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Abstract — The storage requirements in data-dominant sig- since data with non-overlapping lifetimes can be mapped¢o t
nal processing systems, whose behavior is described by agra same physical location. This leads to the overall reduatioime
based, loop-organized algorithmic specifications, have am-  data storage requirements and, hence, of the chip area, d\lso
portant impact on the overall energy consumption, dataacces to the large amounts of data in our targeted applicatiorts, -
latency, and chip area. Applying different loop transforma  chip and off-chip memory modules are usually needed. Inippv
tions on the specification code can significantly enhance the data locality by global loop reorganization enhances thia daise
memory management of such VLSI systems, improving all the [34, 20], globally reducing the off-chip memory accesselictv
major parameters of the design space — power, area, and per- is critical for system performance and energy consumptioh [
formance. This paper gives a global view on existing and re-  After an overview of the past works addressing the memory es-
cently proposed memory size evaluation approaches for pro- timation/computation problem (Section 2), this paper enés (in
cedural and non-procedural specifications. Moreover, it &-  Section 3) two recent models for the evaluation of storagaire-
cusses typical memory management trade-offs taken into ac- ments. The first approach does an accurate estimation @gplor
count during the exploration of system specifications by lop  the possibilities of reordering the loop execution aimiogpti-
transformations, that can exploit these early size evalu@ns.  mize data locality. The second technique performs an exant c

putation after the loop execution has already been fixededan

. . . these high-level requirements, some memory managemeiet-tra
1 Introduction and Motivation offs thatgmust be t:aC]ken into account during tge explograticmtne
design space are discussed (in Section 4), as well. Sectitaties

In many signal processing systems, particularly in the meldia he main conclusions of this work, performed in several aecte
and telecom domains, data transfer and storage have asagmifi conters.

impact on both the system performance and the major cost pa-
rameters — power consumption and chip area. During therayste
development process, the designer must often focus firshen . .
exploration of the memory subsystem in order to achieve & C£2 The Memory Size CompUtatlon Prob-
optimized end product [9, 10]. lem: A Brief Overview
The behavior of these targeted VLSI systems, synthesized to
execute mainly data-dominant applications, is describedhigh-  For several decades, researchers have worked on diffepent a
level programming language, where the code is typicallyaorg proaches for estimating or computing the memory size reguir
nized in sequences of loop nests having as boundaries fusuab execute a given application. Most of the work is focused on
affine) functions of |00p iterators, conditional instruets where scalars. The number of scalars, also called Signa|s orblasa
the arguments may be data-dependent and/or data-indefienge then limited, and if arrays are treated, they are flatteared
(relational and/or logic expressions of affine functionsl@ip each array element is considered a separate scalar. Usiedse
iterators). In our target domain, the data structures ar#i-mu ing techniques like the left-edge algorithm, ASAP-ALAPrde
dimensional arrays whose indexes in the code are affineitmsct djrected scheduling, partitioning techniques like cliguaetition-
of |00p iterators. The class of specifications with thesaattar- ing, and integer linear programming based techniques’ tine- n
istics are often calledffinespecifications [9]. ber of memory locations required is found [18]. Common to all
Global loop transformations are important system-levelgie scalar based techniques is that they break down when used for
techniques, used to enhance the locality of data and théar#yu |arge multi-dimensional arrays. The problem is NP-hard isd
of data accesses in affine specifications. Reducing thériéesf  complexity grows exponentially with the number of scalaihen
the array elements increases the possibility of memoryirsfar the multi-dimensional arrays present in the applicatidrsuo tar-
*This research was sponsored in part by the U.S. Nationah&eigoundation 9t domain are flattened, they result in many thousands ar eve
(DAP 0133318). millions of scalars.




