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Abstract—Recent advancements in technology have led to a deluge of big data streams that require real-time analysis with strict latency
constraints. A major challenge, however, is determining the amount of resources required by applications processing these streams
given their high volume, velocity and variety. The majority of research efforts on resource scaling in the cloud are investigated from the
cloud provider’s perspective with little consideration for multiple resource bottlenecks. We aim at analyzing the resource scaling problem
from an application provider’s point of view such that efficient scaling decisions can be made. This paper provides two contributions
to the study of resource scaling for big data streaming applications in the cloud. First, we present a Layered Multi-dimensional Hidden
Markov Model (LMD-HMM) for managing time-bounded streaming applications. Second, to cater to unbounded streaming applications,
we propose a framework based on a Layered Multi-dimensional Hidden Semi-Markov Model (LMD-HSMM). The parameters in our
models are evaluated using modified Forward and Backward algorithms. Our detailed experimental evaluation results show that LMD-
HMM is very effective with respect to cloud resource prediction for bounded streaming applications running for shorter periods while the
LMD-HSMM accurately predicts the resource usage for streaming applications running for longer periods.

Index Terms—Big Data; Cloud Computing; Stream Processing; Resource Prediction; Resource Scaling; Layered Hidden Markov

Model; Layered Hidden Semi-Markov Model.

1 INTRODUCTION

Ecent years have witnessed a new class of real-time big

data streams generated from social media, web clicks,
IP logs, and sensing devices [1]. Processing these big data
streams in real-time to extract value has become a crucial
requirement for many time-bounded applications, running
for a short period of time or unbounded big data stream
processing applications that execute for a long period of
time. With the real-time stream processing requirements
for big data, traditional data management systems are not
suitable and are prohibitively expensive when dealing with
very large amounts of data [2]. To handle fast and massive
streaming data, cloud services are increasingly leveraged.
Cloud computing is a powerful paradigm that allows users
to quickly deploy their applications in an elastic setting
through on-demand acquisition/release of resources at a
low cost [3]. Oftentimes, the cloud hosts many of the stream
processing engines (SPEs) (e.g., Storm [4], Spark [5], and
S4 [6]), which users can make use of depending on their
requirements. These SPEs allow for the continuous process-
ing of data as it is generated [2]. They also alleviate the
performance problems faced by the traditional store-and-
process model of data management since they process data
directly in-memory.

Nevertheless, it is naturally challenging for big data
application service providers to determine the right amount
of resources needed to meet the QoS requirements of stream-
ing applications, especially when multiple applications with
varying resource bottlenecks (e.g., CPU, memory) running
on a shared cluster of hosts are involved. A statically pro-

o The authors are with the School of Computer and Electrical Engineering,
University of Ottawa, Canada.

visioned SPE (i.e., an SPE deployed on a fixed number
of processing nodes) can lead to overprovisioning of re-
sources for peak loads or to underprovisioning, which can
have a huge impact on the performance of the streaming
applications. Thus, to efficiently process dynamic streams,
SPEs need to be able to scale up/down the used cloud
resources accordingly. Different scaling techniques are used
to reduce the cost of utilizing cloud resources. These involve
i) adding virtual machine instances, i.e., horizontal scaling,
ii) changing the amount of resources allocated to a virtual
machine, i.e., vertical scaling, or iii) distributing workload
among available virtual machines.

Prior work on resource scaling for streaming applica-
tions can be classified as either reactive or proactive. Al-
though, reactive techniques are computationally attractive,
i) resource sensitive applications may suffer from a de-
graded performance or even terminate before the need for
resource up scaling is detected [7], ii) the experienced delay
resulting from the scaling operations (e.g., adding a new
virtual machine (VM), searching for a spot at a datacenter,
allocating IP address, configuring and booting the OS [8])
may not be tolerated by most streaming applications [9] and,
iii) they perform poorly when multiple resources (e.g., CPU
and memory) must be adjusted simultaneously [10].

Proactive techniques [11], [12] overcome the aforemen-
tioned limitations by predicting future applications resource
needs before resource bottlenecks occur. However, existing
predictive approaches proposed for streaming applications
can be cumbersome and may lead to inaccurate results.
This problem is further complicated by the stringent delay
constraints, increasing parallel computation requirements,
dynamically changing data volumes and arrival rates of the
data streams. Overall, these techniques often address the

2168-7161 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.




This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCC.2018.2876242, IEEE

Transactions on Cloud Computing

IEEE TRANSACTIONS ON CLOUD COMPUTING

auto-scaling problem from a cloud provider’s point of view
and mostly focus on web applications.

In our previous work [13], we proposed the use of a
layered multi-dimensional HMM (LMD-HMM) framework
to facilitate the automatic scaling up /down of resources (i.e.,
add or decommission virtual machine) for time-bounded
streaming applications. The proposed design provides an
approach for modelling each application individually at the
lower-layer while the upper-layer models interactions be-
tween group of streaming applications running on a cluster.
However, our experimental results showed that the LMD-
HMM may not be sufficiently accurate for predicting the
resource needs of unbounded streaming applications that
run over very long periods. This can be attributed to its
implicit assumption of constant or geometric distribution of
resource consumption state durations that do not change
over time.

In this paper, we overcome the aforementioned problem
by proposing a novel Layered Multi-dimensional Hidden
Semi-Markov Model (LMD-HSMM) that can accurately cap-
ture the resource demands of unbounded big data streaming
applications. More precisely, the main contributions of this
model are two fold. First, we introduce a novel mathemat-
ical model for predicting the resource usage patterns of
multiple unbounded streaming applications running simul-
taneously on a cluster of cloud nodes. Second, we present
a modified forward-backward algorithm [14], commonly
used in calculating the predicted parameters of the Markov
model that takes into consideration the prediction of mul-
tiple resource bottlenecks at each layer of the model. The
proposed layered approach simplifies resource prediction
for a large cluster of nodes by modelling the behavior of
each streaming application individually at the lower layer
of the model.

Furthermore, the multi-dimensional Markov process is
used for each of these streams to separately capture the
individual resource (e.g., memory, CPU and I/O) needs.
The model also captures at a finer grain the frequency of
resource consumption state changes per resource for each
stream, which are then fed to the upper-layer in the model.
The upper-layer then models the dependency and collective
resource usage for the unbounded streaming applications
in the cluster. This layered approach not only allows for
the usage of different Markov models simultaneously but
also accurately captures varying application needs while
avoiding the need to use a larger dataset to train since
each streaming application model is trained individually.
The frequency of retraining these models can be adjusted
for each application.

The rest of this paper is organized as follows: Sec-
tion 2 briefly discusses stream processing applications and
key technologies used for big data stream processing. It
also presents the challenges encountered in determining
resources for big data stream processing applications and
the existing prediction approaches. Section 3 provides an
overview of our system architecture and introduces the pre-
diction system. Section 4 presents the learning and inference
model for the resource scaling solution proposed based
on a layered multi-dimensional HMM/HSMM prediction
technique. Section 5 reports our experimental results, and
Section 6 discusses future work and concludes this article.

