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Abstract

Deadline-aware Job and Task Scheduling in Cloud Environment

Thesis Statement: Meeting service-level agreement (SLA) has become an

important design consideration in the development of job and task schedul-

ing algorithms. This dissertation investigates several problems of schedul-

ing jobs and tasks to guarantee service levels and meet job deadlines. The

research objective is to find the optimal scheduling order and increase

resource utilization efficiency under various constraints.

Data-intensive jobs, e.g., financial analysis and log mining, need to process huge

amount of data, and those jobs are suitable to run on the cloud environment, which

provides computing and storage resources by connecting thousands of servers. A job

splits a dataset into multiple data chunks, and distributes the chunks to different

machines. Then, the job launches tasks to process the chunks on machines. Multiple

jobs might run simultaneously in a cloud computing system. Schedulers, e.g., FIFO,

Fair and Capacity, allocate resources among multiple jobs. However, most of these

schedulers do not take job deadlines into account. Users submit jobs to a cloud service

provider, and expect the provider meet users’ Service Level Agreement (SLA), e.g.,

meet jobs’ deadlines. To meet jobs’ deadlines, the service provider allocates different

resources for jobs. This dissertation aims to provide job and task scheduling algorithms

to meet jobs’ deadlines under different constraints.

The first part of this dissertation considers cloud right-sizing with execution

deadlines and data locality constraints. Processing and analyzing data within certain

deadlines have become more and more important to meet SLA. Also, to improve data

access efficiency and task throughput, data locality is often maximized by assigning

tasks only to nodes that contain their input data. We present a novel framework

CRED, which jointly optimizes data placement and task scheduling in data centers

with the aim of minimizing the number of nodes needed while meeting users’ SLA

requirements. We formulate CRED as an integer optimization problem and present
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a heuristic algorithm with provable performance guarantees to solve the problem.

Competitive ratios of the proposed algorithm are quantified in closed form for arbitrary

task parameters and cloud configurations. We also extend our work to obtain a resilient

solution, which allows successful recovery at run time from any single node failure

and is guaranteed to meet both deadline and locality constraints.

The second part of this dissertation presents Chronos, a quantitative framework

that optimizes speculative execution of tasks for offering guaranteed SLAs to meet

application deadlines. We bring several speculative scheduling strategies together

under a unifying optimization framework, called Chronos, which defines a new metric,

Probability of Completion before Deadlines (PoCD), to measure the probability that

jobs meet their desired deadlines. We systematically analyze PoCD for popular

strategies including Clone, Speculative-Restart, and Speculative-Resume, and quantify

their PoCD in closed-form. The result illuminates an important tradeoff between

PoCD and the cost of speculative execution, measured by the total (virtual) machine

time required under different strategies. We propose an optimization problem to

jointly optimize PoCD and execution cost, and develop an algorithmic solution that is

guaranteed to be optimal.

The third part of this dissertation presents LASER, a deep learning approach

for speculative execution and replication of deadline-critical jobs. Machine learning

has been successfully used to solve a large variety of classification and prediction

problems. In particular, the deep neural network (DNN), consisting of multiple hidden

layers of units between input and output layers, can provide more accurate regression

(prediction) than traditional machine learning algorithms. We compare LASER with

SRQuant, a speculative-resume strategy that is based on quantitative analysis. Both

these scheduling algorithms aim to improve PoCD, and reduce the cost of speculative

execution as measured by the total (virtual) machine time.

The final part of this dissertation presents a new framework for scheduling machine

learning (ML) jobs. ML job scheduling introduces a new challenge, i.e., tasks of a job

start at the same time and complete at the same time. Our framework schedules jobs

in a time-slotted manner. In each time slot, our framework employs Reinforcement
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Learning to determine if jobs should be scheduled, and schedules jobs one by one

based on a scheduling order obtaining using Bayesian Optimization.
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Chapter 1 Introduction

With an increasing number of data-intensive applications such as enterprise IT,

social networks, financial services and scientific research, an explosive amount of

data is being created, processed, and consumed online. Data-intensive applications

require computing and storage resources from the cloud environment. A data-intensive

application/job splits a dataset into data chunks, and distributes chunks to different

machines. Then, the job launches tasks to process these data chunks. Many data-

intensive jobs might run simultaneously in a cloud environment. Schedulers determine

scheduling order of jobs, and allocate computing and storage resources to jobs. Existing

schedulers, e.g., FIFO, Fair and Capacity, consider resource sharing among multiple

jobs. However, these schedulers do not consider jobs’ deadlines. Completing jobs

within certain deadlines is important. Users submit jobs and expect a certain level of

service as codified in service level agreements (SLAs). An important consideration

in SLAs is job deadlines. A scheduler needs to allocate different resources to jobs to

meet their deadlines.

The need for cloud right-sizing. Cloud right-sizing enables significant cost

savings and power savings by auto-tuning the amount of active resources/nodes to

handle the current workload [51, 76]. Existing work on cloud right-sizing mainly

focuses on reducing energy consumption by dynamically allocating resources for

given workloads [76, 159]. There is much less study on cloud right-sizing under both

execution deadline and data locality constraints. Indeed, processing and analyzing

data within certain deadlines have become more and more important, particularly

due to the introduction of differentiated-QoS classes and time-dependent pricing

mechanisms [89, 96, 109]. To improve data access efficiency and task throughput, data

locality is often maximized by assigning tasks only to nodes that contain their input

data [27, 39, 88, 103]. However, pursuing these two objectives together could give rise

to a conflict between “meeting deadlines” and “achieving locality” - for instance, a

node with sufficient computing resources to complete a task on time may not possess

the desired input data, and vice versa. The nature of cloud applications is becoming
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Figure 1.1: An illustrative example of joint job scheduling and chunk placement for a

cloud processing 3 jobs.

increasingly mission-critical and deadline-sensitive, e.g., traffic simulation and real-

time web indexing. These applications are evolving in the direction of demanding hard

completion times [89], and are likely to play crucial roles in the national infrastructure

in the not too distant future. The cloud right-sizing problem is of interest to cloud

providers in both private and public cloud settings.

The need to solve cloud right-sizing under both execution deadline and data locality

constraints can be illustrated by a simple example, as shown in Figure 1.1. Consider

a set of 3 jobs, j1, j2, and j3, to be executed on a cloud for processing 5 data chunks

C1, . . . , C5. The jobs’ resource requirements are heterogeneous – job j1 accesses a

single chunk C1 and needs 6 time slots to process it, job j3 accesses C5 and needs 3

time slots, and job j2 accesses three chunks, C2, C3, C4, each requiring only one time

slot to process. Our goal is to place the chunks in the nodes and schedule the jobs

so as to minimize the number of active nodes needed to finish all three jobs before

a deadline d = 4. Suppose each node has only one virtual machine (VM) (i.e., only

one job can be processed by a node at each time slot), and is able to host 2 data

chunks. The deadline-oblivious solution in Figure 1.1(a) considers only data locality

constraint, i.e., assigns jobs to nodes that have the input data. It sequentially fills 3

nodes with the data chunks and assigns each job to nodes hosting its input chunks.
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While this solution minimizes the number of active nodes, it results in job j1 failing

to meet its deadline. The deadline-aware first-fit solution in Figure 1.1(b) finds the

first node with both available time slots and storage space to accommodate a new

job. A fraction of the job is assigned to the node until it either has no more time slots

left before the deadline or it cannot host any more chunks. This solution is able to

meet all three jobs’ deadlines, but increases the number of necessary nodes to 4 (i.e.,

over-sizing). Finally, the optimal solution in this example that uses only 3 nodes to

meet the job deadlines is shown in Figure 1.1(c). The key insight is that we need to

optimize the cloud over both chunk placement and job scheduling in order to achieve

optimal right-sizing.

While adding new nodes can always improve cloud performance and increase its

ability to meet deadlines [27], such a provisioning strategy is not cost-effective since

servers and networks in datacenters contribute about 60% of the total expenses [35]. It

also may not always contribute to performance enhancements due to data locality [39,

50, 88].

Straggler problem. Distributed cloud computing frameworks, such as MapRe-

duce, have been widely employed by big data analytics and machine learning due to

their ability to process massive amounts of data by splitting large jobs into smaller,

parallel tasks. Such frameworks are known to be susceptible to heavy tails in response

time. The challenge arises from the fact that execution times of MapReduce jobs are

often adversely impacted by a few slow tasks, causing the jobs to possibly suffer high

latency and miss their application deadlines.

Stragglers are inevitable in cloud environments due to a number of reasons. First,

data center computing nodes are typically composed of commodity components, which

could be heterogeneous in nature and thus cause various nodes to perform differently.

Second, various sources of hardware/software errors exist in large-scale data centers

and could lead to node failures interrupting task execution on the failed nodes. Finally,

with virtualization and resource sharing, co-scheduled tasks running simultaneously on

the same physical machines could create an environment with resource contention and

network congestion, which are shown to contribute significantly towards the occurrence

3



of stragglers [9, 11, 158]. It has been observed that links in data centers could remain

under congestion for up to several hundreds of seconds [53].

Hadoop has a speculation mode available (which we call Hadoop-S) to mitigate

the straggler effect. In this mode, Hadoop can launch extra attempts for map (reduce)

tasks after at least one map (reduce) task from the same job has finished. Periodically,

Hadoop calculates the difference between the estimated completion time of each

running task and the average completion time of finished tasks. It launches one extra

attempt for the task that has the largest difference. Thus, if task sizes have large

variation, Hadoop-S will launch extra attempts for a large number of tasks, and waste

cluster resources. On the other hand, if task sizes are uniform, extra attempts are

rarely launched; and so stragglers continue to straggle.

Several better approaches, both proactive and reactive, have been proposed recently

to deal with the straggler problem [9, 11, 48, 95, 110, 133, 148, 158]. In particular,

reactive approaches typically detect stragglers by monitoring the progress of tasks

and then launch speculative copies of slow-running tasks. For example, Dryad [49]

employs a heuristic scheme to detect tasks that are running slower than others, and

schedules duplicate attempts. LATE [158] proposes a scheduling algorithm to launch

speculative copies based on progress score. The progress score is the fraction of data

processed. Later, Mantri [11] presents techniques to detect stragglers and act based

on their causes. Dolly [9] is a proactive cloning approach. It launches replica task

clones along with the originals and before straggler occurs, to avoid waiting and

speculation altogether. Wrangler [148] applies a statistical learning technique and

predicts stragglers before they occur and aborts their launch.

Of the existing approaches, Mantri achieves a large amount of reduction in job

completion time and resource usage compared with LATE [158] and Dryad [49]. In

Mantri, if there is an available container and there is no task waiting for a container,

it keeps launching new attempts for a task whose remaining execution time is 30 sec

larger than the average task execution time, until the number of extra attempts of

the task is larger than 3. Mantri also periodically checks the progress of each task,

and leaves one attempt with the best progress running. However, all these existing
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works only focus on mitigating stragglers without considering deadlines, and therefore

cannot provide any guarantee to meet individual application deadlines which can vary

significantly in practice.

ML job scheduling. Distributed machine learning (D-ML) systems have been

widely deployed in many companies. D-ML trains machine learning models over a

large dataset. The dataset is split into multiple chunks, and a chunk is assigned to a

worker. A worker computes model parameters using local data chunk. Then, workers

exchange parameter updates to compute the global parameter update.

Most D-ML frameworks employ the parameter server architecture. Model parame-

ters and training data are evenly partitioned and maintained by parameter servers

and workers, respectively. In each training iteration, a worker computes parameters,

updates locally, and sends them to parameter servers, which maintain corresponding

model parameters. The parameter servers update their maintained parameters and

send updated parameters back to the workers.

1.1 Contributions

In this dissertation we first introduce an optimization framework called CRED

(cloud right-sizing with execution deadlines and data locality). To the best of our

knowledge, this is the first work to consider cloud right-sizing under both deadline and

locality constraints. Using a time-slotted system model, we present an algorithm for

joint task scheduling and data placement. Then, we analyze the performance of the

proposed algorithm and quantify its competitive ratio through closed-form bounds.

In particular, we show that the proposed algorithm has a worst-case competitive ratio

of 1.5, and is able to achieve the optimal solution under certain conditions. Our work

is validated through extensive simulations and compared with a first-fit heuristic.

Significant cloud size reduction is verified.

In the second part of the dissertation, we propose a novel framework, Chronos,

which unifies Clone, Speculative-Restart, and Speculative-Resume strategies and

enable the optimization of speculative execution of deadline-sensitive MapReduce jobs.

We propose a new metric called Probability of Completion before Deadline (PoCD)
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to quantify the probability that a MapReduce job meets its individual application

deadline, and analyze PoCD and execution (VM time) cost for the three strategies in

closed-form. A joint optimization framework is developed to balance PoCD and cost

through a maximization of net utility. We develop an efficient algorithm that solves

the non-convex optimization and is guaranteed to find an optimal solution. Chronos

is prototyped on Hadoop MapReduce and evaluated against three baseline strategies

using both experiments and trace-driven simulations.

The third part of this dissertation presents LASER, a deep learning approach

for speculative execution and replication of deadline-critical jobs. Machine learning

has been successfully used to solve a large variety of classification and prediction

problems. In particular, the deep neural network (DNN), consisting of multiple hidden

layers of units between input and output layers, can provide more accurate regression

(prediction) than traditional machine learning algorithms. We compare LASER with

SRQuant, a speculative-resume strategy that is based on quantitative analysis. Both

these scheduling algorithms aim to improve PoCD, and reduce the cost of speculative

execution as measured by the total (virtual) machine time.

The final part of this dissertation presents a novel framework that combines

Reinforcement Learning with Bayesian Optimization to solve the ML job scheduling

problem. The advantage of our framework is that it can be used to solve different

optimization problems with little change. Simulation results show that our framework

saves total job waiting time and decreases the number of jobs that miss deadlines

when compared to a First Fit algorithm.

6



Chapter 2 CRED: Cloud Right-sizing with Execution Deadlines and

Data Locality

In this chapter, we consider right-sizing under both deadline and locality constraints.

We present an algorithm for joint task scheduling and data placement. Then, we

analyze the performance of the proposed algorithm and quantify its competitive ratio

through closed-form bounds [7, 135].

2.1 Related Work

There has been intensive research on improving the performance of cloud-based

frameworks. [77, 139–143, 154–156] improve cloud system performance by building

efficient architecture. [120–129] optimize network performance to improve system

performance. [21, 67–71, 118] propose algorithms to reduce latency of cloud-based

systems. [29–31, 65, 66, 79, 145, 149–153] improve stability of cloud-based systems.

Data locality has a significant impact on system performance and is considered to

be an important factor for scheduling [39]. Achieving efficient data locality in a cloud

cluster is critical for performance and reduces the cost of transferring data over the

network. [102] designed and implemented a resource-aware scheduler to alleviate job

starvation and avoid unfavorable data locality. ActCap [13] proposed solutions for

data placement to improve MapReduce performance on a heterogeneous cluster. [42]

presented RCFile as a fast and space-efficient data placement structure. [40] proposed

scheduling techniques to enhance jobs’ data locality. Similar to our work, Purlieus [88]

proposed to couple data and VM placement in MapReduce cluster. However, unlike

our work, they did not consider minimizing the number of nodes for a given cluster

while meeting the execution deadlines for submitted jobs.

Deadline-aware schedulers for cloud-based frameworks have also been well studied.

For example, [55] developed a deadline constraint scheduler and derived closed-form

expressions for the minimum Map/Reduce tasks required to meet deadlines in the

MapReduce framework. SAMES [115] proposed an algorithm for maximizing the
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number of jobs that finish before their deadlines. AIRA [107] is proposed to allocate

the appropriate amount of resources for a job to meet its required SLA. [136] aim to

improve the probability that MapReduce jobs meet their desired deadlines, and reduce

the total machine time of speculative execution. A framework designed to schedule

Hadoop workflows with deadlines is proposed in [63] . It allows client nodes to locally

generate scheduling plans of workflows, which a master node can use to prioritize jobs

among multiple workflows.

While the above challenges have been extensively studied in the literature, to the

best of our knowledge, no work considers optimizing data locality and task scheduling

jointly to reduce cost of operation while meeting a given time constraint. We argue

that the fundamental cause of violating users’ requirement is neglecting optimizing

data placement and scheduling jointly.

2.2 System Model and Problem Formulation

Consider a set of J jobs that need to be processed by a cloud consisting of

N physical machines (i.e., nodes) that are homogeneous [85, 132]. Note that the

homogeneity assumption is only a technical condition required to quantify performance

bounds in closed-form; all algorithms proposed in this work with heterogeneous nodes.

Each job j has a deadline dj and is required to access a data object that is split into

a set Cj of equal-sized chunks. The chunks are stored in a distributed file system

on the cloud. Each node is capable of hosting up to B data chunks and is equipped

with S VMs. We consider a cloud framework similar to MapReduce, where jobs are

partitioned into small tasks that are processed in parallel by different VMs. Thus,

each node is able to simultaneously process S jobs. We consider heterogeneous jobs

with different processing times. In particular, the time for each job j to process a

required data chunk, denoted by Tj, can vary from job to job. Note that Tj in our

framework is assumed to be known a priori. This follows from the model used in

[5, 33, 50], which shows that 40% of the jobs are recurring, and their characteristics,

e.g., input data size, can be predicted with a small error of 6.5% on average, and the

completion time’s coefficient of variation is low. A job is completed once all required
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chunks are processed and will then exit the system.

Our goal is to minimize the total number of active nodes needed to complete the

jobs satisfying a deadline constraint dj for each job j, the data locality constraint,

and physical resource constraints on each node. We consider a time-slotted model

where jobs are scheduled to execute in fixed-length time slots. Since each node is

equipped with S VMs, it has S slots available at each time t. Our control knobs in

the optimization include data chunk placement, job scheduling, and cloud sizing. We

first formulate this cloud right-sizing problem as an integer optimization.

Completing a job j before deadline dj is equivalent to processing all the required

chunks c ∈ Cj before the deadline.1 When a chunk is accessed by multiple jobs,

we need to guarantee that the chunk receives sufficient processing time (i.e., time

slots) before each target deadline in order to support all the jobs. Therefore, we can

formulate the job scheduling problem in terms of required processing time for each

chunk. Denote D↑=∪j{dj} to be the set of D distinct deadlines. Without loss of

generality, we assume the deadlines in D↑ are ordered, so that d↑i < d↑s for all i < s and

d↑i , d
↑
s ∈ D↑. We now formulate the job scheduling problem with respect to the variable

fc,n,i, which is defined as the number of time slots on node n that are scheduled to

process chunk c before the ith smallest deadline d↑i . More precisely, the total number

of time slots received by chunk c from all nodes (i.e., ∑n fc,n,i) before d↑i must satisfy:

N̂∑
n=1

fc,n,i ≥
∑

j:dj≤d↑i

Tj , Fc,i, ∀c, d↑i (2.1)

where a job j needs to access a chunk c∈Cj for Tj time-slots before time d↑i and dj ≤ d↑i ,

and N̂ is the number of active nodes needed. We define Fc,i as the minimum number

of required time slots for chunk c before deadline d↑i . Equation (2.1) introduces a

deadline constraint for the cloud right-sizing problem.

Let pc,n be a binary chunk placement variable that is 1 if a chunk c is hosted by

node n and 0 otherwise. Similarly, we use un = 1 to denote that node n is active and

un = 0 otherwise. Due to our data locality constraint, job i can be scheduled on node
1We assume that the time to set up a new machine including data transfer time from central

storage can be absorbed into job deadlines in the online setting.
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n only if the node is active and its required data chunks are available locally, i.e.,

fc,n,i = 0 if (pc,n = 0 or un = 0), ∀c, n, d↑i . (2.2)

Let C = ∪jCj be the set of all data chunks. There are two types of physical resource

constraints: (i) a storage constraint that requires no more than B chunks to be placed

on any active node, i.e.,

∑
c∈C

pc,n ≤ B · un, ∀n (2.3)

and (ii) a computational constraint that limits the number of time slots available:

∑
c:pc,n>0

fc,n,i ≤ d↑i · S · un,∀n, d
↑
i (2.4)

where ∑c:pc,n>0 fc,n,i is the total number of time slots assigned to different chunks

before d↑i . On the other hand, there are d↑i time slots available for each VM on node n

that is equipped with S VMs.

Our proposed optimization problem aims to minimize the total number of active

nodes to process all jobs, under the above constraints. It can be formulated as an

integer optimization over the decision variables {fc,n,i, pc,n, un}:

minimize N̂ =
N∑
n=1

un, (2.5)

s.t. (2.1), (2.2), (2.3), and (2.4) are satisfied.

2.3 Our Solution to CRED Problem

The key idea from our illustrative example in Fig. 1.1 is that solving the CRED

problem requires a joint optimization of job scheduling and chunk placement that

addresses both execution deadline and data locality constraints in a collaborative

fashion. In this section, we propose a novel algorithm that harnesses workload-aware

chunk placement to partition data chunks based on their workload and schedules

jobs to efficiently utilize both space and computing resources on active nodes, thus

minimizing the number of nodes required to process all jobs. To illustrate our key

solution concept, we will first focus on a special case where all jobs require equal
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execution deadlines. Next, we extend it to solve the CRED problem for arbitrary

number of deadlines. The performance of the proposed algorithms is quantified through

analytical upper and lower bounds.

We first introduce some notations. Consider the chunk set Ci for d↑i with size Ci.

We sort all chunks in descending order based on the number of required time slots

for d↑i and record the order in an array, Rd↑i
. The chunk recorded in the head of Rd↑i

has the largest number of required time slots for d↑i . In the following discussion, each

algorithm has multiple steps and each step needs multiple iterations. So, we denote

H(r)
B,d↑i

as the first set of B contiguous chunks, from the tail of the array, with the total

number of required time slots larger than or equal to S·d↑i , at the beginning of the

rth iteration. We denote ∑c∈Hb F
(r)
c,i and ∑c∈Lb F

(r)
c,i as the number of required time

slots for the b chunks at the head of Rd↑i
and at the tail of Rd↑i

, respectively, at the

beginning of the rth iteration. We denote Cb,i as a set of b chunks from Ci. We define

Ki as the minimum number of nodes necessary to provide enough time slots for all

jobs whose deadlines are equal to d↑i , which equals
∑

c
Fc,i

S·d↑i
. Also, we define k(r)

i as the

minimum number of nodes necessary to provide enough time slots for jobs remaining

at the beginning of the rth iteration, whose deadlines are equal to d↑i . Therefore,

Ki = k
(0)
i .

2.3.1 Solving CRED with Equal Deadlines

Consider the case where all jobs require the same execution deadline, i.e., dj = d↑1 =

d ∀j. In this case, we drop the subscript for simplicity and denote the variables as C,

Cb, K, and k(r). Chunks need time slots Fc ∀c. The algorithm, shown in Algorithm 2

(CRED-S), is comprised of two steps. As mentioned above, each step of the algorithm

consists of multiple iterations and we use r to denote the rth iteration.

