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1 DISSERTATION TOPIC

Relevance of the topic

The rapid advancement of technology and the exponential growth of data have led to
the emergence of sophisticated recommendation systems designed to enhance user experience
by providing personalized suggestions based on various contextual factors. In particular, indus-
trial applications of recommender systems are increasingly shifting toward the development of
near real-time, online, and real-time recommendation systems. Such systems are especially in
demand across various online platforms, including news and content feeds in social networks,
media and streaming services, e-commerce platforms featuring goods and merchants, and other
digital products. Given the business and product requirements, machine learning models are
expected to use the most up-to-date user and item information to create accurate and most
relevant recommendations at the time of prediction for a user’s request in mobile applications
and web platforms.

This implies the ability to incorporate contextual aspects such as time, location, operat-
ing system, or any other relevant environmental, user- or item-specific context. These contextual
factors enable high speed of updating and refining recommendations, making them more rele-
vant and precise at the moment of prediction. Recommender systems capable of incorporating
such contextual information are referred to as context-aware recommender systems.

Traditional recommender systems, such as collaborative filtering or other approaches,
often fail to capture the dynamic nature of user preferences in short time intervals and relevance
at the time of display. As one of the ways to overcome these shortcomings, there is a need to
add contextual information to existing recommendation algorithms and develop new approaches
and methods that better align with users’ evolving needs and preferences at the inference step.
Although there are already various techniques for adding context to traditional models of
different types, very few of them are effective and accurate approaches that explicitly design
and take into account contextual information during training and inference.

To address this issue, this thesis focuses on the development of approaches that incorpo-
rate contextual features. By leveraging contextual information such as time, this research seeks
to refine existing methods and propose new context-aware algorithms that can significantly
enhance the relevance and accuracy of recommendations. The study is limited to the most
common recommender system tasks: next-basket prediction, next-item prediction for sequen-

tial recommendations, and general top-N recommendations. These tasks are the most widely



used in FMCG and non-FMCG e-commerce recommendation systems, and ML-based content
feeds. These tasks were chosen because our research group had the opportunity to test the
proposed algorithms online within the production systems and products of T-Bank.

In particular, the first challenge is to narrow the general possible context to the time
factor as the most popular and frequently used type of context, having worked out options
for adding it to the KNN-based algorithms and state-of-the-art neural networks for sequential
data, enabling them to become time-aware and time-dependent.

Moreover, the second problem lies in the limited availability of comparison of existing
contextual recommendation approaches with each other. This is due to the fact that many
algorithms proposed in academic papers lack publicly available implementations and an open
code base, which complicates the correct reproduction of the model itself and the validation of
experimental results, as well as improving these models, conducting new experiments on other
data, and deploying them in real production systems. In addition, the lack of benchmarks,
the use of different data sets and their preprocessing, the lack of standards for choosing quality
assessment metrics, and the inconsistency of the selection of base models further complicate the
possibility of conducting comparisons between existing contextual recommendation systems. To
overcome these problems, the design of experiments and unified offline evaluation framework
were created as part of the research. The effective implementations of models from original
articles were implemented as benchmarks with the selection of hyperparameters for both base
comparison models and new approaches.

Finally, the third issue is that including context as features or an additional dimension
significantly increases both the computational complexity for model training and inference, and
the volume of data — data sets and sizes of model artifacts. To overcome these limitations,
additional methods need to be developed to optimize the entire ML pipeline of contextual
recommender systems. One chapter of this paper is devoted to addressing these issues, focusing
on strategies such as avoiding the use of user ID-specific embeddings and implementing a
computationally more efficient loss function, demonstrated by the BPR function, which can be
applied to any of the proposed new models and approaches.

The relevance of the dissertation topic can be validated on several aspects. First, recom-
mender models that are capable of incorporating context and operating efficiently are in high
demand in real-world industrial online and real-time recommendation systems. However, there
are still relatively few context-aware approaches that are optimal and suitable for production
deployment. Second, contextual recommender algorithms demonstrate greater adaptability to

user interests at the moment of inference. They are able to capture the dynamics of both long-



term and short-term preferences, as well as incorporate new information from user interactions
and feedback within a session in mobile or web applications. Third, improving the overall
quality of recommendations remains a challenging task. Current ranking metrics are still far
from the desired target values, both in terms of business objectives and the true relevance
estimation perceived by users. Last but not least, contextual recommendations are in demand
in the rapidly evolving environment of LLM and GPT-based technologies due to the growing
need for personalization and efficient processing of interactions in long-term context.

In conclusion, the findings are expected to provide valuable insights for both academia
and industry, paving the way for more intelligent, user-centric recommender systems that adapt

to the evolving needs of users.

The goal and objectives

The primary goal of this work is to enhance existing and propose novel approaches for
obtaining context-aware recommender systems with higher relevance for users recommenda-
tions.

To achieve this aim, several specific objectives have been outlined. Firstly, the research
provides the systematic overview of existing context-aware recommendation systems to identify
their task formalizations, methods and methodology. This review includes various algorithms
and frameworks from academic and industrial articles, providing a solid foundation for under-
standing their advantages and limitations as a result of author’s critical analysis. By analyzing
the open questions and gaps of existing systems, the research highlights the areas where im-
provements can be made, particularly in terms of contextual data incorporation into existing
algorithms and increase of models’ performance in algorithmic metrics of quality.

Secondly, the study focuses on the development of novel algorithms that incorporate
multiple contextual factors, for instance, such as time. This objective involves designing and
implementing new models that can dynamically adjust recommendations based on real-time
contextual changes and perform the training process with respect to contextual features. The
research covers the advanced machine learning techniques, such as generalization of common
approaches to become context-aware approaches to neural network architectures for graph,
knowledge-graph and sequence-based architectures. By providing the several reproducibility
studies and experimenting with different enhanced and new algorithms, the study aims to
identify the most effective context-aware methods for improving recommendation quality on

different open-source datasets and experimental set-ups.



Thirdly, to make existing and new approaches comparable, we need to implement all
algorithms, develop valid offline evaluation pipelines and splitting strategies, provide the same
panel of ranking metrics and recommendation list lengths with the k parameter, use the same
open-source datasets, and publish the codebase of models and experiments to ensure repro-
ducibility and repeatability.

Finally, the research extends to the techniques in addition to new context-aware ap-
proaches for improving the effectiveness of the algorithms, for instance, with optimization of
the loss function or by ID-free logic of embeddings initialization, These complementary tech-
niques are aimed at increasing computational efficiency and scaling of the entire ML pipeline
for context-aware recommendations with the ability to generalize other types of recommender
systems for industrial use.

In summary, the aim of this research is to advance the quality of context-aware recom-
mendation systems through the development of more efficient approaches and algorithms by

systematically addressing the limitations of existing state-of-the-art models.

2 KEY RESULTS

The novelty of the research findings can also be summarized in several key points. First, a
systematic analysis of existing context-aware approaches covers problem formulations, methods
for incorporating context into recommender models, and a critical evaluation of the strengths
and limitations of the reviewed approaches. Second, existing methods were implemented and
reproduced to ensure comparability, contributing to the lack of extensive reproducibility studies
in the domain of context-aware recommendations. Third, new contextual recommender algo-
rithms were developed, covering three main recommendation tasks and multiple algorithmic
families: KNN, sequential, graph and knowledge graph-based neural approaches. These imple-
mentations can serve as a foundation for future research and development. Fourth, simple yet
effective techniques were proposed to enhance the performance and quality of recommender al-
gorithms. These techniques show potential for generalization across various families and types
of recommender systems that employ pairwise and listwise ranking loss functions. Additionally,
ID-free embedding technique was introduced to address the user cold-start problem, enabling
recommendation predictions based solely on contextual input features. The improved perfor-
mance and optimization techniques led to a significant enhancement in ranking metrics, which

we hope will encourage researchers to apply these results in their own domains and datasets.



