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successful in modern recommendation system research. In this work, we explore
Variational Autoencoders to build a product recommendation system. We utilize
modern frameworks of probabilistic deep learning to carry out an empirical anal-
ysis on real world datasets and compare it with traditional matrix factorization
methods.

Matrix factorization methods for collaborative filtering suffered from sparsity in
the data and under performed on scalability measures. We use these methods
as baselines and strive to outperform them. We augment a standard Variational
Autoencoder with a regularization parameter that partially anneals the diver-
gence term in the objective function and use multinomial likelihood to model the
user-item interaction data.

To analyse our methods, we use two recently collected datasets comprising of
user and item interactions. We run various experiments on these datasets to
find the best possible model. We report a quantitative comparison between the
baselines and our approach on various metrics. We reach satisfactory results
suggesting that the partially regularized Variational Autoencoder framework with
a multinomial likelihood is well suited for the collaborative filtering task on real
world data.
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DAE
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To indicate matrices we use uppercase bold characters (e.g. X) and to indi-

Business to Customer

Business to Business

User Experience

User Interface

Application Programming Interface
Mean Absolute Error

Collaborative Filtering
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Probabilistic Matrix Factorization
Singular Value Decomposition
Artificial Neural Network
Denoising Autoencoder

Evidence Lower Bound

Variational Autoencoder
Stochastic Gradient Variational Bayes
Stochastic Gradient Descent
Neural Collaborative Filtering
Multilayer Perceptron
Non-negative Matrix Factorization

Variational Autoencoders with multinomial likelihood

Normalized Discounted Cumulative Gain

cate vectors we use lowercase bold characters (e.g. x).
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Chapter 1

Introduction

In a world where businesses heavily rely on interwebs to sell products and
where the shift towards a digital economy is accelerating every day, product
recommendation systems are playing a pivotal role in helping the customers
navigate the vast ocean of possibilities on online stores. The COVID-19 pan-
demic has also ushered in an era of unprecedented growth in E-commerce
industry where more and more businesses are using their online presence to
reach to their customers. The United Nations Conference on Trade and De-
velopment estimated in a survey [1] that there has been a 6 to 10 percentage
point increase in online purchases across all product categories since the start
of the pandemic.

Along with a heavy increase in traffic, the need to personalize the online
retail experience is ever increasing. The inventories of online stores are huge
and the traffic is enormous, for example, one of the biggest online store, Ama-
zon has 488 million items listed for sale only in the United States, whereas
the online store of Ikea, the world largest furniture retailer, was visited 2.8
billion times in 2019 [2]. It is then plainly a daunting task for any customer
to explore inventories of such scale and consequently the amount of traffic on
these sites necessitates the businesses to automate the product recommen-
dation and personalization process on their sites.

An automated recommendation system works as an information agent
and assist the customers in decision making by recommending the relevant
products according to their needs. A common and efficient technique for
recommendation systems to provide meaningful proposals is collaborative
filtering. The collaborative filtering process in essence infer a customer’s
preferences from the historical behaviour of themselves and other similar
customers. Traditionally, most collaborative filtering methods use matrix
factorization (MF) which employs a joint latent space where the interac-
tion of users with items are modelled as an inner products of that latent
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space. However, matrix factorization methods have commonly suffered with
sparsity and scalability issues such as when the user-item interactions are
minimal or when the scale of operation grow enormously. However, recent
advances in deep learning research [3, 4] have found neural architectures as
a feasible solution for collaborative filtering problem. These neural network
based methods have been found to alleviate the issues regarding sparsity of
the data and the cold start of the recommendation system whilst remaining
fairly scalable in nature.

In this thesis work, we endeavour to assess an artificial neural network
called Variational Autoencoder (VAE) introduced by Kingma and Welling
[5]. Based on probabilistic deep learning, VAEs have been applied to show
significant performance improvement on collaborative filtering problem and
we set out to specifically asses this approach on real world E-commerce data.

This work also involves Frosmo Oy, a Helsinki based software company,
which provides personalized recommendation services to its clients. As part
of the Frosmo platform’s research and development, we have at our disposal
their tools and real world E-commerce data to perform an empirical analysis
on the feasibility of using deep learning networks on collaborative filtering
task.

1.1 Problem statement

This thesis undertakes the application of recent advances in deep learning
research on collaborative filtering problem. We base our approach on Varia-
tional Autoencoders (VAE) introduced by Kingma and Welling [5] and utilize
the framework proposed by Liang et al., 2018 [6] for an E-commerce recom-
mendation system. This approach aims to alleviate two critical issues: 1)
The cold start problem when its not feasible to recommend new items or to
recommend to new users based on learned latent factors and 2) to overcome
the sparsity problem due to large user and item base.

The contribution of this thesis is to apply and evaluate the aforementioned
approach by carrying out an empirical analysis on real world datasets and
compare it to traditional matrix factorization methods. This leads us to the
problem statement that this thesis will explore:

How well does a hybrid solution based on probabilistic deep
learning performs on collaborative filtering problem for real world
datasets?
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1.2 Structure of the Thesis

Chapter 2 provides an overview on the domain of E-commerce and details on
the working and tools of Frosmo Oy. It follows with the discussion on recom-
mendation systems and how representation learning method of variational
autoencoders can be employed for collaborative filtering task.

Chapter 3 describes the methods which are similar to our approach and
gives formal definition and descriptions of methods closely related to our
problem.

In Chapter 4 we outline the methodology used to conduct the experi-
ments. It also includes the description of the model in detail and the various
techniques employed to enhance the performance of the model.

Chapter 5 deals with the setup of experiments. It comprises of the details
of the data used for the experiments and the baseline methods used for
comparison. The evaluation metrics are also described in this chapter in
detail along with the optimization process and the training of the model.
Lastly, it includes a comparison and analysis on the obtained results where
a quantitative comparison is presented between the proposed method and
various baselines.

In Chapter 6 we reflect back on the whole process and summarize the
approach. We also share our thoughts on the potential future work for this
thesis.



