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Deep Ladder-Suppression Network for Unsupervised Domain Adaptation







ABSTRACT
Unsupervised domain adaptation (UDA) aims at learning a classifier for an unlabeled target domain by transferring knowledge from a labeled source domain with a related but different distribution. Most existing approaches learn domain-invariant features by adapting the entire information of the images. However, forcing adaptation of domain-specific variations undermines the effectiveness of the learned features. To address this problem, we propose a novel, yet elegant module, called the deep ladder-suppression network (DLSN), which is designed to better learn the cross-domain shared content by suppressing domain-specific variations. Our proposed DLSN is an autoencoder with lateral connections from the encoder to the decoder. By this design, the domain-specific details, which are only necessary for reconstructing the unlabeled target data, are directly fed to the decoder to complete the reconstruction task, relieving the pressure of learning domain-specific variations at the later layers of the shared encoder. As a result, DLSN allows the shared encoder to focus on learning cross-domain shared content and ignores the domain-specific variations. Notably, the proposed DLSN can be used as a standard module to be integrated with various existing UDA frameworks to further boost performance. Without whistles and bells, extensive experimental results on four gold-standard domain adaptation datasets, for example: 1) Digits; 2) Office31; 3) Office-Home; and 4) VisDA-C, demonstrate that the proposed DLSN can consistently and significantly improve the performance of various popular UDA frameworks.




        	








                            
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Existing methods cannot fully solve the domain shift problem without data sharing. Collecting and labeling more data in the target domain is straightforward, but it is expensive and likely under scrutiny.
· However, existing works are inapplicable to face recognition under privacy constraints because they require sharing sensitive face images between two domains.
· Existing research on UDA for face recognition mainly leverages some of these methods: Sohn et al. learned domain-invariant features through domain adversarial discriminator.
· Although unsupervised domain adaptation methods reduce domain gaps effectively, they mostly assume data is shared between domains. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Neural networks where used for classification or regression problems with only supervised data.
· Recurrent Neural Networks (RNN) are a kind of neural network models used for these problems.
· The very big problem of these approaches is the computation cost due to the computation of the second order term that increases quadratically with the number of parameters.
· Gradient vanishing is a problem that appears in very deep architectures in part due to the derivative of certain activation functions.
· These problems appear when lots of neurons activate as a zero because the zeros are propagated through the network and so it is the derivative. 
2.2. PROPOSED SYSTEM 
· We evaluate the effectiveness of BiAT on three benchmark datasets and experimental results demonstrate the proposed method achieves the state-of-the-art.
· The MME method they proposed maximize the entropy of unlabeled target data to optimize classifier, and minimize the entropy with respect to the feature extractor to cluster features.
· We firstly propose Adaptive Adversarial Training (AAT), a novel adversarial training notion for specific SSDA scenarios that generates adaptive adversarial examples from the source to target domain.
· We propose a uniform Bidirectional Adversarial Training (BiAT) network to perform AT, AAT, and E-VAT jointly.


2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· The use of unsupervised data in addition to supervised data in training neural networks has improved the performance of this classification paradigm.
· We have already talked about how can we improve the performance of a neural network with techniques that affect directly the optimization algorithm and with techniques that improve generalization.
· The big contribution of semi-supervised learning is the ability of using the features that supervised learning finds suitable to refine which features of the input data, at different levels, are helpfull for the discriminant task performance. 
· One of the keys that cannot let us conclude if adversarial noise improve the performance of the ladder network is the high variability of the hyperparemeters of this model. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Accelerated back propagation learning: Two optimization methods
	R. Battiti. 
	The strict locality requirement is relaxed but parallelism of computation is maintained, allowing efficient use of concurrent computation.

	Random search for hyper-parameter optimization
	J. Bergstra and Y. Bengio. 
	Empirical evidence comes from a comparison with a large previous study that used grid search and manual search to configure neural networks and deep belief networks.

	Neural networks for pattern recognition
	C. M. Bishop. 
	This is the first comprehensive treatment of feed-forward neural networks from the perspective of statistical pattern recognition.

	Pattern recognition and machine learning
	C. M. Bishop. 
	The field of pattern recognition is concerned with the automatic discovery of regularities in data through the use of computer algorithms and with the use of these regularities to take actions such as classifying the data into different categories.





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:
    In this work we have trained the ladder autoencoder network model with adversarial noise to get state of the art results. On one side we add adversarial noise to the labeled data to improve generalization as exposed in previous works where the adversarial noise addition showed a good performance. On the other, we use the same idea of adversarial noise to add it to the unlabeled data, showing that it can help the unsupervised learning because it modifies the data space pushing the samples towards the most sensible direction our model has to discriminate. We have reached state of art in the same tasks where the previous ladder network had outperformed the MNIST and CIFAR10 classification tasks. 
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