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Abstract

Geo-distributed data analytics has gained much interest inrecent years due to the need
for extracting insights from geo-distributed data. Tradit ionally, data analytics has been
done within a cluster/data center environment. However, aralyzing geo-distributed data
using existing cluster-based systems typically cannot safy the timeliness requirement
of most applications and result in wasteful resource consuption due to the fundamental
di erences of the environments, especially due to the scargehighly heterogeneous, and
dynamic nature of the wide-area resources: compute power annetwork bandwidth.

This thesis addresses the challenges faced by geo-distrii@d data analytics systems
in ensuring high-performance and reliable execution of mdiple data analytics appli-
cations/queries. Speci cally, the focus is on sharing resorces across multiple users,
applications, and computing frameworks. Sharing resourcgis attractive as it increases
resource utilization and reduces operational cost. Howeve ensuring high-performance
execution of multiple applications in a shared environmentis challenging as they may
compete for the same resources, especially in a wide-areav@onment with scarce re-
sources. Furthermore, dynamics such as workload variationresource variation, strag-
glers, and failures are inevitable in large-scale distribted systems. These can cause large
resource perturbation that signi cantly a ect the performa nce of query executions.

This thesis makes the following contributions. First, we present a resource sharing
technique across multiple geo-distributed data analyticsframeworks. The main chal-
lenge here is how to elastically partition resources while llowing high locality schedul-
ing to each individual framework, which is critical to the execution performance of
geo-distributed analytics queries. We then address the pralem of how to identify and
exploit common executions across multiple queries to mitigte wasteful resource con-
sumption. We demonstrate that traditional multi-query opt imization may degrade the
overall query execution performance due to its lack of suppd for network awareness.
Finally, we highlight the importance of adaptability in ens uring reliable query execution
in the presence of dynamics, both for single and multiple que executions. We propose
a systematic approach that can selectively determine whichgueries to adapt and how
to adapt them based on the types of queries, dynamics, and ophization goals.
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Chapter 1

Introduction

Recent years have seen an increasing amount of data that areaturally born geo-
distributed. This results from the way people rely on the Internet in their daily ac-
tivities such as communicating with others through social retworks, spending time en-
joying online entertainment, and accessing information awl news through online media.
For example, Facebook reported that more than one billion peple around the world
actively interact with their friends and upload millions of photos and videos on a daily
basis [?]. Studies have also reported that Twitter's users are actiely generating an av-
erage of 500 million tweets per day and they rely on Twitter feeds to learn what events
are happening around the world in real time [?]. Meanwhile, millions of people spend
more than 100 million hours watching videos from Netix [?]. These global activities
have resulted in a vast amount of data continuously being geerated around the globe.
To provide low-latency service delivery to end-users, manyorganizations such as
Google, Facebook, Microsoft, Amazon, and Netix deploy thér services over tens
of data centers and hundreds ofedgeinfrastructures that are distributed around the
globe P, ?, ?, ?, ?]. Each site (edge cluster or data center) stores the informidgon pro-
duced/consumed by co-located users (e.g., photos, videostatus updates) while in turn
generates additional information (e.g., system and user-eess logs). Collectively ana-
lyzing these geo-distributed data is critical for many bushess and operational tasks. For
example, Twitter data are often analyzed to detect emergeng events in real time [?, ?].
Public services are monitoring live video streams from thosands of cameras installed
all over a city for tra ¢ control and surveillance purposes [ ?, ?]. Similarly, video stream
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providers continuously analyze their user-access logs fno their Content Delivery Net-
work (CDN) servers for better user-experience, marketing,and billing [?, ?]. Since
many of these analytics applications rely on timely informaion, achieving low-latency
analysis is crucial.

1.1 Challenges in Geo-Distributed Data Analytics

Traditionally, data analytics has been done in a centralizel manner within a cluster or
data center, comprising large number of computing machineshat are connected by a
high-speed network. Several data analytics/computing franeworks and research proto-
types have been developed for this environment fobatch-oriented processing P, ?, 7],
stream-oriented processing P, ?, ?, ?], and graph processing?, ?, ?]. However, using
these cluster-based computing frameworks to collectivelyanalyze geo-distributed data
is not trivial. For example, most data analytics frameworks assume that all input data
and computing machines are co-located within the same siterad any data communica-
tion among the machines is done over a high-speed local-aretwork (LAN). However,
such an assumption is invalid for geo-distributed data proessing as the data may not be
co-located with the compute cluster and transmitting geo-dstributed data to a central-
ized compute cluster is done over a relatively low-bandwidt, high-latency, and highly
heterogeneous wide-area network (WAN).

One possible approach to analyze geo-distributed data is torst send all the data
into a single rendezvous cluster, and process them all togeér using an existing cluster-
based data analytics framework. We refer to this approach as centralized processing
model (Figure [1.1(a)). Unfortunately, transmitting a larg e amount of data over the
WAN typically incurs very high transmission delay due to the scarce WAN bandwidth.
Studies have shown that today's wide-area network bandwidh is signi cantly lower than
the local-area network bandwidth by several orders of magnude [?, ?]. Furthermore,
the public Internet that is often used by private Clouds and edge infrastructures has
even more constrained bandwidth, with an average of less thm10Mbps [?, ?]. Thus,
the centralized processing model typically limits the timdiness of the results and hence,
is not practical for many data analytics applications [?, ?, ?, ?, ?].
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To address the limitation of the centralized approach, recat work has proposed an al-
ternative processing model calledyeo-distributed analytics(GDA). This model processes
geo-distributed data in a geo-distributed fashion by utilizing computing resources/nodes
that are located closg] to the data (Figure [?,?2,?, 2, ?]. Data analytics systems
that adopt the GDA processing model treat all geo-distributed nodes to form a single
logical data center, but account for the limitation and heterogeneity of the resources.
Such a decentralized processing model can signi cantly immve the timeliness of the
analysis and mitigate wasteful resource consumption by pr@rocessing geo-distributed
data in-place and reducing the total amount of data that needto be sent over the WAN
for nal processing [?, ?, ?, ?, ?].

] ] 5
= ;2 —
— E AN B
k. v SV
et \‘E
(a) Centralized approach. (b) Decentralized (geo-distributed) approach.

Figure 1.1: Centralized vs. decentralized processing motief geo-distributed data.

Most of the work in GDA has focused on incorporating WAN awareness in scheduling
di erent types of data analytics jobs in wide-area settings, for batch analytics [?, ?, ?,
?, ?, 7], streaming analytics [?, ?, ?, ?, ?, ?], or graph analytics [?, ?]. The main
challenge here is due to the scarce, highly heterogeneouspchdynamic nature of the
wide-area resources. Thus, many data analytics applicatios are often constrained by
the limitations of the wide-area resources in achieving thi desired requirements. For
example, most streaming analytics queries require low-lancy and high-throughput
processing but wide-area network incurs high network delayand has low bandwidth.
Similarly, long-running queries require stable and high-grformance processing, but they
are often challenged by the high variation of wide-area neterk bandwidth. These

! The distance is often measured based on the network bandwidth availability between two sites
instead of the actual geographic distance.



4
unique characteristics of wide-area resources are not takeinto account by existing
cluster-based data analytics systems. Thus, optimizing eigting data analytics systems
to wide-area settings requires rethinking some of their degns.

This thesis addresses the challenges faced by geo-distrii@d data analytics systems
in ensuring a high-performance and reliable execution ofmultiple data analytics appli-
cations/querie@ . Speci cally, the focus is on sharing resources across miuile users,
applications, and computing frameworks. Sharing resource across multiple applica-
tions is attractive as it reduces the ownership and operatioal cost of a cluster and it
improves resource utilization by allowing applications to elastically scale their resource
needs based on their workload. Yet, ensuring high-performace and reliable execution
of multiple queries in a shared environment is challenging sithey may compete for the
same resources, especially in a wide-area environment willmited resources. Further-
more, runtime dynamics such as unpredictable workload pattrn, network bandwidth
variation, continuous job arrivals/completions, occurrence of stragglers, and failures are
inevitable in large-scale distributed systems. In a resoure-constrained environment,
such dynamics can cause large resource perturbation thatgii cantly a ect the overall
execution performance of queries.

1.2 Thesis Contributions and Outline

To address the above challenges faced by geo-distributed thaanalytics systems, this
thesis answers the following research questions: (1) How techedulebatchand streaming
analytics jobs in a wide-area environment? (2) How to share wde-area resources across
multiple data analytics frameworks? (3) How to optimize multiple query executions to
mitigate any wasteful resource utilization? and (4) How to adapt query executions in
the presence of dynamics? We summarize the contributions ahthe organization of the
remainder of this thesis as follows:

Chapter [Z addresses the problem of resource sharing acrosailtiple batch ana-
lytics frameworks in a wide-area environment. We propose adase-based resource
sharing technique and a variant of a delay scheduling that dbw each framework
to schedule its jobs with high locality.

2 A query refers to a processing model of an application.
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Chapter [3 explores the opportunity of incorporating multi- query optimization in
the context of wide-area streaming analytics. Speci cally we look at the oppor-
tunity of sharing common executions across multiple queris to eliminate any
redundant data processing and transmission over the widefaa network. We
further highlight the importance of network awareness in agplying multi-query
optimization in a wide-area environment. We show that traditional multi-query
optimization may degrade the overall query execution perfomance due to its lack
support for network awareness.

Chapter [4 addresses the importance of adaptability for longrunning streaming

analytics queries in maintaining their execution performance regardless of dy-
namics. We study several adaptation techniques, extend th@ to handle various

wide-area dynamics, and propose a systematic approach thatan automatically

determine which adaptation action to take depending on the ypes of queries, dy-
namics, and optimization goals. We show that the proposed adptation technique

can handle various dynamics with low overhead and without canpromising the

accuracy/quality of the results.

Chapter B further extends the proposed adaptation techniqe to a multi-query
environment where multiple queries may be constrained and ampeting for com-
mon resources. We propose a notion of adaptation cost that ewiders both the
overhead and the resource consumption cost of adapting a que and use this
adaptation cost metric to determine which queries that needto be adapted as
well as how to adapt them. The proposed adaptation techniqueesults in a more
e cient adaptation that improves the overall performance a nd stability of multiple
query executions.

Chapter [@ presents the future research directions.

Lastly, Chapter [[] highlights the key contributions of the th esis.



Chapter 2

Resource Sharing In
Geo-Distributed Edge Cloud

2.1 Introduction

Many Cloud providers such Amazon, Google, and Microsoft opeate and deploy their
services over tens of data centers and hundreds of edge sewvaround the globe to
provide low-latency service delivery to their end-users?, ?, ?]. These services in turn
continuously generate large amounts of data across multig sites/locations. Collectively
analyzing these geo-distributed data is crucial for many ogrational tasks. For example,
analyzing user-access logs from multiple geo-distribute@DN servers provides insights
on the popularity of a specic event across di erent countries, which can be further
used for advertisement purpose. Another example includesralyzing system logs to
nd common security threats across multiple edge servers.

Most data analytics systems have been primarily designed toun within a cluster or
data center. However, such a centralized platform is not welsuited for geo-distributed
data analytics applications/queries since it requires seding all the data into the cluster
before starting the analysis. This geo-distributed data transmission over the wide-area
network (WAN) typically results in high overhead due to the bandwidth limitation
of the network. Thus, such an approach typically limits the execution performance of
geo-distributed data analytics queries. To address the lintations of the centralized pro-
cessing model, recent work has proposed a decentralized messing model that processes

6
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geo-distributed in a geo-distributed fashion using compuing machines that are located
at the edge of the network Such a platform is often called anEdge Cloud[?, ?, ?].
Edge Cloud can improve the execution performance of analymp geo-distributed data
by utilizing co-located computing resources.

Data-intensive applications are diverse in terms of their taracteristics, require-
ments, and processing model and hence, they require di erengéxecution models to pro-
cess the data e ciently. This has led to recent developmentsof a number of distributed
data analytics frameworks/systems such as MapReduce?], Dryad [?], Pregel [?], and
others [?, ?, ?]. Since most of the frameworks have been designed for a clestdata
center environment, recent attempts have looked at the oppdunity and challenges of
adapting and optimizing them to a geo-distributed environment for geo-distributed data
analytics queries [, ?, ?, ?]. We believe that the increasing trend of geo-distributed
data will trigger more computing frameworks to be developedor adapted to a wide-area
environment. Yet, this imposes new challenges in sharing tl resources across multiple
data analytics frameworks in a wide-area environment.

In general, resource sharing provides hardware cost benestand improves resource
utilization as it allows each framework to elastically adag its resource share based on
its workload. Although the problem of resource sharing acres multiple frameworks has
been extensively studied in a large cluster/data center envonment [?, ?, ?, ?], existing
cluster-based resource sharing techniques do not scale W&l a wide-area environment
due to the fundamental di erences between the two environmets. In particular, they
lack the support for network awareness that is critical to adieving high-performance
guery execution in geo-distributed settings.

To address the challenges of sharing resources across mplé geo-distributed data
analytics frameworks, we introduce Awa - a resource management system for geo-
distributed Edge Clouds. The main goal of Awanis to provide a generic resource sharing
mechanism that allows each data analytics framework to schaule and deploy its jobs
with high locality, which is crucial to the overall query execution performance of geo-
distributed data analytics queries. Awanachieves this goal by implementing aresource
leaseabstraction, which de nes a set of computing resources thahave been allocated to
a speci ¢ framework for a speci ¢ amount of time. A lease provdes a guarantee on the

1 Awan is an Indonesian word of "Cloud".
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duration for which resources will be held by a particular framework. Awanshares every
lease information to all frameworks, enabling them to make letter scheduling decisions
by considering the future availability of all of the computing resources. We further
propose a locality-based priority scheduling algorithm baed o a delay scheduling al-
gorithm that allows framework schedulers to prioritize high-locality jobs in scheduling
multiple data analytics jobs.

Our experimental evaluation with the Nebula Edge Cloud [?] on a real geo-distributed
system deployment using PlanetLab P] shows that Awanoutperforms existing resource
sharing techniques for geo-distributed data-intensive aplications. Speci cally, it in-
creases the number of tasks that can be scheduled locally byaeh framework by ap-
proximately 28%. This locality improvement results in a reduction of the overall job
execution time by approximately 18%. The use of delay scheding algorithm further
improves the locality, which results in a decrease in the avage job turnaround time by
an additional 13%.

2.2 Problem Context

In this section, we describe the application model and the Ede Cloud system model
that we consider throughout the chapter.

2.2.1 Application/Query Model

We consider batch-oriented data analytics applications/queries whose inputs are dis-
tributed across multiple locations. Figure[2.1(a) shows anexample of the query execu-
tion model. Each application that is submitted to the system needs to specify its input
dataset, its processing model, and the nal output location. Here, the processing model
of an application corresponds to which execution frameworkthe application will be
scheduled by (will be discussed in Sectioh 2.2.2). For exantg an analyst may submit
a WordCount application to a MapReduce [?] framework to nd errors from multiple
geo-distributed log les.

In general, an application/query, Q, consists of one or more execution stage$ops),

example, a MapReduce application consists of 2 jobs: Map joland Reduce job, and
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(a) Application/query execution model. (b) Edge Cloud system model.

Figure 2.1: Query execution and Edge Cloud system model

the Reduce job depends on the execution of the Map job, as itsputs are generated
by the Map job. A job can start its execution only after all of its dependency jobs
have completed their executions. A jobJ; can be further broken down into multiple

parallelism of the job. The parallelism value of a job is typically determined based on
its input workload. A query execution is considered compleg/ nish when all of its jobs
have completed, while a job is considered complete when alf d@s tasks have completed.

2.2.2 Edge Cloud System Model

Figure depicts the Edge Cloud system model that we cosider: it consists of
several components that are deployed in a reliable/dedicad server and multiple storage
and compute nodes that are geo-distributed. Both the storag and compute nodes can be
shared by multiple applications. A node in our environment may perform as a compute
node, storage node or both. A compute node consists of one orare computing slots
which is the smallest granularity of a computing resource that can be assigned to exactly
one task at a time. In this work, we consider all slots to be homogeneous (e.g., a slot
corresponds to 1 CPU and 1GB memory). However, the number of amputing slots
across nodes may vary depending on the computing power of damode itself. When
a task is deployed to a particular computing slot, it will rs t download all of its input
dataset, process them, and store the nal result to one or moe storage nodes.
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We assume that the Edge Cloud consists of following modules:

Storage Master. Throughout the discussion, we consider a le as the smallest
granularity of an input data shard of a particular task. All les that are stored in
the system are managed by theStorage Master It is responsible for (1) maintain-
ing all les' metadata, (2) ensuring the availability of all les by determining the
replication factor of each le, and (3) determining where eah le and its replicas
should be stored ?].

WAN Monitor. The WAN Monitor is responsible for monitoring the end-to-
end network bandwidth availability (both uplink and downli nk) between nodes.
This bandwidth information is used to determine the network bandwidth distance

between nodes, which is used by thé&torage Masterto determine where each le

should be stored, and by eactData Analytics Framework's scheduler to schedule
its jobs with network awareness. In this work, we consider a ampute node to be
local to a storage node if they share the same physical machine or éhnetwork

bandwidth between them is higher than a speci ¢ bandwidth threshold.

Data Analytics Framework. A Data Analytics Framework (or framework for
short) consists of a scheduler that is responsible for (1) $&duling and deploying
any submitted job, and (2) monitoring the execution state of all of its jobs. Each
submitted job will put into a job queueand the scheduler will schedule the jobs
(i.e., job whose dependencies have been resolved) based dwit priorities on a
per-job basis. Speci cally, the scheduler will determinewhere each task of the
job should be deployed. Dierent frameworks in the system mayhave di erent
scheduling policies. For example, a framework may scheduiés jobs with the goal
of minimizing the overall job execution runtime, while another framework may
schedule its jobs with the goal of minimizing WAN bandwidth consumption. In
the former case, the scheduler will attempt to schedule its gbs with high locality
because data transmission over WAN is usually the dominantdctor to the overall
query execution time. In this case, locality can be achievedy scheduling a task on
a compute slot that is closest to its inputs' locations. We rder to this scheduling
technique aslocality scheduling
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Resource Manager. Since di erent analysts may want to run a di erent types
of applications, the resources in an Edge Cloud is typicallyshared by multiple
frameworks. The main goal of the Resource Manageris to provide a resource
sharing mechanism and policies across multiple computingrdmeworks. It keeps
track of the availability of all computing slots (e.g., vacant or has been allocated
to a particular framework) and may allocate any of the available slots to any
of the frameworks. For clarity reason, we assume that a slot @an only be allo-
cated to exactly one framework at a time. Note that a system mg not have a
Resource Managerin which case each framework will compete for the resourceti-
rectly [?]. However, such a resource sharing mechanism introduceswehallenges
in coordinating and enforcing any global resource sharing glicy across multiple
frameworks.

2.3 Awan: Geo-Distributed Resource Manager

There have been several resource management systems depeld to share computing
resources among multiple frameworks in a cluster/data cergr environment [?, ?, ?, ?].

However, they do not account for the network bandwidth limitation and heterogeneity

between the nodes in the system since they are primarily deghed for a relatively

homogeneous environment. In this section, we rst identify and highlight some of the

limitations of existing cluster-based resource managemertechniqgues when they are
deployed in wide-area settings, and then presenfAwan a resource sharing technique
that we have designed speci cally for a geo-distributed enironment.

2.3.1 Limitations of Existing Cluster Resource Managers

One possible approach to share resources across multipleafneworks is to use aviono-
lithic Scheduler. a global resource scheduler that determines how to allocatresources
to each framework. Such a scheduler typically implements a gneric scheduling policy
(e.g., fair sharing) that can be used by various types of framaworks. Although a Mono-
lithic Scheduler generally simpli es the resource sharingproblem, such a scheduler is
often di cult to extend with new framework-speci ¢ policie s and optimization.
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In order to optimize the execution deployment of various daa analytics applica-
tions, researchers have implemented multiple data analytis frameworks with di erent
scheduling policies, each of which is optimized for a spea type of applications. How-
ever, sharing limited number of resources across di erent fameworks introduces new
challenges such as (1) How to partition the resources acrodfsameworks? (2) How to
handle concurrency issues among frameworks? and (3) How toripritize certain jobs
from di erent frameworks? One possible approach would be to stically partition the
resources in advance and allocate each framework a predeteined share of resources.
We refer to this approach as astatic resource partitioning. The main drawback of stat-
ically partitioning the resources is that it leads to an external resource fragmentation
problem, resulting in a low cluster resource utilization. Determining the size of each
partition in advance may also be di cult since each framework may have a dynamic
and unpredictable workload that changes over time. Moreove a static partitioning
approach is not suitable for a geo-distributed environmentsince it typically limits the
locality scheduling of each framework.

Dynamic resource partitioning solves the external fragmentation problem by elasti-
cally adapting the resource share of each framework based daheir workloads. There
are several dynamic resource partitioning techniques thahave been proposed to share
computing resources in a cluster environment. The rst type is a two-level scheduling
It consists of a single logicalResource Managetthat performs as an abstraction layer be-
tween the resources and the frameworks. Each framework intacts with the Resource
Manager in order to acquire resources. Mesos?[ is a popular resource management
system that uses a two-level scheduling approach. In Mesosll frameworks acquire
resources from the Mesofkesource Managerusing aresource o er mechanism. In this
model, each framework would request for the availability ofthe resources from theRe-
source Managerwhenever there is a job that needs to be scheduled. Upon reefig
this request, the Resource Managemwould o er a set of the available resources based on
its resource partitioning policy. In return, a framework may either accept or reject the
o er if the o ered resources do not adequately satisfy the requrements.

The resource o er mechanism uses a pessimistic concurrencymrol, meaning that
the resources that are currently o ered to one framework willnot be o ered to the other
frameworks at the same time. This ensures no con ict betweetirameworks in allocating
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resources. The drawback of the pessimistic approach is thabnly one framework can
acquire a particular set of resources at a time. Thus, other fameworks may have to
wait for a long time for the Resource Managerto o er the desired resources to them.
An alternative approach would have the Resource Managerperform global resource
allocation for all the requests from the frameworks, simila to the approach used in
YARN [?]. This, however, makes the two-level architecture e ectivdy monolithic since
the resource allocation is determined by a single global resirce allocator.

A shared-state modethat was introduced in Google Omega P] removes the role of
the Resource Manager In this case, each framework can directly schedule its taskon
any of the available resources. In this resource sharing mad, the state of all resources
are shared by all of the frameworks and they can schedule thetasks in parallel using an
optimistic concurrency control. This mechanism gives all ¢ the frameworks knowledge
about the state of each of the resources (i.e., available ornavailable). This knowledge,
however, is only used to avoid a framework trying to acquire esources are currently
being used by other frameworks. While the shared-state modés useful in a cooperative
environment, using it in an Edge Cloud with limited number of resources may lead to
signi cant issues such as fairness and starvation becauseuttiple frameworks may be
competitive and try to hoard resources. Furthermore, sincea shared-state model does
not have a coordinator that controls the resource shares amu frameworks, enforcing
global policies across frameworks (e.g., fair sharing acss frameworks) is not trivial.

2.3.2 Awan Resource Manager

To address the limitations of the existing cluster-based reource managers in an Edge
Cloud environment, we propose a new resource manager callédvan The goal of Awans
to provide a scalable resource sharing mechanism in a geostlibuted environment that
allows each framework to achieve high locality schedulingHtat is critical to achieving
high-performance execution of geo-distributed analyticsqueries. Awancombines the
desirable features of the two-level model with those of the Isared-state model, while
providing explicit support for locality-aware scheduling. Figure 2.2 shows the two-level
model of Awan We incorporate the shared-state mechanism by sharing thetates of all
the resources to all the frameworks. In our system the statesf the resources are shared
by the Resource Managerand not directly by the frameworks.
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Figure 2.2: Awan two-level resource sharing model.

