See discussions, stats, and author profiles for this publication at: https://www.researchgate.net/publication/326562506

HaaS: Cloud-Based Real-Time Data Analytics with Heterogeneity-Aware

Scheduling

Conference Paper - July 2018

DOI: 10.1109/1CDCS.2018.00102

CITATIONS
14

7 authors, including:

Yao Chen
= National University of Singapore
70 PUBLICATIONS 1,254 CITATIONS

SEE PROFILE

All content following this page was uploaded by Tom Z. J. Fu on 06 May 2019.

The user has requested enhancement of the downloaded file.

READS

392

m TomZ. J.Fu
=
% Illinois at Singapore Pte Ltd, ADSC

57 PUBLICATIONS 1,708 CITATIONS

SEE PROFILE

ResearchGate


https://www.researchgate.net/publication/326562506_HaaS_Cloud-Based_Real-Time_Data_Analytics_with_Heterogeneity-Aware_Scheduling?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_2&_esc=publicationCoverPdf
https://www.researchgate.net/publication/326562506_HaaS_Cloud-Based_Real-Time_Data_Analytics_with_Heterogeneity-Aware_Scheduling?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_3&_esc=publicationCoverPdf
https://www.researchgate.net/?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_1&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Yao-Chen-10?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Yao-Chen-10?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/institution/National-University-of-Singapore?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_6&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Yao-Chen-10?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Tom-Z-J-Fu?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_4&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Tom-Z-J-Fu?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_5&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Tom-Z-J-Fu?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_7&_esc=publicationCoverPdf
https://www.researchgate.net/profile/Tom-Z-J-Fu?enrichId=rgreq-cacf111763c9d11eed0085905e803579-XXX&enrichSource=Y292ZXJQYWdlOzMyNjU2MjUwNjtBUzo3NTUzOTI1MzE0MTA5NDRAMTU1NzExMTAyMjEwMA%3D%3D&el=1_x_10&_esc=publicationCoverPdf

2018 IEEE 38th International Conference on Distributed Computing Systems

Haa$S: Cloud-based Real-time Data Analytics with
Heterogeneity-aware Scheduling

Jiong He*, Yao Chen*, Tom Z. J. Fu*, Xin Longi, Marianne Winslett!, Liang You?, Zhenjie Zhang*
*Advanced Digital Sciences Center
TUniversity of Illinois at Urbana-Champaign
tAlibaba Group

Abstract—Real-time data analytics has become increasingly
important in modern times as many organizations and companies
are generating and analyzing high volume of data constantly.
Despite of the impressive technical development, it remains
a challenging job to analyze the stream data effectively and
efficiently because traditional hardware and software lack specific
designs and optimizations for those emerging requirements. In
this paper, we discuss our experience on real-time data analytics,
with our in-house processing framework HaaS. HaaS$ is designed
to exploit existing data analytics tools and libraries as well as
distributed computing technologies to embrace heterogeneous
computation resources in the cloud. HaaS utilizes hierarchical
clustering to partition physical topology of clusters weighted with
task topology information into densely connected sub-graphs.
HaaS$ is also equipped with a heterogeneity-aware scheduling
algorithm to facilitate holistic optimization over multiple running
tasks with various service level agreements. To the best of our
knowledge, HaasS is the first ever streaming analytical framework
providing users with flexible and optimized usage with CPUs,
GPUs and FPGAs in the cloud. Users with stream processing
tasks can easily enjoy remarkable advantages of CPUs, GPUs and
FPGAs in throughput, power consumption and monetary cost
over others. In our empirical evaluations with highly diversified
workloads, HaaS saves over 18% on power consumption and
24% on monetary cost over existing system design architecture,
while the overall throughput of HaaS remains no lower than 90 %
of the theoretical limit.

Keywords-real-time data analytics, large-scale systems, hetero-
geneous computing, workload scheduling

I. INTRODUCTION

Driven by the explosively growing data and computation
power, real-time data analytics has become a hot topic in both
academia and industry. e.g., in Alibaba, hundreds of diversified
real-time analytical jobs are running at the same time on the
cloud platform. Taobao, known as the largest e-commerce
web site in the world, continues processing and analyzing
users’ product browsing behaviors, in order to provide accu-
rate, customized and timely recommendations. Hundreds of
thousand surveillance cameras are pushing fresh video feeds
to Alibaba’s cloud for real-time vehicle recognition, supporting
traffic congestion evaluation and prediction. Information from
all management departments and infrastructure of big cities,
currently Hangzhou and Kuala Lumpur, are endlessly flowing
to our cloud to facilitate fast response to emergent events, e.g.,
terrorist attack and flooding. While existing stream processing
frameworks provide preliminary supports to these applications,

new technical requirements are now rising from both system

and business perspectives. The following is the summary of

our observations on these new requirements.

Firstly, the scale of the data stream and analytical workload
is growing so fast that the cost of data storage and processing
is quickly becoming unaffordable, especially to small com-
panies and organizations on the long tail. It has never been
so important to reduce or contain the operational cost of
streaming applications when running in cloud under pay-as-
you-go pricing scheme.

Secondly, the increasing complexity of analytical tasks
raises more request on better extensibility with domain-
specific algorithms and knowledge, e.g., professional image
processing software and state-of-the-art deep learning frame-
work. The distributed stream analytical engine is supposed to
host these analytical modules from their-party or in diverse
programming language. Because of the heterogeneous nature
of these modules, traditional scheduling algorithms for stream
engine may not be able to fulfill the resource optimization
target when the codes and binaries are indirectly executed or
invoked.

Thirdly, even the user requirements are becoming more
and more diverse. Instead of maximizing the throughput, the
users may eagerly look for energy saving or monetary cost
reduction. The problem gets even more complex when het-
erogeneous computation resource is introduced into the cloud.
Such new hardware shows completely different characteristics
when handling various workloads. With the wide adoption
of Graphics Processing Unit (GPU) and Field programmable
Gate Array (FPGA) instances in the cloud, streaming an-
alytical system is expected to capture their characteristics
and enhance the resource utilization rate based on users’
customized objectives.