2 BACKGROUND AND RELATED WORKS

This section provides a background on stream processing
applications, key technologies used for their processing, and
the challenges encountered. Also, it discusses some existing
resource scaling approaches used in cloud environments.

2.1 Stream Processing Applications

In the past few years, a new class of stream processing
applications have emerged in domains such as financial
analysis, traffic monitoring, anomaly detection, healthcare,
sensor data acquisition and multimedia [2]. These applica-
tions allow data produced from heterogeneous, autonomous
and a large number of globally-distributed data sources to
be aggregated and analyzed dynamically to generate results
in real-time. They are usually designed as Data-, Task- or
Pipeline-Parallel applications containing structured directed
acyclic graphs (DAG), where the vertices represent the op-
erators (i.e., sources or sinks) and the edges are represented
as data, task or pipeline streams [15], respectively.

On the one hand, the Data-Parallel application dis-
tributes computations involving the data streams to mul-
tiple nodes to reduce the computation latency of the ap-
plication. An example of this type of application is Twitter
stream processing application for sentiment analysis. On the
other hand, a Task-Parallel application, which requires long
running time to complete, is one that distributes compu-
tation tasks (processes) to multiple nodes. Task pairs in a
Task-Parallel application are executed on different parallel
branches of the original stream graph with the output of
each task never reaching the input of the other. In com-
parison to the aforementioned types, the Pipeline-Parallel
applications offer low latency and the ability to run stateful
operators in parallel by mapping chains of producers and
consumers in a stream graph to different nodes.

In this paper, we focus on Data-Parallel stream pro-
cessing application but the proposed approach can also
be employed in other stream processing applications or
combination of stream processing application types.

2.2 Key Cloud Technologies for Big Data Stream Pro-
cessing

Stream processing has been an active area of research for
many years. In traditional relational systems, Borealis [16]
and STREAM [17] are examples of systems that are designed
to provide stream processing middleware and languages for
writing streaming applications. Also, System S [18] is used
for large-scale, distributed stream processing middleware
and application development. These systems are evidence
of the past success of the stream processing paradigm. In
recent years, new innovative open source, off-the-shelf SPEs
such as Spark [5], Storm [4], and S4 [6] have been introduced
to support high-volume, low latency stream processing ap-
plications and to address needs that are different from the
analytical or extract, transform & load (ETL) domain typical
of MapReduce [19] jobs.

Apache Storm [4] is a free and open-source distributed
real-time computational system commonly used by com-
panies such as Twitter and Spotify. It can process a high
volume of data with low latency. Stream processing using

2168-7161 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCC.2018.2876242, IEEE

Transactions on Cloud Computing

IEEE TRANSACTIONS ON CLOUD COMPUTING

Storm is achieved by distributing data streams across mul-
tiple machines as an unbounded sequence of tuples (key-
value pairs). A Storm program is defined in terms of spouts
and bolts that run on cluster together as a directed acyclic
graph (DAG) topologies. A spout is a source of a stream
that pulls data from a messaging system such as Kafka [20]
and a bolt processes the incoming data stream, which can be
passed on to another set of bolts. Apache Storm [4] is known
to perform Task-Parallel computations.

Apache Spark [5] is an open-source distributed frame-
work for data analysis. From the onset, Spark supported
both batch and streaming workloads, which makes it dif-
ferent from other streaming engines that are designed for
only stream processing. Spark performs in-memory analyt-
ics on streams in a distributed and real-time manner by
discretizing the streaming data into micro-batches before
computation. Spark [5] is known to perform Data-Parallel
computations. In addition, Yahoo 54 [6] has been proposed
as an alternative framework for processing big data stream
requiring real-time processing. S4 is a decentralized, scalable
and fault-tolerant framework that provides a programming
interface for processing data streams on top of a highly
available cluster in a distributed computing environment.

SPEs allow for dynamic scaling of cluster resources
allocated to applications, however, the required resources
must be provisioned at run-time. Also, they do not provide
the option of adding or removing VM from clusters when
they are no longer needed.

2.3 Challenges of Big Data Stream Processing
Applications

For real-time analysis, the majority of aggregated data
sources are very dynamic and extremely heterogeneous,
i.e., continuously changing data streams with highly unpre-
dictable data arrival patterns, which can differ in accuracy
and timeliness. In general, response time is of utmost impor-
tance when processing data streams from these sources. This
may involve time-unbounded applications that require data
to be processed within very short time intervals with low
latency requirements, e.g., financial streams, fraud detec-
tion. Therefore, low response time is critical and any missed
deadline can lead to results that are unusable. In contrast,
the applications may involve the execution of complex
simulations, often executed as time-bounded processes with
medium to high latency requirements, e.g., surveillance and
monitoring, smart-traffic management.

In most cases, deadlines of streaming applications can
range from milliseconds to hours depending on the partic-
ular application constraints. In the face of dynamic work-
loads, SPEs need to be able to automatically handle the fluc-
tuating demands and scale accordingly without disrupting
existing requests. Most existing streaming applications are
only allocated a fixed amount of resources at deployment
time. Therefore, for streaming applications that rely on real-
time stream processing, this may entail a significant ser-
vice interruption [21] during shutdown or reconfiguration
to scale. Additionally, the application state may not be
preserved during scaling operations when the system is
terminated, and thus, work may be lost, thereby leading
to erroneous results [21]. These characteristics coupled with
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the need to adapt to high throughput efficiency, parallel
data processing and dynamic data-driven topology graphs
of tasks introduce additional challenges that make resource
scaling in the cloud a tedious task for stream processing
applications. Therefore, correctly profiling each streaming
application and its associated characteristics to forecast the
resource demands is crucial when scaling resources for big
data streaming applications in the cloud.

2.4 Resource Scaling in the Cloud

Reactive scaling schemes in the cloud are known to allocate
resources based on the workload changes detected using
threshold-based rules. This approach requires that the ap-
plication providers be aware of the resource usage patterns
in order to set triggers for scaling activities. In practice, most
cloud service providers, e.g., Amazon autoscale [22] and
Azure [23], describe a set of service provider-defined rules
that govern how the services scale up or down at run-time
in reaction to changes in traffic. This approach can lead to a
large delay before resource is provisioned. To address this
limitation, proactive schemes are used whereby resource
utilization patterns predicted through forecasting are pro-
vided in advance of workload changes and allocations are
adjusted accordingly prior to any change.

Various predictive techniques [11], [12], [24], [25], [26],
[27] have been proposed for the cloud based on approaches
such as time series analysis (e.g., linear regression, autore-
gression, Neural Networks, and ARIMA), control theory,
reinforcement learning and queuing theory. The time series
approach [28] incorporates temporal and spatial correlations
in order to provide prediction results. An approach based
on time series forecasting methodology was proposed by
Baldan et. al. [29] to forecast cloud workloads by combining
statistical methods, cost function and visual analysis with
focus on a short-time horizon. However, no seasonal pattern
was found since the analyzed series were non-linear. Con-
trol theory [28] has been applied to automate management
of resources in various engineering fields, such as storage
systems, data centers and cloud computing platforms. The
main objective of a controller is to maintain the output of the
target system (e.g., performance of a cloud environment) to
a desired level by adjusting the control input (e.g., num-
ber of VMs). The suitability of control theory approaches
depends on the type of controller and the dynamics of the
target system.