AwanResource Managerprovides the states ofall resources to all frameworks, in-
cluding those that are not currently available or have been #docated to a particular
framework. Each framework acquires and schedules its task® the available resources
using aresource leasemechanism with an optimistic concurrency control. However the
optimistic concurrency control in acquiring resources is oordinated by the Resource
Manager. In this case, a framework will rst lease a set of resourcesaor a specic
amount of time to the Resource Managerbefore deploying its tasks (the leasing mech-
anism will be discussed in Sectioni Z2.313). To handle con idhg resource acquisition,
the resource allocation will be done in an atomic manner. TheResource Managercan
also enforce any global policy that has to be obeyed by the frmaeworks. For example,
the Resource Managermay implement a fair sharing policy by limiting the number of

resources that can be acquired by a framework.

2.3.3 Resource Lease

In a geo-distributed environment, the resource o er mechansm that is used by Mesos
su ers from the potential lack of locality in task scheduling. The main reason is due
to the limited knowledge of the resource availability that is provided by the Resource
Manager, since the resource o er mechanism only o ers currently avaible resources.
At a glance, o ering only the available resources seems reasable because tasks can
only be deployed on computing slots that are available. An umvailable slot, however,
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may actually provide better data locality for a task than any of the available slotswhen
it becomes available in the future. Mesos handles this issuby incorporating a delay
scheduling [?] for short running tasks which makes a scheduler delay scheding a job
if its task cannot be launched locally. However, delay schading a job without any
knowledge of the future availability of the resources, espaally if most of the tasks are
long-running, may introduce unnecessary waiting time. Ingead, it would be desirable
for a scheduler to wait (or not) on busy resources dependingrothe expected waiting
time. If the scheduler is aware that the local resources willbe available soon, it may
decide to delay scheduling a certain job. On the other hand,fithe waiting time is too
long, the scheduler may decide to deploy its tasks on any of th available slots. Thus,
sharing the future availability information of unavailabl e resources can help a scheduler
make a better scheduling decision.

A lease in theresource leasemechanism has dease expiration time associated with
it which provides a guarantee that the acquired resources Jlibe held by a framework
for no longer than the lease time (with a possibility of some gace period). After the
lease time expiry, the Resource Managerwill make the resource available to the other
frameworks. Sharing the lease expiration time enables fragwork schedulers to estimate
their waiting time for desired busy resources, leading to inproved scheduling decisions.

time on resourceR;. If the Resource Manageragrees on the request and the resources
are available, the resources will be allocated to the framewrk and the resources will be
marked unavailable for other frameworks. A lease request maalso contain an atomic
request ag specifying that all resources must be acquired atomicdy. If the ag is set,
the request will be grantedi all the leases can be satis ed, i.e., all resources in the
request are available. Otherwise, the leases on availableesources will be granted and
the scheduler will be noti ed if any of the leases failed. Fdlure in leasing may hap-
pen because of the optimistic concurrency control used in auresource management
mechanism, where multiple schedulers may try to acquire owdapping sets of available
resources at the same time. We provide such an atomic optiondrause some frameworks
(e.g., MPI) require all resources to be available to start the execution, while others (e.g.,
MapReduce) can start a job partially and add more resourcesdter.
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The Resource Managerkeeps track of the leases and share them to all of the frame-
works. Since each lease contains information about the fute availability of a specic
resource, a scheduler may decide whether to schedule its teson the available resources
or wait for the busy resources. If a scheduler decides to waibn one or more resources,
the scheduler should be able to dynamically change its scheting decision over time.
This is useful for a few reasons. First, the network bandwidh availability between nodes
is constantly changing over time, especially in a system thiais connected via dynamic
WAN. Thus a scheduler may change its scheduling decision iffte resource availability
has drastically changed. Second, stragglers and failuregainevitable in large-scale dis-
tributed systems. Thus, a scheduler should be able to re-elaate its scheduling decision
if the resources it has been waiting for have failed. Third, he lease estimation that is
provided by other frameworks may not be perfectly accurate ih practice it is unlikely to
have a 100% prediction accuracy especially in a resource cstmained environment that
may have large resource perturbation). If a computing slot lecomes available sooner
than the estimated time, a framework should be be able to acque the slot immediately.
Lastly, in an optimistic concurrency control, multiple fra meworks may wait for the same
set of resources. Since only one framework is able to acquithe resources, the other
frameworks should be able to reschedule their tasks on di engt resources if they have
failed acquiring the desired resources. Here, waiting list can be added to each resource
so that a framework may decide to ignore resources that haveohg waiting queues.

Our design uses a two-level model to allow global policies tde applied to every
framework easily. Some policies that have been incorporatein our implementation
are: (1) the capability of rejecting a lease request for an ureasonable long time and
(2) terminating a process/task that takes longer than the ageed lease time. If fairness
across frameworks is the main priority, fair sharing may al® be applied by limiting the
number of resources that can be leased using max-min fair shiag.

2.3.4 Lease Estimation and Enforcement

When a framework tries to acquire a resource, it needs to estiate the time needed to
complete the task on that particular resource. The lease tine in our implementation
is estimated by combining the data transmission time and ta&'s running time from its
statistical history. However, having a perfect accuracy inestimating the lease time is not
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possible for many reasons. Public Internet is highly dynamg in practice, and networking
problems such as packet loss may also in uence the data traer time. Estimating the
network bandwidth between nodes interconnected via WAN is achallenging problem 2,
?]. In our implementation, the network cost estimation is beg-e ort and it is estimated
based on the time to transmit data over a network link. Althou gh, the data transmission
time is typically the dominant factor of the total execution time for geo-distributed data-
intensive jobs, we also consider the computing factors intghe lease calculation to have
a better lease estimation accuracy. These factors are estimted as a per-node compute
performance history of running similar tasks, which are mantained by each framework.
In general, the lease time of a slot of a particular nodel 5, is estimated as follow:

jinput j X

L, = max 52 + Cy input, + ; 8b
b

L 4 is the estimated time needed to process a task on node located site a. B{ is the
available network bandwidth between sitesb and a, where b is the location of an input
data shard inputp. Cy is the average task processing time of the latesk™ tasks. The
number of records,k, is used to avoid including obsolete records into the calcalion.
The similarity of the task can be categorized based on its coputing model and its input
data size. If there is no similar task pro le in the history, C¢ will be estimated from the
performance of running a similar task on a di erent node. If none of the nodes have
ever processed a similar task, the scheduler will lease a slior a pre-de ned amount of
time. This might cause a large inaccuracy in running a task fo the rst time. A small
slack factor, , is added to the estimation to avoid an overly optimistic prediction.

Both underestimation and overestimation of a lease time carlead to problems. If
the lease time is underestimated, i.e., the time needed to coplete a task is longer than
the lease time, the task would not be completed before the les expiration time. If
the Resource Managerterminates the task and revokes the expired slot, this will esult
in wasted resources and increase the turnaround time of theop. The overall system
utilization and performance will deteriorate signi cantl y with a high number of lease
underestimations. On the other hand, if the lease time for a bt is overestimated, fewer
schedulers may wait for this slot to become available, and mainstead schedule their
tasks on less desirable non-local slots. With a high numberfdease overestimation, most
schedulers will ignore the busy slots and schedule their t&s on any of the available
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slots, e ectively reducing to a resource o er-based mechanis. This may result in a low
number of local task executions and decrease the overall sgsn performance.

The Resource Managercan also use di erent policies to handle expired leases. The
simplest approach is to terminate the running task upon leas expiry and set the slot to
be available to other frameworks. However, terminating a pocess that has not nished
on an expired lease requires the task to be rescheduled on a atient slot, and will
result in wasted resources if the task is almost nished. A b#er approach is to give
somegrace periodfor the node to clean up or nish. If the task is a long-running task
and the progress of the process is far from completion, the ate of the task could be
saved and its temporary results should be stored to a storageode such that the task
can be continued by another slot instead of restarting the wiole task. The Resource
Manager should carefully determine what is the appropriate grace peod. If the grace
period is too low, it is likely to result in large number of terminated tasks. On the other
hand, if the grace period is too high, it may lead to much highe waiting times for other
frameworks waiting for the slot to become available.

2.4 Locality-based Priority Scheduling

Our discussion so far has focused on how to share resourceshieen multiple frame-
works. In this section, we focus on improving locality in scleduling multiple jobs for a
batch analytics framework. A notable technique to improve locality in scheduling is by
using a delay scheduling algorithm P], which would skip a job that is at the head of
the job queue if any of its tasks cannot be scheduled locallyTo avoid starvation, the

scheduler can limit the number of times a job is skipped. Oncehe number of skips
reaches a predetermined threshold, the job will be schedutkeven if its tasks cannot be
scheduled locally. This technique is feasible if most of théasks are short-running where
a short delay is often su cient to have a higher locality.

Introducing a delay in scheduling long running tasks, howeer, works well only if a
scheduler has a complete knowledge of the status of all taskags (including those that
are currently unavailable). If a scheduler is only aware of he slots that are available
(on which it can launch its tasks without any delay), delaying task placement may incur
unnecessary waiting time since it is possible that a task camot be scheduled locally in
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any of the slots. In our resource sharing mechanism, the waitg time for a particular
task slot can be obtained from the lease information that is kared by the Resource
Manager. If the waiting time is too long, the scheduler should be ableto schedule the
task to a di erent resource right away.

We generalize the delay scheduling algorithm by introducig a minimum locality
level constraint Instead of immediately skipping a job if any of its tasks camot be
scheduled locally, we compare the locality level of the job wth the minimum locality
level constraint. The locality level of a job, Locale;, is de ned as the fraction of tasks

that the scheduler can launch locally, which can be computedhs follow:

8
P <1 B Bmn
T2J . .
* 0 otherwise

Locale; = ]

T is a task of a job J, jJj is the total number of tasks that need to be scheduled,
B is the bandwidth demand to deploy the task, andB i, is the minimum bandwidth
threshold that determines the locality scheduling of the jdb. A job J will only be
scheduled ifLocale;  Localemin , where Localenin is the minimum locality threshold
that is set by the scheduler. A minimum locality level of 0 means that the job will be
scheduled regardless of the number of tasks that can be schddd locally. On the other
hand, a minimum locality level of 1 means that a job can be schauled only if all of the
tasks can be scheduled locally (e ectively similar to the dehy scheduling algorithm).

A minimum locality level constraint of 0 might result in loca lity scheduling for a low-
intensity workload since each scheduler tries to schedulds tasks locally and can nd
such resources available. On the other hand, an overly high mimum locality constraint
may lead to high waiting time due to the restriction on scheduing. In practice, adjusting
the minimum locality threshold between the two extremes 0< Locale min 1, may
increase the number of tasks that can be scheduled locallyrsie it could prioritize jobs
that have higher locality. The maximum number of skips shoull also be set carefully
since a higher number of skips would result in a higher waitig time. In summary,
Localenin should be adjusted to the scheduler's workload and the aveige number of
tasks that can be scheduled locally from the statistical hisory.
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2.5 Experimental Evaluation

System Setup. We have implemented Awanon the Nebula Edge Cloud ]. We have
modi ed the default monolithic resource scheduler in Nebué to the two-level scheduler
with the leased-based resource management mechanism. Angpae execution is carried
out inside Google Chrome Web browser-based Native Client (HCI) sandbox [?] that
is used in Nebula. Although our evaluation is based on the Nebla system, it is worth
noting that the proposed technique itself is not tightly coupled with the platform and
could be implemented into any Edge Cloud system that provide the system model
discussed in section 2]12.

We deployed 40 compute nodes and 32 storage nodes on PLE Plabab [?] nodes
that are geo-distributed across the Europe. The nodes are herogeneous in terms of
their computation power and network bandwidth (varying fro m 1Mbps to more than
10Mbps). Most of the storage nodes that we deployed had at lest one local compute
node, but not every storage node has a nearby compute nodes.ekk, a node was consid-
ered "local" if the network bandwidth between the nodes was geater than 8Mbps. All
centralized components such as th&/AN Monitor , Storage Master Resource Managey
and Data Analytics Frameworks were hosted on a dedicated machine with an Intel Xeon
CPU E5-2609 and 16GB of memory.

Baseline Comparison. We compare Awars lease-based resource sharing mechanism
(Awan with the two-level resource o er (Offer ) and the direct share state mechanism
(Direct ). We deployed 3 frameworks with di erent scheduling policy: (1) Lease-aware
scheduling (Lease), (2) First-Come-First-Serve scheduling FCF$ and (3) Random
(Randomscheduling policy. Both Lease and FCFSmplemented a network-aware task
placement algorithm proposed by prior work in geo-distribued MapReduce ]. The

di erence between them is that, Lease's scheduler considered the future availability
of the unavailable slots and it might delay scheduling jobs hat had low locality. In

contrast, FCFSscheduler was not aware of the future availability of any uravailable
resource. Thus, it would never wait for resources that were at available during the

scheduling time.

Workload.  All of the schedulers scheduled the same set of MapReduce Wiount
jobs with input data size varied from 256MB to 512MB. Each input data had been
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Figure 2.3: Benet of lease-based resource sharing technie.

partitioned into 16MB chunks, and distributed randomly to d i erent locations. The
critical path of each of the MapReduce jobs in our experimens was in the Map job
which: downloaded the input data set from geo-distributed f$orage nodes, processed
them, and stored the result to one or more storage nodes. Theomputation of the
Reduce tasks in our experiments were not critical to the ovealll MapReduce performance
since the inputs of the Reduce tasks (the output of the Map taks) were much smaller
compared amount of data processed by the Map tasks.

2.5.1 Leased-based Resource Sharing

In this experiment, we used 5 rounds of Poisson distributiorbased simulation with 12
jobs/round. We evaluated the benet of our lease-based resarce sharing technique
under two di erent workload conditions: (1) Low workload with a job inter-arrival rate
of 100 seconds and (2High workloadwith a job inter-arrival rate of 50 seconds. The low
and high workload conditions resulted in 1 to 2 and 2 to 4 conctrent jobs respectively.
On average, a task could be completed in approximately 40 to ® seconds if it was
deployed on a local node and took more than 100 seconds for mas the time if it was
deployed on a distant node. We allowed 20 second grace peridd every lease upon its
expiration. We also included a 95% con dence interval in theresults.

Figure shows the overall job turnaround time of of theframeworks deployed
on top of Awan Offer , and Direct . We can see that during the low workload condi-
tion, all of them performed comparably because most jobs cdd be scheduled locally.
However, as the workload increases, théease's framework scheduler inAwanwas able
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Figure 2.4. Lease estimation.

to schedule more tasks locally (28% higher locality as showim Figure since the
Lease's scheduler were able to delay scheduling some of the tasksiting for local slots.
This led to the 18% reduction of the overall job turnaround time. These results show
that knowing the future availability of the slots allows fra mework schedulers to better
schedule their tasks with higher locality. The framework shedulers in the Offer case
were not aware of the existence of the busy resources becaud® Resource Manager
o ered only the available slots. In this case, a scheduler wold always try to schedule
its tasks locally based on the o ered resources, which led to éower locality scheduling
that could be achieved. Similarly, the schedulers inDirect would schedule their tasks
locally only if the local shots were available since they didnot know about the future
availability of the busy resources.

2.5.2 Lease Estimation

We further evaluated the locality that could be achieved by the Lease's scheduler on
Awancompared to the maximum locality that could have been achieed if the future
availability of every slot is known in advance, which is impractical in real deployment.
In this experiment, we used 60 storage nodes and varied the mber of compute nodes
from 30 to 60 nodes. Figurd 2.4(d) shows locality di erence bveen the locality that
was achieved bylLease and the maximum locality. The maximum locality was lower
than 100% when there were fewer compute nodes because the datvere randomly
distributed throughout a much higher number of storage node and some of them did
not have any local compute node. The gure also shows the disince between the locality
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that was achieved to the maximum locality is within 5%. This indicates that the Lease's
scheduler could schedule its tasks close to the best posablocality regardless of the
number of compute nodes. We also evaluated our lease estiniah accuracy that is
critical to the decision made by the Lease's scheduler. We de ne the accuracy as:

jtactual tpredicted J

accuracy=1
tactual

Figure shows the accuracy CDF of the task execution pediction made by
the scheduler to the actual running time. On average, the leae estimation we used
results in 83% accuracy. We observed that the accuracy had swe variations due to the
initial scheduling of the jobs that had not been previously £en by the scheduler and
the dynamics that occurred during the experiments. In the famer case, the scheduler
estimated the task's running time using a prede ned value (D0 seconds was used in
the experiment). When similar jobs were posted later, the skeduler could predict the
task running time based on its statistical records and resukd in a higher accuracy
prediction. However, sometimes the accuracy still uctuated over time even if similar
jobs were posted due to the dynamic nature of the wide-area etfronment.

2.5.3 Locality-based Priority Scheduling

Lastly, we evaluated the bene t of prioritizing higher locality jobs based on theminimum
locality threshold. This goal of this approach is to prevent scheduhg jobs with low
locality unless they have been waiting for a long time. The mén problem of scheduling
low locality jobs in a resource-constrained environment ighat it may reduce the locality
level that could be achieved for the other jobs. A job that coud not achieve the minimum
locality threshold will be skipped for no more than 10 second. In this experiment, we
varied the minimum locality level from 0 to 1. A locality level 0 means that a job would
be scheduled regardless of the number of local tasks. On théher hand, a locality level
1 means that a job could only be scheduled if all of its tasks we able to run locally.

In this experiment, the resources were shared by 3 framewosk whose schedulers
implemented the Lease aware task scheduling. We only show the results from the high
workload since during the low workload condition, the 3 schdulers were be able to
schedule their tasks with high locality for most of the time regardless of the threshold.
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Figure 2.5: E ects of varying the minimum locality threshold .

The jobs were posted using a Poisson Process with a rate of 5@mnds and we posted
2 jobs at a time instead of 1 job to allow multiple jobs to resice in the job queue.

Figure shows the average job turnaround time over di eéent minimum locality
threshold. We can see that the average job turnaround time ca be further improved
by 13% when the minimum locality level was increased from 0 td.5. However, as the
threshold increased from 0.5 to 1.0, the percentage of taskthat could be scheduled
locally were relatively stable as shown in Figur). Siing the threshold too high
even increased the average job turnaround time. The reasorsithat, more jobs would
have higher waiting time in the queue due to the limited numbe of local tasks. However,
most of the time spent in the queue was unnecessary since most the jobs could not
be scheduled with a perfect locality even when all of the nodewere available.

2.6 Related Work

Geo-distributed Data Analytics Systems. Recent work has considered utilizing
multiple data centers/edge clusters for geo-distributed katch analytics with the goal of
minimizing query execution time or e ciently utilizing WAN  bandwidth [?, ?, ?, ?].
Although our work also considers a similar environment, we écus on the problem of
sharing resources across multiple data analytics framew&s. Thus, our work in this
chapter is orthogonal to theirs.

Resource Management.  The problem of sharing resources across multiple data

Average Map runtime (seconds)
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analytics frameworks has been studied extensively?] ?, ?, ?]. However, they are in-
tended for a cluster/data center environment. In contrast, this chapter address the
problem of sharing resources in a wide-area environment. Awe have shown in this
work, existing cluster-based resource management needs dication to a wide-area
environment due to the critical needs for locality job/task scheduling. Although our
resource sharing model is similar to Mesos, our proposed tegique uses a lease-based
mechanism in contrast to the resource-o er mechanism in Mess. Furthermore, we in-
corporate the state sharing mechanism used in Shared Stateesource sharing model
that shares the future availability of all resources to all frameworks to help framework
schedulers apply delay scheduling e ectively.

Job Scheduling in a Shared Environment. Researchers have also considered
optimizing individual framework scheduler in a cluster-based environment P, ?, ?, ?,
?, ?]. Torque [?] is a batch scheduler for HPC cluster where data locality is ot the
main issue for such jobs. Delay scheduling?] and Quincy [?] incorporate techniques to
handle locality and fair sharing in a shared cluster enviromment. In contrast to their
work, we consider a wide-area environment, which requires di erent job scheduling
decision due to the di erences in the underlying environmens.

2.7 Conclusion

In this chapter, we present Awan a resource manager for data-intensive applications in
a geo-distributed Edge Cloud environment. Awanuses a lease-based resource sharing
mechanism to dynamically partition resources across mulfple data analytics frame-
works. A lease provides a guarantee that a particular resowre will be held by a frame-
work for no longer than the lease time. The lease informationis shared to all frame-
works so that each framework can determine whether to wait (o not) for the desired
unavailable resources for better scheduling decision. Thiresults in a higher locality
scheduling that can be achieved by each framework and impras the overall query
execution performance of geo-distributed data-intensivequeries. We further propose a
locality-based priority scheduling that can further improve the locality job scheduling
of geo-distributed data analytics frameworks.



Chapter 3

Multi-Query Optimization in
Wide-Area Streaming Analytics

3.1 Introduction

Recent years have seen a growing interest in wide-area stneeéng analytics, where an-
alysts need to extract timely information from large amounts of data that are contin-
uously being generated across multiple locations. Exampteof these data include not
only traditional log updates from content distribution net works (CDN) but also user-
generated microblogs, sensor data from distributed I0T deices, and video streams from
distributed surveillance and tra ¢ control cameras. Such data are naturally produced
in a geo-distributed manner near the edge The main challenge in analyzing these data
is in extracting information in a timely manner [ ?, ?].

The interest in real-time analysis over continuous data steams has resulted in the
recent development of various distributed stream processig systems P, ?, ?, ?, ?,
?]. However, these systems have been designed primarily for eentralized, tightly-
connectedcluster environment where compute nodes are inter-conneet with high-speed
network. Using such systems to analyze geo-distributed dat streams is impractical since
it requires transmitting large amounts of data continuously over the wide-area network
(WAN) that has limited bandwidth, slow, and expensive. This centralized approach
typically leads to wasteful WAN bandwidth consumption and is often unable to satisfy
the timeliness requirements of most applications 7, ?, ?, ?].

26
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Most of the work in geo-distributed data analytics has instead focused on batch-
oriented processing, where nite input data sets are availble prior to a query execu-
tion [?, ?, ?, ?, ?, ?]. In this case, the main challenge is to schedule each quenhat
minimizes either the overall execution time or WAN bandwidth consumption. Oth-
ers have also looked at the problem of geo-distributed data raalytics in the context
of stream-oriented processing where long-running querieare deployed to extract infor-
mation from continuous data streams P, ?, ?, ?]. However, most of them focused on
optimizing an individual query execution. In contrast, we consider optimizing multiple
qgueries by applying multi-query optimization in a WAN-awar e manner.

In practice, the multi-tenancy nature of a Cloud environment leads to multiple
gueries running concurrently and competing for limited, shared resources. Recent work
has indicated that it is common in a production environment for multiple queries to
exhibit common executions, whether in reading the same setfanputs or performing
the same data processing, especially for queries from the rs& application domain or
those that rely on popular data [?, ?, ?, ?, ?, ?, ?, ?]. Furthermore, as more and more
data are increasingly geo-dependent and made available tde public, it is increasingly
likely that more geo-distributed data analytics queries wil share common executions. As
a concrete example, Twitter data streams are commonly analyed for di erent purposes
including sentiment analysis [?], nding relevant audiences for an advertisement P], and
detecting trending topics in a certain area or globally [?, ?]. Another example includes
CDN logs that are continuously monitored for high quality service assurance, network
monitoring, and user behavior analysis.

