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Abstract. On Chip Multiprocessors (CMP), it is common that multiple cores
share certain levels of cache. The sharing increases the contentiochiz aad
memory-to-chip bandwidth, further highlighting the importance of datalityca
analysis.

As arigorous and hardware-independent locality metric, reuse desteas served
for a variety of locality analysis, program transformations, and perémce pre-
diction. However, previous studies have concentrated on sequawggbms run-
ning on unicore processors. On CMP, accesses by different gieagbbs) in-
teract in the shared cache. How reuse distance applies to the newdatrhite-
mains an open question—particularly, how the interactions in shared afiebe
the collection and application of reuse distance, and how reuse-disteses-
locality analysis should adapt to such architecture changes.

This paper presents our explorations towards answering those qedtitirst
introduces the concept obncurrent reuse distance, a direct extension of the tra-
ditional concept of reuse distance with data references by all aufrgthreads
(or jobs) considered. It then discusses the properties of contuetese distance,
revealing the special challenges facing the collection and application oficon
rent reuse distance on CMP platforms. Finally, it presents the sodutiothose
challenges for a class of multithreading applications. The solutions centar
probabilistic model that connects concurrent reuse distance with théodata
ity of each individual thread. Experiments demonstrate the effectbgeokthe
proposed techniques in facilitating the uses of concurrent reuseckstar CMP
computing.

1 Introduction

Because of the well-known memory wall problem, on trad#ilcarchitecture, data lo-
cality has been one of the most prominent factors that déterthe performance of a
program. Its importance becomes even more pronounced oarm@ihip Multiproces-
sors (CMP), where cache and memory bandwidth are shared tynéng number of
cores.

In decades of locality research on uni-core architectwe dasses of metrics have
been used. One is on the hardware level; an example is caskeates. The other is on
the program level; reuse distance is a representative eRfistgnce is also called LRU
stack distance [19], referring to the number of distincaddéments referenced between
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this and the previous accesses to the same data element|[i&e bardware-level met-
rics, reuse distance is inherent to a program, independemardware configurations
but applicable for the performance prediction of variousdhere. It is accurate, and
from point to point (from one access to another). In contrastache miss rate is an
average value over an interval. Furthermore, reuse distappears to be cross-input
predictable for many programs [9, 36]. These features makppealing for a wide
range of uses in software refactoring [3], data reorgaiund84, 36], performance pre-
diction [32, 33, 17], memory disambiguation [10, 11], safte~controlled object-level
partitioning [16], and so forth.

The rise of multicore has complicated the characterizapibdata locality. With
cache being shared among multiple cores, accesses to méy@nprocess are not
solely determined by that process itself, but also affebietthe other processes running
on the same chip. The processes (or threads) that co-runtop aquipped with shared
cache are called theache sharers or co-runners of one another.

Many recent studies [14, 20, 21, 12] in the architecture hes@ started to explore
the implications of such architectural changes to the appiin of hardware-level lo-
cality metrics. But we are not aware of any such systemaiities on reuse distance.

In this work, we initiate an exploration in that directiorh&exploration reveals that
in CMP environments, reuse distance loses some of its a@pggaloperties, and that
loss impairs many of its uses. However, for a large class dfittmeading programs,
the loss is remediable through a probabilistic model thanhects co-run locality with
the memory behaviors of individual cache sharers.

Specifically, our exploration includes three componenitstFve analyze the com-
plexities in extending the traditional reuse distance rht@&€MP environments3ec-
tion 2). The analysis is based on a straightforward extensionettncept of reuse
distance. In the measurement of a reuse distance, the extendcept counts the num-
ber of distinct data elements afl cache sharers that are accessed between two con-
secutive references to the same data element. For clagtgall’such a reuse distance
concurrent reuse distance and the traditional onetandalone reuse distance. By com-
paring these two types of reuse distance, we uncover theitssdware-independence
by concurrent reuse distance and the special challengés imeiasurement. We show
that the loss of hardware-independence causes a chicketitegnma for performance
prediction. Furthermore, the dilemma is hard to resolveugh the standard iterative
approach.

Second, by drawing on the observations exposed in a recedy, sve find that
the hardware dependence of concurrent reuse distance caatalzed for a class of
multithreading applicationsSéction 3). Based on the relaxation, we develop a proba-
bilistic model to capture the statistical connections le&twconcurrent reuse distance
and standalone data locality for multithreading applmagi The model simplifies the
attainment of concurrent reuse distance, laying the folimd&r many of its uses.

Finally, we evaluate the accuracy of the probabilistic masheboth synthetic and
real traces $ection 4). The results demonstrate that with the probabilistic nhootn-
current reuse distance can be obtained in a reasonableagcsmggesting its potential
for locality enhancement in CMP environments. We conclindepaper with some dis-
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cussions on the potential uses and limitations of conctirearse distance, some related
work, and a short summary.

2 Concept and Properties of Concurrent Reuse Distance

Concurrent reuse distance is a direct extension of thetitvadl concept of reuse dis-
tance (standalone reuse distance). This section disctisdsstinctive complexities of
concurrent reuse distance and the implications by comgadtrinith standalone reuse
distance. As a preparation, we first review the propertiesumes of standalone reuse
distance.