Key aspects/ideas to be defended:

1.

We proposed a time-aware and time-dependent algorithms based on TIFU-KNN, the
frequency-based approach that surpasses other models on the next-basket recommenda-
tions task on various open-source datasets |12, 6]. The developed methods generalized
TIFU-KNN to a context-aware recommender model and enhanced the relevance of rec-
ommendations on the real-world datasets. It demonstrates the value of replacing ordinal
number weighting of baskets with weighting based on the amount of time between inter-
actions and improves the quality of recommendations by introducing time features both

for training and prediction stages.

. We have described a novel method, Time-Aware Item-based Weighting (TAIW for short),

based on the Hawkes Process and two different modules of the architecture for next-basket
recommendations. It overcomes the limitations of TIFU-KNN. To encourage reproducibil-
ity and future research, we share the implementation of TAIW as well as other baselines
in our experiments online. We conducted experiments on three real-world datasets and
demonstrated the superiority of TAIW over well-tuned high-performance baselines for the
NBR task with up to 9.2% on the same datasets for Recall@k, NDCG@k and Precision@k
k =5,10. We conducted an ablation study, a temporal context importance analysis and

a case study to gain insight into TATW.

. We proposed a method to sequential recommenders that incorporates and leverages tem-

poral information to enhance their predictive performance. We add temporal context to
the models of TiSASREc and GRU4Rec additionally to time intervals, comparing several

ways to combine item and time embeddings.

We introduced a new graph-based algorithm TimeKGAT that uses external information
in the form of a knowledge graph, which can be combined with the bipartite graph of user-
item interactions, and includes time as additional dimension for temporal graph slices in
order to capture the dynamics of user preferences. The experiments demonstrates better

performs, than initial KGAT on the open-source data on purchase history.

. The significant contribution to reproducibility and replicability studies for graph-based,

knowledge-graph based time-aware and general recommender systems with respect to
open-source code on GitHub for all first-tier publications. The offline evaluation pipelines
enabled the comparison of the existing and proposed algorithms due to the same datasets,

quality metrics, and the fine-tuned benchmarks and novel approaches. Our studies shows



that accuracy of knowledge-graph and graph-based models requires improvements in com-
parison to general approaches. Also, we released a context-aware real-world dataset TTRS

based on the anonymized purchase history of users of T-Bank.

6. Apart from the main experiments, we developed the inductive scenarios to address a user
cold start problem (e.g. ID-free embeddings technique and the extension of proposed
TAIW algorithms - TATWI). These findings enable the researchers and ML engineers to

implement the enhancements for real-time recommendations.

7. An optimized implementation of the BPR algorithm demonstrates the potential for up to
a 50% improvement in performance metrics on the public datasets. Moreover, the con-
ducted ablation study provides valuable insights into key hyperparameter configurations
for training recommender models. In particular, it highlights the importance of using reg-
ularization, adaptive negative sampling, SGD as the optimizer, and disabling item biases

for optimal performance.

8. The novel techniques and proposed algorithms , which incorporated time as additional
vector, can be generalized from time-aware to other types of context-aware models (loca-

tion, environement state, etc.), however require more future studies and improvements.

The theoretical significance of the study lies in the significant progress in new results
and conclusions on a wide panel of experiments, systematization of this knowledge in the field
of algorithms and approaches for recommendations to take into account the context, as well
as new proposed algorithms and approaches for contextual recommender systems. In addition,
the study reveals additional difficulties, new research tasks, and problems that set possible
directions for future research in this area. It is also worth noting that the new proposed algo-
rithms require further refinement and continued improvement of their accuracy and especially
computational efficiency.

From a practical point of view, the contribution of this work is the applicability of the new
proposed algorithms to real applied problems of building recommender systems. In particular,
the following contextual models were developed and studied: Time-dependent & Time-aware
TIFU-KNN, Time-aware Item Weighting (TAIW), Time-aware GRU4Rec and TiSASRec, as
well as TimeKGAT. All the listed models are applicable to standard recommendation tasks,
such as predicting a user’s next basket, the next item in a sequence, and obtaining a total list
of Ton-N recommendations. The practical applicability of these models is possible due to the

open source code availability on Github, with the necessary implementations of the architec-



ture, data preprocessing, and experimentation pipeline. This encourages further improvements
in the quality of recommendations based on these algorithms. Additionally, the proposed tech-
nique for training user embeddings without identifiers effectively solves the cold start problem.
While the optimized implementation of the BPR (Bayesian Personalized Ranking) algorithm
demonstrates the potential for up to 50% improvement in quality metrics on public datasets.
Exhaustive experiments and studies on the influence and importance of model parameters
and hyperparameters provide valuable insights into the best hyperparameter configurations for
training recommendation models. In particular, they once again emphasize the importance
of using regularization, adaptive negative example sampling function, SGD as one of the best
optimizers for batch learning, and the recommendation to not use biases when training feature
vectors for recommendations for optimal quality and performance.

Thus, the theoretical and practical significance of this study on improving the quality of
contextual recommender systems is extensive. The theoretical results provide grounds for new
directions of research and analysis, while the practical benefits for enterprises and organizations
lie in the implementation of more efficient algorithms and improved customer experience. Ad-
ditionally, this study narrows the gap between theoretical findings and practice, contributing
to obtaining practice-oriented and valuable results for a positive impact on the end users of

recommender systems.

Personal contribution

The research study presented in the thesis is the result of several years of dedicated work
and collaborative efforts. The author declares, except where explicit reference is made to the
contribution of others, that the development of the research design of this thesis, its structure,
key ideas, systematic review of existing research studies and reproducibility approaches, as well
as experimental analysis with discussions and conclusions, were prepared independently and
are the results of her own work. In the first paper, the method was jointly developed with
Oleg Lashinin and Sergey Naumov, with participation in experimental analysis and review,
contributing to the manuscript for the paper submission. The second paper is a collaborative
work with Aleksey Romanov and Oleg Lashinin, with participation in discussion on introducing
the Hawks process, experimental analysis, writing and reviewing the paper, approving the final
version, and presenting in the poster session at the conference. In the sixth and seventh papers,
the author helped to develop the research proposals, the concept and design of the experiments,

conduct and perform technical review and data analysis, helped to write the manuscript, and



approved the final version for conference submissions. Other papers were provided with scientific

supervision and review.
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Recommender Systems and User Modeling (ORSUM), Seattle, USA, September, 2022.
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4 CONTENTS

This thesis consists of six chapters. Chapter 1 provides an introduction and motiva-
tion of the topic of this thesis, while Chapter 2 presents a literature review and landscape of
the research field of interest, including a critical analysis of the advantages and disadvantages
of context-aware recommendations, existing models, approaches, and evaluations. The next
section, Chapter 3, focuses on the replicability and reproducibility of the research investiga-
tion. Chapter 4 introduces novel approaches and model architectures for integrating time and
other context information into various types of recommender system tasks. In Chapter 5 the
proposed novel methodologies and methods for improving training and inference performance
are discussed, as well as other large-scale issues and challenges in industrial applications. The

final section, Chapter 6, includes the main conclusions, future work, and remarks.

Chapter 2

Chapter 2 provides an overview of recommender systems. Subsection 2.1 introduces
the fundamentals and general approaches to recommender systems. The next subsection, 2.2,
explores existing context-aware recommender models. Subsection 2.3 highlights the advantages
and perspectives of context-aware recommender systems as defined by the author of the thesis,
while Subsection 2.4 provides insights into the identified disadvantages and limitations of these
approaches.