As a response to these challenges, we redesign existing
real-time data analytics systems for modern analytical work-
load, i.e., scalable real-time analysis applications with flexible
objective and complex processing logic over heterogeneous
computation resources. Specifically, the contributions of the
paper are summarized as follows.

e We propose a framework HaaS aiming at real-time data
analytics by encompassing a collection of existing algo-
rithms and primitive operations. Specifically, we provide
an interface for a wide spectrum of data analytics tools,
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covering popular neural network, computer vision and linear
algebra libraries implemented in native languages. Imple-
mented on top of Apache Storm, HaaS provides desirable
functionalities, including fault-tolerance and at-least-once
guarantee.

« We generally integrate CPUs, GPUs and FPGAs resources
for programmers to easily customize their own objectives
(performance, power consumption and monetary cost). To
the best of our knowledge, HaaS is the first ever system
providing user-friendly accesses to various processors and
accelerators for real-time data analytics in the cloud.

e Our system adapts hierarchical clustering to identify the
optimal mappings between tasks and physical hardware
resources. A new heterogeneity-aware scheduling algorithm
is designed to achieve holistic optimizations for multiple
simultaneous tasks.

II. BACKGROUND AND MOTIVATION

We implement HaaS on top of Apache Storm [1] to
enable support for heterogeneous resource integration and
heterogeneity-aware workload scheduling. Before describing
the implementation details of HaaS, we firstly introduce related
background knowledge.

A. Real-time Data Analytics

There are extensive applications that operate on contin-
uous input data streams such as online shopping stores,
video surveillance, sensor networks and geological monitoring.
These applications process data input in diverse formats such
as texts, audios, images and videos which are either well-
structured or unstructured. A plethora of scalable distributed
streaming processing systems have been proposed such as
Apache Storm [1], S4 [2], Samza [3], MillWheel [4], Photon
[5] and Flink [6]. Streaming applications are usually required
to deliver results in real-time so that users can obtain up-to-
date insights from high volume of data instantly. A typical
streaming application can be abstracted as Fig. 1.

Application DAG Results
Twle,” A" T T T AN T T T /S S T
Data 4 Bolt A G}T&D\ AY |
Source =N

! )

Source

/U}
I

; i
1 I
| I
1

Data <!

——t—>((Spout B ) —nousy > |

Source N 71 > =
~

___________________ ’ ~Sm==

Fig. 1. Structure of typical streaming applications.

As shown in Fig. 1, incoming data from various data sources
are input into applications which are abstracted as Directed
Acyclic Graphs (DAGs) in streaming processing systems. Each
vertex represents an operator with user-defined processing
logic. Data is wrapped as fuples and intermediate tuples will
flow to downstream operators for further processing. Results
are continuously produced/updated. A typical use case is the
recommendation system used in online shopping stores that

needs to make quick recommendations to a large number of
customer activities based on prediction model which will be
constantly tuned with new customer activities at the same
time. As shown from such application scenario, real-time
streaming system needs to satisfy the following fundamental
requirements [1].

« Scalability. Workloads change dynamically so that the sys-
tem needs to adapt to varying workloads to maintain stable
performance.

« Resilience. Distributed clusters consist of many commodity
hardware nodes, resulting in non-negligible hardware fail-
ures. Such failures should not affect the running workloads
significantly.

o Low latency. As the target application scenarios always
require quick responses from the system and such responses
should be made instantly upon arrival of incoming activities,
low latency is one of the most important features for real-
time data analytics systems.

Besides, with the growing data diversity and computing
complexity, real-time data analytics always requires integration
of domain-specific algorithms and primitives to deliver the
final results in a collaborative manner. For instance, neural
network (NN), or more commonly adopted as Convolution
Neural Network (CNN), have become the main solutions to
learn patterns from massive unstructured data such as images,
audios and video automatically. Thus, it has been adopted
in many applications such as object classification, detection
and movement tracking. Mainstream cloud vendors such as
Alibaba ECS [7] have also provided instances equipped with
deep learning frameworks.

B. Heterogeneous Cloud

Heterogeneous cloud [8] has replaced the traditional homo-
geneous cloud mostly due to the diversified user requirements
on performance, power consumption and monetary overhead.
For certain applications, heterogeneous processing is likely
to improve by an order of magnitude or even more on
those performance metrics. Currently, popular processors and
accelerators in the cloud include multi-core CPUs, general-
purpose GPUs (GPGPUs) and FPGAs. These processors and
accelerators show different advantages over others in these
metrics.

Architecturally, the CPU processor is composed of few
computing units but a lot of control units and hierarchical
cache memory. Thus, it is efficient in processing instructions
with conditional judgments and execution branches. On the
contrary, the GPU accelerator consists of hundreds or even
thousands of light-weight processing cores (streaming proces-
sors) and much simpler memory hierarchy. Thus, thousands
of threads can be launched concurrently and the performance
can outperform the counterpart implementation on the CPU
by tens or even hundreds of times. The FPGA is a bulk of
reconfigurable digital units that can be customized by users.
Compared to CPUs and GPUs, the FPGA shows better en-
ergy efficiency and flexibility for different applications. Thus,
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with dedicated optimizations, FPGA can even outperform the
CPU/GPU on suitable applications.

As each of them shows advantages over others in certain
performance metric(s), cloud vendors provide instances for
each of them so that users can tailor the cluster configurations
according to the workloads. To fulfill the vision and exploit
the power of heterogeneous computing, we must solve a series
of technical problems. In the following, we outline these
challenges and our corresponding solutions, in order to justify
our system design introduced in Section III.

« Firstly, it is difficult to integrate heterogeneous accelerators
into systems and provide a unified user-friendly interface for
users without sacrificing performance as being used in native
ways. The insufficiency of tools and libraries on FPGAs
aggravates this issue. We adopt a generic bridging approach
[9] to build a native access layer (“NAL” in Subsection
III-A) so that any native analytics tools and libraries are
accessible in high-level languages (e.g., Java) to ease the
adoption in larger programmer communities.