2.1 Review of Standalone Reuse Distance and Its Properties

Standalone reuse distance is a widely used locality modétaatitional architecture
without cache sharing. It is also called LRU stack distardi®d,[defined as the number
of distinct data elements accessed between the currenhangtévious references to
the same element [9]. Its appealing properties includedheing.

— Rigorousness: Standalone reuse distance is point-to-point, offeringardus mea-
surement of locality. In contrast, a cache miss rate is amageevalue over an
interval, and its value depends on the length of the interval

— Value: The value of standalone reuse distance is bounded—no gtieatathe num-
ber of distinct data elements in the program. This propeatydimplified the search
for patterns between standalone reuse distance and pragtansize [9].

— Cross-Input Predictability: A number of studies have shown that the standalone
reuse distance histograms of many programs are predichabbss program in-
puts [9, 36, 24, 17]. This property is essential for its usegrbgram performance
prediction.

— Independence on Hardware: Standalone reuse distance is a program-level attribute,
determined by the program and input data sets, independéé thardware con-
figurations. But on the other hand, it is strongly relateddodivare performance.
As shown in Figure 1, from the histogram of reuse distands,éfsy to estimate
the cache miss rate of the execution on an arbitrary cache.

Different levels of standalone reuse distance suit diffetesses. The first class of
uses are for cross-architecture prediction of cache miss (as illustrated in Figure 1)
and program performance [17, 33, 32]. The used reuse destastbgrams are typically
on the whole-program level, with the accesses of all dathdrekecution considered.

The second class of uses is for program refactoring [3], dateganization [34,
36], and software-controlled object-level partitionirtp]. For these uses, the reuse
distance is typically on the object level; each reuse desamstogram corresponds
to an important data object (e.g., an array) in the programh& histogram reflects
the match or mismatch of cache and the accesses to the afffecing hints for data
transformations or cache partition.

The third class of uses is on the instruction level. From ik&adce of data store in-
structions, Fang and others [11] accurately determine aohvgpecific store instruction
a load depends, and use that information for memory disaumakin.
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Fig. 1: The histogram of the standalone reuse distance of an executieny. lBemory reference
on the right side of the cache-size line is considered a cache miss bdoausany other data
have been brought into cache since its previous reference.

2.2 Concurrent Reuse Distance

Concurrent reuse distance is a straightforward extendi@taadalone reuse distance
for programs running on shared cache. It is defined as the ewdaildistinct data ele-
ments thasll sharersof a cache access between the current and the previousedsre
to the same data element. In this section, we consider therglecase, where cache
sharers can be independent programs, or threads of paxpfiétations that share the
same address space.

Properties As a straightforward extension, concurrent reuse distkeeps some prop-
erties that standalone reuse distance has. It is poinbitt;@nd its value is bounded, no
greater than the sum of the numbers of total distinct dataetés of all cache sharers.

However, concurrent reuse distance has a distinctive prope
Its value depends on the relative execution speeds of chelners.

Consider two processeB; and P,, running on a chip with shared cache. The pro-
cessP; conducts a sequence of memory referencesbals: (each letter for one data
element) during a time intervdl (called areuse internal). Without loss of generality,
supposeP; and P, access different sets of data in that interval. The conotineuse
distance of the second accessitis 2 + x, where2 is the number of distinct data ele-
ments § andc) accessed by, in that time interval, and is the number of distinct data
elements accessed % in that time interval. The value af depends on the relative
speeds of the two processess Speed(Ps)/Speed(P;). The larger- is, the more data
are likely to be accessed 15} in that time interval, and hence the greatéends to be.

Challenges This property results in some implications important far theasurement
and application of concurrent reuse distance.
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Challengesto Measurement. Traditional approaches are insufficient for measuring con-
current reuse distance. A typical way to obtain standalense distance is through pro-
gram instrumentation, which inserts memory monitoring athetr relevant instructions
into the program code so that when the program runs, thetawsarstructions would
collect the memory reference trace and compute the stameladwise distance.

The instrumented program typically runs hundreds of tinh@ser than the original
program does. This slowdown causes inconveniences butrors ¢o the collection of
standalone reuse. However, for concurrent reuse distémes|owdown would change
the relative running speedamong cache sharers, hence causing measurement errors.

To examine the seriousness of this problem, we measure havh the relative
speed- changes because of the instrumentation. We use a set oiniyndoosen SPEC
CPU2000 programs and a dual-core Xeon 7120M with 4MB shaBecdche. For ev-
ery pair of the programs, say programndj, we first run them on two sibling cores
and record their respective average IPCs (instructionsymse), denoted asPC; and
1PC;, by reading the hardware performance counters through EAPIVe then use
PIN [37] to instrument the programs with the code for theaxdtibn of standalone reuse
distance. We run the instrumented version on the two sildorgs and record the new
IPCs asl PC; and I PC}. The relative running speeds before and after the instrumen
tation arer = 1PC;/I1PC;, andr’ = IPC}/IPC}. We compute the changes of the
relative running speed as follows:

change of relative speeds = |r —1'|/r. Q)

Table 1 reports the results. After instrumentation, théed#hces of the speeds of
those programs become smaller than before. This phenonigndnitive considering
that the instrumented code dominates the running time gbraljrams. (The instru-
mented code is similar for all programs.) The 31-248% chsuof¢he relative speeds
caused by the instrumentation suggest the large depaiftine oneasured concurrent
distance from the real. This large departure hurts many okesncurrent reuse dis-
tance as most typical uses of reuse distance—such as progfactoring, data reorga-
nization, object-level partitioning, memory disambigaat—have relied on an accurate
measurement of the reuse distances.

