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Abstract. The shared-cache contention on Chip Multiprocessors causes perfor-
mance degradation to applications and hurts system fairness. Many previously
proposed solutions schedule programs according to runtime sampled cache per-
formance to reduce cache contention. The strong dependence on runtime sam-
pling inherently limits the scalability and effectiveness of those techniques.This
work explores the combination of program locality analysis with job co-scheduling.
The rationale is that program locality analysis typically offers a large-scope view
of various facets of an application including data access patterns and cache re-
quirement. That knowledge complements the local behaviors sampled byruntime
systems. The combination offers the key to overcoming the limitations of prior
co-scheduling techniques.
Specifically, this work develops a lightweight locality model that enables effi-
cient, proactive prediction of the performance of co-running processes, offering
the potential for an integration in online scheduling systems. Compared toexist-
ing multicore scheduling systems, the technique reduces performance degrada-
tion by 34% (7% performance improvement) and unfairness by 47%. Itsproac-
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 Simultaneous Multithreading (SMT),
on-chip cache sharing becomes common on various computing systems, including em-
bedded architectures, desktop computers, clusters in datacenters, and so on. The shar-
ing shortens inter-thread latency and allows flexible cacheusage. However, it also brings
cache contention among co-running jobs, causing programs different degrees of perfor-
mance degradation, hence impairing system fairness and overall performance [3, 6–9,
11,19,29]. The problem is especially important for embedded systems due to the more
limited cache on them [20].

In operating systems (OS) research, the recent attempts in alleviating cache con-
tention mainly focus on reactive process scheduling1 [2,4,6–8,18,25]. These techniques
typically sample job executions periodically. During the sampling, they track hardware
performance counters to estimate the cache requirement of each process and derive a

1 In this work, we concentrate on the schedule ofindependent jobs.



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

Although these techniques work well under certain conditions, the strong reliance
on runtime sampling imposes some limitations on their effectiveness and applicability.
The main obstacle is that the sampled behavior only reflects the behavior of a pro-
cess during acertain time period when it co-runs with acertain subset of processes.
Whereas, good scheduling need recognize the inherent cache requirement of a process
and its influence on and from all possible co-runners. As a result, most prior techniques
require both periodic re-sampling and frequent reshuffles of processes among different
co-run groups [8,25].

These requirements not only cause more sampling overhead (cache performance
is often inferior during sampling periods) but also limit the applicability of previous
scheduling techniques. For instance, cache-fair scheduling needs the sampling of 10 dif-
ferent co-runs (i.e., runs with different co-runners) per process in every sampling phase,
and requires the system to contain a mix ofcache-fair andbest-effort processes [8];
symbiotic scheduling [4,25], which samples program performance under various sched-
ules and estimates the best schedule, is difficult to be applied to large problems—the
number of possible schedules increases exponentially withthe numbers of jobs and
processors (e.g., there are 2 million ways to co-schedule 16jobs on 8 dual-cores).

This work attempts to free prior techniques from those constraints by integrating
the knowledge of programming systems2. Our exploration combines program behav-
ior analysis with operating systems’ control of underlyingresources. The motivation
for the combination is thatprogram 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 requirements. First, it needs a
lightweight locality model to efficiently predict the cacherequirement and co-run per-
formance of programs. Based on reuse distance analysis, this work develops a lightweight
co-run locality model—a unified sensitivity and competitiveness model—to enable fast
prediction of the influence that a process may impose on and receive from its co-runners.
The model is cross-input predictive. The second requirement is that the system sched-
uler must effectively integrate the locality model into runtime scheduling. This work
presents the design of cache-contention aware proactive scheduling (CAPS), which
assigns processes to processors according to the predictedcache-contention sensitiv-
ities. In our experiments, CAPS reduces performance degradation by 33.9% (7% per-
formance improvement) and unfairness by 47.5%.

This work is not the first one to combine program-level locality analysis with thread
or process scheduling. In time-sharing environment, therehave been some studies [28,
31] in exploiting footprint size of programs to help schedule threads to minimize the
influence on cache imposed by context switches. In traditional SMP (Symmetric Mul-
tiprocessing) systems, there have been some work [18] transforming programs to min-
imize cache false sharing. But none of those studies have tackled systems with shared

2 Programming systems is an expanded term for compilers, referring to both static and dynamic
systems for program behavior analysis.



