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ABSTRACT 
Nowadays, social recommendation system is most significant research field of machine learning, information retrieval and data 
mining. The existing social recommendation algorithm online graph regularized user preference learning (OGRPL) uses Frank-
Wolfe algorithm for solving optimization problem. In some cases the Frank-Wolfe algorithm takes more time to convergence and 
in certain situations it convergence shortly without getting the optimal solution. The above issues of the Frank-Wolfe algorithm 
are solved by the proposed system. The proposed system uses a modified Frank-Wolfe algorithm which is non-linear user 
preference learning method. The objective is to provide effective recommendation to the end user based on the user preference. 
The dynamic changes in the user preference are easily handled by the proposed system. It provides best suggestions to the users 
by learning the user preferences. Finally, the experimental results prove that the proposed technique works more effectively and 
efficiently than the existing technique. 
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INTRODUCTION 

 

Data mining is defined as the process of discovering the hidden patterns in the huge amount of database 

through different techniques. The raw data is converted into the valuable information by using the data mining 

techniques. As a result, the data mining techniques utilize the sophisticated data analysis tools for discovering 

the unknown, valid patterns and relationships in the huge database. For this purpose, these tools are consisting 

of different statistical models, mathematical algorithms and machine learning methods. In addition, the data 

mining consists of analysis and prediction of data which are collected and managed by these algorithms. The 

recommender systems or recommendation systems are referred as the subclass of information filtering system 

which is utilized for predicting the rating or preference that the user will provide to the item. Nowadays, the 

recommender systems are mostly developed and utilized in different applications such as movies, music, news, 

books, research articles, search queries, social tags and different products. Moreover, these are also utilized for 

experts, collaborators, restaurants, garments, financial services and twitter pages. Preference learning is defined 

as the subfield in the machine learning for learning the predictive preference model from the observed 

preference information. Online Graph Regularized User Preference Learning (OGRPL) is defined as the online 

social recommendation framework which is utilized for combining the collaborative user-item relationship and 

item content features into a unified learning approach. The online optimization problem is solved by combining 
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the OGRPL with Frank Wolfe algorithm (OGRPL-FW). However, it requires the batch machine learning 

approach for performing the retraining model whenever the new user ratings are arrived. As a result, the 

retraining of the model requires more cost and also in few cases, the convergence time is high due to the Frank-

Wolfe algorithm. In addition, the convergence is occurred shortly without getting the optimal solution in certain 

situations. Therefore, in this paper, a modified Frank-Wolfe algorithm is used for improving the performance of 

the online graph regularized user preference model. 

 

Literature Survey: 

Candes.E.J et al [1] described the matrix completion under few suitable limitations for recovering the 

unknown low-rank matrix from nearly minimal set of entries through solving of the easiest convex optimization 

problem which is called as nuclear-norm minimization subject to data constraints. But the computational 

complexity of the method is high. 

N. Guan et al [2] proposed an efficient online algorithm for NMF learning on large-scale or streaming 

database. The NMF is treated as the stochastic optimization problem which utilizes the robust stochastic 

approximation (RSA) method for updating the bases in ascending order. The samples are considered as 

independently distributed and the objective of updating the bases is considered as the stochastic optimization 

problem which is convex. The proposed method is used for adopting the Nemirovski’s robust stochastic 

approximation method for optimizing the bases. However, there is no unique global minimum for the OR-NMF. 

Lu C et al [7] proposed a new online framework enabling the use of one sparse data fitting term in robust 

dictionary learning, notably enhancing the usability and practicality of this important technique. They proposed 

an online robust dictionary learning (ORDL) algorithm. It addresses the aforementioned updating issue by 

converting the problem to that of minimizing several quadric functions iteratively, in which energies can be 

expressed in a simpler manner and their derivatives form a linear system. However dictionary redundant and 

ignores the discriminative and structured information from the initial training data 

Z. Wang et al [11] designed the joint social-content recommendation framework for suggesting the users 

for importing or re-sharing the videos in online social network. Initially, the user-content matrix update method 

is proposed for updating and filling the user-video entries which provides the foundations for the 

recommendation. Then, the joint social-content space is constructed based on the updated user-content matrix 

for measuring the relevance between users and videos and increasing the accuracy for video importing and re-

sharing. However, the accuracy is low while user is low.    

