Combining L ocality Analysiswith Online Proactive Job
Co-Scheduling in Chip Multiprocessor s

Yunlian Jiang Kai Tian Xipeng Shen

Computer Science Department
The College of William and Mary, Williamsburg, VA, USA 23187
{j i ang, kt ai n, xshen}@s. wn edu

Abstract. The shared-cache contention on Chip Multiprocessors causes-perfor
mance degradation to applications and hurts system fairness. Marigysigv
proposed solutions schedule programs according to runtime sangibd per-
formance to reduce cache contention. The strong dependence tonawam-
pling inherently limits the scalability and effectiveness of those technidugs.
work explores the combination of program locality analysis with job deedaling.
The rationale is that program locality analysis typically offers a larg@setew

of various facets of an application including data access patternsaae ce-
quirement. That knowledge complements the local behaviors sampledtiye
systems. The combination offers the key to overcoming the limitations of prio
co-scheduling techniques.

Specifically, this work develops a lightweight locality model that enables effi
cient, proactive prediction of the performance of co-running preegsoffering

the potential for an integration in online scheduling systems. Comparedst

ing multicore scheduling systems, the technique reduces performagcadd-
tion by 34% (7% performance improvement) and unfairness by 47%rdisc-
tivity makes it resilient to the scalability issues that constraints the applicability
of previous techniques.

1 Introduction

With the advent of Chip Multiprocessor (CMP) and Simultamebdultithreading (SMT),
on-chip cache sharing becomes common on various computitgrss, including em-
bedded architectures, desktop computers, clusters ircdatars, and so on. The shar-
ing shortens inter-thread latency and allows flexible catagie. However, it also brings
cache contention among co-running jobs, causing progré#fesaht degrees of perfor-
mance degradation, hence impairing system fairness andlbperformance [3, 6-9,
11,19, 29]. The problem is especially important for embedglsstems due to the more
limited cache on them [20].

In operating systems (OS) research, the recent attempieinaséing cache con-
tention mainly focus on reactive process scheddl[@g4,6-8,18,25]. These techniques
typically sample job executions periodically. During tteergpling, they track hardware
performance counters to estimate the cache requiremerichf grocess and derive a

1 In this work, we concentrate on the schedulérmiependent jobs.



better schedule. (For a system containing multiple CMP ghapbetter schedule usu-
ally means a different assignment of jobs to processors ofemeht allocation of CPU
timeslices to processes.)

Although these techniques work well under certain cond#jdhe strong reliance
on runtime sampling imposes some limitations on their éffeness and applicability.
The main obstacle is that the sampled behavior only reflbetsehavior of a pro-
cess during aertain time period when it co-runs with aertain subset of processes.
Whereas, good scheduling need recognize the inherent ceghigement of a process
and its influence on and from all possible co-runners. Asati@rost prior techniques
require both periodic re-sampling and frequent reshufflgga@cesses among different
co-run groups [8, 25].

These requirements not only cause more sampling overheatidperformance
is often inferior during sampling periods) but also limiethpplicability of previous
scheduling techniques. For instance, cache-fair scheglnéeds the sampling of 10 dif-
ferent co-runs (i.e., runs with different co-runners) pergess in every sampling phase,
and requires the system to contain a mixcathe-fair and best-effort processes [8];
symbiotic scheduling [4,25], which samples program penfamce under various sched-
ules and estimates the best schedule, is difficult to be egbpdi large problems—the
number of possible schedules increases exponentially twi¢mumbers of jobs and
processors (e.g., there are 2 million ways to co-schedujelison 8 dual-cores).

This work attempts to free prior techniques from those gan#ts by integrating
the knowledge of programming system®ur exploration combines program behav-
ior analysis with operating systems’ control of underlyimggources. The motivation
for the combination is thaprogram characteristics determine the cache requirement
of a program, and it is programming systems that have the best knowledge of those
characteristics.

To be beneficial, the combination must meet two requiremditst, it needs a
lightweight locality model to efficiently predict the cachexjuirement and co-run per-
formance of programs. Based on reuse distance analysisyohk develops a lightweight
co-run locality model—a unified sensitivity and competitiess model—to enable fast
prediction of the influence that a process may impose on amiefrom its co-runners.
The model is cross-input predictive. The second requirgnisehat the system sched-
uler must effectively integrate the locality model into tiame scheduling. This work
presents the design of cache-contention aware proacthedsting (CAPS), which
assigns processes to processors according to the predaxtbd-contention sensitiv-
ities. In our experiments, CAPS reduces performance datjcedby 33.9% (7% per-
formance improvement) and unfairness by 47.5%.

