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Abstract by determining thenaximumnumber of data items that are live at
any point during the course of execution. Two complementary steps
Most embedded systems have limited amount of memory. In contrast, theto achieve this objective is (i) estimating the memory consumption
memory requirements of code (in particular loops) running on embeddedof a given code, and (ii) reducing the memory consumption through
systems is significant. This paper addresses the problem of estimating thaccess pattern transformations.
amount of memory needed for transfers of data in embedded systems. The The problem of estimating the minimum amount of memory
problem of estimating the region associated with a statement or the set ofvas recently addressed by Zhao and Malik [2@]this paper, we
elements referenced by a statement during the execution of the entire sgdresent a technique that (i) quickly and accurately estimates the
of nested loops is analyzed. A quantitative analysis of the number of el-number of distinct array accesses and the minimum amount of mem-
ements referenced is presented; exact expressions for uniformly generatedry in nested loops, and (ii) reduces this number through loop-level
references and a close upper and lower bound for non-uniformly generatedransformationsNested loops are of particular importance as many
references are derived. In addition to presenting an algorithm that computee@mbedded codes from image and video processing domains manip-
the total memory required, we discuss the effect of transformations on theulate large arrays (of signals) using several nested loops. In most
lifetimes of array variables, i.e., the time between the first and last accessegases, the number of distinct accesses is much smaller than the size
to a given array location. A detailed analysis on the effect of unimodular of the array(s) in question and the size of the loop iteration space.
transformations on data locality including the calculation of the maximum This is due to the repeated accesses to the same memory location
window size is discussed. The temmaximum window sizis introduced in the course of execution of the loop nest. The proposed technique
and quantitative expressions are derived to compute the window size. Thedentifies this reuse of memory locations, and takes advantage of it
smaller the value of the maximum window size, the higher the amount of in estimating the memory consumption as well as in reducing it.
data locality in the loop. The main abstraction that our technique manipulates is that of
data dependence and re-use [19]. Since many compilers that target
array-dominated codes maintain some sort of data dependence in-
formation, implementing our estimation and optimization strategy

An important characteristic of embedded systems is that the hardiNvolves only a small additional overhead. Our experimental results
ware can be customized according to the needs of a single or a smaffPt@ined using a set of seven codes show that the proposed tech-
group of applications. An example of such customization is param-"idues are very accurate, and are capable of reducing the memory
eterized memory/cache modules whose several topological paramS@nsumption significantly through high-level optimizations.
eters (e.g., total capacity, block size, associativity) can be set de- I herestof this paper is organized as follows. Section 2 presents
pending on the data access pattern of the application at hand. I Prief background. Section 3 presents our techniques for estimat-
many cases, it is most beneficial to use the smallest amount of dati‘fg the number of distinct references to arrays accessed in nested
memory that satisfies the target performance level [20]. Employ-100PS. In Section 4, we present a loop transformation technique
ing a data memory space which is larger than needed has sever fpat minimizes the maximum amount of memory required. Section
negative consequences. First, per access energy consumption of aPresents experimental results on seven benchmarks. Related work
memory module increases with its size [2]. Second, large memory'S discussed in Section 6, and Section 7 concludes with a summary.
modules tend to incur large delays, thereby increasing the data ac-
cess latency. Third, large memories by definition occupy more chip2 Background
space. Consequently, significant savings in energy/area/delay might
be possible be being more careful on selecting a memory size. ~ DSP programs mainly consist of perfectly nested loops (loop nests
Unfortunately, selecting the minimum memory size (without in which every statement is inside the innermost loop) that access
impacting performance) is not always easy. This is because dataingle and multi-dimensional arrays [19, 20]. Therefore, we will
declarations in many codes are decided based on high-level reprdimit our discussion to these cases. In our framework, each exe-
sentation of the algorithm being coded not based on actual memoryution of ann-level nested loop is represented usingitenation
requirements. The important point here is that not every data itemyectori = (i1,42,---,in), wherei; corresponds tg-th loop from
(declared data location) is needed throughout the execution of thehe outermost position. We assume that the array subscript expres-
program. That is, at any given point during the execution, typically, sions and loop bounds asdfine functionsof enclosing loop in-
only a portion of the declared storage space (e.g., array size) is acdices and loop-independent variables [19]. Each reference to an
tually needed. Therefore, the total data memory size can be reduceg-dimensional array is represented by aaccess(or data refer-
enc§ matrix Ap and anoffset vector such thatdpI + b is the
element accessed by a specific iteraffoji9]. The access matrix
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fori = 1to N do ]
forj =1to N do i
fork =1to N do
o Ulik— 3]

The iteration vector i$i, 5, k)T (note that we write a column vector
as transpose of the corresponding row vector), , the data access ma-
trix for arrayU is ( (1) 8 (1) ) , and the offset vector ié _g ) .

