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ABSTRACT
Parallel garbage collection has been used to speedup the col-
lection process on multicore architectures. Similar to other
parallel techniques, balancing the workload among threads
is critical to ensuring good overall collection performance.
To this end, work stealing is employed by the current state-
of-the-art Java Virtual Machine, OpenJDK, to keep GC
threads from idling during a collection process. However,
we found that the current algorithm is not efficient. Its us-
age can often cause GC performance to be worse than when
work stealing is not used.

In this paper, we identify three factors that affect work
stealing efficiency: determining tasks that can benefit from
stealing, frequency with which to attempt stealing, and per-
formance impacts of failed stealing attempts. Based on this
analysis, we propose SmartStealing, a new algorithm that
can automatically decide whether to attempt stealing at a
particular point during execution. If stealing is attempted,
it can efficiently identify a task to steal from. We then com-
pare the collection performances when (i) the default work
stealing algorithm is used, (ii) work stealing is not used at
all, and (iii) the SmartStealing approach is used. With-
out modifying the remaining garbage collection system, the
evaluation result shows that SmartStealing can reduce the
parallel GC execution time for 19 of the 21 benchmarks.
The average reduction is 50.4% and the highest reduction
is 78.7%. We also investigate the performances of Smart-
Stealing on NUMA and UMA architectures.

CCS Concepts
•Software and its engineering → Memory manage-
ment; Garbage collection; Multithreading;
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1. INTRODUCTION
Java bytecode is an instruction set executed by Java Vir-

tual Machine (JVM). Initially, Java was the only language
that compiled its programs into Java bytecodes. However,
the benefits of utilizing JVM including portability and ease
of memory management through garbage collection, have
inspired language designers to create additional languages
such as Scala and Clojure [24, 16] that target the JVM.
In addition, JVM support for multithreading also makes
these languages attractive for the development of applica-
tions that can exploit thread-level parallelism available in
modern multi-core processors.

Similar to application programs, garbage collectors in JVMs
often exploit thread-level parallelism to improve collection
performance on multicore architectures. Both stop-the-world
and concurrent collectors have a parallel phase which enables
multiple GC threads to do the collection concurrently, and
to avoid contention when a GC thread fetches a GC task
to mark the reachable objects in parallel [15, 11, 27, 2]. As
such, the performance of a parallel collector is determined
by the longest running thread, which is typically a thread
that has been assigned the most amount of GC work (e.g.,
traversing the biggest or most complex object graph).

Good scalability of a parallel collector means that the
GC execution time would be shortened with more threads
and CPU cores [8]. Most current studies on improving the
scalability of parallel GC have been done on the NUMA
many core architecture, addressing the remote memory ac-
cess problem and lock free queue implementations [29, 11,
12, 28]. As the parallel phase accounts for most of the GC
time, the imbalanced workload among GC threads also lim-
its the performance and scalability of a parallel collector.

Work stealing [20, 14] has been adopted as a load balanc-
ing technique in parallel garbage collection [2, 13]. In work
stealing, when there are no more root tasks available in the
task queue, an idle GC thread is assigned to a stealing task,
which tries to find a currently running GC thread and steal
one of its tasks to work on. The key to its effectiveness in
parallel GC lies in deciding when to steal and which object
to steal, otherwise, the collection would be unnecessarily
prolonged by futile stealing attempts when there is no work
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or little work to steal from.
The previous studies on work stealing in GC have focused

on new data structures that eliminate lock contention and on
improved algorithms that better balance the load between
threads doing stealing and normal tasks [9, 19, 21]. On the
other hand, our study tries to find factors that can impact
work stealing efficiency. In our study we compare the per-
formances of a parallel collector with work stealing to the
same collector with no work stealing. The results show that
the parallel collector with the default work stealing performs
worse than the one without work stealing in many cases. In
the cases where work stealing fares better, they tend to be
the ones in which the numbers of stealing tasks are very
small.

We analyze the experimental results and identify factors
that negatively impact the efficiency of the work stealing
as: (1) blind stealing even when there is little or no work
to steal from; (2) a naive and indiscriminate selection of
GC tasks from which to steal; and (3) frequent but futile
attempts to steal. Based on these observations, we imple-
ment a low overhead runtime work stealing algorithm, called
SmartStealing, which can decide whether to steal in the
first place and, if so, which currently running GC thread to
steal from to improve the overall parallel GC performance.
The proposed algorithm is an add-on to the current default
work stealing mechanism to optimize its decision. As such,
it can also be applied to work stealing algorithms in other
parallel collectors.

We evaluate the performance of the proposed Smart-
Stealing on both the UMA and NUMA systems. The re-
sults reveal mixed impacts on both work stealing algorithms
(the default one and SmartStealing). That is, work steal-
ing, in general, works well in our UMA system but performs
poorly in our NUMA system. We think that the main rea-
son for such poor performance is that work stealing has been
designed for UMA systems and is not aware of remote mem-
ory access in NUMA systems. For future work, we plan to
develop efficient work stealing algorithm for NUMA systems.

