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Abstract—An increasing number of large-scale data analytics
frameworks move towards larger degrees of parallelism aim-
ing at low-latency guarantees. It is challenging to design a
scheduler with low latency and high resource utilization due
to task dependency and job heterogeneity. The state-of-the-art
schedulers in cloud/datacenters cannot well handle the scheduling
of heterogeneous jobs with dependency constraints (e.g., depen-
dency among tasks of a job) for simultaneously achieving low
latency and high resource utilization. The key issues lie in the
scalability in centralized schedulers, ineffective and inefficient
probing and resource sharing in both distributed and hybrid
schedulers. To address this challenge, we propose Fregata, a
low-latency and resource-efficient scheduling for heterogeneous
jobs with constraints (e.g., dependency constraints among tasks
of a job) in clouds. Fregata first uses the machine learning
algorithm to classify jobs into two categories (high priority jobs
and low priority jobs) based on the extracted features. Next,
Fregata splits the jobs into tasks and distributes the tasks to
the master nodes based on task dependency and the load of
master nodes. Then, Fregata utilizes the dependency information
of tasks to determine task priority (tasks with more dependent
tasks have higher priority), and packs tasks by leveraging the
complementary of tasks’ requirements on different resource types
and task dependency. Finally, the master nodes distribute tasks
to workers in the system based on priority of tasks and workers
and the resource demands of tasks and the available resources of
workers. To test the performance of Fregata, we conduct trace-
driven experiments. Extensive experimental results based on a
real cluster and Amazon EC2 cloud service show that Fregata
achieves low-latency and high resource utilization compared to
existing schedulers.

Index Terms—scheduling, task dependency, resource utiliza-
tion, latency, machine learning

I. INTRODUCTION

Production data-parallel jobs in cloud increasingly have
complex dependencies in computation [1]. Modern data ana-
lytics frameworks compile programs into job DAGs (directed
acyclic graphs) consisting of many dependent tasks [1]. The
dependency constraints of job DAGs pose significant chal-
lenges to job/task scheduling, making it difficult to balance
common objectives such as high resource utilization, fast job
completion and fair sharing [1]. Figure 1 shows an example
of diverse dependencies among tasks of production data-
parallel jobs in cloud. In Figure 1, tasks 73, T5 and T}5 are
precedent tasks, and their dependent tasks (e.g., tasks 75, Tg
T7, Ts, Ty, Thie, Th7, Thg) cannot start execution until they
finish execution. Inappropriate execution order of tasks may
drag down the system performance, but judicious selection of

Fig. 1: Diverse dependencies among tasks of production data-parallel
jobs.

execution order of tasks can help reduce the latency. Task T5
has more dependent tasks than tasks 7} and 775. Executing
Ts at first can enable more dependent tasks to start executing
after the precedent task 75 completes, which helps reduce the
latency.

Workload heterogeneity has been a long-standing challenge
in datacenter scheduling [2]-[4]. Modern datacenters also
encounter increasingly heterogeneous workloads composed of
long batch jobs such as data analytics, and latency-sensitive
short jobs such as operations of user-facing services [2]-[5].
Durations of tasks in Microsoft production clusters can vary
from a few milliseconds to tens of thousands of seconds [5],
and a significant fraction of tasks are short-lived (~50% last
less than 10 seconds). Jobs with diverse execution time and
fanout degree (number of tasks of a job) pose distinct re-
quirements for scheduling. Short jobs are sensitive to schedul-
ing delays and typically have higher priority in scheduling.
Long jobs usually have larger fanout and can tolerate some
scheduling delays, and thus usually have lower priority; but
long jobs typically have high resource demands and require
high-quality scheduling, e.g., improving resource utilization
and load balance. The job heterogeneity not only challenges
the performance improvement on latency and throughput, but
also poses a challenge for improving resource utilization.
Figure 2 shows an example of job heterogeneity in execution
time and resource requirements in cloud datacenters, and the
resource wastage caused by resource fragmentation can easily
occur if a worker is allocated to Jobs 1 and 2. The scheduler
has to take care to avoid problems such as head-of-line

2375-9356/22/$31.00 ©2022 IEEE 15
DOI 10.1109/BigComp54360.2022.00013

Authorized licensed use limited to: Florida A& M University. Downloaded on July 04,2022 at 22:28:45 UTC from IEEE Xplore. Restrictions apply.



