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Abstract

Recent studies have found that parallel garbage collection
performs worse with more CPUs and more collector threads.
As part of this work, we further investigate this phenomenon
and find that poor scalability is worst in highly scalable Java
applications. Our investigation to find the causes clearly re-
veals that efficient multi-threading in an application can pro-
long the average object lifespan, which results in less effec-
tive garbage collection. We also find that prolonging lifespan
is the direct result of Linux’s Completely Fair Scheduler due
to its round-robin like behavior that can increase the heap
contention between the application threads. Instead, if we
use pseudo first-in-first-out to schedule application threads
in large multicore systems, the garbage collection scalabil-
ity is significantly improved while the time spent in garbage
collection is reduced by as much as 21%. The average exe-
cution time of the 24 Java applications used in our study is
also reduced by 11%. Based on this observation, we propose
two approaches to optimally select scheduling policies based
on application scalability profile. Our first approach uses the
profile information from one execution to tune the subse-
quent executions. Our second approach dynamically collects
profile information and performs policy selection during ex-
ecution.

1.

As the speed of microprocessors tails off, utilizing multiple
processing cores per chip is becoming a common way for
developers to achieve higher performance. To do this, devel-
opers shift from writing sequential code to employing multi-
threading to achieve execution parallelism by (i) evenly dis-
tributing the workload among all threads within the applica-
tion [6] and (ii) minimizing the number of synchronization
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operations to promote higher execution parallelism among
the threads. As such, many programming languages includ-
ing Java, support threading as a language feature.

Unfortunately, effective workload distribution, alone,
does not guarantee scalability because Java is a managed
language and part of the overall execution time is spent on
runtime systems such as garbage collection (GC), which
usually exhibit a very different execution behavior from that
of the actual program. Furthermore, studies have shown that
garbage collection can take up to one-third of total execution
time of an application [9, 26]. As such, any scalability study
must decompose the overall execution time into at least two
components: time spent in executing the application or mu-
tator time and time spent in performing garbage collection
or GC time.

Although the Java virtual machine (JVM) creates threads,
it is the operating system that schedules them for execution.
In JDK1.7, each thread in the JVM is mapped as one ker-
nel thread in Linux and they are, by default, scheduled us-
ing Completely Fair Scheduler, which attempts to evenly di-
vide the CPU time to all the processes in the running queue.
Though the fairness between all the threads in an application
is achieved, this scheduling policy also has adverse effects
on garbage collection performance. Specifically, our investi-
gation found that the garbage collector performs worse if the
application’s workload is evenly distributed among threads.
A large number of concurrent threads create heap allocation
competition that can lead to prolonged object lifespans. This
phenomenon occurs because one thread is preempted before
it can fully use the objects it allocated. As a result, although
the objects of this thread would die soon, the heap becomes
full and the GC is called as other threads compete to allocate
objects on the heap. The lower GC efficiency makes the col-
lector copy more objects from young to mature generation,
which degrades the overall GC performance.

To the best of our knowledge, there has not been previ-
ous work that investigate the impact of scheduling policies
on performance of multi-threaded Java applications. The key
research question we want to investigate is: how can dif-
ferent scheduling policies affect GC and application per-
formances? To answer this question, we conducted a series



of investigations that make the following research contribu-
tions:
® We show that the completely fair scheduler in Linux pro-
longs the average object lifespan of scalable Java appli-
cations. The average longer object lifespan results in less
efficient GC, which leads to poorer performance of both
GC and whole application.
® We employ the first-in-first-out scheduler, instead, for the
multi-threaded Java applications, which avoids allocating
objects from all threads on the heap at the same time.
Both GC and mutator performances show significant im-
provements with the first-in-first-out scheduler. Also, the
GC scalability of the scalable applications is improved.
® We propose two approaches to select the best performing
scheduling policy for an application based on its work-
load distribution profile. The first approach collects run-
time information during a profile run and then selects a
suitable scheduling policy based on the collected infor-
mation for the subsequent runs. The second approach is
to dynamically select an appropriate scheduling policy
using on-the-fly profiling results.
The rest of this paper is organized as follows. Section
2 provides an overview of process schedulers and garbage
collection. Section 3 explains the experimental methodol-
ogy used in our investigation and reports the impact of the
CFS scheduler on the applications performance. Section 4
presents the performance evaluations when using the first-
in-first-out scheduler for the Java applications. Section 5
demonstrates two approaches we developed to automatically
select an optimal scheduling policy for an application. Sec-
tion 6 discusses the published works related to this topic.
Section 7 discusses future work and concludes this paper.

