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Abstract

Recently, several experimental studies have been conducted
on block data layout as a data transformation technique
used in conjunction with tiling to improve cache perfor-
mance. In this paper, we provide a theoretical analysis for
the TLB and cache performance of block data layout. For
standard matrix access patterns, we derive an asymptotic
lower bound on the number of TLB misses for any data lay-
out and show that block data layout achieves this bound.
We show that block data layout improves TLB misses by a
factor of O(B) compared with conventional data layouts,
where B isthe block size of block data layout. This reduc-
tion contributes to the improvement in memory hierarchy
performance. Using our TLB and cache analysis, we also
discuss the impact of block size on the overall memory hi-
erarchy performance. These results are validated through
simulations and experiments on state-of-the-art platforms.

1. Introduction

The increasing gap between memory latency and proces-
sor speed is a critical bottleneck in achieving high perfor-
mance. The gap is typically bridged through a multi-level
memory hierarchy that can hide memory latency. The per-
formance of this memory hierarchy system is severely im-
pacted by the locality of datareferences. To improve mem-
ory hierarchy performance, compiler optimization tech-
niques (e.g. loop permutation, fusion, and tiling) [13, 14,
21] have received considerable attention, which improve
the locality of the data reference. These techniques, called
control transformations, change the loop iteration order,
thereby changing the data access pattern[4, 8, 19, 25]. Most
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previous optimizationsconcentrate on single-level cache[8,
11, 15, 19, 23]. Multi-level caches in memory hierarchy
were considered by a few researchers [20, 25]. However,
most of these approaches target mainly the cache perfor-
mance, paying less attention to the Translation Look-aside
Buffer (TLB) performance. As the problem sizes become
larger, the overall performance can drastically degrade be-
cause of TLB thrashing [22]. Hence, both TLB and cache
must be considered in optimizing application performance.
In [12], cache and TLB performance were considered in
concert. In thisanalysis, TLB and cache were assumed to
befully-set associative. However, cache isdirect mapped or
small set-associative in most of state-of-the-art platforms.

Some recent work [11, 17, 18, 23] proposed data trans-
formationsthat change the data layout in memory to match
the dataaccess pattern. Itwas proposedin[10] that both data
and loop transformation can be applied to loop nestsfor op-
timizing cache locality. In[5, 6], amatrix is partitioned into
small blocks of data. Data elements within one block are
mapped onto contiguous memory. These blocks were laid
out in memory by different space-filling curves. These data
layouts have shown performance improvement over canon-
ical row or column major layouts. Block data layout is one
such layout where blocks are arranged in row-major order.
ATLAS [2, 24] uses block data layout with tiling to exploit
temporal and spatia locality. The combination of block data
layout and tiling has shown high performance on various
platforms. However, these results were confirmed through
experiments; we are not aware of any formal anaysis that
addresses TLB performance..

In this paper, we study the impact of block data layout’,
with and without tiling, on the performance of both TLB
and caches. First, weanayzetheintrinsic TLB performance
of block data layout. The TLB and cache performance for
block data layout with tiling are analyzed. The block data

1 To avoid confusion, in this paper, ‘block’ is used in the context of a
data transformation technique, e.g. block datalayout. ‘tiling’ is used to
represent a control transform technique.



layout with tiling shows better TLB performance compared
with other state-of-the-art techniques like copying [11, 23]
and padding [15, 19]. Simulationsand experimentsare con-
ducted to verify thisanalysis.

Similar to the importance of tile size selection for tiling,
appropriate block size selection for block datalayout is crit-
ical to achieve high performance. In ATLAS, the selec-
tion of the optimal block sizeis done empirically at compile
time by running several experiments with different block
sizes[24]. The selection criteriadoes not have any support-
ing formal analysis. In [5, 6], it is observed that the block
size should not be too small nor too large. However, no an-
alytical bounds for block size were presented. In this pa
per, we propose an analytical bound for optimal block size
inblock datalayout, onthe basis of our TLB and cache anal-
ysis.

The contributions of this paper are as follows:

o We present a lower bound analysis for TLB perfor-
mance. Further, we show that block data layout in-
trinsically has better TLB performance than canonical
layouts (Section 2). Compared with row major layout,
the number of TLB misses for block datalayout isim-
proved by O(+/P,) where P, isthe page size.