Queuing theory [28] is used to find the relationship
between jobs arriving and leaving a system. It is mostly used
for Internet applications, however, it is not an efficient ap-
proach when used with elastic applications that have to deal
with changing workloads and a varying pool of resources.
While reinforcement learning [30] automates scaling tasks
without prior knowledge of the application workload, it
can lead to scalability problems when the number of states
grow. Also, it yields bad performance since the policy has to
be readapted as the environment conditions (e.g., workload
pattern) change. Vijayakumar et. al. [31] developed an algo-
rithm that can handle dynamic patterns in data arrival to
identify overflow or underflow conditions. Different from
our work, this is a reactive approach that focuses mainly
on CPU adaptation whereby streaming applications are
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implemented as a set of pipelined stages. Here, each stage
acts as a server for the next.

Nikravesh et. al. [32] proposed an auto-scaling system
based on Hidden Markov Model (HMM). In their research,
the states are associated with system conditions and the
observation are the sequence of generated scaling actions.
Their experiments targeted e-commerce websites, i.e., multi-
tier applications, which typically includes a business-logic
tier, containing the application logic as well as a database
tier. While this approach makes use of HMM, its applica-
bility directly to big data stream processing applications is
limited because it does not take into consideration multiple
streaming applications, which can lead to ample retraining
of the model in response to changes in active streaming jobs,
and overfitting of data. In contrast, our approach makes use
of a two-layered multi-dimensional Hidden Markov/semi-
Markov model; the lower-layer is used for training indi-
vidual streaming jobs without altering the upper-layer, and
whenever a job is not running, the model does not need to
be recalculated while the upper-layer is used for training
group applications running on clusters. By so doing, the
outcome of the upper-layer will be less sensitive because it
is based on the collective behaviour of the streaming jobs
from the lower-layer that are expected to be well trained. Fi-
nally, our framework can accommodate different streaming
applications and it is application independent.

Several predictive models have been developed in the
past for short-term (bounded) and long-term (unbounded)
predictions of performance metrics for VM clusters using
machine learning techniques. However, few works exist
for big data streaming applications. PLAStiCC [33] uses
short term workload and infrastructure performance pre-
dictions to actively manage resource mapping for contin-
uous dataflows to meet QoS goals while limiting resource
costs. For time-unbounded streaming application, the work
in [34] proposed a resource scheduler which dynamically
allocates processors to operators to ensure a real-time re-
sponse. This work focuses on streaming operator scaling
while our research is aimed at scaling resources. The authors
in [35] proposed Elysium, a fine-grained model for estimat-
ing the resource utilization of a stream processing appli-
cation, which enables the independent scaling of operators
and resources using the reactive and proactive approaches.
However, they did not consider multiple applications with
varying resource bottlenecks.

The use of containers has been exploited recently for
scaling stream processing operators. Pahl & Lee [36] re-
viewed the suitability of container and cluster technology
as a means to address elasticity in highly distributed en-
vironments. While the use of containers can provide for
faster provisioning during scale in/out as compared to
VMs, streaming applications will need to be designed as
lightweight SOA-style independently deployable microser-
vices to gain this benefit. Moreover, some containers run on
VMs instead of bare metal machines and are limited to the
amount of VMs provisioned. Hence, VM scaling is required.
To the best of the author’s knowledge, the application of
HSMM to unbounded big data streaming applications is
novel.

2.5 Hidden Markov and Hidden Semi-Markov Models

Hidden Markov Model (HMM) [14] is a widely employed
and powerful statistical tool for modeling and analyzing
sequential data. HMMSs have been extensively used in many
applications, such as speech recognition, video activity
recognition, and gesture tracking.

In the single-layer, one-dimension HMM model, an ob-
servation O, at time ¢ is produced by a stochastic process,
but the state ¢ = S; of this process cannot be directly
observed, i.e., it is hidden. This hidden process is assumed
to satisfy the Markov property, where state ¢; at time ¢
depends only on the previous state, S;_; at time ¢t — 1.

The HMM is described as a process evolving over dis-
crete time intervals. Let S = {S;, t = 1,...,T} denote
a sequence of hidden states, drawn from a finite state
space of size N and let O = {O;, ¢ = 1,..T} denote a
corresponding set of observable states with M discrete pos-
sible observation symbols O = O1, Oa, ...O);. The standard
HMM has the form:

T
P(S,0) = H (St[St—1)P(O¢|St) @

where P(S,) is the initial probability distribution de-
noted as w, P(S;|S;—1) is the transition probability distri-
bution of moving from state S;_; = % to state S; = j,
where {i,j € 1,.., N}, denoted as 4, i.e., N x N matrix and
P(0O¢|S;) is the observation probability distribution denoted
by B, i.e., N x M matrix. Hence the model A = (7, A, B).

State duration in HMM is usually characterized by a
probability distribution function P;(d), e.g., in state i, the
value of P;(d) is the probability of remaining in state ¢ for d
time units. Given the Markov assumption and from proba-
bility theory, P;(d) is the product of all the probabilities:

Pi(d) = a%71 (1 — ay) )

where a;; is the self-loop probability of state i. P;(d) is
a geometrically decaying function of d and when applied
directly to resource usage prediction of big data streaming
applications, the probability that the underlying process
remains in a resource usage state ¢ for d time units is a
geometrically decaying function of d.

HSMM [37] is an extension of HMM designed to remove
the constant or geometric distribution of state durations
assumed in HMM by introducing the concept of explicit
state durations. The HSMM is similar to HMM in which
an embedded Markov chain represents the transitions be-
tween the hidden states. However, it incorporates a discrete
state occupancy distribution D = P;(d), representing the
duration in non-absorbing states, i.e., transient states. The
HSMM model is specified as A = (m, 4, B, D), where D
models the time spent in a particular state.

In the HSMM, each state variable has variable time
intervals and a sequence of observations O, ...,O;, are
generated while in the state as opposed to a single observa-
tion O, in the HMM. The length of the observation sequence
for each state is determined by the duration spent in each
state.

2168-7161 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TCC.2018.2876242, IEEE

Transactions on Cloud Computing

IEEE TRANSACTIONS ON CLOUD COMPUTING

a & a

Marketing Sales Business user

Social EI EI EI

Media \ Business Reporting Weather Traffic

Streams /N/
ﬂocessing Layer

iostorm i

Data Scientist

(. )
Applications Cloud
Resource

Controller

Data Sources

-|~9 Resource
\ Monitor

i Mahout §

10T Data
Streams

Storage Layer

Resource
Financial Predictor
Data

Data Ingestion Layer . ... ..coeeee
Streams ) Kafka i

Mobile
Data
Streams

Resource

Cloud Resource Layer Allocator

SEE

Fig. 1. Proposed Architecture.

3 SYSTEM ARCHITECTURE

We first introduce our system architecture of the streaming
environment as shown in Fig. 1. We consider a big data
application service provider (ASP) that provides big data
stream processing services for cloud users in a scalable
distributed environment. The applications collect data from
a wide variety of sources, and based on user requirements,
integrate them to detect interesting events and patterns. Our
architecture includes a data ingestion layer, a processing
layer and a storage layer. It also incorporates a prediction
system for inferring scaling decisions. Fig. 1 shows the
overall system architecture.