Table 1: Changes of Relative Running Speeds Caused by Prograomestation

sharers 18&4|12&4|3&4]|1&5|2&5/3&5[|1&6|2&6(3&6
r 0.40|0.59|0.25| 0.44| 0.55| 0.43| 0.37| 0.48| 0.30
r 0.77|0.77|0.87|0.93/0.89| 0.93/0.99| 1.11| 0.88
changes (%4)92.5| 30.5| 248 | 111 |61.8| 116 | 168 | 131 | 193

* programs: 1-ammp; 2-art; 3-mcf; 4-bzip2; 5-gzip; 6-mesa.

Deprivation of Hardware-Independence. The reliance on relative execution speeds of
cache sharers deprives concurrent reuse distance of haritveependence. That inde-
pendence has been a property important for many uses obdtarecreuse distance. The
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deprivation is because the variance in running environgaestich as the cache size,
the number of cores per chip, the operating systems—oftewtafthe running speeds
of different programs in different degrees, and hence obsitite relative speeds.

Table 2 shows the changes of the relative speeds when thensdhappen on a
quad-core Intel Xeon E5310 processor with two 4MB L2 cacheach chip, com-
pared to their co-runs on the dual-core Xeon 7120M. Four efcitrruns show negli-
gible changes. Examination shows that the IPC of each of thgrams does change
considerably in the two architectures. For instance, incthveuns ofammp andbzp2
(i.e., 1&4) , the IPCs odmmp are respectively 0.34 and 0.79 on the two machines. But
the IPC ofbzip2 changes proportionally from 0.72 to 1.97. Their relativeests hence
remain the same. However, the relative speeds of the otleecdiruns do change sub-
stantially, from 19% to 31%, reflecting the hardware-deece of concurrent reuse
distance.

Table 2: Changes of Relative Running Speeds Due to ArchitecturarbBiftes

sharers 1&4|2&4|3&4|1&5(2&5[3&5|1&6(2&6|3&6
r 0.40| 0.59| 0.25] 0.44| 0.55| 0.43| 0.37| 0.48] 0.30
r 0.40/0.48| 0.3 | 0.57|0.72| 0.54| 0.37| 0.48| 0.31

changes (%) 0 |18.6|20.0/29.5/30.9|/25.6| O 0 | 33
*r:on Xeon E5310; r': on Xeon 7120M.
* programs: 1-ammp; 2-art; 3-mcf; 4-bzip2; 5-gzip; 6-mesa.

Chicken-Egg Dilemma. As a consequence of the hardware-dependence, one of the
main uses of standalone reuse distance—cross-architgetformance prediction [9,
36, 24, 17]—becomes difficult if not impossible for concutnezuse distance. The diffi-
culty is a chicken-egg dilemma as illustrated in Figure 22 Thimate target of the per-
formance prediction is the IPC on the new platform, whichuigmsed to be predicted
from the reuse distance collected on a training platfornis Phediction is possible for
standalone reuse distance because the distance is intetiet program (and input
data sets) and do not change across architecture. Howesgmediction becomes dif-
ficult for concurrent reuse distance because of its deperdefnarchitecture. To solve
this issue, we need first predict the concurrent reuse distan the new architecture.
This prediction however depends on exactly what the coeatireuse distance is used
to predict—the IPC. This inter-dependence forms a chiclgneilemma, as showed
by the circular flow in Figure 2.

A typical way to solve such kind of dilemmas is through iteaprocesses. For this
particular problem, the process may start with guessingedaitial values for the IPCs
of co-running jobs. Suppose we have two co-running jétend.J and their IPCs are
initially guessed to bé& PCy(I) andI PCy(J). The concurrent reuse distances can then
be approximated, denoted @R Dy (I) andCRDy(J), from which, the IPCs can be
updated accordingly téPC4 (I) andI PC:(J). This process continues until reaching
a stable point, where the distances or the IPCs remain aurateoss iterations.
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Fig. 2: The difficulty in applying concurrent reuse distance (CRD) ¢ssiplatform performance
prediction. The inter-dependence between CRD and IPC forms a chédgdilemma.