Chapter 2

Background

2.1 E-commerce

E-commerce, in general terms, is defined as the act of selling and buying of
goods or services electronically by using telecommunication networks such
as the internet. The most common form of E-commerce is a business to
customer (B2C) marketplace where online retail stores sell their products
directly to the customers. There is also a significant presence of business to
business (B2B) marketplaces where exchange of products, services or infor-
mation is done between businesses.

In this thesis, our focus is on business to customer (B2C) online retail
marketplaces where companies sell products to individual customers directly.
Over recent years, this domain of E-commerce has become the most powerful
mode of carrying online transactions and shopping for goods. Thus, naturally
this B2C form is adopted by large multi-nationals which operate on a global
scale. The Journal of Electronic Commerce Research [7] notes that B2C
marketplaces are expanding at an exponential rate and it’s estimated that
several trillion dollars are being exchanged annually over internet.

2.2 Frosmo Tools

Frosmo Oy is a software company based in Helsinki, Finland. Frosmo’s pri-
mary focus is to provide personalization services to E-commerce companies
such as product recommendations and improvement of UX/UI on their web-
sites. Their goal is to help E-commerce companies in retail and iGaming
verticals to significantly improve their key performance indicators such as
average order value, user engagement and conversion rates [8].

Frosmo provide their clients with a script tag which is inserted into the

11
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front-end HTML body of the client’s website. This script then enables
Frosmo to track the data and modify the website with personalized content.
One of Frosmo’s major offering is personalized product recommendations for
which different strategies such as affinity based recommendations and collab-
orative filtering is used.

In this work, we have utilized the data tracking tools mainly based on
the front-end JavaScript packages and data ingestion tools such as Kafka.
Frosmo’s platform comprises of dedicated APIs and robust and scalable tools
for data tracking and distribution of pre-computed personalized recommen-
dations. For production level distribution of pre-computed recommendations
we have utilized Golang based Recommendation API which act as an outward
platform of providing recommendations to Frosmo’s customer websites.

2.3 Recommender Systems

An E-commerce platform facilitates the users in their shopping and hence its
critical to have such functionality that enables the platform to provide users
with products of interest. The problem thus is to find relevant and useful
choices for the users which can be based on some form of user engagement
with the platform or on active information filtering mechanism. To alleviate
this issue, in comes Recommender Systems which serve users with relevant
data when needed. However, in recent works as Cacheda and Paraper [9]
notice, users are increasingly expecting answers to their information needs
without the formulation of any explicit query. Hence, on top of being active
in their mechanism, modern recommendation systems tend to include value
added features of personalization and the capability of predicting the prefer-
ence of a set of items for a user. This agency of recommender systems is due
to the fact that their output is expected to be pre-tailored to an individual
user rather than being based on a query.

The Recommender Systems Handbook [10] concludes that the primary
target of recommender systems is to provide individuals with personalized
and diverse suggestions, especially when there is an absence of users’ own
experience in the presence of overwhelming choices and alternates. In their
book Machine Learning Paradigms, Lampropoulos formulates the recommen-
dation problem as an estimation of rating of an item that has not been
encountered by the user. To estimate the rating, the system can use any
indicator of associative interest such as the ratings user gave to other similar
items, ratings given to the item by other users, and items’ and users’ own
attributes.

In concrete terms, for the set of all users U, set of all items Z and ratings,
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a total ordered set of non-negative integers R, we define a utility function f
to measure the usefulness of item 7 to user u

f:UXT —R

Then, the objective of a recommender system is to maximize the follow-
ing utility function by choosing an item ¢* € Z such that ¢, represents the
interaction between item ¢ and user u for each user u € U

Yu € U, 1, = arg max f(u, i) (2.1)
1€

The utility function above outlines a user’s preference to the item in terms
of ratings. Such ratings are given as a value on a scale for example, from 1 to 5
R(u,i) ={1,2,3,4,5}. In real world datasets, the utility function has values
based on any implicit or explicit ratings set by users on items. However, due
to the large size of user-item space U x Z, R has many missing values and
therefore the user-item rating matrix is usually very sparse. Eventually, the
recommendation system needs to generalize the entire U X Z space along with
maximizing the utility function.

This generalization from known rating space to unknown involves an es-
timation of a utility function which targets to optimize certain performance
criterion, such as Precision or Mean Absolute Error (MAE). Once these un-
known ratings are computed, the system generates recommendations for a
given user by opting for the highest rated items according to function (2.1).

2.4 Collaborative Filtering

Collaborative Filtering (CF) as aptly described by Bobadilla et al. [11] is
a technique to predict how a user would rate an item based on a sparse
matrix of available historical ratings of all users. Resnick and Varian [12] in
their brief on recommender systems note that the term collaborative filtering
was first coined by the developers of Tapestry [13] which is regarded as the
earliest recommender system.

The CF approach is based on the simple idea that users like things that
are liked by other users with a similar taste. Hence, it’s assumed to be
possible that a missing rating of a user for any item can be predicted by
taking into account other similar users and their ratings. Gong et al. [14]
note that the collaborative filtering (CF) technique has been proved to be
one of the most successful techniques in recommender systems.
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m

Figure 2.1: User based collaborative filtering [15]

2.4.1 Methods of Collaborative Filtering

CF methods rely entirely on the ratings in the user-item matrix without using
any information about either users or items themselves. Hence, the focus is
on utilizing inter-item or inter-user correlation when predicting unspecified
ratings. In this context, CF methods are categorized into two general classes:
model based and memory based.

Memory-based methods are the part of the traditional approach to collab-
orative filtering, in which the ratings of user-item combinations are predicted
based on their neighborhoods. The neighborhoods can be defined in user-
based or item-based ways. Memory-based techniques have the advantage
that they are simple to implement but they do not work well with real world
data-sets and suffer from the issue of sparsity in the data-set. On the other
hand, model-based methods utilize data mining and machine learning models
for alleviating these issues. Aggarwal in his book Recommender Systems [16]
writes that model-based methods are better than memory-based methods
in regards to space-efficiency, training, prediction speed and in avoidance of
over-fitting. Model based methods are also apt to overcome the two most
common challenges that CF approach encounters: sparsity and scalability.