« Secondly, unpredictable dynamics in both workloads and
hardware make it difficult to configure the hardware and
schedule workloads optimally in a static manner. The
requirement of supporting multiple concurrently running
tasks makes it even more challenging. We implement a
hierarchical clustering algorithm (Subsection III-C) based on
weighted matrices (Subsection III-B) generated and updated
at runtime so that new optimal scheduling plans can be
obtained upon dynamics.

o Thirdly, users may have different performance requirements
in cloud environments. The demand for multiple tasks makes
it more difficult to achieve holistic optimum. To resolve
it, we propose different scheduling algorithms (Subsection
III-D) to achieve that objective.

III. SYSTEM DESIGN
A. System Overview

Fig. 2 shows the architectural design of HaaS. The main
functional components (FCs) of HaaS include topology recom-
poser (TR), topology-aware optimizer (TAO), heterogeneity-
aware scheduler (HAS) and native access layer (NAL). TAO
contains Metrics Manager (MM) that manages performance
metrics placed in Metrics Store which maintains the latest
metrics and derived weighted matrices. TAO also implements
a group of operators (registrar and updater) to manipulate these
data structures.

Topology Recomposer (TR). Topology recomposer receives
user-defined topologies as the input. TR will insert necessary
functional components that assist in collecting runtime perfor-
mance statistics for scheduling and optimizations. Specifically,
TR will make the following transformations to the original task
topology and its environment configurations.

o Adding metrics. This utility function performs two tasks:
define (built-in and customized) metrics of interest as well
as register metric consumer bolt. All instances of each
transformed topology will periodically send back registered
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Fig. 2. System overview of HaaS.

metrics to the consumer bolt automatically. We set a global
metrics store for the consumer bolt to store those metrics.

o Tagging nodes. Tagging is used to identify different re-
sources in the cloud. Specifically, tagging utility function
adds tags to both physical nodes (supervisors) and logical
topology components (Storm spouts and bolts) to identify
the type of processors so that the default routing mechanism
of Storm can be replaced by optimized scheduling algo-
rithms based on the tagging results.

Topology-aware Optimizer (TAO). Topology-aware opti-
mizer monitors the hardware configurations and provides nec-
essary information to topology recomposer and heterogeneity-
aware scheduler. Specifically, the metrics registrar initializes
different metrics. The updater periodically updates the per-
formance matrices according to the latest metrics information.
TAO implements the hierarchical clustering based on the latest
weighted matrix. Besides, users can input their performance
requirements as a Service Level Agreement (SLA) by a vector
SLA(py,p1,p2) where p; = 1 indicates that this topology
should be optimized towards throughput, power consumption
or monetary cost, respectively.

Metrics Manager (MM). Metrics manager is a class that
implements various customized metric definitions and keep
performance weighted matrices up-to-date for TAO and HAS
to produce the optimal mappings and scheduling plans. The
performance weighted matrices will be introduced in Subsec-
tion III-B later in details, and these matrices depend on basic
metrics which fall in two categories: hardware-related and
task-related. For hardware-related metrics such as communi-
cation speed among physical nodes, MM adopts a tentative de-
tection approach [10] tailored for heterogeneous environment.
For task-related metrics, MM supports the following items.

o Count of incoming tuples (CIT). This metric is registered
in each component to calculate the effective throughput
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of topologies in case where “reduction” operations are
performed such as word counting.

Average processing delay (APD). The average processing
delay metric is specific to those bolts performing actual
processing logic. It records the average time between when
execute is called on one tuple until the tuple is acked or
failed. The “ack” mechanism adopts a very light-weight
implementation with a 64-bit value to track the status of
each tuple emitted from spouts. It is acked only when all
relevant bolts complete operations within a specific timeout
on the tuple tree produced from that tuple (i.e., anchoring
tuples). Otherwise, fail method is triggered.

e Other metrics. Other built-in metrics are also accessible

from Storm’s native interfaces. III-B.

Heterogeneity-aware Scheduler (HAS). Heterogeneity-aware
scheduler is the core component that schedules workloads
(at both tuple level and task level) to optimal locations.
It implements three scheduling algorithms as introduced in
section III-D.

Native Access Layer (NAL). HaaS is built on top of Storm
with access to many existing data analytics tools and libraries
so that users can easily call those functions as like in native
languages. Native access layer provides a generic and similar
programming interface as of Java and Storm so that tradi-
tional programmers can easily use HaaS. To add new native
libraries, users just need to expose the native interfaces to
NAL via Java Native Interface (JNI) or Java Native Access
(JNA). We have also implemented a native library repository
by integrating existing implementations [11] such as Caffe,
CUDA, OpenCV, MKL and utility functions like optical flow
extractions. Specially, as there is a great gap between general-
purpose data analytics libraries and their FPGA counterpart
implementations due to FPGAs’ unique hardware designs
procedure, we experiment with an existing neural networks
framework implementated on FPGAs [12] that supports deep
learning frameworks like Caffe and MXNet. Enriching the
FPGA libraries with common analytics tools is ongoing work.

B. Topology-aware Optimization

To fully utilize the power of heterogeneous clusters,
scheduling tasks according to the characteristics of task and
hardware topologies is an important factor. Existing studies
[13]-[16] mainly focus on tree-based networks and algorithms.
However, such designs cannot be applied in our system.
Firstly, streaming applications are not organized in tree-based
structures resulting in that they cannot be mapped to tree-
based network. Secondly, existing work requires to know
the connection topology of underlying hardware. However,
current cloud infrastructure hides such information from users
with resource virtualization. These studies neither consider the
heterogeneity in clouds nor the workloads. Besides, in cloud
environment, multiple tasks can be concurrently running and
users may define different objectives except throughput only.
Thus, novel designs should be introduced to resolve these
issues.

Inspired by [10], [17], [18], we construct five adjacency
matrices derived from basic metrics to model the “cost”
between nodes in terms of throughput, energy and monetary
efficiency. These matrices can be used to represent the graphs
of logical and physical topologies. However, our designs still
differ from existing work greatly in the following aspects.