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

In the rest of this paper, we describe the background on co-run locality prediction
in Section 2, present a lightweight locality model for scheduling in Section 3, explain
the design of CAPS in Section 4, report results in Section 5, compare with previous
co-scheduling in Section 6, and summarize the paper in Section 7.

2 Background on Co-Run Locality

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

In the following discussion, we assume that the architecture is an SMP machine
with multiple CMP chips, the cores on a chip share an on-chip L2 cache, and each core
has a dedicated L1 cache. Since our focus is on cache sharing,by default, the memory
references in the discussion do not include the references that are L1 cache hits.

2.1 Reuse Distance

Underlying the co-run locality model is the concept ofreuse distance or LRU stack
distance, defined as the number ofdistinct data items accessed between the current and
the previous reference to the same data item [5, 16]. Treating a cache block as a single
data item leads to cache-block reuse distance. Researchershave used cache-block reuse
distance histograms, also calledreuse signatures [36], to predict the performance of
dedicated caches. Figure 1 illustrates the prediction: Every memory reference on the
right side of the cache-size line is considered a cache miss because too many other data
have entered the cache between two references to the same data item. The estimation is
precise for fully-associative cache, but also applicable for set-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 data items that are referenced by
all cache sharers (i.e., processes sharing a cache) between thecurrent and the previ-
ous access to the same data item. For clarity, we usestandalone reuse distance for the



traditional concept of reuse distance. The histograms are named asconcurrent reuse
signatures andstandalone reuse signatures respectively. Using concurrent reuse signa-
tures, we can predict shared-cache misses in the manner similar to the prediction of
dedicated-cache misses.

2.2 Derivation of Concurrent Reuse Signatures

Concurrent reuse signatures, although good for corun-locality prediction, is hard to
measure. The main reason is that direct measurement requires detailed memory moni-
toring, which both disturbs the order of memory references conducted by cache sharers,
and slows down program executions by hundreds of times.

Fortunately, concurrent reuse signatures can be derived from the corresponding
standalone reuse signatures through a statistical model [22,23]. Furthermore, prior work
has shown that standalone reuse signatures of a program can be accurately predicted
across the program’s inputs [5]. These make concurrent reuse signature cross-input pre-
dictable: The concurrent reuse signatures of new executions of a group of co-running
programs can be derived from the executions of those programs on some training inputs.
Cross-input predictability is vital to the use in contention-aware scheduling because of
the strong dependence of cache contention on program inputs.

The cost of the statistical model increases quadratically in the length of an execu-
tion [22], infeasible to be used in runtime scheduling. We use distinct data blocks per
cycle (DPC) to simplify the process. The DPC of a process in a given interval is the
average number of distinct data blocks (typically in the size of a cache line) accessed by
the process in a CPU cycle through the interval. Roughly speaking, DPC is the average
footprint in a cycle. It reflects the aggressiveness of a process in competing for cache
resource. As an example, suppose a program accesses the following data blocks in 100
cycles: b1 b1 b3 b5 b3 b1 b4 b2. The corresponding DPC is 5/100 =0.05 (foot-
print is 5). Correspondingly, the DPC of a set of processes,P , is defined as the number
of distinct data blocks that are accessed in a CPU cycle by allthe processes inP , that
is, DPC(P ) =

∑
q∈P DPC(q).

To ease explanation, we define thereuse interval of a reference as the interval be-
tween this and the previous reference to the same data item. The following theorem
more precisely characterizes the connection between DPC and cache 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 σ and σ′ be the average DPC of
p and P during the reuse interval of the reference. Then, if and only if d

L−d
< σ

σ′
, the

reference remains a cache hit in the presence of cache competition from P .

The proof of this theorem is straightforward if it is noticedthat the concurrent reuse
distance of the reference is (d + σ′d/σ).

This theorem suggests that along with standalone reuse signatures, knowing the
DPC of every reuse interval is enough to compute the miss rateof a co-run. It is how-
ever too costly to get DPCs in such detail. We use the averagedvalue of the DPCs of all



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

3 Cache-Contention Sensitivity and Competitiveness

Theorem 1 provides a way to estimate concurrent reuse signatures and thus co-run per-
formance. It is lightweight enough for offline analysis and batch job scheduling [22],
but not for runtime uses: It takes more than 2,000µs to predict the performance of 32
jobs co-running on dual-core processors. This work simplifies it to a competitiveness-
sensitivity model.Competitiveness andsensitivity respectively characterize the statisti-
cal expectation of the influence that a process may impose on and receive from random
co-runners. This model is important for making runtime proactive scheduling scalable.
As we will see in Section 5, CAPS capitalizes on the model to make sensitive processes
co-run with uncompetitive ones to achieve better performance.

