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Abstract—This work presents StatCC, a simple and efficient
model for estimating the shared cache miss ratios of co-scheduled
applications on architectures with a hierarchy of private and
shared caches. StatCC leverages the StatStack cache model to
estimate the co-scheduled applications’ cache miss ratios from
their individual memory reuse distance distributions, and a
simple performance model that estimates their CPIs based on
the shared cache miss ratios. These methods are combined into
a system of equations that explicitly models the CPIs in terms
of the shared miss ratios and can be solved to determine both.
The result is a fast algorithm with a 2% error across the SPEC
CPU2006 benchmark suite compared to a simulated in-order
processor and a hierarchy of private and shared caches.

I. Introduction

The miss ratio1 of independent co-scheduled applications on
modern architectures is both important and difficult to predict.
Depending on the architecture, in particular the degree of
cache sharing, different combinations of applications can see
dramatic variations in cache miss ratios when co-scheduled
or none at all [3], [5]. However, modeling these effects has
historically required costly simulation and/or analysis [5], [6].
Providing better insight into co-scheduled performance issues
is essential to enable developers to better understand the
behavior of their code in increasingly parallel environments.
More interestingly, if these effects can be quickly and accu-
rately modeled, it will open up many possibilities for improved
run-time scheduling and placement of applications.

The primary difficulty in modeling co-scheduled applica-
tions arises from the interleaving of the address streams at the
shared cache, and its impact on the execution of each thread.
For example, memory accesses from one application can
occur between memory accesses from a second application.
This causes additional capacity pressure in the shared cache,
which can increase the miss ratio for a second application.
Such an increased miss ratio causes the CPI of the second
application to increase, which reduces the rate at which it
sends memory accesses to the shared cache, thereby changing
the interleaving further. This coupling between the CPIs and
miss ratios makes it challenging to predict the performance of
the co-scheduled applications. Further, for such a model to be
broadly applicable, it must be based on information gathered
from the applications running independently.

StatCC leverages previous work that has shown that an
application’s miss ratio can be accurately predicted based on
its reuse distance distribution for both random replacement
(StatCache [8]) and LRU replacement (StatStack [7]) caches.
In that work, a reuse distance is defined as the number of

1In this paper we use the term miss ratio to refer to the number of cache
misses per memory accesses (MPA).

memory accesses executed between two successive accesses
to the same cache line. This reuse distance should not be
confused with the stack distance, which is the number of
unique cache-lines accessed between two successive accesses
to the same-cache line, and which is much more costly to mea-
sure. Importantly, an application’s reuse distance distribution
can be accurately estimated based on a sparse sample of the
application’s reuse distances [4], [7]. Such sampled data can
be gathered at runtime with an overhead of only 40% [8].

In this paper, we develop a method to predict the shared
cache miss ratios of a set of co-scheduled applications based
on their individual reuse distance distributions. First, we
develop a method to predict the shared cache miss ratios of
the co-schedule applications, given that we know their relative
CPIs. The basis of this method is a transformation of the
individual reuse distance distributions of the co-scheduled ap-
plications into the reuse distance distribution of the interleaved
access stream presented to the shared cache. Once we have
this combined distribution, we can use StatStack to predict
the shared cache miss ratio. Of course this method is of
little use since we do not know the CPIs of the co-scheduled
applications to begin with. Under the assumption that we can
predict an application’s CPI based upon its miss ratio [2], [9],
[12], [13], we can write the following simple equation system,
shown here for two co-scheduled applications: cpi1 = CPI (miss ratio1 (cpi1, cpi2))

cpi2 = CPI (miss ratio2 (cpi1, cpi2)) .

This equation system can be readily solved for CPIs of the co-
scheduled applications (cpi1 and cpi2) by a general purpose
equation solver. We then use these CPIs to compute the ap-
plications’ shared cache miss ratios (miss ratioi(cpi1, cpi2)).

To evaluate StatCC, we have run three experiments. The
first evaluates the overall accuracy of StatCC and demon-
strates an average error of 2% across 55 pairs of co-scheduled
SPEC2006 applications. The second experiment evaluates the
error introduced by using a sparsely sampled reuse distance
distributions. With a sampling rate of 10−3 (1 of every 1,000
memory accesses), the errors increase less than 2.5% for 95%
of the simulations. Finally, the third experiment studies the
sensitivity of the StatCC model to the accuracy of the CPI
model. The results show that the StatCC suppresses these
errors, such that a 10% error in the CPI model results in a
change of the predicted CPI of only 1.0%.