2. Background

This section provides some background information on the
process scheduling techniques in Linux and parallel garbage
collection in Oracle OpenJDK 7.

2.1 Process Scheduling

During a life time of a process, it can be in many states
that include ready, running, and blocked. When a process
is created, it begins its life in the ready state waiting for
its turn to execute. Once the process is scheduled, it enters
the running state. Later, it may be swapped out as it waits
for information from I/O devices or go back to ready state
again if it is preempted due to quantum expiration. The
number of threads that can run at the same time is often
determined by the number of CPUs. The scheduler decides
when to run which threads, and the order of the threads’
execution has been shown to affect the overall performance
of an application [19, 25, 27].

In Linux, at least two scheduling algorithms, Completely
Fair Scheduler (CFS) and First-In-First-Out (FIFO) sched-
uler, are available. Within a system, it is possible for one or
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more applications to use FIFO while the rest of the applica-
tions use CFS.

Completely Fair Scheduler. CFS is currently the default
scheduler in Linux [2] for system-level scheduling. Its goal
is to provide balanced processing times among processes
and avoid starvation. It is similar to round-robin scheduling,
but with two major differences. First, CFS maintains pro-
cess information in a red-black tree for constant time look
up. Round-robin, on the other hand, uses a queue. Second,
round-robin scheduler allocates a fixed execution period for
each process while CFS uses a fair time period, with calcu-
lation based on several process parameters such as priority
and percentage of CPU usage.

First-In-First-Out Scheduler. FIFO scheduler executes
processes in the order that they are submitted to the run
queue. The process keeps running until it finishes its work
or it has to block as it awaits resources such as data being
produced by other processes. In Linux, the FIFO scheduler
exists on top of CFS. When an application is configured to
use FIFO, threads within the application execute in a FIFO
manner. However, threads in an application using FIFO are
still subjected to preemption by the underlying CFS. To clar-
ify the interplay between these two schedulers, we provide a
simple example.

Assume that application A creates four threads: Ty, 71,
T, and T3 in this particular order. If A is configured to use
FIFO, its runtime behavior could be as follows:

e Uni-processor— Ty is scheduled first. The other three
remaining threads cannot run until 7g finishes. For Ty,
there is a maximum allowable time for it to run and if Tg
uses up this time, it is preempted so that other threads
from other applications can run. The key point to take
away from this example is that 77 cannot run until 7 is
done. The execution order is from T} to T3, respectively.

® Multi-processor— In Linux, there is a run queue per
processor. Assume that our system has two processing
cores so there are two run queues: Ry and R;. Even when

FIFO is used, concurrent execution of two threads from

the same application on two different cores is possible;

e.g., T is first placed on Ry and 7} is then placed on R;.

Note that T5 and T3 cannot be scheduled until Tj or 77 is

done. The key point to take away from this FIFO policy

example is that the number of concurrent threads from
an application is determined by the numbers of cores and
run queues in the system.

2.2 Garbage Collection

Currently, most state-of-the-art Java Virtual Machines use
Generational garbage collection [13] to manage heap space.
A generational collector segregates objects into “‘genera-
tions” using age as the main criterion. A typical generational
garbage collector exploits the fact that objects have different
lifetime characteristics; some objects are short-lived while
others live for a long time. In terms of age distribution, past
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studies, mainly based on single threaded applications, have
shown that “most objects die young” (referred to as the weak
generational hypothesis [13]); and thus, collection of objects
in the youngest generation (minor collection) occurs more
frequently than collection of objects from the entire heaps
(mature collection). Note that the parallel GC in OpenJDK
1.7 HotSpot, which is the platform used in this study, par-
allelizes the process of identifying reachable objects to im-
prove performance [1].

In a minor collection, live objects are copied from the
young generation to the next older generation [13], the
amount of work that must be done by a typical minor collec-
tor is proportional to the amount of live objects that must be
copied. This implies that a small number of surviving objects
would result in less GC effort, a shorter collection pause, and
higher GC efficiency, which refers to the collected memory
as a fraction of the allocated space prior to a collection [15],
[13].