3.1 Sensitivity

The definition of cache-contention sensitivity is as follows:

Sensitivity =
CPIco − CPIsi

CPIsi

(1)

where,CPIsi is the cycles per instruction (CPI) of a process’s single run, andCPIco

is the statistical expectation of the CPI of that process when it co-runs with random
processes.
The estimation ofCPIsi is straightforward: As explained in Section 2.1, we can
predict the cache miss rate of a process’s single run from itsstandalone reuse
signatures; the corresponding CPI (given the cache miss rate) can be estimated using
existing techniques (e.g. [26]).
To estimateCPIco in the same way, we have to obtain the statistical expectation of the
cache miss rates of the process’s co-runs. The number of co-run misses equals the sum
of single-run misses and the extra misses caused by co-run contention. Since
single-run misses are obtainable as mentioned in the previous paragraph, the problem
becomes the computation of the statistical expectation of the number 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. Suppose a process p has H memory
references whose standalone reuse distances, di, are smaller than L (i=1, 2, · · ·, H).
Let σi 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 miss rate of the H memory references is

δ = 1 −
1

H

H∑

i=1

F (σi(L − di)/di). (2)



Proof. Let σ′ represent the average DPC of the co-runners ofp in the reuse interval
corresponding toσi. Theorem 1 tells us that if and only ifσ′ < σi(L − di)/di,
referencei remains a hit. Since the probability for that condition to happen is
F (σi(L − di)/di), the expectation of the number of cache hits among theH

references is
∑H

i=1
F (σi(L − di)/di). The conclusion follows.

With this corollary, we can compute the sensitivity of a process from its DPC and
standalone reuse signature. Since references are grouped in bars in reuse signatures,
the computation uses a bar as a unit;H thus equals the number of bars whose reuse
distances are smaller thanL. For computing theF () 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 table contains 200 items
corresponding to 200 evenly-spaced points between 0 and 0.237.

3.2 Competitiveness

We initially intended to use a process’s average DPC as competitiveness. But our
experiments reveal the strong correlation between the influence a process imposes on
and receives from its co-runners. This observation leads toa unified competitiveness
and sensitivity model.
Figure 2 plots the performance degradation of all the 66 pair-wise co-runs of a dozen
SPEC CPU2000 programs (train runs) on an Intel Xeon 5150 processor (specified in
Section 5). In the graph, points on solid curves show the program’s own degradation
and points on broken curves show the degradation of its co-runner. For legibility, each
program’s data are sorted in ascending order of self degradation and then connected
into curves. The two curves corresponding to every program show similar trends. The
correlation coefficient between all the self and co-runner degradations is 0.75. (As an
extra evidence, the coefficient is 0.73 for the 13 SPEC programs shown in Figure 3.)
The intuition behind the strong correlation is that, a program that is sensitive to cache
contention tends to fetch data from a large portion of the shared cache frequently.
Hence, it tends to impose strong influence on its co-runners,that is, it tends to be
competitive. As an exception, stream programs are competitive but insensitive.
Although they access cache intensively, those programs have few data reuses and thus
rely on no cache for performance. Fortunately in offline training, it is easy to detect
stream programs thanks to their distinctive data access patterns. The scheduling
process, CAPS, treats those programs as competitive programs and pair them with
other insensitive programs (detailed next). For other programs, CAPS simply uses
sensitivity for competitiveness. This unified model simplifies the design of runtime
scheduler.

4 Contention-Aware Proactive Scheduling (CAPS)

The principle of CAPS is to couple sensitive processes with insensitive (thus likely
uncompetitive) processes. This section uses Linux as an example to 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 each of the other 11
programs. The points on the solid curve show the degradations of this program in those
co-runs; the points on the broken curve are of its co-runners. (The points are connected
for legibility.) The similarity between the two kinds of curves shows the strong correla-
tions between the degradations of a program and those of its co-runners.