This work is not the first one to combine program-level layadinalysis with thread
or process scheduling. In time-sharing environment, thaxe been some studies [28,
31] in exploiting footprint size of programs to help schexltiireads to minimize the
influence on cache imposed by context switches. In traditi®P (Symmetric Mul-
tiprocessing) systems, there have been some work [18]ftranisig programs to min-
imize cache false sharing. But none of those studies hakkethsystems with shared

2 Programming systems is an expanded term for compilers, referrirgthcstatic and dynamic
systems for program behavior analysis.



cache. To the best of our knowledge, this work is the firstroféea lightweight formu-
lation of program-level data locality applicable for runé CMP co-scheduling.

In the rest of this paper, we describe the background on edeeality prediction
in Section 2, present a lightweight locality model for salledy in Section 3, explain
the design of CAPS in Section 4, report results in Sectionofpare with previous
co-scheduling in Section 6, and summarize the paper in@etti

2 Background on Co-Run L ocality

Co-run locality analysis enables the prediction of the ganfince of co-running pro-
grams, laying the foundation for contention-aware preacticheduling. This section
first introduces concurrent reuse distance, a conceptlgledated to shared-cache per-
formance, and then describes a theorem establishing tiefbathe cache-contention
sensitivity model to be presented in the next section.

In the following discussion, we assume that the architecisran SMP machine
with multiple CMP chips, the cores on a chip share an on-cRipdche, and each core
has a dedicated L1 cache. Since our focus is on cache shhyingfault, the memory
references in the discussion do not include the referehegsite L1 cache hits.

2.1 ReuseDistance

Underlying the co-run locality model is the conceptrefise distance or LRU stack
distance, defined as the numbedddinct data items accessed between the current and
the previous reference to the same data item [5, 16]. Tiggaticache block as a single
data item leads to cache-block reuse distance. Resealehersised cache-block reuse
distance histograms, also calleglise signatures [36], to predict the performance of
dedicated caches. Figure 1 illustrates the predictionnExreemory reference on the
right side of the cache-size line is considered a cache meissuse too many other data
have entered the cache between two references to the saaitedatThe estimation is
precise for fully-associative cache, but also applicabtesét-associative cache [15, 35].
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Fig. 1. An example of cache-block reuse signature

We useconcurrent reuse distance to refer to the extension of reuse distance on
shared caches. It is defined as the number of distinct dates itleat are referenced by
all cache sharers (i.e., processes sharing a cache) betweeuarteet and the previ-
ous access to the same data item. For clarity, westagelal one reuse distance for the



traditional concept of reuse distance. The histograms aneed asconcurrent reuse
signatures andstandal one reuse signatures respectively. Using concurrent reuse signa-
tures, we can predict shared-cache misses in the mannédarstmithe prediction of
dedicated-cache misses.

2.2 Derivation of Concurrent Reuse Signatures

Concurrent reuse signatures, although good for corunidpgarediction, is hard to
measure. The main reason is that direct measurement regqigtailed memory moni-
toring, which both disturbs the order of memory referencaslacted by cache sharers,
and slows down program executions by hundreds of times.

Fortunately, concurrent reuse signatures can be deriad the corresponding
standalone reuse signatures through a statistical mo2l@3p Furthermore, prior work
has shown that standalone reuse signatures of a programecacchbrately predicted
across the program’s inputs [5]. These make concurrengérggaature cross-input pre-
dictable: The concurrent reuse signatures of new exeaititba group of co-running
programs can be derived from the executions of those pragomsome training inputs.
Cross-input predictability is vital to the use in contentiaware scheduling because of
the strong dependence of cache contention on program inputs

The cost of the statistical model increases quadraticalthé length of an execu-
tion [22], infeasible to be used in runtime scheduling. Wedistinct data blocks per
cycle (DPC) to simplify the process. The DPC of a process in a given ialds/the
average number of distinct data blocks (typically in the sita cache line) accessed by
the process in a CPU cycle through the interval. RoughlyldpgaDPC is the average
footprint in a cycle. It reflects the aggressiveness of agsedén competing for cache
resource. As an example, suppose a program accesses tivgrigldata blocks in 100
cycles: bl bl b3 b5 b3 bl b4 b2. The corresponding DPC is 5/1D05(foot-
print is 5). Correspondingly, the DPC of a set of procesBess defined as the number
of distinct data blocks that are accessed in a CPU cycle healprocesses i, that
is, DPC(P) =3_ .p DPC(q).

