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Abstract. Contemporarily, the explosive growth of technology and the growth of the complexity 

of machine learning models facilitated the advancement of parallel and distributed machine 

learning. This study compared and analyzed the two paradigms from three perspectives: 

principles, models, and applications. This research analyzed the basic principle and some 

important models of parallel and distributed machine learning, mainly focusing on their 

operating mechanism, scalability, and performance metrics. The analysis includes how these 

methods can help to deal with large datasets and complex models. According to the evaluations, 

distributed machine learning is better in managing massive data and achieving model 

convergence, while parallel machine learning performs well in processing complicated models 

quickly. These results provided opinions on each method’s advantages and disadvantages and 

suggestions on how to choose between the two methods in different situations. This research also 

stressed the importance of understanding these differences in advancing machine learning and 

promoting innovation in data-intensive fields. 
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1.  Introduction 

Machine learning started from the fields of artificial intelligence and statistics. It can be traced back to 
the middle of the 20th century. Early development of machine learning was marked by automate data 
learning and became popular with the advent of electronic computers. The earliest studies mainly 
focused on symbolic reasoning and systems based on rules, as the checkers-playing program in 1959 
[1]. In the early periods, cybernetics played an important role. The fundamental learning algorithms and 
studies of convergence rate both originated from this field [2]. The development of machine experienced 

three major waves. The first one was the exploration of knowledge-based systems between the 1950s 
and 1970s. The Bregman method introduced in 1964 was later widely used in machine learning, and the 
stochastic approaches first emerged during this period [2]. The second wave was related to the statistical 
learning methods from the 1980s to the 21st century. The backpropagation learning algorithm was 
invented, and it rekindled people’s interest of machine learning [2]. The third one is pushed by the 
improvement of deep learning and the applications of big data [3] and is also what are now experiencing. 

These years, the scope and scale of the study and application of machine learning were gradually 

expanding, which largely benefited from the rapid growth of available data and the large improvement 
of computational ability of modern hardware. This improvement made the exploration of new 
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computational paradigms to process the vast amount of data and learning algorithms in machine learning 
necessary [3]. In these paradigms, parallel and distributed machine learning already became key 
approaches to scaling machine learning algorithms across multiple computing resources. Parallel 
machine learning involves dividing data across different nodes, with each node carrying out the 

computation individually and synchronously [4]. In comparison, distributed machine learning focus on 
crossing multiple processors or executing many operations in the cores to accelerate the computation 
[5]. The growth of parallel and distributed machine learning made implementing complex models and 
algorithms in different fields possible. In recent years, one of the most important applications is on 
natural language processing, in which models like GPT-3 and BERT used techniques of distributed 
machine learning to train on massive data on thousands of GPU. This approach allowed large scale of 
data processing and complex model architectures, thereby increase ability of language understanding 
and task generation significantly [6]. In the field of computer vision, parallel machine learning played 

an important role in the training of deep convolutional neural networks. It was applied in image 
classification, object detection, and segmentation. Using GPU largely shortened the training time, 
making training models on large image dataset like ImageNet possible [7]. Besides, distributed machine 
learning largely influenced the development of recommendation system by handling massive datasets 
in real time. For instance, major companies like Google and Facebook used distributed learning 
algorithms to manage large amount of user data [8]. This highly efficient analysis and the ability to use 
large-scale data improved the accuracy of the recommendation system and raised the users’ experience 

on these platforms. 
Understanding the difference between parallel and distributed machine learning was important to 

researchers and practitioners. Considering the application of machine learning in contemporary data-
intensive environments, people can choose the most appropriate method to accomplish certain tasks. 
This paper aims to provide a comprehensive analysis of these two paradigms, focusing on introducing 
the fundamental principles, applicable models, and applications in real life. Beginning with the 
descriptions of parallel and distributed machine learning, this paper discussed their concepts separately, 

including how they improve the efficiency of model and data training. After this, the paper will shift the 
focus to the analysis and comparison of the two methods, using specific cases and data to stress their 
advantages and challenges. At last, topics such as the influences of these methods on the future and their 
potential limitations were discussed thoroughly, hoping to offer useful insights for people working and 
studying in the field of machine learning. 

2.  Descriptions of parallel machine learning 

Parallel machine learning is a technique that separate the main task into multiple smaller subtasks. The 
subtasks can be carried out simultaneously on multiple processors or cores, thus accelerating the whole 
computing process. Parallel learning, the machine learning frame, solved the challenges of low data-
process efficiency and lack of general theories used on analyzing and executing complicated learning 
systems. Its core is parallel system, consist of two interconnected systems: real system and artificial 
system. It also used external memory to store and reason the knowledge, but it went beyond memory 
story and provided an impact system that operates asynchronously with the real system [9]. 