When ∑c∈HB F
(r)
c > S·d, we place H(r)

B,d into a node and call Schedule for time-

slots’ scheduling. The condition ∑c∈HB F
(r)
c > S·d guarantees that H(r)

B,d exists. By

choosing H(r)
B,d, we can schedule S·d time slots in each node. Choosing H(r)

B,d and calling

Schedule guarantees that we can take care of as many chunks as possible while

scheduling S·d time slots in each iteration. If the remaining number of required time
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slots for chunk c is 0, we can remove the chunk c from the chunk set C and reduce the

size of the chunk set C. When ∑c∈HB F
(r)
c ≤S·d, we can place any B chunks into one

node and remove all of them.

The basic idea of Schedule is that by scheduling time slots from the chunks

with the smallest number of required time slots, we can remove more chunks. The

inputs to Schedule are a set of chunks and the number of time slots needed for d.

The number of time slots needed is the number of time slots waiting for scheduling in

a node. We denote the number of time slots needed in the rth iteration as NTS(r)
d .

If the remaining number of required time slots of chunk c is less than or equal to

NTS
(r)
d , we schedule the remaining number of required time slots of the chunk c in

the node. We deduct the remaining number of required time slots of the chunk c from

NTS
(r)
d , mark the remaining number of required time slots of the chunk c as 0, and

then remove the chunk c. If the remaining number of required time slots of the chunk

c is larger than NTS(r)
d , we schedule the NTS(r)

d from chunk c in the node. We then

deduct NTS(r)
d from the remaining number of required time slots of chunk c and mark

NTS
(r)
d as 0.

It is easy to see that CRED-S will keep adding new nodes until all chunks get

their required time slots ∑c Fc scheduled. Processing chunk c is only permitted on a

node where chunk c is placed. Thus, the algorithm is guaranteed to generate a feasible

solution to the CRED problem. To analyze the performance, we first consider time

complexity, and space complexity of CRED-S. Then, we derive an upper bound to

quantify the maximum number of active nodes needed by CRED-S. The upper bound

is compared to a theoretical lower bound that establishes the minimum number of

active nodes necessary for any feasible solution to the CRED problem.

The time complexity of CRED-S is dominated by the sort, and the time complexity

is O(K·C· lg(C)), where K is the maximum number of iterations, and C is the

maximum number of remaining chunks. We can use HashMap to store chunks, where

keys are chunk indexes, and values are chunk time slots needed. So, the space

complexity is O(C). Next, we will analyze each step in CRED-S to derive upper

and lower bounds on the number of nodes needed, denoted by N̂ . The basic idea of
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Algorithm 1 Schedule(C, NTS(r)
d )

1: sort C based on the remaining number of

required time slots for d in ascending order

2: for c = 1 : C do

3: if F (r)
c −NTS

(r)
d > 0 then

4: F (r)
c = F (r)

c −NTS
(r)
d

5: NTS
(r)
d = 0

6: break

7: else

8: NTS
(r)
d = NTS

(r)
d − F (r)

c

9: F (r)
c = 0

10: remove the chunk c

11: end if

12: end for

deriving the lower bound is to only consider time slots or block constraint in each

node. The basic idea of deriving the upper bound is to fix the number of removable

chunks in each iteration of each step.

Theorem 1. When K > b2C
B
c, the bounds are given by K≤N̂≤K + 1. When

b2C
B
c≥K ≥ b C

B−1c, the bounds are given by max(dC
B
e, K) ≤ N̂ ≤ K

2 + C
B

+ 1. When

K < b C
B−1c, the bounds are given by dC

B
e ≤ N̂ ≤ K

B
+ C

B
+ 1.

Proof. In each node, we can place at most B chunks or schedule S·d time slots. To

place C chunks, we need at least dC
B
e nodes. To schedule ∑j Tj required time slots,

we need at least K nodes. To place C chunks and schedule ∑ jTj required time slots,

we need at least max(dC
B
e, K) nodes. As a result, the lower bound is max(dC

B
e, K).

We now derive the upper bound for CRED-S. Instead of removing as many chunks

as possible, we only remove the assigned number of chunks in each iteration of each

step. In the following, we call this as the simplified version of CRED-S (CRED-SS).

If the assigned number of chunks has been removed, even though the remaining number

of required time slots of other chunks equals 0, we still consider those chunks in the
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Algorithm 2 CRED-S
1: Input: C, ∑C

i=1f
d
i , B, d

2: Output: N̂

3: C(r) = C

4: while C(r) > 0 do

5: sort chunks based on the number

of required time slots

6: if ∑c∈HB F
(r)
c > S·d then

7: place H(r)
B,d into one node

8: Schedule(H(r)
B,d,S·d)

9: else

10: break

11: end if

12: end while

13: while C(r) > 0 do

14: place CB into one node

15: Schedule(CB,S·d)

16: end while
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following cases. For CRED-SS, in step 1, when bC(r)

B−1c ≤ k(r) ≤ b2·C(r)

B
c, we remove B

2

chunks in each iteration. When k(r) ≤ bC(r)

B−1c and
∑
c∈HB F

(r)
c > S·d, we remove B − 1

chunks in each iteration. In step 2, CRED-SS also removes any B chunks in each

iteration.

In the following, we first derive upper bounds for CRED-SS. Then, we show that

the number of nodes needed by CRED-SS is no fewer than the number needed by

CRED-S. Therefore, the upper bounds for CRED-SS are also upper bounds for

CRED-S.

We introduce Lemma 1 to verify that for CRED-SS, once bC(r)

B−1c ≤ k(r) ≤ b2·C(r)

B
c,

in each iteration, we can remove at least B
2 chunks. Also, we introduce Lemma 2 to

verify that once k(r) ≤ bC(r)

B−1c, in each iteration, we can remove at least B − 1 chunks.

Proofs of these lemmas, as well as Lemma 3, can be found in the Appendix.

Lemma 1. For CRED-SS, when k(r) ≤ b2·C(r)

B
c, where C(r) = C − r · B2 , we have∑

c∈LB/2 F
(r)
c ≤S·d. Here C is the size of the chunk set when r = 0.

We denote the B−1 chunks with the smallest number of required time slots among

H(r)
B,d as LH(r)

B−1,d.

Lemma 2. For CRED-SS, when k(r)≤bC(r)

B−1c and
∑
c∈HB F

(r)
c > S·d, where C(r) =

C − r·(B − 1), the total number of required time slots of LHB−1,d is less than or equal

to S·d. Here C is the size of the chunk set when r = 0.

The basic idea of the following discussion is to consider the value of K in three

cases. By introducing the three cases, we can get tighter upper bounds.

Case 1: K > b2·C
B
c. Assume we need r1

1 iterations of step 1 to make k(r1
1) ≤ b2·C(r11)

B
c.

Assume we need another r1
2 iterations of step 1 to make k(r1

1+r1
2) ≤ bC

(r11+r12)

B−1 c. Assume

we need another r1
3 iterations of step 1 to make ∑c∈HB F

(r1
1+r1

2+r1
3)

c ≤S·d. So, the total

number of nodes for step 1 and step 2 is

r1
1 + r1

2 + r1
3 +

⌈
C − r1

2·B/2− r1
3·(B − 1)

B

⌉
. (2.6)

We know that B≥2 and r1
1 + r1

2 + r1
3≤K. Since we do not remove any chunks within

r1
1 iterations, so r1

1 equals K − b2C
B
c. Thus, (2.6) is less than or equal to K + 1.
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Case 2: b2·C
B
c≥K ≥ b C

B−1c. Assume we need r2
1 iterations of step 1 to make kr2

1 ≤

b C
r21

B−1c. Assume we need another r2
2 iterations of step 1 to make ∑c∈HB F

(r2
1+r2

2)
c ≤S·d.

So, the total number of nodes for step 1 and step 2 is

r2
1 + r2

2 +
⌈
C1 − r2

1·B/2− r2
2·(B − 1)

B

⌉
. (2.7)

We know that B≥2 and r2
1 + r2

2≤K. So, (2.7) is less than or equal to K
2 + C

B
+ 1.

Case 3: K < b C
B−1c. Assume we need another r3

1 iterations of step 1 to make∑
c∈HB F

r3
1
c ≤S·d. So, the total number of nodes for step 1 and step 2 is

r3
1 +

⌈
C − r3

1·(B − 1)
B

⌉
. (2.8)

We know that r3
1≤K. So, (2.8) is less than or equal to K

B
+ C

B
+ 1.

Lemma 3. In each iteration of step 1, for each chunk, the number of time slots

scheduled by CRED-S and CRED-SS are exactly the same.
After finishing step 1, the size of the remaining chunk set of CRED-SS is no less

than CRED-S’s. For step 2, we can remove B chunks in each iteration. Thus, the

number of nodes needed by CRED-SS is larger than or equal to the number of nodes

needed by CRED-S.

Remark. As K →∞, the upper bound K + 1 is tight and the competitive ratio equals

1. As K→0, the upper bound K
2 + C

B
+ 1 and K

B
+ C

B
+ 1 are tight and the competitive

ratio equals 1. For the general case, the competitive ratio varies in the interval [1, 1.5].

2.3.2 Solving CRED with Multiple Deadlines

We propose a heuristic algorithm to solve CRED with multiple, arbitrary deadlines.

Our idea is to iteratively apply CRED-S to incrementally find the chunk placement

and time-slot schedules to meet each deadline one by one. More precisely, after finding

a solution for placing chunks c ∈ C1, . . . , Ci to meet deadlines d↑1, . . . , d↑i , we reuse the

already placed chunks on existing nodes (if there are remaining computation resources

available) and optimize for the next deadline d↑i+1 and minimize the number of new

nodes we need to add in order to support Fc,i+1 for all chunks c ∈ Ci+1. This process
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continues until all the deadlines are considered. The algorithm is summarized in

CRED-M. N̂i denotes the number of nodes needed for scheduling jobs with deadline

d↑i . CRED-M’s performance is characterized in Theorem 2. Assume there are D

distinct deadlines. We consider chunk placement and time slots scheduling of distinct

deadlines one-by-one, from d↑1 to d↑D. For deadline d
↑
i , CRED-M first calls CRED-S

for d↑i and then schedules time slots for deadlines from d↑i to d
↑
D.

Algorithm 3 CRED-M
1: for i = 1 : D do

2: N̂i= CRED-S (Ci,
∑
c F

(r)
c,i , B, d↑i )

3: for n = 1 : N̂i do

4: for i1 = i+ 1 : D do

5: schedule(the set of chunks in node n, S·d↑i1 −#scheduled time slots in

node n)

6: end for

7: end for

8: N̂+ = N̂i

9: end for

Theorem 2. Let the number of nodes needed be N̂ . Then, max
(

maxi(Ki),
∑

j
|Cj |·Tj
S·d↑D

, C
B

)
≤ N̂ ≤ ∑D

i=1 max
(
Ki,

Ki
2 + Ci

B

)
+D.

Proof. We first prove the lower bound and then prove the upper bound.

Based on Theorem 1, the lower bound of max(maxi(Ki), CB ) is obvious. Another

lower bound can be obtained by dividing the total number of time slots needed for all

jobs (∑j |Cj|·Tj) by the maximum possible number of time slots that can be accommo-

dated in each node (S·d↑D). Thus, the lower bound is max
(

maxi(Ki),
∑

j
|Cj |·Tj
S·d↑D

, C
B

)
.

Next, we prove the upper bound. From Theorem 1, for single deadline d↑i , the

upper bound is max
(
Ki,

Ki
2 + Ci

B

)
+ 1.

For D distinct deadlines, we consider deadlines iteratively one by one. Therefore,

the upper bound is ∑D
i=1 max

(
Ki,

Ki
2 + Ci

B

)
+D
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Remark. When D = 1, the lower bound and upper bound are max(K1,
C
B

) and

max(K1,
K1
2 + C

B
) + 1, respectively.

2.4 Our Solution to Resilient CRED Problem

In this section, we consider a resilient CRED problem (CRED-R) that aims to

find the optimal cloud right-sizing while guaranteeing survivability under arbitrary

single node failure. We assume that a failure could occur on any node and at any

time during the execution of jobs. Once a failure happens, we assume that the node

becomes unavailable from then on and its data chunks are lost. We consider an online

recovery strategy, which updates the job schedules after failure in order to obtain a

new solution that meets both execution deadline and data locality constraints. Due to

low overhead for rescheduling jobs on the fly, such an online recovery strategy allows

the cloud to perform efficient, on-demand recovery without activating new nodes or

migrating data chunks.

To solve the resilient CRED problem under arbitrary single node failure, a solution

must guarantee that (1) each chunk has replicas on different nodes, and (2) there

exists a feasible job scheduling after the failure without changing chunk placement.

The key steps in our solution are: (a) choose a group of chunks, (b) make copies of

each group of chunks, and (c) place copies of each group on different nodes. The

details are given in Section 2.4.1.

In the following, we denote the ath group of chunks as Ga and the mth copy of

Ga as Ga,m. The proposed solution can be illustrated using a directed graph G(V , E)

in Figure 2.1. Each vertex represents a node/machine. Two vertices are connected

by an arc if the corresponding time slots are redirected from the source node to the

destination node. W i
n,a,m denotes the number of time slots needed by Ga,m in node n

for deadline d↑i .

It is easy to see that cloud right-sizing now becomes the problem of minimizing the

number of nodes |V| in G. A chunk placement and job scheduling scheme represented

by G satisfies the storage constraint in the CRED problem, because each node hosts
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exactly B chunks. The deadline constraint now becomes

W i
n,a,m≤

S·d↑i
2 , ∀n, a,m. (2.9)

Let W i
n,a,m,c be the number of time slots needed for chunk c by Ga,m in node n for

deadline d↑i . The computing resource constraint is satisfied if

∑
n,a,m

W i
n,a,m,c ≥ Fc,i, ∀c, i. (2.10)

Also, the storage constraint becomes

|Ga,m|≤
B

2 , ∀a,m (2.11)

where |Ga,m| is the number of chunks in the group Ga,m. Therefore, a solution

represented by G satisfying (2.9), (2.10), and (2.11), is a feasible solution to the

CRED problem. The solution can survive arbitrary single node failure if condition

(2.12) is satisfied and Symmetric Recovery Method is used for placing groups in

nodes. The details are given in Section 2.4.1.

∑
j|Cj|·Tj + S·d↑D≤N̂ ·S·d

↑
D (2.12)

Here, we give a toy example to explain how our resilient algorithm works. In an

S = 2 and B = 4 system, we have 6 jobs and Tj = 2, ∀ j ∈ [1, 6]. All jobs have

equal deadlines, i.e., dj = 2. We have 6 chunks and each chunk is accessed by one

job. We make groups Ga, a ∈ [1, 3]. Each group has two chunks, e.g., Ga contains

the chunk 2a − 1 and the chunk 2a. We first make two copies of each group. The

number of scheduling time slots of each copy is 2, which equals S·dj
2 , and the number

of scheduling time slots of each chunk in each copy is 1. We place Ga,1 into node a and

place Ga,2 into node (a mod 3) + 1, where 3 is the total number of groups. Figure 2.1

shows the symmetric recovery graph for this example. We need one extra node ne for

failure recovery. On the extra node, G1,3 and G2,3, which are two extra copies from

randomly selected groups, are hosted and no processing slots are allocated at this

time. Suppose node 1, hosting G1,1 and G3,2, fails. We redirect 2 scheduled time slots

of G1,1 to G1,2 and redirect 2 scheduled time slots of G1,2 to G1,3 hosted in ne. Also, we
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Figure 2.1: Symmetric recovery graph.

redirect 2 scheduled time slots of G3,2 to G3,1 and redirect 2 scheduled time slots of

G2,2 to G2,3 hosted in ne. Now, the number of scheduled time slots of each chunk is

still 2. Thus, the failure has been recovered.

In Section 2.4.1, we first consider the single-deadline case and then use the result

from Section 2.4.1 to derive the upper bound for the multiple-deadline case in Section

2.4.2.

2.4.1 Solving Resilient CRED with Equal Deadlines

As before, we first consider the special case where all jobs have equal deadlines

di = d↑1 = d ∀i, and propose an algorithm CRED-RS, which consists of two parts, i.e.,

GroupChunks and PlacingGroups, to find a graph G that provides a solution to

the resilient CRED problem. Also, we use the notations introduced in Section 2.3.1.

In GroupChunks, when ∑c∈HB/2 F
(r)
c > S·d, in each iteration, we choose H(r)

B/2,d

as a group and make two copies of H(r)
B/2,d. After making copies, we use Schedule for

time slots scheduling for each copy and the maximum number of scheduling time slots

of each copy is S·d
2 . The condition ∑c∈HB/2F

(r)
c >S·d guarantees that we can always

find H(r)
B/2,d. In each iteration, we satisfy two goals: scheduling more time slots and

removing more chunks. When ∑c∈HB/2 F
(r)
c ≤S·d, in each iteration, we choose B/2 as

a group and make two copies of the group. After making copies, we use Schedule
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for time slots scheduling for each copy and the number of time slots for scheduling of

each copy is at most S·d
2 .

The main purpose of PlacingGroups is to place copies from GroupChunks

into nodes. The key idea is that we need to put copies from the same group into

different nodes.

Suppose the total number of groups is G. Ga,1 is placed on node a and Ga,2 is placed

on node (a mod G) + 1 and we call this method for placing groups as Symmetric

Recovery Method in the following. For failure recovery, we need one extra node

(ne) hosting any two extra copies without any processing time slots scheduled. For

simplicity, we suppose GG,3 and GG,4 are placed in the extra node ne.

The time complexity of CRED-RS is dominated by the sort, and so the time

complexity is O(K·C· lg(C)), where K is the maximum number of iterations, and C

is the maximum number of remaining chunks. We can use HashMap to store chunks,

where keys are chunk indexes, and values are chunk time slots needed. So, the space

complexity is O(C). Next, we analyze CRED-RS and obtain bounds on the number of

nodes needed. The basic idea of deriving the upper bound is to introduce a simplified

version CRED-RSS of CRED-RS, derive the upper bound for CRED-RSS, and

prove that the upper bound of CRED-RSS is also an upper bound for CRED-RS.

Theorem 3. If K > b2·C
B
c, then K+1≤N̂≤K+ 4·C

B2 +2. If K≤b2·C
B
c, then max(C

B
, K)+

1≤N̂≤2·K
B

+ 2·C
B

+ 2.

Proof. Recall that any node can fail at any time. Suppose that either a node with

S·d scheduled time slots or a node hosting B chunks fails, then we need at least one

extra node for failure recovery. Thus, the lower bound is max(C
B
, K) + 1 nodes.

From PlacingGroups, we know the number of nodes needed equals the number

of groups. Thus, we just need to derive the upper bound for the number of groups.

We modify step 1 of GroupChunks. Instead of removing as many chunks as

possible in each iteration of step 1, CRED-RSS only removes specific number of

chunks. For the CRED-RSS, in step 1, when k(r1)≤b2·C(r1)

B
c and ∑c∈HB/2 F

(r1)
c > S·d,

in each iteration, we remove B
2 − 1 chunks. In step 2, CRED-RSS also removes any
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B/2 chunks in each iteration.

Based on Lemma 1, when k(r1)≤b2·C(r1)

B
c, we can remove B

2 − 1 chunks in each

iteration and based on similar principles of Lemma 3, the number of scheduled nodes

before the rth iteration of step 1 for GroupChunks and CRED-RSS should be

the same. For step 2, the number of remaining chunks, including chunks with zero

required time slots, of CRED-RSS is larger than the number of remaining chunks of

GroupChunks. Also, we can remove B/2 chunks in each scheduling node of step

2. Thus, the number of nodes needed for CRED-RSS is larger than or equal to the

number of nodes needed for GroupChunks.

In the following, we derive the upper bound of CRED-RSS for two cases.

Case 1: K > b2·C
B
c. Assume we need r1

1 iterations of step 1 to make K≤b2C
B
c, and

assume we need another r1
2 iterations of step 1 to make ∑c∈HB/2 F

(r1
1+r1

2)
c ≤S·d↑1. The

total number of groups for both step 1 and step 2 is no more than

r1
1 + r1

2 +
⌈
C − (B2 − 1)·r1

2
B
2

⌉
. (2.13)

We know that r1
1 = K − b2C

B
c and r≤b2C

B
c. Thus, the total number of groups is no

more than K + 4C
B2 + 1. Also, in PlacingGroups, we might need one extra node,

thus the upper bound is K + 4C
B2 + 2.

Case 2: K≤b2C
B
c. Assume we need another r2

1 iterations of step 1 to make∑
c∈HB/2 F

(r1
1+r1

2)
c ≤S·d. The total number of groups is no more than

r2
1 +

⌈
C − (B2 − 1)·r2

1
B
2

⌉
. (2.14)

We have r2
1≤K. Thus, the total number of groups is no more than 2K

B
+ 2C

B
+ 1.

Also, in PlacingGroups, we might need one extra node, thus the upper bound is
2K
B

+ 2C
B

+ 2.

The basic idea of failure recovery is that we can redirect scheduled time slots

among copies of the same group and eventually redirect scheduled time slots from the

failed node to healthy nodes. Suppose the node n1 hosting Ga1,1 and Ga2,2 fails. We

redirect processing time slots of Ga1,1 and Ga2,2 to copies of Ga1 and Ga2 , respectively.
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Algorithm 4 CRED-RS
1: Input: C, ∑C1

i=1f
d
i , B, d

2: Output: N̂

3: GroupChunks(C, ∑C
i=1f

d
i , B, d)

4: PlacingGroups: put copies of groups into nodes by using Symmetric Recov-

ery

Method and add one extra node

Algorithm 5 GroupChunks
1: Input: C, ∑C

i=1f
d
i , B, d

2: Output: groups

3: C(r) = C

4: while C(r) > 0 do

5: sort C(r) chunks based on the remaining number of required time slots

6: if ∑c∈HB/2 F
(r)
c > S·d then

7: make two copies of H(r)
B/2,d

8: Schedule(H(r)
B/2,d,S·d2 ) for each copy

9: else

10: break

11: end if

12: end while

13: while C(r) > 0 do

14: make two copies of CB/2

15: Schedule(CB/2,S·d2 ) for each copy

16: end while
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Copies whose scheduled time slots have been redirected are marked, and will not be

the target of any further redirection. If the total number of scheduled time slots in a

node becomes more than S·d, we redirect scheduled time slots of unmarked copy to

another copy of the same group. If there is an extra copy in ne for any group, we first

redirect time slots to that extra copy.

Theorem 4. Suppose the group set is G and the total number of nodes needed is N̂ .

The sufficient conditions for successful recovery are:

∑
n,a,mWn,a,m,c ≥ Fc, ∀c (2.15)

|Ga,m|≤ B
2 , ∀a,m (2.16)

Wn,a,m≤S·d
2 , ∀n, a,m (2.17)∑

j|Cj|·Tj + S·d≤N̂ ·S·d, (2.18)

Using Symmetric Recovery Method.