Based on this insight, we examine the opportunity of applying multi-query opti-
mization in the context of wide-area streaming analytics. Qur goal is to e ciently and
e ectively utilize the limited WAN bandwidth while providin g low-latency and high-
throughput execution of multiple concurrent queries. We rst study di erent types of
cross-query sharing opportunities: (1)input-sharing: where multiple queries share a
common subset of input data, (2) operator-sharing: where multiple queries perform
the same data processing on the same inputs, and (3)utput-sharing: where multiple
gueries additionally share partial output (or intermediate) results. Furthermore, we
demonstrate the importance of WAN awarenessin applying multi-query optimization
in a wide-area environment: both for query planning and for @erator scheduling.
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There are several challenges in applying multi-query optinzation (MQO) in the
context of wide-area streaming analytics. First, multiple queries may be submitted to
the system independently at di erent times by di erent users and hence, it may not be
possible to optimize these queries together prior to their éployment using the MQO
technigues proposed for batch-oriented workloads?, ?, ?]. Second, most streaming an-
alytics queries are long-running and latency sensitive?, ?, ?]. Thus, it is very ine cient
and impractical to interrupt existing query executions whenever a new query arrives to
optimize them together. Instead, our technique optimizes naltiple query executions in
an online manner by allowing queries to share their common executionincrementally
without disrupting any of the existing executions. The wide-area environment further
imposes unigue challenges in applying multi-query optimiation due to the highly het-
erogeneous and limited bandwidth availability of the wide-area network. We show that
applying MQO designed for a local environment in a wide-areaenvironment without
network awareness is sub-optimal and may lead to performarecdegradation due to the
assumptions of homogeneous and high-bandwidth network thaare invalid in a real
wide-area system deployment.

We have implemented our WAN-aware multi-query optimization into a system pro-
totype called Sana an Apache Flink [?]-based stream processing system that we have
adapted for wide-area deployments. We quantitatively evaliated Sanausing 14 geo-
distributed EC2 H data centers. Experimental evaluation using multiple streaming
analytics queries [?, ?] on a real Twitter trace shows that Sanais able to achieve 21%
higher throughput while saving WAN bandwidth consumption by 33% compared to the
state-of-the-art WAN-aware, sharing-agnostic system.

We summarize our contributions in this chapter as follows:

We propose a multi-query optimization in the context of wide-area streaming ana-
lytics that allows multiple queries to incrementally share their common executions
in an online manner (Section[3.4).

We highlight the importance of network awarenessin applying multi-query opti-
mization in a wide-area environment, both in planning and stieduling multiple
guery executions (Sectior_3.5b).

! https://aws.amazon.com/ec2/
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We have implemented our WAN-aware multi-query optimization techniques in a
system prototype based on Apache Flink (Sectiori_3]6).

We experimentally demonstrate the e ectiveness of our WAN-avare multi-query
optimization through a real system deployment across geo-dtributed EC2 data
centers using Twitter trace-driven queries (Section_3.77).

3.2 Background and Motivation

In this section, we discuss the background of wide-area steaning analytics and illustrate
through an example the bene ts of applying multi-query opti mization to this context.

3.2.1 Wide-Area Streaming Analytics
Stream Execution Model

Stream processing systems can be generally classi ed intavb di erent classes based
on their computational model: (1) the data ow model [?, ?, ?, ?], and (2) the bulk-
synchronous parallel(BSP) model [?, ?, ?]. Here, we focus on the data ow model where
data streams ow continuously from one or more data sourcesrito the system and
are transformed by a set ofstream operators We consider this model over the BSP
model for two reasons. First, it allows data streams to be praessed with lower latency
and higher throughput [?, ?]. Second, the BSP model incurs higher communication
overhead due to the frequent synchronization at every micrebatch boundary [?], which

will be ine cient in a wide-area environment. However, our proposed techniques are
not limited to the data ow processing model, and can be adaped to the BSP model.

A streaming analytics query is typically written using a high-level, SQL-like lan-
guage 7, ?]. The query is (1) translated and optimized by a Query Optimizer into its
corresponding execution plan, represented using a direateacyclic graph (DAG), and
(2) deployed by a Job Scheduler A query execution graph, denoted asG = (V;E),
consists of verticesV and edgesE. Each vertex v 2 V corresponds to a stream op-
erator f, that consumes input streams| from its predecessor (upstream) vertices and
produces output streamsO to its successor (downstream) vertices© = f,(l1)). Each
edgee 2 E represents a data ow between two vertices. Example of strea operators
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include source map, reduce join, lter , and sink. The sourceand the sink operators are
specialized operators that receive input streams from extmal sources and output the
results to nal destinations respectively.

Geo-Distributed Stream Processing

We consider a stream processing system comprising multipleompute nodesthat are
geo-distributed across multiple sites, and amaster nodelocated in one of the sites. A
streaming analytics query is submitted to the master node cmprising a Query Optimizer
and aJob Scheduler The Query Optimizer will optimize the execution plan of the query
(e.g., parallelize and chain multiple operators) and theJob Schedulerwill deploy each
parallel execution instance (task) on a compute node.

The inputs of a wide-area streaming analytics query are prodced by multiple sources
that are geo-distributed, and they are continuously ingesed into nearby edge clusters or
data centers. Examples of such data streams include sensoeadings, microblogs from
social network applications, and log updates from distribued CDN servers. Each query
continuously reads these geo-distributed input streams, pcesses them, and outputs its
results to one or more nal locations, e.g., stored in databaes, displayed on a monitoring
dashboard, or streamed back as new inputs for iterative anafsis.

To minimize data transfer overhead between operators, thdob Schedulemwill deploy
connected operators on the same site. However, common opéves such asunion,
shue , and join may require cross-site data transmission since their inpug may be
generated at di erent locations. Thus, the Query Optimizer and the Job Scheduler
should be aware of the underlying WAN to generate an optimize execution plan and a
scheduling decision respectively that can e ectively utilize WAN bandwidth [?, ?, ?].

3.2.2 Benets of Multi-Query Optimization in Wide-Area Set tings
Multi-Query Optimization in Data Analytics World

Multi-query optimization (MQO) is a well-studied topic in t he database community to
improve the performance of multiple query executions, espgally in relational databases [?,
?,?,?,?,?, ?]. Since many data analytics queries often rely on common pagar data
sets and may perform common executions, recent work has argd that it is imperative
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to apply MQO in the context of data analytics to improve the performance of multiple
data analytics queries P, ?, ?, ?, ?]. Here, the Query Optimizer needs to identify the
commonality between queries and potentially combine theirexecutions to mitigate re-
dundant executions. The combined execution must produce th same outputs as those
produced by executing the queries independently.

Applying multi-query optimization in a wide-area environm ent can reduce WAN
bandwidth consumption by eliminating the redundancy in processing and transmitting
duplicate data over the WAN. In the face of bandwidth constraints, this can improve the
overall performance of concurrent query executions. Althagh there have been attempts
that look at the opportunity of optimizing multiple queries in the context data analytics,
their focus have been largely on batch-oriented workloads? ?, ?]. These approaches are
not applicable for stream-oriented workloads because mositreaming analytics queries
are long running: deployed once and run inde nitely [?, ?]. Thus, applying MQO
in streaming analytics should be done in anonline manner as new queries arrive by
sharing any common executionincrementally. Previous attempts have also looked at
the opportunity of applying multi-query optimization for s tream-oriented queries over
continuous data streams, but focused on memory limitationsbecause they were designed
for a single-server deployment P, ?, ?]. On the other hand, we consider a wide-area
environment where the limited WAN bandwidth is typically th e main constraint.

lllustrative Example

To see the opportunity of applying multi-query optimizatio n in wide-area streaming
analytics, consider the following illustration. Suppose here are 2 dierent analytics
gueries that are submitted to the system:

Query 1 A marketing group is periodically monitoring the trending topics in Twitter

across the US, Europe, and Asia to support their operationaldecisions:

SELECT Time, Topic, COUNT(*)

FROM  Host.US, Host.EU, Host.Asia
GROUP BY WINDOW(Time.Minutes(1)), Topic
HAVING COUNT(*) > 100
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(a) Logical execution of Query 1. (b) Logical execution of Query 2.
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Figure 3.1: Logical execution plans of Query 1 and Query 2.

Query 2 Another group of analysts is monitoring the impressions fom Twitter users
in the US and Europe that are related to a speci c type of campagn:

SELECT Time, Adinfo.Campaign
FROM (SELECT Time, Topic
FROM Host.US, Host.EU
GROUP BY WINDOW(Time.Seconds(30)), Topic
HAVING COUNT(*) > 100) AS Tweet, Adinfo
WHERE AdInfo.Topic = Tweet.Topic

Figure [3.1 shows the logical execution plans of both queriedn this example, both
queries subscribe to common input sourcesUSand EU, deserialize, lIter, reduce the
data ( and ) to remove irrelevant information (e.g., discard user pro le), aggregate
the results ([ ), and send only the relevant information to their correspording nal
locations. In the case ofQuery 2, the intermediate results are further joined (/ ) with
static data that are stored in Adinfo .

Figure shows the independent deployment of the two geries. For clarity
reasons, suppose the input stream rate from each source isNIB=s and the selectivity
of each selection and projection operator is 0.5. We also ceider the data transfer
overhead within a site to be negligible since intra-data ceter bandwidth is typically 1-2
orders of magnitude higher than inter-data center bandwidt [?]. In this case, deploying



Data Transfer Rate in MB/s @ @
; = ° S
Tokyo Virginia Londo@n Tokyo Virginia Londo@n
v v
® | @@ " ee ® @ @ * @@ |
®e) @@ U3 €
10 20 20 10 10 10
gAsia g us g EU gAsia g us g EU
(a) Independent deployment. (b) Shared deployment.

Figure 3.2: Execution sharing between Query 1 and Query 2.

the two queries independently will consume WAN bandwidth with a rate of 75SMB=s
(40MB=s for Query 1and 35ViB=s for Query 2).

However, we can see that both queries partially share commoimput streams (US
and EU and perform similar data processing (e.g., ltering user nfo). If the Query
Optimizer is able to identify these commonalities, it may combine thei common ex-
ecutions, which will signi cantly reduce the WAN bandwidth consumption rate to
50MB=s = 40MB=s +10MB=s (Figure B.2(b)), which saves 33% of the original band-
width consumption. This illustration shows that optimizin g multiple query executions
in wide-area streaming analytics can signi cantly save WAN bandwidth consumption.

In addition to saving WAN bandwidth consumption, sharing common executions
between multiple queries can also improve the overall perfonance in the face of band-
width constraints. In the previous example, if the available bandwidth from the Virginia
data center to the London data center is less than 1BIB=s, deploying the two queries
independently will result in a bandwidth contention between the two queries. One pos-
sible solution is to reduce the data transmission rate over he bottleneck link through
an approximation, aggregation, or data reduction, which trades the output's quality for
higher overall performance P, ?, ?, ?]. Alternatively, the Query Optimizer may choose a
less optimal query execution plan that avoids the congestedetwork link [?]. However,
we argue that making this trade-o is unnecessary if the sysem is able to detect that
the problem arises due to redundant data transmission. Furhermore, these techniques
still result in a wasteful bandwidth consumption that could be reduced.
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3.3 Sana: System Architecture
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Figure 3.3: Sana system architecture.

We propose a geo-distributed stream processing system catl Sanawhich imple-
ments multi-query optimization in a WAN-aware manner. Figure[3.3 shows the system
architecture of Sana When a new (possibly a recovery) query is submitted to the
system, the Query Optimizer will optimize its execution plan while considering the
inter-site bandwidth information that is periodically mon itored by the WAN Monitor .
This inter-site network information is particularly impor tant to optimize the execution
plan and the task placement of a wide-area data analytics quy [?].

When applying multi-query optimization, the Query Optimizer will also consider the
deployment of the existing queries that is provided by theShared Job Manageto iden-
tify any commonality between the newly submitted query and the existing ones (Section
[3.4). After the optimized query execution plan has been gemated, the Job Scheduler
will schedule and deploy each operator instance on a computeode in a WAN-aware
manner to minimize the overall query execution latency andbr WAN bandwidth con-
sumption (Section[3.3). Once a query has been deployed, it nygoeriodically checkpoint
its execution state and report the state metadata to the Recovery Manager This mech-
anism allows the system to replay a query execution from itsdtest checkpoint state in
the case of failures. The implementation details will be disussed in Sectiori-316.
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3.4 Multi-Query Optimization

In this section, we look at how the Query Optimizer optimizes multiple query executions
by sharing any commonality between them. We rst study di ere nt types of sharing

opportunities that can be exploited between two queries (Setion 3.4.1), and show how to
apply them across multiple queries (Sectior_3.4]2). We wildiscuss the WAN awareness
in optimizing multiple query executions in Section[33.

3.4.1 Sharing Opportunities
Input-Operator Sharing

A natural way to determine whether two queries share common xecutions is to compare
their vertices. Two vertices vi and v, are considered equivaleni they share the same
input streams |, = ly,, perform the same transformation functionf,, = f,,, and thus
produce the same output streamsO,, = Oy,. We refer to this type of sharing asIN-OP.
In this case, deploying the two vertices independently willresult in a full redundancy in
both transmitting and processing duplicate data. This redundancy can be eliminated
by deploying only one of the vertices. In this case, theQuery Optimizer can merge
the two vertices together, i.e., let the Job Schedulerknow that v, does not need to be
scheduled ifv; has already been deployed.

In practice, two vertices may share common inputs and operatrs, but output the
results to a di erent set of downstream vertices (possibly wih some overlap). We denote

common in the early stages of executions where multiple quars may read the same
input streams from the same data sources although their dowstream vertices tend to

be more speci ¢ to each individual query. In this case, the otput streams to any of

the downstream vertices that are not shared by the two verties need to be replicated,
while the common outputs can be transmitted only once (Figue[3.4).

Input-Only Sharing

Since multiple vertices with di erent operators/transform ation functions may rely on a
common set of input streams, we relax the sharing requiremdnof the IN-OP type of
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Figure 3.4: IN-OP: Input-Operator Sharing. Here, vi and v, share common input
streams and operators, but only partially share the output dreams.

sharing by removing the operator-equality condition, i.e, f,, 6 f,, thereforeO,, 6 O,,.
This allows two vertices to share their common input streamseven though they have
di erent operators. We refer to this input-only sharing as IN. In this case, independently
deploying the two vertices will result in redundancy in transmitting duplicate input data.
Unlike IN-OP, this type of sharing requires both vertices to be deployediace they rely on
di erent transformation functions. However, applying this type of sharing will eliminate
the redundancy in transmitting duplicate input streams from their common upstream
vertices, which can be highly bene cial in the case where thénputs are transmitted
over slow and limited bandwidth links, as in a wide-area enwionment.

In wide area settings, thelIN type of sharing can be exploited by deploying the two
vertices on the same site (or the same node). However, the phical deployment of a
stream operator is typically determined by the Job Schedulerafter the query execution
plan has been generated by theQuery Optimizer. Thus, the Query Optimizer needs
to provide a hint to the Job Schedulerin exploiting this type of sharing. The co-
location deployment of two vertices does not necessarily ighinate the redundancy in
transmitting duplicate data because they are still consideed as two independent stream
edges to their respective downstream vertices. To exploit his type of sharing, we
introduce a lightweight router operator R which (1) keeps track of the input edges of
each input stream originated from remote vertices, and (2) 6rwards each record to every
downstream vertex without performing any data transformation. Note that the router
operator does not bu er nor batch the records, instead it only routes the records to
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Figure 3.5: IN: Input Sharing. v; and v, only partially share common input streams.

multiple operators, similar to the task of router in network s. Thus, the overhead of the
router operator is negligible as shown in Sectiof_3]7.

Partial Input Sharing. In the case of IN-OP, two vertices that share common op-
erators must rely on the sameexact input streams since in general applying the same
transformation to di erent input sets does not guarantee the same resulting outputs.

This strict input-stream-equality can further be relaxed in the case ofIN since the two

vertices do not rely on the same results. Thus, thdN type of sharing allows two vertices

with di erent operators to partially share their input streams (Figure[3.3).

3.4.2 Sharing Across Multiple Queries

Having discussed di erent sharing opportunities that can exst between two queries, we
will now look at how the Query Optimizer exploits these opportunities acrossmultiple
gueries. Since most streaming analytics queries are longsnning, it is possible that a
newly submitted query exhibits common executions with multiple existing queries that
may have already been deployed. Thus, th&uery Optimizer needs to determine with
which of the queries it should share the new query.

One possible approach to determinewhich query to share is by nding a query
that exhibits the highest similarity score using a subgraph-matching algorithm [?, ?].
However, we argue this approach is sub-optimal since it lints the sharing opportunities
to only 1 query. Instead of nding the similarity in a query-centric manner, we adopt
a vertex-centric philosophy where a query may share its vertices withmultiple queries.
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Figure 3.6: Cross-query execution sharing: C shares its exgetion with A and B.

This will result in a higher overall degree of sharing. We corpare a new query with each
of the existing queries topologically from thesource vertices. Traversing the vertices in
topological order gives the benet of early termination in traversing a graph. If two
vertices are not equivalent {1 6 v»), by de nition, none of their downstream vertices
are equivalent, and hence they do not need to be compared.

Although nding common vertices among multiple queries canbe computationally
expensive, this step is only performed during the query planing stage. Since most
streaming analytics queries are long-running, this overhad is justi ed for higher overall
execution performance and better resource utilization. Toreduce the analysis cost, the
Query Optimizer may limit the number of queries to be analyzed or adopt a group
based analysis, as proposed by existing work in Internet Datbases P], which reduces
the number of vertices that needs to be analyzed.

Figure [3.8 shows an example where queryd shares its execution with existing
gueries Aand B). When Carrives, the Query Optimizer nds that Cshares (1) common
input-operators with B at ss, Sg, and vz, with both Aand B at sz, S4, and v,, and (2)
input streams with B (I, \ Iy, 6 ;). In this case, the Query Optimizer may exploit
these sharing opportunities by merging the common executias of these queries. Thus,
the Job Scheduleronly needs to deploy two additional vertices forC vg that exploits IN
sharing with vs, and v7 that does not exhibit any sharing opportunity with the rest o f
the vertices, while s3, s4, S5, Sg, V2, and v are shared with IN-OP sharing.
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3.5 WAN-Aware Optimization

Our discussion so far has focused on the sharing opportunéds between multiple queries
without considering the wide-area constraints. In this setion, we focus on address-
ing the challenges of applying these sharing opportunitiesn a wide-area environment.

Speci cally, we propose a WAN-aware optimization to the Query Optimizer in gener-

ating and optimizing query execution plans while considenmg the sharing opportunities

with existing query executions (Section[3.5.11) and WAN-awae operator placement to

the Job Schedulerin deploying stream operators (Sectioi3.512).

3.5.1 WAN-Aware Query Planning

In the context of wide-area data analytics, the Query Optimizer needs to consider the
inter-site bandwidth availability to generate an optimize d query execution plan for each
qguery [?]. Similarly, the Query Optimizer must also optimize multiple query executions
in a WAN-aware manner. The WAN awareness in this context is ugd to determine
whether a query should share its execution with other querie (when possible) based
on the current WAN bandwidth availability between sites. Wi thout WAN awareness,
sharing executions across multiple queries may result in WA bandwidth contention
that will degrade the performance of either or both the new anl the existing queries.

Since our Query Optimizer analyzes the commonality between queries in a vertex-
centric manner, a vertex may exhibit more than one sharing oportunities with multiple
vertices from di erent queries. Figure [3.1 shows a situationwhere vertex v can share
both its inputs and operator with v, or partially share its inputs with either v; or vs. In
this case, theQuery Optimizer needs to determinewhich of these sharing opportunities
should be exploited, or decide not to share the execution atla

One possible approach is to choose a vertex that maximizes éhdegree of shar-
ing since intuitively it will maximize the duplicate elimin ation. However, this naive
approach may result in a performance degradation. Considethe scenario shown in
Figure [3.4. If the Query Optimizer always tries to maximize the sharing regardless
of the network conditions, it will exploit the IN-OP type of sharing with v, since the
input streams of vertex v are fully covered by v,. However, we can see that Site B
does not have su cient bandwidth capacity for transmitting its output streams. Thus,
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Figure 3.7: Sharing opportunities: v exhibits IN-OP with v,, and IN with v; and vs.

exploiting IN-OP with v, may result in bandwidth contention between v, vy, and vs.
On the other hand, if the Query Optimizer is aware of the bandwidth constraints, it
may exploit the IN type of sharing with vy by partially sharing their input streams at
Site A. This decision is preferable because it does not causmy bandwidth contention
that will degrade the overall query execution performance. Thus, there is a trade-o
between minimizing bandwidth consumption (maximizing shaing) and maximizing the
performance of concurrent executions.

Algorithm TIshows how the Query Optimizer considers WAN bandwidth availability
to determine which sharing opportunities (if any) to be exploited. In the case d IN-OP,
the Query Optimizer needs to ensure that the site where the shared vertey; has been
deployed, has su cient egress bandwidth capacity to transnit additional output streams
(Line [7). This can be estimated proportionally to the increase in the number of out-
put stream consumers since both vertices rely on the exact sae output data streams
(Oy = Oy,), and only their downstream vertices are di erent. In the case of IN where
vertices only share partial input streams, the Query Optimizer needs to further ensure
there is su cient bandwidth in both the ingress and egress links to transmit additional
input and output streams respectively. If the Query Optimizer predicts that exploiting
the opportunity can potentially result in bandwidth conten tion, it will not exploit the
opportunity, which trades bandwidth utilization for highe r overall performance.

Note from Lines[8 and[13 that the Query Optimizer outputs a set of vertices that
can be shared by each vertex (if any) instead of only a singleertex as long as they



41

Algorithm 1 WAN-aware execution sharing

1. procedure find-common-vertices (v, V)
2: for v; 2 V topologically do

3 share getShareType{, v;)

4: (Bin ; Bout) getBandwidth(v;)

5: if share == I{\IISOPthen

6: 0 % (o}

7 if Bout > O then

8: add v; to the set of IN-OP vertices
9: end if

10: else if share == IN then

11: I lv |y,

12: if Bout > Oy and Bij, > | then
13: add v; to the set of IN vertices
14: end if

15: end if

16: end for
17: end procedure

ensure su cient bandwidth for deployment. In this case, the Job Schedulerneeds to
choosewhich vertex to be shared. We adopt this design to give theJob Schedulera
exibility to apply di erent optimization in scheduling die rent queries. For example,
some queries may tolerate higher delay for lower bandwidth ansumption while others
may require real-time results even though they consume morbandwidth.

