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Abstract: Recommender systems are becoming substantial in the growth of the information technology to offer e-

commerce users with proper rating of Product / Services. Sparse and high dimensionality data affected the routine of 

recommendations.  Steepest gradient descent based Matrix Factorization techniques optimize the difference between 

actual and predicted ratings. The proposed framework using steepest gradient descent and projected gradient descent 

algorithm predicts the unknown ratings. Rating prediction formulated as optimization problem. The unconstrained 

rating prediction solved using steepest gradient descent and bound constrained rating prediction problem solved using 

projected gradient descent. Experiments conducted on benchmark Movie Lens dataset and real-world dataset use a 

fixed learning rate. The result shows that the projected gradient descent algorithm gives better performance. 

Keywords — Collaborative Filtering, Recommendation System, Matrix Factorization, Root Mean Square Error, Latent 
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I. INTRODUCTION 

In the growing world of e-commerce and information 

technology, recommendation system plays a vital role when 

the customer takes a decision on selecting a product/item to 

buy with cost-effectiveness and quality. Recommendation 

system is a system which recommends the product to the 

customer through filtering algorithms such as collaborative 

and content-based filtering. Collaborative Filtering is one of 

the most widely used recommendation algorithms, classified 

into model-based methods and memory-based methods[1]. 

The former uses machine learning approach to model user’s 

preferences on training data and predicts unknown ratings 

through the trained model. The latter is a neighborhood-

based approach calculates the similarities between 

users/items with similar interests to an active user or with 

similar characteristics to an active item, to predict and 

recommend the interest items for the active user. Model 

based algorithm offers the benefits of both speed and 

scalability on huge volume of rating matrix for 

prediction[2]. The past history of customer rating predicts 

the unknown rating of customer’s feedback behavior.  

Actions are classified as Explicit and Implicit[3]. Explicit 

action expressed the feedback of user preference through 

ratings to the items, where in implicit action the user 

expressed their likes to the items. The Figure.1 shows the 

general schematic diagram of model-based collaborative 

filtering process. Subset of train data are collected from the 

dataset and convert it into real rating matrix. Filtering 

methods are applied to predict the unknown ratings and 

assess the recommendation to the items. 

 

Figure 1 Recommender Process 

The findings of rating prediction face several problems and 

challenges namely conversion of rating to rating matrix, 

sparseness of rating matrix and high dimensionality of 

rating matrix. The proposed work in training model 

overcomes challenges with increasing scalability and 

efficiency of the process. Matrix Factorization is simply a 

mathematical model in which latent factors play a major 

role. Latent factors relate user and items in a low 

dimensional latent feature space. It is applicable in data 

mining domains for prediction.  The real rating matrix is the 

user-item interaction matrix. The users, item maps via latent 

factor represented as dot product of user-factors vector 

and item-factors vector. The matrix factorization based 

steepest descent method, starts with a random initial 

solution and takes the gradient of the function at that point 

and proceeds with a solution in the negative direction of 

gradient. 
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A. Matrix Factorization 

Matrix factorization decomposes the structure matrices 

and show latent or hidden from the data[4]. Matrix 

factorization predicts ratings for items which the user has 

not yet rated. The task of recommendation system is to 

predict the rating for the missing one’s in the real rating 

matrix.  The latent factor estimates the factor vector which 

minimizes the predicted and actual rating on the dataset. 

The task of predicting the rating of a product pj by a 

user ui calculated as dot product of vectors corresponding 

to pj (vector Y that is the product) and ui (vector X that is 

the user). The predicted rating is represented as 

             (1) 

 
 

Figure 2 Process of Matrix Factorization 

Figure.2 shows the process of matrix factorization technique 

with collaborative filtering algorithm in recommender 

system. First the data is collected and converted as real 

rating matrix. Using Collaborative Filtering algorithm with 

Matrix factorization technique the unknown ratings of 

actual one is replaced with predicted ratings and evaluates 

the recommendation. 

II. LITERATURE REVIEW 

Zhijun Zhang and Hong Liu [5] proposed an algorithm 

called Improved Probability Matrix Factorization algorithm 

called MPMF, which determines the optimal value for both 

user feature and item feature vector. The algorithm scales 

linearly with some observations applied to massive data. 