To ease explanation, we define tteaise interval of a reference as the interval be-
tween this and the previous reference to the same data iteenfollowing theorem
more precisely characterizes the connection between DBCahe contention.

Theorem 1 Suppose, process p shares a fully-associative cache of size L with a set of
processes P (p ¢ P). (No shared data among processes.) Consider a cache hit by p
that has standalone reuse distance of d (d < L). Let 0 and ¢’ be the average DPC of
p and P during the reuse interval of the reference. Then, if and only if ﬁ < Z,the
reference remains a cache hit in the presence of cache competition from P.

The proof of this theorem is straightforward if it is noticéhdt the concurrent reuse
distance of the reference i¢ ¢ o'd/ o).

This theorem suggests that along with standalone reusataimgs, knowing the
DPC of every reuse interval is enough to compute the missofedeco-run. It is how-
ever too costly to get DPCs in such detail. We use the avenagjad of the DPCs of all



reuse intervals of a program to obtain a suitable tradedffiben the accuracy and ef-
ficiency of locality prediction. Although the theorem asasfully-associative caches,
its application produces good estimation for set asseeiatiches as well [22].

3 Cache-Contention Sensitivity and Competitiveness

Theorem 1 provides a way to estimate concurrent reuse sigsaand thus co-run per-
formance. It is lightweight enough for offline analysis araddh job scheduling [22],
but not for runtime uses: It takes more than 2,800 predict the performance of 32
jobs co-running on dual-core processors. This work singdlifi to a competitiveness-
sensitivity model Competitiveness andsensitivity respectively characterize the statisti-
cal expectation of the influence that a process may imposednezeive from random
co-runners. This model is important for making runtime pta@ scheduling scalable.
As we will see in Section 5, CAPS capitalizes on the model tkersnsitive processes
co-run with uncompetitive ones to achieve better perforcean

3.1 Sensitivity

The definition of cache-contention sensitivity is as folkow

CPI.,—CPIg;

Sensitivity = CPL.

1)
where,C P1y; is the cycles per instruction (CPI) of a process’s single amiC P1,.,

is the statistical expectation of the CPI of that processnwheo-runs with random
processes.

The estimation of” P, is straightforward: As explained in Section 2.1, we can
predict the cache miss rate of a process’s single run frostatsdalone reuse
signatures; the corresponding CPI (given the cache migscah be estimated using
existing techniques (e.qg. [26]).

To estimate”’ P1., in the same way, we have to obtain the statistical expeatafithe
cache miss rates of the process’s co-runs. The number afrcotisses equals the sum
of single-run misses and the extra misses caused by co-niart®n. Since
single-run misses are obtainable as mentioned in the preyiaragraph, the problem
becomes the computation of the statistical expectatiohnehtimber of extra misses.
The following corollary of Theorem 1 offers the solution.

Corollary 1 Let F() be the cumulative distribution function of the DPCs of all
programs, and L be the shared cache size. Quppose a process p has H memory
references whose standal one reuse distances, d;, are smaller than L (i=1, 2, - - -, H).
Let o; represent the DPC of the corresponding reuse interval. When process p co-runs
with some randomly-picked programs that share no data with p, the expectation of the
cache missrate of the H memory referencesis

H
5:1*%ZF(0i(L*di)/di)~ 2)
i=1



Proof. Let o’ represent the average DPC of the co-runneysiofthe reuse interval
corresponding te;. Theorem 1 tells us that if and onlydf < o,;(L — d;)/d;,
reference remains a hit. Since the probability for that condition t@ppan is
F(o;(L —d;)/d;), the expectation of the number of cache hits amongihe
references i{:fil F(o;(L —d;)/d;). The conclusion follows.

With this corollary, we can compute the sensitivity of a @ee from its DPC and
standalone reuse signature. Since references are graupadsiin reuse signatures,
the computation uses a bar as a uhitthus equals the number of bars whose reuse
distances are smaller thdn For computing the&’() items efficiently, we build a
lookup table forF' by using 3.9 billion data reuses from a dozen randomly chosen
SPEC CPU2000 programs (included in Figure 2). The tableato®i200 items
corresponding to 200 evenly-spaced points between 0 aBd@.0.2

3.2 Competitiveness

We initially intended to use a process’s average DPC as ctitimpaess. But our
experiments reveal the strong correlation between theeinfle a process imposes on
and receives from its co-runners. This observation leadsutaified competitiveness
and sensitivity model.

