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Abstract. As memory hierarchy becomes deeper and shared by more proces-
sors, locality increasingly determines system performance. As a tgand
precise locality model, reuse distance has been used in program ofitimsza
performance prediction, memory disambiguation, and locality phaskctice.
However, the high cost of measurement has been severely impedumgpgsn
scenarios requiring high efficiency, such as product compiler§peance de-
bugging, run-time optimizations.

We recently discovered the statistical connection between time and reuse dis
tance, which led to an efficient way to approximate reuse distance usieg tim
However, not exposed are some algorithmic and implementation teclsrtigate

are vital for the efficiency and scalability of the approximation model. This p
per presents these techniques. It describes an algorithm that apptesireuse
distance on arbitrary scales; it explains a portable scheme that empdogemn
controller to accelerate the measure of time distance; it uncovers théttagor
and proof of a trace generator that can facilitate various locality studies.

1 Introduction

In modern computers, memory hierarchy is becoming deepkslared by more pro-
cessors; system performance is increasingly determinpddgyam data locality. Reuse
distance, also called LRU stack distance, is a widely usedefior locality analysis.
Compared to other locality metrics such as cache miss ruserdistance is hardware
independent, cross-input predictable, and more precislearacterization [7,12, 20]. It
has been used in system performance analysis [6,9, 10prpehce prediction [12,19],
program analysis and optimizations [2, 8, 20].

On the other hand, reuse distance is also one of the most @xpdacality mod-
els to build. Despite decades of enhancement (e.g., [7,th&])measurement still slows
down a program’s execution by hundreds of times [16]. Tha bist impedes the prac-
tical uses of reuse distance: It would make offline perforceastebugging and locality
analysis painfully slow or even infeasible for long-runmiapplications, and prevent
the uses in runtime locality optimizations. The high cosiniserent in the definition
of reuse distance—the number oflistinctdata accessed between this and the previous
access to the same data item [7]. The requirement of beirsgiridt” implies that the



measurement has to recognize and filter out all the repetitdcesses in an interval,
which is often costly.

Recently Shen et al. discovered the strong statisticalection between reuse dis-
tance andime distance—the number of data accessed between this and the previous
access to the same data item (e.g., the last “a” in “a b b ¢ atimesdistance of 4).
This discovery gives rise to an algorithm that approximatese distance histograms
from time distance histograms. Given that time distanceushrcheaper to measure,
the algorithm speeds up reuse distance measurement sgtlifif16].

However, it remains un-exposed how to implement the aligorigfficiently. In par-
ticular, this paper focuses on the problems on three folds.

The first is a scale problem. The algorithm described preskorequires the finest
granularity of distance histograms [16]. Every bar in adusam must have width of
1—that is, all references in a bar have to have the same reusen§) distance. Such
a scale requires the recording of and computation on mdliohdistance bars for a
typical execution, making the algorithm not applicableaiod running programs. How-
ever, extending the algorithm to support histograms oftetyi scales is challenging.
A basic extension has a too high time complexity (shown intiSe@.2). In this paper
(Section 2.3), we describe some algorithmic changes tdettadremoval of redundant
computations, lowering the time complexity by orders of magle.

The second problem addressed in this paper is the overhdeemistance mea-
surement. Although time distance is less costly to meakarereuse distance, a straight-
forward implementation still slows down a program’s ex@musignificantly, forming
the bottleneck in our extended scalable algorithm. ThiepéBection 3) presents an
optimization that reduces the measurement overhead by thanea factor of 3 with
the help of memory management unit (MMU). The optimizatiéifeds from previ-
ous MMU-based techniques in that it avoids the direct acteesystem registers and
therefore is more portable.

Finally, this paper (Section 4) presents a trace generatich produces data refer-
ence traces that satisfy the given requirement of reusaristhistograms. We are not
aware of any prior systems that offer such a function. Thisegator not only facilitates
the comprehensive evaluation of the reuse-distance aippation algorithm, but also
can serve as a tool for other locality studies.

2 Algorithm Design for Scalability

This section reviews the statistical connection betwean tlistance and reuse distance,
identifies the scalability bottlenecks in a basic algoriflamreuse distance approxima-
tion, and then presents our changes to the algorithm to estheccost by orders of
magnitude, making the algorithm scalable to long-runniragpams.

