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Abstract. As memory hierarchy becomes deeper and shared by more proces-
sors, locality increasingly determines system performance. As a rigorous and
precise locality model, reuse distance has been used in program optimizations,
performance prediction, memory disambiguation, and locality phase prediction.
However, the high cost of measurement has been severely impeding itsuses in
scenarios requiring high efficiency, such as product compilers, performance 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 using time.
However, not exposed are some algorithmic and implementation techniques that
are vital for the efficiency and scalability of the approximation model. This pa-
per presents these techniques. It describes an algorithm that approximates reuse
distance on arbitrary scales; it explains a portable scheme that employs memory
controller to accelerate the measure of time distance; it uncovers the algorithm
and proof of a trace generator that can facilitate various locality studies.

1 Introduction

In modern computers, memory hierarchy is becoming deeper and shared by more pro-
cessors; system performance is increasingly determined byprogram data locality. Reuse
distance, also called LRU stack distance, is a widely used model for locality analysis.
Compared to other locality metrics such as cache miss rate, reuse distance is hardware
independent, cross-input predictable, and more precise incharacterization [7,12,20]. It
has been used in system performance analysis [6,9,10], performance prediction [12,19],
program analysis and optimizations [2,8,20].

On the other hand, reuse distance is also one of the most expensive locality mod-
els to build. Despite decades of enhancement (e.g., [7,13]), the measurement still slows
down a program’s execution by hundreds of times [16]. The high cost impedes the prac-
tical uses of reuse distance: It would make offline performance debugging and locality
analysis painfully slow or even infeasible for long-running applications, and prevent
the uses in runtime locality optimizations. The high cost isinherent in the definition
of reuse distance—the number ofdistinctdata accessed between this and the previous
access to the same data item [7]. The requirement of being “distinct” implies that the
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measurement has to recognize and filter out all the repetitive accesses in an interval,
which is often costly.

Recently Shen et al. discovered the strong statistical connection between reuse dis-
tance andtime 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 c a” hastime distance of 4).
This discovery gives rise to an algorithm that approximatesreuse distance histograms
from time distance histograms. Given that time distance is much cheaper to measure,
the algorithm speeds up reuse distance measurement significantly [16].

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

The first is a scale problem. The algorithm described previously requires the finest
granularity of distance histograms [16]. Every bar in a histogram must have width of
1—that is, all references in a bar have to have the same reuse (or time) distance. Such
a scale requires the recording of and computation on millions of distance bars for a
typical execution, making the algorithm not applicable to long running programs. How-
ever, extending the algorithm to support histograms of arbitrary scales is challenging.
A basic extension has a too high time complexity (shown in Section 2.2). In this paper
(Section 2.3), we describe some algorithmic changes to enable the removal of redundant
computations, lowering the time complexity by orders of magnitude.

The second problem addressed in this paper is the overhead intime distance mea-
surement. Although time distance is less costly to measure than reuse distance, a straight-
forward implementation still slows down a program’s execution significantly, forming
the bottleneck in our extended scalable algorithm. This paper (Section 3) presents an
optimization that reduces the measurement overhead by morethan a factor of 3 with
the help of memory management unit (MMU). The optimization differs from previ-
ous MMU-based techniques in that it avoids the direct accessto system registers and
therefore is more portable.

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

2 Algorithm Design for Scalability

This section reviews the statistical connection between time distance and reuse distance,
identifies the scalability bottlenecks in a basic algorithmfor reuse distance approxima-
tion, and then presents our changes to the algorithm to reduce the cost by orders of
magnitude, making the algorithm scalable to long-running programs.

