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1 Abstract—With the growing deadline-sensitivity of cloud appli-
2 cations, adherence to specific deadlines is becoming increasingly
3 crucial, particularly in shared clusters. A few slow tasks called
4 stragglers can potentially adversely affect job execution times.
s Equally, inadequate slotting of data analytics applications could
s result in inappropriate resource deployment, ultimately damag-
7 ing system performance. Against this backdrop, one effective way
s of tackling stragglers is by making extra attempts (or clones)!
o for every single straggler after the submission of a job. This
10 paper proposes Shed+, which is an optimization framework uti-
11 lizing dynamic speculation that aims to maximize the jobs’ PoCD
12 (Probability of Completion before Deadline) by making full use of
13 available resources. Notably, our work encompasses a new online
12 scheduler that dynamically recomputes and reallocates resources
15 during the course of a job’s execution. According to our findings,
16 Shed+ successfully leverages cloud resources and maximizes the
17 percentage of jobs meeting their deadlines. In our experiments,
18 we have seen this percentage for heavy load going up to 98% for
19 Shed+ as opposed to nearly 68%, 40%, 35% and 37% for Shed,
20 Dolly, Hopper and Hadoop with speculation enabled, respectively.

2t Index Terms—Cloud, mapreduce, stragglers, scheduling,
22 cloning, speculation, deadlines.

23 I. INTRODUCTION

2 ODERN applications such as financial services, enter-
25 prise IT, big data analytics and social networks are

26 increasingly relying on distributed cloud computing frame-
27 works, such as Dryad and MapReduce [1], [2], in order to
28 attain mission-critical performance objectives. Massive quan-
29 tities of data are divided into blocks and then stored within
s an underlying file system so as to support simultaneous pro-
31 cessing of computation jobs across nodes and clusters on the
a2 cloud. As an example, the open-source software framework
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lCloning or extra attempts means task duplication.

Hadoop, which is used to process big data [3], makes use of
the MapReduce programming model.

The performance of such frameworks is often negatively
impacted by stragglers, which are slow running tasks that
result in long job execution time, thus rendering them infeasi-
ble for latency-sensitive applications requiring time guarantees
for job completion. According to previous research, stragglers
can be as much as 8 times slower than the median task [4]-[6].
In other words, all it takes is a few stragglers to have a mas-
sive effect on the performance of job completion times and
breach the SLAs (Service Level Agreements).

In contemporary online applications including the retail
platforms of Amazon and Facebook, the long tail of latency
has shown to be of particular concern, given that 99.9th per-
centile response times are orders of magnitude worse than
the mean [7]. Several factors are known to cause stragglers
in the cloud. To begin with, nodes are mostly comprised
of commodity components and entail inconsistent degrees of
heterogeneity. As a result, nodes end up processing tasks
at varying speeds. Secondly, the large-scale nature of dat-
acenters has been shown to cause errors in both hardware
and software, thus resulting in interruptions of task execution
and snags in machines. Thirdly, virtualization and resource
sharing require co-scheduling of tasks, which can lead to
stragglers and resource interference when done on the same
machine [5], [8]. Previous research has also demonstrated that
congested links across datacenter networks can actually last
for extensive periods of time and are another contributor of
stragglers [9].

Recently, researchers have suggested reactive as well as
proactive approaches to mitigate the impact of stragglers
[4]-[6], [10]-[14]. While reactive strategies are aimed at
tracking stragglers upon their occurrence and then launch-
ing speculative or extra copies of slow running tasks [4], [5],
proactive approaches trigger clones that are replicas of orig-
inal tasks upon job submission [6]. They unveil speculative
tasks proactively without waiting for the detection of strag-
glers. Another work proposes a statistical learning technique
called Wrangler. It forecasts stragglers before they occur on
the basis of past data [12].