Figure 2 plots the performance degradation of all the 66\w&e co-runs of a dozen
SPEC CPU2000 programidin runs) on an Intel Xeon 5150 processor (specified in
Section 5). In the graph, points on solid curves show thenara own degradation
and points on broken curves show the degradation of its nnewu For legibility, each
program’s data are sorted in ascending order of self detiosdand then connected
into curves. The two curves corresponding to every progtamwssimilar trends. The
correlation coefficient between all the self and co-runregrddations is 0.75. (As an
extra evidence, the coefficient is 0.73 for the 13 SPEC progrshown in Figure 3.)
The intuition behind the strong correlation is that, a pamgthat is sensitive to cache
contention tends to fetch data from a large portion of theesheache frequently.
Hence, it tends to impose strong influence on its co-runtieasjs, it tends to be
competitive. As an exception, stream programs are conmyeehitit insensitive.
Although they access cache intensively, those progranesfleavdata reuses and thus
rely on no cache for performance. Fortunately in offlinertirag, it is easy to detect
stream programs thanks to their distinctive data accessrpat The scheduling
process, CAPS, treats those programs as competitive pnggead pair them with
other insensitive programs (detailed next). For other o, CAPS simply uses
sensitivity for competitiveness. This unified model sirfips the design of runtime
scheduler.

4 Contention-Awar e Proactive Scheduling (CAPS)

The principle of CAPS is to couple sensitive processes wikmsitive (thus likely
uncompetitive) processes. This section uses Linux as angeao explain how
CAPS can be integrated in runtime schedulers.
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Fig. 2. Each program has 11 pair-wise co-runs, respectively with @ the other 11
programs. The points on the solid curve show the degradatibtinis program in those
co-runs; the points on the broken curve are of its co-runrf&éhe points are connected
for legibility.) The similarity between the two kinds of aas shows the strong correla-
tions between the degradations of a program and those ai-itsrmers.

In default Linux SMP scheduling (e.g., Linux 2.6.23), whepragram is launched,

one of the CPUs will receive that signal and assign the peoiethe best available
CPU for execution. Each CPU has a scheduler managing thegsigned to it.

For CAPS, CPUs are classified evenly into two gropsandG;, dedicated to
sensitive and insensitive processes respectively. FaCigds sharing a cache, half of
them belong td&=; and the others belong @;. The scheduler on each CPU maintains
a sensitivity threshold, which is equal to the decayed average of the sensitivifies o
all the processes that the scheduler has assigned (may arahtythis CPU).
Formally, i is computed as follows when the scheduler assignath@rocess:

hn - Oéhn—l + (1 - Oé)Sn (3)

where,« is a decay factor (0 to 1), ans}, is the sensitivity of the newly launched
process. The use of the decay factor makes the scheduleivedapvorkload
changes. Similar to other factors in OS, its appropriataeezahould be determined
empirically.

When a program is launched, the CPU that receives the laumpsignal computes the
sensitivity of the process,,. It then update& using equation 3. If,, > h, it
schedules the process to a CPWiR otherwise, to a CPU ify;. The way to select a
CPU inside a group is the same as in the default Linux schedtieegim programs are
assigned td~ directly.) For processes without locality models, the sicher falls
back to the Linux default scheduling.

Equation 3 attempts to obtain load balance by dynamicallystidg threshold. If
unbalance still occurs due to certain patterns in the seitisi$ of subsequent jobs, the
existing load balancer in Linux, which is invoked periodigacan rebalance the
workload automatically.



We note on two facts. First, the scheduler makes no chande tetfault management
of run-queues and timeslice allocation in Linux. This iseggi&l for maintaining the
proper treatment to priorities. Second, although it is fsdor different CPUs to get
differenth values, some degrees of difference is tolerable for CAP&hE&tmore,
during rebalance, the rebalancer can obtain the averadeGPds’ i values and
update the: values for every CPU accordingly.

