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Abstract

Knowledge of the working set of pages associated with
an application provides an opportunity for effective allo-
cation of resources in multicore multiprocessor systems.
Various techniques for approximating the working set
size using either simulations or program traces have been
proposed. However, these techniques are very expensive,
and therefore not practical for dynamically optimizing
resources. To alleviate this problem, in this work, we
develop a statistical model based on machine learning
techniques for approximating the working set size of mul-
tithreaded programs running on multicore multiprocessor
systems. The basic idea is to correlate the working set size
of a program with its resource usage characteristics, such
as resident set size and TLB miss rate. Through extensive
experimentation with 20 multithreaded programs from
SPEC OMP2012 and PARSEC on a SPARC T4-4 running
Oracle Solaris 11™, we demonstrate that the model has
96% prediction accuracy and its overhead is negligible.

1 Introduction
Multicore multiprocessor systems with large caches and

many cores have become ubiquitous. Large caches used
in shared memory multicore architectures can avoid high
memory access time only if data is referenced within the
address scope of the cache. Therefore, locality is a key
issue in achieving high performance for multithreaded
applications running on multicore systems [1, 19]. Lo-
cality (temporal locality) is often expressed in terms of
working sets [11]. The working set of an application is
a measure of its dynamic memory demand in an execu-
tion window [10, 23]. The working set size (WSS) of
an application is computed by multiplying the number
of pages referenced over an interval with the size of the
page. WSS has been used to model resource sharing
among concurrent tasks of an application [10] and for
effective resource management in the Cloud [24]. There-
fore, knowing the WSS of an application provides an
opportunity for effective allocation of resources and thus
improved performance.

Various techniques for approximating WSS using
either simulations or program traces have been pro-
posed [2, 4, 7, 10, 13, 23]. Although using these tech-
niques we can determine the WSS of a particular pro-
gram, the overhead of these techniques is very high and
therefore not appropriate for dynamically optimizing re-
sources. Moreover, most of the above existing techniques
were evaluated using single-threaded programs on ma-
chines with very few cores. Oracle Solaris 11 provides
the number of pages referenced by an application run-
ning on SPARC systems through the proc file system
(/proc/pid/pagedata). However, it is very expensive to
derive the WSS through the proc file system, as the over-
head increases with the size of the working set. For exam-
ple, the overhead of measuring the working set sizes of
20 multithreaded programs from PARSEC [3] and SPEC
OMP2012 [25] on SPARC T4-4, ranges from 80 millisecs
to 150,000 millisecs.

To address the above problems, in this paper, we de-
velop a statistical model based on supervised learning
for approximating the WSS of a multithreaded program
running on a multicore multiprocessor system. To develop
this model, first, we study the important resource usage
characteristics of 20 emerging multithreaded programs
from the PARSEC and SPEC OMP2012 benchmark suites
on a SPARC T4-4 running Oracle Solaris 11. The basic
idea is to correlate the WSS of an application with its im-
portant resource usage characteristics, such as resident set
size (RSS) and TLB miss rate. We collect these character-
istics using performance monitoring counters and simple
utilities available in modern operating systems. Through
extensive experimentation, we demonstrate that the model
has 96% prediction accuracy. Moreover, the overhead of
this model is negligible. Thus, we can use this model
dynamically for effective allocation of resources in multi-
core multiprocessor systems. We also briefly present two
potential applications of the above model to maximize
the performance of multithreaded programs running on
multicore multiprocessor systems.



PARSEC: bodytrack (BT), fluidanimate (FA), ferret (FR), facesim (FS), streamcluster (SC), swaptions (SW);
SPEC OMP2012: applu (AL), botsalgn (BA), bt331 (BB), botsspar (BS),bwaves (BW), fma3d (FM), ildbc (IL), imagick (IG),
kdtree (KD), md (MD), mgrid (MG), nab (NM), smithwa (ST), swim (SM)

Table 1: The 20 multithreaded programs and their short names. These programs mainly stress CPU and main memory.

