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Abstract. In the last years, the volume of information is growing faster
than ever before, moving from small datasets to huge volumes of infor-
mation. This data growth has forced researchers to look for new alter-
natives to process and store this data, since traditional techniques have
been limited by the size and structure of the information. On the other
hand, the power of parallel computing in new processors has gradually
increased, from single processor architectures to multiple processor, cores
and threads. This latter fact enabled the use of machine learning tech-
niques to take advantage of parallel processing capabilities offered by new
architectures on large volumes of data. The present paper reviews and
proposes a classification, using as criteria, the hardware infrastructures
used in works of machine learning parallel approaches applied to large
volumes of data.
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1 Introduction

Machine Learning tries to imitate human being intelligence using machines.
Machine learning algorithms (supervised and unsupervised) use data to train
the model. Depending on the problem modeled, the data may be of the order
of gigas. For this reason an optimized storage system for large volumes of data
(Big Data) is indispensable.

In the last years, the term Big Data has become very popular because of the
large amount of information available from many different sources. The amount
of data is increasing very fast and the technology to manipulate large volumes of
information is the key when the purpose is the extraction of relevant information.
The complexity of the data demands the creation of new architectures that
optimize the computation time and the necessary resources to extract valuable
knowledge from the data [44].

Traditional techniques are oriented to process information in clusters. With
the evolution of the graphic processor unit (GPU) it appeared alternatives to
take full advantage of the multiprocess capacity of this type of architectures.
Graphic processors are in transition from processors specialized in graphic accel-
eration to general purpose engines for high performance computing [7]. This type
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of systems are known as GPGPU (General Purpose Graphic Processing Units).
In 2008, Khronos Group introduced the OpenCL (Open Computing Language)
standard, which was a model for parallel programming. Subsequently appeared
its main competitor, NVidia CUDA (Computer Unified Device Architecture).
CUDA devices increase the performance of a system due to the high degree of
parallelism they are able to control [27].

This document reviews platforms, languages, and many other features of the
most popular machine learning frameworks and offers a classification for someone
who wants to begin in this field. In addition an exhaustive review of works using
machine learning techniques to deal with Big Data is done, including its most
relevant features.

The remainder of this document is organized as follows. Section 2 describes
the techniques of machine learning and the most popular platforms. Next, an
overview about Big Data Processing is presented. Section 3 presents a summary
table with several classification criteria. Finally, in Sect. 4 some conclusions and
opportunities for future work are presented.

2 Machine Learning for Big Data

This section reviews Machine Learning and Big Data processing platforms con-
cepts. The first part presents a classification of the machine learning tech-
niques to later summarize some platforms oriented to the implementation of the
algorithms.

2.1 Machine Learning

The main goal of machine learning is to create systems that learn or extract
knowledge from data and use that knowledge to predict future situations, states
or trends [29].

Machine Learning techniques can be grouped into the following categories:

– Classification algorithms. A system is able to learn from a set of sample data
(labeled data), from which a set of classification rules called model is built.
This rules are used to classify new information [34].

– Clustering algorithms. It consists on the formation of groups (called clusters)
of instances that share common characteristics without any prior knowledge
[34].

– Recommendations algorithms. It consists of predicting patterns of preferences
and the use of those preferences to make recommendations to the users [36].

– Dimensionality Reduction Algorithms. It consists on the reduction in the
number of variables (attributes) of a dataset without affecting the predic-
tive capacity of the model [14].

Scalability is an important aspect to consider in a learning method. Such
capacity is defined as the ability of a system to adapt to the increasing demands
in terms of information processing. To support this process onto large volumes
of data, the platforms incorporate different forms of scaling [43]:
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– Horizontal scaling, involves the distribution of the process over several nodes
(computers).

– Vertical scaling, involves adding more resources to a single node (computer).

Machine Learning Libraries. In this section we present the description of
several libraries that implement some of the algorithms included in the previ-
ous classification. The use of these libraries is proposed using as criteria the
integration with new systems but not and end user tool criteria.

Apache Mahout1 provides implementations for many of the most popular
machine learning algorithms. It contains implementation of clustering algo-
rithms, classification, and many others. To enable clustering, it uses Apache
Hadoop [2].

MLlib2 is part of the Apache Spark project that implements several machine learn-
ing algorithms. Among the groups of algorithms that it implements we can find
classification, regression, clustering and dimensionality reduction algorithms [30].

FlinkML3 is the Flink machine learning library. It’s goal is to provide scalable
machine learning algorithms. It provides tools to help the design of machine
learning systems [2].

