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Abstract 
Learning is a complex multi-faceted phenomenon. While we do not understand how learning 

happens entirely, we understand it well enough to devise models that excel at narrow domain 

learning. Machine learning and deep learning enable us to create models that learn and 

implement that learning. There is an abundance of tools that achieve the same goals in 

different levels of abstraction, amount of work done and flexibility to tailor learning methods. 

However, they are not one-trick ponies and most of the times do not prove to be suitable for 

all problem scenarios involving machine learning and deep learning. Often the distinction 

between platforms and libraries remain as: platforms provide an abstraction of the techniques 

and allow easy implementation of machine learning at scale whereas libraries provide 

methods to build tailored solutions and often will involve coding from scratch. Depending on 

who is building, the amount of time and resources available, a library as well as a platform 

can help one get to the solution. In this study the aim, hence, is to analyze various available 

tools for building the models in order to make it easier to decide which tool to use for a given 

scenario. 
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INTRODUCTION  
Machines have always been the cursors of 

ease, making everyday tasks easier and 

revealing new horizons to be pursued with 

renewed vigor as they add a new capability to 

our diverse skill set. Until the early 2000s, 

successful advances have come often only for 

procedural tasks, tasks which can be written 

down as a rule set or a sequence of 

instructions, but with the advent of machine 

learning, the ability to accomplish dynamic 

and not so straightforward tasks such as 

recommendations and predictions have 

become not only easy but also ubiquitous. 

Machine learning is when the computer can 

learn about the system without being explicitly 

programmed for each case. It refers to the use 

of statistical and other methods to pursue 

learning. The learning mentioned here is an 

estimation of the behavior of a given system. 

This learning was first proposed to be done 

mathematically, where the meta data of the 

system helps predict system behavior [1–3]. 

Later, various methods inspired by nature such 

as neural networks were proposed. Today, 

almost every new service coming up has some 

sort of machine learning formula it is using. 

Right from adjusting AC temperature to 

driving cars, machine learning has been seen 

to fit in. Not only that, things such as a 

medical lookup website such as WebMd and 

virtual assistants that were previously thought 

devices of 2050 are now not only in existence 

but are also common place. Learning is an 

important milestone in achieving functional 

Artificial Intelligence, although, whether 

intelligence similar to artificial general 

intelligence is accessible or not remains a 

thing to be seen in the decades that come. But 

meanwhile, what cannot be ignored is the 

power machine intelligence brings to everyday 

lives. Creating machine learning models has 
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become simpler over time as well. A field that 

was previously open to a clique of scientists 

with advanced mathematical and 

computational science knowledge is now open 

to anyone with programming experience for 

experimenting with its applications; the 

research has become more accessible as well 

but still requires a depth of mathematical 

knowledge. Building machine learning 

applications has become more accessible 

partly due to the increase in software and 

libraries providing an abstraction from the 

nitty-gritty of machine learning and giving a 

black box to enter the data in instead. Coding 

machine learning models from scratch has 

become simple as well owing to the packages 

and libraries available in the general-purpose 

languages and the emergence of new 

languages that make coding the complex math 

involved in machine learning simpler. It has 

now become common place to execute a 

machine learning algorithm on the data one 

has. With the plethora of tools available for 

implementing machine learning, it is still often 

confusing to decide the suitability of the tool 

for a task for a variety of reasons ranging from 

insufficient knowledge of the capability of the 

tool to insufficient knowledge of other tools. 

One might be using TensorFlow without 

awareness of the optimizations it is capable of 

or one, being a learner who has just read about 

neural networks, might end up looking for 

python libraries such as CNTK when all he 

needs perhaps is a platform like Azure ML 

studio to understand the big picture. 

 

In this study, we explore various libraries and 

platforms for implementation of machine 

learning algorithms. To do so, we first go 

through the history of machine learning and 

deep learning in section II the way they grew 

and their efficiency in solving today's 

problems. Next, we look at problems where 

machine learning and deep learning are used 

and discuss why it is so in section III. In 

section IV the reason behind the emergence 

and suitability of various languages for 

implementing the machine learning and deep 

learning is discussed. Followed by section V 

where various libraries of various languages 

are discussed along with their special features. 

Along with libraries, platforms and the level of 

abstraction they provide, cost etc. are 

discussed as well. Finally, we discuss their 

usage and layout of the tasks each library is 

known for solving. We, hence, hope to make it 

simpler for a user to decide which library to 

use for each of the possible machine learning 

problems in light of the information presented 

in this study. 

 

THE OVERVIEW OF MACHINE 

LEARNING AND DEEP LEARNING 

Machine Learning can be defined as a set of 

mathematical constructs and algorithms made 

for learning. This learning happens in terms of 

probabilities in probabilistic models, in terms 

of a vector in neural networks and in terms of 

construction of probabilities of the next branch 

in decision trees. Machine Learning 

algorithms access data and draw inferences 

from it. Like we humans do. Yet, machine 

learning is not so simple owing to the multiple 

facets of tasks it involves [4]: task-oriented 

learning, cognitive simulation, and theoretical 

analysis.  

 

Machine learning consists of a variety of tasks 

with a specified set of algorithms suited for 

each task. Right from regression tasks to 

language generation and face recognition. 

