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ABSTRACT
Recommendation systems are technologies and techniques that
can provide recommendations for items to be of use to a user. The
recommendations provided are aimed at supporting their users
in various decision-making processes, such as what products to
purchase, what music to listen, or what routes to take. Correspond-
ingly, various techniques for recommendation generation have been
proposed and deployed in commercial environments. The goal of
this independent study is to impose a degree of order upon this
diversity by presenting a coherent and unified repository of the
most common recommendation methods to solve the collaborative
filtering problem: from classic matrix factorization to cutting-edge
deep neural networks.
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1 INTRODUCTION
Recommendation systems are built to predict what users might
like, especially when there are lots of choices available. They can
explicitly offer those recommendations to users (e.g., Amazon or
Netflix, the classic examples), or they might work behind the scenes
to choose which content to surface without giving the user a choice.

Either way, these systems are critical for certain types of busi-
nesses because they can expose a user to content they may not
have otherwise found or keep a user engaged for longer than they
otherwise would have been. While building a simple recommen-
dation system can be quite straightforward, the real challenge is
to actually build one that works and where the business sees real
uplift and value from its output.

Recommendation systems can be built using a variety of tech-
niques, from simple (e.g., based only on other rated items from
the same user) to extremely complex. Complex recommendation
systems leverage a variety of different data sources (one challenge
is using unstructured data, especially images, as the input) and ma-
chine learning (including deep learning) techniques. Thus, they are
well suited for the world of artificial intelligence and more specifi-
cally unsupervised learning; as users continue to consume content
and provide more data, these systems can be built to provide better
and better recommendations.

1.1 Recommendation Systems Function
There are a variety of reasons as to why recommendation systems
can be deployed in the business world. The 4 reasons below, in my
opinion, stand out:

Figure 1: Spotify Discover Weekly

• To increase the number of items sold: In general, from a busi-
ness perspective, the primary goal for using recommendation
systems is to increase the conversion rate - which is the num-
ber of users that accept the recommendation and consume
an item, compared to the number of visitors that just browse
through the information.

• To sell more diverse items: In a music streaming service such
as Spotify, the business is interested in displaying all the
music from all types of artists, not just the popular ones.
This could be difficult to achieve without a recommendation
system, since Spotify cannot afford the risk of advertising
music that are not likely to suit a particular user’s taste.
Therefore, a recommendation system can suggest unpopular
music to the right users (Figure 1).

• To increase user satisfaction: A well designed recommenda-
tion system can improve the user experience within the
application. The user will find the recommendations to be
interesting, relevant and enjoyable, thus leading to higher
satisfaction.

• To better capture user’s needs: A good recommendation sys-
tem can describe the user’s preferences in detail, either col-
lected explicitly or implicitly. The business may then decide
to reuse this knowledge for a number of other goals.

1.2 Application and Evaluation
Recommendation system research is being conducted with a strong
emphasis on practical and commercial applications. In fact, the
application domain has a major effect on the algorithmic approach



that should be taken. [36] provides a taxonomy of recommenda-
tion systems and classifies their existing applications to specific
domains:

• Entertainment - recommendations for movies (Netflix), music
(Spotify, Pandora), and mobile apps (Apple Store, Android
Store).

• Content - personalized newspapers (The New York Times,
The Wall Street Journal), recommendation for images (Pin-
terest), recommendations of Web pages (Pocket), e-learning
applications (Coursera), and e-mail filters (Gmail).

• E-commerce - recommendations for consumers of products
to buy such as books (Amazon), beauty supplies (Birchbox),
and clothes (Stitch Fix).

• Services - recommendations of travel services (Skyscanner),
experts for consultation (StyleSeat, ClassPass), houses to rent
(Zillow), or matchmaking services (Tinder, Bumble).

1.3 Existing Challenges
There are many challenging topics that are important for research
work on recommendation systems. The 5 below captured my atten-
tion:

• Scalability: A fundamental issue for recommendation sys-
tems is how to deploy the algorithms in production and
handle massive and dynamic real-world datasets, which are
generated by the interactions of users with items (such as
ratings, preferences, reviews etc.) A solution that works well
with small offline datasets can’t be guaranteed to perform
well on large online datasets. Many studies on large-scale
evaluation have been proposed to focus on this issue ([16],
[21], [38], [46])

• Proactivity: In the scenarios emerging today, where comput-
ers are ubiquitous and users are always connected, it seems
natural to imagine that a recommendation system can de-
tect implicit requests. It therefore needs to predict not only
what to recommend, but also when and how to provide its
recommendations proactively ([44], [30], [34]).