For an array where its reference matrix is a non-square matrix
(that is, if the dimensionl of the array and the loop nestingis
the same) the number of times an element is referenced is armost
wherer is the number of references to the array in a loop. Therefore
the reusefor a data element is at most— 1. For an array whose

dimension is one less than the loop nest, the reuse of an element Dependence (3, -2)
is along the direction of the null space of the access matrix and
the amount of reuse due to an element depends on the loop bounds. Figure 1: lteration space for a 2-nested loop.

Arrays whose number of dimensions is one less than the depth of the
nested loop enclosing them are very common in DSP applications

2.

In both Example 1(a) and 1(b), the dependence vect(s,is-2).
Note that in the first example, the dimensionality of the array is the
same as that of the loop nest level, the number of referenyésd
Dependence (and reuse) analysis is critical to the success of optiand the reuse count is at most 1. (The number of times an element
mizing compilers [18, 19]. We deal with sets of perfectly nested of the array is referenced is at most 2).
loops, whose upper and lower bounds are all linear, enclosing a In the second example, the dimensionality is less than the loop
loop body with affine array references. That is, each subscript of annest level, the number of reference}ié 1, and the maximum reuse
array variable index expression must be an affine expression ovecount for an element i§10/3] = 4. The total reuse (i.e., the area
the scalar integer variables of the program. We assume familiarityof the shaded region) is the same in both the examples which is
with definitions of the types of dependences [19]. (10 — 3) x (10 — 2) = 56. Let the dependence vector f# , d>).
Dependences arise between two |terat|ﬁrmd fwhen they In general, the signs 0_‘1 andd- do not affect the amount Of re.use.
both access the same memory location and one of them writes tdn @ nested loop of sizéV; x N, the amount of reuse is given

the location [19]. Letl execute beforel in sequential execution; g?’m(eNn lsi;nh(l)lf'gh: ;ﬁ; _aéiﬂgéggevﬁ%?ﬁi?ﬁé Itgs Cizst?ia stgrenrg ;rs]ethe
the vectord; = J — I is referred to thelependence vectdi]. Y P

i g - nest level and where the dimensionality is less than the loop nesting
This forces sequentiality in execution. The level of a dependence o q| These cases are commonly found in DSP codes [2]
vector is the index of the first non-zero element in it [19]. Let ' ’

I'=(L,....I,)andJ = (Ji,...,J,) be two iterations of a
nested loop such that< .J (read precedes or executes befofn
sequential execution) and there is a dependence of constant distance

d; between them. Applying a linear transformatifrto the itera- ~ We assume that all the references to an arrayuairmly gener-

tion space (nest vector) also changes the dependence matrix sincded[9, 5]. Uniformly generated references are those, for which
T(J) =T (1) = T(J—I) = T d;. All dependence vectors apes- the access matrices are the same but the offset vectors are different,

i.e., the subscript functions of the different references differ only in
the constants. An example of a loop with a uniformly generated
references is shown below:

2.1 Data Dependences and Loop Transformations

2.3 Uniformly generated references and maximum win-
dow size

itive vectors,i.e., the first non-zero component should be positive.
We do not includdoop-independentlependences which are zero
vectors. A transformation is legal if the resulting dependence vec-

tors are stillpositivevectors [19]. Thus, the linear algebraic view fori =1toN: do

leads to a simpler notion of the legality of a transformation. For forj = 1to N> do

ann-nested sequential loop, thex n identity matrix () denotes X[|2i+3j[+2]=Y[i+ 4]
sequential execution order. Any unimodular transformation can be vilir e 1l = X121 37 143
realized through reversal, interchange and skewing [17]. + = i+ 35 [+3]

