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ABSTRACT

Feedback-directed optimization has become an incregsimglor-
tant tool in designing and building optimizing compilersedently,
reuse-distance analysis has shown much promise in preglitte
memory behavior of programs over a wide range of data sizes.
Reuse-distance analysis predicts program locality by réxes-
tally determining locality properties as a function of trealsize of
a program, allowing accurate locality analysis when thegmm'’s
data size changes.

Prior work has established the effectiveness of reuse rtista
analysis in predicting whole-program locality and missesat In
this paper, we show that reuse distance can also effectprely
dict locality and miss rates on a per instruction basis. Eatfan
predict locality by analyzing reuse distances for memomgrasises
alone, we relate those addresses to particular static nyeopera-
tions and predict the locality of each instruction.

Our experiments show that using reuse distance withoutecach
simulation to predict miss rates of instructions is supetidousing
cache simulations on a single representative data setdapreiss
rates on various data sizes. In addition, our analysis allogvto
identify the critical memory operations that are likely tawguce a
significant number of cache misses for a given data size. iNish
information, compilers can target cache optimization jmedly to
the instructions that can benefit from such optimizationstno
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With the widening gap between processor and memory speeds,
program performance has become increasingly dependentthpo
effective use of a machine’s memory hierarchy. To improwaliby
in programs, compilers have traditionally used eitheiictatalysis
of regular array references [8, 13] or profiling [1] to detémmthe
locality of memory operations. Static analysis has limiggxpli-
cability when index arrays are used in addressing and whtar-de
mining locality across multiple loop nests. Profiling canamere
locality for a larger set of references, but the results magjecific
to the profiled data set. This may lead to inaccurate analyisen
the input set is changed.

Recently, Ding, et al. [3, 14], have proposed techniquegde p
dict the reuse distance of memory references across alrarog
inputs using a few profiling runs. They use curve fitting todice
reuse distance (the number of distinct memory locationsssmxd
between two references to the same memory location) as a func
tion of a program’s data size. By quantifying reuse as a fonct
of data size, the information obtained via a few profiled rathew
the prediction of reuse to be quite accurate over varied siats.
Ding, et al., have used reuse-distance predictions to atayipre-
dict whole program miss rates [14].

In order to use reuse distance in program optimization,beis-
eficial to associate reuse distance prediction with theshatatruc-
tions that access those locations. By predicting the reistante
for individual instructions, we can identify those insttionis which
may be most amenable to cache optimization. In this papeexwe
tend the work of Ding, et al., to apply reuse-distance prtémticon
a per instruction basis. We examine the reuse distance afdatze
referenced by each memory operation and use that informédio
determine the reuse distance of the operation as a functitmeo
data size. We show experimentally that the reuse distansgat¢
instructions is highly predictable. Furthermore, bothitieand L2
miss rates for instructions can be predicted accuratelygusiuse-
distance-based analysis.

Reuse-distance analysis opens up new possibilities fopiem
and architectural optimization of memory operations. Tieainic
analysis information provides the compiler with additibivdor-
mation that is impossible to compute at compile time, alfaythe
compiler to have more knowledge concerning the effects of op
timization. Reuse-distance analysis may also be used iromic
architectural optimization via compiler hints to gain a egtobal
view of the expected behavioral patterns of a program.

The most obvious application of reuse distance is to prefetc
ing those memory operations that cause the most misses. Both
hardware and software prefetching may issue many unnegessa
prefetches. By predicting the miss rate of instructions, cae
identify those instructions that are likely to provide theshbenefit
via prefetching and eliminate misses through dynamic attfeek-



directed optimization. In addition, hardware could be tarted
to use reuse-distance information to schedule prefetcieanai-
cally for important instructions.

We begin the rest of this paper with a review of work related to
static and dynamic locality analysis. Next, we describeamalysis
techniques and algorithms for measuring instruction-baseise
distance. Then, we present our experiments examining the pr
dictability of instruction-based reuse distance and finisth our
intentions for application of this analysis.

2. RELATED WORK

The previous work most pertinent to this paper consists ef th
two recent papers by Ding, et al. [3, 14]. They present a tigcten
to predict reuse patterns of the whole program based on deoup
of training runs on small inputs [3]. A follow-up work useseth
predicted reuse distances to estimate the capacity miss oéta
fully associative cache [14]. We describe their techniguedetail
in Section 3.1. In contrast, our work focuses on the prealicof
reuse patterns and miss rates for each instruction. We expec
use this prediction to captuitical instructions which generate
dominant misses for a program.