Before delving into the details of StatCC, we will discuss
related work (Section II) and review the principles behind
StatStack (Section III). With that background, the design and
implementation of StatCC can be explained (Section IV).
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The subsequent discussion of the experimental setup (Sec-
tion V-A) is proceeded by a description of the methodology
and motivation for choosing benchmarks (Section V-B). This
is particularly important as different benchmark combinations
exhibit dramatically different co-scheduling effects, which
makes it important to choose appropriate benchmarks to stress
the model. Next we discuss how to compute the error for
cache contention models (Section V-C). We argue that, using
relative miss ratio error can be misleading since it does
not always correlate well with performance changes. The
following experimental evaluation (Section V-D) discusses our
results and the accuracy of StatCC.

II. RelatedWork

The most closely related cache contention models are those
proposed by Chandra et al. [5] and Chen et al. [6]. Both
of these models predict the miss ratio of co-scheduled ap-
plications, based on profiling information collected from the
applications when running in isolation. A comparison of the
reported errors suggests that StatCC’s accuracy is on par with
both these models, however, StatCC differs from these models
on the following points:

(1) The input to StatCC is an easily collected sparse sample
of reuse distance, while the other two models require full
stack distance profiles, which are far more expensive to collect
(StatCC’s input data can be collected with a 40% overhead
which is orders of magnitude less expensive than collecting
full stack distance profiles). At a first glance, it would appear
that the stack distance profiles used by Chandra et al. and Chen
et al. could be collected by StatStack, thereby reducing the
runtime overhead of their models. Unfortunately, their models
rely on information not provided by StatStack2.

(2) StatCC models the interaction between the co-scheduled
applications with an equation system that explicitly encodes
the coupling between the co-scheduled applications’ miss
ratios and CPIs. The other two cache contention models
assume that the CPIs of the co-scheduled applications are the
same as when they run alone. The model proposed by Chen et
al. improves this by refining the initial CPI guess once, using
a similar CPI model to the one used in this work.

In addition to these two models, Fedorova et al. [1] proposed
a cache contention model designed to guide an operating sys-
tem scheduler. This model attempts to determine the miss rate
(misses per cycle) that an application would experience under
equal cache sharing, i.e. when the co-scheduled applications
are all allocated an equal portion of the shared cache. The
model makes an explicit tradeoff of accuracy for speed to
satisfy the response requirements of an OS scheduler. By
intelligently selecting and running a subset of the possible
co-schedules for a short period of time, and measuring the
application’s miss rates using hardware performance counters,
they gather the data required by their model. This data is then
used to fit the parameters of a simple linear model, which
is then solved for the miss rates under equal cache sharing.
They show that their model is accurate enough to aid a CPU

2The model proposed by Chandra et al. requires the stack distance distribu-
tions of memory accesses with the same reuse distance. However, StatStack
approximates these distributions with a single expected stack distance [7]. The
main motivation behind the model proposed by Chen et al. is to accurately
model conflict misses, but since StatStack does not model conflict misses it
is a poor fit for their model.

scheduler to reduce the performance variability with a factor of
two. StatCC is a more general model that predicts the actual
cache miss ratios of the co-scheduled applications.

III. StatStack
Before discussing StatCC it is important to introduce the

StatStack model upon which it is based. StatStack [7] is a
statistical cache model that can predict an application’s cache
miss ratio for LRU caches of any given size. The input to
StatStack is an application’s reuse distance distribution. The
reuse distance is the number of memory accesses executed
between two successive memory accesses to the same cache-
line. Based on an application’s distribution of reuse distances,
StatStack estimates the application’s stack distance distribu-
tion. The stack distance is the number of unique cache-lines
accessed between two successive memory accesses to the
same cache-line. The stack distance can be directly used to
determine if the access results in a cache hit or a cache miss
for a fully-associative LRU cache: if the stack distance is less
than the cache size, the access will be a hit, otherwise it
will miss. Therefore, the stack distance distribution enables
the application’s miss ratio to be computed for any given
cache size [11], by simply computing the fraction of memory
accesses with a stack distances greater than the desired cache
size.

The input to StatStack is an application’s reuse distance
distribution, which can be accurately estimated based on a
sparse sample of the application’s reuse distances [4]3. Using
reuse distances allows for very low overhead data collection.
Berg et al. [8] implemented a reuse distance sampler that
can collect an application’s reuse distance distribution with an
overhead of only 40%, which is far lower than that required
to capture a full stack trace. In addition to efficient runtime
data collection, the StatStack model itself can be evaluated in
less than a second. This combination of efficient data capture
and a fast model evaluation makes for a very flexible cache
performance prediction tool.

To understand how StatStack works, consider the access
sequence shown in Figure 1. Here the arcs connect subsequent
accesses to the same cache-line, and represent the reuse of
data. In this example, the second memory access to cache-line
A has a reuse distance of five, since there are a total of five
memory accesses executed between the two accesses to A, and
a stack distances of three, since there are three unique cache-
lines accessed between the two accesses to A. The question
that StatStack answers is: How can the stack distance of the
second access to A be computed from the reuse distances of
the memory accesses executed between the two accesses to
A?