Considering a task T, by parallel machine learning method, it should be split to n smaller, non-
overlapping subtasks T1, T2, …, Tn. Each subtask was sent to operate on different processors P1, P2, …, 
Pn. As shown in Fig. 1, it is assumed there was no communication cost, then the total time to complete 
task T is about T = max (T1, T2, …, Tn). In parallel machine learning, the data can be distributed to 
multiple processors. Each processor uses the data it gets to carry out its subtask. Under the circumstance 
of training learning models, this process usually involves calculating gradients of the sub-datasets and 
share those gradients with the central server or aggregator to update the model parameters. The gradients 

represent the direction and magnitude of the changes optimizing model parameters needed [9]. After 
that, the updated parameters were shared with the processors, and the update process repeats again and 
again. In mathematics, this computing model can be described as the synchronous stochastic gradient 
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descendent method, in which updates are parallel on the processors in each iteration, and aggregates 
before the weight update is applied. 

 

Figure 1. Schematic graph of parallel machine learning (Photo/Picture credit: Original). 

There are some models that are suitable for parallel machine learning. Those include some 
independent tasks. Examples include k-means clustering, in which each cluster can be handled 
separately, and ensemble methods like random forest, in which every tree can train parallelly [10]. Deep 
learning model is also benefited from parallel learning frame, especially those models applied in 

computer vision and natural language processing, since their matrix operation is highly parallelizable 
[11]. Moreover, modern GPU frame aims to perform many simple operations parallelly, making it an 
ideal choice for tasks involving large scale neural networks. These neural networks could include 
millions to billions of parameters. Parallel machine learning significantly reduced the training time and 
remained the model’s accuracy. 

3.  Description of distributed machine learning 

Unlike parallel machine learning, distributed machine learning focuses on distributing data and 
computing both to the nodes in the network. Each node trains the model on its own. This method is 
especially efficient when processing large datasets that exceeds the memory capacity of one single 
machine [4]. In the system of distributed machine learning, data are divided and stored in different nodes, 
with every node executing the computing task to its local data subsets [12]. Distributed machine learning 

usually involves a distributed optimization framework. It is assumed have a dataset 𝑋. According to the 
distributed method, one divides it into m subsets X1, X2, …, Xm. As shown in Fig. 2, each node, namely 
each worker, receive their specific part of data and execute local training by using the machine learning 

model running on this subset. It is assumed the central model is 𝐹 parametrized by 𝑎. The object is to 

minimize the loss function 𝐿 = ∑ 𝐿(𝑋𝑖 , 𝑎)
𝑚
𝑖=1

. After the data were distributed to the workers, each node 

𝑖 will calculate the gradient, which is ∇𝐿(𝑋𝑖 , 𝑎) in this case. The next step is for the workers to share 
their model parameters, including weight or gradient, with the central coordinator or with each other [4]. 

The gradients are usually gathered through a parameter server or ring-reduction method to update the 
model parameter [10]. The central model will then carry out the global model update by combining the 
parameters and adjust the model to show the result of the distributed model training. The updated model 
will be shared with all nodes to proceed further training or adjusting. This iterative process continues 
until the model converges and produce a final model.  

Distributed machine learning is useful for models that have large amount of data, such as the 
recommendation system, search engine, and social network analysis [13]. For instance, some popular 

frameworks include Google’s MapReduce and Apache Hadoop. They distribute data and computation 
across clusters of machines to be able to handle the processing of petabyte-scale datasets [11]. Another 
example is the distributed model training using frameworks like TensorFlow and PyTorch to conduct 
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training of deep neural network. These frameworks allow model parallelism and data parallelism across 
multiple GPU or TPU. By using multiple GPU or TPU, the training time can be largely shortened but 
with the accuracy kept, making it one of the most optimal methods for complicated and deep learning 
tasks [14]. Training models on large datasets can be expensive and time-consuming. However, with the 

ability stated above, distributed machine learning method can reduce the difficulties in real world 
situations, like image identification and natural language processing [13]. 

 

Figure 2. Schematic graph of distributed machine learning (Photo/Picture credit: Original). 

4.  Applications and comparisons 

In recent years, the application of parallel and distributed machine learning both developed significantly. 
Each of them showed different strengths, mainly depending on the field of problems and the systematic 
framework of the models. Latest studies showed that deep learning models, especially, benefited a lot 
from distributed machine learning frameworks, yet parallel machine learning were more effective for 
tasks categorized as independent operations [15]. This section discussed the application of the two 
methods, and compared their performances in different cases. Since the explosive spread of the internet 
and the rapid growth of data, the need for data analysis and processing continue to increase. Machine 

learning algorithms usually require processing large scale datasets to predict or make decisions on 
unseen datasets. This demand led to failure of traditional single-core processors to meet the needs of 
machine learning tasks’ computation. Therefore, parallel computing became an important technique in 
machine learning. 

Parallel computing can break large questions down to multiple smaller problems and run at the same 
time on many processors. This method can reduce computing time significantly and raise the efficiency 
of the algorithm. In machine learning, parallel algorithm can be applied in fields like data analysis and 

model evaluation. Parallel machine learning is largely used in model training processes, especially in 
splitting models to independent tasks. One common application is ensemble methods, like random 
forests and gradient-boosted trees, in which each decision tree can be trained independent from any other 
decision trees. For instance, in random forest, multiple decision trees are trained parallelly. Each tree is 
trained by different data subsets, and all the results from the decision trees are collected to make the 
final prediction. This method is especially effective in reducing training time, and it will not sacrifice 
accuracy, especially in missions like categorizing and regressing [10]. 