To overcome the shortcomings of the scalar-based techsiiquarray elements that have already been referenced and salbal
several research teams have tried to split the arrays intabdei referenced in the future. These elements are hence stoiled in
units before or as a part of the estimation. Typically, eastaince cal memory. The maximal window size found gives the memory
of array element accessing in the code is treated separ@daly requirement for the array. If multiple arrays exist, the maxm
to the loop structure of the code, large parts of an array egorde  reference window size equals the sum of the windows for ideiv
duced or consumed by the same code instance. This reducesuhkarrays. Inter-array in-place is consequently not aersid.
number of elements the estimator must handle compared to theAll the techniques above estimate the memory size assuming a
scalar approach. We will now present different publishestiio  single memory. [20] performs hierarchical memory sizenesti
butions using this approach, starting with techniquesdisatime tion, taking data reuse and memory hierarchy allocation &t
a procedural execution of the application code. count. In-place mapping is not incorporated in the currension,

In [38], a production time axis is created for each array.sThibut is indicated as part of future work.
models the relative production and consumption time, oe,dat In contrast to the array based methods described so farsn thi
of the individual array accesses. The difference betweegseth section, the storage requirement estimation technigusepted in
two dates equals the number of array elements produced &etwé4] assumes a non-procedural execution of the applicatiofe c
them. The maximum difference found for any two depending init traverses a dependency graph based on an extended data de-
stances gives the storage requirement for this array. Taksior- pendency analysis resulting in a number of non-overlapgirey
age requirement is the sum of the requirements for each.akray sections (so called basic sets) and the dependencies Inettveze.
Integer Linear Programming approach is used to find the dite dThe basic set sizes and the sizes of the dependencies ackusun
ferences. Since each array is treated separately, onkpgemap- ing an efficient lattice point counting technique [5]. Thexinaal
ping internally to an array (intra-array in-place) is catesi notthe combined size of simultaneously alive basic sets founduiinca
possibility of mapping arrays in-place of each other (rstmay greedy graph traversal gives the storage requirement.
in-place). With in-place mapping we mean the optimizatiecht The techniques described above are mainly used at an early de
nique where data with non-overlapping lifetimes can be redpp Sign stage to estimate the memory size required for the final i
to the same physical memory locations [37]. plementation. In addition to this, much work has been foduse

Another approach is taken in [19]. The data-dependency rel@€rforming the final in-place optimization and signal-temory
tions between the array references in the code are used tthéind Mapping. This is not the main focus of this paper, though. See
number of array elements produced or consumed by each assig] for @ good overview of the work in this field.
ment. The storage requirement at the end of a loop equals thdn the next section we will present some more details for two
Storage requirement at the beginning of the |Oop’ pius the-nu alternative teChniqueS that can be used to find the Stora{l}lii’ee
ber of elements produced within the loop, minus the number §tent of an application. We will then also describe the déferes
elements consumed within the loop. The upper bound for ttetween these two techniques and the techniques presarites i
occupied memory size within a loop is computed by producingection.
as many array elements as possible before any elementsrare co
sumed. The lower bound is found with the opposite reasoning. .

From this, a memory trace of bounding rectangles as a fumctic% Non-Scalar Models for Memory Size

of time is found. The total storage requirement equals thak pe Evaluation

bounding rectangle. If the difference between the uppetamdr
bounds for this critical rectangle is too large, betterreates can
be achieved by splitting the corresponding loop into twgmand e
rerunning the estimation. In the worst-case situation,llddap- Specifications

unrolling is necessary to achieve a satisfactory estimate. All but the last estimation approach described in the previgec-
Reference [42] describes a methodology for so-called exagdn assume a fully fixed ordering. This makes them hard to use
memory size estimation for array computation. It is basetiven during early system level design steps such as the globaFidat
variable analysis and integer point counting for interis@¢tinion  transformations and global loop transformations [10]. Tiben-
of mappings of parameterized polytopes. In this contexblg-p ber of alternative solutions is huge, each with a differesetetion
tope is the intersection of a finite set of half-spaces and beay ordering. It is impossible to evaluate each of these usmfjxed
specified as the set of solutions to a system of linear iné@gl ordering. The designer needs size estimates that work with o
It is shown that it is only necessary to find the number of livgy partially fixed execution ordering. On the other hand, #se |
variables for one statement in each innermost loop nestttthge approach of the previous section does not take availabitira
minimum memory size estimate. The live variable analysg®is  ordering into account at all. It therefore produces the seste
formed for each iteration of the loops however, which makes mate both before and after a transformation that fixes pétteeo
computationally hard for large multi-dimensional loop tses ordering. It can consequently not be used for guidance.
In [30], a reference window is used for each array in a pelsfect For our target classes of data dominant applications the
nested loop. At any point during execution, the window cim#ta high level description is typically characterized by lameti-

