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Abstract-In recent years, distributed systems have mainly been used to train machine learning (ML) 

models. However, as a result of the different performances among computational nodes in a distributed 

cluster and delays in network transmission, the accuracies and convergence rates of ML models are 

relatively low. Therefore, it is necessary to design a reasonable strategy that provides dynamic 

communication optimization to improve the utilization of the cluster, accelerate the training times and 

strengthen the accuracy of the training model. In this paper, we propose the Adaptive Synchronous 

Parallel (ASP) strategy for distributed ML. Through the performance monitoring model, the 

synchronization strategy of each computational node with the parameter server is adjusted adaptively by 

considering the full performance of each node, thereby ensuring higher accuracy. Furthermore, our 

strategy prevents the ML model from being affected by irrelevant tasks in the same cluster. Experiments 

show that our strategy fully improves clustering performance, and it ensures the accuracy and 

convergence speed of the model increases the model training speed and has good expansibility. 

Keywords :  Servers, Computational modeling, Training, Synchronization, Adaptation models, Data 

models, Task analysis 

1.INTRODUCTION 

1.1 Introduction: 

 Machine learning (ML) algorithms are 

commonly applied to big data. In recent years, 

distributed systems have mainly been used to 

train machine learning (ML) models. In the age 

of big data, distributed machine learning has 

become a hot research field due to its ability to 

adapt to the complexity of big data, obtain 

higher prediction accuracy and support more 

intelligent tasks [1]. Distributed optimization of 

ML is becoming a prerequisite for solving large-

scale ML problems [2]–[4].  

Due to the increase in data volume and 

the complexity of the ML model, especially the 

increase in the number of parameters, single 

machines have been unable to fully and quickly 

train the ML model. However, it is not easy to 

realize an efficient distributed algorithm [5], [6]. 

The system design needs to consider the large 

amounts of computation and data traffic.  
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The actual size of the training data will 

be between 1TB and 1PB, which can be used to 

create a powerful and complex model. To solve 

this problem, this work proposed big data 

Parallelism Algorithm (BPA) for Distributed 

Machine Learning. This model is usually shared 

globally by all computational nodes. A 

computational node computes local updates on 

its data subset in each iteration and then submits 

the local update to the parameter server, which 

updates the global model parameters; the 

parameter server distributes the new global 

model parameters to each computational node.

 

Figure 1 System Architecture 

 Below is a description of some of the 

key concepts that are part of the SDN system 

architecture shown in Figure 1.  

Input: Market Basket Big Dataset 

Output: Frequent Item-set 

Machine Learning Algorithm: Frequent Item-

set Mining 

1.2 Purpose: 

The surging data volumes generated by internet 

activity and scientific research put tremendous 

pressure on Machine Learning (ML) methods to 

scale beyond the computation and memory limit 

of a single machine. With very large data sizes 

(Big Data), a single machine would require too 

much time to process complex ML models, and 

this motivates or even necessitates distributed-

parallel computation.  

1.3  Scope: 

Distributed optimization of ML is becoming a 

prerequisite for solving large-scale ML problems 

Due to the increase in data volume and the 

complexity of the ML model, especially the 

increase in the number of parameters, single 

machines have been unable to fully and quickly 

train the ML model. 

1.4 Motivation: 

Distributed ML uses the Bulk Synchronous 

Parallel (BSP) strategy to parallelize data. Under 

this strategy, the computational nodes do not 

start the next iteration after committing their 

updates to the parameter server until all 

computational nodes commit their updates and 

receive the new global model parameters from 

the parameter server. Due to the different 

performances among the computational nodes, 

BSP has a load imbalance problem in 

computing.  
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1.5  Overview: 

 A computational node computes local 

updates on its data subset in each iteration and 

then submits the local update to the parameter 

server, which updates the global model 

parameters; the parameter server distributes the 

new global model parameters to each 

computational node. There are three challenges 

to this sharing approach: (1) Access parameters 

require a great deal of network band width 

When the synchronization costs and machine 

delays are high, the resulting hurdles can impair 

performance. (3) In large-scale ML, fault 

tolerance must be considered. Model training 

tasks are usually performed in the cluster. 