In Figure 1 we see that, for each unique cache-line that is
accessed between the two accesses to A, there is a sequence of
connected arcs that cross both the “In Boundary” and the “Out
Boundary”. Now, since the stack distance of the second access
to A is the number of unique cache-line accessed between the
two accesses to A, it is equal to the number arcs that reach
beyond the “Out Boundary”.

3StatStack uses a two-level sampling approach that first divides the ap-
plication’s memory accesses stream into windows and then selects a portion
of the windows for further reuse distance sampling. This is done to address
different behavior across application phases. More information can be found
in [4] and [7].
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Figure 1. Reuse distances in a memory access stream. The arcs connect successive accesses to the same cache-line, and represents reuse of data. The stack
distance of the second access to A is equal to the number of arcs that cross the “Out Boundary”.
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Figure 2. Using the reuse distance distribution to compute the probability that the arc from the memory access to cache-line C crosses the “Out Boundary”.
This is done by estimating the reuse distance of C from the proportion of reuse distances in the reuse distance distribution that are greater than d.

The length of the arcs in Figure 1 are determined by the their
respective reuse distances. If we know the reuse distance of all
memory accesses executed between the two accesses to A, we
can determine the stack distance to the second access to A by
counting how many of the intervening accesses have outbound
arcs that reach beyond the “Out Boundary” . However, the
input to StatStack is a sparse distribution of reuse distances,
and therefore does not contain this information for every
memory access. Instead, we use the reuse distance distribution
to compute the probability that the memory accesses executed
between the two accesses to A have reuse distances such that
their arcs reach beyond the “Out Boundary”.

Figure 2 shows how to compute the probability that the
outbound arc of the memory access to cache-line C reaches be-
yond the “Out Boundary”. In the figure, d denotes the memory
access’s distance to the “Out Boundary”. If the reuse distance
of the memory access is greater than d, its arc reaches beyond
the “Out Boundary”. StatStack makes the approximation that
the probability of this is equal to the fraction of memory
accesses in the application’s reuse distance distribution with
a reuse distance greater than d. Using the above method we
can compute the probabilities that the arcs originating at the
memory accesses between the two memory accesses to A, in
Figure 1, reach beyond the “Out Boundary”. By adding these
probabilities we get the expected stack distance of the second
memory access to A.

StatStack uses this approach to compute the expected stack
distances of all memory accesses in the input reuse distance
distribution, which produces an expected stack distance dis-
tribution. From this distribution StatStack can then estimate
the miss ratio for any given cache size, C, as the fraction
of expected stack distances in the expected stack distance
distribution that have a stack distance greater than C. The
work-flow of StatStack is summarized in Figure 3. StatStack

has been shown to very accurately model the cache behavior
across the SPEC CPU 2006 benchmarks for a wide variety of
cache sizes [7].

IV. StatCC
In the previous section we discussed StatStack, and how it

estimates an application’s miss ratio given its reuse distance
distribution. In this section we show how we can compute the
miss ratios of a set of co-scheduled applications that share
cache based on their individual reuse distance distributions.
To simplify the discussion we will consider only two co-
scheduled applications, but the extension to more applications
is straight forward.

The architecture model targeted in this paper contains two
processors cores, with both private and shared data caches (see
Figure 4(a)). The two cores execute two threads with no data-
sharing, thereby generating two independent memory accesses
streams. At the shared cache these two independent memory
access streams are interleaved due to their co-execution, and
it is this interleaved access stream that determines the miss
ratio in the shared cache.

We will present StatCC in three steps, summarized here:
1) First, we develop a scaling transformation that, given the

two threads’ individual reuse distance distributions and
their CPIs, approximates the reuse distance distribution
of the interleaved access stream.

2) Then, we use StatStack to estimate the shared level
cache miss ratios of the two threads based on the
approximated reuse distance distribution from the pre-
vious step. This gives us the shared level cache miss
ratios of the two threads as a function of their CPIs
(miss ratioi(cpi1, cpi2)).

3) Finally, we use the miss ratioi(cpi1, cpi2) functions to
setup an equation system whose solution gives us the
shared level cache miss ratios of the two threads.
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Figure 3. The work-flow of StatStack. The input, a reuse distance distribution, is feed to StatStack (A) which estimates a stack distance distribution (B),
this distribution is then used to compute the miss ratio (C).
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Figure 4. (a) The Architectural model used in this paper. (b) Example of an interleaving of memory access from two threads at the shared cache.

Step 1: Figure 4(b), shows an example of the memory
access stream interleaving from two threads. The question
to address is: What is the total number of memory accesses
seen at the shared cache between two successive accesses to
the same cache line from one thread, i.e. the reuse distance
observed in the interleaved access stream? For example, in
Figure 4(b), the access to cache-line A has a reuse distance
of r1 = 4 in the first thread’s memory access stream. During
the time interval, T between the two accesses to A, the second
thread executes r2 = 5 memory accesses. Therefore, the reuse
distance of cache-line A, as observed in the interleaved access
stream at the shared cache, is r̂1 = 4 + 5 = 9.