Proof. (2.15) means that the required time slots for chunk c are scheduled before the

deadline and it corresponds to (2.1) in Section 2.2. (2.16) means the number of chunks

in each group is no more than B/2, and (2.17) means the number of scheduled time

slots in each group is no more than S·d
2 . Also, PlacingGroups guarantees that at

most two groups are hosted in a node; so, the storage and computational constraints

are satisfied. Thus, a solution that satisfies (2.15), (2.16), and (2.17) is a feasible

solution to the CRED problem. Also, (2.17) guarantees that the number of scheduled

time slots in a node after redirection does not exceed S·d. (2.18) ensures that the

number of available time slots in all nodes is sufficient to accommodate the total

number required time slots even after a single node failure.

To see this, suppose that the above online recovery algorithm can not recover from

single node failure. This means that the redirection of time slots in the Symmetric

Recovery Method results in a solution where there are no available slots in the

system. More precisely,

(N − 1)·S·d <
∑
j

Tj. (2.19)
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But this is contrary to our constraint∑j Tj+S·d ≥ N̂ ·S·d, so we have enough available

time slots for scheduling time slots of all copies after one node failure.

Remark. GroupChunks guarantees (2.15), (2.16), and (2.17). PlacingGroups

guarantees (2.18), and ensures that the Symmetric Recovery Method is feasible.

2.4.2 Solving Resilient CRED with Multiple Deadlines

Now we present our proposed algorithm to solve the resilient CRED problem with

multiple deadlines. Our idea is to iteratively apply CRED-RS for deadline d↑i , ∀i.

The algorithm is summarized in CRED-RM. Ĝi denotes the number of groups needed

for scheduling jobs with deadline d↑i . CRED-RM’s performance is characterized in

Theorem 5. As before, suppose we have D distinct deadlines.

Theorem 5. max
maxi(Ki),

∑D

i=1

∑
j:dj=d↑

i

Tj

Sd↑D
, maxi Ci

B


+ 1 ≤ N̂ ≤ ∑D

i=1 max
(
Ki + 4Ci

B2 ,
2Ki
B

+ 2Ci
B

)
+D + 1.

Proof. We first consider the lower bound. Consider storage constraint, computational

constraint, and all jobs are for d↑D. We can get the same lower bound as for CRED-M.

Since any node can fail at any time, the lower bound is

max
maxi(Ki),

∑D
i=1
∑
j:dj=d↑i

Tj

Sd↑D
,
maxiCi
B

+ 1.

From Theorem 3, we know that for single deadline d↑i , the upper bound is

max
(
Ki + 4C

B2 ,
2Ki

B
+ 2C

B

)
+ 1.

We add the extra node at the end of the proof. For deriving the upper bound for

multiple deadlines, we iteratively use the result of Theorem 3 for deadline d↑1, . . . , d↑D.

Thus, the upper bound for the total number of groups is

D∑
i=1

max
(
Ki + 4Ci

B2 ,
2Ki

B
+ 2Ci

B

)
+D. (2.20)

We use PlacingGroups to place groups into nodes and add one extra node without

scheduling any time slot on that node. Thus, the upper bound for the total number
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of nodes is the same as
D∑
i=1

max
(
Ki + 4Ci

B2 ,
2Ki

B
+ 2Ci

B

)
+D + 1. (2.21)

Algorithm 6 CRED-RM
1: for i = 1 : D do

2: Ĝi=GroupChunks(Ci,
∑
c F

(r)
c,i , B, d↑i )

3: for a = 1 : Ĝi do

4: for m: copies in group a do

5: for i1 = i : D do

6: Schedule(Ga,m,
S·d↑i1

2 −# scheduled time slots in Ga,m)

7: end for

8: end for

9: end for

10: G+ = Ĝi

11: end for

12: PlacingGroups: put copies of groups into nodes by using Symmetric Recov-

ery Method and add an extra node

Theorem 6. Suppose the group set is G and the total number of nodes is N̂ . The

sufficient conditions for successful recovery are:

∑
n,a,mW

i
n,a,m,c ≥ Fc,i, ∀c, i (2.22)

|Ga,m|≤ B
2 , ∀a,m (2.23)

W i
n,a,m≤

S·d↑i
2 ∀i, n, a,m (2.24)∑

j|Cj|·Tj + S·d↑D≤N̂ ·S·d
↑
D (2.25)

Using Symmetric Recovery Method

Proof. The failure recovery method for multiple deadlines is the same as the failure

recovery method for equal deadlines case. We give a brief proof here. (2.22), (2.23), and
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(2.24) guarantee that computational, storage, and deadline constraints are satisfied.

(2.25) makes the number of available time slots be no less than S·d↑D, and Symmetric

Recovery Method guarantees that the redirection can go through all nodes. To

see this, suppose that the online recovery algorithm cannot recover from a single node

failure. This means there are no available time slots in any node in the system. More

precisely,

(N − 1)·S·d↑D <
∑
j

Tj, (2.26)

but this is contrary to our constraint ∑j Tj + S·d↑D ≥ N̂ ·S·d↑D, so the assumption is

incorrect. Thus, the system can recover from any single node failure.

Remark. GroupChunks guarantees (2.22), (2.23), and (2.24). PlacingGroups

guarantees (2.25), and ensures that the Symmetric Recovery Method is feasible.

2.5 Evaluation

In this section, we perform various simulation experiments for the single- and two-

deadline cases to evaluate our algorithmic solution to the CRED problem. We focus

on two aspects: first, we show that CRED’s performance is within the closed-form

bounds we proved in Sections 2.3 and 2.4. Second, we compare CRED’s performance

and deadline-aware first-fit (FF) algorithm in terms of number of nodes and resource

utilization.

2.5.1 Evaluation by Simulation

To perform simulation experiments, we set the following global simulation param-

eters for all experiments, unless otherwise stated. Each node is set to have S = 4

slots (VMs) and B = 128 blocks. We create two classes of jobs: elephant and mouse

jobs. Elephant jobs are computation-intensive jobs; the number of time slots required

to process a chunk is randomly chosen between 200 and 500. The number of time

slots required to process a chunk of a mouse job is randomly chosen between 1 and

10. Elephants and mice jobs form 2% and 98% of the total jobs (100 jobs with equal
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Figure 2.2: Experiments with proposed algorithms CRED-S and CRED-RS: (a)

Effect of number of blocks on the number of nodes. (b) Comparison between CRED-

S and CRED-RS in terms of number of nodes needed. (c) Comparison between

CRED-S and FF in terms of scalability.
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Figure 2.3: Experiments with proposed algorithm CRED-M: (a) Effect of the ratio

of d1- to d2-type of jobs on the number of nodes needed. (b) Effect of the ratio of

d1- and d2-type jobs on the time-slots and blocks utilization. (c) Effect of the time

difference between d1 and d2 on the total number of nodes.
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deadlines and 200 jobs with two deadlines), respectively. The number of files is 100,

and the number of chunks per file is randomly chosen between 16 and 64. All jobs are

assigned to files randomly. For equal-deadline experiments, we fix the deadline to be

equal to 600 (time slots) for all experiments; for two-deadline experiments, we fix d1

and d2 to be equal to 600 and 1200, respectively. For all experiments, the figures show

the average over 20 trials. Error bars, where are shown in Figure 2.2a, 2.2b, and 3.7a,

represent 95% confidence intervals.

Figure 2.2a shows the effect of changing the number of blocks in each node on the

number of nodes needed. It can be clearly seen that as we increase the number of

blocks in each node, the problem moves from blocks constraint to time slots constraint.

In addition, the figure shows, as expected, our simulation results outperform the

first-fit algorithm. CRED is able to match the lower bound when B ≥ 64 blocks and

exceeds the lower bound by less than 2% on average when B ≤ 32. Notice that when

there is a mix of time-slots and blocks constraints, our algorithm outperforms FF by

up to 18% in the number of nodes.

In Figure 2.2b, we compare CRED-S and CRED-RS in terms of number of nodes

needed. In this experiment, the results show that we always meet the lower bound for

CRED-S and CRED-RS. The lower bound here for CRED-S and CRED-RS are

K and K + 1, respectively. This validates our proof in Section 2.4.

In Figure 2.2c, we compare CRED-S with the first-fit algorithm in terms of

scalability. In this experiment, we have two classes of jobs, elephants and mice jobs.

Elephants and mice jobs form 20% and 80% of the total jobs, respectively. We show

two experiments, with B = 64 and B = 128. The figure shows that on average the

first-fit algorithm requires about 23% and 18% more nodes than CRED-S when

B = 64 and B = 128, respectively. These percentages stay the same for any number

of jobs. This means that CRED-S is scalable and works even if the system is large.

The figure also shows that when the number of jobs is greater than 100, the number

of nodes increases due to time-slots constraint.

Figure 2.3a shows that CRED-M’s performance is within the closed-form bounds

we proved in Section 2.3. In this experiment, each job is associated with either deadline
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Figure 2.4: Trace-driven comparison between CRED-M and First-Fit algorithm: (a)

Effect of the number of slots on the number of nodes. (b) Effect of the ratio of Ds-

and Dl-type jobs to the number of nodes needed. (c) Number of nodes needed in each

scheduling interval.

Table 2.1: Statistics of Google trace for trace-drive evaluation

Class # of jobs avg # of tasks Min task exec time Avg task exec time Max task exec time First 5% First 10%

1 11084 261 320 sec 1428 sec 49462 sec 10356 10774

2 1656 223 313 sec 1511 sec 50260 sec 1504 1572
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d1 or d2. The x-axis shows the ratio of d1- type of jobs to the total number of jobs.

All files are accessed by both d1- and d2- type of jobs when 0 < ratio < 1. As we

increase the ratio, the number of nodes increases since d1 < d2.

Figure 2.3b compares CRED-M and FF in terms of time slots and blocks utilization,

defined as the ratio of the number of processing time slots and blocks actually utilized

to the total number available. In this figure, we use the same parameters as Figure

4(a). The figure shows that for any ratio, CRED-M achieves higher utilization in

both time-slots (up to 28%) and blocks (up to 15%). This is because, unlike FF,

CRED always tries to fully utilize the time-slots and blocks in each node.

Figure 2.3c shows how CRED-M performs as we adjust the time difference between

d1 and d2. In this experiment, we set d1 = 600 and increase d2 from 600 to 2000. The

total number of jobs equals 200, and 100 jobs are associated with d1. As we increase

d2, the number of nodes needed decreases dramatically at the beginning. But as d2

increases further, we reach a point of diminishing returns where the number of nodes

stays almost the same. In fact, this shows the benefit of having multiple deadlines

for different jobs. By treating all jobs equally, d1 = d2, the number of nodes needed

is about 232. If we increase some of the non-delay sensitive jobs’ deadline by just

200, we can reduce the number of nodes by 18%. Starting from d2 = 1200, the blocks

constraint becomes dominant, and the number of nodes stays more or less the same.

2.5.2 Trace-driven Evaluation

In this section, we compare the performance of CRED-M with deadline-aware

First-Fit algorithm through a trace-driven simulation using data from a publicly

available Google trace [2]. The results show that CRED-M outperforms FF by up to

20% in nodes saving on average, and reduces the number of nodes required at peak

utilization by 47%.

We select a subset data from Google trace with a length of 110 hours. Each job

has a number of parameters, including job submission time, job ID, scheduling class,

number of tasks, and execution time of tasks. The scheduling class represents how

latency-sensitive the job is. There exist 4 scheduling classes, with jobs at level 3 being
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the most latency-sensitive. In this simulation, we consider jobs belonging to scheduling

classes 1 and 2. Summary statistics of the Google trace used for evaluation are

presented in Table 2.1. The table shows show the number of jobs, average number of

tasks, minimum execution time of a task, average execution time of a task, maximum

execution time of a task, the number of first 5% of jobs with the smallest average

execution time of tasks, and the number of first 10% of jobs with the smallest average

execution time of tasks. For each class, a deadline Dl or Ds is assigned. We denote

Ai as the average execution time of all jobs with scheduling class i in a scheduling

interval. Ds equals A2 and Dl equals max(A1, Ds). We set the scheduling interval to

be 20 minutes. At the beginning of each scheduling interval, we schedule jobs arriving

in the previous scheduling interval. At the end of each hour, we identify all nodes that

have finished processing all the workload and release them to the system, in a way

similar to Amazon’s EC2 cloud (on-demand instances).

Figure 2.4a compares the average number of active nodes (i.e., VM hours or cost)

for the proposed CRED-M and FF, to meet the same job deadlines. Here, we set the

number of blocks to be 16, while changing the number of slots from 8 to 16. The figure

shows that CRED-M outperforms FF by up to 20% in average number of nodes that

are required to meet all deadlines. It can be observed that as the number of slots

increases, the number of nodes to meet the same deadlines decrease (since more tasks

can be packed into a node), while our proposed algorithm achieves a consistent node

reduction of 20%.

Figure 2.4b compares the average number of active nodes for CRED-M and FF

to meet various deadlines. Here, we set both the number of blocks and the number

of slots to be 16. Dl equals max(A1, α·Ds) and we change α from 1 to 5. The figure

shows that CRED-M outperforms FF by 17% in average number of nodes.

Figure 2.4c shows the number of active nodes required by CRED-M for each

scheduling interval during the entire simulation. Again, we set the number of blocks

and the number of slots to be 16. The numbers are normalized by the number of nodes

used by the FF algorithm, and thus any number smaller than 100% indicates node

(or cost) saving. It is shown that CRED-M reduces the number of nodes required at
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peak utilization by 47%. The dashed line shows that CRED-M outperforms FF by

21% in average number of nodes.

2.6 Conclusions

We introduce an optimization framework, namely CRED, for cloud right-sizing

under deadline and locality constraints. Algorithms are proposed to solve the CRED

optimization, which minimizes the number of nodes needed by jointly optimizing task

scheduling and data placement while the jobs’ deadlines and data locality constraints

are met. We analyze the competitive ratio of the proposed algorithms in closed-form

and extend all results to solve a resilient CRED problem with arbitrary single node

failure. The algorithms significantly outperform a first-fit heuristic in terms of cloud-

size (i.e., number of active nodes needed) by up to 47% and node utilization by up to

28%.
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Chapter 3 Chronos: A Unifying Optimization Framework for

Speculative Execution of Deadline-critical MapReduce Jobs

In this chapter, we bring various scheduling strategies together under a unifying

optimization framework, called Chronos, which is able to provide probabilistic guar-

antees for deadline-critical MapReduce jobs. In particular, we define a new metric,

Probability of Completion before Deadlines (PoCD), to measure the probability that

MapReduce jobs meet their desired deadlines [138].

3.1 Related Work

There have been several research efforts to improve the execution time of MapReduce-

like systems to guarantee meeting Quality of Service (QoS) [4, 18, 20, 22, 24, 37, 44,

47, 56, 57, 59, 64, 75, 78, 80, 82, 87, 90, 91, 93, 97, 105, 108, 112, 144, 160]. Some

focus on static resource provisioning to meet a given deadline in MapReduce, while

others propose resource scaling in response to resource demand and cluster utilization

in order to minimize the overall cost. Moreover,[6, 43, 157] proposed frameworks to

improve MapReduce job performance. These papers are similar to our proposed work

in the sense that resources are optimized to minimize energy consumption and reduce

operating cost. However, the above mentioned works do not optimize job execution

times in the presence of stragglers, as we do in this work.

Efficient task scheduling is critical to reduce the execution time of MapReduce

jobs. A large body of research exists on task scheduling in MapReduce with deadlines.

These works range from deadline-aware scheduling [7, 14, 24, 28, 58, 62, 104, 106] to

energy- and network-aware scheduling [36, 61, 81, 113, 114]. However, these works do

not consider dealing with stragglers which might severely prolong a job’s execution

time and violate the QoS [9, 11, 148, 158].

The complexity of cloud computing continues to grow as it is being increasingly

employed for a wide range of domains such as e-commerce and scientific research.

Thus, many researchers have shown interest in mitigating stragglers and improving
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the default Hadoop speculation mechanism. They proposed new mechanisms to detect

stragglers reactively and proactively and launch speculative tasks accordingly [9, 11, 48,

95, 110, 133, 148, 158]. This is important to ensure providing high reliability to satisfy

a given QoS, as it can be at risk when stragglers exist or when failures occur. Different

from these works, we jointly maximize the probability of meeting job deadlines and

minimize the cost resulting from speculative/duplicate task execution and find the

optimal number of speculative copies for each task. Note that in contrast to launching

one copy, we launch r extra attempts. Moreover, our work includes introducing an

accurate way to estimate the task finishing time by taking the JVM launching time

into account, which in turn reduces the number of false positive decisions in straggler

detection.

In addition, a number of works have considered avoiding re-executing the work

done by the original tasks (stragglers) [92, 111, 117, 119]. Basically, the key idea is to

checkpoint running tasks and make the speculative task start from the checkpoint.

This idea is similar to our Speculative-Resume strategy. However, in our strategy, we

detect stragglers based on jobs’ deadlines and launch the optimal number of extra

attempts for each straggler in order to jointly optimize PoCD and cost. To save cost,

we check the progress of all attempts and keep the fastest one when attempts’ progress

can be relatively accurately estimated. To save overhead, we only check progress of

tasks two times, once for detecting stragglers, and another time to kill slower extra

attempts.

3.2 Background and System Model

Consider M MapReduce jobs that are submitted to a datacenter, where job i

is associated with a deadline Di and consists of Ni tasks for i = 1, 2, . . . ,M . Job i

meets the desired deadline if all its Ni tasks are processed by the datacenter before

time Di.1 Tasks whose completion time exceed D are considered as stragglers. To

mitigate stragglers, we launch multiple parallel attempts for each task belonging to
1When speaking in the context of a single task or job, we drop the subscript(s) for clarity.
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job i, including one original attempt and ri speculative/extra attempts. A task is

completed as soon as one of its ri + 1 attempts is successfully executed. Let Ti,j,k
denote the (random) execution time of attempt k of job i’s task j. Thus, we find job

completion time Ti and task completion time Ti,j by:

Ti = max
j=1,...,Ni

Ti,j, where Ti,j = min
k=1,...,ri+1

Ti,j,k, ∀j. (3.1)

The Pareto distribution is proposed to model the execution times of tasks in [10],

and is used in [94, 110, 133] to analyze the straggler problem. Following these papers,

we assume the execution time Ti,j,k of each attempt follows a Pareto distribution with

parameters tmin and β. The probability density function of Ti,j,k is

fTi,j,k(t) =


β·tβmin
tβ+1 t≥tmin,

0 t < tmin,

(3.2)

where tmin is the minimum execution time and β is the tail index, while different

attempts are assumed to have independent execution times.

As introduced earlier, Chronos consists of three scheduling strategies to mitigate

stragglers, namely Clone, Speculative-Restart, and Speculative-Resume. Clone is a

proactive approach, wherein r + 1 copies of a task (i.e., one original attempt and r

extra attempts) are launched simultaneously. Here, r is a variable that is optimized

to balance the PoCD with the cost of execution. Speculative-Restart launches r extra

copies for each straggler detected.

Speculative-Resume is a work-preserving strategy, where the r extra copies of a

detected straggler start processing right after the last byte offset processed by the

original task. To model the cost of executing job i under each strategy, we consider an

on-spot price of γi dollars per unit time for each active virtual machine (VM) running

attempts/tasks of job i. The price γi depends on the VM-type subscribed by job i,

and is assumed to be known when optimizing job scheduling strategies. Our goal is

to jointly maximize the probability of meeting job deadlines and minimize the cost

resulting from speculative/extra task/attempt scheduling. In Chronos, we use progress

score to determine if extra attempts are needed. The progress score is defined as the

percentage of workload processed at a given time t.

37



original attempt

attempt 2

attempt r+1

start

fastest attempt

finishτkill

(a)

original attempt

attempt 2

attempt r+1

start

fastest attempt

finishτkillτest

(b)

original attempt

attempt 2

attempt r + 1

start

fastest attempt

finish

attempt 1
X

offset b

τkillτest

Resume 
from offset b

(c)

Figure 3.1: (a) Clone Strategy, (b) Speculative-Restart Strategy, (c) Speculative-

Resume Strategy.

Clone Strategy. Under this strategy, r + 1 attempts of each task are launched at

the beginning. The progress scores of the r + 1 attempts are checked at time τkill,

and the attempt with the best progress is left for processing data, while the other r

attempts are killed to save machine running time. Figure 3.1a illustrates the Clone

strategy for a single task.

Speculative-Restart Strategy. Under this strategy, one attempt (original) of each

task is launched at the beginning. At time τest, the task attempt completion time is

estimated, and if it exceeds D, r extra attempts are launched that start processing

data from the beginning.2 At time τkill, the progress scores of all r + 1 attempts are

checked, and the attempt with the smallest estimated completion time is left running,

while the other r attempts are killed. Figure 3.1b illustrates the Speculative-Restart

strategy for a task when the execution time of the original attempt exceeds D.

Speculative-Resume Strategy. This strategy is similar to the Speculative-Restart
2No extra attempts are launched if the estimated finishing time is not greater than D.
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strategy in its straggler detection. The difference is that the detected straggler is killed

and r + 1 attempts are launched for the straggling task. These attempts, however,

do not reprocess the data that has already been processed by the original attempt,

and start processing the data after the last byte offset when the straggler is detected.

At time τkill, the progress scores of all attempts are checked, and the attempt with

the smallest estimated completion time is left running while the other r attempts are

killed. Figure 3.1c illustrates the Speculative-Resume strategy for a task for the case

when the execution time of the original attempt exceeds D. Here, the processed byte

offset of the original attempt at τest is b. Extra attempts launched at τest start to

process data from byte offset b.

3.3 Analysis of PoCD and Machine Running Time

We now formally define PoCD, and analyze PoCD for each strategy. PoCD

expressions for the three strategies, under the assumption that task attempt execution

times are iid Pareto, are presented in Theorems 7, 9, and 11. We also analyze the

machine running time for each strategy, and present expressions for these in Theorems

8, 9, and 11.

Definition PoCD is the probability that an arriving job completes before its deadline.

We use the notation Rstrategy to denote the PoCD of a particular strategy, which can

be Clone, Speculative-Restart, or Speculative-Resume.

3.3.1 Clone

We start by analyzing Clone, and derive PoCD and machine running time expres-

sions in Theorem 7 and Theorem 8, respectively.

Theorem 7. Under Clone strategy, the PoCD

RClone =
[
1−

(
tmin

D

)β·(r+1)]N
. (3.3)
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Proof. We first derive the probability that a single task completes before the deadline,

and then derive the PoCD by considering all N tasks of the job.

Let us denote the probability that a single attempt of a task fails to finish before

deadline D by PClone. Then, we have

PClone =
∫ ∞
D

βtβmin
tβ+1 dt =

(
tmin

D

)β
. (3.4)

The task fails to finish before D when all r + 1 attempts fail to finish before D.