Simple mathematical models have proven to 

be insufficient for various complex tasks such 

as image recognition. This being because most 

of the machine learning algorithms that could 

be implemented given the computational 

power of yesteryear worked on the 

conclusions derived on the overall data, they 

did not work with individual data points or did 

not remember the details. The adaptation of 

neural networks came after the computational 

power was enough to run them on large 

amounts of data. The neural networks proved 

to be more powerful in some fields such as 

image processing for they were capable of 

doing both, understanding the lower level 

details and the abstraction.  

 

Neural networks came into the picture in 1957 

with the discovery perceptron’s, but the forms 

of neural networks popular today did not come 

into being until the 1980s when back 

propagation, recurrent neural networks and 

reinforcement learning were discovered. Fast 

forward to 2017, neural networks has been 
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experimented with and developed to remember 

information and generate data and are 

dominant in every field be it translation or 

image recognition. Deep learning consists of a 

set of tools that is a subset of machine learning 

tools. Deep learning is a set of algorithms that 

help achieve the tasks that machine learning 

set to achieve. Deep learning is hence a subset 

of machine learning as shown in Figure 1. 

 

 

Fig. 1: Machine Learning and Tools to 
Achieve Machine Learning. 

 

Today, neural networks are synonymous to 

Deep Learning, but deep learning is defined by 

a set of algorithms and techniques that often 

involve multiple successive layers that 

perform feature extraction and transformation. 

These multiple layers enable the model to 

learn representations of the input data at 

various levels usually split from a higher level 

to lower level features with higher level 

features being abstract ones and the more 

complex details being captured in the lower 

features [5]. Deep learning methods also use 

gradient descent in some measure. A full-

fledged Deep learning model hence is similar 

to a scaled up neural network which has 

multiple layers and nodes. The increase in 

accuracy that deep learning brings comes at 

the cost of computing power. Due to which, 

libraries have been developed specifically for 

deep learning tasks. 

 

Deep Learning and machine learning seem to 

be complete solutions in themselves; the 
existence of one seems to invalidate the need 

for the existence of the second approach. For 

example, Image processing is a field that 

involves multiple approaches to it, the 
statistical machine learning approach and the 

deep learning approach. The statistical 
machine learning approach often involves 

derivation of a result based on metadata. This 
is used in tasks such as face detection, 

background subtraction etc. Let us take the 
example of background subtraction in image 

processing. Background subtraction is needed 

in use cases such as self-driving cars where the 
position of the subject changes continuously. 

Background subtraction can be achieved by 
both methods: Statistical machine learning and 

neural networks. In statistical machine 
learning, Gaussian filtering is one of the 

methods used and has shown considerable 
results. Neural Networks can be used for this 

task as well; they do not rely on statistical 
metadata and instead understand the picture in 

layers of abstraction with each layer 
considering a more detailed view than the 

previous one. In this case, both approaches 
provide complete solutions. 

 
However, not all problems have both machine 

learning and deep learning solutions; some 

have only deep learning solutions. Take the 
example of image Description, it would be 

difficult for statistical methods to take in the 
inputs as image and text, even if they do, 

achieving accuracy would be difficult as well. 
Neural networks with multiple layers and 

feedback loops, on the other hand, have been 
seen to accomplish this [6, 7]. When given an 

image, it is sent through a CNN that consists 
of a rich encoding of the image. The output of 

the CNN is sent to an RNN which is trained 
for generating language. This can be further 

optimized by processing the picture in parts. 
Another example where only machine learning 

is not sufficient enough is a generation of 
images from a given text; this has been 

accomplished using GANs [8]. GAN, short for 

Generative Adversarial Network is a system 
wherein two networks work together to 

achieve a system wherein one network is a 
generator and the other is a discriminator. The 

job of the generator is to generate samples 
such that the discriminator cannot tell the 

difference between real and fake samples, fake 
being the ones generated by the generator. By 

doing so the generator learns the system 
properties. Such robust learning methods are 
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not always possible in statistical machine 

learning due to which deep learning methods 
are better suited for real-world problems of 

language, images, understanding, etc. 

 

SAMPLE SCENARIOS 

When one has a bulk of data, intuitively, one 

can do three things. Analyze the data, predict 

future outcomes based on the data or fit new 

data points into classes according to the old 

data. Let us take the example of an e-

commerce site selling books where a user 

brought three storybooks and three textbooks. 

Figure 2 shows a diagram of how a user's data 

is used for different tasks independently. We 

see the questions asked for each task and the 

algorithms that can be used. The major three 

tasks that are often performed on data such as 

that of an e-commerce site are as follows: 

 

Classification: When the category is 

determined according to pre-determined 

categories and is trained on a labeled data set, 

the task is called classification. On the other 

hand, if data is grouped as it comes, without 

any prior information about the classes or 

without the labels of the classes, it is called 

clustering. Similar data points are grouped 

together as they are encountered and if a new 

point does not lie in any of the given groups, a 

new cluster is formed. For example, classify a 

new user into an age group based on his 

purchases and other people who have 

purchased the same things. Hence, in 

classification, existing data points are grouped 

together into classes. Each point in a class is 

similar for all fields to the other points in that 

class. Based on the books a user bought, the 

user can be classified as to which grade he 

belongs to or how old he is. 