3.5.2 WAN-Aware Operator Scheduling

While the previous section focuses on bringing WAN awarenesto the Query Optimizer
in planning a query execution, this section focuses on incpiorating WAN awareness
to the Job Schedulerin deploying the execution. Once theQuery Optimizer has iden-
ti ed a set of vertices that can be shared for each vertex in the query execution plan,
the Job Scheduleris responsible for the actual deployment of the vertices thmselves.
Algorithm Zlshows how the Job Schedulerschedules each operator while considering
the sharing opportunities that have been identi ed by the Query Optimizer. The Job
Schedulerwill place and deploy each operator in the physical executin graph topolog-
ically based on the deployment of its upstream vertices. Alhough this approach may
not result in the most optimal end-to-end deployment of the entire graph, this has been
shown to work reasonably well in practice with signi cantly lower complexity [?].
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Algorithm 2 WAN-aware operator placement

1. procedure schedule (v)

2: if nd v; 2 setIN-OPthen
add edges fromv; to D DynDy,

else if nd v; 2 setIN then
deploy v at the same site asv;

else if I, are local input streamsthen
site-locality deployment

else . neither share-able nor a local operator
WAN-aware deployment

10: end if

11: end procedure

In exploiting the sharing opportunities, the Job Schedulerprioritizes exploiting
IN-OP over IN because the gain o N-OP IN in terms of minimizing WAN bandwidth
consumption since the former type of sharing covers the benis of the latter. Note
that exploiting any of these opportunities guarantees su cient bandwidth deployment
since the Query Optimizer has already omitted those that may result in a bandwidth
contention. If a vertex exploits the IN-OP type of sharing with any of the existing ver-
tices, the Job Schedulerdoes not need to deploy the vertex. However, thdob Scheduler
may need to update the existing execution by creating additonal edges from the shared
vertex to any of the additional downstream vertices that is not shared by the two ex-
ecutions (Line[3). On the other hand, vertices that exhibit IN type of sharing will be
deployed on the same site as their corresponding shared véres to mitigate redundant
data transmission over the WAN (Line B).

If a vertex can be shared with multiple vertices of the same shring type (e.g., v
exhibits IN with both v; and v3 in Figure B.7)), the Job Schedulerneeds to determine
which of the vertices should be shared (Line§]2 anfll4). Since our gb& to minimize
WAN bandwidth consumption, our Job Schedulerwill choose a vertex that maximize
the sharing. Although maximizing sharing may not necessaly minimize latency, in
practice this will result in an improved execution performance [?]. If the goal is to
minimize delay, the Job Schedulemay choose the vertex that minimizes latency.

Vertices that do not exhibit any sharing opportunity will be deployed based on the
locations of their upstream vertices. Those that rely only m local input streams will
be deployed on the same site as their upstream vertices to mimize the communication
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overhead, especially the high latency of the wide area netwk. On the other hand,
vertices that rely on one or more input streams originated fom remote sites will be
deployed using a WAN-aware operator deployment. We adapt tle cost model from
Hourglass [?] which optimizes stream operator placement that balances \WN bandwidth

consumption and latency, by minimizing |, DRE(I )~ where | is a link between two

sites, DR is the data rate transmitted over the link, °| is the latency overhead, and
B, is the available bandwidth of the link. Any update of a link will be re ected in the
bandwidth availability that is continuously being monitor ed by the WAN Monitor .

3.6 Implementation

We have implementedSanain a system prototype based on Apache Flink P] - a stream
processing system with the data ow computational model. We have modied and
adapted the original Flink system to a wide-area environmeh by implementing net-
work monitoring and multi-query optimization modules, as well as incorporating WAN
awareness to both theQuery Optimizer and Job Scheduler

WAN bandwidth monitoring. The bandwidth availability between sites is

continuously monitored by the WAN Monitor . Congested links are detected by
the ratio of the current bandwidth utilization over the maxi mum available band-

width [?]. A ratio of <1 indicates that the network link has spare bandwidth

capacity while a ratio > 1 indicates that the bandwidth is contended. This band-

width information is shared with both the Query Optimizer and the Job Sched-
uler to implement the WAN-aware query planning (Section [3.5.1) and operator

scheduling (Section3.5.R) respectively.

Multi-query optimization. We have implemented our WAN-aware multi-query
optimization module in Flink to nd common executions between a newly sub-
mitted and existing queries in a WAN-aware manner. To explot the IN type of
sharing, the Query Optimizer will modify the original query's execution plan by
adding arouter operator for every vertex that rely on remote input streams. The
router operators are added proactively to prevent suspending thexecution of an
existing vertex. Although the use of router operators would still incur duplicate
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data streams from the router to the downstream operators, this data forwarding
happens within a local environment (within a site or even a nale) and hence, its
overhead is negligible compared to the overhead from transitiing duplicate data
across sites. We show in Section 3.7 that the overhead of theuter operator is
negligible even when it is not shared.

WAN-aware scheduling. The default Flink scheduler has already implemented
node-locality scheduling, which tries to schedule a vertexon the same node with
any of its upstream vertices. However, if an operator relieson input streams
from di erent nodes, the original scheduler will choose one bthe nodes without
considering the network condition (bandwidth availability and latency) between
them. This simple policy works well in a centralized clusterenvironment, for which
Flink has been designed. However, this scheduling policy nyaresult in a non-
optimal operator placement in wide-area settings. We have radi ed the default
Flink's scheduler by incorporating the WAN awareness discgsed in Sectiori 3.5.2.

Fault tolerance. A guery whose vertices are shared with other queries may be
terminated either intentionally (e.g., the analysis is conplete) or unintentionally
(e.g., failure in one of the vertices in the query plan). To hadle these issues, the
Shared Job Manageikeeps track of every vertex that is shared with other queries
Whenever a query that shares a vertex is terminated, it remoes the reference to
the shared vertex. A vertex execution will only be terminated if all queries that
share the execution have been terminated. This simple appixch prevents cascad-
ing failures unless they happen directly on the stream opettar logic. Recovering
from failures that involves shared vertices is challengingsince a stream processing
system needs to ensure the exactly-once semantic procesgiguarantee. Sanauses
a checkpoint-and-replayfault recovery mechanism, where each query periodically
checkpoints its processing state and thus the system can rege its execution
from the last checkpointed state upon recovering from failues [?]. We maintain
an independent state for each vertex that is shared by multipe queries. Thus,
if a sharing query fails, other queries can continue their egcutions and update
their states independently. When a failed query is restartel, it may not be able
to immediately share the vertex it was sharing earlier sinceghe shared vertex may
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have a di erent state. In this case, the query needs to catch upts processing in
order to re-share the vertex.

Query adaptation.  Since many streaming analytics queries are long running, a
query needs to gracefully adapt to runtime dynamics, such agshanges in workload
or network topology [?, ?]. In this case, theQuery Optimizer and the Job Scheduler
may change the execution plan and/or the deployment of the qery respectively
whenever the environment changes signi cantly. We will addess the problem of
adapting a shared query execution later in Chapterb.

3.7 Experimental Evaluation

Experimental Setup. We experimentally evaluate the e ectiveness ofSanausing a
wide-area system deployment across 14 geo-distributed EG#ata centers. The compute
nodes were deployed on 8 of the sites (Virginia, CaliforniaCanada, London, Frankfurt,
Sydney, Tokyo, and Singapore) and the input streams are gemated by external sources
that were located on the other 6 sites (Ohio, Oregon, Ireland Seoul, Mumbai, and Sao
Paulo). To prevent an inaccurate evaluation caused by the d&a exchange overhead
between the external sources and the system, we follow the diggn proposed by recent
work which uses distributed in-memory data generators instad of message brokers as
the external sources P].

We also measured the bandwidth availability and the latency between the sites

prior to running the experiments as initial network information to the WAN Monitor .
Our measurements show that WAN bandwidth between EC2 data caters ranged from
20Mbps to 280Mbps, con rming a similar trend from prior work [?, ?].
Dataset and Queries.  All experiments are based on real geo-tagged Twitter trace
that was collected from Twitter Streaming APls H in December 2015. It consists of
approximately 4 million tweets per day. Since the trace onlyrepresents a sample of
real Twitter workload, we scaled the playback rate to 6000 8000 tweets per second to
re ect the actual tweet rate [ ?]. The tweets were distributed across the 6 input sources
based on their geographic information.

2 https://developer.twitter.com/en/docs
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Table 3.1: Sana query details

\ Category | Query Examples | Num. Operators|
Tweet Statistics [rate] of [tweet, hashtag] on [country, language, topic] 10-18
Users Analysis Num. of tweet per [gender, age-group] per [oatry, language] 12-18
Top-k Analysis Top-k [hashtag, topic] per [language, county] 10-15
Sentiment Analysis Sentiment of each [hashtag, country, tpic] 12-18
System Load [rate, count] of [data, request] per [node, regn] 6-10

We implemented 12 streaming analytics queries based on achli streaming analytic
gueries on Twitter streams [?, ?]. Table 3.1 shows the summary of the queries. Each
guery consisted of various combination of operators incluthg map, reduce lter , join,
union, and window. Each query subscribed to 4-6 input sources and outputs its nal
result locally at the sink operator. Some of the queries also rely on static data sourse
For example, in the case of trend analysis, the query discalall the irrelevant words by
consulting to an external database. Another example inclugs a sentiment dictionary
used in sentiment analysis. In all of the experiments, each wpry is submitted indepen-
dently with a time gap of 10 seconds to mimic the independent dployment of most
streaming analytics queries in a practical scenario. Hengebatching multiple queries
together prior to their deployment is impractical.

Evaluation Metrics. We use the following metrics to evaluate and compare the per-

formance of the systems:

Throughput: The average rate ofdistinct records/second processed by the system
for each query. In the face of bandwidth constraints, the syeem may trigger a
backpressure to reduce the rate of an input stream.

WAN Bandwidth Utilization: The average rate of records (including duplicates)
transmitted over the WAN. This is particularly critical ina wide-area environment
that typically has limited bandwidth.

Latency: The latency is measured as arevent time latency, which is the di erence
between the time when a record is generated at the external da source and when
its processed output is written to the nal location by the sink operator.
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Figure 3.8: Overall system performance comparison.

3.7.1 Baseline System Comparison

We evaluated the bene ts of WAN-aware multi-query optimization by comparing the
following systems:

Default : The default Flink system that does not allow sharing execuions nor does
it implement WAN-aware scheduling, but implements node-lccality scheduling.

NET A modied Flink system that adopts the WAN-aware task scheduling al-
gorithm that minimizes query execution time by distributin g tasks across sites
with su cient bandwidth. However, it does not allow queries to share common
executions. The batch-schedule optimization in Clarinet 5 not applicable to this
context due to the independent deployment of the queries.

MQOA modi ed Flink system that allows queries to share common &ecutions.
But, it does not implement WAN-aware scheduling (default Flink scheduler).

Sana Our modi ed Flink system that incorporates the WAN awarene ss in both
optimizing multiple query executions and scheduling strean operators.

Figure [3.8 compares the overall performance of di erent sysgms with the 12 queries
running concurrently. We can see from Figur) thatSanaresulted in 44%, 16%,
and 26% higher throughput compared to Default , NET and MQQespectively. Fig-
ure also shows thatSanawas able to achieve these performance gains while
consuming signi cantly lower bandwidth compared to both Default and NET( 33%
less bandwidth utilization). These results indicate that Sanacould e ciently utilize
the WAN bandwidth by preventing transmitting duplicate rec ords over the constrained
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Figure 3.9: Per-query execution throughput.
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Figure 3.10: Per-query WAN bandwidth consumption.

network links. Although MQ@onsumed less bandwidth with respect tdSang the band-
width utilized by Sanais e ectively used to transmit more records. Furthermore, MQO
resulted in a higher overall query execution latency compagd to Sanaand NET as shown
in Figure . This highlights the importance of WAN-aware operator scheduling to
e ectively utilize limited network bandwidth in a wide-area environment. The latency

and throughput gains achieved byMQ@vith respect to Default is becauseMQQitilized

the available bandwidth more e ciently by preventing trans mitting redundant data over

the WAN while Default was not aware of such redundancy.

We further break down the overall performance and WAN bandwidth consumption
rate of the queries to observe the gain for each individual gery relative to Default . We
make a few observations. First, we can see from Figufe_3.9 thaNETwas able to improve
the overall throughput of each query by up to 48% and resultedin 40% lower latency
compared toDefault (see Figure[3.11). However, we can also see from Figure_3. 1fat
the WAN-aware scheduling in NETthat tried to minimize query execution latency did
not reduce the overall WAN bandwidth consumption even thoudh it resulted in higher
throughput. This indicates that NETwas able to process a higher rate of data streams
by avoiding overloaded network links.
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Figure 3.11: Per-query execution latency.

Secondly, we can see from Figure_3.10 thatiQ@vas able to signi cantly reduce the
bandwidth utilization by up to 60% by sharing common executions between queries.
The only cases where theviQ@ould not reduce the bandwidth utilization were for query
1 and 7 which did not exhibit any commonality with the other qu eries. However, we can
see from Figure[3.9 that query 7 was able to process more datdareams with a similar
increase. This indicates that the bandwidth was e ciently used for transmitting a
higher rate of data streams. We can also see from Figure_3110nd Figure 311 that
although NETconsumed higher network bandwidth compared to theMQGt was able to
outperform MQ@or most queries in terms of minimizing execution latency. This shows
that minimizing WAN bandwidth consumption in a wide-area environment does not
necessarily minimize the query execution latency.

Thirdly, we can see that Sanaimproves the overall performance of each query ex-
ecution while consuming less network bandwidth. It result& in up to of 87% higher
throughput and 68% lower latency compared toDefault . Similar to the MQQase,
both query 1 and 7 consumed higher bandwidth, but the extra badwidth was used for
transmitting more data. Furthermore, Sanaalso achieved 21% higher throughput com-
pared to NETby eliminating redundant data transmission, as re ected by the reduction
in bandwidth utilization for most queries. Lastly, even though Sanaconsumed more
bandwidth compared to MQQit resulted in a higher throughput. These results show
Sanacan utilize WAN bandwidth e ectively and e ciently.

3.7.2 Impact of Degree of Sharing

In the next set of experiments, we explore the impact of degre of sharing in applying
multi-query optimization. Speci cally, the bene t of allo wing queries to partially share
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Figure 3.12: Degree of sharing impact over di erent number ofconcurrent queries.

common input streams even though their operators are di eren. All systems in the
following experiments applied WAN-aware operator scheduhg. Thus, the di erences
in the results were strictly based on the di erent execution plans generated by theQuery
Optimizer. We comparedSana(which allows IN and IN-OP) against (1) No-Share, which
did not consider execution sharing, and (2)Strict-Share  whoseQuery Optimizer only
allowed queries to share vertices if they shared the same ins and operators (N-OP
only). In contrastto Strict-Share , Sanaallowed queries to share partial input streams.

Varying Number of Concurrent Queries

Figure 312 compares the threeQuery Optimizers over varying number of concurrent
gueries. In the case of a single query execution, all th®uery Optimizers generated the
same execution plan. However, as the number of queries ina@sed Sanawas able to
exploit a higher degree of sharing by allowing queries to paially share their executions.
This resulted in a lower bandwidth consumption and approximately 78% and 37% higher
throughput execution compared to No-Share and Strict-Share  respectively (see Fig-
ures[3.12(b} and 3.12(a)). We can see from Figure 3.12(c) thaallowing partial sharing

can also reduce the execution latency due to the higher bandwth availability, which

provides a higher exibility to the Job Schedulerto deploy the queries.

Figure shows that although No-Share consumed 41% and 65% higher band-
width compared to Strict-Share and Sanarespectively, it resulted in an overall lower
throughput. This indicated there was a large amount of redurdant data being transmit-
ted over the WAN. The Strict-Share also consumed slightly more bandwidth compared
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Figure 3.13: Degree of sharing impact over di erent input stream rate.

to Sanabut resulted in a lower throughput, which highlights the imp ortance of (par-

tially) sharing common input streams even for di erent operators. From Figure ,

we can also see that the overhead of theuter operators that were added to route input

streams from remote sites was negligible (5%) even when they were not utilized, as
shown in the case with 1 query execution. Thus, in general theouter operator can

reduce the redundancy in transmitting duplicate data over the WAN.

Varying Input Stream Rates

In this experiment, we evaluate the impact of the degree of saring over di erent input
stream rates with 4 concurrent queries. Figure 3.13(g) show that, as the input rate
increased,Sanaresulted in a higher throughput while consuming lower bandvidth com-
pared to both No-Share and Strict-Share  (Figure 3.13(b)). Furthermore, Sanawas
able to reduce the overall execution latency compared tiNo-Share and Strict-Share
similar to the e ect of increasing the number of queries (Figue[3.13(c]). This shows that
(1) the proposed WAN-aware multi-query optimization scales as workload increases, and
(2) allowing queries to share common inputs even if they haveli erent operators can
improve the overall performance and reduce wasteful bandwith consumption.

3.7.3 WAN-Aware Sharing: Bandwidth Utilization vs. Perfor mance

In the following experiments, we show the importance of WAN avareness in apply-
ing multi-query optimization in a wide-area environment to maintain high-performance
executions while reducing WAN bandwidth consumption (Secion 3.5.1). We com-
pared Sana against (1) No-Share which did not exploit any execution sharing and
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Figure 3.14: WAN-aware planning: bandwidth utilization vs. performance trade-o .

(2) Max-Sharewhich allowed queries to share common executions but did notonsider
the WAN bandwidth availability in sharing executions. In co ntrast to Sang the lat-
ter always tried to exploit any sharing opportunity, which i s essentially the traditional
multi-query optimization for a local environment. The main problem with maximizing
sharing without WAN awareness is that it may result in WAN ban dwidth contention
among queries, which can degrade the performance of either doth the sharing and
the shared executions.

Figure [3.14(a) and Figure[3.14(c) show thatSanaresulted in 35% higher throughput
and 23% lower latency compared toMax-Share but consuming slightly higher band-
width. The performance gain achieved bySana compared to Max-Share is because
Sands Query Optimizer prevented exploiting sharing opportunities that led to a band-
width contention which would degrade the overall performarce. We can also see that
as the number of queries increases, the performance gap bet@n Sanaand Max-Share
also increases. This indicates that the WAN awareness isanaresulted in less number
of contended links. Thus, there is a trade-o between minimizing WAN bandwidth
utilization and maximizing the overall performance of multiple query executions.

3.7.4 Potential Bandwidth Saving

In the following experiments, we observe the potential banevidth saving from applying
multi-query optimization in the case where network bandwidth is not constrained. We
deployed Sanaon a localized CIoudLal% environment where the available bandwidth
between nodes are higher than the rate of the data streams. Isuch a condition where

% https:/iwww.cloudlab.us/
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Figure 3.15: Saving WAN bandwidth consumption.

bandwidth is su cient, reducing data transfer over network is still desirable since WAN
bandwidth is expensive in terms of monetary cost P].

Figure and Figure[3.15(b) show the average bandwidt consumption rate
over di erent number of concurrent queries and sharing ratiorespectively. The sharing
ratio is de ned as the percentage of vertices that are sharedbetween queries. The aver-
age sharing ratio between the queries in Figur) waspproximately 0.2 whereas
the number of concurrent queries in Figure[3.15(b) was set to4. We can see from
both gures that Sanagreatly reduced the bandwidth consumption as the number of
gueries and the sharing ratio increased. Speci cally, it rsulted in up to 60% reduction
in bandwidth consumption rate compared to the sharing-agneatic approach. Thus ap-
plying multi-query optimization even in an unconstrained wide-area environment can
still reduce the bandwidth utilization and save monetary cast.

3.8 Related Work

Geo-Distributed Data Analytics Systems. Table 32 shows whereSana stands
in the world of geo-distributed data analytic systems. Iridium [?] proposes a WAN-
aware optimization that minimizes query execution latencyfor batch-oriented workloads
by proactively migrating input data prior to the arrivals of queries based on history.
Geode P] also relies on recurring queries but focuses on minimizing/AN bandwidth

consumption by sending only thedi of input data over the wide-area network for
subsequent queries. In contrast to both approachesSanafocuses on stream-oriented
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Table 3.2: Geo-distributed data analytics systems

| Systems | Workload | WAN-aware optimization | Multi-query opti mization |
Iridium [ 7] Recurring | Data and task placements prior to query arrivals N/A
Geode P] Recurring | di or incremental data transfer over the WAN N/A
Clarinet [?] Batch WAN-aware query planning Multi-job scheduling
Tetrium [ ?] Batch Task scheduling over heterogeneous resources Mujob scheduling
JetStream [?] Stream Data aggregation/degradation using data cube N/A
AWStream [?] | Stream Pro ling-based data degradation N/A
| Sana | Stream | WAN-aware operator sharing and scheduling | | Executio sharing |

workloads where most queries are long-running and consumeath streams that are con-
tinuously being generated in real time. Furthermore, Sanadoes not make any assump-
tion on the query arrivals. None of these techniques supportnulti-query optimization.

Both Clarinet [ ?] and Tetrium [ ?] look at optimizing batch-oriented queries in a wide-
area environment. Speci cally, Clarinet incorporates WAN awareness into the query
optimizer to choose a query execution plan based on inter& bandwidth availability,
whereas Tetrium additionally considers the heterogeneityof computational resources
across sites in scheduling jobs. In addition to incorporatig WAN-aware optimization
for single-query deployment, both of them consider optimiing multiple query executions
by batch-scheduling multiple queries rather than schedulng each query independently.
Their approaches, however, are not feasible for stream-anted workloads. Furthermore,
they do not allow gueries to share common executions and headheir techniques would
still result in a redundant data transmission and processim. In contrast, Sanacan elim-
inate redundant executions and optimize multiple query exeutions in an incremental
manner, which is critical for long-running, continuous queies.

Recent attempts have also considered optimizing stream-dented queries in a wide-
area environment. Photon [?] and Ubiq [?] address the fault tolerant aspect of geo-
distributed data analytics over continuous data streams. XrtStream [?] handles WAN
bandwidth limitation by making a trade-o between output qu ality and performance,
which may not be applicable for queries that rely on exact reslts. AWStream [?] further
automates the degradation policies in JetStream based on #aresource-accuracy pro les.
Heintz et al. [?] propose an online algorithm that trades timeliness and acgracy in the
context of windowed grouped aggregation. Pietzuch et al.”f] examine the problem of
operator placement on the open Internet environment. Although they related to Sana
they mainly focus on optimizing individual query independently.
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Others have also looked at optimizing di erent types of workloads in a wide-area
environment. Gaia [?] proposes a system that optimizes machine learning worklais in a
wide-area environment by identifying and eliminating any insigni cant update over the
WAN. Monarch [?] focuses on geo-distributed graph analytics workloads by timizing
existing graph-processing model to a wide-area environmén
Multi-Query Optimization. The problem of multi-query optimization has been ex-
tensively studied in databases P, ?] and have been adopted for OLAP workloads ?,
?,?, ?, ?] and later, data analytics [?, ?, ?]. Sanaadopts the data-centric philosophy
with pipelining technique [?] to share common executions between streaming queries.
Although most of them are related to our work, they focus on a bcal environment
whereasSanafocuses on a wide-area environment with di erent bottleneck We show
that applying traditional multi-query optimization in wid e-area settings without WAN
awareness may lead to performance degradation.

Others have also examined the problem of multi-query optimzation over continuous
data streams in streaming databases?, ?, ?]. Seshadri et al. ] propose an algorithm
to nd an optimal execution plan with reduced search space. Rile-based ] and sketch-
based [?] optimization have also been proposed for multiple querie®ver data streams,
and NiagaraCQ [?] addresses the scalability issue in applying multi-query ptimization
for Internet Databases. Although our work is related, they are mainly concerned with
memory constraints since they focus on a single-server dapiment.