Bl ob1<1,1,1> [Jlob2<2,4,3>

10—

s Job 1Lshotjob

Job 2

|Long job

CPU Mem Storage Run time

Fig. 2: An example of job heterogeneity in cloud datacenters.

blocking (especially under high load) and resource wastage
(e.g., resource wastage caused by resource fragmentation).
Therefore, it is common practice to collocate short jobs and
long jobs in datacenter scheduling, but simultaneously meeting
the diverse needs of heterogeneous jobs remains a critical
challenge [2], [6], [7].

Early job schedulers such as Jockey [8], Quincy [9],
Tetrished [10], Delay Scheduling [11], Firmament [12] and
Yarn [13] are centralized schedulers. Centralized schedulers
require a global view of resource availability to make schedul-
ing decisions. As systems scale, a very large number of
scheduling decisions and status reports from a large number of
servers can overwhelm centralized schedulers, which becomes
a bottleneck and results in significant scheduling delay for
jobs. This is especially problematic for short jobs that are
typically latency-bound. Recently, distributed schedulers such
as Sparrow [14], Peacock [15], Pigeon [2] and hybrid sched-
ulers such as Mercury [16], Hawk [17] and Eagle [4] have
been proposed to overcome the limitation of the centralized
schedulers. However, distributed schedulers typically have
non-negligible probe processing overheads due to maintain-
ing a fairly large amount of probe related states and lack
coordination among one another for enforcing global service
differentiation among jobs; hybrid schedulers have difficulty in
mitigating the negative impact of long jobs on the performance
of short jobs. Also, the above centralized schedulers and hybrid
schedulers cannot well handle the scheduling of heterogeneous
jobs with dependency constraints for simultaneously achieving
low latency and high resource utilization.

To address the problem, in this paper, we aim to develop
Fregata: a dependency-aware and resource efficient scheduling
for heterogeneous jobs in clouds. Our goal is to achieve low
latency and high resource utilization simultaneously. Fregata
outperforms previous schedulers in that it can well handle the
scheduling of heterogeneous jobs with dependency constraints,
and simultaneously achieve low latency and high resource
utilization by leveraging task dependency to determine task
priority and the complementary of tasks’ requirements on
different resource types for reducing resource fragmentation.
We summarize the contributions of this work below.

o We propose Fregata, a dependency-aware and resource
efficient scheduling for heterogeneous jobs, which can
reduce the latency and improve resource utilization in
clouds.

o We consider job heterogeneity and propose a machine
learning based method for job classification based on the
extracted features.

. High Priority Jobs
Featurei—}>W1 Short jobs
Festures —
Features—>Ws = J
Featuren—>Wn Low Priority Jobs
Long jobs
N\ J

Fig. 3: Job classification and priority determination.

« Fregata splits jobs into tasks by taking into account the
constraints (e.g., the dependency among tasks) of tasks,
and assigns tasks that do not depend on each other to
different workers (or different cores of a worker) so that
these tasks can be processed in parallel and the latency
can thus be reduced. Fregata leverages task dependency
to determine task priority and adequately considers task
dependency in scheduling to further reduce latency.

o We adequately consider the diverse demands of tasks, and
propose a task packing strategy to reduce the resource
fragmentation and improve the resource utilization.

The remainder of this paper is organized as follows. Section

II describes the system model used in this paper. Section III
presents the design of our proposed job scheduling Fregata.
Section IV presents the performance evaluation for Fregata.
Section V reviews the related work. Section VI concludes this
paper with remarks on our future work.

II. SYSTEM MODEL

In this section, we first introduce some concepts and
assumptions, then we formulate our problem based on the
concepts and assumptions. Finally, we present our proposed
algorithm for reducing latency and improving resource uti-
lization with the consideration of task dependency.

