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Abstract: Although several recommendation algorithms are widely used by both commercial and
non-commercial platforms, they face unique challenges such as sparse data sets and the absence of
negative or “neutral” feedback. One-class algorithms attempt to overcome the data sparsity problem
by using the implicit feedback inherent in user’s clicks and purchases, which are deduced from
both positive and negative feedback. Existing literature uses several heuristic strategies to derive
the negative samples needed for training, such as using random sampling or utilizing user-item
interaction. However, these assumptions do not always reflect reality. In addition, with the explosive
increase in the availability of big data for training recommendation systems, these methods might
not adequately encapsulate the representations of the latent vectors. In this paper, we address the
common issues of one-class recommendation and provide a survey on approaches that have been used
to mitigate the existing challenges. To tackle the identified problems, we propose a neural network-
based Bayesian Personalized Ranking (BPR) for item recommendation and personalized ranking
from implicit feedback. BPR provides an optimization criterion derived from Bayesian analysis of
a problem to develop an optimized model for such a problem. We conduct several experiments on
two varieties of MovieLens datasets to illustrate the performance of the proposed approach. Our
approach shows an impressive result in mitigating the issues of one-class recommendation when
compared with the complexity of the state-of-the-art methods.

Keywords: one class recommendation; Bayesian Personalized Ranking (BPR); collaborative filtering;
matrix factorization

1. Introduction

Many companies have realized the importance of predictive analysis methods fa-
cilitated with machine learning, especially the remarkable results from deep learning
algorithms. This creates a justification for the wide adoption and growing interest in the
use of recommender systems by e-commerce companies to boost sales. Ko et al. [1] identi-
fied the application domains of recommender systems as streaming service, social network
service, tourism service, e-commerce service, healthcare service, education service, and
academic information service.

The recommender system aims to predict user intents and provide product recom-
mendation that is likely to be of interest to the customers; therefore, they are employed to
help users discover new products and services. Every time you shop, a recommendation
system is guiding you towards the most likely product you might purchase using your
interaction history.

Recommender systems have evolved and are typically classified according to their
application domains [1] or whether they are generally applicable to different domains.
Recent recommender systems are further classified by Beheshti et al. [2] into sequential
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recommenders such as Markov Chain-based methods, factorization-based methods, neu-
ral network-based models, content-aware recommenders, auxiliary information-based
recommenders, and intelligent recommenders.

Recommendation systems rely on the type of input data that is used and can be
grouped into two categories: explicit and implicit feedback. Explicit feedback, in this case,
means that a user directly gave a report about a specific product. Implicit feedback is
mostly driven by user behavior, such as eye-tracking [3] and browser event tracking [3,4],
which records his preferences and other indirect relationships with the item. Collaborative
Filtering methods rely on explicit data. In addition, aesthetic preference [5] has been used
to provide recommendations in some studies.

Collaborative Filtering (CF) presents two entities that a model is based on, the user and
the item, and two techniques have been identified in the literature to facilitate collaborative
filtering. They are the neighborhood approach [6–8] and latent factor models [9–12]. The
neighborhood approach models the relationships between the items or the users.

Latent factor models for recommender systems, mostly achieved by matrix factoriza-
tion, transform the agents (users and items variables) into a single latent feature space of
similar sizes, then employ an inner product that will model the relationship between a user
and an item. In better terms, the user’s factors are used to encode the preferences of the
user; the item’s factor will encode the properties of the item; the inner product applied to
both factors encodes the distance in terms of attraction of the item to the user’s preferences.

One-class recommendation [8] is exploited in scenarios where explicit numerical
ratings are not available. This technique relies on modeling implicit feedback from users.
Implicit feedback can be browsing history, media preferences, social activities, etc.

Most systems use implicit features to model preferences because they are easier to
obtain, it also poses a challenge where data sparsity exists that makes it hard to identify
representative negative examples (negative examples are mixed with missing positive exam-
ples). Therefore, the one-class recommendation uses only positive examples. Pan et al. [13]
identified the different strategies to solve the one-class problem. They include:

1. Labeling negative examples to convert the data into a collaborative filtering problem.
2. Treating all the missing data as negative examples.
3. Treating all the missing data as unknown (ignored and not used for training).

