This cafmemstance, the big difference between the exact size of
the 2-D Gaussian blur filter found by K2 and the result of MCdastimate of STOREQ) for this application. On the
other hand, knowing the minimum storage gives a good ideaisrtompromise in terms of extra storage.

As it can be seen from Table 3, the results of STOREQ are, irrg&rguite close to the implementations obtained
using MC. The goal of STOREQ is not, like K2, to find the smadlfesssible memory requirement, but to estimate the
size of the memory required by a likely implementation. Tikialso useful at the early loop-transformation stage. The
optimized implementation found by MC is assumed to be sudkelylimplementation. The overestimate of STOREQ
compared to MC in the Durbin algorithm is caused by a bounfimgaround array elements produced along a two-
dimensional diagonal line in iteration space. If this is coeptable, a more detailed dependency analysis must be
performed, so that these cases can be treated separatebe Jituations appear quite rarely in our application domai

STOREQ is very fast, enabling use of the tool during the edelsign step of loop transformation exploration. Even
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Figure 8: The 3-D exploration space example (#mem. accesisda storage sizecontrol flow complexity) for a real
life multimedia application (QSDPCM [69]) [70].

more so since most of the time reported here (over 80% on trage) stems from the first data dependency analysis
step described in Section 3.1. This part does not have togeated if the sizes of multiple alternative (partially fixed
execution orderings are estimated. It will then only be tiRJGQime for size estimation, 0.3 seconds on average for
the applications in Table 3, that will be required. Noticecathat the STOREQ run-time is close to independent of
the number of nodes in a given iteration space, as demoedtbgtthe two versions of the motion detection kernel.
Furthermore, the tool is implemented in Matlab. When a fittersion is available in C++, like the other tools, it will
be substantially faster. Together this will make the STORIpRroach useful even for automatic loop transformation
exploration where the search space can have thousandssfleasolutions. For this it will not be possible to use MC
or K2.

5.2 The GLT trade-off real-life demonstrator

Subsection 4.3 demonstrates an educative example whidestatf the data memory size vs. the number of memory
accesses. This subsection demonstrates a more compleg,dimensional trade-off among the data memory size,
the number of memory accesses, and the control-flow contpltod the real-life QSDPCM demonstrator [69]. This
trade-off — depicted in Fig. 8 — is the combination of the ¢radfs which have been discussed in Subsection 4.2 and
has been first presented in more detail in [70]. The diffepaints in Fig. 8 represent code versions with different loop
transformations applied. These transformations are stiing, loop fusion, and shifting.

In this paper, we only analyze this trade-off w.r.t. the u$¢he high-level storage size estimators presented in
Section 3. To analyze the storage size usage, we use twoagbh@s the high-level STOREQ estimator approach,
based on the size of the data flow dependency, and the exaamé&@ce (which is part of the K2 tool) for the array
that participates in the data flow dependency. First we disthe high-level estimation approach and then we show on

the memory traces that the estimation is in-line with thecersemory trace provided by the K2 tool.
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Figure 9: Memory traces for several QSDPCM versions of cad® and 4) with different storage size requirements.

We start our exploration from the code version that has tiserhemory size due to the high-level memory estima-
tors. This point is named 1(SM) in our exploration space.hiniext code version (going from point 1(SM) to 2), we
have observed that the data storage size increases frodh &é&fients to 2,589 elements. This has two effects. First,
we have decreased the data transfers f80mx 103 to 259 x 103. Second, the number dfstatement evaluations has
increased from 2,206 to 2,288. When going from point 2 to 3heae reduced the numberibfstatement evaluations
from 2,288 to 572, i.e., by a factor of 4, for an increase in regnsize from 2,589 to 3,249. In the last code version
(going from point 3 to 4), we have decreased the numbéraafndition evaluations even further, again by a factor of 4.
This improvement is obtained with a minor cost — the incrediggemory size by only 9 locations. In this demonstrator,
we can see again that the exploitation of high-level stosipe estimation together with other high-level estimagion
is crucial when positioning a code version in the exploragpace and determining the Pareto optimality of the code

version.
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We validate the memory size estimation with an exact menraget(obtained with the K2 tool whose model was
presented in Section 3.2). The memory traces are depicted.if. As already explained in Section 3.2.2, the abscissae
are the numbers of datapath instructions in the code anddgates are the memory locations in use. Figure 9(a) shows
the memory trace for the code version 1(SM), Figure 9(b) sitbe@ memory trace for the code version 2, and Figure 9(c)
shows the memory trace for the code version 4. As mentionedeglthese versions have the same functionality and
differ only by the loop transformations applied. Note tHastmemory trace is only for one affected array. We can
observe the same relative behavior of the peak values of #meary size as in Fig. 8. That is, the relative increase of
the estimation and the peak value of the memory trace do makehbest code w.r.t. the memory size is version 1(SM)
with 336 storage locations, the next one is version 2 with [8¢€6tions, and the worst is version 4 with 496 locations
for one affected array in the application. However, as dtat®ve, this last version has other benefits resulting frem t

discussed trade-offs like less data transfers andfiesgtement evaluations (see also Fig. 8).

6 Conclusions

This paper has given an overview on the techniques for thiia&ian of the data memory size in signal processing
applications, focusing on the most advanced developmaritsis research domain. Two alternative techniques, an
estimation approach — investigating the different loopcexien orders in non-procedural specifications, and a cempu
tation approach — finding the exact minimum data memory sikave been presented. The paper has addressed the
important role of loop transformations for enhancing themogy management of signal processing systems, whose
behavior is described by high-level, array-oriented djmations. In this context, the paper has discussed basicanem

management trade-offs taken into account during the eafior of the design space.
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