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Abstract—In heterogeneous distributed cloud systems, load
balance, communication and synchronization overhead must
be taken considered. A hierarchical distributed loop self-
scheduling scheme is effective and efficient for scientific loop
applications. In this paper, we propose a resilient hierarchical
distributed loop self-scheduling algorithm suitable for hetero-
geneous cloud systems. This algorithm is intended to enable the
algorithm to continue to work in the event that some virtual
machines (VMs) are too slow or cease to respond. We tested
our algorithm in a heterogeneous cloud system. The results
show that our algorithm can achieve normal operation and
good performance.
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I. INTRODUCTION

Scientific applications usually contain compute-intensive
loops. Self-scheduling schemes were proposed in the past
that partition independent loop iterations into chunks and
allocate them to processors in order to reduce the overall
computing time. Dynamic self-scheduling algorithms (or
schemes) assign various chunks to each processor and they
are well discussed to achieve good load balance on dis-
tributed systems such as clusters, grids ( see e.g. [1], [2],
[3], [4], [5] and refs therein).

Fault tolerance in conjunction with loop self-scheduling
has been studied in the past (see e.g. [6], [7] and refs therein.
MPI is a middleware of choice for distributed systems with
fault tolerant capabilities (see e.g. [8] and refs therein).

Cloud systems are based on a large number of com-
puters connected through a communication network, with
additional capability to provision resources (such as VMs,
memory, network) to users requests in a flexible and auto-
mated manner. They provide scalable, flexible, reliable and
on demand computing and storage resources over a network.
There are many scientific computation-intensive and data-
intensive applications running on cloud systems [9]. The
availability and performance of virtual machines in cloud
systems can change over time. Thus, cloud systems are
considered as a dynamic heterogeneous distributed system.
Load balance, communication and synchronization overhead
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are important factors. Some studies of fault tolerance in
clouds exist (e.g. see [10] and refs therein).

The hierarchical distributed self-scheduling schemes work
well in cloud system [11] [12]. However, we should also
consider fault tolerance. When a worker node fails to re-
spond in the event of an unexpected problem or error, a
fault tolerant scheme may be notified of the problem and
prepare to take correcting actions to survive from faults. In
current cloud systems, single point or multiple points failure
are a common occurrence. Although there is hardware level
fault tolerance, the program without fault tolerance may not
continue to process. In this paper, we propose a resilient hi-
erarchical distributed loop self-scheduling scheme for cloud
systems. This scheme continues to work when the computing
environment is dynamic and the nodes are to slow due to
heavy load or cease to respond. We make an experimental
study of our proposed algorithm in a heterogeneous cloud
system.

The rest of the paper is organized as follows. In Section II,
we review hierarchical distributed loop scheduling schemes.
In Section III, we describe new resilient hierarchical dis-
tributed schemes. In Section IV, experiments and results are
presented. Section V contains conclusions and future work.

II. HIERARCHICAL DISTRIBUTED SCHEMES

In the past, we proposed a hierarchical model in order to
obtain scalability in distributed loop scheduling schemes.
Figure 1 shows a two-level of hierarchical distributed
scheme, one supermaster and two master nodes. The task
scheduler resides in the supermaster and it uses distributed
scheduling schemes (DTSS/DFSS/DGSS) [12] to compute
coarse-grained chunks for each master and send to master
nodes’ Task Pools. When the Task Pool of a master node
is empty, it asks for more work (from the supermaster) in
order to fill the Task Pool until there is no more work. The
master accepts a worker request, places it into the request
queue and gets a fine-grained chunk from the Task Pool and
serves the top request from Request Queue. Also, master
nodes collect the computed results from workers. There are
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Figure 1. Hierarchical Distributed Model

multiple Request Queues and Result Collectors distributed in
different master nodes, which can share the responsibilities.

III. RESILIENT HIERARCHICAL DISTRIBUTED SCHEMES

In this section we propose a new resilient hierarchical dis-
tributed self-scheduling algorithm. The pseudocode is shown
in Algorithm 1, 2 and 3. The algorithm is inspired from past
results on an adaptive self-scheduling algorithm proposed
for grid systems for simple master-worker models in [6].
We also take advantage of the fault-tolerance approach for
MPI middleware based on the master-worker MPI intercom-
municators error-handling [8]. This error-handling is based
on the continuous monitoring of the correct function of the
MPI intercommunicators by the communication subsystem
of the distributed system.

We assume that the supermaster is fault-free because
modern cloud systems have single point failure solutions.
The masters or workers can fail their work is assigned
to other masters or workers. So the computation will be
completed as long as one master and some of its workers
do not fail till the end. We do not consider spawning new
workers to replace failed ones.