Thus, the probability that a task finishes before Dis 1− (PClone)r+1. The job finishes

before deadline D when all its N tasks finish before D. Thus, the PoCD is given by

RClone = [1− (PClone)r+1]N =
[
1−

(
tmin

D

)β·(r+1)]N
. (3.5)

Before moving to Theorem 8, we first introduce and prove Lemma 4 for computing

the expected execution time of min(Tj,1, ..., Tj,n), where n is a positive integer.

Lemma 4. Let W = min(Tj,1, ..., Tj,n), where Tj,a, a = 1, 2, . . . , n follows the Pareto

distribution with parameters tmin and β. Then, E(W ) can be computed as:

E(W ) = tmin·n·β
n·β − 1 . (3.6)

Proof. We introduce

W − tmin =
∫ W

tmin
dt =

∫ ∞
tmin

I(t)dt, (3.7)

where I(t) is the indicator function for event {W > t}:

I(t) = I{W > t}def=

 1, W > t;

0, W≤t.
(3.8)

Taking expectations we have that

E(W ) =
∫ ∞
tmin

E(I(t))dt+ tmin =
∫ ∞
tmin

P (W > t)dt+ tmin. (3.9)

Since P (W > t) = [P (Tj,a > t)]n, we have:

E(W ) =
∫ ∞
tmin

(
tmin

t

)n·β
dt+ tmin = tmin·n·β

n·β − 1 (3.10)
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Theorem 8. Under Clone strategy, the expected execution time of a job

EClone(T ) = N ·
[
r·τkill + tmin + tmin

β·(r + 1)− 1

]
, (3.11)

where T denotes execution time of a job.

Proof. We first derive the machine running time of a task by adding the machine

running time of attempts killed at τkill and the machine running time of the attempt

that successfully completes, and then get the job’s machine running time by adding

the machine running time of all N tasks.

EClone(T ) equals the expectation of the machine running time of all N tasks, i.e.,

EClone(T ) = N ·E(Tj), where Tj is the machine running time of task j. Also, E(Tj)

equals the sum of the machine running times of the rkilled attempts and the execution

time of the attempt with the best progress score at τkill. Denote min{Tj,1, ..., Tj,r+1}

as W all
j , where Tj,a is the execution time of attempt a belonging to task j. Then,

E(Tj) = r·τkill + E(W all
j ). (3.12)

We can use the result from Lemma 4 to compute E(W all
j ). The parameter n in

Lemma 4 equals r + 1. Thus,

E(W all
j ) = tmin·β·(r + 1)

β·(r + 1)− 1 = tmin + tmin

β·(r + 1)− 1 . (3.13)

3.3.2 Speculative-Restart

Here we present the PoCD and machine running time analysis for the Speculative-

Restart strategy in Theorem 9 and Theorem 10, respectively.

Theorem 9. Under Speculative-Restart, the PoCD

RS−Restart =
1− t

β·(r+1)
min

Dβ·(D − τest)β·r

N . (3.14)

Proof. As in the proof of Theorem 7, we first derive the probability that a task

completes before the deadline. Then, we can obtain the PoCD by considering that all

N tasks of the job complete before the deadline.
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Theorem 10. Under Speculative-Restart, the expected execution time of a job,

ES−Restart(T ), equals

E(Tj|Tj,1≤D)·P (Tj,1≤D) + E(Tj|Tj,1>D)·P (Tj,1>D), (3.15)

where

P (Tj,1>D) = 1− P (Tj,1≤D) =
(
tmin

D

)β
,

E(Tj|Tj,1≤D) = tmin·D·β·(tβ−1
min −Dβ−1)

(1− β)·(Dβ − tβmin)
,

E(Tj|Tj,1>D) = τest + r·(τkill − τest)

+ tmin

β·r − 1 −
tβ·rmin

(β·r − 1)·(D − τest)β·r−1

+
∫ ∞
D−τest

(
D

ω + τest

)β
·
(
tmin

ω

)β·r
dω + tmin (3.16)

Proof. We first derive the machine running time of a task by considering if the

execution time of the original attempt is larger than D. If the execution time is no

more than D (denoted by E(Tj|Tj,1≤D) in (3.16)), there is no extra attempt launched,

and the machine running time is the execution time of the original attempt.

In the case that execution time is larger than D, the machine running time (denoted

by E(Tj|Tj,1 > D) in (3.16)) consists of three parts, i.e., (i) execution of the original

attempt from start to τest, (ii) machine time need to run r+1 attempts between τest
and τkill, and (iii) execution of the fastest attempt from τkill until it finishes. Due to

space limitation, we omit the proof details and refer to Appendix.

3.3.3 Speculative-Resume

Finally, we obtain PoCD and machine running time expressions for Speculative-

Resume in Theorems 11 and 12, respectively. Let us denote the average progress of

the original attempts at time τest as ϕj,est.

Theorem 11. Under Speculative-Resume, the PoCD

RS−Resume =
1− (1− ϕj,est)β·(r+1)·tβ·(r+2)

min
Dβ·(D − τest)β·(r+1)

N . (3.17)
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Proof. The proof is similar to the proof of Theorem 7, and details are omitted.

Theorem 12. Under Speculative-Resume, the expected execution time of a job

ES−Resume(T ) equals

E(Tj|Tj,1≤D)·P (Tj,1≤D) + E(Tj|Tj,1>D)·P (Tj,1>D), (3.18)

where

P (Tj,1>D) = 1− P (Tj,1≤D) =
(
tmin

D

)β
, (3.19)

E(Tj|Tj,1≤D) = tmin·D·β·(tβ−1
min −Dβ−1)

(1− β)·(Dβ − tβmin)
, and (3.20)

E(Tj|Tj,1>D) = τest + r·(τkill − τest) (3.21)

+ tmin·(1− ϕj,est)β·(r+1)

β·(r + 1)− 1 + tmin (3.22)

Proof. The proof is similar to the proof of Theorem 10, and is omitted.

We note that our analysis of PoCD and cost (including proof techniques of The-

orems 1-6) actually works with other distributions as well (even though the exact

equations/values may change in the derived results, depending on the distribution).

3.3.4 Comparing PoCD of Different Strategies

In this subsection, we compare the PoCDs of three strategies, and present results

in Theorem 13. We denote D − τest as D, and 1− ϕj,est as ϕj,est.

Theorem 13. Given r, we can get three conclusions:

1. Rclone > RS−Restart,

2. RS−Resume > RS−Restart,

3. if r > β· ln(ϕj,est·tmin)−lnD
lnD−ln(ϕj,est·D) , Rclone > RS−Resume;

Otherwise, Rclone≤RS−Resume.
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We provide an outline of our proof. Given r, Clone strategy launches r extra

attempts for each task from the beginning. For each straggler detected at τest, S-

Restart strategy launches r extra new attempts (that restart from zero) and keeps the

original attempt, while S-Resume strategy launches r extra attempts, which resume

to process the remaining ϕj,est data, for each straggler. If r is not large, it is clearly

better to kill the straggler, and launch extra r + 1 attempts to process remaining

workload, instead of leaving straggler running.

3.4 Joint PoCD and Cost Optimization

Starting multiple speculative/clone tasks leads to higher PoCD, but also results in

higher execution cost, which is proportional to the total VM time required for both

original and speculative/clone tasks, e.g., when VMs are subscribed from a public

cloud with a usage-based pricing mechanism. To exploit this tradeoff, we consider a

joint optimization framework for the three proposed strategies, to maximize a “net

utility" defined as PoCD minus execution cost. More precisely, we would like to:

max U(r) = f(R(r)−Rmin)− θ·C·E(T ), (3.23)

s.t. r ≥ 0, (3.24)

var. r ∈ Z. (3.25)

Here, R(r) is the PoCD that results by initiating r speculative/clone tasks in Clone,

S-Restart, or S-Resume strategies. To guarantee a minimum required PoCD, we

consider a utility function f(R(r)−Rmin), which is an increasing function and drops

to negative infinity if R(r) < Rmin. The usage-based VM price per unit time is C.

We use a tradeoff factor θ ≥ 0 to balance the PoCD objective f(R(r) − Rmin)

and the execution cost C·E(T ). By varying θ, the proposed joint optimization can

generate a wide range of solutions for diverse application scenarios, ranging from

PoCD-critical optimization with small tradeoff factor θ and cost-sensitive optimization

with large θ. Finally, while our joint optimization framework applies to any concave,

increasing utility function f , in this paper, we focus on logarithmic utility functions,
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f(R(r)−Rmin) = lg(R(r)−Rmin), which is known to achieve proportional fairness [46].

In the following, we will prove the concavity of the optimization objective U(r) for

different strategies and propose an efficient algorithm to find the optimal solution to

the proposed joint PoCD and cost optimization.

3.4.1 Optimizing Chronos

To evaluate convexity of the optimization objective Ustrategy(r), we first present

the following lemma on function compositions.
Lemma 5. [16] Suppose H(x) is a composite of f(x) and g(x), i.e., H(x) = f(g(x)).

If f(x) is increasing and both f(x) and g(x) are concave, then H(x) is a concave

function.

Theorem 14. The optimization objective Ustrategy(r) under Clone, S-Restart, and

S-Resume, i.e.,

Ustrategy(r) = lg(Rstrategy(r)−Rmin)− θ·C·Estrategy(T ), (3.26)

is a concave function of r, when r > Γstrategy, where

ΓClone = −β−1· logtmin/DN − 1. (3.27)

ΓS−Restart = β−1· logtmin/(D−τest)
Dβ

N ·tβmin
. (3.28)

ΓS−Resume = β−1· log (1−ϕj,est)·tmin
D−τest

Dβ

N ·tβmin
− 1. (3.29)

Proof. lg(Rstrategy(r) − Rmin) is an increasing and concave function of Rstrategy(r).

Also, when r>Γstrategy, the second derivative of Rstrategy is less than 0. So, Rstrategy

is a concave function of r, when r>Γstrategy. Based on Lemma 5, we know that

lg(RClone −Rmin) is a concave function of r, when r>Γstrategy.

The second derivative of −Estrategy(T ) is less than 0. Since the sum of two

concave functions is also a concave function, Ustrategy(r) is a concave function when

r>Γstrategy.

We note that for non-deadline sensitive jobs, as job deadlines increase and become

sufficiently large, the optimal r will approach zero. Thus, there is no need to launch

speculative or clone attempts for these non-deadline sensitive jobs.
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3.4.2 Our Proposed Optimization Algorithm

We present the algorithm for solving the optimal r to maximize the “PoCD

minus cost" objective for the three strategies. First, our analysis shows that the

optimization objective is guaranteed to be concave when r is above a certain threshold,

i.e., r > Γstrategy, for Clone, Speculative-Restart, and Speculative-Resume strategies.

Thus, we can leverage the concavity property and employ a gradient descent method

to find the optimal objective Ustrategy,opt(ropt) and solution ropt, when the objective is

concave, i.e., r > Γstrategy for different threshold Γstrategy. Second, for the non-concave

regime, r ≤ Γstrategy, which contains a limited number of integer points (typically, less

than 4, as we will see later), we use a simple search to find the maximum objective

value over all integers r ≤ Γstrategy. This hybrid algorithm can efficiently find the

optimal solution to the joint PoCD and cost optimization, due to the optimality of

convex optimization when r > Γstrategy, as well as the limited complexity for searching

r ≤ Γstrategy. The proposed algorithm is summarized in Algorithm 7. In Algorithm 7,

η, α and ξ determine the accuracy and complexity of the algorithm, and their values

depend on the values of N , θ, τest, τkill and C.

Theorem 15. Algorithm 7 finds an optimal solution for the net utility optimization

problem in (3.23).

Proof. For r≥dΓstrategye, UStrategy(r) is a concave function of r, and the Gradient-based

Line Search can find the maximum value of UStrategy(r) in polynomial time, where

strategy can be either Clone, S-Restart, or S-Resume. We can then compute the

UStrategy(r), ∀ r ∈ 0, ..., dΓstrategye − 1, and compare the result from Gradient-based

Line Search to get the maximum value of UStrategy(r), ∀ r≥0. Since Γstrategy is typically

a small number, Algorithm 7 can find the optimal r for maximizing net utility.

3.5 Implementation

We develop Chronos (including Clone, Speculative-Restart and Speculative-Resume)

using Hadoop YARN, which consists of a central Resource Manager (RM), a per-
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Algorithm 7 Unifying Optimization Algorithm
strategy={Clone, S-Restart, S-Resume}

//Phase 1 : Gradient-based Line Search[16]

r = dΓstrategye

while |∇UStrategy(r)|>η do

4r = −∇UStrategy(r)

ε = 1

while UStrategy(r + ε·4r) > UStrategy(r) + α·ε·∇UStrategy(r)·4r do

ε = ξ·ε

end while

r = r + ε·4r

end while

Ustrategy,opt(ropt) = Ustrategy(r)

ropt = r

//Phase 2 : Finding optimal solution for r≥0

for r = 0 : dΓstrategye − 1 do

Compute utility function Ustrategy(r)

if Ustrategy(r) > Ustrategy,opt(ropt) then

Ustrategy,opt(ropt) = Ustrategy(r)

ropt = r

end if

end for
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application Application Master (AM) and a per-node Node Manager (NM). The AM

negotiates resources from the RM and works with the NMs to execute and monitor

an application’s tasks. Our optimization algorithm is implemented in the AM to

calculate the optimal r upon job submission to be used by all strategies. Chronos uses

the progress score which is provided by Hadoop to estimate the expected completion

time of a given task. The progress score of the map phase represents the fraction

of data processed. In Chronos, we modified the default Hadoop speculation method

and implemented our new progress estimation mechanism, which significantly im-

proves the estimation accuracy by taking into account the time overhead for launching

MapReduce tasks, which is ignored by Hadoop.

3.5.1 Implementing Clone Strategy

Upon submission of a job, the AM creates tasks and queues them for scheduling.

Then, the AM asks the RM for containers to run its tasks. In Clone, the AM solves the

proposed joint optimization problem to determine the optimal r before creating tasks

for a given job. As discussed in Section 3.4, r is the number of extra attempts for each

task. Once r is found, whenever a map task belonging to the job is created, the AM

also creates extra r copies of the same task, which start execution simultaneously with

the original one. After launching the r + 1 attempts, the AM monitors all attempts’

progress scores, and after τkill, the attempt with the highest progress score is kept

alive and will continue running, while all other slower clone tasks are killed.

3.5.2 Implementing Speculation Strategies

Unlike default Hadoop, the proposed Chronos system launches r speculative

attempts for each straggler task, whose estimated completion time falls behind the

target deadline. The optimal number of attempts r is calculated by the AM after a

job is submitted, by solving the joint PoCD and cost optimization. The AM monitors

all active tasks and launches speculative attempts for the tasks that has an estimated
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Figure 3.2: (a) Normalized execution time vs. progress of Default Hadoop, (b)

Normalized execution time vs. progress of new scheme

completion time (tect) higher than their target deadline D. In particular, we have

tect = tlau + teet, (3.30)

where tlau and teet are task launching time (i.e., the amount of time it takes from when

the task is launched to the time the task starts executing) and estimated execution time,

respectively. In our experiments, we observed that Hadoop’s default task completion

time estimation is highly unreliable. In Hadoop, task estimated execution time equals

the difference between current time and the time at which the task is launched (τlau),

divided by the reported progress score. We run 1000 tasks on Default Hadoop, and get

the progress score from Hadoop Reporter every 3 seconds. We also get the normalized

time, which is the difference between the current time and the task launching time,

divided by the actual task execution time. The execution time estimation is accurate

if the progress score is equal to the normalized time. Figure 2 shows the relation

between normalized time and the progress score for Hadoop. It can clearly be seen

that the estimate is far from accurate.

The task completion time estimation error is mainly caused by Hadoop’s assumption

that a task starts running right after it is launched. However, this is not true especially

in highly contended environments where JVM startup time is significant and cannot

be ignored. We therefore take into consideration the time to launch a JVM when

estimating task progress and completion time. Task execution time consists of two
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Figure 3.3: Comparisons of HNS, HS, Clone, S-Restart and S-Resume with respect to

PoCD, Cost and Utilities with different benchmarks.

parts, i.e., the time for launching JVM, and the time for processing the workload.

Chronos calculates the time for launching JVM by finding the difference between

the time when the first progress report is received (tFP) and tlau. Therefore, the new

estimated completion time is given by

tect = tlau + (tFP − tlau) + tnow − tFP

CP − FP
, (3.31)

where tnow−tFP
CP−FP is the time for processing the workload, and FP and CP are the first

reported progress value and current reported progress value, respectively. The time for

launching JVM can be accurately known when a task starts to process its workload,

and we just need to show that the estimation time for processing workload is accurate.

So, we run 1000 tasks on Hadoop to justify the accuracy of our estimation scheme.

Every 3 seconds, we get progress score from Hadoop Reporter. Also, we get normalized

time, which is the difference between current time and tFP, divided by actual workload

processing time. If progress score equals normalized time, our estimation scheme is

accurate. Figure 3.2b shows the relation between normalized time and progress score,
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and it shows that our estimation is much more accurate than the default scheme. The

main reason for the improvement in accuracy is that the progress score is not related

to the time for launching JVM, and represents the percentage of processed workload.

3.5.2.1 Speculative-Restart

For this strategy, the AM monitors all running tasks and estimates their tect. If

the AM finds that a task’s estimated completion time tect at τest exceeds deadline D,

an optimal number r of extra attempts are created and launched. At τkill, all attempts

are killed except for the one with the highest progress score. Unlike default Hadoop,

Chronos launches speculative copies once it detects a straggler at τest.

3.5.2.2 Speculative-Resume

Our implementation of Speculative-Resume employs a work-preserving mechanism.

The key idea is that the AM keeps track of an (original) attempt’s data processing

progress, maintains the latest (data) record’s offset, and passes the offset to the new

speculative attempts at τest if speculation is determined to be necessary. It ensures

that the speculative attempts do not process the already processed data and can

seamlessly “resume" executing data where the original attempt left off.

A challenge in implementing Speculative-Resume is that Chronos needs to consider

the launching time of new speculative attempts, since JVM startup time postpones

the actual start of execution of new attempts. Our solution estimates the number

of bytes that will be processed (bextra) by the original attempt during speculative

attempts’ launching time. Then, the speculative attempts will skip these bytes and

start processing data from an anticipated offset. The speculative launching mechanism

allows the original and speculative attempts to switch seamlessly and effectively avoids

any JVM startup time overhead. More precisely, at τest, Chronos records the number

of bytes processed by the original attempt (best), and then estimates the number of

bytes to be processed by the original attempt during speculative attempt’s startup

time (bextra) as follows:
best

τest − tFP
·(tFP − tlau). (3.32)
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Figure 3.4: Comparisons of Clone, S-Restart and S-Resume on PoCD with different

τest and τkill.

Next, our new byte offset to be used by the speculative attempts to start processing

data is calculated as bnew = bstart + best + bextra, where bstart is the offset of the first byte

of the split, which is the data to be processed by a task. Note that in this strategy,

Chronos launches r + 1 new copies for each straggler after killing the original one.

This is because the original attempt was deemed to be a straggler (for reasons such as

node malfunction or operating system disruption), and since all new attempts start

from bnew, there is no data-processing delay for relaunching (and rejuvenating) the

original attempt at a new location.

3.6 Evaluation

We evaluate Clone, Speculative Restart (S-Restart), and Speculative Resume (S-

Resume) through both testbed experiments and large-scale simulations with real-world

data center trace. In all three strategies, the optimal number ropt of clone/speculative

attempts are found by solving our proposed PoCD and cost optimization. We compare

the three strategies with Default Hadoop without Speculation (Hadoop-NS), Default

Hadoop with Speculation (Hadoop-S), and Mantri, which serve as baselines in our

evaluation.
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Figure 3.5: Comparisons of Clone, S-Restart and S-Resume on Cost with different τest
and τkill.
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Figure 3.6: Comparisons of Clone, S-Restart and S-Resume on Utility with different

τest and τkill.

3.6.1 Experiment Results

3.6.1.1 Setup

We deploy our prototype of Clone, Speculative Restart, and Speculative Resume

strategies on Amazon EC2 cloud testbed consisting of 40 nodes. Each node has 8

vCPUs and 2GB memory.The three strategies are evaluated by using the Map phases

of four classic benchmarks, i.e., Sort, SecondarySort, TeraSort, and WordCount. Sort

and SecondarySort are I/O bound applications, whereas WordCount and the map

phase of TeraSort are CPU-bound. We generate workloads for Sort and TeraSort

by using RandomWriter and TeraGen applications, respectively. Also, we generate
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random number pairs as workload for SecondarySort. The sizes of all workloads

are 1.2GB. To emulate a realistic cloud infrastructure with resource contentions,

we introduce background applications in the host OS of the physical servers, which

repeatedly execute some computational tasks and inject background noise in our

testbed. We observe that the task execution time measured on our testbed follows a

Pareto distribution with an exponent β < 2. This is consistent with observations made

in [10, 94, 110, 133]. As shown in Morpheus [52] and Jockey [34], job deadlines can

be introduced by third parties and/or specified in Service Level Agreements (SLAs).

In our experiments, we consider jobs with different deadline sensitivities by setting

deadlines as different ratios of average job execution time. To evaluate the impact

of background noise (in resource utilization), We use the Stress utility to generate

background applications. Stress is a tool to imposes a configurable amount of CPU,

memory, I/O, and disk stress on the system, and it is widely used to evaluate cloud

and VM performance, such as in [1, 19, 54, 86].

3.6.1.2 Results

In the following, we compare Hadoop-NS, Hadoop-S, Clone, S-Restart, and S-

Resume with respect to PoCD, cost, and total net utility. We execute 100 MapReduce

jobs using Chronos on our testbed. Each job has 10 tasks and a deadline equal to

100 sec or 150 sec (emulating jobs with different deadline sensitivities). We measure

the PoCD by calculating the percentage of jobs that finish before their deadlines,

and the cost by multiplying the machine running time, i.e., the average job running

time (i.e., VM time required), and a fixed price per unit VM time that is obtained by

Amazon EC2 average spot price (C). In all experiments, we set the tradeoff factor as

θ = 10, i.e., 1% of PoCD utility improvement is equivalent to 0.001 units of VM cost

reduction (since 1% = θ · 0.001). We then solve the corresponding joint PoCD and

cost optimization and compare the performance of various algorithms.

Figure 3.3a and Figure 3.3b show PoCD and cost of the five strategies with different

benchmarks, respectively. The deadline is 100 sec for Sort and TeraSort, and is 150

sec for SecondarySort and WordCount. For our three strategies, τest and τkill are set to
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40 sec and 80 sec, respectively. Hadoop-NS has the lowest PoCD, and relatively large

cost. Even though Hadoop-NS does not launch extra attempts, the large execution

time of stragglers increases the cost. Hadoop-S can launch extra attempts for slow

tasks, but only after at least one task finishes. Because Hadoop-S does not consider

deadlines, it might launch extra attempts for tasks that may finish before the deadline.