The lifespan of an object can be computed by observing
the number of objects that have been created or the amount
of available memory in the young generation that has been
used between the creation of that object and the time that
it dies (i.e., the object is no longer reachable because there
are no more references to it) [23], [22], [11], [13]. Figure 1
illustrates a case in which there are three objects (B, C, and
D) created during the lifetime of object A. Therefore, the
lifespan of A is the total allocated size of these three objects.

An important consideration is that object allocations con-
sume the available heap space, but operations on those ob-
Jjects (execution) progress them toward their deaths. If these
two factors are not balanced (e.g., a long allocation burst that
fills up the heap without sufficient execution efforts), gener-
ational GC would be ineffective because each minor GC in-
vocation would need to copy a large number of live objects,
resulting in poor garbage collection performance. Next, we
conduct experiments to observe the relationship between ob-
ject lifespans and number of threads and how it can affect
scalability.
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3. Scalability of Parallel Garbage Collection

In this section, we evaluate the scalability of parallel GC in
OpenJDK 1.7. We then investigate the relationship between
the workload distribution among threads and the average ob-
ject lifespan as we varied the number of threads and CPUs.

Benchmark Suite Version Heap size(MB) Scalable
avrora DaCapo 2009 75 No

eclipse DaCapo 2009 330 No

fop Dacapo 2009 90 No

jython DaCapo 2009 90 No

h2 DaCapo 2009 900 No

lusearch DaCapo 2009 90 Yes

pmd DaCapo 2009 210 No

sunflow DaCapo 2009 210 Yes

tomcat DaCapo 2009 135 No

xalan DaCapo 2009 150 Yes
compiler.compiler ~ SPECIVM 2008 4000 Yes
compiler.sunflow SPECJVM 2008 2500 Yes
compress SPECJVM 2008 2500 Yes
crypto.aes SPECJVM 2008 2500 Yes
cryptorsa  SPECIVM 2008 2500 Yes
crypto.signverify SPECJVM 2008 2500 Yes
derby  SPECIVM 2008 4000 Yes
scimark.fft.large =~ SPECJVM 2008 2500 No
scimark.lu.large ~ SPECJVM 2008 2500 No
scimark.sor.large ~ SPECJVM 2008 2500 No
scimark.sparse.large ~ SPECJVM 2008 2500 No
mpegaudio ~ SPECJVM 2008 2500 Yes
xml.transform SPECJIVM 2008 4000 Yes
xml.validation ~ SPECJVM 2008 4000 Yes

Table 1: Benchmarks used in this paper. The last column
identifies whether the application is scalable based on our
empirical study.

3.1 Experimental Methodology

We conducted our experiments on a NUMA machine with
four AMD 6168 chips; each chip contains 12 processing
cores and the total RAM is 64 GB. We used Ubuntu 14.04.2
LTS and the kernel version is 64-bit 3.16.0-30 as the oper-
ating system and OpenJDK 1.7 HotSpot as the Java Virtual
Machine (JVM). We configured HotSpot to use the stop-the-
world throughput-oriented parallel scavenge garbage collec-
tor. This collector is based on a two-generational scheme
(young and mature), previously described in Section 2 [13],
[1]. The collector utilizes multiple threads to scavenge the
nursery generation. Objects that survive the young genera-
tion are copied to the mature generation. This particular col-
lector, by default, uses as many threads as the number of
available cores to perform nursery (young-generation) col-
lection, therefore, in presenting results, we use cores to re-
flect this constraint.

We chose 24 benchmarks from Dacapo-9.12-Bach [4]
and SPECJVM2008 [21] as listed in Table 1. The unselected
benchmarks from both suits either cannot run on our plat-
form (tradesoap and tradebeans ') or run too short because
of small workloads (startup.* and *.small benchmarks). The
workloads and number of driver threads (64) are fixed for all
benchmarks with different settings, and the actual number of

Uhttp://sourceforge.net/p/dacapobench/mailman/message/29144190/
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Figure 2: Effect of multiple threads/multiple cores on garbage collection scalability. For each application, there are seven bars.
Each bar, from left to right, represents the GC execution time when 1, 2, 4, 8, 16, 32, and 48 threads and cores are used.

threads can be larger than the specified number of threads in
each application.