At the supermaster side, in Algorithm 1, the first step
generates the simulated execution environment, a hetero-
geneous computing environment. Supermaster nodes accept
the registrations of master nodes and collect their current
available computing powers. With the available powers
and input computing job, the supermaster node generates
large scheduling chunks for these master nodes. While the
computing job is not finished, the supermaster node picks
up one master node from the request queue and applies a
small benchmark to measure the available computing power.
We chose matrix multiplication with small input size as a
benchmark. If the master node’s available computing power
is zero or the worker nodes managed by the master node
are unresponsive (or faulty), the supermaster nodes saves the
current status and chooses another master node in the request
queue. If instead a master node can do some work, the
supermaster node may assign a ’large” scheduling ("master-
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level”) chunk to the master node. A master-level chunk
is a chunk assigned by the supermaster to the masters. It
is sufficiently large to be subdivided into several “worker-
level” chunks to be assigned to by the master to its workers.

Algorithm 2 shows the master node side. At first, a
master node initializes a simulated execution environment.
Then the master node accepts registrations from worker
nodes and collects their available computing powers to
report to supermaster nodes for computing the scheduling
chunks. While the input job that is being computed is not
finished, the master node requests a scheduling chunk from
the supermaster node with some key parameters. These
key parameters are the current available computing powers
and the number of remaining tasks. These parameters are
needed in computing the new chunks. After that, the master
node computes “small” scheduling (worker-level) chunks for
worker nodes. The master node picks up one requesting
worker from the queue and applies a benchmark (a small
size matrix multiplication) to measure the worker’s available
computing power. If the computing environment is changed
or the worker is dead, the master node saves and updates
the current status. Then the master node reschedules the
remaining chunks with new available computing powers and
generates new scheduling chunks. This way the load balance
is improved. If the worker’s available computing power is
not changed, the master node may assign a scheduling chunk
to the worker node.

A worker node starts with initialization of a heterogeneous
environment, in Algorithm 3. Then a worker node registers
at a master node with its current available computing power.
When a worker node is idle, it requests more work with
its current available computing power measured by a small
benchmark. After getting a chunk, it completes the assigned
computing task and returns results to master node.

Algorithm 1 Supermaster side

- Initialize simulated execution environment;
- Accept master nodes registrationsand available powers
- Generate large scheduling chunks;
while there are unassigned large chunks do
- Pick up one master from requesting queue;
- Get updated on available power of the master;
if the master node’s available power is zero or it has failed
then
- Save current status;
- Pick up the next master;
else
- Assign chunk to the requesting master;
end if
end while




Algorithm 2 Master side

- Initialize simulated execution environment;
- Accept worker nodes registrationsand available powers
while there are unassigned large chunks do

- Master node calculates total available powers of

workers;

- Master node requests a large chunk from
supermaster;

- Master node generates small scheduling chunks
(FSS/GSS/TSS);

while there are unassigned small chunks andnot—
failed workers exist do
- Pick up one worker from requesting queue;
- Check if worker is not failed;
if the worker is unresponsive
the environment is changed then
- Save current status;
- Master node regenerates the scheduling
chunks for unassigned work (FSS/GSS/TSS);
- Pick up the next worker;
else
- Assign chunk to the requesting worker;
end if
end while
end while

or

Algorithm 3 Worker side

- Initialize simulated execution environment;

- Register at supermaster node;

while there are unassigned small chunks do
- Apply a small benchmark to measure the current
computing power;
- Worker node requests a small chunk from master
node;
if the worker gets a chunk from its master node
then

- Compute and return results;

end if

end while

IV. EXPERIMENTAL EVALUATION
A. Cloud Environment

FlexCloud is our cloud system platform. FlexCloud is a
private cloud platform for academic research in Institute for
Cyber Security (ICS), University of Texas at San Antonio. It
is capable of meeting the demands of world-class academic
research. It offers fast provisioning, reliability, data security
and observability, good balance between performance and
security, and easy scalability. FlexCloud includes:

o 5 Racks of Dell R410, R610, R710, and R910s con-

sisting of 748 processing cores, 3.44TB of RAM, and
144TB of total storage.
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o Redundant 10GB network connectivity provides high
performance access between all nodes. The Network
Switch is a Dell Switch and it is connected via a High
Speed (greater than 1GB/s) Fiber Optic link to the Main
ICS Juniper (MX-80) Router.

B. Experiments

112 single core, 512MB virtual machines (VM) are initial-
ized and they are loaded with Ubuntu Linux 12.04 image. In
order to build a heterogeneous computing environment, we
use Stress [13] to add additional random load on each VM.
Stress is a deliberately simple workload generator. Stress
was developed by University of Oklahoma. It imposes a
configurable amount of CPU, memory, I/O, and disk stress
on the system. The application is Mandelbrot Set with size
of 20K * 20K.