However, computational nodes may not be 

reliable, and the job may be pre-empted. 

2. LITERATURE SURVEY 

Strategies and principles of distributed 

machine learning on big data [1] 

Big data analytics is the process of 

examining large and varied data sets. Learning 

from massively large and unstructured data 

brings significant opportunities for numerous 

sectors. Still, most of these routines are not 

much computationally efficient, practical or 

scalable enough. The authors discuss the need 

for the research that aims at proposing new 

techniques that can be used for analysis of big 

data. However, most of the traditional AI 

involved methods are not scalable to manage 

data with the properties of its huge volume, 

diverse types, inconsistency, and uncertainty 

along with incompleteness. In response, there is 

a need for machine learning to revitalize itself 

for big data processing. They started with 

various types of learning methods. Further it 

discusses about some of the significant and 

practical issues of machine learning for big data 

analytics. 

Distributed Delayed Stochastic Optimization 

[2] 

The authors analyze the convergence of 

gradient-based optimization algorithms that base 

their updates on delayed stochastic gradient 

information. The main application of their 

results is to the development of gradient-based 

distributed optimization algorithms where a 

master node performs parameter updates while 

worker nodes compute stochastic gradients 

based on local information in parallel, which 

may give rise to delays due to asynchrony. They 

take motivation from statistical problems where 

the size of the data is so large that it cannot fit 

on one computer; with the advent of huge 

datasets in biology, astronomy, and the internet, 

such problems are now common. Their main 

contribution is to show that for smooth 

stochastic problems, the delays are 

asymptotically negligible and they can achieve 

order-optimal convergence results. In 

application to distributed optimization, they 

develop procedures that overcome 

communication bottlenecks and synchronization 

requirements. 
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Distributed GraphLab: A Framework for 

Machine Learning in the Cloud [3] 

While high-level data parallel 

frameworks, simplify the design and 

implementation of large-scale data processing 

systems, they do not naturally or efficiently 

support many important data mining and 

machine learning algorithms and can lead to 

inefficient learning systems. To help fill this 

critical void, the authors introduced the 

GraphLab abstraction which naturally expresses 

asynchronous, dynamic, graph-parallel 

computation while ensuring data consistency 

and achieving a high degree of parallel 

performance in the shared-memory setting. In 

this paper, they extend the GraphLab framework 

to the substantially more challenging distributed 

setting while preserving strong data consistency 

guarantees. They develop graph based 

extensions to pipelined locking and data 

versioning to reduce network congestion and 

mitigate the effect of network latency. They also 

introduce fault tolerance to the GraphLab 

abstraction using the classic Chandy-Lamport 

snapshot algorithm and demonstrate how it can 

be easily implemented by exploiting the 

GraphLab abstraction itself. 

Distributed Large-scale Natural Graph 

Factorization [4] 

The authors proposed a framework for 

large-scale graph decomposition and inference. 

To resolve the scale, our framework is 

distributed so that the data are partitioned over a 

shared nothing set of machines. They proposed a 

novel factorization technique that relies on 

partitioning a graph so as to minimize the 

number of neighboring vertices rather than 

edges across partitions. Our decomposition is 

based on a streaming algorithm. It is network-

aware as it adapts to the network topology of the 

underlying computational hardware. They used 

local copies of the variables and an efficient 

asynchronous communication protocol to 

synchronize the replicated values in order to 

perform most of the computation without having 

to incur the cost of network communication. 

Scalable Inference in Latent Variable Models 

[5] 

The authors present a scalable parallel 

framework for efficient inference in latent 

variable models over streaming web-scale data. 