Because the overall performances of Java applications
can be sensitive to the workload and available heap space,
we used the default input set and the same heap size for
each run of an application (e.g., heap is set to 210MB for
sunflow while the number of available CPU cores ranges
from 1 to 48) as indicated in the Table 2. To set the heap
size, we first identify the minimum heap requirement for
an application using one mutator thread (i.e., if the heap is
set to a smaller size, the application would crash). We then
multiply this heap size by three (i.e., 3X of minimum heap
size) [26]. Because there exists execution non-determinism
due to threading, we ran each application 6 times to calculate
the average value of each performance metric.

Table 2: Number of objects allocated (in million)

Number of mutator threads

Benchmark -— Z 8 16 32 48
eclipse 53085 | 53052 | 5306.8 | 5297.0 | 53047 | 53152
h2 38903 | 3897.6 | 3900.9 | 39064 | 3910.7 | 39141
Jython 22178 | 22195 | 22177 | 22253 | 22256 | 22179
lusearch 5337.0 | 53365 | 53364 | 53364 | 53365 | 53369
pmd 3069 | 3109 | 3172 | 3295 | 357.0 | 3845
sunflow 25293 | 25295 | 2529.9 | 2530.8 | 2532.7 | 2534.6
Xalan 9756 | 9759 | 9766 | 9779 | 981.1 | 9843

In JVM related studies, the experiments can be conducted
with or without warm-up. Warm-up periods can provide
time for the dynamic compilation system to generate op-
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timized code. The approach with no warm-up periods has
also been used in prior performance studies of application
and garbage collection [5], [3]. In this study, we did not em-
ploy the warm-up approach in order to reduce the amount
of traces. To validate the effects of using no warm-up peri-
ods, we verified our results with those reported by Du Bois
et al. [6]. In that work, they attempt to distinguish scalable
and non-scalable applications and evaluate garbage collec-
tion performance on multicore systems. Their methodology
includes warm-up periods. We found our results and theirs
to be nearly identical.

3.2 Scalability of Parallel GC

Previous studies have shown that parallel garbage collector
can have poor scalability [6, 810, 17, 18]. As our first
step, we conducted investigation to reconfirm the previously
reported results for our setup. The results appear in Figure 2.

As shown, the GC times for most benchmarks are the
smallest for four or eight threads/cores. Once we get to 16
threads/cores and beyond, we see that the GC times increase
significantly for most applications. However, we also notice
that increasing the number of threads in these application
only slightly increases the number of allocated objects as
shown in Table 2. As such, the additional garbage collection
time is not due to an increasing number of objects that must
be collected.

Based on this observation, we hypothesize that ineffective
garbage collection, in which each collection invocation is not
able to collect many objects, is the main reason for higher
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Figure 3: Object lifespan characteristics of scalable and non-scalable applications. The x-axis represents the object lifespan in
bytes. The y-axis indicates the percentage of total objects that have a particular lifespan.

garbage collection overhead when 16 or more threads are
used. Our hypothesis is based on the fact that generational
collection performs well if most objects die young. However,
a large number of surviving objects would results in higher
copying cost [20], and therefore, higher garbage collection
overhead. To validate our hypothesis, we conducted another
experiment to evaluate the effects of increasing threads/cores
on object lifespans.

Our results indicate that in some applications, object
lifespans are sensitive to the numbers of threads and CPU
cores while others show no sensitivity at all. Due to space
limitation, we illustrate both characteristics in Figure 3
through six applications. The first three applications, eclipse,
h2, and jython, show no change in object lifespans as we
increase the number of threads. For the remaining three ap-
plications, lusearch, sunflow, and xalan, object lifespans are
affected by increasing the number of the CPUs.

For lusearch, approximately 60% of all created objects
have lifespans of 1KB or less when running with 2 muta-
tor threads. When we set lusearch to run with 48 threads,
less than 20% of all created objects have lifespans of 1KB
or less. For sunflow and xalan, we observed a similar in-
crease in lifespan. Over 80% of objects have the lifespans of
1KB or less when running with 4 mutator threads. However,
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only 50% of objects have the lifespans of 1KB or less when
running with 48 threads. Such increased lifespans resulted
in more objects surviving the nursery collection. Therefore,
more time is spent copying these surviving objects to the ma-
ture generation and more full garbage collection invocations
are needed as the mature region fills up more quickly.