One of the key requirements for mission-critical and latency
sensitive applications is the ability to meet deadlines [15], [16].
Currently, neither reactive nor proactive approach is capable of
providing formal performance guarantees with regard to meet-
ing application deadlines. In this paper, we propose Shed+, an
optimization framework that leverages dynamic speculation in
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order to increase the probability of meeting job deadlines. Our
dynamic speculation approach differentiates itself from these
works by taking into consideration individual job deadlines,
and optimizing the number of speculative copies assigned
for each task in order to collectively maximize the proba-
bility of meeting job deadline and available cloud resources.
Furthermore, since task executions are stochastic, while intro-
ducing speculative copies can mitigate corresponding straggled
tasks, other tasks (either already in the system or arriving in the
future) may become stragglers later due to uncertainty in their
executions. Thus, we periodically check for stragglers every 6
seconds and re-balance the replication factor » among all active
jobs to maximize the PoCD. We also develop and roll out
a novel speculative launching approach which preserves the
work performed by the original task/straggler prior to specula-
tion, thus facilitating seamless execution of tasks and progress
transfer to task speculation. Through the proposed framework,
we jointly maximize the probability of all jobs meeting their
deadlines by leveraging underutilized cloud resources.
Shed+ leverages a metric called PoCD (Probability of
Completion before Deadlines), which was introduced in [17],
[18] to quantify the likelihood that a MapReduce job would
meet the desired deadline. Through the analysis of PoCD
premised on cloud processing models, we formulate an
optimization problem so as to maximize the overall PoCD of
all active jobs by identifying and outlining the optimal number
of speculative (or extra) attempts for each straggler as regards
cloud resource constraints and job progress. Unlike our work,
Chronos [18] assumes unlimited resources, where VMs are
provisioned as needed and subject to the overall cost. Thus,
new arrivals always have VMs available and no resource con-
straint is introduced. In addition, Chronos optimizes once and
does not assume that task execution time is stochastic, which
are subject to discrepancies as they progress during the life-
time of a job. Shed+ is an enhanced version of Shed, which
was published in our preliminary work in [17]. Shed+ dif-
fers from Shed in the sense that it does more fine-grained
allocation of resources to jobs. Unlike Shed which maximizes
the PoCD at the job level (all tasks receive the same num-
ber of extra copies), the PoCD in Shed+ is maximized at
the task level. In particular, Shed assumes the same replica-
tion factor for all tasks within the same job. That is, when a
straggler is identified, Shed finds a common replication factor
r for all its tasks to maximize the job’s PoCD. Clearly, this
would lead to launching unnecessary replicas for some tasks
that are not yet stragglers, while being inadequate for some
other tasks. In contrast, Shed+ is to assign a different repli-
cation factor r; to each individual task i. Thus, an optimal
number of replicas are launched for each straggling task, in
a way that is aligned with its execution conditions, impact
on job deadlines, overall resource availability, etc. This fine-
granularity control of individual tasks can efficiently reduce
the required system resources needed in PoCD optimization,
allowing significant speedup. Second, Shed only performs re-
optimization upon new jobs arrivals. Thus, replicas are only
optimized and launched until a new job arrives at the system.
To overcome this shortcoming, Shed+ periodically checks for
stragglers every 6 seconds and re-optimizes resources (i.e.,
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replication factors r; for different tasks) accordingly. We note
that this is a continuous re-optimization during job execution,
offering fine-grained control over the temporal dimension.
Finally, to make sure we have accurate straggler information
for the optimization, we introduce another parameter £ in
Shed+, so Shed+ waits for a job to progress £% (when a
more accurate estimate of completion time can be obtained)
before launching extra copies only for identified stragglers.
Shed+ is able to jointly make decisions in the coupled design
space.

Unlike Dolly [6] and default Hadoop which rely on a fixed
number of clones for each job upon submission and launch
one speculative/extra attempt for each straggler, respectively,
Shed+ is dynamically able to optimize the number of spec-
ulative copies/clones assigned for each straggler and enables
the optimization of total PoCD of all active jobs on the cloud.
After job arrivals, Shed+ waits for new jobs to progress £%
then optimizes all active jobs with respect to the number of
speculative/clones copies for each straggler, depending on cur-
rent system load and the collective job progress with respect to
deadlines. Moreover, Shed+ periodically checks for stragglers
every 0 seconds and readjusts the number of extra attempts for
each straggler if it exists. Since this is a difficult integer pro-
graming problem, we tackle it effectively by using a simple,
greedy heuristic which directs more cloud resources towards
jobs that have a greater potential for utility improvement. Our
proposed solution entails the development of an online algo-
rithm that recomputes and re-allocates resources dynamically
during the course of the task’s execution to achieve PoCD
maximization.

The solution is prototyped on Hadoop and assessed by uti-
lizing a realistic workload in a local cluster and an Amazon
EC2 testbed that consists of as many as 139 and 121 nodes,
respectively. Shed+ is specifically implemented as a plug-
in scheduler in Hadoop, and is evaluated with I/O- as well
as CPU-bound benchmarks. Using extensive experiments, we
compare the efficacy of our solution with a few popular strag-
gler mitigation strategies — Shed [17], the default strategy
of Hadoop with speculation [3], Dolly [6] and Hopper [19].
This work explicitly focuses on meeting application dead-
lines, while leaving other objectives such as energy for future
consideration. The findings substantiate our assertion that the
proposed dynamic speculation strategy leverages underutilized
cloud resources to maximize the probability of jobs meeting
their deadlines - marking a significant improvement. In our
experiments, we have seen this improvement for light load
going up to 100% for both Shed and Shed+ as opposed to
nearly 85%, 42% and 43% for Dolly, Hopper and Hadoop
with speculation enabled, respectively, while the percentage
for heavy load going up to 98% for Shed+ as opposed to
nearly 68%, 40%, 35% and 37% for Shed, Dolly, Hopper and
Hadoop with speculation enabled, respectively.

The rest of this paper is organized as follows. Section II
presents related work, and Section III presents the system
model. The optimization framework is presented in Section IV,
and the algorithm’s implementation is described in Section V.
Experimental results are presented in Section VI, and finally
the paper is concluded in Section VII.
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II. BACKGROUND AND SYSTEM MODEL

In this work, we consider a parallel computation frame-
work similar to MapReduce that splits analytical jobs into
smaller tasks to be processed concurrently in multiple nodes.
Each node is capable of executing one task at a time. The
framework is comprised of map and reduce tasks; the map
tasks’ outputs get passed as input to the reduce tasks. This
work considers a system with limited resource capacity of m
VMs (Virtual Machines); and a fraction A of this capacity is
available for job allocation. Similar to [20]-[22], we narrow
our focus to map-only jobs/tasks implemented in one wave in
homogeneous nodes.