 

Prediction: It involves extrapolating or 

interpolating based on given data points, i.e., 

Suggest the next thing the person would 

probably like to buy. Given the purchases of a 

person, their next purchase can be predicted 

based on what other people bought along with 

or after these items. Based on the books the 

user bought, it can be seen which other books 

people bought along with them and 

suggestions can be made. For example, 

perhaps he bought two of the five textbooks 

that people often buy for a fifth-grade science. 

Based on this, the other three textbooks can be 

suggested as well.  

 

Analysis: Buying trends can be analyzed by 

age, geography, time of the day, etc. This 

helps in understanding the patterns and 

deciding marketing strategies. It also helps in 

reviewing previously employed strategies and 

analyzes who buys what the most. 

 

 
Fig. 2: Example Usage Scenarios of An E-commerce Site Data. 
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As seen in the previous section, various 

problems such as background subtraction or 

stock price prediction may be solved by both: 

machine learning and deep learning, while 

others such as image description may be 

specifically solved by deep learning. For the 

problems that have solutions that give 

acceptable results using both approaches 

which approach to choose depends upon the 

computational power available and the level of 

accuracy needed. As the emergence of ML/AI, 

development efforts, implementation aspect 

differs as per different languages. It also 

depends upon data available, time required for 

processing, platform the application is built 

upon and the languages available for using, 

whether the language being used is a recent 

one focused on machine learning or is a 

general-purpose language like C/C++ or Java. 

These implementation aspects are discussed in 

the coming sections. 

 

IMPLEMENTATION ASPECTS OF 

MACHINE LEARNING AND DEEP 

LEARNING 

The idea of which approach to choose based 

on the platform begs the question, cannot all 

platforms execute all machine learning 

algorithms? Why do so many new languages 

emerge when the old ones such as C++ are 

claimed to be extremely powerful and are 

indeed the base of the new emerging 

languages? A new language emerges when the 

requirements and the users of the language 

change. As the use of languages for 

application purposes increased, coding in basic 

languages such as C/C++ became tiresome [9]. 

High-level languages such as Java became 

popular because of its already available 

libraries which made coding simpler. These 

new languages have inbuilt libraries for things 

that are used often but have no inbuilt 

implementation in the existing language. The 

existing language imports a third-party library 

for the purpose which increases complexity 

and dependencies. Third party libraries also do 

not provide flexibility of implementation. On 

the other hand, the newly emerged language 

not only has an inbuilt library, but it also has 

efficiently implemented version of the same. 

The new languages are faster and more 

efficient, for example, Go is closer to the 

hardware and are more similar to regular 

English. The emergence of various languages 

for machine learning took place due to reasons 

similar to the ones mentioned above. Machine 

learning involves scale, millions of 

computations to get one pattern. This kind of 

computation is hard to formulate in C++ [9]. 

The algorithms require data structures that 

optimize CPU usage, something that perhaps 

not all programmers are capable of doing. 

Python is perhaps the most popular language 

for machine learning these days owing to its 

high level and ease of use. Along with that, it 

is simple, elegant consistent and has a little bit 

of everything. Ultimately python is written in 

C/C++ but doing machine learning directly 

using lower level languages demands a deep 

knowledge of those languages in order to 

create optimized programs. Additionally, C++ 

has STL and other third-party libraries, but 

these are not sufficient for the machine 

learning problems. Instead, while 

implementing them in python, the data 

structures that are lacking are already 

implemented optimally. Along with that, it 

frees the programmer from the concerns of 

knowing the complex low-level languages and 

its paradigms. Especially the newer languages 

made especially for machine learning; they 

provide one with an abstraction that achieves 

exactly what the programmer is looking for in 

a fuss-free manner [9]. A recent survey by 

economic hub found that python is the most 

prioritized language in development for 

machine learning, data science followed by R, 

C/C++, Java and JavaScript in that order. 

Languages, such as Julia, SCALA, MATLAB 

held minorities [10].  

 

Though above-stated languages are used, 

independent solutions can be developed from 

scratch but there are libraries are available 

using which we can kick-start development of 

any project. Libraries contain prebuilt 

functions which are something special 

purpose. For example, OpenCV is a special 

purpose library for computer vision; NLTK 

and Textblob are explicitly for text processing. 

On the other hand, Scikit-Learn and Theano 

are general purpose machine learning libraries. 

The decision to use a language and the library 

in that language depends upon the requirement 

of the developer and resources available at 

hand. Also, some languages and tools such as 
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MATLAB and Weka are used primarily for 

prototyping and quick implementation. In the 

next section, this is explored in deep in the 

form of major libraries and their use cases. 

 

LIBRARIES AND THEIR USAGE 

The library contains a set of functions that are 

frequently used for different purposes. There 

exist a number of libraries for ML 

programming having different usages. In this 

section, we have explored the most popular 

ML libraries and their usage. 