A. Concepts and Assumptions

In a distributed system, there are workers and schedulers.
Workers are used to run tasks. A job, typically consists of a
set of tasks that can run in parallel on different workers (or
different cores of a worker), is supposed to be split into m
tasks, and the tasks are allocated to workers. Scheduling a
job requires assigning every task of a job to a worker. We
assume jobs can be handled by any scheduler and tasks are
run by workers. Each worker has a buffer queue which is used
for queueing tasks when a worker is allocated to more tasks
than it can run concurrently. When a new task is scheduled
on an idle worker, the task starts executing immediately. The
completion time of a task is the time from the submission of
the job that contains the task to the time when the task finishes
execution. A job completes when all of its tasks finish.

B. The Optimization of the Resource Utilization and Latency

Problem Statement: Given a certain amount of resources
(e.g., CPU, MEM, etc.) in terms of VMs, resource demands
of each job, the dependency constraints of the tasks in each
job, and resource capacity constraints of VMs, how to allocate
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TABLE I: Features for predicting jobs’ execution time.
[ Feature [ Description

Job-related features
Amount of CPU resource required by the job
Amount of MEM resource required by the job
Amount of storage resource required by the job
Number of tasks which the job contains

Required CPU
Required MEM
Required storage
# of tasks

System-related features
VM’s CPU utilization
VM’s MEM utilization
VM’s storage utilization

CPU utilization
MEM utilization
Storage utilization

the VM resources to the heterogeneous jobs to achieve higher
resource utilization while reducing the latency as much as
possible?

C. Job Priority Determination

Figure 3 shows the job classification and priority determi-
nation. To classify jobs, Fregata extracts different types of
features (i.e., job related features and system related features).
Then, Fregata predicts if the job is a short job by predicting the
execution time of the job based on the selected features shown
in Table I (shown in the left part of Figure 3). If the predicted
execution time of the job is no longer than the threshold (7}3,),
then the job is a short job; otherwise, the job is a long job.
In the job level, Fregata sets two priority levels: high priority
and low priority. If the predicted job is a short job, the job is
a high priority job; otherwise, the job is a low priority job.

D. Task Priority Determination

Previous research has shown that assigning high priority
to tasks with shorter remaining time can help increase the
throughput and reduce latency [18]. However, this can cause
starvation of long running tasks. To avoid starvation of long
running tasks and reduce the waiting time of each task, Previ-
ous methods determine task priority based on task remaining
time and (or) waiting time. However, they neglect dependency
in the priority determination, which is an important factor to
consider to reduce the latency. We consider the priority of task
T;; as a function of its remaining time ¢;7™ and its waiting
time ¢;7 based on the dependency relations among T;; and
its children (i.e., the tasks depending on T;;). We follow the
method in the work [19] to determine task priority. Table II
shows the main notations used in this paper.

E. Task Dependency

We use a directed acyclic graph (DAG) G to model task
dependency, and we present a partition based method to
find the dependency relations among tasks. Specifically, we
partition the nodes into groups based on the dependency
relations among them. First, we arbitrarily choose two different
nodes: source (parentless node of GG) and sink (childless node
of G), then we put all the nodes on the directed path in a
group if there exists a directed path from the source to the
sink. By following this way, we can partition the tasks that
have dependency relation into the same group. The specific
steps for partitioning tasks based on the dependency relations
among them are illustrated in Algorithm 1.

Algorithm 1: Task_Partition()

Input: A set of jobs consisting of tasks represented by DAGs

Output: The dependency relations among tasks for a given job
1 for v; in V do
if v; in Vsoyrce then

for v; in V do
if vj in Vi1 and v; # vj then
if 3 a direct path form v; to v; then
L Put all nodes on the path in a group

ENT I I

else
L Put v;, v; into two different groups

% 2

To compute the dependency relation, we use the reachability
between any two nodes in G to represent the dependency
relation between the two nodes, and we use a matrix to
represent the reachability.