Let us consider a set of 7 jobs submitted to the MapReduce
processing framework. Now each job j is associated with a
deadline Dj; that in turn is decided by application latency
requirements. Each job j consists of a set of /N tasks, and
is deemed successful if all the V; tasks are completed before
the job deadline D;. Let T denote job ;’s completion time,
and Tj; for i = 1,...,|N;| denote the (random) completion
times of tasks belonging to job j. Based on our system model,

215 job j meets its deadline if 7; < D; , and its completion time
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is given by:

(D

Tj = max
i=1, ;|

Tji, Vi

Any task whose execution time is larger than the dead-
line is considered as a straggler. Our dynamic speculation
approach mitigates the impact of stragglers by launching r;
extra attempts for each straggler. Therefore, each straggler
includes r; extra attempts/copies that begin execution simulta-
neously and process data independently of each other. A task
gets completed when any one of the r; 4+ 1 attempts finishes
the execution, and then the other copies are killed. As a result
of the various sources of uncertainty causing stragglers, we
model the completion time of attempt k (for k =1,...,7;+1)
of task i and job j as a random variable T} ; i, using a known
distribution. Hence, the completion time of task i, Tj,i’ is
determined by the completion time of the fastest attempt, i.e.,

2

min
k:l,...,n—&—l

Tj,i = Tj,i,ka Vi,j.

Execution times T ; i of different attempts are assumed to
be independent because of resource virtulization, and T ;
follows a Pareto distribution, parameterized by tyi, and 3 ; .
where ity denotes the minimum execution time and f3; ;
refers to the shape parameter, in accordance with current work
characterizing task execution time in MapReduce [10], [11],
[19], [23]. Unlike default Hadoop scheduling and similar to
Hopper, our new dynamic speculation mechanism launches
extra r; copies for each straggler. After newly-arrived jobs
progress £%, all jobs within the system are notified to detect
the straggling tasks; then these are jointly optimized to deter-
mine their optimal replication factors r; for each straggler,
under system capacity constraints. Moreover, the optimization
continuously detects and re-adjusts the straggler cloning every
0 seconds. This particular strategy avoids overwhelming the
cluster with unnecessary extra copies (as in Dolly and Shed),
while also ensuring that every straggler receives at least one

attempt prior to the otherwise under-utilized system resources
being apportioned among all active jobs/tasks.

III. RELATED WORK

Much research has gone into improving the execution
time of MapReduce-like systems to meet QoS (Quality of
Service) [15], [17], [18], [24]-[50]. Some of the focus is
directed on static resource provisioning, in order to meet
a specific deadline in MapReduce; others present propos-
als concerning scaling resources as a response to resource
demand, and cluster use to lower the total cost. Moreover,
frameworks are also proposed to improve the performance of
MapReduce jobs [15], [22], [S1]-[53]. These are similar to our
proposed work, owing to the need for optimizing resources to
lower energy consumption as well as operating cost. However,
these works, unlike our proposed approach, do not consider
optimizing job execution time in the presence of stragglers.
Meanwhile some studies have shown interest in augmenting
the performance of MapReduce by postulating new scheduling
techniques. These works range from deadline-aware schedul-
ing [15], [16], [22], [54]-[59] to energy- and network-aware
scheduling [60]-[66]. The proposed schedulers intend to
improve both resource allocation and execution time whilst
meeting the QoS. Meanwhile, other works [41], [67] aim to
improve resource utilization whilst also adhering to completion
time objectives. Our proposed scheduler also attempts to mit-
igate stragglers whilst maximizing cluster utilization through
the use of a probabilistic approach.

The complexity of cloud computing is steadily on the rise,
even as it is utilized for a gamut of fields. As a result, other
researchers have shown interest in mitigating stragglers and
augmenting the mechanism of default Hadoop speculation.
They have proposed novel mechanisms to track stragglers,
launch speculative tasks reactively and proactively [4]-[6],
[10], [12], [13], [68]. Recent work [69] has derived expres-
sions for a proactive approach to decide when and how much
redundancy is given to jobs upon arrivals. Notably, reactive
approaches generally create new copies of all slow-running
tasks such as stragglers upon their detection, whereas proactive
approaches launch multiple copies of each task at the start of
task execution without waiting for the stragglers. These mech-
anisms are necessary to ensure a high reliability level in order
to satisfactorily meet the QoS. Different from these works,
we jointly maximize the probabilities of all jobs meeting their
deadlines; it does so by intelligently optimizing the number
of extra attempts given for each straggler on the basis of job
size and progress.

IV. JOINT POCD AND RESOURCE OPTIMIZATION
In this section, we use PoCD [17], [18], to quantify the
probability of jobs meeting deadlines. We analyze PoCD for
any given job j with r; ; extra attempts for each straggling task
i and develop an online greedy algorithm to find the optimal
rj,; for each straggler.

A. PoCD Analysis

We define PoCD as the probability that a job is completed
prior to its deadline when launching r; speculative copies for
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each straggling task i. For newly-arrived jobs (that are yet
to start) and existing jobs (that may already have multiple
attempts per straggler), their PoCDs are derived in Theorems 1
and 2, respectively. Recall that T} ; i, tmin and 3 denote the
completion time of attempt k of task i and job j, the minimum
execution time and the shape parameter, respectively.
Theorem 1: The PoCD of a newly-arrived job is given by

1— (tmin>6
D;

Proof: First, we find the probability that an attempt belong-
ing to a newly submitted job will miss its deadline as

follows:
P(Tj ;x> D)) = Ooﬂtflindt— fnin B(4)
Jstok 7= D, AL\ Dy

N;j

Rsuj = (3)

Poup =

Note that for a newly submitted job there is only one attempt
(k = 1) for every task i. Therefore, the probability that a job
finishes before its deadline, PoCD, is given by

B
- N Tmin
RSUj - [1 (Dj )

where N is the number of tasks. [ ]

In our proposed dynamic speculation, during the process of
speculating stragglers of a current job which may have already
speculated and have multiple active attempts, we speculate
the fastest attempt (i.e., the one which has made the greatest
progress) in order to optimize our strategy’s efficiency. The
fastest attempt is only speculated if it happens to be a strag-
gler at the decision point where we launch r extra copies.
Otherwise, all extra attempts are killed, and the fastest attempt
is kept running.