« First, we enhance the data structures and clustering algo-
rithms to support different performance metrics including
throughput, energy and monetary efficiency.

o Second, we propose multiple scheduling algorithm to sup-
port multiple users and multiple topologies with different
requirements in terms of throughput, energy and monetary
efficiency. Simple greedy algorithm would deteriorate the
overall performance in cloud environments.

e Third, our data structures and scheduling algorithms are
adapted to streaming and cloud environment. Therefore, it
is able to capture the dynamics in both logical and physical
topologies as well as changes in users’ requirements.

Among these matrices, physical data communication matrix
(PM), each element of which represents the fixed communi-
cation overhead between two nodes of physical topologies,
and logical data transfer matrix (LM), which captures the data
transfer sizes between two nodes of logical topologies, are
combined for throughput-oriented optimization.

« Physical data transfer speed matrix (PM). Given a cluster
in the cloud consisting of a group of virtual machine nodes
N; where ¢ € {1,2,...,n} and n is the cardinality of
cluster, we construct an adjacency matrix PM to record
the effective data transfer speed. To achieve that, we break
the overhead into two parts, fixed network latency and
bandwidth [10]. Each element «y;; represents the effective
data transfer speed from physical node i to j, and the
value can be obtained from the tentative detection approach
[10]. The derived matrix shown as follows can be further
used in performance-oriented matrices as well as clustering
algorithms.

N, N, ... N,
N, 0 Qgp ... Qgan
N, « 0 ... «
pM=. | o
Nn Qpg  OQpp ... 0

o Logical data transfer matrix (LM). Similarly, LM is a
matrix that tracks the actual data transfer size between
any two components in task topology 7 (Eq. 1) with the
number of tuples (#tuple) and tuple size (ts). This matrix
is constructed dynamically at runtime according to different
workloads. To have a swift response to the latest changes
in data transfer amount, LM only accumulates tuples trans-
ferred during the past AT time. ||LM]|| is the total size of
tuples flowing through this task topology during AT.

_ #tuple x ts

Bii = A7 1)
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o Throughput and energy/monetary efficiency matrix
(TM/EEM/MEM). To calculate the throughput-oriented
matrix, we need to combine the costs of data transfer and
execution together for each topology, the latter of which can
be obtained directly from metrics in MM. Thus, the value
of each element (¢;;) in TM can be calculated as Eq. 2.

SIVEET OIT,
+ ST (CITy % APDy)

tij = Tz
aij

(@)

For EEM and MEM, we assume a constant power for
physical nodes and this assumption holds for streaming
processing as streaming applications usually run for a long
time and the workload on each node will not change
dramatically. Besides, most cloud vendors apply time-based
pricing schemes as shown in Table I. We assume that the
instance price reflects the monetary cost including both
hardware purchase as well as other associated cost such as
electricity.

TABLE I
HARDWARE SPECIFICATIONS OF EC2 INSTANCES.
Instance | Peak power | Price
Instance types | vCPU (type) (Watts% ($/hour)
m4.xlarge 4 CPU 145 0.2
p2.xlarge 4 GPU 300 0.9
f1.2xlarge 8 FPGA 45% 1.65

It is the upper boundary based on FPGA architectural designs.

Based on these assumptions, we further derive the en-
ergy and monetary efficiency matrices so that clustering
can partition the derived graphs into different sub-graphs
to achieve energy-/monetary-oriented optimization objec-
tives. For EEM and MEM, we consider each element as
the weight of edge connecting two arbitrary nodes rep-
resenting the energy and monetary efficiency for unit of
workload of topology 7. To unify the unit of measures
across processors and accelerators, we use the ¢F and ¢
(P € {CPU,GPU,FPGA}) as the conversion factors
for energy and monetary efficiency comparisons among
different processors, respectively. Similar with existing work
[19], [20], the conversion factors are calculated based on
the theoretical peak GFLOPS for fair comparison among
different processors [21]. It is noteworthy that the perfor-
mance counters calculated based on conversion factors may
not produce accurate values. However, the clustering and
scheduling algorithms are insensitive to moderately deviated
values. Specifically, each element of EEM and MEM can be
calculated as Eq. 3. p; and ¢; stand for the power and price
of the instance at physical node j.

0
Yij = d)%g X tij

& 3)
aij = (ﬁip X tj,j

We notice that both +;; and 6;; are weighted by the
throughput metric which will be constantly updated in AT
time interval to keep track of dynamics in workloads and
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hardware as the energy and monetary efficiency depends not
only on the underlying hardware characteristics, but also
the elapsed time (longer execution time results in higher
energy consumption and monetary cost) under the previous
assumptions of constant power and pricing.

C. Heterogeneity-aware Multi-objective Clustering

The performance matrices can be converted to weighted
undirected acyclic graphs. We denote it as (G, W) where
G = (V,E) and W : w — IR (IR denotes non-negative
real number set). V' = (vg, vy, ..., vy ) represents the set of all
N vertices and E = {e;; | v; € V,v; € V} contains edges
connecting two nodes v; and v;. A sub-graph G7 is defined as
a subset of V' (i.e., V;) with associate edges connecting vertices
within the subset (V; C V). Obviously, we can easily derive
the following equations (Eq. 4 to Eq. 6). Eq. 4 is the total
weights of all edges connected to vertex v;. Eq. 5 calculates
the total weights of sub-graph G} and Eq. 6 represents the
total weights of edges connecting vertices in G} and vertices
in G}.