• Privacy: In the attempt to build increasingly better and more
personalized recommendations, recommendation systems
collect as much user data as possible. This will clearly have
a negative impact on the privacy of the users and therefore,
there is a need to design solutions that will parsimoniously
and sensibly use user data ([42], [11], [40], [27], [8], [49], [2],
[54], [33]).

• Diversity: In the early stage of a recommendation process,
the users are likely to explore new and diverse directions.
In such cases, the recommendation system can be utilized
as a knowledge discovery tool. Many research studies ([51],
[31], [32]) have attempted to characterize the nature of di-
versity - whether diversity among different recommendation
sessions or within a session, and how to combine diversity
and accuracy goals together.

• Generalizability: Generic user models and cross domain rec-
ommendation systems are able to mediate user data through
different systems and application domains ([6], [25], [7],
[24]). Using generic user model techniques, a single recom-
mendation system can produce recommendations about a

variety of items. You can think of it to be similar to "transfer
learning" in deep neural networks.

2 PROBLEM FORMULATION
Mathematically speaking, the recommendation problem can be
formulated as follows: Let U be the set of all users and let I be the
set of all items. Both of these spaces can be very large - millions in
many consumer services. Let f be the utility function that measures
the usefulness of item i to useru, as such: f : U × I → R, where R is
a totally ordered set. Then, for each user u ∈ U , we want to choose
an item i ′ ∈ I that maximizes the user’s utility. Mathematically:

∀u ∈ U , i ′s = argmax
i ∈I

f (u, i)

In recommendation systems, the utility of an item is usually
represented by a rating, which indicates how a particular user liked
a particular item. In general, utility can be an arbitrary function,
including a profit function. Depending on the application, the utility
f can either be specified by the user, as is often done for the user-
defined ratings, or is computed by the application, as can be the
case for a profit-based utility function.

Each element of the user space U can be defined with a profile
that includes various user characteristics, such as user ID, age,
gender, income etc. Similarly, each element of the item space I
is defined with a set of characteristics. For example, in a music
recommendation application, where I is a collection of songs, each
song can be represented not only by its ID but also by its title, genre,
artist, year of release etc.

The central problem of recommendation system is that the utility
f is usually not defined on the whole U × I space, but only on a
subset of it. This means f needs to be extrapolated to the whole
spaceU × I . In recommendation systems, utility is typically repre-
sented ratings and is initially defined only on the items previously
rated by the users. For example, in a movie recommendation appli-
cation, users initially rate some subsets of movies that they have
already seen. The goal of the application is to predict the ratings
of the non-rated movie/user combinations and display appropriate
recommendations based on such predictions.

Extrapolations from known to unknown ratings are usually done
by either: (1) specifying the heuristics that define the utility function
and empirically validating its performance; or (2) estimating the
utility function that optimizes certain performance criteria, such as
root mean squared error.

Once we are able to estimate the unknown ratings, we can make
the actual recommendations of an item to a user by choosing the
highest rating among all the estimated ratings for that user. Other-
wise, we can also recommend the K best items to a user or a set of
K users to an item.

Generally speaking, recommendation systems are classified into
3 categories [3]: (Figure 2)

• Content-Based Approaches: The user will be recommended
items that are similar to the ones that he/she preferred in
the past.

• Collaborative Filtering Approaches: The user will be recom-
mended items that people with similar tastes and preferences
liked in the past.
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Figure 2: Content-Based Filtering vs Collaborative Filtering

• Hybrid Approaches: These combine the previous two ap-
proaches.

2.1 Content-Based Approaches
In content-based recommendation systems, the utility f (u, i) of
item i for user u is estimated based on the utilities f (u, ik ) assigned
by user u to item ik ∈ I that are similar to item i . For instance,
in a music recommendation engine, in order to recommend new
songs to user u, the content-based recommendation system tries
to understand the similarities among the songs that user u has
listened frequently in the past. Then, only the songs that have a
high degree of similarity to whatever the user’s preferences are
would be recommended.