3.1 Estimation Approach for Non-Procedural



dimensional loop nests and arrays with mostly manifestirede
pressions and loop boundsxample Ishows the code of a simple 0
loop nest. Two statementS1landS2 produce elements of two
arrays,A andB. Elements from arrayA are consumed when el-
ements of arrayB are produced. This gives rise to a flow type
data dependency betwe&1andS2[2]. In this example the ar-
ray index functions are simple, but the techniques predentiis |DVPX|=ZI
section work for any affine and manifest index functions.ti®ec
4 discusses preprocessing techniques that can be empfape i
is not the case. We also require the dependencies in the abde t
linear. If this is not the case, different linearizationhaimues can
be used [25].
Example 1:
for (x=0; x<=5; x++)

for (y=0; y<=5; y++)

for (z=0; <=2; z++){

|DP,|=5

Figure 1: Iteration space and IDs frdaxample 1

global estimation scope even for applications with loofz dre
not perfectly nested [25]. A best case and worst case common

s1: AX[YI[z] = fL(input); iteration space may be necessary to find the memory size LB and
S2: i (x>=1 && y >=2) BX[Y][Z]=F2(Alx-1][y-2][2] : UB for the complete application.
} Step 3 Estimate UB and LB on the size of individual dependencies

based on the partially fixed execution ordering.

The size of a dependency between two IDs equals the number
of iteration nodes visited in the DP before the first depegadtin
eration node is visited. Since one array element is prodated

| . each iteration node in the DP, this size equals the numberof a
the dependency betwe&1andS2is 33 memory locations. For ' : . :
the best case orderin@;, z, ), the requirement is 6. For this sim- ray elements produced before the first depending array eleisie

ple example, the absolute numbers are small. The ratio betwéDrOduced that potentially can be mapped in-place of thedirsly

. . : element.
g;ssm is large, however, and this holds also for large reaifam- We will now present a number of guiding principles for the or-

) i , . dering of loops in a loop nest. The size of a dependency is min-
We will now give an overview of the four steps of our estima

. ; ; i N imized if the execution ordering is fixed so that its NDs andsSD
tion methodology. It takes available partially fixed oraerinto .o placed at the outermost and innermost nest levels iasghgc

account to find upper and lower bounds (UB and LB) on the rifing order of the NDs is of no consequence as long as they are all
time storage requirement of an application. The span betWee  fj,oq outermost. If one or more SDs are ordered in between the
bounds reflects the still unfixed part of the ordering. NDs, it is however better to place the shortest NDs insid&hs.
Step 1 Collect DPs and data dependencies from application codghe ength of NDi, is determined by the length of the DP in this
Our estimation methodology uses a geometrical model to ddimension DP|. The ordering of SDs is important even if all of
scribe data, operations and dependencies. This first ste@ris them are fixed innermost. The SD with the largest Length Ratio
formed by the Atomium tool [44], based on theration Domains (LR) should be ordered innermost. The LR is defined as follows
(ID) of the statements and the index functions in the apptica
code. Fig. 1 shows graphically tliteration spacg2] of the loop LRy = M
nest inExample 1with the IDs of the two statements. At each |DPy| — 1
iteration nodewithin IDs, andIDs, statemenSlandS2are o the special case wheRP,| = 1, care must be taken to avoid
executed, respectively. It is, however, only a subset ofelee jvision by zero. AnLRy| = oo can still be assumed, since such
ments produced bg1lthat are read b2 A Dependency Part gimensions should be ordered innermost.
(D_P) is therefore qlefined as shown in Fig. 1 containing the ite Returning to the dependency betwebhandS2in Example 1
ation nodes at which elements are produced that are reaceby {Re | Rs for the SDs are easily calculated. For each dimension
depending statement. Bependency VectdDV) is drawn from e use|DP| and |DVP| as illustrated in Fig. 1. This gives
an iteration node in the DP producing an array element taténe i ;p  — 1/4 andLR, = 2/3. According to the guiding prin-
ation node consuming the element. This DV spaiipendency ciples, they dimension should consequently be fixed innermost
Vector PolytopgDVP) and its dimensions are defined®sanning  yjth x second innermost, and Nboutermost. If the guiding prin-
Dimensions(SD). The remaining dimensions are denoleh-  ciples are applied in their opposite order, we get the woasec
spanning DimensioneND). In Fig. 1,x andy are SDs whilez  rqering. Using these guiding principles for best case aodtv
is ND. More details about these concepts can be found in [24]. ¢ase ordering, our estimation methodology finds the ordetimat
Step 2 Position DPs in a common iteration space. will result in the LB and UB storage requirement of individida-
The IDs are placed in a common iteration space to enablepandencies. Any ordering already fixed will be taken intcoae.

