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Abstract

Most of today applications are built on a micro-service architecture, where a large application is divided into different functional
parts that can be deployed on many containers that enable good load balancing. Container management tools need system load
forecasting means to timely balance system load. It is an important problem for systems with direct streams of popular events
which periodically have large splashes of a load. In this paper, we propose the load prediction method for such systems in two
cases: usual and broadcasting workload. Also, we propose an architecture of adaptive infrastructure using our load forecasting
method.
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1. Introduction
Computing clusters are actively used for processing large amounts of data in high-loaded broadcasting systems. The
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number of systems operating on the principle of microservice architecture is steadily growing. To increase cluster
performance, horizontal scaling is used: if necessary, new computing servers are added to the cluster. However, with
an increase in the number of users the overhead costs of maintaining the system also increase. To increase the
profitability of the system and maintain a short response time on the client side, it is essential that, on the one hand,
computing servers are not idle, and on the other, they are not overloaded.

For the early identification and solution of problems in such systems, monitoring and orchestration systems are
used [7]. Monitoring and orchestration systems have a problem of timely deployment of additional facilities [10]. In
the case of late deployment of the facilities, the response time on the client side increases, and the probability of failure
of the nodes also increases [8]. But if there is always a large number of available facilities, the cost of system
maintenance increases.

To determine the required number of capacities, it is necessary to predict the load on the system as a whole and on
its nodes [11]. Therefore, modern container orchestration systems use various methods to predict the load on a
broadcasting system (random forest [6], time-series analysis [1], users’ activity analysis). However, there is a number
of events in which it is extremely difficult to predict the load on the system by existing methods. For example, in the
case of a broadcast of a socially significant event (such as a popular boxing or football match), the load on the
broadcasting system will increase dramatically just before the start of the broadcast. Although the beginning of the
broadcast is known in advance, traditional methods of forecasting the load will not allow forecasting the load on the
system.

This paper proposes a new approach to forecast the load on a broadcasting system with applying data analysis from
social networks based on machine learning, as well as the new linearly scalable architecture of the system for
monitoring and orchestrating containers with a load prediction module using this approach.

The authors [1] propose to predict the load on the server using log analysis. This article says that existing methods
focus on the relationships between workload and time, which gives rise to many unrealistic hypotheses. The model in
this article is based on events (user actions) that actually cause the load of the system. Our article proposes to use this
approach to forecast the load on the system in the case when no socially significant events are planned.

The authors [2] offer an analytical workflow for data analytics projects. This workflow saves the time needed for
the implementation of the Data Science project by splitting the project into 6 phases: Discovery, Data preparation,
Model planning, Model building, Communicate results, Operationalize. Also, the basic concepts of using the main
predictive models, except neural networks, are described in this book.

In [3], the author states the basic concepts of using neural networks for the classification of text comments. The
book describes the types of layers of neural networks and their scope of application. Also, the concepts of classification
of textual data are described in this book. These concepts were used in this article.

This work is partly a continuation of research from [4], which proposes the distributed containerized system
architecture that allows authors to collect metrics from nodes and generate control actions based on the collected
metrics.

2. Research method

Our approach focuses on predicting the load on the system and its components using ML algorithms in order to
distribute services to network nodes better for reducing latency and maintenance costs and for increasing system
throughput.

Our methodology uses a combination of two methods for predicting the load on the system. The first method is the
traditional method (analysis of logs, user activity and system load at previous periods of time), and it is supposed to
be used in standard operating modes of the system. However, if there is a planned broadcast of a certain popular event
by the system, this method is not suitable for forecasting the load, since the load on the system, in this case, depends
primarily on how many people will be watching this event. In this case, it is proposed to use our new method. This
method is based on forecasting the load through the analysis of data collected from social networks since it is possible
to understand from this data how popular an event is in society.

