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BiCoRec: Bias-Mitigated Context-Aware Sequential Recommendation
Model

by Mufhumudzi MUTHIVHI

Sequential recommendation models aim to learn from users’ evolving pref-
erences. However, current state-of-the-art models suffer from an inherent
popularity bias. This study developed a novel framework, BiCoRec, that
adaptively accommodates users’ changing preferences for popular and niche
items. Our approach leverages a co-attention mechanism to obtain a popularity-
weighted user sequence representation, facilitating more accurate predic-
tions. We then present a new training scheme that learns from future pref-
erences using a consistency loss function. The analysis of the experimental
results shows that our approach is 7% more capable of uncovering the most

relevant items.
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Chapter 1

Introduction

Recommendation models help alleviate the information overload problem
by suggesting a relevant item to users based on their preferences [1]. User
preference is measured either explicitly or implicitly. The user provides ex-
plicit feedback, whereas implicit feedback is obtained by observing the user’s
actions. Hence, implicit feedback is a more reliable measurement of user

preference.

Early implicit feedback-based models made use of a Collaborative Filtering
(CF) approach. CF predicts the item that a user would prefer by observing
the interests of similar users [2]. The most successful CF-based models make
use of a representation learning framework. The objective is to find the latent
spaces that encode the user-item interaction matrix. Initially, Matrix Factor-
ization was applied to project the user and item features into the same latent
factor space. Later, a neural network was used to learn a non-linear function

of user-item interactions.

However, CF-based models ignore the contextual information surrounding
a user’s preference for a particular item. Users may exhibit biases, and items
may possess additional side information that enhances their utility [3], [4].
Moreover, user preferences evolve over time [3]. Context-aware models aim
to incorporate the contextual information of bias, auxiliary information and

temporal dynamics.

The current state-of-the-art recommendation models consider CF a univari-
ate time series prediction problem. They represent the interacted items in
sequential order such that the objective is to predict the next item the user
would prefer. Early sequential recommendation models made use of first
and high-order Markov Chains. However, Markov-Chains infer predictions

from a single or few past items, capturing short-range item transitions for
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recommendation [5]. Recurrent Neural Networks (RNN) can capture long-
range dependencies by utilizing a hidden state to encode the previous items.
Subsequently, RNNs require a large amount of data before outperforming
baselines [6]. Transformer-based recommendation models alleviate this is-
sue by using an attention mechanism to adaptively assign weights to previ-
ous items at each time step [7].

The transformer-based models only embed item identifiers and positional
markers. As a result, they learn the chronological order of items to represent
a user’s sequence of preferences. Context-aware sequential recommendation
models aim to incorporate any contextual information associated with an
item [8]-[10]. However, current methods are limited to the fusion of item-
attribute data.

Recommendation models encounter a challenging trait within datasets. The
frequency of items follows a power law distribution [11]. Often, the most
popular items sit at the short-head of the distribution [12]. Popularity bias
produces a severe class imbalance between two groups: those at the short
head of the distribution and those found at the long tail of the distribu-
tion [13].

Collaborative Filtering models are particularly susceptible to bias [12]. Fur-
thermore, popularity bias in context-aware sequential recommendation mod-

els is an under-explored area in research.

1.1 Problem Statement

The problem addressed in this study is formulated as follows. Given a set of
users U = {uq,up,..., u|u|}, a set of items by V = {0y, vy, .. .,UM}, the aux-
iliary information data A = {ay,ay,...,ayy}, the user sequence popularity
scores Q € RIUI*" and the sequential item data S, = {v},7%,...,v};} where
v} € V represents an interaction of user u with item v at relative time ¢t and
n is the maximum sequence length, predict the next item v}, ; that is most

preferred by user u:

P(UZH‘SWAI qu) (1.1)

which is the probability over all possible items for user u at time step n + 1
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1.2 Aims

This study aims to develop a model that can mitigate the inherent popularity
bias within sequential recommendation models. The proposed model should
adaptively accommodate the evolving preferences of users, balancing recom-

mendations between popular and niche items.

1.3 Objectives

The above aims of this research project were achieved through the following

objectives:

* design a co-attention mechanism for reasoning between user sequence
attention and popularity attention;

e create a cross-pseudo supervision network to adapt to evolving user
preferences;

¢ implement various baseline models for comparative analysis and

¢ establish an evaluation scheme to assess the prevalence of popularity

bias in user sequences.

1.4 Significance and Motivation

1.4.1 Significance
Findings

We found that BiCoRec is deeply personalized and responsive to changing
preferences. It is, on average, 7% more capable of uncovering the most rel-
evant items. Our bias mitigation technique improved the performance of
users who prefer less popular items by 26%. Finally, BiCoRec achieved an
average of 3.14% increase in the NDCG score for long user sequence datasets

over current state-of-the-art models.

Based on our ablation study, the cross-pseudo supervision network contributed
the most to the performance of our overall strategy. Hence, learning from
evolving future preferences is essential. However, BiCoRec struggles to in-
fer accurate predictions for users who strongly favour popular items or have

short sequences.
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Contributions

To summarize, the main contributions of this work include the following.

1.

Incorporated multi-modal auxiliary information to improve the latent
description of each item [8]. Our context-aware model is not limited to
item-attribute data.

Devised a novel technique to measure the popularity bias in each user’s
sequence of items. We used the Term Frequency - Inverse Document
Frequency (TF-IDF) score to describe the item’s popularity in relation
to other users. Consequently, a vector of TE-IDF scores describes the
user’s changing preferences towards items of different levels of popu-
larity.

Used a co-attention mechanism to capture the dynamic interplay be-
tween a user’s sequence of preferences and their predisposition towards
items of varying popularity.

Used a cross-pseudo supervision network to learn from evolving future
preferences [13].

. Incorporated an explicit user embedding to learn better-personalized

information about each user.
Developed a novel evaluation scheme that measures users” evolving

preferences towards popular or niche items.

This dissertation, so far, resulted in the publication of two peer-reviewed con-

ference papers. They are:

1.

Multi-Modal Recommendation System with Auxiliary Information,
SACAIR Conference 2022, Springer Publication [8] - Was our first suc-
cessful attempt to incorporate multi-modal auxiliary information into a
transformer-based sequential recommendation model.

Impacts of Architectural Enhancements on Sequential Recommenda-
tion Models, SACAIR Conference 2023, Springer Publication [13] -
Was our first discovery of the inherent popularity bias within sequential
recommendation models. We proposed our novel evaluation method-
ology that accurately reflects users” preferences for items of varying
popularity. Finally, we introduced our cross-pseudo supervision net-
work here, which uses pseudo-labelling.

Furthermore, we plan to submit a journal paper on bias mitigation in context-

aware sequential recommendation models. Context-aware recommendation
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models have recently been adopted and demonstrate state-of-the-art perfor-
mance. However, popularity bias, despite being a well-known issue in the
field of recommendation systems, has not been thoroughly studied.

1.4.2 Motivation

The emergence of multi-modal transformers in both Natural Language Pro-
cessing (NLP) and computer vision has significantly influenced our work
within the domain of recommendation models. These multi-modal trans-
formers assist in broadening the contextual information associated with items.
Moreover, the recommendation landscape has transitioned from a traditional
user-item interaction matrix to sequence models that capture users’ changing
preferences. Hence, we developed a context-aware sequential recommenda-

tion model.

Furthermore, several investigations have focused on addressing popularity
bias in recommendation systems [12], [15]-[18]. Nonetheless, only a few
studies have incorporated bias mitigation techniques within the context of
sequential recommendations [13], [19]. However, Yang et al. [19] does not
apply bias mitigation on context-aware sequential recommendation models.
Hence, we facilitated the development of a bias-mitigated context-aware se-

quential recommendation model.

1.5 Research Questions

Below are four research questions we investigated:

1) Why do we need a bias-mitigation strategy for a sequential recommen-
dation model?

Deep learning-based classifiers are known to emphasize their training on the
majority set within the training data [12]. The current state-of-the-art sequen-
tial recommendation models are transformer-based recommanders [7], [14].
Sequential recommendation models often recommend frequently occurring
items [13].

Moreover, our investigation revealed that users increasingly favour less pop-
ular items over time. This trend suggests that user preferences evolve toward

more niche and personalized items.
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This study proposed a few bias mitigation techniques that aid in alleviating
the inherent popularity bias in sequential recommendation models. The pro-
posed components of our final model provide three solutions.

1. Recommend items based on their semantic relatedness instead of their
popularity.
2. Learn the popularity bias in each user’s sequence of preferences.

3. Learn from evolving future preferences.

2) How do we modify recommendation algorithms to include more items

of lesser popularity?

Niche items receive less attention during training. Hence, sequential recom-
mendation models struggle to recommend them. Our proposed approach
employs two strategies to refocus the recommendations towards less occur-

ring items.

1. We used multi-modal auxiliary information to learn the semantic relat-
edness between items. We recommend items based on the latent de-
scription instead of their popularity.

2. We used a co-attention mechanism to jointly attend to the user sequence
and popularity representation. We use the popularity-weighted se-
quence representation to make predictions.

3) How do we learn from user’s evolving future preferences?

The primary learning method in sequential recommendation is to predict the
next item or masked item tokens given the previous items [7], [14]. Hence,
they ignore the future items. Users tend to prefer less popular items over
time. Therefore, future items will contain valuable insights about the users’

evolving preferences towards more niche items.

We devised a novel method to learn from future items. Consider the user’s
sequence of items arranged from oldest to newest. Let n be a fixed sequence
length that represents each user’s list of interactions. If a user has interacted
with more items than n, we truncate their sequence of items. Otherwise, if
a user has interacted with fewer items than n, we pad the sequence with
zeros. This results in a sequence where the newest items occupy the initial
positions of the sequence, and the padded items fill the preceding positions,
refer to Figure 1.1.
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recent item
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FIGURE 1.1: Illustrates the process of truncating a long se-

quence and padding a short sequence with null values. The

items are arranged chronologically, from the oldest to the
newest interactions made by the user.

Since a sequence is arranged from oldest to newest items, the padded items
represent the future items. Learning from padded items provides informa-

tion about the users’ evolving future preferences.

We may view the actual items as labelled data and the padded items as un-
labeled data. The existence of labelled and unlabeled data transforms the
problem into a semi-supervised learning paradigm. We used Cross-pseudo
Supervision to ensure the consistency of predictions from both labelled and
unlabeled items [13].

4) How do we better evaluate a sequential recommendation model to mea-

sure the shift in user preferences?

Applying a conventional accuracy metric to all items within a sequence fails
to capture the nuanced shift in preference. In short sequences, popularity
bias is more prominent, as these sequences often comprise predominantly
popular items. Consequently, a model heavily biased toward popular items
may perform well in such scenarios. However, its performance diminishes
when deploying the same model in an offline setting with considerably longer

user sequences.

We propose a new method to evaluate user sequences. Instead of looking at
the entire sequence individually, we break it down into smaller parts using
a sliding window approach. For instance, say we set the window size to 50.
We then take the first 50 items from the sequence and use a predictive model
to guess the next item. After that, we slide the window by one item and
repeat the prediction process. We keep doing this until we cover the entire
sequence. This way, we can evaluate the predictive model’s performance at

different user sequence segments.
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1.6 Limitations and Delineations

Below are a few challenges that limit the performance of BiCoRec.

1. BiCoRec may not perform optimally in situations where users strongly
favour popular items.

2. BiCoRec produces sub-optimal performance for users with short se-
quences or highly skewed datasets.

3. Our framework may not beat the current state-of-the-art approaches in
scenarios involving session-based interactions or situations character-
ized by short-term dynamics.

4. Our bias-mitigation strategy heavily penalizes popular items in favour
of niche items.

5. BiCoRec did not exhibit an impressive performance improvement when
incorporating user embeddings.

6. We were not able to fully balance BiCoRec’s performance across users
who prefer popular items and those who prefer less popular items. Our
strategy still performs substantially better for users who prefer popular
items [13].

1.7 Notations

To facilitate the reading in this dissertation, we define a few main concepts:
matrices are denoted by bold capital letters, e.g. A, vectors appear in bold
lowercase letters, e.g. a, scalars are written in italics, e.g. a and sets are
represented with italic capital letters, e.g. A.

1.8 OQOutline

This chapter looked at the background concerning the primary research prob-
lem and highlighted its significance in the relevant field. We also outlined our
contributions and motivations for this study. The rest of the dissertation is
structured as follows: Chapter 2 provides an overview of the background in
Recommendation Systems. In Chapter 3, we show that there is an inherent
popularity bias within Sequential Recommendation models. In Chapter 4,
we present the model framework and some discussions on related work.

Chapter 5 discusses the methodology, while Chapter 6 presents our results
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compared to state-of-the-art baselines. Finally, Chapter 7 concludes the dis-
sertation by summarising its contributions and presenting recommendations

for future work.
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Chapter 2
Recommendation Systems

The objective of a recommendation model f is to reduce the sparse nature
of recommendation datasets by filling in the interaction matrix Y with an
integer or binary value y,, that we refer to as user u’s preference score of
item v, such that:

Yuo = f(u,0|0) (2.1)

where 7, is the predicted value, ® are the model parameters, u € U the set of
users and v € V the set of items. Finding preference scores for each user-item
pair is known as the matrix completion problem [20]. This chapter discusses
some traditional and current methods used to solve the matrix completion

problem.

2.1 Collaborative Filtering

Some of the earliest methods used a Collaborative Filtering (CF) approach to
solve the matrix completion problem [2]. CF assumes that users who share
similar interests will consume similar items. By clustering users based on
their interests, we can recommend items from the same group of users. Early
CF methods predict a positive integer value that reflects how much a user

prefers an item.

2.1.1 Explicit Feedback Models

Explicit feedback records the user u’s preference of item v with a rating vy €
Z7 [21]. The user numerically expresses their level of preference, for exam-
ple, a star rating between 1 (“totally dislike”) and 5 (“really like”). Explicit

teedback is a well-defined problem with a simple objective.
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Heuristic Algorithms

Heuristic algorithms are used to calculate the similarity values between users.
Specifically, the nearest-neighbour algorithm is applied to cluster users based
on their preferences [22]. The objective is to find the preference score of each
item v; made by a target user u by considering the preference scores of the
k most similar items {v1, v, ..., v¢}. Given a similarity measure (for exam-
ple, Cosine Similarity), let So;0; be the item-to-item similarity between items
v; and v; such that:

Ui'U]'

Cosine Similarity : Svjvj = W
1112 J12

(2.2)
wherei € {0,1,...,|V|} and j € {0,1, ..., k}. The predicted preference score of
item v; made by user u is computed as

k
Svv;Yuv;
0 vy )

]?uvi - = (2-3)

k
Z S’(Ji”()]‘
j=0
where yy,, is the ground truth preference score made by user u to item v;.

Matrix Factorization

To solve the matrix completion problem, model-based Collaborative Filter-
ing adopts a representation learning framework. The objective is to find the
latent spaces that encode the user-item interaction matrix Y. The first success-
ful realization of model-based CF used Matrix Factorization (MF) [3]. Matrix
Factorization projects user and item features into the same latent factor space.
MEF is tasked with finding the item latent factors Ey, € RIV/*? and user latent
factors E;; € RUI*4 where d denotes the number of features that describe
item v and user u. Here, e, € E) measures the extent to which the item
possesses those factors. The user features e, € E;; measures the extent of
interest the user has in items characterized by those factors. The dot product
of e, and e, captures the user’s overall interest in the item’s characteristics

and provides the estimated preference value

Do = eley (2.4)



Chapter 2. Recommendation Systems 12

We can learn the feature vectors e, and e, by minimizing the loss between the
real and predicted values of y,,. Take a loss function such as the regularized

squared error on the set of known values

min 2 (yuv_egeu)2+)‘(||ev||2+||eu|’2) (2.5)

where T = {(,0)|yuo € Zg } is the set of user-item pairs of the ground truth
preference score, that is the training set, and A is a regularization term. A
stochastic gradient descent approach popularized by Simon Funk! loops over the
training set to produce the prediction error e, := yyp — e;l: e,. The parameters
are modified by a magnitude proportional to y in the opposite direction of
the gradient:

ey < ey +y(eww-en —A-ey) (2.6a)

eu <_ eu -I_ ’)’(eu'v * eu - A * eu) (2.6b)

2.1.2 Implicit Feedback Models

The ratings observed from explicit feedback are provided by the user. Hence,
they may be biased and inconsistent [23]. Implicit feedback records user pref-
erence as a binary value y,;, € {0,1}, where a value of one indicates that the
user has interacted with the item, and zero otherwise. Implicit feedback de-
scribes the frequency of actions, which is the confidence that we have in a
certain observation [21]. Hence, implicit feedback is a more reliable metric.
In addition, most feedback in the real world is implicit, for instance, monitor-
ing clicks, view times, purchases, mouse movements, etc. By observing the
user’s behaviour, we can record their actions. We can simplify the value of
an implicit feedback variable to account for actions taken or not taken. How-
ever, i,, = 1 does not mean user u likes the item v. Moreover, y,, = 0 does
not mean user u does not like item v. Alternatively, a user may not be aware
of the item [21]. The unobserved items can either be negative feedback (the
user is not interested in the item) or missing values (the user might be inter-
ested in the item). This shows that implicit feedback provides noisy signals

about user preference [24].

Thttp://sifter.org/~simon/journal/20061211.html
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The missing value problem is handled in two ways. Firstly, all the miss-
ing values are ignored, and only the observed feedback is considered. Ig-
noring the missing values would force the models to learn only from the
observed instances. Secondly, all the missing values are treated as negative
feedback [21], [25], thus discouraging the model from recommending the un-
observed items. Furthermore, a naive optimization of the loss function, such
as in Equation 2.5, becomes computationally expensive as the user-item ma-
trix is densely filled with observed and unobserved feedback. Hence, a new
learning and optimization method has been adopted for the implicit feed-
back setting. Two types of objective functions are often used to estimate the
parameters @: pointwise and pairwise strategies.

Pointwise Learning

Pointwise learning follows a regression framework by minimizing the squared
loss between the predicted value 7, and the target value v,,. Either the un-
observed entries are treated as negative feedback, or the negative instances
are sampled from unobserved entries [21], [23], [25]. Then weights w,, are
introduced to each user-item pair to differentiate between observed and un-
observed feedback. The new objective function for minimizing the loss func-
tion is described as

min Z Wun (Yuo — €f€u)” + A(|leo||* + [[ew]?) (27)

% ok
€oCu (4,0)eT

where w,;, is the confidence weight of v, such that its value is significantly
lower for missing feedback and higher for observed feedback. These weights
help reduce the impact of unobserved examples. The Alternating Least Squares
(ALS) method optimizes and decomposes the objective function into user-
independent and item-independent parts by differentiation. ALS is particu-
larly effective for sparse datasets, as it handles missing data by focusing on
observed user-item interactions. However, it is slower than Stochastic Gra-
dient Descent (SGD).

Pairwise Learning

Pairwise learning takes a ranking-based approach where the observed entries
are ranked higher than the unobserved ones. Hence, pairwise learning mini-

mizes the loss between the predicted value #j,, and the target value y,, while
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maximizing the margin between the observed entry #/,, and unobserved en-
try §,., where v’ is the item that user u has not interacted with. Bayesian
Personalized Ranking achieves this by correctly ranking item pairs instead
of scoring single items [23]. Bayesian Personalized Ranking avoids replacing
missing values with negative ones. Finding the correct personalized ranking
for all items requires optimizing the maximum posterior probability, which
is formulated as

p(O[T) x p(T|©)p(O) (2.8)

where p(©|7) is the posterior probability of the model parameters ® given
the training data 7. The likelihood of the data p(7|©) given the parameters
O represents the probability of observing the user-item interactions under the
current model. The prior probability p(©) of the parameters © encodes any
prior beliefs about the distribution of these parameters. Bayesian Personal-
ized Ranking aims to find the parameter set © that maximizes this posterior
probability. The optimization process adjusts the model parameters to max-
imize the likelihood of the observed user-item pairs while regularizing the
prior to avoid overfitting, such that

max ) Ino(Jur — Puw) — AlO] (2.9)

(u00)eET

where T is now the set of user-item triplets (1, v, v') and user u is observed to
interact with item v but not with item v’. The sigmoid function ¢ models the
probability of a user preferring item v over item v’. The term §, — §,,» rep-
resents the difference in predictions for the user’s preference for items v and
v/, and A||@||? is a regularization term that prevents overfitting by penalizing
the complexity of the model parameters ®. Bayesian Personalized Ranking
assumes that the users prefer observed (interacted) items over unobserved

ones. However, as previously noted, this may not be true.

