
© 2021 JETIR March 2021, Volume 8, Issue 3                                                               www.jetir.org (ISSN-2349-5162) 

JETIR2103061 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 431 
 

Collaborative Filtering Recommendation System 

using Deep Neural Networks 

Miss. Rajeshwari J. Kodulkar, Prof. Dhanashree .M.Kulkarni 

 Department of Computer Science, D.K.T.E. society’s Textile and Engineering Institute, Ichalkaranji, India.  

Department of Information Technology, D.K.T.E. society’s Textile and Engineering Institute, Ichalkaranji, India. 
 

 

 

Abstract : As a Effect Outcome of a large amount of implicit feedback, such as searching and taps, many researchers are interested 
in the creation of implicit feedback-based recommendation systems (RSs). Although implicit feedback is too complicated, in 

designing recommendation mechanisms it is strongly applicable to use. There are limited learning capacities in conventional 

collective filtering techniques such as matrix decomposition, which consider user preferences as a linear combination of user and 

object latent attributes, and hence suffer from a cold start and data sparsity problems. The research path for considering the 

combination of traditional collaborative filtering with deep neural networks to map user and object attributes to solve these 

problems. In comparison, the data's scalability and sparsity impact the performance of the procedures and reduce the worthiness of 

the recommendations' outcomes. The authors then suggested a multimodel deep learning (MMDL) approach to create a hybrid RS 

and substantial enhancement by combining user and item functions. To predict user expectations, the MMDL approach combines a 

deep autoencoder with a one- dimensional convolutional neural network model that learns user and object characteristics. In contrast 

to existing methods, the proposed analysis indicates substantial success based on rigorous research on two real-world datasets. 

 

IndexTerms - Collaborative filtering, Matrix factorization, Deep neural network, Convolution Neural Network (CNN), Recommender 

system. 

 

1. INTRODUCTION 

 
The Recommender System (RS) is an information retrieval algorithm that allows users to obtain product recommendations based on 

their interests. In today's internet era, the RSs play a crucial role in solving the problems of data congestion. The amount of data 

loaded to the internet grows alarmingly with the exponential development of the internet and commercial companies. The vast 

amount of data on the internet has resulted in knowledge overload associated difficulties. The RS has proven to be a reliable and 

realistic means of resolving the issues associated with knowledge overload on the Internet. RSs efficiently provide users with 

question material such as movies[1, 2], music[2, 3], books[4, 5], news[6, 7], academic papers[8, 9], and general products. Websites 

such as Google, Amazon, Netflix, YouTube and others have been an important part of the RSs[7-11]. Content- based algorithms[9, 

12], collective filtering[13], and trust- based algorithms[14] are only a couple of the algorithms used by RSs. The collaborative 

filtering algorithm is most widely used to make recommendations dependent on the interaction between users and products. It does 

not require any previous knowledge about users or goods.  

 

The key aim of a shared filtering algorithm is to project the desires of users on objects based on their previous browsing and 

response history, such as scores, browsing, clicks, etc. While a collaborative filtering algorithm is powerful and quick, various 

problems such as cold start, accuracy of prediction[17] and a lack of capture of complex user-item interactions[18] are involved. 

Among the several collective filtering algorithms, the matrix decomposition (MD)[8, 19, 20] pairs users and objects into a common 

latent space using a vector of latent features showing a user or an entity. The dot product of their respective latent vectors was then 

used  to map a consumer's interaction with an entity. MD is the de facto method in latent model-based factor suggestion, as 

popularised by the MovieLen and Netflix Award. 

 

Several research studies are ongoing to develop the MD in order to merge it with neighbor-based models[21], to incorporate the 

model with subject-based content models[22] and to expand the method to MD for generic function modeling[22]. Despite the 

popularity of the MD approach in collective filtering, it is well known that, based on the interaction role of the dot product, its 

efficiency is strongly impeded. In capturing the complex structure of user interface results, the dot product is not successful because 

it operates by combining linear multiplication of latent features[24]. 

Deep neural networks (DNNs) are now producing excellent results in numerous fields of study, ranging from image and video 
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processing, voice recognition and text processing. Due to the vast volume of literature on MD methods, there is little information on 

the use of DNNs in advisory schemes. Recent developments are applied to DNNs in suggestion functions, and promising findings 

are obtained. DNNs have recently been used to model additional data such as textual object description, music audio attributes, and 

image visual content in a variety of studies. With regard to the modelling of recommendation systems,  by integrating the consumer 

and item latent functionality using an inner product, the critical mutual filtering effect is still resorted and introduced in MD. Our 

thesis effectively formalises a shared filtering algorithm's neural network simulation methodology. Our focus is on tacit feedback, 

which implicitly expresses the interest of users by habits such as buying goods, sharing videos, and clicking objects. Implicit 

feedback, as opposed to explicit feedback (such as reviews and ratings), allows for automatic tracking, making it easy for service 

providers to receive. However, it is too difficult to use because consumer loyalty is not assessed (nor rated), although there are few 

negative feedback. 