The first method as a whole is described in [1] and other articles, so we will not consider it in detail. The main
purposes of this article are to describe the second method, since this method is new, and to describe the architecture
of the system.
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The second method is the creation of a model that predicts the load on the basis of data from social networks. To
build and implement the model, it is necessary to perform several stages: Discovery, Data preparation, Model
planning, Model building, Communicate results, Operationalize. At stage 1, a review of available data sources is
performed, and data available on social networks and within the system is examined. At the second stage, data is
collected from social networks and from the system. The main goal is to collect data related to the time periods before
and during the broadcasts with a large number of views. Also on this stage cleaning and transformation of data is
required. At the third stage, a review of potentially suitable for load forecasting types of models and their preliminary
testing take place. The most appropriate type of model is selected. At the 4th stage, the model is trained and tested. At
stage 5, a discussion of the results takes place, with a possible return to the previous steps if the load prediction model
does not meet the requirements. At stage 6, a system architecture is developed. This architecture must allow collecting
data from social networks and, if necessary, rebuilding the model [14].

The architecture of our system consists of the following components:

1) Container Launch Manager on the basis of Docker Swarm.

2) Container Distribution Manager.

3) Node monitoring manager based on the collection of metrics and KPIs of nodes and containers.

4) ML-based metrics and KPI analysis node manager.

5) Manager of collecting and analyzing data from social networks based on Machine Learning (ML).

At the beginning, we want to define the architecture of such a system, which allows us to effectively manage the
cluster and use data from nodes and from social networks to predict the load. It is suggested in this article to use
modernized architecture proposed in [5]. The modernized architecture of this system is presented in Fig. 1.
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Fig. 1. The architecture of the monitoring and orchestration system
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The architecture has the following form. On Node 1, ..., Node N nodes, there are server applications that serve
clients, packaged in Docker containers. The main metrics are read from these nodes (CPU, 1/ O, RAM, number of
threads and so forth) and sent to the Prometheus Server. Prometheus stores metrics in Local Storage. Local Storage is
the temporary storage of metrics. The Metrics App is the application that periodically forwards metrics from the Local
Storage (via Prometheus) to Cassandra, and, if necessary, removes needless data from the sample and adds new
calculated columns. ML engine analyzes metrics collected from system and data from social networks and determines
the need to transfer the container. Next, the ML engine requests a container transfer from the deployment manager
subsystem (Deploy Manager). The Deploy Manager is directly responsible for the deployment and transfer of
containers. Information about the location of containers on the nodes, as well as the success of the deployment, is
stored in the PostgreSQL.

Fig. 2 shows the scheme of the load forecasting subsystem. ML Engine collects data from three different sources
in order to be able to use both system and non-system metrics. Non-system metrics are stored in Elasticsearch.

To analyze the load and build a model for the mode of operation, when broadcasting a socially significant event,
the following occurs. Data mining application searches for event-related posts in social networks by tags. These posts
are checked for compliance with the theme of the event using the classification algorithm so that the sample does not
include posts that do not actually relate to the event, although they have the requested tags. Next, additional
information is extracted from the filtered entries (number of likes, number of views, number of reposts, comments
and so forth). Further Data mining application writes the filtered posts and additional information into the
Elasticsearch repository, from where, if necessary, they can be loaded into the ML Engine to train the model or forecast
the load on the system. Based on the predictions, the ML engine sends a control action to the Deploy Manager in order
to increase or decrease the number of containers at a certain point in time.

This scheme of the subsystem work allows to create forecasts based on a combination of data from different
sources, which increases the prediction accuracy in different modes of operation.
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Fig. 2. Scheme of the load forecasting subsystem
3. Results and discussions

In this paper, experimental development of the cluster load prediction subsystem for the mode of broadcasting a
socially significant event was carried out. As the predicted value, the number of views (that actually represents the
load on the system) of the Mixed martial arts (MMA) fights videos in one of the groups in the most popular Russian
social network was chosen. As input data on the basis of which the prediction was made, we selected posts for two
months before each fight in this group. The initial hypothesis was the linear dependence of the number of views on
certain metrics reflecting users' interest in the fight, such as: the total number of likes to all posts with certain tag, the
average number of likes to these posts, the total number of views of the posts, the total number of comments to the
posts. The metric of the total number of comments showed the smallest variance for predicting the number of views
using the linear regression model. The dependence graph of the number of views on the number of comments is