2.4.2 Sparsity and Scalability

Papagelis et al. [17] notes that the sparsity problem occurs when avail-
able data is insufficient for identifying similar users in the neighbourhood
of the principal user and it is a major issue that impacts the ability of a
recommender system. Since the user base and item inventory of any major
E-commerce service is huge, therefore its inevitable that a significant portion
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of the interaction matrix of user and items will be empty.

Moreover, large E-commerce sites are facing a constant increase in the
number of users and thier inventories are also growing by the day. This scal-
ing up of the operations and the growth in the data necessitates an increase
in the demand of the computational resources needed for data processing
tasks. Lampropoulos et al. [18] describe that the issue of scalability refers to
the ability of a recommendation method to handle the growth of the data.
Any approach whose efficiency subdues when the amount of data grow would
be very time-consuming and scale poorly and such a method would fail to
achieve the goals of a recommendation system. Thus, it is paramount that
any recommendation approach intended for E-commerce data is capable of
scaling up in an efficient manner.

2.5 Representation Learning

Representation learning is a branch of Machine Learning that focuses on
the extraction of the underlying explanatory factors hidden in data. These
learned representations Z = {zi}i]\il from a dataset with datapoints X =
{Xi}fil . are desired to be of lower-dimensions, linearly separable and clus-
terable. Furthermore, the semantic explanation of the dimensions of learned
manifold helps in intuitive disentanglement of latent factors present in the
data.

As described in the section above, traditional approaches to Collabora-
tive Filtering suffers from the issues of sparsity and scalability. Common
approaches such as Principal Component Analysis (PCA) which strives to
learn low dimensional representations of data with a linear projection to
uncorrelated variables has major drawbacks. For example, the underlying
assumption in PCA that the learned factors are linearly related to the direc-
tions of maximum variance in the data falls short of being true for complex
datasets which are drawn from arbitrarly complicated nonlinear functions.
A highly sparse user-item interaction matrix in CF is one such example of a
complex dataset.

The most well-known representation learning approaches in CF are Prob-
abilistic Matrix Factorization (PMF) [19] and Singular Value Decomposition
(SVD) [20]. We will discuss these approaches and other related work briefly
in next chapter. On top of the these approaches, during the past decade the
use of Artificial Neural Networks (ANN) for CF is an active line of research
[21]. An increasing amount of studies strive to generate effective representa-
tions by extracting remarkable latent factors with the use of deep learning
while incorporating the models with side information of users and items.
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2.5.1 Deep Collaborative Filtering

Yujia Zhang in their latest proposal for Large-Scale Collaborative Filtering
[3] notes that the Neural Networks, with their excellent capability of learn-
ing representations of data with multiple levels of abstraction are frequently
applied into recommender systems. Neural networks are also good at cap-
turing the intricate relationships within the mixed data source consisting of
user-item interactions as well as their side-information. Moreover, in their
comprehensive review of deep learning methods for recommender systems,
Batmaz et al. [4] observe that neural networks now attract significant atten-
tion in building recommender systems due to availability of every increasing
computational resources and big data processing capabilities.

One such commonly applied deep learning approach is Autoencoders
(AE). As a specific form Neural Networks, Autoencoders attempts to re-
construct the input data in the output layer in an unsupervised fashion.
They do so by using the representation obtained in the learning process in
the hidden layers. A typical autoencoder has a ”diabolo” shape and its con-
sists of three parts: the input, the hidden, and the output layer. During
the learning phase the network uses the encoder part to progressively reduce
an arbitrarily highly dimensional input over layers of progressively shrinking
sizes. The last layer from the encoder part is the smallest is size and called
bottleneck. Attached to the bottle neck is the decoder network with layers of
progressively increasing size until the last layer of the whole network matches
the size of the input layer. During the learning phase Network’s weights are
optimized by minimizing a loss function which captures the error between
the given input and the reconstructed output. An illustration of a typical
Autoencoder network is given in 2.2

The use of Autoencoders have shown promising results in and various
types of autoencoders have been developed in the literature: a denoising
autoencoder (DAE) [22] with the motivation of generalization attempts to
reconstruct the input by using a noisy source of input, a Stacked Denoising
Autoencoder (SDAE) [23] utilizes Probabilistic Matrix Factorization (PMF)
with a marginalized denoising autoencoder to learn latent factors.

2.5.2 Variational Inference

In representation learning, we assume that each datapoint x is generated
by unknown (latent) variables z. The problem at hand then is to devise a
generative model such that, given the instances of latent variables z it is able
to reproduce the respective datapoints x as well as possible. In this context,
inference is concerned with learning the parameters of a generative model
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Input Layer Encoder Decoder Output Layer

Figure 2.2: An autoencoder [24]

and finding a distribution over z conditioned by datapoint z.

We start with an initial hypothesis using a prior distribution py(z) on
how the latent variables are distributed under our generative model §. This
prior distribution is then updated to the datapoint = and likelihood py(x|z).
For this formulation, we can use Bayes rule to infer the posterior distribution
of the latent variables z:

po(X|2)po(z)
pe(x)

Since pyg(x) = [, po(x|2)pe(z)dz is intractable therefore the true posterior
pe(z|x) is unavailable and we look to find an approximation ¢(z|x) using
variational inference.

Variational inference (introduced by Jordan et al., 1999 [25] and reviewed
by Blei et al., 2018 [26]) aims to minimize the distance between the true
posterior py(z|x) and the approximation ¢(z|x). It starts by introducing a
family Q of parametric approximations g4(z|x) to the true posterior distri-
bution py(z|x), indexed by ¢. Variational inference then seek to minimize
the Kullback-Leibler divergence, which is a similarity measure for probability
distributions

po(z|x) =

Dicr, (q0(2%)|[po(2]x)) = / 9s(2[x) log pq—¢E:§§ e

The KL divergance can be decomposed into:

D, (462 1po(2/%)) = Egyape [log %} + log po(x)
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Let, L(¢,0 : x) = —Eq,(a1x) [log M]

po(x,2)
Summarizing:

log py (x) = D (45 (2[%) |[po (2[%)) + L (¢, 0;x) (2.2)

Here, the term L (¢, 0;x) is called the Evidence (or variational) Lower
Bound (ELBO). It is clear in (2.2) that log pp(x) is fixed w.r.t. z, and since
Drr(qllp) > 0 : therefore L (¢,0;x) is a lower bound:

logpg (xi) > L (9, 0;%;)

From this its evident that the maximizing of the ELBO implies neces-
sarily the minimizing of Dgy, (g4 (2|x) ||pe (z|x)) which is our original goal -
minimize the distance between the true posterior py(z|x) and the approxima-
tion ¢(z|x). Hence to sum over all data points, our final learning objective
in variational inference becomes:

N
max ; max L(p,0;%;)

This is the basis of variational inference, to maximize the ELBO in order
to find the best possible approximation to the true posterior.

