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ABSTRACT
The cross-lingual sentiment analysis (CLSA) aims to leverage label-rich resources in the source language to improve the models of a resource-scarce domain in the target language, where monolingual approaches based on machine learning usually suffer from the unavailability of sentiment knowledge. Recently, the transfer learning paradigm that can transfer sentiment knowledge from resource-rich languages, for example, English, to resource-poor languages, for example, Chinese, has gained particular interest. Along this line, in this article, we propose semisupervised learning with SCL and space transfer (ssSCL-ST), a semisupervised transfer learning approach that makes use of structural correspondence learning as well as space transfer for cross-lingual sentiment analysis. The key idea behind ssSCL-ST, at a high level, is to explore the intrinsic sentiment knowledge in the target-lingual domain and to reduce the loss of valuable knowledge due to the knowledge transfer via semisupervised learning. ssSCL-ST also features in pivot set extension and space transfer, which helps to enhance the efficiency of knowledge transfer and improve the classification accuracy in the target language domain. Extensive experimental results demonstrate the superiority of ssSCL-ST to the state-of-the-art approaches without using any parallel corpora.

             
CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· This demonstrates that roughly incorporating existing meta learning algorithms into the CLT problem may not work well.
· However, existing mPLM-based methods focus on designing costly model pre-training while ignoring equally crucial downstream adaptation.
· On the other hand, existing adaptation approaches for mPLM behave as a black box without explicitly identifying intrinsic language relations.
· Most existing meta-learners lack the ability to handle tasks lying in different distributions, especially tasks for heterogeneous languages.
· However, single-source CLT methods would incur the risk of negative transfer when there exists a large language shift. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· This creates a problem, as embeddings are not in the same vector space; they are trained from multiple disparate corpora.
· The problem with this approach is that the translations generated by Google Translate are not necessarily in the target language domain space.
· They initialized the optimization algorithm with a convex relaxation traditionally used for the graph-isomorphism or graph-matching problem.
· They investigated the impact of language similarity, among other factors, on BLI performance and reported poor performance for English–Finnish and English–Estonian pairs.
· Another observation from their results is the impact of batch size on performance. 
2.2. PROPOSED SYSTEM 
· A novel MGL method is proposed to learn to cross-lingual transfer (L2CLT) for taskaware adaptation of mPLM by leveraging previous CLT experiences.
· The proposed MGL method can potentially applied to more cross-lingual natural language understanding (XLU) tasks and be generalized to learn to learn for domain adaptation multi-task learning problems, etc.
· To address the issues, we propose meta graph learning (MGL), a meta learning framework to learn how to cross-lingual transfer for mPLM.
· We propose a meta graph learning (MGL) method to further guide the versatile multilingual representations to be task-aware for downstream CLT tasks.

2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The Transformer has demonstrated superior performance in modelling long-term dependencies in the text, compared to the RNN architecture.
· In a typical deep learning algorithm, a model is trained to learn patterns from training data to efficiently classify and predict unseen data.
· With NLP, transfer learning is anticipated to be a useful option in the development of efficient models, given the noisy, diversity, and unstructured characteristics of text data.
· FastText is an open-source library, designed by the Facebook research team for learning efficient word representations and classification of text/documents.
· It is evident that for the same corpus, vectors will manifest disparately each time a different vector training algorithm is used. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Word Embedding-Based Approaches for Measuring Semantic Similarity of Arabic-English Sentences
	Billah Nagoudi, E.M.; Ferrero, J.; Schwab, D.; Cherroun, H. 
	In this paper we propose two word embedding-based approaches devoted to measuring the semantic similarity between Arabic-English cross-language sentences. 

	Indexing by latent semantic analysis
	Deerwester, S.; Dumais, S.T.; Furnas, G.W.; Landauer, T.K.; Harshman, R. 
	Queries are represented as pseudo-document vectors formed from weighted combinations of terms, and documents with supra-threshold cosine values are returned.

	A Neural Probabilistic Language Model
	Bengio, Y.; Ducharme, R.; Vincent, P.; Janvin, C. 
	A goal of statistical language modeling is to learn the joint probabilit y function of sequences of words. 

	Natural Language Processing (almost) from Scratch
	Collobert, R.; Weston, J.; Bottou, L.; Karlen, M.; Kavukcuoglu, K.; Kuksa, P.P. 
	This versatility is achieved by trying to avoid task-specific engineering and therefore disregarding a lot of prior knowledge.



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:
    The primary objective of this investigation was to devise an efficient transfer learning scheme for attainment of cross-lingual word embeddings obviating the need for large monolingual and bilingual corpora. Multiple experiments were conducted, employing different methodologies, to attain target word vectors for the English–Tamil bilingual pair. Tamil, a popular Asian language, is linguistically similar to many other south Asian languages. We created sufficient corpora for (monolingual and bilingual) Tamil for the evaluation of the proffered methodologies and empirical outcomes. Furthermore, pre-trained Hindi and Chinese embeddings were marshalled to validate the transfer learning model. Target word vectors were successfully generated with a minimal corpus (monolingual) size of 5000 words, approximately the size of a textbook. Such a modest-sized corpus was apposite for achievement of useful word vectors—89% using GloVe vectors and at least an accuracy of 80% using Word2Vec—with proven cross-validated topological (pairwise and neighborhood) accuracy. The cosines were scaled between, and the error was also computed in the same interval. The accuracies obtained were compared with the standard bilingual embedding algorithm BilBOWA, which uses a sentence-aligned parallel and comparable corpora. 
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