In general we do not know how many memory accesses the
second thread generates relative to the first thread. To estimate
this, we use the CPI of the first thread to determine the number
of cycles taken for a given memory reuse distance, T , and
then use the CPI of the second thread to determine how many
memory access instructions it executes in the same time. This
can be done if we know the relative CPIs of the two threads
and their proportion of memory instructions, mix1 and mix2,
where,

mixi =
#memory accessesi

#instructionsi
. (1)

With this information we can compute the time interval, T ,
between the reuse of the cache-line A (reuse distance r1) in
the first thread’s memory access stream, as follows:

T =
r1

mix1
× cpi1,

where r1
mix1

is the number of instructions executed by the first
thread during T . Now, we can compute the number of memory
accesses executed by the second thread during T as follows,

r2 =
T

cpi2
× mix2 =

mix2

mix1
×

cpi1
cpi2

× r1.

Finally, we compute the reuse distance of the memory accesses
to cache-line A as observed in the interleaved stream, r̂1 =

r1 + r2. A similar expression for the second thread can be
derived analogously, or simply by interchanging indices, which
gives us,

r̂1 = r1

(
1 +

mix2

mix1
×

cpi1
cpi2

)
r̂2 = r2

(
1 +

mix1

mix2
×

cpi2
cpi1

)
.

(2)

By applying Eq. (2) to all reuse distances in the reuse distance
distributions of the two threads and combining the result, we
create an estimate of the reuse distance distribution observed
at the interleaved stream. This transformation is effectively a
scaling of the reuse distance distributions that incorporates the
effects of the combined execution rates of the two threads.

Step 2: Figure 5 schematically shows the data-flow of the
miss ratioi(cpi1, cpi2) functions. First, we apply the scaling
transformation of Eq. (2) to all reuse distances in both threads’
individual reuse distance distributions (A). This results in a
scaled reuse distance distribution for each thread. These are
then added together (B) to get the reuse distance distribution of
the interleaved access stream, and additional metadata is kept
to indicate which reuse distances originated from which thread.
Then, we feed this reuse distance distribution to StatStack (C)
which gives us the stack distance distribution of the interleaved
access stream. The next step is to use the metadata, recorded
earlier, to split the stack distance distribution of the interleaved
access stream into two separate stack distance distributions for
each thread (D). Finally we compute the miss ratios of the two
threads from their individual stack distance distributions (E).

Step 3: In this work we assume that we can model the
CPI of an application as a function of its miss ratio. Many
such models of varying complexity and accuracy have been
proposed, both for, in-order processors [2], and out-of-order
processors [9], [12], [13]. Some of the more complex out-
of-order models require information other than the applica-
tion’s miss ratios, however this information only needs to
be collected once, and, importantly, it is collected when the
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Figure 5. The data-flow of the miss ratioi(cpi1, cpi2) functions. Eq. (2) is applied to all reuse distances in the reuse distance distributions of the two threads,
which produces two scaled reuse distance distributions (A). These two scaled distributions are added together (B), resulting in an approximation of the reuse
distance distribution of the interleaved accesses stream, which is then feed to StatStack which produces the stack distance distribution of the interleaved access
stream at the shared caches (C). This distribution is then split into two separate stack distances distributions, one for each thread (D). Finally, the miss ratios
of the two threads are computed from the two stack distances distributions (E).

applications execute alone.

The absolute accuracy of the predicted CPIs is not critical
for our approach to work, as StatCC only needs the ratios of
the CPIs to calculate the miss ratio (see Eq. (2)). As long as the
CPI model’s predictions for the two applications are consistent,
i.e. the CPI predictions of the two threads are off by the same
factor, StatCC is insensitive to the accuracy of the CPI model.
In Section V-D we perform a sensitivity analysis to investigate
how the accuracy of StatCC is effected by inconsistent errors
in the CPI model. It shows that an error of 10%, as achieved
by Fedorova et al. [2], is attenuated and the error of StatCC
increases by only 1%.

Armed with the miss ratioi(cpi1, cpi2) functions, from
Step 2, we can now write the following equation system, where
CPI(·) represents the CPI model, cpi1 = CPI (miss ratio1 (cpi1, cpi2))

cpi2 = CPI (miss ratio2 (cpi1, cpi2)) .
(3)

This system can be solved for cpi1 and cpi2 with a general
purpose equation system solver, for example a fixed-point
method. Finally, to get the shared level cache miss ratios of
the two threads, we plug the cpi1 and cpi2 that we get from
solving Eq. (3) into the miss ratioi(cpi1, cpi2) functions.