Context-aware systems offer several advantages, including increased relevance and per-
sonalization, adaptability to real-time scenarios, and improved handling of dynamic user behav-
ior. These systems are particularly effective in reducing false-negative predictions by capturing
the variability of user preferences across different contexts. Moreover, context information can
be leveraged for data augmentation, enhancing model training on sparse datasets. The integra-
tion of LLMs and GPT-based models further expands the potential of context-aware systems,
enabling richer semantic understanding and more accurate contextual inference. Additionally,
context-aware baselines and simulation tools are being developed to improve evaluation and
benchmarking, supporting both offline and online experimentation.

Despite their benefits, context-aware recommender systems face several challenges. The
formalization of context remains complex due to its multifaceted and interdependent nature,
complicating model design and evaluation. High computational demands arise from the in-
creased data dimensionality and model complexity, impacting training efficiency and inference

latency. Reproducibility is another concern, as many context-aware models lack open-source
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implementations or standardized evaluation protocols. Data scarcity also limits progress, as few
publicly available datasets include rich contextual information beyond timestamps. Further-
more, the dynamic nature of context introduces instability in model evaluation and monitoring,
while the risk of creating context-based filter bubbles raises ethical concerns regarding user au-

tonomy and diversity in recommendations.

Chapter 3

This chapter introduces the reproducibility studies on the general approach (on the ex-
ample of BPR loss function) in the subsection 3.1, the time-aware recommender approaches in
the subsection 3.2, and the graph-based and knowledge-graph-based algorithms in the subsec-
tion 3.3.

In subsection 3.1, we re-investigated matrix factorization with the BPR optimization
criterion. We successfully replicated the BPR model on the Netflix dataset from the original
BPR paper. Moreover, we analyzed open-source implementations of the BPR model, uncov-
ering inconsistencies and deviations from the original paper that hindered their performance.
Notably, implementation from the Cornac framework achieved the best performances among
third-party implementations despite differing from the original model. Also, Elliot is the only
open-source framework closely following the BPR paper. Furthermore, our investigation into all
model’s features revealed some intriguing insights. We found that the choice of regularization
and negative sampling are pivotal for the model’s performance. Surprisingly, we also discovered
that the SGD optimizer is a critical factor in achieving good results with the BPR model, as
it is tightly linked to the negative sampling process. Also, our findings demonstrate that with
proper tuning of these three features, our BPR implementation can achieve performance met-
rics close to state-of-the-art methods and even surpass some of them on several datasets. For
instance, our model statistically significantly outperforms Cornac’s results by 8.7% on ML-20M
in NDCG@100 and Mult-VAE on MSD by 10%. Moreover, our implementation showcases ex-
ceptional results on datasets with global temporal split, surpassing even Mult-VAE and EASE.
We hope these findings inspire further research into BPR-based extensions and other models
that utilize the BPR objective, such as Light GCN, GRU4Rec, and Transformers4Rec.

In subsection 3.2, we proposed a method for accounting for the user’s current tem-
poral context. The effectiveness of the method depends on the underlying algorithm and the
nature of the data. For sequential models such as GRU4Rec and TiSASRec, incorporating

the timing of the next interaction helps improve prediction quality. Conversely, for the KDA
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model, which simultaneously addresses the recommendation task and the vector representation
of the knowledge graph, this incorporation leads to a decline in quality. Notably, on large
datasets, the quality metrics of the TiSASRec model, which employs a self-attention mecha-
nism, are significantly higher than those of GRU4Rec, which consists of simpler GRU layers.
The proposed method allows for the consideration of various temporal dimensions (hour, day
of the week, month) both individually and in combination, and it operates effectively on data
from different domains with varying degrees of sparsity. Future work and directions can be
extended with respect to different values of time features, for instance, with binarization of
time intervals. Also, the perspective research area is to capture seasonality using time-aware
versions of sequential models, which is a challenging task due to the long context windows of
sequences and the default design to add time features along with each interaction instead of a
batch of interactions.

In subsection 3.3, we conducted the experiments for comparing general, graph and
knowledge-graph models based on the data from the different domains in order to evaluate
the quality of the most popular state-of-the-art models. The results demonstrated that the
selected approaches on the proposed data lag behind models such as EASE and ItemKNN
not only in training time but also in prediction quality. Furthermore, bipartite models better
capture collaborative signals compared to knowledge-graph models, which focus on training
the knowledge-graph part. The addition of features in knowledge graphs does not universally

mitigate the cold start problem across all models.

Chapter 4

This chapter is demonstrating four new proposed algorithms for context-aware recom-
mendations. In subsection 4.1, we present the time-aware and time-dependent TTFU-KNN
algorithms.

Time-aware TIFU-KNN (TIFU-KNN-TA) is easily attainable with a few adjust-
ments. Each user’s entire purchase history is divided into equal time segments of gs days.
tS1as¢(u) corresponds to the timestamp of the last train basket of user u. Then the first group’s
baskets are distributed between ts;,5; (1) — gs and ts;q5 (1) Interactions between tsyqq(u) —2- gs

and 8,5 (1) — gs form the second group. Group timestamp restrictions for user u are as follows:

groupy, (u) © (tsist(u) — (m+ 1) - gs, tSpase(u) —m-gs), m=0,1,2,... (1)

As a result, each user’s group size in days is fixed, but the number of baskets in each

13



group and the total number of groups can vary. For the group r,(j), the attenuation is still the
same as it is in the default TIFU-KNN. On the other hand, the group’s 7, basket coefficient
has changed. Instead of the basket number, the exponent is now the number of days until the
group’s end (or natural logarithm of the number of days, depending on the hyperparameter
use_log). Let us denote the right limit of the group ¢ from Equation 1 as rl(g), and the
timestamp of the basket b as ts(b):

Ats(b, g) = rl(g) = ts(b), (2)
ry(Ats) = rbAts(b’g) or 715(Ats) = rén (@is(eg) (3)
B(g)
B ro(Ats) - vy,
- 3 B ()

Time-dependent TIFU-KNN (TIFU-KNN-TD) has two differences from Time-aware
TIFU-KNN. During the prediction stage, a timestamp of the next basket ts;.s(u) is served to
the model for each user. In offline experiments, this could be the moment when a user buys
test or validation baskets. Additionally, we can use the time of predictions if the experiments

are online. In order to create groups of baskets for the purpose of calculating the user vector

new

"W tsiest(w) is used instead of the maximum timestamp ts;.s (1) from the train. User u now

()

has the following group timestamp limitations:

groupm(u) : (tStest(u) — (m 4+ 1) - gs, tSpese(u) — m - gs), (5)

Thus, on the validation and test stages, the model has new vectors v, for each user.
However, the nearest neighbour representations are determined for ts;,s(w). This is done to
prevent the need to continually recalculate the vectors of all nearby users. As a result, we
calculate vectors v, for the target user u using the current moment of time. However, the

vectors for nearest neighbours are only based on the training stage.

KNN(,UHCU)) = {Uumvupvuga "'avuK_1}7

u

A ©
'Unn(UZew) _ Z KNN([(U )[ ]’
P(u) = a- v + (1 — a) - vgn(v°). (7)

In this study, we demonstrated the importance of providing time-dependent and time-

aware next-basket recommendations. We made some minor adjustments to the state-of-the-art
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Figure 4.1: A general overview of the proposed TAIW model. It has two modules, the Re-
purchase Module and the Neighbourhood Module. The Repurchase Module uses the Hawkes
process to take into account the contribution of historical purchases of each item at the cur-
rent moment. Base intensity allows the estimation of relevance scores for both consumed and
unconsumed items. The final user vector is the sum of these two vectors. The Neighbourhood
Module stores vectors of all users and helps to find preferences of similar users to improve
recommendation performance.