The key contributions of our work are as follows:

o We identify that resident set size, TLB miss rate,
number of threads, and LLC miss rate are strongly
correlate with the working set characteristics of mul-
tithreaded programs running on multicore multipro-
Ccessor systems.

e We demonstrate the usage of machine learning tech-
niques in developing simple and robust models for
characterizing working set sizes of emerging multi-
threaded applications.

The remainder of this paper is organized as follows.
Section 2 presents the development of statistical models
for approximating working set size in detail. We briefly
describe our future work in Section 3. Finally, related
work and conclusions are given in Sections 4 and 5.

2 Characterizing Working Set Size
The working set of pages associated with an application is
the collection of its most recently used pages over a time
interval [10]. The working set size (WSS) is computed
by multiplying the page-size with the number of pages
referenced over a time interval. Characterizing the WSS
is a challenging problem as it significantly varies from
application to application. For example, a well-tuned sci-
entific application can have a small working set of a few
kilobytes, while a large database application can have a
huge working set running into several gigabytes. More-
over, several factors affect the WSS of a multithreaded
application running on multicore multiprocessor systems.
The basic idea for developing a model for approximat-
ing WSS is correlate it with important resource usage
characteristics (i.e., factors) of the application. Therefore,
identifying important factors is the key in developing an
effective model to characterize the WSS of multithreaded
applications. We use statistical models to capture im-
portant factors for approximating WSS. These models
are constructed using supervised learning, where a set of
input-output values is first observed and then a statistical
model is trained to predict similar output values when
similar input values are observed [15].

2.1 Identifying Important Factors

To identify important resource usage characteristics that
affect WSS, first we study 20 multithreaded programs
from the PARSEC and SPEC OMP2012 with varying num-
ber of threads on a SPARC T4-4 running Oracle Solaris
11. These programs mainly stress CPU and main memory.
Table 1 lists the chosen programs. The implementations
of the PARSEC programs are based upon pthreads and

SPARC T4-4: 4 x SPARC T4 Processors @3.0 GHz;
Total 256 vCPUs (i.e., 4 x 64 vCPUS);

L3: 4 MB; RAM: 512 GB: OS: Oracle Solaris 11"

Table 2: The description of SPARC T4-4.
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Figure 1: Although RSS is correlated with WSS, it is not alone
enough to accurately approximate WSS. The number of threads
used to run the multithreaded program affects its WSS and RSS.

we ran them using native inputs (i.e., the largest inputs
available). The SPEC OMP2012 programs were run on
medium sized inputs. The range of the execution times of
the programs is from 50 seconds to 4800 seconds.

Table 2 provides the description of SPARC T4-4: it
has four SPARC T4 processors, each of the processors
(or sockets) has 64 virtual CPUs (vCPUs), and a total of
256 vCPUs. Since most of the above 20 programs exhibit
poor performance because of high lock contention when
running them with 256 threads on our SPARC T4-4, we
assume that the above mentioned programs run with a
maximum of 128 threads on SPARC T4-4. Therefore, we
run the programs with 16, 32, 64, and 128 threads and
collect their important resource usage characteristics for
developing a statistical model to approximate WSS.

Resident Set Size & Number of Threads. The resi-
dent set size (RSS) is a measure of how much physical
memory is actually being used by the application [13].
Therefore, RSS is correlated with the WSS. However, it is
not sufficient to accurately approximate the WSS of mul-
tithreaded programs (see Figure 1 (b)). Figure 1 shows



the RSS and the WSS of three multithreaded programs:
facesim (FS), fluidanimate (FA) from PARSEC, and Imag-
ick (IG) from SPEC OMP2012. We ran FS and FA with 64
threads and IG with varying number of threads (16, 32,
64, and 128). The utility ps(1) is used to measure resident
set size (RSS). As Figure 1 shows, while the WSS of FS is
steady, the WSS of FA varies. As we can see in Figures |
(a), (b), and (c¢):

e RSS is not sufficient to accurately approximate WSS.

e Depending on the application WSS varies signifi-
cantly. Figure 1 (b) shows this.

e The number of threads used to run the multithreaded
program significantly affects both WSS and RSS.
We can see this in Figure 1 (c).