2.5.3 Variational Autoencoder

The Variational Autoencoder (VAE) proposed by Kingma and Welling [5]
is a generative model which uses variational inference for an analytical ap-
proximation of posterior distribution of the latent variables. Since the true
posterior distribution py(x) = [ ps(x|z)ps(z)dz is intractable hence the ap-
proximation g,(z|x) is introduced whose parameters ¢ are learned simulta-
neously with the parameters 6.

Since the training of an autoencoder relies on forwarding data and back-
propagation, we can not have latent variable z be a random variable sampled
from ¢(z|x) as it will prevent gradients from flowing in backpropagation.
The key contribution of Kingma and Welling [5] is an alternate estimator
called Stochastic Gradient Variational Bayes (SGVB), which can circumvent
this issue by employing a reparameterization trick. This trick involves gen-
erating a sample € ~ N(0,I) from a Normal distribution and by using this
transformation:

Z=p,+04 €
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a sample is obtained from N (u¢, 0'¢,). Using this we can now obtain gradient
of the expectation w.r.t. gs(z|x) of any function f(z) as:

VB, aix)f (2)] = VeEpo)lf(2)] = Epe)[Vo f(2)]

This allows us to estimate the ELBO using minibatches, the gradients are
computed with automatic differentiation and the values of parameters ¢ and
0 are updated using some gradient ascent method such as SGD, RMSProp or
Adam. Figure 2.3 illustrates the architecture of a Variational Autoencoder.

Latent layer standard
deviation distribution

Input Output

Figure 2.3: A Variational Autoencoder with fully connected layers [27]
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Related work

In this chapter we present a brief overview of methods related to our work.

3.1 Probabilistic Matrix Factorization

Salakhutdinov and Mnih [19] introduced the Probabilistic Matrix Factoriza-
tion (PMF) approach for Collaborative Filtering problem which performs
well on sparse datasets and scales linearly.

PMF approach factorize the sparse data matrix with observed ratings R
into low-dimensional factor matrices U and V. It assumes that ratings R;; of
user i for item j are normally distributed around mean U] V; with a common
variance o2. Letting I;; as an indicator function such that it is equal to 1 if
user 7 has rated the item j or 0 otherwise, the likelihood is given as:

M

p (RO, V0% =TT WV (RylUT v}, 0%)] ™ (3.1)

i=1 j=1

Based on this probabilistic assumption, the log-likelihood in PMF then
becomes a sum of terms where each term is dependent on observable rating
of specific item j by a user 7 having I; = 1. This enables gradient descent
updates of U; and V.

3.2 Matrix Factorizing Variational Autoen-
coder

Van Balen [28] in their Master’s thesis extend on Kingma and Welling [5] and
propose Matrix Factorizing Variational Autoencoder (MFVAE) by applying

20
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VAE to Matrix Factorization problem.

MFVAE attempts to learn intractable posterior distribution p(U, V|D)
with variational approximation Q(U,V) over latent user U and item V
factors by conditioning the variational posterior on the observable data itself:

Qs(U,V|D) = Hq¢u (u;|r;) Hq% (vjlr;) (3.2)

Where, each g4 is dependent on the observable rating r;. Thus, the Evi-
dence Lower Bound (ELBO) for MFVAE becomes a sum over the KL diver-
gences of each latent factor and the expected log probability of the ratings:

L=— Z Dk, [Qu (uz’ﬁ) Hp (uz)]
— Z Dir [Qu (vjlr) lIp (v5)]

+ Y Eq,.q, llogp (rijlu;, v;)]

i,jeD

3.3 Neural Collaborative Filtering

He et al. [21] propose Neural network-based Collaborative Filtering (NCF)
framework which uses a neural architecture to learn an arbitrary function
targeted to replace the latent features’ inner product in matrix factorization.

NCF attempts to learn the user-item latent factors by employing a mul-
tilayer perceptron (MLP). The input layer of network takes in the one-hot
encoded user and item feature vectors. It is then connected to a dense em-
bedding layer where sparse user and item representation are projected to a
dense vector. This embedding is then fed to a multilayer neural architecture
with the output layer giving out the predicted score as following:

’f'ui — f (UT user VT ztem|[]7 V, 9) (33)

Where, 7,; is the predicted rating of user u for item ¢, v denotes the
one-hot encoded user and item identifier vectors, whereas U and V are user
and item latent factors respectively; and 6 denotes the parameters of the
multi-layer neural network represented by f(-).

The NCF method conveniently fuses the neural interpretation of the ma-
trix factorization problem by leveraging the nonlinearity of MLP with the
linearity of matrix factorization to enhance recommendations. The whole
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network can then be trained with gradient descent like updates to optimize
a loss function such as cross-entropy loss for implicit feedback:

(u,i)ERUR—



Chapter 4

Method

In this chapter we present the methodology used to conduct the experiments
in this thesis. We outline the model and the algorithm in detail and explain
the design choices and the reasoning behind them.