TIFU-KNN next-basket recommender system to show the impact of time context. On three
real-world datasets, the quality of next-basket predictions was improved by merely substituting
basket number for interaction weighting using timestamp-based descent. We believe that these
findings will spur additional study into the creation of time-sensitive next-basket recommenda-
tion techniques for both the training and prediction phases.

In subsection 4.2, we introduce the Time-aware Item Weightening algorithm for the
next-basket prediction task. We define the NBR problem and describe a new model for this
task called Time-Aware Item Specific Weights (TAIW). We are inspired by the aforementioned
superiority and simplicity of TIFU-KNN, the time awareness of TIFU-KNN-TA, and the item-
specific weights in SLRC. An overview of TAIW is shown in Figure 4.1. The proposed method
has two modules: the Repurchase Module and the Neighbourhood Module, which are described

below.
Problem Definition

Let U be the set of users and V - the item set. We can represent the consumption
history of user u € U as a sequence B" = {(b{,t{), ..., (bu; t|pu))}, Where b} = {vid ...,vﬁ)’gl} is
J

an unordered set of items (in other words, a basket) purchased by user u at the corresponding
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timestamp ¢ € R*. We assume that t¥ < t%,,Vj. Given a target timestamp tipe our goal is

[+1>

to predict the next basket beﬂ 41 of user u.
Repurchase Module

As mentioned above, there are many similarities in the repurchase behavior of different
users, namely a short-term and a long-term pattern in the distribution of inter-consumption
gaps [slrccite, 13|. The former refers to the user’s desire to repurchase the item immediately

after the previous purchase. The latter refers to the lifespan of the purchased item. It is worth

U

noting that these patterns vary from item to item, which means that the target time tigui41

may be an appropriate time to repurchase some items rather than explore new items. The aim
of the Repurchase Module of the proposed method is to learn patterns of inter-consumption
gaps for all items and to rank items according to their relevance at the target timestamp :TIIRE
To do this, we use a scoring function similar to SLRC [slrccite], which comes from the Hawkes

process [7]. The relevance score Ay, ;({{u ;) of item i € V for user u € U at the target timestamp

tf‘Bul 41 can be calculated as follows:

Aui(tgujr1) = )\?m + Z Vilt{pujs1 — t5), (8)

(bY,tY)eBv: iebY, 4 <ti'pu|pq

where \°

U,

is some base intensity score of user u to buy item ¢. The function ~; is a scoring
function of the time interval between the last basket containing item ¢ and the prediction time.
It should be proportional to the probability of repurchasing the item after the interval. The
parameter «; is an item-specific importance factor of the repurchase component.

To properly rank items at the target time tigu|1 according to their relevance at that

time, ; needs to fit item-specific patterns. Similar to [slrccite|, we model short- and long-term

repurchase patterns with the following family of functions:

%i(At) = T E(At] B7) + (1 — 7 )N (AL i, 0"), (9)

where E(At| 87) is the probability density function (PDF) of the exponential distribution with
parameter A = ', N(At| u',c') is the PDF of the Gaussian distribution with parameters
p=put, o= o' wis the coefficient of the linear combination of different patterns. According to
our research on the datasets considered, for the vast majority of items, the interval between pur-
chases is exponentially distributed, indicating the dominance of short-term patterns. However,
for some items, a high repurchase frequency can be observed after rather long time intervals.

As a result, the chosen family of functions could potentially fit the majority of existing pattern
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forms.

The basic intensity A ; of user u to buy item i has been introduced in the SLRC model
for recommending new items. The authors used models such as BPR [10] and NCF [3]| with
trainable user embeddings to model this basic intensity. It can be considered a limitation in
practice [11] due to the fact that this model cannot be applied to unseen users in an inductive
scenario. The proposed method gives the possibility of recommending new items by another
module. Therefore, we can consider an inductive version of TAIW without learning user-ID

based embeddings:

Aui( rBu|+1) = Z vi(thqu _ t]“) (10)
(b t4)eBv: d€b, ti<tipy .,

We call the corresponding model inductive TAIW or TAIWI. We will show below that TAIWI

outperforms other state-of-the-art methods.
Neighbourhood Module

Inspired by the success [9] of user-based k-Nearest Neighbour (kNN) methods (TIFU-
KNN [5] and UPCF [1]) for NBR, we introduce a Neighbourhood Module. We define the

representation of user v € U at the target timestamp tiguj1 8S follows:

f(u tupia) = i (Bpugn), o A v (1)) (11)

It is then possible to calculate vector representations for other users. Note that neighbours
must be calculated without information leakage from test or validation sets. For simplicity, the
neighbours’ representations can be computed at the timestamps of their last baskets from the
training set. As a result, there is a set of other users’ representations {f(u,t3. )| u € U}.
Once we have the target user’s representation and the other users’ vectors, we can cal-
culate similarity scores between them. Inspired by TIFU-KNN, we define the final prediction
vector as a linear combination of the representation of the target user u at the target times-

tamp 7.4 and the average vector of the nearest neighbours’ representations from the set

|+

{f (u, t{pu) | we Ul

1 g
P, =ax f(u,thqu) +(1—a)= % Z f(u,twa‘), (12)
aekN N (u)

where kNN (u) is a set of k users from the training set with the smallest Euclidean distance to

the representation of the target user.
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The Repurchase Module of the proposed models has a number of trainable parameters.
These are 0 = {7, 5’, fi,d}, which refer to item-specific repurchase patterns. Unlike TATWI,
TAIW has @ and basic intensity model parameters to train. We use the BPR model to cal-
culate basic intensities in TAIW. Pairwise ranking loss is used to train the parameters of the

Repurchase Module:

== > Dot = A (), (13)

uelU b"t )eBY zeb"

where i~ € V\(b} U by U ... U bp.|) is a random negative element. For the TAIW model, we
include the standard L2-regularisation of the basic intensity model in L. Moreover, the Neigh-
bourhood Module provides our models with several hyperparameters: k and «. In addition,
there are such common hyperparameters as learning rate, batch size. The TAIW model includes

hyperparameters of the basic intensity model.

Cheese Toothpaste Hair conditioner

—— estimated intensity —— estimated intensity —— estimated intensity
inter-consumption gap inter-consumption gap 04 inter-consumption gap
- histogram e - histogram L histogram

Intensity

300 400 500 3 50 100 150 200 250 300 350 3 50 00 150 200
Days Days Days

Figure 4.2: Inter-consumption gap distribution and estimated intensity functions for specific
Dunnhumby items.

To answer RQ1, we conducted a series of experiments according to the evaluation pro-
tocol described. Table 4.1 shows the final metrics of the considered baselines and the proposed
methods. Our TAIW and TAIWI methods outperform all baselines across all datasets and
metrics. In addition, we can define SLRC and TIFU-KNN-TA as the most powerful baseline
models. Furthermore, we demonstrate how the size of the recommendation list affects the
metrics for the most powerful baseline models and the proposed methods across all datasets.
The experiments conducted show the superiority of the proposed methods over the considered
baselines.

To study RQ2, we divided users into five equal-sized buckets according to the number
of days between the last training basket and the test basket to examine the predictive power

of the considered methods for different time gaps. User preferences can drift over ey — gy
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Table 4.1: Metrics of the proposed models compared to the baselines. The best and the second
best models are indicated by boldface and underline respectively. A% shows the improvement
of our models compared to the best baseline.