To summarize, The model presented here takes two reuse
distance distributions and predicts their behavior when co-
scheduled with a shared cache. It does this by explicitly
modeling the interaction between the CPIs and the miss ratios,
and using that model to predict both. Unlike previous models,
this approach does not rely on aggregate data from a whole
application execution, can function with easily-collected input
data, and explicitly models the CPI-miss ratio interaction. This
leads to a simple, fast, and accurate model for predicting co-

scheduled miss ratios and CPIs.

V. Evaluation

To evaluate StatCC, we have devised three experiments.
The first evaluates the overall accuracy of StatCC across a
variety of co-scheduled applications. The second examines the
error introduced when using more efficiently-gathered sparse
reuse distance distributions. And the final experiment studies
StatCC’s sensitivity to errors in the CPI model.

A. Experimental Setup

For our experiments we use the Simics [10] multi-core
system simulator. We run Simics with two in-order cores
and a base cpi of 1.0, i.e. all non-memory instructions
have a latency of one CPU cycle. For memory instructions,
a memory system simulator is used to simulate cache and
DRAM latencies. The memory simulator models a 32kB, 8-
way private L1 data cache with a 64B line size, for each core, a
shared 2MB, 16-way L2 data cache with a 64B line size, and a
fixed-latency DRAM. The access latencies for the L1, L2, and
DRAM are 1 cycle, 10 cycles, and 130 cycles, respectively.
The memory simulator forces inclusion in the cache hierarchy
by invalidating cache lines in the L1 cache that are evicted
from the L2 cache. We do not simulate instruction caches. The
configuration of the memory system simulator is summarized
in Table I.

The above experimental setup can be described with a
simple and accurate CPI model, which allows us to evaluate
StatCC independently from the CPI model. The CPI model
for our experimental setup can be written as follows:

CPIi(L2 mri) = base cpi+

mixi · (1 · L1 hri + 10 · L2 hri + 130 · l2 mri)
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TABLE I
Memory system configuration

Size Associativity Latency
L1 32kB 8 way 1 cycle
L2 2MB 16 way 10 cycles

DRAM 4GB 130 cycles

where the suffix mr stands for miss ratio, the suffix hr
stands for hit ratio, the subscript is the core, and mix is the
instruction mix as defined in Eq. (1). The L2 hit ratio is then
L2 hri = 1 − L1 hri − L2 mri.

Simulations are fast-forward for 5 billion instructions with
the memory timing simulator turned off, and then run with
the memory timing simulator enabled until one of the co-
scheduled applications executes 100 million memory accesses.
For the applications considered here, 100 million memory
accesses take approximately 300-400 million instructions.

The StatCC model takes two independent reuse distribu-
tions from separate threads and predicts their CPIs and miss
ratios when run together sharing a cache. To compare this
model to the baseline simulation, we need to know which
portions of the applications were co-scheduled during the
simulation. We gathered this information during the simulation
and used it to determine which of the independently-collected
reuse distributions should be evaluated together in the StatCC
model. This allows us to fairly compare StatCC’s results to
the ground-truth simulation.

B. Benchmarks

The benchmarks used for this evaluation consist of pairs
of applications from SPEC CPU2006. We have selected 10
applications and formed all 55 possible pairs. However, to
stress the StatCC model, we need to select benchmarks that
exhibit significant changes in miss ratio and CPI when co-
scheduled.

To select benchmarks that will be sensitive to resource-
sharing, we first use StatStack to generate miss ratio curves for
all 29 SPEC CPU2006 applications. Based on this information
we make a rough estimate of how sensitive the applications’
miss ratios are to cache sharing. This is done by computing
the increase of the applications’ miss ratios when their cache
size is reduced from 2MB to 1MB. We then select the seven
applications with the largest miss ratio increases. Figure 6(a)-
6(c) shows the miss ratio curves for these seven applications.
For example, 471.omnetpp is the application with the largest
miss ratio increase. Its miss ratio increases almost 5% when
its cache allocation is reduced from 2MB to 1MB. From this
analysis we select the seven application pairs that present the
greatest challenge for the cache sharing model as they exhibit
the largest change in miss ratio when they are forced to share
the last level cache. For completeness, we add another three
applications to our set of benchmarks for which the difference
in miss ratio at cache sizes of 1MB and 2MB are small. The
miss ratio curves for these three applications are shown in
Figure 6(d).

To validate this selection of benchmarks, Figure 7 shows,
for each of the 55 pairs of applications, the relative increase in
miss ratio when the application are co-scheduled with respect
to when they run alone. As expected, the applications with

little change in miss ratio between 1MB and 2MB, 456.hmmer,
458.sjeng and 470.lbm, experience a relatively small increase
in miss ratio. For 471.omnetpp, which shows a large increase
in miss ratio going from 2MB to 1MB, the miss ratio increases
up to about 1000%, depending on which application it is
co-scheduled with. Most importantly, the overall miss ratio
increase for the 55 co-schedules is much larger than that for
randomly selected co-schedules, thereby making them both
harder to predict an more important interesting to study.