4.1 Model

In this work we employ Mult-VAE: a partially regularized variational au-
toencoder with multinomial likelihood. The main reason to use a variational
autoencoder (VAE) in our approach is that we want to apply recent advances
in deep learning research and measure how well they perform on collaborative
filtering as compare to traditional matrix factorization approaches. Hence,
the use of VAE, as a non-linear probabilistic models enables us to go beyond
the limited modeling capacity of linear factor models. We borrow extensively
from the approach proposed by Liang et al., 2018 [6] as the idea of this thesis
is to evaluate their particular process of using VAE for collaborative filtering
on the real world e-commerce datasets. We base our model on their mecha-
nism and try to reproduce the results on our datasets as their findings have
revealed that this approach improves the recommendation quality immensely.
Under this system, we learn from explicit user feedback where user has
clicked an item. We use u € {1,...,U} to index users and i € {1,...,Z} to
index items, hence the user-item interaction matrix becomes X € N¥*Z_ The
bag-of-words vector containing number of clicks by user u for each item is
Xy = [Tul, - - ,xuz]T € NZ. We also binarize the click matrix for simplicity.
The generative process is the same where for each user u we sample a
K -dimensional latent representation z, from a standard Gaussian prior. A
non-linear function fy(-) € R? is used to transform this latent representation
z,, to produce a probability distribution over [ items 7 (z,). We assume that

23
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the click history x, is drawn from this produced probability distribution
7 (2,). Our model thus becomes:

2, ~ N (0,Ig), 7(z,) xexp{fo(z.)}, Xy~ Mult(N, 7(z,)) (4.1)

Here, the non-linear function f is an MLP with parameters . We nor-
malize the output of fy by a softmax function which produces the probability
vector 7 (z,) over the entire item set. Hence the observed vector x,, contain-
ing number of clicks by user u for each item is assumed to be sampled from
a multinomial distribution with probability 7 (z,) given the total number of
clicks N, = ). x,; from user u. Essentially then the log-likelihood for a user
u conditioned on the latent representation z, becomes:

log pp (Xu | 2u) = Z Tyilog m; (z,) (4.2)

This multinomial likelihood as reasoned by Liang et al., 2018 [6] is well
suited to model click data, mainly due to the process by which model dis-
tributes the probability mass to entries in x,. Since the model has a limited
budget of probability mass (7 (z,) must sum to 1) the items in x, would
compete for this limited budget and therefore the items who are more likely
to be clicked should be assigned more probability mass by the model. This
probability mass reward mechanism is well suited to perform better [4] in a
setting of the top-N recommender system in which such models are commonly
evaluated.

4.2 Amortized Variational Inference

In order to learn the model in (4.1) we want to estimate the parameters 6
of our non-linear transformation function f. To do so we will use variational
inference (as described in 2.5.2) to approximate the intractable posterior dis-
tribution p(z,|x,) with a variational distribution ¢(z,). In our case, as setup
by Liang et al., 2018 [6] we put ¢(z,) to be a diagonal Gaussian distribution
with free variational parameters {u,, o2}

q(za) =N (b, diag {07 })

The objective of variational inference is to minimize the Kullback-Lieber
divergence between the approximated ¢(z,) and the intractable p(zy|xy).
However, for this setting of variational inference the number of parameters
{p,, o2} (which we need to optimize) grow linearly with the size of the
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dataset. This is far from ideal for massive datasets and can create perfor-
mance bottlenecks. In comes one of the benefits of using a Variational Au-
toencoder (described in 2.5.3) where we employ a data dependent inference
model parameterized by ¢ to replace these individual variables of {u,,o?2}.

6o (2u | xu) = N (g (xu) , diag {0 (xu) })

This entails that the inference model based on parameters ¢ takes data x,

as input and outputs the parameters of the variational distribution g4 (2, | X4) ,-

Notice that this solves the core issue of high number of variational param-
eters, as now the variational parameters ¢ are constant w.r.t. to the input
data and hence the variational inference is amortized. Moreover, Liang et
al., 2018 [6] also note that the mechanism of amortized inference fits well
with idea of collaborative filtering as it flexibly reuses the inference model
to fit it to new queries, thus essentially manipulating patterns from the past
behaviour (data) to infer similarities.

4.3 Evidence Lower Bound (ELBO)

We now turn our attention to the objective we seek to maximize while learn-
ing the Variational Autoencoder. To be exact, we want to find the best
possible approximation to the true intractable posterior. As described in de-
tail in 2.5.2 and asserted in (2.2), we use the lower bound to the log marginal
likelihood of the data also called as ELBO (evidence lower bound) as a stan-
dard objective.

In our current context, we want to maximize ELBO for each user v and
then eventually average it out over the whole dataset.

log p (x4;0) > I['qub(zulxu) [log py (Xu | 2u)] — KL (g4 (2 | Xu) [P (2u))
= L (xy;0,90)

Here the ELBO L(x,;0, ¢) is paramterized by both 6, the parameters of
our non-linear transformation function fy and by ¢, the parameters of the
amortized inference model. Moreover, the ELBO here is made out of two
terms, the first is the reconstruction error and the second regularization KL
divergence term.

Under this perspective, Liang et al., 2018 [6] contributes their core idea
(which essentially translates their approach into being the most optimal in
practice): they introduce a free regularization parameter 8 which controls the
strength of regularization done through the second KL term in the ELBO

(4.3)
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Ls(xu;0,0) = Egy (zalxa) log py (Xu | Zu)]
=8 - KL (¢4 (Zu | Xu) [[p (24))

The KL regularization term basically ensures how close the approximate
distribution remains close to the prior, By introducing § < 0 as a con-
trol parameter for it, Liang et al., 2018 [6] are no longer optimizing for the
marginal log likelihood of data but essentially controlling the impact of prior.
Another important reasoning behind using § < 0 is that the ultimate goal
of this model is to able to recommend the most relevant items to users and
not to generate and reconstruct the perceived similarities based on ances-
tral sampling of user interaction behaviour. Therefore the proposal to keep
£ < 0 which weakens the dependency on the prior have shown to contribute
immensely to improved performance against recommender system validation
metrics. We will dwell more upon on how we have settled on selecting the
optimal value of 3 in the experimental setup section in 5.3.