Further analysis however shows that this iterative prodess not work for concur-
rent reuse distance as illustrated in Figure 3. Without tdggenerality, assume

IPCy(J)  IPCy(J)
1PCL(I) ~ TPCo(D)’

It means that the relative speed $Hf(with the speed of in the respective iteration
as the baseline) becomes lower in iteration 1 than in itmafi. So more data of
would be likely to be accessed in a reuse interval af iteration 1 than in iteration O.
The result is that the distances@R D, (J) would be larger than those iR Dy(.J).
For the opposite reason, the distancesCiRD, (1) would be smaller than those in
CRDy(I). Consequently, the number of cache misses predicted@&b, (J) would
be higher than fron® RDy(J), leading to a further decrease bBPC(.J) and a further
increase off PC(I). Hence,(IPCy(J)/IPCy(I)) would become even smaller than
(IPCy(J)/IPCy(I)). This decreasing trend would continue for more iteratiomsl u
the ratio becomes 0 (unless it stops in a local trap).

CRD(I)f

/ CRD(I)l\

IPC(J) ! CacheMiss(J) 1
IPC(D) CacheMiss(I) |

\ IPC(J)]| /

IPC()t

Fig. 3: Analysis showing that the iterative approach cannot solveliicken-egg dilemma in
performance prediction based on concurrent reuse distance.

In summary, this section shows that despite being a dirdension of standalone
reuse distance, concurrent reuse distance is both hardasureeand difficult to use in
multicore environment. These conclusions are obtainealitiitr an analysis of general
co-runs. Fortunately, the next section will show that thdiffeculties can be overcome
for a class of important multithreading programs.

7
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3 Concurrent Reuse Distance for Multithreading Programs

The previous section shows the difficulties in applying eonent reuse distance to
independent programs co-running on a multicore platform. This sectiooves that for
co-running threads of multithreading program, those obstacles are circumventive.

The solution is based on some recently uncovered featutbe @xecution of mul-
tithreading programs on multicore processors. At the Keshehe solution is a prob-
abilistic model that connects concurrent reuse distantle thie data locality of each
individual thread. We first examine the features of the rthukdading programs and
then present the probabilistic model.

3.1 Independenceto Architectureand Inputs

A recent study [30] on PARSEC [4], a suite of contemporarytitiubading bench-
marks, exhibits two phenomena. First, for most of those anog (except pipelin-
ing programs), all parallel threads conduct similar corapahs. Second, the relations
among threads, in terms of the amount of shared data and coivations, are quite
uniform across different thread groups. These phenomelthdwwoss architectures,
numbers of threads, assignment of threads to cores, infausdes, and program phases.

The implication to concurrent reuse distance is that coptathose of the co-runs
of independent programs, the relative speeds among thteaddo remain the same
across architectures and program inputs. For confirmatiemyun all the non-pipelining
pthread programs in PARSEC on two types of architectureg ®muad-core Intel
Xeon E5310 processors with two 4MB L2 cache on each chip. Tiherds dual-core
Xeon 7120M with 4MB shared L3 cache. We employ two inputs facleprogram, a
small one §imlarge) and a large onenfitive). The running times on the two inputs differ
by a factor of 43 to 180. In every run, 8 threads are createchembound to cores such
that adjacent threads (e.g., threads 0 and 1) are ensunail ém two sibling cores with
cache shared.

Table 3 reports the relative running speeds between twaicoing threads (e.g.,
IPC(thread 0)/1PC(thread 1)). The numbers are the average of five repetitive runs (neg-
ligible variation appears among the five runs). The bottor taws are the average
changes in the relative speeds— computed in a similar wayoasitHa 1 in Sec-
tion 2.2—caused respectively by the variation of architextind program inputs. The
unanimous close-to-1 relative speeds indicate that twainaing threads have virtually
the same speeds, no matter on what machine they run or whas ithey use.

We note that the absolute speeds of two co-running threadbalmye across archi-
tectures and inputs. But they change in the same rate sdtiatélative speed remains
the same. As it is the relative speed that matters to the camtureuse distance, the
results confirm the independence of the concurrent reussndis of those programs to
architecture and input data sets.

3.2 Probabilistic Model for Approximating Concurrent Reuse Distance

The previous section suggests that concurrent reuse déstaipotentially useful for a
class of multithreading applications. To realize the ptédnit is important to explore
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Table 3: Relative Speeds of Co-Running Threads in Multithreading Agajbiecs and the Changes
Due to Architecture and Input Variations

input  |machine IPC(thread 0)/IPC(thread 1) for programs
blackscholehodytrackcannedfacesinjfluidanimatestreamclusteswaptions
simlarge7120M 1.00 0.96 1.00 | 1.00 1.00 1.00 1.00
E5310 1.00 1.00 1.00 | 1.00 0.99 1.00 1.00
native |7120M 1.00 0.92 1.00 | 1.00 0.99 1.00 1.00
E5310 1.00 0.99 1.00 | 1.01 0.99 1.00 1.00
changes by arch. (%) O 5.9 0 0 0.5 0 0
changes by input (%) 0 2.6 0 0.5 0.5 0 0

the connections between concurrent reuse distance andetm®m behaviors of indi-
vidual threads. The rationale is that if concurrent reustadice can be derived from the
locality information of each individual cache sharer, tig@aling properties of stan-
dalone locality would directly benefit the prediction angkgation of concurrent reuse
distance.