The parameters ® have been learnt through Matrix Factorization (MF). MF
estimates a preference value y,, through the inner product of the user and
item latent factors; see Equation 2.4. The inner product combines the latent
user and item features linearly. The linear computation may not be sufficient
to model the complex structure of users” interactions. Neural networks can

approximate any continuous function effectively [26]. He et al. [27] propose
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Neural Collaborative Filtering (NCF) which uses a multi-layer neural net-

work f in collaborative filtering to estimate 7, over the function

f(1, 9By, By, Of) = pout (p1(-.p2 (1 (Efyvi, Epvo))...) (2.10)

where Oy are the model parameters of the interaction matrix, ¢ou and ¢;
are the mapping functions for the output layer and /-th neural collabora-
tive filtering layer. The feature vectors v, and v, are derived from the in-
put layer. These input features are the item and user identification numbers
transformed into a binarized sparse vector with one-hot encoding. The user
and item feature matrices E;; and Ey, are derived from an embedding layer
consisting of a fully connected network. The fully connected layer projects
the sparse representation to a dense vector. We obtain the user latent factor e,
from ELT{vu and the item latent factors e, from E@vv. The first layer performs
an element-wise product of vectors that mimics MF:

M (e, 0) = €, O ey 2.11)

In parallel, a Multi-Layer Perceptron (MLP) model with [-hidden layers learns

a non-linear relationship of user-item interactions:

z) = ¢1(eur ev) = [eu
€y
¢2(z1) = ReLUx(WJz; + by), (2.12)

QALP(ZL_l) = ReLUL(W{ZL_l +b;r),

where W; and b; denote the weight matrix and bias vector for the /-th layer’s
perceptron, respectively [28]. The ReLU activation function is well-suited for
sparse data because it encourages sparse activations. In addition, ReLU is
more biologically plausible and has proven to be non-saturated [29]. The fi-
nal NCF model employs separate learned embeddings from the MF and MLP
layers. Then, their last hidden layers are concatenated together to produce
the predicted value

Do = o (V] [‘PMF]) (2.13)
Yuo out ¢MLP :

T

where v,

are the weights of the output layer. NCF combines a linear (MF)
and non-linear model (MLP) to capture the complex relationships between

users and items.
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2.2 Context-Aware Recommandtion

CF-based models learn user preference by encoding the collaborative signals
within the interaction data. However, they often overlook the contextual
information surrounding a user’s preference for a particular item. That is,
users interact with items under some context [30]. Context is any informa-
tion that characterizes a situation related to the interaction between humans,
applications and the surrounding environment [31]. Therefore, context has
an impact on the interaction a user has with the set of items under some en-
vironmental conditions. The following subsections present different forms of

context and solutions proposed to design a context-aware model.

2.2.1 Bias

The inner product in Equation 2.4 of the CF-based matrix factorization model
does not address the fact that much of the variation in preference values is
due to the effects of bias inherent within users and items [3]. Since a small
number of users and items contribute towards a larger number of interac-
tions, the average preference value of an item is underpinned by a small sub-
set of users. In essence, the average preference value becomes skewed by the
context of popularity. Koren, Bell, and Volinsky [3] propose De-biased Ma-
trix Factorization that encapsulates the effects of bias, which do not involve

user-item interaction, within a baseline predictor
buv - ]/l + bu —‘I_ bv (2.14)

for an unknown preference value y,,, such that b, and b, indicate the ob-
served deviations of user u and item v to the average preference value y.
Hence, the de-biased version of Equation 2.4 is now expressed as:

Juo = H+ by + by +ele, (2.15)

2.2.2 Factorization Machines

Factorization Machines (FMs) can estimate reliable parameters under very
high sparsity [4]. Instead of the original user-tem interaction matrix, they use
a description matrix. The description matrix is produced by concatenating
five-row vectors. The first two rows are one-hot encoded vectors of size ||

and |V| that indicate the active user and items, respectively. The third row
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indicates the previously seen items with a one-hot encoded vector. Then,
the fourth row represents the auxiliary information transformed into a one-
hot encoded vector. Auxiliary information is additional side information that
provides more insights about an item. FM uses item attributes from tabular
data, such as name, colour or size. Finally, the fifth row is a one-hot encoded
vector consisting of indicators for the last item the user has rated before the
active item.

FM then estimates interactions by breaking the independence of the interac-
tion parameters through factorization. The independence assumption means
that the prediction of one feature does not depend on the values of other fea-
tures. However, features interact in complex and nonlinear ways in many
real-world scenarios, and their joint effect influences the prediction. By break-
ing the independence assumption, FMs allow for capturing the interactions
by introducing latent factors. The latent factors are expected to capture the
interactions between different features. As a result, the model can learn com-
plex patterns and dependencies in the data that the independence assump-

tion would miss.

FM uses the user-item interaction matrix with additional contextual features
such as auxiliary information. The description matrix is an enhanced rep-
resentation of the user-item interaction matrix. However, it is still highly

sparse.

MF-based models struggle with high-dimensional sparse data because they
cannot effectively model feature interactions. FM model interactions be-
tween features by using factorized parameters. Instead of directly learning a

weight for each feature, they learn a low-dimensional latent vector.

A latent feature vector is allocated to each column (attribute) to estimate
the target variable. The estimated target variable is produced by summing
all pairwise interactions within the latent feature space among the attribute
columns. The product of their assigned values further influences the compu-

tation in the description matrix.

2.2.3 Temporal

Temporal models learn the temporal dynamics of user preference over time.
The user and item factors of MF in Equation 2.15 assume that a user’s prefer-
ence remains static. User preference and item popularity change over time [3].

A user’s taste may evolve, or a new item may have mainstream appeal.
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Hence, the model should incorporate the context of time to account for tem-
poral effects that reflect the dynamic, time-drifting nature of user-item inter-
actions. The updated de-biased MF model accounts for temporal dynamics
of the bias terms and user factors as a function of time t to produce the esti-
mate

9uv|t = V+bu|t+bv\t+egeu|t (2.16)

where the item factors e, remain static since items are static in nature. The

user-item interaction matrix Y is denoted as a quadri-tuple [u, v, Yy, t].

Koren [32] argues that temporal effects may span long or short periods. They
suggest that while the likability of movies may not vary daily, it is more
likely to change gradually over extended periods. In contrast, they note that
user preferences can exhibit daily fluctuations, reflecting the natural incon-
sistencies in customer behaviour. As a result, we require a finer time resolu-
tion when modelling user biases and a lower resolution for capturing item-
related time effects. Koren [33] expands the Singular Value Decomposition
(SVD++) model by incorporating the context of time to the predicted value

~ T _1
Yuolt :Au+bu\t+bv|t+ev (eu|t+ |Su| 2 Z yv> (217)
vesSt
where S" is the set of items consumed by user #, and y, is a second set of item
factors that characterize users based on the set of items that they consumed.
Equation 2.17 is referred to as TimeSVD++, it represents users through the

items that they prefer with time drifting parameters b,;, b,; and e,;.

Wau et al. [34] propose a neural network applied to a temporal collaborative
tiltering model. The researchers propose using a Recurrent Neural Network
(RNN) to capture user and item temporal dependencies. The RNN allows us
to model past observations while predicting future trajectories in one seam-
less manner, such that:

Juolt = f eyt or) and  eyjry1 = Pr(€yjt Yuolt), (2.18)
Colt+1 = 4’2(ev|t/yuv|t)

where ¢ and ¢, are functions that are learnt to find the parameters. RNN
learns a function that sequentially updates scores and can make forward pre-
dictions at each time step t. A Long Short-Term Memory (LSTM) is used as

¢1 and ¢, since it can address the vanishing gradients problem. For instance,
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take the item’s latent state

81,82, 83] = o (W1leyt—1, Yuolt] +b1),
01 = tanh(Wa[e,;_1, Yyopt] + b2), (2.19)

02t = &1 0241+ g2+ 01; and

e,r = g3 - tanh(02)

where g1, ¢» and g3 are forget, input and output gates, respectievly. The
same process in Equation 2.19 also applies for e,;. The objective function
now includes a temporal element described as

r%in Z ||yuv|t_:%tv\tH%—f—A”@Hz‘ (2.20)
(uo,t)eT

2.3 Sequential Recommendation

A temporal model’s parameters © reflect the evolution of users, items and
preferences. However, TimeSVD++ and the RNN model do not attempt to
estimate future preferences; they only interpolate between past interactions.
These models focus on extracting insights from historical data, assuming that
past user preferences indicate future choices. While temporal dynamics ef-
fectively identifies patterns and trends in existing data, it may not always ac-

curately predict how users’ preferences evolve given new and unseen items.

Zimdars, Chickering, and Meek [35] define collaborative filtering as a uni-
variate time series prediction problem. They represent the interacted items
S* in sequential order such that the model becomes a sequential prediction
problem. Given a user’s past actions, we can estimate their future actions by
modelling transitions in the sequences of items. They model the context of
users’ actions based on their recent activities [35].

2.3.1 Markov Chains

Shani et al. [36] further refine the sequential prediction problem as a sequen-
tial decision problem where a recommender makes a decision at each time
step. The sequential decision recommender uses a first-order Markov Chain
to predict the next item that a user would prefer given a set of already con-
sumed items S}’ ;.
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Rendle, Freudenthaler, and Schmidt-Thieme [5] extend the idea by using per-

sonalized Markov Chains described as
p(S¢1Siq) (2.21)

where §}' C V so that §" = {S}, ..., §}' 1} is the set of interacted items made
by user u. The transition matrix B” is defined on the state space over sets
P(I) to produce

bij := p(Lsp(o) sy (v)) (2.22)

where 1 is an indicator function representing whether an item has been con-
sumed. Sequential recommendation aims to find the probability of recom-
mending an item to a user given the previous set of consumed items. Specif-
ically, sequential recommendation is the mean over all the transition prob-
abilities from the set of the last consumed items up until the current item,
defined as

P(Lse (o) Sii1) = |S ], Z p(Lsy (o) st (7)) (2.23)
S

]

By transforming the data from an interaction matrix to a transition matrix B"
for each user u, we can encode changes in a user’s preferences over time. That
is, optimal recommendations depend not only on previous items consumed
but also on the order in which those items are consumed. Rendle, Freuden-
thaler, and Schmidt-Thieme [5] propose the use of Matrix Factorization over

the transition cube B such that the estimate
B := K x Ey x E't x EJ} (2.24)

is obtained through Tucker Decomposition such that K is the core tensor,
E;, € RUIXd and E%}Ut e RVIxd, Ellﬂ‘ e RVI*4 are the latent factor matrices of
the users, items of the last transition (outgoing nodes) and the items to pre-
dict (ingoing nodes), respectively. Then estimate the transition probabilities

b}} for user u consuming item v; given item v; by setting

b” =el 4€0; + e e +e ev (2.25)
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The result is a low-rank approximation B such that

P(ﬂsgf(vi)|3f_1)=|5— Y, b (2.26)

is known as a Factorized Personalized Markov Chain (FPMC). Matrix Fac-
torization uses all the data to learn the general taste of the user, whereas
Markov Chain captures sequential effects over time using a transition matrix.
Applying the (general) transition matrix to the user’s last actions produces
a personalized set of items. A sequential Bayesian Personalized Ranking is
used to obtain the predicted value

Juww = p(v € S'[S1) (2.27)
1
—ele, + TSE Z ele, (2.28)
Sl oSt

where t is the time at which user u prefers item v. Equation 2.28 combines
MF with Markov Chains. That is, the model parameters are learnt jointly for
both (1) the inner product user and item factors and (2) the inner product of
the factors of the previous and next items. The recommended items 7, are
relevant to past preferences and contextually appropriate based on the user’s
recent interactions.

Various improvements are made to FPMC to address some of its limitations.
The inner product of the item and user factors in Equation 2.25 violates the
triangle inequality. The MF can model similarity between user and item rep-
resentations yet fails to capture the similarity between user-to-user or item-
to-item representations. If a user consumes items v and v/, then the represen-
tations of v and v’ should be close within the latent space. Feng et al. [37] pro-
pose the use of a Personalized Ranking Metric Embedding (PRME) model,
which enhances the embedding process by incorporating a metric learning
approach. PRME models the user-item interaction by learning a personal-
ized distance metric for each user. The key idea is to minimize the distance
between the user’s embedding and the embedding of the items they prefer
while maximizing the distance from the items they do not prefer.

User preference (MF) and sequential dynamics (MC) are inherently corre-
lated. The two components should not be modelled separately through a

linear combination. Each component should not influence the user’s next
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purchase independently. For instance, Wang et al. [38] mentions that indi-
viduals who purchase pumpkins will also likely buy other vegetables, such
as cucumbers or tomatoes. Subsequently, those who purchase candy may
opt for additional snacks like chocolate or chips. However, those purchas-
ing pumpkins and candy together are more inclined to buy Halloween cos-
tumes next. This example underscores the complexity of recommending
items solely based on individual purchases. Independently recommending
pumpkins and candy might not yield accurate suggestions. Wang et al. [38]
propose a Hierarchical Representation Model (HRM) that aggregates the
representation of the user u# and the previous item v;_1, before their compati-
bility with the next item v; is measured. HRM employs a two-layer structure
to construct a hybrid representation over the user factors and item factors of
the previous interaction, computed as

vaﬂfﬁ = ¢2(eu, P1(ev, 4011 € Siq)) (2.29)
where ¢, is the first layer that forms the sequential representation by ag-
gregating item factors e,, , from the previous interactions, while the sec-
ond layer ¢, builds the hybrid representation by aggregating the user fac-
tors/representation e, and the sequential representation [38]. The sequential
representation models the sequential behaviour, while the user representa-
tion captures the general taste in recommendation. They modify the FPMC

Equation 2.28 with a softmax function resulting in the predicted preference

value Hybrid
. _ €or " Zyplt—1 230
yuv|t - |V‘ o ( . )
Hybrid
I exple i)
]:

HRM still models user preference and sequential dynamics under two sepa-
rate latent components. He, Kang, and McAuley [39] propose using a single
component that captures the correlation between preferences and sequential
continuity. A Translation-based Recommender (TransRec) models a user
based on the ordered set of items they have consumed. That is, TransRec
finds the latent translation vector h € R? from the user’s sequence of items
S* € R". Where n is the maximum sequence length such that v; € &% and
te{1,2,...,n}. S* captures the user’s inherent intent or “long-term prefer-
ences” that influenced her to make these decisions. This approach naturally

captures personalized sequential behaviour. If user u transitioned from item
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v;_1 to item vy, then
e, , Th=xey (2.31)

such that e, is the nearest neighbour of e,, , +h under some distance metric.
Hence, we modify the FPMC Equation 2.28 to

yuv\t = by, — I (evtfl +h) — eth% (2.32)

where 7, ; is the predicted transition score for user u from item v;_ to item

vy and by, is a single bias term that captures the overall item popularity.

2.3.2 Deep Learning

So far, the models used for sequential recommendation use Matrix Factoriza-
tion and Markov Chains, which capture linear dependencies. The appeal of
MF is that it can incorporate contextual information such as bias, auxiliary in-
formation and temporal dynamics. However, MF is still defined by its inner
product in Equation 2.4. The inner product linearly combines the multiplica-
tion of latent features. A linear model may not capture the complex patterns

and relationships within recommendation datasets.

Deep learning is adept at learning non-linear continuous functions. This
section investigates a few deep-learning-based sequential recommendation
models for learning user preferences and sequential dynamics. Similar to
applying neural networks to the temporal recommendation case, we now

observe the sequential recommendation problem with neural nets.

Convolutional Neural Networks

Markov chains learn point-level sequential patterns such that each previous
item influences the target item. Tang and Wang [40] argues that sequences
reflect a union-level influence where several previous items, in that order,
jointly influence the target item. For instance, “buying milk and butter to-
gether increases the probability of buying flour”. In addition, sequences ob-
serve skip behaviour. That is, the impact from past behaviours may skip a
few steps and impact future items. ConvolutionAl Sequence Embedding
Recommendation Model (Caser) represents the previous n items as an n x d
matrix E, where d is the number of latent dimensions and the rows preserve
the order of the items [40]. Using various convolutional filters, Caser learns
an embedding matrix as an image of the 7 items in the latent space by search-

ing for sequential patterns as local features. The horizontal and vertical
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convolutional filters capture sequential patterns at point-level, union-level,
and skip behaviours. Caser incorporates the Convolutional Neural Network
(CNN) to learn sequential features and the Latent Factor Model (LFM) to
learn user-specific features. The embedding retrieves the previous n item
features and stacks them together into a matrix E € R"*“ for user u at time ¢,
such that:

E— | ° (2.33)

E can also be considered an “image” of the previous n items in the latent
space. We extract features from the embeddings using horizontal and verti-
cal filters. The horizontal filters are of size h x d where d is the full width of
the latent features. Horizontal Convolutional Layer slides over the rows of
items and picks up sequential patterns, capturing union-level patterns with
multiple union sizes. Then max pooling is applied on the final convolution
so that the most significant features are selected from the filter. The Verti-
cal Convolutional Layer slides across E from left to right along the columns.
The vertical filter captures point-level sequential patterns through weighted
sums over previous items’ latent representations. Max pooling is not ap-
plied to these features since we want to keep the aggregation for every latent

Hor Ver

dimension. Both the Horizontal ¢"*° and Vertical ¢**" convolution layer out-

puts are concatenated and fed to a fully connected layer to produce

Hor
2z — act [ Wy ¢Pmax (€ )Ver +b; | and
(PWeightedSum (C ) (2.34)
Juoy =W | = | + b,
U

where E; is the user embedding that captures long-term general user prefer-

ences, and z captures short-term sequential patterns.

Recurrent Neural Networks

Jannach and Ludewig [6] propose the use of Gated Recurrent Unit for Se-
quential Recommendation (GRU4Rec). The network’s input is the sequence
of items, while the output is the next item. They adopt the same strategy as

Equation 2.18. However, instead of using item and user features e, and e,
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a 1-of-N encoding is used. The input vector is a one-hot encoding of all the

items with the vector element corresponding to the active item set as one.

A feed-forward layer is added between the last layer and the output. The fi-
nal output is the predicted preference of the items. Then, they use a learning-
to-rank module to rank the relevant item higher in the list. Similar to BPR, a
pairwise ranking approach is adopted. Pairwise ranking compares the score
or the rank of pairs of a positive and a negative item, and the loss enforces

the rank of the positive item to be lower than that of the negative one.

However, RNNs require a large amount of data before outperforming base-
lines. Conversely, first-order (FPMC, HRM or TransRec) and high-order (Caser)
Markov Chains benefit from inferring future preference from single or multi-
ple past actions. The attention mechanism aims to learn from all past actions
(RNNs) whilst inferring predictions from a smaller subset of actions (MCs).
Attention Mechanisms achieve this by adaptively assigning weights to pre-
vious items at each time step [7]. The model places importance on the subset

of items relevant to the next observed item.

Transformers

Kang and McAuley [7] proposed using a transformer for sequential recom-
mendation. The transformer is a “self-attention” module that successfully
captures complex semantic patterns from sentences in Natural Language Pro-
cessing (NLP). The Self-Attentive Sequential Recommander (SASRec) uses
an item embedding Ey, € RIVI*? and positional embedding P € R"*¢ that
encodes the positions of previously observed items since the self-attention
model does not include any recurrent or convolutional modules [7]. Finally,
n is the maximum sequence length. If the sequence length exceeds n, we
truncate the sequence to the most recent n actions. If the sequence length is
less than 11, we pad the positions at the front with zeros until the length is n.
The input embedding matrix E € R"*¢ is produced by combining the item

and position embeddings:

el)l + pl

eyz + PZ

E= (2.35)

€y, T+ Pn
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where p; € P is a vector embedding at position ¢ and item v; € S*. SASRec
then uses an attention layer that calculates the weighted sum of all values,
computed as [41]

uneryWT

Attention(Wguery, Wiey, Wyalue) = softmax ( 7 keY) Wiale (2.36)

where 1/d is the scaling factor to avoid large inner product values for high
dimensionalities and Wgquery, Wiey, Wyalue are projection matrices. SASRec
converts E into three matrices through linear projections and feeds them into
an attention layer

SA(E') = Attention(E'Wquery, E'Wiey, E'Wy,10); with (2.37)
E ! = SA(E) (2.38)

where E' is the embedding matix at layer /. To endow the model with non-
linearity and consider interactions between different dimensions, SASRec
adopts a Point-wise Feed-Forward Network

PFEN(E'!) = [FFN(el™)T, ..., FFEN(e/™)T]T; and (2.39)
FEN(el™) = ReLU(e!"'W{ + by )W, + b (2.40)

where el € E! is the hidden representation of layer ! at position t and W €
R4 and b € R? are the weights and bias vectors respectively. In some cases,
the Self-Attention (SA) layer and feed-forward network (FFN) are stacked

against each other to learn more complex item transitions.

