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Abstract

amount of rain at a given location on a monthly basis.

This paper provides a Comparative study of various machine
learning and statistical models for timeseries modelling in order
to forecast future loads by an application-cluster on the cloud
infrastructure based on virtual machines (VM). The work done
in this paper emphasizes on data preparation in detail discussing
about various parameters for long term forecasting. It also
addresses the research gap between long-term forecasting and
existing literature which is more focused on short-term
forecasting restricted to VM level. It also explains the design of
a real-time monitoring and forecasting system to automate the
process of dynamic resource allocation based on forecasted
demand.

The time series data can be classified into three types:
1. Time series: collection of single data variable indexed
using timestamp, pair of consecutive entries may or
may not be separated by regular time interval.
2. Cross-sectional time series data: collection of two or
more observed fields for a single timestamp.
3. Pooled time series data: two or more time series
collected at same timestamps.
The models which use target variable as the only field are called
univariate models and the models which use one or more fields
other than target variable are called multivariate models.

Keywords: Time series analysis, machine learning, virtual
machines, Cloud infrastructure, automation, dynamic resource
allocation.

Time series consists of 3 components which are trend, seasonal
and cyclic components. The seasonal (S) component of a time
series is defined as the pattern observed due to weekly, monthly
or annual cycles. A cycle (C) can be defined as the short-lived
patterns in data which don’t have a fixed time period. A trend
(T) can defined as the long-term slope of the observed metric, it
can be positive or negative. This relationship can be
mathematically expressed as eqn. 1.

I. INTRODUCTION
One of the most important reason why cloud based
infrastructures are getting so widely accepted is due to the high
flexibility in terms of scaling resources as per demand. Setting
up of new compute resources requires some overhead time
which can lead to poor quality of service for cloud’s clients
.Hence for a smooth and cost effective scaling ,resources must
be adjusted to demand ahead of time. To achieve this dynamic
nature of cloud capacity, cloud load forecasting needs to be
done.

Y(t) = T(t) + S(t) + C(t) Eqn.

(1)

The load forecasting is done using various machine learning
and statistical models which use time series analysis. Time
series modelling is done using previously recorded time series
data for single or multiple parameters.

Cloud providers need to manage both the quality of experience
assured to the clients as well as reduce their own costs. In order
to minimize the difference between reserved resources and
utilization values, efficient time series forecasting needs to be
developed for predicting future resource demands. This paper
compares various statistical and machine learning models for
long term forecasting.

B. Cloud infrastructure
The cloud infrastructure used in this study is based on virtual
machines and is show in the figure (1) above. The highest level
of operational level in this hierarchy is Data-Center (DC) level.
DC level houses all the VMs related to individual cluster
applications. But each cluster itself is localized to geographical
locations grouped by DCs. For example if we had a cluster A
then its cluster name in India will be IND_A while US_A in
America.

A. Time Series Analysis
Time series can be defined as the collection of data points of
one or more fields separated by regular time intervals. Example:
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Fig -1: VM based cloud infrastructure

Each localized cluster consists of multiple ESXi hosts, and each
host machine houses multiple VMs belonging to same cluster.
All the disk requirements of a cluster are satisfied using a
Datastore unit which is specialized for disk I/O operations with
reduced read/write latencies. All the network related metrics are
stored in Network level Node in a DC.

Table -I. Time series Dataset fields
Field Name

Meaning

CPU usage

CPU utilization in MHz

Mem usage

Memory utilization in GBs

Disk usage

Combined disk usage in GBs

C. Research Gap

CPU contention

Total Outstanding CPU requests

Extensive research has been done for short term forecasting (i.e.
10 to 15 minutes) for operations level optimizations by
instantiation of new VMs as per requirements in advance. This
study deals with quarterly forecasting which helps in efficient
scaling by suggesting clients with expected cloud level usage
predictions.

Mem contention

Total
Outstanding
requests

Mem balloon

Loaned mem from hosts

IOPS

Total disk IOPS from datastore

N/w latency

Network latency in seconds

OIOs

Outstanding IOPS for datastore

N/W usage rate

Avg transfer over N/W in KBs

The algorithms applied for short term VM utilization
predictions are not effective as they learn short lived cyclic
patterns in data which are absent in long term data. The trends
shown at cluster level are hugely contributed by business level
strategies.

memory

II. RELATED WORK

D. Dataset

Existing research has focused on short term time series load
forecasting for VMs using machine learning techniques such as
SVR and variations of RNN discussed in this section.

Dataset used for this analysis is collected from various
hierarchical levels of the cloud infrastructure discussed in the
previous section. All the fields of the accumulated dataset are
listed in the table -1.

In [1], Proposed the usage of request time intervals along with
virtual machine work load with request time interval data. The
study also proposed the usage of a modified LSTM model
known as N-LSTM [2] for machine workload forecasting for
short-term predictions.

This study is restricted to prediction of CPU utilization (MHz),
Main memory utilization (GB) and disk usage (IOPS/GB) for a
timestamp of up to 3 months into the future.
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Nested LSTM [2] is an RNN architecture with multiple layers
of memory unit cells. Nested LSTMs add depth to LSTMs via
nesting as opposed to stacking. Nested LSTMs as opposed to
stacking uses addition of depth to LSTMs via nesting to learn
long term dependencies. Nested LSTMs outperform both
stacked and single-layer LSTMs with exactly the same number
of learned weights in the studies on various language modelling
tasks, and the densely nested cells learn longer term
dependencies compared with the higher-level units of a stacked
LSTM layers.