C. Error Computation

StatCC is designed to predict the miss ratio of co-scheduled
applications. However, when evaluating the accuracy of a
cache contention model that predicts miss ratios, we argue,
that, if there exists a reasonable CPI model for the architecture
in question, CPI should be used when computing the error of
the prediction. The motivation is that the relative miss ratio
increase of an application when it is co-scheduled with other
applications compared to running in isolation, is not tightly
correlated with the performance change, or CPI increase. Fig-
ure 8 shows a scatter plot relating relative miss ratio increase to
relative CPI increase for the 55 co-scheduled applications. As
we can see, the correlation between the two is not very strong.
If the miss ratio of an application with a low miss ratio, say
0.1%, is increased to 0.2% when it is co-scheduled with other
applications, the relative miss ratio increase is 100%. However,
since the absolute increase of its miss ratio is only 0.1% and
the miss ratio is itself is small, the increase in CPI due to the
miss ratio increase is negligible compared to other factors that
effect performance. We therefore use the following equation
to compute StatCC errors,

error =
CPI (mr) −CPI

(
m̂r

)
CPI (mr)

(4)

where, mr and m̂r are the reference and the predicted miss
ratios, respectively. Here, the miss ratio is filtered through
the CPI model, and the large relative miss ratio errors for
applications with small miss ratios are attenuated. It is only if
the error of the miss ratio prediction would lead to a largely
miss-predicted CPI that the error is large.

Figure 8(b), shows the correlation between the relative
increase in CPI and the absolute increase in miss ratio, for
the same scenario as Figure 8(a). In Figure 8(b), there is a
much stronger correlation than in Figure 8(a). Therefore, if
it is necessary to report miss ratio errors, for example if no
CPI model is available, the absolute miss ratio should be used
rather than the relative.

D. Results

Experiment 1: In this experiment we evaluate the accuracy
of StatCC by comparing the predicted results to those obtained
from the reference simulation, using all 55 application pairs.
For each application pair, we measure the reuse distances of
all memory accesses for both applications, and feed them to
StatCC. That is, we do not sample the reuse distributions.
This allows us to evaluate the accuracy of StatCC without
the effects of any errors introduced by sampling.

Table II, show the average, median and standard deviation
of StatCC’s prediction errors, computed using Eq. (4), for
each benchmark application when they are co-scheduled with
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Figure 6. Miss ratio curves for the selected benchmark applications. The applications that exhibit the largest change in miss ratio when their cache size is
reduced from 2MB to 1MB are shown in 6(a), 6(b), and 6(c). Figure 6(d) shows the miss ratio curves for the selected benchmarks with little change in miss
ratio between 2MB and 1MB.
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Figure 7. Increase in miss ratio when the applications are co-scheduled compared to when they run alone. Each pair of bars indicate the increase for a pair
of co-scheduled applications. The left bar indicates the increase for the first, and the right bar indicates the increase for the second application.
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Figure 8. Scatter plot relating (a) the relative miss ratio increase, and (b) the absolute miss ratio increase, to the relative increase in CPI, for the co-scheduled
applications when running alone compared to when they are co-scheduled. For each of the 55 pairs of co-schedule applications, there are two data points
shown, one for each application.

TABLE II
Average, median and standard deviation of StatCC’s prediction errors,
computed using Eq. (4), for each benchmark application when they are
co-scheduled with all other applications including themselves.

Average Median Std. Dev.
445.gobmk 0.7% 0.1% 1.4%
447.dealII 0.2% 0.1% 0.1%
450.soplex 0.5% 0.4% 0.3%
456.hmmer 0.5% 0.1% 1.2%
458.sjeng 0.1% 0.1% 0.1%
464.h264ref 1.7% 1.3% 1.4%
470.lbm 0.8% 0.9% 0.5%
471.omnetpp 10.3% 8.3% 6.3%
482.sphinx3 1.4% 1.5% 0.3%
483.xalancbmk 3.3% 0.9% 3.5%
Overall 1.9% 0.4% 3.8%

all other applications including themselves. The bottom row
shows the overall average, median and standard deviation of
the prediction errors for both applications in all the 55 pairs
of co-schedules, which are 1.9%, 0.4% and 3.8% respectively.
For the 55 pairs examined, 90% of the prediction errors are less
than 5%. These statistics show that StatCC accurately predicts
the co-scheduled behavior for seven of the most challenging
applications in the SPEC CPU2006 benchmark. The two
applications with the largest average errors are 471.omnetpp
and 483.xalancbmk. They are the two applications whose miss
ratios have the greatest potential to change when experiencing
capacity pressure in the shared cache (see Section V-B),
which makes their miss ratios hard to predict. We will further
examine these two applications later in this section.