Deeper neural networks may result in overfitting and an unstable training
process due to vanishing gradients or longer training times due to more pa-
rameters. Kang and McAuley [7] propose using residual connections, layer
normalization and dropout to alleviate the above issues. Residual connec-
tions propagate low-layer features to higher layers. Since embedding the
previously visited item is entangled with all previous items after several self-
attention blocks, adding residual connections helps propagate the last visited
item’s embedding to the final layer. Layer normalization helps stabilize the
neural network by normalizing the inputs across features towards zero-mean
and unit variance [42]. Dropout alleviates overfitting by “turning off” neu-
rons at a probability of p during training [43]. Finally, SASRec adopts an MF
layer to predict the next preferred item v, from the predicted preference
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value
v,y = max(hl EVT) (2.41)

Myt

where vy, ., is the preference score of the item v,,;1; hence, we select the item
that generated the highest preference score.

SASRec encodes the user’s historical interactions unidirectionally from left
to right. That is, each item can only encode the information from previous
items [14]. Sun et al. [14] argue that a unidirectional transformer is insufficient
in learning the representation of user’s behaviours. They argue that it is cru-
cial to incorporate context from left to right and right to left directions. Sun
et al. [14] adopt a Bidirectional Encoder Representation Transformer (BERT),
used in NLD, to iteratively revise the representation of every position by ex-
changing information across all positions. Unlike the single-head attention
mechanism used in SASRec, Bidirectional Encoder Representation Trans-
former for Sequential Recommandation (BERT4Rec) uses a Multi-Head At-
tention (MH) mechanism. Multi-head attention jointly attends to information
from different representation subspaces at different positions. Specifically,
multi-head attention first linearly projects E! into 1 subspaces with different
learnable linear projections, such that:

MH(H') = [head;, heady, ..., head;]W; and (2.42)
head;(H') = Attention(H'W{jlery, H'W() , H'W) ). (243)

Notably, the number of heads / equals one for the SASRec model.

24 Context-Aware Sequential Recommendation

The current state-of-the-art sequential recommendation models are based on
the transformer architecture [7], [14], [44]. The transformer-based recom-
menders embed item identifiers and positional markers. The recommender
only learns the chronological order of actions to represent a user’s sequence

of preferences.

Each item is characterized by fundamental attributes beyond a mere iden-
tification number. For instance, a shoe may have a description of its size,
brand name, or colour. In most cases, item attributes are keyword descrip-

tions in tabular form. Several other works have reported improved results
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when using item attribute data. Fischer et al. [9] concatenate the item at-
tributes (such as category, brand and genre keywords) to the item embed-
ding and then trains on a bidirectional transformer. The tabular data is fed
into the transformer by one-hot encoding the keyword descriptions. Zhang et
al. [45] extends the item attributes to text descriptions and employs two sep-
arate self-attention blocks for item attribute data and text descriptions. The
text description provides further context about the item in an unstructured
format. They learn from unstructured data similar to the methods used in
NLP. Singer et al. [46] track the changes of item attributes over time through
a transformer that handles 2D input sequences. Zhou et al. [10] design a con-
trastive learning loss function to maximize the mutual information between

items and attributes.

Keyword BERT4Rec (KeBERT4Rec) is an Extension of BERT4Rec [9]. Ke-
BERT4Rec includes item attributes as input to the model. The embedding
layer consists of three different learned embeddings: (i) an item identifier
embedding Ey < RVI*4 (i) a positional embedding P € R"*? and (iii) an
auxiliary information embedding E4 € RVI*? [9]. The positional embed-
ding P encodes the positions of the items within a user’s sequential item
data S, [7]. The auxiliary information embedding E 4 is obtained from en-
coding categorical data into a multi-hot encoded vector. The vector is scaled
to the embedding size d using a linear layer. For each item in the sequence
Su, we have the item embedding e, € Ey, the positional embedding p; € P
and auxiliary information embedding a, € E 4 to produce the input to the
transformer

h? =e,+pr+ay (2.44)

where t is the position of the item v in the sequence S*.

2.5 Conclusion

The current state-of-the-art recommendation models are sequential-based.
Sequential recommendation encodes each user’s sequence of items into a la-
tent representation using deep learning. Moreover, recommendation datasets
suffer from popularity bias. Chapter 3 will show that sequential recommen-
dation models emphasize their training on the popular set of items.
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Chapter 3
Popularity Bias

Recommendation systems frequently encounter challenging datasets. The
frequency of items follows a power law distribution [11]. Figure 3.1 illus-
trates the frequency distribution of each item across four datasets. A small
number of items occupy the short head of the power law probability distribu-
tion, representing the most popular items in the dataset [12]. Hence, the dis-
tribution is heavily skewed towards a small subset of items, with most in the
long tail [13]. This relationship produces an inherent bias within the dataset
where a small number of items contribute towards a substantial number of
interactions. The inherent bias is formally known as popularity bias [15].
Popularity bias produces a severe class imbalance between two groups: those
at the short head of the distribution and those found at the long tail of the dis-

tribution.
Movies Fashion Games Music
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FIGURE 3.1: Depicts the frequency of each item in a dataset

ordered by its popularity. Each dataset follows a power law

distribution. A smaller fraction of items appear more frequently
than the majority of items.
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3.1 Collaborative Filtering

Recent studies have found that recommendation models that perform well
on accuracy metrics focus their recommendations on a tiny fraction of the
item spectrum [47]. Popular items are recommended even more frequently
than their popularity would warrant [48].

Collaborative Filtering (CF) based models struggle with popularity bias [12].
Over time, these models may develop an assumption that frequently occur-
ring items inherently carry the most relevance. Essentially, 1) they struggle to
recommend niche items [17], 2) they make popular items become even more
popular [49], and 3) hence, they focus their recommendations on a small sub-
set of items [18].

While popular items constitute a part of good recommendations, they also
reduce the diversity of recommended items [11]. Research in the social sci-
ences argues that besides ensuring the relevance of the recommendation list
to the user, it is essential to keep the user engaged as they browse through
the list of items [50]. Furthermore, overly recommending popular items will
hurt user experience and could lead to unfairness in recommendation sys-
tems [48], [51].

Several investigations have focused on addressing popularity bias [15], [16].
Nonetheless, only a few studies have incorporated bias mitigation techniques
within the context of sequential recommendations [13], [19]. The following
chapter will show that the performance of sequential recommendation mod-
els is optimized on the popular set of items [13]. These models are good at
modelling users who prefer popular items while performing inadequately

for those with preferences characterized by novelty [52].

3.2 Sequential Recommendation

Sequential recommendation models are the current state-of-the-art approach [7],
[14], [39], [40]. Sequential models view the items as a sequence of inter-
actions. Specifically, let S* = {v},v%,...,vli} be the sequence of items for
user u such that 7 is the maximum sequence length, v} is the item identi-
fication number obtained from the set of items V and ¢t is the position of
the item in the user’s sequence S*. Hence, we treat each item v} as an in-
dicator of its occurrence within the user’s sequence S*. Sequential models

aim to learn the latent features of the item v} based on the history of items
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vy, = {0}, 7%, ..., v} |} that precedes it. Let U, be the set of users who have
interacted with the item v. Then user u € U, selected the item v at time t as
well as the items vy, that precedes the item v}. Let H, = {0}, {|lu € Uy}
be the set of histories that precedes the item v; over all the users that have
interacted with the item v. The task of sequential recommendation models is
to learn the latent features of item v based on its set of histories H,.

If vpop is a popular item and vpiche is a niche item with fewer interactions,
then:
[Hopop| > [Hopape (3.1)

that is the number of histories Hy,,,, that precedes the popular item vpop is
always much greater than the number of histories that precedes the niche
item. Hence, the training data for a popular item is substantially greater than
that of a niche or less popular item.

From here onwards, we define an item’s popularity by its number of histo-

ries:

1. A popular item has more histories.

2. Aless popular or niche item has fewer histories.

Deep learning-based classifiers are known to emphasize their training on the
majority set within the training data [12]. A larger set of histories H, con-
tributes to a more comprehensive understanding of item v. Deep learning
models can capture more diverse patterns and characteristics of a particu-
lar item, ultimately enhancing the quality and richness of its latent features.

Conversely, the features of items with fewer histories perform poorly.

Figure 3.2 depicts the performance of the current state-of-the-art sequen-
tial recommendation model (SASRec). There exits a direct relationship of
a higher NDCG@100 score for items with a higher number of histories. The
more training data available for item v, the higher the prediction accuracy.
Hence, sequential models develop an assumption that highly interacted with
items inherently carry the most relevance. Just like traditional models, se-
quential models 1) struggle to recommend unpopular items, 2) make popu-
lar items become even more popular and 3) focus their recommendations on

a small subset of items.

As mentioned, the frequency of items within the recommendation dataset
follows a power law distribution; refer to Figure 3.3. Following the approach
made by Abdollahpouri, Burke, and Mobasher [11], this work selects the
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FIGURE 3.2: Presents NDCG@100 score achieved for each item

ranked by their histories (largest to smallest). Reflects a di-

rect relationship of a higher NDCG score for items with a large

number of histories. The red line depicts a threshold of 0.2

which separates frequently occurring items from less frequent
items



Chapter 3. Popularity Bias 33

I
|
|

>

2 |

c

(] .

=] | long-tail

o

o |

S

L.

short-head :\%

I Items

1
Threshold=20%

FIGURE 3.3: Illustrates the power law distributions of an ac-
tual recommendation dataset. The threshold of 20% divides the
short head from the long tail

first 20% of items from the power law distribution, and we refer to them
as popular items (items with more histories). The remaining items found at
the long tail of the power law distribution constitute less popular or niche
items (items with fewer histories). These items are the last 80% of items from
the distribution.

3.3 Preference Towards Unpopular Items

One could argue that recommending popular items is not a concern, as these
items have earned their popularity by being highly relevant to many users.
However, this point is not entirely true. We found that users with longer

sequences prefer less popular items over time.

Take the distribution of the frequency of items in Figure 3.1. Say we distin-
guish the popular set of items V,op from the less popular or niche set of items
Vhiche- Then, for each position t in the sequence &%, we classified an item as
popular v; € Vpop or niche vy € Vyiche based on which set it belongs to. The
counts of popular and niche items are then tallied for each position across
all sequences. Using this simple setting, we obtained the average ratio of
popular to niche items for each position over all the sequences as
Ratio(t) = 11 Dy ()

ot Ly (0ut)

(3.2)
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FIGURE 3.4: Plots the ratio of popular to niche items within

each position in the sequence. The ratio decreases as the se-

quence length increases which shows users shift their prefer-
ence from popular items to unpopular items overtime

where vy; is the item that user u interacted with at position ¢t. A high ra-
tio means that position t predominately consists of popular items, and con-

versely, a low ratio means position ¢ consists of mostly less popular items.

Figure 3.4 plots this ratio for each position t in the sequence. It is evident
that the higher the position of item v, the lower the ratio of popular to niche
items. The graph resembles an inversely proportional graph. As the position
increases, the number of popular items decreases while the number of niche
items increases. As users interact with more items over time, they tend to
select more less popular items. This relationship persists throughout all four
datasets used. In the appendix section, we plot the same graph but with a
higher threshold « value - which inevitably leads to more items in the pop-
ular set and fewer items in the less popular set, as depicted in Figure A.1.
The inverse relationship still holds even at a threshold of « = 0.8. As the
sequence length increases, the ratio decreases slowly and then drops for se-
quences longer than 100. Users prefer less popular items over time, even if
the set consists of a small fraction of items.

TABLE 3.1: Results from fitting a linear regression curve for
each position in the sequence against the ratio

Dataset Movies Fashion Games Music
No. Observations 331,140 23,154 115,657 109,681
Ave. Sequence length 67 6 181 116
R-Squared 0.824 0.320 0.717 0.560
t-statistic 1,244.270 104.288 541.506 373.338
p-value 0.000 0.000 0.000 0.000

To verify our assumption, we fit a linear regression curve for each position in
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the sequence against the ratio. We found that 82% and 72% of the variation
in the ratio can be explained by the position of the item for the Movies and
Games datasets, respectively; see Table 3.1. However, the Fashion dataset
only produced an R-squared value of 32%. The dataset has an average se-
quence length of only 6. Hence, most users only interact with popular items.
The Music dataset produced an R-squared value of 56%. Users’ preference in
the Music dataset is heavily skewed towards popular items; see Section 5.1.2.
Despite this, more than half of the variation can still be explained. Moreover,
the p-values were all less than 0.05, indicating a significant correlation be-
tween the ratio and the position of the item.

We, therefore, concluded that users tend to prefer less popular items over time.
Hence, it is naive to assume that the popular items are indeed the relevant
items. Users change their preference towards niche items over time. These
items are unique to them and make sense in their context. Hence, better
representations of the context of the items could lead to better-personalized

recommendations over time.

3.4 Contributions

We have shown empirically that sequential recommendation models can-
not learn from items with fewer histories. Hence, they perform poorly on
less popular items. We have also shown that users’ preferences change to-
wards niche items over time. Consequently, we developed a Bias-Mitigated
Context-Aware Sequential Recommendation Model (BiCoRec) to address the
following three issues: 1) recommending niche items whilst preventing pop-
ular items from becoming even more popular (Bias Mitigation), 2) avoid
recommending items based on the number of histories (Context-Awareness)
and 3) balancing the recommendation of popular and unpopular items based
on the user’s evolving preferences (Sequential Recommendation). The fol-
lowing provides a concise summary of the strategies employed to construct

the proposed bias-mitigated context-aware sequential recommendation model.

1. We used a co-attention mechanism to capture the dynamic interplay
between a user’s sequence of preferences and their predisposition to-
wards items of varying popularity - Bias Mitigation.

2. We incorporated multi-modal auxiliary information to improve the la-
tent description of each item. The model effectively recommends items
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based on their semantic relatedness and not their frequency count -
Context Awareness.

3. The data shows that users tend to prefer less popular items over time.
Hence, we develop a novel strategy to adapt to future changes in pref-
erences - Sequential Recommendation.
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Chapter 4

Bias-Mitigated Context-Aware

Sequential Recommendation

This chapter introduces our proposed model Bias-Mitigated Context-Aware
Sequential Recommender (BiCoRec). Section 4.1 outlines our bias-mitigation
strategy using a co-attention mechanism. Section 4.2 discusses the model’s
context-awareness by integrating multi-modal auxiliary information. Sec-
tion 4.3 addresses the model’s adaptability to evolving user preferences through
a sequential recommendation approach. Finally, the remaining subsections

present the complete architecture.

4.1 Bias-Mitigation

A commonly adopted strategy in NLP and computer vision communities
is to improve the transformer models by redesigning the model architec-
ture [53]. Researchers in sequential recommendation have taken a similar ap-
proach [54]. By simply redesigning the architecture of SASRec and BERT4Rec,
they can continue to report on improved performance when measured with
accuracy metrics. Methods such as contrastive learning, sequence-to-sequence
training, or distribution-based embeddings are adapted for sequential rec-
ommendation tasks in different application domains [44], [55]-[57].

Transformers are deep learning-based models. Deep learning-based clas-
sifiers suffer when a class imbalance in the training data exists [58]. Of-
ten, smaller populations are overlooked or underrepresented. This issue is
known as the class imbalance problem and persists heavily within the rec-

ommendation setting [47].
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FIGURE 4.1: Two-component PCA projection of each user’s se-

quence of TF-IDF popularity scores. From these scores, we can

easily identify each user’s preference for popular or unpopular
items

4.1.1 Term Frequency - Inverse Document Frequency

The average preference value of an item is underpinned by its popularity [3].
We incorporated a bias mitigation technique similar to the de-biased MF
model by Koren, Bell, and Volinsky [3]. We learnt the bias inherent within

users and items.

We begin by measuring the popularity bias with the user’s sequence. We
calculate each item’s Term Frequency - Inverse Document Frequency (TF-
IDF). In this setting, the term is the item, the document is the sequence of
items, and the corpus is all the users” sequences. The Term Frequency (TF)
measures the presence of an item within a sequence. Inverse Document Fre-
quency (IDF) of an item reflects the proportion of sequences in the corpus that
contain the item. Items unique to a small percentage of sequences (e.g., niche
items) receive higher importance than items common across all sequences.
TF-IDF balances TF and IDF such that the score reflects the importance of an
item for a sequence in the corpus. For each user, we obtain the TF-IDF scores
of each item in the user’s sequence and refer to the sequence of scores as the
popularity scores Q € RU/*", Given an item v; from the user’s sequence of
items &* we have the TF-IDF score g, that describes the item’s popularity in
relation to other users. Hence, the vector q, describes the user’s preference
for popular and unpopular items.

We applied PCA to test the effectiveness of our TF-IDF popularity scores.
Figure 4.1 depicts a 2-component visualization of the scores. We grouped

the users based on their preference for popular and less popular items. The
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FIGURE 4.2: The parallel co-attention mechanism attends to the

sequence and popularity representation simultaneously and

then produces a popularity-weighted sequence representation.

The © symbol represents the dot product operation and @
refers to the summation operation.

TF-IDF popularity scores can successfully separate users who prefer popular
items from those who prefer less popular items. Interestingly, more users
prefer less popular items for each dataset.

We learnt an explicit popularity embedding that encapsulates each user’s

preferences for popular items, such that:
EQq=qW+b (4.1)

where Eg € RU*4 However, we do not fuse the popularity embedding into
the transformer input embedding. Bias is already a characteristic inherent
within users and items and should be reflected within their features [3]. The
transformer inadvertently absorbs this bias. Therefore, we incorporate the
mitigation of bias explicitly into the user’s sequential representation. This
approach informs the model about the inherent bias present in each user’s
sequence.

4.1.2 Co-Attention Mechanism

Co-attention uses the sequence representation to guide the popularity at-

tention and the popularity representation to guide sequence attention. The
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sequence representation informs the model’s understanding of item popu-
larity; concurrently, the item popularity context informs the model’s under-
standing of user sequence. The dual-guidance mechanism captures the dy-
namic interplay between a user’s historical interactions and their predispo-

sition towards various popular items.

Figure 4.2 depicts a diagram of the co-attention mechanism. We used paral-
lel co-attention to attend to the sequence and popularity simultaneously [59].
We calculated the similarity between sequence and popularity features at all
pairs of sequence and popularity positions. That is, given the learnt sequence
representation H € IR"*4 obtained from point-wise FFN and popularity rep-

resentation Eg, produce the affinity matrix
A = tanh(HWLE,) (4.2)

where A € R™" and W € R?*? are the weights. We consider the affinity
matrix to be a feature that we use to learn the sequence and popularity at-
tention maps. Then, we transformed the popularity attention space into the

sequence attention space to produce the attention map
Cmap = tanh(WH' + (Wg,E()A) (4.3)

where Chap € R Wy, Wg, € R**4 are the weights that transform the se-

quence H and popularity Ep features. Then we get the attention probabilities
Corob = softmax(WIT{Cmap) (4.4)

such that
Hpop = (TCprop)H (4.5)

represents the popularity-weighted sequence representation obtained through

parallel co-attention, and 7 is the temperature parameter.

4.2 Context-Awareness

4.2.1 Multi-Modal Auxiliary Information

The contextual information of items can exist in tabular, text, audio, and/or
visual formats. The additional contextual data is referred to as auxiliary infor-

mation. Each data format offers a distinct context of the item. For instance, the
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text description may provide detailed specifications or narrative content, en-
hancing understanding through qualitative information. On the other hand,
images offer a visual representation, capturing aspects like design, colour, or

style that text cannot convey [60].

Current context-aware sequential recommendation models are limited to lever-
aging tabular data or text descriptions. Tabular data (or structured data)
consists of dense numerical features, sparse categorical features and weak
correlation amongst the features compared to the spatial or semantic rela-
tionship in images or speech [61]. Deep learning methods do not outperform
gradient-boosted tree ensembles for classification and regression problems
with tabular data [62].

We designed a rich contextualized embedding space by exploiting compre-
hensive knowledge from item auxiliary information. These diverse data types
lead to a more holistic and multi-dimensional view of the item’s characteris-

tics.

To fuse auxiliary information into the transformer architecture, we took an
embedding approach inspired by KeBERT4Rec [9]. KeBERT4Rec only mod-
els item attributes in tabular form as auxiliary information. This study used
auxiliary information from different modalities. For each item v, we consider
any available text, image, audio and/or tabular data as auxiliary informa-

tion. Then we concatenate each modality into a single vector a, € A.

We obtained each modality’s vector representation from a pre-trained lan-
guage or vision model. ! We used BERT to extract text vector representa-
tions [64]. Given a set of words w; that describe item v, we concatenate a

special symbol [CLS] to produce
ay™ = BERT([CLS};w?, ..., wY;, ) (4.6)

where Ni,y; is the maximum number of words, “;” denotes the concatenation
operation, and a!* is the final hidden representation corresponding to the
tirst input token, which is the [CLS] token. The [CLS] token represents the
contextual features of the entire sentence and is often used for other down-

stream tasks within NLP.