The ingestion layer, which provides services such as
Flume [38] and Kafka [20], facilitates access to heteroge-
neous data sources for each streaming event while conceal-
ing the technical facets of the data streams. The ingestion
layer is capable of integrating data streams from multiple
sources as required by each streaming event. The processing
layer, which contains the streaming engines such as Spark
[5] and Storm [4], supports the analysis of the streamed data
in order to identify meaningful patterns in the data streams
and trigger actions. The storage layer supports record order-
ing and strong consistency to enable fast reads and writes of
large streams of data whenever required. Storage services,
e.g., HDFS [39], in this layer may serve as an intermediate
or final storage point for stream analysis results.

To support resource scaling, present within our archi-
tecture is also a cloud resource controller that is made up
of a resource monitor, a predictor and a resource allocator.
The resource monitor is responsible for real-time monitoring
of streaming applications at each time interval. It provides
system-wide visibility into streaming application character-
istics and workload changes. Several tools can be used to
monitor applications running on a cluster, e.g., Ganglia [40].
Information gathered from these tools are passed on to the
resource predictor to create a model, and evaluation result
from the predictor can be used by the resource allocator
to perform scaling operations for running applications. For
big data stream processing applications running on a cluster
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of virtual machines, the resource prediction model needs
to be robust enough to represent the typical variations in
the underlying streaming jobs. Section 3.1 provides details
pertaining to the resource predictor.

3.1 Prediction System

In this section, we present our frameworks for handling
the resource prediction of big data streaming applications,
whereby resource needs are forecasted in advance by mon-
itoring each streaming job and its associated characteris-
tics. Our solution combines knowledge of stream process-
ing with statistical Markov models. The key idea of our
approach is to decouple the problem space into layers,
whereby each streaming job is independently modeled as
a multi-dimensional HMM/HSMM at the lower-layer and
the generated observations are concatenated afterwards at
the upper-layer.

We hereby extend the standard HMM and HSMM to a
layered multi-dimensional HMM/HSMM for the resource
predictor. The layered approach allows for the decompo-
sition of the parameter space into distinct layers, whereby
each layer is connected to the next by inferential results. In
our case, we make use of a two-layered model (upper-layer
and lower-layer) as shown in Fig. 2 where each streaming
application can be modeled as either a multi-dimensional
HMM or multi-dimensional HSMM at the lower layer. The
lower-layer allows for the abstraction of individual stream-
ing jobs’ observations at particular times and also ensures
independence from others while the upper-layer is used to
predict the resource usage pattern for the group streaming
applications running on a cluster.

TI o

01, 02, 03 /M\’\

Lower Layer

Upper Layer

MD-HMM1

—> MD-HMM2
i i i ———> MD-HMMG

Fig. 2. A Layered Multi-dimensional HMM.

4 PRoOPOSED PREDICTION MODEL
4.1 The Lower-Layer

The lower-layer denotes the resource utilization for each
individual streaming job (e.g., traffic analysis, weather
analysis, and anomaly detection), where each streaming
job’s HMM/HSMM has more than one observable symbols
at each time t. We make use of the multi-dimensional
HMM (MD-HMM) or multi-dimensional semi-HMM (MD-
HSMM) at the lower-layer to represent individual stream-
ing job’s resource usage pattern, whereby the system bot-
tlenecks (e.g., CPU, memory) being considered form the
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TABLE 1
Notations used in the LMD-HMM & LMD-HSMM models

Variables| Definitions

N Number of hidden states in the model representing
the resource usage patterns

R Number of observable dimensions for each stream-
ing job

M Number of distinct observation symbols, which de-
scribes the set of states for individual streaming job’s
dimension

Hidden state transition probability distribution for
each streaming job

Set of observable probability distribution matrices

O = {01, O3, ...,O7} Observation sequence

S ={q1,q2,...,qr} State sequence

O|®»|Q|w

Time spent in a particular state

(=

i (OF) Probability of emitting observation symbol O in

state j for each dimension r

w Initial probability of distribution

ot (7,)
Be(4)

Forward variable that denotes the probability of
generating O1.7 and ending in state S; at time ¢

Backward variable that denotes the probability of
generating O, 1.7 and begins in state S; at time ¢

Probability of being in .S; at time ¢, given the obser-
vation sequence O1.1

Y (4)

& (3, 5) Conditional the probability of being in state .S; at
time ¢ and in state S; at time t + 1 , given the

observation sequence O1.1

Ag Re-estimated parameters of the HMM/HSMM
model for each streaming job

dimensions to the process. The observations from the
submodel MD-HMM/MD-HSMM corresponding to each
streaming job from the lower layer are then concatenated
afterwards into a new single layer HMM at the upper-layer.
Next, we discuss estimation and learning algorithms for the
models. We list in Tbl. 1 important notations used in this

paper.

4.2 MD-HMM Inference & Learning Mechanisms

The parameters in our multi-dimensional HMM can be
defined as follows:

e NN:Number of states associated with the resource us-
age patterns for each streaming job. This is denoted
as S = {851, S5,,...,Sn}, and the state at time ¢ as ¢.

e R: Number of observable dimensions for each
streaming job. In our model, system bottlenecks such
as CPU and memory utilization are dimensions in
the process.

e M: Number of distinct observation symbols in
each state for individual streaming job’s dimension.
Hence, for a given streaming job, in state ¢ = S;
there will be M x R distinct observations, where
o = {07,054, ...,0%,} are individual observation
sequences for each dimension 1 < r < R. For
simplicity, we assume that the number of states for
each dimension is the same.

o A: Hidden state transition probability distribution
for each streaming job A = {a;;}, where a;; =
P{St+1:Sj |qt:Si}, Si,Sj€S, 1<4,5 <

6

N, described by the characteristics of individual
streaming job at time ?.

e B: A set of observable probability distribution matri-
ces, where b;(Oy},) is the probability of emitting obser-
vation symbol O}, in state j for each dimension r, i.e.,
b;(0}) = P[Oy = Of|q. = S;] for 1<k <M and
1 < r < R. In the multi-dimensional HMM, there
will be R B-matrices, i.e., B={Bj, B, .., Bg }, where
each B, characterizes the stochastic distribution for
each dimension of the individual streaming job.

o m: Initial probability of distribution m; = P(q; =
Si), 1<i<N.

Given these parameters, a multi-dimensional HMM
(MD-HMM) can be used to derive the sequence of ob-
served symbols O = {0;,0,...,0r}, where O, =
{0},0%,...,0F}.