Loop interchange is a transformation with very large impact
lifetimes of data elements within loop nests. With the waeste
ordering of the dimensions iBxample 1y outermost second
outermost, and innermost(y, , z), the storage requirement for



Starting outermost, the contribution of each nest levehtototal 3.2 Computation Approach for Procedural Speci-
dependency size is calculated. If a dimension is already fite fications

given nest level, this dimension is used to calculate theridmnr
tion. If not, the dimensions according to the best case andtwo
case orderings are used for LB and UB calculations, resgbgti
When calculating the contribution of a given nest level, wdtm

This section presents a non-scalar method for compatiagtly

the memory size in signal processing algorithms where tlie co
is procedura) that is, where the loop structure and sequence of
X T ) : X instructions induce the (fixed) execution ordering. Thisuasp-

ply @, of the dimension fixed here with thi of all dimensions ;. is hased on the fact that the design entry in presenttridi

fixed inside it. Her&); = | DVP;|~1 andP; = |DPy|. The total design usually includes a full fixation of the execution oiaig.
dependency size is the sum of contributions of all nest e\nbte Even if this is not the case, the designer can still exploffergint

that@; = 0 for all NDs, so they do not contribute to the OVera"algorithmic specifications functionally equivalent.

dependency size except with thé; '.f they are f'.XEd inside an The exact computation of storage requirements may be neces-
SD. Tab. 1 demonstrates the stepwise calculation of depeydesary in embedded system applications, where the constramt
sizes with an unfixed and a partially fixed execution orderifige " oo memory space are typically tighter. It may be usasul
different values for) ; and P, can be found from Fig. 1. Note that well in assessing the impact of different code (and, in pakir,

as the ordering is gradually fixed, the bounds converge. Withloop) transformations on the data storage. The exact camput

fully fixed ordering t_hey are equal. In addition to the LB anB,U tion approach allows to address the problem of signal-teorg
the best case ordering found is reported to the user. Theletenp mapping by providing exact determinations of window sizas f

algorithm is described in detail in [24]. multi-dimensional signals and their indexes. Finally,libas a
more precise data reuse analysis [34, 20] and, thereforetterb

Completely unfixed X fixed outermost steering of the (hierarchical) memory allocation [9, 10].
BC ordering | (z.x.y) (x,2,y) An array reference can be typically represented as the imfaige
WC ordering | (y,x,z) (x.y,2) i iof i [
- = an affine vector functioth — T - i + u over aZ-polytopé (its
1stnestlevel | LB:=0 LB;=UB:= . . . RO
UB=Q,-P,-P,=30 Qu-Py-P,=12 iterator spacep -i > b, therefore, dattice [31] which islinearly
2nd nestlevel| LB;=LB;+Q, -P,=4 | LB;=LB;=12 bounded33]. The main steps of the memory size computation
UB:=UB:+Q4 P.=33 | UB=UB+Q, -P;=18 algorithm [43] will be briefly presented below.
3rd nest level | LB=LB;+Q,=6 LB=LB;+Q4=14 . . .
UB=UB;=33 UB=UB;=18 Step 1 Extract the array references from the given algorithmic