Next we characterize these applications to better under-
stand why their lifespan characteristics are so much differ-
ent. As part of this investigation, we observe the workload
distribution among threads. Using the same six benchmarks,
we report the amount of work done by each thread in Fig-
ure 4. The first three applications, eclipse, h2, and jython em-
ploy only a small number of threads regardless of the number
of available threads to help perform the work. For example,
Jython mainly uses three to four threads to do most of the
work. In the case of 42, only four to twelve threads perform
most of the work. As we increase the number of threads,
these additional threads perform very little work. This un-
even workload distribution greatly limits scalability because
adding more threads does not reduce the amount of work
that the main threads must do.

On the other hand, lusearch, sunflow, and xalan show
nearly uniform distribution of workload among threads. As
more threads are added during our experiment, each thread
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would perform proportionally less work. So, these three
applications achieve the first objective of being scalable. The
last column of Table 1 identifies whether an application is
scalable based on the results of our experiment.

3.3 Discussion

When the heap is shared by multiple threads, thread schedul-
ing performed by the underlying operating system can affect
lifespans of objects belonging to a thread. In our example
shown in Figure 1, a thread, (1'1) allocates object A, object
B, object C, and object D. Subsequently, T'1 would access
these objects but before doing so, it needs to perform an I/O
operation. At this point, the operating system would suspend
the execution of T'1 and perform the requested I/O access
on its behalf. If there are no other threads allocating objects
from the same heap as 7'1, the lifespan of every object in 7'/
can be easily calculated based on the object allocation pat-
tern of T'1. Thus thread scheduling by the operating system
has no effect on lifespans in a single-threaded environment.

On the other hand, consider a scenario where three
threads, 71, T2, and 7T'3 share the same heap. When 7T'1
is suspended by the operating system during the I/O access,
the scheduler may pick 7°2 to run next and then subsequently
T'3. At this point, the calculation of the lifespan of object A
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must include objects created by 72 and T'3. While the exe-
cution of 7'1 does not depend on any objects created by 72
and T3, these objects can greatly prolong the lifespans of
objects created by 7'1. Furthermore, they also create addi-
tional allocation pressure that would eventually result in a
minor collection invocation.

For the three scalable applications, evenly distributed
workload means that the heap is shared by many threads,
causing these applications to suffer from significantly pro-
longed lifespans due to scheduling and more threads allo-
cating/using objects concurrently. This can result in poorer
GC effectiveness as more time is spent on moving surviving
objects from one generation to the next. For the remain-
ing applications, additional threads perform little work and
therefore, they have little effects on lifespans. In the next
section, we describe our approach to reduce the effect of
scheduling on object lifespan.

4. Effects of FIFO vs. CFS

In this section, we compare GC scalabilities and overall
performances of the two scheduling policies: FIFO and CFS
using the 24 benchmarks.
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4.1 GC Scalability Study

Figure 5 reports the CG scalabilities of each application
when CFS and FIFO are used. The GC times of each ap-
plication using CFS and FIFO are normalized to that of the
same application using CFS running on a single CPU. We
observe that the GC execution times when FIFO is used are
smaller than those when CFS is used. The average GC exe-
cution time is reduced by 52%, while the biggest GC time re-
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duction is nearly 90% for scimark.fft.large. Further, although
GC performance for FIFO can degrade for higher numbers
of threads/cores, it is still better than that for CFS. We find
that the reason for the better performance is shorter object
lifespans in FIFO due to less heap competition. FIFO also
has fewer context switches during the GC period.
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4.2 Study of Mutator and GC Performances

Although FIFO improves the GC performance over CFS
with more CPUs, some mutator times become longer in
comparison as shown in Figure 6. We note, however, that
the benchmarks that work better with the CFS scheduler
are all non-scalable, as previously characterized in Figure 4.
Most of the threads in these benchmarks are helper threads
and perform very little work and can finish within the CFS
quanta. As such, the FIFO scheduler does not have any ad-
vantage over the CFS scheduler for these benchmarks. This
is also true for avrora and pmd, which have been identified
as non-scalable. However, in these two applications, FIFO
and CFS performances are very similar, as shown in Figure
7.