¢ We analyze the TLB and cache performance of tiling
with block data (Section 3.1 and 3.2). In tiled matrix
multiplication, block datalayout improves the number
of TLB misses by afactor of B, where B is the block
size.

e Onthebasisof our cacheand TLB analysis, we propose
ablock size selection algorithm that providesatight an-
alytical bound for block size (Section 3.3). The best
block sizesfound by ATLAS fall in the range given by
our algorithm.

o We validate our analysis through simulations and ex-
periments on real platforms using matrix multiply, LU
decomposition and Cholesky factorization (Section 4).

The rest of this paper is organized as follows. Section 2
describes block data layout and gives analysis of its TLB
performance. Section 3 discusses the TLB and cache per-
formance when tiling and block data layout are used in con-
cert. A block size selection algorithm is described based on
thisanalysis. Section 4 shows simulation based as well as
experimental results. Concluding remarks are presented in
Section 5.

2. Block Data Layout and TL B Performance

In Section 2, we analyze the TLB performance of block
datalayout. We show that block datalayout has better intrin-
sic TLB performance than conventional datalayouts. With-
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(a) Row-major layout (b) Block datalayout
Figure 1. Various data layouts: block size 2 x 2 for

(b)

out loss of generality, the canonical layout is assumed to be
row major.

The following notations are used in this paper. P, de-
notesvirtual page size. Sy, denotesthe TLB entry capacity.
Ingeneral, Sy, < P,. Block sizeis B x B, whereitisas
sumed B? = kP,. Cacheisassumed to be direct-mapped.
S.; isthesize of thes'” level cache. Itslinesizeisdenoted as
L;. Weassume that TLB isfully set-associative and L east-
Recently-Used(L RU) replacement policy is used.

2.1. Block Data L ayout

To support multi-dimensional array representations in
current programming languages, the default data layout
is row-major or column-major, denoted as canonical lay-
outs [7]. Both row-major and column-major layouts have
similar drawbacks. For example, consider a large matrix
stored in row-major layout. Due to large stride, column ac-
cesses can cause cache conflicts. Further, if every row ina
matrix islarger than the size of a page, column accesses can
cause TLB trashing, resulting in drastic performance degra-
dation. Inblock datalayout, alarge matrix is partitionedinto
sub-matrices. Each sub-matrixisa B x B matrix and al el-
ementsin the sub-matrix are mapped onto contiguousmem-
ory locations. The blocks are arranged in row-major order.
Figure 1 shows block data layout with block size 2 x 2.

2.2. TL B Performance of Block Data L ayout

In this subsection, we present alower bound onthe TLB
missesfor any datalayout. We discusstheintrinsic TLB per-
formance of block data layout. We present an analysis on
the TLB performance of block datalayout and show that its
performanceisimproved when compared with conventional
layouts. Throughout thispaper, we consideran N x N array.
Alsoitisassumed that NV islarge enoughthat N > P, >
Stip.



2.21 A Lower Boundon TLB Misses

In general, most matrix operations consist of row and col-
umn accesses, or permutations of row and column accesses,
which are called generic access pattern? in this paper. In
this section, we consider an access pattern where an array
is accessed first along all rows and then along all columns.
The lower bound analysis of TLB missesincurred in access-
ingthe dataarray along al therows and then all the columns
isasfollows.

Theorem 2.1 For accessing an array along all the rows
and then along all the columns, the asymptotic 3 minimum
number of TLB missesis given by QNTPQ.