Many existing methods for handling one-class problems based on these strategies are
complicated and based on mere heuristic approaches. These methods are not always effec-
tive when tackling state-of-the-art recommendation tasks involving the vast amount of data
that is now available in e-commerce. Therefore, we have identified some misconceptions
and limitations to the one-class recommendation in this study.

In addition, we have used matrix factorization in collaboration with BPR to construct
a deep neural network that preserves the simplicity of the solution while also increasing
its ability to deal with non-linearity in the data. Using the Bayesian Personalized Ranking
(BPR) method, the one-class problem of recommending items is transformed into a ranking
problem. User-specific rankings of sets of items are established through a generative
process, in which users and items are connected through missing samples. The probability
that a user will consider an item is modeled by first modeling the odds that the user will
consider an item and then eliciting a probability that the item will be viewed. Item pairs are
used for training data to help optimize the ranking item pairs through prediction, which
is achieved by approximating the matrix obtained from the dot product of user and item
matrices using low-rank matrices.

This paper is structured as follows. Sections 2 and 3 present the background on
Collaborative filtering and One class recommendation thereby introducing the existing
challenges of the techniques. Section 4 presents a review of related works on solving
one class recommendation problems. Section 5 provides information about the method
proposed by the authors while Section 6 gives information about the dataset and the
detailed experiment done. Section 7 concludes the work and presents future works.
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2. Collaborative Filtering

We can consider a scenario where we have ratings for u users of an e-commerce service
and i items/products for which the users gave a rating. Let the rating be denoted by r
where rating between a user and an item is denoted as r_ui. The rating ranges from one to
five stars; five is the highest number indicating a stronger preference by the user for the
item he/she rated, while one is the lowest number indicating a weak preference or dislike
by the user for the item that was rated.

Each user u is associated with a given vector p_u and every item is also associated with
a vector q_(i) which belongs to the same latent space as the user vector. Therefore, given
an item i, the elements of its vector q_i measure the extent to which the item possesses the
stated factors (either negative or positive) and for a given user u, the elements of its vector
p_(u) measure the extent of the attraction the user has for items that are the desired factors
(either negative or positive). Thereafter, the dot product of both vectors (user and items)
models the relationship between the user u and the item i (the total interest of the user in
respect to an item). The rating is, thus, predicted by adding the results of the dot product,
the overall average rating in the set, and the biases of both the user and the item.

Matrix Factorization–Problems and Solutions

Numerous works of literature have proposed variations of the Matrix factorization
techniques, which are based on both implicit and explicit feedback.

Maximum Margin Matrix Factorization (X) [6–9,13–21] employed the use of norms
of the U and V in place of dimensionality where U, the coefficient matrix, is identified as
the product of the user’s matrix (U) and the preference model (K), while V represents that
of the item’s matrix (I). By doing this, only important factors are modeled such that the
very strong factors corresponding to the factors are given preferences above less important
features. Weimer et al. [18] extended this technique to structured ranking losses. The
extensions identified are the efficient computation of the gradient in multi-class ordinal
regression, the introduction of bias for users and items, automated adaptive regularization
scheme, and graph kernel to capture the similarities between users and items.

It is important to identify the successful algorithms when it comes to recommending
items to users. First, most algorithms do not scale well with a huge dataset and, secondly,
the algorithms do not do well when users have few ratings (a case of data sparsity). A com-
mon practice is data cleaning, which most research has generalized to. It involves removing
entries that have few user ratings and not use them while training the model. However,
Probabilistic Matrix Factorization [14,22–24] provides a way to avoid these challenges.

Probabilistic Matrix Factorization [14] models the user preference matrix (U) as a
product of two lower-rank user and item matrices (I).

Rij represents the rating of user I for item j, and V is the latent user and item feature
matrices of the representation; Ui and Vj in the matrix represents the user-specific and item-
specific latent feature vectors, respectively. A probabilistic linear model is developed using
Gaussian observation noise with its probability density function as a normal distribution
and the conditional distribution over the observed ratings is the probability density function
of the Gaussian distribution with the mean and variance. An indicator function is equal to
1 if i > j or if otherwise. Zero-mean spherical Gaussian priors are also placed on the user
and item feature vectors and log of the posterior distribution determined.