Let ¢; ; . denote the progress of attempt k in task i belong-
ing to job j, and let ;; denote the largest progress (the
percentage of data processed) of all task i’s attempts belong-
ing to job j. That is, ¢;; = man:l,...,r]?+1 ©jiks VI, b

N;j

(&)

Similarly, let 3; ; ;, denote the shape parameter of attempt k

in task i belonging to job j, and let 3; ; be the shape parameter

of the fastest attempt. Let 7; refer to the elapsed time of job j.

We quantify the PoCD of an existing task as follows.
Theorem 2: The PoCD of an existing job

| By.0-(rf+1)
1—w: )t J
Rl"llj _ | I 1— (( D?]_,ZZ%mln) (6)
i=1 J

Proof: Let ; ; 1. be the progress of attempt k for task i
belonging to job j. Recall that at the point of re-optimization,
we keep the fastest attempt of each task for a running job, i.e.,
Yj,i = MaxXg Qj ; k-

Once the fastest attempt is determined, we launch r extra
attempts for each straggling task; these extra attempts start
executing from the last key-value pair processed by the fastest
attempt. Therefore, the remaining execution time of each strag-
gling task (denoted by ij &) 1s 1.i.d, and modeled as a Pareto
distribution parameterized by (1 — ¢; ;)tmin and j3; ;, since
1 — ¢j i is the remaining fraction of data to be processed
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by attempt k belonging to task i of job j. Now, the probability
that a running attempt will fail to finish before the deadline,
can be computed as follows:

Pruj,i,k = P(Tj}ivk > Dj — Tj)

Bji,

B (1—¢jik)tmin )’ g ™

Dj — T j

where Dj —7; is the remaining time before deadline, and Tj’i’ k

is the random remaining execution time of each attempt.
Therefore, the probability that a running job finishes before

its deadline (denoted by Ryy;) is determined by the probability

of all its tasks meeting the deadline, i.e.,
NG

Rru; = H R; (T;)
i=1

where Rj(rj?) is the probability of task j of job i meeting the
deadline and is given by

®)

/Bj 1" <7‘]1 +1>
(©))

35

This is because for task j of job i to meet the deadline, it only
requires one of its r; + 1 attempts (i.e., rjz launched attempts
plus one original attempt) to finish within D; — 7;. For non-
straggler jobs that do not require speculative execution at the
time of re-optimization, it is easy to see that the PoCD remains
the same as (8) and (9) by plugging in 7’; =0. u

B. Joint PoCD Optimization

We first formulate the problem of joint PoCD maximization
under system capacity constraints. Using dynamic speculation,
each straggling task of job j has rf—i—l attempts, which includes
an original attempt and r; speculated attempts. Subsequently,
the total number of VMs of job j is denoted by . (7“]z +1)+1,
where an extra VM is needed for running its job tracker/master.
Recall that m is the total number of available VMs in the
system, with A being the fraction of these VMs permitted
for task speculation. Hence, a cloud provider can balance
the resource allocation and task execution by adjusting A. A
system capacity constraint 3 >, |Nj]- (r; +D)+|T|<Am
needs to be satisfied at any given time. Let R;(r;) (i.e., Rsy
for a newly-arrived job or Ry, for an existing job) denote the
PoCD function for 7% extra attempts for task i in job j. Thus,
we arrive at the following PoCD optimization:

|7
maximize Z U(pj) (10)
j=1
TN
5. ZZ(r; + 1) FTI<A-m D
j=11i=1
Wil
i =11 R;<r;>7 Vj (12)
=1
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TABLE I
LIST OF SYMBOLS

Symbol | Description

J The set of all active jobs (submitted and running)

Is The set of all jobs which contain stragglers

N; The set of tasks for job j

)\/j:Y The set of straggling tasks for job j

& Job progress of every submitted job

6 Re-optimization interval

r; Number of speculative copies for task 7 in job j

a Fraction of VMs available for task execution and
speculation

m Total number of VMs available in the system

J’ Job with highest PoCD improvement

i’ Task with highest PoOCD improvement

R; PoCD function for rJ‘: extra attempts for task i for job
J with stragglers

R; l.DoCD function for r;: extra attempts for task i for job
J

ri >0, Vj,Vi (13)
where p; is the PoCD achieved by job j, and R; (r]l) is aPoCD
function of a task i in job j that is monotonically increasing
since larger rji results in higher PoCD. The capacity constraint
A - m ensures that dynamic speculation can only utilize the
fraction of cloud resources assigned for this purpose.

Here, U(-) refers to a utility function that guarantees our
strategy’s fairness. For instance, we can select a family of well-
known a-fair utility functions that are parameterized by « [70].
Then, the solution for this PoCD optimization achieves a peak
total PoCD (for a@ = 0), proportional fairness (for a = 1), or
max-min fairness (for a = 00).