(4.4)

4.4 Training Variational Autoencoder

The neural architecture of an autoencoder involves an encoder (inference
model) and a decoder (generator). Figure 4.1 as presented by Liang et al.,
2018 [6] summarize the process of variational autoencoder in which we use
the observed data x, as input and employ the inference model to get the
latent variable z. Then we use the generator to reconstruct the input while
optimizing the whole process based on the objective function (parameters ¢
and ¢).

i)

(+) ¢ (2)
Variational ° _
Autoencoder

0

&

Figure 4.1: Variational Autoencoder architecture, Liang et al., 2018 [6]
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The standard way of learning in Variational Autoencoders as described
in 2.5.3 is to maximize the ELBO which is the objective function. However,
in our case, equation (4.4) lays down the objective function for a user u as a
function of 8, ¢ and the free regularization parameter 8. For a given dataset,
we obtain the overall objective function by averaging the objective function
over the whole user base. Since the training of an autoencoder involves back
propagation therefore we can not trivially sample z from ¢(z|x) as it will pre-
vent from taking gradients w.r.t ¢ during back propagation. We resolve this
issue by using the reparameteriztion trick introduced by Kingma and Welling
[5]: sample € ~ N (0,7) from a Gaussian distribution and reparameterize z
by using this transformation: z = p, + o4 - €. This allow us to isolate the
sampling process and we can take gradients w.r.t ¢ in back propagation.

The overall training algorithm for this Mult-VAE model which is par-
tially regularized and has a multinomial likelihood is the same as summarized
by Liang et al., 2018 [6] and as is presented in Algorithm 1.

Algorithm 1: Training VAE-SGD for collaborative filtering, Liang
et al., 2018 [6]

Input: Click matrix X € R¥*Z
Initialize 6 and ¢ randomly; while not converge do

sample a batch from users U;
forall w € U do
Sample ¢ ~ N (0,Ix) and compute z, using
reparametrization trick;
Compute gradients VoL and VL with z,;
end
For the whole batch, take mean of noisy gradients;
Take stochastic gradient steps and update 6 and ¢ ;
end
return 0, ¢;




Chapter 5

Empirical Analysis

In this chapter we describe in detail the experimental setup in which we
empirically analyse and compare our models. We define the attributes of the
datasets at hand and dwell upon the evaluation metrics used to determine
the results. We finally interpret the results and report our findings.

5.1 Datasets

In our empirical analysis, we consider two real-life medium to large scale
datasets from E-commerce online stores. For the sake of anonymity we will
call them Dataset-X and Dataset-Y. These datasets comprises of user visits *
to the products on the website. Both data sets are extracted by using Frosmo
Oy tools of data tracking (as described in 2.2) and consist of anonymized user
ids and item ids in the form of tuples: (userid, itemid).

The datasets are primarily in the from of user-item interaction where each
row has an entry for the user and item identifier. For the purposes of this
work we have anonymized these identifiers. We also transform this tabular
user-item interaction data into binarized user-item click matrices where the
rows consists of the users and the columns marks the items. As true with
most real-life datasets, the transformed user-item matrices has high sparsity
and its one of the issues our work intend to resolve. The highlevel attributes
of the datasets after preprocessing are presented in Table 5.1.

Dataset-X: This dataset is extracted from an online electronics store
based out of Helsinki, Finland. User interactions in this dataset span from
the period of 1st of January 2020 until 15th of March 2020. We have removed
the users who have interacted with less than 5 products.

LA direct click on a product or an indirect landing to a product page from an external
source is considered as a wvisit

28
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Dataset-X Dataset-Y

# of unique users 132,561 136,269
# of unique items 17,486 18,994
# of interactions ~ 4.0M ~ 6.0M
% of interactions 0.17% 0.23%
# of held-out validation users 10,000 10,000
# of held-out test users 10,000 10,000

Table 5.1: Dataset attributes: % of interactions refer to the user-item
click matrix density.

Dataset-Y: This dataset is extracted from an online children clothing
store based out of Vantaa, Finland. User interactions in this dataset span
from the period of 1st of January 2020 until 30th of March 2020. Similar to
Dataset-X, we have removed the users who have interacted with less than 5
products.

5.2 Evaluation Metrics

To empirically evaluate the models we employ two ranking based evaluation
metrics: normalized discounted cumulative gain (NDCGQK) and Recall@K.
We use both of these metrics for validation and testing purposes. The rea-
son to use ranking metrics is to make sure that our model is performing
well on the objective of recommending relevant items with appropriate rank-
ing. Thus essentially we treat our model as a recommendation system and
evaluate it based on the measure of ranking quality and relevance.

5.2.1 Normalized Discounted Cumulative Gain (NDCG)

Normalized discounted cumulative gain essentially measures the ranking qual-
ity of a recommendation list. As noted by, Jarvelin et al. in their paper [29]
on cumulated gain based evaluation methods, the underlying idea behind
NDCG is two fold. Firstly, we assume that highly relevant items are more
valuable to us and secondly, the lower an item is in the ranked list the less
valuable it becomes because the likelihood of user engagement with a lower
ranked item is also low. The technique to compute discounted cumulative
gain is to employ a monotonically increasing discount to amplify the value
of higher ranked items in contrast to the lower ranked items.
Formally we defined discounted cumulative gain for a user u as:
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2]I[w el _

DCG @K, : Z a1 1

Here I is an indicator function, Wthh is 1 if item w( ) at rank @ belongs to
the held-out set of items I, otherwise the indicator is 0. The denominator
in the expression entails a increasing value w.r.t to the rank and thus dis-
counting the gain value in numerator and hence computing the discounted
cumulative gain.

We then compute NDCG @K by dividing the DCG @K by the ideal iDCG QK
(in which all items in held-out set I, have top ranks) which naturally also
linearly normalized this value to [0, 1]. To report the metric we take a mean
across all the recommendations for a user u to arrive at a final NDCG @K
score.

5.2.2 Recall

Recall can be simply described as the fraction of relevant items recommended
by the system. It essentially measures the ability of the recommender system
to find the relevant results. However, unlike NDCG @K it does not take into
consideration the ranking of the items but still is a very meaningful metric
in the context of a recommendation system where we need to evaluate the
relevance of the recommended items.

Formally, in our case Recall@K for a user u is defined as:

K .
| I,
Recall @K, i 2=zt 120 € L]
min(K, |1,|)
Here the denominator is the minimum between the K and the length of
the held-out items list. This helps in normalizing the value of Recall @K to
[0, 1].