Therefore, once the model is fitted, the users in the set that has few ratings will have
feature vectors that are similar to the prior mean or the average user so that the predicted
ratings of such users will be similar to the item average ratings.

Salakhutdinov and Mnih [14] emphasized that collaborative filtering methods are
prone to overfitting because MAP estimate is mostly used to fit the data. This problem can
only be avoided if the regularization parameters are well-tuned. This proposed method,
Bayesian Probabilistic Matrix Factorization using Markov Chain Monte Carlo [15], in-
tended to achieve efficient training by using Bayesian Probabilistic Matrix Factorization
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(PMF) [25], which automatically controls the model capacity through the model parameters
and hyper parameters.

Bayesian PMF [25] represents the prior distributions over the user and item feature
vectors as Gaussian and placed Gaussian-Wish art priors on the hyper parameters of the
user and item feature vectors. To determine the prediction distribution of the user (u)
and item (i), marginalization of the model parameters and hyper parameters is employed.
Using variation methods, evaluation of the prediction distribution could be achieved such
that deterministic approximation is made for the posteriors.

This method with the Bayesian model boost produces a predictive distribution instead
of a single number of other models tend to generate; therefore, it allows the confidence in
the predicted values to be quantifiable.

Latent factor models have also been optimized by employing ranking loss as presented
in the following literature.

Item recommendation provides a user-specific ranking for a set of items in a system.
In addition, a generic learning algorithm, LEARNBPR [26,27] is proposed which is based on
stochastic gradient descent which shows superiority to normal gradient descent algorithms.
Rendle et al. [21] investigates scenarios where implicit data of the user (based on past
purchases) is used to provide a ranking for item recommendation. However, implicit
feedback systems only record positive observations; therefore, the problem of one-class
recommendation is introduced [13,20,21].

The Bayesian method for finding the right personalized ranking for each item in
the item set is aims to maximize the posterior probability. Prediction can be achieved by
estimating the matrix obtained from the dot product of the user matrix and the item matrix
and then approximates the result by the matrix product of low low-rank matrices. For
ranking, BPR-OPT criterion is optimized by using LEAARNBPR.

The ranking recommendation which makes use of user feedbacks is widely used, but
it has been noted that the effectiveness of these methods tends to decrease as the sparsity
of the data increases. FISM [16] proposed a method that can alleviate this challenge by
employing an item-based method which is used to generate ranking top-N recommen-
dations learned from the item-item similarity matrix (the product of low dimensional
latent factor matrices). Collaborative Less-is-More Filtering (CLIMF) [17] is developed off
Collaborative Filtering where model parameters are learned through direct maximization
(optimization) of the Mean Reciprocal Rank which is used to measure the performance of
top-k recommendations.

Weston et al. [19] described how complex a user preference is and that it cannot be
described by a single user-item representation. The authors proposed the usage of multiple
interests in a way that a user set of functions is modeled using a set of latent vectors where
each vector captures the user’s latent interests.

3. One Class Recommendation

Weston et al. [19] also classified the state-of-the-art in one-class recommendation based
on the method used as either point-wise method or pairwise method. The point-wise
method attaches a numerical value to each evaluated item. Positive feedbacks are modeled
as high preference scores while negative feedbacks are modeled as low preference scores.
The pairwise method, on the other hand, models the ranking/order of feedbacks. Using
implicit feedback, the relationship shows that users have a higher preference for positive
feedback than on negative feedback items.

Pan et al. [13] proposed two methods to tackle the challenge of one-class recommen-
dation, weighted low-rank approximation and negative example sampling. The one-class
problem can be regarded as a class imbalance problem at the data level. By sampling, the
data can be re-balanced. In the first proposed approach, which uses weighting, sampling
strategies, such as all missing data being identified as weak negative and some missing
data being identified as negative, are used so as to provide a balance between strategies of
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missing as negative and missing as unknown. The second approach samples some missing
values as negative examples by using sampling strategies.

Pappas and Popescu-Belis [20] focused on user comments which do not have explicit
rating labels; therefore, the problem is modeled as a one-class problem. A sentiment-
aware nearest neighbor model is then proposed. Additional user ratings were inferred by
performing sentiment analysis of user comments (negative and positive) and integrating
its output in a nearest-neighbor model as the prediction function.

