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ABSTRACT:
The need for a method to create a collaborative machine learning model which can utilize data from different clients, each with privacy constraints, has recently emerged. This is due to privacy restrictions, such as General Data Protection Regulation, together with the fact that machine learning models in general needs large size data to perform well. Google introduced federated learning in 2016 with the aim to address this problem. Federated learning can further be divided into horizontal and vertical federated learning, depending on how the data is structured at the different clients. Vertical federated learning is applicable when many different features is obtained on distributed computation nodes, where they can not be shared in between. The aim of this thesis is to identify the current state of the art methods in vertical federated learning, implement the most interesting ones and compare the results in order to draw conclusions of the benefits and drawbacks of the different methods. From the results of the experiments, a method called FedBCD shows very promising results where it achieves massive improvements in the number of communication rounds needed for convergence, at the cost of more computations at the clients. A comparison between synchronous and asynchronous approaches shows slightly better results for the synchronous approach in scenarios with no delay. Delay refers to slower performance in one of the workers, either due to lower computational resources or due to communication issues. 


EXISTING SYSTEM:
To promote the development of distributed machine learning, it is crucial to provide efficient models and training algorithms. This thesis is devoted to the design of distributed multi-task learning and decentralized algorithms, as well as the application of distributed machine learning in wireless caching networks. Confronted with the challenges of model complexity for distributed machine learning, the distributed multi-task feature learning with randomized single-hidden layer feed-forward neural network (RSF) implementation is studied. To start with, the multitask learning with RSF (MTL-RSF) is firstly investigated, where the shared sub-space across tasks and the task-specified weights are optimized through an alternating optimization based algorithm. The MTL-RSF problem is further extended to the decentralized scenario through introducing sharing variables for localized task objectives as well as a consensus constraint.
DISADVANTAGES:
· Chances of getting stuck in a loop are high
· Algorithms is Time consuming.
· Difficult to show Branching and Looping in Algorithms.
· Big tasks are difficult to put in Algorithms.





PROPOSED SYSTEM:
The need for a method to create a collaborative machine learning model which can utilize data from different clients, each with privacy constraints, has recently emerged. This is due to privacy restrictions, such as General Data Protection Regulation, together with the fact that machine learning models in general needs large size data to perform well. Google introduced federated learning in 2016 with the aim to address this problem. Federated learning can further be divided into horizontal and vertical federated learning, depending on how the data is structured at the different clients. Vertical federated learning is applicable when many different features is obtained on distributed computation nodes, where they can not be shared in between. The aim of this thesis is to identify the current state of the art methods in vertical federated learning, implement the most interesting ones and compare the results in order to draw conclusions of the benefits and drawbacks of the different methods. From the results of the experiments, a method called FedBCD shows very promising results where it achieves massive improvements in the number of communication rounds needed for convergence, at the cost of more computations at the clients. A comparison between synchronous and asynchronous approaches shows slightly better results for the synchronous approach in scenarios with no delay. Delay refers to slower performance in one of the workers, either due to lower computational resources or due to communication issues. 
ADVANTAGES:
· Machine learning algorithm given good accuracy in prediction
· AI Bot which is operated by the AI algorithms


SYSTEM SPECIFICATION
HARDWARE CONFIGURATION:
1. Processor         -	 I5
1. Speed		-    	3 GHz
1. RAM		-    	8 GB(min)
1. Hard Disk        -         500 GB
1. Key Board	-        Standard Windows Keyboard
1. Mouse		-    	Two or Three Button Mouse
1. Monitor	          -    	LCD


SOFTWARE CONFIGURATION
1. Operating System: Linux, Windows/7/10
1. Server: Anaconda, Jupyter,pycharm
1. Front End: tkinter |GUI toolkit
1. Server side Script: Python , AIML
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