As was observed in [3] and [48], content-based approaches have
several limitations:

• Limited Analysis: Content-based approaches are limited by
the features that are explicitly associated with the items
recommended. Hence, in order to have a sufficient set of
features, the content must either be in a form that can be
processed automatically or that can be assigned to items
manually. In the first scenario, automatic feature extraction
methods are much harder to apply to multi-media data such
as images and audio. In the second scenario, it is often im-
practical to assign attributes by hand because of limited
computational resources.

• Homogeneity: When the system can only recommend items
that score highly against a user’s profile, the user is restricted
to only items that are similar to those already rated. In other
words, content-based approaches do not have much weight
on the diversity of the recommendations. Ideally, the user
should be presented with a range of options and not with
just a homogeneous set of alternatives.

• Cold Start Problem: The user has to rate a sufficient number
of items before a content-based recommendation system can
understand the user’s preferences and present the user with

trustworthy items. Thus, a new user with no previous ratings
would not be able to get accurate recommendations.

2.2 Collaborative Filtering Approaches
In collaborative filtering recommendation systems, we attempt to
predict the utility of items for a particular user based on the items
previously rated by other users. More formally, the utility function
f (u, i) of item i for user u is estimated based on the utilities f (uj , i)
assigned to item i by those users uj ∈ U who are similar to user
u. For instance, in a book recommendation application, in order to
recommend books to user u, the collaborative filtering system finds
the peers of user u, other users with similar tastes in books (rate
the same books similarly). Then, only the books that are most liked
by the peers of user u would be recommended.

According to [9], algorithms for collaborative filtering approaches
can be divided into two classes: memory-based and model-based.
Memory-based algorithms are heuristics that make rating predic-
tions based on the entire collection of previously rated items by
the users. In contrast to memory-based methods, model-based al-
gorithms use the collection of ratings to learn a model from the
underlying data using statistical and machine learning techniques,
which is then used to make rating predictions. A method combin-
ing both approaches was proposed in [5], where it was empirically
demonstrated that the use of this combined approach can provide
better recommendations than pure memory-based and pure model-
based techniques.

The pure collaborative recommendation systems do not have
the shortcomings that content-based systems have. However, they
still have their own limitations:

• New User Problem: This is the same problem as with content-
based approaches. In order to make accurate recommenda-
tions, the system must first learn the user’s preferences from
the previous ratings.

• New Item Problem: New items are regularly inputted to the
system. Because collaborative filtering approaches rely solely
on users’ preferences to make recommendations; until the
new item is rated by a sufficient number of users, it won’t
be able to get recommended.

• Sparsity: In any system, the number of ratings already ob-
tained is usually small compared to the number of ratings
that need to be predicted. Effective prediction of ratings from
a small number of examples is quite important. Also, the suc-
cess of collaborative filtering depends on the availability of
a critical mass of users. For example, in the product recom-
mendation system, there may be many products that have
been purchased by only few people and they would be rec-
ommended very rarely, even if those few users gave high
ratings to them. Furthermore, for the user whose tastes are
unusual compared to the rest of the population, there will
not be any other users who are particularly similar, leading
to poor recommendations [3].

2.3 Hybrid Approaches
Several recommendation systems use a hybrid approach by com-
bining content-based and collaborative filtering methods, which
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helps to avoid certain limitations of them. Different ways to com-
bine content-based and collaborative methods can be classified as
follows:

• Implementing collaborative and content-based methods sep-
arately, then combining their predictions. ([13], [39])

• Incorporating some content-based characteristics into a col-
laborative filtering recommendation system. ([3], [39], [18],
[35])

• Incorporating some collaborative filtering characteristics
into a content-based recommendation system [50].

• Constructing an unifyingmodel that incorporates both content-
based and collaborative filtering characteristics. ([4], [41],
[47], [1], [10])

2.4 Deep Learning Approaches
Recently, deep neural networks have been revolutionizing the rec-
ommendation architectures dramatically and brings more oppor-
tunities to improve the performance of recommendation systems.
Recent advances in deep learning based recommendation systems
have gained significant attention by overcoming obstacles of con-
ventional models and achieving high recommendation quality.