In summary, this paper makes the following contributions:

• Identification of the factors affecting the efficiency of
work stealing. Further, the profiling results are pre-
sented to show the relationships between these factors
and the stealing performance.

• Comparisons of the GC performances of parallel GC
with and without work stealing on different architec-
ture platforms and different application environments.
The conclusion is that neither scheme works for all en-
vironments. Rather, judiciously selecting a small num-
ber of GC stealing tasks works best. This suggests that
an algorithm is needed to automatically select the right
number of stealing tasks and to steal at the right time.

• The design and implementation of SmartStealing,
a low- overhead work stealing mechanism that helps
decide when and how to do the stealing at runtime
based on the information collected at runtime.

The reminder of the paper is organized as follows. Section
2 introduces the background on the parallel GC and work
stealing in OpenJDK’s parallel GC. Section 3 explains the
platform, tools and implementations we used in this paper.
Section 4 demonstrates the experiment results that motivate
our research. Section 5 presents the comparisons of different
work stealing implementations and illustrates the design of
SmartStealing Section 6 evaluates the proposed algorithm.

Figure 1: The phases of Parallel GC

Section 7 discusses the related work. Section 8 concludes
our work.

2. BACKGROUND AND RELATED WORK
This section provides the background information on the

parallel garbage collector used in Oracle OpenJDK7 and on
its three GC phases.

2.1 Parallel Collector
The parallel collection algorithm employed by Oracle Open-

JDK7 and used in this study is a stop-the-world type, which
pauses application execution before performing any collec-
tion work. The application resumes its execution after col-
lection finishes. The algorithm uses multiple GC threads to
perform parallel copying in the young generation and par-
allel mark-compact in the tenured generation [2]. To un-
derstand how this particular type of collector behaves, we
investigate its collection phases and its mechanism to ensure
load balancing through “work stealing”. We also investigate
the effects of recently introduced optimization approaches
on GC performance. Ultimately, we focus our evaluation on
its efficiency and scalability.

2.2 GC Phases
Both young and tenured generation parallel collectors di-

vide the collection efforts into three phases, initial, parallel,
and final, as shown in Figure 1.

Initial phase. When a heap region is full or GC is manually
invoked by the application, the VM stops mutator threads
using barrier synchronization, prepares the tasks queue, and
invokes GC threads to perform parallel collection. The tasks
queue is a lock protected queue, consisting of various kinds
of tasks which mostly are thread root task, stealing task and
barrier task. The initial phase also identifies the root sets,
which mostly are system classes, JNI locals/ globals, threads
and native stacks [1]. These root sets can be accessed by
different tasks.

Parallel phase. All the GC threads are released to acquire
one task each from the task queue. They serially fetch tasks
from the lock-protected queue. To fetch a task, all the GC
threads compete to acquire the lock and then fetch one task
from the top of the queue. Once a thread successfully fetches
a task, it can begin execution. All the threads execute in
parallel. Although the GC tasks may vary in the work they
do, the most crucial work is marking reachable objects in
the heap by traversing the heap starting at root sets. Be-
cause some tasks may take longer to finish, load balancing is
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Figure 2: The time distribution of the three GC phases on
UMA

performed to evenly distribute the remaining tasks through
work staling. The basic idea is to steal a task assigned to
a busy GC thread and assign it to an idle thread. When a
GC thread is assigned a barrier task, which is typically the
last task in the work queue, the GC thread checks that all
other GC threads have stopped before calling a VM thread
to enter the final phase.

Final phase. There is only one virtual machine thread
working in this phase. During a minor collection, the objects
marked as live by the GC threads would be copied to the
old or tenured generation. During a mature collection, live
objects are moved as part of the compaction process. Addi-
tional finalization works is also performed in this phase. This
includes checking all GC threads have stopped, re-sizing the
heap size if necessary, and resuming the mutator threads.
When the final phase finishes, the mutator threads resume
execution and the GC threads are blocked until next garbage
collection or application termination, whichever occurs first.

Compared with the initial and final phases, the paral-
lel phase consistently accounts for the longest time in each
garbage collection invocation as shown in Figure 2, which
demonstrates the fraction of different phases’ time in the to-
tal GC time with a single GC thread on the UMA architec-
ture. Because the other two phases employ single-threaded
execution, the improvement of parallel phase can determine
the overall improvement in garbage collection efficiency in
multicore architectures. Furthermore, the scalability of par-
allel GC also depends on the scalability of the multiple GC
threads working in the parallel phase.