The experiment improves the efficiency of accuracy of the 

algorithm in sparse and unbalanced datasets compared with 

other related algorithm. 

MirzaIlhami and Suharjito [6] discussed the use of Matrix 

factorization and collaborative filtering using nearest 

neighbor in film recommendation system to improve the 

prediction accuracy in a better way. Both of these methods 

are used to make more accurate recommendations with the 

experimental results of parameters such as datasets, content 

features and normalization. 

ThanhTran and et.al [7] established a novel Regularized 

Multi-Embedding (RME) based recommendation model 

that encapsulates. 1) Which items a user likes. 2) Which two 

users co-like the same items? 3) Which two items users 

often co-liked and 4) which two items often co-disliked. 

The author validates the RME in both implicit and explicit 

feedback in different datasets, and analyzed how the model 

worked on different types of user in terms of the interaction 

activity levels and observed improvements in cold start 

users group. Future extension incorporating co disliked 

patterns among users in the model is also available. 

Chao-Yuan Wu et.al [8] provided a neural network model 

that combines ratings, reviews and temporal patterns to 

predict results on both numerical ratings and natural 

language reviews. The author demonstrated (text reviews 

and temporal dynamic gibes results over the IMDB dataset) 

the results on rating prediction in real recommendation 

settings over IMDB dataset. 

Jianlizhao et.al [9] proposed a novel action content 

clustering method with fuzzy logic to calculate the user’s 

similarities based on users memberships vectors to regress 

the SVD.  The author used the matrix factorization 

technique during learning process to optimize the user’s 

similarities.  The experiment shows that movie lens datasets 

out perform the base line and original model. 

ChaoWang et.al [10] projected a confidence aware MF 

(CMF) framework to optimize the accuracy of rating 

prediction and measure the prediction confidence 

for recommender system. These confidence quantities are 

used to enhance recommendation results based on 

Confidence Aware Ranking (CR). The results demonstrated 

the effectiveness of framework from multiple perspectives 

on real world datasets. 

Bipul Kumar [11] comprehended empirical evaluation of 

accuracy and efficiency by reducing number of latent 

features of either users or items made less complex than 

funk SVD. Experiments on two public datasets show the 

comparable accuracy and lesser complexity of proposed 

methods than Funk SVD. 

Lorraine McGinty and Barry Smyth [12] demonstrated 

the recommender system that helps the consumer to find 

products within a complex product-space under 

experimental condition. The author employed adoptive 

selection technique in preference based feedback and 

evaluation to improve outcome of recommender systems 

technique. 

YiboWang et.al [13] recommended a movie 

recommendation framework based on a hybrid 

recommendation model and sentiment analysis on Spark 

Data Sets 
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platform to improve the accuracy and timeliness of mobile 

movie recommender system. This method makes it 

convenient and fast for users to get useful movie 

suggestions. 

ChaoyuanCui and et.al [14] analyzed a new prediction 

model called SHMF using social hub matrix factorization 

constructs the interest prediction model by combining blogs 

posts published by both user and direct neighbors in user’s 

social hub integrating user’s historical behavior and 

temporal reason as well as user’s friendships. The 

experimental results on SinaWeibo show the efficiency and 

effectiveness of top-𝑛 accuracy and average accuracy of 

user’s future interests. 

III. METHODOLOGY 

 Matrix Factorization based collaborative filtering 

specified with user set U and item set P for n-users and m-

items where preference of items of a user denoted as rij. The 

user chooses the recommended items based on the predicted 

ratings. U is a matrix representing user preferences and 

similarly a matrix P representing the products for which we 

have the ratings. Then the rating matrix R is defined as   R = 

U x P. 

X=U x k 

Y=P x k 

Here, X is a user related matrix which represents the 

associations between the users and the latent features k.  