§ Metrics

% Baseline Precision@10 Recall@10 NDCG@10

)
GP-Pop 0.0572 0.1308 0.1084
TIFU-KNN 0.0574 0.1360 0.1179

oo DNNTSP 0.0502 0.1306 0.1120

é SLRC 0.0621 0.1458 0.1194

= TIFU-KNN-TA 0.0615 0.1503 0.1248
UPCF 0.0576 0.1365 0.1154
TAIW 0.0644 (A3.7%) 0.1565 (A4.1%) 0.1267 (A1.5%)
TAIWI 0.0671 (A8.1%) 0.1642 (A9.2%) 0.1261 (A1.0%)
GP-Pop 0.0115 0.1116 0.0741
TIFU-KNN 0.0077 0.0749 0.0524

o DNNTSP 0.0002 0.0016 0.0012

ES SLRC 0.0116 0.1118 0.0801

é«% TIFU-KNN-TA 0.0078 0.0763 0.0543
UPCF 0.0085 0.0824 0.0553
TAIW 0.0122 (A5.2%)  0.1177 (A5.3%)  0.0815 (A1.7%)
TAIWI 0.0123 (A6.0%)  0.1190 (A6.4%)  0.0810 (A1.1%)
GP-Pop 0.1091 0.1577 0.1490
TIFU-KNN 0.1157 0.1653 0.1613
DNNTSP 0.0613 0.0929 0.0931

% SLRC 0.1192 0.1727 0.1675

A  TIFU-KNN-TA 0.1162 0.1705 0.1593
UPCF 0.1167 0.1663 0.1600
TAIW 0.1214 (A1.8%) 0.1791 (A3.7%) 0.1706 (A1.9%)
TAIWI 0.1211 (A1.6%) 0.1773 (A2.7%) 0.1713 (A2.3%)

due to specific repurchase patterns. As a result, TIFU-KNN may suffer from long gaps. On
the other hand, TIFU-KNN-TA, SLRC, and TAIW take these gaps into account. We can see
that TIFU-KNN-TA is better than TIFU-KNN for longer time intervals. The performance of
TAIW and TAIWI degrades more slowly than other models. This may indicate the importance
of adjusting the item-specific weights for the temporal context.

A series of experiments covering RQ3 were carried out to assess the importance of differ-
ent components of the proposed models. Firstly, the performance gap between the transductive
and inductive variants of the proposed models (TAIW and TAIWI) is investigated. The results
demonstrate that the difference between the models is small. As a consequence, the advantages

of the inductive model [11] can be used without loss of predictive power. Secondly, the per-
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formance of both TAIW and TAIWI without the Neighbourhood Module (SLRC and Hawkes,
respectively). This leads to the conclusion that the use of the Neighbourhood Module brings a
significant increase and robustness to the considered metrics across all datasets.

To answer RQ4, we analysed the estimated intensity functions from equation 9 for
different items from Dunnhumby, as this dataset has interpretable item categories. Figure 4.2
shows the results for cheese, toothpaste and hair conditioner. The actual distributions of the
consumption gaps and the estimated functions are quite close. We can see that all three items
have decreasing short-term repurchase patterns. However, there is an increase in repurchases
after 150-250 days for toothpaste and cheese, while hair conditioner is most often repurchased
after 50-100 days. It is worth noting that the Dunnhumby dataset includes transactions from
different households that are likely to repurchase household goods after a long period of time.
In general, TAIW parameters successfully handle different repurchase patterns for each item.

To test RQ5, we analysed the dependence of the predictive power of TAIW on the
contribution of the nearest neighbours to the prediction. Our target metrics (NDCG@10 and
Recall@10) change as a function of « hyperparameter of the Neighbourhood Module. The
resulting dependence allows us to conclude that repurchase patterns are not fully generalisable.
In fact, there is a significant drop in TAIW performance when « takes values close to zero and
the predictions depend only on the users’ neighbours. This could mean that in practice we have
a limited number of different users, which is why searching for very similar neighbours for them
can be a challenge. However, the optimal o value is less than 0.5. As a result, the contribution
of the neighbourhood is more significant than the contribution of the user representation for the
best configuration of TAIW. This could mean that repurchase patterns can still be generalised
to some extent.

In subsection 4.3, we explore the enhanced GRU4Rec and TiSASRec with incorporated
time features. We propose an augmentation to sequential recommenders that leverages temporal
information to enhance their predictive performance. Specifically, we extract the temporal
context from the timestamps associated with user-item interactions, including hour and day of
the week. We then create feature sequences T corresponding to item sequences S* with a shift
of one element. For instance, if user u interacted with the sequence of items [1,27, 13,81, 64]
at the corresponding sequence of hours [12, 10,23, 15, 19], we shift the time sequence by one,
such that the element from it corresponds to the time of the next item in the item sequence
(see Figure 4.3).

Formally, let S* = {sY, ..., sfsﬂ} be the sequence of interactions of user u at corresponding

U

timestamps 7" = {t{..., ¢, }. We want to predict the next interaction Sy,

o after S" at time
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Figure 4.3: Sequence of hours shifted by one to the future from item sequence

tu

vzt~ When we train the models, we know both Sy, , and ¢} Therefore, we could build

nex next*
representations of users based on the sequence S* and the pseudo-sequence of timestamps
PY = {t3....t |, thew ) Note that we ignore ¢} and start P* at 3. This shift allows us to

insert ¢ ., at the last position of P“. This means that when the model builds the user’s

U

representations based on the last item, it will also retrieve the features of the current time ¢, ,.

As we could see, this approach adds time awareness to most of the next-item recommenders.

We use several ways to include P* in a model:

1. Concatenate item and time embeddings and halve their embedding size so that the size

of the final embedding corresponds to other dimensionalities.

2. Concatenate item and time embeddings and double size of the next layer to match the

size of the final embedding
3. Concatenate item and time embeddings and double sizes of all other embeddings
4. Sum item and time embeddings

These methods could be easily integrated into different architectures. In this paper, we
consider two popular models — GRU4Rec [4] and TiSASRec [8]. Both models take S* as input
and try to predict the next element S™**. We insert P“ using the above methods and further
demonstrate the results. It should be noted that TiSASRec is already a time-aware model since
it takes into account the time between the consumption of items. However, our approach is
different since we add temporal context to the model in addition to time intervals, which is a
feature of the original TiSASRec. In this way, we can explore whether temporal context adds
value to the model that already considers time intervals, TiSASRec, and the classical sequential
model, GRU4Rec.