Overview We propose a probabilistic model to derive concurrent relis&nce his-
togram from locality information of each individual threéthe model starts with the
locality of individual threads, characterized witime distance histograms. Time dis-
tance is defined as the number of memory references in a reuse aiitelv the refer-
ence sequence “a b b ¢ a”, the time distance of the final acsebgwhile the reuse
distance is 2.Jime distance histogramis similar to the reuse distance histogram shown
in Figure 1 except that the X-axis is replaced by time distanc

The probabilistic model includes two parts. The first corepuithe number of dis-
tinct data elements accessed by each cache sharer in aargrbite interval. The sec-
ond handles the effects that data sharing among threadsé@smm concurrent reuse
distance. The next two sub-sections explain the two pasisectively.

Part | : From Timeto Data Accesses Let M () (A) represent the statistical expectation
of the number of distinct data accessed by progdassan arbitraryA-long time inter-
val. The goal of this part of the model is to computg?) (A) from the time distance
histogram of the procegs

The computation includes three stefep 1. From the time distance histogram
of each data object, we calculate the probability for a ddtieat, sayO,, of pro-
cessj to appear in aA-long time interval, denoted by;(A). Sep 2: From P;(A)
(: =0,1,--- , N — 1; N is the total number of distinct data objects ever accessed by
processj in its entire execution), we obtain the probability for tlaterval to contain
k (k = 0,1,---, N) distinct objects of process denoted byP(k, A). Sep 3: From
P(k,A), we compute the expected number of distinct objects thatgssy accesses
in the interval, which is the value di/()(A). We explain each of the three steps as
follows.

! We use logical time—that is, the number of data references—for théhefign interval.
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Compute P;(A)

For the objecD; to be accessed in A-long interval, it can be either accessed in
the first A-1 time points, or, not until the end of the interval. With{ A) representing
the probability for the data to be not accessed until the éntleointerval,P;(A) can

be expressed as P(A) = P(A - 1) + ¢;(A).

Hence the following equations:

Pi(A—1)=P(A—2)+q(A—1);
Pi(A—2)=P(A—-3)+q(A-2);

Pi(1) = P;(0) + qi(1).

Apparently P;(0) is 0 (no objects can be accessed in a 0-long interval.) Desluct
from these equations produces the following formula:

A
A) = Z%(T)- @

Notice thaty;(7) equals the probability foD; to 1) be the final data reference in an
interval of lengthr, and meanwhile?) have a time distance larger tharat that data
reference (otherwise, it would be also accessed at othetsdaithat interval.) Witfpl(.l)
andpl@) respectively denoting the probabilities for the two coiadis to hold g; () can
be computed ag () = p\"p?.

The probab|I|typZ comes directly from the time distance histogram (denoted as
H;) of objectO; 3325 1 Hi(0). W|thp = n;/T (n; is the total references 10,
in all theT data references in the executiog),7) can be computed as

a:(7) :% 3 Hi(9). 3)

6=7+1

Together, Equations 2 and 3 lead to the following computatibP; (A) from the
time distance histogram:

n

AT
?Z > Hi(9). (4)

7=1d6=7+1

<.

Compute P(k, A) and M) (A)
With P;(A) (¢ = 0,1,--- , N — 1), we can compute the probability for an interval
to containk distinct data, denoted &@3(k, A) as follows:

P(k,A) =" ¢ (the probability for the interval to contain and only contail
the members of),
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where,S is ak-member subset ol = {O1,0,--- ,On_1}. Using P;(A), P(k, A)
can be computed as follokis

P(k,a)y= % ((JIA@) [T a-pia)). ©)

S:|S|=k;SCA i€S JEA—S

Recall thatM () (A) is the statistical expectation of the number of distincadat-
cessed by procegsgn an arbitrary time interval of lengti. According to the definition
of statistical expectation, we can computé?) (A) from P(k, A) as follows:

min(A—1,N)
MDAy = > k-P(k,A) (6)
k=0

Discussion. When there are no data sharing among cache sharers, a cambifat
their M9 (8)s (j = 1,2,...# of sharers) is enough to approximate their concurrent
reuse distance histograms. Léte the time distance of a data reuse by progess
Supposel; is the number of memory references by one of its cache shamersess,
during the same (physical) time period. The concurrentaelistance of procegscan
be computed a87)(d) + 37,c i1 co— runmers M (ds). (Note, the values of andd;s
may be different, depending on the relative speeds of cduiress.)

This combination, however, is not sufficient for co-runnthgeads in multithread-
ing applications because of the effects of inter-thread dhaaring.

Part 11: Handling Data Sharing In this section, we use the following example for
explanation. There are two co-running threddsand7,. Suppose in a certain time
period, the memory reference sequence is

abXXbXcdXa

where, an Xrepresents some reference conducte@fyyand the other letters represent
the references b¥;. Clearly, this time period corresponds to a reuse interfadfer-
ence to “a” in the standalone execution@f with standalone reuse distance of 3 (for
accesses to b, ¢, and d). We now examine its correspondirayizent reuse distance
for element “a” in three scenarios.