One of the most attractive properties of deep neural network
architectures is that they are (1) end-to-end differentiable and (2)
provide suitable inductive biases personalized to the input data
type. Therefore, if there is an inherent structure that the model can
exploit, then deep neural networks can be very useful.

When dealing with content-based recommendation, the key ad-
vantage is that in deep neural networks, multiple neural layers
can be stacked into a single differentiable function and trained
end-to-end. For instance, when dealing with text and image data,
Convolutional Neural Networks and Recurrent Neural Networks
[19] become indispensable neural building blocks. The traditional
approach is less attractive because it cannot take advantage of end-
to-end representation learning, while the deep learning framework
can do son in a unified joint framework ([59]).

When dealing with collaborative filtering recommendation, the
key advantage is that deep neural networks can handle huge amount
of complexity and large number of training data. Traditional col-
laborative filtering approaches such as matrix factorization can be
expressed as differentiable architectures ([23], [22]) and trained effi-
ciently with Tensorflow or PyTorch, enabling efficient GPU-enabled
training and free automatic differentiation.

3 LITERATURE REVIEW
In this section, I introduce the state-of-the-art research on deep
learning based recommendation models.

3.1 Multilayer Perceptron-based Models
Many existing recommendation models are linear methods; thus
Multilayer Perceptron (MLP) can add non-linear transformation
to such models and interpret them into neural extensions. Neural
Collaborative Filtering [23] and Neural Network Matrix Factoriza-
tion [15] are studies that use dual neural network to model the
two-way interaction between user preferences and items features.
Deep Factorization Machine [20] is an end-to-end model which
seamlessly integrates factorization machine and MLP. It can model

Figure 3: Wide and Deep Learning Model from Google

the high-order feature interactions via deep neural network and
low-order interactions with factorization machine. In particular, the
factorization machine captures the linear and pairwise interactions
between features, while the MLP captures the nonlinear and deep
structure between features.

MLP can also be used to represent item features directly. Wide
and Deep Learning [12] is a model introduced initially by Google
to solve the app recommendation problem in Google Play (Figure
3). The wide learning component is a single layer perceptron, while
the deep learning component is a multilayer perceptron. The wide
learning component can catch the direct features from historical
data to capture memorization, while the deep learning component
can produce more general and abstract representations to capture
generalization. This unification can improve the accuracy and diver-
sity of recommendation. Another work from Google applies MLP
in YouTube recommendation [14], in which the recommendation
task is divided into two stages: generating candidate and ranking
candidate. The candidate generation network receives a subset from
video corpus, then the ranking network builds a top-k list of videos
based on the nearest neighbor scores from the candidates.

3.2 Autoencoder-based Models
There are currently two ways to use autoencoder to recommenda-
tion system: either (1) using it to learn lower-dimensional feature
representations at the bottleneck layer or (2) filling the missing
values of the interaction matrix directly in the reconstruction layer.

In the first case, Collaborative Deep Learning [52] is a hierar-
chical Bayesian model which integrates stacked denoising autoen-
coder into probabilistic matrix factorization. The Bayesian model
has two components: a perception component and a task-specific
component. This combination enables the model to balance the
influences of side information and interaction history. Collabora-
tive Deep Ranking [56] is a model designed specifically in a pair-
wise framework for top-k recommendation. Experimental results
show that Collaborative Deep Ranking outperforms Collaborative
Deep Learning in terms of ranking prediction. AutoSVD++ [58]
makes use of contractive autoencoder [43] to learn item feature
representations, then integrates them into SVD++ [26], a classic
recommendation model. Compared to other autoencoders variants,
contractive autoencoder captures the infinitesimal input variations;
thus the model can learn the implicit feedback to further enhance
the accuracy.