 

Libraries 

Deeplearning4j [11]: It is an open source deep 

learning library for Java which works on 

GPUs and CPUs. It includes implementations 

of the restricted Boltzmann machine, deep 

belief net, deep autoencoder, stacked 

denoising autoencoder and recursive neural 

tensor network, word2vec, doc2vec, and 

GloVe. It is used in the finance industry for 

fraud detection, automotive industry for failure 

detection, for risk detection in areas of security 

and finance, recommendation engines for 

social networks and e-commerce, sentiment 

analysis for reputation management, social 

media and CRM. 

 

Gensim [12]: Gensim is an open-source vector 

space modeling and topic modeling toolkit in 

built using SciPy, NumPy and Cython in 

Python. It contains models for tf-idf, random 

projections, word2vec and document2vec 

algorithms, Hierarchical Dirichlet Processes 

(HDP), Latent Semantic Analysis (LSA) and 

Latent Dirichlet allocation (LDA), including 

distributed parallel versions. It has been used 

by Rare Technologies, for NLP applications, 

by Mindseye for finding, by Cisco for large-

scale fraud detection similarity between legal 

documents, by Amazon for finding similarities 

between documents and many other 

corporations for text related applications. 

 

Keras [13]: Keras is a cross-platform python 

library written specifically for neural 

networks. It can be integrated with or used on 

top of MXNet, Deeplearning4j, TensorFlow, 

Theano. The paradigm of this library revolves 

around modularity, mineralization and 

extensibility. Keras is also now supported in 

TensorFlow's core library. While other 

libraries are themselves implementations, 

Keras on the other hand is a framework that 

provides abstractions that enable 

implementation of other back-end libraries 

mentioned above. 

 

MXNet [14]: MXNet is a framework that is 

supported by multiple programming languages 

such as C++, R, Python, JavaScript, Julia, 

Matlab, Go, etc. It is the library that supports 

the most languages, supports GPUs as well as 

CPUs and has the support of major cloud 

providers as well, especially Amazon where 

MXnet is the framework in AWS. The major 

features are flexibility, multiple languages, 

portability, scalability. Because of these 

features, this library is supported by various 

organizations such as Baidu, Microsoft, Intel, 

MIT, Carnegie melon, etc. MXnet is used for 

face detection, Optical character recognition, 

machine translation and other such deep 

learning applications. 

 

Microsoft CNTK [15]: It is an open source 

toolkit for deep learning created by Microsoft. 

It is the only toolkit that can scale beyond two 

machines. While it is a toolkit, it can also be 

used via Python, C++ libraries available. It is 

used as a backend with Keras in Python. It has 

been used for machine translation, image 

processing and other such deep learning tasks.  

 

OpenNN: OpenNN is a cross-platform open-

source library written in C++. It has a deep 

architecture for supervised learning in the 

form of layers of non-linear processing units 

which enables the creation of neural networks 

that have universal approximation properties. 

It has data mining functions but lacks a GUI 

which can be made up for by third-party 

visualization tools. OpenNN also has a 

companion tool called Neural Designer which 

provides an interface and abstraction for 

performing advanced analytics tasks. 

 

Torch [16]: Apart from being a machine 

learning library, torch doubles as a scientific 

computing framework and a scripting 

language. It is based on Lua and majorly has 

algorithms for deep learning. It has major 

packages as torch and nn with other various 

packages that add the functionalities of 

parallelism, image processing etc. Torch is 
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used by Facebook, IBM, Yandex. Like 

TensorFlow, torch also has android and IOS 

compatibility. It is mostly used for models that 

require heavy dataflow such as neural 

networks. 

 

TensorFlow [17]: Created by the Google brain 
team, it is an open-source machine learning 

library designed majorly for neural networks 
but is capable of a variety of machine learning 

tasks. It is the fastest growing machine 
learning library. It has a version called 

TensorFlowLite which is designed for android 

development. TensorFlow has been used for 
speech recognition, text summarization, 

translation, image processing by various 
corporations including Google. 

 
Caffe [18]: This is a deep learning framework 

written in C++ and is implemented in python. 
It was developed in UC Berkley and is focused 

on neural networks and image processing. 
GPU based acceleration is supported via 

cuDNN (NVIDIA). This library is often used 
in academic research projects and startup 

prototypes. It is used with an integration of 
Keras. 

 
Theano [19]: This is an open source cross-

platform library developed by the University 

of Montreal. It is a python-based library which 
focuses on efficient representation and 

compilation of computations on CPUs and 
GPUs. Theano provides Tensors for 

computation which enables it's optimized 
under the hood calculations. Because of this 

feature, it often gets compared to TensorFlow. 
It is used especially in use cases involving 

neural networks. 
 

Dlib [20]: This library is being developed 
since 2002. It is a cross-platform library being 

written in C++. Unlike other libraries, it 
derives its paradigm from a design by contract 

and component-based software engineering. It 
hence resembles a collection of software 

components. In machine learning, it contains 
software components like any general-purpose 

programming language: networking, data 

structures, threads, GUI. But on top of that, it 
also has the components that a machine 

learning library would have: machine learning, 
image processing, numerical optimization, 

data mining, Bayesian networks, etc. 

H2O [21]: While most of the libraries have 

been focusing on machine learning, this is a 

software made for big data analysis and runs 

on Apache Hadoop. It is used for exploring 

and analyzing datasets in cloud computing and 

is compatible with the majority of browsers. 