Table 1 describes the libraries presented above. For each one, the supported
programming language is detailed:

Table 1. Machine learning tool by language

Tool Java Scala Python R

Apache Mahout x

Spark MLlib x x x x

FlinkML x x

As shown above, the most used language is Java, which shows a tendency
when implementing systems that integrate machine learning techniques.

Table 2 describes each library and the support for scaling when working with
large volumes of data:

Table 2. Machine learning tool scaling

Tool H+V Multicore GPU Cluster

Apache Mahout x x x

Spark MLlib x x x x

FlinkML x x x

1 http://mahout.apache.org/.
2 http://spark.apache.org/mllib/.
3 https://ci.apache.org/projects/flink/flink-docs-release-1.2/dev/libs/ml/index.html.

http://mahout.apache.org/
http://spark.apache.org/mllib/
https://ci.apache.org/projects/flink/flink-docs-release-1.2/dev/libs/ml/index.html
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In the table we can see that the scaling techniques are combined with others
to obtain platforms with better performance.

2.2 Platforms for Big Data Processing

Big Data is defined as a large and complex collection of data, which are difficult
to process by a relational database system. The typical size of the data, in this
type of problems, is of the order of tera or peta bytes and they are in constant
growth [23].

There are many platforms to work with Big Data, among the most popular
we can mention Hadoop, Spark (two open source projects from the Apache
Foundation) and MapReduce.

MapReduce [9] is a programming model oriented to the process of large volumes
of data [16]. Problems addressed using MapReduce should be problems that can
be separated into small tasks to be processed in parallel [26]. This programming
model is adopted by several specific implementations (platforms) like Apache
Hadoop and Spark.

Apache Hadoop4 is an open source project sponsored by the Apache Software
Fundation. It allows distributed processing of large volumes of data in a cluster
[21]. It consists of three fundamental components [19]: HDFS (storage compo-
nent), YARN (resource planning component) and MapReduce.

Apache Spark5 is a cluster computing system based on the MapReduce concept.
Spark supports interactive computing and its main objective is to provide high
performance while maintaining resources and calculations in memory [29].

H2O
6 is an open source framework that provides libraries for parallel process-

ing, information analysis and machine learning along with data processing and
evaluation tools [29].

Apache Storm7 is an open source system for real time distributed computing. An
application created with Storm is designed as a directed acyclic graph (DAG)
topology.

Apache Flink8 is an open source platform for batch an stream processing.
Table 3 compares the platform with the type of processing supported and the

storage system used.
As can be seen, all the platforms support all varieties of storage. However in

large implementations the local storage (or pseudo-cluster) is not an option to
consider.

4 http://hadoop.apache.org/.
5 http://spark.apache.org/.
6 http://www.h2o.ai/h2o/.
7 http://storm.apache.org/.
8 https://flink.apache.org/.

http://hadoop.apache.org/
http://spark.apache.org/
http://www.h2o.ai/h2o/
http://storm.apache.org/
https://flink.apache.org/
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Table 3. Platform scaling

Scaling Storage

Tool HV Multicore GPU Cluster IMa Local DFSb

Apache Hadoop x x x x x

Apache Spark x x x x x x x

H2O x x xc x x x x

Apache Storm x x x x x x

Apache Flink x x x x x x
aIn-memory
bDistributed File System.
cThrough Deep Water (http://www.h2o.ai/deep-water/) in beta state.

3 Machine Learning for Big Data Review

This section proposes a classification of research works that use Big Data plat-
forms to apply machine learning techniques based on three criteria: language
(programming language supported), scaling (scalability) and storage (supported
storage type).

The combination of these three factors allows the proper selection of a plat-
form to integrate machine learning techniques with Big Data. Scaling is related
to the type of storage. In the case of using horizontal scaling, a distributed file
system must be used.

Table 4 shows the classification based on the above mentioned criteria.

3.1 Language

The supported programming language is an important aspect when selecting a
platform. Taking into account that this work is oriented to platforms that are not
end user (tools like Weka9, RapidMiner10, etc. are not considered), the following
programming languages are considered: Java, Scala, Python, R.

The most common language in this type of implementations is Java. However
over time appeared layers of software that abstract access to certain technologies.
With these news technologies is possible to use the platforms described in this
document with different programming languages.