The sensitivity of a program is obtained from its predictedse signature and DPC,
both of which have shown to be cross-input predictable [p,BGt predictive models
have to be constructed for each program through an offliniipgpand learning
process. This step, although being automatic, may stithseebe a burden to
scheduling. There are two ways to make it transparent tosbeswof CAPS. First, the
learning step can occur during the typical performancenyinr correctness testing
stage in the development of a software. The program devedapdy need to run the
program on several of the inputs they have; whereas, themetés beneficial:
Besides for scheduling, the predictive locality model clso denefit data
reorganization [5], cache resizing [24], and cache partiflL2]. In this case, the
scheduler can use the model for free. The second solutiomigke the learning
occur implicitly in the real runs of an application througitiemental learning
techniques. Through multiple runs, online learner lednes¢lation between memory
behavior and program inputs, and builds the predictive rhimdeo-run locality
prediction. Detailed studies are out of the scope of thiepap

5 Evaluation

For evaluation, we employ 12 randomly chosen SPEC CPU2Gffrgms, as shown
in Table 1, and a sequential stream program (derived frofwith each data element
covering one cache line) on a Dell PowerEdge 1850 servernidwhine is equipped
with Intel Xeon 5150 2.66 GHz quad-core processors; eveoydwes have a 4MB
shared L2 cache (64B line, 4-way). Each core has a 32KB diedida data cache.
The information shown in Table 1 are collected onitéferuns of the benchmarks on
the Xeon machine. We use PIN as the instrumentation toolffr4pcality
measurement, and use the PAPI [1] library for hardware p@idiace monitoring. In
the collection of co-run behavior, in order to avoid the istion from program
lengths, we follow Tuck and Tullsen’s practice [33], wrapgpieach program to make it
run 10 times consecutively, and only collecting the behasf@o-runs—that is, the
runs overlapping with another program’s run.

The focus of our evaluation is the examination of the efieetess of the unified
sensitivity model in serving as a locality model for shaosethe-aware scheduling. To
avoid distractions from the many random factors (e.g., jolviag time, load balance)
in online schedulers, we use offline measurement to uncheefutl potential.

We compute the sensitivities of the programs from theireetignatures and DPCs,
based on which, we separate the 12 SPEC programs into twbsigealasses shown
as the two sequences cdps-pred below. For comparison, we report the ideal
separation asaps-real. We obtain them by first running all possible pairs of the 12
programs, and then taking the average co-run degradatieadbf program as its real



Table 1. Performance Ranges of Benchmarks on Intel Xeon 5150

Prograni cycles per instruction L2 misses per mem. acc.(%
single-runcorun-mincorun-maxsingle-runcorun-mincorun-ma

ammp ||1.01 1.03 1.31 0.51 0.60 1.6

art 0.93 0.96 1.55 0.0028 |0.095 3.8

bzip 0.49 0.49 0.66 0.11 0.18 0.76

crafty {|0.72 0.73 0.80 0.00010 |0.0028 |0.21

equake ||1.28 1.38 2.13 3.8 3.9 4.5

gap 0.91 0.91 1.16 1.3 1.5 1.6

gzip 0.72 0.72 0.77 0.078 |0.079 0.14

mcf 2.47 2.70 4.84 4.4 5.0 8.6

mesa ||0.51 0.52 0.56 0.23 0.26 0.38

parser ||1.15 1.18 1.50 0.31 0.44 1.2

twolf 1.06 1.07 1.24 0.0014 |0.0015 |0.40

vpr 1.06 1.09 1.44 0.0053 [0.0067 |0.015

sensitivity. In both separation results, we list the proggan descending order of
sensitivity.

caps-pred:

Sensitive;: mcf art equake vpr parsbeip
Insensitive: twolf ammp crafty gap mesa gzip
caps-real:

Sensitive: mcf equake art vpr bzip ammp

Insensitive: parser gap crafty mesa twolf gzip

The sequences, although differing in the relative positioithe benchmarks, only
mismatch on two programparser andammp. Two reasons cause the differences:
locality prediction errors and the difference betweenistiaal expectation and a
particular problem instance. We note that CAPS has goodaiade to ordering
difference: As long as programs are put into the right segerthe order inside a
sequence has no effects on CAPS. This property is essantialaking the
lightweight locality prediction applicable for CAPS.