2.3 Work Stealing in Parallel GC
Figure 3 highlights the basic steps in parallel GC. For

effective utilization of multiple GC threads in the parallel
phase, it is important to ensure even distribution of work to
these GC threads. There are several factors that can cause
GC workload to be unbalanced among threads. First, a sin-
gle lock protecting the task queue can become a major bot-
tleneck and cause delays in assigning tasks to GC threads.
In this scenario, many threads would remain idle as they
wait for tasks. Second, the complexity of the assigned tasks
can vary substantially for various reasons. A GC thread vis-
its all the reachable objects on heap from its assigned root
and the number of reachable objects from the assigned roots
can vary greatly. Third, some GC threads may scan for in-
tergenerational references to determine whether the object

Figure 3: The work flow of Parallel GC threads fetching and
executing tasks

is live or not. Such scan operation to uncover the hidden ref-
erences in the heap can prolong the GC thread’s collection
work.

Work stealing is a mechanism that attempts to balance
the GC workload in parallel GC [9]. It is done by assigning
the stealing tasks to the idle GC threads. The number of
the stealing tasks is equal to the number of the parallel GC
threads. As such, it is possible for a thread to attempt
stealing even when there is nothing to steal. Such futile
attempts can add overhead to the overall GC time.

Algorithm 1 explains the existing work stealing. When
there are GC tasks available for stealing, the decision as to
which task to steal from can be based on the depth of that
task’s local stack, used as the proxy for the amount of its
pending work. To simplify the selection process, two local
stacks are randomly picked from the running threads and
the one with the longer stack depth is chosen for stealing.
However, this selection process has been identified as one
possible GC overhead [10].

Algorithm 1: The existing work-stealing algorithm

1 Initialization: a GC thread (T) gets a stealing task;
2 Steal begins:
3 randomly select two running GC threads;
4 pick the thread with deeper stack;
5 pop the bottom of the selected thread’s stack;
6 if fails to pop then
7 goto Steal begins;
8 else
9 T finishes the marking task;

10 goto Steal begins;

11 end
12 GC terminates the GC threads;
13 Steal ends:

3. METHODOLOGY
In this section, we provide information about the experi-

mental platforms that we used to conduct our studies. The
software platform includes the host OS, JVM, the bench-
marks, and the configurations used to run these benchmarks.
Note that knowing the JVM configuration is crucial for re-
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producibility of results, as JVM performance including that
of HotSpot is sensitive to settings such as the heap size and
heap layout (e.g., ratio between young and old generations).
We also specify the system hardware, including the number
of CPUs, the memory architecture, and the amount of main
memory.

3.1 Software Platform
Benchmarks. We choose the benchmarks from DaCapo-
9.12 [3] and SPECJVM2008 [25] as shown in Table 1. The
applications from DaCapo suite are selected, except trades-
oap, tradebeans because they cannot run in our experimental
platforms. All the benchmarks are multithreaded, and some
from Dacapo are internal multithreaded although they are
single thread driven. The heap sizes used to run the bench-
marks are also included in Table 1.

These benchmarks are commonly used by researchers to
conduct memory management and Java systems research.
They have varying heap requirements, support different num-
ber of threads, and provide different garbage collection work-
load. Some benchmarks require large heap sizes and result
in long garbage collection times. Small heap requirement of-
ten means short collection time. Such heap variability also
creates variable load balancing requirements.

We run each benchmark three times to attenuate possible
noises, because the execution can be affected by other pro-
cesses in the system and the scheduling mechanism. Each
time, a new instance of the JVM is created (instead of run-
ning an application three times in a single instance of the
JVM). We did not have any warm-up runs, because our fo-
cus is on load balancing in parallel garbage collection and
not the optimizing compiler in the JVM.

Benchmark Suite Version Heap size(MB)
avrora DaCapo 2009 75
eclipse DaCapo 2009 330
jython DaCapo 2009 90

h2 DaCapo 2009 900
lusearch DaCapo 2009 90

pmd DaCapo 2009 210
sunflow DaCapo 2009 210
tomcat DaCapo 2009 135

xalan DaCapo 2009 150
xml.transform SPEC 2008 4000
xml.validation SPEC 2008 4000

compiler.compiler SPEC 2008 4000
compiler.sunflow SPEC 2008 2500

compress SPEC 2008 2500
crypto.aes SPEC 2008 2500
crypto.rsa SPEC 2008 2500

crypto.signverify SPEC 2008 2500
mpegaudio SPEC 2008 2500

scimark.sparse.small SPEC 2008 2500
scimark.fft.small SPEC 2008 2500
scimark.lu.small SPEC 2008 2500

Table 1: Benchmarks used in this paper

Java virtual machine. Our studies were conducted on
OpenJDK7, which is a widely used commercial open-source
JVM from Oracle. OpenJDK7 provides many useful flags to
report the GC information such as GC thread execution time
stamps and the time stamps of each GC task. The garbage

collection algorithms provided in OpenJDK7 include Paral-
lel Scavenge, G1 and Concurrent Mark-Sweep. In this work,
we used Parallel Scavenge, which is a stop-the-world parallel
garbage collector as described in Section 2.