J. Xiang et al [12] described about the learning of good object templates automatically for improving the 

robustness and adaptability. The main objective of the proposed method is imposing heavy constraints on the 

template building and updating process and making them most suitable for tracking. The effective observation 

models are constructed based on the learned multi life span dictionary for both generatively and 

discriminatively. In addition, these are deployed into the Bayesian sequential estimation framework for tracking 

based on the particle filter implementation. 

Jinfeng Yi et al [6] this work propose Inferring client preferences over an arrangement of items is an 

imperative issue that has found various applications. This work concentrates on the situation where the clear 

element portrayal of items is inaccessible, a setup that is like collaborative filtering. With a specific end a 

client's references from his/her reaction to just few sets pairwise correlations and propose to use the comparison 

of pairwise made by many group clients, an issue suggest to as group ranking. The proposed group positioning 

system depends on the hypothesis of matrix fulfilment and introduce productive calculations for tackling the 

related enhancement issue. Our hypothetical analysis demonstrates that, by and large, just O(r log m) combine 

pairwise inquiries are expected to precisely recover the positioning of m items for the objective client, where r is 

the rank of unknown rating network, r << m. Our exact review with two genuine benchmark datasets for 

collaborative filtering and one group positioning dataset and gathered by means of Amazon Mechanical Turk 

demonstrates the promising execution of the proposed calculation contrasted with the cutting edge approaches. 

The drawback of this paper be all the more genuine issue, once in a while combine pairwise inquiries not 

reduced. 

M. Jiang et al [5] investigated about the social recommendation problem on the basis of psychology and 

sociology studies by two significant factors such as individual preference and interpersonal influence. Initially, 

the significances of these two factors in online behavior prediction are presented. Then, the novel probabilistic 

matrix factorization method is proposed for combining them in latent space. After that, the problem of social 

recommendation is defined and converted for predicting the unobserved entries in the information adoption 

matrix R based on the observed entries and other factors. The time complexity of the proposed method is high. 

X. Qian et al [8] proposed the personalized recommendation system for combining the user personal 

interest, interpersonal interest similarity, and interpersonal influence. The proposed system is used for enforcing 

the user personal interests, and represented by a multi-level tree structure. The personal unique interest is 

modeled for obtaining the accurate model for user with rated items. Finally, the impacts of these three factors 
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for recommendation systems are systematically analyzed in order to show the effectiveness of the proposed 

system. However, the user location could not be specified.  

Z. Qiao et al [9] described Max-Margin Matrix factorization (M3F) which is applied for collaborative 

filtering for personalized recommendations. The non-parametric M3F model is used for selecting the number of 

factors based on the non-parametric techniques. However, the collection of user rating data is assumed to be 

fully obtained before training process and they are not applicable for on-the-fly recommender systems in which 

the user rating data arrives simultaneously.  

J. Wang et al [10] described about the feature selection process which is not appropriate for real-world 

applications while the data instances are having high dimensionality or expensive for obtaining the complete set 

of attributes or features. Therefore, this limitation is addressed by investigating the Online Feature Selection 

(OFS) problem where an online learner is only permitted for maintaining the classifier which has only few 

numbers of features. However, the complexity of tracking of edges is high.  

Zhi Qiao et al [14] this work suggest that with the quick development of event based social networks 

(EBSNs) like Meetup, the interest for event recommendation turns out to be progressively vital. In EBSNs, 

event recommendation assumes a middle part in prescribing the most significant occasions to clients who are 

probably going to take an interest in. Not the same as customary proposal issues, event recommendation 

experiences three new sorts of data, i.e., heterogenous online + offline social connections, land components of 

events and understood rating information from clients. However joining the three sorts of information for 

disconnected event proposal has not been considered. In this way, we show a Bayesian latent factor element 

display that can bind together these information for event recommendation. Trial comes about on true 

informational collections demonstrate the execution of this strategy. This work exhibited another Bayesian 

latent factor element model to coordinate these data for exact event recommendation. And furthermore tried the 

model on informational collections, and the outcomes exhibited the execution of the technique. The drawback of 

this paper be all the more certifiable issue, uneven hypothesis. 

Z. Zhao et al [13] proposed the novel approach for CQA system problems by utilizing the online social 

relation of users through the graph regularized matrix completion. In the proposed approach, the side 

information rating matrix is assumed to be the content of questions. The ratings of users on answering these 

questions are predicted by selecting the right experts for answering the questions. Hence, the main objective of 

the proposed method is completing the missing values for these questions in the rating matrix. Moreover, the 

social relation of CQA users is employed for regularizing the completion of rating matrix. However, the graph 

regularization parameters are becomes small.    