We used a Vision Transformer (ViT) to extract image vector representations.
ViT divides the input image into multiple fixed-size patches and projects

IThe pre-trained models are made available through HuggingFace [63].
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each patch into a fixed-length vector [65]. Similar to BERT, a special sym-
bol [patch.; ¢] is concatenated to the fixed-length vector of patches resulting
in

al"8¢ — ViT([patchq; g]; patchy, ..., patchy, ) 4.7)

image

where Nimage is the maximum number of image patches and a, '8¢ is the final
hidden representation corresponding to the first input patch;g.

We used wave2vec to extract audio vector representations [66]. Given the
raw waveform, we extracted audio vector representations using a designated

symbol [audiocrg], such that

aj""* — wave2vec([audiocis];audiof, ..., audiof; . ) (4.8)

where, N,ugio signifies the maximum number of audio tokens, and afudio

represents the final hidden representation corresponding to the first input
[audiocyg]. Since deep learning methods do not outperform gradient-boosted
tree ensembles for classification and regression problems with tabular data,
we considered the attributes of a table. We flattened the key-value attribute
pairs within the table into a sentence. That is, for each item, we have the

keyword w*®Y and its associated value w"aue,

We used data2vec to extract vector representations from the sentence [67].
data2vec adopts a multi-modal self-supervised learning framework. Instead
of predicting modality-specific targets, it predicts contextualized latent rep-
resentations that contain information from the entire input. The final vector

representation of the attribute data

aéable — data2vec([CLS],- (wliey, wi)ahw),_ .., (w;‘\?y wvalue )) (4.9)

’
columns N, columns

where N gjumns 1S the maximum number of columns and aé“ble is the final

hidden representation corresponding to the first input [CLS].

We concatenate the text, image, audio or tabular vector representations into a
single vector. Our previous work compared a summation to a concatenation
approach [8]. We found that a summation of vector representations often re-
sults in information loss. The single-head attention mechanism benefits from

longer and more descriptive modality embeddings. Hence, we concatenated
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FIGURE 4.3: Illustrates a 2-component t-SNE conducted over

the text, image, and concatenated text-image item represen-

tations. Each representation was derived from a pre-trained

model. Notably, the representations demonstrate a clear ability

to differentiate themselves based on brand categories, with par-

ticularly pronounced distinctions observed in the text-image
concatenations.

the vector representations to obtain the final set of auxiliary information rep-

resentations:
az)Movies — [a;ext; a’;}able; a;}mage] (4.10)
al;ashion — [a’;)ext; a;able; a}Umage] (4.11)
azC};ames _ [a’;)ext; a’;}able] (4.12)
az1>/[usic = [a!®; agudiO] (4.13)

where a, € Ais the concatenated auxiliary information vector representation

for item v over four different datasets; Movies, Fashion, Games and Music.

4.2.2 Semantic Relatedness

The multi-modal auxiliary information representations help improve the la-
tent description of each item. Thus, the model can learn the semantic relat-
edness between the items. This section demonstrates that the vector repre-
sentations in .4 exhibit some semantic relatedness.

Consider the Fashion dataset as described in Chapter 5.1.2. The dataset con-
sists of fashion products made by different designer brands. Each item con-
sists of an image, text description and item attribute data in tabular form. We
aim to determine whether we can differentiate the items based on their brand

names using the image, text, or both modalities.

We selected four brands to run our test on. We sampled 50 items from each
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FIGURE 4.4: Depicts the proportion of actual and padded items

across all the sequences. The padded items are null entries.

More than 25% of the items in a user’s sequence are padded
items.

brand. We had a total of 200 items over the four brands. For each of the
200 items, we obtained their text, image and joint vector representations. We
applied t-distributed Stochastic Neighbor Embedding (t-SNE) and generated
a 2-component visualization of the features, as illustrated in Figure 4.3.

The text vector components in Figure 4.3 demonstrate an apparent ability to
distinguish each item into their respective brands. Conversely, some items
in brand A appear to be mixed with brands B and C. On the other hand, the
image representations show a more mixed distribution, making it challeng-
ing to identify items by their brand names. However, by concatenating the
text and image representations, the items are better separated into their re-
spective brands. The vector components of items belonging to the brands A,

B and C are now clearly distinct.

By leveraging all multi-modal auxiliary information, we can enhance the la-
tent description of each item. Auxiliary information facilitates the model’s

ability to learn the semantic relatedness between items.

4.3 Sequential Recommendation

In sequential recommendation, we often define a fixed sequence length 7 that
represents each user’s list of interactions. If a user has interacted with more
items than 7n, we truncate their sequence of items. Otherwise, if a user has
interacted with fewer items than n, we pad the sequence with zeros. As a re-
sult, many padded items exist within the user’s sequence of items. Figure 4.4
depicts the percentage of actual and padded items in each dataset.
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4.3.1 Next, Mask and Padded Items

The current state-of-the-art models simply ignore the padded items. They
learn from incomplete data. For instance, SASRec predicts the representa-
tion of the padded items but does not attempt to train on them since their
true items are unknown. We have some expected item v at time ¢ in % =
{v¥,...,vi}, such that

<pad> if v; is a padded item
Uy =
<next> the next item given our knowledge of previous t — 1 items

(4.14)
then SASRec applies binary cross entropy loss as the objective function [7]:

-y Y |log(o(Gue)) + Y log(1—(Jou)) (4.15)

ucl te{l,...n} ' ¢gSH

where v’ is a randomly sampled negative item such that v’ ¢ S*, that is,
the user has not interacted with the item. SASRec ignores the padded item
vy = <pad>. SASRec only trains on v; = <next>, which is when we have the

previous items to learn from.

BERT4Rec avoids training on negative samples by using the Cloze task (or
Masked Language Model). For each training step, BERT4Rec randomly masks
a proportion of all items in the input sequence [68]. Given an item, replace it
with a special token “[mask]” and then predict the original IDs of the masked

items based solely on its left and right context, such that:

<pad> if v; is a padded item
Uy = § <next> the next item given our knowledge of previous t — 1 items

[mask] randomly masked item

(4.16)
The loss for each masked input is the negative log-likelihood of the masked
targets:
1 ,
L= S Y. —logp(vm = v}|SE) (4.17)
m

v €SY

where S is the masked version of user’s sequence &%, Sy is the random
masked items in it, v}, is the true item for the masked item v,, [68]. This
training process expands the number of samples for training the model by

simply masking more items.
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FIGURE 4.5: Depicts a user’s sequence of items with padded

items represented in black. Two SASRec models initialized with

different weights predict the padded items (in green). The un-

supervised loss function ensures consistency of predictions be-
tween the two models.

However, BERT4Rec still ignores the padded items v; = <pad>, which make
up a large portion of our datasets. Figure 4.4 shows that more than 25% are
padded items. Since a sequence is arranged from oldest to newest items, the
padded items always precede the actual items. This study found that users
tend to prefer unpopular items over time. If we simply ignore the padded items,
then we fail to train our model on the changing future preferences of that

user.

Suppose we train using the <next> token; then, we would only learn how to
make short-term predictions. Conversely, training with the [mask] token in-
volves learning from even shorter sequences to make short-term predictions.
To address this issue, we propose to train the model using the entire user’s
sequence of items. We learn from both padded and actual items.

4.3.2 Cross-Pseudo Supervision

We may view the actual items as labelled data and the padded items as un-
labeled data. The existence of labelled and unlabeled data transforms the
problem into a semi-supervised learning paradigm. We used a novel tech-
nique that trains on the padded items. The result is a much larger number of

training signals.

We adopted a semi-supervised learning paradigm similar to that used by Chen
et al. [53] for the image semantic segmentation task. Semantic segmentation
training data requires pixel-level manual labelling, which is time-consuming
and impractical. Similarly, for recommendation datasets, it is not possible
to obtain the preference labels of each user for all items. Chen et al. [53]
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propose a consistency regularization approach that enforces consistency of
the predictions under some perturbation. Two segmentation networks that
share the same structure, but are initialized differently, are trained on the la-
belled data. The predicted outputs from the two networks are supervised
separately by the corresponding ground-truth segmentation map. The two
networks are also trained on unlabeled data, but the outputs are two pseudo-
segmentation maps. The objective is to enforce the consistency between these

two maps produced by the two parallel segmentation networks.

We utilized cross-pseudo supervision for the sequential recommendation task.
Figure 4.5 depicts a diagram of passing a sequence of items through a cross-
pseudo supervision network. The main objective of cross-pseudo supervi-
sion is to ensure consistency of predictions from both actual and padded
items. We use the dual parallel cross-pseudo supervision network structure
as [53]

(Su, A) = fsasrec((Su, A) 1 61) — 8 MY (4.18)
N\ foasrec((Su, A) : 62) — 3% mP (4.19)

where two fsasrec Networks maintain the same structure, but their weights,
i.e.,, 01 and 0, are initialized differently. S, = {81,...,8, 18 € IRM} is
the pseudo-sequence confidence map obtained from the network and M,, =
{my,...,m, | m € {0,1}V} is the predicted one-hot label map. The dual
network ensures consistent predictions across differently initialized networks
for the same input sequence. Unlike the current state-of-the-art sequential
models, we do not limit the training of our model to randomly selecting a
negative or masked item. Instead, we predict the preference score §; for all

items v € V for the position t in the users sequence S* that satisfies

<pad> if v; is a padded item
U =
<next> the next item given our knowledge of previous t — 1 items

(4.20)

and then we train for the padded and next items in the sequence.

The objective function optimizes two loss functions; supervision 10ss Lsypervised
and consistency loss Leonsistency- Supervision loss uses the standard cross-

entropy loss /. on the labelled data over the two parallel networks

1 A A
gupervised = @ Z (gce(sgl), s¢) + Ece(sgz), St)) (4.21)
te{l,..,n}
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where ¢ is the position of the item that satisfies v; = <next>and s; € {0,1} VI
is the ground truth one-hot label that indicates the position of the actual item
v. Then, we adopt the consistency loss to expand our training data. The

cconsistency loss is bidirectional:

u —
consistency — | S”‘

Y (b8, mP) + L3P, mY)) 422)
te{l,..n}

where t is the position of the item that satisfies v; = <pad>. The one-hot label
output M; from one network f(6;) is used to supervise the pseudo-sequence
confidence map S, of the other network and so on. We jointly optimize the

supervision and consistency loss

Ecrosspseudo = Esupervised + )\ﬁconsistency (4.23)

where A is a hyper-parameter that controls the contribution from each com-
ponent.

4.4 User Representation

SASRec and BERT4Rec do not learn an explicit user embedding [7], [14].
They argue that the sequence representation is an implicit user embedding.
They also found that the inclusion of an explicit user embedding did not re-

flect an improvement in their results.

However, traditional approaches, such as MF, FPMC and Caser, often en-
courage using explicit user embeddings to capture user characteristics [33],
[36], [40]. The user characteristics are then fused with the item characteristics
through some addition or concatenation approach. The fusion of different
knowledge domains encourages the model to learn better personalized in-
formation based on the context derived from both the user and item features.

This study argues that transformer-based recommenders could benefit from
explicit user embeddings to enhance their ability to capture and utilize user-
specific characteristics, which are not directly observable from interaction se-
quences alone. While implicit embeddings derived from user actions can en-
capsulate temporal patterns, explicit user embeddings can provide a deeper
understanding of user preferences, especially in sparse temporal data. Incor-
porating explicit user embeddings enriches the model’s contextual aware-

ness of user characteristics.
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FIGURE 4.6: An illustration of the architecture of BiCoRec. The

summed positional, auxiliary and item embeddings are passed

into four layers to obtain the sequence representation. Then

cross-pseudo supervision is used to enforce consistency of pre-
dictions between the two networks.

Different from SASRec and BERT4Rec, we include an explicit user embed-
ding e, € E;; such that the final generated embeddingis h; +e, Vt € {1,2,...,n}.
Including item and user characteristics ensures the model exploits knowl-

edge from both user and item domains.

4.5 Architecture

In previous sections, we have discussed our main methodologies on how to
mitigate bias, incorporate context awareness and learn better representations
of users’ evolving preferences in sequential recommendation models. In this
section, we put together the proposed solutions into a unified model, i.e.,
the proposed model termed BiCoRec. Figure 4.6 presents the architecture of
BiCoRec. It is divided into four functional components, the input embedding
layer, the attention layer and the predictive layer. For completeness, in the

following sections, we summarize the details of the implementations of each

component.
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4.5.1 Embedding Layer

Let S* = {v},v%,...,v}:} be a sequence where 7 is the predefined maximum
sequence length. §* is obtained from truncating or padding sequences which
are longer or shorter than n, respectively. The embedding layer embeds the

item IDs, positions and auxiliary information:

1. Item ID - the item identification numbers are the item identifiers v de-
rived from a user’s sequence of items they have interacted with. We
produce the learnable embedding Ey, € RIVI*4 which maps the ID of
an item to a vector of dimension d.

2. Positions - each position t such that v} € §* and 1 <t < n is mapped
to a learnable embedding P € R"*“.

3. Auxiliary information - Given an item, we consider the text, image,
audio and/or tabular data associated with the item. We obtained the
pre-trained vector representations of each modality from vision, audio
or multi-modal model from HuggingFace [63]. We concatenate each
modality into a single vector a, € A such that A = {ajy,ay, ..., a|V|} de-
notes the set of concatenated auxiliary information vectors correspond-
ing to each item. Since the pre-trained vector embeddings a, are of
different dimensions, we use a linear transformation to transform the

vector into d dimension:

ea, = ayW1 + by such that (4.24)
€a,

I (4.25)
€apy

is the auxiliary information embedding where E 4 € RVI*? over all the
items. The weights W1 and bias b are fixed.

The final input embedding E € R"*? is produced by summing the item Ey),
position P and auxiliary embeddings E 4 to produce

eZJ” + p1 + ea u
1 vy

P2t e,
Cog T P27 Cay (4.26)

ey + Pn + €au
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relative to the item v}’ within the sequence S".

4.5.2 Attention Layer
Self-Attention

let HY = E then we obtain the sequence representation

A! = LayerNorm(H' 4 Dropout(SA(H'))) (4.27)
Trm(H') = LayerNorm (Al + Dropout(PFFN(Al))> (4.28)
H'*! = Trm(H') (4.29)

where [ is the number of layers, SA(e) is the Self-Attention mechanism and
PFFN(e) is the Point-wise FeedForward Network.

Co-Attention

We used parallel co-attention to attend to the sequence and popularity si-
multaneously. Given the learnt sequential representation H*! € R"*“ and

popularity representation Eg € R"*? we produce the popularity-weighted

I+1

sequence representation Hy.

User Representation

We include an explicit user learnable embedding E;; = {ej, e, ..., eyle, €
R?} which maps the ID of a user to a vector of dimension d. We combine the
sequence representation with the user’s embedding such that:

hllJrl +ey,
Hyoh = |2 ! (4.30)
hitl te,

4.5.3 Prediction Layer

We used the final sequence representation Hé,t%, to predict the next item v, 4

given the previous n items. We adopt a matrix factorization prediction layer

to predict the relevance of item v,, 1 [7]:

Juv,.., = max(hy T E}) (4.31)
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where ¥, ., is the preference score of item v, for the user u, h, 1 € R4
and E], € RIVI¥4 We select the item that generated the highest preference

score.
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Chapter 5

Methodology

In this chapter, we undertake an extensive confirmatory experimental study
to evaluate the proposed BiCoRec. A confirmatory experimental study is a
structured and rigorous investigation aimed at testing the proposed model.
It involves carefully controlled experiments, statistical analyses, and a sys-
tematic approach to gathering evidence that either supports or challenges
the model.

We will engage in design science research. Design science focuses on creat-
ing and evaluating artifacts to address real-world problems. It involves the
iterative process of designing, implementing, and evaluating solutions, often
in the form of novel systems, models, or methodologies. Design science aims
to contribute practical knowledge and applicable solutions to improve and

advance the understanding of complex issues.

5.1 Data

5.1.1 Dataset Metrics

The interactions between users and items distinctly define each dataset’s in-
dividual characteristics and nuances. We present four distinct characteris-
tics that point to the challenges faced when modelling a recommendation

dataset.

User-Item Ratio

It measures the number of users to that of items:

user-item ratio = log (%) (5.1)
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Data Sparsity

Users typically interact with a small proportion of the available items [69].
Data Sparsity reflects on the typically large number of all possible user-item
interactions compared to the relatively few observations made by each user:

. |Yuv:1|

DataSparsity = 1 — (— 5.2)
U[ > [V

where Y,,—1 are the observed interactions between user u and item v such

that y,, = 1.

If the interaction matrix is sparse, any two users sampled from the dataset
will unlikely have interacted with the same item. Hence, we struggle to find
any similarities in preferences between the two users. Adding contextual
information to each item helps differentiate items based on their contextual
similarities [70]. Items with sparse interactions can still be compared to the
other items in the dataset. In contrast, non-context-aware models often strug-
gle with sparse data, as they lack the ability to distinguish between items

with few interactions.

Sequence Sparsity

Sequence sparsity reflects on the proportion of actual items to padded items
within the sequences and is formulated as
. ’Szl;ev‘
SequenceSparsity =1 — | ——— (5.3)

n

u

where S_,, is the set of actual items in the sequence of size 7.

0

If the sequence is too sparse, the probability of two users having any items
in common is very low. Context-aware sequential recommendation models
incorporate contextual data into item representations [10]. Hence, the model
can distinguish between users” sequences by identifying similarities in con-
text. Non-context-aware models rely on items appearing frequently across

multiple user sequences to build robust item representations.
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Skewness

We characterize the structural distribution of the interaction dataset with two
metrics [54],

|% i= (|Yuz 1|_ )3

3
T (Yuiza| = )’

skewness = (5.4)

measures the asymmetry of an item frequency distribution where y is the
mean of the distribution. Skewness determines how much of the mass of the

distribution is concentrated on the left or right side of the mean.

Gini coefficient

The Gini coefficient measures the concentration of an item frequency distri-
bution [71] and is defined as

w+1- Yo

Gini=1-2
i; |V|+1 Ul V]

(5.5)

where |Y,;;| is the number of interactions belonging to the item i. A Gini co-
efficient value of zero represents total equality, which occurs when all items
are equally popular. A value of one represents maximal inequality and oc-

curs when only a small number of popular items have been interacted with.

Preference Value Variance

The uncertainty of the preference value of an item is measured through its

variance
VI

Var(Y Y, 5.6
M 2 (1Yol (5.6)

Controversial items tend to have higher variance because they are character-
ized by a wide range of opinions among different users [72]. High variance
often indicates that an item appeals strongly to certain segments of users
while being unappealing to others, which leads to it being classified as a
niche product [73]. Hence, high variance helps the model learn across a spec-
trum of different user’s tastes. The model can learn to discern nuanced user

preferences by analyzing items with high variance.
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TABLE 5.1: The performance of each dataset against the metrics
described in Section 5.1.1

Dataset Movies Fashion Games Music
Number of users 6041 3719 6708 9873
Number of items 3261 13198 30933 159002
Number of interactions 998539 24097 1217931 1143299
Ave. sequence length 165.32 648 18159  115.81
Sparsity 9493%  99.95%  99.41% 99.93
Sequence sparsity 2597%  37.08%  26.98%  31.90%
User-item ratio 0.617 -1.26 -1.53 -2.78
Skewness 9650 7100 .6514 1.4294
Gini 4580 5136 5603 5556
Preference value variance 5.717 2143 1.713 .7096

5.1.2 Datasets

In this subsection, we introduce four datasets used in this study, and their
characterizations using various metrics including those presented in Sec-
tion 5.1.1. Each datasets characteristics using the described metrics is pre-
sented in Table 5.1

MovieLens 1M Dataset (Movies)

MovieLens is a large-scale benchmark dataset with over 1 million user rat-
ings on 3200 movies and TV shows [74]. The interactions in Movies datasets
are usually more evenly distributed across users than items. Below are sev-

eral key characteristics of the Movies dataset:

¢ It has a large average sequence length of 165.

¢ About 26% of the items in the sequence are padded items.

* A skewness of 0.9650 means that the distribution of items is moderately
skewed.

¢ The Gini coefficient is relatively low at 0.4580 compared to the other
datasets.

¢ The dataset produces the highest preference value variance.

The Movie dataset is fairly distributed around the preferences of the users.
The users have seen a large proportion of the items. Hence, the models can
infer preference by observing the tastes of other users.
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Amazon Fashion Dataset (Fashion)

The Amazon Fashion dataset is a widely used benchmark dataset in the field
of recommendation systems [75]. The dataset comprises more than 3700 cus-
tomer reviews and ratings for over 13000 fashion products on Amazon. Its

key characteristics present a few challenges:

* The dataset has a sequence length of 6 and a sequence sparsity of 37%.
Hence, finding users with common items within their sequences be-
comes challenging.