Therefore, both RSS and number of threads are impor-
tant factors for approximating WSS.

TLB Miss Rate & Number of Threads. Translation
lookaside buffer (TLB) is used to improve the speed of
virtual to physical address translation in modern computer
systems. The number of entries in a TLB multiplied by
the page size is defined as TLB reach. The TLB reach
is critical to the performance of an application. If the
TLB reach is not enough to cover the working set of a
process, the process may spend a significant portion of its
time satisfying TLB misses [10]. Therefore, TLB miss
rate is one of the important application characteristics for
approximating WSS.

We also observe that multithreaded programs based on
data parallelism experience smaller TLB miss rate when
running them with more threads compared to running the
same program with relatively small number of threads (or
sequential version) on multicore multiprocessor systems.
This is because, when we run the program with multi-
ple threads, the thread scheduler migrates threads across
all the cores (and sockets) of the system for balancing
load. This allows threads to share the TLB cache of the
whole system and also the working set is shared among
all the threads. Therefore, the number of threads used
to run a multithreaded program significantly affects TLB
miss rate and thus it is one of the important factors for
approximating WSS.

LLC Miss Rate & Thread Migrations. The thread
schedulers dynamically distribute threads across multi-
ple processors to balance the load across the processors.
However, the distribution of threads across processors
of a multicore multiprocessor system impacts important
application resource usage characteristics such as data
locality, last-level cache misses (LLC misses) and thus
performance of the multithreaded application. Typically,
programs with large working set sizes exhibit high LLC
miss rates.

Predictor | Description

rss | average resident set size.
tlbpi | average TLB misses per instruction.
mpi | average LLC misses per instruction.
tlbps | average TLB misses per second.
mps | average LLC misses per second.
load | threads to virtual CPUs ratio i.e.,
(#threads / 256).

Table 3: The initial six predictors of WSS (the response vari-
able) of a multithreaded application running on a multicore
multiprocessor system. We express WSS in terms of MB.

Therefore, we consider RSS, TLB miss rate, number
of threads used to run the application, and LL.C miss
rate as potential predictors (or important resource usage
characteristics) of WSS. These predictors are used as
inputs to the statistical models. Table 3 lists the predictors.

2.2 Data Collection

We run the above 20 multithreaded programs (Table 1)
with varying number of threads (16, 32, 64 , and 128) and
collect input data (values of the predictors) for developing
the models. From the runs of the 20 programs, we collect
80 data points, where each data point is a 7-tuple contain-
ing the 6 predictors (shown in Table 3) and the observed
value of WSS as the target parameter. Here each of the 20
programs contributes 4 data points. We use cputrack(1)
utility [18] (accessing performance event counters) for
collecting TLB misses per instruction (tlbpi), LLC misses
per instruction (mpi), TLB misses per second (tlbps), and
LLC misses per second (mps). While ps(1) utility is used
to measure resident set size (RSS), WSS data is derived
by collecting the number of pages referenced information
through the proc file system.

Collecting WSS Data. Oracle Solaris 11 on SPARC
provides the information of referenced pages of a process
through the proc file system. Therefore, in this work,
WSS data is derived by collecting the number of pages
referenced information through the /proc/pid/pagedata.
The proc pagedata corresponding to a process is another
representation of the process’s address space and provides
page-level reference and modification tracking [18]. The
proc pagedata file contains the information of total pages
mapped and how many pages are referenced or modified.
Therefore, accessing the proc pagedata file enables track-
ing of address space references and modifications on a
per-page basis. However, depending on the number of
pages mapped, this takes a huge amount of time -- from
80 milliseconds to 150,000 milliseconds for the programs
we used in this work. Thats why it is not appropriate to
collect WSS data through the proc file system for dynam-
ically optimizing resources. The range of WSS values of
the 20 programs is from 4MB to 21,000 MB. We express
WSS in terms of MB in this work.