In the second case, Autoencoder-based Collaborative Filtering
(ACF) [37] is the first auto-encoder based collaborative recommen-
dation model. The model decomposes the partial observed vectors
in the interaction matrix by integer ratings. The cost function re-
duces the mean squared error. However, ACF fails to deal with non-
integer ratings and its decomposition of partial observed vectors
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increases the sparsity of input data. Collaborative Denoising Au-
toencoder (CDAE) [55], a model designed for the top-k recommen-
dation problem, is principally used for ranking prediction. CDAE
learns distributed representations of the users and items via formu-
lating the user-item feedback data using a denoising autoencoder
structure. The authors proposed a negative sampling technique to
sample a small subset from the negative set, which reduces the time
complexity substantially without degrading the ranking quality.
Multi-VAE and Multi-DAE [28] proposed a variant of Variational
Autoencoder for recommendation with implicit data, showing bet-
ter performance than CDAE. The authors introduced a principled
Bayesian inference approach for parameters estimation and show
favorable results than commonly used likelihood functions.

3.3 Restricted Boltzmann Machine-based
Models

Restricted Boltzman Machine for Collaborative Filtering [45] is
the principal work on this category. The visible unit of an RBM is
limited to binary values, and the rating score is thus represented in
a one-hot vector to adapt to this restriction. RBM is not tractable,
but the parameters can be learned via the Contrastive Divergence
algorithm. The authors also proposed using a conditional RBM to
incorporate the implicit feedback.

The above RBM-CF is user-based since a given user’s rating
is clamped on the visible layer. Similarly, we can design an item-
based RBM-CF by clamping the item’s rating on the visible layer.
[17] combines the user-based and item-based RBM-CF in a unified
framework, in which the visible units are determined both by user
and item hidden units. [29] designed a hybrid RBM-CF based on
conditional RBM that incorporates item features.

3.4 Deep Hybrid Models
As deep neural networks are very flexible, we can easily integrate
neural building blocks to build complex and powerful ensemble
models. Collaborative Knowledge Based Embedding (CKE) [57]
combines CNNs with Autoencoder to extract features from images.
The author leverages structural, visual, and textual content using
different embedding techniques. [53] exploited integrating RNNs
and Denoising Autoencoder to improve model robustness when
dealing with sequential data. The authors designed a generalization
of RNNs called robust recurrent network. Then, they used a hier-
archical Bayesian recommendation model called CRAE that can
capture the sequential information of item content. CRAE has both
an encoding and a decoding part, but it replaces the feed-forward
neural layers with RNNs.

4 MOVIELENS1M DATASET
For my experiments, I worked with the MovieLens1M Dataset,
a famous dataset within the recommendation systems research
community (Figure 4). The data contains 1,000,209 anonymous
ratings of approximately 3,900 movies made by 6,040 MovieLens
users who joined MovieLens in 2000. There are 3 files in the data:
ratings, users, and movies.

• Ratings: There are 4 columns in this file - UserID, MovieID,
Rating, and Timestemp. UserIDs range between 1 and 6040.
MovieIDs range between 1 and 3952. Ratings are made on

Figure 4: MovieLens 1M Dataset

a 5-star scale (whole-star ratings only). Timestamp is repre-
sented in seconds. Each user has at least 20 ratings.

• Users: There are 5 columns in this file - UserID, Gender,
Age, Occupation and Zipcodes. All demographic informa-
tion is provided voluntarily by the users and is not checked
for accuracy. Only users who have provided some demo-
graphic information are included in this data set. Gender
is denoted by a "M" for male and "F" for female. Occupa-
tion is chosen from 21 different choices: "other", "academic /
educator", "artist", "clerical / admin", "college/grad student",
"customer service", "doctor/health care", "executive / man-
agerial", "farmer", "homemaker", "K-12 student", "lawyer",
"programmer", "retired", "sales / marketing", "scientist", "self-
employed", "technician / engineer", "tradesman / craftsman",
"unemployed", and "writer." Age is chosen from 7 different
ranges: "Under 18", "18-24", "25-34", "35-44", "45-49", "50-55",
and "56+".

• Movies: There are 3 columns in this file - MovieID, Title, and
Genres. Titles are identical to titles provided by the IMDB
(including year of release). Genres are pipe-separated and
are selected from 18 different genres: "Action", "Adventure",
"Animation", "Children’s", "Comedy", "Crime", "Documen-
tary", "Drama", "Fantasy", "Film-Noir", "Horror", "Musical",
"Mystery", "Romance", "Sci-Fi", "Thriller", "War", and "West-
ern."