Another important application of parallel machine learning is matrix operations, especially in deep 

learning models. Since this computing process can be spread on multiple processors, parallel machine 
learning framework can reduce the training times significantly. Therefore, deep learning relies heavily 
on matrix multiplication for backpropagation. A case involving ResNet model, a model that is used a 
lot in image identification tasks, showed that, comparing to a sequential approach, training models on 
parallel frameworks can decrease the training time by over fifty percent [16]. Parallelization plays a key 
role in distributed training systems. Take the system that PyTorch and TensorFlow use as an example. 
Its gradient calculation and model update can proceed on multiple processors at the same time. Fig. 3 

showed how the time of training ResNet model can be reduced by expanding the number of GPU [17]. 
It proves that parallel machine learning can be scalable for deep learning models. 
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Figure 3. The run time performance of parallel machine learning algorithm [17]. 

Recommendation system is a key application field of distributed machine learning. It is one of the 
core businesses of modern internet enterprises. It analyzes users’ behaviors, interests, and demands, and 
recommend relative commodities, services, or contents for them. As data scale increases, traditional 
recommendation algorithms cannot fulfill the actual demands, and thus distributed machine learning 
technique became a necessary approach in this field. Companies like Netflix and Amazon all rely on 
large data scale to recommend personalized contents. By putting the computing tasks on the same group 

of machines, the systems can effectively handle the data and select the mass data needed when making 
real decisions [18]. As shown in Fig. 4, when the number of nodes increases, the training time in 
recommendation system decreases [19]. Likewise, distributed machine learning is useful and shows 
great potential when being applied in natural language processing tasks such as the transformer-based 
models [6]. 

 

Figure 4. Run time of distributed method in recommendation system [19]. 

Although parallel and distributed machine learning both focus on raising efficiency and scalability, 
they are suitable for different missions. One of the main differences in their performance is cost of 

communication. In parallel machine learning, there are little communication between the processors 
because most tasks can be done independently. However, distributed machine learning needs to 
communicate between the machines frequently, especially during model update, possibly leading to 
delay. It can be seen from deep learning models like ResNet that, when the task can be distributed on 
the same machine, parallel machine learning is more efficient [20]. Another major difference between 
these two learning algorithms is fault tolerance. Distributed machine learning system is designed to have 
built-in fault tolerance. Even if some machines in the cluster is out of function, the system can still run 
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[4]. In comparison, parallel machine learning system that run on a single machine usually don’t have 
the same level of fault tolerance. Thus, it is less resilient to hardware failures [5]. 

5.  Implications, limitations and prospects 

The comparison between the theories and applications of the parallel and distributed machine learning 
methods highlighted some important implications in this field. One of them is that distributed machine 
learning is relatively more scalable compared to parallel machine learning method. Distributed method 
can utilize large number of computational resources spread on different machines, making it perfect for 
large datasets in fields like medical insurance, finance, and automatic drive [20]. Although parallel 
machine learning is effective for smaller tasks and local computation, it is limited in scalability since it 

relies on shared memory system. When the data size is too large, parallel method can be slow. This 
means that distributed machine learning is more suitable for high computational requirement situations. 
Secondly, the two methods have disadvantages. For parallel machine learning, the challenge comes from 
limitation in storage. When dealing with complex models like deep neural network, the cost of 
synchronization can surpass the benefit that its speed brings. On the other hand, distributed machine 
learning has difficulties in communication delay and fault tolerance. Distributed machine learning 
transfer data between nodes frequently, which can cause delay and lower the efficiency, and it might 

break down when one node is out of function. 
Nevertheless, parallel and distributed machine learning both have bright futures. Parallel method can 

be used in smaller applications such as real-time video processing and local learning environment 
improvement. The memory-sharing framework performs well in these situations [5]. Moreover, 
distributed machine learning can be applied on tasks with large data size, like natural language 
processing and large-scale recommendation system [20]. Future studies can also explore the 
combination of the two methods. Possible ways include using parallel machine learning’s computation 
of local data to increase speed and adding distributed machine learning’s scalability [6]. These studies 

can be helpful for meeting the growing demand of the industries. 

6.  Conclusion 

To sum up, parallel and distributed machine learning are important methods of crossing multiple 
computational resources, and they both have their unique strength and weakness. Parallel machine 
learning method performs well in scenarios with moderate data size and benefits from local processing, 

while distributed machine learning is better when processing large-scale data and in decentralized 
systems. Although there are limitations in parallel and distributed machine learning methods, they are 
both of great use in certain areas. Hybrid models’ exploration in the future can combine their strengths 
and provide solutions for more machine learning problems. Parallel machine learning is used in 
ensemble methods and matrix operations, and distributed machine learning method is applied on 
recommendation systems and language processing tasks. In the future, combining both of their strengths 
can fulfill the need for higher machine learning abilities. 
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