Clone launches extra attempts for each task, and it makes both PoCD and cost be

the largest among the five strategies. S-Restart and S-Resume launch extra attempts

for tasks whose estimated execution time is larger than the deadline. Due to the fact

that S-Resume does not re-process data and kills the original attempt, S-Resume

can achieve larger PoCD and smaller cost. Figure 3.3c compares the performance of

the five strategies in terms of the overall net utility. The results show that our three

strategies outperform Hadoop-NS and Hadoop-S by up to 33% on net utility value.

In particular, the three strategies can improve PoCD by up to 80% and 19% over

Hadoop-NS and Hadoop-S, respectively, while S-Resume introduces little additional

cost compared with Hadoop-NS and Hadoop-S. This significant improvement comes

from not only launching multiple (optimal number of) attempts for stragglers, but

also maintaining only the fastest progress attempt at τkill, thereby introducing limited

execution time overhead. For net utility, since we use the PoCD of Hadoop-NS as

Rmin, its utility is negative infinity.

3.6.2 Simulation Results

To provide insights on determining the optimal parameters (such as τest and τkill)

of Chronos, we first study the impact of choosing different parameters in Clone,

S-Restart, and S-Resume. In experiments, each job has 10 tasks and task duration

follows Pareto distribution (tmin = 100sec, β = 1.2). The deadline for jobs is 150sec.

Figure 3.4, 3.5, 3.6 shows performance comparison with varying τest and τkill.

Under Clone strategy, τest has only one value, which is 0. Under S-Restart and S-

Resume, there exists an interesting tradeoff between estimation accuracy and timeliness

of speculation, which is characterized by τest. Initially, as τest increases, both PoCD

and cost decrease. This is because with limited observation available for a small τest,
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Figure 3.7: Comparisons of Mantri, Clone, S-Restart and S-Resume on PoCD, Cost,

and Utility with different tradeoff factors θ.

Hadoop tends to overestimate the execution time of attempts at the beginning, while

making more accurate estimations as more observations become available for large

τest. More precisely, when τest is small, more tasks are considered as stragglers, and

extra attempts are launched more aggressively. This leads to both high PoCD and

large cost. On the other hand, when τest becomes too large, it might be too late to

meet the deadline for straggling tasks.

Also, we can see that as τkill increases, the execution time of clone/speculative

attempts increases, resulting in higher cost, while more accurate estimation of progress

and execution time can be obtained. Due to higher cost for executing clone/speculative

attempts as τkill increases, the optimal r decreases in order to re-balance PoCD and

cost in the joint optimization. As a result, PoCDs are not monotonically increasing or

decreasing. Based on the results, S-Restart and S-Resume can achieve the highest net

utilities when τkill − τest = 0.1·tmin.

Next, to evaluate our proposed Chronos system at scale, we conduct a trace-driven
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Figure 3.8: Comparisons of HNS, HS, Clone, S-Restart and S-Resume in terms of

PoCD, MRT and net utilities with different βs.

simulation of a large-scale datacenter. We (i) leverage Google trace [2] to generate

MapReduce jobs with different parameters and arrival times, and (ii) make use of spot

instance price history from Amazon EC2 to calculate the cost of executing different

strategies. We simulate 30 hours of job trace including a total of 2700 jobs with 1

million tasks from Google trace. For each job, we get the start time, the execution

time distributions, the number of tasks, and job ID, and use Pareto distribution to

generate the execution times of tasks that match the execution time distribution in

the real-world trace.

In Figure 3.7a, 3.7b, and 3.7c, we compare Mantri, Clone, S-Restart, and S-Resume

in terms of PoCD, Cost, and Utility with different θ values to illustrate the tradeoff

achieved by different strategies.

Figure 3.7a shows the effect of varying tradeoff factor θ on PoCD. As θ increases,

the cost has a higher weight and becomes more critical in the joint optimization. Thus,

fewer
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clone/speculative attempts are launched, and PoCD decreases, leading to decreased r

to re-balance PoCD and cost in the optimal solution. It is seen that the PoCD of Clone

decreases more than others since it incurs higher cost to execute clone attempts than

speculative attempts. To validate this, we also present the histograms of the optimal

value of r for Clone with θ = 1e-5, Clone with θ = 1e-4, S-Resume with θ = 1e-5, and

S-Resume with θ = 1e-4 in Figure 3.9. As θ increases from 1e-5 to 1e-4, the optimal

r for the vast majority of jobs decreases from r = 2 to r = 1 under Clone strategy,

whereas the optimal majority r decreases from r = 4 to r = 3 under S-Resume strategy.

Recall that Mantri aggressively launches and kills extra attempts. Thus, with a larger

number of extra attempts running along with original tasks, Mantri can achieve high

PoCD, but it also runs up significant cost to execute the speculative attempts. Our

results show that S-Resume has the highest PoCD and outperforms Clone strategy by

56%.

Figure 3.7b shows the effect of varying θ on Cost. As θ increases, fewer extra

attempts are launched, and the costs of Clone, S-Restart, and S-Resume all decrease.

With a larger number of clone/speculative attempts running along with original

tasks, the cost of Mantri is much higher than others. The results show that Mantri

introduces 50%, 67%, and 88% higher cost compared with Clone, S-Restart, and

S-Resume, respectively, making it non-optimal in terms of net utility optimization.

Figure 3.7c compares the net utility for varying θ. The utility of Mantri decreases

the most as θ increases, since it introduces the largest cost compared with other
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strategies. S-Resume attains the best net utility, since it has the highest PoCD and

lowest cost. Clone, S-Restart, and S-Resume can outperform Mantri by 31%, 43%,

and 50%, respectively.

Figure 3.8a and 3.8b compares the performance of different strategies by varying

β, the exponent in Pareto distribution. A smaller β corresponds to a smaller decaying

in task execution time distribution, implying a heavier tail. In this simulation, we

set deadline as 2 times the average task execution time. Because average execution

time is tmin + tmin
β−1 under Pareto distribution, as β increases, the average execution

time decreases, which results in decreasing costs. Also, as β increasing, the value of

optimal r decreases due to a smaller tail in task execution time.

Figure 3.8c shows net utility achieved by different strategies under various β. We

observe that Clone, S-Restart and S-Resume outperform Hadoop-NS and Hadoop-S

when β varies from 1.1 to 1.9.

In summary, as our analysis and experiment results show, if the unit cost of

machine running time decreases, Clone becomes more preferable than S-Resume due

to smaller up-front cost that is resulted from running the clone attempts (starting

from t = 0). Further, S-Resume always outperforms S-Restart, since it is able to

capitalize on the partially computed results and pick up the task execution from the

breakpoint. But we also note that S-Resume may not be possible in certain (extreme)

scenarios such as system breakdown or VM crash, where only S-Restart is feasible.

3.7 Conclusion

We present Chronos, a unifying optimization framework to provide probabilistic

guarantees for jobs with deadlines. Our framework aims to maximize the probability

of meeting job deadlines and minimize the execution cost. We present and optimize

three different strategies to mitigate stragglers proactively and reactively. Our solution

includes an algorithm to search for the optimal number of speculative copies needed.

Moreover, we present an improved technique to estimate the expected task completion

time. Our results show that Chronos can outperform by up to 80% in terms of PoCD

over Hadoop-NS, and by 88% in terms of cost over Mantri. Multi-wave executions

59



will be considered in our future work.

3.8 Appendix

In this section, we present details for proving Theorem 9, 10, 11, 12, 13, 14. To

prove Theorem 10, we first present Lemma 6.

Lemma 6. Let A and B follow Pareto distribution with (amin, β) and (bmin, β), re-

spectively. Given amin≤bmin, then

fB(b) = fA(b|A > bmin) (3.33)

PROOF OF THEOREM 9

Proof. In this proof, we first derive the probability of a task completes before the

deadline, and then derive the PoCD by considering all N tasks completing before the

deadline.

We first compute the probability that an original attempt fails to finish before D.

We denote the probability that an original attempt fails to finish before D as PRestart,o,

which equals

PRestart,o = P (Tj,1 > D) =
(
tmin

D

)β
. (3.34)

If the original attempt’s execution time is larger than D, r extra attempts are

launched at τest. If an extra attempt fails to finish before D, it means that the

execution time is more than D− τest. We denote the probability that an extra attempt

fails to finish before D as PRestart,e, which equals

PRestart,e = P (Tj,a > D − τest) =
∫ ∞
D−τest

βtβmin
tβ+1 dt =

(
tmin

D − τest

)β
. (3.35)

A task fails to finish before D when the original attempt and r extra attempts

launched at τest fail to finish before D. Thus, the probability that a task can finish

before D is 1− PRestart,o·P r
Restart,e. Also, a job can finish before the deadline D when

all N tasks can finish before D. Thus, PoCD RS−Restart equals

(1− Prestart,o·(Prestart,e)r)N =
1− t

β·(r+1)
min

Dβ·(D − τest)β·r

N . (3.36)
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PROOF OF THEOREM 10

Proof. In this proof, we first derive machine running time of a task by considering

if the execution time of the original attempt is larger than D. If execution time is

no more than D, there is no extra attempt launched. The machine running time

is execution time of original attempt. If the execution time is larger than D, task

machine time is the summation of machine running time of extra attempts killed at

τkill and machine running time of the attempt successfully completed, and then get

job’s machine running time by adding machine running time of N tasks together.

ES−Restart(T ) equals the expectation machine running time of all N tasks, i.e.,

ES−Restart(T ) = N ·E(Tj), where Tj is the machine running time of task j. For task

j, if the execution time of the original attempt exceeds D (Tj,1>D), extra attempts

are launched at τest. Thus, we consider E(Tj) in whether the execution time of the

original attempt exceeds D or not, i.e., Tj,1≤D, or Tj,1>D, and E(Tj) equals

E(Tj|Tj,1≤D)·P (Tj,1≤D) + E(Tj|Tj,1>D)·P (Tj,1>D), (3.37)

where

P (Tj,1>D) = 1− P (Tj,1≤D) =
(
tmin

D

)β
. (3.38)

Case 1. Tj,1≤D.

The execution time of the original attempt is no more than D, and there is no

extra attempt launched at time τest. Because

E(Tj|Tj,1≤D) =
∫ ∞
tmin

t·fTj(t|Tj,1≤D)dt, (3.39)

we first compute fTj(t|Tj,1≤D), which is

fTj(t|Tj,1≤D) =


β·tβmin·D

β

(Dβ−tβmin)·tβ+1 , D>t>tmin;

0, otherwise,
(3.40)

By deriving Equ. (3.39), we can get

E(Tj|Tj,1≤D) = tmin·D·β·(tβ−1
min −Dβ−1)

(1− β)·(Dβ − tβmin)
. (3.41)

Case 2. Tj,1>D.
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The execution time of the original attempt is more than D, and r extra attempts

are launched at time τest. At time τkill, a attempt with the smallest finish time is left

for running, and other r attempts are killed.

E(Tj|Tj,1>D) consists of three parts, i.e., machine running time of the original

attempt before τest, machine running time of r killed attempts between τest and

τkill, and execution time of the attempt with the smallest finish time after τest.

Since the original attempt starts τest earlier than extra attempts, Tj,1 − τest is the

execution time of the original attempt after τest, and min(Tj,1 − τest, Tj,2, ..., Tj,r+1) is

the execution time of the attempt with the smallest finish time after τest. We denote

min(Tj,1 − τest, Tj,2, ..., Tj,r+1) as W all
j . So, E(Tj|Tj,1>D) equals

τest + r·(τkill − τest) + E(W all
j |Tj,1>D). (3.42)

Based on Lemma 6, we can transform E(W all
j |Tj,1>D) to E(Ŵ all

j ), where Ŵ all
j =

min(T̂j,1 − τest, Tj,2, .., Tj,r+1), and the minimum values of T̂j,1 is D. Also, we denote

min(Tj,2, ..., Tj,r+1) as W extra
j .

We compute E(Ŵ all
j ) by using Lemma 4, i.e.,

E(Ŵ all
j ) =

∫ ∞
tmin

P (T̂j,1 − τest≥ω)·P r(Tj,a≥ω)dω + tmin, (3.43)

where

P (T̂j,1 − τest≥ω) =

 ( D
ω+τest )

β, ω≥D − τest;

1, ω<D − τest,
(3.44)

and

P (Tj,a≥ω) =

 ( tmin
ω

)β, ω≥tmin;

1, ω<tmin.
(3.45)

Because D − τest should be no less than tmin, otherwise there is no reason for

launching extra attempts, thus

E(Ŵ all
j ) = tmin

β·r − 1 −
tβ·rmin

(β·r − 1)·(D − τest)β·r−1

+
∫ ∞
D−τest

(
D

ω + τest

)β
·
(
tmin

ω

)β·r
dω + tmin (3.46)
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PROOF OF THEOREM 11

Proof. In this proof, we first derive the probability that a task completes before the

deadline, and then derive the PoCD by considering all N tasks complete before the

deadline.

We first compute the probability of an original attempt failed to finish before D.

We denote the probability that an original attempt fails to finish before D as PResume,o

that

PResume,o = P (Tj,1 > D) =
(
tmin

D

)β
. (3.47)

If the original attempt’s execution time is larger than D, the original attempt is

killed, and r + 1 extra attempts are launched at τest. Suppose the original attempt

processed ϕj,est fraction of data, extra attempts continue to process the remaining

1 − ϕj,est fraction of data. An extra attempt failed to finish before D means the

execution time is more than D− τest. We denote the probability that an extra attempt

fails to finish before D as PResume,e that

PResume,e = P ((1− ϕj,est)·Tj,a > D − τest) =
[

(1− ϕj,est)·tmin

D − τest

]β
. (3.48)

A task fails to finish before D when the original attempt and the r extra attempts

launched at τest fail to finish before D. Thus, the probability that a task finishes

before D is 1− PResume,o·P r+1
Resume,e. Also, the job finishes before the deadline D when

all N tasks finish before D. Thus, PoCD RS−Resume equals

RS−Resume = (1− Presume,o·(Presume,e)r+1)N

=
1− (1− ϕj,est)β·(r+1)·tβ·(r+2)

min
Dβ·(D − τest)β·(r+1)

N . (3.49)

PROOF OF THEOREM 12

Proof. In this proof, we first derive machine running time of a task by considering

if the execution time of the original attempt is larger than D. If execution time is

no more than D, there is no extra attempt launched. The machine running time
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is execution time of original attempt. If the execution time is larger than D, task

machine time is the summation of machine running time of extra attempts killed at

τkill and machine running time of the attempt successfully completed, and then get

job’s machine running time by adding machine running time of N tasks together.

ES−Resume(T ) equals the expectation machine running time of all N tasks, i.e.,

ES−Resume(T ) = N ·E(Tj), where Tj is the machine running time of task j. For task

j, if the execution time of the original attempt exceeds D (Tj,1>D), extra attempts

are launched at τest. Thus, we consider E(Tj) in whether the execution time of the

original attempt exceeds D or not, i.e., Tj,1≤D, or Tj,1>D, and E(Tj) equals

E(Tj|Tj,1≤D)·P (Tj,1≤D) + E(Tj|Tj,1>D)·P (Tj,1>D), (3.50)

where

P (Tj,1>D) = 1− P (Tj,1≤D) =
(
tmin

D

)β
. (3.51)

Case 1. Tj,1≤D.

The execution time of the original attempt is no more than D, and there is no

extra attempt launched at time τest. Because

E(Tj|Tj,1≤D) =
∫ ∞
tmin

t·fTj(t|Tj,1≤D)dt, (3.52)

we first compute fTj(t|Tj,1≤D), which is

fTj(t|Tj,1≤D) =


β·tβmin·D

β

(Dβ−tβmin)·tβ+1 , D>t>tmin;

0, otherwise,
(3.53)

By deriving Equ. (3.52), we can get

E(Tj|Tj,1≤D) = tmin·D·β·(tβ−1
min −Dβ−1)

(1− β)·(Dβ − tβmin)
. (3.54)

Case 2 Tj,1>D

The execution time of the original attempt is more than D, and the original

attempt is killed at τest. r + 1 extra attempts are launched at τest, and continue to

process remaining (1 − ϕj,est) data. At τkill, r extra attempts are killed and leave

an extra attempt with the smallest finishing time running. E(Tj|Tj,1>D) consists of
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three parts, i.e., machine running time of the original attempt before τest, machine

running time of killed extra attempts between τest and τkill, and execution time of the

extra attempt with the smallest finish time. So,

E(Tj|Tj,1>D) = τest + r·(τkill − τest) + E(W new
j ), (3.55)

where W new
j = min(Tj,2, ..., Tj,r+1), and Tj,a = (1− ϕj,est)·Tj,1, ∀a ∈ 2, ..., r + 1. Based

on Lemma 4,

E(W new
j ) =

∫ ∞
tmin

P r+1((1− ϕj,est)·Tj,1 > t)dt+ tmin (3.56)

= tmin·(1− ϕj,est)β·(r+1)

β·(r + 1)− 1 + tmin. (3.57)

PROOF OF THEOREM 13

Proof. Suppose function f(x) equals (1 − x)N , where N is an integer. f(x) is a

monotonic non-increasing function, i.e., f(x1)≥f(x2), if and only if x1≤x2.

In following, we compare among (1 − Rclone)1/N , (1 − RS−Restart)1/N , and (1 −

RS−Resume)1/N .

3.8.0.1 PoCD comparison between Clone and Speculative-Restart

(1−Rclone)1/N

(1−RS−Restart)1/N =
(
D − τest

D

)β·r
< 1 (3.58)

Thus, Rclone > RS−Restart.

3.8.0.2 PoCD comparison between Speculative-Restart and Speculative-Resume

(1−RS−Restart)1/N

(1−RS−Resume)1/N = (D − τest)β

tβmin·(1− ϕj,est)β·(r+1)
(3.59)

Given D − τest≥tmin·(1− ϕj,est), we can get RS−Restart<RS−Resume.
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3.8.0.3 PoCD comparison between Clone and Speculative-Resume

(1−Rclone)1/N

(1−RS−Resume)1/N = (D − τest)β·(r+1)

(1− ϕj,est)β·(r+1)·Dβ·r·tβmin
(3.60)

Given the original attempt misses the deadline, then D− τest < (1−ϕj,est)·D. Thus, if

r > log D−τest
(1−ϕj,est)·D

(1− ϕj,est)β·tβmin
D − τest

, (3.61)

then Rclone>RS−Resume. Otherwise, Rclone≤RS−Resume.

PROOF OF THEOREM 14

Proof. In following, we prove lg(RClone(r)−Rmin) is a concave function when r>ΓClone =

−β−1· logtmin/DN − 1, and −θ·C·EClone(T ) is a concave function for all values of r.

lg(RClone(r)−Rmin) is an increasing and concave function of RClone(r). Also, when

r>ΓClone, the second order derivative of RClone is less than 0. So, RClone is a concave

function of r, when r>ΓClone. Based on Lemma 5, we know that lg(RClone −Rmin) is

a concave function of r, when r>ΓClone.

The second order derivative of −EClone(T ) equals

− 2·N ·tmin

[β·(r + 1)− 1]3 , (3.62)

which is less than 0. Given the summation of two concave functions is also a concave

function, thus UClone(r) is a concave function when r>ΓClone.

Proof. In following, we prove lg(RS−Restart −Rmin) is a concave function when

r > ΓS−Restart = β−1· logtmin/(D−τest)
Dβ

N ·tmin
, (3.63)

and −θ·C·ES−Restart(T ) is a concave function for all values of r.

lg(RS−Restart(r)−Rmin) is an increasing and concave function of RS−Restart(r). Also,

when r>ΓS−Restart, the second order derivative of RS−Restart is less than 0. So, RS−Restart

is a concave function of r, when r>ΓS−Restart. Based on Lemma 5, we know that

lg(RClone −Rmin) is a concave function of r, when r>ΓS−Restart.
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The second order derivative of −ES−Restart(T ) is

−
∫ tmin

D−τest

(
tmin

D

)β (
ln tmin

ω

)2
·β2·

(
tmin

ω

)β·r
dω

−
∫ ∞
D−τest

(
ln tmin

ω

)2
·β2·

(
tmin

ω + τest

)β (tmin

ω

)β·r
dω, (3.64)

which is less than 0. Given the summation of two concave functions is also a concave

function, thus US−Restart(r) is a concave function when r>ΓS−Restart.

Proof. In following, we prove that lg(RS−Resume(r)−Rmin) is concave when

r>ΓS−Resumeβ
−1· log t̄min

D−τest

Dβ

N ·tβmin
− 1, (3.65)

and −θ·C·ES−Resume(T ) is concave for all values of r.

First, we note that lg(RS−Resume(r)−Rmin) is an increasing and concave function

of RS−Resume(r). Also, when r>ΓS−Resume, the second order derivative of RS−Resume is

less than 0. So, RS−Resume is a concave function of r, when r>ΓClone. Based on Lemma

5, we know that lg(RS−Resume −Rmin) is a concave function of r, when r>ΓS−Resume.

The second order derivative of −ES−Resume(T ) equals

−
∫ ∞
tmin

(
tmin

D

)β ( t̄min

t

)β·(r+1)

·
(

ln t̄min

t

)2

·β2dt (3.66)

which is less than 0. Given the summation of two concave functions is also a concave

function, thus US−Resume(r) is a concave function when r>ΓS−Resume.
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Chapter 4 LASER: A Deep Learning Approach for Speculative

Execution and Replication of Deadline-Critical Jobs in Cloud

In this chapter, we present LASER, a deep learning approach for speculative

execution and replication of deadline-critical jobs. Machine learning has been used to

solve a large variety of classification and prediction problems. We use a deep neural

network (DNN), a specific machine learning tool, to solve the straggler mitigation

problem [136].

4.1 Background

Deep neural network, modeled loosely after the human brain, consists of an input

layer, hidden layers, and an output layer (see Fig. 4.1). The input layer takes inputs

from a dataset, and passes data to the following hidden layer. Each hidden layer,

which is not directly exposed to the input data, consists of multiple neurons. A neuron

is a computational unit that takes weighted inputs and generates an output using

an activation function which is non-linear. In this paper, we use a state-of-the-art

activation function, i.e., parametric rectified linear unit (parametric ReLU) [41]. The

parametric ReLU learns parameters and adjusts them through gradient descent, and

has been shown to achieve superhuman performance in some cases [41]. The output

layer takes results from hidden layers, and produces a value or a vector of values.

Mathematically, the output of the lth layer, yl, is given by:

yl = fact(Wl·xl + βl), (4.1)

where fact, Wl, and βl denote the activation function, the weight of layer l, and the

bias of layer l, respectively. Here, xl is the input of layer l, which is also the output of

layer l − 1, i.e., xl = yl−1.

DNN is known to outperform traditional machine learning algorithms, and is widely

used for processing images, videos, speech, etc. [12, 72–74, 116, 131, 134, 146, 147].

To the best of our knowledge, there is no existing work combining DNN with cloud

computing framework to mitigate stragglers.
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Figure 4.1: A deep neural network.