5 EXPERIMENT 1 - MATRIX FACTORIZATION
FOR COLLABORATIVE FILTERING

5.1 Standard Matrix Factorization
Matrix factorization in recommendation systems can be posed as:

Rui = pu · qi
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Figure 5: Understanding Latent Style from Stitch Fix

Here I am predicting the response of useru to item i with a single
term: the dot product between a k-dimensional embedding vectors
of the user pu and the item qi (how well matched are this user and
item?).

This framing is equivalent to a decomposition of anm × n, bias-
corrected response matrix R into two far lower-dimension matrices
U (m×k) and IT (k×n). Unlike many machine learning algorithms, I
am learning the implicit latent factors that compose the embeddings
from raw responses instead of declaring them up front as features.
Because I have not already observed every user-item interaction, R
is sparse, as seen in Figure 5.

This formalism assumes there are only k latent factors that con-
tribute to the preference of an user for an item, where k is chosen to
best recover the information in our observed R. It is this assumption
that reduces the complexity of this problem from on the order of
(m × n) to the much more tractable (k × (m + n)) (though at the
expense of convexity).

To solve the equation above, one common choice is to add an L2
regularization penalty to each element and optimize all parameters
simultaneously with stochastic gradient descent.

The baseline model above can only capture interactions. What
if a user generally likes everything? What if an item is generally
popular? For my next model, I added on some biases:

Rui = b + ωu + ωi + pu · qi

Here I added the global bias b, the bias of the user ωu (how much
do they like things generally?), and the bias of the item ωi (how
popular is this item?).

5.2 Advanced Matrix Factorization
What if I know more "side" features, like the occupation of the user?
This is great when I want to "cold-start" a new user. I have 2 choices
for side features: adding them as a bias (artists like movies more
than other occupations) and/or adding them as a vector (realtors love
real estate shows).

Rui = b + do + ωu + ωi + (pu + to ) · qi

For this next model, I added the bias for occupation do (if oc-
cupation changes like rate) and the vector for occupation to (if
occupation changes depending on the item).

What about when features change in time? For my next model,
I added the user-time interactions:

Rui = b + ωu + ωi + pu · qi +mu · nt

Here I added a set of time series nt andmu to pick out a few
of these time series. I also would like to update the regularization
penalty with total variation.

5.3 State-Of-The-Industry Matrix Factorization
Lastly, I also tried out 3 approaches that are at the frontier of the
industry:

• Factorization Machines - which is useful when there are
many kinds of interactions, not just user-item and user-time.

• Mixture of Tastes - which is like "attention" for recommen-
dations and allows for users to have multiple "tastes."

• VariationalMatrix Factorization - which optimizes a pos-
terior instead of a point estimate, which loosely speaking
expresses a spectrum of model configurations that are consis-
tent with the data. Going variational allows me to measure
what my model does not know and helps explain the data.

5.4 Evaluation
For a quick summary, here are the 7 variations of Matrix Factoriza-
tion that I implemented in PyTorch for this experiment:

• Model 1: This is a vanilla Matrix Factorization model that
serves as the baseline.

• Model 2: This is a Matrix Factorization model that includes
biases for extra predictive power.

• Model 3: This is a Matrix Factorization model that adds
in "side" features, which is especially useful in cold-start
situations.

• Model 4: This is a Matrix Factorization model that includes
temporal effects which can track seasonal and periodic changes.

• Model 5: This is a Factorization Machine model that enables
a huge number of interactions while keeping computation
under control.

• Model 6: This is a Matrix Factorization model that includes
a mixture of tastes.

• Model 7: This is a Variational Matrix Factorization model
which takes advantage of Bayesian Deep Learning and is
relevant for Explore and Exploit problems.

For all 7 models, I worked with the MovieLens1M dataset, more
specifically the ratings file. The ratings are split into 75% training
and 25% test. All models are trained in 50 epochs with batch size of
1024 and learning rate of 0.01. The metrics to be captured are the
mean squared error for the training set and the accuracy for the
test set.

Table 1 captures the results. Here are some observations:

• The Matrix Factorization model that includes Mixture of
Tastes (Model 6) has the lowest mean squared error for the
training set. Surprisingly, the Variational Matrix Factoriza-
tion model (Model 7) has the highest mean squared error.