Operating system. The operating system we used is
Ubuntu 14.04.2 LTS and the kernel version is 64-bit 3.16.0-
30. The difference on operating system affects the build of
Java virtual machine, and the underlying memory manage-
ment of the virtual pages.

3.2 Hardware platforms
We use both NUMA and UMA architectures in this work.

The NUMA architecture has four processors; each with 12
cores. As such the system has 48 processing cores. It also
has 64GB of main memory (16GB per processor). The -
XX:+UseNUMA flag is enabled for each run on NUMA plat-
form. The UMA is single processor with 8 cores and 16GB of
main memory. The detailed information of both platforms
are shown in Table 2.

Architecture NUMA UMA
Model AMD Opteron 6168 Intel Xeon X3440

Number of sockets 4 1
Cores per socket 12 8

Memory 64 GB 16 GB

Table 2: Hardware platform characteristics

4. MOTIVATION
We first investigate factors that can impact GC perfor-

mance and scalability. The results reveal various perfor-
mance and scalability issues that are discussed below.

4.1 Imbalanced GC Workload
Figure 4 reports the execution time of each GC thread

on the randomly selected Lusearch benchmark from the Da-
Capo suite [3], running on a NUMA machine. In the figure,
there are nine GC threads and only four of the GC threads
get the root tasks. Three of the nine GC threads remain
idle as they try to access the task queue. Although each GC
thread is also assigned a stealing task, three have nothing to
steal.

Note that at the beginning of the parallel phase, GC
threads are not assigned tasks at the same time due to con-
tention on the lock that protects the task queue. As such,
some GC threads idle for a long period of time. One way
to eliminate these delays is to adopt lock free queue [11].
However, synchronization overhead still exists among GC
threads.

At the end of the parallel phase, we also see that some
threads are idling as they have already finished their GC
tasks while other threads have not. These idling threads are
then assigned stealing tasks to help out other GC threads.
Towards the end of the parallel phase, the number of threads
assigned the stealing tasks exceeds the number of busy GC
threads. As a result, several stealing tasks look for tasks but
fail to steal. In many cases, the actual GC task is already
done before the conclusions of these futile attempts, causing
additional delays before the GC can finish.

4.2 Selecting Stealing Targets
There are three types of stealing methods, steal_1_random,

steal_best_of_all and steal_best_of_2. The default one
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Figure 4: Load imbalance of Parallel GC

is steal_best_of_2, which randomly picks out 2 of all cur-
rently running GC threads and target on the one which has
the deepest stack. We investigate the cost of selecting a
stealing target from the two choices.

We used Oprofile [17] to determine the number of instruc-
tions needed to perform steal_best_of_2 and compute the
fraction of these instructions over the entire set of GC in-
structions. The experimental results show that in UMA ar-
chitecture an average of 5% and the maximum of 11.6% (for
avrora) of the total GC time is spent in determining steal-
ing targets. A similar result was also previously reported
by Gidra et al. [10]. There are two main reasons for this
overhead: First, the selection process occurs frequently; Ta-
ble 3) shows that each GC task makes hundreds of stealing
attempts to determine the stealing target. Second, the pro-
cess to make the stealing choice is not implemented in an
efficient way. It randomly selects two potential targets and
compares their stack depths. However, the stack depths can
change during this process, as other GC threads continue to
add unvisited fields to or pop objects from the stack while
other GC threads steal from the stack. This results in the
cache lines of the parameters (stack depths of two chosen
threads) having to be updated frequently, which is overhead.
Meanwhile, because the stack depths may change after the
comparison but before the stealing thread gets the object,
the comparison result may expire and the stealing thread
does not steal from the new longer one, which makes the
function to select target meaningless.

NUMA UMA
avrora 69 173
eclipse 132 644

h2 628 4730
jython 41 42

lusearch 52 11
pmd 208 599

sunflow 137 109
tomcat 84 87
xalan 72 97

xml.transform 288 366
xml.validation 1942 1816

Table 3: Average number of stealing attempts by a single
stealing task

4.3 Futile Stealing Attempts
A large number of stealing attempts per task can impact

performance in both positive and negative ways. The posi-

tive impact is that attempts to perform load balancing would
be timely. However, stealing attempts at the wrong time
(e.g., toward the end of the parallel phase) can result in an
unnecessary overhead resulting from excessive selection pro-
cesses and unsuccessful attempts at stealing. Table 4 shows
the fraction of the successful stealing attempts over the total
stealing attempts.