In default Linux SMP scheduling (e.g., Linux 2.6.23), when aprogram is launched,
one of the CPUs will receive that signal and assign the process to the best available
CPU for execution. Each CPU has a scheduler managing the jobsassigned to it.
For CAPS, CPUs are classified evenly into two groups,Gs andGi, dedicated to
sensitive and insensitive processes respectively. For theCPUs sharing a cache, half of
them belong toGs and the others belong toGi. The scheduler on each CPU maintains
a sensitivity thresholdh, which is equal to the decayed average of the sensitivities of
all the processes that the scheduler has assigned (may or maynot to this CPU).
Formally,h is computed as follows when the scheduler assigns thenth process:

hn = αhn−1 + (1 − α)Sn (3)

where,α is a decay factor (0 to 1), andSn is the sensitivity of the newly launched
process. The use of the decay factor makes the scheduler adaptive to workload
changes. Similar to other factors in OS, its appropriate value should be determined
empirically.
When a program is launched, the CPU that receives the launching signal computes the
sensitivity of the process,Sn. It then updatesh using equation 3. IfSn > h, it
schedules the process to a CPU inGs, otherwise, to a CPU inGi. The way to select a
CPU inside a group is the same as in the default Linux scheme. (Stream programs are
assigned toGs directly.) For processes without locality models, the scheduler falls
back to the Linux default scheduling.
Equation 3 attempts to obtain load balance by dynamically adjusting thresholdh. If
unbalance still occurs due to certain patterns in the sensitivities of subsequent jobs, the
existing load balancer in Linux, which is invoked periodically, can rebalance the
workload automatically.



We note on two facts. First, the scheduler makes no change to the default management
of run-queues and timeslice allocation in Linux. This is essential for maintaining the
proper treatment to priorities. Second, although it is possible for different CPUs to get
differenth values, some degrees of difference is tolerable for CAPS. Furthermore,
during rebalance, the rebalancer can obtain the average of all CPUs’ h values and
update theh values for every CPU accordingly.
The sensitivity of a program is obtained from its predicted reuse signature and DPC,
both of which have shown to be cross-input predictable [5,10]. But predictive models
have to be constructed for each program through an offline profiling and learning
process. This step, although being automatic, may still seem to be a burden to
scheduling. There are two ways to make it transparent to the users of CAPS. First, the
learning step can occur during the typical performance tuning or correctness testing
stage in the development of a software. The program developers only need to run the
program on several of the inputs they have; whereas, the outcome is beneficial:
Besides for scheduling, the predictive locality model can also benefit data
reorganization [5], cache resizing [24], and cache partition [12]. In this case, the
scheduler can use the model for free. The second solution is to make the learning
occur implicitly in the real runs of an application through incremental learning
techniques. Through multiple runs, online learner learns the relation between memory
behavior and program inputs, and builds the predictive model for co-run locality
prediction. Detailed studies are out of the scope of this paper.

5 Evaluation

For evaluation, we employ 12 randomly chosen SPEC CPU2000 programs, as shown
in Table 1, and a sequential stream program (derived from [17] with each data element
covering one cache line) on a Dell PowerEdge 1850 server. Themachine is equipped
with Intel Xeon 5150 2.66 GHz quad-core processors; every two cores have a 4MB
shared L2 cache (64B line, 4-way). Each core has a 32KB dedicated L1 data cache.
The information shown in Table 1 are collected on theref runs of the benchmarks on
the Xeon machine. We use PIN as the instrumentation tool [14]for locality
measurement, and use the PAPI [1] library for hardware performance monitoring. In
the collection of co-run behavior, in order to avoid the distraction from program
lengths, we follow Tuck and Tullsen’s practice [33], wrapping each program to make it
run 10 times consecutively, and only collecting the behavior of co-runs—that is, the
runs overlapping with another program’s run.
The focus of our evaluation is the examination of the effectiveness of the unified
sensitivity model in serving as a locality model for shared-cache-aware scheduling. To
avoid distractions from the many random factors (e.g., job arriving time, load balance)
in online schedulers, we use offline measurement to uncover the full potential.
We compute the sensitivities of the programs from their reuse signatures and DPCs,
based on which, we separate the 12 SPEC programs into two equal-size classes shown
as the two sequences ofcaps-pred below. For comparison, we report the ideal
separation ascaps-real. We obtain them by first running all possible pairs of the 12
programs, and then taking the average co-run degradation ofeach program as its real



Table 1. Performance Ranges of Benchmarks on Intel Xeon 5150

Program cycles per instruction L2 misses per mem. acc.(%)
single-runcorun-mincorun-maxsingle-runcorun-mincorun-max

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 programs in descending order of
sensitivity.

