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A B S T R A C T  

 
To expedite the learning process, a group of algorithms known as parallel machine learning algorithms 
can be executed simultaneously on several computers or processors. As data grows in both size and 
complexity, and as businesses seek efficient ways to mine that data for insights, algorithms like these 
will become increasingly crucial. Data parallelism, model parallelism, and hybrid techniques are just 
some of the methods described in this article for speeding up machine learning algorithms. We also 
cover the benefits and threats associated with parallel machine learning, such as data splitting, 
communication, and scalability. We compare how well various methods perform on a variety of 
machine learning tasks and datasets, and we talk about the advantages and disadvantages of these 
methods. Finally, we offer our thoughts on where this field of study is headed and where further 
research is needed. The importance of parallel machine learning for businesses that want to glean 
insights from massive datasets is emphasised, and the paper provides a thorough introduction of the 
discipline. 

  
 

 

 

 
 

 

1. INTRODUCTION 

There is a class of machine learning algorithms[1, 2] designed to speed up training times by running on numerous 
processors or computers simultaneously. In today's data-driven environment, these algorithms are crucial because they 
speed up the training of machine learning [3] models on big datasets, allowing businesses to quickly glean actionable 
insights. Several factors highlight the significance of parallel machine learning algorithms[4]: Huge amounts of data: The 
rising volume and complexity of data being generated and collected nowadays is one of the primary drivers of the demand 
for concurrent machine learning techniques. When dealing with huge datasets, training a machine learning model[5] can be 
computationally intensive, making the use of a single processor impracticable. The ability to train machine learning models 
in parallel across several processors or computers is made possible by parallel machine learning techniques, allowing 
businesses to more effectively mine massive datasets for useful information. 

A company's success often hinges on how quickly its machine learning models can be trained and put into production. The 
time it takes to train machine learning models can be drastically cut with the use of parallel machine learning algorithms, 
allowing businesses to get their wares to market much sooner. The computational expense of training machine learning 
models on huge datasets means that many businesses must resort to the usage of pricey cloud computing services or 
specialised hardware. By enabling businesses to train machine learning models on fewer, more powerful processors or 
computers, or by taking use of the economies of scale provided by cloud computing platforms, parallel machine learning 
algorithms can help minimise the cost of training machine learning models. 

Training on larger datasets or employing more complicated models that would be impractical to train on a single processor 
are two ways in which parallel machine learning methods can boost the accuracy of machine learning models. In sum, 
parallel machine learning algorithms are a crucial resource for businesses that want to efficiently mine massive data sets 
for actionable intelligence. 
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                                                             Fig. 1 Parallel data processing. 

 

2. RELATED WORKS 

The publication "Parallel stochastic gradient descent for deep learning: A survey" by J. Dean et al. (2012)[6] provides an 
overview of the numerous methods proposed for accelerating the implementation of the widely used optimisation 
technique for deep neural network training: stochastic gradient descent (SGD). The authors analyse the effectiveness of 
several ways to parallelizing SGD across a variety of datasets and architectures and explore the associated trade-offs. 
According to "Scalable and efficient parallel machine learning with MapReduce" by Y. Low et al.[7]This paper presents 
MapReduce, a programming approach for handling massive datasets on computer clusters, as a foundation for parallel 
machine learning. The authors show that their method works well for various machine learning problems and evaluate it 
against other parallel machine learning strategies. 

Article by Y. LeCun et al. (2015) titled "Parallel distributed deep learning: A survey"Data parallelism, model parallelism, 
and hybrid approaches are all discussed, as well as other methods that have been proposed for parallelizing deep learning 
[8]. The authors also address the benefits and drawbacks of parallel deep learning and offer suggestions on where the field 
should go from here in terms of research. 

 

 
 

Fig. 2 Types of machine learning. 



 

 

 

 

 

14 Salman et al, Mesopotamian Journal of Big Data Vol. (2023), 2023, 12–15 

 

3. PARALLEL MACHINE LEARNING CHALLENGES 

The term "big data" is used to describe the massive amounts of data, both structured and unstructured, that are created by 
corporations. Data segmentation, connectivity, and scalability are just a few of the obstacles and opportunities that come 
with parallel machine learning. Partitioning the data into smaller subsets, or "partitions," that can be independently handled 
by various processors or computers, is a significant challenge in parallel machine learning. Partitioning the data so that 
each processor may operate independently while yet being able to aggregate their results to arrive at a global solution is a 
difficult problem to solve. 