¢ The interaction matrix is highly sparse because there are substantially
more items than users.

¢ The distribution is moderately skewed.

¢ The Gini coefficient reflects an evenly concentrated distribution.

¢ The preference variance is the lowest at 0.2143. The low value suggests
that the users typically engage with popular items and hence have a

standard agreement in preference.

Steam Dataset (Game)

Steam Dataset was crawled from a large online video game distribution plat-
form [7]. The dataset contains 6708 users and 30933 games. The dataset
exhibits the following key properties:

¢ It has the highest average sequence length but low preference value
variance. That is, users engage with a small fraction of the item set.

* The skewness is lower than the Movies and Fashion dataset but still
moderately skewed.

* However, the dataset produces the highest Gini coefficient, suggesting
users’ unequal engagement of each item.

¢ The variance of the preference value is less than half of the Movies
dataset but remains higher than the other two datasets. Hence, users

still have diverse tastes in items.

LastFM Dataset (Music)

Music4All-Onion is a large-scale, multi-modal music dataset extracted from
the online music platform LastFM [76]. The dataset is characterized by the
following;:

¢ The dataset has more items than users, with the lowest user-item ratio
of -2.78.
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¢ The distribution is highly skewed meaning that users engage unequally
with each item.

¢ The Gini coefficient reflects a slightly concentrated distribution com-
pared to the Games dataset.

* The variance of the preference values is the lowest compared to all
other datasets. Hence, users have a strong preference for popular items.
Learning from more niche or less popular items is difficult since their

interactions are much less.

TABLE 5.2: Different types of auxiliary information for each

dataset.
Dataset Tabular Text Image Audio
Fashion v v v X
Movies v v v X
Games v v X X
Music X v X v

Each dataset consists of multi-modal auxiliary information. Table 5.2 depicts
the type of data each dataset provides.

5.1.3 Preprocessing
Truncation and Padding

Each user has an arbitrary number of preferred items. The user sequences
are truncated or padded to a fixed length to standardize the input for each
model. The fixed sequence length 1 is chosen based on the average sequence

length across the dataset.

A sequence is truncated if its length exceeds 1, or padded if it falls short of n.
Excessive padding reduces the model’s focus on actual user interactions re-
sulting in increased noise. Similarly, truncating sequences can lead to a loss
of valuable information, especially for users with longer sequences. In this
study, we assume that the average sequence length 7 is adequate for captur-
ing the preferences of most users. However, outlier users, those with either
very few interactions or exceptionally long interaction histories, may experi-

ence reduced performance as a result.
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5.2 Baselines

We use the baselines mentioned in Chapter 2. Each baseline is adopted from
four categories: naive, Collaborative Filtering (CF), context-aware and se-

quential recommendation models.

5.2.1 Naive Models

Naive models often rely on basic heuristics. They are not tailored to the
preferences of an individual user. The following models are included in the
baslines.

1. RandomRec - Randomly selects an item from the entire set of items.
This strategy helps serve more niche items to users but fails to provide
accurate recommendations.

2. PopRec - Ranks items according to their popularity. It assumes that
most users prefer popular items, perpetuating the popularity bias in-
herent in recommendation datasets.

3. Epsilon greedy - A simple exploration strategy widely used in rein-
forcement learning [77]. Epsilon Greedy hopes to balance the explo-
rative capability of RandomRec whilst improving the model’s overall

accuracy with PopRec’s exploitative strategy.

5.2.2 CF-Based Models

CF models use well-established statistical or machine-learning techniques.
They focus on clustering users based on their interests and then recommend-
ing items from the same group of users. The following models are frequently

used as benchmark models in the literature.

1. Bayesian Personalized Ranking (BPR) [23] - Aims to find the correct
personalized ranking for all items by optimizing the maximum poste-
rior probability. The observed entries should be ranked higher than the
unobserved ones. The pairwise learning minimizes the loss between
the predicted and target values while maximizing the margin between
the observed and unobserved entries.

2. Neural Collaborative Filtering (NCF) [5] - Utilizes a multi-layer neural
network architecture for collaborative filtering. NCF uses a non-linear

function to learn from complex user-item interactions.
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5.2.3 Context-Aware Models

Context-aware models incorporate contextual information into the model.

These models can recommend items with limited interaction history.

1. De-biased Matrix Factorization (MF) [3] - Projects both user and item
features into the same latent factor space. It is effective in dealing with
large and sparse datasets. However, it can struggle with new users or
items as it requires existing data to infer the latent factors. We use the
De-bias MF described in Chapter 2.

2. Factorization Machines (FM) [4] - Uses the user-item interaction matrix
with additional contextual features such as auxiliary information and
previous actions. It can recommend new and less popular items. FM

can estimate reliable parameters under very high sparsity.

5.2.4 Sequential Recommendation Models

Sequential recommendation considers collaborative filtering as a univariate
time series prediction problem. The premise is that the sequence of items
a user interacts with carries important information about their preferences
and future actions. We select the following baseline models as they often
represent the SOTA in this category.

1. Translation-based Recommendation (TransRec) [39] - TransRec mod-
els user preference and sequential dynamics under one latent compo-
nent. It models a user based on the ordered set of items they have con-
sumed, efficiently capturing how a user’s preference evolves with each
new item interaction.

2. Convolutional Sequence Embedding Recommender (Caser) [40] - Is
a neural network-based recommender that employs a CNN to learn
high-order MCs. The model applies convolutional operations to the
embedded sequence of interacted items, enabling it to learn complex
patterns and dependencies among items over successive time steps.

3. Graph Recurrent Unit for Recommendation (GRU4Rec) [6] - Uses RNNs
to model user action sequences for session-based recommendation. GRUs
are a type of RNN that effectively manages both short-term and long-
term dependencies in sequential data. We treat each user’s feedback

sequence as a session [7].
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4. SASRec [7] - Employs a self-attention mechanism to weigh the impor-
tance of different items in a user’s interaction history. Unlike RNN-
based models, it can directly model the relationship between any two
items in a sequence, regardless of their distance, allowing it to capture
long-range dependencies effectively. However, it may not inherently
capture the sequential order of interactions, as it gives equal opportu-
nity for all items to attend to each other. SASRec might sometimes lead
to less emphasis on the more recent interactions.

5. BERT4Rec [14] - Employs a bidirectional Transformer to model user-
item interaction sequences. Unlike traditional sequential models that
process sequences in a single direction, BERT4Rec simultaneously con-
siders both past and future interactions within a sequence, providing
a more comprehensive understanding of user preferences. The bidi-
rectional approach allows it to consider the complete context of a se-

quence, leading to a richer understanding of user behaviour.

5.3 Results Analysis

5.3.1 Evaluation Strategy

A typical recommendation system aims to predict the next item a user will
engage with based on their historical interactions. The leave-one-out evalua-
tion specifically simulates this by removing the last item the user interacted
with and testing whether the system can successfully recommend that miss-

ing item from the remaining interactions.

Other popular alternative strategies used in machine learning such as k-
fold cross-validation are not suitable for the recommendation setting. K-fold
cross-validation shuffles the data, potentially using future interactions to pre-
dict past ones. The leave-one-out strategy ensures that the test interaction

occurs after the training interactions, maintaining temporal consistency.

Most researchers utilize the leave-one-out strategy by selecting a relevant
item from the user’s preference profile and ranking it against a randomly
chosen subset of items. This evaluation approach, known as sampling met-
rics, accelerates the computation of metrics [78]. However, the sampling met-
rics approach has attracted significant scrutiny in recent years [79]. Krich-
ene and Rendle [79] argue that the routine use of sampling metrics produces
high-bias and low-variance estimators of the exact metrics. They propose that
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researchers evaluate their models by ranking the relevant item against the

entire collection.

5.3.2 Accuracy Metrics

We assess our models using three accuracy-based metrics. We ranked the
relevant item against the entire item collection for each user and computed

the aggregate score attained for each metric.

Recall@N

The Recall at N (Recall@N) evaluates the proportion of users for whom a
query of size N includes the relevant item [80]:

1

Recall@N =
U]

Y Lsu(9) (5.7)

ueld

where 9 is the predicted item. A high recall value means most users have
seen their preferred item amongst the N recommended items.

Precision@N

Precision measures the ratio of recommended items that are relevant to the

total number of recommended items [81]:

15 (9)
N

1
Precision@N = — ) (5.8)
|U| ueld

A high precision score indicates that a larger number of predictions are rele-

vant.

MRR

Mean Reciprocal Rank (MRR) is the average of the reciprocal ranks of the
relevant item across all queries. The reciprocal rank is obtained by taking the
position at which the first relevant item is found, such that:

MRR:iZ

|U‘ ueld

1

rank(9) 59)

where rank is the relevant item’s position in the predicted recommendation
list. A high MRR means the relevant item is ranked higher in the recommen-
dation list across all users.
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NDCG@N

The Normalized Discounted Cumulative Gain at N (NDCG@N) assigns higher
importance to more relevant items at the top of the query [82]. NDCG em-
phasizes placing relevant items at the top of the list and considers the dimin-

ishing returns of relevance as we move down the list.

DCG@N = ¥V, lo]{géfj)l) (5.10)
IDCG@N = LyN, 10115‘2‘@?1) (5.11)
NDCG@N = 2Ll (5.12)

A high NDCG suggests that the recommendation system not only ranks the
tirst relevant item well (like MRR) but also considers the overall quality of

the entire recommendation list.

5.3.3 Fairness Metrics

This section presents the evaluation metrics used to assess the quality of the
recommendations. We present three distinct fairness metrics that measure

variety, unfamiliarity and surprise.

Diversity@N

Diversity measures how varied the recommended items are [52]. Diversity
encourages the model to recommend dissimilar items. The study adopts the

Average Intra-List Distance diversity metric described as [83]:

1
Diversity@N = —— Z Z 1 — cosine(ag,, as,) (5.13)
N(N—1) 01€Ry 02ER, v

where, R, is a list of recommended items for user u and a; is the auxiliary
information embedding for the predicted item 9. It outputs a value between

0, identical recommendations, and 2, very diverse recommendations.



Chapter 5. Methodology 64

Fashion Movies Games Music
>
v
c
9
3
o
9
&
iy Bl | i
0.2 Items 04 ltems 0.7 Items Items 0.9

FIGURE 5.1: Illustrates the power law distributions of each

dataset, accompanied by an exemplified threshold value. The

green area would be the popular items, and the red area corre-

sponds to less popular items.

Novelty@N

Novelty measures how new or unfamiliar a recommended item is to the
user [52]. It helps maintain the user’s interest and keeps them engaged. Nov-

elty is formulated based on its popularity:

1

|U| x N 2

eERyY

|Yuﬁ:1|

Novelty@N = —_—
Y U]

(5.14)

which is the fraction of users that have interacted with the item in the train-
ing set. A novelty score of zero means that the item is popular. A high novelty
score means that the item rarely been interacted with.

Serendipty@N

Serendipity refers to recommendations that are unexpected, but pleasantly
surprising [52]. These items are both novel and relevant to the user. Unex-

pectedness is measured using the cosine distance [84]:

. 1
Serendipty@N =1 — Z s Z Z

uel veSH HER,,

cosine(v, )

5 (5.15)

A value of zero means only popular and expected relevant recommendations
were made by the model. Two means that the predicted recommendations

are completely unexpected but relevant.

5.3.4 Popularity Bias Metrics

Recommendation datasets suffer from inherent popularity bias. Hence, eval-

uating the entire dataset across all users might not provide comprehensive
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insights. As a solution, we categorize users into two groups based on their

preference for popular or less popular items.

Popular and Niche Items

First, we divide all the items into two groups: the popular set Vpop and the
niche set Vyche. Given the power-law frequency distribution of items, see
Figure 3.1; we distinguish the short head of the distribution from the long tail
of items. Let « € {0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9} be a threshold value.
We select the top |V| x a items from the power-law distribution as our pop-
ular set Vpop. The remaining items belong to the niche set of items Vyjcpe. We
select the items in Vpop from left to right, starting from the short head. Hence,
we select the items ranked by their popularity. For instance, if « = 0.2, we
take the top 20% of the items ranked according to their popularity and clas-
sify them as popular. The remaining 80% of items would belong to the niche
set of items.

Figure 5.1 illustrates the power law distributions of each dataset, accompa-
nied by an exemplified threshold value. The green area would be the popular

items, and the red area corresponds to the less popular items.

Popular and Niche User Preferences

Next, we categorize users into two groups based on their preferences. The
objective of sequential recommendation is to predict the next item that a user
would prefer. The next item may belong to the popular or niche set of items.
Thus, we determine a user’s preference by observing the last item v,, € S* in
their sequence of preferences. If v, € Vpop than the user u prefers a popular
item. Conversely, if v, € Vyiche, then the user u prefers a less popular item.

Since we now have two sets of users, we calculate the accuracy metrics on the
two separate sets. Specifically, we calculate the Recall and NDCG scores sep-
arately for users with popular and niche preferences. A practical recommen-
dation model should cater to both preferences, ensuring high performance
for both categories [85], [86].

It is essential to highlight that these metrics vary with changing « threshold
values. If a recommendation model predominantly excels at lower threshold

values, it indicates an inherent bias towards popular items.
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5.3.5 Change in User Preference

Section 3.2 found that users tend to prefer more niche items over time. Applying
a conventional accuracy metric to all items within a sequence fails to cap-
ture this nuanced shift in preference. In short sequences, popularity bias is
more prominent, as these sequences often comprise predominantly popu-
lar items. Consequently, a model heavily biased toward popular items may
perform well in such scenarios. However, its performance diminishes when
deploying the same model in an offline setting with considerably longer user

sequences.

We took a sliding window approach to evaluate each sequence S*. Let the
length of the sliding window be N=10, then we took a subset of items S} \; =
{v1,...,on}. We passed S}, into the three sequential models to predict the
item vy 1. Then we slide the window to get Sy 1o and predict vy 1041
We iteratively perform this process to obtain the NDCG@10 for each window
over all the users.

5.3.6 Models

BiCoRec addresses popularity bias by focusing on users who prefer less pop-
ular items. Often these users are overlooked by traditional models.

Naive

Naive models like RandomRec and 0.2-greedy may avoid popularity bias,
but their random selection approach often overlooks relevant items entirely.

PopRec, by design, represents the most extreme form of popularity bias.

CF-based

CF-based models face challenges with data sparsity. Items with few interac-
tions often develop poor representations. As a result, only popular items are
accurately clustered in the embedding spaces.

Context-aware

Context-aware models aim to mitigate sparsity by incorporating contextual
information. Context allows them to recommend niche items despite their
limited interactions. However, these models often rely on similarity measures

to make recommendations. Recommendations done through item similarity
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struggle with finding relevant items since users interact with items due to

preference and not similarity.

Sequential recommendation

Sequential recommendation models learn a user’s preference profile to iden-
tify relevant items. However, sequences can be sparse, making it difficult to
find common items between any two user sequences. While context-aware
sequential models can help mitigate some of this sparsity, they may not fully
address the challenge. Context-aware models are dependent on the availabil-
ity and quality of the contextual data. If the context is insufficient or not per-
fectly aligned with user preferences, the model might struggle to recommend

relevant items.

BiCoRec

BiCoRec explicitly incorporates contextual information about item popular-
ity. Our model employs co-attention mechanisms to simultaneously consider
both item popularity and user preferences. Additionally, cross-pseudo super-
vision is utilized to align past and future user preference profiles. This align-
ment is done due to the assumption that user preferences shift from popular

to niche items over time.

Fairness

BiCoRec is designed to promote more equitable recommendations across dif-
ferent user groups. Our model mitigates the dominance of popular items by
improving the recommendation accuracy for users with a preference for less
popular items. BiCoRec helps ensure that both popular and niche item prefer-
ences are represented fairly, offering a more balanced experience for diverse

users.

5.4 Implementation

The complete code for BiCoRec and the baselines used is available on
GitHub. ! Each model consists of a configuration file which has the settings

used in this experiment.

!https:/ / github.com/pxpana/BiCoRec
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TABLE 5.3: Hyperparameters selected after applying exhaus-
tive search using hyperopt

Dataset Movies Fashion Games Music

Parameters
number of layers 2 2 2 2
number of heads 1 1 1 1
unsupervised loss weight 0.3 0.1 0.4 0.3
co-attention temperature 1 0.8 1 1
layer norm epsilon le-12 le-6  le-12  1le-12
mask ratio 0.6 0.4 0.3 0.7
gradient clipping 5 5 5 10
weight decay 0.001  0.0001 0.0001  0.001
hidden size 64 64 64 128
hidden dropout 0.5 0.2 0.6 0.3
attention dropout 0.2 0.4 0.2 0.4

5.4.1 Libraries

We used the popular open-source recommendation library RecBole [87] to
implement each baseline. RecBole provides a unified framework for de-
veloping and reproducing recommendation algorithms for research pur-
poses. We used HuggingFace to extract vector representations from multi-
modal data [63]. HuggingFace provides pre-trained transformer-based mod-
els through its public APL. Hyperopt is used for hyperparameter optimiza-
tion [88]. Table A.1 provides a list of additional libraries used as well as their

versions.

5.4.2 Hardware

The models are implemented using the Pytorch library. Pytorch is focused on
array expressions and is usually faster than other frameworks [89]. All the
models are trained from scratch without any pre-training [14]. We used a sin-
gle NVIDIA RTX A4000 16GB GPU with an Intel(R) Xeon(R) Gold 5315Y CPU
@ 3.20GHz for our computations. The CPU has eight cores and 16 threads.

5.4.3 Protocol

Following previous research, we applied the leave-one-out strategy to recom-
mend the next item [7], [14]. For each user interaction sequence, we used the
last item as the test data and the item before it as the validation data. The
remaining items are used for training. We ranked a relevant item against

the entire item collection for each user and computed the aggregate score
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attained for each metric [79]. We conducted ten independent runs of the ex-
periments and conducted paired t-tests to determine the significance of our
approach over the baselines.

Each of the models presented consists of a configuration file with a random
seed set to 2020. The random seed is used to initialize the random number
generators for NumPy and PyTorch random modules. The seed ensures that
whenever the experiment is run, the same random numbers are produced for

data shuffling and weight initialization.

5.4.4 Hyperparameters

We report the results of each baseline under its optimal hyperparameter set-
tings. We sample 10% of the training data for each dataset to use for hyprepa-
rameter optimization. Then we split the training data again into train and val-
idation sets. The hyperparameters are searched using exhaustive grid search
from HyperOpt. Tuning is performed using the validation set and perfor-
mance monitoring ceases after 100 epochs with early stopping at 20 steps.
We select the parameters that produced the highest NDCG@10 score.

Each model consists of their unique parameters. Table A.2 presents a list of
parameters and their search space for each model. For common hyperparam-
eters we consider the hidden dimension size chosen from {16, 32, 64, 128}, a
dropout rate selected from {0, 0.1, 0.2, ..., 0.9}, ¢, and regularization parame-
ters from {0.0001, 0.001, 0.01, 0.1, 1}. All other hyperparameters and initializa-
tion strategies are followed by the authors’ suggestions from the respective
papers or tuned on the validation sets.

For a fair comparison of our model, we fix the number of attention layers
to two with a single head, similar to SASRec. We optimize all the methods
with Adam optimizer, and the learning rate is set to 0.001 [90]. The selected
hyperparameters for our model are presented in Table 5.3.

We consider varying batch sizes depending on the size of the dataset to speed
up computation. For each dataset we use a batch size of 256 except for the
Fashion dataset. The Fashion dataset is a much smaller dataset and may need

more steps to converge.
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5.5 Limitations and Assumptions

5.5.1 Limitations

Below, we name a few challenges we faced during our research. We hope to

address these limitations in future research.

* Due to limited compute resources, we performed hyperparameter tun-
ing by sampling 10% of the users from the large datasets, including
Movies, Games and Music datasets.

* The vector representations for tabular data were obtained by flatten-
ing the keys and values into a sentence. Then, a text, image and au-
dio pre-trained multi-modal transformer was used to extract the vector
representations.

* We only consider the auxiliary information of items, not the users. We
refrained from using user’s biographical data due to the sensitive data
privacy constraints. We only considered the users’ IDs.

® Our research was focused on sequential recommendation models.
Other forms of recommendation, such as graph-based or session-based,
require using datasets with graph-like structures or where users appear

anonymously.

5.5.2 Assumptions
Below are a few assumptions we made in this research.

¢ We assume that users tend to prefer more novel and niche items over
time. Hence, we evaluate our models using this principle.

¢ We fix some of the hyperparameters for fair comparison. These param-
eters are adopted by the original authors and are a significant part of
the model design. Hence, we assumed these parameters are optimized
as stated in their respective papers.