2.1 Review of the Connection between Time Distance and ReuseDistance

The key connection that bridges reuse distance and time distance is the following equa-
tion [16]:
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where,p(∆) is the probability for a randomly chosen data item (e.g., a variable) of a
program to be referenced in an interval of length∆, andp

T
(δ) is the probability for a

randomly chosen data reference to have time distance ofδ. This connection suggests
that if we know allp

T
(δ)s—that is, the time distance distribution of an execution—we

will be able to compute allp(∆)s.
With p(∆), the reuse distance can be computed easily. For a reuse interval of length

∆, the probability for its reuse distance to bek in an execution is

p(k, ∆) =

(
N
k

)
p(∆)k(1− p(∆))N−k, (2)

where,N is the total number of distinct data items in a program. The intuition behind
this equation is thatp(k, ∆) is the probability fork distinct data items to appear in a
∆-long interval. This probability is like the probability toseek heads whenN coins
are tossed, with each coin’s probability of showing heads tobep(∆)3. This probability
obeys a binomial distribution.

It is easy to see that, withp(k, ∆), the probability for a data reference to have reuse
distance ofk is

p
R
(k) =

∑

∆

p(k, ∆) · p
T
(∆). (3)

2.2 Basic Algorithm for Approximating Reuse Distance Histograms

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

Therefore, extending the equations in Section 2.1 to handlehistograms is vital for
practical uses. A straightforward way to do the extension isto consider that all the
references in a bar have the samep(∆), denoted byP (bi) (i = 1, 2, · · · , LT for a time
distance histogram that hasLT bars). So, the probability fork variables to be accessed
in a reuse interval contained in bari is

P (k, bi) =

(
N

k

)
P (bi)

k(1− P (bi))
N−k.

3 This analogy assumes that two data items are independent in terms of the probability for them
to be accessed in a given interval; this assumption has shown little influence to reuse-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 execution to have reuse dis-
tance ofk is

PR(k) =
∑

i

P (k, bi) · PT (bi).

Therefore, the key step in the extension is to computeP (bi) from a time distance
histogram. If we assume that reuse distances are in a uniformdistribution inside a bar,

P (bi) can be approximated byp(
←−

bi+
−→

bi

2
) (where

←−
bi and

−→
bi are the lower and upper

bounds of all the reuse distances in theith bar)4. Under this assumption,P (bi) can be
computed by Equation 1 as follows:

P (bi) =

←−

bi+
−→

bi
2∑

τ=1

T∑

δ=τ+1

1

N − 1
p

T
(δ).

Clearly, the sum ofpT (δ) can be converted to a sum ofPT (bi)—the time distance
histogram.

This basic algorithm has high cost, mainly due to the calculation of P (bi) and
P (k, bi). The time complexity to compute all ofP (bi)s is O(L3

T ) (recall thatLT is
the number of bars in a time distance histogram), and the complexity for all P (k, bi)s is
a factorial ofN . We have to lower the complexity before the algorithm can be applied
to real programs.

2.3 Scalable Algorithm

The basic algorithm contains some repetitive computations, especially in the computa-
tion of P (bi). We make two changes to the algorithm to remove the redundantcompu-
tations and lower the complexity.

The first change is based on a well known fact that a binomial distribution can be
approximated by a Normal distribution. For further speedup, we use an offline generated
table to store the standard Normal distribution. The computation ofP (k, bi) is reduced
to a table-lookup operation withO(1) complexity.

4 This assumption is also used in the scalable algorithm; its influence to accuracy is evaluated
by the experiments in Section 5.
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The second change is to decompose the computation ofP (bi) into 3 sub-equations
with repetitive computations removed. The 3 sub-equationsare as follows:

P (bi) = P2(bi)/2 +

i−1∑

j=0

P2(bj) (4)

P2(bi) = [

LT∑

j=i+1

P1(bj)

−→
bi −

←−
bi

−→
bj −

←−
bj

−→

bj−1∑

τ=
←−

bj

1

τ − 1
]

+ P1(bi)
1

−→
bi −

←−
bi

−→

bi−1∑

τ=
←−

bi+1

τ −
←−
bi

τ − 1
(5)