6(1)1) = ZU v wji (4)
WG =3 _ o) )
cut(G7,G7) = Zv;evuu.evx Wi (6)

Modularity [22] is widely adopted to measure the closeness
among all vertices of a “community” in a graph. Good
modularity indicates that vertices within “communities” should
be more densely connected (higher weights or degrees), and
loosely connected with nodes in any other “communities”. We
adopt the similar modularity definition [23] and adapt it for
the weighted graphs. For a division (G§, G7, ..., G —1%), we
define k x k matrix e where e;; = cut(G},G})/W(G) is the
fraction of total weight of edges, each of which connects one
vertex in G} and the other one in G7. Tr(e) is trace of matrix
e that represents the fraction of total weight of edges, each of
which connects two vertices in the same community, to the

k

>~ e;; as the
Jj=0

sum of each row in e representing the fraction of total weight
of edges that connect vertices of Gf and those in other sub-
graphs to the total weight in graph G. Thus, the modularity
of weighted graph can be defined as shown in Eq. 7, where
[le?|| is the sum of all elements in matrix €.

total weights of G. Similarly, we define a;

End
[

QG GL, -, Gry) = —aj) =Tr(e) —[le*|| (D)

i

(61:1:

Il
o

In Eq. 7, T'r(e) is the fraction of weights of edges con-
necting vertices in the same communities, and ||e?|| is the
expected value as the first part in a null model [22], which is
defined as a random graph with the same number of nodes,
the same number of edges and the same degree distribution as



in the original graph, but links among vertices are randomly
distributed. To guide the clustering process, we need to further
calculate the modularity change after merging two commu-
nities. We treat single vertex as singleton community before
it has been assigned to any “communities”. Thus, we define
AQ(Gr,,, < Gr,,G7) to denote the difference of modularity
of divisions before and after merging G}, and G7;. It is used
as the judgment condition to determine whether clustering
process should proceed to terminate upon optimum has been
achieved.

Though modularity can be used to determine the quality
of clustering results, it is necessary to define distance to
indicate the clustering priority between two pairs of “com-
munities”. Generally, single linkage, complete linkage and
average linkage are adopted as distance in hierarchical clus-
tering. However, single linkage and complete linkage suffer
from chaining or crowding problems. Thus, we adopt average
weighted linkage (Eq. 8) as this calculation will not impose
significant overhead to system.

ZU;;G%*,?)j ev* wij CUt(G,’;, G;)

PO = wian < Wiy ~ wian < wia) @

Based on the distance definition, we explore the distance
space among all vertices given a graph and at each iteration,
each sub-graph will be merged with the one that is closest to
it (Algorithm 1). The result is a dendrogram tree as shown in
Fig. 3.

Algorithm 1 Dendrogram tree generation algorithm.
Input: M = {TM, EEM & MEM}
Output: Dendrogram trees DGTyy, for M; € M

1. G < {G},Gy,....,GN_,} where N = |M;]

22 L=0

3 DGT; = (Vo,Va,...,VN_1)

4: while true do

5. fori=0to [DGT{;|—1do

6 ider=1i+1

7: for j =i+1to |[DGT}; | do

8 if D(G},G7) < D(G},G7y,) then

9 ide =7

10: Pair G}, with G and mark it incomparable

1: L=L+1

12:  Merge vertices of paired sub-graphs and assign them to
DGT]\LL,

13:  if All vertices are in one tree node then
14: break
15: return DGTyy,, L

For each performance matrices, we can obtain their dendro-
gram trees (Fig. 3) based on Algorithm 1. At the bottom level
lp, each vertex composes a singleton community. At upper
levels, these sub-graphs will be merged to other sub-graphs
according to the distance (Eq. 8).

Based on the generated dendrogram tree by Algorithm 1,
we can iterate over the tree and obtain different clustering

C((Vo V1,V V3 Va))

1 C((V01V1):(Vzrv3,v4))

Cl(vova) (v2V3),(vy))

Cl(vo) (v1),(vo),(v3),(va))

R ) ® ® ® ®
Vo v vy V3 Vy

Fig. 3. Dendrogram structure for each performance matrix.

results flexibly [17]. The algorithm determines whether current
clustering result will increase or decrease the modularity of
the whole graph (according to AQ) from bottom up. Once the
modularity reaches maximum, clustering process is terminated
and the results at level [ are output.

D. Multi-topology Coordinated Scheduling

With the clustering methods introduced in Section III-B,
the physical topologies can be combined with task topolo-
gies and clustered into a group of sub-graphs according to
user performance requirements. Given an objective such as
throughput-oriented optimization, sub-graphs can be sorted
from the most throughput-optimal to the least throughput-
optimal according to the sorted total weights of sub-graphs
of TM. For example, given an physical topology 7, the
corresponding combined topologies for two logical topologies
are 74 and 7, respectively. The physical nodes fall into two
different partitions for two topologies, one is ((Ng, N1), (N2),
(N3, Ny)), the other one is ((Ng), (N1, Na), (N3, Ny)). Each
of them consists of three sub-graphs. The clustering can be
towards any performance metrics. We propose three different
scheduling schemes (Fig. 4) to map task topologies to the
physical resources.

« Round-robin (RR). With round-robin scheduling, HaaS
ignores the heterogeneity of underlying hardware as well
as the logical topologies. Instead, it schedules tasks in a
round-robin manner to all available physical nodes evenly.
We omit it in Fig. 4 due to space constraint.

o Greedy. In greedy scheduling scheme, early coming topolo-
gies would be scheduled to the physical sub-clusters from
the most suitable to the least suitable sub-clusters in de-
scending order.

e Multi-Opt. Greedy works well in cases where only few
topologies are running concurrently without intense re-
source race condition. However, with increasing number of
users submitting topologies to the cloud, support for multi-
topology-oriented optimizations becomes crucial in improv-
ing quality of service. To that end, we further propose a
multi-topology optimized (denoted as “Multi-Opt”) schedul-
ing approach. In this approach, we define “crowdedness”
(Eq. 9) to describe the hardware resource utilization within
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each sub-graph.
V(G = D (ex T(QAy))

v; €V
Q(v;) € {CPU,GPU,FPGA}  (9)
s.it.{ Y(GPU) = T(FPGA) = 1
Y(CPU) = #vCPU

Here € is a regulating factor for fair comparison among
processors and accelerators. Its value is associated with the
resource type as well as its conversion factors. Note that
vC'PU should be equal to the number of supported con-
currently running threads in multi-threading CPUs instead
of the number of cores. For GPUs and FPGAs, though the
device can be shared by multiple tasks with complicated
designs, we treat them as indivisible because this will add
unpredictable performance downgradation and unaffordable
design complexity. Thus, GPUs and FPGAs can be only
exclusively occupied by any one instance.