Proof: Consider an arbitrary mapping of array elements to
pages. Let A, = {| at least one element of row ¢ isin page
k }.Similarly, let B, = {j| at least one element of column j
isinpagek }.Let a, = |Ax| and by, = | By|. Notethat aj, x
b, > P,.Usingthe mathematical identity that thearithmetic
mean is greater than or equal to the geometric mean ( a; +

b > 2\/a, x by, > 2+/P, ), we have:

N2

Py N2
Z(ak + bk) > 2?\/Pv.
k=1 v

Let «; (y;) denote the number of pages where elements in
row ¢ (column j5) are scattered. The number of TLB misses
in accessing all rows consecutively and then all columns
consecutively isgiven by 7,55 > Ef\;l(xi —O(Sup)) +
Se1 (Wi — O(Sub))- O(Sus) is the number of page en-
triesrequired for accessing row i (column 5) that are already
present inthe TLB. Page k isgccessed a, times by row ac-

N 2 N
cesses, thus, ) °,_, @i = 3,2 ax. Similarly, 570 y; =
N2
> iz, bs. Therefore, the total number of TLB misses is
given by

2

N2

Py
Trniss > l;(ak +0,)—2N-O(Sup) > 2% \]/V]TU
D
Asthe problem size (V) increases, the number of pages ac-
cessed along arow (column) becomes larger than the size of
TLB (Sis). Thus the number of TLB entriesthat are reused
isreduced between two consecutive row (column) accesses.

Therefore the asymptotic minimum number of TLB misses
isgiven by 2 NTPQ. ®

?Inthe rest of this paper, we refer to the access pattern of al rows and
all columns as generic access pattern

3 Thisasymptotic[9] boundholdstruewhen N islarge. Also, theimpact
of Sy, becomesnegligible when N is large and hence does not appear in
the bound.

—2N-O(Sup).

We obtained a lower bound on TLB misses for any lay-
out when data are accessed along all rows and then along all
columns. Thislower bound of TLB misses aso holdswhen
data is accessed along an arbitrary permutation of all rows
and columns.

Corollary 2.1 For accessing an array along an arbitrary
permutation of row and column accesses, the asymptotic
minimum number of TLB missesis given by QNTPQ.

2.2.2 TLB Performance

In this section, we consider the same access pattern as dis-
cussed inSection2.2.1. Consideragiven N x N array stored
in acanonical layout. During the first pass (row accesses),
the memory pages are accessed consecutively. Therefore,
TLB misses caused by row accesses is equa to JIX—j. Dur-
ing the second pass (column accesses), elements along the
column are assigned to V different pages. Hence, a column
access causes N TLB misses, since N > S;. All NV col-
umn accesses resultin N2 TLB misses. Thetotal number of
TLB misses caused by al row accesses and al column ac-
cesses isthusJIX—2 + N2, Therefore, incanonical layout, TLB
misses drasticalvly increase due to column accesses.
Compared with canonical layout, block data layout has
better TLB performance. The following theorem showsthat
block data layout minimizes the number of TLB misses.

Theorem 2.2 For accessing an array along all the rows
and then along all the columns, block data layout with block
size /P, x /P, minimizesthe number of TLB misses.

Detailed proof for thistheorem can befoundin[16]. In gen-
era, thenumber of TLB missesfora B x B block datalayout
iskZ 4 N7 |tisreduced by afactor of fvv(:}r)g ~ 25)
when compared with canonical layout. When B = /P,
(k = 1), thisnumber approaches the lower bound shown in
Theorem 2.1.

Thistheorem holdstrue even when datainblock datalay-
out is accessed along an arbitrary permutation of all rows
and columns.

Corollary 2.2 For accessing an array along an arbitrary
permutation of rows and columns, block data layout with
block size+/ P, x /P, minimizesthe number of TLB misses.

Even though block data layout has better TLB perfor-
mance compared with canonical layouts for generic access
patterns, it alone does not reduce cache misses. The dataac-
cess pattern of tiling matches well with block datalayout. In
the following section, we discuss the performance improve-
ment of TLB and caches when block data layout is used in
conjunction with tiling.



for kk=0 to N by B
for jj=0 to N by B
for i=0 to N
for k=kk to min (kk+B-1,N)
r = X(1i,k)
for j=jj to min(jj+B-1,N)
Z(1i,3) += r*Y(k,Jj)

(a) 5-loop tiled matrix multiplication

for jj=0 to N by B
for kk=0 to N by B
for ii=0 to N by B
for i=ii to min(ii+B-1,N)
for k=kk to min (kk+B-1,N)
r = X(1i,k)
for j=jj to min(jj+B-1,N)
Z(i,3) += r*v(k,J)

