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When Does Diversity Help Generalization in Classification Ensembles






ABSTRACT
Ensembles, as a widely used and effective technique in the machine learning community, succeed within a key element--``diversity.'' The relationship between diversity and generalization, unfortunately, is not entirely understood and remains an open research issue. To reveal the effect of diversity on the generalization of classification ensembles, we investigate three issues on diversity, that is, the measurement of diversity, the relationship between the proposed diversity and the generalization error, and the utilization of this relationship for ensemble pruning. In the diversity measurement, we measure diversity by error decomposition inspired by regression ensembles, which decompose the error of classification ensembles into accuracy and diversity. Then, we formulate the relationship between the measured diversity and ensemble performance through the theorem of margin and generalization and observe that the generalization error is reduced effectively only when the measured diversity is increased in a few specific ranges, while in other ranges, larger diversity is less beneficial to increasing the generalization of an ensemble. Besides, we propose two pruning methods based on diversity management to utilize this relationship, which could increase diversity appropriately and shrink the size of the ensemble without much-decreasing performance. The empirical results validate the reasonableness of the proposed relationship between diversity and ensemble generalization error and the effectiveness of the proposed pruning methods.     
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Ensemble methods for different classifiers like Bagging and Boosting which combine the decisions of multiple hypotheses are some of the strongest existing machine learning methods.
· Boosting and Bagging provide diversity by sub-sampling or re-weighting the existing training examples.
· One ensemble approach that also utilizes artificial training data is the active learning method introduced in (Cohn, Atlas, & Ladner, 1994). Rather than to improve accuracy, the goal of the committee here is to select good new training examples using the existing training data.
· We do this by rejecting a new classifier if adding it to the existing ensemble decreases its accuracy. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Moreover, we adopt two methods from diversity maximization via composable core sets and change them slightly to make them suitable for pruning problems, namely the Gonzalez’s algorithm (GMA) and local search algorithm (LCS).
· Some researchers hold the view as well that diversity among the members of a team of classifiers is a crucial issue in classifiers’ combination.
· The relationship between the proposed diversity and the ensemble generalization error is investigated and analyzed theoretically, which demonstrates that diversity has different impacts on the ensemble generalization in different ranges.
· Those methods that cannot fix the size of the pruned sub-ensemble might lead to increasing or reducing the size of pruned sub-ensembles and affect their space cost. 
2.2. PROPOSED SYSTEM 
· Our proposed work aims to show that DECORATE can be useful in many ways other than improving classification accuracy in a purely supervised setting.
· We propose several extensions to our preliminary work; and an introduction and related work for each of our extensions is provided separately in the chapter on proposed work.
· The goal of our proposed research is to show that DECORATE can also be effectively used for (1) active learning, (2) semi-supervised learning, (3) combining active learning with semisupervision, (4) regression, (5) improving class membership probability estimates and (6) relational learning.
· We also propose to implement co-training to use as a baseline semi-supervised algorithm for comparison.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The performance of a diversity measure might depend on the context of data and the use of diversity .
· It is possible to improve the ensemble generalization performance with a smaller size using ensemble pruning.
· Static pruning techniques focus on identify a small sub-ensemble with good generalization performance, accompanied by expensive computation .
· In this case, diversity needs to be decreased to increase the generalization performance of the ensemble, with the basic idea of keeping the ensemble classifying the corresponding instance correctly.
· It aims to prune an ensemble with rare performance degradation, with the basic idea of utilizing diversity and accuracy simultaneously. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Ensemble Methods: Foundations and Algorithms
	Z.-H. Zhou, 
	The material is very well-presented, preliminaries and basic knowledge are discussed in detail, many illustrations and pseudo-code tables help to understand the facts of this interesting field of research.

	Rich feature hierarchies for accurate object detection and semantic segmentation
	R. Girshick, J. Donahue, T. Darrell, and J. Malik, 
	The same framework is also competitive with state-of-the-art semantic segmentation methods, demonstrating its flexibility.

	Mining actionlet ensemble for action recognition with depth cameras
	J. Wang, Z. Liu, Y. Wu, and J. Yuan, 
	In this paper, an actionlet ensemble model is learnt to represent each action and to capture the intra-class variance.

	An ensemble of deep neural networks for object tracking
	X. Zhou, L. Xie, P. Zhang, and Y. Zhang, 
	We tackle this problem by a novel approach that incorporates a deep learning architecture with an on-line AdaBoost framework.






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:
     This paper has investigated and utilized diversity in classification ensembles, and it made the following contributions to the ensemble learning community. First of all, inspired by the regression ensembles, this paper proposed the measure of diversity utilizing the error decomposition for classification ensembles, which broke the error of classification ensembles into two terms: the accuracy and the diversity terms. The empirical results have confirmed that “div” is a distinct diversity measure. Secondly, we have theoretically investigated the relationship between the proposed diversity and generalization of the ensemble through the bound between margin and generalization. These theoretical analyses solve an open question in the ensemble area to some extent, i.e., when does diversity help the generalization of ensembles? Based on the analyses, the relationship between the proposed diversity and generalization error varies when diversity is in different ranges. In some ranges, respectively. more diversity could lead to better generalization, while in other ranges, more diversity is not beneficial to the generalization based on the bound analyses. Thirdly, in order to validate and employ the relationship of diversity to improve the performance of ensembles, we have proposed EPBD that can prune an ensemble without much performance degradation. Besides, an ensemble pruning framework (i.e., FTAD) is proposed to utilize the trade-off between accuracy and diversity and generate pruned sub-ensembles with a smaller size. Note that in FTAD, not only the proposed diversity measure in this paper but also other existing diversity measures could be employed. 
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