 

Scikit-learn [22]: Scikit-learn [23] is made for 

python and supports various machine learning 

tasks such as classification, clustering, 

regression, k-means, random forest, etc. It 

interoperates with Numpy and SciPy and is 

written in Cython. It is used by companies 

such as Evernote, booking.com, Spotify, 

change.org, and many more [24]. 

 

MLPack [25]: It is a C++ library that focuses 

on speed, scalability and ease of use. It provides 

an abstraction that makes it easy to use for 

beginners and at the same time takes advantage 

of features of C++. It is open source and is built 

on top of Armadillo library. It is supported by 

Georgia Institute of Technology and includes 

machine learning algorithms such as hidden 

Markov models, Logistic regression, Naïve 

Bayes Classifier, principal component analysis, 

nearest neighbor algorithms and so on.  

 

Natural Language Toolkit (NLTK) [26]: It is a 

suite of libraries and programs for symbolic 

and statistical natural language processing 

(NLP) for various languages. Steven Bird and 

Edward Loper in the Department of Computer 

and Information Science at the University of 

Pennsylvania has developed. It provides easy-

to-use interfaces to over 50 corpora and lexical 

resources such as WordNet, along with a suite 

of text processing libraries for classification, 

tokenization, stemming, tagging, parsing, and 

semantic reasoning, wrappers for industrial-

strength NLP libraries. 

 

PaddlePaddle (PArallel Distributed Deep 

LEarning) [27]: It is an open-source deep 

learning platform. It is easy to use, efficient, 

flexible and scalable deep learning platform, 

originally developed by Baidu scientists and 

engineers for the purpose of applying deep 

learning to many products at Baidu. 

Concentrated towards an efficient deep 

learning, PaddlePaddle has a deep learning 

framework named ‘Fluid’. Fluid is said to be 

similar to PyTorch and TenserFlow Eager 

https://en.wikipedia.org/wiki/University_of_Pennsylvania
https://en.wikipedia.org/wiki/University_of_Pennsylvania
http://nltk.org/nltk_data/
http://nltk.org/nltk_data/
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Execution, which describes “process” of 

training or inference using the concept of a 

model. Efforts have been taking place to push 

Fluid towards the directions of a compiler and 

a new programming language for deep 

learning. PaddlePaddle has a binary floating-

point data type that occupies 16 bits in memory 

‘float16’. It is half the size of traditional 32-bit 

single precision format (float). 

 

Chainer [28]: It is an open source deep 

learning framework written purely in Python 

on top of Numpy and CuPy Python libraries. 

The development is led by Japanese venture 

company Preferred Networks in partnership 

with IBM, Intel, Microsoft and Nvidia. 

Chainer supports various network 

architectures including feed-forward nets, 

ConvNets, recurrent nets and recursive nets. It 

also supports per-batch architectures. Forward 

computation can include any control flow 

statements of Python without lacking the 

ability of backpropagation. It makes code 

intuitive and easy to debug. 

 

Table 1: Details of Machine Learning Libraries 
Sr Library Name Operating System License GPU 

Support 

Written In Language 

Interface 

Use Cases 

1 Deepleanring4j Linux, Mac, Windows, 

Android 

Apache 2.0 Yes Java Java, Python, 

Scala, Closure 

Deep Learning 

2 Genism Linux, Windows, 

MacOS 

LGPL Yes Python Python Information Retrieval, 

Natural Language 

Processing 

3 Keras Windows, OSX, Linux, 

Debian, Fedora, 

Ubuntu, openSUSE 

MIT Yes Python Python, R Neural Networks 

4 Mxnet Windows, Linux Apache 2.0 Yes C++, Python, R, 

Julia, JavaScript, 

Scala, Go 

Python Deep Learning 

5 CNTK Windows, Linux MIT Yes C++ Python, C++, 

Command 

Line 

Machine Learning 

Deep Learning 

6 OpenNN 
 

LGPL No C++ C++ Neural Networks 

7 Torch Linux, Android, Mac 

OS, IOS 

BSD Yes Lua, C, CUDA, 

C++ 

Lua Machine 

Learning/Deep 

Learning 

8 TensorFlow Linux, Mac OS, 

Windows, Android 

Apache 2.0 Yes C, C++, Ccuda Python 

(Keras), 

C/C++, Java, 

Go, R 

Machine Learning 

9 Caffe Linux, MacOS, 

Windows 

BSD Yes C++ Python, 

MATLAB 

Deep Learning 

10 Theano Ubuntu, Mac OS, 

CentOS6, Windows, 

NVIDIA Jetson TX1, 

AWS, Docker, Gentoo 

BSD Yes Python Python Deep Learning 

11 Dlib Windows, MacOS, 

Ubuntu 

Boost 

Software 

License 

Yes C++ C++ Deep Learning 

12 H2O Linux, MacOS, 

Windows 

Apache 2.0 Yes Java, Python, R Python, R Big Data Analytics 

13 Scikit-Learn Linux, MacOS, 

Windows 

BSD No Python, Cython, 

C, C++ 

Python Machine Learning 

14 Mlpack Windows, Ubuntu BSD No C++ C++ Machine Learning 

15 Paddle Paddle CentOS 6 or later, 

Ubuntu 14.04 or later, 

MacOS 10.12 or later 

Apache 2.0 Yes C++ C++, Python: 