2.3 Finding Important Predictors

To balance the prediction accuracy and the cost of approx-
imation, we use forward and backward input selection
techniques with Akaike Information Criterion (AIC) [15]
for finding important predictors among the six initial pre-
dictors. The AIC is a measure of the relative goodness
of fit of a statistical model. AIC deals with the trade-off
between the complexity of the model and the goodness
of fit of the model. The R stepAIC() [26] function uses
the AIC criterion for weighing the choices, which takes
proper account of the number of parameters fit. There-
fore, using R stepAIC() method, we identified the two most
important predictors: rss and tlbpi. Although number of
threads and LLC miss rate are other important factors for
approximating WSS, TLB miss rate includes the affect of
these on WSS. That’s why RSS and TLB miss rates are
enough to approximate WSS of multithreaded programs.

Moreover, we also tested the predictors for the mul-
ticollinearity problem to develop robust models. Multi-
collinearity is a statistical phenomenon in which two or
more predictor variables in a multiple regression model
are highly correlated. In this situation the coefficient
estimates may change erratically in response to small
changes in the model or the data. We use R Variance
Inflation Factor (VIF) method to observe the correlation
strength among the predictors [20]. If VIF > 5, then the
variables are highly correlated [26]. The VIF values of
the predictors rss and t/bpi are around 1.04. Therefore,
there is no multicollinearity problem. In other words, the
model developed using these two predictors does not over-
fit the training data and has a better expected prediction
accuracy on test data.

2.4 Developing Models

Using the above two important predictors (rss and tlbpi)
we developed three popular models based on supervised
learning techniques. The models are: 1) Linear Regres-
sion (LR); 2) Regression Tree (RT); and 3) K Nearest
Neighbour (KNN) [15, 16].

2.4.1 Linear Regression (LR)

Linear regression models are simple and often provide an
adequate and interpretable description of how the inputs
affect the output. Linear regression models the relation-
ship between a scalar dependent variable y and one or
more explanatory variables denoted X. Given a vector of
inputs X7 = (X1,X2,...,Xp), we predict the output Y via
the model [15] shown in Equation (1). The term fy is
the intercept and B; represents the vector of coefficients.
Equation (2) shows the linear regression model developed
with the above data set. We use R Im() [26] to develop
the model.

P
Y = Bo + Y XiB 1)
=

WSS = (—150) + (1.015 * rss) + (—23830 * tlbpi) (2)

2.4.2 Regression Tree (RT)

Recursive binary partitioning is a popular tool for re-
gression analysis. Conditional inference trees estimate a
regression relationship by binary recursive partitioning
in a conditional inference framework. Roughly, the algo-
rithm works as follows: 1) Test the global null hypothesis
of independence between any of the input variables and
the response. Stop if this hypothesis cannot be rejected.
Otherwise, select the input variable with the strongest
association to the response. This association is measured
by a p-value corresponding to a test for the partial null
hypothesis of a single input variable and the response. 2)
Implement a binary split in the selected input variable. 3)
Recursively repeat steps 1) and 2) [16].

We use R ctree() [26] to develop the model. The inter-
nal node of regression tree represents test on an attribute,
each branch represents outcome of test and each leaf node
represents the number of data points (n) fall into it and
the response value (y). Regression trees are known to be
robust to the effect of outliers. Moreover, they are simple
to understand and interpret.

2.4.3 K Nearest Neighbor (KNN)

Despite its simplicity, KNN has been successful in
many classification problems and regression problems,
including handwritten digits, satellite image scenes, etc.
Nearest-neighbor methods use those observations in the
training set T closest in input space to x to form Y. Specif-
ically, the KNN fit for Y is defined in Equation (3). Here
Ni(x) is the neighborhood of x defined by the k closest
points x; in the training sample. Closeness implies a met-
ric, which in this work is Euclidean distance. In other
words, we find the k observations with x; closest to x in
input space, and average their responses [15]. We use R
knn.reg() [26] to develop the model. In this work, we use
two neighbors (k = 2) as it is giving the best prediction
accuracy.