5.6 Ethical Considerations

A random identification number uniquely identifies all users. We only ob-
tained the items each user interacted with so that we could learn from their
preferences. The datasets do not include sensitive information beyond users’
identification numbers. All auxiliary information is associated only with the

items and not the users. This auxiliary information has already been made
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public and is used to provide descriptive information about the item. All
datasets used have already been made public for academic work. The results
and implementation of this study are available on GitHub and are free to

access by any member of the public for cross-referencing purposes.

5.7 Conclusion

This chapter outlined the methodology of our work. We elaborated on the
libraries used for implementing the algorithms and the structure of our
datasets. We also presented a few baseline models adopted from the liter-
ature, the type of results we expected to see, and several data analysis ob-
jectives. Finally, we reflected on some limitations and assumptions of our

research project while stating some ethical considerations.
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Results and Discussion

6.1 Results

TABLE 6.1: Accuracy Metrics of our approach against 12 base-
lines. The best-performing models are in bold, and the second-
best-performing models are underlined.

72

Dataset Movies Fashion Games Music

Metrics Recall NDCG MRR Recall NDCG MRR Recall NDCG MRR Recall NDCG MRR
Naive

RandomRec .0037 .0017 .0011 .0008 .0003 .0002 .0003 .0002 .0001 .0000 .0000 .0000

PopRec .0387 .0186 .0126 .0246 .0104 .0064 .0000 .0000 .0000 .0005 .0002 .0001

0.2-greedy .0096 .0048 .0034 .0222 .0092 .0056 .0043 .0065 .0189 .0000 .0000 .0000
Collaborative Filtering

BPR .0704 .0365 .0263 .1359 .1303 .1286 .0065 .0032 .0022 .0007 .0003 .0002

NCF .0310 .0147 .0099 .1130 .0693 .0557 .0303 .0157 .0113 .0007 .0006 .0005
Context-aware

De-biased MF 0566 .0271 .0183 .1303 .1236 .1216 .0075 .0032 .0019 .0027 .0011 .0006

FM .0467 .0221 .0149 .1088 .1087 .1001 .0089 .0041 .0011 .0042 .0020 .0013
Sequential

TransRec 0211 .0098 .0065 .1464 .1127 .1013 .0101 .0038 .0020 .0005 .0001 .0000

Caser 1601 .0810 .0577 .0429 .0172 .0096 .0000 .0000 .0000 .0000 .0000 .0000

GRU4Rec 1599 .0794 .0531 .1188 .0826 .0713 .0705 .0366 .0263 .0184 .0083 .0052

BERT4Rec .0303 .0132 .0082 .1187 .0485 .0283 .0006 .0003 .0002 .0000 .0000 .0000

SASRec 1597 .0786 .0542 .1363 .0801 .0620 .0523 .0263 .0186 .0426 .0251 .0199
Sequential & Context

Ours 1677 .0853 .0604 .1459 .1200 .1112 .0724 .0387 .0284 .0682 .0352 .0253
Improvement 4.74% 5.30% 4.68% -0.34% -7.90% -13.53% 2.70% 5.74% 7.98% 60.09% 40.23% 27.15%

6.1.1 Overall Performance

We begin by comparing the performance of BiCoRec over three accuracy-
based metrics: Recall@10, NDCG@10, and MRR. Recall reflects the model’s
ability to identify relevant items correctly. MRR assesses the rank of the rel-

evant item. NDCG evaluates the model’s overall ranking quality. That is, a

high Recall@10 value means that the model can capture a large proportion of

relevant items amongst the top ten recommendations. A high MRR indicates

that relevant items are placed at higher positions in the recommendation list.
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FIGURE 6.1: Presents the performance of the most consistent
models across each dataset. Our proposed approach achieves
the highest NDCG@10 and Recall@10 across all datasets, with
the exception of the Fashion dataset. In short-sequence datasets
like Fashion, biased models such as BPR tend to perform better
due to the prevalence of popular items within the sequences.
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A high NDCG@10 means the relevant item is ranked higher among the top

ten recommendations.

Figure 6.1 presents the performance of the most consistent models. The full
results are presented in Table 6.1. At first glance, BiCoRec scored the high-
est against each baseline for three datasets. However, it struggled to find
the relevant item for very short sequences in the Fashion dataset. CF-based
models excel in this setting, with BPR achieving the highest NDCG and MRR.
This performance is expected as short sequences usually consist of primarily
popular items. Hence, users’ preferences are concentrated amongst a small
subset of items.

Interestingly, SASRec achieved the third highest Recall@10 for the Fashion
dataset. Then, SASRec achieved the second-best performance for the Music
dataset, which has a much longer sequence length. However, the variance
of the preference values in the Music dataset is the lowest compared to all
other datasets. That is, users have a strong preference for popular items.
Moreover, the distribution of the Music dataset is highly skewed. Similar
to the Fashion dataset, users’ preferences are concentrated amongst a small
subset of items, despite the long sequence length. Consequently, SASRec
proves to be particularly effective in scenarios with highly skewed datasets,
resembling the performance characteristics of CF-based models.

BiCoRec produced 5.30%, 5.74% and 40.23% NDCG@10 improvements over
the best-performing baseline on the Movies, Games and Music datasets, re-
spectively. All three datasets have an average sequence length higher than
100. This performance shows that our model can learn each user’s changing
preferences. GRU4Rec displayed competitive performance on the Movies
and Games datasets. The learning-to-rank component in GRU4Rec demon-
strates robust retrieval capabilities for longer sequences. However, GRU4Rec
reveals its limitations on datasets with an exceptionally large number of
items, as observed in the Music dataset with a user-item ratio of -2.78. A
similar pattern is observed with another ranking-based model, BPR, which
is based on pairwise ranking and achieves an NDCG@10 of 0.0003. The sub-
optimal performance of ranking-based models becomes evident in scenarios
with a large item set.

In contrast, BiCoRec incorporates the context of previous actions and distin-
guishes items based on their semantic relatedness. By observing each item’s
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latent description, our approach excels on datasets characterized by long se-
quences and a substantial number of items. The multi-modal auxiliary infor-
mation can represent items beyond their occurrences. Hence, this strategy
is capable of distinguishing items within a large corpus despite the highly
skewed nature of the Music dataset.

BERT4Rec performs the worst among all the sequential recommendation
models, Table 6.1. Presumably, the bidirectional structure of BERT4Rec is
trained on past and future items within the user’s sequence. A unidirectional
model like SASRec is only trained on past values. The poor performance of
the bidirectional transformer proves that a user does not interact with an
item based on future consumption patterns. Instead, we should learn from
past actions to predict future actions. The unidirectional transformer archi-
tecture is far superior in modelling the chronological order of items. Hence,
it justifies our adoption of SASRec within BiCoRec.

On average, sequential models performed better than models that use the
user-item interaction matrix. Consequently, temporal data is more effec-
tive than interaction matrices. The context-aware models, such as the de-
biased MF, perform better than CF recommenders on the Music and Games
dataset. Context-aware models learn the semantic relatedness between the
items. Hence, they can distinguish between items through their latent de-
scriptions. Our approach uses both sequences and context data to achieve
superior performance. Specifically, we achieved an average of 6.57% im-
provement on MRR. BiCoRec ranks the relevant item about 7% higher than

current state-of-the-art models.

In summary, BiCoRec demonstrates strong performance across key accuracy
metrics—Recall@10, NDCG@10, and MRR. However, BiCoRec faces chal-
lenges with very short sequences. SASRec also shows notable performance,
especially with long sequences and skewed item distributions. Learning to
rank models struggle with large item sets, while BERT4Rec’s bidirectional ap-
proach proves less effective than unidirectional models like SASRec. Sequen-
tial models generally outperform interaction matrix-based models. Overall,
BiCoRec’s integration of past actions and semantic information enables it to
excel in handling long sequences and large item sets.
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TABLE 6.2: Accuracy metrics over the users who prefer popu-
lar and less popular items, respectively. The best-performing
models are in bold, and the second-best-performing models are

underlined.

Dataset
Metrics

RandomRec
PopRec
e-greedy

BPR

NCF
De-biased MF
FM

TransRec

GRU4Rec
SASRec

BiCoRec

Improvement

Movies
Popular
Recall@10 .0050 .0135 .0081 .0122 .0086 .0008 .0013
NDCG@10 .0023 .0075 .0052 .0059 .0037 .0004 .0006
less popular
Recall@10 .0020 .0028 .0028 .0052 .0035 .0065 .0088
NDCG@10 .0007 .0011 .0010 .0029 .0013 .0077 .0094

.0008
.0004

.0005
.0002

.0106 .0078
.0050 .0036

.0044 .0017
.0075 .0053

.0073
.0067

.0098
.0102

-16.03 %
-10.67 %

11.36 %
8.51 %

Fashion
Popular
Recall@10 .0006 .0394 .0376 .0480 .0417 .0434 .0122
NDCG@10 .0003 .0129 .0123 .0439 .0247 .0353 .0062
less popular
Recall@10 .0010 .0000 .0005 .0005 .0043 .0075 .0046
NDCG@10 .0007 .0000 .0002 .0002 .0010 .0039 .0019

.0457
.0281

.0000
.0000

.0406 .0485
.0231 .0402

.0000 .0010
.0000 .0003

.0412
.0270

.0098
.0047

-15.05 %
-38.50 %

30.67 %
20.51 %

Games
Popular
Recall@10 .0002 .0000 .0000 .0004 .0085 .0008 .0015
NDCG@10 .0000 .0000 .0000 .0003 .0034 .0004 .0007
less popular
Recall@10 .0000 .0000 .0000 .0000 .0000 .0009 .0012
NDCG@10 .0000 .0000 .0000 .0000 .0000 .0002 .0009

.0043
.0021

.0055
.0017

.0052 .0056
.0030 .0024

.0005 .0000
.0003 .0000

.0106
.0057

.0089
.0021

11.47 %
67.65 %

61.81 %
23.53 %

Music
Popular
Recall@10 .0000 .0000 .0000 .0000 .0000 .0005 .0011
NDCG@10 .0000 .0000 .0000 .0000 .0000 .0002 .0005
less popular
Recall@10 .0000 .0000 .0000 .0000 .0000 .0008 .0016
NDCG@10 .0000 .0000 .0000 .0000 .0000 .0002 .0004

.0000
.0000

.0000
.0000

.0056 .0083
.0026 .0039

.0004 .0000
.0003 .0000

.0092
.0048

.0024
.0005

10.84 %
23.07 %

50.00 %
25.00 %




Chapter 6. Results and Discussion 77

6.1.2 Popularity Bias

Recommendation datasets suffer from inherent popularity bias. Hence, eval-
uating the entire dataset across all users might not provide comprehensive
insights. As a solution, we categorize users into two groups based on their
preference for popular or less popular items. We analyze the last item in
the user’s sequence to determine a user’s preference. Table 6.2 provides a
comprehensive overview of the results achieved over the two sets of user

preferences.

SASRec scored a Recall@10 of 0.0485 for users who prefer popular items and
performed less effectively for users inclined towards less popular items with
a score of 0.003. A similar trend holds for CF-based models. BPR achieved
a Recall@10 of 0.0480 for users favouring popular items and 0.0005 for users
favouring less popular items. This trend is observed across all models. Users’
performance in the popular set significantly outweighs those in the less pop-
ular set of items. Hence, the primary contribution to the overall Recall and
NDCG score is derived from recommending popular items. Consequently,
these models optimize themselves over one group of users and perpetuate
the popularity bias.

BiCoRec aimed to mitigate this effect by improving the recommendation per-
formance of users who preferred less popular items. For these users, the
model achieved 8.51%, 20.51%, 23.53% and 25% improvement on NDCG@10
over the highest-performing baseline for the Movies, Fashion, Games, and
Music datasets, respectively. The parallel co-attention mechanism learns the
bias inherent within the user’s preferences. Hence, the model can identify
users who prefer more niche items with fewer histories.

Considering the Movies dataset in Table 6.1, PopRec achieved an overall
Recall@10 of 0.0387. That is, around 4% of users have interacted with the
top 10 most popular items. These users prefer popular items. Hence, a
naive popularity-based recommendation model can cater for their prefer-
ences. Achieving a higher Recall@10 than PopRec would require a model
to recommend relevant items to users who do not have a fixed preference
towards popular items. e-greedy algorithm with € = 0.2 lower Recall@10 of
0.0097. The greedy algorithm tries to recommend popular items 80% of the
time while randomly recommending less popular items 20% of the time.

Table 6.2 shows that e-greedy attempts to balance the exploration and ex-
ploitation strategy. € represents the likelihood of selecting an item from the
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FIGURE 6.2: Presents the performance over two sets of user
preferences. BiCoRec achieves the highest NDCG@10 for less
popular items. However, our model performs suboptimally
over the Movies and Fashion dataset. In contrast, SASRec

demonstrates nearly negligible results for less popular items.

less popular set of items. Since € = 0.2, we always select more popular items
tirst. As a result, e-greedy performs better for the popular set than the less
popular set. Nevertheless, all baseline models display a similar pattern, per-
forming significantly better for the popular set of users than the less popular
one. Hence, they attempt to balance their exploitative and exploration strat-

egy while optimizing for accuracy.

For instance, in Table 6.2 of the Fashion dataset, SASRec achieved an
NDCG®@10 of 0.0402 for users who prefer popular items and 0.0003 for less
popular items. Which is a 99% reduction in performance. BiCoRec achieved
an NDCG@10 of 0.0270 for the popular set and 0.0047 for the less popular
set, which is an 83% reduction in performance. Our explorative strategy is
superior. Note that our model performed worse than SASRec on the Fashion
dataset. Therefore, BiCoRec was inferior in this regard, but it still had better

exploitation and explorative strategy on a suboptimal dataset.

The Games and Music datasets are characterized by many items. The large
item set leads to many fractional performance values in Table 6.2. Conse-

quently, only a select few models exhibit reasonable performance across both
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FIGURE 6.3: Depicts the performance of SASRec and BiCoRec

along the users’ sequences through a sliding window of size 50.

BiCoRec outperforms SASRec as the window slides across the
sequence of items from oldest to recent.

sets of preferences. Context-aware and sequential models demonstrate per-
formance with precision up to four decimal places, whereas the remaining
models fall short.

BiCoRec was particularly superior for users who preferred less popular
items. The results show a 26% average improvement in NDCG@10 over
state-of-the-art baselines across all datasets. Our bias mitigation technique

improved the ranking of items with fewer histories.

To summarize, higher ranking scores are obtained for users favoring popular
items, but much lower scores for those inclined toward less popular items.
This disparity indicates that much of the overall performance is driven by
recommending popular items. In contrast, BiCoRec aimed to mitigate this
effect and showed marked improvements for users preferring less popular
items. Its parallel co-attention mechanism allowed BiCoRec to learn the bi-
ases in user preferences and effectively recommend niche items. BiCoRec
demonstrated superior exploration and exploitation strategies overall. Par-

ticularly in datasets with large item sets like Games and Music dataset.
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6.1.3 Change in Preference

Section 3.2 found that users tend to prefer niche items over time. Users exhibit a
higher preference for popular items earlier in their consumption history; this
inclination diminishes rapidly as their preference shifts towards less popular
items. Such a dynamic further explains the bias in sequential recommen-
dation models. These models tend to be trained predominantly on popular
items initially and consequently struggle to recommend niche items due to

their relatively limited exposure.

Figure 6.3 depicts the performance of SASRec and BiCoRec. Specifically, we
took a sliding window approach for each sequence S to evaluate the se-
quence. Let the length of the sliding window be N=50, then we took a subset
ofitems S} \; = {v1,...,vn}. We predict the next item vy 1 given Sj' . Then
we slide the window to get Sy;. ;50 and predict vy 5041, and so on. We itera-
tively perform this process to obtain the NDCG@10 for each window over all
the users. A non-overlapping sliding window ensures that each item in the
sequence is included in only one window. This process prevents duplication
and ensures that each item contributes uniquely to evaluating the model’s

performance.

For SASRec, Figure 6.3 depicts a diminishing NDCG@10 as we slide the win-
dow across the sequence. SASRec struggles to adapt to changing preferences
over time. The highest NDCG@10 is achieved within the first 50 items in the
sequence. This is when users are starting to engage with the system. Hence,
they primarily interact with more popular items. However, as we slide the
window across to the next 50 items, the NDCG score decreases gradually.
This is when the users select more niche items that cater to their specific pref-
erences. These items are less popular, so SASRec struggles to recommend
them.

BiCoRec also depicts a diminishing NDCG@10 as we slide the window across
the sequence. However, we initially obtained a lower NDCG@10 than SAS-
Rec around the first 50 to 150 items. As the sequence becomes longer, the
overall NDCG@10 obtained is higher than that of SASRec. Our approach can
recommend niche items at a better rate than SASRec. Hence, BiCoRec can

adapt to changing preferences.

This study utilized a sliding window of size 50. The window size is arbitrary
and other sizes would still yield similar effects. A window of 50 was cho-

sen to better visualize the sharp decline in performance. A smaller sliding
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window merely postpones this gradual decrease.

Briefly, the sliding window approach was used to evaluate users with chang-
ing preferences. For both SASRec and BiCoRec, the NDCG@10 scores were
highest within the first 50 items of a sequence. However, as the window
moved further into the sequence, the NDCG scores gradually decreased. Bi-
CoRec outperforms SASRec as the window gradually slides across the se-
quence of items. Hence, BiCoRec can adapt to users’ changing preferences

and recommend niche items overtime.

6.1.4 Ablation Study

TABLE 6.3: The performance of BiCoRec after removing each
proposed component.

Dataset Movies Fashion
Metrics Recall NDCG Recall NDCG

BiCoRec 1677 .0853 1459 1200
w /o cross-pseudo 1350 .0535 .0982 .0813
w /o auxiliary information 1529 0611 1170 .0838
w /o co-attention layer .1498 .0599 1251 1112
w/o user embedding 1658 .0844 1438 1195

We performed an ablation study of BiCoRec over two datasets. The criti-
cal difference between the Fashion and Movies dataset is that they consists
of short and long sequences, respectively. We made four architectural en-
hancements to the SASRec base model. Table 6.3 presents the results of the
ablation study. We tested how removing each proposed component affects

the model’s overall performance.

Cross-Pseudo Supervision

Cross-pseudo supervision reduces the sparsity in user sequences by learning
from padded items. Specifically, we pad each sequence and learn from the
padded tokens by assigning pseudo labels. Removing cross-pseudo super-
vision in Table 6.3 led to a 37% and 32% reduction in the NDCG@10 score
for the Movies and Fashion datasets, respectively. This is the highest drop in

performance and highlights the significance of learning from padded items.

Cross-pseudo supervision forces the model to generate consistent represen-

tations for both past and future items. The regularization effect helps the
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model learn the shift in preferences from popular to niche items. When cross-
pseudo supervision is removed, the representations are learned by predicting
the next item given the previous items. Hence, the future items are ignored

resulting in weaker generalization to evolving preferences.

Multi-modal Auxiliary Information

Multi-modal auxiliary information helps to improve the latent description of
each item. Thus, the model can learn the semantic relatedness between the
items. Removing auxiliary information in Table 6.3 led to 28% and 30% re-
duction in the NDCG@10 score for the Movies and Fashion datasets, respec-
tively. The Fashion dataset consists of four times the number of items than
the Movies dataset. Therefore, incorporating auxiliary information generates

more distinct item embeddings for datasets with many items.

Auxiliary information helps the model differentiate items by providing ad-
ditional features that describe their properties. Without this information, the
model relies solely on user interaction data. Since the Movies and Fashion
interaction data are highly sparse some items have less distinct embeddings.

Co-Attention Layer

The co-attention layer injects the context of popularity within the user’s se-
quence. The context informs the model about the inherent bias present in
each user’s sequence. Removing the co-attention layer in Table 6.3 led to a
30% and 7% drop in the NDCG@10 score for the Movies and Fashion dataset,
respectively. The Movies dataset has a much longer average sequence length
than the Fashion dataset. Hence, the preferences of the users are changing
towards more niche items. The co-attention layer can capture this shift in

preferences for longer sequences.

The co-attention layer may be less effective in cases where user sequences
are very short, such as in session-based datasets. This is because users often
interact primarily with popular items and tend to leave before engaging with

more niche items.

User Embeddings

Finally, removing the user embeddings in Table 6.3 does not lead to a sub-
stantial, less than 1%, drop in performance for both datasets. The user em-
beddings are ID-based. They use a unique identification number to map each
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user to an embedding vector. The process is similar to the ID-based item em-
beddings. Hence, not enough contextual information can be derived from
the user embeddings.

Enhancing user representations with auxiliary information from user pro-
tiles could potentially improve performance. However, this approach is often
avoided due to concerns about data sensitivity and the unreliability of such
data.