The complete set of the model is represented as A =
(N,R,M, A, B, 7). The MD-HMM model for each stream-
ing job Ay = (Ng, Ry, My, Ay, By, m4), where g = 1,...,G,
can be used to solve three basic problems (i.e., evaluation,
decoding and training) that arise:

o How to compute the probability P(O|),) of the ob-
servation sequence O = {01, 03, ...,Or} given the
model \,. This problem corresponds to evaluation,
which can be solved using the Forward algorithm.

o How to compute the corresponding state sequence
that best explains the observation. This is a decoding
problem in which the Viterbi algorithm [14], a dy-
namic algorithm that computes both the maximum
probability and the state sequence given the obser-
vation sequence, is used.

o Given the observation O, how to find the model A,
that maximizes P(O|),). This problem corresponds
to learning to determine the model that best fits the
training data. The Baum-Welch algorithm [41], which
can be extended to reflect the multi-dimensional
properties based on the independence assumption,
can be used for solving this problem. The learning
problem adjusts the model parameter )\,, such that
P(O|),) is maximized.

For simplicity, we will drop the subscript g thereafter
since we are focusing on individual streaming job at the
lower layer.

Given a model ), an observation sequence O =
{01,04,...,0r}, and a state sequence Q = {q1,¢2,...,q7}
where ¢; = S; at time ¢, all the parameters for solving the
problems depend on the forward-backward variables. The
forward variable a4(i) is the joint probability of the par-
tial observation sequence O;, Oy, ..., Oy, given the hidden
state at time ¢t is ¢; = S;. The backward variable f5;(¢)
is the joint probability of the partial observation sequence
Ot41, Ot12...07, given the hidden state at time ¢ is ¢; = .5;.

The forward procedure is a recursive algorithm for cal-
culating a4 (i) for the observation sequence of increasing
length ¢. In our framework, since each observed dimension
is assumed to be independent, the forward variable o (7)
can be modified and the output for each state 7 recomputed
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as the Cartesian product of the observation probabilities of
each dimension as follows:

(i) = P(O1,04...0¢,q; = Si|\) 3)
al(i)zﬁiﬁbi(OT), 1<i<N )
R
41 (7 [Zat iaij | [T :(O51), @)
1§t§T71,:11§j§N

where ay(i) is the probability of the partial observation
sequence Oq, Os, ..., O; with state g; = 5;, given the model
A and ay41(7) is the probability of the partial observation
sequence O1,Og, ..., O, Oy at state S; at time ¢ 4 1.

Likewise, recursion described in the forward algorithm
can as well be used backwards in time in the backward
algorithm. The backward variable can be recomputed as:

Bi(i) = P(O¢11,0t42...07|qt = Si, A) (6)
Br(i)=1, 1<i<N (7)
N R
B(i) = [Zaijﬁmu) I] (00), ®)
j=1 r=1

1<t<T-1,1<i<N

where ,(i) is the probability of the partial observation
sequence O1,0s,...,Or from t 4+ 1 to the end, given the
state ¢ = S; at time ¢ and the model A. The state transition
probability distribution from S; to S; is a5, and b;(O}, ;)
is the observation symbol probablhty d1str1but1on of the
occurrence of observable value (O} ), given state .S; at time
t. b; is normalized based on the outputs of each dimension.
The observation evaluation is then:

P(O|X) = Z (i) Be(i), V. &)

especially the forward variable as defined in Equation 3,

> ari)

To address the training problem of finding the optimum
model parameter vector A € A that maximizes P(O|\),
given an observation sequence O, the Baum-Welch algo-
rithm [41] can be extended for the MD-HMM in terms of
the joint events and state variables, respectively:

P(O|\) = (10)

&(i,5) = Plqr

_ ag(i)aizb;

= Si,q41 = S;10, N)
{(Or41)Br+1(4)
P(O[N)

_ (1) aib;(Ori1) Bei1(4) (11)

N
Z aT(i)
=1

Y(i) = P(g = Si|O, \)
v (4) B (4)

-~ (12)
; ar(i)
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&.(1, j) is the probability of being in state .S; at time ¢ and
in state S; at time ¢ 4 1, given the observation sequence
01,04, ...,Or and 7(3) is the probability of being in S; at
time ¢.

The variables «a;(2), B:(), &(i,7), 7:(i) are found for
every training sample and then, re- est1mat10n is performed
on the accumulated values. To generate the new better
model ), the state transition, observation symbol and initial
state probabilities can be updated as follows:

T-1
Z gt(zhj)
ay; = J1<i<N1<j<N (13)
> ’Yt(i)
=1
T .
i (;_OT Ve (4)
Vik) = ———— (14
’ e ()
1§r§R1<j<N1<k<M
=7(),1<i<N (15)
A set of new model parameters A = (A, B,7), which

are the average of the result from each individual training
sequence, is obtained after the update and the process is
repeated until changes in the parameters are smaller than a
predefined threshold, i.e., optimal is reached.

In the testing phase, a test sequence is feed to each of
the MD-HMM and the maximum likelihood given the ob-
servation is evaluated using the Viterbi algorithm [14]. The
Viterbi algorithm is used to obtain the probable sequences
using the forward item at time ¢ in state ¢ based on the
output of the learned parameters from training.

4.3 MD-HSMM Inference & Learning Mechanisms

In this section, we extend the standard HSMM in order to
address the need to model multiple resource bottlenecks.
HSMM is very useful in applications that run unbounded
for longer periods to accommodate shifts in behaviour from
the HMM-based model. This model relaxes the duration
assumption on resource usage states for big data streaming
applications. To define the parameters for the MD-HSMM,
duration is included in addition to the parameters defined
for the MD-HMM in Section 4.2 as:

e D: The probability distribution matrix of remaining
in state ¢ for d time intervals, i.e., P;(d).

We defined the lower-layer model MD-HSMM as A =
(m,N,R,M, A, B, D) to reflect the duration of resource
usage states for each streaming application, i.e., each stream-
ing application is modeled as a multi-dimensional hidden
semi-markov (MD-HSMM) at the lower-layer. Therefore,
given the observable sequence in the past T' duration, we
need to find its most likely state sequence S* and the
most likely state model MD-HSMM \* for each streaming
application. This involves solving the basic problems of
evaluation, recognition and training as described next.

The process of training and recognition involves redefin-
ing the forward and backward variables. The addition of
duration in the model makes the algorithm more complex
than the HMM-based model. We define a forward variable
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a(i) as the probability of generating O1,0s,...,0; and
ending in state 7 as defined in Eqn 3. Assuming that the
first state begins at time 1 and the last state ends at time
T, the initial conditions for the forward recursion formula
become:

al(i):l, (16)
N D
:ZZ i)a;; P H H ;(07)  (17)
i=1d=1 r=1s=t—d+1

Assuming ay_4(7) has been determined where the du-
ration in state j is d, a;; is the state transition probability
from state i to state j, b;(O}) is the output probability of the
observation O} for each dimension from state ¢ and P;(d)
is the state duration probability of state j. Also, N is the
number of states in the MD-HSMM and D is the maximum
duration in state <.