Aleksandr Orlov et al. / Procedia Computer Science 169 (2020) 773-779 777

presented in Fig. 3. This graph also shows a straight line constructed on the basis of the predictions of the created
regression model. The graph shows that the relationship is truly linear. The equation of the constructed linear model:
y=703.9 * x + 185704. Standard deviation: 168302 views. R2 (coefficient of determination) regression score = 0.93,
that indicates that there is a correlation between predicted and target values.
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Fig. 3. Views by comments

Since the search for posts related to the topic is done by tags, then non-topic related messages can potentially get
into the training sample and the prediction sample. For instance, when predicting the number of views of the MMA
fight there can be 2 athletes with the same last name - Ivanov, one of them is a skier, and the second is a MMA fighter.
Then it is needed to consider only comments to those posts with the #Ivanov tag that are related to mixed martial arts.
To exclude such situations, it is necessary to filter the posts by the topics to which the event relates [9].

For this purpose, a neural network model has been developed [18]. The neural network classifies data into 14
classes of posts. The neural network model is presented in Fig. 4.

from keras import models

from keras import layers

from keras import regularizers

model = models.Sequential()

model.add(layers.Dense(64, activation='relu',
input_shape = (MAX_NUM WORDS, )))

layers.Dropout(0.5)

model.add(layers.Dense(64, activation='relu'))

layers.Dropout(0.5)

model.add(layers.Dense(14, activation='softmax'))

model.compile(optimizer="'rmsprop',
loss= 'categorical_ crossentropy',
metrics=[ 'accuracy'])

Fig. 4. Keras neural network model architecture

The topology of the neural network includes 2 hidden layers of the Dense type with 64 neurons and Relu activation
function. The output layer is of the Dense type and has Softmax activation function because thus it is possible to
predict the probability that the comment belongs to a particular class [12][13][17]. The loss function is
categorical_crossentropy, the optimizer is rmsprop. To reduce overfitting, dropout was added in the form of Dropout
layers [15]. The key idea of the dropout is to randomly drop units (along with their connections) from the neural
network during training [16], which prevents units from co-adapting too much. The basic idea is that introducing noise
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to output values can break randomly created patterns that do not have much value. Thus, the neural network reduces
overfitting.

The training graph of the model is presented in Fig. 5. It is seen on the graph that 4 epochs are enough for quality
training (this is the minimum of loss function). After the 25th epoch, the network begins overfitting, and the result
worsens.
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Fig. 5. Epochs vs validation loss

The quality of random prediction is less than 10 percent, and the quality of prediction of the resulting model after
its training for 25 epochs is 85%, which is significantly higher than the accuracy of random prediction.

In the absence of a planned event, the load on the system can be predicted using the method presented in [1].

Thus, the combination of the new method and the formerly developed method allows forecasting quite accurately
the load on the system in the standard mode of operation and in the mode of broadcasting a socially significant event.
This way, it is possible to define the necessary number of nodes at a certain time for processing requests.

4. Conclusion

Thus, in this article, a new method of forecasting the load on the system during the broadcast of a socially significant
event has been created. Also, a distributed architecture of the system, which allows to collect and analyze the metrics
and logs of nodes and also to collect and analyze non-system data has been developed. Also, this article proposes to
combine existing methods and the developed method of forecasting the system load in different modes of operation.
The use of this architecture, coupled with a combination of described forecasting approaches, makes it possible to
reduce the response time on the client and decrease the number of servers in the cluster due to the efficient load
distribution. As further research, it is proposed to increase the number of parameters by which the prediction is made,
and it is also proposed to optimize the data collection process for forecasting.
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