2.7.x 

Deep Learning 

16 Chainer Ubuntu 14.04+, CentOS 

7+ 

MIT No Python Python 2.7.6+, 

3.4.3+, 3.5.1+, 

3.6.0+ 

Complete 

implementation of 

deep learning 

17 NLTK Windows, MAC OS, 

Linux 

Apache 2.0 No Python Python 

versions 2.7, 

3.4, 3.5, or 3.6 

Natural Language 

Processing 
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So far general-purpose machine learning 

libraries have been discussed however, certain 

libraries are known for specific tasks. For 

example, Genism is known for natural 

language processing. Table 1 shows the details 

of machine learning libraries with their use 

cases. Hence in the coming paragraphs, the 

user of machine learning development tools, 

levels of abstraction and well-known usage of 

various libraries are discussed. 

 

Usage 

As shown in Figure 2, various machine 

learning abstraction levels allow different 

people to use machine learning. Executives 

and knowledge workers will only want the 

results of the machine learning service, in-

house engineers who are familiar but not 

fluent with machine learning will want to be 

able to play with the models but may not 

necessarily want to build them from scratch. 

Core machine learning engineers and 

researchers, on the other hand, will want to go 

beyond the black box system and tinker under 

the hood. Apart from abstraction, the 

performance of libraries and platforms matters 

greatly as well. As discussed in the previous 

section, there are a variety of libraries and 

platforms available. Each library has its own 

feature, it may be competent at a certain task 

such as neural networks and others may not 

be. These libraries can be benchmarked for a 

given task in order to decide which one to 

choose. An example of benchmarking on 

GitHub [29] shows benchmarking of various 

open source libraries of R, Python, XBooost, 

H2O, etc. for common machine learning tasks 

such as regression, classification etc. The 

methodology may be used to obtain 

benchmarking for one's one environment, 

depending upon which appropriate models 

may be chosen. 

 

For further discussion on usage, we look at 

some real-world problems and the algorithms 

used in them. Following which, Table 2 shows 

various libraries and the problems for which 

they are used along with the list of problems 

for which it can be used. Built-in function 

support refers to the availability of a prebuilt 

interface for machine learning models that 

would make implementation easy for 

programmers. A low on which signifies that is 

often used for building the models from 

scratch. As machine learning can be applied to 

broad categories of domains, here we have 

discussed few popular problem domains. 

 

Image processing: Problems such as Image 

recognition and image classification fall under 

this domain. The algorithms used often are 

pattern recognition, clustering, Classification 

etc. which are implemented using neural 

networks, K-means clustering, Naïve-Bayes 

classification, etc. [30, 31]. 

 

Security: Anomaly detection, Fraud detection, 

intrusion detection. While not a specific 

machine learning field, security has various 

machine learning applications which are 

solved using image processing, computer 

vision, Regression etc. The specific problem 

pertaining to these areas are automatic doors, 

intrusion detection, and anomaly detection 

[32–34]. 

 

System analysis: This field pertains to the 

analysis of the behavior of the system to detect 

potential threats. Problems such as flaw 

detection in engines, wear and tear prediction 

of engines and vehicle parts, outlier analysis 

fall in this field. Most of them use algorithms 

such as regression, K-means, K-NN, Support 

Vector machines, Principal component 

analysis, etc. [35–37]. 

 

Natural language processing: Natural 

language processing and natural language 

understanding are emerging fields. Various 

problem areas that are being worked upon 

include: conversational agents, subject 

detection for processing queries, question 

answering systems, Translation, 

Summarization, smart Replies etc. The 

algorithms used for these include neural 

networks, probabilistic methods such a Naïve-

Bayes, support vector machines, Latent 

Dirichlet Allocation, etc. [38–43]. 

 

Gaming: Gaming is often used to test methods 

of learning such as reinforcement learning and 

transfer learning. Typical areas are game 

landscapes generation and teaching an agent to 

play games. These are achieved using GANs 

and reinforcement learning [44]. 
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Fig. 3: Levels of Abstraction vs Usage Scenario of Machine Learning Tools. 

 

Table 2: Libraries and Their Usage. 
No. Library Suggestive Usage Built-In Function 

Support 

1 Deepleanring4j Fraud Detection, Security, Anomaly Detection, Recommendation Engines High 

2 Genism Text Mining, Similarity Detection, Fraud Detection, Recommendation Engines, 

Document Classification 

High 

3 Keras Image Classification, Auto encoders, High 

4 Mxnet Image Processing, Natural Language Processing, Generative Algorithms, Auto-

Encoders 

High 

5 CNTK Image Processing, Natural Language Processing, Language Understanding, Video 

Processing, Image Processing, Classification 

High 

6 Opennn Modeling, Pattern Recognition, Time Series Prediction, Regression High 

7 Torch Image Processing, Natural Language Processing High 

8 TensorFlow Speech Processing, Image Processing, Natural Language Processing, Time Series 

Analysis, Video Processing, As A Backend for Keras 

Low 

9 Caffe Classification, Image Processing, Speech Processing High 

10 Theano As A Backend for Keras for computational efficiency Low 

11 Dlib Classification, Regression, Prediction, Clustering, Reinforcement Learning, Image 

Processing 

High 

12 H2O Time Series, Pattern Detection, Churn Modeling, Fraud Detection, Word2vec, 

Prediction Tasks 

High 

13 Scikit-Learn Computer Vision, Security Applications, Recommendation Systems, Clustering, 

Feature Selection, Principal Component Analysis 

High 

14 Mlpack Classification, Regression, Clustering Low 

15 PaddlePaddle Deep Learning High 

16 Chainer Complete implementation of deep learning High 

17 NLTK Natural Language Processing High 

 