Y(x):% Y v 3)

xi €Ny (x)
2.5 Model Selection

We use both WEKA [9] and R [26] for selecting the best
among the above three models. For this, we evaluate
the three models using a 10-fold cross-validation (CV)
test [15]. In a 10-fold CV test, we split the data (80 data
points) into 10 equal-sized partitions. The function ap-
proximator is trained using all the data except for one par-
tition and a prediction is made for that partition. Table 4
shows the normalized root mean squared error (NRMSE)
values and the prediction accuracies of the three models.
Here, the prediction accuracy is expressed in terms of



Model | NRMSE | Prediction Accuracy (%)
LR 13.8 86.2
DT 7.9 92.1
KNN 4.3 95.7

Table 4: Cross-validation (10 fold) test results.

1 )
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where A; is the actual value and F; is the forecast value.

normalized root mean squared error (NRMSE) [27]. The
prediction accuracy (%) is defined as (100 - NRMSE).
As we can see in Table 4, although all the three models
perform well, KNN model is found to have the highest
prediction accuracy among the three models. NRMSE is
defined in Equation. 5.

Figure 2 shows the visual summary of how the models
perform in terms of normalized errors in the 10-fold CV
test. As Figure 2 shows the two regions (shaded and
non-shaded) represent performance of different models
in terms of normalized errors. For example, in Figure 2
(a), while the x-coordinate of each dot represents the
normalized error of the LR model for a test data point, the
y-coordinate represents the normalized error of the KNN
model for the same test data point. The region with more
dots reflect lower prediction accuracy by the model. As
we can see in Figures 2(a) and 2(b), the KNN model has
high prediction accuracy and outperforms both the LR
and RT models. Therefore, we chose the KNN model as
the working set model.

Algorithm 1 summarizes the methodology used in this
work for developing the best model for approximating
working set size of a multithreaded application running
on a multicore multiprocessor system.

Approximating WSS of SPEC jbb2005 & memcached.
While the KNN model achieves 96% prediction accuracy
on the above 20 parallel scientific applications, its predic-
tion accuracies for the workloads memcached [17] and
SPEC jbb2005 [25] are 93% and 88% respectively. Here
the workload based on memcached is the Data Caching
Benchmark from the CloudSuite [12].

2.6 Overhead of Working Set Model

The overhead for approximating WSS of a multithreaded
program with the working set model (i.e., the KNN model)
is 24 microseconds. However, as we described before
(Section 2 B), the overhead of measuring WSS through
the proc file system is very high -- from 80 millisecs to
150,000 millisecs. Therefore, the overhead of the KNN
model is negligible.

Algorithm 1: The methodology for developing the
best model for approximating WSS.

Input: Training data and test data.
Output: The best model for approximating WSS.

1 Develop a linear regression model with all reasonable
predictors of WSS using Training Data.

2 Select important predictors among the initial
predictors using Akaike Information Criterion [15].

3 Develop different models using the important
predictors selected in step 2.

4 Use cross-validation tests (on both Training Data and
Test Data) to select the best model among the models
developed in step 3. Here, the best model is the
model that produces the lowest normalized root mean
squared error.
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Figure 2: A visual summary of how the models perform in terms
of normalized errors in the 10-fold CV test. The two regions
(shaded and non-shaded) represents performance of different
models in terms of normalized errors. While the x-coordinate
of each dot represents the normalized error of a model for a test
data point, the y-coordinate represents the normalized error of a
different model of the same test data point.

3 Future Work
3.1 Working Set Aware Scheduling

We observe that multithreaded programs with small WSS
(e.g., fewer than 16MB on SPARC T4-4) achieve high per-
formance with grouping threads, i.e., running the threads
on a few processors compared to spreading threads uni-
formly across all the processors (i.e., running with the de-
fault Solaris scheduler). However, for the programs with
large working sets, spreading yields higher performance
than grouping on multicore multiprocessor systems. In
our preliminary evaluation, choosing between spreading
and grouping based on the WSS of the application signif-
icantly improves performance of several multithreaded
programs. For example, bodytrack, a high lock contention
program from the PARSEC benchmark suite achieves a
31% reduction in running time. Therefore, we would



like to develop a thread scheduling technique based on
the WSS model for effectively scheduling multithreaded
programs on multicore multiprocessor systems.