TABLE II: Notations

n  Total # of workers |m # of tasks / job

J A set of jobs l # of resource types

h  #of jobsin J L3, Threshold for heavily loaded scheduler
J;  The ith job in J DV (j,14) resource deviation of two tasks

T;j The jth task of J; |L}} Threshold for heavily loaded master

t7¢7" Tiy’s remaining time| ¢}’ T’;’s waiting time

F. Improving Resource Utilization

Fregata presents task packing to improve the resource
utilization. For newly arriving tasks, Fregata conducts packing
to pack complementary tasks, and then allocates resources to
the packed tasks based on their resource demands. The task
packing is used to avoid resource fragmentation and achieve
high resource utilization. In the following, we first present an
example to show the complementary task packing, and then
explain its algorithm. Then, we present the resource allocation
algorithm that allocates the resources to newly arriving tasks.
Finally, we present an example to show this algorithm.

Figure 4 shows an example illustrating how packing
strategy decreases the resource fragmentation and increases
resource utilization. In Figure 4(a), task 1 (CPU intensive)
and task 2 (storage intensive) are assigned to VM1 and VM2,
respectively, which increases servers’ resource fragmentation.
However, in Figure 4(b), task 1 and task 2 are packed first
and then assigned to VM2, which releases VM1, and thus
decreases the resource fragmentation of servers and increases
the resource utilization.

Each task has a dominant resource, defined as the one
that requires the most amount of resource. Fregata first packs
the tasks with complementary dominant resources such that
the summation of the deviation of the two tasks’ resource
demands on each resource type is the largest. Given a list
of tasks, Fregata fetches each task 7;, and tries to find its
complementary task from the list to pack with 7;. Note that
it is possible that task 7;’s complementary task cannot be
found from the list. In this case, the task 7} solely constitutes
an entity to be allocated with resources in a server. To find
T;’s complementary task, Fregata calculates its deviation with

Authorized licensed use limited to: Florida A& M University. Downloaded on July 04,2022 at 22:28:45 UTC from IEEE Xplore. Restrictions apply.



VM1
TaSk 1 @ TaSk 1
Task 2 M2z AT Task2 VM2 /] )
g o 5
£ —| &
— » @Q’& <—>‘<§:§\

cPU
(a) Without packing (b) With packing

Fig. 4: Allocate the resource of VMs to the tasks W/o and W/ packing
strategy.

every other task T} if T; has different dominant resource from

T;. The deviation is calculated by Equ. (1)
1

V(i) = Z((dJk - %)2 + (dir — Sk Tk

2
;) O

where d;;, is T;’s resource demand on resource type k. Finally,
the task with the highest deviation value is the complementary
task of 7;. This method can also be applied to tasking packing
for three tasks.

G. Resource Allocation

After task packing, Fregata needs to assign each task entity
(packed tasks or a task) to a server with the resources. Among
the servers with the resources that can satisfy the resource
demand of the task entity, Fregata chooses the server that has
the least remaining resources (called most matched server) in
order to more fully utilize resources. To find the most matched
VM, we introduce a concept called unused resource volume.
Suppose the vector of the maximum capacity of each resource
type among all VMs is C' =< C1, C%, ..., C] >. Assume that
the amount of unused resource of VM j is R; = (71, ..., 7).
Then, the unused resource volume of VM j is calculated by

1
N ’
= E :rjk/clc’
k=1

The VM satisfying the resource demand and has the smallest
unused resource volume is the most matched VM.

Figure 5 shows an example illustrating the process of task
packing and how Fregata allocates the unused resource to
a task entity. For VMs, the numerical values indicate the
capacities of different resource types. For tasks, the numerical
values indicate the resource demands of tasks. Task 3, task
4, task 5 and task 6 are new arriving tasks. The dominant
resource of tasks 3 and 6 is CPU, and the dominant resource
of tasks 4 and 5 is storage. Fregata first conducts task packing.
The resource demand deviation of task 3 and task 4 is 25, and
that of task 3 and task 5 is 16. Since 25 > 16, task 3 and task
4 are packed together. Similarly, task 5 and task 6 are packed
together. We denote the task entities as (task 3, task 4) and
(task 5 and task 6). The maximum CPU, MEM and storage
of all VMs among both servers are C' =< 25,2,30 >. If
the amount of unused resource of VMs 1-4 are as follows:
<5,0,20 >, < 10,1,10 >, < 20,2,30 > and < 10,1,8.5 >,
respectively, based on Equ. (2), their unused resource volumes
are 0.867, 1.233, 2.8, 1.183, respectively. To allocate resources