In the experiments, we applied additional (i.e. outside
the simulation) computing loads (Stress [13]) to make the
computing environment “heterogeneous”. We also applied
“heavier” computing loads in some worker nodes to simulate
an environment with too slow (or unresponsive) nodes in
order to test the resilient function of the schemes. We set
a threshold equal to 0.15, in the experiments. This means
that if the current computing power of a worker node is less
than 15% of its original computing power, it is regarded
to be unresponsive and can not receive workload until its
computing power is more than 15%. The other point is that if
we continue to assign workload to such a slow worker node,
it will be the bottleneck in the future and the other nodes
will wait for its completion of assigned tasks. Thus, we treat
these worker nodes as unresponsive (or faulty). When there
are faulty nodes in the computing environment, we collect
the parameters and regenerate scheduling chunks.

For better testing and understanding the resilient function
of the new schemes, we choose different numbers of faulty
worker nodes by different fault rates, 12.5% and 25%.

All the schemes are implemented by C++ and MPI. All
timings are in seconds.

C. Results

Figure 2 illustrates the total execution time of HDTSS
with 16 workers using the standard algorithm and the new
algorithm. We can observe that when there are no faulty
nodes, the total execution time with different number of
master nodes is the same. However, the new algorithm are
much better when the fault rate is 12.5% and 25%. This may
happen when the load balancer of the current computing
system doesn’t work well and make some computing nodes
are heavily loaded. These slow nodes may cause bottleneck
in the system and they can create load imbalance when we
are applying regular scheduling schemes. The new algorithm
avoids the bottlenecks and completes the work in a reason-
able amount of time.



Figure 3 shows the total execution time comparison of
our algorithm between the faulty and the non-faulty environ-
ment. There are 2 faulty workers in 16 workers hierarchi-
cal distributed trapezoid self-scheduling scheme (HDTSS)
experiment and there are 4 faulty workers in 32 workers
experiment. The fault rates are 12.5% and 25%. We observe
that the resilient scheme can survive and continue to finish
the computing work when some problems happened. When
12.5% workers nodes are down, the total execution time
increase is between 13% to 17%. And for 25% fault rate,
the increase is between 28% to 36%. The reason why the
increase is higher is due to the rescheduling overhead. When
there are faulty nodes, the scheduling schemes will collect
the current parameters and generate new scheduling chunks
for the remaining workload. The total increase is similar to
the fault rate and is not much higher. Thus, the new schemes
do not introduce much rescheduling overhead into the final
results and they are effective.

We also carried out experiments on different schemes,
the comparison between HDFSS, HDGSS and HDTSS.
Figure 4 shows the total execution time between the new
schemes HDFSS, HDGSS and HDTSS with 16, 32 and 64
worker nodes. From the results, we observe that all the new
schemes work when there are faulty nodes when faulty nodes
appear in the middle of the computation. Moreover, the new
schemes can work well when more worker nodes are added
into system. HDTSS is the best because it generates fewer
chunks to reduce the synchronization overhead. HDFSS
is better than HDGSS due to the smaller early chunks.
However, when the fault rate increased, HDGSS became
better than HDFSS. The reason is that after rescheduling the
rest of workload, the early chunks are not too large to harm
the load balance and HDGSS generates a smaller number of
scheduling chunks than HDFSS.

Finally, we tested the scalability of the new schemes.
Figure 5 presents the total execution time of the resilient
HDTSS with two master nodes, when the number of workers
scale from 16 to 64. It is observed that the overall perfor-
mance and the scalability became better when we increase
the number of worker nodes. The 4 Masters’ model’s
improvement is the best and 2 Masters’ model is better
than the simple Master-Worker model. The hierarchical
distributed scheme introduce multiple master nodes and it
reduces centrality of traditional master worker model. Thus,
the scalability is good. Finally, the resilient hierarchical
distributed scheme doesn’t introduce too much rescheduling
and synchronization overhead.

V. CONCLUSIONS AND FUTURE WORK

In this paper, we propose a resilient hierarchical dis-
tributed scheme. We simulated a heterogeneous computing
environment on cloud systems. We assume that some nodes
are faulty, if they are too slow. The new schemes can survive
from partial faulty nodes and reschedule the rest of workload
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Figure 2.  The total execution time of HDTSS with 16 workers using
standard algorithm and resilient algorithm.

to finish the job. The experimental results show that the
performance and scalability of the new schemes is still good
because it introduce few rescheduling and synchronization
overhead. We also compared different loop self scheduling
schemes to show their effectiveness. In future, we plan to
extend our schemes to tolerate real faults of machines.
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