P1(bi) =

←−
bi +

−→
bi − 3

2(N − 1)
PT (bi). (6)

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

call thatP (bi) can be approximated byp(
←−

bi+
−→

bi

2
)—that is, the probability for a variable

to be accessed in an interval whose length is
←−

bi+
−→

bi

2
. This probability can be viewed as

the probability for the variable’s last access prior to a random time pointt to be after

t−
←−

bi+
−→

bi

2
, i.e., to be in the dark segment illustrated in Figure 2. Thisdark segment can

be regarded as a sequence of sub-segments5, [t−
←−

bi+
−→

bi

2
, t−
←−
bi ), [t−

←−
bi , t−

←−−
bi−1), · · · ,

[t −
←−
b1 , t). We useP2(bj) to denote the probability that the variable’s last access prior

to t occurs in a sub-segment,[t−
←−−
bj−1, t−

←−
bj ), which leads to Equation 4.

t-
−→

bi t-
←−

bi t-
←−−

bi−1 . . . . . . t-
←−

b1 tt-
←−

bi+
−→

bi

2

Fig. 2. Illustration ofP (bi).

The probabilityP1(bi) in Equations 5 and 6 is the probability that for a randomly
chosen variablev, a random time-pointt is in one ofv’s reuse intervals whose time
distance is in range[

←−
bi ,
−→
bi ). Equations 5 and 6 come from a complex mathematical

deduction, which examines the different sections of a reuseinterval and the different
relations between reuse distance and time distance histograms [15].

This extended algorithm enables two simplifications. First, through the following
commonly used mathematical approximation (m1, m2 andi are positive integers):

m2∑

i=m1

1

i
≃ ln

m2 + 0.5

m1 − 0.5
,

5 This work uses logical time: the number of memory references since program starts.
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Equation 5 can be simplified to the following form:

P2(bi) ≃ [

LT∑

j=i+1

P1(bj)

−→
bi −

←−
bi

−→
bj −

←−
bj

ln

−→
bj − 1.5
←−
bj − 1.5

] +

P1(bi)
−→
bi −

←−
bi

[
−→
bi −

←−
bi − 2− (

←−
bi − 1)ln

−→
bi − 1.5
←−
bi − 0.5

]

Second, Equation 4 reveals the relation betweenP (bi) andP (bi−1) as follows:

P (bi) = P (bi−1) +
P2(bi−1) + P2(bi)

2
.

So, given allP2(bi)s, the time complexity of obtaining allP (bi)s is O(LT ). Ap-
parently, the time complexity of computing allP2(bi)s isO(LT

2). Therefore, the com-
plexity for computing all ofP (bi) is O(LT

2). With the simplification toP (k, bi) by
the first change, the time complexity of this extended algorithm isO(LT

2), orders of
magnitude lower than that of the basic algorithm.

3 Measurement Acceleration for Efficiency

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

The measurement of time distance requires detailed recording of memory refer-
ences. We use a binary instrumentation tool, PIN [11], to insert a function call for
recording the memory address after each memory reference. Algorithm 1 shows the
basic implementation of the recording procedure. It first stores the accessed memory
address into a buffer and then checks if the buffer is full. When it is full, a procedure,
ProcessBuffer(), is invoked to calculate the time distances in the buffer andrecord them
into a histogram.

Algorithm 1 Basic measurement of time distance
ProcedureRecordMemAcc (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 execution significantly. To re-
duce the overhead, we optimize the procedureRecordMemAcc( )by removing the
branch and function call in it with the help of MMU. When the instrumented program
starts, through MMU, the last page of the arraybuffer is set to be non-writable. When