2.1 Review of the Connection between Time Distance and ReuBé&tance

The key connection that bridges reuse distance and timendistis the following equa-
tion [16]:
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where,p(A) is the probability for a randomly chosen data item (e.g., r@abie) of a
program to be referenced in an interval of lengthandp.. () is the probability for a
randomly chosen data reference to have time distanée Diiis connection suggests
that if we know allp,. (§)s—that is, the time distance distribution of an execution—we
will be able to compute app(A)s.

With p(A), the reuse distance can be computed easily. For a reusesimétength
A, the probability for its reuse distance to bé an execution is

k. 2) = () sy - pay . @

where, N is the total number of distinct data items in a program. Theition behind
this equation is thap(k, A) is the probability fork distinct data items to appear in a
A-long interval. This probability is like the probability ®eek heads whenV coins
are tossed, with each coin’s probability of showing headseta( A)3. This probability
obeys a binomial distribution.

Itis easy to see that, with(k, A), the probability for a data reference to have reuse
distance of: is

pa(k) = plk,A)-p,(A). (3)
A

2.2 Basic Algorithm for Approximating Reuse Distance Histgrams

A program execution often conducts a large number of datsigrtes. A typical way to
concisely characterize reference locality is to use reisarnte histograms instead of
individual reuse distances [2, 7,12, 20]. Figure 1 illustsaa reuse distance histogram.
A bar in the graph shows the fraction of the memory referemdesse reuse distances
are in a certain range. For the same reason, individual tistarttes are usually not
affordable; time distance histograms are used.

Therefore, extending the equations in Section 2.1 to hamidtegrams is vital for
practical uses. A straightforward way to do the extensiotoisonsider that all the
references in a bar have the sapiel), denoted byP(b;) (i = 1,2,--- , Ly for atime
distance histogram that hdg- bars). So, the probability fdr variables to be accessed
in a reuse interval contained in biis

P(k,b;) = (JZ) P(b;)F(1 — P(by))N*.

3 This analogy assumes that two data items are independent in terms obittadbitity for them
to be accessed in a given interval; this assumption has shown little infliemeuse-distance
approximation [16].
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Fig. 1. A log-scale reuse distance histogram.

And the probability for a random data reference in an exeautb have reuse dis-
tance ofk is

Pr(k)=>_ P(k,b;) - Pr(b;).

Therefore, the key step in the extension is to comgg; ) from a time distance
histogram. If we assume that reuse distances are in a undstnibution inside a bar,

P(b;) can be approximated by(@) (WhereE andb_; are the lower and upper
bounds of all the reuse distances in tifebarf. Under this assumptior®?(b;) can be
computed by Equation 1 as follows:

PO) =Y Y im )
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Clearly, the sum opr(d) can be converted to a sum &f-(b;)—the time distance
histogram.

This basic algorithm has high cost, mainly due to the catmnaof P(b;) and
P(k,b;). The time complexity to compute all a?(b;)s is O(L3.) (recall thatLy is
the number of bars in a time distance histogram), and the lexityfor all P(k, b;)s is
a factorial of N. We have to lower the complexity before the algorithm canpysied
to real programs.

2.3 Scalable Algorithm

The basic algorithm contains some repetitive computatiesigecially in the computa-
tion of P(b;). We make two changes to the algorithm to remove the redurcdempu-
tations and lower the complexity.

The first change is based on a well known fact that a binomsitidution can be
approximated by a Normal distribution. For further speedpuse an offline generated
table to store the standard Normal distribution. The coert of P(k, b;) is reduced
to a table-lookup operation witf (1) complexity.

4 This assumption is also used in the scalable algorithm; its influence to agésiealuated
by the experiments in Section 5.



The second change is to decompose the computatié{#gj into 3 sub-equations
with repetitive computations removed. The 3 sub-equatawass follows:

P(bi) = Pa(bi)/2+ Y Pa(by) 4)
=0
LT — <— 4;—1
b — b 1
P2(bz):[zpl(bj)—> = 7_71]
j=i+1 i~ Y% i
4.’,1 —
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+P1(bi)—> — (5)
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T=b;+1
b; +b; —3
Pi(b;) = 3N —1) Pr(b;). (6)

The detailed derivation of these sub-equations is too cexrtol be included in this
paper. We give a brief explanation and refer the reader tdeminnical report [15]. Re-

call thatP(b;) can be approximated hy 2:22- ?“’ ) —that is, the probability for a variable

to be accessed in an interval whose Iengtﬁ? This probability can be viewed as
the probab|I|ty for the variable’s last access prior to ad@n time pointt to be after

t— b “’ , i.e., to be in the dark segment illustrated in Flgure 2. ™aik segment can
be regarded as a sequence of sub-segménts M ,t— b-) [t— bi ,t— l(y-—), e

[t — E, t). We useP»(b;) to denote the probablllty that the variable’s last acce&s pr
to ¢ occurs in a sub-segmeift,— ?aj—,l, — (7), which leads to Equation 4.

by+b; o
t-b_l-) t- ; t-<b_i thi—1 ... t-E t

Fig. 2. lllustration of P(b;).