(b) 6-loop tiled matrix multiplication

Figure 2. Tiled matrix multiplication

3. Performance Analysis of Block Data L ayout
with Tiling

Tiling is a well-known optimization technique that im-
proves cache performance. Tiling transforms the loop nest
so that temporal locality can be better exploited for a given
cache size. Consider an N x N matrix multiplication rep-
resented as Z = XY . For large problems, its performance
can suffer from severe cache and TLB thrashing. To reduce
cache and TL B misses, tiling transformsthe matrix multipli-
cation to a 5-loop nest tiled matrix multiplication(TMM) as
shown in Figure 2(a). To efficiently utilize block data lay-
out, we consider a 6-loop TMM as shown in Figure 2(b).

3.1. TLB Performance

In this section, we show the TLB performance improve-
ment of block data layout with tiling. To illustrate the effect
of block data layout on tiling, we consider a generic access
pattern abstracted from tiled matrix operations. The access
pattern is shown in Figure 3, where the whole matrix is ac-
cessed first along the rows then along the columns, in atiled
pattern. Thetilesizeisequa to B.

With canonical layout, TLB misses will not occur when
accessing consecutive tiles in the same row, if B < Syp.
Hence, thetiled accesses along the rows generate JIX—j TLB
misses. However, tiled accesses along columns cause con-
siderable TLB misses. B page table entries are necessary
for accessing each tile. For all tiled column acc&ses theto-
tal number of TLB missesis 7., = B x & x & = Ng
Itisreduced by afactor of B compared with the number of
TLB misses for al column accesses without tiling (see Sec-
tion 2.2).
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(a) Tiled row access (b) Tiled column access

Figure 3. Tiled accesses
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Figure 4. Blocks extending over page boundaries

The total number of TLB misses are further reduced
when block datalayout is used in concert with tiling *. This
isformally stated in Theorem 3.1. To analyze TLB misses
for tiled accesses using block data layout, we need to know
the number of pages that a block of data is mapped onto.
Thisis stated in Lemma 3.1.

Lemma3.1 Consider an array stored in block data layout
withblock size B x B, where B? = kP,. The average num-
ber of pages that one block of datais mapped ontois & + 1.

Proof: For block size kP, assume that £ = n + f, where
n isanon-negativeinteger and 0 < f < 1. Anillustrative
exampl e of ablock extending over page boundariesisshown
in Figure 4. The probability that a block extends over n +
1 contiguous pagesis 1 — f. The probability that a block
extends over n + 2 contiguous pages is f. Therefore, the
average number of pages per block in block data layout is
givenby: (1 -f) x(n+1)+fx(n+2)=k+1. ©

Theorem 3.1 Assumethatan N x N array isstored using
block data layout. For tiled access along the rows and then
the columns, the total number of TLB missesis (2 + +) &~

Proof: Blocks in block data layout are arranged in row-
major order. So, a page overlaps between two consecutive
blocksthat areinthe same row. The pageiscontinuously ac-
cessed. The number of TLB misses caused by al tiled row
accesses isthus JIX—2, which isthe minimum number of TLB
misses. However, no page overlaps between two consecu-
tiveblocksin the same column. Therefore, each block along

4Throughout this paper, the block size of block datalayout is assumed
to be the same as the tile size so that the tiled access pattern matches the
block datalayout.



the same column goes through (k + 1) different pages ac-
cording to Lemma 3.1. The number of TLB misses caused
by all tiled column accesses isthus To,; = (k + 1) x & x

= (k + 1) Therefore, the total TLB misses catised

2

by all row and al column accesses isTr:ss = (2 + )

®

For tiled acceas the number of TLB misses using canonical
layoutis P— + =, where B = +/kP,. Using Theorem 3.1,
compared with canonlcal layout, block data layout reduces
the number of TLB misses by @jf’“ = D k|

A similar analytical result can be derived for real appli-
cations. Consider the 5-loop TMM with canonical layoutin
Figure2 (a). Array Y isaccessed in atiled row pattern. On
the other hand, arrays X and Z are accessed in a tiled col-
umn pattern. A tile of each array is used in the inner loops
(i, k, 7). The number of TLB misses for each array is equal
to the average number of pages per tile, multiplied by the
number of tilesaccessed inthe outer loops (k%, jj). Theav-
erage number of pages per tileis B + IBD—:. Therefore, theto-
tal number of TLB missesisgivenby: 2N?(gz + 5-) +
N*(5 + 77)-