NUMA UMA
avrora 0.52 0.84
eclipse 0.64 0.85

h2 0.68 0.66
jython 0.18 0.69

lusearch 0.35 0.37
pmd 0.83 0.98

sunflow 0.75 0.87
tomcat 0.6 0.9
xalan 0.53 0.9

xml.transform 0.87 0.9
xml.validation 0.98 0.98

average 0.64 0.86

Table 4: Fraction of successful steals over all attempts

As shown, some benchmarks have high percentages of suc-
cessful stealing. However, on the average, 20% of the at-
tempts fail (total failures in total attempts for all bench-
marks) and contribute to possibly avoidable stealing over-
head. Also note that the average success rates are higher in
UMA than those of NUMA because our UMA system has
fewer processing cores than the NUMA system. As such,
fewer GC threads are used in the UMA systems compared
with those in the NUMA system. Because the amount GC
work is approximately the same between the two systems
(i.e., we use the same number of application threads), hav-
ing more stealing tasks would result in lower success rate.

The experimental results also show that once a stealing
task fails to steal, it tends to fail again in its subsequent
attempts (shown in Table 5). We conjecture this is because
most of the failures happen at the end of the collection work
which means there is little or no collection work to be stolen.
Also note that the failure rates after the first failure in the
UMA system are lower than those in the NUMA system.
Again, this is due to a smaller number of the GC threads in
the UMA system.

NUMA UMA
avrora 0.67 (16) 0.72 (369)
eclipse 0.68 (11303) 0.3 (26057)

h2 0.52 (11963) 0.39 (52848)
jython 0.76 (674) 0.31 (2243)

lusearch 0.99 (872) 0.45 (167)
pmd 0.87 (131) 0.1 (70)

sunflow 0.90 (170) 0.38 (564)
tomcat 0.96 (97) 0.42 (49)
xalan 0.99 (486) 0.34 (365)

xml.transform 0.87 (2258) 0.41 (12623)
xml.validation 0.83 (1168) 0.17 (533)

Table 5: Fraction of subsequent failures after the first failure
over all failures (the number of failures after the first failure)
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4.4 Communication Overhead in NUMA
In a NUMA system, a remote memory access is costlier

than a local memory access [4]. As the work stealing process
in parallel GC is not cognizant of the NUMA architecture,
the GC threads attempt to steal from a remote node, incur-
ring high memory copying costs between the two nodes [11].
Table 6 shows that most of the steals occur on targets re-
siding on remote nodes.

remote local
avrora 95741 (61.9%) 58950 (38.1%)
eclipse 2144814 (72.1%) 831513 (27.9%)

h2 874104 (74.0%) 307276 (26.0%)
jython 1010443 (76.4%) 311579 (23.6%)

lusearch 1931795 (87.0%) 289576 (13.0%)
pmd 192758 (81.4%) 44066 (18.6%)

sunflow 345666 (85.8%) 57423 (14.2%)
tomcat 309400 (84.0%) 58940 (16.0%)
xalan 1177270 (88.3%) 156318 (11.7%)

xml.transform 1443457 (76.2%) 451889 (23.8%)
xml.validation 1624142 (82.4%) 346768 (17.6%)

Table 6: Number of stealing to remote and local nodes

These issues, identified with the current implementation
of work stealing, motivated us to modify the existing algo-
rithm to address the issues. We call the modified algorithm
SmartStealing, and discuss it next.

5. SMARTSTEALING ALGORITHM
Prior to introducing the proposed SmartStealing tech-

nique, we conducted a preliminary investigation to identify
opportunities to optimize the current work stealing algo-
rithm used in HotSpot. We accomplished this by comparing
the performance of the parallel GC using the default work
stealing mechanism with that of a parallel GC configured
using no work stealing. This is done to evaluate the benefits
of work stealing. We report the result of our preliminary
investigation next.

5.1 Optimization Opportunities
To identify issues and potential bottlenecks in the current

implementation, we need to monitor the effects of applica-
tion threads, GC threads, and stealing tasks on GC per-
formance. Our experiments vary these configurations as we
enabled and disabled work stealing mechanism on our exper-
imental UMA and NUMA platforms (detailed information
about our platforms is given in Section 3). The results are
reported in Figure 5.

Also note that for brevity, we only illustrate these opti-
mization opportunities through two applications, pmd and
xml.transform. These two applications show two distinct
performance characteristics. Specifically, pmd shows that
work stealing is very beneficial in the UMA system while
xml.transform shows that in about half of the configura-
tions, we are better off not using work stealing. They also
show very different performance profiles when running on
the NUMA system.

Changing the number of application threads also affects
the numbers of the available root tasks for the GC threads
in each GC period. This is because each thread has its own
runtime stack, using more threads would result in having

(a) pmd on NUMA

(b) xml.transform on NUMA

(c) pmd on UMA

(d) xml.transform on UMA

Figure 5: Comparison of different application threads’ GC
performances with and without work stealing on NUMA and
UMA architectures
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more runtime stacks. Each stack is a major source of root
tasks in a program. In addition, having more application
threads can also affect heap requirement and organization
due to additional memory pressure. These factors can affect
the performance of the work stealing mechanism. We also
find that the performance of work stealing is sensitive to the
hardware platform.