No N, N,
Greedy
SES Ol mi=
Ta 4 N, N,
K’
AN
L6 JAN=N=N=
T, * No Ny N,
L] Multi-Opt
T, ((Ng, Ny, (N, (N3, Ny)) : E
Ta: ((N), (N5, N,), (N3, N,)) Ny N,

Fig. 4. Different scheduling schemes (greedy and multi-topology optimized).

To avoid the crowdedness being excessively high in some
sub-graphs but low in the remaining ones, we set a fixed
threshold value k € {0, 1} to control the maximum percentage
of hardware resources that can be occupied by instances from
each topology. It is noteworthy that fully covered color in each
sub-graph in Fig. 4 does not indicate that no more instances
can not be scheduled to that sub-graph. In fact, any number
of instances can be launched on any sub-clusters but not all
of them can be simultaneously executed. Thus, the hardware
utilization will not be further improved after exceeding the
limit.

IV. EXPERIMENTAL EVALUATIONS

In this section, we perform extensive experimental evalua-
tions to analyze the efficiency and effectiveness of HaaS.

A. System Configurations

Experiments are conducted on a commercial cloud plat-
form that supports CPU, GPU and FPGA instances. HaaS
is built on top of Apache Storm v1.0.3. Table I lists three
instance types and their hardware specifications used in our
experiments. Unless otherwise stated, HaaS is evaluated on
a 32-node cluster (denoted as ‘“‘default”) consisting of 16

CPU instances (m4.xlarge), 8 GPU instances (p2.xlarge) and
8 FPGA instances (fl.2xlarge). Each CPU instance includes
one Intel Xeon E5-2676 v3 (Haswell) processor at 2.4 GHz
and 16GB RAM. Each GPU instance consists one NVIDIA
GRID GPU with 4GB device memory. For FPGA instances,
the maximum memory capacity can be configured up to 8GB
with FPGA and 16 GB corresponding to CPU. To simplify
the deployment of HaaS, we export an HaaS-based instance
image so that it can be easily re-deployed on any compatible
new instances.

We build a benchmark with existing and hand-crafted ap-
plications. The hand-crafted applications are abstracted from
more complex real-world use cases. Thus, it can be treated as
a group of primitive operations to provide primitive functions
in various domains including neural network (NN), computer
vision (CV), text/log processing and bioinformatics. Specifi-
cally, it consists of the following applications.

« Real-time object classification (OC). Real-time classifica-
tion tasks are important in security surveillance and traffic
monitoring at a large scale [24]. Cloud-based real-time video
analytics provides intelligence for users benefiting from high
volume storage and computing capability. We implement
a Caffe-based real-time object classification on the cloud
with pre-trained models. OC can be scheduled arbitrarily for
execution on any instances including FPGAs. For simplicity,
we feed OC topology on the cloud with prepared video
frames at controlled feeding frequency.

o Optical flow based vehicle tracking (OF). Optical flow
algorithms track the movements of pixels of interest among
consecutive frames. Typical optical flow algorithms include
1) sparse feature based Lucas-Kanade optical flow algo-
rithm by detecting “corners” with Shi-Tomasi algorithm,
and 2) dense optical flow implementation based on Gunner
Farneback’s algorithm. Note that for the sparse optical flow,
the computation overhead may vary dramatically between
frames as the number of “corners” may change significantly
with time. We adopt the first algorithm to introduce com-
putation turbulence among frames into workloads.

o Stateful Word Count (WC). The stateful word-count cal-
culates the frequency of each arriving words. It is a chain-
based topology that consists of a sentence splitter and a word
counter components, the former of which parses sentences
into separate words and the latter accumulates the number
of occurrences for each word starting from the beginning.
We use words from a subset of compositions of William
Shakespeare [25] with more than 500,000 words in total.

o Spike Sorting (SS). We integrate linear algebra libraries
such as Intel MKL and OpenBLAS due to the importance
of basic algebraic operations in many domains such as
bioinformatics. According to a real-time spike sorting im-
plementation [26], we ignore the domain-specific knowledge
and only extract the core workflow that involves matrix
manipulations. SS contains a spout receiving raw data, a
bolt producing an original matrix and two bolts performing
Double-precision General Matrix Multiply (DGEMM) and
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Singular Value Decomposition (SVD), respectively. The
results will be post-processed by a sink bolt and output to
the downstream (we omit those downstream operations in
SS). Without losing generality, we apply SS on a 10-second
hybrid data set with about 12MB size iteratively.

B. Performance Comparisons between Processors

Firstly, we evaluate each individual application on three
homogeneous clusters with 16 CPUs, 8 GPUs and 8 FPGA:s,
respectively. So far only OC can be arbitrarily scheduled to
all types of instances. For fair comparison, we normalize the
values of throughput on different processors with different
cluster configurations as 7' (Eq. 10). Furthermore, for each
application, we choose the CPU-cluster as the baseline config-
uration and present the relative speedups of GPU- and FPGA-
cluster over it.

NieT
po 2k Ol (10)
time x #nodes

The results are calculated from a 10-minute period (time =
10man). As seen in Fig. 5, with default round-robin schedul-
ing, the throughput of all four task topologies on the GPU
and FPGA instances can always outperform the CPU baseline
by an order of magnitude (up to 35.4 times on the GPU
and 31.3 times on the FPGA) except WC (3.1 times) as for
inference and numerical computations, the abundant data-level
parallelism fully exploits the architectural strengths of GPUs
and FPGAs. As word count consists of buffering operations
and a lot of condition judgments in parsing sentences, the
Single Program Multiple Data (SPMD) execution pattern of
GPUs can not be fully exploited. Compared to GPUs, CPUs
demonstrate good performance in processing complex logical
judgments (branching instruction paths). Thus, they can exe-
cute WC comparably to GPUs.