To conclude, cross-pseudo supervision is the most significant component, as
its removal led to the largest drop in performance. Cross-pseudo supervision
highlights the importance of learning from both past and future items. The
multi-modal auxiliary information also played a critical role, with its absence
causing a 28% and 30% drop in NDCG@10 for Movies and Fashion, respec-
tively. Auxiliary information helps enrich the representations of the items
within the embedding space. The co-attention layer was particularly effec-
tive for longer sequences though it had less impact on short user sequences.
Finally, removing user embeddings resulted in less than a 1% decrease in
performance, suggesting that user embeddings contribute minimally to the
model’s overall effectiveness.

6.1.5 BiCoRec vs SOTA

We conduct a comprehensive analysis of BiCoRec in comparison to state-of-
the-art sequential recommendation models. First, we present the results of a
statistical significance test evaluating BiCoRec against each baseline. Next,
we plot precision-recall curves to assess the retrieval capabilities of each
model. Finally, we examine three fairness metrics to evaluate the quality and

equity of the recommendations.

Statistical Significance

Table 6.4 reports the statistical significance of BiCoRec using the NDCG@10
score. We reject the null hypothesis at a p-value of 0.05, that is, the observed
performance of BiCoRec over the baseline model could not have occurred
by chance. Table 6.4 depicts the mean and standard deviation of NDCG@10
for each model. Below each state-of-the-art model, the table also displays the

statistical significance of the comparison with BiCoRec.
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TABLE 6.4: Paired t-test of the NDCG@10 scores achieved by
the state-of-the-art sequential recommendation models over Bi-
CoRec’s achieved results.

Dataset TransRec  Caser GRU4Rec BERT4Rec SASRec BiCoRec
mean 1127 .0172 .0826 .0485 .0801 .1200
Standard deviation .0098 .0131 .0090 .0051 .0083 .0002
Fashion degrees of freedom 16
t statistic 2.600 11.64 10.66 42.90 11.80
p-value .0193  1.6e-09 1.1e-08 6.0e-18  2.6e-09
mean .0098 .0810 .0794 .0132 .0786 .0853
Standard deviation .0004 .0259 .0042 .0029 .0067 .0113
Movies degrees of freedom 16
t statistic 19.06 5032 1.552 17.57 2.065
p-value 2.0e-12 .6217 .1400 7.0e-12 .0555
mean .0038 .0000 .0366 .0003 .0263 .0387
Standard deviation .0010 1.5e-05 .0023 .0001 .0088 .0051
Games degrees of freedom 16
t statistic 18.99 21.44 1.107 21.40 11.76
p-value 2.1e-12 3.3e-13 2846 3.4e-13  2.7e-09
mean .0001 .0000 .0083 .0000 .0251 .0352
Standard deviation 2.1e-12  8.9e-06 .0005 2.7e-05 .0077 .0042
Music  degrees of freedom 16
t statistic 23.39 23.44 17.86 23.43 3.266
p-value 8.5e-14 8.le-14 5.5e-12 8.2e-14 .0048

BiCoRec achieves statistically significant results across all datasets except
in four cases. The first three are; Caser, GRU4Rec and SASRec with p-val-
ues of 0.6217, 0.1400 and 0.0555, respectively, for the Movies dataset. Lastly,
GRU4Rec has a p-value of 0.2846 for the Games dataset. These high p-values
stem from BiCoRec’s marginal NDCG@10 improvement over these models.

Both the Movies and Games datasets have the longest average sequence
length. Long sequences make it challenging to accurately rank a relevant
item that matches a long list of user preferences. Furthermore, standard de-
viations of .0259, .0042, and .0067 for Caser, GRU4Rec, and SASRec indicate
that these models sometimes match BiCoRec’s .0853 mean NDCG@10 per-
formance. On average, BiCoRec surpasses baselines, suggesting a real effect,
though larger samples may yield more conclusive results. Nonetheless, Bi-
CoRec consistently delivers statistically significant results for the Fashion
and Music datasets, excelling in shorter and moderately long sequences.

Precision-Recall Curves

Figure 6.4 plots the precision-recall curve of each state-of-the-art baseline
model and BiCoRec. Recall records how well the model can find the rele-

vant item. Precision reflects on how many of the predicted items are relevant
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FIGURE 6.4: Plots the precision-recall curve of the state of the

sequential recommendation models. BiCoRec depicts the steep-

est slope for long sequence datasets. It only falls short of one
model in the Fashion dataset that has very short sequences.

items. The precision-recall curve focuses on the trade-off between precision
and recall. This curve is useful in the recommendation setting since the rel-
evant item is much rarer when ranked against the entire collection. In par-
ticular, the precision-recall curve evaluates the models’ rare event detection
capability.

At first glance, the precision-recall curves portray an inverse relationship. As
recall increases the precision scores decrease. This trend reveals a moderately
good classifier. A more effective setting would be a curve that maintains a

high precision score even as recall decreases.

TransRec shows an almost flat curve for the Movies and Games datasets but
has the steepest slope for the Fashion dataset compared to all other models.
The Fashion dataset is more skewed toward popular items. TransRec demon-
strates strong retrieval capabilities on highly biased datasets but struggles

with datasets featuring longer sequences and evolving user preferences.

BiCoRec depicts the steepest slope for the Movies and Games dataset and
second to TransRec for the Fashion dataset. Hence, BiCoRec can retrieve rel-
evant items under biased and evolving preferences better than the current

state-of-the-art sequential recommendation models.
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FIGURE 6.5: Plots the diversity, novelty and serendipity scores

achieved by SOTA models and BiCoRec on three datasets.
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Fairness Metrics

This section describes the performance of each model on non-accuracy-based
metrics. Figure 6.5 presents the diversity, novelty and serendipity scores ob-

tained by each state-of-the-art model.

Diversity measures how varied the recommendations are for a user. Novelty
refers to how unfamiliar the recommended items are to the user. Serendipity
refers to recommending items that are not only novel but also surprisingly

relevant.

BiCoRec achieved the highest diversity@10 score for the Fashion dataset, de-
spite ranking second to TransRec in accuracy metrics. TransRec’s low diver-
sity and novelty scores indicate that it primarily recommends popular items
to boost its accuracy on biased datasets. Although BiCoRec’s novelty@10
score is slightly lower than SASRec’s, its high serendipity score suggests that

our approach prioritizes recommending relevant and novel items.

BiCoRec consistently produces a high diversity, novelty and serendipity
score only competitive to Caser. Caser performs worse then BERT4Rec on
the novelty score. Suggesting that Caser recommends popular relevant items
while BiCoRec recommends more novel and relevant items as the user’s pref-
erences change towards niche items. BERT4Rec’s high novelty score com-
bined with low performance on accuracy metrics depicts an almost random

approach to recommendations.

The Games dataset has a large number of items. GRU4Rec ranked as the
second-best model in terms of accuracy, benefiting from its learning-to-rank
mechanism. While it achieved the highest diversity@10 score it still had the
lowest novelty score. The uneven performance indicates that it struggles to
rank new or unseen items. Instead, GRU4Rec prefers selecting from a diverse
subset of previously seen items. Similar to its performance on the Movies
dataset, BiCoRec consistently outperformed other models across diversity,
novelty, and serendipity metrics.

BiCoRec’s strong performance on fairness metrics for the Fashion dataset
highlights its superior bias mitigation strategy, particularly in short, heav-
ily biased sequences. However, this comes at the cost of some accuracy loss.
On the Movies dataset, BiCoRec consistently excels in fairness, demonstrat-
ing its advantage in handling long sequences with evolving user prefer-

ences. It delivers diverse, novel recommendations that remain relevant to the
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user’s interests. Additionally, BiCoRec outperforms learning-to-rank mod-
els on datasets with a large item corpus by effectively identifying relevant
novel items while avoiding over-reliance on popular ones. Although the
current state-of-the-art model, SASRec, also performs well in recommend-
ing novel items, BiCoRec distinguishes itself by prioritizing the relevance of
these novel items to the user.

6.2 Discussion

The main objective of sequential recommendation models is to learn from the
user’s evolving preferences. Current state-of-the-art recommendation mod-
els fail to cater to users who change their preferences towards less popu-
lar items. Our solution addresses this challenge by implementing a bias-

mitigation strategy that realigns its recommendation towards niche items.

6.2.1 Main Results

Since the frequency of items exhibits a power-law distribution, it is necessary
not to resemble the inherent popularity bias within user preferences. Koren,
Bell, and Volinsky [3] explicitly model the effects of popularity bias within
their model. BiCoRec adopts this strategy by explicitly learning a popularity
embedding for each user sequence. This approach results in a 26% improve-
ment in performance over the best baseline model for users who prefer less

popular items.

User sequences are initially designed by padding null entries with zeros. The
primary learning method in sequential recommendation is to predict the next
item given the previous items [7], [14]. Hence, the future items are ignored.
Since users tend to prefer less popular items over time, future items contain

valuable insights about the users” evolving preferences.

Conversely, these future items are often padded. Our model learns from
padded items to effectively learn from evolving future preferences. This

learning method contributed the most to the performance of our overall strat-
egy.
For highly sparse datasets, two users are unlikely to have any items in com-

mon. Hence, less occurring items do not get recommended. Rendle [4] use

auxiliary information to estimate the parameters of their model even under
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high data sparsity. Our approach extends this concept by utilizing multi-
modal auxiliary information to recommend items based on their seman-
tic relatedness. This strategy demonstrates superiority in handling sparse

datasets, such as the Games and Music datasets.

Interestingly, current state-of-the-art sequential models perform substan-
tially better for users who prefer popular items; see Section 6.1.2. The pri-
mary contribution to overall Recall and NDCG scores is derived from recom-
mending popular items. Consequently, these models optimize themselves

over one group of users and perpetuate the popularity bias.

6.2.2 Limitations and Delineations
Preference towards Popular Items

BiCoRec may not perform optimally in situations where users strongly
favour popular items. Our results reflect sub-optimal performance for users
with short sequences who only engage with popular items or highly skewed
datasets. Our bias-mitigation strategy heavily penalizes popular items in
tavour of niche items. The TF-IDF popularity sequences ensure that less oc-
curring items weigh substantially higher than frequent items. Hence, our
proposed framework is limited to scenarios involving session-based interac-

tions or situations characterized by short-term dynamics.

Future research could explore alternative metrics for measuring popularity
bias beyond TF-IDF scores. Ideally, such a metric would balance the weight-
ing of popular and niche items, ensuring that the weight discrepancies be-
tween them are not too pronounced. An ideal metric would dynamically

quantify the user’s preferences for popular or niche items.

User Embeddings

BiCoRec did not exhibit an impressive performance improvement when in-
corporating the user embedding. This work only embeds the user’s identifi-
cation number. No other auxiliary information about the user was fused into
the model. Consequently, our strategy struggles to embed information with

limited context.

Future work could investigate integrating richer user profiles that do not in-
fringe on their privacy. Information such as social connections or online ac-

tivity data can be used to find similarities between users.
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Balanced Performance

BiCoRec performs best among users who prefer niche items against all base-
lines. However, our model still performs substantially better for users who
prefer popular items. We were not able to fully balance BiCoRec’s perfor-

mance across the two sets of user preferences.

BiCoRec builds on SASRec as its base model. The results indicate that SASRec
performs significantly better for users with a preference for popular items.
Despite the bias-regularizing components introduced in BiCoRec, fully mit-
igating this bias remains challenging. The transformer architecture used by
SASRec may not be well-suited for managing highly skewed datasets. Future
work could explore alternative deep learning architectures better equipped

to address this bias effectively.

Nonetheless, this study marks the initial steps towards a bias-mitigated se-

quential recommendation model.
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Chapter 7

Conclusion

7.1 Summary

Recommendation models suffer from an inherent popularity bias. This bias
results from the frequency of items following a power law distribution. Pop-
ularity bias produces a severe class imbalance between popular and less
popular items. It can be argued that recommending popular items is not
a concern, as these items have earned their popularity by being highly rel-
evant to many users. However, we found that users prefer niche items
over time. This research devised a Bias-Mitigated Context-Aware Sequential
Recommendation Model (BiCoRec) that adapts to evolving user preferences.

Chapter 2 delves into the background of recommendation models. We begin
by highlighting the limitations of collaborative filtering models and advocate
for context-aware models instead. We explore how context-aware models
leverage various contextual factors like bias, auxiliary information, and tem-
poral data. Additionally, we provide insights into the current state-of-the-art
and some progress made in context-aware sequential recommendation mod-

els.

Chapter 3 shows the existence of popularity bias with sequential recommen-
dation models. We reflect on the limitations of bias and justify the need for a
model that adapts to users evolving preferences.

Chapter 4 reviews some related work on incorporating auxiliary informa-
tion, mitigating popularity bias, and the current learning task used for se-
quential recommendation models. Moreover, we detail the framework of
our enhanced approach and present the final architecture of BiCoRec.
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Chapter 5 outlines the methodology of our research, including the datasets
used, evaluation metrics, and implementation details. We also discuss the
limitations of our study and some ethical considerations.

Finally, Chapter 6 presents the outcomes of our research. We compare the
performance of our proposed approach against established baselines. We an-
alyze the efficacy of BiCoRec in accommodating user preferences for both
popular and less popular items. The model’s adaptability to changing pref-
erences is assessed through a novel evaluation scheme. Lastly, we conduct

an ablation study to examine the impact of individual proposed components.

7.2 Conclusion

Our model is on average 7% more capable of uncovering the most relevant
items. Our bias mitigation technique improved the performance of users
who prefer unpopular items by 26%. We achieved an average of 3.14% in-
crease in the NDCG score for long user sequence datasets over current state-
of-the-art models. Finally, we observed a more consistent performance as we
slid the window across the user’s sequence. That is, our model can recom-

mend relevant items to users changing preferences.

The cross-pseudo supervision component contributes to the largest perfor-
mance increase. This demonstrates the importance of learning from padded
items. Padded items contain information about the user’s future preferences.
Hence, our model can adapt to changing preferences. However, our model
remains sub-optimal in cases where users strongly prefer popular items and

have very short sequences.

This study contributes a bias-mitigated multi-modal auxiliary information
sequential recommendation model. We provide a novel technique to mea-
sure popularity bias within user sequences. Then, we incorporate a bias-
mitigation strategy using a co-attention mechanism that attends to the user
sequence and popularity representation simultaneously. We expand the
training data by learning from padded items using cross-pseudo supervi-

sion. Lastly, we present a novel evaluation scheme for user sequences.
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7.3 Future Work

The broader implications of this research are threefold. First, bias mitiga-
tion results in a model that adapts to evolving preferences. This process
enables users to engage with a wider array of items. Second, our frame-
work allows for the inclusion of items under different modalities. We can
now recommend items beyond their item ID or attribute data. Lastly, learn-
ing from padded items transforms the sequential recommendation task from
next-item recommendation to multi-item recommendation. Our objective is
to predict a set of items, which ensures the consistency of predictions within
the sequence.

We believe our research will motivate the development of a bias-mitigated
context-aware user sequential model. This study specifically focused on pop-
ularity due to its ease of measurement. However, other qualitative contextual
factors may change over time, such as the user’s intentions. Measuring in-
tent is considerably more challenging and requires more nuanced observa-
tion. Nonetheless, exploring changes in user intent presents an intriguing

avenue for future research.

Moreover, incorporating contextual information in a dynamic environment
is a complex interplay of various factors that extends beyond recommenda-
tion systems. As technology and methodologies advance, future studies may
delve deeper into these complexities to enhance our understanding of con-

textual information in dynamic and evolving environments.



94

Bibliography

[1]

2]

[6]

D. Billsus, M. J. Pazzani, et al., “Learning collaborative information fil-
ters.,” in Icml, vol. 98, 1998, pp. 46-54.

D. Goldberg et al., “Using collaborative filtering to weave an informa-
tion tapestry,” Commun. ACM, vol. 35, no. 12, pp. 61-70, 1992, 1SSN:
0001-0782.

Y. Koren, R. Bell, and C. Volinsky, “Matrix factorization techniques for
recommender systems,” Computer, vol. 42, no. 8, pp. 30-37, 2009.

S. Rendle, “Factorization machines,” in 2010 IEEE International Confer-
ence on Data Mining, 2010, pp. 995-1000.

S. Rendle, C. Freudenthaler, and L. Schmidt-Thieme, “Factorizing per-
sonalized markov chains for next-basket recommendation,” in Proceed-
ings of the 19th International Conference on World Wide Web, ser. WWW
10, New York, NY, USA: Association for Computing Machinery, 2010,
pp- 811-820, 1SBN: 9781605587998. DOI: 10 . 1145 /1772690 . 1772773.
[Online]. Available: https://doi.org/10.1145/1772690.1772773.

D. Jannach and M. Ludewig, “When recurrent neural networks meet
the neighborhood for session-based recommendation,” in Proceedings
of the Eleventh ACM Conference on Recommender Systems, ser. RecSys
17, New York, NY, USA: Association for Computing Machinery, 2017,
pp- 306-310.

W.-C. Kang and J. McAuley, “Self-attentive sequential recommenda-
tion,” in 2018 IEEE International Conference on Data Mining (ICDM),
2018, pp-. 197-206.

M. Muthivhi, T. van Zyl, and H. Wang, “Multi-modal recommendation
system with auxiliary information,” in Southern African Conference for
Artificial Intelligence Research, Springer, 2022, pp. 108-122.

E. Fischer et al., “Integrating keywords into bert4rec for sequential rec-
ommendation,” in KI 2020: Advances in Artificial Intelligence, U. Schmid,
F. Kliigl, and D. Wolter, Eds., Cham: Springer International Publishing,
2020, pp. 275-282.


https://doi.org/10.1145/1772690.1772773
https://doi.org/10.1145/1772690.1772773

Bibliography 95

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

K. Zhou et al., “S3-rec: Self-supervised learning for sequential recom-
mendation with mutual information maximization,” in Proceedings of
the 29th ACM International Conference on Information & Knowledge Man-
agement, ser. CIKM 20, New York, NY, USA: Association for Comput-
ing Machinery, 2020, pp. 1893-1902.

H. Abdollahpouri, R. Burke, and B. Mobasher, “Managing popular-
ity bias in recommender systems with personalized re-ranking,” CoRR,
vol. abs/1901.07555, 2019.

Y.-J. Park and A. Tuzhilin, “The long tail of recommender systems and
how to leverage it,” in Proceedings of the 2008 ACM Conference on Rec-
ommender Systems, ser. RecSys 08, New York, NY, USA: Association for
Computing Machinery, 2008, pp. 11-18, 1ISBN: 9781605580937 .

M. Muthivhi, T. L. van Zyl, and H. Wang, “Impacts of architec-
tural enhancements on sequential recommendation models,” in South-
ern African Conference for Artificial Intelligence Research, Springer, 2023,
pp. 315-330.

F. Sun et al., “Bert4rec: Sequential recommendation with bidirectional
encoder representations from transformer,” in Proceedings of the 28th
ACM International Conference on Information and Knowledge Management,
ser. CIKM "19, New York, NY, USA: Association for Computing Ma-
chinery, 2019, pp. 1441-1450.

H. Abdollahpouri, R. Burke, and B. Mobasher, “Controlling popularity
bias in learning-to-rank recommendation,” in Proceedings of the Eleventh
ACM Conference on Recommender Systems, ser. RecSys 17, New York,
NY, USA: Association for Computing Machinery, 2017, pp. 42—46, ISBN:
9781450346528.

G. Adomavicius and Y. Kwon, “Improving aggregate recommendation
diversity using ranking-based techniques,” IEEE Transactions on Knowl-
edge and Data Engineering, vol. 24, no. 5, pp. 896-911, 2012.

J. Wei et al., “Collaborative filtering and deep learning-based recom-
mendation system for cold start items,” Expert Systems with Applica-
tions, vol. 69, pp. 29-39, 2017, 1SSN: 0957-4174.

B. Sarwar et al., “Application of dimensionality reduction in recom-
mender system - a case study,” University of Minnesota Digital Conser-
vancy, 2000.

Y. Yang et al., “Debiased contrastive learning for sequential recom-
mendation,” in Proceedings of the ACM Web Conference 2023, ser. WWW



Bibliography 96

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

23, New York, NY, USA: Association for Computing Machinery, 2023,
pp- 1063-1073, 1SBN: 9781450394161.

Y. Huet al., “Fast and accurate matrix completion via truncated nuclear
norm regularization,” IEEE Transactions on Pattern Analysis and Machine
Intelligence, vol. 35, no. 9, pp. 2117-2130, 2013.

Y. Hu, Y. Koren, and C. Volinsky, “Collaborative filtering for implicit
feedback datasets,” in 2008 Eighth IEEE International Conference on Data
Mining, 2008, pp. 263-272.

M. Deshpande and G. Karypis, “Item-based top-n recommendation al-
gorithms,” ACM Trans. Inf. Syst., vol. 22, no. 1, pp. 143-177, 2004, ISSN:
1046-8188.

S.Rendle et al., “Bpr: Bayesian personalized ranking from implicit feed-
back,” arXiv preprint arXiv:1205.2618, 2012.