Likewise, the backward variable can be written as Eqn
6 and the value for the initial conditions of the backward
recursion formula ¢ = T' is as written in Eqn 7. Summing
over all the states N and all possible states duration d, we
have the recurrence relations:

DI IT w0  @a8)

r=1s=t+1

N D
Z) = Z Z a”LjP] Bt+d
d=1

i=1
We then define three variables to obtain the re-estimation
formulae for the MD-HSMM as follows:

apy(i,7) = P(OY gy = Si g = Sj|\) (19)
D
Qe (i, ) = Z[P<d =t - tli) -
d=1
P(O! 1 |at = Siyqr = Sj, \)] (20)
ftﬂf’ (Zv.j) = P(qt = Z7 C]Q = SJ‘O,{> >\) (21)

where oy 4 (i,7) is the probability of the partial obser-
vation sequence and state ¢ at time ¢ and state j at time
v, (t' =t+d), Q (i, 7) is the mean value of the probability
of being in state ¢ for d time intervals and moving to state j
and & 4 (i, j) is the probability of being in state i for d time

intervals and moving to state j given O = 01, O3, .., Or.
oy, can be described in terms of Q4 (7, j) as:
Oét,t'(i,j) = P(Oi,v% = Si|A) -
P(O§+17qt = Z'aQt' :]|O§_7Qt = 27)‘) (22)
= ay(i)aij Qe (i, ) (23)

and the relationship between o (7) and o 4 (4, 7) is given
as:

aw(j) = P(O] v = S;|) (24
N D
=> > [P(d=1t—t[S;)on v (i) (25)
i=1d=1
The & 1 (4, j) can be derived as follows
D
> ar(i)aij Qe (i, 5)Be ()
e (i, 7) = =1 (26)

Bo(i = s0)

8

where sg is the initial resource usage state. Given the
initial value of the model \°, the Expected-Maximization
(EM) algorithm is used to find the best model \* using the
recursive computing procedure. The re-estimation formulas
for the MD-HSMM can be written as follows:

e The re-estimation for the initial distribution is the
probability that state ¢ was the first state given O.

Méﬁmmwmwm
POTIN)

o The re-estimation of state transition probabilities is
the ratio of the expected number of transitions from
state 7 to state j to the expected number of transitions
from state 1.

27)

i =

T-1

§:(i,)

]

t

(28)

C_lij =

ft #(4,7)

=
Mﬂﬂ

t

e The re-estimation formula for the observation distri-
bution is the expected number of times that obser-
vation O; = vy occurred in state ¢, normalized by
the expected number of times that any observation
occurred in state 7.

T . Q, (i
t;at(l)[ - R (4,5)

> P(d=t'—t]i)
d=1

7 ]&m

bi(k) =

(29)

it

. Q ’ Z‘A J
auli)| 52—
S P(d=t/—t]3)
d=1

The optimal states S* and model \* are then continu-
ously updated by replacing A with A* if it gives a higher
probability, until a limit is reached. The limit represents
the number of iterations and signifies when to stop the re-
estimation or find the probability of observing the sequence
O cannot be improved beyond a certain threshold.

A problem with duration of the HSMM-based model
is the large number of parameters associated with each
state. This makes the re-estimation problem more difficult
than the HMM-based model. To alleviate this, we make use
of a parametric state duration density instead of the non-
parametric duration density that require less training. We
adopt the Gaussian distribution method. The theorem states
that the mean of any set of variates with any distribution
having a finite mean and variance tends to the Gaussian
distribution. The mean 1(j) and the variance o2(j) of the
duration of state j can be determined as follows:

D T—d
Sy (s ar(i)aiz) P (dl5)b; (07 £ Bera(i)}d
2\ d=1 t=1 t=1

pi) = S5 —

P (tzlatu)aw) P;(d|5)b; (O} 1) Be+a(d)

(30)

D T—d N
oo 2 LS (E ar@ai)Pi(dlib; (OF11)Brra(i)}d? ,
o*(j) = “5iax - —1(9)

> (Z o ()i ) P (d|5)b; (07 11) Beyald)

@1
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4.4 The Upper-Layer

Since the lower-layer does not model the relationships be-
tween the streaming jobs, the outputs from the lower layer,
which are expected to be well-trained are used as the new
observation O’ sequence for the upper-layer. Therefore, de-
vising the right mechanism for determining how the outputs
from the lower-layer will be used as input features into the
upper-layer becomes one of the issues. We hereby discuss
our approach to this problem.

Suppose G MD-HMMs or MD-HSMMs are trained at
the lower-layer, with ¢ = {1, .., G}. To transform the lower
layer MD-HMM/MD-HSMM into a single HMM/HSMM
at the upper layer, the likelihood of observing the g‘* MD-
HMM/MD-HSMM in state ¢ is used in the recursion for-
mula of the upper layer HMM/HSMM to pass the probabil-
ity distribution up. More precisely, the predicted states from
the trained model A* from the lower layer MD-HMM /MD-
HSMM becomes the input observations for the upper layer
HMM/HSMM.

We define the observation sequence from the lower-layer
as O' = Ol.r, where T is the length of the observable
sequence. We also define the probability p(i,t) = «a(i,t)
of being in state 7 at time ¢ for each model, where a(i, 1) is
the forward variable of the Baum-Welch algorithm [41] for
the observed sequence O}.,, with a(i,t) = P(O.p, ¢ = ).
We normalize the probability p(i,t) for all states of all the

models, i.e.,
N

Y Plgp=j)=1

j=1

(32)

where N; is the number of all states for all models. Then,
the probability P(q, = i|O}.r) of state i given a sequence
Of.r is:

P(qt = 7;7 O/I:T)

P(gi = i,0}.1)
=+ ! LT (34)
Z P(Qt :j70/1:T)
Jj=1
_ M (35)

N
> p(,t)
j=1

where 7 is the state in the model, which is a subset of the
states of all models, and [V, is the total number of states.

The observations at the upper-layer is the probability
distribution, {P(1 : G)1,..,P(1 : G)r}, for each of the
lower-layer model ), for the time interval, i.e., a vector of
G reals for each time interval, will be used as input to the
upper-layer. The upper-layer HMM/HSMM is then used to
complete the probability of a certain state as a function of
time given the observation sequence produced by the lower
layer MD-HMMs/MD-HSMMs.

At the upper- layer, a single HMM/HSMM can then
be used to model the resource usage of group appli-
cations running on the cluster, where each state in the
HMM/HSMM corresponds to a resource scaling action.
For instance, the HMM for the upper-layer is formally
defined as N = (N’, M’ A’, B’,©"), where N’ describes the

9

resource scaling actions (which can be scaling up, down
or no scaling), M’ is the set of observation symbols for
the resource demand states learned from the lower-layer
observations, 7’ is the initial state distribution, A’ is the
state transition probability distribution matrix and B’ is
observable probability distribution matrix. With this new
model, training can be done using the same learning and
inference mechanisms used for HMM. In the next section,
we implement our proposed models, making use of the
modified variables and parameters.

5 EXPERIMENTS

The focus of our experiment is to validate the LMD-HMM
and LMD-HSMM models. We first describe the experimen-
tal setup including the environment and datasets. To verify
the flexibility and general applicability of the proposed
models on predicting the resource usage for big data stream-
ing applications, the framework was tested on applications
developed to access Twitter API due to lack of big data
streaming benchmarks and data repository that fits into our
problem. Apache Spark was chosen as the stream processing
engine due to its flexibility of deployment over available
machines.