Cons der the 6-loop TMM on block datalayout as shown
in Figure2 (b). A B x B tile of each array is accessed in
the inner loops (i, &, ) with block layout. The number of
TLB missesfor each array isequal to the average number of
pages per block multiplied by the number of blocksaccessed
inthe outer loops (¢, k&, jj). According to Lemma 3.1, the
average number of pages per block is IBD—j + 1(= k+1).
Therefore, the total number of TLB misses (7'M) is

1 1 1 1
_ 3 2
TM =2N (BP BS)—i—N <_PU+_32)' 2
Compared with the 5-loop TMM with canonica layout,

TLB misses decrease by afactor of O(B) using the 6-loop
TMM with block data layout.

3.2. Cache Performance

For a given cache size, tiling transforms the loop nest so
that the temporal locality can be better exploited. Thisre-
duces capacity misses. However, since most of the state-
of-the-art architectures have direct-mapped or small set-
associative caches, tiling can suffer from considerable con-
flict missesas showninFigure5(a). Thisdegradestheover-
all performance.

We can reorganize a canonical layout to a block layout
for tiled computations. Then asshownin Figure5 (b), aself
interference missdoes not occur since al elementsinablock
can be mapped into contiguous locations in cache without
any conflict.

In general, cache miss analysis for direct mapped cache
with canonical layout is complicated because the self in-

|
CACHE \ l CACHE

\ NN ] v/ 77 N I ]
(a) Canonical layout (b) Block datalayout

Figure 5. Example of conflict misses

terference misses cannot be quantified easily. Cache per-
formance analysis of tiled algorithm was discussed in [11].
The cache performance of tiling with copying optimization
was also presented. We observe that the behavior of cache
misses for tiled access patterns on block layout is similar to
that of tiling with copying optimization on canonical layout.

Also, self-interference misses can be easily quantified when
block data layout is used. According to these, we have de-
rived the total number of cache missesfor 6-loop TMM with
block data layout. Detailed proof can be foundin [16]. For
it" level cachewithlinesize L.; and cache size S.;, thetotal

number of cache misses (C'M;) is:

JLVS{ (2+ (3Lc,+lzL )) +L 4B+C61Lm}
for B < /S

N® | 4B 250, 6L

o) BB RS2 g+ e
for\/ o < B <25
3 L. B+2L.

L1 24 (14 L) (B2}

for/2S.; < B

(©)
3.3. Block Size Selection

To achieve high performance, itissignificant to select the
block size of block data layout. In this section, we describe
an approach for selecting the block size. In a multi-level
memory hierarchy system, itisdifficult to predict the execu-
tiontime (7%,.) of aprogram. But, 7., is proportiona to
the total miss cost of TLB and cache. In order to minimize
Teve, wewill evaluate and minimize the total miss cost for
both TLB and I-level caches. We have:

!
TM - My +ZCMiHi+1 (4)

i=1

MC =

where M C' denotes the total miss cost, C'M; is the number
of missesinthe:'” level cache, 7'M isthe number of TLB
misses, [1; isthe cost of ahitinthe:*” level cache, and M;;,
isthe cost of a TLB miss. The ({ + 1)'* level cache isthe
main memory. Itisassumed that all data reside in the main
memory (C'M;41 = 0).

For a simple 2-level memory hierarchy that consists of
only one level cache and TLB, the total miss cost (denoted
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Figure 6. Miss cost estimation for 6-loop TMM (UlI-
traSparc Il parameters)

as M Ci.1) in EQ. (4) reduces to:
MCter =TM - Myp + CM - Ha, ®)

where H, isthe access cost of main memory. In the above
estimation, M,;, and C'M are substituted with Eq.(2) and
Eq.(3), respectively. Using thederivative of M C;.1, theop-
timal block size, B;.1, which minimizes the total miss cost
caused by L1 cache and TLB missesisgiven as

(gt 4 [2+ 2t ) .