The probabilityP; (b;) in Equations 5 and 6 is the probability that for a randomly
chosen variable, a random time-point is in one ofv’s reuse intervals whose time
distance is in rang{eE,F;). Equations 5 and 6 come from a complex mathematical
deduction, which examines the different sections of a réuseval and the different
relations between reuse distance and time distance hésisgil5].

This extended algorithm enables two simplifications. Fitstough the following
commonly used mathematical approximatiaiy ( m- and: are positive integers):

. i mp—05
1=m1

<21 ms + 0.5
> §amiiie

5 This work uses logical time: the number of memory references siruggam starts.



Equation 5 can be simplified to the following form:

Lt b — b b, —15
Py(bi) = [ > Pi(bj)=—=Int——] +
Jj=i+1 j b] J 1.5
Pi(b;) — <« — 5—1.5
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Second, Equation 4 reveals the relation betwBéh ) andP(b;_1) as follows:

Py(bi—1) + P2 (b;)
5 .

So, given allPy(b;)s, the time complexity of obtaining alP(b;)s isO(Lr). Ap-
parently, the time complexity of computing @ (b;)s isO(Lr?). Therefore, the com-
plexity for computing all ofP(b;) is O(L+?). With the simplification toP(k, b;) by
the first change, the time complexity of this extended atboriis O(LTQ), orders of
magnitude lower than that of the basic algorithm.

P(b;) = P(bi-1) +

3 Measurement Acceleration for Efficiency

To efficiently implement the approximation model, we use dgie scheme to take ad-
vantage of MMU. This scheme accelerates time distance merasmt—the bottleneck
in the scalable algorithm—by more than a factor of 3.

The measurement of time distance requires detailed rewpmafi memory refer-
ences. We use a binary instrumentation tool, PIN [11], terina function call for
recording the memory address after each memory refererigerithm 1 shows the
basic implementation of the recording procedure. It firetest the accessed memory
address into a buffer and then checks if the buffer is full. Whés full, a procedure,
ProcessBuffer()is invoked to calculate the time distances in the bufferra@edrd them
into a histogram.

Algorithm 1 Basic measurement of time distance
Procedure RecordMemAcc (address)
buffer [index++]« address;
if index== BUFFERSIZEthen
ProcessBuffer (); //[Calculate and record reuse distances and reset index to 0
end if
end

The basic implementation slows down a program’s executigmificantly. To re-
duce the overhead, we optimize the procedRexordMemAcc( py removing the
branch and function call in it with the help of MMU. When thetimsnented program
starts, through MMU, the last page of the artafferis set to be non-writable. When



Algorithm 2 Portable MMU-based optimization for time distance measamet 1
Procedure RecordMemAcc (address)
buffer [index++]< address;
end

/I Procedure to handle memory access fault
/I Initially, the last page of buffer is locked
Proceduresig SEGV_H (siginfo)
faultAddr < GetFaultAddress (siginfo);
if IsinLastPage(faultAddr, buffethen
ProcessBuffer (); //[Calculate and record reuse distances
OpenLastPage (buffer); fDpen the access permission of the last page
Close2ndToLastPage (buffer); €lose the access permission of the second to last
page
else iflsin2ndToLastPage(faultAddr, buffet)en
ProcessBuffer ();
Open2ndTolLastPage (buffer);
CloseLastPage (buffer);
else

end if
index = -1; // RecordMemAcc() will make it zero right after the current instruction
finishes

end

the program tries to write an address to that page, a pagesacicdation signal is trig-
gered. In the customized signal handler, the proceBuneessBuffer()s invoked and
the buffer index is reset. This optimization removes theessity for buffer boundary
check, reducing proceduRecordMemAcc(fpo just one statement as shown at the top
of Algorithm 2.