Incremental Processing and Caching Systems. It is worth mentioning that our
work shares similarity with other work in incremental processing [?, ?] and caching sys-
tems [?, ?, ?, ?] since they also address the problem of redundant computabin. However,
they are orthogonal to our work. The incremental processingechnique can be applied
by each individual query by updating its state incrementally instead of computing from
the beginning [?]. However, this is application-speci c. Caching intermedate hot data
also prevents performing redundant data processing, but itmay not be applicable for
gueries that rely on real-time data streams. Thus, these tdeniques can be used in
conjunction with our techniques.
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3.9 Conclusion

In this chapter, we present Sana a streaming analytics system that optimizes multi-
ple query executions in a wide-area environment. We demonsdte the opportunity of
applying multi-query optimization in the context of wide-a rea streaming analytics to
mitigate wasteful resource utilization in processing redmdant operations and transmit-
ting duplicate data over scarce wide-area network bandwidh. We study di erent types
of sharing opportunities and propose a multi-query optimiztion that allows multiple
gueries toincrementally share common executions in aronline manner. We also ad-
dress the importance ofnetwork awarenessin applying multi-query optimization in a
wide-area environment. We show that traditional WAN-agnostic multi-query optimiza-
tion may lead to performance degradation. The evaluation ugg a wide-area system
deployment across multiple geo-distributed EC2 data centes shows that Sanaresulted
in 21% higher throughput while saving WAN bandwidth utiliza tion by 33% compared
to a WAN-aware, sharing-agnostic system.



Chapter 4

WASP: Wide-area Adaptive
Stream Processing

4.1 Introduction

Wide-area stream processing systems typically comprise niiiple edge clustersand data
centers connected by a wide-area network (WAN) P, ?, ?, ?]. Such systems require low-
latency and high-throughput processing to extract timely insights from geo-distributed
data streams. However, ensuring a stable and high-perforrmece execution of long-
running queries in a wide-area environment is challenging de to the highly dynamic
WAN bandwidth and unpredictable workload patterns. Studies have shown that WAN
bandwidth may change at an interval of minutes [?, ?], while Internet workload exhibits
strong variability, both temporally and spatially [ ?, ?]. Furthermore, stragglers and
failures are inevitable in large-scale distributed systers [?, ?, ?].

Existing work has addressed the importance of adaptabilityin distributed stream
processing systems, but has focused on addressing only contational bottlenecks in a
centralized cluster environment and hence, is WAN-agnost [?, ?, ?, ?, ?]. As argued
by recent work, wide-area data analytics requires WAN-awae optimization due to the
fundamental di erences in the environments P2, ?, ?]. This can signi cantly improve
the query execution time and/or reduce wasteful resource azssumption by several orders
of magnitude. Early work in wide-area data analytics has foased on short-lived batch
processing and assumed that network bandwidth is relativel stable throughout the
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runtime of queries [?, ?, ?], which is an invalid assumption for long-running streaming
gueries. Others have addressed the importance of adaptaliif in wide-area streaming
analytics but force users to trade quality/accuracy for performance through aggrega-
tion, degradation, and statistical estimation [?, ?, ?]. We argue that these approaches
are application-dependent, and may not apply generally. Fo example, reducing a frame
rate may be applicable for some video analytics application, but dropping data is
not tolerable for queries that require high accuracy such agraud detection and billing
queries [?, ?]. Furthermore, they rely heavily on analysts' expertise to explicitly specify
various degradation policies and involve extensive paranter tuning, making it cumber-
some in practice.

In this work, we rethink the adaptability property of wide-a rea stream processing
systems. Our goal is to allow queries to maintain low-lateng execution while preserving
the quality of the results. Instead of immediately degrading data in the face of bottle-
necks, we propose a re-optimization adaptation approach tat adapts the execution of a
guery, and only consider data degradation as a last resort. Mere are several challenges
in re-optimizing a query execution in a wide-area environmat. First, the system needs
to account for the limited and heterogeneous WAN bandwidth. Secondly, wide-area
dynamics may happen frequently and hence, any adaptation stuld be done with low
overhead. This is challenging in the case ostateful computation where the internal
guery processing state may be geo-distributed. Thirdly, itis critical to ensure a stable
execution without over-allocating resources to avoid wastful monetary cost.

To address the above challenges, we propose a resource-agvadaptation framework
called WASPW ide-area A daptive Stream Processing). WASRdapts queries at runtime
through a combination of multiple techniques: (1) task re-assignment, (2) operator scal-
ing, and (3) query re-planning. Both task re-assignment andoperator scaling adapt the
physical execution of a query, while query re-planning adafs the logical plan. We show
that a combination of these techniques are generally applable for di erent type of
gueries. WASEBan automatically determine howto adapt a query depending on the type
of dynamics. For example,WASBcales upa compute-constrained operator by allocating
additional resourceswithin a site. On the other hand, it handles network bottlenecks
di erently by scaling outthe bottleneck operator acrosssites and distributing the work-
load across multiple network links. Furthermore, WASEBan quickly recover from failures



59
and adjust any miscon guration.

We further study the applicability, overhead, and bene ts of di erent adaptation
techniques, and propose a practical approach to determingvhich adaptation action to
take based on the types of queries (stateless vs. statefulpottlenecks (compute vs. net-
work), and optimization objectives. To ensure low-overhed adaptation, we propose a
network-aware state migration and a state partitioning technique when adapting queries
with stateful operators. We have implemented aWASPrototype on Apache Flink [?].
Experimental evaluation using the YSB benchmark [?] and a real Twitter trace demon-
strates that WASEan maintain low-latency execution without compromising quality and
with low overhead in the face of dynamics.

We summarize our contributions as follows:

We propose several optimization-based adaptation techniges for wide-area stream-
ing analytics to handle various dynamics without sacri cing the accuracy/quality
of the results (Section[4.5).

We qualitatively compare the applicability, overhead, and bene ts between di er-
ent adaptation techniques, and propose a policy to determie which adaptation
to use depending on the types of queries, dynamics, and goalSection[4.8).

We further highlight the importance of network awareness toensure an e ective
and low-overhead adaptation (Section’4.,b and Sectiof 416).

We have implemented our adaptability techniques into a sysem prototype called
WASPRver Apache Flink, and demonstrated that WASRan achieve low-latency
execution without sacri cing any data (Section 4.9).

4.2 Background & Motivation

4.2.1 Wide-area Streaming Systems

We consider a wide-area streaming system that spans multijl sites (edge clusters/data
centers) that are connected by WAN with diverse inbound and aitbound bandwidth
and latency [?, ?, ?, ?]. A global Job Managerrunning in one of the sites provides
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an interface for query submission, and it optimizes and deplys queries across multiple
sites. The inputs of a query can be generated or collected atrgy site.
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Figure 4.1: Wide-area query execution pipeline.

We consider a streaming data ow model P, ?, ?]. Figure [4.1 shows the execution
pipeline of a typical streaming analytics query. A query is represented as a logical
directed acyclic graph of operatorsG = (V;E), where the verticesV correspond to
stream operators and the edge€ refer to data ows between operators. Thesource
and sink vertices refer to operators that consume input streams and pduce nal results
from/to external systems respectively (e.g., display on a nenitoring dashboard or store
the results to a le system and database).

Each query's logical plan is optimized (e.g., pushing Iter operators upstream to
reduce data rates) and translated into multiple physical plan candidates. A query's
physical plan consists of one or morexecution stagegjobs), each of which can run in
parallel asexecution instances(tasks). The number of instances of each stage is typically
predetermined by the parallelism value in the con guration. The system will deploy the
tasks with WAN awareness to minimize query execution lateng or WAN bandwidth
consumption [?, ?, ?, ?, ?]. A task continuously waits for input streams from one or
more upstream operators (except forsource operators), processes them, and outputs
the results to one or more downstream operators (except fosink operators).
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4.2.2 Wide-area Resource Constraints

Scarce and heterogeneous resources.  Extracting real-time insights from large con-
tinuous data streams in wide-area settings is challenging uke to the highly heterogeneous
and scarce WAN bandwidth [?, ?, ?, ?]. The emergence oEdge Computingcomprising
small edge clusters further introduces additional heterogneity [?, ?]. They typically
have limited computational resources and they are connectéusing the public Internet,
whose bandwidth is even more constrained, with an average af 10Mbps [?].
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Figure 4.2: WAN bandwidth variability from Oregon to Ohio EC 2 data centers.

Resource and workload dynamics. Most of the work in adaptive stream processing
systems has focused on a cluster environment where the mainwrce of bottlenecks is due
to the limited computational resources. They typically handle this problem by scaling
out bottleneck operators within a cluster [?, ?, ?, ?, ?]. In wide-area settings, network
bandwidth imposes additional dynamic [?, ?, ?]. We conducted a one-day measurement
of WAN bandwidth variation between 8 Amazon EC2 data centers (Oregon, Ohio,
Ireland, Frankfurt, Seoul, Singapore, Mumbai, and Sao Paub). Figure [4.2 shows the
bandwidth variation between the Oregon and Ohio data centes. We can see that
the bandwidth has a high variation (25% to 93% deviation from the mean). Others
have also reported that the inter-data center network topology may change every 5-10
minutes [?, ?], supporting the dynamic nature of WAN bandwidth.

Studies have also reported that many Internet applicationshave variable workload
patterns, both temporally and spatially [?, ?]. For example, Twitter workload exhibits
strong spatial and temporal variations, with day hours having 2 higher workload
compared to night hours [?]. Thus, relying on a static deployment is a poor tin such
a dynamic environment. This leads to performance degradatin and wasteful resource
utilization during high and low workload periods respectively.
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4.3 WASP Overview

In this section, we present the system overview ofWASPFigure [4.3 shows the WASP
system architecture. It consists of aJob Manager and multiple geo-distributed Task
Managers The Job Manager consists of aQuery Planner and a Schedulerthat are
responsible for planning queries and deploying tasks resptvely. We de ne the compu-
tational resources provided by eachTask Manager using a computing slot abstraction,
each of which can handle exactly one task. Eacifask Manager continuously monitors
and gathers its task's performance metrics (e.g., processj latency and input/output
stream rates) through a Local Metric Monitor and reports them to the Global Metric
Monitor 1. The Global Metric Monitor uses this information to diagnose unhealthy
execution or identify wasteful resource consumption2 and asks the Recon guration
Manager to resolve it 3.
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Figure 4.3: System overview of WASP.

Modern distributed stream processing systems supporstateful computation, where
each task tracks its processing progress as @#tate and periodically checkpoints it to a
persistent storage system (e.g., HDFST]) [?, ?, ?]. This allows a task to start/resume
its execution from the last checkpointed state when recoveng from failure/adaptation.
Examples of state include intermediate aggregation resu#t and topic-partition o sets
in Kafka [?]. Since tasks in wide-area streaming analytics are geo-ditbuted, their
states are naturally generated in a geo-distributed fashin. To reduce the overhead
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Table 4.1: Descriptions of the used notations

| Notation | Description |
G operator graph
\Y, a set of stream operator
E a set of logical data ow between operators
m the total number of sites in the system (edge cluster/data centg)
N [s] the total number of computing slots at site s
Als] the total number of available computing slots at site s
BS? available network bandwidth from site sl to s2
'$2 network latency from site sl to s2
maximum bandwidth utilization threshold
p the parallelism/number of instances of an operator
p[s] the number of operator instances deployed at sites
U a set of upstream/predecessor an operators
D a set of downstream/successor an operators
| the observed input rate of an operator
P the observed processing rate of an operator
o the observed output rate of an operator
A the actual/expected input rate of an operator
| the actual/expected processing rate of an operator
"o the actual/expected output rate of an operator
the selectivity value of an operator
tadapt the time required to adapt an operator

of checkpointing large state over the WAN, WASRtores each state locally instead of
in a centralized location. When a task is migrated to a di erent site, the Checkpoint

Coordinator will rst initiate a state migration 4 and only after the state transfer

completes, the task can resume its executiors .

4.4 Query Execution Model & Monitoring

We now look at how WASPnodels and monitors the runtime execution of a query to
identify bottlenecks. Table 4.1 summarizes the notations hat we use in this chapter.

Runtime Monitoring

Each operator keeps track of its runtime execution metrics ach as processing rate
( p), output rate ( o), and the selectivity of the operator ( ) which is de ned as the
ratio between the output rate and the processing rate. Thesamnetrics are periodically
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reported to the Global Metric Monitor for diagnosis. Here, the execution metric of an
operator is computed based on the aggregate runtime inform#on of all of its execution
instances/tasks over the past time interval.

p= pi]

- o= oli] = —(:

i=1
We consider an operator execution to bénealthy, i.e., unconstrained by the allocated
resources, if the two following conditions are satis ed:

1. The processing rate of an operator is equal to its input rag: p = .

2. The input rate of an operator is approximately equal to the aggregated output
rates of its upstream operatorsU: w2y olul.

The rst condition ensures that all tasks have su cient comp uting power to process their
input streams, while the second condition ensures no netwércongestion in transmitting
data streams from its upstream operators. However, these calitions may not always
hold due to the dynamic nature of the actual workload and WAN bandwidth.

If p < |, this indicates that there is insu cient computing resourc es allocated
to the operator. This may happen due to the occurrence of strgglers or unpredictable
workload variation that is common in practice [?]. On the other hand, the second
condition may fail ( | < P w2y olu]) if the available network bandwidth between an
operator and its upstream operators is constrained or congged. This may happen
due to an increasing workload of the operator itself and/or the reduction of network
bandwidth availability caused by a change in the underlyingnetwork topology or band-
width contention with other executions. If either or both of these conditions falil, the
system needs to adapt the operator execution to maintain thelow-latency execution
performance of the query.

Estimating the Actual Workload

To identify bottlenecks, modern distributed stream processing systems often use &#ack-
pressure mechanism where a bottleneck operator triggers a controlate message to its
upstream operators to reduce the workload ?, ?]. In this case, the observed input and
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output rates of an operator do not re ect the actual workload, i.e., the actual stream
rates from the source operators. Yet, to accurately determine the e ective adaptation
action that can resolve the bottleneck, the system should rly on the actual workload
instead of the observed information. Thus, we estimate the xpected input and output
rates of each operator based on the actual workload generaleby the source operators
( olsrc]), which is computed recursively as follows:

8p
N .
A _ A _< u2u o[U]; ifuUé;

olsrcy; otherwise o= [

4.5 Optimization-Based Adaptation

Having discussed how we model the runtime execution of an opator and identify per-
formance bottlenecks, we now propose 3 di erent adaptation €chniques to resolve wide-
area bottlenecks: task re-assignment (Sectiof 4.5.1), op&tor scaling (Section[4.5.2),
and query re-planning (Section[4.5.8). We compare the 3 tedatiques and discussVASP
adaptation policies later in Section[4.6.

45.1 Task Re-Assignment

Existing work has addressed the importance of WAN awarenessn scheduling tasks
in wide area settings with the goal of minimizing query exection latency or WAN
bandwidth consumption [?, ?, ?]. However, they have mainly focused on optimizing
the initial task placement and do not consider re-evaluatirg it after the deployment. In
this case, the initial placement may become sub-optimal whe the environment or the
workload has changed signi cantly. Note that, re-assignirg tasks of a particular stage
does not a ect the other stages nor change the query's logicagblan.

Resource-aware Task Placement

Most wide-area streaming analytics system incorporate WANawareness in their task
placement algorithms based on the deployment of the predessor (upstream) stages
since they typically schedule one-stage-at-a-timein a topological order [?, ?, ?, ?].
However, re-assigning the tasks of an already running stagwithout considering the



66
deployment of its successor (downstream) operators may reft in a sub-optimal deploy-
ment because the task deployment of its successor stagesyédieavily on the original
task placement of the operator. This may result in a cascadig problem. To prevent this
issue, our task re-assignment algorithm considers the depyments of both the upstream
and downstream stages. Speci cally, we compute the numberfadasks to deploy in each
site (p[s]) by solving the following Integer Linear Program (ILP):

X
min pls] (5 + 9):8u;8d (4.1)

s=1
s.t. % M. < B $:8s;8u (4.2)
pls] hout < B d:8s;8d (4.3)
0 p[s] AI[s]; 8s (4.4)

Xn
pls] = p; p 1 (4.5)

s=1

Our goal is to minimize the network delay of transmitting dat a streams both from the up-
stream (u) and to the downstream (d) operators, which equivalently minimizes the aver-
age delay incurred by a particular stage. Constraint$ 4.P ad[4.3 ensure there is su cient
network bandwidth to receive/send data streams from/to the upstream/downstream op-
erators. Constraint[4.4 ensures there are su cient number d available slots in each site,
and Constraint ensures that the system deploys all the taks.

We include a maximum bandwidth utilization threshold, f j0< < 1g, in Con-
straints and[4.3 for a few reasons. First, it provides a a#ain degree of stability in
the solution by providing bandwidth headroomto handle slight workload and bandwidth
variations. Secondly, the headroom makes the system more boist to mis-estimation in
measuring the actual inter-site bandwidth availability and data stream rates. Lastly,
the reserved bandwidth can be used to process events that apeued during the tran-
sitioning process when an execution is adapted. We set = 0:8 in our deployment.

Network-aware Task Migration

If the system is able to nd an alternative task placement, it may re-assign some of
the existing tasks. Those that can be run at the original sites do not need to be
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migrated. For example, if the original placement isS = fs;;Sy;S3;549 and the new
placement is S° = fsg;sa:S5:569, only (SS9 = fs;:s,9 need to be migrated to
(S® S) = fss;s60. When re-assigning tasks, the system will (1) temporarily falt the
execution, (2) instantiate new tasks at the new sites and teminate the old ones, and
(3) resume the execution. In the case of stateful operationd.g., windowed grouped
aggregation and join), the system needs to re-distribute/nigrate any computation state
before resuming the execution. Since the size of a state careldarge in practice ?, 7],
migrating a state over a low-bandwidth network link may incur high state migration
time, making it impractical for frequent dynamics. As the major overhead of migrating
a task is determined by the slowest state migration time, we @termine the mapping
from (S S9Y to (S° S) by solving a MinMax problem with the goal of minimizing
the slowest state migration: min max (jsigtgﬂ);Sx 2(S S9:8y2(S° S). We show
in Section [4.9.5 that a network-aware state migration can gjni cantly mitigate the
overhead of adapting a stateful operator execution.

4.5.2 Operator Scaling

Although task re-assignment is generally applicable for ap type of operators, the al-
gorithm may not always be able to nd a solution due to its congraint on the initial
operator parallelism (Constraint 4.5]). Yet, determining the right optimal parallelism in
advance may not be feasible given the highly dynamic enviroment. Thus, we consider
(1) increasing the parallelism if an execution is constraied by the available resources,
and (2) decreasing the parallelism to reduce any wasteful source consumption.

Scale Up/Out

We de ne scale upand scale outin wide-area settings as instantiating new operator
instanceswithin a site andacrosssites respectively. In general, increasing parallelism ¢a
handle computational bottlenecks since it reduces the worlperformed by each individual
task. However, scale up cannot resolve network bottleneckshile scale out can solve
this by distributing the workload of any overloaded network link across multiple links.
Figure [4.4 shows how scale up and scale out can handle comptitsnal and network
bottleneck respectively. When the system observes that a tsk's processing rate is less
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Figure 4.4: Scaling up/out operator within and across sites

than its expected input rate 1, it may allocate additional slots and launch more in-
stances. To prevent distributing large state over the WAN, the system will prioritize
launching the new tasks within the same site2. 3 shows a scenario where the band-
width from an upstream task u to Site A is constrained. To reduce the load of the
constrained link, the system can instantiate a new task at Sie B and distribute the
load across 2 links:u! A andu! B 4. If the operator is stateful, this requires
distributing the state across the two sites. Although the example only shows inbound
bandwidth contention, scale out can also handle outbound badwidth contention.
When scaling up/out an operator, the system needs to deternmie the scale factor,
i.e., the increase in parallelism. We compute the scale faot based on the operator's
execution model proposed in Section 414. Speci cally, we eopute the new parallelism
of a bottleneck operator p° based on the ratio between the actual/expected input rate
and the operator's processing rate. This is similar to the tehnique proposed by DS2 in
handling computational bottleneck in a cluster-based stream processing system]:

This equation gives theminimum parallelism value that can e ectively resolve the
bottleneck. Once the system has computed the new parallelis, it will determine the
placement of the tasks by solving Equation[4.l. In the case o$cale out, it is com-
puted as the ratio between the stream rate that cannot be hanted over the bandwidth
availability. In general, increasing the parallelism can tandle network bottleneck by
distributing the data stream over multiple network links, i .e., » < 5 as p®> p, and
hence, this can reduce the workload that needs to be transmi¢d to each network link.
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Scale Down

A system may over-allocate resources to a particular job dudo several reasons: mis-
con guration, pessimistically reserving extra resourcego handle peak workload, or as a
result of scaling out/up an operator. This results in wasteful resource utilization. If the
system identi es such a problem, it should scale down some dhe underutilized tasks.
To determine which tasks to scale down, we prioritize scaling down tasks that a not
co-located with their upstream/downstream tasks to reducethe inter-site bandwidth
consumption. However, the system needs to ensure the banddth to/from any of the
sites is higher than the input/output rate after the scaling .

Determining the scale down factor is challenging since it wi increase the workload
to the remaining tasks. Furthermore it is hard to predict the future availability of the
workload. Aggressively scaling down an operator may resulin a workload spike if the
workload increases after the scale down. To ensure a stablexexution, we gradually
reduce the parallelism by 1 per iteration. In every iteration, the system needs to ensure
that any of the remaining tasks is not constrained, i.e., evey task should have su cient
bandwidth and processing capacity to consume the additionaworkload (relayed data
streams) from the terminated tasks. The system will observeits stability and may
further scale down the operator in the subsequent iterationas needed.

4.5.3 Query Re-Planning

While task re-assignment and operator scaling focus on addimg the physical deploy-
ment of a query, we further consider adapting the logical pla itself. Consider an
example in Figure[4.5 which shows 2 di erent plans for the samequery. It consumes
input streams from 4 sources that are located at: A, B, C, and D and joins them using
a full hash join, which is commutative. A WAN-aware Query Planner may choose the
rst plan if the bandwidth is su cient since it consumes less bandwidth (7OMB/s for
the rst plan, and 90MB/s for the second plan). However, if th e bandwidth between
Site C and Site A is constrained, theQuery Planner may opt for the second plan. This
illustration shows that the optimal plan depends heavily on the runtime information
when the query is deployed ]. Thus, the Query Planner may consider adapting the
qguery plan when the environment has changed signi cantly f].
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Figure 4.5: Di erent query execution plans result in di erent deployments.

To determine the optimal deployment of a query, the Query Planner and the Sched-
uler need to jointly optimize the query by evaluating di erent com binations of logical
and physical plans. To avoid computing all possible combingons (that is NP-Hard),
we rely on a heuristic cost-based estimation. It rst applies any optimization that is
independent of the environment (e.g., pushing Iter operation upstream) and then eval-
uates multiple plans with di erent aggregation ordering. We only consider the ordering
of aggregation operators since they are typically the oneshat involve cross-site data
transmission. The Schedulerwill compute the optimal task placement for each plan and
select the combined plan-placement pair with the lowest estnated delay.

Re-planning Stateful Execution

The main challenge in re-planning a query is in preserving tle processing state of a
stateful operator. Changing the query plan of a stateless escution can be done by
simply replacing the old execution with a new execution. Howver, in the case of
stateful execution, the new execution must restore the sta@ maintained by the previous
execution. Although the Query Planner guarantees that di erent plans will output
the same results, switching plans in the middle of an executin may not provide this
guarantee because di erent plans may have di erent stateful gerators with di erent
state semantics. For example, the state of (A /B ) may not be compatible with the
state of (B /C ) since they may have di erent schema. Thus, the state of (A /B )
cannot be recovered by the operator instances of (B / C ).