caps-pred:
Sensitive: mcf art equake vpr parserbzip
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 positions of the benchmarks, only
mismatch on two programs,parser andammp. Two reasons cause the differences:
locality prediction errors and the difference between statistical expectation and a
particular problem instance. We note that CAPS has good tolerance to ordering
difference: As long as programs are put into the right sequences, the order inside a
sequence has no effects on CAPS. This property is essential for making the
lightweight locality prediction applicable for CAPS.
We compare the performance result of CAPS on predicted sensitivities (denoted as
caps-pred) with the results of the default Linux scheduler (default) and CAPS on real
sensitivities (caps-real). We measure the performance of a program by
degradation factor, defined as(CPIco − CPIsi)/CPIsi, where,CPIco andCPIsi

are the respective CPIs of the program’s co-run and single run. Following prior
work [34], we measure the fairness of a schedule byunfairness factor, defined as the
coefficient of variation (standard deviation divided by themean) of the normalized
performance (IPCco/IPCsi) of all applications.
To prevent randomness from obscuring the comparison, we obtain a program’s
performance in a schedule by averaging the performance of all the program’s co-runs
that are allowed by the schedule. Thedefault scheduler, for example, allows all 12



possible co-runs per program, whereascaps-pred andcaps-real allow a program to run
with only the programs in a different class.

default caps-pred. caps-real
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Fig. 3. Performance degradation and normalized L2 miss rates by different scheduling

Figure 3 shows the performance of the three schedulers, withsensitive programs
(judged bycaps-pred) on the left and insensitive programs on the right. For sensitive
programs,caps-pred reduces performance degradation by 4% to 30.2% (15.7% on
average); as a tradeoff, insensitive programs have 1.4% to 8.1% more degradation
(4.1% on average). In comparison,caps-real shows 2.5% less reduction for sensitive
programs and 3.3% more for insensitive programs thancaps-pred. It is important to
note that the goal of job co-scheduling is to increase the overall computing efficiency
of the system rather than maximize the performance of each individual program. So it
is normal that some programs (e.g.parser) perform better incaps-pred than in
caps-real.
Table 2 reports the performance, normalized to the default performance, of each
program when they run incaps-real andcaps-pred. The sensitive programs show 12%
and 14% speedup on average. All of them have speedup over 11% exceptparser and
stream. In caps-real, parser has 6% slowdown because it is classified as insensitive
programs and co-runs with sensitive programs. The small speedup ofstream is
consistent with our intuition conveyed in Section 3.2—such programs are competitive
but insensitive for their special memory access patterns. It is remarkable that the



significant speedup for sensitive programs comes with almost no slowdown of
insensitive programs. The average slowdown is 1% incaps-real and 3% incaps-pred.
The small slowdown is no surprise given that those program are insensitive to cache
sharing. The programammp shows 10% speedup incaps-real because the scheduler
labels the program as a sensitive program and lets it co-run with insensitive programs.
The intuition behind the effectiveness of CAPS is that it successfully recognizes the
programs to which cache contention matters significantly. By giving an favorable
schedule to those programs, CAPS accelerates them without hurting the programs that
are not sensitive to cache contention.

Table 2. Whole-Program Speedup Brought by CAPS

Sensitive Programs Insensitive Programs
Programscaps-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 factors and unfairness factors of
the schedules. The tworeduction columns report the relative reduction ratios of
caps-pred andcaps-real compared todefault. Schedulecaps-pred reduces degradation
factor by 32.6% and unfairness factor by 46.9%, respectively 1.3% and 2.4% less than
caps-real.
Figure 3 (c) and (d) show the normalized L2 miss rates (L2 misses per memory
reference) collected using PAPI library [1]. Although theyroughly match the
performance results, the L2 miss rates impose different influence on the programs. For
example, the 52% more L2 miss rates oftwolf only cause 3.2% performance
difference, while 3.3% less miss rates ofequake reduce 15% performance degradation.
This difference is due to bus-contention differences and the different significance of
L2 misses. The L2 miss rates oftwolf are hundreds of times smaller than those of
equake. This agrees with the fact that bothcaps-pred andcaps-real labeltwolf
insensitive andequake sensitive.
These results demonstrate the potential of the locality model in supporting job
co-scheduling. The performance of actual on-line schedulers depends on many other
factors, such as the job arrival time and order, system load balance and its dynamic
adjustment, job priorities, and so forth. Detailed discussion is out of the scope of this
paper.