Guang-Neng Hu1 et al [3] this work suggest that recommender frameworks (RSs) give a powerful method 

for reduction of the data over-burden issue by choosing customized decisions. Online informal organizations 

and client produced content give differing sources to  past appraisals and also challenges for conventional RSs. 

In spite of the fact that Social Matrix Factorization (Social MF) can incorporate appraisals with social relations 

and topic matrix factorization can coordinate evaluations with item surveys, two overlook some valuable data. 

This work, explore the compelling information combination by consolidating the two methodologies, in two 

stages. To begin with, we stretch out Social MF to misuse the chart structure of neighbors. Second, this work 

propose a novel structure MR3 to mutually demonstrate these sorts of data adequately to rate forecast by 

adjusting latent factor and hidden topics. This work accomplish more exact rating expectation on two genuine 

datasets. Moreover, this work measure the commitment of every information source to the proposed structure. 

The disadvantage of this paper be most exceedingly awful precision for some datasets, combination is more 

complicate. 

Huiji Gao et al [4] this work suggest that the fast urban extension has significantly expanded the physical 

limit of clients' living zone and built up countless (points of interest). While existing work of POI proposal on 

location based social networks(LBSNs) finds the temporal, spatial, and social examples of client registration 

conduct, the utilization of substance data has not been deliberately contemplated. The different sorts of 

substance data accessible on LBSNs could be identified with various parts of a client's registration activity, 

giving an extraordinary chance to POI proposal. At that point this work demonstrate the three sorts of data under 

a brought together POI suggestion system with the thought of their relationship to registration activities. The 

exploratory outcomes show the importance of substance data in clarifying client conduct, and exhibit its energy 

to enhance POI suggestion execution on LBSNs. The disadvantage of this paper be not utilized the impact of 

assumption signs of clients, can utilize superior to different sorts of substance data, for example, temporal, 

spatial, or social data. 

Zhou Zhao et al [15] this work suggest that the conventional social recommendation  calculations are 

regularly based on batch machine learning techniques which experience the ill effects of a few basic restrictions, 

e.g., to a great degree costly model retraining cost at whatever point new client rating arrive, not able to catch 

the change of client preference after some time. In this way, it is critical to make social recommendation 

framework appropriate for certifiable online applications where information frequently arrives consecutively 
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and client preference may change powerfully and quickly. In this paper, display another system of online social 

recommendation from the perspective of online graph regularized client preference learning (OGRPL), which 

fuses both collaborative client item relationship and also item content components into a preference learning 

process. Additionally build up a productive iterative strategy, OGRPL-FW which uses the Frank-Wolfe 

calculation, to take care of the proposed online advancement issue. Direct broad tests on a few extensive scale 

datasets, in which the empowering show that the proposed calculations get fundamentally lower errors (as far as 

both RMSE and MAE) than the best in class online recommendation strategies while getting a similar measure 

of preparing information in the internet learning process. The disadvantage of this paper be the dynamic changes 

are not taken care of. 

 

Proposed Methodolgy: 

In this method modified Frank-Wolfe algorithm is used to improve the performance of the online graph 

regularized user preference model. In some cases the Frank-Wolfe algorithm takes more time to convergence 

and in certain situations it convergence shortly without getting the optimal solution. The above issues of the 

Frank-Wolfe algorithm are solved by using the modified Frank-Wolfe algorithm, which is a non linear user 

preference learning that solves the convergence problems. The dynamic changes in the user preference are 

easily handled by the proposed system. Modified Frank-Wolfe algorithm takes little time for convergence. It 

provides best suggestions to the users by learning the user preferences. 

 

A. Online Graph Regularized User Preference Learning: 

In the online recommendation process, collect the number of user ratings at each time stamp that is smaller 

than the ratings in the offline recommendations. Online Graph Regularized User Preference Learning is a hybrid 

model using both collaborative filtering information through partially observed user item matrix as well as the 

auxiliary content features for each item. For a given stream of user ratings, Online Graph Regularized User 

Preference Learning incrementally learns the user preferences on the content features of the items. Usually 

human may make some rating errors and moreover the rating data contains some noise. Thus over fitting 

problem may arise due to direct learning of user preference. Furthermore it is not robust for online social 

recommendation. The over fitting problem is resolved by the problem of user preference learning is formulated 

with low rank constraints. Then learn the low rank representation of user preference. By relaxing the rank 

constraint to a convex trace norm constraint the problem of learning problem with low rank constraints are 

resolved. It used the full singular value decomposition operator in the projected gradient descent optimization 

method. It consumes more time for online learning because of the cubic time complexity of computing full 

singular value decomposition. For this we develop a modified modified Frank-Wolfe algorithm to reduce the 

time consumption and improve the performance of social online recommendation. 