C. Our Proposed Algorithm

We present an online scheduling algorithm for solving the
optimization problem in order to obtain the optimal r]? for
each straggling task under cloud resource constraints. Upon

406 job arrivals, the scheduler initially recalculates the remaining

407

available resources for dynamic speculation and identifies all

408 jobs along with their deadlines. The RM notifies all running
400 jobs to check for stragglers, and for each running task, estimate

410

41

412

413

414

415

416

417

4

©

M

©

Bj,; to determine the likelihood of the task missing its deadline
and becoming a straggler, i.e.,

trem

[(1=j,i) * tmin]
where e 1S the expected remaining time, ¢, is the mini-
mum possible value of Pareto-distributed execution time, and
;i is the current task progress. It is easy to see that 3; ; > 1
and that a small value means the task will run longer [19]
and is more likely to become a straggler. Then, our algorithm
works in a greedy manner to assign VMs to stragglers with
the highest utility improvement.

Bji = (14)

trem -

More precisely, we start by assigning rji = 0 to each strag-
gling task i in each job j with stragglers, and then calculate
its utility R]‘?’ as a function of its PoCD. Let w denote the total
VMs assigned to all jobs and ~ the available resources for all
tasks. Iteratively, we identify the job j that has the minimum
PoCD and then among all its stragglers J\/]fs, we find the strag-
gler which has the minimum PoCD. We then increase the ! of
a straggler with minimum PoCD in job j by one. Steps 20-23
in the algorithm ensures that a straggling task i is removed
once its assigned r; reaches the maximum value, and a job j
with straggling tasks is removed once all its tasks are pro-
cessed by the algorithm. Then we update the utility function
of every job j with respect to the current assignment of 7"; This
process is repeated until the system capacity constraint (11) is
reached or every straggler receives the maximum number of
extra attempts.

D. Algorithm Complexity

To calculate the complexity of our algorithm, we need to
find how often the else statement (line 15-23) can run in
the worst case. In the worst case scenario, all tasks of all
running jobs are straggling, and unlimited resources are avail-
able. Using an ordered array to represent [Js and ./\/jf”, we
get run times of O(1), O(1), O(n) for minimum operation
(line 15 and 16), removing element (line 21 and 23), and
updating the array (line 19), respectively. Taking all together
with the while-loop gives a runtime of O(|7|? * |/\/]s .

V. IMPLEMENTATION

We implement Shed+ as a pluggable scheduler in Hadoop
YARN, which includes an RM (Resource Manager), an AM
(Application Master) for each application (job) as well as an
NM (Node Manager within each node). The AM issues a
request to resource containers (VMs) to execute jobs/tasks and
constantly tracks the progress of each task in NMs. The RM is
responsible for monitoring as well as managing VMs within
a cluster and scheduling jobs. More specifically, the sched-
uler optimizes and allocates resources to the requesting jobs.
Figure 1 depicts our system architecture as well as the steps
taken to attain optimality.

After a job submission, our scheduler waits for the job to
progress £% before checking for stragglers. Then, the RM
notifies each AM to detect stragglers. Once stragglers are
found, the RM uses the job deadlines to calculate the optimal
r for each straggler to maximize the utility as described in
Algorithm 1. After r is obtained, it is sent by the RM to
the corresponding AM to create r extra attempts (for each
straggler). Subsequently, the AM negotiates the resources with
the RM and then works in tandem with NMs to launch the
attempts. The AM tracks the progress of all attempts and
maintains the byte offset of the last processed record even
as the submitted job continues to run. The checking process
is repeated periodically every 6 seconds or whenever a new
job progresses £%.

Since the AM monitors all running attempts, it responds
to each probing from the RM by killing all the slow-running

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

472

473



47

N

475

471

o

47

N

47

®

47!

©

48

o

48

48:

N

48

@

484

48

@

48

=3

48

Q

48

®©

48

©

49

o

49

492

49

@

494

49

@

491

>

49

N

49

@©

Algorithm 1 Proposed Online Algorithm

1: Once a newly submitted job progresses £%,
or 6 seconds have passed since last check:
Kill all jobs that missed their deadlines
J = {jlaj2aj37 .- }
for j € J do
Notify job j to check and estimate §;
for each straggler
6: end for
7: rj =0Vj € Js,Vie N}
8 w=20
9 w=X-m— Y7L [N — 7] WNo. of available VMs
10: Calculate Rj V) e Js
11: while Js # {0} do
122 if w+ 1>k then

13: break

14:  else

15: j' = arg min; { R}
16: i’ = arg mini{R;,}
17: ri =i +1

18: w=w+1

19: Calculate Rj Vi e Js
20: if 7/, == MAX then
21: /\/Ji:/\/jf‘",—{z"}
22: if N, == {0} then
23: T =7 —{j'}
24: end if

25: end if

26:  end if

27: end while

attempts belonging to each task detected previously as a strag-
gler, whereas the fastest one (i.e., that has processed the
highest amount of data) is kept alive and continues to run.
Notably, upon the arrival of a new job (or after 6 seconds
have passed since last optimization), our scheduler then re-
optimizes resources and derives a new r’ for each straggling
task, regardless of whether it is current or newly submitted.
Thus, the AMs speculate/create new rf copies for every sin-
gle running attempt kept alive as the fastest attempt. To that
end, we develop a new speculation mechanism that enables the
preservation and transfer of existing task progress to specula-
tive attempts. Specifically, the last known data offset processed
by the straggling task gets passed on by the AM to new spec-
ulative attempts, which successfully continue the execution of
tasks in a seamless manner. As a result, this approach signif-
icantly enhances the efficacy of dynamic speculation and in
effect, the PoCD performance.