However, Y is the product related matrix which represents 

the associations between the products and the latent features 

k. A user-item matrix of R with dimension |n×m| dimension 

formed where row vector denotes a user and column vector 

denotes an item. The dot product between user factor vector 

and item factor vector is expressed as 

T                   
(2) 

The loss function is defined as the difference between the 

predicted and the actual ratings which are termed as 

the squared error eij (Prediction error) 

                 (3) 

 

where k is the latent factor k (2, n) and  is the actual 

rating by user i for product j and  is the predicted rating 

of the same. The gradient descent is an optimization 

algorithm that finds the optimal minimization that reduces 

the error between actual rating and predicted rating.  The 

goal is to estimate R from (U, I) such that root mean square 

error (RMSE) is calculated in equation (3) after updating of 

Ui and Pj with learning parameters which is minimal. The 

projected gradient descent method uses the bounded 

constraints to minimize the squared error for rating 

prediction. 

 

Figure 3 User-Item Rating Matrix  

The Figure.3 shows the user item rating matrix of a 

recommender system. Gradient descent method predicts the 

ratings to the user for the items with lowest error rate. 

A. Steepest Descent Method 

The steepest descent method is an optimization problem 

used to minimize an objective function iteratively moving in 

the negative direction of gradient. Starts at the initial 

gradient move downward in the direction specified by the 

gradient and stops at Converge [15]. The gradient is 

calculated iteratively until no more changes occur in the 

minimum function. The learning rate controls the rate of the 

update. A low learning rate is precise and works best for our 

model. The steepest descent is suitable for proposed work, since 

the parameters cannot be calculated analytically. In this paper, 

the steepest descent method is used to minimize eij
2 

in an 

iterative manner. The optimum value of the minimization 

function can obtain by using stochastic gradient descent 

method. The prediction error is   where 

 and the actual rating and the predicted rating. The 

parameters Ui, Pj are updated as    

              (4) 

              (5) 

where α, β are fixed learning rates. The initial value for ui, 

pj is set as random vectors uniformly distributed in [0, 1]. 

The cost function root mean square error (RMSE) is  

       (6) 

B. Projected Steepest Descent Method 

Projected gradient descent method is just gradient 

descent generally used when dealing with a constraint 

optimization problem, where the constraint is imposed on 

the feasible set of the parameters. It is a step to project the 

resulting point to the closest feasible point. In steepest 
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descent there is no restriction on the variable optimization 

rating problem. The Projected gradient descent method 

solves the bounded constrained minimization as  

           (7) 

 

The rating is defined in between the bounded constraints as 

lb ≤ rij ≤ ub where lb is the lower bound and ub is the upper 

bound. The constraint set starts with the initial point, 

iterates until the bound condition met. 

IV. PROPOSED MODEL 

In the proposed system, the matrix factorization 

technique with steepest descent method removes the sparse 

and unknown ratings in the matrix, by using of latent feature 

k for n iterations. Introducing of gradient descent, randomly 

taken the subset of data in matrix form and predict the new 

ratings from the past one. Secondly, the projected steepest 

descent gradient method uses the constraints where   

bound limits as l ≤ rij ≤ u. It automatically slashes the root 

mean square error rate and predicts ratings in between lower 

and upper bound constraints. This helps the customer/user 

to take decision among many similar products/items to 

choose. After the recommendation system completes this 

mapping, it can easily estimate the user rating to any item 

by using  

 

                        (8) 

The aim is to minimize the root mean square error (RMSE) 

in Projected Steepest Descent Method based Matrix 

Factorization Technique of the recommendation systems for 

n iterations. 

Algorithm 1 SGDM: 

Data: Training data contains user u ∈ N, item p ∈ N and 

rating r ∈ R.  

Input: The latent vector k ∈ n, randomly assigned as k=2, X 

number of user ∈ N and Y number of item ∈ N.  

1. Iterate p number of epochs. 

2. while does not converge do 

3. for Xi ← 1 to m do ui=ui+α(eij.pj-βui) 

4. for Yj ← 1 to n do pj=pj+α(eij.uj-βpj) 

5. Perform step 2-6 until converge occurs. 

6. Calculate   

7. Return Predicted Ratings. 

 

Algorithm 2 PSGDM: 

Data: Training data contains user u ∈ N, item p ∈ N and 

rating r ∈ R.  