specification and decompose the array references of eveéexéad
Table 1: Storage requirement for the codd=xample lwith un-  signal intodisjointlinearly bounded lattices (LBLS).
fixed and partially fixed execution ordering. Figure 2(b) shows the result of this decomposition for the 2-
dimensional signal in the illustrative example from Fig. 2(a).
Step 4 Find simultaneously alive dependencies and their maximdhe graph displays the inclusion relations¢s) between the
combined sizes Bounds on total storage requirement. LBLs of A (nodes). The 4 “bold” nodes are the 4 array references
After having found the upper and lower bounds on the size aff signal A in the code. The nodes are also labeled with the size
each dependency in the common iteration space, it is negessaf the corresponding LBL — that is, the number of lattice p®in
to determine if two or more of them are alive simultaneoushe (i.e., points having integer coordinates) in those sets ifitlu-
maximal combined size of simultaneously alive dependermier  sion graphis gradually constructed by partitioning analytically the
the lifetime of an application, gives the total storage ieguent initial (four) array references using LBintersectionsanddiffer-
of the application. Two dependencies can potentially beeai- ences While the intersection of two non-disjoint LBLs is an LBL
multaneously if their DPs overlap in one or more dimensions ias well [33], the difference is not necessarily an LBL — arisl itht-
the common iteration space. Depending on whether the qverlger operation makes the decomposition difficult. In thisregée,
occurs only for NDs, for a subset of the dimensions includihg A1NA2 = A3 andAl— A3, A2— A3 are also LBLs (denoted4,
least one SD, or for all dimensions, they will alternate iftnge A5 in Fig. 2(b)). However, the differencé3 — A10 is not an LBL
alive, be alive simultaneously for certain execution ointgs, or  due to the non-convexity of this set. At the end of the decasirpo
be alive simultaneously regardless of the chosen execatiter- tion, the nodes without any incident arc represent nontapping
ing. Similar reasoning can be made for groups of multipleetiep LBLs (they are displayed in Fig. 2(c)). Every array refereit
dencies. The estimation methodology uses a two-step puoeed the code is now either a disjoint LBL itself (liké10 andA11), or
First, groups of potentially simultaneously alive deperades are a union of disjoint LBLs (e.g.A1 = A4 U A3 = A4 U U}ia Aj).
detected, followed by an inspection to reveal those agtsathul- When the affine vector function— T -i + u is a one-to-one
taneously alive for a given partially fixed execution ordgtiDe- mapping, the LBL size computation reduces to the computatio
tails regarding this part of the methodology are presem¢®3].  the number of lattice points (i.e., having integer coortisjin a
Section 4 shows how this estimation methodology can be a paripolytope; otherwise, it reduces [5] to counting the points
of a solution space exploration during the global loop tramsa- 1The iterator space of an array reference is not always a rgulgtope; it can

tion design step. Furthermore, [24, 25] gives exploratiameples  pe 4 non-convex polyhedron, or even a union of convex andanves polyhedra.
for real life application demonstrators. But, nevertheless, it can lleecomposeihto a finite set of disjoinZ-polytopes.