 

B. OGRPL- MFW algorithm: 

In this module, the formation of the linear equation to find the optimized recommendations is as follows 

𝐿 =
1

2
‖𝑤‖2 + 𝐶 ∑ (𝜉𝑖 + 𝜉𝑖

∗)𝑘
𝑖=1 − ∑ 𝛼𝑖(𝜀 + 𝜉𝑖 − 𝑦𝑖 + 〈𝑤, 𝑥𝑖〉 + 𝑏) −𝑘

𝑖=1 ∑ 𝛼𝑖
∗(𝜀 + 𝜉𝑖

∗ + 𝑦𝑖 − 〈𝑤, 𝑥𝑖〉 − 𝑏) −𝑘
𝑖=1

 ∑ (𝜂𝑖𝜉𝑖 + 𝜂𝑖
∗𝜉𝑖

∗)𝑘
𝑖=1                                                      (1) 

In the above equation, 𝛼𝑖
∗, 𝛼𝑖 , 𝜉𝑖 , 𝜉𝑖

∗, 𝜂𝑖 , 𝜂𝑖
∗, 𝐶, 𝜀    >0 (positive constraints) 

w= coefficient matrix, x= content feature matrix, y=indication matrix 

It takes after from the saddle point condition that the partial derivatives of L regarding the primal factors 

need to vanish for optimality 

                     𝜕𝑏𝐿 = ∑ (𝛼𝑖
∗ − 𝛼𝑖)

𝑙
𝑖=1 = 0               (2) 

               𝜕𝑤𝐿 = 𝑤 − ∑ (𝛼𝑖 − 𝛼𝑖
∗)𝑥𝑖

𝑙
𝑖=1 = 0                (3) 

                       𝜕𝜉𝑖
∗𝐿 = 𝐶 − 𝛼𝑖

∗ − 𝜂𝑖
∗                   (4) 

Substituting the above conditions (2,3,4) and apply the modified frank wolfe algorithm (MFW). MFW 

algorithm uses the above three conditions to form the non linear equation to optimize the result. After MFW, the 

equation forms as  

𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 {
−

1

2
∑ (𝛼𝑖 − 𝛼𝑖

∗)(𝛼𝑗 − 𝛼𝑗
∗) < 𝑥𝑖 , 𝑥𝑗 >𝑙

𝑖,𝑗=1

−𝜀 ∑ (𝛼𝑖 + 𝛼𝑖
∗) +𝑙

𝑖=1 ∑ 𝑦𝑖(𝛼𝑖 + 𝛼𝑖
∗)𝑙

𝑖=1

           (5) 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 {
∑ (𝛼𝑖 − 𝛼𝑖

∗)𝑙
𝑖=1 = 0

𝛼𝑖 , 𝛼𝑖
∗𝜖[0, 𝐶]

               (6) 

In this 1 equation, to obtain the value for b, the following equations are used. 

𝑏 = 𝑦𝑖−< 𝑤, 𝑥𝑖 > −𝜀 𝑓𝑜𝑟 𝛼𝑖 ∈ (0, 𝐶)            (7) 

𝑏 = 𝑦𝑖−< 𝑤, 𝑥𝑖 > +𝜀 𝑓𝑜𝑟 𝛼𝑖
∗ ∈ (0, 𝐶)                (8) 

C. SVR regression 
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Support Vector Machine can likewise be utilized as a regression method, keeping up all the principle 

highlights that represent the calculation (maximal edge). The Support Vector Regression (SVR) utilizes an 

indistinguishable standards from the SVM for grouping, with just a couple of minor contrasts. As of first 

importance, since a genuine number it turns out to be exceptionally hard to predict the current data, which has 

unending potential outcomes. On account of regression, an edge of resistance (epsilon) is set in estimate to the 

SVM which would have officially asked for from the issue. Other than this reality, there is additionally a more 

complex reason, the calculation is more difficult to be taken in thought. In any case, the primary thought is 

dependably the same: to limit mistake, individualizing the hyperplane which augments the edge, remembering 

that piece of the errror is endured. 