(@3]

volume;

Server 1
<15, 1, 30> <25, 2, 30>

[ vmi] [[vmz2 ]

<20, 2, 30> <20 2, 20>

E]

-
Task 1 <10, 1, 10>, ask 2 <15, 1, 20> - \\\ Ll'ask7<10 1, 11.5>
_______ 4---5:.’----- _____:y___________ __
' I ' ' I I

Fig. 5: Allocate unused resource to (packed) tasks with low resource
wastage.

to entity (task 3, task 4), Fregata first checks if the VMs’
unused resources can satisfy the demands on each resource
type of the entity. Then, Fregata chooses the VM that has
the smallest unused resource volume to allocate it to the
task entity. In this example, VM1 and VM4 cannot satisfy
its resource requirements of the packed task (tasks 3, 4). By
comparing the unused resource volumes of VM2 and VM3,
because 1.233 < 2.8, then Fregata chooses VM2 rather than
VM3 and allocates its unused resource to the packed task
(task 3 and task 4). Similarly, the unused resource of VM1
cannot satisfy the resource requirements of the packed task
(task 5, task 6). By comparing the unused resource volumes
of VM2, VM3 and VM4, because 1.183 < 1.233 < 2.8, then
Fregata chooses VM4 and allocates its unused resource to
the packed task (task 5 and task 6). The above process of
allocating unused resource to tasks also applies to the single
task case.

III. DESIGN

In this section, we present the design of Fregata.

A. Job Submission and Job Assignment

Fregata first uses the machine learning algorithm Support
Vector Machine (SVM) to classify the jobs into long jobs and
short jobs by predicting the execution time of jobs based on the
extracted features. If the predicted execution time of the job
is no longer than the threshold (73%,), then the job is short job;
otherwise, the job is long job. Fregata trains the SVM classifier
using the sigmoid kernel function. Fregata repeatedly divides
the dataset into training and testing sets using 10-fold cross-
validation with percentage split and performs classification.

In Fregata, when users submit their jobs, the jobs are
delivered to the schedulers near them. If the scheduler is
heavily loaded, the job will be delivered to the lightly loaded
neighbor of the heavily loaded scheduler to achieve load
balance. Each scheduler has a unique key, and each master has
the resource information of the workers associated with master.
The workers periodically report their resource information to
the master, and the master periodically updates a table which
records the resource information of each worker associated
with the master.

B. Task Scheduling

Figure 6 shows the architecture of the Fregata. In Fregata,
schedulers are scattered in a distributed system. When a user
submits a job to the cloud system, the system will deliver
the job to the scheduler that is not heavily loaded and has
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Fig. 6: Architecture of Fregata.

the smallest geographic distance to the user. The scheduler
first splits the job into tasks, then it distributes the tasks
to m randomly selected masters that are not heavily loaded
(Algorithm 2 shows the processing of jobs). The masters pack
tasks that have complementary resource requirements based
on the task packing strategy in Section II-F. Each master
maintains two task queues, where the high priority and low
priority queues store tasks belonging to short and long jobs,
respectively. Next, masters assign task entity to workers based
on the strategy in Section II-G, and the workers calculate the
priority of tasks assigned to the workers and run tasks.

Algorithm 2: Job_Processing()

Input: A submitted job

1 A Job is submitted

2 sort(s[]) // Sort schedulers by distances between
schedulers and the user submitting the job

3 for i + 1 t0 Len(s) do

4 if s[i] is lightly loaded then

5 Assign the job to s[i]

6 s[4] split the job into m tasks

7 s[i] distributes the tasks to m randomly selected masters

that are not heavily loaded

IV. PERFORMANCE EVALUATION

In this section, we present our trace-driven experimen-
tal results. We first conducted experiments on a large-scale
real cluster Palmetto, which is Clemson University’s high-
performance computing (HPC) resource [20]. We tested mul-
tiple evaluation metrics and compared our method with two
other methods. To further evaluate the performance of our
method, we conducted experiments on the real-world Amazon
EC2 [21]. In the following, we present the experimental results
on a real cluster and the experimental results on Amazon EC2,
respectively.