• On the other hand, the Variational Matrix Factorization
model (Model 7) also has the highest accuracy for the test
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Models Train MSE Test Accuracy
Model1 0.748 0.835
Model2 0.670 0.787
Model3 0.619 0.788
Model4 0.760 0.793
Model5 0.658 0.821
Model6 0.609 0.817
Model7 1.762 0.836

Table 1: Mean Squared Error and Accuracy Metrics for 7 Dif-
ferent Matrix Factorization Models

set. The Matrix Factorization model which includes biases
has the lowest accuracy.

• Most models converge after 10-15 epochs, which is the early
stopping point where further training lead to minimal in-
crease in performance.

• The more advanced the models, the longer it takes to train
them. The VMF model takes the longest time to run.

6 EXPERIMENT 2 - DEEP LEARNING FOR
COLLABORATIVE FILTERING

For my next experiment, I explored current state-of-the-art deep
neural networks approaches for collaborative filtering.

6.1 Neural Collaborative Filtering
This model is developed in [23]. There are 3 models implemented
from the paper, including Generalized Matrix Factorization (GMF),
Multi-Layer Perceptron (MLP), and Neural Matrix Factorization
(NeuMF).

NeuMF is essentially a fusion of GMF and MLP (Figure 6). The
model takes two integers (two indices) as inputs representing the
item i and user u, and output a number between 0 and 1. The output
represents the probability that the user u will be interested in item i.
The architecture of the Neural Network can be split into two parts:
the Matrix Factorization part and the Fully-Connected part. These
parts are concatenated, and then passed on to a Sigmoid Layer.

All 3 models are implemented in PyTorch and trained in 200
epochs, Adam optimizer, batch size of 1024, learning rate of 0.001,
latent dimension of 8, and L2 regularization of 0.01.

6.2 Variational Autoencoders Collaborative
Filtering

This model is developed in [28]. Autoencoders were initially used to
learn a representation of the data (encoding). They decompose into
two parts: the encoder, which reduces the shape of the data with
a bottleneck, and the decoder, that transforms the encoding back
into its original form. As there is a dimension reduction, the neural
network will need to learn a representation in lower dimension of
the input (the latent space) to be able the reconstruct the input. In
the context of recommendation system, they can be used to predict
new recommendation. To do so, the input and the output are both
the response vector (it is usual for Autoencoders that the input and
the output are the same). This means that the model will have to

Figure 6: Neural Matrix Factorization Model

Figure 7: VAEs for Collaborative Filtering

reconstruct the response vector as some element from the input
will be missing, hence learning to predict the recommendation for
a given response vector.

Variational Autoencoders are an extension of Autoencoders. In-
stead of having a simple dense layer for the bottleneck, it will have
a sampling layer. This layer will use the mean and variance from
the last layer of the encoder to get a Gaussian sample and use it as
input for the decoder (Figure 7).

This model is implemented in PyTorch and trained in 200 epochs,
Adam optimizer, batch size of 500, learning rate of 0.0001, annealing
steps of 200000 and annealing parameter of 0.2.

6.3 Restricted Boltzmann Machines
Collaborative Filtering

This model is developed in [45]. Restricted Boltzmann Machines
(RBM) is a stochastic neural network consisting of: (1) One layer of
visible units (users’ movie preferences whose states I know and set);
(2) One layer of hidden units (the latent factors I try to learn); and
(3) A bias unit (whose state is always on, and is a way of adjusting
for the different inherent popularity of each movie) (Figure 8).

Furthermore, each visible unit is connected to all the hidden
units (this connection is undirected, so each hidden unit is also
connected to all the visible units), and the bias unit is connected
to all the visible units and all the hidden units. To make learning
easier, I restrict the network so that no visible unit is connected to
any other visible unit and no hidden unit is connected to any other
hidden unit.

7



Figure 8: RBMs for Collaborative Filtering

This model is implemented in PyTorch and trained in 200 epochs,
batch size of 100 and 100 hidden units.