We also experimented with changing the number of GC
threads. This change also affects the number of stealing
tasks as it is currently set to be the same number as that of
the GC threads. Work by [10], [23] and [7] have shown that
2-4 GC threads tend to yield the best GC performance, the
experiments here are designed to show the impacts of dif-
ferent numbers of the GC threads on the efficiency of work
stealing. Each benchmark is run with the same setting on
the same platform except for the different numbers of paral-
lel GC threads (again, due to the difference in the numbers
of processing cores in our two platforms). The number of
parallel GC threads is set to be fewer than the number of
processing cores on the system to avoid resource contentions
between the GC threads.

The results in Figure 6 show that applications behave dif-
ferently with different numbers of the GC threads. On the
NUMA platform, pmd performs better with no work steal-
ing. On the other hand, xml.transform performs better with
work stealing in many configurations. In general, work steal-
ing does not seem to help GC performance in the NUMA
system but seems to work slightly better in the UMA sys-
tem. The exception is in xml.transform where work staling
shows no benefits (except with 4 GC threads) in the UMA
system and some benefit in the NUMA system in some con-
figurations.

Next, we experimented with controlling the number of
stealing tasks. In this experiment, we set the number of
stealing tasks to be fewer than the number of GC threads.
The number of the GC threads is fixed, and only first few
stealing tasks are executed. Figure 7 reports the experimen-
tal results. The plot includes the best performance that can
be obtained by varying the number of stealing task. For
example, when we run xml.transform with 8 threads, the
configuration that yields the best GC performance is when
the number of stealing task is set to 2. However, as we in-
crease the number to application threads to 32, the optimal
number of stealing tasks becomes 6. The take away is that
there is not an optimal number of stealing tasks that works
best for all configurations of an application. In general, the
number of stealing tasks should be smaller than or equal to
the number of GC threads.

In summary, we observe that setting the number of steal-
ing tasks to be the same as the number of GC threads
does not yield the best performance. We also found that in
some cases, work stealing does not yield any benefit. This
is because these applications suffer from many futile steal-
ing attempts that result in repetitive but useless invocations
of the stealing target selection process. As such, disabling
work stealing in these applications yields the best GC per-
formance. We also find that work stealing is more effective
in the UMA system than the NUMA system.

In designing SmartStealing, our two major objectives
are to dynamically vary the number of stealing tasks to
maintain the balance with the remaining GC tasks and be
able to turn off work stealing when the application can
no longer benefit from it. Next, we discuss the proposed

(a) pmd on NUMA

(b) xml.transform on NUMA

(c) pmd on UMA

(d) xml.transform on UMA

Figure 6: Comparison of different GC threads’ GC perfor-
mances with and without work stealing on UMA architec-
ture
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SmartStealing algorithm.

Figure 7: Comparison of fewer stealing tasks, default always
stealing and no stealing at all

5.2 Design of SmartStealing

We propose an improved work stealing algorithm called
SmartStealing that has been designed to deal with ex-
isting issues in the current work stealing algorithm by dis-
abling stealing when there are no achievable benefits, mak-
ing the target selection process more efficient, and adjusting
the number of staling tasks to maintain a good balance with
the amount of remaining GC work. We then evaluate its
performance in Section 6 by comparing its performance with
that of the default work stealing and that of no stealing at
all. 1

Two key insights employed by SmartStealing to im-
prove the existing work stealing algorithm are: (1) grad-
ually reducing the number of stealing tasks to maintain a
good balance with the amount of remaining GC work (line
9 in Algorithm 2) and (2) reducing the frequency to select
stealing targets (line 2-4 in Algorithm 2). The algorithm
of the proposed SmartStealing is described in Algorithm
2. This is a component of the parallel phase in the GC,
and is invoked when the stealing tasks are assigned to GC
threads. Recalling that in the parallel phase, parallel GC
threads get root tasks before attempting to perform work
stealing. There is also a barrier task for execution after the
work stealing.

When a GC thread attempts to steal a task, it first needs
to get the information from gcTaskManager to determine
whether there are other running tasks. If there are none, it
skips the execution of this stealing task and tries to get the
next available task or is terminated by the VM if there are
no more tasks available for execution. The stealing choice is
randomly made in order to eliminate the negative impact of
steal_best_of_2. On the other hand, randomly selecting
one task guarantees that there is always one stealing target.

When a thread assigned to a stealing task finishes its work,
it would try to find another task to perform in an attempt
to help other busy GC threads. The current work stealing
implementation randomly selects two stacks and determines
which is deeper. It then takes a GC task from the bottom
of that stack and starts working on it. There are several
problems with the current strategy. First, it needs to per-
form another selection process, which introduces more cost.
Second, the selection process may also fail if the number of

1The implementation of the proposed Smart-
Stealing in OpenJDK7 is available on
https://github.com/junjieqian/smartstealing.