Due to space limitations, we could only demonstrate a limited number of experiments.
Our work could be extended in several ways. First of all, a deeper analysis of changing ranking
quality should be investigated. We would research the question of whether the model learns
some user-based temporal patterns, or it simply exploits some statistical information about the

item consumption time pattern. If the model gives higher scores for an item on a particular
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Dataset Model Time HR@5 HR@20 MAP@5 MAP@20 NDCG@5 NDCG@20

- 0.6700 0.8983 0.4467 0.4717 0.5023 0.5700
hour 0.6843 0.9073 0.4557 0.4805 0.5127 0.5794
GRU4Rec
weekday 0.6770 0.9050 0.4494 0.4743 0.5062 0.5738
TTRS hour + weekday 0.6900 0.9070 0.4467 0.4717 0.5023 0.5700
— 0.6730 0.8913 0.4476 0.4712 0.5038 0.5683
. hour 0.6907 0.9040 0.4584 0.4819 0.5162 0.5797
TiSASRec
weekday 0.6653 0.8953 0.4443 0.4697 0.4994 0.5679
hour + weekday 0.6857 0.9047 0.4590 0.4766 0.5154 0.5804
— 0.4204 0.7054 0.2593 0.2879 0.2992 0.3810
hour 0.4376 0.7108 0.2670 0.2943 0.3094 0.3876
GRU4Rec
weekday 0.4366 0.7204 0.2620 0.2901 0.3053 0.3862
MovieLens hour + weekday 0.4333 0.7194 0.2758 0.3038 0.3149 0.3962
— 0.4538 0.7194 0.2968 0.3234 0.3358 0.4119
TiSASRec hour 0.4516 0.7172 0.2961 0.3231 0.3346 0.4112
weekday 0.4516 0.7204 0.2946 0.3220 0.3336 0.4111
hour + weekday 0.4602 0.7172 0.2966 0.3221 0.3371 0.4105
— 0.4083 0.7024 0.2642 0.2928 0.2999 0.3832
hour 04014 0.7024 0.2438 0.2735 0.2830 0.3687
GRU4Rec
weekday 0.4221 0.6713 0.2760 0.3004 0.3124 0.3832
LastEM hour + weekday 0.3945 0.6505 0.2870 0.3127 0.3138 0.3873
— 0.5467 0.7370 0.4302 0.4491 0.4592 0.5136
. hour 0.5260 0.7474 0.4201 0.4432 0.4468 0.5112
TiSASRec
weekday 0.5121 0.7543 0.4105 0.4335 0.4356 0.5038
hour + weekday 0.5225 0.7370 0.4115 0.4315 0.4390 0.4988
- 0.6399 0.8070 0.4743 0.4925 0.5158 0.5653
GRU4Rec hour 0.6500 0.7932 0.4864 0.5019 0.5275 0.5698
weekday 0.6325 0.7959 0.4690 0.4861 0.5099 0.5575
4Square NYC hour + weekday 0.6251 0.7969 0.4587 0.4766 0.5002 0.5502
q — 0.7073 0.8042 0.6138 0.6237 0.6371 0.6651
TiSASRec hour 0.6870 0.7793 0.6226 0.6322 0.6388 0.6656
weekday 0.6953 0.8089 0.6096 0.6213 0.6310 0.6639
hour + weekday 0.7036 0.7904 0.6229 0.6320 0.6431 0.6684

Figure 4.4: Sequence of hours shifted by one to the future from item sequence
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Figure 4.5: Relevance scores from GRU4Rec Figure 4.6: Relevance scores from GRU4Rec
with shift (hour+day) and original GRU4Rec with shift (hour+day) and original GRU4Rec
for the item of category Bus Station during the for the item of category Music Venue during
whole week the whole week

weekday just because it is popular on that weekday, then it can be improved by trying to

understand the user’s temporal habits. Secondly, our experiments could be extended to other

recommenders to demonstrate their versatility. Indeed, it is not demanding for the model’s
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architecture. We hope that more experiments could prove the effectiveness of our method.

In summary, we propose a simple yet effective way to integrate the moment of using a
next-item recommender system. The proposed method can be easily integrated into most of
the previously proposed algorithms. Our results demonstrate the effectiveness of our method.
Despite our approach’s ability to improve quality on some datasets and metrics, we acknowledge
possible scenarios for future work. We hope that this work will be useful for both future research
and practical applications.

In subsection 4.4, we propose TimeKGAT. In the standard formulation of the recom-
mendation task, there is a history of user interactions with certain items. Let U be the set of
users and Z be the set of items, and let H = {e|e e Y U Z}. We can represent user interactions
as a bipartite graph, where there exists an edge (u,i) € E, with E being the set of edges in the
graph, if user u has interacted with item 1.

In addition to users and items for recommendations, this work incorporates external
information in the form of a knowledge graph, which can be combined with the bipartite graph
of user-item interactions. Since the knowledge graph consists of triples {(h,r,t)|h,t € E,r € O},
where £ is the set of entities and O is the set of relations in the graph, we introduce a new triple
(u, Interaction,i). Essentially, this is an edge from the bipartite user-item graph, but with a
specified edge type. We then construct a new knowledge graph 7 = {(h,r,t)|h,t € G,r € R},
where G = {ele € £ U H} and R = {r|r € O u {Interaction}}. By interaction, we mean
purchases, clicks, and so on.

We introduce three new concepts: static relations, temporal relations, and the temporal
slice of the knowledge graph. A static relation is defined as a triple (h,r,t) € T that does not
depend on time. For example, a product may belong to a music category, which is a static
relation in the context of this work. A temporal relation is a quadruple (¢, h,r,t), where t
is the timestamp of the relation (e.g., the time of purchase or click). In the following, we
will consider static relations as quadruples (&, h,r,t). The temporal slice of the knowledge
graph will be a set of quadruples from the original graph that includes all static relations and
a portion of the temporal relations that fall within the time interval of the slice. Formally, let
now 7 = {(t,h,r,t)|h,t € G,r € R,t € Ru {}} be the set of quadruples from the original
knowledge graph. Then, S(T,tfrom,tto) = {(t,h,r, )|, h,r,t) € T\{(E, h,r,t)|(t, h,1,t) €
Tt + Ot <tirom Vvt =t}

Let there be a set of time points for partitioning the graph {t1,ts, ..., t,—1, tn, tnr1}, where
t; < t; Vi < 7, and a set of quadruples 7 from some knowledge graph. The problem can then be

formulated as follows: given certain temporal slices S7. .. = {S(T,—00,t1),....; (T tn_1,tn)} =

slices
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Figure 4.7: TimeKGAT

{SZ; s Sg; }, it is necessary to predict the objects with which users will interact in the next

temporal slice, that is, in S7 .
Architecture of TimeKGAT

TimeKGAT consists of two modules: an aggregation block, which is a convolutional
graph neural network with an attention mechanism, and a recommendation generation block
based on LSTM. The optimization of the blocks occurs separately. The architecture is visually
represented in Fig. 4.7.

Aggregation Block. The model receives a set of temporal slices S7,

sices &5 input. In all

the works mentioned above, the same representations of entities e; € R? are used, where e; is
the latent representation of entity ¢, and d is the dimensionality of the hidden representation.
However, this approach is not suitable for the scenario proposed in this work, as it is necessary
to use different representations for the same entities across different temporal slices. To address

this, we introduce several functions f; : N — R?, for t = 1..|S7,

slices" which map entities into

different latent spaces (assigning a natural number in enumeration order to each entity). Next,
we need to define the mechanism for aggregating information from the knowledge graph. This
work employs KGAT [14], as it is one of the most popular methods for aggregating information

from knowledge graphs using convolutional techniques.
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Let us consider a specific temporal slice S7 . For each entity in the slice h, we define the
set of its neighbors Nf = {(h,r,s)|(t,h,r,s) € S]}. The aggregate representation of vertex h

can then be obtained as a weighted sum of its neighbors:

ent = Z me(h, 7T, S)esy (14)

(h,r,s)eNt

where m;(h,r, s) represents the influence of neighbor s on the original vertex in slice ¢, and e,

is the representation of vertex s in slice t. The influence value is calculated as follows:

T (h,7,5) = (Wyesy)T tanh(Wyen, + €,) (15)
exp(my(h, 7, 5))
Wt(hara S) = ’ r (16)
Z(h,r’,s’)eN;L exp (my(h, ", 5"))
Similarly to GraphSage [2], the information aggregation function is represented as
fGraphSage(eh,ta eNfl) = LeakyReLU (W(eh,tHeNﬁ)> (17)
Iteratively, we can obtain the final representations of vertices at various depths:
ey = Ji(h) (18)
! I-1) (-1
eEz?t = fGraphSage(egz,t )7 egvi )) (19)