Zhao et al. used memory management unit to remove similaiches in detailed
execution profile [18]. Our scheme is different in how to masuthe execution in the
signal handler. The previous work resets the register thiatains the buffer index to
zero so that after returning from the signal handler, theymm can write to the first
element of the buffer. The shortcoming of the scheme is tabitity problem: The
registers that contain the buffer index may differ on déferplatforms.

We address that problem using a portable scheme, shown bgdresig SEGVH
in Algorithm 2. Initially we close the permission to accelss tast page dbuffer. The
signal handler opens the permission of ldi& page and closes ttsecond to laspage.
(The variable for the buffer index is reset.) The executiontimues until trying to access
the second to last page béiffer. The signal handler then opens the second to last page
and closes the last page again. By using the last two pagesatitely to signal the
end ofbuffer, this scheme removes the necessity for modifying specifister values.

The optimization accelerates time distance measuremedt3omes as shown in
Section 5. The significant benefits come from three sourdest, Edirectly reduces the
number of instructions and branch miss predictions in thending procedure. Second,
it reduces the overhead of the dynamic instrumentor. Thieuimentor, PIN, uses a



virtual machine equipped with a just-in-time compiler forndmic instrumentation.
Fewer instructions in the analysis code leads to fewer coatipns in the virtual ma-
chine. Third, the optimization enables the inlining of tleearding procedure. PIN is
strict in inlining since the instrumented procedures uguave a large number of call
sites. The control flow in the basic implementation prevéiié from inlining the pro-
cedure, causing high calling overhead. Function calls k & especially expensive:
At an function call, PIN calls a bridge routine that savescaller-saved registers, sets
up analysis routine arguments, and finally calls the tangattion [11].

This scheme provides an architecture-independent way ptognvMU for code
optimization. It suggests the potential of serving as a gegtimization technique for
a compiler to apply.

4 Trace Generator for Evaluation

Although this work is on measuring locality from data acessshis section discusses
the reverse problem—how to generate data traces from hpcalie initial motivation
is for the evaluation of our locality approximation modelth®ough the model demon-
strates high accuracy for SPEC CPU2000 benchmarks, the déstance histograms of
those programs fall into several categories, covering argynall portion of the entire
histogram space. The capability to generate data access tilaat satisfy given local-
ity requirements is desirable: We can freely use variousegdo evaluate the locality
model comprehensively. Although this capability providesiveniences for many lo-
cality studies, we are not aware of any prior exploration#.on

This work constructs a stochastic trace generator. ltg#ipglude a reuse distance
histogramP, and the lengtti” and the number of distinct variabl@é of the trace to be
generated; its output is a data reference sequence sagjshg input requirements.

4.1 Algorithm

Algorithm 3 contains the pseudo code of the trace geneff@éoithe purpose of clarity,
the following explanation assumes that the bars in the gpiatas are of unit width.
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Fig. 3. A histogram and the accumulative distribution.



The first step is to construct the cumulative distributiorhef given reuse distance
histogram. The probability for a data access to have reustartie no longer thanis
calculated as”; = Z;:o P;, where, P; is the probability for a data access to have
reuse distance gf—that is, the Y-axis value at reuse distancm the reuse distance
histogram.

The second step is to fill a variable into each positionTir@lement trace. The first
N positions are simply filled by all the variables. (The ordeesinot matter.) To explain
the process of filling the remaining positions, we use thempta shown in Figure 3. In
the example, there are 8 possible reuse distances 0 to #.climulative probabilities
C; (i=0,1, ..,7) separate the range [0, 100%] into 8 segménts,], (Co, C1)], - . .,
(Cs, Cr] (apparentlyC; = 100%), shown on the Y-axis of the cumulative histogram.

Every time, a random numberis generated whose value is between 0 and &. If
falls into segmentC;_1, C;], the trace generator uskas the desired reuse distance of
the current position and identifies the corresponding taégiand put it into the current
position. For example, if the current data trace.is.“a b ¢ b ¢” anda is 0.05, the
segment that falls into is(C1, Cs]. Therefore, the reuse distance of the current position
should be 2. Because “a” satisfies the distance requiremeimstance of “a” is put into
the current position.