Typically we can rely on cache simulation or an analyticatielo
to analyze program cache behavior. Cache simulation caplysup
accurate miss rates and even performance impact for a cache c
figuration. The simulation itself is costly, making it lestaptive to
system changes and impossible to apply during dynamic agimn
tion on the fly. Various techniques have been discussed t@ mak
cache simulation more effective. Mattson, et al., presestaek al-
gorithm to measure cache misses for different cache sizesén
run [6]. Sugumar and Abraham [12] use Belady’s algorithm to
characterize capacity and conflict misses. They presee tiech-
niques for fast simulation of optimal cache replacement. fing
using the reuse-distance pattern to predict cache missexter
inputs yields better accuracy than applying cache simardadin a
single test input.

A simple analytical model uses dependence and localityaisal
to detect data reuse and estimate cache misses [5, 10]. MgKin
et al., design such a model to group reuses and estimate castie
costs for loop transformations [8]. McKinley and Temam quan
tify loop nest locality related to self or group, spatial entporal

reuses [9]. Wolf and Lam use an approach based upon uniformly

generated sets to analyze locality. Their technique preslsimilar
results to that of McKinley, but does not require the storafym-
put dependences [13]. Beyls and D’Hollander detect reuterpa
through profiling and generate hints for the Itanium prooe$s].
It's unclear whether their profiling and experiments aretedame
input or not. However, our work can be directly applied to gete
their hints.

lack of run-time knowledge such as loop bounds. Both the fisode
of Ghosh and of Chatterjee sacrifice prediction efficienaytigh
accuracy.

3. REUSE-DISTANCE ANALYSIS

We begin this section with a description @fuse distancend
whole-program locality analysis. Reuse distance providesoun-
dation for our analysis. We then describe per instructiamsee
distance and miss-rate analysis in detail.

3.1 Reuse Distance

The reuse distancef a reference is defined as the number of
distinct memory references between itself and its reuséhispa-
per, we ignore the impact of spatial locality by treatingteaache
line (block) as a unit, resulting in the measurement of reursa
per cache line basisBackwardreuse distance is the gap between
a particular memory reference and its previous access. |8lgi
forward reuse distance quantifies the gap between a particular ref-
erence and the next access to the same location.

Previous work represents the whole program as a histogram de
scribing reuse distance distribution, where each bar stsf the
portion of memory references whose reuse distance falisthe
same range [3]. Ding, et al., investigate dividing the consiee
ranges linearly, logarithmically, or simply by making thember of
references in a range a fixed portion of total references. viauk
uses logarithmic division where we put reuse distances dev¥
and ¥*1 into the same range. These bounds on the ranges are re-
lated to increments in cache size.

Ding, et al., define théata sizeof an input as the largest reuse
distance. Given two histograms with different data sizksy tfind
the locality patterns of a third data size are predictabke selected
set of benchmarks. The pattern recognition step genefagesis-
togram for the third input. Typically, one can use this metho
predict locality patterns for a large data input of a progiaased
on training runs of a pair of small inputs.

Let d! be the distance of th&" bin in the first histogram and
di2 be that in the second histogram. Assuming thaénds, are
the data sizes of two training inputs, we can fit the reusedess
through two coefficients;; ande, and a functiorf; as follows.

dt=ci+exfi(s1)
d? =ci+e*fi(s)

When the functior; is fixed,c; andg can be calculated and the
equation can be applied to another data size to predict rdigse
tance distribution. Ding, et al., try several types of figtfiunctions,
such as linear or square root, and choose the best fit.

Both the dependence based and uniformly generated set baseéa-2 Reuse Distance Prediction

locality analysis provide a high-level view of data reusel data
locality, but may generate poor accuracy, especially dukeadack
of consideration of cache interference. For better cacterfar-
ence analysis, Ghosh, et al. [4], suggest a set of miss eqsdtr
precisely analyzing cache misses for individual loop neStseir
framework enables compiler algorithms to find optimal solus
for transformations like blocking, loop fusion, and padgi€ache
miss equations allow the compiler to reason about how differ
transformations work together. Chatterjee, et al. [2],uget set of
Presburger formulas to characterize and count cache mi€éexs-
terjee’s model is powerful enough to handle imperfectlytees
loops and various non-linear array layouts. Compared theac
simulation, these analytical models can capture hightlexese
patterns but may be hard to use for dynamic optimization due t