The limitations and misconceptions regarding one-class recommendation that were
deduced from the study of numerous state-of-the-art are identified below:

1. Data level strategies, such as data sampling, are based on several assumptions which
do not robustly represent the underlining problem of one class recommendation. For
example, missing data do not explicitly represent a negative example and ignoring
this might also lead to leaving out important data that can be crucial during training.

2. Synthesized data might not be appropriate for production recommendation systems
since they do not represent the real challenges faced by these systems.

3. Implementing the proposed models may be difficult, and the models themselves may
not always be appropriate for, or practically applicable to, the real-world domain.

4. Ranking recommendations, which make use of user feedback, are widely used, but it
has been noted that the effectiveness of these methods tend to decrease as the sparsity
of the datasets increases.

5. It can be substantiated by the complexity of human minds, which make users’ opinions
unstable. The mind’s fragility may lead to an individual’s viewing an item’s properties
in different ways at once. Therefore, it seems better to view each dimension of a user’s
preference as a personalized projection of an item or items properties. The derived
preference model should be able to capture complex relationships between items’
properties and users’ preferences.

This study focuses on the application of matrix factorization to one class recommen-
dation problem in the context of simplicity and the ability to solve the problem at hand.
We have reviewed several variations of matrix factorization techniques that have been
proposed to solve one or more problems of collaborative filtering. In addition, we have
also reviewed the one class recommendation problems and evaluated different proposed
techniques to mitigate its challenges.

4. Related Works

This study examines how matrix factorization methods can be applied to implicit
feedback in the one-class recommendation problem. The main contribution of our work is
to apply a deep neural network to enhance already existing algorithms for better results.
In this section, we review state-of-the-art on the one-class recommendation methods and
machine learning techniques that have been used in these algorithms.

Chen et al. [28] classified state-of-the-art approaches for solving one-class recommen-
dation system problems into methods based on matrix factorization, transfer learning
approaches, and deep learning. However, the methods based on matrix factorization have
proven to be more popular due to their simplicity. The artificial neural network has proven
to be a generic algorithm that can be applied effectively to different application domains
and produce remarkable results. Therefore, existing methods are adapting neural networks
to produce better results.

Factorization-based methods are further classified by Chen et al. [28], based on the
strategies employed into four classes: sampling strategy, weighting strategy [29], introduc-
ing constraint strategy, and varying loss function strategy. Transfer learning methods are
also classified into adaptive transfer learning, integrative transfer learning, and collective
transfer learning. Several deep learning methods have been proposed including Multi-
layer perceptrons, Attention-based networks, recurrent networks, reinforcement learning,
and MN.
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Personalized ranking based on Bayesian probability computations assumes that a
given user will prefer an item he/she has interacted with to one he/she has not interacted
with. This forms the basis for most ranking strategies and subsequent works have extended
this assumption to propose different weighting strategies, like Adaptive Bayesian Person-
alized Ranking (ABPR) [30], which uses auxiliary feedback to learn a confidence score.
Potential Preference-based BPR (BPR+) [31], however, extends the initial assumption by
using potential scores between users and items in the system, as well as measures for the
difference between unobserved items by the users.

Sampling strategies identify a negative feedback subset from the training data that can
be used to train the classifier. A view-enhanced BPR sampler [32], for example, employs
auxiliary feedback to facilitate sampling: BPR assumptions are used to model users’ prefer-
ences, but each user item is represented by three parts, target feedback, auxiliary feedback,
and no feedback. Three predefined probabilities are used to select an item pair from these
three parts; the selected item pair is then used as a training instance. An improved sampling
strategy was proposed in MF-BPR [33] that uses only un-iterated items as negative feedback
in one class recommendation. Three types of strategies of sampling negative items were
further proposed: (i) uniform sampler, (ii) over-sampling of the popularly interacted items
from the perspective of popularity skewness problem, and (iii) multi-channel sampler that
employed both popularity of the items and the level of the feedback.