B &
tel 1,

(6)

We now extend thisanalysisto determine arange for op-
timal block size in amulti-level memory hierarchy that con-
sistsof TLB andtwolevelsof cache. The misscostisclassi-
fied into two groups: misscost caused by TLB and L1 cache
misses and miss cost caused by L2 misses. Figures 6 (a)
and (b) show the miss cost estimated through Egs.(2) and
(3). Figure 6(a) represents the individual cost of TLB, L1,
and L2 miss, using UltraSparc Il parameters. Figure 6(b)
shows the change of estimated total miss costs based on dif-
ferent ratios of L1 cache miss penalty (H-) and L2 cache
miss penalty (H3). Using Eq.(6), we discuss the total miss
cost for 3 ranges of block size:

Lemma3.2 For B < Bie1, MC(B) > MC(Btc1).

Proof:  According to the derivatives, ¢t < 0 and
deM: < O for B < Bier, TLB, L1, and L2 miss costs in-
crease as block size decreases. Thisisshownin Figure6(a),
thereby increasing the total miss cost. Therefore, the opti-
mal block size cannot beintherange B < Bi.1. ®

Lemma3.3 For B > /Sc1, MC(B) > MC(/Se1).

Proof: Intherange B > +/S.1, the change in TLB miss
cost is negligible as the block size increases. Since block

sizeislarger than L1 cache size, self-interferences occur in
thisrange. The number of L1 cache misses drastically in-
creases as shown in Figure 6(a). For+/S.; < B < v/25.1,
althoughthe number of L 2 cache misses decreases (<22 <
0), theratio of derivativesof Eq.( 3) for L1 and L2 missesis

as follows:

N3 4 45¢cl 2
Hz% Hy Tor {Scl B 32} o1
HB% T Hg | N2 [ a 2+ 3Le2+2L2,\ 1 ’
Lea | Sez Sca B2

Therefore, the total miss cost increases for /S,1 < B <
\/25.1. For B > /25,1, thereis no reuse in L1 cache.
Thus, the L1 cache miss cost saturates. As shown in Fig-
ure 6(b), TM (B) > TM(\/Se1) for B > /25.1, because
L1 misscost isdominantly larger than L2 misscostand TLB
misscost for B > 1/25.;. Therefore, the optimal block size
cannot beintherange B > /S.;1. o)
Detailed proof of Lemma 3.3 can be found in [16].

Theorem 3.2 The optimal block size B,,; satisfies B;.1 <
Bopt < \Y4 Scl-

Proof: This followsfrom Lemma 3.2 and 3.3. Therefore,
an optimal block size that minimizes the total miss cost is
located in Bic1 < Bopi < v/Se1. Weselect ablock size that
isamultipleof L.; (L1cachelinesize) inthisrange. ©

4 Experimental Results

To verify our TLB performance analysis, simulationsfor
the generic access pattern (accessing along al rows and
then al columns) were performed. Furthermore, three ap-
plications (matrix multiplication, LU decomposition, and
Cholesky factorization) are tested through simulations and
executions on real platformsto confirm our analysis.

4.1 Simulationsof generic access pattern

To verify our TLB performance analysis, simulations
were performed using the SimpleScalar simulator [3]. It is
assumed that the page sizeis8 K Byte and thedata TLB is
fully set-associative with 64 entries (similar tothedata TLB
inUltraSparc 2.) Double precision data points are assumed.
A 32 x 32 block size is considered for block data layout.

Table 1 compares the TLB misses of block data layout
with canonical layout when the matrix is accessed with a
generic access pattern. Table 1 (a) shows the TLB misses
for accesses along all rows and then al columns. For small
problem sizes, TLB misses with block data layout are con-
siderably less than those with canonical layout. For prob-
lem size 1024 x 1024, TLB entries used in a column(row)
access are aimost fully reused in the next column(row) ac-
cess, thereby O(Sys) in Eq.(1) becoming relatively large.