3.2 Resource Management in the Cloud

Virtual machines (VMs) have become one of the primary
computing environments in the cloud [24]. One benefit
of virtualization is the ability to save and restore the state
of a running VM. However, depending on the applica-
tion, restoring the saved memory image takes significant
amount of time. Therefore, memory management is cru-
cial for this restoring process. Since the overhead of the
WSS model developed in this work is negligible, it can
play a role in allocating memory resources effectively
when restoring VMs in the Cloud. Moreover, we can op-
timize memory resources while deploying multithreaded
applications in the cloud by approximating their working
set sizes using the above WSS model.

4 Related Work

Several researchers have explored working set charac-
teristics for understanding the resource requirements of
the programs [10, 13]. Denning [10] proposes a model
for estimating working set sizes to capture the degree of
locality in how a process accesses memory. The model
affords a convenient way to determine which information
is in use by a computation and which is not and therefore
makes it easier to determine memory demands [10].

Darryl Gove [13] analyzes the memory demands of
the SPEC CPU2006 benchmark programs by measuring
their working set sizes using simulator [8]. Darryl[22]
evaluates the idea of WSS in relationship to TLB misses
for the SPEC CPU2000 benchmark programs. In another
context, Cantin and Hill [5] look at the idea of WSS at the
level of L1 caches and evaluate the decline in the number
of cache misses as the cache size increases. Similarly,
Hallnor and Reinhardt [14] investigate the impact of data
compression on the WSS of the SPEC CPU2000 bench-
mark programs. However, the above works only consider
single-threaded programs.

The working set model used by the WSClock algo-
rithm [6] considers the number of pages referenced in a
time interval as a working set and leverages this informa-
tion for deciding which page to replace next. However,
since this model does not consider page-sizes, it is not
possible to compute the working set sizes of programs.
Therefore, it is not appropriate for effective scheduling of
threads across cores of multicore multisocket system.

Bellosa and Steckermeier [1] use hardware perfor-
mance counters to detect sharing among threads and
to colocate them onto the same processor. They stress
the importance of using locality information in thread
scheduling for performance scalability of NUMA multi-
processors. Bellosa proposes using TLB information to

reduce cache misses across context switches and maxi-
mized cache reuse by identifying threads that share the
same data regions. The idea is to schedule threads that
share regions sequentially one after each other to maxi-
mize the chance of cache reuse.

Several other researchers use program traces and simu-
lations for measuring (or approximating) WSS [2, 4, 7, 10,
13, 23]. However, this is very expensive and using mem-
ory access traces of a program, we can only measure the
working set size of a particular program. [24] proposes a
technique called access-bit tracing for measuring work-
ing set size for better resource management in scheduling
virtual machines. However, as the authors mention, it has
high overhead. Therefore, these techniques are not appro-
priate for exploiting the WSS information dynamically
for effective resource management. Moreover, most of
the above existing techniques are evaluated using single-
threaded programs on machines with very few cores.

In this work, we develop a simple and robust model
using machine learning techniques for approximating the
WSS of multithreaded programs running on multicore
multiprocessor systems. Unlike the existing techniques,
using this model we can approximate the WSS of multi-
threaded programs with negligible overhead.

5 Conclusions

Working set size (WSS) characteristics of a multithreaded
application are vital in developing techniques to opti-
mize resources in both multicore multiprocessor systems
and virtualized cloud environments. However, the exist-
ing techniques for approximating working set sizes are
very expensive and therefore not appropriate for dynami-
cally optimized resources. This work presents a simple
model for approximating WSS of multithreaded programs
running on multicore multiprocessor systems that incurs
negligible overhead and yet achieves 96% accuracy in
predicting working set sizes. Finally, we present two
potential applications of this model for achieving high
performance for multithreaded applications and for opti-
mizing resources in virtualized Cloud environments.
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