5.1 Experimental Setup

The Spark cluster was setup on a physical machine with 8
core i7-3770 CPU @ 3.40 GHz Intel processors and 16GB
of RAM. Two VM instance types were considered with
configurations of 4GB and 8GB RAM with 2VCPUs each.
Each node was installed with Hadoop 2.6, Spark 1.6, Scala
2.11 along with JDK/JRE v1.8. One node was configured as
the master while the other nodes were configured as slaves.
The master node was equipped with a 195GB SSD drive and
the slave nodes with 50GB SSD drives each.

Hadoop was configured to make use of HDFS for pro-
viding storage for the streaming data and Apache Spark
was configured to run on top of Hadoop since it does not
provide an independent storage system. The streaming data
was collected using Apache Flume, a distributed system
for collecting, aggregating data and transporting the events
generated. At each interval, an amount of data is down-
loaded and persisted in HDFS for immediate processing
by the Spark engine. Two streaming application programs
(Tophashtags and Sentiment Analysis) were used in eval-
uating the prediction model. The developed applications
were launched at different time intervals on the master
node and monitored. Fig. 3 shows a snapshot of application
submission to the Spark Master VM. The workload arrival
rates, number of streams and a mix of system performance
metrics (CPU, memory) for each streaming applications
were collected and stored for further analysis. A snapshot
of the multi-dimensional resource usage (CPU utilization
& Memory) for one of the applications recorded at 1 min
intervals is presented in Fig. 4.

5.2 LMD-HMM Implementation

To implement the LMD-HMM model, our goal is to first
evaluate the lower-layer MD-HMMs with respect to each
streaming job. The collected datasets were partitioned into
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Spoﬁzz ... Spark Master at spark://tweets-VM:7077

URL: sparkv/iweets- VM:7077
REST URL: sparkz/tweels-VM:6066 (clusier mode,
Alive Workers: 2

Cores in use: 6 Total. 4 Used

Memory In use: 21.2 GB Total, 4.0 GB Used
Applications: 2 Running, 0 Completed

Drivers: 0 Running, 0 Completed

Status: ALIVE

Workers

‘Worker id
worker-20160830223533-10.0.2.15-43112
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Application ID
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Fig. 3. Big Data Streaming Applications
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Fig. 4. Multi-dimensional (CPU & Memory) Observation for a stream

two sets: a training set and a prediction set. After the models
have been processed using the training set, we tested them
against the prediction sets to determine their accuracy. The
results from the MD-HMM were then used as input features
to the upper-layer HMM to make the final resource scaling
decision. For training and testing, we make use of RStudio,
a statistical software for R.

5.2.1 Training the MD-HMMs

We employ our modified Baum-Welch expectation maxi-
mization algorithm to fit the model when the dataset is not
trained. When the prediction model is trained, the Viterbi al-
gorithm can be applied to determine the hidden states. The
objective of the training algorithm is to optimize the MD-
HMM parameters such that the overall training sequence
likelihood is maximized or until convergence is reached. We
observed the resource usage for the streaming applications
for a period ranging from a few minutes up to 60hrs.

The optimal number of states for the MD-HMMs is
determined using the K-means clustering algorithm to find
the initial parameters of the distributions belonging to each
state. It is worth noting that our choice to employ the K-
means algorithm was due to its simplicity, however, any
clustering algorithm can be used. The K-means algorithm
grouped the multi-dimensional data into %k clusters during
the clustering process using the data points as shown in
Fig. 5, where each colored cluster represents the resource
usage states. From the elbow graph in Fig. 6, it can be seen
that the location of a bend in the graph is between 2 to
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Fig. 5. K-Means using CPU & Memory Values
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4 points, which is an indicator of the appropriate number
of clusters. Considering the within-cluster sum of squares
(SS), we selected 3 states from the result of the clusters as
determined by the K-means algorithm. Each cluster contains
a pair of values representing the mean and data points that
belong in the cluster.

We use the k cluster value derived from the K-means
clustering as input to the training algorithm and set the
initial parameters as shown in Tbl. 2. Since it starts from a
randomly initialized MD-HMM, the algorithm is run several
times with different initializations and the best model is kept
for prediction.

o We set states in the initial probability distribution
matrixas7T =1[0 0 1].

e In our 3-states model, there will be nine transition
probabilities A.

e For the observation probabilities, we use Gaussian
mixture distribution. We define the mean p and
variance o2 for each dimension of the model.

With the help of the defined variables and the re-
estimation formula, we then find the best MD-HMM model
A*. The modified Baum-Welch algorithm is used to train
the model to produce the state probabilities, transition
state probabilities, and observation mean and variances.
The Baum-welch estimates the model such that the log-
likelihood probability of generating the observation se-
quence O is maximized. The model is trained by varying
the initial parameters (\) with multiple runs to obtain the
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TABLE 2
Probabilities Matrix

Transition States (A)
0.858 0.142 0.000
0.053 0.926 0.021
0.013 0.019 0.968

Observation (u1) - cpu (%)
16.877 26.351 38.981
Observation (u2) - mem (b) * e 4+ 08
6.795 6.889 6.986

Variance (¢7) - cpu (%)
18.883 76.428 214.096
Variance (¢3) - mem (b) * e + 08

9.657 8961 8.716

updated parameters \). Fig. 7 shows that the log-likelihood
achieves its maximum at about 3 iterations.

Determining the best model is a model selection problem
tackled to prevent overfitting of data. Since there is no
simple, theoretically correct way of making model choices,
techniques like the Bayes Information Criterion (BIC) can
be used for determining the best model. The BIC uses the
likelihood as a measure of fit and penalizes complexity
(increased number of states) as a means of mitigating the
risk of overfitting. Also, BIC takes the number of parameters
into account when determining the best model. The graph
of BIC values obtained with different choices of k states
will show increase with k to a certain point before reaching
a plateau. The smallest k& for which the BIC no longer
increases signals a better model. To select the best model, we
trained a series of candidate MD-HMM with an increasing
number of states (k).

5.2.2 Predicting the MD-HMMs

This step involves computing the current state of the system
and using this to predict the future state. Here, we try to
generate the sequence of states responsible for producing
the observation sequence. After training the MD-HMMs for
each streaming job, the Viterbi algorithm [14] is used to
compute the most likely sequence of hidden variables which
could have generated our observations. We use as inputs
values (initial, transition and observation) from the defined
MD-HMM model and expect the list of states as outputs.
In order to determine the effectiveness of our approach
in predicting workloads of varying sizes, we varied the
training set period and the prediction period as shown
in Tbl. 3 to determine the effect that changes in training
and prediction periods will have on the accuracy of the
result. The MAPE and RSME values indicate the level of
correlation between predicted and referenced durations for
the test data. As shown in the table, the accuracy of the result
decreases as the prediction period increases, which indicates
greater accuracy for shorter prediction intervals. Therefore,
the MD-HMM model is ideal for predicting accurately the
resource usage patterns for time-bounded streaming appli-
cations with shorter durations of up to 4hrs.
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Fig. 7. Log-likelihood of the MD-HMM Model

TABLE 3
Prediction Set Size Variation & Accuracy of the MD-HMM

Experiment Period Prediction Period RSME (%) MAPE (%)
24hrs 4hrs 88.7 91.2
24hrs 6hrs 88.2 89.0
24hrs 8hrs 86.7 86.0
48hrs 8hrs 88.6 89.0
48hrs 12hrs 86.3 86.5

5.2.3 Validating the MD-HMMs

The accuracy of our model is determined by how well the
model performs on new datasets that were not used when
fitting the model. We evaluated the prediction accuracy of
the MD-HMM models based on two performance indexes,
which are the Mean Absolute Percentage Error (MAPE), a
commonly used scale-independent measure, and the Root
Mean Square Error (RSME), a scale-dependent measure to
determine the % error in our model. MAPE is defined as the
sum of the absolute deviation by the total of the predictions.
The calculation is written as:

MAPE =

1 Z |Actual — Forecast|
n |Actual

« 100) (36)

This was calculated for the next forecast interval in time
divided by the number of interval.