Given a job with a deadline, we propose a metric called the Probability of Com-

pletion before Deadline (PoCD) to quantify the likelihood of a straggler mitigation

strategy to meet job deadlines. In this paper, we present two scheduling strategies,

Speculative-Resume with Quantitative Analysis (SRQuant) and Speculative-Resume

with DNN (LASER) to jointly improve PoCD and reduce the cost resulting from spec-

ulative task executions, and find the number of speculative attempts for each straggler.

In SRQuant, we provide a quantitative analysis for PoCD and cost. In LASER, we

combine DNN with cloud computing framework to predict the task execution time and

determine the number of speculative attempts to launch for each straggler based on

features collected. Results show that our two strategies outperform Hadoop with no

speculation (Hadoop-NS) and Hadoop with default speculative strategy (Hadoop-S)

by up to 89% in PoCD and 13% in cost.

4.2 Related Work

While a large variety of techniques have been proposed for improving the per-

formance of MapReduce-like systems, little research has been conducted to mitigate

stragglers with the goal of meeting desired deadlines. In this section, we provide a

review of closely related works on task scheduling techniques, and straggler mitigation
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strategies.

To improve the performance of MapReduce-like systems, the design of job schedulers

has become an active research topic [7, 24, 25]. [24] introduces a job scheduler to

dynamically determine resource allocation of jobs based on estimations of the job

completion time and the future resource availability. [25] employs a machine learning

algorithm to predict available resources to minimize job deadline misses. However,

these works do not consider stragglers which might severely prolong the job execution

time.

Both proactive and reactive strategies have been proposed for mitigating strag-

glers [9, 11, 48, 95, 110, 148, 158]. All of these works aim to reduce execution time of

jobs without considering job deadlines. Different from these works, we jointly improve

the PoCD and reduce the cost resulting from speculative/duplicate task execution,

and find the appropriate number of speculative attempts for each straggler.

In addition, a number of works present techniques to avoid re-executing the work

done by the original attempts (stragglers) [92, 111, 117, 119]. The basic idea is

to checkpoint running tasks periodically and make speculative tasks start from the

checkpoints. Our proposed Speculative-Resume strategy uses a similar idea. However,

SRQuant uses an analytical model to determine the number of extra attempts to

launch, and LASER combines DNN with MapReduce to estimate task execution times

and determine the number of extra attempts to launch.

Due to the strong power of non-linear classification and regression, DNN has

attracted a great deal of attention [12, 32, 38, 45, 130]. [130] and [38] present methods

for utilizing MapReduce parallel processing framework to accelerate training for neural

networks. To the best of our knowledge, this paper is the first to use DNN for straggler

mitigation in MapReduce jobs.

4.3 System Model

Consider M jobs submitted to a datacenter, denoted by i = 1, 2, . . . , N . Each

job i is associated with a deadline Di and consists of Ni independent tasks. Job i

successfully meets its deadline if all its Ni tasks are completed before time Di. The
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tasks with completion times exceeding Di are known as the stragglers. Existing

approaches mitigating stragglers often involve speculative execution, i.e., launching

multiple parallel attempts of each straggler. Let ri be the number of speculative

attempts that are launched for each job i task. Thus, the task is completed if one of

its ri + 1 attempts (one original attempt plus ri speculative attempts) is finished. We

denote the execution time of attempt k of job i’s task j as Ti,j,k. Thus, job completion

time Ti and task completion time Ti,j equal:

Ti = max
j=1,...,Ni

Ti,j, where Ti,j = min
k=1,...,ri+1

Ti,j,k, ∀j. (4.2)

To optimize the speculative execution strategies using a model-based approach,

Pareto distribution is often selected to model the execution times of tasks [10], and is

used in [94, 110, 133] to analyze the straggler problem. Following these papers, we

consider the execution time Ti,j,k of each attempt follows a Pareto distribution with

parameters (tmin, β), where tmin is the minimum execution time and β is the exponent.

Different attempts are assumed to have independent execution time distributions.

Figure 4.2: Speculative-Resume Strategy.

The Speculative-Resume strategy launches one attempt of each task at the be-

ginning. The attempt execution time is estimated at time τest. If the estimated

execution time exceeds D, the original attempt is identified as a straggler. It is then

terminated, and r+ 1 new (speculative) attempts are launched to replace the straggler.

These speculative attempts resume data processing from the point left by the original

attempt and do not repeat the work that has been completed. The progress scores

of all attempts are then checked at time τkill, and the attempt with the smallest
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estimated completion time (or equivalently, highest progress score) is kept running

while other attempts are terminated. Figure 4.2 illustrates the Speculative-Resume

strategy [137] when a task is detected as a straggler. The processed byte offset of the

original attempt at τest is b. Thus, speculative attempts are launched at τest start to

continue processing data from byte offset b.

4.4 Proposed Strategies

In this section, we present two strategies, Speculative-Resume with Quantitative

Analysis (SRQuant), and Speculative-Resume with DNN (LASER).

4.4.1 SRQuant

We start with the Speculative-Resume with Quantitative Analysis (SRQuant)

strategy. We quantify PoCD for arbitrary jobs based on our analytical model (and

assumptions) for job execution and the Speculative-Resume strategy. Finally, we

present an iterative search algorithm for determining the appropriate number of extra

attempts to launch for each straggler. In the following, the average progress of the

original attempts at time τest is denoted as ϕest.

We derive PoCD in closed-form in Theorem 16, and present execution time analysis

in Theorem 17. We present only the basic ideas of the proofs here, and refer the reader

to [137] for more details.

Theorem 16. Under Speculative-Resume strategy, the PoCD for a job with N tasks

and r speculative copies per task is given by:

R(r) =
1− (1− ϕest)β·(r+1)·tβ·(r+2)

min

Dβ·(D − τest)β·(r+1)

N . (4.3)

Proof. The basic idea is that we first derive the probability of a task completing before

the deadline, and then derive PoCD by finding the probability of N tasks finishing

before the deadline.

Theorem 17. Under Speculative-Resume strategy, the expected execution time of a

job is Er(T ), which equals N ·E(Tj). The E(Tj) is the expected execution time of a
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task, and it equals

E(Tj|Tj,1≤D)·P (Tj,1≤D) + E(Tj|Tj,1>D)·P (Tj,1>D), (4.4)

where

P (Tj,1>D) = 1− P (Tj,1≤D) =
(
tmin
D

)β
(4.5)

E(Tj|Tj,1≤D) = tmin·D·β·(tβ−1
min −Dβ−1)

(1− β)·(Dβ − tβmin)
(4.6)

E(Tj|Tj,1>D) = τest + r·(τkill − τest) (4.7)

+ tmin·(1− ϕest)β·(r+1)

β·(r + 1)− 1 + tmin. (4.8)

Proof. The basic idea is that we derive machine running time of a task by considering

if the execution time of the original attempt is larger than D or not. If execution

time is no more than D, there is no need to launch extra attempt, and the machine

running time equals the execution time of the original attempt. If the execution time

is larger than D, the task machine time is the summation of the machine running

times of extra attempts killed at τkill and the machine running time of the attempt

that successfully finishes. The job’s machine running time is obtained by adding the

machine running times of N tasks.

To exploit the tradeoff between Rr and Er(T ), we jointly consider PoCD and

machine running time. More precisely, we would like to maximize the following utility

function U(r).

max U(r) = log(R(r)−Rmin)− θ·C·Er(T ), (4.9)

s.t. r ≥ 0, (4.10)

var. r ∈ Z, (4.11)

where C is the usage-based VM price per unit time, and θ is a tradeoff factor to

balance the PoCD R(r) and execution cost C·Er(T ). Here, Rmin is a minimum PoCD

that all jobs must achieve.

In the SRQuant Scheduling Algorithm, we first iteratively search for r from

0 to rmax to get the maximum value of U(r), where rmax is the maximum number
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Algorithm 8 SRQuant Scheduling Algorithm
Umax = −∞

rm = 0

for r = 0; r≤rmax; r + + do

if U(r) > Umax then

Umax = U(r)

rm = r

end if

end for

for task : Tasks do

if Tj > D then

Launch rm + 1 attempts for task

end if

end for

of extra attempts that can be launched. Given U(rm)≥U(r), ∀r = 0, ..., rmax, the

algorithm launches rm + 1 attempts for each straggler, and kills the original task

(straggler). The pseudocode is shown in Algorithm 8.

4.4.2 LASER

original attempt

attempt 2

attempt r + 1

start

fastest attempt

finish

attempt 1

killest

DNN estimates 

execution time

DNN determines # 

of extra attempts 

to launch

Figure 4.3: An illustration figure of LASER.

In this subsection, we present the Speculative-Resume with DNN (LASER) strategy.
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Table 4.1: DNN with different number of hidden layers.

Task execution time Job execution time Machine running time

Number of hidden layers 1 3 5 1 3 5 1 3 5

Mean of test losses (sec) 47 34 33 37 49 50 117 253 249

STD of Test losses 78 66 67 64 65 65 94 197 195

Mean of true values(sec) 226 226 226 249 249 249 1640 1640 1640

Mean of test losses/Mean of true values (×100%) 20.8% 15.0% 14.6% 14.8% 19.7% 20.0% 7.1% 15.4% 15.2%

Elapsed time per iteration (msec) 1.3 4.8 7.3 1.2 4.4 6.4 1.1 4.4 6.9

LASER consists of two deep neural networks, i.e., a deep neural network for the task

execution time estimation, and a deep neural network for determining the number of

extra attempts to launch for each straggler.

At τest, instead of using the linear estimation as in SRQuant, LASER estimates

the execution time of each task using a DNN. If the task execution time is larger

than the job deadline, extra r + 1 attempts are launched. LASER determines the

number of extra attempts to launch for a straggler through the DNN based on the job

execution time, cost, and tradeoff factor (θ) between the job execution time and the

cost. Figure 4.3 illustrates the LASER strategy.

In the LASER Scheduling Algorithm, we first iteratively search for r. If the

estimated job execution time Ti is no more than D, then U(r) = 1− θ·C·Mi, where

the 1 represents the fact that the job is estimated to complete before D, and Mi is

the estimated machine running time. If Ti is larger than D, then U(r) = 0− θ·C·Mi,

where the 0 represents the fact that the job is estimated not to complete before D.

Given U(rm)≥U(r), ∀r = 0, ..., rmax, the algorithm launches rm + 1 extra attempts

for each straggler, and kills the original task (straggler). The pseudocode is shown in

Algorithm 9.

4.5 Implementation

We implement SRQuant and LASER on Hadoop, which consists of a central

Resource Manager (RM), Application Masters (AMs) for each application, and Node

Manager (NM) for each node in the system. For each application, its AM negotiates
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Algorithm 9 LASER Scheduling Algorithm
Umax = −∞

rm = 0

for r = 0; r≤rmax; r + + do

if Ti≤D then

U(r) = 1− θ·C·Mi

else

U(r) = 0− θ·C·Mi

end if

if U(r) > Umax then

Umax = U(r)

rm = r

end if

end for

for task : Tasks do

if Tj > D then

Launch rm + 1 extra attempts for task

end if

end for
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Figure 4.4: Implementation of the SRQuant strategy, where Aj,r is the rth attempt of

the task j.

resources from the RM and works with the NMs to execute and monitor the applica-

tion’s tasks. Our scheduling algorithms are implemented in the AM to calculate r at

time τest.

4.5.1 Implementing SRQuant

At τest, AM estimates the execution time of each task. The estimation strategy

of Hadoop assumes a task starts running right after it is launched, and asserts that

the task execution time equals τest dividing by the progress score (ϕj). However,

according to our observations, this is not strictly true, especially in environments

with high resource contention wherein JVM startup time is significant and cannot

be ignored. We consider the task execution time is the sum of the amount of time

used for launching the JVM (tjvm) and the amount of time used for processing data.

At τest, tjvm is known, and the amount of time for processing data is estimated by

(τest − tjvm)/ϕj.

Considering that a task sends its progress score to the AM every 3 seconds, a

task reports the number of bytes processed along with its progress score to the AM

at time τest − δ, where δ is a user-selectable parameter with a default value of 3

seconds. The AM then estimates the execution time of each task. If the estimated
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execution time is no more than D, no extra attempt will be launched, as shown in

Figure 4.4a. Otherwise, the original attempt is killed after processing b bytes, where b

is the number of bytes processed during the amount of time required to launch the

JVM. r + 1 attempts will be launched, and these attempts start to process data from

byte offset b, as shown in Figure 4.4b.

4.5.2 Implementing LASER

As mentioned earlier, LASER uses two DNNs: one for estimating the (remaining)

task execution time, and one for estimating the job execution time and the machine

running time. In following, we describe details from three steps, i.e., features collected,

pre-processing, and combining DNNs with Hadoop.

4.5.2.1 Features Collected

To collect features for training the DNN used for estimating the task execution

time, we run 2000 jobs, and collect 10 features of each task at τest. The features

collected are shown in Table 4.2.

To estimate the job execution time and machine running time, we run Speculative-

Resume with different r values, and collect the 10 features of each task at τest (shown

in Table 4.2). Also, we need three more features, i.e., τkill, D, and ϕi, where ϕi
represents the job progress score.

4.5.2.2 Preprocessing

If the task has not started to process data at τest, features: ϕj, recread, recwrite,

Byteread, Bytewrite, tcpu, tgc, are all zeros. In order to avoid NaNs in weights and bias

and let imputed values close to 0, we generate random numbers uniformly between 0

and 1 to replace the zeros.

4.5.2.3 Combining DNNs with Hadoop

After training the DNNs, we add DNNs with values for weights and biases, the

parameters of the parametric ReLU functions from training, into the AM. As in
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Table 4.2: Features directly collected from Hadoop jobs.

Feature Description

location Location host

taskID Identifier of task

ϕj Task progress score

recread Amount of records read

recwrite Amount of records written

Byteread Amount of bytes read from HDFS

Bytewrite Amount of bytes written to HDFS

tcpu Amount of CPU consumed time

tjvm Amount of time for launching JVM

tgc Amount of time for garbage collection

τest The time of estimating the task execution time

SRQuant, a task reports the number of bytes processed along with its progress score to

AM at time τest − δ. Different from SRQuant, LASER computes the r and estimates

the execution time of each task using DNNs. If the task execution time is larger than

D, the original attempt is killed after processing b bytes. Extra r+ 1 attempts will be

launched, and these start to process data from byte offset b.

4.6 Experiment Results

4.6.1 Setup

We prototype the SRQuant and LASER on a cloud testbed consisting of 80 nodes.

Each node has 8 vCPUs and 2GB memory. The physical servers are connected to a

Gigabit Ethernet switch and the link bandwidth is 1Gbps. We evaluate two strategies

by using Map phases of the classic benchmark WordCount with a 1.2GB workload

for WordCount from Wikipedia. To emulate a realistic cloud infrastructure with

resource contentions, background applications are run in the host OS of the physical

servers; these execute computation tasks at random times and inject background noise.
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Figure 4.5: Comparing DNN with the Random Forest regression algorithm.

We observe that the task execution time measured on our testbed follows a Pareto

distribution with an exponent β = 1.7 < 2.

4.6.2 Tune the DNNs

In this subsection, we show the results of tuning DNNs by changing the number of

hidden layers, and present the results of comparing DNNs with a classic regression

algorithm called Random Forests (RF) [17]. RF constructs a number of decisions

trees, with each tree being a weak learner. The final output is the average prediction

over all trees. The loss function of DNNs is the least absolute deviations. Table 4.1

shows the statistics when employing different numbers of hidden layers for DNNs. The

test loss is the absolute difference between the estimated value and the true value.

Based on results, the mean of test losses of the task execution time decreases as the

number of hidden layers increases, and the means of tests losses of the job execution

time and machine running time increase as the number of hidden layers increases.

Also, the table shows that the lowest mean of test losses is achieved when the number

of hidden layers are 5, 1, and 1 for the task execution time, the job execution time,

and the machine running time estimations, respectively. For the task execution time

estimation, as the number of hidden layers changes from 3 to 5, the elapsed time per

iteration increases by 50%, and the estimation accuracy increases only by 1%. So,
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Figure 4.6: Comparisons of different strategies with large τest, τkill, and D.
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Figure 4.7: Comparisons of different strategies with small τest, τkill, and D.
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in the following experiments, we employ 3 hidden layers for the task execution time,

and one hidden layer each for the job execution time and the machine running time

estimations, respectively.

Figure 4.5 shows the comparisons between the DNN and the Random Forests

regression algorithm. For RF, we set the number of trees in the forest to be 1000, and

the criterion of regression to be the mean squared error. The results show that the

DNN outperforms RF by 42%, 52%, and 44% for the task execution time, the job

execution time, and the machine running time estimations, respectively.

4.6.3 Comparison of Different Strategies

In following, we compare Hadoop without Speculation (Hadoop-NS), Hadoop with

Speculation (Hadoop-S), SRQuant, and LASER with respect to PoCD, cost and total

utility. We execute 100 MapReduce jobs on our testbed with each job consisting of 10

tasks. The PoCD is measured by calculating the percentage of jobs completed before

their deadlines, and the cost by the average job running time (i.e., VM time required),

assuming a fixed price per unit VM time that is obtained by Amazon EC2 average

spot price (C). In all experiments, we set θ·C = 0.0001.

Figure 4.6a and Figure 4.6b show the effect of changing deadlines on PoCD and

cost, respectively. We set τest = 120, τkill = 200, and Rmin = 0.1. As deadline

increases, more jobs can finish before the deadline, and thus PoCDs increase. Also,

as deadline increases, the cost of Hadoop-NS and Hadoop-S remain the same, since

those strategies are deadline oblivious, in the sense that they are not adaptive to jobs

with different deadlines. Our results show that the two strategies considered in this

paper have higher PoCD compared with Hadoop-NS and Hadoop-S. In terms of PoCD,

LASER can outperform Hadoop-NS and Hadoop-S by up to 40% and 7%, respectively.

In terms of cost, LASER can outperform Hadoop-S and SRQuant by up to 18% and

13%, respectively. The cost saving of LASER, relative to SRQuant, results from

launching fewer extra attempts. Figure 4.6c shows the impact of changing deadlines

on net utility. Our results show that our two strategies outperform Hadoop-NS and

Hadoop-S by up to 43%.
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Comparing Figure 4.6 and Figure 4.7 shows the effect of decreasing τest, τkill, and D

on PoCD and cost. To obtain Figure 4.7, we set τest = 80, τkill = 160, and Rmin = 0.1.

A comparison of Figure 4.6a with Figure 4.7a shows that SRQuant could achieve

higher PoCD by decreasing τest. Also, Figure 4.7a shows the PoCD of LASER is

lower than SRQuant’s. The reason is that the DNN estimation cares little about the

outliers, which are the values that are far away from the average, and those outliers are

important for highly deadline-critical jobs to meet desired deadlines. Figure 4.8 uses

data from the test set. The test set is a set of data used to assess the strength of the

prediction. Figure 4.8 shows that when the true value is around the mean (249), the

difference between the estimated value and the true value is small. As the difference

between the mean and the true value increases, the DNN estimation becomes more

inaccurate. In terms of PoCD, SRQuant outperforms Hadoop-NS, Hadoop-S, and

LASER by up to 89%, 31%, and 30%, respectively. In terms of cost, SRQuant and

LASER can outperform Hadoop-NS by up to 13%. Figure 4.7c shows SRQuant has

the largest utility, and it outperforms other strategies by up to 50%.

Remark. Compared to the DNN-based method (LASER), the model-based optimization

method (SRQuant) can achieve better performance in mitigating stragglers. This is

because DNN is not able to accurately estimate the execution time of a straggler, and

the predicted r is smaller than needed. However, LASER is better than Hadoop-NS
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and Hadoop-S, in terms of PoCD and Cost, and it can be easily adapted to various

cluster environments. LASER does involve training overhead, but such overhead can

be mitigated by training with history logs before the application is submitted.

4.7 Conclusion

In this paper, we consider a Speculative-Resume strategy for mitigating stragglers

and meeting application deadlines in a MapReduce framework. Two distinct strate-

gies, SRQuant and LASER, are proposed to identify stragglers and to optimize the

Speculative-Resume strategy. While SRQuant relies on a model-based optimization

approach to find optimal operating parameters, LASER provides an refreshing per-

spective by making use of Deep Learning algorithms for strategy optimization. The

two strategies are implemented on Hadoop MapReduce and compared side-by-side

in a number of experiments on an 80-node cloud testbed. Our experiment results

validate the effectiveness of both strategies in meeting application deadlines in a

cost-effective fashion. The results show that our two strategies outperform Hadoop

without speculation (Hadoop-NS) and with speculation (Hadoop-S) by up to 89% in

PoCD and 13% in cost.
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Chapter 5 Scheduling Machine Learning Jobs Using Reinforcement

Learning and Bayesian Optimization

In this chapter, we study a machine learning (ML) job scheduling problem. A

ML job launches multiple tasks, and these tasks start and finish at the same time.

We present a novel framework that combines Reinforcement Learning and Bayesian

Optimization.

5.1 Related Work

Distributed machine learning (D-ML) frameworks, e.g., TensorFlow [3] and

MXNet [23], have been deployed in many leading IT companies. [60] introduces param-

eter servers to D-ML framework, and parameter servers are deployed in TensorFlow

and MXNet.

Scheduling policies are designed for ML cluster management. Dorm [100] partitions

an ML cluster, and runs one application per partition. Also, Dorm dynamically resizes

each partition at runtime for resource efficiency and fairness based on proposed mixed

integer linear program (MILP). Rayon [26] allows users to reserve access to cluster

resources and use MILP to figure out the amount of cluster resources for each user.

Apollo [15] performs estimation-based scheduling to minimize task completion time.

Bayesian optimization (BO) is a widely used framework to solve optimization

problems. [84] shows BO outperforms other state of art global optimization algorithms.

[99] uses BO to tune learning parameters and model hyperparameters of ML algorithms.

In [8], BO is used to pick the right cloud configuration for recurring big data analytics

job running in clouds.

Reinforcement Learning (RL) has an agent interacting with the environment, and

the agent learns an optimal policy by trial and error. RL has been widely used in social

science and engineering [101]. RL integrates neural networks, e.g., deep reinforcement

learning (D-RL), to solve real-world problems. [83, 98] demonstrate that D-RL can

achieve human brain comparable performance on real-world problems.
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Figure 5.1: An example of BO’s working process [8].

5.2 Background

Bayesian optimization (BO) is a widely used framework to solve an optimization

problem such as

min
x∈A

f(x),

where structure/concavity of objective function f(x) is unknown but can be observed

through evaluations. Also, BO aims to minimize the number of evaluations to save

optimization cost/time. So, BO is a suitable framework to solve our problem.

Figure 5.1 shows an example of running BO on a 1D problem. The blue area is

a confidence interval is an area that the objective function is with 95% probability

passing through. The optimization starts with two points, i.e., ~x1 and ~x2. At each

iteration, BO decides that the next point is sampled at the argmax of a pre-defined

acquisition function. As shown in Fig. 5.1, ~x3 and ~x4 are samples where the acquisition

function can achieve the maximum value.