Table 1. Comparison of TLB misses

| Layout [ 1024 2048  40% |
Block Layout 2081 | 81794 | 1196033
Canonical Layout || 1049601 | 4198401 | 16793601

(a) Along all rows and then all columns

| Layout [ 1024 | 2048 | 409 |
Block Layout 64140 273482 1080986

Canonical Layout || 1053606 | 4208690 | 16822675
(b) Arbitrary permutation of row and column accesses

| Cayoit || 1024 | 2048 | 4096 |
Block Layout 64501 | 274473 | 1080465
Canonical Layout || 1053713 | 4208681 | 16822395

(c) Arbitrary permutation of all rowsfollowed by arbitrary
permutation of all columns accesses

The number of TL B misses using block datalayoutis504.37
times less than that using canonical layout. It is aso less
than the lower bound obtained from Theorem 2.1. For
larger problem sizes, O(Sy) in Eq.(1) becomes negligi-
ble, since the TLB entries cannot be reused. Hence the
total number of TLB misses approaches the lower bound.
As shown in Table 1 (a), TLB misses with block data lay-
out are upto 16 times less compared with canonical layout.
Table 1 (b) and (c) confirm Corollary 2.1 and 2.2. With
these access patterns, TLB entries referenced during one
row(column) access are not reused when accessing the next
row(column). The number of TLB misses with block data
layout approaches the lower bound on TLB misses.

Table 2 showssimulationresultsfor tiled row and column
accesses. Block size is set to be the same as the tile size.
As shown in Table 2, the number of TLB misses conform
our analysisfrom Theorem 3.1. The number of TLB misses
with block data layout is 91% less than that with canonical
layout.

4.2 Experimental resultsfor variousapplications

To show the effect of block data layout, we performed
simulations and experiments on the following applications:
tiled matrix multiplication(TMM), LU decomposition, and
Cholesky factorization(CF). The performance of tilingwith

Table 2. TLB misses for all tiled row accesses fol-
lowed by all tiled column accesses

| Layout | 1024 ] 2048 [ 4096 |
Block Layout 2081 | 12289 | 49153
Canonical Layout || 33794 | 139265 | 561025

block data layout (tiling+BDL) is compared with other op-
timization techniques: tiling with copying(tiling+copying),
and tiling with padding(tiling+padding). For tiling+BDL,
thetile size (in tiling) is chosen to be the same as the block
size in block data layout. Initial and final data layouts are
canonical layouts. All the costs in performing data layout
transformations (from canonical layout to block data layout
andviceversa) areincludedinthereported results. Asstated
in [11], we observed that the copying technique cannot be
applied efficiently to LU and CF applications, since copy-
ing overhead offsets the performance improvement. Hence
we do not consider tiling+copyingfor these applications. In
al our simulations and experiments, the data elements are
double-precision.

421 Simulation results

To show the performance of TLB and caches using
tiling+BDL, simulations were performed using the Sim-
pleScalar smulator [3]. The problem sizewas 1024 x 1024.
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Figure 8. Total miss cost for TMM using UltraSparc
Il parameters

Figures7 and 8 show the TMM simulationresults, based
on UltraSparc |l parameters. As shown in Figure 7(a),
Tiling+BDL reduced 91-96%of TLB misses. Thisconfirms
our analysis presented in Section 3.1. Figure 8 shows the
total miss cost (calculated from Eqg. (4)) for TMM. L1, L2,
and TLB miss penalties were assumed to be 6, 24, and 30
cycles, respectively. Figure 8(a) shows the comparison of
thetotal misscost of tiling+BDL withthat of tiling+copying
and tiling+padding. The comparison showsthat tiling+BDL
resultsin the smallest total miss cost. Specifically, the TLB
misscost of tiling+BDL is negligible compared withL1 and
L2 misscosts. Figure 8(b) shows the effect of block size on
thetotal miss cost for TMM usingtiling+BDL. Asdiscussed
inSection 3.3, Byep = 32.2,/Se; = 45.3,and L.y = 4 Us-
ing this architecture parameters. Theorem 3.2 suggests the
range for optimal block size to be 36-44. Simulation results
show that the optimal block size for thisarchitecture was 44.
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Asshown inFigure8(b), our proposed range ismuch tighter
than the search range of ATLAS.