7

Algorithm 2 Portable MMU-based optimization for time distance measurement 1
ProcedureRecordMemAcc (address)

buffer [index++]⇐ address;
end

// Procedure to handle memory access fault
// Initially, the last page of buffer is locked
Proceduresig SEGV H (siginfo)

faultAddr⇐ GetFaultAddress (siginfo);
if IsInLastPage(faultAddr, buffer)then

ProcessBuffer ( ); //Calculate and record reuse distances
OpenLastPage (buffer); //Open the access permission of the last page
Close2ndToLastPage (buffer); //Close the access permission of the second to last
page

else ifIsIn2ndToLastPage(faultAddr, buffer)then
ProcessBuffer ( );
Open2ndToLastPage (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 page access violation signal is trig-
gered. In the customized signal handler, the procedureProcessBuffer()is invoked and
the buffer index is reset. This optimization removes the necessity for buffer boundary
check, reducing procedureRecordMemAcc( )to just one statement as shown at the top
of Algorithm 2.

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

We address that problem using a portable scheme, shown by proceduresig SEGVH
in Algorithm 2. Initially we close the permission to access the last page ofbuffer. The
signal handler opens the permission of thelastpage and closes thesecond to lastpage.
(The variable for the buffer index is reset.) The execution continues until trying to access
the second to last page ofbuffer. The signal handler then opens the second to last page
and closes the last page again. By using the last two pages alternatively to signal the
end ofbuffer, this scheme removes the necessity for modifying specific register values.

The optimization accelerates time distance measurement by3.3 times as shown in
Section 5. The significant benefits come from three sources. First, it directly reduces the
number of instructions and branch miss predictions in the recording procedure. Second,
it reduces the overhead of the dynamic instrumentor. The instrumentor, PIN, uses a
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virtual machine equipped with a just-in-time compiler for dynamic instrumentation.
Fewer instructions in the analysis code leads to fewer computations in the virtual ma-
chine. Third, the optimization enables the inlining of the recording procedure. PIN is
strict in inlining since the instrumented procedures usually have a large number of call
sites. The control flow in the basic implementation preventsPIN from inlining the pro-
cedure, causing high calling overhead. Function calls in PIN are especially expensive:
At an function call, PIN calls a bridge routine that saves allcaller-saved registers, sets
up analysis routine arguments, and finally calls the target function [11].

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

4 Trace Generator for Evaluation

Although this work is on measuring locality from data accesses, this section discusses
the reverse problem—how to generate data traces from locality. The initial motivation
is for the evaluation of our locality approximation model: Although the model demon-
strates high accuracy for SPEC CPU2000 benchmarks, the reuse distance histograms of
those programs fall into several categories, covering onlya small portion of the entire
histogram space. The capability to generate data access traces that satisfy given local-
ity requirements is desirable: We can freely use various traces to evaluate the locality
model comprehensively. Although this capability providesconveniences for many lo-
cality studies, we are not aware of any prior explorations onit.

This work constructs a stochastic trace generator. Its inputs include a reuse distance
histogramP , and the lengthT and the number of distinct variablesN of the trace to be
generated; its output is a data reference sequence satisfying the input requirements.

4.1 Algorithm

Algorithm 3 contains the pseudo code of the trace generator.For the purpose of clarity,
the following explanation assumes that the bars in the histograms are of unit width.
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The first step is to construct the cumulative distribution ofthe given reuse distance
histogram. The probability for a data access to have reuse distance no longer thani is
calculated asCi =

∑i
j=0

Pj , where,Pj is the probability for a data access to have
reuse distance ofj—that is, the Y-axis value at reuse distancej in the reuse distance
histogram.

The second step is to fill a variable into each position in aT -element trace. The first
N positions are simply filled by all the variables. (The order does not matter.) To explain
the process of filling the remaining positions, we use the example shown in Figure 3. In
the example, there are 8 possible reuse distances 0 to 7. Their cumulative probabilities
Ci (i=0,1,. . .,7) separate the range [0, 100%] into 8 segments,[0, C0], (C0, C1)], . . .,
(C6, C7] (apparentlyC7 = 100%), shown on the Y-axis of the cumulative histogram.