Here, the two references f© are of the forrr+ 20435 + constant

2.2 Distinct references and both references to array are of the forn1 t+7+ constanj,

The number of distinct referenced ) can be found using depen- We use the notion of a reference window of an array in loop nest
dences in the loop as shown in Figure 1. Thdimensional cube  (which is different form the notion of the reference window of a de-
(in the case of 2-nested loop, this is a square) formed by the depenpendence as used by [5, 9]) that allows us to deal with each distinct
dence vectors as shown in Figure 1 represents the reused area (tlagray as a whole and not on a per-reference-pair-to-the-array basis.
shaded area) in the iteration space. Consider the following exam-  The amount of memory required is a function of the number of

ples: variables which will be accessed again in future. We now introduce
Example 1(a): fori=1t010 do anotion that is useful in this context. Theference windowVx (I)
forj = 1to 10 do (wheref: (I1,...,I,) is an iteration of thex-nested loop) is the
e Aliy g set of all elements of arraX that are referenced by any of the
e Ali—=3,54+2]--- statements in all iterationf <= I (read.J; precedes in sequential
Example 1(b): fori = 11010 do _execgtlonqor isthe same ﬁ}sghat are glso refergnced insome (later)
for j = 1t0 10 do iterationJ> such that/, = I (read.J> follows I). This allows us

CLAR2xi+3x]] to precisely the define those iterations which need a specific value
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in local memory. The size of the windoWx () is the number  pair of statements and the maximum reuse for a particular element

of elements in that window. Thmaximum window sizMWS) isat most-—1. In other words, there are a maximumvakeferences
is given bymax; |[Wx (I)| and is defined over the entire iteration 0 an array element.

space. In the case of multiple arra¥s, ..., X, the maximum

reference window size isnax; Zle |Wx; (7) | 3.2 Loops with Array Dimension d=n—1

Note that the reference window igignamicentity, whose shape  gingle Reference  Now consider the case where the dimension
and size change with execution. For nested loops with uniformly of the array is at least one less than the loop nestl # n — 1

generated references, the maximum window size (MWS) is a func-then there is reuse along the direction of the null space vector of the
tion of the loop limits. The smaller the value of MWS, the higher 5ccess matrix.

the amount of data locality in the loop nest for the array. For sim-
plicity of exposition, we assume that there are multiple uniformly .
generated references to a single array in a loop nest. The resultfor ¢ = 11020 do
derived here easily generalize to multiple arrays and higher levels for j =1to 10 do
of nesting. A2 455 4+1]- -

Here the reuse vector {$, —2) which is the same as the de-
pendence vector for the loop. We now look at thelimensional
cube formed by the dependence vector (in this case, a square) on
the iteration space which represents the reused elements of the ar-
ray. Note that all elements within the square formed by the vector is
a sink to a direction vector which is a reused element by definition.
With just one reference to each array in such a nest, the number ofherefore, for the above example where there is a single statement,
distinct accesses equals the total number of iterations. Thereforeye can obtain the figure for the number of data elements reused in
only the case where there are multiple references to the same arraghe array as:
For example, in relaxation codes, this is common.

In general forr references in a loop where the array dimension reuse= (N1 —di1)(Nz2 — |dz1]) = (20 —5)(10 — 2) = 120,

is the same as the loop nesting level there are a totéﬁfgﬂﬁ de-
pendences. Note that there is at least one node in the dependen
graph which is a sink to the dependence vectors from each of the
remainingr — 1 nodes. In other words there exists a statement with
r — 1 direction vectors directed from each of the remaining state- No\, consider the case of a 2-dimensional array accessed in a three
ments. The — 1 dependences due to all the other references to this,agteq loop.

reference gives the amount of reuse. Consider a two-level neste% i

loop in which there are uniformly generated references. Let the £X@mple 5:

Example 4

3 Estimating the number of distinct accesses in nested
loops

3.1 Loops with Array Dimension d = Nesting n

@@d the number of distinct accesses to the array is

Ag = N1 x N> —reuse= 20 x 10 — 120 = 80.

dependences on one reference due to all other references be fori =1t010do
for j = 1to20do
( din dar -+ dro1nn ) fork =1to030do
diz de2 -+ dr_12 ) ARt k4 K]

) . Here the reuse vector (4, 3, —3); the reuse is calculated as:
The amount of reuse for that array is: reuse) ..~ (N1 —|di1|)(N2—
|di2|) and the number of distinct elements is givendy = N; x reuse= (10 — 1)(20 — 3)(30 — 3) = 4131,
N> x r — reuse Consider the following loop (in Example 2) where o )

there are two uniformly generated references to the array A and theéind the number of distinct accesses is

access matrix is non-singular.
Example 2: fori=1to N

forj =1to N, . . . .
S, o Ali g Multiple References  The case of multiple references is not dis-