 

This work solves the research problems described above by using DNNs to project implicit feedback signals that are noisy. In our 

study, we propose a multi-model deep learning (MMDL) approach that takes into account the strengths of the Deep Auto-Encoder 

Neural Network (DeepAEC) and the One-Dimensional Traditional Neural Network (1D-CNN) approach to effectively increase 

collaborative filtering algorithm efficiency. In order to show the efficacy of our proposed DeepAEC and 1D-CNN work in collective 

filtering algorithms, we performed detailed studies on two real-world datasets. The majority of this paper is arranged as follows. In 

Section 2, the relevant works are discussed, and in Section 3, the method is introduced. In Section 4, you'll find tests and results.  

 

 
2. LITERATURE REVIEW 

 

 

We review recent relevant works in this section and present them according to their domain in paragraphs. Several model-based 

suggestion methods have been proposed to boost the predictions mentioned above, including Bayesian approaches[32], latent 

semantic approaches[33], clustering approaches[34], regression- based approaches[15], and matrix factoring approaches[35]. Among 

the many collaborative filtering methods, the MD is the most common. This algorithm produces vectors of the same dimension for 

both users and objects, which represent the user's and object's latent features. This algorithm has been identified in works such as 

non-singular value decomposition[36], singular value decomposition (SVD)[36], probabilistic matrix factorisation (PMF)[37], and 

parametric probabilistic principal component analysis[38]. However, there is inefficiency in the latent vectors learned by MD 

algorithms, especially in the case of the sparse rating matrix. 

 

Xue et al. [40] developed a depth MD model. To decompose the feature matrix of users and objects, the standard MD method is 

used. Related characteristics are mined in depth using a multilayer feed-forward neural network. The inner product of the respective 

low-dimensional functions defines the suggestion method's predicted ranking. To improve the precision of the recommendation, 

 

Zhang et al.[41] introduced an Auto SVD++ model that applies the features of video data learned by shrinking the auto-encoder and 

the implicit feedback collected by SVD++. Ouyang et al.[42] developed auto-encoder-based collaborative filtering (ACF). The 

ACF system splits the item's user score value into five vectors. The limitations of this method are that it tackles the issue of integer 

scoring estimation, which raises the sparsity of the scoring matrix and decreases the prediction accuracy of the ACF algorithm. 

Furthermore, Sedhain et al. [43] developed AutoRec. The AutoRec model's primary aim is to recreate the original input results. 

Despite the fact that the AutoRec model solves the issue of non-integer scoring values for prediction, it does not add noise to the 

data, making the model less reliable and susceptible to overfitting 

Wu et al.[44] created CDAE, which is used to forecast rankings. The implicit feedback data of the objects from the user is the 

model's input. More specifically, each perceptron corresponds to an object in the model's input segment and can be thought of as the 

user's preference for the item's interest, with values of 0 or 1 denoting the user's preference. Finally, the objects correlated with the 

output layer perceptrons' expected values in the model are sequentially suggested to the user.  
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Strub et al.[46] recommended a CFN model incorporating material information and a scoring matrix to show the outcomes of the 

final forecast. Compared with the previous approaches, the model's suggestion accuracy has increased. The downside of this model, 

according to Yan et al.[45], is that the details on the material is comparatively simplistic and the data is very scarce. 

 

Convolutional neural networks (CNNs) are the most commonly used in visual recognition and computer vision. CNN is made up of 

convolutional layers (CL), a pooling layer (PL), and fully connected layers (PL) (FL). CNNs have less parameters for the same 

perceptron number than MLPs, making them simpler to train [47].The CL extracts features from the input and creates n function 

maps, where n is the number of filters to use. The PL is responsible for reducing the dimensionality of features to resolve the issues 

associated with the function maps' high dimensionality curse. In order to resolve the problem of data sparsity and increase prediction 

precision, the  

 

ConvMF[48]integrates CNN with PMF to use contextual information from records. In solving sparcity-related problems, the bag of 

word approach is not successful as it ignores the order of the terms so as to deteriorate the semantic sense of the textual details. To 

alleviate this problem, the CNN model is used to generate the latent document vector, which is then combined with the epsilon 

variable in the PMF model to create the final forecast report. 

 

3. PROPOSED METHODOLOGY 

 

  
Fig. 1 Proposed Structure for MMDL 

 

We provide an overarching overview of how we are implementing the framework in this section. Since the aim of this project is to 

investigate a collaborative approach to filtering based on tacit feedback, we've chosen userID and movieID as features (itemID). To 

learn user-item interaction, we proposed an MMDL solution that combines a deep autoencoder (DeepACE) with a 1D-CNN, as seen 

in Fig. 1. Both models offer the same reviews. In Section 3.1 of the collective filtering process, we begin by defining the problem 

based on implicit data. The DeepACE model is introduced in Section 3.2. The 1D-CNN is discussed in Segment 3.3. Finally, the 

proposed MMDL model is described in Section 3.4. 