Loss function strategies for one-class recommendations involve the adoption of various
loss functions to optimize a learning function. While loss functions for one-class recom-
mendations are usually classified into point-wise and pairwise, newer methods have been
proposed. Ding et al. [32] employed a different, but similar (same assumptions), loss with
BPR. The difference is in the incorporation of a new loss term for the introduced auxiliary
feedback. An additional parameter is used to capture the preferences that exist between the
user, the item, and the auxiliary feedback. Ding et al. [33] derived intermediate feedbacks
from items that have auxiliary feedback using point-wise view-enhanced element-wise
alternating least squares. The loss function is derived from the pairwise ranking of the
users, items, and auxiliary feedback. Square loss is used within the function to optimize
the preference that exists between the user and the item including the auxiliary feedback. It
also features a regularization hyper-parameter to overcome overfitting, margin-based loss,
and a tunable parameter for the interactions between the item and the user.

Several deep learning methods have been proposed, including MLP [34–36], Attention-
based networks, recurrent networks, reinforcement learning [37], and MN, to tackle one-
class recommendation systems.

Multi-branch MLP [34–36] has been used to model the interaction functions for aux-
iliary feedbacks. It captures the different types of feedback which are later concatenated
within a single architecture in order to process different types of user behaviors. Gao
et al. [35] critiqued the approach go using the inner product of MF for modeling the differ-
ent types of user behaviors due to its over simplicity. The authors, therefore, model each of
the behaviors with a different prediction function, such as MLP.

Auto-encoder application [36,38] to one-class recommendation is rooted in FISM
where the latent representation of a user is deducted from his/her interaction with items
that are used with the inner product of the item vectors to predict the preference. Few
works have been conducted regarding the Auto-encoder application to the one-class rec-
ommendation. Wu et al. [36] proposed Queryable Variational Auto-encoder (Q-VAE) as a
means to model the relationships between the users and the items. Conditional variational
auto-encoders (CVAEs) [38] have also been proposed to exploit the tendency of users with
similar characteristics to have the tendency of having an interest in the same items. The
method learns label verification signals to ensure an exclusive latent mean factor for users
of similar characteristics.
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5. Materials and Methods

Bayesian Personalized Ranking (BPR) [21] has been proposed to mitigate the chal-
lenges of real-world scenarios, where explicit feedback is not readily available and implicit
feedback seems more logical. BPR enables models to differentiate between positive and
negative observations using missing values, negative samples, or user-item pairs that have
not been observed.

BPR is a pairwise approach to personalized ranking such that it considers a pair of
items for each user so that it can optimally approximate the ordering for the pair of items
and the user.

As a pairwise personalized ranking loss, it is derived from the maximum posterior
estimator. To train a BPR model, the training data must consist of positive and negative
pairs of the items. The negative pair can be referred to as the missing values also. However,
an assumption that a given user will prefer the positive item to all other items he did not
interact with is made.

BPR represents the training data as triplet tuples in the form (user u, positive item I,
negative item j) where the user u has a preference for item i over item j. The objective of the
BPR loss is to maximize the posterior probability and can be represented as:

p(θ|>u) ∝ p(>u|θ )p(θ), (1)

The parameters of the recommendation model are represented as θ, and >u represents
the desired personalized total ranking of all the items for a given user u. To derive the
optimization function for personalized ranking, maximum posterior estimator is used.

BPR(loss) = In p(θ | >u)
∝ In p(>u| θ)p(θ),

= In ∏
(u,i,j ∈D)

σ
(
yui − yuj

)
p(θ),

(2)

∑
(u,i,j ∈ D)

In σ
(
yui − yuj

)
+ In p(θ)

= ∑
(u,i,j ∈ D)

In σ
(
yui − yuj

)
− λθ ||θ||2,

The likelihood function is only a part of the Bayesian modeling technique. A general
prior density was additional introduced. Therefore, the generic optimization model is
formulated as seen in Equation (2). λθ represents the parameters used for regularization,
and yui − yuj captures the important relationship between the user and the pair of items
facilitated by the model class (which can be any model such as matrix factorisation).