Although we know that the reuse distance distribution of the
whole program is predictable, it is unclear whether the eedlis-
tances of an instruction show the same predictability. oee,
the reuse pattern for each instruction can serve as beftamia-
tion for both static and dynamic optimizations. In this smttwe
discuss our methods to predict instruction-based reuserpat

To apply per instruction reuse distance and miss rate predic
on the fly, it is critical to represent the locality patterrfsti@in-
ing runs as simply as possible without sacrificing much taat
accuracy. For the training runs, we collect the reuse disgtarof
each instruction and store the number of instances for ehtiteo
power of 2 intervals. We also record the minimum, maximung an
mean distance within each interval. An intervahetiveif there ex-
ists an occurrence of reuse in the interval. Our results ttiGe 4



show that most instructions contain just one or two activerirals.
We note that at most 6 words of information are needed for most
instructions in order to track their reuse intervals.

The ad hocuse of power of 2 as bounds for intervals may split
the locality pattern of certain reuses across the intereahds. We
solve this problem through an additional scan of originéivals
and merge any pair of adjacent intervandi + 1 if

min;1 —max < max — miry.

This inequality is true if the difference between the maximdis-
tance in interval + 1 and the minimum distance in intenials no
greater than the length of intervial The merging process contin-
ues by testing whether the newly created interval should &eyed
with the next interval. We observe that this additional pafiects
the locality patterns of each instruction and notably invpsopre-
diction accuracy.

Following the prediction model discussed in Section 3.k th
reuse distance patterns of each instruction for a thirdticpn be
predicted through two training runs. For each instruction,pre-
dict its it interval by fitting theit™ interval in each of the training
runs. The fitting function is then used to solve the minimuraxm
imum, and mean distances of the current interval. Note that t
prediction is simple and fast, making it a good candidaterfoiu-
sion in adaptive compilation.

For reuse distance prediction, we compute both the predicti
coverage and the prediction accuracy. Prediction covenadje
cates the percentage of instructions whose reuse distastciuat
tion can be predicted. An instruction’s reuse distanceitigion
can be predicted if and only if it occurs in both of the tragpiins
and all of its reuse distance patterns are regular. A paitesaid to
be regular if the pattern occurs in both training runs and its reuse
distance does not decrease in the larger input size. laegalt-
terns rarely occur in our test programs. Prediction acquiadi-
cates the percentage of covered instructions whose restende
distribution is correctly predicted by our model.

An instruction’s reuse distance distribution is said to berectly
predicted if and only if all of its patterns are correctly gieted.
In the experiments, we cross-validate this prediction bygaring
the predicted locality intervals with the collected int&s/through
areal run. The prediction is said to berrectif both the predicted
and observed patterns fall in the sanfférerval or if the predicted
intervals and the observed intervals overlap by at least. 9BBen
two patternsA andB such thatB.min < A max< B.max we say
thatA andB overlap by at least 90% if

A.max— max(A.min, B.min)
max(B.max— B.min, A.-max— A.min) —

3.3 Miss Rate Prediction

This section describes miss rate prediction for each ingtm.
We first describe our general methodology for miss rate ptexdi
given a single cache. Then, we apply our model to multi-level
set-associative caches.

Given the size of a fully associative cache, we predict a €ach
miss for the next reference to a particular cache line ifarsvard
reuse distance is greater than the cache size. This modflesat
the compulsory and capacity misses, but neglects conflissesi
which have previously been shown to be relatively lessaaitin
some programs [7].

If the minimum distance of an interval is greater than theheac
size, all accesses in the interval are considered as mis§een
the cache size falls in the middle of an interval, we estinthée
miss rates based on relative position of the size in thevatein

our experiments, we used an effective cache size equal thalhe
of the actual cache size for all set-associative cache agafigns,
where the associativity is smalk(4). For the fully associative
configurations we used the actual size as the effective Sihe
prediction for L2 cache is identical to that for L1 cache wilie
predicted L1 cache hits filtered out.

In our analysis, an accurate miss-rate prediction for atrins
tion occurs if the predicted miss rate is within 5% of the attaiss
rate gleaned through cache simulation using the same infiut.
though the predicted miss rate does not include conflictesighe
actual miss rate does. The results reported in the nexosestiow
that in spite of not incorporating conflict misses in the fecédn,
our prediction of miss rates is highly accurate.