Recommender systems: Recommendations 

systems are widespread these days. They are 

present in e-commerce, search results and are 

used for targeted advertising [45–46]. 

Finance: Risk analysis and anomaly 

detection/fraud detection, are perhaps the most 

common applications of finance. Regression, 

K-means and K-NN clustering methods used 
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for it. Behavior analysis is an important factor 

in finance as well [47–48]. 

 

To summarize, while all of the above-

discussed libraries are general purpose 

libraries, particular libraries have grown to be 

known for specific tasks because of their 

accuracy or ease in performing that task. It is 

hoped that the above matrix in Tables 1 and 2 

help the reader chose which library to use 

given their task and scenario. For reduced 

hassle and a readymade solution, machine 

learning platforms provide enough services to 

quickly prototype solutions for business 

requirements. Hence, in the coming section, 

platforms are discussed along with their 

characteristics such as abstraction, algorithms 

provided, etc. 

 

PLATFORMS 

Platforms provide a means to achieve major 

machine learning and deep learning tasks. 

Some platforms such as the Azure ML studio 

provide a drag and drop interface with prebuilt 

algorithms. Whereas others such as the Google 

cloud platform lets one tinker with the code of 

the models being used. Apart from being easy 

to use, platforms help achieve scalability since 

they are on the cloud for the given machine 

learning application. 

 

Table 3 shows an overview of the following 

platforms along with their OS, Data source 

(where the data has to be stored while using 

the platform's services), Algorithms supported 

by the platform, whether the platform suggests 

algorithms based on data (Algorithm 

suggestion), if it has prebuilt machine learning 

models that are ready for application (Prebuilt 

models) and their configurability (how much 

can the algorithm be tweaked to suit one's 

needs). 

 

Amazon Machine Learning [49]: Amazon 

Machine Learning promises to be a platform 

for coders of all skill levels. It provides pre-

built models for various algorithms, data 

transformation tools, model evaluation and 

interpretation tools and APIs for batch and 

real-time predictions. It is a pay per use plan 

and provides an entire black box for 

algorithms although pricing varies as per 

regions. It has a binary multiclass 

classification, regression. Amazon has a 

variety of services under its Amazon AI wing. 

It has other branches namely Polly and Lex 

along with core machine learning services in 

amazon machine learning. Amazon has other 

modules such as Rekognition, Polly, Lex 

allow the user to incorporate image 

processing, speech generation and an Alexa 

like conversational interface in voice and text. 

It combines its platform service and its 

machine learning service to provide complete 

machine learning Infrastructure as a service. 

 

IBM BlueMix [50]: IBM BlueMix is primarily 

an analytics platform with machine learning 

services provided by Backend IBM Watson 

services. Watson provides a wide array of 

services including conversational agents, 

translation services, search systems, image 

processing application, tone analyzing, natural 

language understanding etc. IBM Watson has 

the most diverse set of services among 

services provided by platforms. 

 

Azure ML Studio [51–53]: Azure ML Studio 

provides a drag and drop interface with 

prebuilt models along with built-in packages 

for R and Python to support custom coding. 

On top that, Microsoft services such as 

computer vision, emotion API, LUIS provide a 

wide array of services in the form of an API 

that users can use. Apart from that Microsoft 

also provides Machine Learning Workbench, 

Azure Machine Learning Experimentation 

Service and Machine Learning Model 

Management Service. Machine Learning 

Experimentation Service is made for easy 

deployment of experiments and to enable 

scaling from local machines to the scale of 

hundreds of GPUs. The workbench provides. 

 

Google Cloud Platform [54]: The Google 

cloud platform aims to provide machine 

learning at scale. The underlying framework is 

that of TensorFlow and is heavily based on 

neural nets. Apart from that, one can upload 

their own models or use one Google's prebuilt 

models. It has inbuilt APIs for image analysis, 

video analysis, speech analysis and text 

analysis and translation. Google Data Studio is 

another platform from Google which provides 

data visualization tools for creating reports.
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Table 3: Details of Machine Learning Platforms. 
Sr. Platform OS/Cloud Data Algorithm Support Algorithm 

Suggestion 

Prebuilt 

Models 

Configurability 

1 Amazon 

Machine 

Learning 

Cloud: 

Amazon 

EC2 Cloud 

AWS S3, EBS, 

EFS 

Classification and Regression. 

Rekognition, Polly, Lex. 