S, Al =1 i+9 cussed in this paper for lack of space.

z . oAl =-1,542]- Itis important to note that our techniques is exact for uniformly
Here there is a dependen(k —2) from statemeng; to state- enerated references.

mentS>. This dependence is used to calculate the amount of reuseg

for each element. The amount of reuséMs — 1)(N, — 2), and

the number of distinct accesses to the array A in the above loop idVon-uniformly Generated References  The distinct elements
Ay, = N; x Na x 2 — reuse in loops where there are non-uniformly generated references are

more complex to compute. The dependence vectors for these loops

Aq =10 x 20 x 30 — 4131 = 1869.

Example 3: fori=1t010 are distance vectors and thus it is not possible to represent the ex-
forj=1t010 act reuse using the dependence vectors. Consider the following
Si: - Ald, g example:
Sa: Al - 1,4] Example 6:
Ss: Al -1 fori =1t020do
Sa: Al -1, -1 for j = 11020 do
The dependences from stateméhtto all other statements are g, . .. CA[3i+ 75— 10]- -

(1,0),(0,1),(1,1). The amount of reuse is calculated as retase s, -
(10 — 1)(10 — 0) + (10 — 0)(10 — 1) + (10 — 1)(10 — 1) = 2
90 + 90 + 81 = 261, and the the number of distinct accesses is:
Aq =10 x 10 x 4 —261 = 139. Thus, we see that for cases where
the loop nesting level is the same as the dimension of the arra3}
accesses in the loop there is only one dependence vector between%‘

-+ A[4i—3j +60] - -
Here the dependences are distance vectors and an exact depen-
dence cannot be obtained. We give lower and an upper bound on
he number of distinct accesses on the array A. We have the upper
d lower bounds on both the functioffis = 3¢ + 75 — 10 and
=44 — 3] + 60. We haveLB; < f1 < UBi, LBy < fg <



UB>, LBy = 0,LB> = 4,UB; = 190,UB> = 137. Therefore
the smallest lower bounfi B,,;, = 0, and the largest upperbound
UBpaz = 190.

The upper bound on the number of referencd96—0+ 1 =
191. The lower bound on the number of referencesd% — (3 —
1)(7—1)—(3—1)(7—1) = 179. The actual number of references

is 181. So a close bound on the number of distinct accesses to the

array can be obtained by the above algorithm.

4 Minimizing the maximum window size using transfor-
mations

Consider the following example which is a minor variant of the ex-
ample from [5]:
Example 7:
fori =11t020 do

for j = 1to030do

- X[26 - 34] - -

Eisenbeis et al. [5] mention that the cost of the window (the

same as MWS) for this loop &9. They use only two transforma-

tions: loop interchange and reversal. On applying interchange, the

MWS reduces tall. On reversal applied to the original loop, the

below:

Example 9:

fori =1to N; do

forj =1toN» do
"'X[)\li+)\2j+01]"'
s XAt A+ Xej + 2]

"'X[)\li+)\2j+cr]"'
We need to compute the effect of a legal unimodular transformation,

T: b
_ a
r=(%a)
on the maximum window size . In addition to legality, we require
that the loop nest btleable [10, 18]; this permits us to use block
transfers, which are very useful to minimize the number of off-chip

accesses. The optimum transformation thus satisfies two condi-
tions:

1. legality condition for tiling
2. minimizes the maximum window size

We do not show the detailed derivation here. The maximum win-

cost become86 while reversing the interchanged loop reduces the o size (MWS) is a function of the maximum inner loop span or

cost t036. Using the technique presented here, the cost or MWS

for this loop can be reduced fq i.e., all iterations accessing any
element of the arra)X’ can be made consecutive iterations of an in-
ner loop. The only dependence in this example is the vé&ta@).

We use the following legal transformaticf;

r=(1 )

Even though the technique in [14] can be used to derive this trans-
formation, there are situations where the techniques presented her® WS =

improvedocality while that in [14] does not improve locality. Con-
sider the loop shown in the next example.
Example 8:
fori =1to25do

forj =1to10do

X[2i+5j +1] = X[2¢ 4+ 55 + 5]

The distance vectors for this loop ar@, —2), (2, 0), (5, —2);

(3, —2) is the flow dependenc€?, 0) is an anti-dependence and

(5,—2) is the output dependence vector. These are the only direct et d; = (di1,di2) (i = 1,..

maxspanwhich is the maximum trip count of the inner loop (dif-
ference between the upper and lower limits of the inner loop) over
all outer loop iterations [5].