71
To continue the progress from the old execution without loshg any state, our Query
Planner will only consider plans that comprise common sub-plans caring the stateful
operators. For example, both Plan 1 and Plan 2 in Figure.4.b ekibit a common sub-
plan on (C / D ). Thus, the new instances of (C / D ) in the second plan can
fully recover the states maintained by the previous plan. Haovever, if (A /B ) is
also stateful, changing from Plan 1 to Plan 2 may not be feasile unless the query
can tolerate a certain degree of accuracy/quality loss. Anther way to switch query
plans for stateful execution is if the operator maintains a iort and nite state where
recon guration can be done at the end of the state interval. For example, in the case
of a windowed grouped aggregation with a tumbling window, ths can be performed at
the end of the window when the state is re-initialized. This & similar to the adaptation
during the coordination interval in the batch synchronous processingBSP) model [?, ?].
Re-evaluating both the logical and physical plans of a quenytypically results in a
better adaptation than re-optimizing only its physical plan. However, the former is
computationally expensive. Furthermore, query re-planning also has limited applicabil-
ity for queries that comprise stateful operators. Thus, to preserve the accuracy of the
results when re-planning a stateful execution, we only corider alternative plans that
exhibit common sub-plans involving the stateful operators

4.6 WASP's Adaptation Policy

In this section, we qualitatively compare 4 di erent adaptation techniques: (1) task
re-assignment, (2) operator scaling, (3) query re-plannig, and (4) data degradation.
We then present the policy on howWASHetermineswhich adaptation technique to use
based on several factors.

4.6.1 Adaptability Technigue Comparison

Table 4.2 shows a qualitative comparison between di erent adptation techniques. Both
task re-assignment and operator scaling are generally apighble for any type of operators
that can be parallelized whereas query re-planning has linkéd applicability for queries
that comprise stateful operators since their states may notbe compatible with the
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Table 4.2: Qualitative comparison between di erent adaptation techniques.

[ Technique | Adaptation Applicability Grarjularity Overhdad ' ] Quality loss |
Task re-assignment Task placement General Stage Low No
Operator scaling | Operator parallelism General Stage Low No
| Query re-planning | Queryplan | Specic_ | ! Query | _F High | __ N
Data degradation Degradation policy Specic Query Low Yes

operators of a di erent plan. In contrast, data degradation is application- and algorithm-
dependent and may not be applicable for queries that requirdnigh accuracy/quality.

The granularity of task re-assignment and operator scalingis on a stage level, but
the latter is more exible since it is not constrained by the initial operator parallelism.
On the other hand, query re-planning typically results in a better adaptation since it
re-optimizes the whole execution pipeline. However, it coras at the expense of high
overhead since it needs to replace the entire execution. Thgranularity of data degra-
dation depends heavily on the policies 7, ?]. For example, in video analytics, users
can specify di erent frame rates (e.g., 30 and 60 FPS) and deity (e.g., 50% and 75%).
Lastly, task re-assignment and operator scaling do not a ectthe output while degrading
data may reduce the output's quality.

4.6.2 Determining Factors

Determining the right optimal adaptation is complex and may not be feasible sinceti
depends on a lot of factors. Thus, we propose a heuristic appach that considers (1)
the type of bottlenecks, (2) the type of operators, (3) overtead, and (4) the type of
dynamics. Figure[4.6 showsNVASP adaptability decision.

1. Type of bottlenecks. To handle computational bottlenecks, WASRillocates
additional resources and scales up the bottleneck operator It will rst try to
scale the operator within the same site and only consider sdiag it to remote sites
if the resources are not available since the latter will incu additional network
delay and WAN bandwidth consumption. On the other hand, if the execution
is constrained by the network bandwidth, it further considers the type of the
operator, i.e., stateless or stateful.

! Excluding inter-site state migration overhead.
2 Yes, if the state is not compatible or can be ignored by the new plan.
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Figure 4.6: Determining which adaptability action.
2. Type of operators. In the case of stateless execution\WASRvill re-optimize

the whole execution pipeline: both the logical and physicalplans, since the only
overhead is in nding such a better combination. In the case 6 stateful execution,

query re-planning may not always be feasible (as discussed Section[4.5.3). Thus,
WASWIll rst try to re-assign the existing tasks and only scale the operator if it

cannot nd an alternative placement with the given parallelism or the adaptation

overhead is higher than a speci ¢ threshold {agapt > t max). However, WASnay

limit the number of additional tasks to scale per iteration to prevent resource
hoarding or over-allocation, and may further choose to re-ealuate the query plan

if the parallelism has exceeded the threshold®> p max ).

3. Overhead. WASRSstimates the adaptation overhead based on the slowest stat
migration time: tagapt = max(js%tgx—j); 8x; 8y, wherex andy are the source and the
destination sites respectively. If the overhead is too highWASWill scale out the
operator from p to p° This can reduce the overhead through state partitioning.
Since most stream operators balance their workload among #ir tasks [?], the
average state size per task after the scaling |é5t—3§ﬂ < @ given that p°> p.
Hence, tagapt can typically be reduced as the size of the state that needs the
migrated is reduced. In practice,tmax can be set based on the frequency of the

dynamics, so thattmax < the frequency for the system to progress.

4. Type of dynamics. So far, we have focused on addressing short-term dynam-
ics. However, WASRan also be extended to handle long-term dynamics (e.g.,
daily workload shift [?]). This type of dynamics usually follows a speci ¢ pattern
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and can be predicted. Thus,WASHvill handle this di erently by periodically re-
evaluating the query plan in the background. How to accuratdy model/pro le
the dynamics itself is out of the scope of this work.

Discussion & Assumptions

Re-optimize or degrade? Data degradation has been widely used to handle
bottlenecks in wide-area streaming analytics and video anlgtics [?, ?, ?, ?]. We
believe that this approach is complementary to our work, andcan be used to-
gether with our re-optimization-based adaptation. For example, if maintaining
high accuracy is a priority, the system may prefer re-optimiing the execution to
degrading the data. On the other hand, if the query can tolerde a certain degree
of inaccuracy, the system may rst degrade the data and startre-optimizing the
query once it has reached the minimum accuracy threshold. Ogrator scaling will
also be preferable when recovering from failures since drpjng a large number of
events may result in signi cant quality loss. Furthermore, operator scaling can
also handle miscon guration. Thus, both techniques are corplementary to each
other and their applicability depends on the query itself.

Transient workload spikes. In this work, we focus on dynamics that lass
longer than a few seconds. Re-optimizing a query executionothandle very short
workload spikes may leave the system unstable because the tpad may have
already changed when the query is adapted. Thus¢WASRnores transient workload
uctuations that happen only for a very short period.

Homogeneous compute power across slots. WASRbstracts the computa-
tional resources usingcomputing slots similar to the approach adopted by many
distributed stream processing systems, ?, ?]. Since, the performance of most
wide-area streaming analytics queries is predominantly dermined by the inter-

site data transmission, we hide the heterogeneity across s and only consider
the heterogeneity across sites based on the number of avdike slots per site.

Balanced event partitioning. A stream operator may partition its output
to multiple downstream tasks. For clarity reason, we assumehat the output
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stream is evenly distributed across tasks, which is commorof most operators [?].
However, our proposed techniques are not limited by this assmption and can
be integrated with other stream partitioning schemes. Notethat, although we
consider even stream partitioning across tasks, we do not nk@ any assumption
on the input data distribution.

4.8 Implementation

We have implemented awASPrototype on Apache Flink [?] by (1) implementing a net-
work monitoring module (WAN Monitor ), (2) incorporating WAN awareness in planning
gueries and scheduling tasks, and (3) implementing an adapbility module that peri-
odically gathers tasks' runtime information every 10 secods, diagnoses any unhealthy
execution and wasteful resource utilization, and adapts tem. We override the default
Flink's scheduling algorithm by plugging in our WAN-aware task placement algorithm
that solves the ILP problem using the Gurobi optimization tool [?]. We also generate
multiple plans for each submitted query with di erent orderi ng of aggregation opera-
tors. For example, in the case of aggregating 3 data streamdsA, B, and C, the system
will generate 4 plans with di erent aggregation orders: A B C), (A B) OC),
(A (B C),and(B (A Q).

4.9 Experimental Evaluation

We evaluated WASRIsing an emulated testbed derived from a real wide-area sysim
deployment. It consisted of 16 nodes: 8 edge nodes and 8 datarter nodes. Each edge
node was con gured with 2-4 slots/node and each data center ade was con gured with
8 slots/node. A slot was con gured with 1 CPU and 1GB of RAM. To mimic the ac-
tual wide-area system deployment, we limited the pair-wisenetwork bandwidth between
sites and introduced network delay using atc limiter tool. The network connections
of the data center nodes were initially con gured based on tle average of a 1-day mea-
surement of network bandwidth between 8 Amazon EC2 data cerdrs: Oregon, Ohio,
Ireland, Frankfurt, Seoul, Singapore, Mumbai, and Sao Paub. On the other hand, the



1 e—-—6—9° 1 =)
0.8 0.8
w 06 L 06
a a
© 04 © 04
0.2 Edge B - 0.2 Edge B -
0 Data Center © 0 Data Center ©
0 50 100 150 200 250 0 100 200 300
Bandwidth (Mbps) Latency (ms)
(a) Bandwidth distribution. (b) Latency distribution.

Figure 4.7: Inter-site network distribution. Edge connections only consider nearby sites.

connections between the edge nodes were con gured based dmetactual public Inter-
net network whose bandwidth varied from 7-14Mbps P]. Figure [4.4 shows the network
bandwidth and latency distributions between the nodes. We st =0:8, pmax = 3, and
a monitoring interval of 40 seconds to allow any adapted queyr to stabilize.

Our experiments address the following questions:

Are the proposed adaptation techniques (task re-assignmeénoperator scaling, and
query re-planning) generally applicable for di erent types of queries (stateless and
stateful) and dynamics (workload and network) (Section[4.92)7?

How do task re-assignment, operator scaling, and query relanning compare with
each other (Section4.9.8)?

How doesWASPRerform in a wild environment where workload variation, band-
width changes, and failures may happen unpredictably (Sedbn [4.9.4)?

How doesWAShitigate the overhead of migrating/distributing state in w ide-area
settings (Section[4.9.5)?
4.9.1 Methodology

Query and Dataset. To demonstrate the generality of our technique, we evaluatd
WASRSsing the following 3 di erent queries (see Tabld 4.B for detds):

1. Advertising Campaign from Yahoo! Streaming Benchmark (YSB) [?] which mon-
itors relevant advertisements related to speci ¢ campaigrs every 10 seconds. To
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Table 4.3: WASP query detalils.

| Application $tate Size | Operators | Dataset |
Advertising Campaign <10 MB Iter, map, window, join Synthetic data
Top-K Topics 100 MB Iter, map, union, window, reduce | Twitter trace [ ?]
Event of Interests 0 MB Iter, union, project Twitter trace

prevent potential bottleneck in Redis and Kafka (e.g., partition mismatch), we re-
place all I/O operations with in-memory operations and cacte intermediate results
using an in-memory data structures.

2. Top-K Topic Detection on a replayed Twitter trace. The query aggregates the top
10 most popular topics for each country over a period of 30 sends. It consists
of 2 di erent states: the source's o set and the intermediate aggregation results.

3. Event of Interestson a replayed Twitter trace. This query simply lters out eve nts
based on one or more attributes (e.g., language, topic, codry of origin) and it
does not maintain any internal state (stateless).

The YSB data were synthetically generated and distributed evenly across the 8 edge
locations. On the other hand, the Twitter trace (collected from Twitter Streaming
APIs [?]) was distributed based on the geographic information in eah tweet. Thus, the
latter covers the spatial and temporal distributions of actual events. Each operator was
con gured with p =1 and we set a checkpointing interval of 30 seconds.

Metrics. We consider 2 main metrics in our experiments:

1. Execution Delay. The delay is measured as the averagevent latencywhich is the
di erence between the time an event is emitted at the sink and te time it was
generated by the external source. In the case of windowed guped aggregation,
the event generation time is set to the maximum event time of d events within a
particular window (the latest event within a window) [ ?].

2. Processing Ratio. The processing ratio is computed as the ratio between the
observed processing rate and the expected processing ratA.ratio of 1 indicates
that the query is able to process all the events, while a ratioof < 1 indicates that
the query is constrained by the allocated resources. This imore general than an
accuracy metric [?, ?] since the latter is algorithm-speci c [?].
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Figure 4.9: Top-K execution under workload and bandwidth dynamics.

4.9.2 Adapting to Wide-area Dynamics

We initialized the input stream rate at each source to 10,00Cevents/second att = 0 and
introduced dynamics every 5 minutes. Speci cally, we rst increased the rate to 20,000
events/second att = 300, and decreased it back to 10,000 events/second at= 600. To
see the e ect of network bandwidth variation, we halved the bandwidth of every link at
t =900 and restore it at t = 1200. We compare our re-optimization-based approach, (1)
Re-opt, against (2) No Adaptwhich did not adapt to dynamics, and (3) Degrade which
dropped late events in case of insu cient resources. We sethie SLO to 10 seconds for
Degrade. Figure [4.8, Figure[4.9, and Figure 41D show the average d®l and processing

ratio of the 3 queries respectively.

1. [300 t< 600]: We see from Figur¢ 4.8(d), Figuré 4.9(2), and Figure 40(a) that

the delay of No Adaptincreased continuously by up to 2-3 orders of magnitude as
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Figure 4.10: Event Interest execution under workload and badwidth dynamics.

the workload increased because some network links could netistain the workload.
This shows in the reduction of the processing ratio from 1 to 0.86 (Figure,
Figure [4.9(b)}, and Figure[4.10(b}). The processing ratio ofDegrade also dropped
to 0.86 but it was able to maintain the delay within the SLO by dropping late
events, which in practical scenario may a ect the result's acuracy. In contrast,
Re-opt was able to maintain low-latency processing without dropphng any event
(maintain the average processing ratio to 1) by re-assigningthe bottleneck tasks
to dierent locations at t = 380. The processing ratio of the YSB and Top-
K momentarily dropped since the executions were suspendeaif approximately 2
and 10 seconds to migrate the states (Figure 4.8(b) and Figwe{4.9(b)). Notice that
the delay of Degradeincreased to 8 seconds for the YSB case but it remained low
for the Top-K case. This was because the key distribution of he former was much
lower than the latter's, making it more sensitive to late events when measuring
the event time of the windowed grouped aggregation operata.

2. [600 t < 900]: When the workload reduced att = 600, Degrade stopped
dropping events and its processing ratio started to increas to 1. In the case ofNo
Adapt, the processing ratio temporarily increased> 1 indicating that the system
was consuming queued events from the previous interval.

3. [900 t 1200]: To see the e ect of network bandwidth variation, we haled
the bandwidth capacity of all links at t = 900. We can see that the delay and
processing ratio have similar trends to the e ect of increasng workload. However,
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Re-opt took a di erent adaptation action by scaling out the bottleneck operator
instead of re-assigning the tasks since the adaptation module could not nd a
single alternative link whose bandwidth was higher than thestream rate. We can
also see that operator scaling resulted in a faster convergee, taking advantage
of having more resources. Finally, the delay of the 3 queriedropped att = 1200
when the bandwidth increased.

These results show that (1) the re-optimization-based adafation can handle both
workload and bandwidth variations, (2) this is generally applicable for both stateless
and stateful executions, and (3) it can maintain low-latency execution without dropping
any event. For the rests of the experiments, we used the stafal Top-K query as our
workload since it is the best representation of an actual gedlistributed workload among
the 3 queries, and they have a similar trend.

4.9.3 Re-Assign vs. Scale vs. Re-Plan

Next, we compared task re-assignment, operator scaling, @ahquery re-planning, in han-
dling a combination of workload and bandwidth variations independently. We intro-
duced dynamics every 5 minutes by varying the workload and badwidth by a factor of
f1,2,2,1, gandfl, 1, 0.5, 0.5, frespectively. We compared (1)No Adapt which did
not adapt to dynamics, (2) Re-assign: which only handled dynamics by re-assigning
tasks, (3) Scale: which would rst try to re-assign the tasks but might scale some oper-
ators if it could not nd a solution, and (4) Re-plan: which re-evaluated the execution
plan based on the observed workload and resource availalili Both Re-assign and
Re-plan never changed the parallelism.

First, we can see from Figurd 4.11(d) that all of the techniques that adapt the query
resulted in lower delay compared toNo Adapt highlighting the importance of adaptabil-
ity in handling dynamics. Secondly, Scale resulted in the lowest overall delay compared
to Re-plan and Re-assign, and Re-plan resulted in a lower delay for the majority of
the events (< 93rd percentile) with respect to Re-assign . Figure breaks down
the delay of each technique for each interval. Att = 300, both Re-assign and Scale
re-assignedthe tasks while Re-plan switched to another plan. All of them could handle
the the workload increase during this interval. However, wten the available bandwidth



81

'No Adapt‘ -+ " Scale &
1000 ;- Re-assign & Re-plan e -]

100
10

0.75

CDF

0.5 No Adapt + -

Delay (seconds)

Re-assign B 1 e SN 5-0-0-& -
0.25 Scale © - o [e-assigl  lscaleout  scaledown |
ol Re-plan & 00'1 re-plan : :re—plan : :
0.1 1 10 100 1000 o 300 600 900 1200 1500
Delay (seconds) Time (seconds)
(a) Delay distribution. (b) Average delay over time.

Figure 4.11: Comparison between the 3 techniques in handlgndynamics individually.

decreased att = 600, Re-assign was unable to nd an alternative task placement since
it was constrained by the initial parallelism. In contrast, Scale was able to handle
this problem by acquiring 2 additional slots and scaling out the bottleneck operators.
Re-plan was also able to handle the problem bye-planning the query. However, Scale
resolved the bottleneck faster than Re-plan, taking advantage of the additional re-
sources. Lastly, Scale decreased the parallelism when the bandwidth availability had
increased att = 1200 and some of the resources became underutilized.

Comparing Re-assign and Scale, we can see that dynamically adapting operator
parallelism can better handle bottlenecks with the expens@f consuming more resources.
We can also see that re-optimizing both the logical and physial executions Re-plan)
results in a more optimal adaptation than simply re-assignng tasks (Re-assign) with
the same parallelism, and hence the former is preferable whever possible.

49.4 WASP in a Live Environment

In this experiment, we evaluate WASI a live, trace-driven environment where we intro-
duced (1) network bandwidth dynamics based on a real pair-wse bandwidth variation
trace between 8 Amazon EC2 data centers which ranged from 015to 2.36, and (2)
random workload patterns with a variation factor ranging from 0.8 to 2.4, and (3) a
failure at t = 540 by revoking all the computational resources and re-atbcating them
after 60 seconds. We added failure in this experiment to seedw WASEan scalea query
to quickly process queued events. Figuré 4.12(p) shows theahdwidth and workload
variations. Here, we compared (1)WASRgainst (2) No Adaptand (3) Degrade WASP
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Figure 4.12: WASP's adaptations to dynamics and failures.

could use any of the adaptation techniques: task re-assignemt, operator scaling, and
query re-planning, depending on the condition discussed irsection[4.6.2.

Figure [4.12(b) and Figure[4.12(c) show the delay and parallésm changes over time.
We make a few observations here. FirstWASP processing delay stayed close to 1 second
(similar to the unconstrained case) for most of the time excpt for some intervals. At
300 t< 540, there was a slight variation in the delay whenWASRcaled out2 of the
tasks to handle workload increases and bandwidth drops. At = 640, WASKas able to
quickly handle the accumulated events after recovering fro failure by scaling out the
bottleneck operators. It then gradually scaled downsome operators after the workload
had reduced and the execution stabilized. Finally, it further scaled downthe majority
of the additional tasks at 900 t< 1320 when the available bandwidth had increased.
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In contrast to WASPthe delay of No Adaptincreased by more than 2 orders of
magnitude, especially after the execution recovered fromdilure since it was unable to
handle the queued events. AlthoughDegrade could maintain the average delay within 1
second for most of the time, it had to sacrice up to 24% of the events. This resulted
in an inaccurate result and hence, may not be tolerable for geries that require high
accuracy. In contrast, WASIould process all of the events while maintaining the low-
latency processing (Figure[ 4.13(d)). From Figure 4.13(0) w can see thatWASRad a
longer delay tail distribution compared to Degrade. We observed that the majority
of the delay came from the monitoring process, the transitiming phase for migrating
states, and the processing of queued events afté/ASecovered from failure.

These results show that (1)WASEan handle real-world dynamics and failures with-
out dropping any of the events, and (2) there is essentially atrade-o between the
re-optimization and degradation-based adaptation techngues in maintaining the qual-
ity/accuracy of the results and maintaining the low-latency processing.

4.9.5 Mitigating Adaptation Overhead

In the last set of experiments, we see howVASRan reduce the overhead of adapting
gueries with large computation state. Speci cally, we higHight the importance of net-

work awareness and the bene t of state partitioning in redudng the overhead. We break
down the overhead into 2 phases: (1}ransition time : when the execution is suspended
for state migration, and (2) stabilizing time: the time needed to consume all queued
events that have been accumulating during the transition process. We highlight the
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Figure 4.14: Network-aware state migration.

importance of network-aware state migration in Section[4.95 and show the bene t of
state partitioning to further reduce the overhead in Section £.9.3. In both experiments,
we controlled the size of the state that needed to be migrated

Network-aware State Migration

To ensure low-overhead adaptation,WASIstimates the task migration overhead based
on the size of its state and the bandwidth availability between the initial site and the
new site. Migrating a state over the WAN may incur high overhead if the bandwidth
between the two sites is constrained. This is impractical fo frequent dynamics that are
common in wide-area settings. In this experiment, we compard (1) WASRgainst (2) No
MigrateB which did not migrate the state (equivalent to adapting stateless operators),
(3) Randomwhich ignored the bandwidth availability, and (4) Distant : which migrated
a state to a site. In any case, the system ensured that the destation site had su cient
bandwidth to process the actual data stream and hence, the ecution would eventually
stabilize. We xed the state size to 60MB.

Figure compares the e ect of dierent state migration techniques to the
overall query execution delay. In any of the cases, the syste started adapting the
query at t = 180. Here, we can see thatNo Migrate could quickly reduce the delay
without migrating the state. However, this resulted in an incorrect result or a loss in
accuracy. Comparing the other 3 techniques that maintainedthe state, we can see that
WASHesulted in the lowest delay during the adaptation phase.

3 Ignoring the state will result in a loss of accuracy in the res ult.
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Figure 4.15: Mitigating overhead through operator scalingand state partitioning.

Figure shows the breakdown of the overhead. FirstNo Migrate incurred

0 transition time since it only redirected the data streams. There was a stabilizing
time and a slight increase in delay despite not migrating thestate (similar to adapting
stateless operator) due to the queued events during diagnas period. Reducing this
period may reduce the transition time but makes the system moe susceptible to spikes
and miss-estimation. SecondlyWASFResulted in 41-56% lower overhead and 7-20 seconds
lower 99th percentile delay compared taRandonand Distant respectively. The reason is
because the two WAN-agnostic approaches migrated state oveonstrained links, leading
to a higher adaptation time. These results show the importarce of WAN awareness in
reducing the adaptation overhead in wide-area settings.