Yes Yes Low 

2 Google 

Cloud 

Platform 

Google 

Cloud 

Platform 

Google Cloud 

Storage 

APIs Available for Text to 

Speech, Image Analyzer, 

Video Analyzer, Speech and 

Translation 

Yes Yes High 

3 Weka Windows, 

OSX, Linux 

Own Data, small 

quantities 

For Data Analysis: 

Classification, Clustering, 

Regression 

No No Low 

4 Microsoft 

Azure 

Machine 

Learning 

Cloud: 

Microsoft 

Azure 

Small data sets 

can be imported 

but otherwise on 

Microsoft servers 

Algorithms: Classification, 

Regression, Analysis, Text 

Analysis, Recommendation 

Systems, Deep Neural 

Networks, 

APIs for: Text Analysis, Video 

Analysis, Image Analysis, Bing 

Search, Emotions from Images 

etc. 

No Yes Low 

5 IBM 

Bluemix 

Cloud: IBM 

Bluemix 

Platform 

IBM Bluemix IBM Watson Services Like: 

Watson Conversation, Visual 

Recognition, Virtual Agent, 

Knowledge Discovery, Speech, 

Language, Empathy 

No No High 

 

Alibaba Cloud [55]: One of the services 

provided by Alibaba cloud is its ‘Machine 

Learning Platform For AI’. It is built on the 

full-fledged algorithm application system of 

Alibaba Group. It is said to offer asynchronous 

and parallel communication which directly 

results in supporting the training tasks 

containing tens of billions of features. It also 

supports dynamic feature control that enables 

addition and removal of model features at any 

time which is, in fact, proving out to be a 

powerful tool for CTR prediction scenarios. 

With a highly interactive user-interface and a 

vast variety of machine learning algorithms 

available on-the-go, Alibaba Group’s platform 

has had a successful implementation in ‘Sina 

Weibo’, a leading social media platform in 

China with 165 million daily active users and 

376 million monthly active users. Its simple 

architecture is divided into 4 parts: 

Infrastructure, Computing Framework, Model 

and algorithm, Business application layer. The 

machine learning modules included in the 

platform are Data Preprocessing, Statistical 

analysis, Machine Learning, Deep Learning, 

Time series, Text analysis. 

 

Hence, as it can be seen, the amount of 

abstraction and control offered varies from 

platform to platform. Which platform to use 

depends upon the kind of people using it and 

the task it is being used for. If there are no 

machine learning engineers or researchers 

available, a corporation might choose to use 

the Azure machine learning or IBM Bluemix 

for implementations of basic algorithms such 

as classification or regression.  

 

Platforms and libraries are both for their 

specific scenarios. It is not mandatory to use 

one or the other. Decision makers might want 

to extract information about patterns and 

decide the next move. They would not want to 

deal with optimizing algorithms or choosing 

step-sizes. An in-house machine learning 

team, on the other hand, might want to 

optimize machine learning algorithms and 

experiment with the construction of layers in 

order to build solutions for the company. 

Platforms such as Google cloud platform that 

provide the flexibility of writing one's own 

code can be used and libraries such as 

TensorFlow will be included then. On the 

other hand, Amazon Machine Learning can be 

used by any organization to provide machine 

learning applications rather than coding the 

applications from scratch. Giants such as 

Amazon, Google, Microsoft and IBM all cover 

almost the same areas of services, however, 

each one has its own expertise. Amazon goes 
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to an extra length for photos containing 

humans by giving details such as "eyes 

closed/open". Microsoft on the other hand 

provides extensive metadata about the pictures 

including fields such as background colour, 

dominant colour, key tags and even a caption 

that very well captures the essence of thee 

image. Watson has extensive services with 

added modules such as Discovery News, 

Knowledge Studio and Document Conversion 

that allow the user to embed dynamic news, 

mine unstructured text for knowledge without 

coding and automatic conversion of 

documents into various languages and file 

formats. Microsoft's LUIS can be easily 

integrated with the Microsoft Bot framework 

to provide a Chabot complete with Natural 

Language Understanding and Analytics. 

 

Hence, each platform has its set of services that 

it is well known for. While every platform 

provides the same services in general, they 

differ in depth of information returned and in 

the functions the service provides. Therefore, 

which platform to select is dependent upon the 

amount of information required in the 

particular use case. Secondly, it also depends 

upon the existing infrastructure, if a system is 

completely built using Google Cloud Platform; 

it will be easier to integrate Google NLP 

services than to integrate Microsoft or IBM 

Watson services. It is hoped that the above 

discussion proves to be a sufficient guide in 

helping the reader chose which platform to use. 

 

CONCLUSION 

Machine learning and deep learning hence 

have various available methods for 

interpreting data. Machine learning except for 

Deep learning often work on metadata of the 

data and deal with data as a whole. Deep 

learning, on the other hand, is capable of 

capturing the nuances of the instances 

involved. Both techniques are computationally 

intensive because of the amount of training 

data involved, have their own respective 

libraries that work on their problem types. We 

have grouped together various libraries and 

platforms available and the tasks they are good 

at. We hope this helps the user understand the 

purpose and prevalence of various 

libraries/platforms and gives them an insight 

into what should be used for the task at hand. 
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