Figure 1 illustrates the manner in which our scheduler
responds to new arrivals or after § seconds have passed since
the last optimization. Suppose that job 1 gets submitted to
a cluster and is running. For the sake of simplicity, suppose
that each job has only two tasks A; 1 and A; 2. Each task
reports its progress to the AM including number of bytes
processed. Thereafter, the AM reports the progress of the
entire job to the RM. After £% of progress is achieved, the
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Fig. 1. System Architecture and steps taken upon new job arrival.
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Fig. 2. Average job execution time versus number of clones.

RM notifies Job 1 to check for stragglers, in this case ALQ,
and report that to the RM. Then, the scheduler within the
RM optimizes the cluster resources and derives r? for the
straggling task Aq 9 on the basis of its PoCDs. After Job 1
obtains r12, the AM speculates the straggling task, A1 o, with
7"12 extra attempts. Importantly, the total number of attempts
for all the jobs is bounded by the available resources. That
is, when RM calculates r12 for the straggling task in Job 1, it
considers all the running tasks including those in Job 2. This
optimization process is repeated after Job 2 processes £% of
the job or 6 seconds elapse.

One challenge confronting us is that AMs must consider the
time taken to launch new speculative attempts because in the
case of clusters with high contention, the startup time of JVM
(Java Virtual Machine) cannot be ignored [71]. Furthermore,
the on-demand requests submitted to the RM cannot be pre-
dicted as they can arrive at any time. Therefore, all AMs take
the JVM launching time into account when they pass the last
offset processed to the new attempts [72]. The AMs specifi-
cally estimate the number of bytes bextra to be processed by
the speediest attempts. Although the last offset, bproc, gets
recorded upon the creation of new attempts, the AM will
bypass the data processed during the time of launch, passing a
new offset, bpew, to these new attempts. In case the AM finds
that all the remaining bytes of data will be processed during
the time of launch, all new attempts will be killed. This esti-
mated number of bytes, bextra, iS obtained in the following
manner:

bproc

bextra = '(tFP - tlau) (15)
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Fig. 3. [Illustration of the byte offset estimation during speculative attempts’
launching time. At tnow, the AM estimates the number of bytes (bextra)
to be processed during the speculative attempt’s launching time. bnew is the
start byte offset of the speculative attempt.

where t,0vw 1S the current time (i.e., time at which new attempts
are about to be launched), ¢pp is the time at which the
first progress is reported for the original attempt, and ?,, is
the amount of time to launch the original attempt (i.e., time
elapsed from the instant the attempt is launched to the instant
the attempt starts processing data). Here bproc is the number
of bytes processed by the original attempt until #,ow. Thus,
the new byte offset received by the new attempts is calculated
as follows:

bnew = bstart + bproc + bextra (16)

where bggart 1S the starting byte offset for the original attempt.
Note that the straggling task keeps processing bytes until it
reaches this new byte offset bpew. Figure 3 illustrates the byte
offset estimation.

VI. EVALUATION

The performance of our scheduler and algorithm are eval-
uated on a local cluster as well as Amazon EC2 cloud. In
this section, we present the evaluation results. First, we give
a description of the experimental setup, and then show our
results comparing Shed+ with Shed, Hadoop with speculation
enabled, Hopper, and Dolly.

sa9 A. Experimental Setup
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We deploy our proposed scheduler on a local cluster and
Amazon EC2 consisting of 139 nodes — one master and 138
slaves. Because of the JVM launching time, we set the re-
optimization interval to

0 = (D — tavg) - 0" + tag, (17)

where 1444 is the average launching time overhead in the
cluster, and 6’ can be set from 0% to 100%. This is to
ensure that the time between re-optimizations is never less
than the launching time. Z,444 is a cluster-specific variable, and
it is obtained from Hadoop experiments. We set A = 100%,
& = 10%, 9" = 5% and t4,, = 60 s. Each node is capable
of running one task at a time. We evaluate our scheduler by
using Map phases of three popular benchmarks, TermVector
(TV), WordCount (WC), and WordMean (WM), as well as sev-
eral Machine Learning benchmarks such as Classification (CL)
and KMeans (KM) clustering benchmarks [73]. WordCount is

an I/O and CPU-bound job while WordMean is CPU-bound.
The ML benchmarks classify and cluster movies based on
their ratings using anonymized movie ratings data. We assume
that tasks of a job are executed in one wave in homoge-
neous nodes. We create three classes of jobs consisting of
5, 10, and 20 tasks [6]. We run 100 jobs for each experiment
with varying job inter-arrival time. The baseline algorithms
for comparison in our experiment are Shed, Hopper, Dolly,
and Hadoop with speculation. Since Dolly does not consider
deadlines, to make it comparable to our work, we set its
straggler probability p equal to 1 — PoCD, i.e., one minus
the PoCD of default Hadoop, which is the probability of a
job not meeting the deadline in Hadloop. Thus, Dolly assigns
exactly r + 1 = log(l — (1 — €)™)/logp clones to each
task for ¢ = 5%, regardless of their sizes and deadlines. €
is the acceptable risk of a job straggling. Unlike in Shed and
Hopper, § is recalculated in Shed+ every time AM checks for
stragglers and is task-dependent. We measure the PoCD of all
strategies by calculating the percentage of jobs that completed
before their deadlines. To emulate a realistic cloud cluster with
resource contentions, we introduce background noise/tasks in
each slave node, where noise shares resources with compu-
tation tasks. The task execution time measured in our cluster
follows a Pareto distribution with an exponent 5 < 2 [10],
[11], and t,in = 120 sec. We choose deadlines relative to
the median, Z, of default Hadoop execution time, similar to
the evaluations in [74]. Our proposed algorithm sets r for
each straggling task equal to the MAX value. The value can
be an environment-specific variable where there is not much
improvement in execution time when r is large. To see what
the maximum value of r is in our cluster, we run 10-task
experiments with different values of r. Here, all attempts start
at the same time [17]. We find that there is little improvement
in execution time beyond r = 5, so we set the maximum num-
ber of attempts per straggling task to be 5. Figure 2 shows the
average execution time with different values of r. Each point
is the average of 100 runs. It can be seen that there is little
improvement in execution time beyond r = 5, so we set the
maximum number of attempts per task to be 5.