— Scenario 1: All )6 are something different from the data accesse'by et the
four Xs be “p g p q”. Apparently, the concurrent reuse distance efé¢use inter-
val is just the sum of the numbers of distinct data in each eftito standalone
reference sequences: 2 = 5.

— Scenario 2: The fourXare “p a p q”. This scenario illustrates the first effect dhda
sharing. The reference to “a” breaks the reuse intervaltimto “a b pa” and “ab p
c d ga”. The consequence is that the original reuse intervalinesaneaningless.

2 This computation, as most trace-based locality analyses (e.g5,[83B, assumes data dis-
tribute independently from one another. Results of those previougstbdve shown minor
influence of the assumption on locality characterization when the progoatains a large
number of data.
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The approximation of the ultimate concurrent reuse digamd7; has to include
a reuse distance of 2 (for “a bgj) and a reuse distance of 5 (for tapc d ga”).

— Scenario 3: The four Xare “p ¢ p ¢”. This scenario illustrates the second effect
of data sharing. Because “c” is referencedyyin that interval, the references to
it by 75 should not be counted in the concurrent reuse distance. &Setulting
concurrent reuse distancedis- 1 = 4 (rather than 5 as in Scenario 1).

The last two scenarios show the two effects of data sharingooicurrent reuse
distance approximation.

To approximate the concurrent reuse distance of co-rurthiegds, we first assume
no data shared across the threads, and apply the modelgskiriPart | to compute a
concurrent reuse distance histograi for each thread. We then revigg by consid-
ering the two effects of data sharing. The revision triesrtd the statistical expectation
of the correct concurrent reuse distance for each reuseahiontained ink’.

To explain the revision step, we first introduce some notatid-or simplicity, we
assume there are only two co-running threads.Xetind N, represent the total num-
bers of distinct data accessed by thread 1 and thread 2 (inethire execution)S
represent the set of data shared by the two threads. Suphyatidbdre is a reuse interval
V' with ending elements as accessed by thread 1 and its reuse distanc®’ iis d’
(which needs to be revised in this revision process).rl;eandn, be the numbers of
distinct data among the data accessed respectively by théhteads ifd/; both can be
computed by Equation 6.

Treating the First Effect The revision step first treats the interval-breaking effaat
data sharing may impose to the concurrent reuse distaneeséttond effect is tem-
porarily ignored). It computes the probability for the reusterval V' to be broken.
That event happens only when the following two events bottuncThe first is that

is a shared data element; clearly the probabilitySi N;. The second is that ever
appears in the references by thread 2 in the inteWahs any of then, data ele-
ments could be;, the probability isns/No. So the probability for the reuse interval
to be broken ig|S|/N1) = (n2/N2). Because: may appear anywhere Wi, assume
the broken effect distributes to all sub-intervaldotiniformly. The probability for the
resulting reuse intervals to have reuse distance ¢ = 0,1,...,d’) is the same,
(|S|/N1) * (n2/N2)/(d" + 1). Hence the number of reuse intervals of distande R’
should increase b{{S|/N1)*(n2/N2)/(d' +1). Meanwhile, because the original reuse
interval is broken, the number of reuse intervals of distafiéin R’ should decrease by
(|S|/N1) * (n2/N2). We useR” to denote the resulting histogram after this treatment.

Treating the Second Effect In the treatment to the second effect of data sharing on
concurrent reuse distance, each interval is not breakatiteeanterval-breaking effect
has already been considered. For a reuse intdfval R”, let S; denote the set of
distinct data among all references conducted by thread hahitterval, andS, for
thread 2. InR”, the reuse distance of that interval would g+ no. In this step,

we want to correct this distance value by considering thettettmay be some overlap
betweensS; andS,. LetC represent the overlap set. ApparendlyC S. The probability

for |C| = cis
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a2 (DO

() G N d /N m—d JRe)\na =)0

where, (") « (1) is the possible ways to have a reuse interval like('5') (V! ~15)

is the number of ways fai shared data to appear ff1, and (¢) (2~ is the number

of ways for thread 2 to accesslata in thel shared data accessed by thread 1.
Those probabilities are enough to compute the statistiqga@ation of the concur-

rent reuse distance for every reuse distancg’inAlthough our explanation uses two

threads as the example, the model supports an arbitraryerushibo-running threads.

4 Evaluation

This section reports the accuracy of the concurrent rewssardie produced by the prob-
abilistic model. We use both the traces from real prograntssmme synthetic traces
for the evaluation. The synthetic traces allow us to test orgmeference patterns that
are not covered by the selected programs.

4.1 Synthetic Traces

In order to test the model on traces with various data reuserpa, we develop a trace
generator that produces data reference traces accordingets’ specifications. The
parameters that control the generated trace include tlenioly:

- n1,na, ..., ng: the number of unique data blocks (in the unit of cache limet)e
co-running programs.

— s: the data sharing rate. It is the total number of shared datk&divided byn;.

— distribution: the distribution of standalone reuse distances. We testfdtow-
ing typical distributions: the random, the exponential£ —0.97), the Normal
( mean = 100, std. = 33). Choosing these distributions is because they have
been widely used as the primitive distributions in statatimixture models [13];
the reuse patterns in many real traces can be regarded asntisénation of those
distributions [23].