Our framework addresses three key challenges: 

1) synchronizing the global state which includes 

global latent variables (e.g., cluster centers and 

dictionaries); 2) efficiently storing and retrieving 

the large local state which includes the data-

points and their corresponding latent variables 

(e.g., cluster membership); and 3) sequentially 

incorporating streaming data (e.g., the news). 

They address these challenges by introducing: 1) 

a novel delta-based aggregation system with a 

bandwidth-efficient communication protocol; 2) 

schedule-aware out-of-core storage; and 3) 

approximate forward sampling to rapidly 

incorporate new data. 
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STRADS: A Distributed Framework for 

Scheduled Model Parallel Machine Learning 

[6] 

The authors developed STRADS to 

improve the convergence speed of model 

parallel ML at scale, achieving both high 

progress per iteration (via dependency checking 

and prioritization through SchMP 

programming), and high iteration throughput 

(via STRADS system optimizations such as 

pipelining and the ring topology). Consequently, 

SchMP programs running on STRADS achieve 

a marked performance improvement over recent, 

well-established baselines: to give two 

examples, SchMP-LDA converges 10x faster 

than YahooLDA, while SchMP-Lasso converges 

5x faster than randomly scheduled Shotgun-

Lasso. 

High-Performance Distributed ML at Scale 

through Parameter Server Consistency 

Models [7] 

As Machine Learning (ML) applications 

embrace greater data size and model complexity, 

practitioners turn to distributed clusters to satisfy 

the increased computational and memory 

demands. Effective use of clusters for ML 

programs requires considerable expertise in 

writing distributed code, but existing highly 

abstracted frameworks that pose low barriers to 

distributed-programming have not, in practice, 

matched the performance seen in highly 

specialized and advanced ML implementations. 

The recent Parameter Server (PS) paradigm is a 

middle ground between these extremes, allowing 

easy conversion of single-machine parallel ML 

programs into distributed ones, while 

maintaining high throughput through relaxed 

“consistency models” that allow asynchronous 

(and, hence, inconsistent) parameter reads. 

However, due to insufficient theoretical study, it 

is not clear which of these consistency models 

can really ensure correct ML algorithm output; 

at the same time, there remain many 

theoretically motivated but undiscovered 

opportunities to maximize computational 

throughput. Inspired by this challenge, the 

authors study both the theoretical guarantees and 

empirical behavior of iterative-convergent ML 

algorithms in existing PS consistency models. 

They used the gleaned insights to improve a 

consistency model using an “eager” PS 

communication mechanism, and implement it as 

a new PS system that enables ML programs to 

reach their solution more quickly. 

Resilient distributed datasets: a fault-tolerant 

abstraction for in-memory cluster computing 

[8] 

The authors present Resilient 

Distributed Datasets (RDDs), a distributed 

memory abstraction that lets programmers 

perform in-memory computations on large 

clusters in a fault-tolerant manner. RDDs are 

motivated by two types of applications that 

current computing frameworks handle 

inefficiently: iterative algorithms and interactive 
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data mining tools. In both cases, keeping data in 

memory can improve performance by an order 

of magnitude. To achieve fault tolerance 

efficiently, RDDs provide a restricted form of 

shared memory, based on coarse-grained 

transformations rather than fine-grained updates 

to shared state. However, they show that RDDs 

are expressive enough to capture a wide class of 

computations, including recent specialized 

programming models for iterative jobs, such as 

Pregel, and new applications that these models 

do not capture. 

Scaling Distributed Machine Learning with 

the Parameter Server [9] 

The authors proposed a parameter server 

framework for distributed machine learning 

problems. Both data and workloads are 

distributed over worker nodes, while the server 

nodes maintain globally shared parameters, 

represented as dense or sparse vectors and 

matrices. The framework manages asynchronous 

data communication between nodes, and 

supports flexible consistency models, elastic 

scalability, and continuous fault tolerance. 