T[0]=0; /I A[10][529] : input
for (j=16; j<=512; j++)
{ S[O][i-16][0] = O ;
for (k=0 ; k<=8 ; k++)
for (i=5j-16 ; i<=j+16 ; i++)
S[0][j-16][33*k+i-j+17] = A[4][j] - AKI[i]
+ S[0][j-16][33*k+i-j+16] ;
T[j-15] = S[0][j-16][297] + T[j-16] ; A[0]ly]
0<=y<=528
for(j=16 ; j<=512 ; j++)
{ S[1](-16][0] = 0 ;
for( k=1 ; k<=9 ; k++)
for(i=j-16 ; i<=j+16 ; i++)
S[1][j-16][33*k+i-j-16] = A[5][]] - AIK][i]
+ S[1][j-16][33*k+i-j-17] ;
T[+482] = S[1][j-16][297] + T[j+481] ; A

4<=x<=5

out = T[994]; 0<=y<=15

/l out : output

(@)

528

Al9lIV]
0<=y<=528 9513

512
AKD] g AL
1<=x<=8
0<=y<=528
A4 AS
@A[x][y] 16

6<=x<=8
0<=y<=528

15

Aldllyl  ALBIlY] AX][y]
16 <=y <=512 4<=x<=5
513 <=y <=528
(b) (c)

Figure 2: (a)Example 2 (b) Decomposition of the index space of signal A into disidinearly bounded lattices (LBLS); the arcs in
the graph show the inclusion relations between LBLs. (c) fdmtitioning of A's array space according to the decomparsitb).

projection of a polytope [28, 40]. Counting the lattice gsiin

that the storage requirementBkample 2is 5,292 locations, the

a polytope can be done in several ways: there are methodd baseximum occupancy occurring in the first loop nest.

on Ehrhart polynomials like, for instance, [11, 39], or evauch
simpler — adapting the Fourier-Motzkin technique [12, 2Fpr
reason of scalability, we use a computation technique baisée
decomposition of a simplicial cone into unimodular conds [6

Step 2 Determine the memory size at the boundaries between the

blocks of code.

After the decomposition of the array references in the $peci

cation code, a lifetime analysis on the polyhedral parigiof the
signals finds the blocks of code (e.g., nest of loops) whesk e&
the disjoint LBLs is produced and consumed (i.e., used asgpar
an operand for the last time). Based on this informationptkeen-
ory size at the block boundaries can be compueaktly since
the storage requirements of LBLs are already known f&iap 1

Step 3 Compute the maximum memory size inside each block.
This operation is based on the computatiomafzimum iter-
ator vectors relative to the lexicographic order. Taking $let of
iterator vectors mapping a given array element and assutheg
loops normalized (i.e., all the iterators are increasindywie step
1), the maximum iterator vector yields the iteration in thegd nest

when the element is consumed and, hence, the data storage
creases. Actually, part of the LBLs produced or consumedén t

block can be conveniently ignored if their effect on the memo
variation can be taken into account without generating tladass
they cover and computing their maximum iterator vectors.ifo
stance, in the first loop nest Bkample Asee Fig. 2(a)), it can be

The memory size computation tool implementing this aldponit
can be used to evaluate the loop ordering strategy desciibed
Section 3.1.

Example 3for (i=0; i<95; i++)
for (j=0; j<32; j++) {
if (i+j > 31 && i+j < 62) A[i][j]=---
if (i+] > 63 && i+j < 94) ---=A[i-32][]]
}
If the A-elements are consumed in this loop nest, the minimum
memory size needed by signdlis 784 locations. The trace of
the memory occupancy is displayed in Fig. 3 (the first grajn).
this example; is the only spanning dimension (SD). According
to the guiding principles of Section 3.1 it should hence lieozd
innermost. This is substantiated by our size computatiaterd
changing the loops drastically decreases the storageresgeints
to only 32 locations, the new trace being shown in Fig. 3, dk we

The memory size computation tool referred in this section is
able to process large specifications in terms of numbersraf ar
references, scalars, loop nests, and lines of code. Mogglglet
apout the theoretical model, implementation aspects asultse

fi be found in [43].