Non-linear SVR  

𝑦 = ∑ (𝛼𝑖 − 𝛼𝑖
∗) < 𝜑(𝑥𝑖), 𝜑(𝑥) >𝑁

𝑖=1 + 𝑏              (9) 

𝑦 = ∑ (𝛼𝑖 − 𝛼𝑖
∗)𝐾(𝑥𝑖 , 𝑥)𝑁

𝑖=1 + 𝑏                             (10) 

The kernel function change the information into a higher dimensional element space to make it potential to 

carry out the linear partition. 

 

Experimental Results: 

In this section, the experimental results for existing Online Graph Regularized User Preference Learning 

Frank Wolfe (FW) and proposed Online Graph Regularized User Preference Learning- Modified Franks Wolfe 

(MFW) are conducted in terms of Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and time. For 

the experimental purpose the used dataset called as Amazon movie review dataset.  It consists of movie reviews 

from Amazon. The data span a time period of more than ten years including all approximate 8 million reviews 

up to October 2012. The review details contain information like user and product information, plain review text 

and ratings. The dataset statistics is given in table I. 

 
Table I: Dataset Statistics 

Dataset statistics 

Number of reviews  7,911,684 

Number of Users 889,176 

Number of Products 253,059 

Users with >50 Reviews 16,341 

Median no. of words Per Review 101 

 

A. Root Mean Square Error: 

Root Mean Square is a measure of the difference between the values predicted by OGRPL-FW, OGRPL-

MFW and the values actually observed. It can be calculated as follows: 

𝑅𝑀𝑆𝐸 = √
1

|Ω𝑡𝑒𝑠𝑡|
∑ (𝑟𝑖𝑗 − �̂�𝑖𝑗)2

(𝑖,𝑗)∈Ω𝑡𝑒𝑠𝑡

 

Where Ω𝑡𝑒𝑠𝑡  denotes the indices of testing data, �̂�𝑖𝑗 denotes the predicted rating of the j-th item given by the 

i-th user and 𝑟𝑖𝑗  denotes the actual rating of the j-th item given by the i-th user. 

 

 
 

Fig. 1: Comparison of RMSE 

 

Fig. 1 shows the comparison of RMSE between proposed OGRPL-MFW and existing OGRPL-FW method. 

X axis represents the Percentage of samples and Y axis represents the RMSE value. From the figure 1, it is 

proved that the proposed OGRPL-MFW has low RMSE value than the existing OGRPL-FW method.  
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B. Mean Absolute Error: 

Mean Absolute Error is a measure used to measure how close predictions are to the absolute outcomes. It 

can be calculated as  

𝑀𝐴𝐸 =
1

|Ω𝑡𝑒𝑠𝑡|
∑ (𝑟𝑖𝑗 − �̂�𝑖𝑗)2

(𝑖,𝑗)∈Ω𝑡𝑒𝑠𝑡

 

Where Ω𝑡𝑒𝑠𝑡  denotes the indices of testing data, �̂�𝑖𝑗 denotes the predicted rating of the j-th item given by the 

i-th user and 𝑟𝑖𝑗  denotes the actual rating of the j-th item given by the i-th user. 

 

 
 

Fig. 2: Comparison of MAE 

 

Fig. 2 shows the comparison of MAE between proposed OGRPL-MFW and existing OGRPL-FW method. 

X axis represents the Percentage of samples and Y axis represents the MAE value. From the fig. 2, it is proved 

that the proposed OGRPL-MFW has low MAE value than the existing OGRPL-FW method.  

 

C. Running Time:  

 

Running time defines the amount of time taken by the OGRPL-FW and OGRPL-MFW.  

 

 
 

Fig. 3: Comparison of Running Time 

 

Fig. 3 shows the comparison of running time between proposed OGRPL-MFW and existing OGRPL-FW 

method. X axis represents the Percentage of samples and Y axis represents the Running time(sec) value. From 

the fig. 3, it is proved that the proposed OGRPL-MFW has low running time than the existing OGRPL-FW 

method.  

 

Conclusion: 

The presentation of a new framework of online social recommendation from the viewpoint of online user 

preference learning, which incorporates both collaborative user-item relationship as well as item content 

features into a unified preference learning process. Furthermore, the approach integrates both online user 

preference learning and users’ social relations seamlessly into a common framework for the problem of online 

social recommendation. In this existing model batch machine learning method requires high cost for model 

retraining and this method uses only the rating of user to identify the user preferences. Hence the modified 

Frank-Wolfe algorithm is proposed in which is a nonlinear user preference learning method which enhanced the 
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search directions when compared with conventional Frank-Wolfe algorithm. The experimental result shows that 

the proposed technique works more efficiently than the existing technique. 
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