Algorithm 3 Algorithm to generate a data trace from a reuse distancegnam
Procedure GenTrace (RDHJ], N, T, trace[])
/I RDH[]: the given reuse distance histogram;
/I N: the number of distinct data;
/I T: the length of the trace to be generated;
/I trace[]: the array to contain the generated trace;
BuildCH (RDH, CH); // build cumulative histogram from RDH

/I fill the first N positions
for i=0 to N-1do

traceli] = varfi];
end for

/1 fill the rest

for i=Nto T do
a = random();
s = findSegment (a, CH); ffiind the segment in CH that contains a
r = RDH[s];
trace[i] = findData (trace, r); /find the data having reuse distance of r at the end
of current trace

end for

end

4.2 Proof of Correctness

This section outlines the proof that the trace generatedggrithm 3 satisfies the input
requirements.
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Theorem 1 In a trace generated by Algorithm 3, the statistical expgotaof the num-
ber of accesses that have reuse distanceisf(T" x P;) (i=0,1,...,N-1)—that is, the
statistical expectation of the reuse distance histograth@fjenerated trace is equal to
the given histogram.1(: the number of total accesses;: the value of theth bar in
the given reuse distance histogram.)

To see the correctness of the theorem, notice that the pilibp&dr « to fall into the
ith segment in the cumulative reuse distance histogram is égual This is because
« is uniformly distributed between 0 and 1, and the length efitih segment isP;.
So, if the trace generator follows Algorithm 3, the probipifor a generated data to
have reuse distance éfequalsP;; the conclusion thus follows. (The proof assumes
T >> N, which holds for most program executions.)

Finding the data with reuse distanceidfakesO(logN) time when we organize
the last access to each data in a binary tree. The time coityptexthe whole trace
generation is therefor@(TlogN).

5 Evaluation

Our evaluation platform is an Intel Xeon 2GHz processor mmiredora Core 3 Linux.
We use PIN 3.4 for instrumentation and GCC 3.4.4 (with “-O&3)the compiler. We
employ Performance Application Programming InterfaceRBA3] to read hardware
performance counters.

This section first presents the benefits from the portable Mddhkeme in acceler-
ating the measurement of time distance, then reports troéeegitly and accuracy of the
scalable algorithm on real programs, and finally shows tharacy of the trace genera-
tor, along with its uses in the evaluation of the reuse degapproximation algorithm.

5.1 Time Distance Measurement

Table 1. Optimization benefits for time distance measurement

Prog Instr. Branch miss Speedup
reduct pred reduct
(%) (%) (%)
gcc 59.7 74.3 225.7
gzip 66.4 2.6 308.0
mcf 66.5 20.9 99.2
twolf 66.8 30.8 267.0
ammp 69.2 6.5 384.1
applu 66.6 15.7 3894
equake 69.4 3.9 3549
mesa 67.8 4.7 522.3
mgrid 67.3 22 409.6

Average 66.7 18.0 328.9
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Table 1 shows the effect of the portable MMU-based optintradn time distance
measurement. The 9 benchmarks are randomly chosen from SPER000 suite.
We use theitrain runs for measurement. The second column in the table cantaén
reduction of the total instructions executed by the insentad code. The optimiza-
tion reduces 60—69% instructions with an average of 66.796.Third column shows
that the optimization reduces branch miss prediction by 2423% with an average of
18%. Together, the two kinds of reduction accelerate the tirstance measurement by
99-522% with an average of 329%. We apply this MMU-basedptition to direct
measurement of reuse distances (based on Ding and Zhongiedng], the fastest
tool we know), but only see 34.4% average speedup. Thisvelaimodest speedup
is because the major bottleneck in reuse distance measuotrésria the computation
of reuse distances rather than memory monitoring, wheteagomputation of a time
distance is trivial—only a single reduction operation.

5.2 Locality Approximation on SPEC ref Runs

We use theef runs of the 9 SPEC programs to evaluate the effectivenebe atalable
algorithm for reuse distance histogram approximation. gamad to theéestandtrain
runs used in our previous work [16], thef runs are over 8 times longer, including a
wider range of reuse distances, which pose more challengasdsurement efficiency.

We measure the accuracy of the reuse distance approxinmatiboth element and
cache-line levels. On the element level, each address itaadtdm; on the cache-line
level, a block of consecutive memory addresses are treatedsingle data item (the
block size is the width of a cache line).

The accuracy is measured on a linear scale: The width—thttagange of reuse
distance—of each bar in the histograms is 1000. The formutalttulate the accuracy
is(1=>,|Ri — f%:-\/2), where,R; is the Y-axis value of théth bar in a real histogram,
andf%\i is for the approximated histogram. The division by 2 normesithe accuracy to
[0,1].