A. Trace-Driven Experimental Results
We deployed our testbed in a large-scale cluster Pal-

metto [20]. We implemented our method and other two meth-
ods in our testbed. We compared the results of our method

TABLE III: Parameter settings.

Parameter| Meaning Setting
n # of servers 30-50

h # of jobs 100-2500
m # of tasks of a job 10-2000
L3, Threshold for heavily loaded scheduler 0.85

Ly Threshold for heavily loaded master 0.85

5 A certain coefficient € (0, 1) 0.5

w1 Weight for task’s remaining time 0.5

w2 Weight for task’s waiting time 0.3

w3 Weight for task’s allowable waiting time || 0.2

and the other two methods Pigeon [2] and Sparrow [14]. We
used up to 1,000 heterogeneous short jobs which have different
resource requirements.

Pigeon [2]. Pigeon is a two-layer, hierarchical scheduler for
heterogeneous jobs, which aims to ensure low latency. Pigeon
divides workers in a cluster into groups and delegates task
scheduling in each group to a group master. Pigeon assigns the
tasks of an incoming job to the masters as evenly as possible,
and the masters centrally manages all the tasks handled by the
corresponding groups. All the workers in a group are shared
among tasks from short jobs in a work-conserving manner,
while all the low priority workers are shared by tasks from
long jobs.

Sparrow [14]. Sparrow is a stateless decentralized sched-
uler that provides near optimal performance using two key
techniques: batch sampling and late binding. Sparrow pro-
vides fine-grained task scheduling, which is complementary
to the functionality provided by cluster resource managers.
Sparrow handles two types of constraints, per-job and per-
task constraints. Such constraints are commonly required in
data-parallel frameworks.

We first deployed our testbed on 50 servers in a real cluster.
The servers in the real cluster are from Sun X2200 servers
(AMD Opteron 2356 CPU, 16GB memory). We then con-
ducted experiments on 30 instances in the real-world Amazon
EC2 and the instances in EC2 are from commercial product HP
ProLiant ML110 G5 servers (2660 MIPS CPU, 4GB memory).
We considered each instance as a server. Each server (instance)
was set to have 1GB/s bandwidth and 720GB disk storage
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capacity in both real cluster and EC2 experiments.

In each experiment, we varied the number of jobs from
100 to 600 with step size of 100. The job arrival rate was
set to z jobs per minute and x was randomly chosen from
[2,5] [22]. The Google Cluster trace [22] records resource
usage on a cluster of about 11,000 machines from May 2011
for 29 days. We randomly chose tasks from the jobs in the
period between May 1 to May 7. The CPU and memory
consumption, and execution time for each task were set based
on the Google cluster trace, and the disk and bandwidth
consumption for each task was set to 0.02MB [23] and 0.02
MB/s [24], [25], respectively. In the experiment, we created the
dependency relationship among tasks based on their starting
time and ending time from the trace. When there is no overlap
between the execution times of two tasks of a job, we can
create a dependency relationship between the two tasks. We
constrained the number of levels in a created dependency DAG
within five and the number of dependent tasks on a task within
fifteen [26]. Table III shows the parameter settings in our
experiment unless otherwise specified.

For Fregata, we first use the machine learning algorithm
SVM to classify the jobs into long jobs and short jobs by
predicting the execution time of jobs based on the extracted
features. In the job level, Fregata considers short job as
high priority job, and considers long job as low priority
job. After classifying jobs, Fregata deliveries the jobs to the
scheduler which splits the jobs into tasks. Fregata uses the
task packing strategy to pack tasks that have complementary
resource requirements, and then allocates the resource to the
task entity.

