7









A Survey on Curriculum Learning







ABSTRACT
· Curriculum learning (CL) is a training strategy that trains a machine learning model from easier data to harder data, which imitates the meaningful learning order in human curricula. 
· As an easy-to-use plug-in, the CL strategy has demonstrated its power in improving the generalization capacity and convergence rate of various models in a wide range of scenarios such as computer vision and natural language processing etc. 
· In this survey article, we comprehensively review CL from various aspects including motivations, definitions, theories, and applications. 
· We discuss works on curriculum learning within a general CL framework, elaborating on how to design a manually predefined curriculum or an automatic curriculum. 
· 
· In particular, we summarize existing CL designs based on the general framework of Difficulty Measurer + Training Scheduler and further categorize the methodologies for automatic CL into four groups, i.e., Self-paced Learning, Transfer Teacher, RL Teacher, and Other Automatic CL. 
· We also analyze principles to select different CL designs that may benefit practical applications. 
· Finally, we present our insights on the relationships connecting CL and other machine learning concepts including transfer learning, meta-learning, continual learning and active learning, etc., then point out challenges in CL as well as potential future research directions deserving further investigations. 




        	
                            
                          





CHAPTER
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Our first contribution is to formalize the existing curriculum learning methods under a single umbrella. 
· This enables us to define a generic formulation of curriculum learning. 
· Additionally, we link curriculum learning with the four main components of any machine learning approach: the data, the model, the task and the performance measure. 
· We observe that curriculum learning can be applied on each of these components, all these forms of curriculum having a joint interpretation linked to loss function smoothing. 

2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
·  we can categorize the motivations for applying CL into two groups: to guide, regularizing the training towards better regions in parameter space (with steeper gradients) as from the perspective of the optimization problem, and to denoise, focusing on high-confidence easier area to alleviate the interference of noisy data as from the perspective of data distribution.
· Fortunately, the AOS algorithm naturally decomposes SPL into two problems of optimizing w and v, which makes it feasible to embed the loss prior knowledge into SPL by encoding it as a part of SP-regularizer or a constraint on v 

2.2. PROPOSED SYSTEM 
· The proposed categories stem from the different assumptions, model requirements and training methodologies applied in each work. 
· A self-paced dictionary learning method for image classification is proposed by Tang et al. 
· They employ an easy-to-hard approach which introduces information about the complexity of the samples into the learning procedure. 
· The easy examples are automatically chosen at each iteration, using the learned dictionary from the previous iteration, with more difficult samples being gradually introduced at each step. 
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The advantages of applying CL training strategies to miscellaneous real-world scenarios can be mainly summarized as improving the model performance on target tasks and accelerating the training process, which cover the two most significant requirements in major machine learning research.
· The most valuable advantages of SPL over predefined CL are mainly two-fold: 1) SPL is semi-automatic CL with a loss-based automatic Difficulty Measurer and dynamic curriculum, which makes it more flexible and adaptive for various tasks and data distributions. 2) SPL embeds the curriculum design into the learning objective of the original machine learning tasks, which makes it widely applicable as a plug-in tool. 


Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Variance reduction in sgd by distributed importance sampling
	G. Alain, et al. 
	We propose a framework for distributing deep learning in which one set of workers search for the most informative examples in parallel while a single worker updates the model on examples selected by importance sampling. 

	Scheduled sampling for sequence prediction with recurrent neural networks
	S. Bengio, et al. 
	We propose a curriculum learning strategy to gently change the training process from a fully guided scheme using the true previous token, towards a less guided scheme which mostly uses the generated token instead.

	Evolving culture versus local minima
	Y. Bengio. 
	The theory is grounded in experimental observations of the difficulties of training deep artificial neural networks. Plausible consequences of this theory for the efficiency of cultural evolution are sketched.

	Curriculum learning
	Y. Bengio, et al. 
	Humans and animals learn much better when the examples are not randomly presented but organized in a meaningful order which illustrates gradually more concepts, and gradually more complex ones.













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 DEVELOPMENT
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:
    Automatic CL (Sec. 4.3) provides the potential application values for CL in wider research areas and has become a cuttingedge direction. Therefore, one promising direction is to design more automatic CL methodologies with different optimizations (e.g., bandit algorithms, meta-learning, hyperparameter optimization, etc.) and different objectives (e.g., data selection/reweighting, finding the best loss function or hypothesis space, etc.). Moreover, as shown in [65], [85], [110], CL methods can be incorporated with other strategies like boosting and AL to achieve improvement. In addition to methodologies, more efforts should be made to explore the power of CL in more various applications, including both cutting-edge research areas (e.g., meta-learning, continual learning, NAS, graph neural network, self-supervised learning, etc.) and traditional machine learning topics (e.g., clustering, regression, etc.). Although the directions mentioned above may adopt Definition 3 of CL as a sequence of training criteria in Sec. 2, the spirit of imitating the human curriculum shall drive more breakthroughs in the machine learning community. 
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