The underlying scheme of the trace generator is a stochastiess similar to the
one used in standalone reuse distance studies [22].

Table 4 presents the accuracies on a set of traces. The bttteengroups above
the average row are the results when there are four co-rsina@rong which, the first
pair both haver; unique data items, and the second pair both have

Following previous work [9], we define accuracy @s— FE/2), whereFE is the
sum of the absolute differences between the predicted @k#i reuse histograms at
every reuse distance. Division by 2 normalizes the accursl®y 100%]. To completely
expose prediction errors, we use the finest granularity:Widéh of each bar in all the
histograms used in this experiment is 1.
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The overall average accuracy is 87.9%. For larger-graingwdrams (e.g., 1K-
wide bars in many real uses), the accuracy would be higherasénside a bar would
be smoothed out. The results also show that the effectigerfebe prediction approach
is not significantly sensitive to reuse patterns, indicdgdhe similar accuracy across
distributions. The presence of data sharing reduces trdigtian accuracy by 5-7%,
reflecting the extra complications caused by the sharingtaurrent reuse distance
approximation. For most cases, the prediction accuradyasea80%, verifying the ex-
istence of the statistical connections between concuregise distance and the memory
behaviors of individual threads, and demonstrating theab#ipy of the probabilistic
model in capturing such connections.

Table 4: Accuracy of the Prediction of Concurrent Reuse Distance diteatts

distr. s=0 s=10% $=20% average
n1=200|n1=200|n1=200|n:=200|n1=200|n1=200
12=100|n2=200|n2=100|1n2=200|n2=100n>=200
random |[94.9 [|93.3 91.3 ||90.0 |[89.7 [|79.8 |89.8
expon. |[93.2 /92.3 91.1 |92.2 93.4 {/90.1 92.1
normal |[95.9 [|94.6 94.4 {/80.8 93.4 |(/91.6 91.8
random+
expon. |[94.0 ||93.3 |[88.5 ||87.2 |[84.0 ||79.0 |/87.7
random+
normal {[93.9 ||93.5 (|87.4 /90.9 91.6 |/89.1 91.1
expon.+
normal |[93.6 [|94.2 92,5 |/79.9 92.2 /89.9 90.4
2random-
expon.+
normal ||88.2 |(|88.5 ||83.3 |(/82.0 |[82.5 ||81.6 |84.4
random+
2expon.+
normal |{89.0 (/84.8 70.1 ||72.8 ||85.3 (|83.5 |/80.9
random+
expon.+
2normal ||85.0 (|85.9 ||84.1 ||80.0 |(|81.2 ||81.2 ||82.9
average ([92.0 |91.2 |[87.0 |[|84.0 |/88.1 ||85.1 (|87.9

s: the sharing ratio. n1, ns: the number of distinct data of the co-running programs.

4.2 Tracesfrom Real Programs

Because instrumentation changes the relative speeds'iué sharers, the real memory
traces of co-running threads are difficult to collect on maalchines. For our evalua-
tion purpose, we employ a simulator to record the traces.sithalator is constructed
based on SIMICS [38] with GEMS [18], a cycle-accurate muttgessor simulator. The
simulated system is a dual-core UltraSPARC architectutie WVB shared L2 cache.
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We simulate three representative PARSEC programs [4]. &ar program, we use
the fast mode of the simulator to move into the region of igéthe labels to those
regions come with the original benchmarks) and then colteemory references in
one-million-cycle-long detailed simulation.

Programswaptionsis an Intel RMS workload which uses the Heath-Jarrow-Morton
(HJM) framework to price a portfolio of swaptions. The pragr uses few (23) locks.
There are 27% data that are shared between two threads ioltbeted memory refer-
ence trace. The prediction accuracy by the probabilistidehis 74%. The accuracy is
relatively lower than those on synthetic traces. The re&strat this program accesses
distinct data elements more frequently than the synthedices. The reuse distance
tends to span a broader range.

Progranvipsis based on the VASARI Image Processing System (VIPS). liétes
fundamental image operations such as an affine transfamatid a convolution. The
program uses locks intensively. There are totally over @3J0cks. But there are neg-
ligible portion of data that are shared between threads pfhleabilistic model is able
to predict the concurrent reuse distance by 76% accuracy.

The last program istreamcluster. It is an RMS kernel developed by Princeton Uni-
versity that solves the online clustering problem. It is taelavel parallel program. This
program uses modest number of locks, but many barriers§@R, There are 3% data
shared between two threads in the generated memory reéetraice. The approximated
concurrent reuse distance histogram has the highest 28%r, It is mainly due to its
irregular data references.

4.3 Discussions

The significance of the model is that it shows the possibiityderiving concurrent
reuse distance from the memory behaviors of individualatise opening the door to
many potential uses of concurrent reuse distance. Somes# thses are similar to how
standalone reuse distance is applied to sequential pregaming on uni-core proces-
sors. Examples include cross-architecture performaredigiion [32, 33, 17], software
refactoring [3], locality enhancement [34, 36, 10, 11, 18ith the statistical model and
the discoveries in Section 3, all these uses become possibiteultithreading applica-
tions running on CMP.