3.2 Scaling

Scaling focuses on the possibility of including more process nodes (horizontal
scaling) or include parallel processing within the same node (vertical scaling) by
using of graphics cards. This document consider horizontal, vertical, cluster and
GPU scaling.
9 http://www.cs.waikato.ac.nz/ml/weka/.

10 https://rapidminer.com/.

http://www.h2o.ai/deep-water/
http://www.cs.waikato.ac.nz/ml/weka/
https://rapidminer.com/
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Table 4. Language-scaling-storage LSS classification

Articlea Language Scaling Storage

Al-Jarrah et al. [1] V DFS, IM

Aridhi and Mephu [2] Scala, Java Cluster DFS, IM

Armbrust et al. [3] Scala, Java, Python Cluster Local, DFS, IM

Bertolucci et al. [4] Java Cores, Cluster DFS, IM

Borthakur [5] Java Cluster Local, DFS

Castillo et al. [6] Cluster

Catanzaro et al. [7] Cluster, GPU DFS, IM

Crawford et al. [8] Scala, Java, Python Loca,IM

Dhingra and Professor [10] Java Cluster Local, DFS

Fan and Bifet [11] Java Cluser, GPU DFS

Gandomi and Haider [12] Vertical

Ghemawat et al. [13] Cluster DFS

Hafez et al. [15] Scala, Java, Python Cluster DFS, IM

Hashem et al. [16] Java H, V, Cluster, GPU DFS, IM

He et al. [17] V, Cluster DFS, IM

Hodge et al. [18] Scala, Java Cluster DFS

Issa and Figueira [20] Java, Python H, Cluster DFS, IM

Jackson et al. [21] Java, Python Cluster DFS

Jain and Bhatnagar [22] Java Cluster DFS

Jiang et al. [23] Java, Python Cluster, GPU DFS, IM

Kacfah Emani et al. [24] Scala, Java Cluster DFS, IM

Kamishima and M. [25]

Kiran et al. [26] Java Cluster DFS, IM

Kraska et al. [28] Scala Cluster DFS, IM

Landset et al. [29] Scala, Java DFS, IM

Meng et al. [30] Scala, Java Cluster DFS

Modha and Spangler [31] Cluster DFS

Naimur Rahman et al. [32] Java Cluster DFS

Namiot [33] Scala, Java Cluster DFS

Norman et al. [35] Cluster DFS

Pääkkönen [37] Scala, Java, Python Cluster DFS

Ramı́rez-Gallego et al. [38] Scala Core, Cluster DFS

Saecker and Markl [39] H, V, Cluster, GPU DFS

Salloum et al. [40] Scala, Java Cluster, Paralell DFS

Saraladevi et al. [41] Java Cluster DFS

Seminario and Wilson [42] Java Cluster Local, IM, DFS

Singh and Reddy [43] Scala, Java Local, IM, DFS

Singh and Kaur [44] Java H, V, Cluster DFS

Walunj and Sadafale [45] Java Local, DFS

Zaharia et al. [46] Scala, Java Cluster DFS
aSome articles only deal one of the criteria mentioned above, but in any case all the articles
are included in the table.
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As can be seen in Table 4, and in the above tables, all the platforms scale
horizontal by using a DFS that in most cases corresponds to Hadoop. However
platforms that work with data in memory are becoming more popular (like
Spark).

3.3 Storage

Depending on the amount of information and the strategy used to process the
information, it is possible to decide the type of storage: local, DFS, in-memory.
Each type involves the implementation of hardware infrastructure to be used.
For example, in the case of a cluster implementation, it is necessary to have
adequate equipment that will constitute the cluster nodes.

For proof of concepts it is acceptable to use a pseudo-cluster that simulates
a cluster environment on a single machine.

4 Conclusions

In this document, a brief review on the machine learning techniques was carried
out, orienting them to the processing of large volumes of data. Then, some of
the platforms that implement several of the techniques described in the docu-
ment were analyzed. Most of the reviewed articles use techniques, languages and
scaling described in this document.

In general, we can conclude that all these techniques are scalable in one way
or another. It is possible to start from a local architecture (or pseudo-cluster) for
a proof of concept test and progressively scale to more complex architectures like
a cluster, evidencing the need for distributed storage (DFS). The programming
language should not be a factor when selecting a platform, since nowadays there
are interfaces that allow the use of the mentioned platforms in a growing variety
of languages.

Future work may be proposed to perform a similar study considering the
time factor. This factor determines two forms of processing: batch and online
processing. Finally, streaming processing could be incorporated into the study,
which is a fundamental part of some of the platforms described in this document.
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