6.4 Evaluation
For all of these deep learning models, I worked with the Movie-
Lens1M dataset, more specifically the ratings file. The ratings are
split into 75% training and 25% test. The metrics to be captured
include the Normalized Discounted Cumulative Gain (NDCG) and
Hit Ratio (HR). With out special mention, I truncated the ranked
list at 10 for both metrics. As such, the HR intuitively measures
whether the test item is present on the top-10 list, and the NDCG
accounts for the position of the hit by assigning higher scores to
hits at top ranks. I calculated both metrics for each test user and
reported the average score.

Table 2 captures the results. The best model when looking at the
NDCG is the VAE. For the Hit Ratio index, the best model is the RBM.
Here are pros and cons of each model based on my experiment:

• One of the main advantages of the NMF model compared to
simple Matrix Factorization is that it is non-linear, so it can
capture more complex patterns in the data. However, it is
easily overfitting for big datasets. Furthermore, one of the
problems with this method is that, for a given user, I need to
parse all the items. This can become a scalability problem
when the number of items increases.

• VAE is a non-linear model that can capture complex patterns
in the data. The query time is also fast because one forward
pass is sufficient to get the recommendation for a given user.
However, VAE is quite complex to implement, considering
that the sampling layer makes it difficult to compute a gradi-
ent descent with backpropagation. Also, it is not feasible to
explain the results.

• Since RBM is also a neural network, it is also non-linear and
thus can capture more complex patterns in the data. Addi-
tionally, the RBM learns complex features from the data that
are represented by the hidden layer. By doing some analy-
sis in terms of genres and actors, I can technically manage
to explain the results, which is a huge boost in terms of
interpretability. The main disadvantage of RBM is that the
training revolves around a method called Gibbs Sampling,

Models HR NDCG
NMF 0.730 0.173
VAE 0.837 0.403
RBM 0.959 0.155

Table 2: Hit Ratio and Normalized Discounted Cumulative
Gain for 3 Different Deep Learning Models

which implies a lot of sampling and is computationally in-
tensive.

7 CONCLUSION AND FUTUREWORK
The number of research publications on deep learning-based recom-
mendation systems has increased exponentially in the past recent
years. In particular, the leading international conference on recom-
mendation systems, RecSys, started to organize regular workshops
on deep learning since 2016. For example, in the 2019 conference in
Copenhagen a couple of months ago, there is a whole category of
papers on deep learning, which promotes research and encourages
applications of such methods.

It is easy to see why. Looking at the results from my set of
experiments above, deep learning methods such as VAE or RBM
can outperform classical methods like Matrix Factorization. This
is because these non-linear probabilistic models enable me to go
beyond the limited modeling capacity of linear factor models.

However, there are still some drawbacks of using deep neural
networks for a recommendation model.

• A common objection of deep learning is that the hidden
weights and activations are hard to interpret. Deep learn-
ing is well-known to behave like black boxes, and providing
explainable predictions seem to be a really challenging task.

• Deep learning also requires a lot of data to fully support its
rich parameterization. As compared with other domains like
vision and language, it is easy to gather a significant amount
of data within the context of recommendation systems re-
search.

• Deep learning needs extensive hyper-parameter tuning,
which is a common problem for machine learning in general.

There are 2 research directions that I am interested in doing
moving forward:

• Multi-Task Learning is an approach in which multiple
learning tasks are solved at the same time while exploiting
commonalities and differences across tasks. It has been used
successfully in many computer vision and natural language
processing tasks.

• The single-domain recommendation system only focuses
on one domain and ignores the user interests in other do-
mains, which greatly exacerbates the sparsity and cold start
problems. A tangible solution for these problems is to ap-
ply domain adaptation techniques, in which a model is
assisted with the knowledge learned from source domains.
A very popular and well-studied topic in this scenario is
transfer learning, which can improve learning tasks in one
domain by using knowledge transferred from other domains.

8



Several existing works indicate the efficacy of deep learn-
ing in catching the generalizations and differences across
different domains and generating better recommendations
on cross-domain platforms. In my opinion, this is a promis-
ing research direction but is still largely under-explored for
recommendation system research in general.

At themoment, I amworkingwith professor Ororbia to develop a
Deep Boltzmann Machine model for the collaborative filtering task.
The goal is to enable both multi-task learning and transfer learning.
I am also planning to incorporate more datasets besides MovieLens,
ideally in other domains such as music and e-commerce.
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