For energy efficiency, FPGAs show dominant advantage
over CPUs for the unique device characteristics. GPUs can
still outperform the CPU counterparts in OC, OF and SS.
However, it is only 1.4 times higher than the CPU in WC.
For monetary efficiency, it is even lower on GPU than on
CPU for WC (0.89 times). For OC, the advantage of FPGAs
over CPUs dramatically downgrades to 2.7 times in monetary
efficiency. Thus, though the performance and energy efficiency
of CPUs are lower than those of GPUs and FPGA:s, it is still
affordable to obtain great computing capability by deploying
a larger-scale CPU cluster. On the one hand, purchasing
and configuring CPU instances are much easier than other
instances. On the other hand, it is lacking in techniques
that can efficiently virtualize and manage those emerging
accelerators, raising the cost to deploy them in the cloud. The
GPUs and FPGAs can provide multi-dimensional tuning knobs
as they show advantages in performance and energy efficiency,
respectively.

C. Performance Comparisons between Scheduling Schemes

We have proposed three scheduling algorithms, “RR” (de-
fault), “Greedy” and “Multi-Opt”. We apply each of them to
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Fig. 5. Performance comparisons of different types of processors in homoge-
neous environment. The scheduling algorithm adopts the default round-robin.

the default cluster configuration and show the performance
in throughput (omitted), power consumption and monetary
cost, respectively. It is noteworthy that the power consumption
and monetary cost are performance counters for the entire
workload set instead of individual topology. As the throughput
counter can be only applied to each individual topology, we
omit it in this paper due to space limit.

For simplicity, we set the RR as the baseline and present
the relative ratios of three performance values to those of RR
instead of absolute performance. Besides, as HaaS is designed
for cloud environment with multiple users and task topologies,
we vary the number of concurrently running topologies from 1
to 4 so that the scarcity of resources increases with the number
of topologies. In Fig. 6, we use “TP-17, “TP-2”, “TP-3” and
“TP-4” to denote (OF), (OF, WC), (OF, WC, SS) and (OF,
WC, SS, OC), respectively. Thus, ony TP-4 workloads can
fully exploit the hardware heterogeneity.

When there is only one topology (TP-1) running in the
cluster, all resources are accessible to it. However, when
more topologies are submitted to the cluster, the default
RR scheduling ignores hardware and task characteristics. All
instances from each topology will be scheduled to all available
nodes in a round-robin manner unless specified by users. Thus,
each topology will not obtain the optimal performance. We set
it as the baseline (“1” across all workloads for RR). To make it
fair to compare the power consumption and monetary cost of
Greedy and Multi-Opt to the baseline, we run each workload
group with RR for 10 minutes and record the number of fully
processed tuples of each application. Then we run them with
Greedy and Multi-Opt until all topologies have fully processed
the same number of tuples as that in the baseline counterpart.

®RR (default) £ Greedy = Multi-Opt ®RR (default) £ Greedy & Multi-Opt
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Fig. 6. Relative changes of power consumption and monetary cost to those
of the default scheduling algorithm (RR) in multi-task environment.
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Fig. 7. The ratio of successful assignments of optimal resource to each task
in multi-task environment.

As Fig. 6 shows, when the number of concurrently running
topologies increases from “TP-17 to “TP-4”, the Greedy
scheduling algorithm can save both power consumption and
monetary cost at the beginning because few topologies can be
always scheduled to the most optimal sub-clusters with low
possibility of race conditions. As shown in Fig. 7(a), 87%
of resources of optimal sub-cluster can be assigned to the
task topology (OF) in TP-1. Thus, the power consumption
and monetary cost are controlled lower than those of RR
due to higher hardware utilization and shorter execution time.
The same cause applies to Multi-Opt. However, as the num-
ber of concurrently running topologies increases, the power
consumption and monetary cost increase significantly (1.24x
and 1.27x in TP-4 for power consumption and monetary cost,
respectively) compared to the default scheduling algorithm.
As shown in Fig. 7(a), for TP-4, though OF and WC can still
obtain resources from optimal sub-cluster, almost none can be
obtained by remaining topologies. Furthermore, they even can
not obtain sufficient resources from sub-optimal sub-cluster as
well, resulting in very long execution time (low throughput)
and high cost in both power consumption and monetary cost.
On the contrary, Multi-Opt can guarantee a predefined thresh-
old fraction (it is usually set as m, where X € {1,2,3,4},
and ||TP-X]| is the number of applications in a workload set)
of resources of each sub-cluster are assignable to individual
topology (Fig. 7(b)). Therefore, though the throughput of
individual topology is affected, but the performance of entire
workload set can be significantly improved (82% and 76% of
total power consumption and monetary cost compared to RR,
respectively).

D. Quality of Service (QoS)

In the cloud, tasks always need to meet certain performance
requirements upon resource limit. For instance, users with
limited budget may set budget limit and throughput can be
sacrificed. Instead, for those throughput-sensitive tasks such
as real-time product recommendation, higher monetary cost
can be taken by users. For this purpose, we set various
“performance requirements” in terms of throughput, power
consumption and monetary cost to different topologies and
launch them concurrently in HaaS. To quantitatively analyze
QoS, we define an indicator QoS5; that QoS; = P/ P(fpt
where P, ., is the measured performance counter values for

each topology in TP-4, and P,, is the measured values
when only one the same topology running in the cloud with
“Greedy” scheduling scheme. As shown in Fig. 8, almost
all performance counters can achieve more than 79% of the
theoretically optimal performance, and OC and WC can even
keep above 90% on some or all performance counters.
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Fig. 8. Quality of Service of each application in mixed workloads compared
the theoretically optimal value.

E. Adaptivity upon Dynamics

Unpredictable dynamics can occur either from data changes
which may impact the evenness of workload deployment
or amount of computations, or environmental changes such
as hardware failures and network condition changes. Sparse
optical flow tracks only those points of interest (i.e., “corners”)
among frames that usually represent the most obvious features
of moving objects. In flowing frames, the number of corners
may vary significantly and the amount of computations is
affected accordingly [27]. With HaaS, such dynamics are
captured and reported to the metrics manager to update the cor-
responding metric matrices periodically (updating frequency
can be tuned flexibly as it runs independently and will not
impose additional overhead to scheduling).