State Partitioning

In addition to network awareness, we observe how partitionng and distributing large
states across multiple links can further reduce the adaptabn overhead. In this exper-
iment, we compared Default : which never partitioned the state, and Partitioned
which would force the adaptation module to nd an alternativ e placement (may involve
operator scaling) and partition the state whenever the estinated transition time ex-
ceeded a speci c threshold. We varied the state size t60, 32, 64, 128, 256, 51 MB
and set the maximum threshold to 30 seconds.
Figure shows the 95th percentile delay over di erentstate size. We can see

that the delay of Default increased as the state size increased. In contragtartitioned
could reduce the delay in the case of large state (256MB and 2MB). This is due to the
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reduction in the adaptation overhead. Figure[4.15(b) showsthe breakdown of the over-
head. In general, the overhead of adapting a query increaseak the state size increased.
However, Partitioned was able to reduce this overhead by scaling out the bottlendc
operator and partitioning its state across multiple network links. This reduced the
overhead by more than 120 seconds (Figurg 4.15(b)) which sslequently reduced the
average delay by 42 seconds (Figure 4.15(a)). These resultgghlight another bene t of
operator scaling in reducing the adaptation overhead.

4.10 Related Work

Wide-Area Data Analytics Systems. Wide-area data analytics systems can be
classi ed into two di erent groups based on their processingmodel: (1) batch analytics,
and (2) streaming analytics. Early work in wide-area data aralytics has focused on
incorporating WAN awareness in scheduling jobs and placindasks across multiple sites
with the goal of minimizing query execution latency [?, ?, ?] or saving WAN bandwidth
consumption [?]. However, they ignore the dynamic nature of wide-area envonment.
Tetrium [ ?] considers dynamic resource availability but does not corider re-optimizing
jobs that have already been deployed. Turbo ?] has looked at dynamic query re-
planning for batch analytics but its techniques cannot be agplied directly for long-
running streaming analytics queries.

Existing work has also looked at optimizing streaming analyics queries in wide-
area settings P, ?, ?, ?, ?]. Pietzuch et al. [?] address the problem of network-aware
operator placement, and Sana?] considers sharing common execution between queries.
However, they do not address workload/resource dynamics. @ers have considered
the dynamic nature of a wide-area environment, but focused o trading latency, WAN
tra c, and accuracy. Heintz et al. [ ?] propose a technique to trade accuracy and delay
in the context of windowed grouped aggregation. Kumar et al.[?] proposes a TTL-
based approach that trades delay and WAN tra c for windowed g rouped aggregation.
JetStream [?] allows users to specify di erent degradation policies witha data-cube
model. AWStream [?] relies on a pro ling technique to determine which degradaton
policy to take to ensure a certain degree of accuracy. We arguthat these degradation
approaches are application-speci ¢ and they are complemeary to our techniques.
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Adaptability in Distributed Stream Processing Systems. There have been a
large body of work that address the importance of adaptabilfy in cluster-based stream
processing systems?, ?, ?, ?, ?, ?, 2, ?, ?, ?, ?, ?]. However, they have focused
on addressing computational bottlenecks by scaling out tass within a cluster. These
technigues cannot be directly applied to handle dynamics ina wide-area environment
due to the highly heterogeneous and limited network bandwidh.

Others have also looked at the importance of minimizing the daptability overhead.
Drizzle [?] reduces the synchronization overhead foBulk Synchronous Processingnodel.
Chi [?] relies on control mechanism to reduce the overhead of globaynchronization.
ChronoStream [?] partitions and distributes large states across multiple rodes to allow
fast recovery. DS2 P] predicts the scaling factor based on the expected processj rate
of each operator for data ow model. Although these techniqies are related to our work,
they do not account for network constraints. In wide-area ewironment, the overhead of
migrating large states over WAN is signi cantly higher than the partitioning overhead,
and hence our techniques focus on minimizing this overhead.

4.11 Conclusion

In this work, we rethink the adaptability property of wide-a rea stream processing sys-
tems and propose a WAN-aware adaptation frameworkWASRhat allows queries to han-

dle dynamics without compromising quality. WASRdapts queries through a combina-
tion of multiple techniques: task re-assignment, operatorscaling, and query re-planning.

WASRan automatically determine which adaptability action to t ake depending on the
type of queries, dynamics, and goals.WASRurther incorporates network awareness to
mitigate the overhead of adapting queries in wide-area seibgs. Experimental evalu-

ation shows that WASRs able to handle wide-area dynamics with low overhead and
without sacri cing quality.



Chapter 5

Multi-Query Adaptation in
Wide-Area Streaming Systems

5.1 Introduction

Adaptability is an important property of stream processing systems to maintain the
low-latency and high-throughput execution of long-running streaming analytics queries
in the face of dynamics. In wide-area settings, dynamics areommon not only because
of the workload variability but also the nature of wide-area network (WAN) bandwidth
that frequently changes. Furthermore, job arrivals/completions, stragglers, and failures
are inevitable in large-scale distributed systems.

Existing work has made a strong case for the importance of adsability in wide-area
stream processing systems, but has mainly focused on answmay the question ofhow to
adapt a query?[?, ?, ?, ?, ?] Speci cally, their focus is on the trade-o between query
execution delay, accuracy, and WAN bandwidth consumption. As modern distributed
stream processing systems support multiple query deploynms, concurrent query ex-
ecutions may compete for common limited resources, leadintp a resource contention
problem. In such a condition, all of the queries will typically be marked asunhealthy,
i.e., they do not have su cient resources to handle their workload, and they need to be
adapted. However, adapting all of the queries will result inmultiple adaptation waves
that not only take a long time to complete but also incur large performance perturba-
tion. Instead, adapting only a subset of queries may be su cent in most cases, as we
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will show. In this case, the key questions arewhich queriesneed to be adapted and
how to adaptthem. Answering these questions is challenging as di erent geries may
have di erent characteristics and requirements, and di erent adaptations may result in
di erent performance and resource consumption while incuring di erent overhead.

To address the above challenges, we propodéaka a multi-query adaptation module
for wide-area streaming systemsNakocontinuously monitors the resource requirements
of each query and identi es bottlenecks in the system. Instad of adapting each query
independently, Nakoaccounts for any resource contention among queries. It saigvely
determines how to resolve the bottleneck andwhich queries need to be adapted.Nako
uses a notion ofadaptation costto make these decisions. The adaptation cost is com-
puted as a linear combination of anoverhead costand a resource consumption cost
The overhead cost is computed based on the time required to agbt an execution, while
the resource consumption cost is computed based on the cost acquiring additional
computing resources and the increase in network bandwidth ansumption. Our moti-
vation is based on the observation that di erent adaptation actions may incur di erent
overhead and result in di erent resource consumption.

Since multiple queries may share common execution, recentosk has shown the
bene t of applying multi-query optimization to eliminate r edundant data processing and
duplicate data transmission over the network [?, ?, ?]. Yet, adapting an execution that
is shared by multiple queries may a ect the execution performance of all of the queries.
Thus, Nakocarefully considers the impact of adapting such an executio by computing
the overhead and resource consumption costs di erently. It vill then decide whether to
(1) adapt any other alternative query execution, (2) adapt the shared execution while
maintaining its sharing property, or (3) split the shared execution.

We have implementedNakoby extending the adaptation module in WASEChapter )
to consider multiple query executions in handling bottlenecks. We deployNakoover an
emulated testbed that pro les real geo-distributed Amazon EC2 sites and evaluateNako
using 8 streaming analytics queries over real geo-tagged Titter trace. Experimental
evaluation shows that Nakocan identi es a small set of queries to be adapted, resulting
inupto 2.1 lower average query execution delay and 2 faster adaptation in handling
bottlenecks compared to an existing technique that adapts geries independently.
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(a) Workload. (b) Environment. (c) Initial deployment.

Figure 5.1: Initial deployment and workload of Query 1, 2, ard 3.

5.2 Motivation

Recent work has addressed the importance of adaptability inwide-area stream pro-
cessing systems?, ?, ?, ?]. However, much of the work has focused on adapting each
query individually irrespective to the other queries that may be competing for the same
resources. In this work, we consider the query adaptation tehniques as discussed in
Chapter 4. We motivate through an example to show that adapting one-query-at-a-
time independently may result in a sub-optimal adaptation, incur unnecessarily high
overhead, or lead to wasteful resource consumption.

Figure 51 shows an example of three queries that are deplogeover 4 dierent
sites (A, B, C, and D). The sites are connected by heterogeners network bandwidth.
For clarity reason, we consider the inbound and outbound badwidth between any
two sites to be equal (in an actual wide-area system deployms, the inbound and
outbound bandwidth capacities may vary). Here, the initial deployment of the three
queries consumes network bandwidth with a rate of 150MB/s (Fgure[5.1(c)). Suppose
the network bandwidth from Site A to Site B that is shared by th e three queries has
dropped from 90MB/s to 30MB/s, which causes a network bandwdth contention among
them. Upon identifying the network bottleneck, the system needs to determine which
gueries need to be adapted and how to adapt them.

Figure5.2 shows three di erent adaptation options that may be taken by the system.
Suppose the system decides to rst adapt Query 1 by migratingts tasks that are located
at Site B to Site D in order to avoid the congested network link (Option 1). This will
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Figure 5.2: Di erent adaptations result in di erent network ¢ onsumption and overhead.

resolve the network bottleneck for Query 1. However, the syiem will observe that the
executions of Query 2 and Query 3 are still constrained and thy need to be adapted.
Suppose, the system decides to adapt Query 2 next. This will@solve the network
bottleneck for Query 2. Yet, the system still needs to furthe adapt Query 3 whose
execution is still constrained by the bandwidth availability between Site A and Site B.
Thus, Option 1 will adapt all the three queries in order to resolve the network bottleneck.
This adaptation option also increases the overall network landwidth consumption of the
three queries by 20% (see the nal deployment of Option 1 in Fgure 5.2).

Alternatively, the system may decide to adapt Query 2 rst, e.g., because it has the
highest SLO violation among the three queries (Option 2). Afer the adaptation, the
system will still diagnose Query 1 and Query 3 to be unhealthysince their executions
are still constrained by the available bandwidth. Thus, the system will further adapt
Query 3 and nally observe that Query 1 is no longer constraired. In this case, Option
2 results in one less adaptation while consuming less networbandwidth compared to
Option 1. Yet, if the system is aware of the network bandwidth contention among the
three queries, it may instead adapt Query 3 rst (Option 3). | n this case, we can see that
adapting only Query 3 is su cient to resolve the bottleneck while consuming the same
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overall network bandwidth as Option 2. Thus, the system no longer needs to adapt the
other two queries. If the overhead of adapting each of the quies is the same, Option
2 unnecessarily doubles the overhead while Option 3 tripleshe overhead. We later
generalize the policy to handle cases where di erent queriebave di erent adaptation
overheads. This example illustrate that adapting queries mndependently may result in
unnecessarily high overhead and network bandwidth consunton.

5.3 Adaptation Cost

In this section, we propose a notion ofidaptation cost that is used by Nakoto determine
which queries need to be adapted to handle resource contention bitenecks among
multiple query executions. We discusdNakds adaptation mechanism and policy later in
Section 5.4. Adapting the execution deployment of an operair may have a drawback
of increasing the overall resource consumption and incurrig high adaptation overhead.
Here, we de ne the overhead as the time required to transitim from one execution
to another execution which includes the time for (1) suspenihg the current execution
and checkpointing any of its computation states, (2) migrating/distributing the states
to di erent locations for the new execution, and (3) starting the new execution. In a
practical scenario, increasing the resource consumptionf@ query typically corresponds
to increasing the overall analysis cost (in terms of monetay cost [?, ?]) while higher
overhead may result in a stale or inaccurate result. Thus, itis critical to ensure low
overhead and e cient resource utilization in adapting a query execution.

More formally, the adaptation cost (Cagapt) iS computed as a linear combination of
the resource consumption cost Cr), and the overhead cost Co):

Cadapt = Cr+(1 )Co

Here, is a weight factor that can be set based on the relative imporance of the
two cost factors. Setting = 1 focuses on the resource consumption cost and ignores
the adaptation overhead, while setting = 0 solely focuses on the overhead cost and
it ignores the resource consumption cost. We set = 0:5 in our deployment which
balances the resource consumption and the adaptation ovedad. We evaluate the e ects
of varying later in Section 5.5.
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(a) Constrained execution. (b) Option 1: re-assign 0s. (c) Option 2: scale 0s.

Figure 5.3: Dierent adaptation actions may result in di eren t resource consumption.

5.3.1 Resource Consumption Cost

In this work, we consider 2 dierent types of resource consumpon: (1) the number
of computing slots used by a query, and (2) the total WAN bandwidth consumption.
Adapting a query execution in wide-area settings may consum additional computing
slots and increase the overall WAN bandwidth consumption. h a Cloud environment,
this may incur additional monetary cost as most Cloud providers charge users for both
the computing resource usage and any data transmission oveéhe WAN.

Figure 5.3 shows an example that illustrates the case. If thébandwidth between
operators 0; and o3 is constrained (Figure 5.3(a)), the system may (1) re-assig o3 by
co-locating it with 0, to avoid competing for the constrained network link (Figure 5.3(b))
or (2) scaleos to reduce the rate of the data streams transmitted over the castrained
network link (Figure 5.3(c)). Here, Option 1 and Option 2 will increase the overall
network bandwidth consumption by 11 and 1} respectively. Although Option 2
(scale out case) results in lower network bandwidth consumgon, it incurs additional
computing cost for acquiring more computing resources.

In this work, we consider the resource consumption cost as aombination of both
the computing resource cost and the WAN bandwidth consumpton cost. More formally,
the resource consumption cost Cr) is computed as follow:

N [s] " "o
Cr=  pIs] ALl + A * o 1 8s;8u;8d
s6éu s6d

Here, pYs] is the change to the number of operator's tasks deployed atite s, N[s]
is the total number of slots at site s, A[s] is the number of available slots at sites,
and "(injou) is the inbound/outbound network bandwidth consumption fro m/to the
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upstream/downstream operators U/ d). Here, the cost of acquiring additional com-
puting resources at each site is weighted based on the populgy/scarcity of the slots.
Intuitively, acquiring popular/scarce resources will incur higher cost. However, other
cost models (e.g., xed cost based on the instance type of aa) may also be incor-
porated. On the other hand, the network consumption cost is omputed based on the
increase/decrease in the overall network bandwidth consumtion (") from/to its up-
stream/downstream operators that are deployed on remote $és. Here, the network cost
can also be weighted based on the cost of transmitting data @r the WAN if minimizing
the analysis expense is the priority.

5.3.2 Overhead Cost

Minimizing adaptation overhead in streaming analytics is aitical as it may incur high
processing delay. Although the overhead of adapting an opeator can be considered as
a one-time cost (in contrast to the resource consumption cdsthat is continuous), high
processing delay can signi cantly a ect the timeliness and quality of the results. Thus, it
is imperative to ensure a low adaptation overhead, especig for frequent dynamics. In
wide-area settings, the main overhead of adapting an execign is typically in migrating
an intermediate processing state over the WAN since the stat maintained by a stateful
operator can be very large in practice P, ?] while WAN bandwidth is scarce. Thus,
we consider the state migration time as the major factor to the adaptation overhead.
Speci cally, the overhead cost Cp) is computed as follow:

tfreq
Here, taqapt IS the total time required to adapt a query (including the suspension time and
state migration time) and tfeq is the adaptation frequency of a query, estimated based
on its historical statistics. Intuitively, normalizing th e adaptation time with the adap-
tation frequency indicates the usefulness of the adaptatin. Furthermore, frequently
adapting an execution will signi cantly a ect its performan ce and result's quality. This
can also be used as a consideration whether to adapt a queryrfghort-term dynam-
ics if the overhead is too high. Similarly, this justi es the importance of adapting a
guery execution with high overhead to handle long-term dynanics (e.g., daily workload
shift [?, ?]).
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The adaptation time itself is computed as the slowest state ngration time (if any)
since an operator can resume its execution only after all ots states have been migrated
to the sites where the new tasks have been deployed to:
jstatejs?
tadapt = Max JB% :851; 852,516 S2
sl

Here, s1 and s2 correspond to the initial site and the new site respectivel, jstatej$? is
the size of the state that needs to be migrated fromsl to s2, and BS? is the bandwidth
availability between the two sites.

5.4 Multiple Query Adaptation

This section presents howNako handles resource contention among multiple query ex-
ecutions by considering the cost of adapting each of the quéars. Although the compu-
tational resources are typically exclusively allocated toa particular query based on the
number of computing slots' , the network bandwidth is typically shared by multiple
queries. Thus, network bottleneck may arise if the aggregatd bandwidth demand of
a particular network link is higher than its available bandwidth. In this case, most
runtime monitoring systems will diagnose that all of the executions are unhealthy and
they need to be adapted. Instead of adapting all of the constiined executions,Nako
will try to adapt only a subset of the executions. This is often su cient to resolve the
bottleneck. The main challenge here is to determinavhich queries need to be adapted.

5.4.1 Adaptation Flow

Figure 5.4 showsNakds adaptation process. Each operator periodically reportsts run-

time performance metrics (e.g., processing rate, output ree, and backpressure status)
to the Metric Reporting module. A Resource Monitoring module continuously monitors
the available network bandwidth between sites and the numbe of available computing

slots at each site. Both the Metric Reporting and the Resource Monitoring modules
report any update to the Runtime Diagnosis, which in turn uses this information to

identify any bottleneck based on the execution model deschied in Chapter 4.4.

1 This limits the number of tasks that can be run on a particular machine, although the actual
hardware scheduling itself cannot be guaranteed.
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Figure 5.4: Nako's adaptation ows.

Which Queries to Adapt?

When the Runtime Diagnosis identi es a set of unhealthy operators , the Adaptation

Policy will determine howto adapt each unhealthy operator execution, whether to sca
the operator or simply re-assign the operator instances. Itomputes the cost of adapting
each operator Cadapt[01]; 80 2 ) using the formulation presented in Section 5.3. It will

then sort the operators based on their adaptation cost value in ascending order and
let the Adaptation Trigger module adapt the operators. TheAdaptation Trigger adapts
the operators in a greedy manner starting from the operator hat incurs the lowest
adaptation cost (0, :poll ().

After adapting an operator, the Adaptation Trigger will re-evaluate the adaptation
decisions for any other bottleneck operators that share remurces with o; since the deci-
sions were computed based on the availability of the resouss before adaptingo;, and
hence the pre-computed adaptation decisions may no longerebvalid or necessary. How-
ever, any other operators that do not share resources witlp; can be adapted in the same
iteration. Note that, adapting o; will not cause any computational or network bottle-
neck to the other executions since there is no slot sharing agss di erent operators and
any adaptation decision, whether task re-assignment (Seain 4.5.1), operator scaling
(Section 4.5.2), or query re-planning (Section 4.5.3), enges no bandwidth contention.
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Pruning Module

After adapting some of the bottleneck operatorsfo;; ;ong, Nako will update the
availability of the resources and check whether there are dter operators still need to be
adapted ( f o01; ;o0ng). Some of the operators may no longer need to be adapted
if any of the prior adaptations have released the previouslycontended resources. For
example, if both o; and o, are competing for the same network bandwidth,B, with

a rate of [0;] = 0:6B and [o,] = 0:7B respectively, both queries may be identi ed
as unhealthy by the Runtime Diagnosis since the aggregate resource demand is higher
than the network bandwidth availability (O :6B +0:7B = 1:3B > B ). However, if 01 is
migrated to a di erent site, 0, no longer needs to be adapted as migrating; has freed
up 0:6B of the bandwidth. In this case, the Pruning Module will remove o, from . The
Adaptation Policy will re-compute the adaptation action for the remaining operators,
following the same process.

5.4.2 Adapting Shared Execution

In some cases, multiple queries may exhibit a common sub-egetion, whether in con-
suming common input data streams or even performing similaoperations [?, ?, ?]. This
is especially common for queries that are submitted by di erent groups within the same
organization that analyze the same data for di erent purposes. For example, user-access
logs from multiple CDN servers may be analyzed for billing, a@vertisement, and security
purposes. Chapter 3 presents a multi-query optimization tehnique that allows queries
to share their common operations in order to reduce the ovedhresource consumption
of processing and transmitting duplicate data in the contex of wide-area streaming
analytics. Yet, this introduces new challenges to the adapdtion policy since adapting
an execution that is shared by multiple queries may a ect the &ecution performance
of all of the queries.

Adapting a directly shared operator. Figure 5.5 shows an example where the
execution of Query 1 is shared with Query 2. When a bottleneckhappens directly on
the operator that is shared by the two queries (), this will a ect the execution of both
gueries. There are several adaptation options to resolve tbottleneck (Figure 5.5(a)).
First, the adaptation module can simply adapt the operator without considering its
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(a) Bottleneck on a directly shared operator. (b) Bottleneck on an indirectly shared operator.

Figure 5.5: Bottlenecks on a shared query execution.

shared property. This, however, will disrupt the execution of all of the queries that
are sharing the operator. Furthermore, this may a ect the execution performance of
some of the queries. For example, if the bottleneck in Figures.5(a) is caused by the
limited network bandwidth between o, and og, migrating o, to a di erent site may
increase the execution latency of Query 1 despite its indivdual execution is not being
constrained by the resources. Alternatively, the adaptaton module may split the shared
execution by instantiating a new instance ofo, for Query 2. However, this will increase
the overall resource consumption, both for acquiring additonal computing resources and
increasing the network bandwidth consumption for transmitting duplicate data streams.
Thus, there is an overhead vs. resource consumption trade-tetween maintaining the
shared property of an execution and splitting the execution

Adapting an indirectly shared operator. Bottlenecks may also happen on an
execution that is indirectly shared by multiple queries. Figure 5.5(b) shows an example
where bottleneck occurs on one of the Query 2's operator®§) whose upstream operators
are partially shared with Query 1. This will a ect the executi on of the shared operators
as og will trigger a backpressure to its upstream operators to redice the workload.
The backpressure control messages will be propagated to theource operators. In this
case, bothsrc, and o, will observe the backpressure fromog and reduce their workload.
Hence, this will a ect the overall execution of Query 1. Although adapting o should not
a ect the performance nor the resource consumption of Query ladapting og requires
suspending the execution of all of its upstream operators, nicluding those that are
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shared by Query 1. Thus, the execution of Query 1 will need to b suspended despite
its execution is not being constrained.

Cost of Adapting a Shared Execution

Based on the above observation, we can see that adapting a steal execution while
maintaining its sharing property may a ect the runtime executions of all queries that
are sharing the execution. Speci cally, it needs to suspendhe executions of all of the
gueries. Thus, the overhead costCp) of adapting a shared execution should be com-
puted as the aggregate overhead of adaptingll of the sharing queriesQ. Furthermore,
adapting a directly-shared operator may also increase thewerall network bandwidth
consumption (Cr) of all of the sharing queries. Thus, the costs of adapting alsared
operator are computed as follows:

X

Co = Coldl Cr = X Crld]
q2Q

a2Q

Alternatively, the adaptation module may determine to split the shared execution.
This will reduce the overall overhead cost Cp) as it does not need to suspend the
executions of the other queries, but it tends to increase theesource consumption cost
(CRr) both for acquiring additional computing resources and transmitting duplicate data
over the network. Thus, Nako carefully determines whether to maintain the sharing
property of a bottleneck execution or split the execution baed on the overall adaptation
cost of the two adaptation options. Speci cally, it choosesthe adaptation action that
incurs the lowest overall cost:

; share . ~split
min Cad{mt X Cadapt

In general, the overhead cost will dominate the overall cosbf adapting a shared ex-
ecution while the resource consumption cost will dominate he overall cost of splitting a
shared execution. Thus, adapting a shared execution typiddy incurs higher adaptation
cost compared to adapting a non-shared execution. ThudNakooften prioritizes adapt-
ing non-shared executions whenever possible. Intuitivelythis reduces the number of
executions that needs to be suspended while ensuring e cigrresource consumption.
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5.5 Experimental Evaluation

Environment and System Setup. We evaluated Nako using an emulated testbed
derived from a real wide-area system deployment. It consigtd of 16 nodes: 8 edge nodes
and 8 data center nodes. Each edge node was con gured with 2€lots/node and each
data center node was con gured with 8 slots/node. Here, a slbwas con gured with 1
CPU and 1GB of RAM. We capped the pair-wise network bandwidth between the nodes
and introduced network delay using atc limiter tool based on the actual measurement
of inter-site network connections among the Amazon EC2 datecenters.