BO consists of two essential components, i.e., a statistical model for modeling
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the objective function, and an acquisition function for deciding the next point to

sample. First, BO evaluates the objective function based on randomly chosen points.

Then, BO iteratively uses all available data to update posterior probability on the

objective function, use current posterior probability to compute acquisition function,

and argmax the acquisition function to find the next point at which to evaluate the

objective function. The pseudocode is shown in Alg. 10.

Algorithm 10 Bayesian Optimization Algorithm
1: Use a statistical model to model the objective function f

2: while Stopping condition is not satisfied do

3: Update the posterior probability distribution

4: Calculate the acquisition function using posterior distribution

5: Argmax the acquisition function to locate next point

6: Evaluate f with sample point

7: Update dataset

8: end while

A reinforcement learning (RL) problem is formalized as a discrete time stochastic

control process where an agent interacts with its environment. At each time t, the

agent receives a state st and selects an action at from an action space A, following a

policy π(at|st). The agent receives a scalar reward rt, transitions to the next state

st+1 and obtains an observation of environment wt+1. The goal of RL is to collect

more rewards. Q-Learning is one of the most important RL techniques. Q-Learning

uses Bellman Equation to calculate q-values, and chooses an action based on q-values.

Deep Q-Learning uses the power of deep learning, and uses neural networks to predict

the q-values. Also, Deep Q-Learning uses loss function and backpropagats losses to

adjust the weights of neutral network.

5.3 System Model and Scheduling Algorithm

Consider J machine learning (ML) jobs are submitted to a datacenter consisting

of M machines. Machine m contains Cm CPU cores, Em GB memory and Gm GPUs.
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Figure 5.2: The workflow of our ML-based scheduling algorithm.

Job j is associated with a deadline Dj and consists of Nj tasks. Task t of job j needs

Cj,t CPU cores, Ej,t GB memory and Gj,t GPUs. Tasks of a job are launched and

complete at the same time.

Figure 5.2 shows the workflow of our ML-based scheduling algorithm (MLS). MLS

schedules jobs in a time-slotted manner. At the beginning of each time slot, MLS

employs DQN to determine if jobs should be scheduled, and schedules jobs one by one

based on scheduling order from BO. In the following, we give details of our proposed

MLS.

At the beginning of each time slot, MLS inputs states of waiting jobs and states of

machines to DQN. The state of a waiting job includes the number of tasks, resource

requirements of tasks, and job’s execution time. The state of a machine includes

resource usage and resource release time. If the output (action) of DQN is 0, no job is

scheduled in current time slot. Otherwise, jobs are scheduled one by one based on

scheduling order from BO.

BO determines jobs’ scheduling order. BO first runs the simulator with a few

random jobs’ scheduling orders (e.g., five) to build a statistical model of the objective

function. Then, BO uses acquisition function (EI) to get a new scheduling order, and

runs the simulator with the new scheduling order. If the stopping condition is satisfied

(e.g., BO running time is no more than 1 sec), BO outputs the best scheduling order.

Otherwise, BO updates the model with the new scheduling order and simulator’s
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Figure 5.3: Minimization of total job waiting time. (a) Training performance of ML-

based algorithm. (b) Comparison results between First-Fit and ML-based algorithms.

output.

Based on the scheduling order from BO, MLS schedules jobs one by one. MLS

calculates the start time of a job based on resource available time of machines. If the

job’s start time is smaller than t+ δ, MLS assigns resources to the job and launches

the job. Otherwise, MLS terminates the current scheduling cycle, and calculates the

reward based on optimization objective (e.g., negative of number of jobs that missed

deadlines).

5.4 Evaluation

In this section, we evaluate our proposed algorithm. We create two classes of jobs:

elephant and mouse jobs. Mouse jobs have fewer number of tasks and smaller job

duration. For mouse jobs, the number of tasks is randomly chosen between 1 and 10,

and the job duration is randomly chosen between 1 and 100 sec. For elephant jobs,

the number of tasks is randomly chosen between 10 and 50, and the job duration is

randomly chosen between 100 and 1000 sec. Elephant and mouse jobs form 10% and

90% of the total 100 jobs, respectively. A running task utilizes all the resources of a

machine. Jobs are submitted to a cluster that consists of 100 homogeneous machines.

The arrival time of a job is uniformly generated between 0 and 200sec. We compare
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Figure 5.4: Comparison results between First-Fit and ML-based algorithms in terms

of number of jobs missed deadlines.

MLS with First-Fit algorithm, which schedules jobs based on their arrival order.

We first use MSL to minimize the sum of the waiting times of all jobs, where

waiting time of a job is defined as the time when the job is scheduled to run minus

the arrival time of the job. Also, we set a global deadline (2000 sec) for all jobs. The

completion time of any job should not exceed the global deadline. Figure 5.3a shows

total job waiting time in each training iteration. Results show that after 7 iterations,

machine-learning based algorithm converges. Figure 5.3b shows comparison results

between MLS and First-Fit. Results show that MLS outperforms First-Fit by 36% in

terms of total job waiting time.

Next, we use MSL to minimize the number of jobs that missed deadlines. The

deadline of a job equals the sum of its duration and tolerable latency. The tolerable

latency of an elephant job and a mouse job is uniformly generated between 1 sec and

60 sec and between 60 sec and 600 sec, respectively. Figure 5.4 shows comparison

results between ML-based algorithm with First-Fit in terms of number of jobs that

missed deadlines. Results show that MLS outperforms First-Fit by 57%.

Comparing with First-Fit algorithm, MLS delays elephant jobs scheduling and

schedules mouse jobs first to improve resource utilization. Also, when an elephant job

is about to miss its deadline, MLS stops scheduling mouse jobs to save resources for

the elephant job.
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5.5 Conclusion

In this work, we present a novel framework (MSL) for scheduling machine learning

jobs. MSL schedules jobs in time-slotted manner. In each time slot, MLS employs

Reinforcement Learning to determine if jobs should be scheduled, and schedules jobs

one by one based on scheduling order from Bayesian Optimization. Simulation results

show that MLS outperforms First-Fit by 36% and by 57% in terms of total job waiting

time and number of jobs missed deadlines, respectively.
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Chapter 6 Conclusions and Future Directions

6.1 Conclusions

This dissertation investigated several problems of scheduling jobs and tasks to

meet deadlines. The research objective was to find the optimal scheduling order and

increase resource utilization efficiency under various constraints.

In Chapter 2, we studied the cloud right-sizing with execution deadlines and

data locality constraints. We proposed a novel framework CRED to jointly optimize

data placement and task scheduling in data centers with the aim of minimizing the

number of nodes needed while meeting users’ SLA requirements. We formulated

CRED as an integer optimization problem and presented a heuristic algorithm with

provable performance guarantees to solve the problem. We also extended our work

to obtain a resilient solution, which allows successful recovery at run time from any

single node failure and is guaranteed to meet both deadline and locality constraints.

The simulation results showed that our proposed algorithms outperformed First-Fit

algorithm in terms of number of nodes needed and resource utilization.

In Chapter 3 and Chapter 4, we studied the straggler problem in cloud environ-

ments. We first presented Chronos, a quantitative framework that optimizes the

speculative execution for offering guaranteed SLAs to meet application deadlines. We

brought several speculative scheduling strategies together under a unifying optimiza-

tion framework, called Chronos, which defines a new metric, Probability of Completion

before Deadlines (PoCD), to measure the probability that MapReduce jobs meet their

desired deadlines. We systematically analyzed PoCD for popular strategies including

Clone, Speculative-Restart, and Speculative-Resume, and quantify their PoCD in

closed-form. The result illuminated an important tradeoff between PoCD and the

cost of speculative execution, measured by the total (virtual) machine time required

under different strategies. We proposed an optimization problem to jointly optimize

PoCD and execution cost, and develop an algorithmic solution that is guaranteed to

be optimal. The simulation results showed that our proposed algorithms outperformed
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default Hadoop and Mantri in terms of PoCD and cost. Then, we presented LASER,

a deep learning approach for speculative execution and replication of deadline-critical

jobs. We compared LASER with SRQuant, a speculative-resume strategy that is

based on quantitative analysis. Results showed that LASER outperforms SRQuant

when jobs are with large deadlines.

In Chapter 5, we studied machine learning job scheduling problem. We presented a

novel framework, which combined Reinforcement Learning with Bayesian Optimization.

The advantage of our framework is that it can be used to solve different optimization

problems with small change. Simulation results show that comparing with First-Fit

algorithm, our framework saves total job waiting time and decrease the number of

jobs missed deadlines.

6.2 Future Directions

Jobs that have a complex dependency structure are increasingly popular in data-

parallel cloud environments. The dependencies of jobs can be referred to a directed

acyclic graph (DAG), where each vertex represents a task/job and each edge represents

the dependency between tasks/jobs. Efficiently scheduling DAG jobs is a hard problem,

especially under deadline constraint.

Large data centers need to deal with millions of jobs, which vary significantly in

size, latency sensitivity, and deadline requirement. Scheduling algorithm sorts jobs’

scheduling order, given data center architecture is fixed. Data center architecture

configuration algorithm allocates high bandwidth links to large-sized jobs to reduce

the number of jobs missed deadlines, given scheduling algorithm is fixed, (e.g., FIFO).

Combination design of job scheduling and data center architecture configuration largely

improve system performance.

93



Bibliography

[1] Stress. https://people.seas.harvard.edu/ apw/stress/.

[2] Google trace. https://github.com/google/cluster-data, 2011.

[3] M. Abadi, P. Barham, J. Chen, Z. Chen, A. Davis, J. Dean, M. Devin, S. Ghe-

mawat, G. Irving, M. Isard, et al. Tensorflow: a system for large-scale machine

learning. In OSDI, volume 16, pages 265–283, 2016.

[4] M. AbdelBaky, H. Kim, I. Rodero, and M. Parashar. Accelerating mapreduce

analytics using cometcloud. In Cloud Computing (CLOUD), 2012 IEEE 5th

International Conference on, pages 447–454. IEEE, 2012.

[5] S. Agarwal, S. Kandula, N. Bruno, M.-C. Wu, I. Stoica, and J. Zhou. Re-

optimizing data-parallel computing. In NSDI, 2012.

[6] F. Ahmad, S. T. Chakradhar, A. Raghunathan, and T. Vijaykumar. Tarazu:

optimizing mapreduce on heterogeneous clusters. In ACM SIGARCH Computer

Architecture News, volume 40, pages 61–74. ACM, 2012.

[7] S. Alamro, M. Xu, T. Lan, and S. Subramaniam. CRED: Cloud right-sizing to

meet execution deadlines and data locality. In IEEE CLOUD, 2016.

[8] O. Alipourfard, H. H. Liu, J. Chen, S. Venkataraman, M. Yu, and M. Zhang.

Cherrypick: Adaptively unearthing the best cloud configurations for big data

analytics. In NSDI, volume 2, pages 4–2, 2017.

[9] G. Ananthanarayanan, A. Ghodsi, S. Shenker, and I. Stoica. Effective straggler

mitigation: Attack of the clones. In Presented as part of the 10th USENIX

Symposium on Networked Systems Design and Implementation (NSDI 13), pages

185–198, 2013.

[10] G. Ananthanarayanan, M. C.-C. Hung, X. Ren, I. Stoica, A. Wierman, and

M. Yu. Grass: trimming stragglers in approximation analytics. In 11th USENIX

94



Symposium on Networked Systems Design and Implementation (NSDI 14), pages

289–302, 2014.

[11] G. Ananthanarayanan, S. Kandula, A. G. Greenberg, I. Stoica, Y. Lu, B. Saha,

and E. Harris. Reining in the outliers in map-reduce clusters using mantri. In

OSDI, volume 10, page 24, 2010.

[12] Y. Bengio, A. Courville, and P. Vincent. Representation learning: A review and

new perspectives. IEEE Trans. Pattern Anal. Mach. Intell., 35(8):1798–1828,

Aug. 2013.

[13] J. J. Bo Wang and G. Yang. Actcap: Accelerating mapreduce on heterogeneous

clusters with capability-aware data. In INFOCOM, 2015.

[14] K. Bok, J. Hwang, J. Lim, Y. Kim, and J. Yoo. An efficient mapreduce scheduling

scheme for processing large multimedia data. Multimedia Tools and Applications,

pages 1–24, 2016.

[15] E. Boutin, J. Ekanayake, W. Lin, B. Shi, J. Zhou, Z. Qian, M. Wu, and L. Zhou.

Apollo: Scalable and coordinated scheduling for cloud-scale computing. In OSDI,

volume 14, pages 285–300, 2014.

[16] S. Boyd and L. Vandenberghe. Convex optimization. Cambridge university press,

2004.

[17] L. Breiman. Random forests. Mach. Learn., 45(1):5–32, Oct. 2001.

[18] M. Cardosa, P. Narang, A. Chandra, H. Pucha, and A. Singh. Steamengine: Driv-

ing mapreduce provisioning in the cloud. In 2011 18th International Conference

on High Performance Computing, pages 1–10. IEEE, 2011.

[19] G. Carrozza, L. Battaglia, V. Manetti, A. Marotta, R. Canonico, and S. Avallone.

On the evaluation of vm provisioning time in cloud platforms for mission-critical

infrastructures. In Cluster, Cloud and Grid Computing (CCGrid), 2014 14th

IEEE/ACM International Symposium on, pages 802–810. IEEE, 2014.

95



[20] C.-H. Chen, J.-W. Lin, and S.-Y. Kuo. Mapreduce scheduling for deadline-

constrained jobs in heterogeneous cloud computing systems.

[21] J. Chen, F. Yao, and G. Venkataramani. Watts-inside: A hardware-software

cooperative approach for multicore power debugging. In IEEE International

Conference on Computer Design, pages 335–342. IEEE, 2013.

[22] K. Chen, J. Powers, S. Guo, and F. Tian. Cresp: Towards optimal resource

provisioning for mapreduce computing in public clouds. IEEE Transactions on

Parallel and Distributed Systems, 25(6):1403–1412, 2014.

[23] T. Chen, M. Li, Y. Li, M. Lin, N. Wang, M. Wang, T. Xiao, B. Xu, C. Zhang,

and Z. Zhang. Mxnet: A flexible and efficient machine learning library for

heterogeneous distributed systems. arXiv preprint arXiv:1512.01274, 2015.

[24] D. Cheng, J. Rao, C. Jiang, and X. Zhou. Resource and deadline-aware job

scheduling in dynamic hadoop clusters. In Parallel and Distributed Processing

Symposium (IPDPS), 2015 IEEE International, pages 956–965. IEEE, 2015.

[25] D. Cheng, J. Rao, C. Jiang, and X. Zhou. Resource and deadline-aware job

scheduling in dynamic hadoop clusters. In Proceedings of the 2015 IEEE

International Parallel and Distributed Processing Symposium, IPDPS ’15, pages

956–965. IEEE Computer Society, 2015.

[26] C. Curino, D. E. Difallah, C. Douglas, S. Krishnan, R. Ramakrishnan, and S. Rao.

Reservation-based scheduling: If you’re late don’t blame us! In Proceedings of

the ACM Symposium on Cloud Computing, pages 1–14. ACM, 2014.

[27] J. Dean and S. Ghemawat. Mapreduce: Simplified data processing on large

clusters. Commun. ACM, 51:107–113, Jan. 2008.

[28] M. L. Della Vedova, D. Tessera, and M. C. Calzarossa. Probabilistic provi-

sioning and scheduling in uncertain cloud environments. In Computers and

Communication (ISCC), 2016 IEEE Symposium on, pages 797–803. IEEE, 2016.

96



[29] H. Fang, S. S. Dayapule, F. Yao, M. Doroslovački, and G. Venkataramani. A

noise-resilient detection method against advanced cache timing channel attack.

In Proceedings of Asilomar Conference on Signals, Systems, and Computers,

2018.

[30] H. Fang, S. S. Dayapule, F. Yao, M. Doroslovački, and G. Venkataramani.

Prefetch-guard: Leveraging hardware prefetchers to defend against cache timing

channels (short paper). In IEEE International Symposium on Hardware Oriented

Security and Trust. IEEE, 2018.

[31] H. Fang, S. S. Dayapule, F. Yao, M. Doroslovački, and G. Venkataramani. Pro-

dact: Prefetch-obfuscator to defend against cache timing channels. International

Journal of Parallel Programming, 2018.

[32] C. Farabet, C. Couprie, L. Najman, and Y. LeCun. Learning hierarchical features

for scene labeling. IEEE Trans. Pattern Anal. Mach. Intell., 35(8):1915–1929,

Aug. 2013.

[33] A. D. Ferguson, P. Bodik, S. Kandula, E. Boutin, and R. Fonseca. Jockey:

Guaranteed job latency in data parallel clusters. In EuroSys, 2012.

[34] A. D. Ferguson, P. Bodik, S. Kandula, E. Boutin, and R. Fonseca. Jockey:

guaranteed job latency in data parallel clusters. In Proceedings of the 7th ACM

european conference on Computer Systems, pages 99–112. ACM, 2012.

[35] A. Greenberg, J. Hamilton, D. A. Maltz, and P. Patel. The cost of a cloud:

Research problems in data center networks. SIGCOMM Comput. Commun.

Rev., 2008.

[36] A. Gregory and S. Majumdar. A constraint programming based energy aware

resource management middleware for clouds processing mapreduce jobs with

deadlines. In Companion Publication for ACM/SPEC on International Confer-

ence on Performance Engineering, pages 15–20. ACM, 2016.

97



[37] L. Gu, D. Zeng, P. Li, and S. Guo. Cost minimization for big data processing

in geo-distributed data centers. IEEE Transactions on Emerging Topics in

Computing, 2(3):314–323, 2014.

[38] R. Gu, F. Shen, and Y. Huang. A parallel computing platform for training large

scale neural networks. In 2013 IEEE Conference on Big Data. IEEE, 2013.

[39] Z. Guo, G. Fox, and M. Zhou. Investigation of data locality in mapreduce. In

CCGrid, 2012.

[40] C. He, Y. Lu, and D. Swanson. Matchmaking: A new mapreduce scheduling

technique. In CLOUDCOM, 2011.

[41] K. He, X. Zhang, S. Ren, and J. Sun. Delving deep into rectifiers: Surpassing

human-level performance on imagenet classification. CoRR, abs/1502.01852,

2015.

[42] Y. He, R. Lee, Y. Huai, Z. Shao, N. Jain, X. Zhang, and Z. Xu. Rcfile: A

fast and space-efficient data placement structure in mapreduce-based warehouse

systems. In ICDE, 2011.

[43] B. Heintz, A. Chandra, and J. Weissman. Cross-phase optimization in mapreduce.

In Cloud Computing for Data-Intensive Applications, pages 277–302. Springer,

2014.

[44] H. Herodotou, F. Dong, and S. Babu. No one (cluster) size fits all: automatic

cluster sizing for data-intensive analytics. In Proceedings of the 2nd ACM

Symposium on Cloud Computing, page 18. ACM, 2011.

[45] G. E. Hinton, S. Osindero, and Y.-W. Teh. A fast learning algorithm for deep

belief nets. Neural Comput., 18(7):1527–1554, July 2006.

[46] Z. Huang, B. Balasubramanian, M. Wang, T. Lan, M. Chiang, and D. H. Tsang.

Need for speed: Cora scheduler for optimizing completion-times in the cloud. In

INFOCOM, 2015.

98



[47] E. Hwang and K. H. Kim. Minimizing cost of virtual machines for deadline-

constrained mapreduce applications in the cloud. In 2012 ACM/IEEE 13th

International Conference on Grid Computing, pages 130–138. IEEE, 2012.

[48] S. Ibrahim, H. Jin, L. Lu, B. He, G. Antoniu, and S. Wu. Maestro: Replica-

aware map scheduling for mapreduce. In Cluster, Cloud and Grid Computing

(CCGrid), 2012 12th IEEE/ACM International Symposium on, pages 435–442.

IEEE, 2012.

[49] M. Isard, M. Budiu, Y. Yu, A. Birrell, and D. Fetterly. Dryad: Distributed

data-parallel programs from sequential building blocks. EuroSys ’07, pages

59–72, New York, NY, USA, 2007. ACM.

[50] V. Jalaparti, P. Bodik, I. Menache, S. Rao, K. Makarychev, and M. Caesar.

Network-aware scheduling for data-parallel jobs: Plan when you can. In SIG-

COMM, 2015.

[51] D. Jiang, B. C. Ooi, L. Shi, and S. Wu. The performance of mapreduce: An

in-depth study. Proc. VLDB Endow., 3:472–483, Sept. 2010.

[52] S. A. Jyothi, C. Curino, I. Menache, S. M. Narayanamurthy, A. Tumanov,

J. Yaniv, R. Mavlyutov, I. Goiri, S. Krishnan, J. Kulkarni, et al. Morpheus:

Towards automated slos for enterprise clusters. In OSDI, pages 117–134, 2016.

[53] S. Kandula, S. Sengupta, A. Greenberg, P. Patel, and R. Chaiken. The nature

of data center traffic: measurements & analysis. In Proceedings of the 9th ACM

SIGCOMM conference on Internet measurement conference, pages 202–208.

ACM, 2009.

[54] A. V. Katherine and K. Alagarsamy. Software testing in cloud platform: A

survey. International Journal of computer applications, 46(6):21–25, 2012.

[55] K. Kc and K. Anyanwu. Scheduling hadoop jobs to meet deadlines. In CloudCom,

2010.

99



[56] K. Kc and K. Anyanwu. Scheduling hadoop jobs to meet deadlines. In Cloud

Computing Technology and Science (CloudCom), 2010 IEEE Second Interna-

tional Conference on, pages 388–392. IEEE, 2010.

[57] P. Lama and X. Zhou. Aroma: Automated resource allocation and configuration

of mapreduce environment in the cloud. In Proceedings of the 9th international

conference on Autonomic computing, pages 63–72. ACM, 2012.

[58] D. Li, C. Chen, J. Guan, Y. Zhang, J. Zhu, and R. Yu. Dcloud: deadline-aware

resource allocation for cloud computing jobs. IEEE Transactions on Parallel

and Distributed Systems, 2016.

[59] H. Li, X. Wei, Q. Fu, and Y. Luo. Mapreduce delay scheduling with deadline

constraint. Concurrency and Computation: Practice and Experience, 26(3):766–

778, 2014.

[60] M. Li, D. G. Andersen, J. W. Park, A. J. Smola, A. Ahmed, V. Josifovski,

J. Long, E. J. Shekita, and B.-Y. Su. Scaling distributed machine learning with

the parameter server. In OSDI, volume 14, pages 583–598, 2014.

[61] P. Li, L. Ju, Z. Jia, and Z. Sun. Sla-aware energy-efficient scheduling scheme for

hadoop yarn. In High Performance Computing and Communications (HPCC),

2015 IEEE 7th International Symposium on Cyberspace Safety and Security

(CSS), 2015 IEEE 12th International Conferen on Embedded Software and

Systems (ICESS), 2015 IEEE 17th International Conference on, pages 623–628.