Recommendation Generation Block. To obtain relevance scores for items, this
block utilizes concatenated representations of users and items for recommendations, which are
obtained from different layers of the graph convolutional neural network. Specifically, this
is represented as e}, = egot)Hef,lt)Hegll for a given item o in slice ¢, where [ is the number
of layers and | denotes the concatenation operation. Given a sequence of slices of size N,
these representations are fed into an LSTM. The representation of entity o is then obtained as
Yoo = LSTM (€}, €}, ..., €5 7) at time T. The preference will be determined by the value of
the scalar product < v, 7, y;r >, where u is a user and ¢ is an item. The higher the value, the
more likely the user is to interact with the item in the next slice 7'+ 1. During training, the
first |S7....| — 1 slices are used, while for generating relevance scores for users during the test

slices

period, slices 2...|S7. | are utilized.

slices

Model Training Algorithm. The original KGAT trains representations sequentially:

first, the TransR representations are trained, and then the recommendation task is optimized,
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which modifies the representations of users and items. In the context of this work, a different
approach is employed: TransR representations are initially trained across all temporal slices,
and then the LSTM is optimized to learn to recommend items one slice ahead, taking into

account the previous history.

Let us assume we have a certain sequence of temporal slices S7. ... Let O, = {(h,r,p,n)|(t, h, 7, p)

slices*

ST, (t',h,r,n) ¢ ST}. Then, we can train the TransR representations by optimizing the follow-

ing functional:

2

gi(h,r, s) = HWreg + e — Wreg(,)t) ) (20)
1 |SZ;ices‘

Ly = W Z —loga(gi(h,r,n) — gi/(h,r,p)) (21)
slices t=1 (h,r,p,n)€0:

It is required that the unobserved edges in the graph have g, values greater than the observed
ones. This loss function allows us to achieve that.

After training the vertex representations that take into account the structure of the
graph, the next step is to optimize the recommendation task. We will select users in such
a way that each of them has made some interactions in every slice. Let Uy < U be the set
of such users, Z be the set of all recommendation items, and Z,;, = {(u,i,,1,)|(t,u,7,i,) €

ST (t,u,r,iy) ¢ ST ue Us,ip, i, € I, € R} be the set of real and false interactions of user

T

Jiees| — 1 slices for a functional that is a

u at time t. The optimization occurs over the first |S

slight modification of BPR [10]:

stm(u, i,t) =< Yur, Yir > (22)
L(ut)y= >, —loga(sim(u,iy,,t) — sim(u,in,t)) (23)
(u,ip,in)61u7t+1
1 |Sz;ices|_1
Lrec = W tzl Z L(uvt) (24)
slices = uely

The loss function implies that observed interactions should have relevance values greater than
those of unobserved interactions.

Limitations of the Approach. The advantage of this model is the ability to utilize
temporal structure for subsequent recommendations. However, a drawback is the high com-
putational resource requirements when training on a large number of temporal slices due to
the repetitive static relations in each of them. A possible solution to this problem is to isolate

the knowledge graph with only static relations into a separate module for reuse in each slice.
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However, this would result in the loss of the dynamics of preferences in the representations,
which are unique to each slice.

The results indicate that this approach to incorporating time into knowledge graphs
demonstrates significantly better quality. Thus, the model is capable of accounting for users’
interests in the graph, which change over time. The low quality of KGAT can be attributed to

the fact that it was not designed for forward-looking recommendation tasks.

Chapter 5

In subsection 5.1, we provide the ablation study and extensive experiments on the
enhacement of BPR loss function. An optimized implementation of the BPR (Bayesian Per-
sonalized Ranking) algorithm demonstrates the potential for up to a 50% improvement in
performance metrics on the public datasets. Moreover, the conducted ablation study provides
valuable insights into key hyperparameter configurations for training recommender models. In
particular, it highlights the importance of using regularization, adaptive negative sampling,
SGD as the optimizer, and disabling item biases for optimal performance.

In subsection 5.2, we have the results of the experiments with the ID-free embeddings.
In this research, we proposed a method of composing vectors based purely on interaction se-
quences, which can be employed in architectures of existing recommender sequential models
instead of user-specific embeddings. Our method does not require constant retraining of the
model as the number of users increases, and is memory-efficient. Extensive experiments on
3 real-world datasets reveal that the majority of evaluated models were improved in quality.
Additionally, we studied the relationship between the model’s relative improvement and item
sequence length when our method is applied. Thus, we suggest researchers experiment with
our approach in their studies by using ID-based user-specific embeddings. Our results can open
up a new research area for ablation studies on the use of user-specific embeddings in recom-
mender systems. In the future, we are going to apply our approach to more modern models
and try more complex architectures than GRU. In addition, it is essential to investigate how

high-quality and stable this approach is with an extremely small number of user interactions.
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5 CONCLUSION

Contributions

This thesis demonstrates the results of the studies on the topic of "Development of
approaches to improving the quality of contextual recommender systems and algorithms". We
proposed four novel algorithms for context-aware recommendations. The first proposed method
is a context-aware TIFU-KNN algorithm with respect to the time-aware and time-dependent
versions. It should be noted that TIFU-KNN is a frequency-based approach that surpasses
other models on the next-basket recommendations task on various open-source datasets [12, 6].
The developed methods generalized TIFU-KNN to a context-aware recommender model and
enhanced the relevance of recommendations on the real-world datasets. It demonstrates the
value of replacing ordinal number weighting of baskets with weighting based on the amount of
time between interactions and improves the quality of recommendations by introducing time
features both for training and prediction stages.

The second approach is a novel method, Time-Aware Item-based Weighting (TAIW for
short), based on the Hawkes Process and two different modules of the architecture for next-
basket recommendations. It overcomes the limitations of TIFU-KNN. To encourage repro-
ducibility and future research, we share the implementation of TATW as well as other baselines
in our experiments online. We conducted experiments on three real-world datasets and demon-
strated the superiority of TAIW over well-tuned high-performance baselines for the NBR task
with up to 9.2% on the same datasets for Recall@k, NDCG@k and Precision@k k& = 5,10. We
conducted an ablation study, a temporal context importance analysis and a case study to gain
insight into TATW.

Also, we proposed a method to sequential recommenders that incorporates and leverages
temporal information to enhance their predictive performance. We add temporal context to
the models of TiISASREc and GRU4Rec in addition to time intervals, comparing several ways
to combine item and time embeddings.

We introduced a new graph-based algorithm TimeKGATLstm that uses external infor-
mation in the form of a knowledge graph, which can be combined with the bipartite graph of
user-item interactions, and includes time as an additional dimension for temporal graph slices
in order to capture the dynamics of user preferences. The experiments demonstrate better
performance than the initial KGAT on the open-source data on purchase history.

The significant contribution to reproducibility and replicability studies for graph-based,
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knowledge-graph based time-aware and general recommender systems with respect to open-
source code for all first-tier publications. The offline evaluation pipelines enabled the com-
parison of the existing and proposed algorithms due to the same datasets, quality metrics,
and the fine-tuned benchmarks and novel approaches. Our studies show that the accuracy of
knowledge-graph and graph-based models requires improvements in comparison to general ap-
proaches. Also, we released a context-aware real-world dataset TTRS based on the anonymized
purchase history of users of T-Bank.

Apart from the main experiments, we developed the inductive scenarios to address a user
cold start problem (e.g. ID-free embeddings technique and the extension of proposed TAIW
algorithms - TAIWI). These findings enable the researchers and ML engineers to implement
the enhancements for real-time recommendations.