Every time, a random numberα is generated whose value is between 0 and 1. Ifα
falls into segment(Ci−1, Ci], the trace generator usesi as the desired reuse distance of
the current position and identifies the corresponding variable and put it into the current
position. For example, if the current data trace is “. . . a b c b c” andα is 0.05, the
segment thatα falls into is(C1, C2]. Therefore, the reuse distance of the current position
should be 2. Because “a” satisfies the distance requirement,an instance of “a” is put into
the current position.

Algorithm 3 Algorithm to generate a data trace from a reuse distance histogram
ProcedureGenTrace (RDH[], N, T, trace[])

// RDH[]: the given reuse distance histogram;
// N: the number of distinct data;
// T: the length of the trace to be generated;
// trace[]: the array to contain the generated trace;
BuildCH (RDH, CH); // build cumulative histogram from RDH

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

trace[i] = var[i];
end for

// fill the rest
for i=N to T do

a = random();
s = findSegment (a, CH); //find 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 generated by Algorithm 3 satisfies the input
requirements.
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Theorem 1 In a trace generated by Algorithm 3, the statistical expectation of the num-
ber of accesses that have reuse distance ofi is (T ∗ Pi) (i=0,1,. . .,N-1)—that is, the
statistical expectation of the reuse distance histogram ofthe generated trace is equal to
the given histogram. (T : the number of total accesses;Pi: the value of theith bar in
the given reuse distance histogram.)

To see the correctness of the theorem, notice that the probability for α to fall into the
ith segment in the cumulative reuse distance histogram is equalto Pi. This is because
α is uniformly distributed between 0 and 1, and the length of the ith segment isPi.
So, if the trace generator follows Algorithm 3, the probability for a generated data to
have reuse distance ofi equalsPi; the conclusion thus follows. (The proof assumes
T >> N , which holds for most program executions.)

Finding the data with reuse distance ofi takesO(logN) time when we organize
the last access to each data in a binary tree. The time complexity of the whole trace
generation is thereforeO(T logN).

5 Evaluation

Our evaluation platform is an Intel Xeon 2GHz processor running Fedora Core 3 Linux.
We use PIN 3.4 for instrumentation and GCC 3.4.4 (with “-O3”)as the compiler. We
employ Performance Application Programming Interface (PAPI) [3] to read hardware
performance counters.

This section first presents the benefits from the portable MMUscheme in acceler-
ating the measurement of time distance, then reports the efficiency and accuracy of the
scalable algorithm on real programs, and finally shows the accuracy of the trace genera-
tor, along with its uses in the evaluation of the reuse distance approximation 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 15.7 389.4
equake 69.4 3.9 354.9
mesa 67.8 4.7 522.3
mgrid 67.3 2.2 409.6
Average 66.7 18.0 328.9
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Table 1 shows the effect of the portable MMU-based optimization on time distance
measurement. The 9 benchmarks are randomly chosen from SPECCPU2000 suite.
We use theirtrain runs for measurement. The second column in the table contains the
reduction of the total instructions executed by the instrumented code. The optimiza-
tion reduces 60–69% instructions with an average of 66.7%. The Third column shows
that the optimization reduces branch miss prediction by 2.2–74.3% with an average of
18%. Together, the two kinds of reduction accelerate the time distance measurement by
99–522% with an average of 329%. We apply this MMU-based optimization to direct
measurement of reuse distances (based on Ding and Zhong’s method [7], the fastest
tool we know), but only see 34.4% average speedup. This relatively modest speedup
is because the major bottleneck in reuse distance measurement is in the computation
of reuse distances rather than memory monitoring, whereas,the computation of a time
distance is trivial—only a single reduction operation.

5.2 Locality Approximation on SPEC ref Runs

We use theref runs of the 9 SPEC programs to evaluate the effectiveness of the scalable
algorithm for reuse distance histogram approximation. Compared to thetestandtrain
runs used in our previous work [16], theref runs are over 8 times longer, including a
wider range of reuse distances, which pose more challenges to measurement efficiency.