Algorithm 2: The algorithm of SmartStealing

1 Initialization: a GC thread (T) gets a stealing task;
2 if there is no other task running then
3 T skips this stealing task;
4 T continues to the next available task;

5 else
6 Steal begins:
7 randomly select a running GC thread;
8 pop the bottom of the selected thread’s stack;
9 force termination if failed to steal ;

10 T finishes the marking task;
11 while T is not terminated by the VM do
12 if the depth of last selected thread’s stack is

larger than 1 then
13 pop the bottom of the target thread’s stack;
14 force termination if failed to steal ;
15 T finishes the marking task;

16 else
17 goto Steal begins;
18 end

19 end

20 end

GC tasks is nearly or has completely exhausted.
Our design overcomes these two limitations by forcing the

stealing task to fetch another GC task from the same stack
until all GC tasks on that stack have been exhausted. Af-
ter that happens, it then perform the target selection pro-
cess again. This optimization eliminates the need to keep
computing the next target. If it fails to find a new target,
it would suspend itself to gradually reduce the number of
stealing tasks in the system. This is done to maintain a
good balance between the number of GC tasks and stealing
tasks.

6. EXPERIMENTAL RESULTS
The proposed SmartStealing is evaluated on both NUMA

and UMA architectures, compared with default (always steal-
ing) and no stealing at all implementations. All the bench-
marks are run withm application threads and n GC threads,
wherem is the number of available processors (48 for NUMA
and 8 for UMA) and n is 32 for NUMA and 8 for UMA ar-
chitecture which are default settings in OpenJDK JVM. We
use large working sets for the Dacapo benchmarks and 100
ops for the SPECJVM benchmarks.

Figure 8 presents the total GC time (normalized to the
default, always stealing, implementation) for SmartStealing,
default and no work stealing at all. Overall, the following
observations can be made. First, no work stealing performs
better in most cases than the default always work stealing
design. Second, our new SmartStealing implementation
improves the performance significantly. Compared with the
current always stealing strategy, the new design can shorten
the total GC time by up to 50% and nearly all benchmarks
are beneficial from the new design. Next we analyze the
results in more details:

1. The no stealing implementation is better than the Smart-
Stealing implementation in some benchmarks, be-
cause although the SmartStealing avoids unneeded
stealing tries, it still does stealing to balance the work-
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(a) Comparisons on NUMA

(b) Comparisons on UMA

Figure 8: Evaluation of GC performances with smart stealing

loads. When the available work for stealing consists
of small object reference graphs, the cost to do the
stealing can exceed the gain from a balanced work-
load. The performance tuning to decide whether the
work is worth the while to steal is important, and we
leave this as future work.

2. The improvements of the SmartStealing algorithm
for all the benchmarks on NUMA are similar as the
improvements of the algorithm on UMA. This can be
attributed to the benchmarks’ features, such as the
complexity of the heap graphs and the root tasks (e.g.
the application threads in the stack).

3. On average, the SmartStealing algorithm is not bet-
ter than no stealing on NUMA but is better than no
stealing on UMA. This is due to the remote memory
copying on NUMA. The stealing GC thread may steal
from the GC threads running on the remote nodes,
and so has to copy data from a remote memory bank,
which results in overhead. On the other hand, no steal-
ing cannot help with load balance but avoids remote
memory copying overhead.

We also evaluate the SmartStealing algorithm with same
benchmarks but different application threads. The Smart-
Stealing algorithm works for most of cases but for the two
benchmarks on UMA as shown in Figure 9. For these two
exceptional cases, the default work stealing is always the
best, which means that the load between the GC threads
is imbalanced and without the work stealing most of the
GC time may be spent by one or few GC threads. The
SmartStealing algorithm stops stealing if a failure hap-
pens, which limits the load sharing ability and results in
poor load balance performance.

We also investigated the scalability of the parallel GC in
the UMA and NUMA systems. Figure 10 compares the total
GC execution times for the default, no stealing and smart
stealing approaches using two benchmarks that demonstrate
comparable performances with the rest of the benchmarks.
In the experiment, we varied the numbers of GC threads.
As shown in the figure, both work stealing approaches (the
default and SmartStealing) perform well in the UMA sys-
tem. Therefore, it is not surprising to see that they generally
result in better GC scalability than that of the GC with no
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(a) avrora

(b) h2

Figure 9: The benchmarks that do not work with the smart
stealing

stealing. However, we also observed that work stealing gen-
erally degrades the scalability of GC in the NUMA system.
We think that the main reason for such poor performance
and scalability is that work stealing has been designed for
UMA and is not aware of remote memory access. New de-
signs are needed for the latest NUMA architectures to im-
prove the overall performance of parallel GC. We plan to
address this challenge as our future work.