S. Rendle, Context-aware ranking with factorization models. Springer, 2011.
X. He et al., “Fast matrix factorization for online recommendation with
implicit feedback,” in Proceedings of the 39th International ACM SIGIR
Conference on Research and Development in Information Retrieval, ser. SI-
GIR "16, New York, NY, USA: Association for Computing Machinery,
2016, pp. 549-558.

K. Hornik, M. Stinchcombe, and H. White, “Multilayer feedforward
networks are universal approximators,” Neural Networks, vol. 2, no. 5,
pp. 359-366, 1989, 1SSN: 0893-6080.

X. He et al., “Neural collaborative filtering,” in Proceedings of the 26th
international conference on world wide web, 2017, pp. 173-182.

F. Liuet al., “User diverse preference modeling by multimodal attentive
metric learning,” in Proceedings of the 27th ACM international conference
on multimedia, 2019, pp. 1526-1534.

X. Glorot, A. Bordes, and Y. Bengio, “Deep sparse rectifier neural net-
works,” in Proceedings of the Fourteenth International Conference on Arti-
ficial Intelligence and Statistics, G. Gordon, D. Dunson, and M. Dudik,
Eds., ser. Proceedings of Machine Learning Research, vol. 15, Fort
Lauderdale, FL, USA: PMLR, 2011, pp. 315-323.

L. A. Suchman, Plans and Situated Actions: The Problem of Human-
Machine Communication. Cambridge University Press, 1987.

M. Bazire and P. Brézillon, “Understanding context before using it,”
in Modeling and Using Context: 5th International and Interdisciplinary
Conference CONTEXT 2005, Paris, France, July 5-8, 2005. Proceedings 5,
Springer, 2005, pp. 29—40.



Bibliography 97

[32]

[33]

[34]

[39]

[40]

Y. Koren, “Collaborative filtering with temporal dynamics,” in Proceed-
ings of the 15th ACM SIGKDD International Conference on Knowledge Dis-
covery and Data Mining, ser. KDD "09, New York, N, USA: Association
for Computing Machinery, 2009, pp. 447-456, ISBN: 9781605584959.

Y. Koren, “Factorization meets the neighborhood: A multifaceted col-
laborative filtering model,” in Proceedings of the 14th ACM SIGKDD In-
ternational Conference on Knowledge Discovery and Data Mining, ser. KDD
‘08, New York, NY, USA: Association for Computing Machinery, 2008,
pp- 426-434.

C.-Y. Wu et al., “Recurrent recommender networks,” in Proceedings of
the Tenth ACM International Conference on Web Search and Data Mining,
ser. WSDM 17, New York, NY, USA: Association for Computing Ma-
chinery, 2017, pp. 495-503.

A. Zimdars, D. M. Chickering, and C. Meek, “Using temporal data for
making recommendations,” CoRR, 2013. arXiv: 1301.2320.

G. Shani et al., “An mdp-based recommender system.,” Journal of Ma-
chine Learning Research, vol. 6, no. 9, 2005.

S. Feng et al., “Personalized ranking metric embedding for next new
poi recommendation,” 2015.

P. Wang et al., “Learning hierarchical representation model for next-
basket recommendation,” in Proceedings of the 38th International ACM
SIGIR Conference on Research and Development in Information Retrieval,
ser. SIGIR "15, New York, NY, USA: Association for Computing Ma-
chinery, 2015, pp. 403—412, 1SBN: 9781450336215.

R. He, W.-C. Kang, and J. McAuley, “Translation-based recommenda-
tion,” in Proceedings of the Eleventh ACM Conference on Recommender Sys-
tems, ser. RecSys “17, New York, NY, USA: Association for Computing
Machinery, 2017, pp. 161-169, ISBN: 9781450346528.

J. Tang and K. Wang, “Personalized top-n sequential recommenda-
tion via convolutional sequence embedding,” in Proceedings of the
Eleventh ACM International Conference on Web Search and Data Mining,
ser. WSDM “18, New York, NY, USA: Association for Computing Ma-
chinery, 2018, pp. 565-573.

A. Vaswani et al., “Attention is all you need,” in Advances in Neural
Information Processing Systems, I. Guyon et al., Eds., vol. 30, Curran As-
sociates, Inc., 2017.

J. L. Ba, J. R. Kiros, and G. E. Hinton, Layer normalization, 2016. arXiv:
1607.06450 [stat.ML].


https://arxiv.org/abs/1301.2320
https://arxiv.org/abs/1607.06450

Bibliography 98

[43]

[44]

[45]

[46]

[48]

[49]

[50]

[51]

[52]

[53]

N. Srivastava et al., “Dropout: A simple way to prevent neural net-
works from overfitting,” The journal of machine learning research, vol. 15,
no. 1, pp. 1929-1958, 2014.

X. Xie et al., “Contrastive learning for sequential recommendation,”
in 2022 IEEE 38th International Conference on Data Engineering (ICDE),
2022, pp. 1259-1273.

T. Zhang et al., “Feature-level deeper self-attention network for sequen-
tial recommendation.,” in IJCAI, 2019, pp. 4320-4326.

U. Singer et al., “Sequential modeling with multiple attributes for
watchlist recommendation in e-commerce,” in Proceedings of the Fif-
teenth ACM International Conference on Web Search and Data Mining,
ser. WSDM 22, New York, NY, USA: Association for Computing Ma-
chinery, 2022, pp. 937-946.

D. Jannach et al., “What recommenders recommend: An analysis of
recommendation biases and possible countermeasures,” User Modeling
and User-Adapted Interaction, vol. 25, pp. 427-491, 2015.

H. Abdollahpouri and M. Mansoury, “Multi-sided exposure bias in rec-
ommendation,” CoRR, vol. abs/2006.15772, 2020. arXiv: 2006.15772.
W. Sun et al., “Debiasing the human-recommender system feedback
loop in collaborative filtering,” in Companion Proceedings of The 2019
World Wide Web Conference, ser. WWW 19, New York, NY, USA: Asso-
ciation for Computing Machinery, 2019, pp. 645-651.

S.M. McNee, J. Riedl, and J. A. Konstan, “Being accurate is not enough:
How accuracy metrics have hurt recommender systems,” in CHI 06
Extended Abstracts on Human Factors in Computing Systems, ser. CHI EA
‘06, New York, NY, USA: Association for Computing Machinery, 2006,
pp- 1097-1101, 1SBN: 1595932984.

O. Celma and P. Cano, “From hits to niches? or how popular artists
can bias music recommendation and discovery,” in Proceedings of the
2nd KDD Workshop on Large-Scale Recommender Systems and the Netflix
Prize Competition, ser. NETFLIX ‘08, New York, NY, USA: Association
for Computing Machinery, 2008, ISBN: 9781605582658.

P. Castells, N. Hurley, and S. Vargas, “Novelty and diversity in recom-
mender systems,” in Recommender Systems Handbook, Springer, 2021,
pp- 603-646.

X. Chen et al., “Semi-supervised semantic segmentation with cross
pseudo supervision,” in Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR), 2021, pp. 2613-2622.


https://arxiv.org/abs/2006.15772

Bibliography 99

[54]

[55]

[56]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

G. Adomavicius and J. Zhang, “Impact of data characteristics on rec-
ommender systems performance,” ACM Trans. Manage. Inf. Syst., vol. 3,
no. 1, 2012, 1SSN: 2158-656X.

C. Pei et al., “Personalized re-ranking for recommendation,” in Proceed-
ings of the 13th ACM Conference on Recommender Systems, ser. RecSys
19, New York, NY, USA: Association for Computing Machinery, 2019,
pp. 3-11.

J. Ma et al.,, “Disentangled self-supervision in sequential recom-
menders,” in Proceedings of the 26th ACM SIGKDD International Con-
ference on Knowledge Discovery & Data Mining, ser. KDD "20, New York,
NY, USA: Association for Computing Machinery, 2020, pp. 483—491.
Z.Li, A. Sun, and C. Li, Diffurec: A diffusion model for sequential recom-
mendation, 2023. arXiv: 2304.00686 [cs.IR].

J. M. Johnson and T. M. Khoshgoftaar, “Survey on deep learning with
class imbalance,” Journal of Big Data, vol. 6, no. 1, pp. 1-54, 2019.

H. Xu and K. Saenko, “Ask, attend and answer: Exploring question-
guided spatial attention for visual question answering,” in Computer
Vision — ECCV 2016, B. Leibe et al., Eds., Cham: Springer International
Publishing, 2016, pp. 451-466.

S. Yang et al., “Unimf: A unified framework to incorporate multimodal
knowledge bases intoend-to-end task-oriented dialogue systems.,” in
IJCAI, 2021, pp. 3978-3984.

V. Borisov et al., “Deep neural networks and tabular data: A survey,”
arXiv preprint arXiv:2110.01889, 2021.

R. Shwartz-Ziv and A. Armon, “Tabular data: Deep learning is not all
you need,” Information Fusion, vol. 81, pp. 84-90, 2022.

HuggingFace, Huggingface, https : / / huggingface . co / docs /
transformers/v4.21.2/en/model_doc/data2vec.

J. Devlin et al., “Bert: Pre-training of deep bidirectional transformers for
language understanding,” arXiv preprint arXiv:1810.04805, 2018.

A. Dosovitskiy et al., “An image is worth 16x16 words: Transformers
for image recognition at scale,” arXiv preprint arXiv:2010.11929, 2020.
A. Baevski et al., “Wav2vec 2.0: A framework for self-supervised learn-
ing of speech representations,” in Advances in Neural Information Pro-
cessing Systems, H. Larochelle et al., Eds., vol. 33, Curran Associates,
Inc., 2020, pp. 12449-12 460.


https://arxiv.org/abs/2304.00686
https://huggingface.co/docs/transformers/v4.21.2/en/model_doc/data2vec
https://huggingface.co/docs/transformers/v4.21.2/en/model_doc/data2vec

Bibliography 100

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

A. Baevski et al., “Data2vec: A general framework for self-supervised
learning in speech, vision and language,” in International Conference on
Machine Learning, PMLR, 2022, pp. 1298-1312.

W. L. Taylor, ““cloze procedure”: A new tool for measuring readabil-
ity,” Journalism Quarterly, vol. 30, no. 4, pp. 415433, 1953.

G. Adomavicius and A. Tuzhilin, “Toward the next generation of rec-
ommender systems: A survey of the state-of-the-art and possible ex-
tensions,” IEEE Transactions on Knowledge and Data Engineering, vol. 17,
no. 6, pp. 734-749, 2005.

S. Kulkarni and S. F. Rodd, “Context aware recommendation systems:
A review of the state of the art techniques,” Computer Science Review,
vol. 37, p. 100255, 2020.

C. Gini, “Measurement of Inequality of Incomes,” The Economic Journal,
vol. 31, no. 121, pp. 124-125, 1921, 1SSN: 0013-0133.

J. L. Herlocker, J. A. Konstan, and J. Riedl, “Explaining collaborative
tiltering recommendations,” in Proceedings of the 2000 ACM Conference
on Computer Supported Cooperative Work, ser. CSCW “00, New York, NY,
USA: Association for Computing Machinery, 2000, pp. 241-250, ISBN:
1581132220.

M. Sun, “How does the variance of product ratings matter?” Manage-
ment Science, vol. 58, no. 4, pp. 696-707, 2012.

F. M. Harper and J. A. Konstan, “The movielens datasets: History and
context,” Acm transactions on interactive intelligent systems (tiis), vol. 5,
no. 4, pp. 1-19, 2015.

J. Ni, J. Li, and ]J. McAuley, “Justifying recommendations using
distantly-labeled reviews and fine-grained aspects,” in Proceedings of
the 2019 Conference on Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), Hong Kong, China: Association for Computational
Linguistics, Nov. 2019, pp. 188-197.

M. Moscati et al., “Music4all-onion - A large-scale multi-faceted
content-centric music recommendation dataset,” in Proceedings of the
31st ACM International Conference on Information & Knowledge Manage-
ment, Atlanta, GA, USA, October 17-21, 2022, M. A. Hasan and L. Xiong,
Eds., ACM, 2022, pp. 4339-4343.

R. S. Sutton and A. G. Barto, Reinforcement Learning: An Introduction.
MIT press, 2018.



Bibliography 101

[78]

[79]

[80]

[81]

[83]

[84]

[85]

[86]

[87]

[88]

C. M. K. John S. Breese David Heckerman, “Empirical anal-
ysis of predictive algorithms for collaborative filtering,” CoRR,
vol. abs/1301.7363, pp. 43-52, 2013. arXiv: 1301.7363.

W. Krichene and S. Rendle, “On sampled metrics for item recommen-
dation,” in Proceedings of the 26th ACM SIGKDD International Conference
on Knowledge Discovery & Data Mining, ser. KDD 20, New York, NY,
USA: Association for Computing Machinery, 2020, pp. 1748-1757.

G. Karypis, “Evaluation of item-based top-n recommendation algo-
rithms,” in Proceedings of the Tenth International Conference on Informa-
tion and Knowledge Management, ser. CIKM ’01, New York, NY, USA:
Association for Computing Machinery, 2001, pp. 247-254.

G. Schroder, M. Thiele, and W. Lehner, “Setting goals and choosing
metrics for recommender system evaluations,” in UCERSTI2 workshop
at the 5th ACM conference on recommender systems, Chicago, USA, vol. 23,
2011, p. 53.

K. Jarvelin and J. Kekéldinen, “Cumulated gain-based evaluation of ir
techniques,” ACM Transactions on Information Systems (TOIS), vol. 20,
no. 4, pp. 422-446, 2002.

B. Smyth and P. McClave, “Similarity vs. diversity,” in International con-
ference on case-based reasoning, Springer, 2001, pp. 347-361.

Y. C. Zhang et al., “ Auralist: Introducing serendipity into music recom-
mendation,” in Proceedings of the fifth ACM international conference on
Web search and data mining, 2012, pp. 13-22.

A. Bellogin, P. Castells, and I. Cantador, “Statistical biases in informa-
tion retrieval metrics for recommender systems,” Information Retrieval
Journal, vol. 20, pp. 606-634, 2017.

H. Abdollahpouri et al., The unfairness of popularity bias in recommenda-
tion, 2019. arXiv: 1907.13286 [cs.IR].

W. X. Zhao et al., “Recbole: Towards a unified, comprehensive and effi-
cient framework for recommendation algorithms,” in Proceedings of the
30th ACM International Conference on Information & Knowledge Manage-
ment, ser. CIKM "21, New York, NY, USA: Association for Computing
Machinery, 2021, pp. 4653—-4664, 1SBN: 9781450384469.

J. Bergstra, D. Yamins, D. D. Cox, et al., “Hyperopt: A python library
for optimizing the hyperparameters of machine learning algorithms,”
in Proceedings of the 12th Python in Science Conference, Citeseer, vol. 13,
2013, p. 20.


https://arxiv.org/abs/1301.7363
https://arxiv.org/abs/1907.13286

Bibliography 102

[89] A.Paszkeetal., “Pytorch: An imperative style, high-performance deep
learning library,” in Advances in Neural Information Processing Systems
32, H. Wallach et al., Eds., Curran Associates, Inc., 2019, pp. 8024-8035.

[90] Z. Zhang, “Improved adam optimizer for deep neural networks,”
in 2018 IEEE/ACM 26th international symposium on quality of service
(IWQoS), Teee, 2018, pp. 1-2.

[91] K. Heetal., “Deep residual learning for image recognition,” in Proceed-
ings of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), 2016.



103

Appendix A

Formulations

TE-IDF

The Term Frequency - Inverse Document Frequency (TF-IDF) are calculated
of each item. In this setting, the term is the item, the document is the se-
quence of items and the corpus is all the users’ sequences. The Term Fre-

quency (TF) measures the presence of an item within a sequence.

TR — number of times the item v appears in the sequence
° total number of items in the sequence

(A1)

which produces nl—u if the item is in the sequence since an item can only ap-
pear once within a sequence. Inverse Document Frequency (IDF) of an item
reflects the proportion of sequences in the corpus that contain the item. Items
unique to a small percentage of sequences (e.g., niche items) receive higher

importance values than items common across all sequences.

(A.2)

IDF, = log ( total number of sequences in the corpus )

number of sequences that contain the item v

TF-IDF balances the item commonality within a sequence measured by TF

with the rarity between sequences measured by IDF, such that:
TE-IDF, = TF, x IDF, (A.3)

the score reflects the importance of an item for a sequence in the corpus. For
each user, we obtain the TF-IDF scores of each item in the sequence and refer
to the new sequences as the popularity scores P € RI“*". That is, for an
item v; from the user’s sequence of items &% we have the TF-IDF score py;
that describes the item’s popularity in relation to other users. Hence, the
vector p, describes the user’s preference to popular and niche items.
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Dropout and Layer Normalization

$1(x) = x + Dropout(¢,(x)) (A4)

where x is a vector containing all features of a sample and ¢, is the self-
attention SA or feed-forward network FEN function [7]. Residual con-
nections propagate low-layer features to higher layers by residual connec-
tion [91]. Since embedding the last visited item is entangled with all pre-
vious items after several self-attention blocks, adding residual connections
helps propagate the last visited item’s embedding to the final layer. Layer
normalization helps stabilize the neural network by normalizing the inputs

across features towards zero-mean and unit variance [42]:

LayerNorm(x) =« ® \/x% +B (A5)
o’ +e

where y and ¢ are the mean and variance x while a and B are the learned

scaling factors and bias terms, respectively.



Appendix A. Formulations 105

Threshold: 0.1 Threshold: 0.3 Threshold: 0.4 Threshold: 0.5
0.200 0.8
0175 0.6 0.7 08
0.150 0.5 0.6
0.6
0.125 0.4 05
0.100 0.4
0.3 0.4
0.075 0.3
0.2
0.050 0.2 0.2
0.025 01 01
0.000 0.0 0.0 0.0
Sequence Length Sequence Length Sequence Length Sequence Length
Threshold: 0.6 Threshold: 0.7 Threshold: 0.8 Threshold: 0.9
1.0 1.0 10
0.8 08
0.8 08
0.6
06 0.6
0.6
0.4
0.4 0.4
0.4
02 02 02
0.2
0.0 0.0 0.0
Sequence Length Sequence Length Sequence Length Sequence Length

FIGURE A.1: Movies Dataset: plots the ratio of popular to un-
popular items, within each position in the sequence. The ratio
decreases as the sequence length increases.

TABLE A.1: List of libraries used during the implementation of

each model
Library Description  Version
Recbole For developing recommendation algorithms 1.0.1
HuggingFace Pretrained Machine Learning Models =~ 4.44.2
Pytorch Ecosystem of machine learning tools ~ 1.10.0
HyperOpt Hyperparameter optimization functionalities 0.2.7
Numpy For multi-dimensional arrays and matrices 1.26.4
Pandas For data manipulation and analysis 1.3.0

Scipy For optimization and image processing 1.6.0
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FIGURE A.2: Fashion Dataset: plots the ratio of popular to un-
popular items, within each position in the sequence. The ratio
decreases as the sequence length increases.
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FIGURE A.3: Games Dataset: plots the ratio of popular to un-
popular items, within each position in the sequence. The ratio
decreases as the sequence length increases.
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FIGURE A.4: Music Dataset: plots the ratio of popular to un-
popular items, within each position in the sequence. The ratio

decreases as the sequence length increases.
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TABLE A.2: List of parameters and their respective search
spaces for each model during hyperparameter optimization

Model Parameter Search Space
e-greedy Epsilon 0.1-0.8
Threshold 0.1-04

BPR Embedding size 16,32, 64,128

NCF Embedding size 32,64,128
Neighbourhood Embedding size 16,32, 64

Number of Neighbours 5,10, 15, 20

Number of Convolutional Kernels 32, 64,128
Convolutional Kernel Size 3,4,5,8

Pool Kernel Size 3,4,5,8

De-biased MF Embedding size 10, 20, 30, 50
FM Learning Rate 0.01,0.005,0.001,0.0005,0.0001
Embedding size 10, 20, 30, 40, 50

TransRec Embedding size 16, 32, 64, 128
GRU4Rec Embedding size 16, 32, 64, 128
SASRec Layer Normalization Epsilon le-4, 1e-5, 1e-6, 1e-8, 1e-12
Hidden dropout probability 0.1-0.9

Attention dropout probability 0.1-0.9

BERT4Rec Layer Normalization Epsilon le-4, 1e-5, 1e-6, 1e-8, 1le-12
Hidden dropout probability 0.1-0.9

Attention dropout probability 0.1-0.9

Mask ratio 0.1-0.9

BiCoRec Layer Normalization Epsilon le-4, 1e-5, 1e-6, 1e-8, 1e-12
Hidden dropout probability 0.1-0.9

Attention dropout probability 0.1-0.9

Unsupervised loss weight 0.0-1.0

Temperature 0.0-1.0

Weight input dimension 10, 20, 30, 50, 100
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