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Graph-based Embedding Smoothing for Sequential Recommendation








ABSTRACT
In real-world scenarios, a user's interactions with items could be formalized as a behavior sequence, indicating his/her dynamic and evolutionary preferences. To this end, a series of recent efforts in recommender systems aim at improving recommendation performance by considering the sequential information. However, impacts of sequential behavior on future interactions may vary greatly in different scenarios. Additionally, semantic item relations underlying item attributes have not been well exploited in sequential recommendation models, which could be crucial for measuring item similarities in recommendation. To deal with the above problems, this paper provides a general embedding smoothing framework for sequential recommendation models. Specifically, we first construct a hybrid item graph by fusing sequential item relations derived from user-item interactions with semantic item relations built upon item attributes. Second, we perform graph convolutions on the hybrid item graph to generate smoothed item embedding. Finally, we equip sequential recommendation models with the smoothed item representations to enhance their performances. Experimental results demonstrate that with our embedding smoothing framework, the state-of-the-art sequential recommendation model, SASRec, achieves superior performance to most baseline methods on three real-world datasets. Moreover, the results show that most mainstream sequential recommendation models could benefit from our framework.                            
CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· We propose a systematic classification schema to organize the existing GNN-based recommendation models. We first categorize the existing works into general recommendation and sequential recommendation based on the task they deal with.
· Most of the existing works in GNN-based recommendation adopt ConvGNN to simulate the propagation process. 
· We further categorize them into three subcategories based on the types of information used. Without side information, existing models consider the useritem relationships as a user-item bipartite graph.
· Most of the existing works capture users’ dynamic preferences only based on the sequences. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· Modeling users’ preference from his historical sequences is one of the core problem of sequential recommendation.
· With dramatic growth of the amount of information on the Internet, recommender systems have been applied to help users alleviate the problem of information overload in online services, such as e-commerce, search engines, and social media.
· SASRec applies self-attention mechanisms to sequential recommendation problems to explicitly model the relationship between items.
· To settle this problem, we build a message propagation mechanism from user to item, considering the order information. 
2.2. PROPOSED SYSTEM 
· In order to adapt to different scenarios, various strategies are proposed to better integrate the two representations, such as GRU mechanism, concatenation with nonlinear transformation and sum operation.
· Due to the specific characteristic of different types of data in recommendation, a variety of models have been proposed to effectively learn their pattern for better recommendation results, which is a big challenge for the model design.
· With the emergence of online social networks, social recommender systems have been proposed to utilize each user’s local neighbors’ preferences to enhance user modeling.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· DGSR-GCN achieves the poorest performance of all variants. It is probably because the GCN net is a linear approximation of localized graph convolution, assuming that all interactions contribute equally. 
· Compared with the excellent performance in the session-based recommendation scenario, the performance of SR-GNN is flat in the sequential recommendation and especially poorly in ML-1M data.
· Increasing the layer of DGSR is capable of promoting the performance substantially. It demonstrates that exploiting high-order user sequences information explicitly can effectively improve recommendation performance.
· With the increase of 𝑚, the model performance tends to be stable because of the limitation of the number of DGAN layers. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Empirical evaluation of gated recurrent neural networks on sequence modeling
	Junyoung Chung, Caglar Gulcehre, KyungHyun Cho, and Yoshua Bengio. 2014. 
	 We evaluate these recurrent units on the tasks of polyphonic music modeling and speech signal modeling.

	Dyngem: Deep embedding method for dynamic graphs
	Palash Goyal, Nitin Kamra, Xinran He, and Yan Liu. 2018. 
	In this work, we present an efficient algorithm DynGEM based on recent advances in deep autoencoders for graph embeddings, to address this problem.

	Translation-based recommendation
	Ruining He, Wang-Cheng Kang, and Julian McAuley. 2017. 
	 In this paper, we propose a unified method, TransRec, to model such third-order relationships for large-scale sequential prediction.

	Fusing similarity models with markov chains for sparse sequential recommendation
	Ruining He and Julian McAuley. 2016. 
	In this paper, we propose to fuse such methods with Markov Chains to make personalized sequential recommendations.



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 explore the explicitly modeling dynamic collaborative information among sequences of users in sequential recommendation task. Inspired by dynamic graph neural networks, we propose a novel method, DGSR. In DGSR, all sequences of users areconverted into a dynamic graph that contains the chronological order of user-item interactions. The key of DGSR is the well designed Dynamic Graph Attention Neural Network, which realizes the explicit encoding of the dynamic collaborative information of user sequence. The next-item prediction task is finally converted into a node-link prediction of the dynamic graph so that the model can be trained end-to-end. Extensive experiments on four real-world data sets verify the effectiveness and rationality of DGSR. 
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