4. EXPERIMENT

In this section, we report the results of our experiment &l
ing the predictability of per instruction reuse distancee Wégin
with a discussion of our experimental methodology and thres,
discuss the predictability of instruction reuse distanbext, we
report the predictability of per instruction cache misserfdr six
different cache organizations. Finally, we show that oualgsis
can accurately predict the instructions that generate tbst iin2
misses.

4.1 Methodology

To compute reuse distance, we instrument the program biari
using Atom [11] to collect the data addresses for all memary i
structions. The Atom scripts incorporate Ding and Zhongisse-
distance collection tool [3, 14] into our analyzer to obtgnse dis-
tances. During profiling, our analysis records the cache-iased
forward reuse distance distribution for each individualhnagy in-
struction.

Our benchmark suite consists of 11 of the 14 programs from
SPEC CFP2000. Table 1 lists the programs that we used. The
remaining three benchmarks in SPEC CFP2000 are not included
because we could not get them to compile correctly on our @alph
cluster. We used version 5.5 of the Compaq compilers usiag th
-O3 optimization flag to compile the programs.

In the tables and figures reported throughout the rest oftts
tion, we report both static and dynamic weightings of thailtss
The static weighting considers each instruction weightéshii-
cally, irrespective of the number of times it is executed.e Ty-
namic weighting weights each static instruction by the neindf
times it executed. For instance, if a program contains twenme
ory instructions,A and B, and we correctly predict the result for
instructionA and incorrectly predict the result for instructi@ we
have a 50% static prediction accuracy. If, however, instondA is
executed 80 times and instructi@ns executed 20 times, we have
an 80% dynamic prediction accuracy.

For miss-rate prediction measurements, we implementedteeca
simulator and embedded it in our analysis routines to cobliee
number of L1 and L2 misses for each instruction. Table 2 shbe/s
cache configurations that we used in our experiments. Eatieof
cache configurations uses 64-byte lines and an LRU replateme
policy.

To compare the effectiveness of our miss-rate predicti@nin
plemented three miss-rate prediction schemes. The firgnseh
calledpredicted reuse distand®RD), uses the reuse-distance pre-
dicted by our analysis of the training runs to predict thesmige for
each instruction. We use the test and train input sets faraiing
runs. The second scheme, calkeference reuse distan¢®RD),
uses the actual reuse distance computed by running thegpnogm
the reference input data set to predict the miss rates. RR2+e



Static Weighting Dynamic Weighting
Benchmark | Patterns Input Set Data Size Coverage | Accuracy | Coverage | Accuracy
(cache blocks) (%) (%) (%) (%)
const(87.1%) | test*(1002 atoms) 7.2K
188.ammp linear(9.8%) | train(30002 atoms) 147.1K
others(3.9%) | ref(300002 atoms) 366.7 K 89.9 97.0 84.1 97.0
const(87.3%) | test(12x 12x 12) 18.8K
173.applu 1third(6.8%) | train(24x 24x 24) 175.1K
others(5.9%) | ref(60x 60x 60) 2.86 M 87.7 97.8 95.6 98.2
const(86.9%) | test*(128x 1x 32) 8.2K
301.apsi linear(8.7%) | train(128x 1 x 64) 15.1K
others(4.4%) | ref*(128x 1 x 256) 62.3 K 96.0 98.6 92.1 96.6
const(92.4%) | test(1 object) 37.4K
179.art linear(3.9%) | train*(10 objects) 57.4K
others(3.7%) | ref*(30 objects) 107.4 K 82.8 98.4 99.9 99.9
const(86.6%) | test*(512 nodes) 114K
183.equake | 1third(5.3%) | train(7294 nodes) 158.8 K
others(7.9%) | ref(30169 nodes) 782.6 K 96.5 99.2 97.4 99.2
const(81.7%) | test 782
189.lucas linear(16.7%) | train 47K
others(1.6%) | ref 23M 66.7 93.9 52.2 88.4
const(95.2%) | test*(200x 200) 5.2K
177.mesa linear(2.2%) | train*(400x 400) 149K
others(5.6%) | ref(800x 800) 443K 94.8 96.5 95.2 91.3
const(82.8%) | test*(32x 32x 32) 16.6 K
172.mgrid 1third(7.8%) | train(64x 64 x 64) 119.5K
others(9.6%) | ref(128x 128x 128) 907.4K 90.3 94.0 94.2 95.6
test 391.8K
200.sixtrack train 391.8K
ref 391.8K 99.9 99.7 99.7 99.9
const(71.2%) | test*(128x 128) 32.7K
171.swim sqrt(12.3%) train(512x 512) 476.4 K
others(16.5%)| ref(1334x 1334) 3.1M 86.3 95.1 93.7 99.8
const(96.0%) | test*(16x 5x5x 5) 45.1 K
168.wupwise| 1third(2.7%) | train*(16x 10x 10x 10) | 360.1 K
others(1.3%) | ref(16x 20x 20x 20) 29M 98.2 99.5 99.9 98.0
average 89.9 97.2 91.3 96.7