As shown in Table 2, the accuracy for element reuse is 82.8%verage. Bench-
mark mcf has the lowest accuracy, 42.6%, due to the unusual thin pmaks reuse
distance histogram. The accuracy on the cache-line leveiush higher, 94% for
mcf 98.6% on average. This higher accuracy is because a dataitehis level be-
comes larger, and results in a smaller range of reuse degaMost local peaks in the
histograms are therefore smoothed out. Because most useasef distance requires
cache-line level information (e.g., for cache performaaealysis), the occasional poor
accuracy on element reuses has little effect. Comparecttiatbst reuse distance mea-
surement [7] (with the MMU-based optimization), the appneation technique im-
proves the speed by a factor of 17.

5.3 Trace Generator

We evaluate the trace generator on reuse distance histegriasome Normal and ex-
ponential distributions, two kinds of distributions thaé alose to typical data reuses.
In the exponential distribution, the height of a bar at redistance of: is proportional
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Table 2. Accuracy and speedup of reuse distance approximation

Prog Element Cache line
acc. (%) speedup acc. (%) speedup

gcc 89.0 21.2X 994 16.7X
gzip 99.0 19.0X 99.5 17.0X
mcf 426 83X 94.0 18.2X
twolf 88.2 59X  98.1 20.2X
ammp 95.8 14.3X 99.2 21.5X
applu 86.1 19.0X 99.2 21.4X
equake 57.6 237X 985 15.1X
mesa 97.3 26.3X 100 14.0X
magrid 89.7 20.6X 99.6 21.5X

Average 82.8 17.6X 98.6 18.4X

to e~ 0:02*k In the Normal distributions, we change the variance from®Q00; the
histograms change from a shape with thin high peaks to arfittgpe as illustrated by
Figure 4. The figure also shows the histograms of the gemkteatees, whose curves
fluctuate around the given histograms. In our experimemish ¢race contains 50,000
references to 500 variables. To prevent histogram bins frmlimg inaccuracy, we let
each bin in the histograms have width of 1.

The second column in Table 3 reports the accuracy of the ganerator, reflect-
ing the difference between the generated and the givengnéstes. All accuracies are
greater than 96%, demonstrating the effectiveness of lve generator in meeting the
input requirements. The last column of the table contaiesitituracy of the histograms
that are approximated by the scalable algorithm present&gction 2.3. On average,
the accuracy is 95.5%, demonstrating the effectivenedsedadiigorithm in approximat-
ing reuse distance histograms of different distributions.

Table 3. Accuracy of trace generation and reuse distance approximation

Distr. Gen. acc. Approx. acc.
(%) (%)
Normal (var=20) 98.2 92.8
Normal (var=100) 96.4 96.3
Normal (var=200) 96.1 95.8
Exponential 96.0 96.9
Average 96.7 95.5

6 Related Work

Compiler analysis has been successful in understandingrgdving locality in basic
blocks and loop nests. McKinley and Temam carefully studitdbus types of local-
ity within and between loop nests [14]. Cascaval presentednapiler algorithm that
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Fig. 4. Reuse distance histograms of two Normal distributions, along with thicthe generated
traces.

measures reuse distance directly [4]. Allen and Kennedyudised the subject compre-
hensively in their book [1]. Thabit identified data often ditegether based on their
access frequency [17]. Chilimbi used grammar compressidintd hot data streams
and reorganized data accordingly [5].

As a locality model, reuse distance has been studied foralelecades since Matt-
son et al’s first measurement algorithm [13]. A more receotkws from Ding and
Zhong, who proposed an approximation algorithm that usethuyc tree compres-
sion [7] to reduce time complexity t0(TloglogN). Shen et al. discovered the statis-
tical connection between time distance and reuse distamceproposed an algorithm
to approximate reuse distance from time distance [16]. Thisent paper exposes the
extensions to the algorithm to make it more scalable, medewhesenting a portable
scheme for resolving the bottleneck in the implementatibthe algorithm, and de-
scribing a trace generator to facilitate the evaluation.

7 Conclusions

This paper presents a set of techniques to efficiently apmaie reuse distance his-
tograms on arbitrary scales. It describes an extendedithigothat significantly re-
duces the time complexity of the basic algorithm. It expasgmrtable MMU-based
optimization that accelerates time distance measuremenidre than a factor of 3.
Finally, it presents a trace generator that facilitatestiraprehensive evaluation of the
approximation algorithm. The output from this work will eartte the applicability of
reuse distance in practical uses, opening new opportarfiieprogram analysis and
optimizations.
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