B. Experimental Results on A Real Cluster

Figure 7 shows the relationship between the resource (CPU,
Memory and Storage) utilization and the number of jobs on
a real cluster. In Figure 7, we see that the resource utilization
follows Fregata>Pigeon>Sparrow. The resource utilization in
Fregata is higher than that in Pigeon because Fregata leverages

20

complementarity of tasks” demands on different resource types
and uses a task packing strategy to reduce the resource frag-
mentation and improve the resource utilization. The resource
utilizations in Pigeon is higher than that in Sparrow because
all the workers in a group are shared among tasks from short
jobs in a work-conserving manner, while all the low priority
workers are shared by tasks from long jobs. To verify the per-
formance of resource utilization of different methods, we also
measured the average resource utilization of different resource
types in different methods. Figure 7(d) shows the average
resource utilization of different resource types in different
methods. We observe that the average resource utilization
follows Fregata>Pigeon>Sparrow due to the same reasons.

We evaluated the overhead of different methods by measur-
ing the job completion time in each method on the real cluster.
We followed the work [2], [4] to measure the job completion
time of Pigeon and Sparrow normalized to Fregata under
different cluster loads. Figure 8 shows different methods’ job
completion time normalized to Fregata under different cluster
loads. In Figure 8, we see that the job completion time follows
Fregata<Pigeon<Sparrow. This is because Fregata splits jobs
into tasks by taking into account the constraints (e.g., the
dependency among tasks) of tasks , and assigns the tasks that
do not depend on each other to different machines so that these
tasks can be processed in parallel and the latency can thus be
reduced. Also, Fregata leverages task dependency to determine
task priority and adequately considers task dependency in
scheduling to further reduce latency. As Sparrow does not
distinguish between short jobs and long jobs, it incurs up to
14 and 5.3 times longer job completion time than Fregata and
Pigeon, respectively.

C. Experimental Results on Amazon EC2

To fully test the performance of our method, we also
conducted experiments on the real-world Amazon EC2. Fig-
ure 9 shows the relationship between the resource (CPU,
Memory and Storage) utilization and the number of jobs on
Amazon EC2. In Figure 9, we see that the resource utilization
follows Fregata>Pigeon>Sparrow. The resource utilization in
Fregata is higher than that in Pigeon because Fregata leverages
complementarity of tasks’ demands on different resource types
and uses a task packing strategy to reduce the resource frag-
mentation and improve the resource utilization. The resource
utilizations in Pigeon is higher than that in Sparrow because
all the workers in a group are shared among tasks from short
jobs in a work-conserving manner, while all the low priority
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workers are shared by tasks from long jobs. To verify the per-
formance of resource utilization of different methods, we also
measured the average resource utilization of different resource
types in different methods. Figure 9(d) shows the average
resource utilization of different resource types in different
methods. We observe that the average resource utilization
follows Fregata>Pigeon>Sparrow due to the same reasons.

We also measured the job completion time of Pigeon
and Sparrow normalized to Fregata under different cluster
loads on Amazon EC2. Figure 10 shows different methods’
job completion time normalized to Fregata under different
cluster loads. In Figure 10, we see that the job completion
time follows Fregata<Pigeon<Sparrow. As Sparrow does not
distinguish between short jobs and long jobs, it incurs up to 14
and 5.6 longer job completion time than Fregata and Pigeon,
respectively. The result in Figure 10 is consistent with that in
Figure 8, and the reasons are the same as that explained in
Figure 8.

V. RELATED WORK

First, we review previous studies on job (task) scheduling.
Then, we describe previous studies on resource utilization
related to job (task) scheduling. Finally, we indicate the
advantages of our proposed job scheduling Fregata compared
to the previous studies.