* — data size adjusted from SPEC distribution

Table 1: Forward reuse distance distribution prediction coverage and accuracy for CFP2000 benchmarks

config. no. L1 L2
1 fully assoc.
2 32K, 2-way | 1M 4—way
3 2—way
4 fully assoc.
5 16K, 2—way | 512K 4—way
6 2—way

Table 2: Cache configurations

execution frequency.

4.2.1 Reuse-distance Prediction Accuracy and Cov-
erage
Table 1 lists the coverage and accuracy of reuse-distamcicpr
tion on a per instruction basis. The statically weightedetage is
89.9% while the dynamically weighted coverage is 91.3% \@m-a
age. For all programs except 188.ammp and 189.lucas therdgna
coverage is well over 90%. 188.ammp exhibits a larger thamab

sents an upper bound on the effectiveness of using reusedésto
predict cache-miss rates. The third scheme, cabsticache sim-
ulation (TCS), uses the miss rates collected from running the test
data input set on a cache simulator to predict the miss ratkeof
same program run on the reference input data set. Table 8 give
summary of each technique for easy reference.

4.2 Results

In this paper, we only report statistics involving forwaelse
distance prediction. The results for backward reuse distqme-
diction are similar. We begin this section with data relatedeuse
distance distribution prediction accuracy and coverageenT we
show how well reuse distance prediction predicts both L1 lahd
miss rates for six different cache configurations. Throughbe
section, we focus more on the dynamically weighted reshks t
the statically weighted results since the dynamic resaitsof in

percentage of irregular patterns. In 189.lucas, approein@1%
of the memory operations do not appear in both training rifrem
instruction does not appear during execution for both tise aad
train data sets, we cannot predict its reuse distance.

Our model predicts reuse distance correctly for 97.2% otthe
ered instructions using a static weighting and 96.7% usiwly-a
namic weighting, on average. Our analysis predicts theerélis
tance accurately for over 95% of the covered instructionsgudy-
namic weighting for all programs except 189.lucas and 1égan
In 189.lucas, the fact that all instructions do not appedoith the
test and train runs throws off our computation of reuse dista
These extra instructions change the reuse distance bediigse
ent memory locations are accessed. In 177.mesa, someciists
that exhibit a single pattern in the test and train runs, Exhulti-
ple patterns in the reference run.

In Table 1, the column labeled “Patterns” shows the major pat



Scheme | Name Description

PRD predicted reuse distance Use reuse distance predicted from data size
RRD reference reuse distande Use actual reference reuse distance

TCS test cache simulation Use miss rates from test run

Table 3: Miss-rate prediction schemes

terns identified in the programs by our analysi$can be seen that,
for all programs, most patterns are constant patterns. Mewa
significant number of other patterns exist in some prograFRu.
example, in 171.swim 12.3% of the patterns exhibit a squaoe r
(sqrt) distribution pattern and in 189.lucas 16.7% of théquas
exhibit a linear distribution. For 200.sixtrack, we do neport the
patterns since all data sizes are identical. This makespo#sible
to construct a fitting function.

In addition to measuring the prediction coverage and acgura
we measured the number of locality intervals exhibited bghea
instruction. Table 4 below shows the percentage of instnst
that exhibit 1, 2 or 3 or more intervals during execution.