We compare the performance result of CAPS on predictedtsétiss (denoted as
caps-pred) with the results of the default Linux scheduldefault) and CAPS on real
sensitivities ¢aps-real). We measure the performance of a program by
degradation factor, defined agCPI., — CPI;)/CPI,;, where,CPI., andCPIy;
are the respective CPIs of the program’s co-run and singlefollowing prior

work [34], we measure the fairness of a schedulemfairnessfactor, defined as the
coefficient of variation (standard deviation divided by thean) of the normalized
performance{PC.,/IPCy;) of all applications.

To prevent randomness from obscuring the comparison, varoatprogram’s
performance in a schedule by averaging the performancé thfegprogram’s co-runs
that are allowed by the schedule. Tdefault scheduler, for example, allows all 12



possible co-runs per program, whereags-pred andcaps-real allow a program to run
with only the programs in a different class.
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Fig. 3. Performance degradation and normalized L2 miss rates fgreiift scheduling

Figure 3 shows the performance of the three schedulers seftkitive programs
(judged bycaps-pred) on the left and insensitive programs on the right. For simesi
programscaps-pred reduces performance degradation by 4% to 30.2% (15.7% on
average); as a tradeoff, insensitive programs have 1.4%4.% Bore degradation
(4.1% on average). In comparisaaps-real shows 2.5% less reduction for sensitive
programs and 3.3% more for insensitive programs ttags-pred. It is important to
note that the goal of job co-scheduling is to increase theadveomputing efficiency
of the system rather than maximize the performance of eatitidual program. So it
is normal that some programs (epgrser) perform better ircaps-pred than in

caps-real.

Table 2 reports the performance, normalized to the defaufopmance, of each
program when they run icaps-real andcaps-pred. The sensitive programs show 12%
and 14% speedup on average. All of them have speedup overxdéptparser and
stream. In caps-real, parser has 6% slowdown because it is classified as insensitive
programs and co-runs with sensitive programs. The smadidspeofstreamis
consistent with our intuition conveyed in Section 3.2—suabgpams are competitive
but insensitive for their special memory access pattetisrémarkable that the



significant speedup for sensitive programs comes with a@lmmslowdown of
insensitive programs. The average slowdown is 1%aps-real and 3% incaps-pred.
The small slowdown is no surprise given that those prograniresensitive to cache
sharing. The programmmp shows 10% speedup gaps-real because the scheduler
labels the program as a sensitive program and lets it co-itlmingensitive programs.
The intuition behind the effectiveness of CAPS is that itcessfully recognizes the
programs to which cache contention matters significantygiBing an favorable
schedule to those programs, CAPS accelerates them withairidnthe programs that
are not sensitive to cache contention.

Table 2. Whole-Program Speedup Brought by CAPS

Sensitive Programs Insensitive Programs
Programgcaps-real|caps-pred||Programscaps-real |caps-pred
art 1.24 1.24 ammp [1.10 0.94

bzip 1.12 1.12 crafty |0.98 0.98
equake [1.13 1.13 gap 0.94 0.94
mcf 1.24 1.24 gzip 0.99 0.99
parser |0.94 1.09 mesa |0.98 0.98
vpr 1.11 1.11 twolf 0.97 0.97
stream |1.03 1.02 - -
Average |1.12 1.14 Average |0.99 0.97

Table 3 contains the overall performance degradation faetiod unfairness factors of
the schedules. The tweaduction columns report the relative reduction ratios of
caps-pred andcaps-real compared taefault. Scheduleaps-pred reduces degradation
factor by 32.6% and unfairness factor by 46.9%, respegtiied% and 2.4% less than
caps-real.

Figure 3 (c) and (d) show the normalized L2 miss rates (L2 @siger memory
reference) collected using PAPI library [1]. Although thheyighly match the
performance results, the L2 miss rates impose differentenfte on the programs. For
example, the 52% more L2 miss rateswblf only cause 3.2% performance
difference, while 3.3% less miss ratesegfiake reduce 15% performance degradation.
This difference is due to bus-contention differences aediifferent significance of

L2 misses. The L2 miss rates wfolf are hundreds of times smaller than those of
equake. This agrees with the fact that bathps-pred andcaps-real labeltwolf
insensitive anaguake sensitive.

These results demonstrate the potential of the localityehiodsupporting job
co-scheduling. The performance of actual on-line schegulepends on many other
factors, such as the job arrival time and order, system lad@hioe and its dynamic
adjustment, job priorities, and so forth. Detailed distus$s out of the scope of this
paper.