5.3 Experimental Setup

5.3.1 Baselines

We outline our baseline results using two matrix factorization approaches:
Singular Value Decomposition (SVD) and Non-negative Matrix Factoriza-
tion (NMF). Both of these methods are currently employed by Frosmo Oy
for collaborative filtering problem and we want to compare the results of
our Mult-VAE model with these baselines in order to establish if Mult-VAE
performs better than the current setup in Fromso Oy.
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5.3.1.1 Singular Value Decomposition

Matrix factorization methods strive to model the user and item interactions
as an inner product to a joint latent factor space of a lower dimensionality
[30]. Singluar value decomposition (SVD) is a matrix factorization model
which basically solves the key problem of finding a lower dimensional feature
space of the user-item rating matrix.

For collaborative filtering, SVD [31] tends to transform the ratings matrix
A into factors UW VT where U represents the user interaction to each latent
feature. V represents the quantity of each latent feature related to each item
and K is a matrix representing the importance of each latent feature in the
overall determination of the user-item rating. The W matrix is a diagonal
matrix contaning the singular values of A.

This factorization enables us to recompute any particular rating for an
item by any user using the U, W, and V matrices as follows:

A=UWVT

Ay =Y UWi V"),
k l

Ay = UnWiVi
k l

here U;, represent the user ¢ ’s interaction with the feature k, Wp as the
relevance of latent feature k, and Vj; as the determination of latent feature {
present in item j.

In this work, use SVD on collaborative filtering problem for both datasets
(described in 5.1) and evaluates the model on NDCG @100, Recall@20 and
Recall @50 metrics (described in 5.2) to establish the baselines.

5.3.1.2 Non-negative Matrix Factorization

Non-negative matrix factorization (NMF) is a group of algorithms in mul-
tivariate analysis where a matrix A is factored into two matrices with the
property that all three matrices have no negative elements. Lee and Seung
[32] introduced this approach which as compared to other matrix factor-
ization approaches take advantage of the fact that most real world data is
non-negative like images or videos and maintain such constraints in factor-
ization.

A collaborative filtering method based on Non-negative matrix factor-
ization is very similar to SVD described above. The prediction 7,; is set
as:

A T
Twi = q; Pu
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Stochastic gradient descent (SGD) is then used to update the factors f
of user u and item 7as follows:

Zie]u qif Tui
puf < puf Zie] Qif'f'ui+>\u|1u|puf

. . uelU; Puf Tui
Qi < g > ueu,; Pus TuitAilUilgis

here, \; and \, represent the reqularization parameters [33].

5.3.2 Data Preprocessing

We preprocess each dataset by removing all users whose click history contains
interactions with less than five items. The reasoning behind this is to remove
the noise from the datasets. Furthermore, we do a random shuffle of each
dataset and split all users into training, validation and test sets. Both the
validation and test sets for each dataset comprises of 10,000 held-out users as
listed in the last row of Table 5.1. These train/validation/test sets are split in
such a way that each is disjoint from one other and all of the three combined
makes the whole dataset. We don’t perform any further preprocessing on the
datasets.

5.3.3 Hyperparameter Optimization

During our experiments we run a finite random grid search on a various
ranges of different hyperparameters. For all the hyperparameter tuning we
using the validation metric NDCG @100 as the criteria for the best perfor-
mance. However, due to the large size of the datasets we were not able to
perform a wide search operation but instead relied on the heuristics and in-
tuitions provided by Liang et al., 2018 [6]. For the regularization parameter
B (as described in the section 4.3) we gradually anneal the KL term with in-
creasing value of ( starting from 0 and aiming for 1. We found that the peak
performance against the validation metric NDCG @100 occurs at § = 0.23
hence we cap the annealing of the KL divergence term in the objective func-
tion (4.4) to B <= 0.23 as it performs the best and doesn’t further explore
it in subsequent search.

We also included informative results from each search into the next for
example we found that similar to [6], the dimensions of the hidden layer as
600 is the best and did not delve into it further. We used Adam [34] as
the optimizer and found the learning rate of 0.001 to be the best. We did
not apply any weight decay to the optimization process. Moreover, we also
observed that the 1-hidden-layer architecture of the MLP generative model
fo(-) [I — 600 — 200 — 600 — I] with the latent layer dimension of 200
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is the best performing one and adding more layers and going deeper doesn’t
impact the performance.

5.3.4 Training

Since we are operating under the assumption of strong generalization there-
fore we train the models on the full click history of the users in the training
data. However, for each held-out user, we randomly pick 20% of the items
from their click-vector to report the metrics and the remaining 80% of the
items are used to reconstruct the click vector representation from the learned
model. We do so in order to avoid weak generalization where items from the
user’s click vector from training sets can leak into the evaluation process. As
shown in Table 5.1 we use the same number of held-out users for both testing
and validation sets.

Dataset X Dataset X
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Figure 5.1: Dataset-X: Training progress

In the model training process, we constrain the linear annealing of KL
term with 8 <= 0.23 to 200,000 gradient updates. We used Adam [34] as the
optimizer and perform 200 epochs with the batch size of 500 for each dataset.
During training epochs we use the held-out validation set to evaluate the
models and keep the best one based on NDCG @100 metric. For Dataset-X
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Figure 5.2: Dataset-Y: Training progress

and Dataset-Y figure 5.1 and 5.2 respectively show the training progress and
the reported validation metrics for each epoch.

5.4 Results and analysis

We now present the quantitative results based on the best kept model during
the training phase. The best model is the one which has the highest value of
the normalized discounted cumulative gain (NDCG @100) metric during the
training epochs. Hence essentially we prefer a model based on our purposed
method which performs the best in terms of ranking the items better for the
userbase. However, we employ all three evaluation metrics to compare the
results with the various baseline methods on both datasets.