Overhead of CAPS. The major runtime overhead of CAPS consists of the prediction of
standalone reuse signatures and the computation of sensitivities, both determined by



Table 3. Overall Performance Degradation Factors and Unfairness Factors

Performance Deg. (%)Unfairness (%)
factor reduction factor reduction

default 20.0 – 11.6 –
caps-pred13.5 32.6 6.2 46.9
caps-real13.4 33.3 6.0 48.5

the granularity of standalone reuse signatures. Since reuse distances smaller than cache
size are more critical for CAPS, reuse signatures organize them in linear scale (1K
distance per bar), and use log scale for others. Because eachbar in a signature
corresponds to one linear function, there areA + log(N/L) linear functions to solve in
the reuse-signature prediction, where,A is the number of bars in the linear range,N is
program data size (the upper bound of reuse distance), andL is cache line width. The
computation of sensitivity relies on only reuse distances smaller than cache size,
because only those references can be the victims of cache contention. Thus, the time
complexity isO(A).
In our experiments,L = 64, A is 64 andN is from 32,606 (crafty) to 4.1 million (gap)
with average of 1.0 million. The numbers of linear functionsrange from 79 to 86 per
program. The computation cost of CAPS is negligible.

6 Comparison

Recent years have seen a number of studies on scheduling in CMP. Some concentrate
on scheduling threads in a single application. For example,thread clustering [30] tries
to recognize patterns of data sharing using hardware performance counters and locates
threads accordingly. The technique cannot apply to the problems tackled in this work
as no data are shared among jobs. Some studies [13] tackle thescalability and fairness
of scheduling on CMP, but without considering interferences on shared cache in the
fairness criterion. Some studies [11,32] conduct theoretical analysis to uncover the
complexity of optimal co-scheduling on CMP. They are usefulfor offline analysis but
not for runtime scheduling.
This section concentrates on the studies that schedule independent jobs to reduce the
interferences on shared cache. Most of those studies have used simulators (e.g.,
[6,8,21,25]), whereas, we use a real machine for all the experiments. Furthermore,
CAPS has applicability different from previous techniques(elaborated next). We
hence concentrate on qualitative comparisons.
First, the applicability of CAPS differs from prior techniques. Unlike techniques based
on cache activity vectors or other hardware extensions (e.g., [6,21,27]), this work is a
pure software solution applicable to existing systems. On the other hand, hardware
extensions may reveal fine-grained cache conflicts, complementary to the
coarse-grained locality information used in this work.
Previous explorations in scheduling for CMP or SMT rely on either hardware
performance counters or offline memory profiling, showing different applicability



from CAPS. The cache-fair scheduling [8] from Fedorova et al. is applicable when the
processes have various cache-access patterns and have already been labeled either
cache-fair or best-effort. Its main goal is performance isolation, accomplished by
controlling CPU timeslice allocation instead of process assignment. Zhang et al. use
hardware counters to guide scheduling on SMP machines without shared caches [34].
Snavely et al. have proposed symbiotic scheduling, which isbased on sampling of
various co-runs [4,25], suiting the problems having a smallnumber of jobs and
processors. Some explorations use offline collected memoryinformation to guide
scheduling [3,6]. They use the same program inputs for training and testing, not
applicable to input-sensitive programs.
CAPS overcomes the above constraints, but requires each process of interest to be
equipped with a cross-input predictive locality model (whose construction, fortunately,
can be transparent to the users of CAPS as discussed in Section 4). The combination of
CAPS with runtime sampling-based techniques may be beneficial: The former
overcomes scalability issues, and the latter offers on-line adaptivity. In addition, the
combination of CAPS with locality phases [24] may add adaptivity to phase shifts as
well.
Second, the program behavior models introduced in this workmay benefit other
techniques as well. Essentially, the models offer an alternative way to estimate cache
requirement and co-run performance, which are exactly the major sources of guiding
information used by many cache management schemes.

7 Conclusion

This work, based on the concept of concurrent reuse distance, develops a lightweight
locality model for shared-cache contention prediction. The model offers the basis for a
runtime contention-aware proactive scheduling system. Experiments on a recent CMP
machine demonstrate the effectiveness of the technique in alleviating cache
contention, improving both system performance and fairness. On the high level, this
work shows the potential of combining program behavior analysis by programming
systems and global resource management by operating systems. Interactions between
these two layers may also help other issues in computing systems.
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