7. RELATED WORK
In response to the aforementioned issues in work steal-

ing, Oancea et al. [21] allow each GC thread to trace only
its own work list, which is associated with the local heap
. This design improves the locality of the GC threads to
the different heap regions, but does not help with the load
imbalance. Iyengar et al. [15] propose a non-blocking and
lock-free scheme for each GC thread to mark the objects,
and a new work-sharing algorithm between the GC threads
to better balance the workload. This design focuses on solv-
ing the contentions for marking bits between the GC threads
and on dividing the marking work between the GC threads,
instead of improving the work stealing mechanism.

Ideally, the collection time of a parallel collector should de-
crease proportionally with the addition of more GC threads
on more CPU cores. However, several prior research efforts
[10, 11, 7, 12, 23, 5] have indicated that the parallel collec-
tor in OpenJDK does not scale with more GC threads and

more CPU cores. In fact, its GC performance degrades sig-
nificantly when the number of GC threads is more than 4.
There are many reasons contributing to the non-scalability
of the parallel GC. These factors, identified in previous stud-
ies, include architectural changes that improve execution
performance but degrade GC performance and increasing
number of mutator threads.

Gidra et al. [10, 11, 12] explain the impact of remote
memory accesses in NUMA architecture on GC performance.
They point out that when parallel GC threads have to mark
the objects located on remote nodes, the communication
overhead can be quite large and increase further when more
GC threads and CPU cores are involved. This is one factor
that limits the scalability of parallel GC. Gidra et al. then
propose optimization techniques that improve the through-
put of parallel GC on NUMA architecture. The optimiza-
tions were done to the GC algorithm to improve the locality
of objects and GC threads, but not to the load balance in
the parallel GC.

Studies find that non-scalability can exist in single socket
architecture also. Du Bois et al. [7] evaluate the time dis-
tribution between application threads on different numbers
of CPU cores with the bottle graph, a visualization tool for
multi-threaded program performance. The GC takes longer
when more than 2 or 4 GC threads are employed, where the
number of GC threads and application threads matches the
number of CPU cores. Their explanation is that with more
application threads, the heap region fills up faster , resulting
in more frequent GC invocations and longer GC execution
time.

Qian et al. [23] evaluate the scalability of both mutation
and parallel GC on NUMA architecture, because the Java
applications’ execution time is spent on both mutation and
GC. In their work, the change of the object lifespan is found
as one of the reasons that the parallel GC performs worse
on more CPU cores. The GC efficiency is reduced because
the object lifespan becomes longer, and the longer object
lifespan is caused by more parallelized mutation threads al-
locating and using objects on the heap concurrently.

The Garbage First algorithm is a concurrent garbage col-
lection algorithm, partitions the heap into fixed-size small
regions [6], which is designed for applications with large heap
requirement and many parallel mutation threads. The col-
lection work can be done to any regions, so the pause time
is short. Parallel GC threads with work stealing for load
balancing is used for collection, so the results of our work
are applicable to this collector. Wu et al. [27] propose and
evaluate a synchronization-free parallel marking algorithm,
called task-pushing. Marlow et al. [19] describe a technique
that enables each CPU core to perform minor garbage collec-
tion independently on multicore architectures. Their work
is done with the Haskell compiler, and the general idea is
similar to the work by Gidra et al. Xian et al. [29, 30, 28]
propose and implement a new generational collection algo-
rithm that invokes collection at different times instead of
waiting until the heap region is full to improve the perfor-
mance of garbage collection.

Other research efforts explore the new methodologies for
Java heap management on NUMA architecture [18, 22, 26].
They are good complements to the existing NUMA-aware
young generation allocation/GC in OpenJDK.
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(a) avrora on NUMA (b) pmd on NUMA

(c) avrora on UMA (d) pmd on UMA

Figure 10: The scalability comparison of three work stealing strategies

8. CONCLUSION
Work stealing has been employed for balancing the work-

load in parallel garbage collection. However, it does not
deliver the expected improvement and worse, can degrade
the GC performance as compared to implementations em-
ploying no stealing. We identified several factors that limit
the efficiency of work stealing. These include futile stealing
attempts, excessive calls to functions that locate stealing
targets, and too many stealing tasks especially toward the
end of the parallel phases when GC work is nearly done.
Based on this analysis, we implemented a better work steal-
ing mechanism called SmartStealing. According to the
evaluation results on both on the UMA and NUMA archi-
tectures, SmartStealing can improve the GC performance
for most of the applications to 50.4% in average and 78.7%
at most.

The scalability of the GC performance is also impacted by
the work stealing according to the experiment results that
the GC performance is stable without work stealing when
more GC threads are used. The work stealing makes the
parallel phase in the GC take longer time with more GC
threads, and this is would be our future work to improve
the scalability of parallel GC.
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