Figure 9, shows the modeled and simulated results for each
application in the 55 pairs of co-schedules. Figure 9(a) shows
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Figure 9. Scatter plot showing, (a) predicted vs. simulated co-scheduled miss ratio and (b) predicted vs. simulated co-scheduled CPI. For each pair of the
55 co-schedules, there are two data points shown, one for each application.

the reference vs. predicted miss ratios, and Figure 9(b) shows
the reference vs. predicted CPI. Ideally, all points should be on
a 45◦ line passing through the origin. If a point is above the
45◦ line the model overestimates, and if the point is below
the 45◦ the model underestimates. In Figure 9(a), there is
a cluster of points between 0.6% and 3%, whose relative
miss ratio prediction errors are larger then average. These
points correspond to miss ratios of co-schedules containing
471.omnetpp and 483.xalancbmk, that we have identified as
being the hardest applications to predict. However, Figure 9(b)
shows that when the predicted miss ratios are used to estimate
performance, the errors of the performance predictions are not
as significant.

Figure 10(a), shows the reference and the predicted co-
scheduled miss ratios for all co-schedules contaning 471.om-
netpp and 483.xalancbmk, which are the hardest to predict,
and whose average prediction errors are the largest. For each
co-schedule there are four bars, with two for each applica-
tion. The first of each pair is the simulation results and the
second is the StatCC prediction. For example, consider the
application pair of 471.omnetpp and 483.xalancbmk, which
is in the middle of the figure. The leftmost bar indicates the
miss ratio of 471.omnetpp when run alone (bottom, dark red
portion) and the total height (including the top light green
portion) indicates the miss ratio of 471.omnetpp when co-
scheduled with 483.xalancbmk. The next bar immediately to
its right is the predicted miss ratio from StatCC. Figure 10(b)
shows similar results for the predicted CPIs as computed from
StatCC’s miss ratios.

As Figure 10(a) shows, the largest miss ratio prediction
errors, for both 471.omnetpp and 483.xalancbmk, are mea-
sured when they are co-scheduled together with applications
with low miss ratios. This is likely due StatStack not being
able to accurately estimate the miss ratios for applications
with low miss ratios [7]. This is especially true when their
miss ratio curves have knees, as 471.omnetpp has at a cache
size of about 1.7MB (see Figure 6(a)). For example, consider
the co-schedule 471.omnetpp and 447.dealII. 447.dealII has
a low miss ratios for cache sizes between 1MB and 2MB
(see Figure 6(c). Applications with low miss ratios typically
only occupy a small portion of the cache when co-scheduled
with other applications. This results in 471.omnetpp’s cache

occupancy being close to the knee in its miss ratio curve,
which makes it hard for StatStack to estimate its miss ratio.

Experiment 2: In this experiment, we evaluate StatCC’s
sensitivity to using sparse sampled reuse distance distributions.
Again, we use the 55 pairs of applications, but this time we
only collect reuse distance information from randomly sam-
pled memory accesses. Each pair of co-scheduled applications
is sampled 32 times, which gives us 32 · 2 · 55 = 3520 sparse
reuse distance distributions. We then feed these distributions to
StatCC and compute the errors for the resulting predictions.
By examining the distributions of these errors, we can quantify
StatCC’s sensitivity to sampling.

Figures 11(a) and 11(b), show the distribution of the errors,
computed with Eq. (4) for sample rates of 10−2 (1 of every
100 memory accesses) and 10−3 (1 of every 1,000 memory ac-
cesses), respectively, normalized to their means. For a sample
rate of 10−2, 95% of the errors are within ±1.0%, and for a
sample rate of 10−3, 95% of the errors are within ±2.5%. This
means that, for a sample rate as low as 10−3, we can expect
the errors to increase no more than 2.5% (on top of the errors
reported in Experiment 1).

Similarly, Figures 11(c) and 11(d), show the distribution the
absolute miss ratio errors, for sample rates of 10−2 and 10−3,
respectively. For a sample rate of 10−2, 97% of the errors are
within ±0.1%, and for a sample rate of 10−3, 97% of the errors
are within ±0.25%.

Experiment 3: In this experiment, we evaluate StatCC’s
sensitivity to errors in the CPI model. To do so, we introduce
an error in the CPI model by multiplying it by a factor α, in
the following manner: cpi1 = α1 ·CPI1 (mratio1 (cpi1, cpi2))

cpi2 = α2 ·CPI2 (mratio2 (cpi1, cpi2)) .

By solving this equation system, for cpi1 and cpi2, and then
plugging them into the miss ratioi(cpi1, cpi2) functions we
obtain miss ratio predictions. By analyzing the error of these
miss ratio predictions as a function of α1 and α2, we can
quantify the miss ratio predictions sensitivity to errors in the
CPI model.