An optimized implementation of the BPR (Bayesian Personalized Ranking) algorithm
demonstrates the potential for up to a 50% improvement in performance metrics on the public
datasets. Moreover, the conducted ablation study provides valuable insights into key hyper-
parameter configurations for training recommender models. In particular, it highlights the
importance of using regularization, adaptive negative sampling, SGD as the optimizer, and
disabling item biases for optimal performance.

The novel techniques and proposed algorithms, which incorporated time as an additional
vector, can be generalized from time-aware to other types of context-aware models (location,

environment state, etc.); however, they require more future studies and improvements.

Future Work

The findings and methodologies developed in this research on improving the quality of
contextual recommendation systems open up several promising directions for future work. One
such avenue involves exploring additional contextual factors beyond temporal signals — such as
user location, environmental conditions, and other situational features — which could further
enhance the adaptability and relevance of recommendations based on the proposed algorithms.
Another important direction is the investigation of the scalability and computational efficiency
of the newly introduced models in real-world, large-scale applications. In industrial settings,
response time and resource consumption are often critical factors for deploying recommender
systems in production. We also identify several current limitations of the proposed methods,
which highlight open research questions and opportunities for further improvement. Finally,

longitudinal studies evaluating the long-term effectiveness and user satisfaction of context-aware
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recommendation systems could provide valuable insights into their impact on user engagement

and behavior over time. By pursuing these research directions, future work can continue to

advance the development and application of contextual recommender systems in both academic

and industrial domains.

References

1]

2l

13l

4]

5]

6]

17l

Guglielmo Faggioli, Mirko Polato, and Fabio Aiolli. «Recency Aware Collaborative Filter-
ing for Next Basket Recommendationy». In: Proceedings of the 28th ACM Conference on
User Modeling, Adaptation and Personalization. UMAP 20. Genoa, Italy: Association for
Computing Machinery, 2020, pp. 80-87. ISBN: 9781450368612. DOI: 10.1145/3340631.
3394850. URL: https://doi.org/10.1145/3340631.3394850.

Will Hamilton, Zhitao Ying, and Jure Leskovec. «Inductive representation learning on

large graphsy. In: Advances in neural information processing systems 30 (2017).

Xiangnan He, Lizi Liao, Hanwang Zhang, Ligiang Nie, Xia Hu, and Tat-Seng Chua.
«Neural Collaborative Filtering». In: Proceedings of the 26th International Conference
on World Wide Web. WWW ’17. Perth, Australia: International World Wide Web Con-
ferences Steering Committee, 2017, pp. 173-182. 1SBN: 9781450349130. DOI: 10.1145/
3038912.3052569. URL: https://doi.org/10.1145/3038912.3052569.

Balazs Hidasi, Alexandros Karatzoglou, Linas Baltrunas, and Domonkos Tikk. «Session-

based recommendations with recurrent neural networks». In: arXiv:1511.06939 (2015).

Haoji Hu, Xiangnan He, Jinyang Gao, and Zhi-Li Zhang. «Modeling Personalized Item
Frequency Information for Next-Basket Recommendation». In: Proceedings of the 43rd
International ACM SIGIR Conference on Research and Development in Information Re-
trieval. SIGIR 20. Virtual Event, China: Association for Computing Machinery, 2020,
pp- 1071-1080. 1SBN: 9781450380164. DOI: 10.1145/3397271 .3401066. URL: https:
//doi.org/10.1145/3397271.3401066.

Haoji Hu, Xiangnan He, Jinyang Gao, and Zhi-Li Zhang. «Modeling personalized item
frequency information for next-basket recommendation». In: Proceedings of the 43rd in-
ternational ACM SIGIR conference on research and development in information retrieval.

2020, pp. 1071-1080.

Patrick J. Laub, Thomas Taimre, and Philip K. Pollett. «Hawkes Processes». In: (July
2015). arXiv: 1507.02822 [math.PR].

30


https://doi.org/10.1145/3340631.3394850
https://doi.org/10.1145/3340631.3394850
https://doi.org/10.1145/3340631.3394850
https://doi.org/10.1145/3038912.3052569
https://doi.org/10.1145/3038912.3052569
https://doi.org/10.1145/3038912.3052569
https://doi.org/10.1145/3397271.3401066
https://doi.org/10.1145/3397271.3401066
https://doi.org/10.1145/3397271.3401066
https://arxiv.org/abs/1507.02822

8]

9]

[10]

[11]

[12]

[13]

[14]

Jiacheng Li, Yujie Wang, and Julian McAuley. «Time interval aware self-attention for
sequential recommendation». In: Proceedings of the 13th international conference on web

search and data mining. 2020, pp. 322-330.

Ming Li, Sami Jullien, Mozhdeh Ariannezhad, and Maarten de Rijke. «A Next Basket
Recommendation Reality Checky. In: ACM Trans. Inf. Syst. 41.4 (Apr. 2023). 1SSN: 1046-
8188. DOI: 10.1145/3587153. URL: https://doi.org/10.1145/3587153.

Steffen Rendle, Christoph Freudenthaler, Zeno Gantner, and Lars Schmidt-Thieme. «BPR:
Bayesian Personalized Ranking from Implicit Feedback». In: Proceedings of the Twenty-
Fifth Conference on Uncertainty in Artificial Intelligence. UAI 09. Montreal, Quebec,
Canada: AUAIT Press, 2009, pp. 452-461. 1SBN: 9780974903958.

Tobias Schnabel, Mengting Wan, and Longqi Yang. «Situating Recommender Systems
in Practice: Towards Inductive Learning and Incremental Updates». In: (2022). arXiv:

2211.06365 [cs.IR].

Zhufeng Shao, Shoujin Wang, Qian Zhang, Wenpeng Lu, Zhao Li, and Xueping Peng.
«A Systematical Evaluation for Next-Basket Recommendation Algorithms». English.
In: 2022 IEEE 9th International Conference on Data Science and Advanced Analytics
DSAA’2022. Ed. by Joshua Zhexue Huang, Yi Pan, Barbara Hammer, Muhammad Khur-
ram Khan, Xing Xie, Laizhong Cui, and Yulin He. 9th IEEE International Conference on
Data Science and Advanced Analytics, DSAA 2022 ; Conference date: 13-10-2022 Through
16-10-2022. United States: Institute of Electrical and Electronics Engineers (IEEE), 2022,
pp. 1041-1050. 1SBN: 9781665473316. DOI: 10.1109/DSAA54385.2022.10032359.

Chenyang Wang, Weizhi Ma, Min Zhang, Chong Chen, Yiqun Liu, and Shaoping Ma.
«Toward Dynamic User Intention: Temporal Evolutionary Effects of Item Relations in
Sequential Recommendation». In: ACM Transactions on Information Systems (TOILS)
39.2 (Dec. 2021). 1SSN: 1046-8188. DOI: 10.1145/3432244. URL: https://doi.org/10.
1145/3432244.

Xiang Wang, Xiangnan He, Yixin Cao, Meng Liu, and Tat-Seng Chua. «Kgat: Knowledge
graph attention network for recommendation». In: Proceedings of the 25th ACM SIGKDD

international conference on knowledge discovery € data mining. 2019, pp. 950-958.

31


https://doi.org/10.1145/3587153
https://doi.org/10.1145/3587153
https://arxiv.org/abs/2211.06365
https://doi.org/10.1109/DSAA54385.2022.10032359
https://doi.org/10.1145/3432244
https://doi.org/10.1145/3432244
https://doi.org/10.1145/3432244