We apply OF to data sets that are synthesized from two
existing data sets, moving pedestrians data set [28] (denoted
as “vidf”’) and vehicle data set [29] (denoted as “traffic”), with
sizes of 787MB and 60MB, respectively.

Fig. 9(a) presents the counts of points being tracked in
each frame, indicating the quantity of computations. The
curves change dramatically between frame #14000 to #18000.
As shown in Fig. 9(b), the throughput of OF at the time
when processing each frame between frame #14000 and frame
#18000 will drop largely at the beginning, but returns to the
original throughput as that before dynamics occur. There is
slight delay between dynamics occur and the scheduler takes
action due to the frequency set to update the metrics.

F. Scalability

We vary the number of instances for each type and set up
five cluster configurations, i.e., Cat-(1,0,0), Cat-base(2,1,1),
Cat-(4,2,2), Cat-(8,4,4) and Cat-(16,8,8) where the integers
represent the number of instances in type of CPU, GPU
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Fig. 9. Adaptivity to unpredictable dynamics in workloads.

and FPGA, respectively. Cat-base(2,1,1) is the baseline con-
figuration and we only present the relative throughput to
the baseline. Scalability results for power consumption and
monetary cost are similar with throughput and are omitted
here.

As shown in Fig. 10, we present the relative throughput of
each application to that in the baseline configuration. For Cat-
(1,0,0), though there are no GPUs or FPGAs contained, the
WC can still show reasonably high performance because CPUs
can process it efficiently enough. With the integration of het-
erogeneous resources into configurations and amount of them
increases linearly, the throughput of all four applications can
obtain near-linearly improved throughput improvements with
heterogeneity-aware optimization and Multi-Opt scheduling
algorithm. The result implies promising application prospect in
increasingly larger cloud environment to accommodate larger-
scale and more complex applications.

V. RELATED WORK

With data explosion in recent years, real-time data analytics
is important in analyzing continuously generated data like
user-interaction events and machine logs. Streaming process-
ing is a popular processing paradigm for such application
scenarios and has been widely adopted in areas such as fraud
detection, click-stream analytics, and online recommendations.
Researchers have proposed different streaming data processing
systems [1]-[6] that are capable of providing sub-millisecond
response time and extremely high throughput on millions of
events or messages per second. During a long time, streaming-
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Fig. 10.  Scalability: relative throughput of individual topology in mixed
workloads to the baseline.

based data analytics only needs to handle well-structured
data in simple format. However, the increasing complexity,
volume in data and diversity in user requirements impose new
challenges in modern streaming-based data analytics systems.

On the one hand, streaming processing systems need to
incorporate tools of multiple domains as the final results will
no longer depend on single data source. For instance, building
a smart city/nation [24] needs to collect and analyze data
from diverse sources such as traffic cameras, audio sensors,
temperature sensors, subway ticket gates and so on. Thus, a
central management and scheduling system can monitor the
real-time operations of all sides to make holistically optimal
and efficient scheduling plans to provide benefits (security,
convenience, etc.) to the public.

On the other hand, researchers also focus on approaches to
improve the performance of streaming data analytics in the
followings ways.

Optimizing Resource Scheduling. Streaming systems are
usually deployed on clusters or cloud where multiple tasks
or users may share resources. Optimal provision of resources
that could minimize the resource usage without sacrificing
performance and quality of service is important. Mesos [30] is
a general fine-grained resource sharing system in data centers
that could allow multiple cloud computing frameworks such
as Hadoop, Spark, MPI and Kafka. Tom et al. [31] propose
a dynamic resource scheduler for cloud-based data stream
management systems. Furthermore, Dhalion [32] is proposed
to achieve service level objectives (SLO) by automatically
scaling resource consumption as needed. Li et al. [33] come
up with a topology-aware method to accurately predict the
performance according to the topology of the application graph
and runtime statistics. Threads are assigned to machines under
the guidance of prediction results to optimize the performance.

Adoption of Heterogeneous Accelerators. Except the efforts
in optimizing scheduling algorithms, the emerging of new
hardware such as GPUs [34] and FPGAs exposes larger
optimization spaces for accelerating application performance.
General-purpose GPUs and FPGAs have been widely adopted
as accelerators in data analytics applications. GPUs have
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massively parallel computing capability making it suitable for
applications with abundant data-level parallelism (DLP) and
intensive computations such as query processing [35]-[37].
With the popularity of deep learning in tasks such as object
classification, face detection, tracking and dehazing, GPUs
become the standard hardware configuration for these applica-
tions as they involve a high volume of data and computations.
FPGAs have also been widely adopted as an resource to
accelerate general-purpose data analytic workloads. Microsoft
has adopted FPGA resources to accelerate their Bing search
engine in a data center scale [38]. Work in [39] adopts FPGAs
to accelerates graph processing. Applications such as page-
rank is also accelerated with FPGA resources [40].

With the adoption of heterogeneous accelerators in clusters
and cloud, existing resource management and scheduling
should also be improved with heterogeneity-aware designs.
Steve et al. [8] design a preliminary cloud-based access model
to clusters to incorporate heterogeneous architectures and
accelerators. Chris et al. propose hStream [41] targeting het-
erogeneous systems with a unified interface to heterogeneous
platforms so that it hides the complexity of management of
task concurrency and pipeline parallelism among hardware
components. Other work [42], [43] have also revisited the
resource management and workload scheduling issues in the
presence of heterogeneity in the cloud.

VI. CONCLUSIONS

In this paper, we propose an in-house real-time data pro-
cessing framework HaaS by leveraging existing data analytics
libraries and distributed data processing systems on the cloud
to optimally utilize the heterogeneity of underlying platforms
and workloads. Our empirical evaluations with highly diversi-
fied workloads show that HaaS can save saves over 18% on
power consumption and 24% on monetary cost over existing
system design architecture, while the overall throughput of
HaaS remains no lower than 90% of the theoretical limit.
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