Figure 9 and 10 present simulation resultsfor LU using
Intel Pentium Il1 parameters. Similar to TMM, the num-
ber of TLB misses for tiling+BDL was almost negligible
compared with that for tiling+padding as shown in Fig-
ure 9(a). For both techniques, L1 and L 2 cache misses were
reduced considerably because of 4-way set-associativity.
For tiling+padding, when the block size was larger than
L1 cache size, the padding algorithm in [15] suggested
a pad size of 0. There is essentially no padding effect,
thereby drastically increasing L1 and L2 cache misses. Fig-
ure 10 shows the block size effect on total miss cost using
tiling+paddingand tiling+BDL . Tiling+padding reduced L 1
and L2 cache miss costs considerably. However, TLB miss
costs were still significantly high, affecting the overall per-
formance. As discussed in Section 3.3, the suggested range
for optimal block size is 32—44. Simulations validate that
the optimal block size achieving the smallest miss cost lo-
cates in the range selected using our approach.

4.2.2 Application execution resultson real platforms

To verify our block size selection and the perfor-
mance improvements using block data layout, we
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Figure 10. Effect of block size on LU decomposi-
tion using Pentium Il parameters

performed experiments on several platforms. The pa
rameters are tabulated in Table 3. gcc compiler was
used in these experiments. The compiler optimization
flags were set to “-fomit-frame-pointer -03
-funroll-loops”. Execution time was the user pro-
cessor time measured by sys-call clock (). The problem
sizes ranged from 1000 x 1000 to 1600 x 1600.

The experimental results of TMM using tiling+BDL on
UltraSparc |1 is shownin Fig. 11. Fig. 11(a) shows the best
block size for TMM with respect to different problem sizes.
For each problem size, we performed experiments by test-



Table 3. Features of various experimental platforms

Platforms Speed L1 cache L2 cache TLB
(MHz) Size Line Ass. Size Line Ass. | Entry | page | Ass.
(KB) | (Byte) (KB) | (Byte) (K B)
Alpha21264 500 64 64 2 4096 64 1 128 8 128
UltraSparc |1 400 16 32 1 2048 64 1 64 8 64
UltraSparc 111 750 64 32 4 4096 64 4 512 8 2
Pentium [11 800 16 32 4 512 32 4 64 4 4
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Figure 12. Experimental results for TMM on Alpha
21264

ing block sizes ranging from 8-80. In all these tests, we
found that the optimal block size for each problem size was
in the range given by Theorem 3.2. Thisis shown in Fig-
ure 11(a). We aso tested ATLAS. Through a wide search
ranging from 16 to 44, ATLAS found 36 and 40 as the
optimal block sizes. These blocks lie in the range given
by Theorem 3.2. These experiments confirm that our ap-
proach proposes a reasonably good range for block size se-
lection. Figures 11(b) show the execution time comparison
of tiling+BDL with tiling+copyingand tiling+padding. Fig-
ure 12-14 show experimental results for 3 different appli-
cations on 3 different platforms. Tiling+BDL technique is
faster than using other optimization techniques, for almost
all problemsizes and on all the platforms. These resultscon-
firm our analysis. More experimental results are available
in[16].

20 40
Best Block Size Prohlem Size

(a) Block size selection (b) Performance comparison

Figure 14. Experimental results for Cholesky fac-
torization on Pentium IlI

5 Concluding Remarks

This paper studied a critical problem in understanding
the performance of algorithms on state-of-the-art machines
that employ multi-level memory hierarchy. We presented a
lower bound on the number of TLB misses for any datalay-
out and showed that block data layout achieves this bound.
The number of TLB misses using tiling and block data lay-
out were considerably reduced compared with copying or
padding techniques. We showed that block data layout with
tiling leads to improved overall memory hierarchy perfor-
mance compared with other techniques. Further, we pro-
posed a tight range for block size in ATLAS using our per-
formance analysis. Our analysiswas verified using ssimula-
tionsas well as actual execution results.

This work is part of the Algorithms for Data | ntensiVe



Applications on Intelligent and Smart MemORies (ADVI-
SOR) Project at USC [1]. In this project we focus on de-
veloping algorithmic design techniques for mapping appli-
cations to architectures. Through this we understand and
create a framework for application developers to exploit
features of advanced architectures to achieve high perfor-
mance.
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