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Evolving Fully Automated Machine Learning via Life-Long Knowledge Anchors





ABSTRACT
Automated Machine Learning (AutoML) has achieved remarkable progress on various tasks, which is attributed to its minimal involvement of manual feature and model designs. However, existing AutoML pipelines only touch parts of the full machine learning pipeline, e.g., Neural Architecture Search or optimizer selection.This leaves potentially important components such as data cleaning and model ensemble out of the optimization, and still results in considerable human involvement and suboptimal performance.The main challenges lie in the huge search space assembling all possibilities over all components, as well as the generalization ability over different tasks like image, text, and tabular etc.In this paper, we present a rst-of-its-kind fully AutoML pipeline, to comprehensively automate data preprocessing, feature engineering, model generation/selection/training and ensemble for an arbitrary dataset and evaluation metric.Our innovation lies in the comprehensive scope of a learning pipeline, with a novel life-long knowledge anchor design to fundamentally accelerate the search over the full search space.Such knowledge anchors record detailed information of pipelines and integrates them with an evolutionary algorithm for joint optimization across components. Experiments demonstrate that the result pipeline achieves state-of-the-art performance on multiple datasets and modalities.

                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· We use a uniformly random choice among the following three transformations:          
·      (i) add or remove an instruction; instructions are added at a random position and have a random op and random arguments; to prevent programs from growing unnecessarily, instruction removal is twice as likely as addition; 
·     (ii) completely randomize all instructions in a component function by randomizing all their ops and arguments; or 
·     (iii) modify a randomly chosen argument of a randomly selected existing instruction 

2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· We discuss the formal definition of AutoML.The definition is not only general enough to include all existing AutoML problems, but also specific enough to clarify what is the goal of AutoML. Such definition is helpful for setting future research target in the AutoML area.
· We propose a general framework for existing AutoML approaches. This framework is not only helpful for setting up taxonomies of existing works, but also gives insights of the problems existing approaches want to solve. Such framework can act as a guidance for developing new approaches. 
· We suggest four promising future research directions in the field of AutoML in terms of the problem setting, techniques, applications and theory. For each, we provide a thorough analysis of its disadvantages in the current work and propose future research directions. 
2.2. PROPOSED SYSTEM 
· In this paper, we proposed an ambitious goal for AutoML: the automatic discovery of whole ML algorithms from basic operations with minimal restrictions on form. 
· The objective was to reduce human bias in the search space, in the hope that this will eventually lead to new ML concepts. 
· As a start, we demonstrated the potential of this research direction by constructing a novel framework that represents an ML algorithm as a computer program comprised of three component functions (Setup, Predict, Learn). 
· Starting from empty component functions and using only basic mathematical operations, we evolved neural networks, gradient descent, multiplicative interactions, weight averaging, normalized gradients, and the like. 
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· We use the term configuration to denote all factors but the model parameters x (which are usually obtained from model training) that influence the performance of a learning tool. Examples of configurations are, the hypothesis class of a model, the features utilized by the model, hyper-parameters that control the training procedure, and the architecture of a neural network. 
· When original features are not informative enough, we may want to construct more features to enhance the learning performance.
· Basically, the policy in RL acts as the optimizer, and its actual performance in the environment is measured by the evaluator. However, unlike previous methods, the feedbacks (i.e., reward and state) do not need to be immediately returned once an action is taken. They can be returned after performing a sequence of actions. 

Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Mastering the game of Go with deep neural networks and tree search
	D. Silver, A. Huang, C. J. Maddison, A. Guez, L. Sifre, G. Van Den Driessche, J. Schrittwieser, I. Antonoglou, V. Panneershelvam, M. Lanctot et al., 
	These deep neural networks are trained by a novel combination of supervised learning from human expert games, and reinforcement learning from games of self-play

	Deep residual learning for image recognition
	K. He, X. Zhang, S. Ren, and J. Sun, 
	We provide comprehensive empirical evidence showing that these residual networks are easier to optimize, and can gain accuracy from considerably increased depth.

	Toward human parity in conversational speech recognition
	W. Xiong, J. Droppo, X. Huang, F. Seide, M. L. Seltzer, A. Stolcke, D. Yu, and G. Zweig, 
	 In this paper, we measure a human error rate on the widely used NIST 2000 test set for commercial bulk transcription

	The lack of a priori distinctions between learning algorithms
	D. H. Wolpert, 
	This is the first of two papers that use off-training set (OTS) error to investigate the assumption-free relationship between learning algorithms. This first paper discusses the senses in which there are no a priori distinctions between learning algorithms.



2.3 FEASIBILITY STUDY
The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility
2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.




2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   
2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005





CHAPTER 3
  SYSTEM DESIGN AND DEVELOPEMENT
SYSTEM ARCHICTURE
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CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

















                               CHAPTER 5
CONCLUSION:
Motivated by the academic dream and industrial needs, the automated machine learning (AutoML) has recently became a hot topic. In this survey, we give a systematical review of existing AutoML approaches. We first define what is the AutoML problem and then introduce a basic framework to show how these approaches are realized. We also provide taxonomies of existing works based on “what” and “how” to automate, which acts as a guidance to design new and use old AutoML approaches. We further discuss how existing works can be organized according to our taxonomies in detail. Finally, we briefly review the history of AutoML and show promising future directions. We hope this survey can act as a good guideline for beginners and show light upon future researches 
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