Figure 7 presents the scalable benchmarks that show per-
formance improvement when FIFO is used. The average
improvement of the overall performance is 45% with 74%
as the maximum improvement in crypto.aes. We also ob-
served context switching behaviors of these scalable applica-
tions when FIFO is used. On average, FIFO reduces context
switching by 90% over CFS. Fewer context switches result
in better cache locality for threads. On the other hand, when
only a few threads in an application do most of the work,
more context switches occur when helper threads need to
run and therefore they preempt the major threads [16].

4.3 Effects of FIFO on Other Applications Using CFS

By using two scheduling algorithms in a system, it is possi-
ble that a policy used in one application can affect schedula-
bility of other applications, and therefore, affect their overall
performance. To evaluate the impacts of FIFO on the per-
formance of applications configured to use CFS, we con-
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duct a set of experiments. First, we measure (i) performance
of an application when FIFO is used, (ii) performance of
an application when CFS is used, (iii) performances of two
instances of the same application both running FIFO, (iv)
performances of two instances of the same application, one
using FIFO and the other using CFS, (v) performances of
two instances of the same application, both running CFS.
We set these programs to use 48 threads/cores. For brevity,
we report the results of a scalable (sunflow) and non-scalable
(eclipse) applications.

In Figure 8 (top), sunflow, which is a scalable applica-
tion, performs best when FIFO is used. When we run two
instances using FIFO, we see a slight increase in execution
times. This is expected as there are more threads in the sys-
tem. When we run two instances with two different sched-
ulers, we also see a slight increase in execution time for
FIFO but a more significant increase for CFS (about 27%
higher than that of running alone with CFS). When both in-
stances use CFS, all 96 or more threads from these instances
can run in any order without having to wait for others to
finish. This intensifies the competition to create objects in
the heap, resulting higher GC overhead and execution time.
When FIFO is paired up with CFS, the competition becomes
less intense so the performance of CFS does not degrade as
much as when both instances run CFS.

In Figure 8 (bottom), eclipse, which is a non-scalable ap-
plication, shows that the impact of the scheduler change is
very little when two instances run concurrently. One reason
is that FIFO yields no benefit in non-scalable applications so
the performance difference between FIFO and CFS is small.
Another reason is that few threads in the non-scalable ap-
plications do most of the work; thus, there are idle CPUs
that other applications can use. Fewer working threads also



means less heap competition among threads within the ap-
plication.

4.4 Discussion

In nearly all benchmarks (scalable or non-scalable), FIFO
can provide benefit if used in a system with a large number
of cores. It tends to perform worst when the number of cores
is fewer than eight. This is to be expected as FIFO can
achieve parallelism with more cores. In scenarios with a few
processing cores, threads that are scheduled earlier would
prevent other threads from running.

While FIFO can work well in most applications when
more than 8 cores are used, there are also benchmarks that
perform better with CFS. In addition, large server applica-
tions that rely on working threads polling for work would
also perform poorly with FIFO. Up to now, we need to man-
ually identify whether an application can benefit from using
FIFO. The selection criteria include scalability and clearly
defined amount of work. Next we introduce two approaches
to automatically detect applications that can benefit from us-
ing FIFO. These mechanisms are only enabled when more
than 8 processing cores are used. Otherwise, the system con-
tinues to use the CFS policy.
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Figure 8: Comparison of the overall performances when CFS
and FIFO scheduled same applications run in concurrent on
48 CPUs
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5. Automatic Selection of Scheduling Policies

The analysis and results presented in the previous section
indicate that the workload distribution between threads can
help select a more suitable scheduling policy. In this section,
we present two approaches to automatically select an opti-
mal scheduling policy for an application.

5.1 Using Cross-run Profiles

The first approach transparently collects workload distribu-
tion information in the background of one execution run
(profiling run) and uses it to select a better scheduling pol-
icy for the subsequent runs. Algorithm 1 describes the steps
used in the approach. We measure the execution time of each
thread as the workload. The collection of the threads’ in-
formation is done by reading the system file /proc/$pid/stat,
which requires one thread pinned to a CPU to monitor the
file. Figure 9 compares the performance degradation when
the profiling script is executed concurrently with the appli-
cation. As shown, in the worst case, the profiling thread adds
8% to the execution time. Keep in mind that this is a one time
cost as it only incurs in the profiling run.