IEEE, 2015.

[62] S. Li, S. Hu, and T. Abdelzaher. The packing server for real-time scheduling of

mapreduce workflows. In 21st IEEE Real-Time and Embedded Technology and

Applications Symposium, pages 51–62. IEEE, 2015.

[63] S. Li, S. Hu, S. Wang, L. Su, T. Abdelzaher, I. Gupta, and R. Pace. Woha:

Deadline-aware map-reduce workflow scheduling framework over hadoop clusters.

In ICDCS, 2014.

100



[64] S. Li, S. Hu, S. Wang, L. Su, T. Abdelzaher, I. Gupta, and R. Pace. Woha:

deadline-aware map-reduce workflow scheduling framework over hadoop clusters.

In Distributed Computing Systems (ICDCS), 2014 IEEE 34th International

Conference on, pages 93–103. IEEE, 2014.

[65] S. Li, T. Lan, M.-R. Ra, and R. Panta. Background traffic optimization

for meeting deadlines in data center storage. In 2016 Annual Conference on

Information Science and Systems (CISS), pages 372–377. IEEE, 2016.

[66] S. Li, T. Lan, M.-R. Ra, and R. Panta. Joint scheduling and source selection

for background traffic in erasure-coded storage. IEEE Transactions on Parallel

and Distributed Systems, 29(12):2826–2837, 2018.

[67] Y. Li. Pushing the Envelope of Mobile Computing: Improving Security, Energy,

and Latency by Bridging the Gap between Analytical Modeling and System Design.

PhD thesis, The George Washington University, 2018.

[68] Y. Li and T. Lan. Multichoice games for optimizing task assignment in edge

computing. In 2018 IEEE Global Communications Conference. IEEE, 2018.

[69] Y. Li, Y. Wang, and T. Lan. Mobile ad prefetching and energy optimization via

tail energy accounting. IEEE Transactions on Mobile Computing, 2018.

[70] Y. Li, F. Yao, T. Lan, and G. Venkataramani. Poster: Semantics-aware rule

recommendation and enforcement for event paths. In International Conference

on Security and Privacy in Communication Systems, pages 572–576. Springer,

2015.

[71] Y. Li, F. Yao, T. Lan, and G. Venkataramani. Sarre: semantics-aware rule

recommendation and enforcement for event paths on android. IEEE Transactions

on Information Forensics and Security, 11(12):2748–2762, 2016.

[72] S. Liao, Z. Li, X. Lin, Q. Qiu, Y. Wang, and B. Yuan. Energy-efficient, high-

performance, highly-compressed deep neural network design using block-circulant

101



matrices. In Proceedings of the 36th International Conference on Computer-Aided

Design, pages 458–465. IEEE Press, 2017.

[73] S. Liao, J. Xiao, Y. Xie, and F. Gu. Towards use of electronic health records:

cancer classification. In Proceedings of the Symposium on Modeling and Sim-

ulation in Medicine, page 4. Society for Computer Simulation International,

2017.

[74] S. Liao, L. Zhou, X. Di, B. Yuan, and J. Xiong. Large-scale short-term urban

taxi demand forecasting using deep learning. In Proceedings of the 23rd Asia

and South Pacific Design Automation Conference, pages 428–433. IEEE Press,

2018.

[75] N. Lim, S. Majumdar, and P. Ashwood-Smith. Mrcp-rm: a technique for resource

allocation and scheduling of mapreduce jobs with deadlines. IEEE Transactions

on Parallel and Distributed Systems, 2016.

[76] M. Lin, A. Wierman, L. Andrew, and E. Thereska. Dynamic right-sizing for

power-proportional data centers. In INFOCOM, 2011.

[77] C. Liu, M. Xu, and S. Subramaniam. A reconfigurable high-performance optical

data center architecture. In Global Communications Conference (GLOBECOM),

2016 IEEE, pages 1–6. IEEE, 2016.

[78] Z. Liu, Q. Zhang, M. F. Zhani, R. Boutaba, Y. Liu, and Z. Gong. Dreams:

Dynamic resource allocation for mapreduce with data skew. In 2015 IFIP/IEEE

International Symposium on Integrated Network Management (IM), pages 18–26.

IEEE, 2015.

[79] N. Lu, Y. Wang, F. Yang, and M. Xu. A novel approach for single-packet ip

traceback based on routing path. In Parallel, Distributed and Network-Based

Processing (PDP), 2012 20th Euromicro International Conference on, pages

253–260. IEEE, 2012.

102



[80] M. Malekimajd, A. M. Rizzi, D. Ardagna, M. Ciavotta, M. Passacantando, and

A. Movaghar. Optimal capacity allocation for executing mapreduce jobs in

cloud systems. In Symbolic and Numeric Algorithms for Scientific Computing

(SYNASC), 2014 16th International Symposium on, pages 385–392. IEEE, 2014.

[81] L. Mashayekhy, M. M. Nejad, D. Grosu, Q. Zhang, and W. Shi. Energy-aware

scheduling of mapreduce jobs for big data applications. IEEE Transactions on

Parallel and Distributed Systems, 26(10):2720–2733, 2015.

[82] M. Mattess, R. N. Calheiros, and R. Buyya. Scaling mapreduce applications

across hybrid clouds to meet soft deadlines. In Advanced Information Networking

and Applications (AINA), 2013 IEEE 27th International Conference on, pages

629–636. IEEE, 2013.

[83] V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, J. Veness, M. G. Bellemare,

A. Graves, M. Riedmiller, A. K. Fidjeland, G. Ostrovski, et al. Human-level

control through deep reinforcement learning. Nature, 518(7540):529, 2015.

[84] J. Mockus, V. Tiesis, and A. Zilinskas. The application of bayesian methods for

seeking the extremum. In Towards Global Optimization, pages 2:117–129, 1978.

[85] B. Moseley, A. Dasgupta, R. Kumar, and T. Sarlós. On scheduling in map-reduce

and flow-shops. In SPAA, 2011.

[86] S. Nachiyappan and S. Justus. Cloud testing tools and its challenges: A

comparative study. Procedia Computer Science, 50:482–489, 2015.

[87] B. Palanisamy, A. Singh, and L. Liu. Cost-effective resource provisioning for

mapreduce in a cloud. IEEE Transactions on Parallel and Distributed Systems,

26(5):1265–1279, 2015.

[88] B. Palanisamy, A. Singh, L. Liu, and B. Jain. Purlieus: Locality-aware resource

allocation for mapreduce in a cloud. In SC, 2011.

103



[89] L. T. X. Phan, Z. Zhang, Q. Zheng, B. T. Loo, and I. Lee. An empirical analysis

of scheduling techniques for real-time cloud-based data processing. In SOCA,

2011.

[90] J. Polo, D. Carrera, Y. Becerra, M. Steinder, and I. Whalley. Performance-

driven task co-scheduling for mapreduce environments. In 2010 IEEE Network

Operations and Management Symposium-NOMS 2010, pages 373–380. IEEE,

2010.

[91] J. Polo, C. Castillo, D. Carrera, Y. Becerra, I. Whalley, M. Steinder, J. Torres,

and E. Ayguadé. Resource-aware adaptive scheduling for mapreduce clusters. In

ACM/IFIP/USENIX International Conference on Distributed Systems Platforms

and Open Distributed Processing, pages 187–207. Springer, 2011.

[92] J.-A. Quiane-Ruiz, C. Pinkel, J. Schad, and J. Dittrich. Rafting mapreduce:

Fast recovery on the raft. In 2011 IEEE 27th International Conference on Data

Engineering, pages 589–600. IEEE, 2011.

[93] B. T. Rao and L. Reddy. Scheduling data intensive workloads through virtual-

ization on mapreduce based clouds. International Journal of Computer Science

and Network Security (IJCSNS), 13(6):105, 2013.

[94] X. Ren, G. Ananthanarayanan, A. Wierman, and M. Yu. Hopper: Decentralized

speculation-aware cluster scheduling at scale. ACM SIGCOMM Computer

Communication Review, 45(4):379–392, 2015.

[95] J. Rosen and B. Zhao. Fine-grained micro-tasks for mapreduce skew-handling.

White Paper, University of Berkeley, 2012.

[96] S. Shi, C. Wu, and Z. Li. Cost-minimizing online vm purchasing for application

service providers with arbitrary demands. In CLOUD, 2015.

[97] W. Shi and B. Hong. Clotho: an elastic mapreduce workload/runtime co-design.

In Proceedings of the 12th International Workshop on Adaptive and Reflective

Middleware, page 5. ACM, 2013.

104



[98] D. Silver, A. Huang, C. J. Maddison, A. Guez, L. Sifre, G. Van Den Driessche,

J. Schrittwieser, I. Antonoglou, V. Panneershelvam, M. Lanctot, et al. Mastering

the game of go with deep neural networks and tree search. nature, 529(7587):484,

2016.

[99] J. Snoek, H. Larochelle, and R. P. Adams. Practical bayesian optimization

of machine learning algorithms. In Advances in neural information processing

systems, pages 2951–2959, 2012.

[100] P. Sun, Y. Wen, N. B. D. Ta, and S. Yan. Towards distributed machine learning

in shared clusters: A dynamically-partitioned approach. In Smart Computing

(SMARTCOMP), 2017 IEEE International Conference on, pages 1–6. IEEE,

2017.

[101] R. S. Sutton and A. G. Barto. Reinforcement learning: An introduction. MIT

press, 2018.

[102] J. Tan, X. Meng, and L. Zhang. Coupling task progress for mapreduce resource-

aware scheduling. In INFOCOM, 2013.

[103] S. Tang, B. S. Lee, and B. He. Dynamicmr: A dynamic slot allocation optimiza-

tion framework for mapreduce clusters. IEEE Transactions on Cloud Computing,

2(3):333–347, July 2014.

[104] Z. Tang, L. Jiang, J. Zhou, K. Li, and K. Li. A self-adaptive scheduling algorithm

for reduce start time. Future Generation Computer Systems, 43:51–60, 2015.

[105] Z. Tang, J. Zhou, K. Li, and R. Li. A mapreduce task scheduling algorithm for

deadline constraints. Cluster computing, 16(4):651–662, 2013.

[106] F. Teng, H. Yang, T. Li, F. Magoulès, and X. Fan. Mus: a novel deadline-

constrained scheduling algorithm for hadoop. International Journal of Compu-

tational Science and Engineering, 11(4):360–367, 2015.

105



[107] A. Verma, L. Cherkasova, and R. H. Campbell. Aria: Automatic resource

inference and allocation for mapreduce environments. In ICAC, 2011.

[108] A. Verma, L. Cherkasova, and R. H. Campbell. Aria: automatic resource

inference and allocation for mapreduce environments. In Proceedings of the 8th

ACM international conference on Autonomic computing, pages 235–244. ACM,

2011.

[109] A. Verma, L. Cherkasova, V. Kumar, and R. Campbell. Deadline-based workload

management for mapreduce environments: Pieces of the performance puzzle. In

NOMS, 2012.

[110] D. Wang, G. Joshi, and G. Wornell. Using straggler replication to reduce latency

in large-scale parallel computing. ACM SIGMETRICS Performance Evaluation

Review, 43(3):7–11, 2015.

[111] H. Wang, H. Chen, Z. Du, and F. Hu. Betl: Mapreduce checkpoint tactics

beneath the task level. IEEE Transactions on Services Computing, 9(1):84–95,

2016.

[112] J. Wang, Q. Li, and Y. Shi. Slo-driven task scheduling in mapreduce environ-

ments. In Web Information System and Application Conference (WISA), 2013

10th, pages 308–313. IEEE, 2013.

[113] J. Wang and X. Li. Task scheduling for mapreduce in heterogeneous networks.

Cluster Computing, 19(1):197–210, 2016.

[114] J. Wang, X. Li, and J. Yang. Energy-aware task scheduling of mapreduce cluster.

In 2015 International Conference on Service Science (ICSS), pages 187–194.

IEEE, 2015.

[115] X. Wang, D. Shen, M. Bai, T. Nie, Y. Kou, and G. Yu. Sames: deadline-

constraint scheduling in mapreduce. Frontiers of Computer Science, 9:128–141,

2015.

106



[116] Y. Wang, C. Ding, Z. Li, G. Yuan, S. Liao, X. Ma, B. Yuan, X. Qian, J. Tang,

Q. Qiu, et al. Towards ultra-high performance and energy efficiency of deep

learning systems: an algorithm-hardware co-optimization framework. arXiv

preprint arXiv:1802.06402, 2018.

[117] Y. Wang, H. Fu, and W. Yu. Cracking down mapreduce failure amplification

through analytics logging and migration. In Parallel and Distributed Processing

Symposium (IPDPS), 2015 IEEE International, pages 261–270. IEEE, 2015.

[118] Y. Wang, Y. Li, and T. Lan. Capitalizing on the promise of ad prefetching

in real-world mobile systems. In 2017 IEEE 14th International Conference on

Mobile Ad Hoc and Sensor Systems (MASS), pages 162–170. IEEE, 2017.

[119] Y. Wang, W. Lu, R. Lou, and B. Wei. Improving mapreduce performance with

partial speculative execution. Journal of Grid Computing, 13(4):587–604, 2015.

[120] J. Wu, S. Subramaniam, and H. Hasegawa. Comparison of oxc node architectures

for wdm and flex-grid optical networks. In Computer Communication and

Networks (ICCCN), 2015 24th International Conference on, pages 1–8, 2015.

[121] J. Wu, S. Subramaniam, and H. Hasegawa. Optimal nonuniform wavebanding in

wdm mesh networks. In Optical Network Design and Modeling (ONDM), 2015

International Conference on, pages 86–91. IEEE, 2015.

[122] J. Wu, S. Subramaniam, and H. Hasegawa. Optimal nonuniform wavebanding in

wdm mesh networks. Photonic Network Communications, 31(3):376–385, 2016.

[123] J. Wu, S. Subramaniam, and H. Hasegawa. Dynamic routing and spectrum

assignment for multi-fiber elastic optical networks. In Photonic Networks and

Devices, pages NeTu4F–1. Optical Society of America, 2018.

[124] J. Wu, S. Subramaniam, and H. Hasegawa. Efficient dynamic routing and

spectrum assignment for multi-fiber elastic optical networks. Journal of Optical

Communications and Networking, 11(5), 2019.

107



[125] J. Wu, M. Xu, S. Subramaniam, and H. Hasegawa. Evaluation and Performance

Modeling of Two OXC Architectures (Invited Paper). In The 37th IEEE Sarnoff

Symposium, 2016.

[126] J. Wu, M. Xu, S. Subramaniam, and H. Hasegawa. Joint banding-node place-

ment and resource allocation for multi-granular elastic optical networks. In

GLOBECOM 2017-2017 IEEE Global Communications Conference, pages 1–6.

IEEE, 2017.

[127] J. Wu, M. Xu, S. Subramaniam, and H. Hasegawa. Routing, fiber, band, and

spectrum assignment (RFBSA) for multi-granular elastic optical networks. In

Communications (ICC), 2017 IEEE International Conference on, pages 1–6,

2017.

[128] J. Wu, M. Xu, S. Subramaniam, and H. Hasegawa. Joint banding-node placement

and resource allocation for multigranular elastic optical networks. Journal of

Optical Communications and Networking, 10(8):C27–C38, 2018.

[129] J. Wu, J. Zhao, and S. Subramaniam. Co-scheduling computational and net-

working resources in elastic optical networks. In Communications (ICC), 2014

IEEE International Conference on, pages 3307–3312. IEEE, 2014.

[130] D. Xia, B. Wang, H. Li, Y. Li, and Z. Zhang. A distributed spatial-temporal

weighted model on mapreduce for short-term traffic flow forecasting. Neurocom-

put., 179(C):246–263, Feb. 2016.

[131] Y. Xie, S. Liao, B. Yuan, Y. Wang, and Z. Wang. Fully-parallel area-efficient

deep neural network design using stochastic computing. IEEE Transactions on

Circuits and Systems II: Express Briefs, 64(12):1382–1386, 2017.

[132] H. Xu and W. C. Lau. Speculative execution for a single job in a mapreduce-like

system. In CLOUD, 2014.

[133] H. Xu and W. C. Lau. Optimization for speculative execution in big data

108



processing clusters. IEEE Transactions on Parallel and Distributed Systems,

28(2):530–545, 2017.

[134] H. Xu, S. Wen, A. Gimenez, T. Gamblin, and X. Liu. Dr-bw: identifying

bandwidth contention in numa architectures with supervised learning. In Parallel

and Distributed Processing Symposium (IPDPS), 2017 IEEE International, pages

367–376. IEEE, 2017.

[135] M. Xu, S. Alamro, T. Lan, and S. Subramaniam. CRED: Cloud right-sizing

with execution deadlines and data locality. IEEE Transactions on Parallel and

Distributed Systems, 28(12):3389–3400, 2017.

[136] M. Xu, S. Alamro, T. Lan, and S. Subramaniam. LASER: A deep learning

approach for speculative execution and replication of deadline-critical jobs

in cloud. In Computer Communication and Networks (ICCCN), 2017 26th

International Conference on, pages 1–8. IEEE, 2017.

[137] M. Xu, S. Alamro, T. Lan, and S. Subramaniam. Optimizing speculative

execution of deadline-sensitive jobs in cloud. SIGMETRICS Perform. Eval.

Rev., 2017.

[138] M. Xu, S. Alamro, T. Lan, and S. Subramaniam. Chronos: A unifying optimiza-

tion framework for speculative execution of deadline-critical mapreduce jobs.

In Distributed Computing Systems (ICDCS), 2018 IEEE 38th International

Conference on. IEEE, 2018.

[139] M. Xu, J. Diakonikolas, E. Modiano, and S. Subramaniam. A hierarchical wdm-

based scalable data center network architecture. arXiv preprint arXiv:1901.06450,

2019.

[140] M. Xu, J. Diakonikolas, E. Modiano, and S. Subramaniam. A hierarchical wdm-

based scalable data center network architecture. In Communications (ICC),

2019 IEEE International Conference on. IEEE, 2019.

109



[141] M. Xu, C. Liu, and S. Subramaniam. PODCA: A passive optical data center

architecture. In Communications (ICC), 2016 IEEE International Conference

on, pages 1–6. IEEE, 2016.

[142] M. Xu, C. Liu, and S. Subramaniam. PODCA: A passive optical data center

network architecture. Journal of Optical Communications and Networking,

10(4):409–420, 2018.

[143] M. Xu, M. Tian, , E. Modiano, and S. Subramaniam. Rhoda topology configu-

ration using bayesian optimization. In Optical Network Design and Modeling

(ONDM), 2019 International Conference on. IEEE, 2019.

[144] X. Xu, M. Tang, and Y.-C. Tian. Theoretical results of qos-guaranteed resource

scaling for cloud-based mapreduce. IEEE Transactions on Cloud Computing,

PP(99):1–1, 2016.

[145] H. Xue, Y. Chen, F. Yao, Y. Li, T. Lan, and G. Venkataramani. Simber:

Eliminating redundant memory bound checks via statistical inference. In IFIP

International Conference on ICT Systems Security and Privacy Protection, pages

413–426. Springer, 2017.

[146] H. Xue, G. Venkataramani, and T. Lan. Clone-hunter: accelerated bound

checks elimination via binary code clone detection. In Proceedings of the 2nd

ACM SIGPLAN International Workshop on Machine Learning and Programming

Languages, pages 11–19. ACM, 2018.

[147] H. Xue, G. Venkataramani, and T. Lan. Clone-slicer: Detecting domain specific

binary code clones through program slicing. In Proceedings of the 2018 Workshop

on Forming an Ecosystem Around Software Transformation, pages 27–33. ACM,

2018.

[148] N. J. Yadwadkar, G. Ananthanarayanan, and R. Katz. Wrangler: Predictable

and faster jobs using fewer resources. In Proceedings of the ACM Symposium on

Cloud Computing, pages 1–14. ACM, 2014.

110



[149] F. Yao, J. Chen, and G. Venkataramani. Jop-alarm: Detecting jump-oriented

programming-based anomalies in applications. In International Conference on

Computer Design, pages 467–470. IEEE, 2013.

[150] F. Yao, M. Doroslovacki, and G. Venkataramani. Are coherence protocol states

vulnerable to information leakage? In Proceedings of IEEE International

Symposium on High Performance Computer Architecture, pages 168–179. IEEE,

2018.

[151] F. Yao, M. Doroslovački, and G. Venkataramani. Covert timing channels

exploiting cache coherence hardware: Characterization and defense. International

Journal of Parallel Programming, 2018.

[152] F. Yao, Y. Li, Y. Chen, H. Xue, T. Lan, and G. Venkataramani. Statsym: vulner-

able path discovery through statistics-guided symbolic execution. In Dependable

Systems and Networks (DSN), 2017 47th Annual IEEE/IFIP International

Conference on, pages 109–120. IEEE, 2017.

[153] F. Yao, G. Venkataramani, and M. Doroslovački. Covert timing channels

exploiting non-uniform memory access based architectures. In Proceedings of

ACM Great Lakes Symposium on VLSI, pages 155–160. ACM, 2017.

[154] F. Yao, J. Wu, G. Venkataramani, and S. Subramaniam. A comparative analysis

of data center network architectures. In Communications (ICC), 2014 IEEE

International Conference on, pages 3106–3111. IEEE, 2014.

[155] F. Yao, J. Wu, G. Venkataramani, and S. Subramaniam. A dual delay timer

strategy for optimizing server farm energy. In Cloud Computing Technology

and Science (CloudCom), 2015 IEEE 7th International Conference on, pages

258–265. IEEE, 2015.

[156] F. Yao, J. Wu, G. Venkataramani, and S. Subramaniam. Ts-batpro: Improving

energy efficiency in data centers by leveraging temporal-spatial batching. IEEE

Transactions on Green Communications and Networking, 2018.

111



[157] Y. Ying, R. Birke, C. Wang, L. Y. Chen, and N. Gautam. Optimizing energy,

locality and priority in a mapreduce cluster. In Autonomic Computing (ICAC),

2015 IEEE International Conference on, pages 21–30. IEEE, 2015.

[158] M. Zaharia, A. Konwinski, A. D. Joseph, R. H. Katz, and I. Stoica. Improving

mapreduce performance in heterogeneous environments. In OSDI, volume 8,

page 7, 2008.

[159] Q. Zhang, M. Zhani, R. Boutaba, and J. Hellerstein. Dynamic heterogeneity-

aware resource provisioning in the cloud. Cloud Computing, IEEE Transactions

on, 2:14–28, Jan 2014.

[160] W. Zhang, S. Rajasekaran, T. Wood, and M. Zhu. Mimp: deadline and

interference aware scheduling of hadoop virtual machines. In Cluster, Cloud and

Grid Computing (CCGrid), 2014 14th IEEE/ACM International Symposium on,

pages 394–403. IEEE, 2014.

112