MWS = maxspanx A x (A2a — A1b) @
whereA is the determinant of the transformation matrix. The sim-
plified expression derived for the maximum window size is:

+1)|Xa—Mb| fa—b<aN, —bN,

t (2)

Thus to minimize the maximum window size, the value of MWS
from equation (2) should be minimized among all unimodular trans-
formationsT that are valid for tiling. In many cases, MWS is min-
imized when|A2a — A1b| is minimized.

Ny—1
b
No—1
a

+1)|Aea— b fa—b>aN —bN,

4.2 Legal Transformation

., m) be a set of dependence dis-

dependences. Li and Pingali use transformation matrices whoseance vectors. With uniformly generated references, all the depen-

first row is either(2, 5) or (—2, —5). Any transformation that uses
(2,5) asitsfirstrow is illegal because of the distance ve(ior-2);
the first component of3, —2) after the transformation i§2, 5) -
(3,—-2)T = —4is < 0). Similarly any transformation that uses
(—2,—5) as its first row is illegal due to the distance vec{®r0)
since((—2, —5) - (2,0)T = —4is < 0). The maximum window
size is50. Li and Pingali's technique will not find any partial trans-

formation that can be completed to a legal transformation. Where'€-
as, by applying techniques presented in the following sections, we

can apply the legal transformatidmi;

r=(11)

Applying T' reduces the maximum window size 26. A combi-

nation of reversal and interchange does not change the maximum

window size from50.

4.1 Effect of Transformations on Locality

Consider a nested loop withuniformly generated references to an
array X of the form: Ai¢ + X2j + ¢, (kK = 1,...,r) as shown

dences in a nested loop are distance vectors. Given any two uni-
formly generated references: + A2j +c1 andAii+ A2j + c2, to

test for a dependence from iterati@n, i») to iteration(j1, j=), we
check for integer solutions within the loop range to the equation:

At + A2i2 +¢c1 = Aij1 + A2ge + e

A(J1 — 1) + A2(f2 — i2) =1 — ca.

We can writex; = j1 —i1 andzs = j» —is Where(z1, z2) is a dis-
tance vector. Since, A2, c1, c2 are constants, every solution gives

a distance vector. The smallest lexicographically positive solution
is the dependence vector of interest. In order for the transformation
T to render the loop nest tileable, the following conditions must
hold:

ad;1 +bdi2 >0

cdii+ddi2 >0

We illustrate the use of technique through Example 2. Consider the
loop nest:

fori =1to25do
for j =1to10do

i=1,,m

i=1,---,m



X[2i + 55 + 1] = X[2i + 55 + 5]

The distance vectors for this loop arg, —2), (2,0), (5, —2). | 2°°d,et | de:;;(l; | ggs(gg‘z;) | ﬁ‘ggfy) |
The prz)blem here is to find a unimodular transformatianT” = 3:§Z;:t 1024 | 68(933%) | 35(06.5%)

a o i i - sor 1,024 | 65(93.6%) | 35(96.5%)
( e d ) such that the loop is tileable (which allows bringing e 768 273 (64.49%) | 273 (64.4%)
chunks of data which can fully operated upon before discarding), f3i;ep—1°sh gvggj gé% g?ggﬁ; 16%2(59974-195/;)
H H H . ull_searc ) . 0, . 0,
i.e.,represented by the following constraints: ey 5152 | 2,040 (60.4%)| 127 (97.5%)

e 3a—2b>0,2a>0,5a—2b>0,3c—2d>0,2c >0, [ Average Reduction: | [ 819% [ 923% ]