4 Trade-offs in the Storage Exploration
Methodology

proven that each iterator vectpr k i]T corresponds to a unique Recent advanced multimedia systems use a large amountaof dat
produced scala$[0][j — 16][33«k+i — j+ 17] and a unique con- storage and transfers. This memory and bus usage consumes ma
sumed scalaf[0][j — 16][33xk+i—j+ 16]. The effect of the two jor part of the energy in the embedded system mainly due to ini
array references on the memory variation is +1-1=0 in eash-it tial bad data locality. The Data Transfer and Storage Exion

tion and, therefore, these operands can be ignored. It caimdyven (DTSE) methodology [10] reduces the energy consumption and



800

g ated. These trade-offs have already been discussed byttharsu
700 ] working on code generators from geometrical model [8, 2%§0A
they do not affect the data memory size, so we shall not discus
them further.

600 |-

500

ol ] 4.1 pre-GLT trade-offs

] The GLT are performed on the geometrical model which is
used in most of the research in the field of loop transforma-
tions [3, 14, 21, 22, 41]. However, the model imposes stinat-|
tations on the input code. It can deal only with static cdrpieots
(SCoP) [7]. The static control part is a maximal set of contiee
statements withowthileloops, where loop bounds and condition-
als may only depend on invariants within this set of statemen
wl ] These invariants include symbolic constants, formal fiaamcpa-
rameters and surrounding loop counters. Also, the geocaétri
model requires pointer-free code in one function [10]. Thetp

2 ] of the code that do not fulfill these strict conditions cartretod-
eled in the geometrical model and thus cannot be transfarireed
extend the exploration scope of the global loop transfoionat

1 ] different preprocessing techniques, like selective fimncinlin-
ing [1] (SFI), pointer analysis and conversion [32, 17] (RB)%
dynamic single assignment (DSA) conversion [35], hieraath
rewriting [10], and scenario creation [26], have been peggo
These techniques often require trade-offs between theldrae
they allow for loop transformations and extra cost you havgety
(e.g., code size). These pre-GLT trade-offs are orthogmntie
GLT trade-offs which will be discussed in the next subsectio

200 |
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Figure 3: Memory traces fdExample 3 the second trace shows
the memory variation when the loops are interchanged.

optimizes global memory accesses by refining and improviag t
source code implementation. 4.2 GLT trade-offs

Global Loop Transformations (GLT) are the crucial step @f th After preparing the application to be parsed to geometneadel,
DTSE methodology. They improve the initial bad data logaitd we can perform the GLT on this model. The GLT change the ex-
thus enable subsequent optimization steps. The stepsel®idr ecution order of the application and affect data memory, size
(pre-GLT) reduce redundant data transfers and exposegbgdm  struction memory size, control-flow complexity, number afm
(e.g., by inlining) for the GLT step. They trade-off data memory accesses, etc.
ory size vs. other parameters of the application. E.g.ctete In-place optimization reuses space in the memory of the data
function inlining [1] creates more opportunities to datameey  structure or data structure element that is not needed amg mo
size reduction, however, it requires more instruction memsze. by the new-coming structure or element that is going to be pro
GLT step changes execution ordering of the application hod t duced [15]. The closer the production and the consumptitheof
improves locality of array accesses. This results in laa¢s diem- data structure or data structure element in the prograres)et-
ory size reduction. However, it potentially sacrifice othbaram- ter in-place optimization can be applied. Data reuse optition
eters of the application, like the instruction memory stztrol- means to place a local copy of the part of the array which veill b
flow complexity, number of memory accesses, etc. To evaluaiged (consumed) several times closer to the data path [34. T
these data memory size related trade-offs, we need fastaand a closer the consumptions in the program are, the better ttee da
rate storage size estimators that have been discussedtiar5éc reuse will be. The close consumption for good data reuse can
These estimators can give us important feedback on thetyjoéli cause bad in-place optimization for some arrays and vicgaver
the steering (either automatic or manual) for GLT and pr&-GLThe good data reuse causes reduction in the number of memory
trade-offs. accesses and the bad in-place causes larger data memofitize

Trade-offs w.r.t. the data memory size appear when we emlargesults to trade-off number of memory accesses and data gemo
the exploration space or change execution ordering. AfleF G size. An example of this trade-off, together with using meyno
the ordering is fixed. Still, there exist interesting traafés during  size evaluation techniques from Section 3, is given in $acti3.
code generation when the code is generated from the gecaletri The trade-offin the previous paragraph has targeted ttagpdat
model. During this phase, we trade-off the code size, thepbexn  of the application. Till now we did not look at the control paf
ity of the control-flow, and the number of empty iterationstfee  the application. The code after GLT, with optimal localitydathus
same geometrical model from which different codes can bergen minimal data memory size, contains several comfjlegnditions.