Table III shows average increase in StatCC’s absolute miss
ratio error for relative errors in the CPI model of up to 10%,
as reported by Fedorova et al. [2]. The largest increase is ob-
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Figure 10. Prediction and simulation results for the two most difficult applications, 471.omnetpp and 483.xalancbmk, for which StatCC’s prediction errors
are the largest. There are four bars for each application pair. The first and third bars are the simulation results for the first and second applications, respectively.
These bars consist of the miss ratio, in Figure 10(a), and CPI, in Figure 10(b), when run individually (bottom, dark red) and the delta when co-scheduled (top,
light green). The second and fourth bars are the predicted co-scheduled results from StatCC for the first and second applications, respectively. To evaluate
the accuracy of StatCC one should compare the co-scheduled simulation results (first and third bars), including the increases due to co-scheduling (light
green), to the StatCC results in the second and fourth bars, respectively. The change due to co-scheduling (light green) is an indication of how sensitive the
application is to other applications running at the same time.

TABLE III
The increase in error due to a 10% error in the CPI model. The right side,
shows the average increase of the absolute miss ratio error, and the left

side, shows the average increase of the relative CPI error.

Absolute Miss Ratio Error Relative CPI Error
HHH

HHα1

α2 0.9 1.0 1.1
HHH

HHα1

α2 0.9 1.0 1.1

0.9 - 0.04 0.08 0.9 - 0.4 1.0
1.0 0.02 - 0.03 1.0 0.1 - 0.1
1.1 0.06 0.05 - 1.1 0.6 0.4 -

served for α1 = 0.9 and α2 = 1.1 and is 0.08 percentage points.
This means that if the CPI model were to over estimate the
CPI by 10% for one of the co-scheduled applications, and at
the same time under estimate the CPI of the other application
by 10%, the error of StatCC’s miss ratio prediction would
increase by 0.08%. However, this absolute error increase is
hard to relate to the 10% relative error introduced to the CPI
model. Therefore, we use the method to compute miss ratio
errors discussed in Section V-C. Table III, shows these errors,
where the largest increase in relative CPI error is 1.0%, for
α1 = 0.9 and α2 = 1.1, this corresponds to an average increase
from 1.9% to 2.9%.

E. Overhead and Scalability

In this evaluation we have demonstrated the effectiveness
of StatCC for two co-scheduled applications. The equation
system (Eq. (3)) that describes how co-scheduled applications
contend for a shared cache can easily be extended to any
number of threads. We have successfully solved the equation
system for several combinations of four co-scheduled synthetic
applications, which suggests that the equation system is solv-
able for more than two co-scheduled applications.

We have used a simple unoptimized fixed-point equation
system solver implemented in Python. The time it takes to
solve the equation system (Eq. (3)) is on the order of a few
seconds. However, this time can easily be reduced by an
order of magnitude by implementing an optimized solver i
a compiled language.

VI. Summary

This work has presented StatCC, a statistical cache con-
tention model that uses sparsely collected runtime information
to model the cache contention of co-scheduled applications in
terms of their miss ratios. The input to StatCC is a reuse
distance distribution that can be collected with an overhead of
only 40% [8] and independently of the co-scheduled execution.
StatCC explicitly models the interaction between miss ratio
and CPI, and leverages the StatStack cache model and a simple
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Figure 11. Distribution of the additional errors (on top of the errors reported in Experiment 1) introduced by sparse sampling. 11(a) and 11(b), shows the
error distributions, computed using Eq. (4), for sample rates of 10−2 and 10−3 respectively. 11(c) and 11(d), shows the distribution of absolute miss ratio
errors, for sample rates of 10−2 and 10−3 respectively.

CPI model to efficiently and accurately predict the miss ratio
of co-scheduled applications.

StatCC’s one-time, low-overhead data collection and fast
model evaluation make it well suited for many uses. For
example, program cache optimization targeting a shared level
cache, long-term cache aware job scheduling and processor
design space exploration can all benefit significantly from fast
data collection.

In a multiprogramed environment, StatCC can be used to
predict the effectiveness of cache optimization targeting the
shared level cache. Here, the low-overhead data collection
significantly reduces the turnaround of the profile-optimize-
test cycle. Long-term job scheduling is another interesting
use case for StatCC. For workloads where new programs are
frequently submitted to the job queue and only resubmitted
a few times, the data collection overhead 40% might be
hard to justify. However, for workloads where programs are
frequently resubmitted, for example in HPC cluster, the cost of
the data collection can easily be amortized. For design space
exploration, both the low-overhead data collection and the fast
evaluation time of StatCC allows for larger search spaces.

To further reduce the data collection overhead, we are
investigating the use of hardware debug registers (instead of
page protection) to implement the watchpoint mechanism used
by the StatCache sampler. This could potentially reduce the
data collection overhead by an order of magnitude. Such a
reduction would enable more uses of StatCC, such as guiding
cache contention aware kernel level thread scheduling.
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