5¢—2d > 0.
and the maximum window size (MWS) Figure 2: Default and estimated memory requirements.
2041 —2b| ifa—b>25a—1
MWS = (9b|+)|5a b| ifa b > 25a — 10b c o 10,
(|2]+1) 150 —2b] ifa—b<25a—10b xample 10:

fori =1to010do
is minimized. Given the set of inequalities that should be satisfied, for j = 1 to 20 do
3 o7 fork =1to30do
3a—2b20:>b§§:>9b§7a. o ABi+ K+ K]
g (1) i ) The reuse vector iel, 3, —3);
the maximum window size isMWS = 1(30 — 3)(20 — 3) +
9 18b 3(30 —3) = 540. As we can see from the above example, the max-
MWS = (E + 1) (5a —2b) = 45 + (5a — 2) — — imum window size can be reduced if the dependences are carried by
inner levels. So, legal transformations which make the inner loop
needs to be minimized subject to inequalitiesi{2.10). We use carry dependences can be applied to reduce the window size and
either a branch and bound technique (or general nonlinear programthus increase locality. In other words, if the data reference matrix
ming techniques) to minimize this function; the number of variables is used as part of the transformation matrix, only the inner most
is linear in the number of nested loops which is usually very small level can be made to carry the dependence. Thus, the maximum
in practice(< 4) resulting in small solution times. Alternately, if ~window size reduces to one if a transformation maffixwith the
we minimize5a — 2b subject to constraint?(5-2.10), we get very  first two rows the same as the data reference matrix is used, i.e.,
good solutions in practice. In the example loop nest 2,b = 3 is ( 3 01
T =

. o7 . - The access matrix ié
Since,9b < =3%, the second condition applieiss., 9% < 24a. So,

an optimal solution, giving an minimum MWS estimate@afwhich 011
is very close to the actual minimum MWS which2s. In general, 1 0 0
the system of inequalities arising legal tiling requirement are com-  Our algorithm attempts to find a transformation that increases
bined with eithem — b < aN; — bN> or witha — b > alN; — b, the level of as many reuse vectors as possible. In the case of Exam-
to form two groups of inequalities; if both the groups have valid ple 10, the reuse vector initially {4, 3, —3), whose level id since
solutions, we find the best of these. If only one group has valid so-the first non-zero occurs in positidn After the use of transforma-
lutions, the problem is a lot easier. For the solutios 2,6 = 3, tionT', the reuse vector becomgs 0, 1) whose level iS. We omit
the set of values for andd which give rise to unimoduldf” while the details of the algorithm for lack of space.
satisfying tiling legality condition i = 1,d = 1.

5 Experimental Results
4.3 Maximum Window Size for 3-Nested Loops

In order to evaluate the proposed estimation and optimization tech-

The window size in 3-nested loops cannot be just derived using the,iq e we tested it using seven codes from image and video process-
coefficients of the access functions. They are estimated using th g domains:2_point and3_point are two-point and three-point

S’]easinden'(l:'ﬁ&veirﬁ(ljn vc\)/tiher ‘f’V?]rdtls t:e fr;‘rj]" ip{ﬁce vect?/r otf trhen?jc&essctencil codes, respectivelyor is a successive-over-relaxation code;
atrices. The oW IS a function of the null space vector ana the, ., ., ¢ s a matrix-multiply kernel; two different motion estima-

loop limits. The window size is estimated using the largest lexico- codes3step_log andfull_search; and finally,rasta_f1t
graphic dependence vector since it spans the maximum region ing a filtering routine from MediaBench [13]

the iteration space. Consider the following loop: Figure 2 presents our results in columns 2 through 4. The col-

fori = 1to N, do umndefault gives the normal memory size which is the total num-
for j = 1to N, do ber of array elements declareliiS,,,,op: andMWS,p¢, On the other
fork = 1 to Ns do hand, give the maximum window sizes (MWS) before and after op-
- A[ ] timizing the code, respectively. In columns 3 and 4, following each
cey o

number, within parentheses, we also give pleecentage reduction
Let (d1,d>, d3) be the null space vector of the data reference matrix with respect to the corresponding value in the second column. We
of A. The Maximum Window Size (MWS) is given by see from these results that estimating the memory consumption (re-
quirements) of the original (unoptimized) codes indicates a 81.9%
saving, and that for the optimized codes brings about an average
saving of 92.3%. Note that these savings directly correspond to
reduction in the required data memory sizes. We also need to men-
Note from the above result the maximum window size can be re-tion that except forasta_f1t, our estimations were exact. In the
duced ifdz = 0 and further reduced if; is made zero. In other rasta f1t code, our estimation is around 13% higher than the ac-
words, we get the best locality if we can find transformation such tual memory requirement for both the original and the optimized
that the dependences are carried by the inner levels. code.

{ di(No — |d2]) (N3 — |ds|) + 1 ifds <0
>0

d2
di(N> — |da|)(Ns — |ds|) + |d2|(Ns — |ds|) + 1 if d»
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