Some other potential uses of concurrent reuse distancpee#is to multithreading
applications. An example is thread scheduling [28, 30 Well known that using hy-
perthreads may both increase and decrease the performizeggglications [15]. From
the predicted concurrent reuse distance histograms, anestanate the cache miss
rates of a variety of numbers of threads co-running on a dbipa CMP processor
with hyperthreads enabled (such as Intel Nehalem), thadigiren will help determine
whether to use hyperthreads or not and how many threadswmspauld yield the best
performance.

In our experiments, the longest run of the model takes ab@weZzonds. There
are many ways to reduce the overhead, such as memory refesampling [35], em-
ployment of coarse-grained histograms, and use of mathehapproximation formu-
las [23]. Recall that the goal of this work is to reveal thedrént properties of concur-
rent reuse distance, including its connections with stiimgereuse distance—what the
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probabilistic model captures. Creating a lightweight timslconcurrent reuse distance
approximation is orthogonal to the main goal of this work.s8phisticated overhead
reduction remains our future work.

5 Reated Work

Since the early days in computing [8, 19], decades of effoatge contributed a solid
foundation for understanding the behavior of dedicatetieagstems. Standalone reuse
distance has been one of the most influential locality m§tf¢2, 17,11, 36].

However, reuse distance has not been systematically dtudithe environment
of multicore with cache sharing. The studies close to thiskvimclude the following
several explorations in predicting miss rates on shareldecac

Ding and Chilimbi [31] have proposed an approach to all-wimdorofiling for
concurrent executions, through which, they found that nrgnagcesses by multiple
threads of a server application typically show non-unifémterleaving patterns. Chan-
dra et al. [6] have developed three statistical models tdipreache miss rates of co-
running processes from the circular stack distance hiatogrof individual process.
Chen and Aamodt [7] extend the models to predict cache ctiatenon Simultane-
ous Multithreading architecture. Our work differs from skeestudies in three aspects.
First, their models predict cache miss rates rather thanwoent reuse distance. As a
program-level locality characterization, reuse distdmrga variety of uses besides per-
formance prediction, such as software refactoring [3]ding data transformations [34,
36], memory disambiguation [10, 11]. It is not clear how tlevwious models apply to
these uses. Second, the previous models are for indepgntentvhile our model al-
lows data sharing among cache sharers. Finally, because afsie of circular stack
distance histograms, the previous models have certainiited cross-architecture
predictive capability. They require that the number of @asbts must remain the same,
and the cache associativity of the new machine must be srtiadle the cache associa-
tivity of the training architecture.

Berg et al. [1] propose a statistical model to estimate thesmate of shared cache
for multithreading programs. Unlike the previously mengd two studies, their model
starts directly from concurrent reuse distance. They asdiuat the concurrent reuse
distance of the interleaved memory reference traces iadyjravailable somehow (they
obtain it through a simulator), and use it as one of the inputbeir statistical model.
The authors collect the traces using simulator for theireexpent. It is not clear how
such traces can be obtained on real machines. Our modelrdostes on the attainment
of concurrent reuse distance.

In addition, there has been some work on analyzing the ictierss among different
threads on dedicated cache in a time-sharing environm@2]2. These studies mainly
focus on predicting the footprint size of a thread as therautigons on cache mainly
occur at context switch time; while with shared cache, theractions happen at almost
every cache access—footprint size prediction becomedficisuit.

There have been a wealth of research trying to optimize dhaaehe performance
through either hardware extensions[14, 20, 21], or opggatystem scheduling [12, 26,
28]. They mainly rely on hardware-level locality informani collected by hardware
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performance monitors or special hardware extensions. Agioresd in Section 1, reuse
distance differs from hardware-level metrics. It is hartevendependent and captures
program-level locality characterizations, importantdorariety of locality analysis and
program optimizations.

6 Conclusions

The explorations described in this paper lead to the folgwionclusions. First, de-
spite the wide applicability of reuse distance on tradgicarchitectures, applying it to
CMP environments is challenging. The obstacles stem frawdhance of concurrent
reuse distance on the relative running speeds among caareshrhe reliance makes
the measurement of reuse distance difficult as instrumientatould change the rel-
ative speeds. It also deprives reuse distance of its haedimdependence, impairing
many of its uses. Second, experimental evidences showhthatlative speeds of many
non-pipelining multithreading applications remain unofpad across architectures and
inputs because of the uniformity among threads. That obsiervgrants reuse distance
the potential applicability for multithreading applicattis running on CMP environ-
ments. Finally, a probabilistic model shows the promiseoflitating the realization of
such potential by offering a mechanism to derive concunremse distance histograms
from the memory behaviors of individual threads.

Despite the findings and revealed potential, there is no Wthat much further
studies are needed before concurrent reuse distance camadieally applied. This
work hopefully can help stimulate such studies to systezalyi extend the commonly
used locality model, reuse distance, to modern CMP enviemm
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