B. Results

Figure 4 compares the measured PoCD (percentage of jobs
meeting deadline) of our proposed algorithm with Shed, Dolly,
Hopper, and default Hadoop with speculation for various job
sizes. In this figure we set the average load (each task with
one copy) to 40%. We define the average load as the total
number of running tasks to the total number of VMs. We
tune the arrival rate to approximate the average load run-
ning. The figures show that Shed+ is able to achieve up to
100% PoCD, while Shed and Dolly are around 80% and 60%,
respectively, in most experiments. The figure also shows that
Shed+ can significantly outperform Shed due to the fact that
Shed+ only speculates stragglers. This fine-grained specula-
tion optimizes resources efficiently without the need to launch
multiple copies for each task as in Shed. Moreover, Shed+
makes resources less contended which leads to faster process-
ing. The performance difference increases for large jobs, i.e.,
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average load : (a) KMeans (b) WordCount (c) TermVector.

when the cloud utilization is extremely high, so there is no
enough cloud resource to assign the number of clones needed
to each job, making Shed less appealing. This demonstrates
Shed+’s superiority in dealing with large jobs.

Figure 5 shows the PoCD of Shed+ compared with Shed,
Hopper, Dolly, and Hadoop, for different deadlines. In this
experiment, we run a mix of workloads and three bench-
marks with various deadlines relative to the median. The figure
presents each benchmark’s separately. The results show that,
even with mixed, heterogeneous workloads and deadlines, our
algorithm achieves a PoCD of more than 100% in all cases
(which is consistent with the homogeneous workload results),
and significantly outperforms Dolly, Hopper, and Hadoop.

Moreover, the figures show that when job deadlines are
relaxed, the PoCDs of all strategies increase, but Shed+ con-
tinues to perform significantly better than Hopper, Dolly, and
Hadoop, demonstrating its superiority in dealing with hard
application deadlines. Note that our numerical results com-
pare Shed+, Shed, Hopper, Dolly, and Hadoop for various

Average Load

Comparisons of Shed+, Shed, Hopper, Dolly and Hadoop in terms of PoCD

PoCD (%)

=
—
-
—
=

Average Load

(©)

with a mix of workloads and benchmark combined with different

deadlines up to Hadoop’s median job execution time, because
Shed+ already achieves 100% PoCD in most cases due to
more efficient utilization of system resources for running
speculative copies needed for each straggler. This massive
improvement over other strategies is also due to the fact that
Shed+ periodically checks for stragglers and jointly optimizes
available resources for speculative copies needed for all jobs
with stragglers. Moreover, the new dynamic speculation mech-
anism guarantees that no repeated data processing is needed
for any speculative attempts.

Figure 6 shows the PoCD of Shed+ compared with Shed,
Hopper, Dolly, and Hadoop for different benchmarks for vary-
ing loads. Here, we fix the deadline and increase the average
load (total running tasks) in the system. The figure shows that,
as we increase the average load in the system, Shed+ contin-
ues to perform significantly better than all strategies. Shed+
is able to optimize resources and provide more VMs to the
straggling tasks. The figure also shows that when the average
load is low, both Shed and Shed- perform relatively the same.
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Fig. 7. Cluster utilization as a function of the decision variables calculated
by the optimization model for Shed+ and Shed in addition to the average
number of jobs being optimized.
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Fig. 8. Real time cluster utilization of Shed+, Shed, Dolly and Hadoop for
10-task jobs of WordCount benchmark.
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Fig. 9. The cumulative distribution function (CDF) of Shed+, Shed, Dolly
and Hadoop for 10-task jobs of WordCount benchmark.

In Figure 7, we compare Shed and Shed+ in terms of the
optimization model decision for 10-task WordCount jobs in a
system with 40% average load. The figure depicts the system

utilization as

a function of total number of attempts/copies

(including original ones) for all tasks, where each copy
requires one VM. The figure shows that Shed always tries to
fully utilize the cluster. However, this does not guarantee that
all jobs receive the number of copies needed for each task. On
the other hand, Shed+- is able to fully utilize the cluster when

needed. This

means that non-straggling tasks only run with

one copy leaving remaining resources for straggling tasks. In
other words, any extra attempt is given only to stragglers.

In addition, Figure 7 shows the average number of active
673 jobs in the system being optimized. It can be clearly seen

that Shed+ is

able to improve job execution times and reduce

resource competition for new arrivals to the system compared

with Shed.