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

The accuracy is measured on a linear scale: The width—that is, the range of reuse
distance—of each bar in the histograms is 1000. The formula tocalculate the accuracy
is (1−

∑
i |Ri − R̂i|/2), where,Ri is the Y-axis value of theith bar in a real histogram,

andR̂i is for the approximated histogram. The division by 2 normalizes the accuracy to
[0,1].

As shown in Table 2, the accuracy for element reuse is 82.8% onaverage. Bench-
mark mcf has the lowest accuracy, 42.6%, due to the unusual thin peakson its reuse
distance histogram. The accuracy on the cache-line level ismuch higher, 94% for
mcf, 98.6% on average. This higher accuracy is because a data item on this level be-
comes larger, and results in a smaller range of reuse distances. Most local peaks in the
histograms are therefore smoothed out. Because most uses ofreuse distance requires
cache-line level information (e.g., for cache performanceanalysis), the occasional poor
accuracy on element reuses has little effect. Compared to the latest reuse distance mea-
surement [7] (with the MMU-based optimization), the approximation technique im-
proves the speed by a factor of 17.

5.3 Trace Generator

We evaluate the trace generator on reuse distance histograms of some Normal and ex-
ponential distributions, two kinds of distributions that are close to typical data reuses.
In the exponential distribution, the height of a bar at reusedistance ofk 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 99.4 16.7X
gzip 99.0 19.0X 99.5 17.0X
mcf 42.6 8.3X 94.0 18.2X
twolf 88.2 5.9X 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 23.7X 98.5 15.1X
mesa 97.3 26.3X 100 14.0X
mgrid 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 20to 200; the
histograms change from a shape with thin high peaks to a flatter shape as illustrated by
Figure 4. The figure also shows the histograms of the generated traces, whose curves
fluctuate around the given histograms. In our experiments, each trace contains 50,000
references to 500 variables. To prevent histogram bins fromhiding inaccuracy, we let
each bin in the histograms have width of 1.

The second column in Table 3 reports the accuracy of the tracegenerator, reflect-
ing the difference between the generated and the given histograms. All accuracies are
greater than 96%, demonstrating the effectiveness of the trace generator in meeting the
input requirements. The last column of the table contains the accuracy of the histograms
that are approximated by the scalable algorithm presented in Section 2.3. On average,
the accuracy is 95.5%, demonstrating the effectiveness of the algorithm 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 understanding andimproving locality in basic
blocks and loop nests. McKinley and Temam carefully studiedvarious types of local-
ity within and between loop nests [14]. Cascaval presented acompiler algorithm that
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Fig. 4. Reuse distance histograms of two Normal distributions, along with thoseof the generated
traces.

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

As a locality model, reuse distance has been studied for several decades since Matt-
son et al.’s first measurement algorithm [13]. A more recent work is from Ding and
Zhong, who proposed an approximation algorithm that used dynamic tree compres-
sion [7] to reduce time complexity toO(T loglogN). Shen et al. discovered the statis-
tical connection between time distance and reuse distance,and proposed an algorithm
to approximate reuse distance from time distance [16]. Thiscurrent paper exposes the
extensions to the algorithm to make it more scalable, meanwhile presenting a portable
scheme for resolving the bottleneck in the implementation of the algorithm, and de-
scribing a trace generator to facilitate the evaluation.

7 Conclusions

This paper presents a set of techniques to efficiently approximate reuse distance his-
tograms on arbitrary scales. It describes an extended algorithm that significantly re-
duces the time complexity of the basic algorithm. It exposesa portable MMU-based
optimization that accelerates time distance measurement by more than a factor of 3.
Finally, it presents a trace generator that facilitates thecomprehensive evaluation of the
approximation algorithm. The output from this work will enhance the applicability of
reuse distance in practical uses, opening new opportunities for program analysis and
optimizations.
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