Input: The latent vector k ∈ n, randomly assigned as k=2, X 

number of user ∈ N and Y number of item ∈ N.  

1. Iterate p number of epochs. 

2. while does not converge do 

3. for Xi ← 1 to m do ui=ui+α(eij.pj-βui) 

4. for Yj ← 1 to n do pj=pj+α(eij.uj-βpj) 

5. Perform step 2-9 until converge occurs. 

6. Calculate   

7. P(x)=  

8. Apply(P(x),1,function(x) replace(x, x ≥ ub)) 

9. Apply(P(x),1,function(x)replace(x, x≤ lb)) 

10. Return Predicted Ratings. 

A. Data Sets 

Movie Lens is a web-based research recommender system 

dataset that debuted in fall 1997. Each week hundreds of 

users visit Movie Lens to rate and receive recommendations 

for movies [16]. The site now has over 35000 users who 

have expressed ratings on 3000+ different movies. The 

randomly selected data have enough users to get 100rating-

records from the database. The selected dataset is divided 

into training set 80% and test set data 20%. 

Secondly, (Samsung Mobile) real data are extracted from 

different websites like flipkart.com, amazon.com, 

mysmartprice.com, snapdeal.com and gadgets.com through 

web crawling. Sample of 80% training data and 20% test 

data with different user ratings are taken for considerations. 

The experiment is carried out in R language to simulate the 

model. The performance measure of the Gradient descent 

and Projected Gradient descent is evaluated and compared. 

V. RESULTS AND FINDINGS 

The Movie lens dataset consists of 100 ratings with 943 

users and 1664 items of movies. The 80% of data is taken 

as training subset. The training set data is converted into 

real rating matrix. The real rating matrix has unknown 

ratings. Steepest descent and Projected Steepest descent 

algorithm is applied to the real rating matrix for latent factor 

k=2. The algorithm runs for 1000 epochs with fixed 

learning rate α=0.0002 and β=0.02. SGDM method 

terminated in 800
th

iterations, and the results up to 1000
th

 

iterations of Movie Lens data are recorded in Table.1. 

Secondly, SGDM and PSGDM applied with the above 

mentioned parameters on real dataset to predict unknown 

ratings. The algorithm runs for 1000 iterations of epochs. 
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Table.2 represented the RMSE value for real dataset.  

Figure.4 and Figure.5 depicts the diagrammatic 

representation of RMSE for Movie Lens and real-data. 

Table 1 RMSE value for Movie Lens Data set 

Iterations GDM PGDM 

100 0.864725 0.864061 

200 0.850774 0.85023 

300 0.845605 0.845045 

400 0.839512 0.838954 

500 0.831729 0.831167 

600 0.822233 0.821668 

700 0.811837 0.811267 

800 0.802635 0.801314 

900 - 0.79281 

1000 - 0.785891 

 

Table 2 RMSE Value for Real Data set 

Iterations GDM PGDM 

1 1.277457 1.185865 

100 0.7115113 0.67602 

200 0.3538431 0.3540044 

300 0.2143493 0.2190305 

400 0.16203 0.1639327 

500 0.1416057 0.1415038 

600 0.1331154 0.1324507 

700 0.1292409 0.1285797 

800 0.1272188 0.1266795 

900 0.1259848 0.1255547 

1000 0.1251171 0.1247588 

 

 
Figure 4 RMSE and Projected RMSE for Movie Lens 

 
Figure 5 RMSE and Projected RMSE for Real-Data 

VI. CONCLUSION 

Recommendation systems are essential in today's e-

commerce applications, such as targeted advertising, 

personalized marketing and information retrieval. The 

Review ratings are measured as similarity between similar 

users/items of the past behavior. The proposed work using 

SGDM and PSGDM, predicts ratings results on Movie Lens 

data sets and Real data sets. Finally, experiments showed 

that Matrix Factorization based Projected Gradient Descent 

Method (PSGDM) have lower RMSE value with better 

performance on both Movie Lens and real-data. In Future, 

the proposed work can extend for recommendation of items 

to improve.  
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