D is the training set that consists of triplet tuples, I denoted all items in the set such
that a user u can like an item and other items are not negative samples. yui and yuj denote
the scores predicted by the model for the user u to the items i and j. Prior p(θ) denotes the
normal distribution with zero mean and variance covariance matrix. Figure 1 highlights the
training set D where it is not feasible to learn directly from the set since it consists of missing
data; therefore, the missing values are replaced by 0. This poses a problem as the learning
model ranks all future ranking predictions from what it has learned from the negative
feedback used during training so it only predicts 0s and cannot rank. Figure 2 shows an
optimization employed by BPR to create user specific pairwise preference between pair of
items with–denoting a user preferring an item j over another item i. Therefore, item pairs
are used as training data so ranking item pairs are used instead of just scoring items as
negative or positive or replacing missing values with 0.
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6. Experiments
6.1. Dataset

The Movie Lens dataset was collected by GroupLens, a research group that studies
the effects of collaborative filtering on recommendation accuracy. The dataset consists of
users, movies, and movie ratings for the selected users. Ratings are integer values from one
to five, with five being the highest rating and one being the lowest rating.

The model was trained on two datasets. The first dataset contained 1,000,000 entries
and the second contained 100,000 entries. While the first dataset initially worked well for
training the model, challenges due to server computing capability occurred when a high
number of trainable parameters were used. Therefore, the second dataset was more widely
used for training and evaluation purposes.
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The dataset contains a user ID, movie ID, ratings given by a user to the movie ranging
from one to five, and the timestamp.

Experiment I-Bayesian Personalized Ranking. This experiment involves some perquisite
steps which are enumerated below:

We created a sorted list of unique movies and unique users, then calculated the
number of unique users for each. A dictionary containing each unique user ID was created,
and another dictionary for each unique movie ID and a total number of unique movies
was created. Next, we added the movie IDs from each unique user to the dictionary,
which distinguished each entry’s positive reviews; this is the test subset that was not used
during training, but these movies should appear in your top recommendations accordingly.
Therefore, entries with greater than four ratings were used to create the subtest. The
condition existed such that if there exists a user in the subtest with more than 20 reviewed
movies and the movies had greater than four ratings was used to create the test set.

From the test set, the ground truth is created, which is a collection of records with each
unique user id and the corresponding array of movie ids. The training set is created by
combining the test set and the dataset. The ground truth training set is created with ratings
greater than three and consists of records with each unique user id and the corresponding
array of movie ids.

6.2. Building Triplets

Bayesian personalized Ranking requires for training a triplet of the user, positive item,
and negative item. A pair of each positive ranked movie with ratings greater than three
and all negative movies which has ratings less than three are created for each user.

6.3. Neural Network

The prediction is achieved by multiplication of the user vector by the item matrix to
produce a list of scores.

Loss function-BPR triplet loss (BPR-OPT) and Identity loss were employed.
The input to the network is the triplet from user input, positive item input and negative

item input. The output is the triplet loss function.

6.4. Configuration

The network structure is defined by the hyper-parameters provided. The following
are the configurations of the network: latent dimension = 350, batch size = 128, learning
rate = 0.001, and validation Set = 33% of dataset. The latent dimension signifies the
number of user and item latent factors. The batch size of 128 was selected because of the
capacity of the machine used for training. Higher batch size could have been used if the
capacity of the GPU is much higher. For deep learning models, the learning rate is an
important hyper-parameter. Since stochastic gradient descent algorithms allow the setting
of learning rate, it is important to have a learning rate that provides suitable training. Due
to inability to perform extensive experimentation, the learning rate was selected by first
trying out different values until 0.001 was selected to produce the best loss value at a good
training speed.

Movie Lens Dataset 1—total number of parameters is 3,411,100 which are all trainable
parameters. The training data have lengths of 84, 516, and 129.

The main idea is to extract some movies for users who have large amounts of positive
reviews into the test subtest. Two movies are extracted for each user who has more than
20. Movie Lens Dataset 2—total number of parameters is 3,616,900 which are all trainable
parameters. The training data have a length of 12,689,903. In total, 4,187,668 records were
used for evaluating the performance of the model. Table 1 shows the parameters available
at each layer of the network, and the output shape of each of the layers.
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Table 1. Network layers.