We have implementedNakoas an extension toWASP adaptation module on Apache
Flink (Chapter 4). While WASHirectly updates any unhealthy execution, Nakodeter-
mines whether adapting only a subset of the queries is su ciat. It relies on the query
adaptation cost to prioritize which queries need to be adapted. In this experiment, we
enabled 30 seconds monitoring interval for theRuntime Diagnosisto determine whether
a particular execution is constrained. We also set = 0:5 in all of the experiments, un-
less explicitly speci ed. This balances the overhead costrad the resource consumption
cost in computing the adaptation cost.

Dataset and Queries. We have implemented 8 location-based streaming analytics
gueries over real geo-tagged Twitter trace that was collead from Twitter Stream-
ing APIs in December 2015. We scaled the playback rate to apmximately 12,000
tweets/second to re ect the actual tweet rate. The tweets weae distributed across the
8 edge nodes based on the geographic information embeddedéach tweet. Thus, the
trace covers the actual distribution of real geo-distributed workload. Table 5.1 shows
the details of the queries. Each query keeps track of theource o sets of all of its input
stream sources, which indexes the last event that has been stessfully consumed by the
query. Any processing state (e.g., source o sets and aggretian results of windowed
grouped aggregation operators) are periodically checkpoted to a local le system every
30 seconds.

In addition to the data stream itself, some of the queries als rely on data dictionar-
ies that are statically stored in a speci c site. Examples ofsuch data dictionaries include
user demographic information, stopword list, and sentimen dictionary. The user de-
mographic information was randomly generated and stored inone of the data center
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Table 5.1: Nako query details.

[ ID ] Description | Operators |
Q1 Get user demographic information map, window, join, project
Q2 Filter language speci ¢ tweets map, lter, union, project
Q3 | Find top 10 popular events in each country map, lter, union, window, reduce
Q4 Get the user sentiment in each country map, lter, union, window, join, reduce
Q5 | % of Christmas-related events per country map, lter, union, window, reduce
Q6 Monitor the workload of each site map, window, reduce
Q7 | Find top 10 popular topics per age group | map, lter, union, window, join, reduce
Q8 Find top 10 popular topics per gender map, lter, union, window, join, reduce

nodes. The stopword dictionary was distributed across the dta center nodes based on
the commonality of the language in each location. Lastly, tre sentiment dictionary was
collected from the SenticNet [?] dataset, and it was used for sentiment analysis query.
Each query subscribed to 4 input stream sources located at # edge nodes and stored
its nal result locally.

Metrics. We consider 3 main metrics in our experiments:

1. Execution Delay. The delay is measured as the averagevent latencywhich is the
di erence between the time an event is emitted at the sink and te time it was
generated by the external source. In the case of windowed guped aggregation,
the event generation time is set to the maximum event time of d events within a
particular window (the latest event within a window) [ ?].

2. Constrained Time. The total amount of time a query spends under a constrained
condition, i.e., its execution latency is higher than its awerage execution latency
when the execution is not constrained.

3. WAN Bandwidth Consumption. The total rate of inter-site network bandwidth
consumed by a query execution.

5.5.1 SLO vs. Cost-based Adaptation

We rst evaluated Nakds adaptation policy in determining which queries to adapt based
on the adaptation cost metric. As the baseline, we comparetNakoagainst an SLO-based
adaptation policy (SLOfor short) that was proposed in Henge P]. It prioritizes adapting
gueries based on an SLO violation metric. In this experimentwe de ned the SLO metric
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Figure 5.6: Per query execution delay over time.

based on the relative increase in the overall query executiodelay with respect to the
average query execution delay when the execution was not cetrained. Thus, queries
that had higher increase in delay would have higher priorityfor being adapted rst. For

fairness reason, we enabled the pruning module of both appaghes, allowing them to
adapt only a subset of the bottleneck queries.

In this experiment, we introduced network bottleneck by increasing the event rate of
each input stream source by 25% at = 120, which caused some of the network links to
be contended by the queries. Figure 5.6(a) and Figure 5.6(bfompare the overall delay
increase per query betweerNakoand SLOrespectively. We made a few observations
here. First, we observed that both Nako and SLOadapted only two queries although
there were six queries that were marked as unhealthy by the stem. Speci cally, Nako
adapted Q2 and Q7 whileSLOadapted Q1 and Q5. Thus, adapting only a subset of the
bottleneck executions was su cient to resolve the bottleneck.

Secondly, we observed the e ect of adapting di erent queries.The adaptation deci-
sions made byNakowere based on the estimated time required to migrate intermdiate
states across di erent sites, which in this case took 0 and 6 seconds for Q2 and Q7
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Figure 5.7: Per query delay and constrained time comparisotbetween Nako and SLO.

respectively. Here, adapting Q2 incurred 0 adaptation ovelnead as its execution is state-
less: Q2 only needed to Iter out language speci c tweets andhence did not need to
store any intermediate processing state. On the other handQd7 maintained an interme-

diate processing of the total tweet counts per topic per age iup. In contrast to Nakq

SLOinstead adapted Q1 and Q5 since they had the highest increasi@ delay among
the contending queries. In this case, adapting Q1 and Q5 inaued 7 and 13 second
state migration time respectively. Although adapting Q1 and Q5 eventually resolved
the bottleneck, it signi cantly increased the overall exeaution delay of Q5. Speci cally,

it resulted in 2.1  higher overall query execution delay compared to the executn delay

of Q5 in Nako(Figure 5.7(a)).

Thirdly, comparing the execution performance of the other ron-adapted queries
between Nakoand SLQ we can see from Figure 5.7(a) thatNakowas able to maintain
the overall delay closer to the unconstrained condition wheeas the SLOresulted in a
higher overall execution delay (especially for Q5). Figures.7(b) breaks down the time
spent by each query under the constrained condition. Here, & can see thatNako
resulted in a lower overall constrained time even for querig that were not adapted,
explaining the lower overall execution delay it achieved inFigure 5.7(a).
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These results show that (1) adapting only a subset of queriesan be su cient to
handle bottlenecks caused by resource contention among ntigle query executions,
and (2) the decision onwhich queries need to be adapted can a ect the overall query
execution performance. Speci cally, we show thatNako can handle bottlenecks more
e ciently compared to the SLO-based adaptation, resulting in a lower overall delay and
lower constrained time.

5.5.2 Resource Consumption vs. Overhead Trade-o

We next evaluated the overhead vs. resource consumption tde-o in adapting a query
execution. Speci cally, we varied the value in estimating the adaptation cost (Sec-
tion 5.3) from 0, 0:5, and 1. At one extreme, setting = 0 would minimize the overhead
cost without considering the resource consumption cost, wile = 1 would minimize
the resource consumption cost regardless of the overheadn eneral, setting = 0:5
balances the resource consumption and the overhead cost facs in adapting a query
execution. In this experiment, we deployed all of the 8 quegs concurrently and intro-
duced dynamics by randomly varying (1) the bandwidth capacty by a factor of 0.7 to
0.9, and (2) the workload by 0 to 20% every 2-5 minutes.

Figure 5.8 compares the overall execution performance anche network bandwidth
consumption of di erent  values. First, we can see from Figure 5.8(a) and Figure 5.8(b
that = O resulted in a lower delay and lower constrained time compeed to = 1.
However, we can also see from Figure 5.8(c) that = 0 consumed higher network
bandwidth that = 1, especially for Q3 and Q4 (27% and 25% additional bandwidh
respectively), whose operators were scaled in = 0. Comparing = 0:5 with the two
extreme cases, we can see that = 0:5 followed the same adaptation decision as =0
for Q3 but, followed the adaptation decision made by = 1 for Q4. In the former
case, = 0:5 sacriced higher network bandwidth consumption for query execution
performance due to the high overhead of adapting Q3 which wdd have resulted in a
similar increase in query execution delay and constrainedime with = 1. On the
other hand, it decided not to scale Q4 since the resource conmption cost of adapting
Q4 was higher than the overhead cost.

From these results, we can see that there is a clear trade-o btween minimizing
the overhead cost and the resource consumption cost. The dis@n on which cost to
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Figure 5.8: Overhead vs WAN bandwidth consumption trade-o .

minimize depends on the optimization goals. For example, ifensuring the timeliness
result of a query is critical, the adaptation module should gve a higher weight for the
overhead cost. On the other hand, if the resource consumptioincurs high monetary
cost or the analyst is constrained by her resource budget, €hmay give a higher weight
on the resource consumption cost. In general, balancing thaveight between the two
cost factors may be desirable in most cases since it considethe bene ts between the
two optimization goals.

5.5.3 Shared Query Adaptation

In the following set of experiments, we evaluatéNakds adaptation policy in adapting an
execution that is shared by multiple queries. Speci cally, we observe howNakodecides
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Figure 5.9: Adapting/splitting shared execution over di er ent combination of state size.

whether to maintain the sharing property of a shared executbn or split the execution
based on the overhead and the additional resource consumjin trade-o between the
two adaptation decisions. Here, we considered two queriesQ1 and Q2 that partially

shared 2 out of 4 of their input stream sources. We xed the sie of the state maintained
by each task of the two queries to 0, 30, and 90 MB. We rst deplged the queries to
run for 5 minutes and then introduced network bottleneck by halving the outbound
network bandwidth used by the shared operators.

Figure 5.9(a) and Figure 5.9(b) show the overall execution élay and the network
bandwidth consumption rate of the two queries over dierent combinations of state
sizes. We observed that if the two executions were statelesse., adapting the shared
execution did not require migrating any intermediate processing state, Nakowould not
split the shared execution, as doing so would not a ect the ovehead cost but increased
the resource consumption cost from transmitting duplicatedata stream. In this exper-
iment, we can also see thaiNakodid not split the shared execution for the [0,0], [0,30],
[30,0], and [90,90] cases since the resource consumptiorstcof splitting the execution
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over-weighted the overhead cost. In the case of [90,90] sping the execution would
only bene t one of the queries but it would increase the overd resource consumption
cost from acquiring additional computing slot and increashg the network bandwidth
consumption for transmitting duplicate data streams for the two executions. On the
other hand, Nako split the shared execution for the other cases, resulting irapproxi-
mately 30% higher bandwidth consumption compared to the infial shared execution
(Figure 5.9(b)). However, Nakowas able to maintain the low query execution delay by
adapting only one of the queries that incurred the lower adapation overhead, without
disrupting the execution of the other query. For example, inthe case of [30, 90]Nako
split Q1 instead of Q2 as the former incurred lower overhead.

These results show that (1) there is an overhead vs. resoura@mnsumption trade-o
between maintaining and splitting a shared execution, (2)Nakds decision on whether to
maintain/split a shared execution depends on the overhead iderences among all of the
sharing queries, and (3)Nakois able to selectively determine which query to adapt when
splitting a shared execution that minimizes the overall adgtation overhead, resulting
in a lower overall query execution delay.

5.6 Related Work

Wide-area Streaming Analytics. Recent work has addressed the importance of
adaptability in wide-area streaming analytics. Heintz et al. [?] proposed a technigue
that considers the trade-o between accuracy and timelines in the context of windowed
grouped aggregation. Kumar et al. P] focus on delay vs. WAN consumption trade-o by
using a TTL-based approach for a windowed grouped aggregain. JetStream [?] allows
users to specify di erent degradation policies with a data-aibe model. AWStream [?]
relies on a pro ling technique to determine which degradaton policy to take to ensure a
certain degree of accuracy. Lastly, Jonathan et al. 7] propose an adaptation technique
that adapts the execution itself to maintain the accuracy/quality of the result. Although
they are related to this work, they have mainly focused on a sigle query adaptation.
In contrast, we focus on multiple query adaptation, speci cally in determining which
gueries that need to be adapted in the presence of bottlenesk Hence, their work is
orthogonal and complimentary to our work.
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Adaptability in Distributed Stream Processing Systems. There have been a
large body of work that address the importance of adaptabilfy in cluster-based stream
processing systems?, ?, ?, ?, ?, ?, ?]. However, they have focused on addressing com-
putational bottlenecks in a cluster-based distributed stream processing systems. These
technigues cannot be directly applied to handle dynamics ina wide-area environment
due to the highly heterogeneous and limited network bandwidh. Furthermore, they
have mainly focused on adapting a single query execution. Rently, Henge [?] was
proposed to address the problem of adapting streaming anatics queries in a multi-
tenant environment. However, they have focused on maintaiing the execution within
SLO threshold and left the SLO de nition to the analysts. In t his work, we show that
the system should also consider the overhead and resourcensmmption overhead when
adapting a query, which is critical in a resource-constraird environment.

Others have also looked at the importance of minimizing the daptability overhead.
Drizzle [?] reduces the synchronization overhead foBulk Synchronous Processingnodel.
Chi [?] relies on control mechanism to reduce the overhead of globaynchronization.
ChronoStream [?] partitions and distributes large states across multiple rodes to allow
fast recovery. DS2 ] predicts the scaling factor based on the expected processj rate
of each operator for data ow model. Although these technigles are related to our work,
they do not account for network constraints. In wide-area ewironment, the overhead of
migrating large states over WAN is signi cantly higher than the partitioning overhead,
and hence our techniques focus on minimizing this overhead.

5.7 Conclusion

In this chapter, we proposeNaka an adaptation technique for multi-query executions
in the context of wide-area streaming analytics. Nakocan selectively adapt only a small
number queries to resolve bottlenecks. It uses an adaptatio cost metric to determine

which queries to adapt, which is computed based on the overtael and the changes
in resource consumption of an adaptation. We have implememtd Nako by extending

WASP adaptation module. Experimental evaluation shows that Nako can identi es a

small set of queries to be adapted, resulting in 2.1 lower overall query execution delay
in handling bottlenecks compared to a technique that adaptsqueries independently.



Chapter 6

Future Research Directions

6.1 Machine Learning for Data Analytics Systems

Resource management, cluster scheduling, and query optimation in data analytics
systems are imperative to the overall resource utilizationand execution performance
of data analytics queries. The majority of these techniques however, often result in
various trade-o s. For example, most cluster scheduling tebnigques have been designed
focusing on their generality but may sacri ce the optimality of the outcomes. In the
context of geo-distributed data analytics, most job schedling and adaptation policies
often involve a trade-o between query execution time, the acuracy/quality of the
results, and the overall resource consumption. Improving e outcome of these policies
for a speci ¢ application or workload often requires various parameter tuning that may
be cumbersome in practice.

Recent attempts have proposed the idea of incorporating matne learning tech-
niques to improve the outcome of general-purpose techniqeefor speci c applications,
whether in the context of cluster scheduling P, ?, ?] or data management systems,
?, ?]. We believe that a similar approach should be considered igeo-distributed data
analytics systems. For example, to handle runtime dynamicsn the context of wide-area
streaming analytics, the adaptation module may rely on the hstorical workload pro le
and the resource-accuracy pro le of each query to further inprove the adaptation pol-
icy that is tailored for a speci ¢ query. Another, more specic application of applying
machine learning techniques to our work is to automaticallylearn the best adaptation
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method and adjusting the overhead-resource consumption &ade-o in computing the
adaptation cost. This can be applied on a per-query basis asi@rent queries may have
di erent characteristics, workload proles, and SLOs. Thus, incorporating machine
learning techniques to geo-distributed data analytics sytems can further improve the
overall query execution performance and system resource ilization.

6.2 Pushing Data Analytics Further to the Edge

The emergence of Internet of Things (IoT) applications in recent years has led to the
recent developments of Edge Computing comprising of smalldge devices located at the
edge of the network 2, ?, ?, ?, ?, ?]. In turn, this trend has resulted in recent attempts
for pushing data analytics further to the edge for localizedprocessing, whether to edge
machines/Cloudlets, mobile/loT devices, or a combination between them [, ?]. This
not only improves the timeliness of the result but also improses privacy. However,
deploying data analytics queries in such a dispersed envimment imposes additional
challenges due to the unique characteristics of the enviranents:

Heterogeneous computational resources. The available compute capacity
across edge devices is typically very limited. They typicdly consist of only a
handful number of processing units as opposed to hundreds dhousands of com-
puting machines in large cluster/data center environment [?, ?]. Furthermore, the
processing hardware across edge devices is even more hegemeous. For example,
some edge devices may not be equipped with GPUs that can sigoantly improve
the performance of image/video processing. Thus, deploympanalytics queries in a
dispersed edge environment should account for the availaliy and heterogeneity
of computational resources since they can signi cantly impact the overall query
execution performance.

Public Internet connectivity. The network connections between edge nodes
and public Cloud or other edge nodes typically use public Inernet that has even
more constrained bandwidth than the inter-data-center comectivity. Recent re-
ports from Akamai and Microsoft have shown that the public Internet connections
between edge nodes or private Clouds to public Clouds have aaverage of less
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than 10Mbps [?, ?]. Thus, deploying analytical jobs in this environment shoud
account for the strict network limitation.

Co-location between data analytics jobs and user-facing applications.

While analysts can typically provision a large number of resurces in large clusters
for their analytical jobs to run in isolation, this may not be feasible in a dispersed
edge environment due to the limited availability of the resaurces at the edge.
Furthermore, these resources are typically used by other ws-facing services that
directly interact with end-users. Thus, the system should teat the user-facing

services as arst class citizen and ensure that any analytical job does not disrupt
these services. Furthermore, the co-location of these apightions may introduce

additional dynamics as Internet workload and user-orient& services are highly
dynamic and unpredictable in practice.

In the future we plan to address the above challenges and coitler adapting our
multi-query optimization (Chapter 3) and adaptability tec hnigue (Chapter 4) to support
data analytics at the edge. Applying multi-query optimizat ion that merges common
executions between queries can be bene cial in such a resag-constrained environment
since it will reduce the overall resource requirements by m@oving any redundant data
processing and duplicate data transmission over low-bandigdth network links. However,
sharing common execution between queries should not violatany of the queries' SLOs
and it has to preserve the privacy of the data. Since most edgelusters/devices have
limited resources, any query execution running on such deges is prone to dynamics
such as workload variation. Yet, most edge analytics appliations are latency- and
accuracy-sensitive. Thus, it is critical for edge analytics systems to be adaptive in order
to preserve the timeliness and quality requirements of the pplications regardless of
dynamics.



Chapter 7

Conclusion

Recent years have seen an increasing amount of data that areegerated in a geo-
distributed fashion. These data vary from user-generatedrnformation (e.g., tweets and
photo/video uploads), sensor readings from loT applicatimms, and distributed log les
(e.g., transaction logs and CDN server logs from multiple ge-distributed servers). Col-
lectively analyzing these geo-distributed data is crucialfor many operational tasks.
Researchers from industries and academia have proposed assgm model, calledgeo-
distributed data analytics system to e ciently analyze geo-distributed data. It com-
prises multiple computing machines/nodes that are distributed across multiple sites
(data centers or edge clusters) and they are connected by wedarea network (WAN).
The main goal of such systems is to provide a low-latency pragssing while ensuring a
stable and reliable query execution.

Achieving a high-performance execution of various geo-digbuted data analytics
applications/queries is challenging for a few reasons. F#t, di erent applications may
have di erent processing models and optimization goals. In his case, the system should
be able to handle various types of applications while satisfing each application's re-
guirements. Secondly, wide-area resources, both compuiincapacities across sites and
wide-area network bandwidth, are scarce and highly heterogneous P, ?]. Thus, the sys-
tem should account for these limitations in optimizing and scheduling queries in order to
achieve high-performance query execution while ensuring @ent resource utilization.
Lastly, wide-area environment is highly dynamic [?]. This dynamism includes unpre-
dictable workload variation, network bandwidth uctuatio ns, occurrence of stragglers,
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and failures that are inevitable in large-scale distributed systems. Thus, geo-distributed
systems should gracefully handle these dynamics in order tensure a stable and reliable
guery execution.

This thesis addresses the above challenges faced by geotdligited data analytics
systems. We highlight our contributions as follows:

Firstly, we propose a resource management system, calleflwan that addresses
the problem of resource sharing between multiple data analycs frameworks in
a wide-area environment. The goal ofAwanis to elastically adapt the resource
allocation of each framework while allowing each frameworko schedule its jobs
with high locality. We propose a lease-based resource shag model and a vari-
ant of a delay scheduling technique that allow a framework deeduler to improve
its locality scheduling by providing the future availabili ty of computational re-
sources. Experimental evaluation using a real geo-distribted system deployment
shows that Awanoutperforms existing cluster-based resource sharing tectiqgues
by increasing the number of tasks that can be scheduled lodgl by up to 28%,
which improves the overall query execution time.

Secondly, we explore the bene ts of incorporating multi-query optimization in the
context of wide-area streaming analytics. Our goal is to e ciently utilize the
limited wide-area resources while ensuring high performare query execution. We
propose a network-aware multi-query optimization technique, calledSang that al-
lows queries to share their common executions and eliminatany redundant data
processing. Since most streaming analytics queries are Igfrunning, our pro-
posed technique optimizes multiple queries in aronline manner by allowing new
queries to share their executionsncrementally without disrupting existing query
executions. We further highlight the importance of WAN awareness in applying
multi-query optimization, both in planning and scheduling multiple queries. We
show that applying traditional multi-query optimization w ithout WAN awareness
may degrade the overall query execution performance. Expénental evaluation
using a real wide-area system deployment across geo-diditited EC2 data centers
shows that Sanaresults in 21% higher throughput while saving WAN bandwidth
utilization by 33% compared to a WAN-aware, sharing-agnosic system.
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Thirdly, we address the importance of adaptability in wide-area streaming analyt-
ics to handle various wide-area dynamics. Such dynamics itwde unpredictable
workload variations, network bandwidth uctuations, stra gglers, and failures. Our
goal is to maintain a stable, reliable, and low-latency quey execution while provid-
ing e cient resource utilization. We propose a WAN-aware adaptation framework,
WASPthat allows queries to handle bottlenecks without compronising quality.
WASRdapts queries through a combination of multiple technique: (1) Task re-
assignment: which re-assign the placement of operator inahces to avoid network
bandwidth limitation, (2) Operator scaling: which dynamic ally scales bottleneck
operators within a site and across sites to handle computatinal and network
bottleneck respectively, and (3) Query re-planning: whichfurther re-evaluates the
execution plan of a query. WASPan automatically determine which adaptation ac-
tion to take depending on the types of queries, dynamics, an@ptimization goals.
Experimental evaluation shows that WASKs able to handle wide-area dynamics
with low overhead and without sacri cing quality.

Finally, we extend the adaptation policy of WASto a multi-query environment

where multiple queries may compete for common resources. Wdemonstrate
that adapting each query independently without considering the deployment of
the other queries may lead to a sub-optimal adaptation whichresults in wasteful
resource consumption and/or degrade the overall executiorperformance of the
queries. We proposeNaka an adaptation module for multi-query executions in
the context of wide-area streaming analytics. Nakouses an adaptation cost metric
to determine which queries need to be adapted. The adaptatio cost is computed
based on the overhead and the resource consumption of adapti a query. Nako
can selectively adapt only a small humber queries to resolveommon execution
bottlenecks. Experimental evaluation shows thatNakds adaptation policy results
in a more e cient adaptation compared to an existing technique that adapts
queries independently.
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