Algorithm 1: Proposed sampling based algorithm

1 Initialization: launch the multi-threaded Java
application (J) and the helper script (H) concurrently;
while J still runs do

collect the active threads;

record current timestamp;
end
calculate the execution time of each thread;

A R W N

Figure 10 demonstrates the three types of profiles, in-
dicating whether CFS or FIFO should be selected or both
schedulers should have similar performances. If most work
is done by few threads (jython, the first bar in the fig-
ure), CFS performs better because few involuntary context
switches are needed as explained in the previous sections.
Otherwise, if the workload is well distributed among most
or all threads (lusearch, the last bar in the figure), FIFO
performs better as it improves the memory locality. For
some applications, the workload is distributed between some
threads (avrora, the middle bar), the performance difference
between using CFS and FIFO policies is small.

5.2 Adaptive Runtime Selection

Because many factors such as underlying architecture, heap
size configuration, and phase changes in application behav-
iors, it would be more efficient to adaptively select a better
performing scheduler at the runtime, instead of employing a
profiling run. In this section, we present a low-overhead sam-
pling based scheduler selection mechanism that can adap-
tively switch between the CFS and FIFO schedulers accord-
ing to the execution profiles of an application.
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Algorithm 2 describes the steps using in the proposed
mechanism. The design exploits our observation that non-
scalable applications tend to employ a small number of
threads to do most of the work. As such, these threads are
often long running. On the other hand, scalable applications
tend to use threads more uniformly, and therefore, they often
have similar execution times. In our approach, we start the
profiling thread runs along side the application threads. The
tool collects Thread IDs (TIDs) of running and suspended
threads every n seconds. Currently, n is predefined as a fixed
number (i.e., 2 seconds) for all the benchmarks. The selec-
tion process is explained later in this section. However, we
can speculate that dynamically changing n for each applica-
tion can provide more accurate profiles. We leave this part
as future work.

Our mechanism compares the TIDs of two successive col-
lections. If the TIDs are mostly the same, the mechanism
selects CFS as the scheduler. If the TIDs are different, the
mechanism selects FIFO scheduler. With this sampling ap-
proach, our system can deal with phase changes in an appli-
cation. For example, an application, by default, starts with
CFS. After a few sampling, the mechanism may switch it
to FIFO. Toward the end when most threads have died and
only a few threads remain, it can switch back to CFS. While
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it is possible that the same application can start a thread, let
it die, and then start another thread that has the same TID
as the first thread, it is very unlikely. For that to happen, 222
threads must be created in the system and the same applica-
tion is assigned the same TID twice.

The sampling thread incurs very low-overhead because it
often performs sampling only a few times during an applica-
tion execution and the amount of work required to read the
system file names in the process tree provided by the Linux
is quite small. The comparison of TIDs between two succes-
sive sampling is done with the hash-table container which is
done in constant time. The small number of TIDs also means
that the amount of memory required to store these TIDs is
small.

In addition to using the TIDs, we also explore the follow-
ing strategies: monitoring the number of context switches
and execution time distribution among threads. We found the
performance results to be either similar to the proposed ap-
proach of using TID, as in the case of using context switch-
ing, or worse due to the high overhead (e.g., I/O and com-
putation) or sampling noises that can degrade the selection
accuracy, as in the case if using execution time distribution
among threads.

Algorithm 2: Proposed adaptive runtime selection al-
gorithm

1 Initialization: launch the multi-threaded Java
application (J) and the helper script (H) concurrently;

2 J starts with the FIFO scheduler;

3 while J still runs do

4 collect the active threads into a hash-table;
5 if one thread is already in the hash-table then
6 Switch the scheduler to the CFS;
7 break;
8 else
9 ‘ Switch the scheduler to the FIFO;
10 end
11 wait for period time n;
12 end

The decision of value n. In this work, n is selected as 2
seconds. But we experimented with other values ranging
from 1 second to 16 seconds as well which shows 2 seconds
is the best number for all benchmarks. The value of n is
determined quasi-dynamically, which needs the tuning in the
executions. As stated previously, the future improvement is
to adaptively change the scheduler based on dynamic value
of n.

5.2.1 Evaluation

The proposed adaptive mechanism is used to adaptively se-
lect policies. We then compare its performance with the ap-
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Figure 11: Evaluation of the proposed sampling algorithm.

proach of manually setting the policy to be CFS of FIFO.
Figure 11 reports the results of our investigation.