Overhead of CAPS. The major runtime overhead of CAPS consists of the prediaifo
standalone reuse signatures and the computation of séresti both determined by



Table 3. Overall Performance Degradation Factors and Unfairnes®fa

Performance Deg. (%)nfairness (%

factonreduction factonreduction
default |20.0 |- 11.6 |-
caps-predl3.5 |32.6 6.2 |46.9
caps-rea|13.4 (33.3 6.0 (485

the granularity of standalone reuse signatures. Since idisgances smaller than cache
size are more critical for CAPS, reuse signatures orgahietin linear scale (1K
distance per bar), and use log scale for others. Becauséaaaha signature
corresponds to one linear function, there dre log(NN/L) linear functions to solve in
the reuse-signature prediction, whe#eis the number of bars in the linear rangé,is
program data size (the upper bound of reuse distance).amdache line width. The
computation of sensitivity relies on only reuse distancealker than cache size,
because only those references can be the victims of caclentiom. Thus, the time
complexity isO(A).

In our experimentsl, = 64, A is 64 andN is from 32,606 ¢rafty) to 4.1 million (@ap)
with average of 1.0 million. The numbers of linear functisasge from 79 to 86 per
program. The computation cost of CAPS is negligible.

6 Comparison

Recent years have seen a number of studies on schedulingi &ivhe concentrate
on scheduling threads in a single application. For exantiptead clustering [30] tries
to recognize patterns of data sharing using hardware pe#ioce counters and locates
threads accordingly. The technique cannot apply to thelpnabtackled in this work
as no data are shared among jobs. Some studies [13] tacldeatability and fairness
of scheduling on CMP, but without considering interferenoa shared cache in the
fairness criterion. Some studies [11, 32] conduct thecaktinalysis to uncover the
complexity of optimal co-scheduling on CMP. They are uséfubffline analysis but
not for runtime scheduling.

This section concentrates on the studies that schedulpéndent jobs to reduce the
interferences on shared cache. Most of those studies hadesiraulators (e.g.,

[6, 8,21, 25]), whereas, we use a real machine for all therexgats. Furthermore,
CAPS has applicability different from previous techniggelaborated next). We
hence concentrate on qualitative comparisons.

First, the applicability of CAPS differs from prior techmnigs. Unlike techniques based
on cache activity vectors or other hardware extensions, (6,821, 27]), this work is a
pure software solution applicable to existing systems.l@mother hand, hardware
extensions may reveal fine-grained cache conflicts, congiéary to the
coarse-grained locality information used in this work.

Previous explorations in scheduling for CMP or SMT rely aineii hardware
performance counters or offline memory profiling, showirftedent applicability



from CAPS. The cache-fair scheduling [8] from Fedorova eisadpplicable when the
processes have various cache-access patterns and haly deen labeled either
cache-fair or best-effort. Its main goal is performance isolation, accomplished by
controlling CPU timeslice allocation instead of processgrament. Zhang et al. use
hardware counters to guide scheduling on SMP machines wtii@red caches [34].
Snavely et al. have proposed symbiotic scheduling, whittased on sampling of
various co-runs [4, 25], suiting the problems having a smathber of jobs and
processors. Some explorations use offline collected memfwymation to guide
scheduling [3, 6]. They use the same program inputs foritrgiand testing, not
applicable to input-sensitive programs.

CAPS overcomes the above constraints, but requires eachgwof interest to be
equipped with a cross-input predictive locality model (wb@onstruction, fortunately,
can be transparent to the users of CAPS as discussed ints4xtibhe combination of
CAPS with runtime sampling-based techniques may be beakfidie former
overcomes scalability issues, and the latter offers omdidaptivity. In addition, the
combination of CAPS with locality phases [24] may add adétytio phase shifts as
well.

Second, the program behavior models introduced in this waak benefit other
techniques as well. Essentially, the models offer an adtare way to estimate cache
requirement and co-run performance, which are exactly themsources of guiding
information used by many cache management schemes.

7 Conclusion

This work, based on the concept of concurrent reuse distdegelops a lightweight
locality model for shared-cache contention predictiore Todel offers the basis for a
runtime contention-aware proactive scheduling systemeEments on a recent CMP
machine demonstrate the effectiveness of the techniquéeinating cache

contention, improving both system performance and fagn@s the high level, this
work shows the potential of combining program behavior ysialby programming
systems and global resource management by operating sydtaaractions between
these two layers may also help other issues in computingsst
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