Benchmark Static Weighting Dynamic Weighting
1 2 >3 1 2 >3
188.ammp 83.8[ 13.3] 29 [ 785] 180| 35
173.applu 738|233 29 [ 62.7| 325 438
301.apsi 87.2] 10.0] 2.8 | 60.3| 31.3| 84
179.art 928| 6.4 [ 0.8 [ 91.1| 838 0.1
183.equake [ 90.7| 76 | 1.6 [ 81.0| 165 2.5
189.lucas 81.7| 175| 0.8 | 65.5| 33.9 0.6
177.mesa 91.0| 7.1 1.9 | 86.2| 10.3 35
172.mgrid 704 | 17.1| 125| 60.4 | 25.0 | 14.6
200.sixtrack | 84.2 | 23.1| 2.7 | 648 22.1| 13.1
171.swim 726 | 27.2| 0.2 | 499 | 495 0.6
168.wupwise| 91.5| 6.7 1.8 | 66.2 | 221 | 11.7
average 836 145| 28 | 69.7| 245| 5.8

Table 4: Number of locality intervals

For our benchmark suite, all but three programs have mone tha
90% of their instructions exhibiting only one or two reusstance
patterns. Each of the other three programs have over 85%eof th
instructions having only one or two reuse-distance pasteffhis
information shows that most references have highly pratiet
reuse patterns.

Benchmark | <1K | 1-8K | 8-32K | 32-64K | >64K
188.ammp 95.5 8.3 10.8 6.4 5.3
173.applu 982 | 1.7 2.2 1.9 7.4
301.apsi 959 [ 46 6.1 3.6 0.0
179.art 86.3 [ 0.3 16.6 6.2 6.2
183.equake | 95.8 | 2.5 3.5 2.9 9.6
189.lucas 936 | 23 24 2.1 19.2
177.mesa 98.6 0.7 0.1 5.0 0.0
172.mgrid 979 | 148 13.1 6.6 17.4
200.sixtrack | 95.8 [ 3.1 4.4 31 2.6
171.swim 922 72 6.4 8.3 30.0
168.wupwise| 96.6 | 0.4 0.2 0.4 5.1
average 95.1 4.2 6.0 4.2 9.3

Table 5: Percentage instructions per interval

Table 5 reports the distribution of the static instructiavighin
the X intervals for the reference data set using 64-byte cacles.lin

INote that the rows labeled “1third” indicafg(s) = s3.

The table gives the percentage of instructions that havesereis-
tance pattern that falls into each of the intervals. Note itigtruc-
tions can fall into more than one interval. As can be seen from
Table 5, most reuse patterns have a small reuse distanceevdgw
there are a number of reuse patterns with a long reuse déstanc
These longer reuse distance instructions represent appies for
cache optimizations as the likelihood of cache misses isdnig

To evaluate the effect of merging two intervals as discussed
Section 3.2, we report how often instructions whose reuseeia
crosses the ®2boundaries are merged into a single pattern. Ta-
ble 6 shows that in most programs less than 10% of the patieens
merged. Although not dominant, the merging still has a Siggnt
effect on our prediction mechanism.

Benchmark | % Intervals Merged

188.ammp 14.9
173.applu 14.2
301.apsi 8.0
179.art 8.2
183.equake 7.0
189.lucas 7.2
177.mesa 7.6
172.mgrid 19.2
200.sixtrack 10.3
171.swim 9.7
168.wupwise 7.6
average 10.4

Table 6: Percentage of merged intervals

4.2.2 Miss-rate Prediction Accuracy

Figures 1 and 2 report our miss-rate prediction accuracygusi
dynamic and static weighting, respectively, for cache cumé-
tions 1, 2 and 3 reported in Table 2. Table 7 summarizes thagee
miss rate prediction accuracy from those figures and theirénta
cache configurations. These figures and table report thepage
of instructions whose miss rate is predicted within 5% ofahtial
miss rate. Examining Table 7 reveals that our predictionhoet
(PRD) predicts the L1 miss rate of instructions with at |ee88.1%
accuracy and the L2 miss rate with at least a 87.4% accuragyg us
the dynamic weighting. On average PRD more accurately giedi
the miss rate than TCS, but is slightly less accurate than. RRD

Since TCS simply considers the test run’s miss rate as tlee-ref
ence miss rate, TCS is only effective when an instructiondmdg
constant patterns or the data sizes of the test and refesgacery
close (reuse distance change is minimal). PRD takes thesidagta
change into account, and thus its prediction accuracy idikely
to be negatively influenced by a large change in input data. siz
For 189.lucas and 171.swim, the difference between thegizea
of test and reference is large, and both programs have diswnti
number of non-constant patterns. TCS makes a highly inateur
prediction compared to PRD, as shown in each part of Figures 1
and 2.