A. Scheduling

There is a large body of work on scheduling in distributed
systems. Many existing studies focused on independent tasks,
while many tasks are not independent such as MapReduce
tasks. Harchol-Balter [27] analyzed several natural task
assignment policies and proposed a new one TAGS (Task
Assignment based on Guessing Size). The TAGS algorithms is
counterintuitive in many respects, including load unbalancing,
non-work conserving, and fairness. The work [27] assumes
tasks are independent. Dean and Barroso [28] proposed a
scheduling approach using hedged requests where the client
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sends each request to two worker machines (workers) and
cancels remaining outstanding requests when the first result
is received. They also described tied requests, where clients
send each request to two servers, but the servers communicate
directly about the status of the request: when one server begins
executing the request, it cancels the counterpart. However,
each task must be scheduled independently to target an
environment, thus tasks in a job cannot share the information.
Scheduling highly parallel jobs that complete in hundreds of
milliseconds poses a big challenge for task schedulers. To
address this challenge, Ousterhout et al. [14] demonstrated
that a decentralized, randomized sampling approach provides
near-optimal performance while avoiding the throughput and
availability limitations of a centralized design. However,
it neglects the dependency between tasks and thus cannot
reduce the latency to the minimum by running tasks that are
independent of each other in parallel. Wang et al. [2] proposed
a two-layer, hierarchical scheduler for heterogeneous jobs,
which aims to ensure low latency. Pigeon divides workers in a
cluster into groups and delegates task scheduling in each group
to a group master. Pigeon assigns the tasks of an incoming job
to the masters as evenly as possible, and the masters centrally
manage all the tasks handled by the corresponding groups.
However, Pigeon neglects the complementary resource
requirements of tasks, and it cannot fully increase the
resource utilization. Also, it does not leverage task dependency
information to determine task priority for reducing the latency.

B. Resource Utilization

There is a large body of scheduling-related work aiming
at improving resource utilization. However, many existing
studies ignore the resource constraints, and thus the proposed
strategies in these studies are not realistic. The work [29]
demonstrates that over 50% of the jobs at Google have
restrict constraints about the machines that they can run
on. Fair schedulers such as Quincy [9] and the Hadoop
Fair Scheduler [11] take into account data locality, but
these schedulers treat locality as a preference rather than
a resource constraint (i.e., hard constraint), and can assign
tasks non-locally if a suitable machine is not available. Thus
these schedulers neglect jobs’ resource constraints existing
in practical scenarios. Max-min fairness has been widely
studied in various areas such as networks, operating systems,
and queuing systems [30]-[34]. However, previous studies
have a common unrealistic assumption, that is, the resources
required by tasks are identical. Although Dominant Resource
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Fairness (DRF) [35] extends max-min fairness to multiple
resource types (i.e., CPU, Mem), it also assumes that the
resources of a given type such as CPU are identical.

Unlike the existing approaches, our proposed Fregata judi-
ciously utilizes task dependency information for determining
task priority by prioritizing tasks that will subsequently enable
the execution of more dependent tasks, which helps reduce
the latency. Also, Fregata considers the complementary of
tasks’ requirements on different resource types, and packs
complementary tasks, and then allocates resources to the
packed tasks, which helps improve the resource utilization.

VI. CONCLUSIONS

This paper presents Fregata, a low latency and resource-
efficient scheduling for heterogeneous jobs with constraints in
clouds. Fregata judiciously utilizes task dependency informa-
tion for determining task priority by prioritizing tasks that will
subsequently enable the execution of more dependent tasks,
which helps reduce the latency. Also, Fregata assigns the tasks
that do not depend on each other to different workers so that
these tasks can be processed in parallel and the latency can
thus be reduced. In addition, Fregata considers the comple-
mentary of tasks’ requirements on different resource types,
and packs complementary tasks, and then allocates resources
to the packed tasks based on their resource demands, which
helps reduce the resource wastage (caused by resource frag-
mentation) and improve the resource utilization. We compare
our method with the existing methods under different scenarios
using a real cluster and Amazon EC2 cloud service, and
demonstrate Fregata outperforms the exiting methods under
both the real cluster and Amazon EC2 cloud service. In the
future, we will examine the relationship among the accuracy of
job classification using SVM, the resource utilization and the
latency for further optimizing the performance of Fregata, and
we will compare Fregata with the state-of-the-art hybrid sched-
uler. Also, we will consider data locality, fairness, cross-job
dependency, and the scenario that new tasks are dynamically
added which extends the task-dependency graph. In addition,
we will consider fault tolerance in designing a low-latency
and resource-efficient scheduling system so that the system
can handle node failures/crashes or straggler.
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