Except for eclipse and avrora, the proposed adaptive pol-
icy selection mechanism performs better than the manually
selected CFS and FIFO schedulers. We see that the adap-
tive mechanism can remain in CFS based on the detection
of long running threads, implying that most work is done
by those threads, in non-scalable applications. We also see
that when an application uses many helper threads to pre-
pare work for the main threads, there is a phase in this appli-
cation that can benefit from FIFO. However, once this phase
has passed, only a few worker threads remain and the system
should switch back to CFS. Our mechanism is able to make
the initial switch from CFS to FIFO, and then the subsequent
switch from FIFO back to CFS.

6. Related Work

This section discusses some of the prior related work on per-
formance improvement of multi-threaded Java applications
from various aspects.

Design of scheduling algorithms for Java application.
Xian et. al [24-27] design several types of schedulers for
Java applications, including object allocation phase aware
and contention aware schedulers. The allocation phase aware
scheduler schedules the threads according to their allocation
rate or preempt threads with the memory consumption in-
stead of the running time which is used in the CFS. The
contention aware scheduler avoids the threads with possi-
ble shared data running at the same time to reduce the lock
contention, which improves the parallelism and so the ex-
ecution time. Sartor et. al [19] investigate the performance
difference when mapping the JVM threads and Java applica-
tions’ threads to different and same CPU sockets on NUMA.
The insights in their work include there is a cost for map-
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ping, remote memory traffic degrades the performance and
pinning threads to different sockets does not always improve
the performance.

Performance limited by resources and synchroniza-
tions. Main sources of contention include architecture re-
sources such as processor cores and memory bus. Chen et
al. [5] study the scalability of Java applications on differ-
ent numbers of processor cores and threads. They measure
hardware performance and use the findings to explain the
scalability issues. The solution they proposed is thread-local
allocation buffer that is for application instead of VM. Un-
like our work, their focus is mainly on the application per-
formance and not the combined performances of applica-
tion and GC, and so is Huang’s work [12]. Prior studies and
our work show that garbage collection and heap usage can
also negatively impact scalability. Kalibera et al. [14] study
the non-scalable issue of DaCapo benchmarks and they fo-
cus on concurrency issues by measuring the memory usage,
synchronization, and communication among threads. Their
work provides a good insight into thread management in
JVM but pay very little attention to the GC subsystem as
a potential factor that limits scalability.

Performance of mutator and garbage collection in
Java. Esmaeilzadeh et al. [7] report that not all multi-
threaded Java applications are running shorter with more
threads. Their work focuses on the performance improve-
ment with respect to architecture such as increased process-
ing cores, instead of program’s characteristics that can limit
scalability. Gidra et al. [9, 10] compare the scalability of var-
ious garbage collection algorithms in JVM and report that
time spent on stop-the-world GC increases with number of
GC threads. This is the same observation as ours. However,
they attribute this overhead to heap synchronization and ob-
jects movement on NUMA. Du Bois et al. [6] use Bottle
Graphs to characterize work done by JVM and application



threads when different numbers of threads/cores are used.
They conclude that GC needs to do more work when there
are more mutator threads. However, they do not further ex-
plore why more GC work is needed. Our work investigates
the reasons for this observation in much greater details. We
believe that both application and JVM need to be scalable in
order to achieve the highest possible scalability.

7. Conclusion

Execution parallelism can be a double-edged sword. It can
improve execution performance by having more threads
collaborate on performing the work, but the collaboration
makes threads compete for heap resource and degrade GC
performance. Such contentions become aggravated with the
CFS scheduler in the Linux. Without changing either the
application, the JVM or the system, our investigation shows
that many Java applications perform better with FIFO than
with CFS. The improvement is gained through higher GC
efficiency and mutator performance.

Based on this observation, we propose two approaches
to optimally select scheduling policies based on application
scalability profile. Our first approach uses the profile infor-
mation from one execution to tune the subsequent execu-
tions. Our second approach dynamically collects profile in-
formation and performs policy selection during execution.
Our evaluation result indicates that the dynamic selection
process works well in our test subjects and can effectively
switch scheduling policies based on dynamic application be-
haviors.
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