Given a trained model in the form of 4.1, we make predictions based on
user click history x and multinomial probability fy(z). The latent represen-
tation z is obtained as the mean of the variation distribution of the learned
model in the form of z = g4(x). Once we have the learned model, we use the
held-out training set and perform the process of using the 80% fold-in click
vector to reconstruct the necessary representations and evaluate the model
on how well the rest of the 20% is ranked and recalled. We then take a
simple mean of the metrics based on the predictions across all test set users
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Dataset-X

NDCG@100 Recall@50 Recall@20
Mult-VAE 0.474 0.613 0.421
SVD 0.397 0.495 0.366
NMF 0.405 0.541 0.377
Dataset-Y

NDCG@100 Recall@50 Recall@20
Mult-VAE 0.533 0.665 0.504
SVD 0.331 0.485 0.394
NMF 0.472 0.583 0.414

Table 5.2: Comparison of Mult-VAE method with various baselines

and report the conclusive findings for both Dataset-X and Dataset-Y.

In Table 5.2 we summarize the quantitative comparison between the base-
lines and our proposed method of partially regularized variational autoen-
coder with multinomial likelihood. We analyse these results in the light of
two fundamental aspects of our approach; the multinomial likelihood and
the probabilistic non-linear nature of the variational autoencoder. We argue
in section 4.1 that the multinomial likelihood is a good choice for the top-N
ranking models as it distributes the probability mass by the likelihood of the
item getting visited hence it gives excellent empirical results on the NDCG
metric when modelling click data.

Moreover, we also argue that the traditional matrix factorization ap-
proaches such as in our baselines: SVD and NMF employ inner matrix
product to model user-item interactions, this limits their power of captur-
ing non-linearity in the data and also makes them suffer with sparsity and
scalability issues. However, as evident with the results, the variational au-
toencoder outperforms the baseline methods significantly. This reinforces
our idea that non-linear probabilistic models succeed well in capturing the
patterns present in the sparse data, specially for the collaborative filtering
problem. Lastly, we also attribute the success of variational autoencoder
to the inherit stronger modelling assumptions it possesses. Since the model
learns the latent representations of the click history of user, therefore it is
better able to generate results when there is sparsity involved. In the light
of these results, we can attribute this behaviour of Mult-VAE performing
better on the users with fewer interactions to its strong generative power of
eliciting value from the learned latent representations.



Chapter 6

Conclusion

In this thesis, we set out to evaluate a probabilistic deep learning based
approach on the collaborative filtering problem. We specifically wanted to
test a partially regularized variational autoencoder on real-life E-commerce
datasets with a multinomial likelihood. At our disposal, we had the approach
laid out by Liang et al., 2018 [6] in their collaborative filtering paper and we
also had access to the real-life datasets collected by using Frosmo Oy tools.
The task was then to reproduce the excellent empirical results showed by
Liang et al., 2018 [6] using our datasets.

We started out with research on the E-commerce domain and its back-
ground and what kind of role recommendations play in the online retail
business. We then moved on to examine the collaborative filtering technique
and established how it has been the most powerful approach used by various
kinds of recommendation systems. We also extended on the issues of sparsity
and scalability that the collaborative filtering method commonly face. We
then turned our attention to the domain of representation learning and de-
scribed autoencoders and their generative modelling. We reflected upon the
idea of variational inference and how it can help approximate the intractable
posterior distribution. This path lead us to the formal definition of varia-
tional autoencoder and the reparameterization trick which enables the deep
modelling architecture with back-propagation.

We moved on to present a brief overview of the related methods to our
approach and outlined matrix factorization and neural collaborative filtering
methods. We then dived deep into our own approach and laid down the
methodology we used to conduct the experiments in detail. We described
the model and how the multinomial likelihood is well suited for our case.
We discussed the role of amortized inference in our architecture and how
partially regularizing a term in the ELBO results in better performance. We
formally presented our Mult-VAE model and the training algorithm.

36
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After laying down the theoretic understating of our approach we moved
on to perform experiments and provided an empirical analysis based on the
two datasets at our disposal. We described the attributes of both datasets
and discussed in detail the preprocessing steps performed to ready the data
for experiments. We outlined the evaluation metrics in detail which we use
to validate our model and then described the baseline methods briefly with
which we want to compare the results. We setup the training of the models
and presented the methodology for hyperparameter optimization and the
annealing of the KLh term. We illustrated the training progress based on the
evaluation metrics and kept the best model for testing.

Finally we implemented the best approach and computed results. We
compared our metrics with the baselines and established that our Mult-VAE
model performs significantly better than the baselines. Lastly we managed
to ascertain that the approach proposed by Liang et al., 2018 [6] can indeed
be generalized and employed meaningfully to achieve satisfactory results on
real-life E-commerce datasets.

6.1 Future work

The work done in this thesis has substantial potential for extension. Various
recent advancements in collaborative filtering research can be assessed for the
feasibility to improve the overall performance of our approach. More work
needs to be done to solidify the scope with diversified evaluation techniques.
Furthermore, it would be justified to have a separate development endeavor
to productize our model for industry deployment.

One of the core areas the future work might focus on is to include the
side information of the products and items in the latent representations of the
user-item interaction. In their recent paper Deng et al., 2019 [35] have focused
on incorporating user and item side information in the generative process of
the autoencoder and have shown convincing results on benchmark datasets.
Gupta et al., 2018 [36] also propose a similar approach where they use the
item embeddings to augment the encoding capability of the autoencoder and
consequently empower the representation learning approach for collaborative
filtering.

Strictly remaining in the scope of our work, one obvious addition we can
work on in future is to analyse our model using different likelihood functions
and examine in detail the impact of the regularization parameter g on the
annealing process. Another challenge that needs focus is how to integrate
the element of surprise and serendipity in the final recommendations for a
user. Its a difficult problem to quantify the serendipity and fuse it in the
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evaluation procedure in order for make the model learn for it, however its
worthy of attention and a continued effort should be done on this topic.

Moreover, since this work is done as a research project in industry and
a precursor to a real world productize service, we plan to implement it on
scale in production. This work in future will involve building the neces-
sary scaffolding of data ingestion and processing pipelines around the model.
Taking a project from the experimentation phase to production environment
also mandates setting up of maintenance protocols and how the live project
would evolve with service level changes and explicit user feedback.
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