When the data size difference between test and referense run
is small (e.g. 200.sixtrack and 179.art), TCS can predietrttiss
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Figure 1: Dynamic miss-rate prediction accuracy
Cache L1 L2
Config. No. [ Dynamic Weighting Static Weighting Dynamic Weighting Static Weighting
TCS|PRD|[RRD | TCS | PRD | RRD | TCS | PRD | RRD | TCS | PRD | RRD
1 840 | 925 | 948 | 91.2 | 96.2 | 97.7
2 90.6 | 95.6 | 97.3 | 940 | 96.2 | 97.7 [ 826 | 884 | 89.7 | 90.7 | 949 | 96.3
3 80.6 | 874 | 88.7 ] 904 945 ] 959
4 859 | 924 | 938 | 920 | 96.0 | 974
5 90.3 | 93.1 | 945 | 938 | 948 | 96.2 | 840 [ 89.9 | 90.3 | 904 ] 949 | 96.0
6 821 | 87.7 | 88.0 | 90.9 | 943 | 95.3

Table 7: Average miss-rate prediction accuracy
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Figure 2: Static miss-rate prediction accuracy

rate quite accurately. TCS outperforms PRD for 200.sixtrac
the L1 miss rate slightly, and both set-associative L2 miges;
but not the fully associative L2 miss rate. TCS even outperfo
RRD in predicting miss rate on those same configurationss iBhi
because the data size is not a factor and TCS can take intargcco
conflict misses through simulation, whereas reuse disteacsot.
179.art exhibits some of the same patterns, but since tleesie
does change, PRD and RRD outperform TCS in some instances.
TCS also does well in L1 miss rate prediction for 301.apsi and
168.wupwise. For 168.wupwise, we believe this is due todngsdl
percentage of constant reuse distance patterns, makiagdasize
change less pronounced. Note that for 168.wupwise PRD wButpe
forms TCS on the L2 miss rates indicating that the constatte yes
are more likely handled in the L1 cache and the changes irsiiaa
have more of an effect on the larger reuse distances. Foaf§ila
large percentage of L1 miss are conflict misses. For sma#teon
reuse patterns, TCS can predict those misses better tharPRid

and RRD.

Figures 1(b) through 1(d) and Figures 2(b) through 2(d)silu
trate our prediction accuracies for L2 misses for 1M L2 cacliih
different associativities. These results show that PROfectve
in predicting L2 misses for a range of associativities. Rolyf
associative L2 cache, as shown in Figure 1(b) and 2(b), PRD pr
dicts the miss rate correctly for 92.5% of the dynamicallyghéed
instructions, and 96.2% of the statically weighted indinres cor-
rectly, while TCS predicts the miss rate with accuracies mf/o
84.0% and 91.2%, respectively. Since there are no conflissesi
for a fully-associative L2, PRD shows a significant improesmn
in the prediction over TCS for all programs except 179.antthis
instance, RRD outperforms TCS, while PRD does not. Since PRD
is a heuristic, it does not always perform as expected. Heweur
results show that in most instances, PRD is quite effective.

Table 7 shows that across all cache configurations, on awerag
PRD performs almost as well as RRD and better than TCS. These



Cache 2% 5% 8%

TCS|[PRD | RRD | TCS | PRD | RRD | TCS | PRD | RRD

2-way, 32K L1| 90.4 | 95.0 | 97.2 | 90.6 | 95.6 | 97.3 | 90.7 | 96.0 | 97.3

4-way,IML2 | 82.1 | 88.0 | 89.4 | 82.6 | 88.4 | 89.7 | 829 | 89.0 | 90.2

Table 8: Prediction accuracy measures

results indicate that PRD is not highly sensitive to cache.shs- Benchmark | Accuracy | #Critica’ | Total
sociativity does have an effect on PRD’s prediction acour@e- 188.ammp 85.2 16 | 5180
R . . 173.applu 93.0 224 11352
cause onver associativity introduces more conflict mlsmzac- 30Lapsi 847 104 T 11567
curacy will decrease. However, even for a 2-way set-astogin2 179 art 995 12 | 1820
cache, on average, our model’s prediction can still ach8%d% 183.equake 7.7 76 | 3018
accuracy for dynamic weighting, and 94.5% for static waiggt 189.lucas 57.3 201 | 2915
leading us to believe that PRD shows much promise in future ap 177.mesa 100.0 3| 5736
plications to cache optimization. 172.mgrid 76.0 84| 2185
To examine the effects of our accuracy measure, we examine th 200 sixtrack 93.2 85 | 19688
miss-rate prediction accuracy if we considered a predictisd rate igé'jkumise 33"7‘ ng igég
to be accurate if that rate was within 2%, 5% and 8% of the &cuta average 562 107 T 6105

miss rate. Table 8 reports the dynamically weighted averaige
rate prediction accuracy for the cache configuration 2. Aslma
seen from Table 8, the accuracy changes only slightly as vekfyno
the prediction accuracy measure. Note that there are neidhil
programs where the changes are more dramatic than reportied i
averages.