Layer (Type) Output Shape Params Connected to

Positive_item_input
(inputLayer) [(None,1)] 0

Negative_item_input
(InputLayer) [(None, 1)] 0

User_input
(InputLayer) [(None,1)] 0

Item_embedding
(Embedding) (None, 1, 350) 3,403,400 Positive_item_input[0][0]

Negative_item_input[0][0]
User_embedding

(Embedding) (None, 1, 350) 213,500 User_input[0][0]

Flatten_1 (Flatten) (None, 350) 0 Item_embedding[0][0]
Flatten_2 (Flatten) (None, 350) 0 Item_embedding[1][0]
Flatten_3 (Flatten) (None, 350) 0 User_embedding[0][0]

Lambda_4 (Lambda) (None,1) 0
Flatten_1[0][0]
Flatten_2[0][0]
Flatten_3[0][0]

Several challenges were experienced during training due to computing power con-
straints. Due to the high numbers of trainable parameters in the network, powerful GPUs
are required to get reasonable training duration, which will facilitate iterative training to
get better results. For the experiment, Google Colab, a free cloud-based infrastructure
that provides access to computational resources such as processing power and storage
for developing machine learning solutions, could not help when computing the triplets’
algorithm; therefore, we could not use it for training. A MacBook Air 2020 with the M1
chip was used to train the model. While the CPU was able to compute the triplets in a
reasonable time, the GPUs could not be utilized for training.

6.5. Evaluation Metrics

The ROC curve is a measure of the confidence a binary model has in its decisions. It is
used to evaluate the probability of a positive classification for a binary prediction model.
Area under curve (AUC) is used to measure how well a model can distinguish between two
classes. Mean average precision (MAP) quantifies how effective the model is at performing
its tasks. A good way to validate the ROC curve is to plot the training and validation loss
together, and make sure they are of similar magnitude. The plot in Figure 3 shows that they
have related values, thereby validating the effectiveness of the model.
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6.6. Result

To measure the effectiveness of the method, we used AUC and MAE metrics. AUC is
used to measure the area under the ROC curve and presents the probability of the model
to rank a random positive example higher than another random negative example. The
higher the value (between 0 and 1), the better the prediction correctness of the model. MAE
also represents the effectiveness of the model in prediction. There is the mean of average
precision for all executed queries. Results are presented in Table 2, which shows that the
method performed reasonably well on both datasets with some improvement recorded
between datasets. With MovieLens (1,000,000) dataset, AUC and MAP on training data is
0.95 and 0.30, respectively, while on test data, AUC of 0.79 and MaP of 0.12 were recorded.
MovieLens (100,000) recorded AUC of 0.86 and MaP of 0.33 on set.

Table 2. Results.

Dataset Area Under Curve Mean Average Precision

MovieLens
(1,000,000)

Train 0.95 Train 0.30

Test 0.79 Test 0.12

MovieLens
(100,000) Train 0.86 Train 0.33

7. Conclusions

In this paper, we have addressed several research issues with the design of recommen-
dation systems. We have identified several techniques that have been used to resolving
these issues. These techniques include Maximum Margin Matrix Factorization, Probabilis-
tic Matrix Factorization, and Bayesian Probabilistic Matrix Factorization. By identifying
weaknesses in collaborative filtering, we showed the various techniques to overcome those
challenges—namely, Bayesian Probabilistic Matrix Factorization.

We have presented the scenario and problems of one-class recommendation. We also
surveyed methods for mitigating these problems including FISM and CLIMF.

These methods employed strategies such as weighted low-rank approximation, nega-
tive data sampling to re-balance the data and generate new training data and modeling the
probability that a user will interact with an item. Bayesian Personalized Ranking (BRP),
however, converted the one-class recommendation problem into a ranking problem and
solved the problem by proposing a maximum posterior estimator derived from Bayesian
analysis. We have converted this solution to be based on a deep neural network structure
to further improve the performance of the technique and demonstrated how the proposed
deep network based BRP, based on matrix factorization, can be applied to state-of-the-art
recommendation systems. The proposed method is applied to the Movie-lens datasets
using pairs of movies in the dataset; BPR provides optimization criteria to deduce personal-
ized ranking for each user in the dataset. Instead of treating missing data as negative values,
item pairs are used for training the model, thereby eliminating the need to automatically
score missing values as negative. The method was tested on the datasets and reasonable
result was achieved.

Due to the restricted computing resources, we could not extensively develop or test
the algorithm on large datasets. With the availability of better computing resources, we
plan to extend this research and explore deep neural networks in greater detail.

In future works, we will be experimenting on real data collected from our e-commerce
platform and presenting the results in further published studies.
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