From the same experiment in Figure 7, Figure 8 depicts the
cluster utilization under Shed+, Shed, Dolly and Hadoop in
real time. It can be clearly seen that while Shed can only
achieve about 75% utilization, Shed+ is able to optimize

PoCD (%)

Deadline (s)

Fig. 10. Comparisons of Shed+, Shed, Hopper, Dolly and Hadoop in terms
of PoCD with 20-job workload using WordMean benchmark and running
in EC2.

the underutilized resources for stragglers and achieve much
higher levels of utilization and fairness, where only stragglers
receive more resources. The figure also shows how Shed+
exploits idle slots in order to mitigate the effect of strag-
glers and achieve better performance in meeting job deadlines.
Similar results are evident for different workloads. On the
other hand, Hadoop, Dolly and Hopper (not shown) are only
able to achieve around 55% utilization. Hopper shows similar
utilization to Hadoop.

Figure 9 shows the cumulative distribution function (CDF)
of job execution times for the same experiment above. Notice
that almost all jobs complete within 350 s under Shed+
whereas only 60%, 40%, and 40% of the jobs complete by
350 s under Shed, Dolly, and Hadoop, respectively, and it
takes as much as 600 s and 550 s for some jobs to complete
under Dolly and Hadoop, respectively. The average job exe-
cution time (not shown in the figure) for Shed+, Shed, Dolly,
and Hadoop are 330 s, 345 s, 402 s, and 378 s, respectively.

Figure 10 and Figure 11 depict results from experiments on
EC2. The figures show the PoCD of Shed+ compared with
Shed, Hopper, Dolly and Hadoop with different deadlines. In
these experiments, we increase the job size and arrival rate
for WordMean and WordCount benchmarks. The figures show
that Shed+ notably outperforms all baselines and is able to
achieve nearly 100% PoCD. The figures also show that even
Shed falls behind in meeting job deadlines. That is, with high
arrival rate, Shed is not able to provide enough resources for
the jobs in need, which makes its performance similar to Dolly,
Hopper, and Hadoop. On the other hand, Shed+’s outstanding
performance is due to the fact that only stragglers receive more
resources according to their PoCDs.

Finally, in order to explore the potential tradeoffs between
overhead due to frequent reoptimization and PoCD, we study
the effects of algorithm parameter £; and the re-optimization
interval . Recall from equation (17) that § was defined such
that it is never less than the JVM launching time. In order
to explore the tradeoff for the full range of re-optimization
interval 6, we redefine 6 for this experiment as § = ¢’-D. Thus,
for instance, & = 5% means that 6 is 5% of job deadline.
Table II shows the PoCD of Shed+ for 10-task WordMean jobs
with different values of &; and . The results show that Shed+
is able to achieve large PoCDs for a wide range of parameters.
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Fig. 11. Comparisons of Shed+, Shed, Hopper, Dolly and Hadoop in terms
of PoCD with 20-job workload using WordCount benchmark and running in
EC2.

TABLE II
POCDS FOR DIFFERENT £ AND 6 VALUES

6
£ 5% | T% | 10% | 15% | 20% | 25% | 30% | 40%
10% 46 72 90 100 96 90 89 75
20% 42 67 85 100 94 89 81 74
30% 39 66 82 98 90 88 79 72

For instance, we can wait up to § = 30% of progress and
optimize less often, and still achieve large PoCD. However,
the results show a clear penalty of too frequent re-optimization
when 6 is 5-10% of the deadline. It can be seen that both very
small and very large 6 values lead to degraded PoCD. More
frequent re-optimization (i.e., small 8) leads to killing replica
attempts before getting the chance to start processing due to
launching time overhead. This makes the PoCD results similar
to Hadoop. On the other hand, very large 6 values lead to too
infrequent re-optimizations that may not respond to system
dynamics quickly and lead to lower PoCD performance. This
experiment provides valuable insights on how to exploit the
tradeoff in practical systems. Note that our approach of setting
0 according to equation (17) does not lead to the problem of
re-optimizing too frequently.

VII. CONCLUSION

In this paper, we propose Shed+, a fine-grained
optimization framework that leverages dynamic speculation to
jointly maximize PoCD and cluster utilization. We also present
an online scheduler that dynamically optimizes resources peri-
odically. Our solution includes an online greedy algorithm
to find the optimal number of speculative copies needed for
each straggler. Our results show that Shed+ can achieve up to
100% PoCD compared to Shed, Dolly, Hopper, and Hadoop
with speculation. The proposed algorithm is able to achieve
more than 90% utilization of available cloud resources when
needed, whereas Shed achieves 80%, but it is less efficient.
Dolly, Hopper, and Hadoop achieve only about 55%.

In our future work, we will extend our work to con-
sider energy utilization and energy efficiency in the joint
optimization problem. Another extension would be to consider

IEEE TRANSACTIONS ON NETWORK AND SERVICE MANAGEMENT

other architectures such as CPUs vs GPUs, and shared VMs
vs dedicated VMs with different price units. In addition, we
plan to investigate deadline-aware scheduling algorithms for
multi-phase cloud systems, e.g., MapReduce, which involve
communication and dependency among tasks. Moreover, we
will expand our work to consider multi-cluster and geo-
distributed environments. We plan to include heterogeneity in
the network performance (including latency and bandwidth)
into our model. Furthermore, modeling replication and related
overhead will be considered for an online setting with dynamic
job arrivals and departures.
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