4.2.3 Critical Instructions

For static or dynamic optimizations, we are interested atctiit-
ical instructions which generate the most L2 misses. In this@ect
we show that we can predict most of the critical instructiovi¢e
also observe that the locality intervals of the criticaltinstions
tend to be more diverse than non-critical instructions amitto
exhibit non-constant reuse patterns more frequently.

We perform cache simulation on the reference input usingeac
configuration 2 to identify the critical instructions whigenerate
the most L2 misses: those static instructions whose cuivelbf
misses account for 95% of the total L2 misses in the programn. T
predict critical instructions, we use the execution fregyein one
training run to estimate the relative contribution of thenter of
misses for each instruction given the total miss rate. We tioen-
pare the predicted critical instructions with the real oand show
the prediction accuracy weighted by the absolute numbelisses
in Table 9. We also list the number of critical instructioons éach
benchmark in the column labeled “# Critical” and the totaimu
ber of static memory operations for each benchmark in themaol
labeled “Total”.

The prediction accuracy for critical instructions is 86%aer-
age. 189.lucas shows a very low accuracy because of lowgpicdi
coverage. The unpredictable instructions in 189.lucasritarte a
significant number of misses. Notice that the number ofazitin-
structions in most programs is very small. These results/ghat
reuse distance can be used to allow compilers to target trst mo
important instructions for optimization effectively.

Critical instructions tend to have more diverse localitytpans
than non-critical instructions. Table 10 reports the disiion of
the number of locality intervals for critical instructionssing dy-
namic weighting. We find that the distribution is more diwetsan
that shown in Table 4. Although less than 3% of the instrungtio
on average have more than 2 intervals, the average goes wprto o
23% when considering only critcial instructions. Howewanly a
small number of critical instructions have more than threervals
and no instructions exhibit over six intervals.

Critical instructions also tend to exhibit a higher pereg of

Table 9: Prediction accuracy for critical instructions

Benchmark Interval Distribution (%)

1 2 3 4 5 6
188.ammp 96.3 | 0.0 3.7 | 00|00 |00
173.applu 6.0 779 [ 161 00| 00 | 0.0
301.apsi 7.0 585 | 30.7]| 37| 0.0 | 0.0
179.art 100.0| 0.0 0.0 | 00| 0.0 | 0.0
183.equake | 188 | 80.0 | 1.2 | 00| 0.0 | 0.0
189.lucas 7.9 921 {00 [ 00|00 | 0.0
177.mesa 0.0 100.0{ 0.0 | 00| 0.0 | 0.0
172.mgrid 0.0 673 | 281{30]06 | 1.0
200.sixtrack | 0.3 188 | 794 14|00 | 0.0
171.swim 0.0 988 |12 [ 00|00 |0.0
168.wupwise| 0.4 10.1 | 68.4| 54| 15.7| 0.0
average 215 | 549 | 208|12|15 |01

Table 10: Distribution of the number of locality intervals for
critical instructions

non-constant patterns than non-critical instructionsbldd.l re-
ports the percentage of critical instructions that havecaiistant
patterns. As can be seen, critical instructions are morsitbento

data size. This fact makes it important to predict accuyatelise
distance in order to apply optimization to the most impartaem-

ory operations. Note that we report no data for 200.sixtiztause
all of its data sizes are identical.

5. CONCLUSIONS AND FUTURE WORK

In this paper, we have demonstrated that reuse distance-is pr
dictable on a per instruction basis for floating-point peogs. On
average, over 90% of all memory operations executed in agnog
are predictable with an almost 97% accuracy. In additioa,pie-
dictable reuse distances translate to predictable miss fat the
instructions. For a 32KB 2-way set associative cache, ossqrate
prediction accuracy is almost 96%, and for a 1MB fully asaeci
tive L2 cache, our miss-rate prediction accuracy is over 92%r
analysis also identifies the critical instructions in a peog that
contribute to 95% of the program’s L2 misses. On average, our
method predicts the critical instructions with an 86% aecyr

The next step in our research is to apply reuse-distance &s m
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