However, performance effective code should not containgiexn later. This means the whole consumptiora@ndb in the second
control flow since it will slow down the application. Due toeth loop nest was saved, i.e., 40 accesses. Thus, the numbenof me
conditions, the loops can have a problem with software pipg).  ory accesses has been reduced to 80. The storage sizenséilhse
The rich control flow in the application can create overhégdaod 60 locations since this fusion has not affected the arratitifes.
branch prediction or guarded execution is missing in tha gdath. Another option is to fuse the last two loop nests. Before tteat
The extra control flow is present because of fusion and shifti verse has to be applied on the second loop nest. After thiride

of the loops to obtain optimal locality and still to satishetflow exploration of arrag by a memory size evaluation technique from
dependencies. However, this control flow can be reduced by rdection 3, we can determine that only some elements of ttag ar
fusing all the loops that are required for optimal localifiis will  have to be simultaneously alive. The number of these elesignt
cause the growth of the memory size requirements, resulting computed by a memory size evaluation technique from Se8tion

data memory size vs. control flow complexity trade-off. and is going to be 6 instead of 20. This results in an overait st
age size of 46, instead of the original 60 locations. Not¢ tta
4.3 The trade-off example number of memory accesses does not change, only some memory

locations are accessed several times after applying )iintgalace
During all trade-offs discussed in the previous subsestithe optimizations.
memory size estimation is beneficial. We shall demonsttaie i To summarize, the initial implementation required a datawme
the simple example of trade-off between storage size antaum ory size of 60 locations and 120 data memory accesses. MAfter t
of memory accesses Example 4 In this example, there are threeloop fusion of the first two loop nests, the number of memory ac
4x5 arraysa, b andc, and three loop nests. In the first loop nestcesses has decreased to 80 data memory accesses. Anaiter opt
arraysa andb are produced (written) resulting in 2x4x5, i.e. 40is the loop fusion of the last two loop nests. This decreaked t
accesses. In the second loop nest, aregadb are consumed required data memory size to 46 locations. Neither solttidhe
(read) and array is produced (written). This results in 3x4x5, best one. The fusion of the first two loop nests is better fonimer
i.e. 60 accesses. In the last loop nest, aoré/consumed (read) of memory accesses, the fusion of the last two loop nestdtisrbe
resulting in 1x4x5, i.e. 20 accesses. Arrayandb are still used for the data memory size. These two solutions representbiviip
later. Thus, the memory locations of arragsndb cannot be on the optimal Pareto curve that trades-off the number of argm
reused by array, i.e., arraysa andb cannot be in-placed (inter accesses and the storage size. Storage size estimatorsiGied ¢
array in-place, see Section 2) with array The maximal num- for the evaluation of the possible solutions and, also, twiple
ber of simultaneously alive elements (i.e., required gfersize) important feedback for the trade-off steering (either estic or
is 3x20, i.e. 60 (between the second and the third loop n€8. manual) techniques.
initial implementation requires thus 120 memory accessésaa
storage size of 60 locations. The information about stosaze 5§ Conclusions
can be obtained using the memory size evaluation techniques

Section 3. To obtain a better implementation, loop revens&fa-  This paper has addressed the important role of loop tramsfor
nests because of the reverse in the second loop nest. Tsedlier systems, whose behavior is described by high-level, asr@nted
third loop nest is not possible due to other constraints. specifications. In this context, the paper has discussed ivasn-
Example 4int a[4][5], b[4][S], c[4][5]; ory management trade-offs taken into account during théoexp
for (i=0; i<4; i++) ration of the design space.
for (j=0; j<5; j++) {
afilj]= - R
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