 

 

 

3.1 Formulation of issue. 

 

The collective filtering algorithm's tacit feedback is the subject of this study's recommendation operation. Unlike direct feedback, 

which involves both negative and constructive feedback, positive feedback is often responded to rather than negative feedback in the 

implicit feedback recommendation case. In the score ranges of 1-5, it shows the degree of tendency from 'dislike' to ‘really like,' 
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Fig.2B. Only detected (selected) and ignored (unselected) events are used in the tacit feedback Fig. 2A. The chosen situation can be 

seen as a positive trend, and it is simply seen as a negative one, since unselected items are combined with items that users are not 

really interested in and things that users do not notice yet are interested in. Therefore, the absence of negative settings in the 

recommendation systems may create problems in preparation. As a predictor of the scores of unnoticed entries in R, which are used 

for film rating, we formulate projected recommendations from implicit results. 

 
  A Rating matrix for implicit feedback  

B Rating matrix for explicit feedback 

 
 

 

 
Fig. 2. A basic instance of explicit feedback and implicit matrix feedback 

3.2 Deep neural network autoencoder 

 

  The initial input layer has two input vectors for the DeepAEC model, namely xu and xi, which represent the features of user 

ID u and movie ID I respectively. There are sparse binary vectors with one-hot encoding. As functions, these vectors are 

concatenated according to the equation below.  

 

x = Concatenate(xu, xi) 

 

The embedding layer follows the input layer, which is fed through DeepACE's fully linked layers, which use encoder and decoder 

functions to map latent vectors and forecast scores. More importantly, the fully-connected encoding model layers seek to transform 

the initial high- dimensionality data into a low-dimensional space. Fully-connected decoder layers are often known as the opposite 

procedure of the network of encoders used to rebuild the initial code data and then encrypt and decode it until it is eventually 

integrated through layer z. 

 

 

http://www.jetir.org/


© 2021 JETIR March 2021, Volume 8, Issue 3                                                               www.jetir.org (ISSN-2349-5162) 

JETIR2103061 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 435 
 

    
 
       Fig 3. Encoder and decoder model 

 

 

 

   
 
 

 

  Where W and b denote each layer's weight matrices and biases, and E1, E2... EL, D1, D2... DL denote the encoder and 

decoder layer outputs, respectively, which are triggered by the operation of the rectified linear unit (ReLU). We used Relu as the 

activation mechanism in the hidden layer because it is the most powerful and easiest to calculate and translate[53]. 

 

Relu(e) = the limit (e, 0) 

 

3.3 Neural network architecture of 1D convolution 

 

 
  Two vectors, respectively userID xu and movieID xi, are used to input the 1D CNN construct. Separate function extraction 

models work on each vector in the 1D CNN, which summarises latent xu and xi vectors into shorter vectors by converging in the 1D 

CNN. More precisely, assume long vector Z with n elements of weight W transformed to form m elements with n-m+1 elements into 

short vector Y. 

 

As seen in the following equations, the convolution layer utilises PLs: 

xu = pooling(Conv(cuser)) xi = pooling(Conv(citem)) 

The avgpool (·) and maxpool (·) variants have the pooling (·) feature. 

 

 

 We used MaxPooling in our study, By reducing the number of learning parameters and having easy translation that is invariant to 

the internal representation, the computational complexity is minimised. The results are then merged into a single long vector from 

both vectors. 
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3.4 Integrate the versions from DeepACE and 1D-CNN 

 
 
  In this section, The proposed multi-modal neural network (MMDL) is used to improve the model of complex user-item 

interactions. Because of the combination models to learn the complicated user-item interactions from the results, the simplest 

approach is  to fuse the DeepACE and 1D-CNN model to improve the reinforcement learning. The models DeepACE and 1D-CNN 

have embedding layers that give the models a sort of versatility to fuse[24]. We concatenated the last hidden layers of DeepACE and 

1D-CNN to boost the outcome and estimate the ranking score of the ith consumer on the ith item. 

 

 

  3.4.1 Training model: Model preparation and assessment support a number of goals. The most  typical objective 

functions for the training of recommendation systems are pair-wise, point-wise, and list-wise. The pair-wise objective 

function  discusses the interests of users evaluating pairs of goods that are believed to be appropriate for picking up the 

top-N recommendations. The purpose of the point-wise objective function is to obtain specific ratings that are important 

for rating prediction tasks. The list-wise goal function based primarily on the desires of users for a list of objects used in 

algorithms for deep learning. 

 

3.4.1 Recommendation making: After teaching the proposed model, we were able to use it to predict a user's success 

score on movies that the user has never seen before (rated). When making recommendations for a single person, we were 

able to pick the movies with the best-predicted scores. 

 

 

4. CONCLUSION 

 

Collaboration Filtering (CF) techniques are key in the design and implementation of the proposed system's recommendation 

processes. CF strategies restrict the sparsity of the data, which represents matrix ratings, scalability, and the integral nature of data. 

We introduced a collaborative RS (MMDL) multi-modal deep learning approach that blends the DeepACE neural network and a 

standard 1D neural network in this study. We have done a comparative study of stat-of-the-art on the proposed model. Our 

experimental findings reveal that among the current methods, the MMDL depicts the best outcome on RMSE tests. We tested the 

model on two real-world datasets, the 100k and 1M MovieLens datasets To enhance the consistency of feedback, collaborative 

filtering is used. 
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