Parallel machine learning faces additional difficulty when trying to exchange information between multiple computers or 
processors. The training process can be slowed down by communication bottlenecks if there is an excessive volume of data 
being transmitted between computers. Thirdly, scalability, or the ability to deal with larger datasets or more complicated 
models without significantly additional computational resources, is a barrier for parallel machine learning. It is crucial to 
discover parallel machine learning algorithms that scale well with the number and complexity of the data and models being 
utilised, and there are some that do so better than others. Despite these difficulties, parallel machine learning does provide 
some promising possibilities. Case in point: Rapidity is a key advantage of parallel machine learning. Companies can 
drastically cut the time it takes to train machine learning models on huge datasets by leveraging many processors or 
computers to do so simultaneously. Using fewer, more powerful processors or computers, or taking use of the economies 
of scale afforded by cloud computing platforms, can assist minimise the cost of training machine learning models, as was 
discussed earlier. Training on larger datasets or employing more complicated models that would be impractical to train on 
a single processor are two ways in which parallel machine learning methods can boost the accuracy of machine learning 
models. Finding the sweet spot between the obstacles and benefits of parallel machine learning is crucial for the success of 
any parallel machine learning method. 

 

4. PROPOSED APPROACHES OF PARALLEL MACHINE LEARNING  

Different strategies, such as data parallelism, model parallelism, and hybrid strategies, have been proposed to speed up 
machine learning algorithms. The concept of "data parallelism" refers to the practise of dividing a large dataset into smaller 
portions that can then be processed independently by separate computers or processors. Each processor's output is added to 
the others to provide a global answer. Machine learning models, such neural networks, that may be trained independently 
on distinct subsets of the data are prime candidates for data parallelism. 

Model parallelism involves breaking down the machine learning model into smaller pieces and sending them to their own 
dedicated processors. This method is generally employed when training models with a complicated structure that can be 
partitioned into smaller portions, or when training models that are too huge to fit on a single processor. Hybrid methods: 
The benefits of both data parallelism and model parallelism can be taken advantage of by combining the two in a hybrid 
method. Partitioning a model into smaller pieces that may then be trained in parallel on separate subsets of the data is one 
example. All of these methods have their advantages and disadvantages, and choosing the most appropriate one for a given 
dataset and machine learning model is a highly contextualized decision. Finding the proper method for a particular 
challenge, such as which parallel machine learning algorithm is best for which dataset or model, might be crucial to 
attaining good performance. 

5. LIMITATION OF PARALLELISM 

Several approaches to parallel machine learning have their own set of advantages and disadvantages. Partitioning the data: 
breaking it up into manageable chunks for parallel processing isn't easy, but it's crucial for getting a high performance. 
Suboptimal performance can occur if the processors cannot function independently or cannot aggregate their outputs 
efficiently due to improper data partitioning. The volume of data being exchanged between processors can be substantial, 
making communication a bottleneck in parallel machine learning. This can reduce the system's scalability, resulting in 
longer training times. 

Some concurrent machine learning methods may have difficulty scaling to larger datasets or more sophisticated models, 
reducing their utility for solving more involved issues. Hardware: Parallel machine learning techniques' efficiency may 
also be affected by the hardware configuration used. While graphics processing units (GPUs) and other specialised 
hardware can increase the speed at which some algorithms execute, this may not always be a viable or cost-effective 
option. Different methods of parallel machine learning have varying degrees of success depending on the tasks and 
datasets being used. Some methods may work better than others on specific tasks or data sets, while others may be flexible 
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enough to handle a wide variety of applications. One way to narrow down potential solutions is to compare how well they 
perform across a range of activities and datasets. 

6. CONCLUSION AND FURTHER WORK 

In conclusion, businesses who want to efficiently mine meaningful insights from massive datasets should make use of 
parallel machine learning methods. Data parallelism, model parallelism, and hybrid techniques are all types of parallel 
machine learning, each with its own advantages and disadvantages. The properties of the dataset and the machine learning 
model in use might affect the efficiency of multiple approaches, making it difficult to determine which one is best for a 
given situation. Issues with data partitioning, communication, and scalability are only a few of the problems and trade-offs 
to think about when employing concurrent machine learning methods. Despite these difficulties, parallel machine learning 
is a vital area of study because of its potential for improved speed, efficiency, and accuracy. There is still a lot of room for 
development in the world of parallel machine learning. There is a need for more efficient algorithms and methods that can 
scale well with the amount and complexity of the datasets and models being used. More study is required to identify the 
constraints and trade-offs of various approaches, and more efficient tools and frameworks are required for creating and 
deploying parallel machine learning applications. The importance of parallel machine learning is expected to increase over 
the coming years as the volume and complexity of data continue to grow. 
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