Communication efficient distributed machine 

learning with the parameter server [10] 

The authors described a third-generation 

parameter server framework for distributed 

machine learning. This framework offers two 

relaxations to balance system performance and 

algorithm efficiency. They proposed a new 

algorithm that takes advantage of this 

framework to solve non-convex non-smooth 

problems with convergence guarantees. They 

presented an in-depth analysis of two large scale 

machine learning problems ranging from -

regularized logistic regression on CPUs to 

reconstruction ICA on GPUs, using 636TB of 

real data with hundreds of billions of samples 

and dimensions. They demonstrated using these 

examples that the parameter server framework is 

an effective and straightforward way to scale 

machine learning to larger problems and systems 

than have been previously achieved. 

3. PROBLEM STATEMENT  

Jeffrey proposed an asynchronous iteration 

strategy for distributed ML, which allows 

computational nodes to use local model 

parameters for the next iteration. This strategy 

improves fault tolerance without a limit; 

however, it causes the model to become trapped 

in a local optimum, so it cannot converge to the 

globally optimal solution and has no accuracy 

guarantee.  

 Qirong Ho et al. proposed the Stale 

Synchronous Parallel (SSP) strategy. This 

strategy allows computational nodes to use stale 

global model parameters to train the model, 

thereby reducing the cost of synchronizing 

parameters with the parameter server. However, 

it has the limitation of using stale global model 

parameters, so it cannot provide convergence 

guarantees. This strategy can improve training 

speed, but due to its lack of local updates, it will 
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accumulate parallel faults, which will reduce the 

convergence speed. 

3.1 Disadvantages 

These existing systems cannot improve 

clustering performance. Furthermore, these 

works cannot increases the model training speed. 

4. PROPOSED SYSTEM 

This system proposes the Adaptive Synchronous 

Parallel (ASP). It dynamically adjusts the 

communication mechanism between 

computational nodes and the parameter server 

according to the performance of each 

computational node, which significantly reduces 

the impact of different performances among the 

computational nodes when training an ML 

model. The training speed is greatly accelerated, 

thereby ensuring better accuracy and higher 

convergence speed.User wants to apply machine 

learning algorithm to big data.Due to the size, it 

takes more time for training model.To deal with 

this problem, the proposed algorithm split big 

data and distributes it into many computational 

nodes.Followed by, this algorithm applies ML in 

each computational node and provides training 

results to parameter server.Furthermore, 

parameter server applies one more ML for 

collected ML Results from computational nodes. 

4.1 Advantages 

Accuracy is high. Reduce execution time and 

increase training speed. It improves clustering 

performance efficiently. 

 

5. IMPLEMENTATION 

5.1 Load big data: 

In this module, user load market basket big data 

set.This dataset contains too many 

transactions.Each transaction contains many 

items.The user wants to extract frequent item 

sets using big data parallelism algorithm. 

5.2 Partitioning 

In this module, the user split big data into n 

blocks.Using whole big data, we cannot apply 

machine learning algorithm directly. It takes 

more time for machine learning.So partition is 

necessary to handle big data in machine 

learning. 

5.3 Distributed Machine Learning 

In this module, transmit each blocks to each 

machines for apply machine learning.Here, we 

use frequent item set mining for machine 

learning.So each machine applies frequent item 

set mining and extracts all frequent item sets. 

5.4 Combine Distributed ML Results: 

In this module, collects all distributed machines 

frequent item sets mining results.Then merge all 

results.Then apply frequent item set mining once 

again.It provides final results. 
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6. RESULTS 

 

 

 

 

 

 

 

 

7. CONCLUSION AND FUTURE 

ENHANCEMENTS 

Conclusion: 

 Training the distributed ML model with BPA 

can reduce the communication and 

synchronization costs and improve the 

utilization rate of the computational nodes and 

the efficiency of calculation. Furthermore, it 

balances the training time and the model 

accuracy, and improves the performance of the 

distributed ML algorithm. The experimental 

results show that BPA can guarantee better 

accuracy and achieve higher convergence speed, 

and it has good expansibility. 
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