Data collection at the VM is done in very short intervals (i.e.
20s), if a model is trained with data of such high granularity
then it leads to very slow training with comparatively less
performance improvement. Also effect of outliers is reduced by
aggregation over larger intervals (i.e. 1 day). The original
dataset consists of 819M rows across all cluster VMs which was
down sampled to 189k records.
In the case of short term forecasting state of the art efficiencies
can be achieved by just studying the utilization metrics of past
without taking into the account for the cause that had the effect
in utilization values. But in the case of long term predictions the
information coming from sales or business side becomes key
factor to explain data trends (for example, an abrupt surge in
utilization can be explained if there is a new feature release for
an
application).
Therefore,
columns
such
as
“functionality_release” is true if there has been functionality
addition in past 4 weeks.“client_count” parameter keeps the
count of number of current registered user for the particular
application/cluster, etc.

Work done in [3] discusses the use of tensor canonical polyadic
decomposition (CPD) [4] to reduce the amount of training time
required for a deep learning model. The tensor CPD uses
stacked autoencoder to reduce the input dimensionality of
vectors which in turn reduce the number of weights to be
learned in training.
In [5], LSTM is used to improve long-term pattern
understanding in the data in order to increase the accuracy of
long term load forecasts. Hourly resolution in load forecasts not
only improves long term predictions but the resolution of
predictions made on hourly basis . this study was done on
England’s real time electricity usage metrics.

Columns such as “week_day” were added to the data set and are
set to true if it’s a week day and false otherwise, keeping
account for usage patterns on weekends . Similarly track of
holidays is kept using and additional column “holiday” was
added, which is true for all national holidays based on
geographical location of DC .

In [6], a comparative study across three forecasting models are
built using Linear Regressor (LR), Support Vector Regressor
(SVR) and Recurrent Neural Network (RNN) has been done.
This work proposes to include various SLA metrics rather than
utilizing only single metric predictions with the help of
utilization values such as memory , CPU and disk. This
inclusion of service level parameters along with utilization
provides a wider understanding of quality of experience.

Missing values in the dataset was imputed using mean
aggregation functions. All the numerical values were
normalized between a range of -1 to 1 .For baseline modelling
the dataset was split into train and test datasets in a 70:30 ratio
respectively.

Work done in [7] provides an analysis of effectiveness of time
series modelling with ARIMA [8] model. The work addresses
the hyper parameter tuning (p, q and d) specifically for long
term predictions . The trends in stock price compare to our use
case as stock prices are very random but long term trends are
driven by high level factor such as market assessment.

B. Real time prediction system

Work done in [8] is discusses about open source algorithm from
Facebook on Prophet algorithm to make effective time series
predictions along with scaling strategies. Prophet algorithms is
optimised for multiple regressors or for multivariate
forecasting.

Fig -2: Real time prediction pipeline

In [9] setting up an VM based cloud infrastructure for
Infrastructure-as-a-Service (IaaS) which is based on various
hierarchical levels described in section 1.2 . it allows for
efficient scaling infrastructure.

Real time prediction pipeline starts with collection of real-time
utilization metrics from each VM using an ETL (extract,
transform and load) script, which gets the collected data stored
in a TSDB. As discussed in section 3.1 the data collected at VM
level needs to be rolled up to cluster level for application level
analysis.

III. METHODOLOGY

After having the rolled-up data at cluster level, data aggregation
is performed to reduce the granularity of data which is not only
helpful for faster learning but also the amount of storage space
needed to store old data is reduced significantly. The roll up and
aggregation needs to be performed periodically with a
frequency same as the aggregation interval, these jobs are
scheduled using CRON scheduler.

A. Data Preparation
As discussed in the introduction section that there is a 3 level
hierarchy in the used cloud infrastructure. The data metrics are
collected from individual VMs ,these collected metrics need to
be rolled up to cluster level through host level. This rollup
needs to be done using roll up queries on a Time Series database
(TSDB).

Aggregated data is used to tune the already existing baseline
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models to new data trends. This update of in model weights is
done in an online learning manner (i.e. incremental updates).
Once the retuning of model is complete for current timestamps
data, model is used to make predictions for the next quarter.
Predictions for the next quarter are stored in a TSDB and same
is visualized on monitoring platform.

Table -3: CPU usage Prediction

IV. RESULTS
The data set was split into training and test datasets using a
70:30 ratio. Below tables show accuracies for quarterly
predictions for various time series modelling algorithms.
Fig-3 to 5 show learned vs actual data , black dotted plot
indicates actual utilization metrics whereas the light blue line
indicates prediction curve modelled by our algorithm.

Fig -5: Disk usage model

Table -4: Disk usage Prediction

Fig -3: Memory usage model

Table -2: Main Memory usage Prediction

It can be observed from the actual utilization metrics there is no
smooth trend associated with them. But the abrupt changes can
be learned with the parameters described in section III-A which
are not intrinsic to utilization metrics.

V. CONCLUSION
We can see from the results in the previous section that ARIMA
and Prophet fare comparatively better than SVR and
LSTM-RNN. LSTM-RNN are state of the are time series
prediction models but they don’t perform well when there is an
absence of short-lived cyclic patterns While models like
ARIMA and prophet are statistical models perform better when
the data trends are random. RNN based architectures don’t
adapt to sudden changes in data trends quickly.
.
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