The RSME is calculated as:

RSME = * 100

zn: (Actual — Forecast)” 37)

t=1 n

5.2.4 Upper-layer HMM

The upper-layer HMM is trained on the outputs from the
lower-layer MD-HMMs using the normalized probabilities
of the states of the MD-HMMs as input. We compute the
A’ and B’ matrices, which are also trained using the Baum-
Welch algorithm [41] and the most probable states deter-
mined using the Viterbi algorithm [14]. The graph in Fig.
8 shows a prediction scenario where the x-axis indicates
an interval of 1 min for a 6hr prediction period depicting
the accuracy of the prediction system for highly variable
workload and the y-axis shows the resource scaling states,
(i.e., 1-down, 2-no scaling, and 3-up).
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Fig. 8. Actual vs. Predicted States

5.3 LMD-HSMM Implementation

In big data streaming applications, measurements of real-
time streaming workloads often indicate a significant
amount of workload variability is present over time. The
variability is as reflected in the off-peak and peak periods
that often characterizes the workload arrival. The exhibited
temporal patterns can have significant impact on the re-
sources required by streaming applications, hence, demand
resources be scaled up or down accordingly. A major ad-
vantage of using the HSMM-based model is in its capability
of making predictions for longer periods. The conditional
independence in the HSMM-based model is ensured when
the process moves from one distinct state to another. In this
section, we use the LMD-HSMM to evaluate the resource
usage states of big data streaming applications that run for
a longer period of time.

5.3.1 Training the MD-HSMM

In this model, we also classify the resource prediction
process into 3 states. We ensure the initial value of D is
sufficiently large enough to cover the maximum duration
of any state while being small enough to provide efficient
computation, we use D = 60hrs. The order of transition A
from each state signifies the change in time and the duration
of a state D represents the time spent in each state. The
observation sequence of each state throughout its duration
represents the constraints being modeled, e.g., CPU, mem-
ory. The sample variables used as inputs to the MD-HSMM
are as listed in Tbl. 4. We set the initial values for the initial
state probabilities 7 (0.33 0.33, 0.34), the state transition
probabilities a;;, the state duration distributions P;(d) and
the observation b;(O"). A Gaussian mixture model is used to
describe the observation, where (u1, i12) indicate the mean
values of the observation dimensions and (0%, 03) represent
the variances.

Given these initial states for the MD-HSMM, we then use
the modified Forward-Backward algorithm to re-estimate
the model parameters and obtain results. The MD-HSMM
training model is as shown in Fig. 9 indicating the conver-
gence of the parameters in the MD-HSMM. Working with
the log-likelihood makes it more convenient to decrease the
value returned by likelihood function. The x-axis shows
the training steps and the y-axis represents the likelihood
probability of different states. The progression of the states
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TABLE 4
Probabilities Matrix

Transition States (A)
0.00 050 0.500
0.50 0.00 0.500
0.47 0.53 0.000

Observation (u1) - cpu (%)
16.607 25.672 38.355
Observation (u2) - mem(b) * e 4+ 08
6.728 6.806 6.892

Variance (¢7) - cpu (%)
19.228 64.884 158.598
Variance (¢2) - mem (b) * e + 08
9.709 9.269 8.793

Duration
Shape 0.732 1.663 1.139
Scale 6.826 3.693 5.709
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Fig. 9. Log-likelihood of the MD-HSMM model
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Fig. 10. Simulated data and states for resource usage observations

reaches the set error in less than 3 steps. This indicates that
an appropriate MD-HSMM model is generated within 3 %
iterations.

5.3.2 Predicting and Validating the MD-HSMM

Using the observations and the MD-HSMM model, we exe-
cuted the Viterbi algorithm to determine the states that must
have given the observations. After obtaining the parameters
of the model, we use a simulation approach to produce our
own sequence of observations. Fig. 10 is a snapshot of the
CPU usage and memory data. The curve shows the values
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TABLE 5
Prediction Period Variation & Accuracy of the MD-HSMM

Experiment Period Prediction Period RSME (%) MAPE (%)
24hrs 4hrs 91.2 91.5
24hrs 6hrs 89.6 90.5
24hrs 8hrs 90.8 92.1
48hrs 8hrs 91.6 91.7
48hrs 12hrs 91.1 91.4
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Fig. 11. Actual vs. Predicted States
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Fig. 12. Predictive Accuracy of the MD-HSMM

from the observation distribution while the horizontal bar
indicates the different states. We then compute the means
of the model and the prediction data to validate the model.
Tbl. 5 presents the results of the training and accuracy of
prediction. Fig. 11 shows the predictive accuracy of the
model over a 6hr period. Fig. 12 depicts the accuracy of
the MD-HSMM in predicting the resource usage states of
streaming applications, highlighting its consistency in re-
taining its predictive properties for a longer period of time.

6 CONCLUSION

In this paper, we have investigated the challenges of pro-
visioning resources for big data streaming applications.
Based on our findings, we presented a layered multi-
dimensional HMM (LMD-HMM) and multi-dimensional
HSMM (LMD-HSMM) approaches for resource usage pre-
diction of time-bounded and unbounded big data streaming
applications, respectively. Our proposed methodology uses
multi-dimensional HMM/HSMM at the lower-layer, which
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are well-trained and the states concatenated at the upper-
layer for resource scaling. Experimental evaluation results
show that LMD-HMM has a good potential for predicting
the resource usage of time-bounded big data streaming ap-
plications. Thus, as long as the lower-layer produce consis-
tent models during training and testing, the LMD-HMM has
a better advantage than the single-layer HMM since it is able
to perform well under varying streaming environments.

We also make use of the LMD-HSMM framework for
predicting the resource usage of streaming applications
by explicitly modeling the duration of states. A modified
forward-backward algorithm is used to estimate the param-
eters of the MD-HSMM in which new variables are defined
and the corresponding re-estimation formulae is based on
the new variables derived. By incorporating explicit tempo-
ral structure into the framework, we are able to predict the
resource usage of unbounded big data streaming applica-
tions. Evaluation of our proposed frameworks is carried out
using developed big data streaming applications running
within the Spark streaming environment.

Our experimental results show that the HSMM-based
framework has a much better performance than the HMM-
based model when applied to unbounded applications since
it explicitly models the duration of states. In future, we will
investigate applicable models for managing resources in a
multi-tenant cloud environment.
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